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Abstract

Today, morethan73 percent of all transmitted data ontheInternet isvideotra� c,
makingit the central network application whichis used bybilli ons of users globally;
with new service o� erings, improving content quality and, anincreasing number of
customers, also, new challenges arisein this domain. For example, streamedvideo
isviewed and shared morethan ever on mobile devices, bandwidth requirements
riseto support standards with superior qualiti eslike4K and HDR, and worldwide
service o�erings come with diverse network environments to handle.

Driven by these challenges, this dissertation presentsresearch with the central
goal to measurably improve users' Quality of Experiencein current andfuture
video applications ontheInternet. We present � ndingsin integral parts of video
streaming applications, comprising adaptivelive mobile broadcasting andvideo
on demand use cases within three integrative research areas.

In our �r st contribution, weinitially present results of a measurement study
on live mobile video broadcasting services that show the video upload quality to
be particularly impaired when mobile connections are used. For the automatic
composition of livevideo, the quality of such mobile broadcasts are a prerequisite
for achieving a high user satisfaction by switching betweenthe best available
content from multiple sources. However, the current approachto upload all
availablelive user-generatedvideo streamsfor mobilevideo composition leadsto
a high overhead on mobile devices. Our work presents a new method based on
device context measurementsthat allowsto drastically improve e� ciency in such
automaticvideo composition systems by identifyingtherelevant quality indicators
on the device based on derived sensor and network measurements. We achieve an
improvedQuality of Experience with our proposed context-based stream selection
method as veri�ed in a �eld test and a crowd-sourced user study.

Next, in the context of the distribution of video on demand content using
Dynamic Adaptive Streaming over HTTP(DASH), we showthat strong poten-
tial liesin investigating the cross-layer con� guration space of video streaming
systems, giventhe widerange of interdependent system aspects, environments,
and servicerequirements as opposedto state-of-the-art research that focuses
on single system aspects such as adaptation algorithms. By generating a broad
set of experiments, i.e., covering a wide spectrum of cross-layer DASHvideo
streaming system con� guration parameters, weidentify such performance aspects
relatedto, e.g., theTCP congestion control, adaptation algorithms, andDASH
players within heterogeneous network environments. We showthat a subset of
concrete con� gurations canimproveDASH user experiencein video on demand
applications, andfurther motivatetransitions of suchDASH mechanisms based
on learned sweet spot con�gurations.
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Last, we envision that in thelongterm, morefundamental changesto the under-
lying network infrastructure of theInternet needto be consideredfor addressing
the demands of developing video streaming systems by investigation of adaptive
video distribution in NamedData Networks(NDNs). First, we showthat the naïve
application of established conceptsin DASH adaptation algorithms, that use bu� er
or segment throughput measurements asinput, leadto unfavorableresults given
substantial di� erencesin the network behavior of NDN. Our proposed concept
for adaptation algorithmsin NDNsis based on animproved network throughput
measurement method andis shownto reduce stalling andincrease streaming
bitrates as comparedto approaches usedin current DASH adaptation algorithms.

Overall, this dissertation providesthefollowing contributions: i) �r st, a detailed
emulation-based analysis and comparison of today'sDASH systemimplemen-
tations and algorithms, ii) novel concepts to enable e� cient live mobilevideo
composition, iii) andlast, signi� cant improvementsin the performancefor adap-
tive video streaming systems with the emerging NDN paradigm.
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Kurzfassung

Heutzutage macht das Streamenvon Videos mehr als73 Prozent aller übertrage-
nenDaten im Internet aus. Das macht es zu der zentralenAnwendungin den
existierenden Netzwerken, die weltweit von Milli ardenvon Nutzern genutzt wird.
Mit neuen Serviceangeboten, steigender Content-Qualität und einer ebenso stei-
gendenAnzahl von Kunden ergeben sich auch neue Herausforderungenin diesem
Bereich. Zum Beispiel werdenVideos mehr als je zuvor auf mobilen Geräten
angesehen und geteilt, Bandbreitenanforderungen steigen durch Standards mit
höherenQualitäten wie4K und HDR und zuletzt geht das weltweiteAnbietenvon
Videodiensten auch mit unterschiedlichen Netzwerkumgebungen einher, welche
von Dienstanbietern bewältigt werden müssen.

Vor diesem Hintergrund präsentiert dievorliegendeDissertation Forschung
mit dem zentralen Ziel, die wahrgenommeneQualität, alsoQuality of Experience
(QoE), von Nutzern in aktuellen und zukün i genVideoanwendungenim Internet
messbar zuverbessern. Wir präsentieren Ergebnissein integralenTeilenvonVideo-
Streaming-Anwendungen, die adaptiveLive-Broadcasting undVideo-on-Demand
(VoD) Anwendungsfälle in drei integrativen Forschungsbereichen umfassen.

In unserem ersten Beitrag präsentieren wir zunächst eine Messungsstudie zu
Live-Video-Broadcasting-Diensten und stellenfest, dassVideo-Uploads eine nied-
rigeGesamt-Videoqualität aufweisen, insbesondere wenn sievon mobilenVer-
bindungen übertragen werden. Für die automatische Zusammenstellung von
Live-Videos ist die Qualität solcher mobilen Übertragungen eine Voraussetzung,
um eine hohe Benutzerzufriedenheit zu erreichen, indem zwischen den besten
verfügbarenInhalten aus mehrerenQuellen umgeschaltet wird. Der derzeit ver-
wendeteAnsatz zum Hochladen aller verfügbarenLive-User-GeneratedVideos
für MobileVideo Kompositenführt zu einer sehr hohenDatennutzung auf mo-
bilenGeräten. UnsereArbeit stellt eine neue Methodevor, die auf Messungen
von Gerätekontexten beruht und es ermöglicht, die E� zienzin solchen automa-
tischen Kompositionssystemen drastisch zuverbessern, indem die relevanten
Qualitätsindikatoren auf demGerät basierend auf abgeleiteten Sensor- und Netz-
werkmessungenidenti� ziert werden. Wir erreichen eineverbesserte QoE mit
unserer vorgeschlagenen kontextbasierten Stream-Auswahlmethode, diein einem
Feldtest und einer Crowdsourcing-Benutzerstudie veri�ziert wurde.

Als Nächstes zeigen wir, dass bei der Verteilungvon VoD-Inhalten mit dynami-
schem adaptivem Streaming über HTTP(DASH) durch die Untersuchung des
Cross-Layer-Kon� gurationsraums desVideos Streaming Systems(VSS) weitere
Serviceverbesserungen möglich sind. Im Gegensatz zur Fokussierung auf einzel-
ne Systemaspekte wieAdaptierungsalgorithmenlassen sich hier, angesichts der
groÿen Bandbreite anvoneinander abhängigen Systemaspekten, Umgebungen
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und ServiceanforderungenAbhängigkeiten zwischen konkreten Kon� gurationen
� nden, die eine höhereQoEfür Kunden erzielen können. Durch dasGenerieren
einer breiten Reihevon Experimenten, d.e.,die ein breites Spektrum von schicht-
übergreifendenDASH-VSS-Kon� gurationsparametern abdeckt, identi� zieren
wir solcheLeistungsaspekte, die z. B. dieTCP Congestion Control und DASH
Player in heterogenen Netzwerkumgebungen berücksichtigen. Wir zeigen, dass
eineTeilmenge konkreter Kon� gurationen dieDASHQoEin VoD-Anwendungen
verbessern und Übergänge solcher DASH-Mechanismen basierend auf erlernten
Sweet-Spot-Kon�gurationen weiter motivieren kann.

Schlieÿli ch ist unsere Meinung, dass auf lange Sicht grundlegendereÄnderun-
gen an der zugrundeliegenden Netzwerkinfrastruktur desInternetsin Betracht
gezogen werden müssen, um dieAnforderungen der Entwicklungvon VSS zu
bewältigen. Hier sehen wir i nsbesondere die Untersuchung undAnwendung der
adaptiven Videoverteilung in NamedData Networking (NDNs) als geeignete
Methode. Zunächst zeigen wir, dass die naiveAnwendung etablierter Konzeptein
DASH, die Pu� er- oder Segmentdurchsatzmessungen alsInput verwenden, zu
ungünstigen Ergebnissenführen, wenn das Netzwerkverhaltenvon NDN stark
varii ert. Unser vorgeschlagenes Konzept für NDNs basiert auf einer verbesserten
Netzwerk-Durchsatz-Messmethode undreduziert nachweislich das Nachladen
von Videoinhalten und erhöht die Streaming-Bitraten im Vergleich zu aktuellen
Ansätzen in DASH.

Insgesamt liefert dieseDissertation die erste detailli erte emulationsbasierte
Analyse und einenVergleich der heutigen adaptivenVSS-Implementierungen
und -Algorithmen, führt neue Konzepte ein, um eine e� zienteLive-MobileVideo
Kompositen zu ermöglichen undverbessert signi� kant dieLeistungfür adaptives
Video-Streaming mit dem aufkommenden NDN-Paradigma.
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1 Introduction

In recent years and decades, one might observethat we have beenliving through
atime of an unprecedentedrate of technological advancements; for instance, the
advent of smart-phones, o en anecdotally marked by Apple's introduction of the
�r st iPhonein 2007a,b, has been shaping many aspects of our day-to-day lives.
Soon almost three billi on people will be using such devices, many spending several
hours of their day interacting with it.c,d As aresult, information is now always
accessible and meretelephony can now be enhanced by video and a high degree
of interaction; hence welivein atime of rapid multimedia communication where
rich content can be shared instantly betweenindividuals and groups of users
worldwide.

One might arguethat one property, in particular, has beenthe primary driver
of this development: while many forms of access exist, from wired stationary
networksto WiFi andthe wide-spread coverage of mobileInternet, they all allow
accessto the same medium to share and accessinformation. ¿ us, it is claimedthat
the single most disruptivetechnology of this century has beentheInternet [MR11].
In the wake of this success, Internet-driventechnologies and servicestransformed
many long-standing normsin society, from howinformation is accessed, the way
people communicate, and content is produced and shared. With this, one area
that has undergone a particular signi�cant transformation is video.

Whereasin the past most content was produced by television stations and
production studios, broadcastedvia satellit es or other dedicated channels, and
consumedlinearly, each of those stepsisin the process of becoming obsolete. Today,
content is produced by avariety of commercial and private sources and catersto
anincreasingly individual desire of users. To namejust some examplesin today's
wide-ranging landscapei) users may choose amateur recordings or live-streams
uploaded directly from mobile devices, (e.g.,FacebookLive or YouNow); ii) they
can select from ever growingrange of highly professionalized(and monetized)
channels onYouTube with milli ons of regular viewers;1 iii) viewlarge-budget 1As of March 2018, the

channel with most
subscribers of 61 000 000,
is PewDiePie on YouTube.

professional productions by streaming providers such as Net�ix iv) and also access
content from classical studios andtelevision stationsthat transform their o� ersto
an increasingly mobile-centered audience. ¿e technological advancements that
allowedfor all of thesevery di� erent use cases can be subsumedto a singleterm:
the Internet.

ahttp://web.archive.org/web/20070110052128/http://www.apple.com:80/
bhttp://content.time.com/time/covers/0 ;16641;20071112;00.html
chttps://www.statista.com/statistics/330695/number-of-smartphone-users-worldwide/
dhttps://www.statista.com/statistics/781692/worldwide-daily-time-spent-on-smartphone/

1

http://web.archive.org/web/20070110052128/http://www.apple.com:80/
http://content.time.com/time/covers/0,16641,20071112,00.html
https://www.statista.com/statistics/330695/number-of-smartphone-users-worldwide/
https://www.statista.com/statistics/781692/worldwide-daily-time-spent-on-smartphone/


Introduction 2

With its decentralized architecture and governance, content can be shared
between any two connected end hosts, to alarge degree with no direct relation
betweenthe producer andthetransmission medium. ¿ us, for thistransmission
to be measurably successful and subjectively satisfying for users� a concept sum-
marized by theterm Quality of Experience(QoE)� many di� erent parties, having
di� erent interests2 andtechnologies haveto work seamlessly together. ¿i sform 2¿is also relates to the

discussion regarding net
neutrality.

of video distribution�t hat isOver-¿ e-Top(OTT) of theInternet� accountsfor the
largest share of worldwide network datatra� c, as measured by Cisco[Cis17]; their
predictionsindicate anincrease of thistra� c shareto 81 %of all datatransmissions
in theInternet along with a continuing rise of tra� c volume. Hence, thetotal
estimate of tra� c taken up by videotransmission services over theInternet is esti-
matedto become3.3 ZBin 2021.Putting this number into perspective, even when
making the assumption that all content is transmitted in high de�nition quality3, 3Correspondingto 3 GBph

of transmitted data
according to Net�ix.e

this amount of data correspondsto 1 100 000 000 000 hoursof videotransmission
or about 137.5 h per capita in each year worldwide.

With all it s bene�t s allowingfor a dynamic, individualized, content distribution
considered, there are some evident drawbacksto Internet-basedtransmission.
Traditional broadcasting technology allowedto reach milli ons of end devices
(i. e., CRT television sets) through delivering key events like theApollo moon
landing.f ,4 Replicating this scaleis still very challenging, and costly for today's 4¿e moon landing event

has been watched by an
estimated number of
530 000 000 people
worldwide. For today's
population, this
corresponds to
approximately 200 Tbps
of capacity required for
transmitting this event in
HD de�nition to
households of four. ¿e
highest recorded request
volume of Akamai to date
is 60 Tbps.

streaming providers, giventhe prevalent method of content distribution makes
use of unicast transmissions between a Content Delivery Network (CDN)'s node
andindividual users. Instead of a dedicated and(up to the end user) entirely
controlledinfrastructure(e.g. sending stations, satellit es, and stationary receivers
attachedto TVs), each consumer requires an own share of capacity in anOTT
streaming architecture.5 Yet, today's customers expect a highQoE even when

5While alternative
strategies exist, such as
P2P streaming and
multicast, they are not
widely used in OTT
streaming. Other
managed architectures,
such asIPTV, deploy such
concepts.

they are consuming content in avery dynamic fashion; a user nowadays might
be watching high-de� nition content on Smart TVs streamed using Net�ix, short-
form content during their bus commute with their smartphone onYouTube, or
even spontaneously live streaming from her mobile deviceto milli ons of other
users worldwide on Facebook.live.

To makethis possible, each of the given examples entails unique challengesto be
solvedthat become more complex with current developmentsin demand and mar-
ket competiti on. With providersincreasingly moving into markets where mobile
usageis central (i. e.,Asia andAfrica), addressing challengesrelatedto maintaining
a highQoE� even when deployedin morevolatile mobile networks� becomes a
central aspect of prevaili ng in this competitive market. Likewise, ensuring higher
e� ciency and quality when streaming live user-generated content is still an area
openfor vast improvements along with exploring future potentials based on new
networking paradigmsthat promise higher service quality and e� ciency in such
services. While acknowledging that this domain israpidly evolving, driven by a
large body of academic and commercial interest, this work aimsto propose, design,
implement, and evaluate novel concepts dedicatedto each of those areasthat will
provide atangibleimprovement for users of such systemsin thetoday andin the
future.

ehttps://help.netflix.com/en/node/87
fhttps://www.nasa.gov/mission%5C_pages/apollo/missions/apollo11.html

https://help.netflix.com/en/node/87
https://www.nasa.gov/mission%5C_pages/apollo/missions/apollo11.html
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Figure 1:Overview of Internet-based OTT-streaming architecture components usedin
MBS, DASH and Future Networksrelatedto chapters presenting novel research
in these areas in this dissertation.

Satisfying the before-mentioned user demands along with the expected growth
in tra� c volume, andrising signi� cance of user-centric video streaming translates
to a set of challengesthat require being investigated from multiple angles, as
depicted in Figure1.

First, more advanced methods on howto measure andimprove user satisfaction,
in ever more dynamic andvaried system architectures, is a core challengeto
be addressed. With that, research needsto investigatethe dynamic creation of
content, as seenin User-GeneratedVideo, and explore methodsto understand
the complex naturefor the e� cient distribution of video considering unmanaged
(i. e.,Over-¿ e-Top) distribution approaches. Last, making such servicesviable
with theincreasing demand, in thelongterm, new networking paradigms may
better suit the need of a high and dynamic request volume but require careful
investigation for their suitability to adhere to the given service qualitylevel.

To this end, this dissertation seeksto tacklethe core questionsin each of these
areas andthus provide a multi-angledview onthe discussed challenges asfollows:

E� ciency in the dynamic creation and distribution of user-generatedvideo: With
thevast amount of continuously produced User-GeneratedVideo, the selec-
tion and distribution of relevant, high-quality content isvery challenging,
giventhe constraints on mobile data upload capabiliti es, short individual
recording time of users andvery heterogeneous quality of mobile, live User-
Generated Content. ¿ us, the e� cient selection, composition, and upload
of such content need to be addressed in research.

High user satisfaction for over-the-top video distribution usingadaptive streaming
over HTTP: For video distribution ontheInternet, providersrely on un-
managed networksin theform of OTT service provisioning based onthe
HTTP Adaptive Streaming (HAS) paradigm.
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Giventhe dynamic nature of such networks, providing consistent QoEis
very challenging; theinterdependence between network's characteristics
and con� gurations hasto be explored to realize a consistent high QoE
along with evolving user demands, especially in heterogeneous network
conditions.

Integration of future networking conceptsfor adaptivevideo streaming: Upcoming
network technologies such as NamedData Networking(NDN) promise ben-
e�t sfor AdaptiveVideo Streaming(AVS); realizingthis potential requiresto
verify their applicability, investigateidenti� ed challenges, and demonstrate
performance improvements.

1.2 Research Goals

¿ e overarching goal of this dissertation isto evolve user-centricvideo applications
by identifying potentials in cross-layer con� gurations andthe usage context in
adaptivevideo streaming systemsto measurably enhanceQoEin current and Future
Internet architectures. We divide our research objectiveinto thefollowing subgoals:

ResearchGoal 1: Analyze andimproveQoEin MobileVideo Composition (MVC)
whilereducingthe currently prevalent high overheadfor requiredlive upload
of User-Generated Video to minimize costs for users.

ResearchGoal 2: Identify key in� uencefactors and optimized con� gurations
in adaptive streaming scenariosfor heterogeneous networks using OTT
service delivery.

Research Goal 3: Apply and enhance current adaptive streaming conceptsto the
FutureInternet architecture NDN to improvetheresili ence and e� ciency
of Video Streaming Systems (VSSs).

1.3 ¿esis Outline

We begin this dissertation with anintroduction to relevant background concepts.
Here, we present therelevant areas oriented ontheInternet protocol stack, starting
with PHY-Layer, So ware-De� ned Radio (SDR), and NDN networking concepts.
Wethen proceedto a discussion of transport protocols, in particular, TCP Conges-
tion Controls (CCs).

Moving on to the application layer, we present push and pull-basedvideo
transport protocols central to thisthesis. Here wefocusin particular on DASH as
thisis one of the central protocolsresearchedin this dissertation. ¿ elast concepts
presentedin the background arerelatedto theQuality of Service(QoS) andQoE
of systems presented in this thesis asthis is crucial for the � nal performance
evaluation for the research conducted in this thesis.

¿ en weintroducerelated work corresponding to thethreeresearch areas(and
Chapters4 to 6) presented and narrow downtheresearch gapsin accordance with
our speci�ed goals that addressed by research in this thesis.
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Asthe�r st research result in this dissertation (Chapter 4), we analyze existing
MBS and proceedto propose and evaluate a novel, context-based approachto
identify highQoE sourcesfor livevideo composition, along with a� eld-study
based evaluation.

¿ e second contribution in Chapter 5introduces a new concept for alarge-scale
evolution of DASH scenariosthat allowsto explore an extended evaluation space
andidentify sweet spotsin the con� guration of OTT DASH scenariostowards an
improved QoE.

¿ elast contribution in Chapter 6 then explores such selectedDASH mecha-
nismsin NDN networks and proposes new adaptation concepts relatedto the
particular challenges in Content-Centric Networkings (CCNs).

We closethis dissertation with our overarching conclusions and a discussion of
future research areas.

1.4 Previously Published Material

¿i s dissertation draws onlarge parts of previously published work and writi ng
that have been createdjointly with several collaborators. We will i ndicatethis at
the beginning of each respective chapter.



2 Fundamentals and De�nitions

Alongthelines of theresearch presentedin this dissertation, weintroducefun-
damental networking concepts for this work, beginning with an overview of
underlying networking protocols relevant for streaming applications, i.e., the
Transmission Control Protocol (TCP) and User Datagram Protocol (UDP). We
then continue with an overview of thetwo emerging networking conceptsrelevant
for futurevideo streaming systems presentedin this dissertation: So ware-De� ned
Radio (SDR) and Named Data Networking (NDN).

With this introduction on the fundamental networking characteristics, we
describe particular protocolsfor video distribution ontheInternet�i n particular,
push-and pull-based approaches as well asrelevant aspects of video encoding
related to this work.

Last, we give an overview of foundationsfor performance analysisin Internet-
basedVideo Streaming Systems(VSSs). ¿i s includes a discussion of content-
centricvideo quality measurement, followed by network and user-orientedQuality
of Service(QoS) andQuality of Experience(QoE) metricsin the context of HTTP
Adaptive Streaming (HAS) systems.

2.1 Networking Concepts

2.1.1 Networking Protocols

¿ elayered architecture of theInternet, based onthe core concept of separation
of concerns6, is a central successfactor for itsresili ence and applicability i n het- 6�¿is is what I mean by

"focusing one's attention
upon some aspect": it does
not mean ignoring the
other aspects, it is just
doing justice to the fact
that from this aspect's
point of view, the other is
irrelevant. It is being one-
and multiple-track
minded simultaneously.�

�Dijkstra [ Dij82]

erogeneous environments and domains� and ultimately theindisputable success
of theInternet in general. It allowsthetransfer of diverse application data, from
simpletext-based protocols(e.g., Telnet), to high-de� nition multimedia content,
as discussedin this dissertation, without changing the underlying transport mech-
anisms. Whilerouting is handled using IP , as an abstraction to the underlying
MACandPHYlayers, transport protocols o� er varying levels of functionality for an
applications' data transmission requirements.

In this section, the most widely usedtransport protocolsTCP and UDP are
introduced, with an emphasis on attri butesrelevant for datatransmission in video
streaming applications.

Transmission Control Protocol

¿e Transmission Control Protocol (TCP), as de�ned by Postel [Pos81], is:

6
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� designedto operatereliably over almost any transmission medium regard-
less of transmission rate, delay, corruption, duplication, or reordering of
segments.�

According to this speci� cation andits stated principles, robust andre� ned
versions of TCP areimplementedin all relevant, network-capable systems(e.g.,
Linuxg); applications canrely on abstract interfacesfor datatransmission travers-
ing in adequaterates between hosts across potentially heterogeneoustransmission
architectures, Internet Service Provider networks, and continents.

Whilethe discussion of all components, along with thevast research conducted
in this area, goesfar beyond the scope of thisthesis, we will brie�y i ntroduce one
of the key components of TCPthat allowsits successful operation in a widerange
of systems: Congestion Control (CC). Considering thefundamental di� erences
in the characteristics between networkedlinks, i.e.,highly robust andfast trans-
mission in data centers comparedto ubiquitous 2.4GHz WiFi-APs deployedin
households with o enlow transmission rates, high delays, and packet losses, an
end-to-endlink must beregulatedto cater to this widerange of requirements.
Fundamentally, CC regulatesthe packet � ow based on somefunction derived
from aninput of an observed metric on the current connection. Todays most
widely used TCP CC implementations include:

TCP Cubic that adjusts the congestion window size(cwnd) based on a cubic
function for high bandwidth utilization.

TCP(New) Renobased onthe additive increase, multiplicative decrease con-
cept for cwnd control, adding the concept of fast recovery to its preceding
implementation TCP Tahoe.

TCPVegaswhich builds on measurements of theroundtrip time(RTT) to adjust
the cwnd.

TCP BBRby Google[Car+16], identi� es an optimal operating point (i. e., cwnd)
based onthe Bottleneck Bandwidth and Round-trip propagation time(BBR).
¿ e proposed CC has been shownto improve QoE when deployed for
datatransmission in aDynamic Adaptive Streaming over HTTP(DASH)
architecture by YouTube.

Apart from� owregulation, TCP ensuresthat received data(i. e.,datathat is passed
on from the transport protocol stackto the application layer) is free of errors
as both, header and payload, areveri� ed with a checksum� eld speci� edin the
header (see Figure2). ¿ ese guarantees, provided by TCP, however, come at a cost.
In-order delivery requiresthat in case a packet islost or damaged, it hasthe be
retransmitted before data from packetsfollowing in sequence are passedto upper
layers. ¿i s process caninducehead-of-line blocking. For theinterestedreader,
Callegari et al. [Cal+14] provide a detailed discussion of TCP concepts and CC
algorithms.

ghttps://github.com/torvalds/linux/blob/master/net/ipv4/tcp.c

https://github.com/torvalds/linux/blob/master/net/ipv4/tcp.c
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Figure 2:TCP Header

User Datagram Protocol

Given the description by Postel [Pos80], UDP is implemented

�t o make available a datagram mode of packet-switched computer commu-
nication in the environment of aninterconnected set of computer networks
[. . .] [and] provides a procedurefor application programsto send messages
to other programs with a minimum of protocol mechanism. ¿ e proto-
col istransaction oriented, and delivery and duplicate protection are not
guaranteed.�

It i s, therefore, concerning protocol overhead, a morelightweight alternativeto
TCP providing a high degree of � exibility for application layers but sacri� cing
guarantees about order andreliableness of datatransmission, e.g.,eliminating the
problem if head-of-line blocking present in TCP.

Beforethe widespread use of HAS, videotransmission protocols such as Real-
Time Streaming Protocol (RTSP) relied mainly on UDP basedtransmission (how-
ever, this is not a mandatory requirement) asit o� ersfast, low overheadtransmis-
sion of video data.

In recent years, UDP data has gained anincreasing share of thetotal Internet
tra� c dueto being used as a meansto encapsulate higher layer protocols such as
QUIC [Lan+17]; it i s used by Googlein conjunction with the Chrome browser
and in the process of standardization by IETF.h

2.1.2 So ware-De�ned Radio

¿ eterm So ware-De� ned Radio (SDR) was�r st introducedin 1992[Mit92]. It
has since become a widely used concept that gained new signi� cancein network
research along with the success of So wareDe� ned Networking and more capable
hardware such as Field ProgrammableGateArray (FPGA) andApplication Speci� c

hhttps://datatracker.ietf.org/wg/quic/about/

https://datatracker.ietf.org/wg/quic/about/
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Integrated Circuits(ASICs) [Ulv10]. In its most general de� nition, SDR is any
radio interfacethat can berecon� gured by means of updating its so ware[Tut99].

PHY

MAC

APP
Flow 1: Robust
Flow 2: Normal
Flow 3: High Throughput

…
Flow 1: FEC1, POW 20  
Flow 2: FEC3, POW 10 
Flow 3: FEC0, POW 15 

Send Flow 1 
Send Flow 2 
Send Flow 3 

Data Source

App-Instructions

FEC Encoder
Wave Form 
Generator 

Figure 3:SDR Layers

Onefactor for their recent successisthat SDR platforms now allowtore-program
routinesthat were, in the past, only feasible whenimplemented directly in hardware
in theform of ASICs. We classify these abstractions, for the discussion in this
dissertation, into two areas, as shownin Figure3: First, a large body of research is
focussing on using SDR conceptsto adjust PHY-layer waveform modulation,which
allowsfor new application scenarios such as cognitiveradio. Here, transmission
adjusts dynamically to allow for context-aware adaptation of frequency spaces,
modulation, and Forward Error Correction (FEC) depending on noise and cross-
tra� c. ¿ e second area, which has beenthefocus of research presentedin this
dissertation, isfor SDRto provide North-boundinterfacesto the higher layers,
including applications, to receive current datatransmission requirements. ¿i s
approach makesit feasibleto con� gure PHY-layer attri butes sothat they ideally
support varying application needs.

Examplesfor SDR platforms arethe WARPi, relying on FPGAs, andthenexmon-
Project [SWH17], that provides anAPI to implement routines on Broadcom Radio
Interfaces reverse engineered on Nexus 5 (and other) devices.

2.1.3 Information Centric Networking

Information-centric Networks (ICNs) constitute a new paradigm in networking;
content itself becomesthe central entity while hosts areidenti� ed on-demand by
the network. Variousimplementations of ICNs exist, such asDONA [Kop+07],
SAIL, j and COMET.k In this work we will focus on NDN asthis is the most
researched and usedimplementation, that has also been usedthroughout the
publications presentedin this dissertation. For a comprehensive discussion of
ICNs, we refer to Xylomenos et al. [Xyl+14].

i https://warpproject.org/trac
jhttp://www.sail-project.eu/deliverables/
khttp://www.comet-project.org/

https://warpproject.org/trac
http://www.sail-project.eu/deliverables/
http://www.comet-project.org/
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Named Data Networking

NDN is a completeimplementation of the Content-Centric Networking (CCN)
architecture proposedin [Jac+09] that isfunded by the US FutureInternet Architec-
ture program.l Its primary design goals areto serve content location independent
and highly available while guaranteeing security within a network. Communica-
tion relies ontwo types of packets: Interest packetsrequest speci� c data objects
whileData packetscontain the content.

Any router containing the matching Data packet for an incoming Interest
satis� esit by consuming the Interest and sending theData packet to the user.
¿r ee data structures drivetheforwarding enginein every router in the network:
¿ e Forwarding Information Base(FIB), the Content Store(CS) andthe Pending
Interest Table(PIT). Forwarding, handled by the FIB, relies on multicasting of
requestsfor improved e� ciency. ¿ e group of candidatesfor forwarding relies on
identifying a matching hierarchical pre�x, such as:

/tu-darmstadt.de/videos/bbb/mpd

¿ eseforwardedinterests are storedin the PIT sothat, in case of repeatedrequests
for the same data, they can beful�ll ed without reissuingthat request to other nodes.
Apart from eliminating duplicate and obsolete datarequests, the PIT, represented
on every node astheInterest requests' route, providesthe back-propagating route
to the consumer for a potentially followingDatareply. Last, the CS caches previous
Datareplies, as speci� ed bethe given caching algorithms, such as First-In-First-
Out or Least Recently Used. However, giventhat all passingData messages are
stored, the storage may �ll up quickly. ¿ us, interaction with CS nodes based on a
given data pre�x may still be necessary asthis provides storage of speci� c data on
alarger scale. Yet, in case of packet loss and highrequest frequencies of Data, the
in-built CS may provide improved network performance and e�ciency.

lhttp://www.nets-fia.net/

/tu-darmstadt.de/videos/bbb/mpd
http://www.nets-fia.net/
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Content Router
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Interest t!
Interest t"

Interest t" Interest t#

Data t#Data t$

First Request for:
/tu-darmstadt.de/bbb/mpd/1
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Data t&
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/tu-darmstadt.de/bbb/mpd/1

Repository Entries:
/tu-darmstadt.de/bbb/mpd/1

Figure 4:NDN request architecture

2.2 Over-the-Top Video Delivery

Following the previous introduction of underlying network mechanism (i. e.,
Under-the-Topof the application-layer), we begin with an introduction of the
emergence of video streaming ontheInternet, classi� ed asOver-¿ e-Top (OTT)
services. In contrast to OTT, managed streaming services assumethat a provider,
such asDeutscheTelekom, hasfull control of the(end-to-end) network. While
this enables better control and service guarantees, it lacksthe� exibility of being
usable in any network, regardless of the service provider. Another important
di� erenceisthat, in contrast to interactivevideo communication where delays
under 100 msarerequired[SN95], OTT Video onDemand(VoD) has no hard
realtime requirements.

We begin the analysis bottom up, starting with the encoding of video streams,
transport streams, followed by push-based non-adaptive-streaming, andlast pull-
based adaptive streaming.

2.2.1 Video Codecs

An integral part of the successin Internet-basedvideo delivery is the ongoing
improvement of video codec e� ciency that allowsthe compression of video
content to a sizefeasiblefor transfer while maintaining a high degree of � delity.
¿is compression is de�ned by Richardson [Ric11] as:

�[. . .] t he act or process of compacting data into a smaller number
of bits. [] Compression involves a complementary pair of systems, a
compressor (encoder) and a decompressor (decoder). ¿ e encoder
convertsthe source datainto a compressedform occupying areduced
number of bits, prior to transmission or storage, andthe decoder con-
vertsthe compressedform backinto arepresentation of the original
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video data. ¿ e encoder/decoder pair i s o en described as a CODEC
(enCOder/DECoder)�

For e� ciency, all codecs usedin OTT streaming relay on lossy compression
asit greatly improvesthe potential for �l e sizereduction comparedto lossless
compression (e.g., huffyuv ) whilevisual quality for human observersis main-
tained[CPW11]. ¿i srelation is, however, depending on a multitude of factors
including compression level (target bitrate), resolution, frame rate and thevideo
content itself. An example of thisrelation, exempli� ed ontheformer two factors,
is depicted in Figure5.

Figure 5:Relation between bitrate, resolution and subjective quality of video sequences
encoded in H.264 by [CPW11]

From an abstract technical perspective, all major modern codecs employ sim-
ilar techniquesin encoding to achieve this: i) Exploiting discrepanciesin the
HumanVisual Systems(HVSs)' capabiliti esto recognize di� erences with respect
to color and structure; ii) translation to thefrequency domain (e.g.,by applying a
Discrete CosineTransform) and adaptive quantization; iii) i nter- andintra-frame
prediction to e� ciently reusevisual similarity regions(i. e., instead of indepen-
dently compressing eachframe, regionsthat have a high similarity are encoded by
referencing prior encodedregions and encoding only the delta); iv) last, general
(lossless) compression techniques based onimproved encoding e� ciency (i. e.,
Variable-Length Codes) are employed to reduce the size of the data.

H.264/AVC

¿ e by far most widely used codectoday is H.264.7 It signi� cantly improves e�- 7¿e full name of the
codec is MPEG-4 Part 10,
Advanced Video Coding
(MPEG-4 AVC)

ciency comparedthe previous standardsleadingto this widespread adoption since
its standardization in May 30,2003. ¿ e codecis widely supportedin hardware.
Especially for mobilevideo applications, this hardware support translatesto less
power usagefor both, de- and encoding. Chip vendors, such asQualcomm,m

AMD,n andIntel,o provideAPIsto expose H.264 codecfunctionaliti es as e� cient

mhttps://developer.qualcomm.com/forums/hexagon-dsp-sdk/video
nhttp://developer.amd.com/wordpress/media/2013/06/2904_2_final.pdf
ohttps://so�ware.intel.com/en-us/media-sdk

https://developer.qualcomm.com/forums/hexagon-dsp-sdk/video
http://developer.amd.com/wordpress/media/2013/06/2904_2_final.pdf
https://software.intel.com/en-us/media-sdk
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hardware routines. ¿i s reduces power consumption comparedto theregular
so ware compiled using ReducedInstruction Set Computer or Advanced RISC
Machineroutinesinstruction sets. At the sametime, H.264 maintains goodlevels
of visual quality in lossy encoding. Last, the codec has been optimizedfor vary-
ing use cases, including real-time encoding to allow minimal time overheadfor
time-critical applications such as Mobile Video Broadcasting Services (MBSs).

2.2.2 Scalable Video Coding

One of the major drawbacksin today's adaptivevideo streaming architecturesis
thelarge degree of redundancy when encoding the same content in distinct layers
to modify temporal, spatial, or quality attri butesfor HAS services. Generally, the
original content isthe samefor each of theserepresentations, andfundamentally
these similariti es could be usedfor more e� cient encoding� muchlike within and
betweenframesfor independent representations. ScalableVideo Coding (SVC)
describesthis concept and aimsto reducethe ine� ciency of AdvancedVideo
Coding (AVC) by using layer similariti es. To this end, a streamis dividedto a
baselayer containing thelowest overall � delity in all used dimensions, and one
or more enhancement layers, eachimproving attri butesthat provide additional
information for enhancing temporal, spatial, or quality dimensions uponthe base
layer. Eventhough SVC is, in theory, a superior concept to AVC, it has not been
widely adopted as an extension to the H.264 codec. Whilethe underlying reasons
for this are not entirely evident, SVC doesintroduce additional complexity in
the encoding and decoding process.8 ¿i stranslatesto a set of so warefeatures 8"Worse is better"

�Gabriel [ Gab91]required, and thus additional costs, that may hinder a wide usage.

2.2.3 Emerging Codecs

Sincetheinception of H.264/AVC many new standards have been developed, e.g.,
H.265by MPEG andVP9 by Google. ¿ ese codecs generally leveragethe same
principles as describedin Subsection 2.2.1but improve prediction accuracy and
compression e� ciency, yielding a higher total degree of compression and better
visual �delity.

Driven by the desireto create aroyalty-free codec with superior performance
to H.265 (by MPEG) theAlliancefor Open Media9 hasformedto standardizeAV1. 9Its members include

Amazon, Apple, ARM,
Cisco, Google, IBM, Intel
Corporation, Microso ,
Mozilla, Net�ix, and
Nvidia

Its speci� cation has been� nalized on process.p While a discussion of possible
newfeaturesto beincludedin AV1 is beyond the scope of this work, some notable
improvements are madein theintra-frame prediction descriptors, the motion
vector coding that canreference upto 7 frames, and alarger set of block sizes(up
to 128� 128 pixels).

2.2.4 Push-based Real-Time Streaming

With the emergence of consumers' use of videotransported over theInternet,
push-based streaming such as o� ered by RTSP10 has beeninitially the main 10Adobes proprietary

RTMP has been widely
used in early 2000 for
video delivery within � ash
containers

technical driver behind video delivery.

phttps://aomediacodec.github.io/av1-spec/

https://aomediacodec.github.io/av1-spec/
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Real-time streaming mechanisms, as standardized by the RFC, arerepresented
in multiple protocol speci� cationsthat can be usedin conjunction (i. e., RTSP
and RTP) and overlapping functionaliti es(i. e., RTSPs and Real-Time Control
Protocols (RTCPs) monitoring functionality). First, RTSP [SRL98] is

�[. . . ] an application-level protocol for control over the delivery of
data with real-time properties. RTSP provides an extensibleframe-
work to enable controlled, on-demand delivery of real-time data, such
as audio andvideo. Sources of data caninclude both live datafeeds
and stored clips. ¿i s protocol is intendedto control multiple data de-
livery sessions, provide a meansfor choosing delivery channels such
as UDP, multicast UDP andTCP, and provide a meansfor choosing
delivery mechanisms based upon RTP.�

¿us, as a second component, RTP provides [Sch+96]

� end-to-end network transport functions suitablefor applications
transmitti ng real-time data, such as audio, video or simulation data,
over multicast or unicast network services. RTP does not address
resourcereservation and does not guarantee quality-of-servicefor
real-time services.�

as an extension of RTP, RTCP standardizes additional feedback and status protocol
mechanismsthat allow server-side monitoring and control of the client's sessions
to allow for delay-critical applications.

Yet, this server-side control andview on session characteristicsinduces a high
computation overhead�it l acks scalability and context awareness onthe client. I. e.,
a signi� cant limitation isthat a clients' context information hasto be delivered
andinterpreted on a sending server, inducing a delay of at least one RTT. With
larger numbers of clients, the management overhead onthe server-side becomes
critical.

2.2.5 Adaptive Streaming over HTTP

Driven by thelimitations of push-based protocols, e.g.,a high server-side manage-
ment overhead and, �r ewall traversal issues, pull-based streaming approaches over
HTTP have a become a successful alternative.As members of the class of HTTP
Adaptive Streaming(HAS), many commercial implementations exist today,e.g.
Microso Smooth Streaming(MSS), Adobe HTTPDynamic Streaming(HDS),
andApple HTTPLive Streaming(HLS). A successful competitor to these commer-
cial solutionsisthe open standard Dynamic Adaptive Streaming over HTTP. It is
widely usedin productive contexts ontheInternet (seeDASH.JS, Google Shaka
Player, Bitmovin Player), as well asthe de-facto standard in research. Hence, a
detailed discussion of DASHis givenin thisthesis, exemplifyingthe characteristics
of HASfollowing a brief description of notable di� erencesin commercial players.

Dynamic Adaptive Streaming over HTTP

¿ eDASH protocol has been adopted by most large streaming providers such as
Net�ix andYouTube(sinceTuesday 27th January, 2015asthe default [Mon+17]),
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asit provides a standardized protocol design with a high degree of � exibility
for adaptivevideotransmission using the Hypertext Transfer Protocol (HTTP).
Key characteristicsfor this� exibility are a modular design that relies on existing
and commoninfrastructure elements usedin theInternet such asregular Web
Servers and Extensible Markup Language, as well as being codec agnostic. In
summary, the key characteristics are: i) Support for video bitrate adaptation to
enable usein diverse network scenarios; ii) a high design � exibility for adaptation
choices so providers can cater to speci� c customer requirements and use cases;
iii) client-driven adaptation for faster reaction to network changes with norequired
server-side state;11iv) can befully integratedinto existing HTTP-based distribution 11¿is is, however, related

to how such
measurements are
obtained. Segment request
measurements become
only available a er each
�nished download. An
exception is an approach
used by YouTube that
relies on byte range
requests[Mon+17]. Newer
web standards
 such asthe
Network Information
API q may allowimproved
feedback mechanisms in
the future.

infrastructuresincluding Content Delivery Networks(CDNs) and caches. Yet,
some drawbacks exist with regard to this high � exibility, e.g., a high encoding
overhead: Eachlayer hasto be encoded separately. Further, asDASHisintended
for use ontheTCP/HTTP stack, multiple, mutually unaware control loops exist.
Whereasvideo streaming using UDP-based protocols exhibits artif actsin case
of packet losses, in case of DASH, there is a guaranteethat packets arereliably
re-transmittedin order. However, thisinstead may leadto stalling all following
packets are delayed until t heretransmit was successful. ¿ e e� ect is calledhead-of-
line blocking. From the perspective of aDASHAdaptation Algorithm (AA) this is
only observable as a lower bitrate.

From atechnical perspective,DASHrelies on a standardized Media Presentation
Description (MPD) format, as shownin Listing 1.With regard to Figure6 the
main components of a DASH streaming system are:

Web Server

Segment Segment Segment

Segment Segment Segment

Segment Segment
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itrate/Q
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Environment

HTTP 
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Algorithm
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DASH Client

TCP Congestion Control

Segment

Frame 
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Figure 6:DASH architecture

Web server Repository of video segments exposed by HTTP protocol. Crucial
performance aspects include the TCP CC.

Video content Representation of content encodedin discretelayersthat may vary
aspects such as Constant Rate Factor (quality adjusted by quantization),
resolution, framerate. Other parameters may exist, depending on the
selected codec.

qhttps://developer.mozilla.org/en-US/docs/Web/API/NetworkInformation

https://developer.mozilla.org/en-US/docs/Web/API/NetworkInformation
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Listing 1:DASH MPD example

<?xml version="1.0" encoding="UTF-8"?>
<MPD xmlns : xsi ="http://www.w3.org/2001/XMLSchema-instance"

xmlns ="urn:mpeg:dash:schema:mpd:2011"
xsi : schemaLocation ="urn:mpeg:dash:schema:mpd:2011 DASH-MPD.xsd"
type ="static"
mediaPresentationDuration ="PT654S"
minBufferTime ="PT2S"
profiles ="urn:mpeg:dash:profile:isoff-on-demand:2011" >

<BaseURL>http://example.com/ondemand/</ BaseURL>
<Period >

<!-- English Audio -->
<AdaptationSet mimeType ="audio/mp4" codecs ="mp4a.40.5" lang ="en"

subsegmentAlignment ="true" subsegmentStartsWithSAP ="1" >
<Representation id ="1" bandwidth ="64000" >

<BaseURL>ElephantsDream _AAC48K_064.mp4.dash</ BaseURL>
</ Representation >

</ AdaptationSet >
<!-- Video -->
<AdaptationSet mimeType ="video/mp4" codecs ="avc1.42401E" subsegmentAlignment

="true" subsegmentStartsWithSAP ="1" >
<Representation id ="2" bandwidth ="100000" width ="480" height ="360" >

<BaseURL>ElephantsDream _H264BPL30_0100.264.dash</ BaseURL>
</ Representation >
<Representation id ="3" bandwidth ="175000" width ="480" height ="360" >

<BaseURL>ElephantsDream _H264BPL30_0175.264.dash</ BaseURL>
</ Representation >
<Representation id ="4" bandwidth ="250000" width ="480" height ="360" >

<BaseURL>ElephantsDream _H264BPL30_0250.264.dash</ BaseURL>
</ Representation >
<Representation id ="5" bandwidth ="500000" width ="480" height ="360" >

<BaseURL>ElephantsDream _H264BPL30_0500.264.dash</ BaseURL>
</ Representation >

</ AdaptationSet >
</ Period >

</ MPD>

Network context Delivery medium in OTT streamingthat exhibitsvarying degrees
of performance.

DASH client High-level classi� cation of a so ware component providing stream-
based playback of avideo dataset, represented by an MPD descriptor. Video
segments arerequestedfrom a web server, using the HTTP-protocol, across
a given network context to retrieve a suitablevideo content asrequested
by a user. ¿ e selection of segmentsfor download depends on current AA
decisions, user input (i. e. seeking, pause events), andtarget bu� er level.
Retrievedvideo segments are ordered and writt ento aframe bu� er, e.g.,
via theMediaSource API r in case of browser-based playback in Chrome.

Adaptation algorithm So ware component responsiblefor selecting a givenvideo
representation to download based on measurement inputs derived by the
HTTP Access component,Playback buffer , or other external input.

rhttps://developers.google.com/web/updates/2011/11/Stream-video-using-the-MediaSource-API

https://developers.google.com/web/updates/2011/11/Stream-video-using-the-MediaSource-API
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MPD Parser Interpretation of availablevideo content based onthe MPD requested
from the web server.

HTTPAccessSo ware component providing accessto a given web server using
the HTTP protocol. Additionally, it exposes statistics of download size and
duration.

2.3 User-Generated Video

¿ e last tenyears have givenriseto avast adaption of smartphones, their con-
nectivity and capabiliti es. ¿i s has enabled new use cases�i n particular for video
recording and distribution. Driven by this development, User-GeneratedVideo
services are provided by most largeInternet companies, such as Facebook, Twitter,
andGoogle. For thefollowing chapters of this work, it is important to distinguish
betweenthevarying forms of those systems; alongthe areas depictedin Figure7
we di�erentiate between �ve forms of User-Generated Video systems:

MobileVideo Broadcasting Servicesdeliver a single stream of user-generatedvideo
in a direct fashion, i.e., live, to requestingviewers. ¿ e delivery may entail
reencoding and distribution steps, depending onthe delivery requirements
(e. g., number of viewers, delivery network, real-time requirements).

On-demand User-GeneratedVideosdescribesthe upload and storage of video
sequences uploaded by users for VoD delivery.

Live collaborative User-GeneratedVideosdescribes an extension to Live-MBSthat
allowsthe composition of morethan one sourceto a single User-Generated
Video stream.

Personalizedlive collaborative UGV extendsthe above-mentioned approach by
composing the User-GeneratedVideo streams speci� cally to the demand of
single viewers.

Automatic remixing systemsprovide collaborative video streamsin an o�i ne
fashion; di� erent sequences of User-GeneratedVideo are uploaded and,
a er a de� ned minimum of video material is available, are analyzedto
be composedinto a singlevideo sequence distributedto viewers asVoD
content.
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Live Mobile Broadcasting System (MBS)
User Generated Video

Automatic Video Remixing Systems

Collaborative 
User Generated Video

On-Demand User-Generated Video (UGV)

Storage for on-
demand retrieval

Live Mobile Video Composition (MVC)

Viewers/Users

Storage for on-
demand retrieval

Figure 7:Overview of di�erent User-Generated Video systems

2.4 Performance Evaluation

A prerequisite for improving QoEin aVSSis the ability to derive an objective
understanding of the system. However, asQoEisfundamentally de� ned by users'
subjective perception of a service(see Subsection 2.4.2), additional challenges are
involved in the objectiveperformance evaluationof VSSs.

In that regard, this section begins with the backgroundfor performance evalua-
tion of video streaming services based on the fundamental networking concepts
discussedin Section 2.1. Here, we give an overview of video quality metrics and
then discuss aspectsrelatedto monitoringthe streaming quality usingQoS metrics,
including delay,bandwidth measurement, jitter as well asvideo quality metrics.
Building uponthis discussion, weintroducethe concept of QoE. Here, wein-
troduce a general de� nition of QoE andits relation user studies(in particular
using crowd-sourcing). Next, weintroduce models, asintroduced by theITU, for
the derival of QoE metrics usingQoS measurements. It is important to notethat
the concepts discussedin this section building upon each other, as depictedin
Figure8. For a discussion of video performance evaluation concepts, focusing on
content central analysisfor User-GeneratedVideo, werefer to a comprehensive
overview by Wilk [Wil16, Chapter 2 ].

User QoS (QoE)
Objective Metric: MOS

Application QoS
Objective Metrics: Mean Stalling, Playback Bitrate, Adaptations

Network QoS
Objective Metrics: Jitter, Bandwidth, Packet Loss

Figure 8:QoS/QoE Overview



2.4 Performance Evaluation 19

2.4.1 Quality of Service

Di� erent de� nitions of QoS exist, which are, in case of some sources, overlap-
ping with QoE concepts. As we consider QoE as building uponQoS, i.e.,a low
bandwidth in aVSS may hinder adequate service delivery; thereis, however, no
direct causal relation between a singleQoS metric andQoE. ¿ us, werefer to the
de�nition of the IETF [Cra+98] for a de�nition of QoS as:

� A set of servicerequirements to be met by the network while
transporting a �ow�

In this sense, based onthe example given above, one of therequirements in a
streaming application relatedto a su� cient bandwidth in order to transport a
stream of a given bitrate. But, a discussion of service quality, requiresto consider
other aspects of theVSS, such asthe concrete content delivered. ¿ us, theQoS
concept does not directly qualify the in� uence of a given metric on the users'
perception. Yet, di� erent areas of QoS metrics exist, as discussed by Mok et al.
[MCC11]. ¿ ese metricsrangein more abstract measurements, such asjitt er, to
application speci� c ones, such asthe playback bitrate. Intuitively, thelatter metric
can more easily berelatedto a users' perception of a video streaming service.
However, afundamental drawbackisthat these metrics do not takeinto account
the content itself. ¿us, we also brie�y introduce objective video quality metrics
in the following.

Network QoS

Packet loss: ¿ e number of received packets, nPr , over all sent nPs, is de� ned as
packet lossratein a datatransmission, givenL � 100‡ nPr

nPs
[XWP03]. ¿i s

loss of data canis either directly detectable onthetransport layer, e.g.,when
TCPis used and segment numbers are available. Whenlossis not detected
on the application layer, lossrecovery is still possible onthe application layer
(e.g., by means of FEC). Yet, in video streaming applications, especially
with real timerequirements, it is o en not desirable asit canincrease delay
and jitter, i. e., by inducing head of line blocking [MPF16].

Jitter: describes a measure of the variancein delays between successive pack-
ets [XWP03]. In video transmission, high negative e� ects of jitt er are
usually mitigated by larger playback bu�ers.

Bandwidth: is a measure of the average utili zation of alink for a giventime period
[Pro+03], e.g., thefraction of the used capacity of alink. In relation to video
streaming, this measureis an upper limit for the mean achievable playback
bitrate. If the mean bandwidth remains below the playback bitrate, the
playback bu� er depletes�t hus stalling will occur. For a bandwidth larger than
the playback bitrate, the bu� er �ll state will i ncrease. ¿ e bandwidth estimate
as calculated on downloadedvideo segments is used as a basis for the
selection of futurevideo segment bitratein ¿r oughput-basedAdaptation
(TBA).
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Application Quality of Service

Stalling: One of the most detrimental e� ects onthe users' experienceisstalling[Seu+15].
A video playback session is consideredto bein a stalling stateif, a er the
playback has started, the bu� er becomesfully depleted� beforethe end of
thevideo� and as aresult playback must beinterrupted. ¿ e duration of the
video stall usually lasts until t he bu� er has beenre�ll edto a minimum de-
sired bu� er �ll l evel (thisvalue o en depends onthe givenimplementation
used). ¿ ere aretwo main stalling metrics. First, the stalling frequency � s

and second, the stalling duration Ds wherethetotal stalling duration of a
video isP Ds for all stalling eventss>S.

Initi al Delay: Unlike stalling, theinitial delay describesthetime until t heinitial
playback starts a er the player is launched. Here, generally, a smaller value
is desirable aslong waiting times may leadto churn of users. However,
thislow initial waiting timerequiresto start with alower videorepresenta-
tion, asthese segments are usually smaller in �l e-size andleadto a higher
startup delay [Bal+12]. ¿ us, for achieving a high playback bitrate, further
adaptation steps become necessary.

Playback Bitrate: A key metric in adaptive streaming isthe playback bitrate. It
provides an approximate measure of the playback quality at any giventime
t;Rt or the mean bitrate � RT of a session 1

T ‡ P T
t� 0 Rt [Seu+15]. However,

somelimitations exist in this metric. ¿ erelation to quality strongly depends
on the used codec andits parameters, the content as well astherespective
sequence of the encoded content. As most modern codecs, such as H.264,
perform best using adaptive bitrate encoding, thus using more bytesfor
complex scenes andfewer bytesfor simpler scenes as a strategy to increase
to overall perceived quality of avideo sequence, the actual size of segments
can alsovary widely (see Figure9) [WRZ16]. As aresult, the mean bitrate
usually speci� es an approximation of the actual transferred bytes and can
vary depending on which segmentslayers have been selectedfor each given
segment and its corresponding size.

Adaptations: As stalling andthe mean playback bitrate can be expressed as a sim-
ple optimization problem, i.e.,maximizethe mean playback bitrate under
the condition that stalling� 0. However, it is alsoimportant to consider the
e� ect of adaptationsin adaptive streaming. It describes a measure of the
switches betweenlayers. Rodriguez et al. [Rod+14] examinedthe e� ect of
Video Representation Switches(VRS) showing that thefrequency of repre-
sentation switches impacts the viewers' subjective perception signi�cantly.
A related metric isthe magnitude of these switches[Zin+03]. ¿ elarger
thejump, the more perceivable a switch isto the user. It can be shownthat
many switches with alow magnitude are better than a single switch with a
high magnitude, such as described by Wilk, Stohr, et al. [WSE16].

For a further discussion of the QoS concepts, we refer to [GJS03].
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Figure 9:Variation of segment sizesfor the Big Buck Bunny video sequence encodedin
2-second segments using H.264. Respective shapesindicaterepresentations.
Inner black boxesrepresent median andIQR, with extending linesindicating
thefull distribution span. Further, the blue areasindicatethis distribution as a
kernel density estimate.

Video Quality Metrics

Objective video quality assessment can be categorizedinto three areas, 1)no-
reference-, 2) reduced-reference-, 3) and full reference- analysis, as depicted in
Figure10. Each approach comes with speci� c advantages and disadvantagesthat
promotetheir usein speci� c scenarios. We will brie�y discussthesethree areas of
video quality assessment, along with the most prominent concepts presentedin
research.

Full ReferenceVideo Metrics: ¿ e most widely used concept to evaluatethe� delity
of videos sequences are full reference metrics. Generally, these metrics
work by directly comparing the original video(or signal) to the degraded
signal. ¿e most fundamental concept here is Mean Squared Error (MSR).
It directly evaluatesthe mean of the absolute distance between each pixel in
each channel in their corresponding location. Based onthis concept Peak
Signal to Noise Ratio wasintroduced by Stathaki [Sta11] which is derived
from the MSRto expressto relative noisein a video signal in dB. ¿ e
Structural Similarity Index (SSIM) extendsthe basic approach by including
characteristics of the HVS, thus providing a better correlation betweenthe
metric andthe evaluation by human observers[Wan+04]. One of the most
recent approachesthat extendsthisidea, developed by Net�ix [ Li+16], is
calledVideoQuality Model with Variable FrameDelay (VMAF). It applies
machinelearning conceptsto derive a measure with improved correlation
betweenvarious artif actsin avideo sequence andtheresulting in� uence
on the subjective experience of a human observer.

Reduced ReferenceVideo Metrics: Whereasfull reference metricsrely on the origi-
nal video source, which in many cases has a considerable�l e size, reduced
reference metrics use someform of derivedinformation based onthe origi-
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Figure 10:Overview of objective video quality assessment

nal content as aninput for their evaluation function (see Figure10(b)). ¿ e
main advantage here is that this derived information can be much smaller
than the original content (e.g., a basic numeric descriptor or scalar per
frame) andthus makesthis option feasible for usage scenarios were the
transmission and access of the original video content is not an option.

No ReferenceVideo Metrics: In contrast to the approachesintroduced above, no-
reference metrics work independently of the original video content [WM08].
Traditionally the evaluation of content � delity has beenvery challengingin as
thereis noreferenceto the original content that can be used as a comparison
to evaluatetheloss of � delity. However, recent advancesin machinelearning
providethe meansto derive approximations of avideo sequences� delity by
incorporating modelsthat relateto the human perception (e.g., [Kan+14]).

2.4.2 Quality of Experience

¿ e general idea of measuring human satisfaction with a given service�t heQoE�
andthus providing a measure beyond pure system performance andincluding
humans perceptive, has been discussed since1990and emerged as afundamentally
morerelevant concept comparedto QoS. As a general de� nition, Brunnström
et al. [Bru+13] describe QoE as:

"[...] the degree of delight or annoyance of the user of an application
or service. It results from theful�l ment of his or her expectations
with respect to the utility and/ or enjoyment of the application or
service in the light of the user's personality and current state."
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¿i sis by no meansthe only existing interpretation of this concept; A multitude
of slightly varying and evolving de� nitions can befound(e.g.,by theInternational
Telecommunication Union (ITU) [ITU08]).12 12¿is QoE concept can

nowadays be found in a
wide range of use cases
and disciplines such as
Web design [Hoÿ+11;
Iba+09] and mobile
Networking [SLC07;
Zhe+16].

Based onthe previous discussion of howQoErelatesto users and preceding
system-oriented measures, we arguethat for User-CentricVideo Streaming, QoEis
afundamental concept andtherefore of highrelevance within this dissertation.
Here, in particular for OTT HAS, QoE oriented assessment became a central
target for studies sincethe streaming processitself has animpact on the perceived
quality.

Mean Opinion Score

¿ e gold standard for the assessment of QoE are user studies. ¿ e most widely
used concept for the evaluation isthe Single Stimulus ContinuousQuality Scale
(SSCQS) scale, asrecommended by theITU. ¿i s continuous scale, as depicted by
an examplein Figure11, is usedto gather feedback onthe subjectiveimpression
for eachindependent use. ¿ e MOSis derived by calculating the arithmetic mean
over allN assessments for each subjects' (i ) scoresvi ; j of a given videoj :

MOSj �
1
N

N

Q
i � 1

r i ; j (1)

A detailed discussion of other stepsinvolved, e.g.,data inspection and normaliza-
tion, we refer to ITU-T [ITU12].

Newer conceptsin conducting user studies have been more adoptedrecently
that reduce the overhead required for these experiments. In crowd-sourced user
studies, test subjects arerecruited using online platforms e.g.,Amazon Mechanical
Turks,13Microworkerst, and Crowdeeu. ¿i s method hasthe advantagethat more 13¿is name refers to the

�rst arti�cial chess player,
albeit this was in fact
operated by a human
chess player hiding in the
apparatus.

participants can bereachedto allow higher statistical con� dence, and can be
initiated ad-hoc, usually with far less� nancial resources. Drawbacks do however
exist as, in conducting experiments, external factors such asthe system and device
setup are much harder to control, andvariation in resultsis o en higher [Hoÿ+14a].

Just Noticeable Di�erence

Asvariance,giventheinherent individual di� erencesin humans andtheir changing
mental states, is commonly high in MOS-basedQoE assessment, an alternative
concept is an evaluation onthe grounds of a direct comparison between sequences�
theJust NoticeableDi� erence(JND). ¿i s concept is also usedin conjunction
with VSS studiesto obtain a statement regarding the preferencerelativeto two
stimuli.

Quality of Experience in HTTP Adaptive Streaming

A criti cal challengefor QoEin HASis to derive models that incorporate QoS
factors as well astheir i nterdependence with regard to a measurefor QoEthat

shttps://www.mturk.com/
thttps://ttv.microworkers.com/index/template
uhttps://www.crowdee.de/en/

https://www.mturk.com/
https://ttv.microworkers.com/index/template
https://www.crowdee.de/en/
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Figure 11:Examplefor an SSCQS scaleimplemented as aninteractive web component to
be used within user studies.w

provides aright balance between bias andvariance. Hence,measuredQoS depends
on therelation of the user to the current video sequence; however, their i n� uence
on QoE can be generalizedto some degree. For example, low-bitrate playbackis
lessrelevant to a user for a low structure scene, such asvideo credits, as compared
to high structure scenes.

Giventhat QoEis the ultimate measure of performancein HAS, robust esti-
mation of MOSfrom QoS metricsis animportant research topic. Here, it isthe
most common method to derive such models with machinelearning concepts
such asregression-based modeling. One of the key in� uencefactorsfor deriving
QoE estimatesis stalling. A stalling-basedQoE metric was publishedin [Hoÿ+13],
featuring duration andfrequency asinput for aregression model. Likewise, the
perceptual models by theITU [P1213] use stalling duration, frequency,andthe
initial delay to derive a MOS scaledbu� er-related perceptual QoE metric. In order
to quantify stalling e� ects during playback, Hoÿfeld, Schatz, et al. [Hoÿ+13]
introduced a model to estimate MOSfrom the stalling frequency and average
duration based on user studies for YouTube.

QoE models based on playback quality exist, but they actively depend on many
factors such astherelation of the compression method (its con� guration), resolu-
tion, the numbers of quality layers, as well asthe content itself. Hoÿfeld, Seufert,
et al. [Hoÿ+14b] quanti� edtheimpact of VRS. ¿ e authorsfoundthat thetime
spent on the highest representation layer has a more signi� cant impact on the
MOSthanthefrequency of switches andintroduce aQoE model based ontheir
�ndings.

whttps://gist.github.com/577c522a308faa969767e8d492a57093

https://gist.github.com/577c522a308faa969767e8d492a57093


3 Related Work

We structuretherelated work alongthethree main research areas of this work,
namely mobilevideo upload, as well asinterdependencies andfuture networking
concepts in Dynamic Adaptive Streaming over HTTP services.

3.1 Mobile Video Upload, Distribution, and Composition

First, this section describesrelated work with afocus oninvestigating the mobile
video distribution, upload, and composition of User-GeneratedVideo(UGV).
Beginning with an overview of work analyzing MobileVideo Broadcasting Services
as well asLive-Video Streaming Systems, weintroduce conceptsthat incorporate
aspects of Quality of Service(QoS) andQuality of Experience(QoE) evaluation
within MobileVideo Upload and MobileVideo Composition (MVC) systemsfor
livevideo composition that correspondto theideas presentedin this dissertation.

3.1.1 Mobile Video Broadcasting Services

A detailed analysis of TCP andthe behavior on the streaming sessions has been
conducted by Alcock et al. [AN11]. ¿ ey analyzed streaming sessionsfor YouTube
and Net�ix mobile clientsin WiFi connections. Regarding data transfer, YouTube
Android clients do usually download aninitial amount of data ranging from
4 =8 MBytesstarting with aninitial burst phase of datatransfer. Asthe unrestricted
downloading of video segmentsin fast mobile networks could result in a waste of
datavolumein casethe session is stopped preemptively, longON-OFFtransmission
patterns have been observed, regularly stopping datatransfer andthus shaping
the download speed whenthe bu� er reaches a giventhreshold. Here, in contrast
to Android, iOS devices have only short ON-OFFpatterns, using morethan one
TCP connection Alcock et al. [AN11].

Ramos-Muñoz et al. [Ram+14] investigated usage characteristics for YouTube
on Android andiOS devicesin 3G cellular networks. Here, the apps use HTTP
rangerequestsfor DASH andApple HTTPLive Streaming(HLS) respectively and
establish multipleTCP connectionsin a session. Eventhoughthey mainly use
one connection for over 90%of their download, having multipleTCP connections
increasesfault tolerance. Accessto videosis controlled by YouTube'svideo web
serversin a way that they allow aninitial burst phaseto downloadvideo segments
at full speed, followingthethrottli ng of thetransmission speed oncethe bu� er has
been�ll ed. Regardingthe encoding, at thetimethis analysis was conductedin 2014,
H.264/AVC was mainly usedin these services. Looking at morerecent studies,

25
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such as conducted by [Zha+17] in 2017other� more e� cient� codecs, including
VP9, are also used now.

In Finamore et al. [Fin+11] the network tra� c of users accessingYouTube over
WiFi is analyzed. ¿ eTransmission Control Protocol (TCP) connections are used
for aninitial burst phasein which longON-OFFtransmission patterns have been
observed, which areregularly stopping datatransfer andthus are also shaping the
download speed[AN11]. Regarding user characteristics, they havefoundthat a
high percentage of clients abort the streaming session beforethe end of thevideo.

A recent � eld study of YouTubetra� c [Seu+17] investigates mobile device app
use of Android users. Overall the study revealsthe distribution of connections
types,as depictedin Figure12, that indicatesthat most users still use predominantly
3G connections. With regard to QoE aspects, it is shownthat about 35 percent
of all sessions experience some stalling during their playback. Furthermore, a
generally low amount of adaptation stepsindicates a more conservativeAdaptation
Algorithm (AA).

18 %47 %

35 %

GSM/EDGE
UMTS/HSDPA
LTE

Figure 12:YouTubetra� c by devicetype based on data obtainedfrom theYoMoAPP
study [Seu+17]

3.1.2 Live Video Streaming Services

C. Zhang et al. [ZL15] investigated howvideo streams are accessed and produced
in the case of Twitch.tv, a live streaming platform for video game broadcasts.
Twitch.tv uses Real-Time Messaging Protocol (RTMP) to streamvideofrom
the broadcastersto the servers andthentranscodesthevideofor an HLS-based
distribution. ¿ e authorsreport that Twitch.tv has, in peak situations, up to 12 000
parallel video streams. An end-to-end duration betweenrecording and watching
avideois onthe average 21seconds. ¿i s can be seen as a moderateto alow value
for HTTP-based delivery of video over a Content Delivery Network (CDN). ¿ e
popularity of content sharedfollows an extremely skewed Zipf distribution in
which around 0.5% of the broadcast streams account for 70% of the views.

Pires et al. [PS15] exploreTwitch.tv and statethat usage peaks generate data
tra� c of 1 Tbps. Further, they compareTwitch.tv with YouTubeLive, another
live-streaming service, and show a signi� cantly lower popularity in comparison
to Twitch.tv; whereasTwitch.tv seemsto deliver at any time more than 6000
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channels/live streams, YouTubeLive does accountsfor around 300 to 700channels
(this study was conducted in 2015).

Regardingthe design of LiveVideo Broadcasting Services, the work of El Essaili
et al. [El +15] investigatesthe uploading of video under the assumption that the
resource allocation in the usedLTE network can be adjusted. ¿ ey propose a
centralized quality-oriented decision for the uplink transmission of the client-side
video.

A queue-aware scheduling schemefor improvedQoSin mobile uploads was
proposed by Rizk et al. [RF16]. ¿i s approach can achievelower overall queue
lengths and delays for, e.g., livevideo uploads, as demonstratedin simulative
emulations.

Seo et al. [SCZ12] discuss howDASH can be usedfor the upload of media by
leveraging the Hypertext Transfer Protocol (HTTP) POSTrequests, in contrast to
regular DASH where clientsfetch segments usingGETrequests, to continuously
uploadvideo segments. ¿ e proposed systemis ableto transcode andtransmit
video with arestitution of up the480p, andinitials delays of approximately one
segment duration.

Johansen et al. [Joh+09] propose a system designedto generatevideo segments
and uploadthemimmediately in order to generate alow-delay video streaming
experience. ¿i s concept includesthe adaptation of video bitrates during the
streaming session to handle variations in the network conditions.

To leverage better scalability and e� ciency on the encoding step, a system by
Siekkinen, Masala, and Kamarainen[SMK16] achieves a better uplink utili zation
using ScalableVideo Coding (SVC) andthus adapting to changing network con-
ditions. Similarly, a system based on SVC content is proposed by Richerzhagen,
Wulfheide, et al. [Ric+16]. Here, the authors propose a concept for source se-
lection in collaborativevideo upload using data onthe clients' context, i.e., the
measured network bandwidth. For the upload of video on selected streaming
sources, they suggest network resource sharing between nearby clientsto address
situations where the upload capacity is insu� cient for thetransmission of the
desiredvideo source. ¿ eoretical limits of such collaborative uploads have been
shownin [Khu+18]. ¿ e system's performance of [Ric+16], has been evaluated
in a simulation, showing that with SVC encoded stream a continuous playback
for low-bandwidth situations can be achieved, alsoin cases where direct upload
strategies are not feasible.

Last, another recent approachfor mobilevideo upload based on SVC has been
proposed by [SMN17]. ¿ e authors de� ne and evaluate, using a simulation ap-
proach, a DASH-based video scheduling heuristic for SVC encoded segments.

3.1.3 Video Composition

Along with the categorizedview on User-GeneratedVideo composition, shownin
Table1, the following section gives an overview of related work in this area.

One of the�r st video composition systems has been proposed by Engstrom
et al. [EEJ08], consideringvideo quality to compose avideo mix. However, it is a
semi-automatic system and therefore out of scope in this dissertation.
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MoviMash[Sai+12] introduces an automatic composition, combining avideo
quality metric with an analysis of videorecording degradations. ¿ elatter describes
phenomena commonin User-GeneratedVideo, caused by thelack of skills of
therecording user or technical limitations of therecording device. ¿ eir video
composition algorithm combines video streams from di�erent sources, analyzes
them and neglects the views in which recording degradations occur.

A formalized automatic composition systemis introduced by Shrestha et al.
[Shr+10], o� ering an algorithm based on an objective quality function. It maxi-
mizesthe quality of music video clips, integrating the completeness of the com-
posedvideo, suitable cutting points, length of theindividual shots, and diversity
of the views.

In the work by Cricri et al. [Cri+12] a�r st concept for replacing computationally
expensivevideo analysisis shown. ¿ ey proposeto leverage di� erent sensors of
the recording devices to compose the video based on this information.

Table 1:Overview of Video Composition Systems

System Composi-
tion

Switch
Delay

Analysis Methodology Evaluation System

MoVi [BR10] o�line � Content: social device grouping;
light intensity; view similarity; acous-
tic;
Context:PoI

expert control

Pulse [Bao+13]� � Content:: n/a
Context: face tracking; lip tracking;
blink-detection; sound; accelerome-
ter; gyroscope; device interaction

expert control

Cricri et al.
[Cri+12]

o�line � Content:: n/a
Context: compass; GPS; accelerome-
ter

precision/recall/F-
measure: manually
annotated vs
classification by
system

MoVi-
Mash [Sai+12]

online � Content: blurriness; blockiness; con-
trast; illumination; views diversity; oc-
clusion;
Context: tilt angle; shakiness; gyro-
scope; accelerometer

user study (expert
composition
control)

LiViU
[WE14a;
WE14c]

online 20
seconds

Content: shakiness, misalignment,
harmful occlusions
Context: shakiness (accelerometer,
compass)

user study
(corwdsourced, lab)
with dataset
[Sai+13]

Con-
textNot-
Content
[Sto+16c;
Sto+17b]

online � 5 Content: n/a
Context: accelerometer, network
probing, location, user actions

user study (random
composition
control)

A morerecent work followingthis sensor-based approachfor video composition
istheAutomaticVideo Remixing Systemby Mate et al. [MC17]. It r esemblesthe gen-
eral concept of incorporating sensor information for User-GeneratedVideo com-
position presentedin our previous work [Sto+16c; Sto+17b]. Whilethe presented
work alsoincludes simple content analysis such as brightness, content-aligned
sensor information such as acceleration andGPS-based positions arerecordedfor
singlerecording users. Further, thisinformation provides clues onthe PoI based
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on collaborative data analysis conducted centrally. Here, the selection of avideo
streamisre-assessed continuously considering factors such asvideo quality or
diversity of the �nal composition.

Last, with theLiveVideo Upload System(LiViU) by Wilk and E� elsberg [WE14a;
WE14c] provides a systemfor liverecording and upload of video streamsfrom
mobile devices. Itsfunctionaliti esincludethe onlinecompositi onand broadcasting
using video content analysis for streamed live video content.

3.1.4 Discussion

With Cricri et al. [Cri+12] a �r st steptowardsreplacing traditional video content
analysis with mechanismsthat leverage sensors of therecording devicesto compose
the video wasintroduced. ¿ e authors describe the main advantageto be a
signi� cantly reduced processing time. However, Cricri et al. [Cri+12] solely
inspect the camera movement for composition decisions. ¿us, network-related
aspects and higher level context features are not considered.

¿ eAutomaticVideo Remixing Systemby Mate et al. [MC17] has been evaluated
with afocus on di� erent event contexts. Yet, the actual thelive composition of
User-Generated Video is note considered as part of this work.

Last, while LiViU by Wilk, Zimmermann, et al. [WZE16] supports video-
composition based on content analysis we are only building uponthis general
functionality in LiViU adding sensor-based composition conceptsintroducedin
this work.

3.2 Network Interdependencies in OTT Video Streaming

In thefollowing, we provide an overview of related work for the analysis of Over-
¿ e-Top (OTT) Video Streaming Systems. We begin with a discussion of work
investigatingDASHAA, followed bywork that conducts cross-layer andlarge-scale
parameter space studies.

3.2.1 Overview of DASH Adaptation Algorithms

An overview of the discussedAAsis givenin Table2. We categorizerelated work
for DASHAAsin three main areas, namely: ¿r oughput-basedAdaptation (TBA),
Bu� er-basedAdaptation (BBA) and other conceptsthat rely on external input. In
each category, we present the most noteworthy approachesthat have been usedin
the comparative studies conductedin this dissertation. We do not aim to provide
an exhaustive overview of work on AAs asthis would go beyond the scope of
relevant related work. A recent survey that provides a comprehensive overviewin
this �eld was published by Kua et al. [KAB17].

¿roughput-based Adaptation (TBA)

¿r oughput-based(or rate-based) Adaptation Algorithm rely on the estimation of
the currently available network bandwidth for decisions onfuturevideolayers
ratesL. ¿ ey computethethroughput of the present connection using afunction
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Table 2:A selection of signi� cant publications onAA in DASH. Highlightedrows are
investigatedin the context of thisthesis(TBA is¿r oughput-basedAdaptation
and BBA is Bu�er-based Adaptation).

Algorithm Year Type Bu�ersize QoE Metric Comparison Evaluation
Scenarios

BBA-X
[Hua+14]

2014 BBA 240s no Smooth-
Streaming

Netflix A/B
Testing

FESTIVE
[JSZ14]

2014 TBA 30s no Smooth-
Streaming

Multiclient

PANDA
[Li+14]

2014 TBA min. 26s yes FESTIVE,
Smooth-
Streaming

Multiclient

BOLA
[SUS16]

2016 BBA 25s yes ELASTIC,
PANDA

Mobile traces

VAS
[WSE16]

2016 External+
(Hybrid,
BBA, TBA)

VQM
([PW04])

[Mil+12] Mobile traces
([Eit+13])

SQUAD
[WRZ16]

2016 Hybrid 30s yes VLC, SARA,
BBA

longrun TCP,
over Internet
(US-GER)

PENSIVE
[MNA17]

2017 Hybrid,
External

60s [SUS16;
Yin+15]

BOLA,
FESTIVE,
BBA-1

LTE, Traces,

YouTube's
AA
[Mon+17]

2017 BBA 70s
([Año+18])

n/a n/a n/a

f ˆRˆst ;l • ; :::;Rˆst � n;l •• on the measured RatesR executed a er the download
of a segment Sl considering a sliding window of the n previous measurement
periods. According to the estimated bandwidth, the quality level is adjusted. In a
simpli� edview, the best choicefor the quality level isthe highest video bit ratethat
�t s completely within the estimated bandwidth. Ideally, the bandwidth estimation
function detects changesin bandwidth fast enoughfor the algorithm to react and
adjust the quality level (i. e.,before stalling events occur whenthe bandwidth drops
heavily) while not introducingadaptation hysteria (i. e., frequent changesin the
playback bitrate) caused by short-term bandwidth � uctuations. One notable exam-
ple of such an algorithm in research isPANDA [Li+14]. It uses aProbe andAdapt
schemein referenceto TCPsAdditiveIncrease MultiplicativeDecrease principle,
to predict the bandwidth andto avoid an unfair share of bandwidth at network
bottlenecks. Approaches usedin practice, e.g., asimplementedin Google's Shaka
Player, rely on an exponentially weighted moving average(EWMA)x over the
estimatedthroughput measurements and adapt when de� ned up- and downthresh-
olds are crossed.y Until r ecently TBA was also usedin theDASH.IF'sreference
playerDASH.JS.z,14 14As of version2.6.0 aa

DASH.JS switches the
Adaptation Algorithm
mechanisms dynamically
between BOLA and TBA

xhttps://github.com/google/shaka-player/blob/v2.3.5/lib/abr/ewma.js
yhttps://github.com/google/shaka-player/blob/v2.3.5/lib/abr/simple_abr_manager.js
zhttps://github.com/Dash-Industry-Forum/dash.js/blob/v2.1.1/src/streaming/rules/abr/ThroughputRule.js

aahttps://github.com/Dash-Industry-Forum/dash.js/releases/tag/v2.6.0

https://github.com/google/shaka-player/blob/v2.3.5/lib/abr/ewma.js
https://github.com/google/shaka-player/blob/v2.3.5/lib/abr/simple_abr_manager.js
https://github.com/Dash-Industry-Forum/dash.js/blob/v2.1.1/src/streaming/rules/abr/ThroughputRule.js
https://github.com/Dash-Industry-Forum/dash.js/releases/tag/v2.6.0
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Bu�er-based Adaptation (BBA)

Bu� er-based adaption algorithms use measurements of theDASH-players' bu� er
asinput to derivethe bitrate of a segment to downloadin thefuture� hencethey
arebu� er-based. Generally, a consistently growing bu� er level is anindication
that the current playback bitrate is lower than what could be supportedto be
transmittedthroughthe network. If the bu� er level falls, the playback bitrate
is too high considering the network conditions and must bereducedto avoid
stalling. ¿ evideo bitrateis appropriate whenthe bu� er valueis balanced, i.e.,
it remains constant within a given margin of � uctuation. ¿i s approach has�r st
been described by [Hua+14] as part of Net�ix' s commercially used adaptation
strategy.

In this work, it was shownthat, at thetime of writi ng, this approach outper-
formed TBA approaches a er the startup-phase of the playback haspassed.

A morerecent BBA called BOLA, published by [SUS16] usesthe bu� er state as
aninput for aLyapunov optimization to calculatethe best joint utility t hat achieves
a minimum of rebu�ering along with a maximized video quality.

Other Adaptation Algorithm Concepts

A multitude of Adaptation Algorithms exist, that do not directly fall into either of
thetwo categories mentioned above. One approachisthe combination of both
approachesto a hybrid concept that uses a bandwidth estimation function as well
asthe bu� er �ll l evel. ¿ us, it capitalizes onthe advantagesfrom both types of
adaptation� along with disadvantages of both. One example of a widely cited
hybrid AA approachis Spectrum-basedQuality Adaptation for DASH(SQUAD),
proposed by C. Wang et al. [WRZ16]. ¿ e architecture of SQUAD is based on
a decision tree: for the startup phase or criti cally low bu� er levels, throughput
measurements are used. Otherwise, bitrate adaptation decisions are based on
obtained measurements of a classi� cation onthespectrum of TCP measurements.
¿i s stepis conducted with the underlying assumption that, depending onthe
video segment size, TCPthroughput varies.15It i s important to notethat SQUAD, 15¿is also relates to

similar reasoning
described in the
downward spiraling e�ect
discussed by Huang,
Handigol, et al. [Hua+12]
as presented in
Subsection3.2.2.

unlike other adaptation concepts, assumes knowledge of all individual segments
sizes. ¿is is generally hard to achieve in live streaming scenarios16.

16Unless overall encoding
e�ciency is sacri�ced by
using �xed bitrate
encoding. ¿i sis generally
discouraged.

Mondal et al. [Mon+17], by means of reverse engineering, investigateYouTube's
current AA. ¿ eir � ndingsindicatethat YouTube uses primarily a BBA adaptation
scheme, but, in contrast to other approaches, adapts both thevideo bitrate andthe
segment length of video chunks. ¿ elatter is used as a strategy to avoid stallings
in case sudden bandwidth (i. e., throughput) drop situations occur. Also, for
adaptation stepsincreasing the bitrate, YouTube's algorithm opportunistically
requests both, the current bitrate andthetarget bitrate segments; for lowering
the bandwidth only thetarget bitrateisrequested, thusfully utili zing the already
bu�ered video segments for playback.

Other concepts that fall in this third category rely on an integrated analysis of
server and client-side metricsthat derive decisions using machinelearning models.
One such approach has beenrecently introduced by Mao et al. [MNA17]. It uses
reinforcement learning to train a neural network model for bitrate selection on
the client. While the training and inference take place on the server, the systems'



3.2 Network Interdependencies in OTT Video Streaming32

input are client-side measurementsthat include�t he current bu� er occupancy,
rebu� eringtime, chunk downloadtime, size of the next chunk(at all bitrates), and
the number of remaining chunksin thevideo.� [ MNA17]. Using aQoE centric
evaluation function, the authors show a clear performanceimprovement over
other approacheslike BOLA as well as early BBA [Hua+14] andTBA [JSZ14]
concepts.

Last, another server-supported concept�t husrelying on external input for
client-side decisions� has been proposed by Wilk [Wil16]. ¿ e general premise of
this work is novel asin that, instead of following theindirect goal to improveQoS
factors, i.e.,maximize bit-r ate while minimizing switches and stalling, [Wil16]
suggeststhat QoEwithregardtothe speci� cvideo sequenceisthe direct optimization
goal. To this end, an external service provides e� cient full-referencevideo analysis
for deriving a content-aware optimal adaptation planthat is usedto improvethe
overall QoEin adaptation decisions given current bandwidth constraints observed
by the player.

3.2.2 Network Interdependency E�ects in DASH

In contrast to studies comparing the performance of DASH in a �x ed set of
conditions, e.g.,a single bandwidth trace with varyingDASHAA, this section
presents work on the systematic performance assessment of DASH under the
variation of multiplesystem conditions, including those underlying theDASH
application itself. Werefer to this as analyzing network interdependenciesin DASH.

A �r st study on theinteraction of DASH streaming and delivery networks has
been published by Huang, Handigol, et al. [Hua+12]. Here, the authors discuss
the interaction of DASH with TCP, which, in the case of network bandwidth
drops, e.g.,dueto competing clients, leadsto an e� ect calleddownward spiraling.
It describes an ongoing decreasein playback bitrate a er a single bandwidth
drop dueto the slow start behaviour of TCP combined with requesting smaller
segments sizes by the player. For two novel TCP mechanisms, newCWV, and
newCWV-pacing, Nazir et al. [Naz+14] have examinedtheir performancein cross
tra� c and non-crosstra� c scenarios, showing that newCWV-pacing improves
performance compared to TCP NewReno in DASH streaming scenarios.

As part of a work proposing a prediction-basedAA for mobileDASH streaming
sessions,Evensen et al. [Eve+14] analyzethein� uence of TCP Congestion Controls
(CCs) on the number of packet drops, as well asthein� uence of the segment size
on the congestion window.

Next, Maki et al. [MVA16] relateDASH playback sessions' QoSfactorsto a set
of con� guration parameters, including segment lengths andtarget bu� er sizes,
while adaptingthe network environment usingvariationsin bandwidth and packet
loss. Based onthe conducted experiments, the authors propose a model to derive
stalling events' relation to QoE using linear regression.

A recent analysis ontheinteraction of DASH with network throughput is given
by [WMW17] showing that throughput can be described as a stochastic model of
request durationsin dynamically sizedDASH segment requestsfor WiFi networks.
¿ e� ndings areveri� edin areal-world WiFi testbed using two DASH players,
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DASH.JS andTAPAS[De+14], andthus provide a new approachfor generating
workloads in DASH network experiments.

A study published by Samain et al. [Sam+17] evaluatesthe performance of
DASHAA in the contexts of TCP/IP andInformation-centric Network (ICN) (see
Subsection 3.3.1). Here, the authors consider three classes of AAs: BBA, TBA and
a hybrid AA, eachrepresented by therecent AA, i.e.,BOLA, PANDA, andAdapTech ,
respectively. For their evaluation, each algorithm has beenimplemented within
the libdash framework.

Apart from work focusing only on the underlying network mechanisms, a study
with afocus oninterdependencies of DASH players andthe network context was
conducted by Zabrovskiy et al. [Zab+17]. ¿ e presented work proposesto analyze
and compare Shaka Player, DASH.JS as well as a wide range of other players
focusing on QoE measures.

3.2.3 Discussion

Along with the overview providedin Table 2 andthe preceding discussion of
well-acclaimedAA in research andindustry, it can be deducedthat many possible
approaches and solutions exist, providing objectively measured and demonstrated
performanceimprovements�y et, a consensus on what strategy isthebest is not
trivial to deduce from such studies.

We proposethefollowingreasonsfor this mismatch: First, an objective measure
of when an algorithm is performing best is not clearly de� ned. While there
are many accepted indicators, e.g., stalling, playback bitrate, and adaptations,
a universal combined measure is itself subject to research and depends onthe
usage scenario (for the discussion of this see Subsection 2.4.2). Such scenarios
vary widely andrequire the consideration of a multitude of factors by service
providers with regard to the environment-context (e.g.,bandwidth, delay, loss),
the execution-context of the AA (i. e., DASH-player, device), and � nally user
expectations. It istherefore not surprising that evaluation scenariosvary widely
between studies of DASHAdaptation Algorithms andfocus on di� erent objective
aspects for improvement.

Last, giventhat many di� erent algorithms andtheir extensive evaluation in
the given con� guration space are very time and cost intensive. For example,
researchers may choose between a high level of abstraction in simulativestudies
or mimicking real-world usagein user-studies as an alternative. ¿ eformer can
quickly evaluate alarge con� guration space but may not adequately correspondto
real-world usage and environment scenarios. ¿ elatter, however, isvery costly
and time-consuming and thus limits the evaluation space itself.17 17A practice used in

industry is A/B Testing,
described by Net�ix ab and
has also been employedfor
evaluations in [Hua+14]

A trade-o� between both options are emulative approaches. While they are
automated and do not require direct user interaction, they utili zethe same systems
for evaluation as usedin areal-world setting. Yet, network properties can be cen-
trally controlled andrepeatedto achieve a high level of control and con� dencefor
comparative studies. In contrast to an event-based simulative approach, scalability

abhttps://medium.com/netflix-techblog/a-b-testing-and-beyond-improving-the-netflix-streaming-experienc

e-with-experimentation-and-data-5b0ae9295bdf

https://medium.com/netflix-techblog/a-b-testing-and-beyond-improving-the-netflix-streaming-experience-with-experimentation-and-data-5b0ae9295bdf
https://medium.com/netflix-techblog/a-b-testing-and-beyond-improving-the-netflix-streaming-experience-with-experimentation-and-data-5b0ae9295bdf
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is harder to achieve; given that the systems execute in real-time, execution of
a singleDASH streaming experiment usually takes several minutes. Here, the
cloud computing paradigm allowsto � exibility achieve a high degree of paralleliza-
tion andthus, enablesto achievelarge-scale experimentation while maintaining
adequate runtime. In the studies presentedin this dissertation, thelarge-scale
emulationconcept has been adopted throughout the conducted evaluations.

3.3 Video Streaming in Novel Network Architectures

We categorize our discussion onrelated work that applies novel networking con-
cepts and architectures forAdaptive Video Streaming (AVS) in three areas: First,
studiesrelatedto Information-centric Network (ICN), in particular concerning
the NamedData Networking(NDN) speci� cation, are presented. Here, we discuss
research onDASHAA used over NDNs, including work that investigatesthe
in�uence of caching as well as forwarding and mobility schemes.

Second, we present the interaction of PHY layer control for improvedAVS
performancein wireless networking, in particular focusing on So ware-De� ned
Radio (SDR) concepts related to the transfer of SVC streams.

Last, we provide avery brief overview onrecent developmentsin DASHresearch
usingQuick UDPInternet Connections(QUIC) and Multipath-TCP(MPTCP) as
extensions or replacement for current TCP-based OTT video transmission.

3.3.1 NDN-based DASH

Regardingthe use of ICN as an underlying network mechanismfor DASH, the�r st
publicationsrelatedto thistopic were experimental studies of video streaming over
Content-Centric Networking(CCN) such as conducted byAwiphan et al. [Awi+13]
andLiu et al. [Liu+13]. Whilethose studies explore howvarying con� gurations
and parameters, e.g., the overlay path, the chunk size, and caching strategies a� ect
the bandwidth usagein DASH, they are not central to the discussion in this work
given our focus on NDN as opposed to the similar CCN.

Here, one of the�r st studies was conducted by Grandl et al. [GSW13] inves-
tigated caching in DASH over NDN. ¿ eir � ndingsindicate that in-network
caching o enleadsto video quality oscillations because with standard DASH a
cache hit will beinterpreted as animprovement in network conditions, which is
consequentially followed by an adaptation to a higher video quality. ¿is change
canthenresult in cache missesif the next segment is not available at the cache,
followed by an adaptation backto the lower video quality. ¿ us, the authors
propose anin-network mechanism, i.e., in every cache only the segment with the
highest bitrateis stored, meaning that lower bitrate segments arereplaced. Also, a
transcoding mechanismis attachedto the cache sothat every interest requesting
the same or a lower bitrate can be satis� ed by, if necessary, transcoding the higher
bitrate to the requested bitrate.

A systematic comparison of DASH over NDN or TCP has been published by
Samain et al. [Sam+17] (also see Subsection 3.2.2). ¿ e presentedresults indicate
that the basic version of an NDN leadsto reduced performance compared with
TCP when usedin the context of DASH. ¿ erefore, Samain et al. [Sam+17]



3.3 Video Streaming in Novel Network Architectures 35

propose an extension for NDNsfor in-network lossrecovery (i. e.,wirelessloss
detection andrecovery) that performs at the samelevel asTCP. With a load
balancing mechanismfor NDN in addition to the aforementionedin-network loss
recovery, it is shownthat NDN can outperform TCPin terms of measuredQoE
metricsin DASH. Furthermore, the authors employatechniquefor a� ner-grained
bandwidth estimation in DASH on the NDN chunk level.

Another approachfor a better interplay betweenDASH and NDN isthe use of
SVC as suggested by Rainer et al. [RPH16]. Since SVC layers are building upon
each other, the caching problemin NDN becomesless harmful. All clients must
request at least the baselayer which increasesthelikeliness of cache hits. However,
it i s worth mentioning that in the discussed case only three di� erent quality
levels are provided which is distinctly lessthanin standard AVS use cases. ¿ us,
cache missesfor enhancement layers are still li kely, especially whenincreasing the
number of representations.

Another prominent areain NDN research focusses on practical challengesfor
DASH streaming by leveraging aJavaScript compatibleversion of NDN, called
ndn.js.ac

Here, Muto et al. [MKK15] introducedthe�r st implementation of aJavaScript-
based NDN DASH Player to support mobile streaming; they evaluated atrain
commuting scenario, wherevideo elements are prefetched using NDN to servers
locatedin railwaystations. ¿ e work wasimplemented on avirtualizedLXCtestbed.
In afollow-up work by Kanai et al. [Kan+15] the systemthen was evaluatedin a
real-world scenario by deploying the proposed prefetching infrastructurein train
stations and ontrains. ¿ e developedDASH player wastested on mobile devices.

Last, a study by Ishizu et al. [Ish+15] proposesto improve the e� ciency of
NDN requests by implementing interest aggregation and evaluating thein� uence
of di� erent playback bu� er sizesfor a DASH streaming scenario. ¿ e authors
implementedfunctionality for fetchingDASH segments based onndn.js, however,
they did not integrate an adaptive bitrate streaming.

3.3.2 SDR-based Adaptive Video Streaming

Most work on theinteraction of PHY-Layer width AVSfocused on mobile net-
works, e.g. [Fu+13] that proposeQoE aware scheduling of streams, corresponding
to the SVC layers based on extensions providedin LTE. Regarding WiFi net-
works, an early work investigates the use of Multiple-Input and Multiple-Output
aware scheduling for layeredvideotransmission [JE08] with afocus on energy
consumption. Last, work on theinteraction of adaptively applying Forward Error
Correction (FEC) schemes for SVC layers has been published by [NHF07].

3.3.3 New Transport Protocols for Dynamic Adaptive Streaming

While not directly studied in this dissertation, we brie�y present related work to
DASH streaming based on novel transport protocol concepts, namely QUIC and
MPTCP.

achttps://github.com/named-data/ndn-js

https://github.com/named-data/ndn-js
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First, giventhe sizeable degree of direct control on the client- and server-side
network endpoints by Googlead,18a wide deployment of QUIC for DASH stream- 18As of Wednesday 11th

April, 2018 Google holds
57.69% of the browser
market share with
Chrome.

ing in YouTube has beenrealized. In [Lan+17] the authors and engineers share
their observations using this deployment. Most notably, they report that QUIC
�r educesrebu� er rates of YouTube playbacks by 18.0% for desktop users and
15.3% for mobile users� [ Lan+17]. ¿ e authors hint at several possiblereasonsfor
this performanceimprovement, e.g., 0� RTTsession re-initiation, multiplexing
without head-of-line blocking between applications' � ows, andimproved RTT
measurements. Other work on QUIC includes [BRZ17].

¿ elast areato be discussed as part of evolving transport protocolsis MPTCP.
Here, [Han+16] describe one of the�r st implementations of aDASH-optimized
MPTCP scheduler as an extension to theLinux kernel. ¿ e authorsreport that, in
conjunction with the¿r oughput-basedAdaptation (TBA) FESTIVE by Jiang et al.
[JSZ14] and Bu� er-basedAdaptation (BBA) BBAby Huang, Johari, et al. [Hua+14]
(for a discussion of thoseAAs see Subsection 3.2.1) that mobile-network resources
can be saved when applying the proposed MPTCP schedulersin varying network
conditions.

A more generic approachfor MPTCP, that usesthe concept of a dedicated
programming model, has been proposed and evaluated by Frömmgen, Rizk, et al.
[Frö+17]. ¿i s openly available framework, calledProgMPae allowsthe rapid
speci� cation of e� cient schedulers, executedin kernel space, that can be applied
for use cases such as DASH, as discussed by the authors.

3.3.4 Discussion

Giventhis brief introduction of related work on novel network architectures and
transport protocols usedin DASH streaming two, general observations can be
made: �r st, a widevariety of concepts are currently being explored simultaneously,
e.g., NDN, SDR, QUIC, and MPTCP. Secondly, the evolvement andtime to
market are very rapid, as seenin the example of QUIC that has been widely
deployed beforeits� nal speci� cation by theIETF. ¿ erefore, thefocusin this work
liesin more long-term developments in theInternet by investigating practical
challengesfor DASHin NDN. While most work on NDN has been conducted
using simulative approaches(e.g., [Bha+15; JSC17; Pos+14; Rot+17; RPH16]) or
in architectures with limited practical topology size(e.g., [Sam+17]) one goal in
this work isto explore performance of DASHin NDN and addresslimitations
of current Adaptation Algorithmsfor NDN. To support these evaluations, we
predominantly usetwo evaluation frameworks. First, a container-basedtestbedin
emulation environments, and second, a real-world wireless testbed.

adhttp://gs.statcounter.com/browser-market-share
aehttps://progmp.net/

http://gs.statcounter.com/browser-market-share
https://progmp.net/


4 MobileUser-GeneratedVideoCom-
position and Distribution

¿ e�r st contribution presentedin this dissertation is a novel approachfor the
real-time composition of User-GeneratedVideo(UGV) streamsin mobile and
dynamic scenarios.

To begin with, an analysis of user behavior in Mobile Video Broadcasting
Services(MBSs) is presented, with a detailedinvestigation of further aspects, such
asvideo quality for thelargest platform at thetime�YouNow. In this study,we show
criti cal aspectsin the delivery component of User-GeneratedVideo composition
systems with regard to mobilevideo up- and down-streaming; for example, as a
result of this study,we see a direct relationship between areduction in the quality of
video streams andtheir origin from mobile devices and networks. ¿i s motivates
research of live-User-GeneratedVideoin challenging and dynamic conditions,
commonin mobile networks andlarge crowds. Similarly, relevant work shows
that the extensive coverage of events by creators of live-User-GeneratedVideo
poses a challengefor viewers[Wil16]; identifying and switching betweenrelevant,
high-quality viewsis a non-trivi al task, especially with anincreasein the supply of
live views to select from.

We deducethat a crucial stepfor maintaining a high user satisfaction in the
composition and delivery of live-User-GeneratedVideoisto identify at the source
(i. e.,on the uploading device), whichviews arerelevant and allow to achieve a
highresultingQuality of Experience(QoE) when selectedin compositions. Here,
our contribution isto develop e� cient mechanismsthat can automatically select
such sources with alow overheadin terms of device and network resources. As
discussedin Subsection 3.1.1, this has not yet been addressed by research, asthe
focus has been on a content-centric analysis of video streams which induces a
high overhead on networks and mobile devices.

¿ us, based onthe derived technical requirements and challengesfor live
UGV, we propose an approachfor the e� cient composition of multiple live
User-GeneratedVideo sequences, taking into account video quality, and network
and device context information. A prototype of this approach wasimplemented
and evaluated using a crowd-sourced user study showing that this concept allows
for a low-overheadandlow-delay composition of mobilevideo andimprovedQoE.
Further, we experimentally validate the real-time applicability as aQuality of
Service (QoS) attribute of this approach.

¿i s chapter describesideas,concepts,andresults presentedin our peer-reviewed
publications [Sto+15a; Sto+16c; Sto+17b; SWE14]
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4.1 Analysis of YouNow

¿ efollowing section usesYouNow as arepresentative example of technical analysis
of an MBS. To motivate this choice, we begin with an overview of YouNow,
compareit to other platforms, and continue with details onYouNow's architecture.
Based onthis, wethen present aspects of user behavior alongthelines of workload,
content popularity, and system characteristics.

4.2 YouNow vs. other Mobile Video Broadcasting Services

¿i s section highlights key characteristics of MBSs based on datathat has been
sampledfrom the platforms Bambuseraf, uStreamag, Meerkatah andYouNowai

between Friday 26th June, 2015,and¿ ursday 2nd July, 2015.For the analysis of
the systems, we periodically (ca. every 5minutes) requested datafrom theAPIs,
in the same way asthey would have been used whenvisiting the website. ¿i s
primary analysis isfollowed by a more detailedinvestigation of YouNow based on
operational data sampled betweenthe Sunday 15th March, 2015and¿ ursday 9th

April, 2015, presented in the following sections.
In Figure 13 we showthe popularity patterns from two perspectives: i) the

broadcasting sideii) and the viewer side.
On average, the discussed platforms have between42and2687live broadcasts,

where a broadcaster attracted around9 viewersfor YouNow, 20for Meerkat, 20
for uStream, and71for Bambuser. ¿ e platforms Meerkat and Bambuser had
fewest broadcasters with lessthan75in thetime measured. However, their content
remains popular, with up to 18 000concurrent viewsfor Bambuser and27 000
for uStream. Meerkat, which has ceased its operations on Friday 30th September,
2016, has been attracting arelatively low number of uploads(up to 180livevideo
streams), achieving between194 and5996viewers. YouNowisthe most promising
platform, asit attracted most viewers andrecordersin 2015,with a peak number
of 6971broadcasters and90 599viewers watchingvideo streamsin parallel at peak
times.

Regardless of theindividual patterns of video uploads, all streaming platforms
achieved high uploadto viewing ratiosin comparisonto Video Streaming System
(VSS) such asYouTube[Cha+07]. ¿i sis because MBSs broadcasters only compete
for viewers of other live streams and not thefull history of prerecordedvideo clips
that is signi� cantly larger. As aresult, the chancefor a new user to attract viewers
is signi�cantly higher.

As shownin Figure13, YouNow was,at thetime whenthe analysis was conducted,
the most successful MBS amongthe investigated platforms. We acknowledge
that today the market in MBS has changed signi�cantly, with companies such as
YouTube and Facebook now also providing live User-GeneratedVideo services.

afbambuser.com
agustream.tv
ahmeerkatapp.co
aiyounow.com

bambuser.com
ustream.tv
meerkatapp.co
younow.com
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Figure 13:Overview numbers of available streams andviewers of four popular MBS
platforms: Bambuser, Meerkat, uStream andYouNow. a) ¿ ey-axis depicts
the number of concurrent broadcasters; b) they-axisrepresentsthe number of
concurrent viewers.

4.2.1 YouNow Architecture

¿ e main source of thevideos available ontheYouNow platform isthe upload
from mobile devices such as smartphones andtablets. ¿ us, YouNow provides
dedicated streaming applicationsfor the mobile platformsAndroidaj andiOSak.
¿ e main task of those applicationsisto allow usersto streamtheir content and
watch streams provided by other users.

¿ esefunctionaliti es can also be accessed onYouNows's webpage. ¿i s website
uses a Representational StateTransfer (REST) API providingJavaScript Object
Notation formattedresponsesthat build the data basisfor the web user interface.
An overview of the existing REST resourcesis listedin Table3. Whenviewers
or broadcasters are visiting the website, requests to those Uniform Resource
Locators are sent andthereturned data andis usedfor rendering the page with
the JavaScript-based Mobile Video Composition (MVC) framework AngularJSal.
For video playback, a� ash container is generated and embeddedin the website

ajhttps://play.google.com/store/apps/details?id=younow.live
akhttps://itunes.apple.com/us/app/younow-broadcast-chat-watch/id471347413
alhttps://angularjs.org/

https://play.google.com/store/apps/details?id=younow.live
https://itunes.apple.com/us/app/younow-broadcast-chat-watch/id471347413
https://angularjs.org/
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URL Name Description

http://www.younow.com/php/api/youno
w/trendingUsers/numberOfRecords=10

trendin-
gUsers

Lists broadcasters ranked by their trending status

http://cdn2.younow.com/php/api/broadc
ast/playData/channelId=<channelIdA

play-
Data

Data for generating the RTMP playback URL given
a channelId

http://www.younow.com/php/api/broadca
st/info/user=<usernameA

info Detailed user information given a username

http://cdn2.younow.com/php/api/channel/
onlineUsers/channelId=<channelIdA

on-
lineUsers

Data about viewers currently watching a
broadcast session

Table 3:URLs and description of the YouNow REST API used for data collection.

that allowsvideo playback using RTMP. ¿ evideo streams are encoded using
H.264/AVC and delivered using theWowza Streaming Engineam viatheAkamai
Content Delivery Network (CDN).

Apart from datarelevant for rendering the website and presenting information
directly depictedto viewers, internal reporting data isincludedin therequests'
responses. It has been usedfor analysis in this paper. An overview of all � elds
availablefor analysis is givenin Table4. ¿i s data containsinformation regarding
theinternal reporting system of broadcasting users such as device and connection
types of broadcasters, additional user pro�l e information, and stream quality
indicators.

4.2.2 Broadcasting and Viewing Workload

¿ e workload of an MBS, such asYouNow, is determined by multiplefactors, as
pointed out in [ZL15]. ¿ e number of concurrent broadcasters andviewersis one
suchfactor. ¿i s property plays a key rolein characterizingthe usage patterns of the
YouNow serviceto improveits scalability. To understandthe dynamic behaviors
of the number of users of the YouNow video service, including broadcasters and
viewers, we count thetotal number of unique broadcastersfor every hour within
one week, from Wednesday 6th May, 2015 to Tuesday 12th May, 2015.Figure14
showsthe daily access patterns of the number of broadcastersfrom all countries,
the US and the UK.

Figure14showsthe daily workload patternsregarding the number of broadcast-
ersfrom all countries, as well asthe share of broadcastersfrom the US andthe
UK. ¿ ese counties constitutethe majority of broadcastersin YouNow. It shows
that broadcasterstendto uploadvideos mostly in the evening andthe number of
broadcasters peaks around mid-night of GMT. Broadcasters gradually leavethe
YouNowvideo servicein the early mornings andjoin broadcasting sessionsin the
a ernoons. It is interesting to seethat the peak number of broadcasters around
midnight of Friday 8th May, 2015and Saturday 9th May, 2015 is higher than on
other days. ¿ e lowest number of broadcasters on Saturday 9th May, 2015and
Sunday 10th May,2015are also higher than on other days possibly dueto being
weekend days.

amhttp://www.wowza.com/streaming/live-video-streaming

http://www.younow.com/php/api/younow/trendingUsers/numberOfRecords=10
http://www.younow.com/php/api/younow/trendingUsers/numberOfRecords=10
http://cdn2.younow.com/php/api/broadcast/playData/channelId=<channelId>
http://cdn2.younow.com/php/api/broadcast/playData/channelId=<channelId>
http://www.younow.com/php/api/broadcast/info/user=<username>
http://www.younow.com/php/api/broadcast/info/user=<username>
http://cdn2.younow.com/php/api/channel/onlineUsers/channelId=<channelId>
http://cdn2.younow.com/php/api/channel/onlineUsers/channelId=<channelId>
http://www.wowza.com/streaming/live-video-streaming
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Figure 14:Plot of thetotal number of broadcasters ontheYouNow platform for the period
between May 06 to May 13, 2015.

Di� erent time zones cause multiple peaksin the number of broadcasters within
one day. However, thelargest peaks can be mainly accountedto the70%of broad-
castersfrom the US, as depictedin Figure14. Considering thetime di� erences
between US andGMT timezones, the number of broadcastersfromthe USreaches
the peakin the late a ernoon of their local time. Similarly, by examining the

Name Fields

trendingUsers userId, viewers, likes, tags, broadcastId, username, userlevel,
profile, locale, shares, fans, totalFans, lastPosition, position,
total

playData serverTime, channelId, copy, length, shares, quality (bitrate, fps,
kfr, percent, desc, high) dynamicPricedGoodies (PROPOSAL _RING,
50_LIKES, FANMAIL, CHATCOOLDOWN), stickersMultiplier, queues,
positions, broadcastId, nextRefresh, nextRefreshMobile

info userId, youtubeStart, giftsValue, lastTopFanAnnounceNew,
display _viewers, lastBelowVideoGift, broadcasterBoostLevel,
state, media, topFansCount, lastMonitorCheck, dateCreated,
coins, mirror, friendsReq, referrals, origCountry, mviewers,
username, partner, broadcastId, points, maxTUScore, locale,
stateCopy, topFanNew, userlevel, minChatLevel, title, platform,
origSettings (bitrate, fps, kf, tcp, videoSize), location, quality,
geoLocale, likes, maxConcurrentViewers, brScore, barsEarned,
reconnects, stickersMultiplier, shares, totalFans, followersStart,
monitorDisconnect, vip, settingsId, dateMonitorDisconnect,
lastQuality (bitrate, fps, kfr, percent, desc), facebookId,
facebookOption, facebookUrl, twitterHandle, googleHandle, userLevel,
description, firstName, lastName, totalFans, youTubeUserName,
youTubeChannelId, youTubeTitle, viewers, broadcasterInfo,
featuredTime, acceptLanguage, qualitySamples, fbPublish, country,
dateStarted, profile, language, broadcastsCount, premiere,
maxLikesInBroadcast, twPublish, likePercent, serverTime, length,
comments

onlineUsers users, nextRefresh, totalUsers

Table 4:Data �elds provided by the YouNow REST API.
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access patterns of broadcasters from the UK, there is a peakfor video uploads
from 3:00PM to the evening hours of their local time. Similar to the analysis
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Figure 15:Plot of thetotal number of viewers ontheYouNow platform for the period
between May 6 to May 13, 2015.

performed onthe access pattern of broadcasters, we also show an aggregatedview
of the number of concurrent onlineviewersfor the same period in Figure15. ¿ e
access pattern of viewers are also strongly time-dependent. It peaksto over 8000
around mid-nights andfalls back below 1000at noon. ¿ us, we can concludethat
theviewers of YouNow alsotendto watch morevideosin the evenings(GMT).
Last, the geographical distribution of unique broadcasters worldwideis depicted

USA: 852880 Great Britain: 133699 Canada: 41186 Germany: 3911 Madagascar: 1

Figure 16:Number of unique broadcasters per country.

in Figure16. ¿ e USA hasthe clear dominancein terms of broadcasters, followed
by the European countries UK and Germany.
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4.2.3 Session Duration and Online Time of Broadcasters

A broadcasting session is de� ned asthe duration a user remainsin alive stream.
For all logged sessions, we showthe Empiri cal Cumulative Density Function
(ECDF) of these durations in Figure17.
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Figure 17:Empiri cal Cumulative Density Function of session duration andthe total
online time of broadcasters.

Like the analysis performed onthe number of broadcasters andviewers in
Subsection 4.2.2, this analysisis based onthe data collectedfrom May 06 to May
12, 2015.

About 93%of the broadcasting sessionslast lessthan100minutes, and only
14%of the broadcasting sessionslast longer than one hour [ZL15]. ¿ e duration
of broadcasting sessions onYouNow are generally shorter thanthose on other
similar broadcasting services, likeTwitch.tv,where 30%of the sessionslast more
thanfour hours. A possiblereasonfor this isthat a large share of broadcasting
sessions originatefrom mobile devices and mobile networks(see Subsection 4.2.5,
Subsection 4.2.6), which imposeslimits onthe duration in terms of data contracts
and battery time compared to streaming from stationary clients.
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Figure 18:CDF of the number of broadcasting sessions initiated by users.

¿ e distribution of the number of sessionsinitiated by broadcasters within one
weekis plottedin Figure18. ¿i s � gure showsthat over 20%of the broadcast-
ers initiated only one broadcasting session and about 25%of the broadcasters
created morethanten broadcasting sessions within the considered week. ¿i s
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demonstratesthat there exists a group of highly activebroadcastersthat is willi ng
to broadcast several times daily.

4.2.4 Broadcaster Popularity

¿ e popularity of broadcastersis animportant factor for viewers, broadcasters
andtheYouNow platform itself. Viewers may want to know about most popu-
lar broadcastersto follow interesting personal shows, whileYouNow promotes
revenue models and shares pro�t s with popular broadcasters attracting alarge
amount of viewersan

Based ontheinformation of viewersin relation to each broadcaster, we have
analyzed sessions of 85994 broadcastersto investigatetherelationship between
the overall number of viewers andthe platform'stop broadcasts. Herethetop10%
of broadcasts areresponsiblefor morethan 80%of all views. On the other hand,
as depictedin Figure19, morethan5%percent of broadcasters do not attract any
viewers.
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Figure 19:Relation between the share of total views and top-ranked viewers.

¿i s showsthat most of the platform load canindeed be accountedto a small
fraction of broadcasters. At the sametime, alarge share of the bandwidth used
for receiving streamsis spent without gaining any additional viewers andthus
revenue.

4.2.5 Device Usage

Giventhe data about the devicetypes used by broadcasters, we haveranked all
devices according to their frequency as presented in Table5.

As shown here, thereis a clear dominance of Apple devicesfor video broadcast-
ing, having a share of almost 70%of all devices used. Following that, thereis a
large diversity of devices using the Android system.

¿ e US market share of Apple andAndroid smartphones was54%and45%
respectively, in 2015.ao ¿ erefore, thereis a clear shi t owardsthe dominance of
Apple devices usedto broadcast video streamsin theYouNow platform in contrast
to the distribution of the US market.

anhttp://www.younow.com/partners
aohttp://gs.statcounter.com/os-market-share/mobile/united-states-of-america/2015

http://www.younow.com/partners
http://gs.statcounter.com/os-market-share/mobile/united-states-of-america/2015
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Device type % of devices

iPhone5 14.38

iPhone6 10.56

iPhone7 9.79

iPad2 9.78

iPod5 7.00

iPhone4 5.91

iPad4 4.01

iPhone3 3.59

iPad3 2.94

iPad5 0.65

LGE LG-D415 0.62

samsung SM-T230NU 0.58

LGE LGMS323 0.56

samsung SCH-I545 0.54

samsung SM-G386T 0.42

Others 28.24

Table 5:Percentage of reported devicetypesfor each broadcast session asreported by the
YouNow API.

Connection type % of connections

4G 3.0458

3G 1.4307

2G 0.0035

WiFi 29.8915

Undefined 65.6264

Table 6:Percentage of occurrences of broadcast session connection data for di� erent
connection types as reported by the YouNow API.

4.2.6 Broadcasting Quality

Giventhe data includedin YouNow'sinternal streaming quality reporting system,
we have analyzedtherelation betweenvideo encoding parameters andthe network
used for broadcasting streams. ¿e data classi�es di�erent network types,which
allow distinguishing between uploads originating from mobile provider networks
and WiFi. Further, there are threetypes of unclassi� able data (entriestagged
Unknownand without any value which we have omitted giventheir respective
small size of instances) andUnde�ned.

¿ e datais plottedin Figure20 for thevideo bitrate and Figure21for the Frames
per Second(FPS). ¿ evideo bitrate is dependent on thetype of network used
for the upload. Here, when comparing 2G and 3G/4G networks, the uploading
bitratefor thelatter is higher in almost all cases. WiFi connections show a high
bitratevariance, with valuesin the 25th and75th percentiles overlapping with
bitrates of 3G/4G connections.
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A possible explanation for this isthat the access networksfor the WiFi connec-
tions arevery diverse and causelarge di� erencesin up- and download bandwidths
for this connection typereported by the system. Based onthe observableranges of
bitratesfor di� erent network connection types, thereis evidencefor the existence
of an adaptive broadcast upload determining the bitrateto be used, either based
on the network type or bandwidth measurements.

Also, for the Unde� nedconnection category, given the shape of the kernel
density estimate depictedfor both bitrate and FPS� gures, two clearly separated
clusters can beidenti� ed in each. ¿ us, it can bereasonedthat this category
representstwo distinct connection types. However, we can not further judge on
the connection types represented by these clusters.
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Figure 20:Violinplots of the uploadedvideos' bitratesfor di� erent connection types
showing the median and distribution by connection type. Inner black boxes
represent median andIQR, with extending linesindicating the full distri-
bution span. Further, the green areasindicate this distribution as a kernel
density estimate, with therespective width representing therelative number
of observations.

Looking at the FPS of thevideo stream shownin Figure21, thereis also signi�-
cant di�erence between 2G and other connections. However, for most cases, the
FPS does not reach a value higher than 15, independent of the connection type.

Analysis Summary

In this section, weinvestigatedthe encoding parameters of videoin MBSs and
identi� edthat bitrates, framerates andresolutions of video streams generatedfor
live mobile upload exhibit li mited quality. Overall, bitrates arelow comparedto
Video onDemand(VoD) providers with up to 1 Mbps, andframerates are below
15 frames per second. ¿i s, along with mostly short sessions durations, negatively
impactsQoE, which quali� esthe needto improve upload and selection in Mobile
Video Composition, that fundamentally depend on such uploadsto e� ciently
and swi ly i dentify relevant streamsto achieve an ongoing, highQoE streamfor
viewers.



4.3 Context-Based Mobile Video Composition Support47

WiFi 3G 4G Undefined 2G
Connection Type

•

†

‚•

‚†

ƒ•

ƒ†

F
P

S

Figure 21:Violinplots of the uploadedvideos' FPS showingthe distribution byconnection
type. Inner black boxesrepresent median andIQR, with extending lines
indicating thefull distribution span. Further, the green areasindicate this
distribution as a kernel density estimate, with therespective width representing
the relative number of observations.

4.3 Context-Based Mobile Video Composition Support

¿ e key goal of context-based MobileVideo Composition isto provide a method
for the e� cient measurement and collection of client and network datato aid the
selection, upload, and composition of live User-GeneratedVideo streamsfor MVC
systems. An overview of the proposed processis depictedin Figure22. Ultimately,
the motivation for aiding the decision processes of MVC, as proposed here, is to
enhanceQoEfor viewers of collaborativelive streams andto eliminatethe upload
of unused streams�thus reducing costs for users uploading video.

We begin with a discussion of our approach with the categorization of indicators
andrespective metricsthat constitute one of the core novelties of our approach by
including the devices' sensor information as a basisfor theview selection. Next,
we describe how a combinedindicator for a later composition, calledRecording
Scoreis generated. ¿i sisfollowed by details onthe overall architectureto support
the collection of metrics.

Video Composition

Activity

Network
Content-Relevance

Recording Score
Metrics

Upload Live Stream (e.g., LiViU)

Select Uploading Device

Compose Stream

Device 1

Device 2 Device 3

Event/Point of Interest

Device 2 Stream Device 1 Stream Device 3 Stream

Select best Stream

Device 3 Stream

Figure 22:Architectural overview of live MVC support approach based on device metri c
collection and derived recording scores.
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4.3.1 Context-Based Metrics and Data Collection

On a highlevel, the proposed methodrelies onthe collection of metricsin four cate-
gories as a basisfor deriving a combinedindicator for the expectedQoE of recorded
streams. ¿ ese are: i) static parameters such as camera properties collected and
transmitted once, at thetime when a session is initiated; ii) activity-related dy-
namic parameters, including shake estimation and activity recognition based on
device sensor information; iii) network properties measured and compared with
an estimation of the upload bandwidth; iv) measures on content relevancefor a
given Point of Interest (PoI) based ontherecording location. In thefollowing,
we�r st describe underlying metrics usedto derive aRecording Scoreindicator
detailed in the next section.

Metrics

First, for location retrieval, the client usesAndroid'sAPI Client to obtain the
exact location. As usual, thelocalization is based ontheGPS sensor or on visible
WiFi and mobile access points. ¿ e shake detection algorithm isimplemented
using data from thelinear accelerometer of the device. Valuesfrom the sensor are
recorded along with atimestamp and are periodically sent to a shake detector which
estimates whether thereis shaking based on a prede� nedthreshold for the allowed
deviation values. If shaking is detected, its amplitude, velocity, and duration are
calculated. Information about the current user behavior, which potentially impacts
the quality of therecording, is based onthe activity detection implemented using
Google Play Services.ap ¿ e detected attri butes can befound in Table7. For the
network connection, the�r st parameter that isrecordedisthetype of network
the device uses. Devices connectedto WiFi or LTE networks are preferred over
those using a slower connection, assuming that these networks provide a superior
streaming quality (seeTable7). Last, the actual available bandwidth for the upload
of live-videois estimated using active probing(this process will befurther detailed
in thefollowing subsections). Retrieving network statusinformation using this
estimation techniqueinduces afar less mobile data usagethantransferring the
video streamitself. ¿ eresults are usedto calculate which devices availablefor
uploading their streamsful�ll t herequired bandwidth conditions. In this way
switching to devices that do not allow continuous live upload is avoided.

Recording Score

Based onthe above-described metrics, we continuously derive an overall recording
scorethat buildsthe basisfor thelater explainedlive-composition. ¿ e parameters
can befactored with di� erent coe� cients. ¿ ey have beeninitially set to represent
estimates of their relativeimportance based on observations when developing the
discussed approach. An overview of the parameters andtheir weighting factorsis
given in Table7.

For many multi- stream events, the distance betweentherecording device and
the PoI has a major in� uence ontheQoEfor theviewers;examplesinclude concerts

aphttps://developers.google.com/android/guides/overview

https://developers.google.com/android/guides/overview
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Table 7:Recording score parameters

Indicator Weight Attributes Value

Activity 0.5 Still, Walking, Tilting, In vehicle,other 5, 4, 3, 2, 1

Shaking 0.5 Yes/No 1, 5

Distance 1 x � Meters f ˆ x• � � 0:05x � 3:7

Network 1
x � Bandwidth

f ˆ x; y• � x~y ‡ 5
y � Video Bitrate

Network 1 WiFi, LTE, HSPAP, 3G, UMTS 5, 5, 3, 2, 1

or politi cal demonstrations. ¿ e estimator accepts alocation (PoI) and arequired
bitrate asinitialization parameters. ¿ ey are usedto assigning scoresfor all devices
currently connectedto the system. For the calculation of thedevicelocation score,
the distance betweenthe device(based onitsGPSlocation) andthe de� ned PoI
is derived. In casethis distanceis between5 and50m, the linear formula for
the event venueis used, as speci� edin Table7 [WE14b]. For larger and smaller
distances, 1 and 5 are assigned as scores, respectively.

For thedevice activity score, we consider theresultsfrom the shake estimation
and activity detection. If shaking is detected, the minimal score of 1 is taken;
otherwise, the maximal score of 5 is used. ¿ e activity detection algorithm assigns
a maximal scoreto Still devices, and a minimal score whenthe detected activity is
Running, On bicycleor In Vehicle. For Walkingavalue of 3 is assigned andOn foot
a value of 4. ¿e average of the two indicators is the overalldevice activity score.

Next, thedevice network scoremeasuresthe current network's capabiliti es by
assessing two possible scenarios. It usesthe bitrate of thevideorecording and
assigns a maximal score to devicesthat have an available bandwidth equal or
higher to therequired one. For lower values, the scoreis linearly scaled between1
and5. In case arecent bandwidth estimate cannot be derived(e.g.,dueto high
channel � uctuation), or thelast estimate is older than 60 seconds, the score is
based onthe network context. If the devices are connected by WiFi or LTE, a score
of 5 is assigned, whilelower scores are assignedto slower network technologies.
¿ e sum of the weighted parametersis divided by the sum of weights, resulting in
a score in the range of 1 to 5.

Bandwidth Estimation

Astheframework only describestheinterfacefor estimating the available upload
bandwidth, various estimation approaches can beimplemented. At this point, we
providetwo estimation techniquesthat havethe goal to provide a high level of
estimation �delity while keeping the data overhead low.

First, as a baseline, a naiveimplementation was built. It �r st recordsthetime
on the client before starting the sending of packets, sends a number of maximum-
sized User Datagram Protocol (UDP) packets (45 by default), and checksthe
reception time onthe server. Asthere might be a clock skew betweenthe client
andthe server, Network Time Protocol is usedfor determining the di� erence
betweenthe clocks and calculating thereal transmission time of the packets. In
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the end, the number of transmitted bytesis divided by thetimethetransmission
took in order to calculate the average bitrate.

In addition to this naive approach, a more advanced approach was alsoim-
plemented. ¿ eWBest algorithm proposed by Li, Claypool, et al. [LCK08] was
selected, asit providesfast andlow-overhead estimatesin a mobile context. WBest

�r st sends pairs of packets to determine the e� ective capacity Ce. ¿ e packet-
pair techniquefor estimating the width of the narrowest link in a path is usually
creditedto Jacobson[Jac88] and Keshav [Kes95], it wasfurther analyzed by Hu
et al. [HS02]. It examinesthe behavior of the network whentwo packets are sent
back-to-back. ¿ e exploitedfeature is that whenthe link is wide enough, the
space betweenthetwo packetsis preserved, whereas passing through a narrow
link causes a gap betweenthetwo packets. ¿i s packet dispersion can be used
to estimate the width of the narrowest link, and with it, the e� ective capacity
Ce of the entire path. Next, several trains of packets are sent at therate of the
estimated e� ective capacity. ¿ e concept of sending andreceivinglarger sequences
of packets is usually attri butedto Jain et al. [JR86]. It can be usedto estimate
the achievable throughput on a path. WBest usesthis feature to calculate the
dispersion of the packetsin eachtrain andtaking the mean as an estimate. ¿ e
achievable throughput R is then calculated based onthe number of bytesin a
packet divided by the packet dispersion. Usingthis data ontherealizedthroughput,
i. e., the concrete measure of the achieved datarate, the achievable bandwidth A
isthen computed asA � Ceˆ2 � Ce~R•. Here, the available bandwidth describes
the expected measure of realizablethroughput. For a detailed description of the
algorithm, we refer to the authors' original publication [LCK08].

4.3.2 Protocol and Architecture

We will now introducethe system's architecture and components, beginning with
the employed messaging protocol.

For messaging, an asynchronous client-server patternaq wasimplemented using
JeroMQ. ¿ e process of establishing a monitoring session, as shownin Figure54,
is explainedin thefollowing. First, the client sends aJoinInfo messageto the
server, which includes static information about the device, such asthe model and
camera characteristics(megapixels, image stabili zation capabiliti es, etc.), along
with dynamic parameters, including the current location. ¿ e server replies
with aJoinInfoAck message, which acknowledgesthereceipt of theJoinInfo

message. It also speci�es an update interval at which the device will periodically
sendinformation about theQoS parameters. A er that, the client prepares and
sends such messages, which include position information, shake-related data,
presumed activity that the holder of the device is currently performing, and
network information. ¿ e server may alsorequest an immediate update if up-
to-date data isrequired. At the end of avideo streaming session, the client can
gracefully quit by sending aLeaveInfo message.

In addition to this messaging protocol, the server checksthetime of arrival of
UpdateInfo messagesfrom each active device. If the maximum time between

aqhttp://zguide.zeromq.org/page:all/#toc76

http://zguide.zeromq.org/page:all/#toc76
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updateintervalsis exceeded, the server assumesthat the node has gone o�i ne,
and removes it as a potential stream provider.

JoinInfo

UpdateInfo

LeaveInfo

JoinAck

UpdateAck

Figure 23:Messaging protocol for the monitoring framework

Data Storage

¿ erelevant data about the expectedvideo quality andthe devices chosenfor
upload are savedin aPostgreSQL databaseto allow later analysis.ar First, at the
beginning of a session, thefactors of all measured parameters(shake, network
information, etc.) arerecorded. ¿ en, all JoinInfo andUpdateInfo are saved as
they arrive. Both, theJoinInfo andUpdateInfo messages, contain the device
ID provided by the manufacturer, which can be usedto retrieveinformation about
a particular device of interest.

¿ e estimated bandwidth for every device, as well asthe amount of additional
network overhead created by the bandwidth estimation, is alsorecorded. In the
end, the usefulness score of all devices andthe device pickedfor their upload are
also saved.

Integration of the Monitoring Framework

¿ e client-sidefunctionality is packaged as anAndroid servicethat can be started
and stoppedvia anIntent. ¿ einformation collected and analyzed by the monitor-
ing framework is exposed by the server via methods, as well asthrough a REST
API. ¿ us, theframework can easily be used by other composition systems. ¿ e
information that can beretrievedincludesthelatest JoinInfo andUpdateInfo

messagesfrom the connected devices. Furthermore, therecording score of these
devices and the best upload device selection are also stored.

4.3.3 ¿e Video Recording Application: LiViU

¿ eLiveVideo Upload System(LiViU) [WKE15] is anadaptive mobilevideo upload
systemthat can be usedin conjunction with TCP or UDP. It is quality-adaptive asit
supportsthetranscoding of multiplevideorepresentationsin parallel on Android
mobile devices. Also, it enables adaptationsin the scheduling mechanismsin
order to allow avideo composition systemto request video chunks. Both concepts
are depicted in Figure24.

arhttp://www.hsqldb.org/

http://www.hsqldb.org/
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Figure 24:Overview onthe concepts and mechanisms of LiVi U. ¿ e upper part of the
� gure showsthetwo streaming mechanisms supported by LiViU: push and
pull-based upload. ¿e lower part of the �gure depicts the encoding process
on Android that supportsthelive generation of adaptive quality streamlayers.

Adaptive Video Upload

LiViU allowsthe creation of multiplevideorepresentationsin real-time. By gener-
ating di� erent bitrateversions of avideo, it can ensurethat the available bandwidth
for an uploadis utili zed optimally. LiViU extendsthe mediarecordingApplication
Programming Interface onAndroid phonesto set up di� erent encoding threads.
¿ e hardware encoding available on current smartphones can beleveragedfor
transcodingvideos. Eachrawvideoframeretrieved by the camera is handed over
to thevideo encoding thread. ¿ e graphicsrenderingAPI of Android is usedto
run thetranscoding ontheGPU of the device. ¿ erawframeis convertedinto a
two-dimensional texture, which isrepresented as athree-dimensional textureif a
set of framesis available. To accesstheGPU, theOpenGLESlibrary for mobile
devicesis usedas, which allows a quick manipulation of theresolution andframe
rate. Each encoding thread operates on a copy of thetexture and manipulates
it according to the desiredframerate andresolution. ¿ e � nal step handsthe
texture bu� er over to the respective video encoding unit which leveragesthe
built-i n hardwareto encodetherepresentation at the desired bitrate. ¿ eresulting
H.264/AVC videorepresentations are consecutively writt ento the device's main
memory.

A real-time capablevideo parsing service analyzesthe consecutively writt en
videoframes and o� ersthemto LiViU for transmission. ¿ e complexity of under-
standing when a switch can be conducted without visual impairment (i. e.,artif acts
dueto switchesin encoding) on thereceiver sideis hidden within the parsing

ashttps://source.android.com/devices/graphics/arch-egl-opengl.html

https://source.android.com/devices/graphics/arch-egl-opengl.html
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service. Video chunks of the selectedrepresentation are handed over to theLiViU
transmission using a local socket on the mobile device.

Adaptive Scheduling

LiViU can adapt betweentwo di� erent scheduling schemes: push-based and
pull-based delivery (see Figure24). In this work, LiViU uses a push-based delivery
to allow alow-delay streaming with minimal overhead. Yet, a switch betweenthe
two schemes can betriggered by the server. ¿ e pull-based delivery of chunksis
controlled by the application onthereceiver side, which can determine whento
request which media chunk.

4.3.4 Composition

Video composition can be performed as anindependent component of the ap-
plication. In this work, we employ two approachesfor composition: o�i ne and
online.

LiViU savesthe generated streams with a givendeviceID andsessionID as
�l es onthe server. ¿ e information from the monitoring systemis savedin a
database and canthus also be usedfor o�i ne processing. ¿ e savedinformation
includes all messages exchanged by the devices andthe server, as well asthetime
of their sending. ¿ us, all the parameters relevant to thevideo quality can be
extracted and analyzed. For the o�i ne composition, a Python-based system using
themoviePylibraryat is employed, as detailed below in the Section4.4.

In addition, an online composition system wasimplementedin Java, using
OpenCVau. It generates and displaystheresulting composition with avery low
overheadin real-time. It was usedfor the system's evaluation in Subsection 4.4.3.

Formally, the process of video composition of video streamsrecordedin-parallel
SVI can be described asfollows. ¿ e composed output video consists of a set of
video shotsSC, where eachvideo shot represents an uninterrupted sequence of
frames from one video stream ofVI .

In line with the automatic composition as proposed by, e.g., Shrestha et al.
[Shr+10] that includes a�lt ering step and a composition step, we adapt this�lt ering
by selection of uploading devices. ¿ us, we pre-select video streams which have a
certain minimum video qualityQmin.

¿ e� nal decision which input video stream should be shownin the composed
video streamisthen based ontheQˆVI • , i.e., theRecording Score, and a diversity
score which ensuresthat all input videos have a chanceto be part of the � nal
composition at some point in time. ¿i s diversity score allows, in our proposed
approach, to assign additional requirementsfor thevideo quality assessment such
as a penalty for recently selectedinput video streams. ¿i sisto minimizetheir
likelinessto be selectedfor composition in the upcoming composition decisions�
thus increasing shot diversity in the �nal composed video outputSC.

athttp://zulko.github.io/moviepy/
auhttp://docs.opencv.org/

http://zulko.github.io/moviepy/
http://docs.opencv.org/
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4.4 Evaluation

¿ e proposed approach andthe corresponding system were evaluated with the
goal to comparethe performance of video composition using the context-based
MVC approach to unsupported, i. e., naive video composition.

To this end, in a� eld test, werecordedvideos at �v elocations with �v e mobile
devices and �ve users. ¿e recordings were stored for o�ine processing on both,
the device andthe server. ¿ elatter case, i.e., livetransmission of video, therefore
captures all potential e� ects by the network whentransmitti ngvideofrom mobile
devices usingLiViU. For each of therecording locations, two composedvideos
were created, one using therecording scoreQˆVI • and diversity requirements as
the basisfor composition, and one with arandom selection of shotsinstead of a
recording score based selection, yet, maintaining diversity requirements between
the �ve streams.

In a second step, wethen employed user studiesto derive user satisfaction
(i. e.,MeanOpinion Score(MOS) andJust NoticeableDi� erence(JND)) for the
composedvideo sequences. Last, we analyzedthelive streaming capabiliti es of
our system in an online scenario.

4.4.1 Evaluation Setup

As mentioned, in the�r st part of our evaluation we employed a� eld study for
the creation of �v evideo sequences, stitching thetransmitted sequencestogether
o�i ne. ¿ e video sequences were simultaneously recorded with �v e Nexus5
smartphonesin �v e nearby locationsin a park, each carried by anindividual user.
¿ e PoI was determined at the beginning of each session, as depictedin Figure25av

by arrows.
Each device was operated by therecording user for a duration of at least three

minutes. Monitoring data was collected by the prototypeimplementation of our
the context-based composition system andtransmittedto the server to be storedin
aPostgreSQL database, along with the streamedvideo sequences. Both services
were hosted on anUbuntu 16.04 server connectedto the university network with
a bandwidth of 1 Gbps. ¿ e network connections of therecording devices were
con� gured sothat a widerange of connection attri butes was achieved, asfollows:
two devices were using a WiFi network with a mobile access point, connected
via LTE to the Internet with a maximum upload bandwidth of 50 Mbps. Two
other devices usedLTE directly with up to 7.2 Mbpsand50 Mbpsbandwidth,
respectively. ¿ e last device used a 3G connection with up to 7.2 Mbps. Each
device maintainedthe network settings whilethe user instructions wererotated
for each location. An overview of the setup is given in Table8.

We de� nedthe streaming quality in LiViU to have a bitrate of 3 Mbpswith
30 FPS, a videoresolution of 1280� 720pixels, encoded with H.264. During
recording, LiViU adaptedthe bitrate of therecording dynamically between3 Mbps
and1.5 Mbpsbased on bandwidth measurements provided by the monitoring
framework.

avhttp://maps.stamen.com/toner/#16/49.8769/8.6539

http://maps.stamen.com/toner/#16/49.8769/8.6539
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Location Device (Network) Movement Shaking Panning

(o: none; +: some; ++: intensive)

Location 1

1 (LTE 7.2 Mbps) o o o

2 (3G 7.2 Mbps) + ++ o

3 (WiFi 50 Mbps) + + o

4 (WiFi 50 Mbps) o o +

5 (LTE 50 Mbps) + o o

Location 2

1 (LTE 7.2 Mbps) + + o

2 (3G 7.2 Mbps) o o +

3 (WiFi 50 Mbps) + o o

4 (WiFi 50 Mbps) o o o

5 (LTE 50 Mbps) + ++ o

Location 3

1 (LTE 7.2 Mbps) + o o

2 (3G 7.2 Mbps) o o o

3 (WiFi 50 Mbps) + ++ o

4 (WiFi 50 Mbps) + + o

5 (LTE 50 Mbps) o o +

Location 4

1 (LTE 7.2 Mbps) + ++ o

2 (3G 7.2 Mbps) + + o

3 (WiFi 50 Mbps) o o +

4 (WiFi 50 Mbps) + o o

5 (LTE 50 Mbps) o o o

Location 5

1 (LTE 7.2 Mbps) o o +

2 (3G 7.2 Mbps) + o o

3 (WiFi 50 Mbps) o o o

4 (WiFi 50 Mbps) + ++ o

5 (LTE 50 Mbps) + + o

Table 8:Device context based on location

A er recording, thetransferredvideo sequences were usedto generate compo-
sitions of di� erent streams according to the collected scores. Here, each generated
sequence had a duration of 30 seconds, where switching between streams was
allowed at most every 5seconds. For each5-secondvideo segment, the device
with the highest achieved score was selected asthevideo source. Figure26shows
a still i magefrom eachrecorded streamin location 4, where the�r st imageis
based on the recording of device three, having an average score of 3:64.

For comparison,we composed anothervideo sequence of the sametotal duration
randomly selecting one of the availableviewsin 5-secondintervals. Giventhe
slightly di� erent start time of therecording sessions, we normalizedthetime based
on the arrival time of a stream onthe server. ¿ eten generated sequences(�v e
score-based, �v erandom) werethen evaluatedin a crowd-sourcing study using
the Crowdeeaw service, as shownin Figure27. Both classes of generated sequences
were displayedto users on mobile devices, gathering a subjective opinion score
(i. e.,MOS) using a continuous slider between1and5, thus evaluating the overall

awhttps://www.crowdee.de/

https://www.crowdee.de/
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Location 2Location 2

Location 3Location 3

Location 1Location 1

Location 4Location 4

Location 5Location 5

Figure 25:Recording location map for the �eld test used in the dataset generation
.

Figure 26:Example screenshots for location

quality of each sequence pair i ndependently. ¿ e workers did not know which of
thetwo sequences correspondto the context basedrecording-score composition.

A er each pair of video sequences was shownto the workers, aforced-choice
experiment was applied, asking which sequencethey preferred. In alast question,
the workers were askedto identify objects in thevideosto verify a satisfactory
level of attention during the test.

A second evaluation was conducted on a smaller scale, using two Samsung
Galaxy S7Edge devices, with thefocusto observethe switching behavior delay
during livevideo composition (see Subsection 4.4.3). Here, each devicerecorded
a central visual display clock. Switching wasinduced betweenthetwo recorded
streams while additionally recording the overall system behavior with a stationary
camera.
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Figure 27:Screenshot of the user study in the CrowdeeApp presentedto users. Playback
was enforced onfull screen and eachvideo sequence hadto be watchedin full
length. Content was prefetched to ensure uninterrupted playback.

4.4.2 Crowd-sourced User Study on Quality of Experience

¿ e user study was conducted with 20 individuals, with an average age of 27 years
(12 male, 8 female). Each subject passed a content recognition-basedvalidation
test, and all results were found to be usable by manual screening.

‚ :• ‚ :† ƒ:• ƒ:† „ :• „ :† …:• …:† †:•
MOS

Location 1 - Random

Location 1 - Score

Location 2 - Random

Location 2 - Score

Location 3 - Random

Location 3 - Score

Location 4 - Random

Location 4 - Score

Location 5 - Random

Location 5 - Score

Figure 28:MOS by recording location as shown in Figure25.

In Figure28, MOSs are shownfor each of the�v e recording locations. ¿ e
entire spectrum of MOSs can be observed, indicating a heterogeneous quality and
di� erent user preferencesin both random and score-based compositions. For each



4.4 Evaluation 58

1 2 3 4 5
MOS

All Locations -Random

All Locations -Score

Figure 29:Combined MOS for all locations and users.

location, the MOSvaluefor score-based compositions outperformedtherandom
compositions. However, the overall di� erencein meanvalues strongly depends
on therecording location. For locations 3 and4 the con� denceintervalsindicate a
wide spectrum of results, and no statistically signi� cant preferencefor score-based
over randomly selected compositions can be seen. Yet, there is a signi� cantly
better score for locations 1, 2 and 5.

A similar trend can be observedfor the summarizedresultsfor all recording
locations, as shownin Figure 29. Here, the score-based compositions show a
higher mean, with both indicators showing a high standard deviation of roughly
0:5on the MOS scale, indicating a high subjectivevariancein the preferences of
users, with a signi�cant preference of the score-based compositions.

¿ eresultsfor theJND-basedforced-choice experimentsin Table9, as proposed
by Watson et al. [WK01], showthat three out of �v e score-based compositions are
signi� cantly better. ¿i sresult veri� esthetrend seen earlier for the MOS-based

Video ID % Score % Random JND unit

Location 1 88.9 11.1 1.7

Location 2 90 10 1.77

Location 3 66.7 33.3 0.65

Location 4 66.7 33.3 0.65

Location 5 78.9 21.1 1.18

Table 9:Just NoticeableDi� erence experiment results by recording location as shownin
Figure25.

results. Next, in Figure30 we showthe distribution of theresults usedfor the
score-basedvideo composition. It can be observedthat the overall weighted score
has a mean of 3.5, where larger di� erencesin the single indicators exist. ¿ e
network score is never lower than3, showing that results from the performed
active measurements exceedtherequired bitratefor video upload. ¿ e distance
score showsvery low values overall, indicating in some casesimpreciselocation
estimates or a high distance of the devicesfrom the PoI. Last, the activity score
shows a wider spectrum of values,which was expected giventherange of disruptive
actions performed by the recording users, as shown in Table7.
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Shot Quality Score

Weighted
Network
Distance
Activity

1.51.0 2.0 3.02.5 3.5 4.54.0 5.0

Figure 30:Comparison of generated scores for video selection.

4.4.3 Real-time Composition Capability

LiViU allowsthereal-time composition of thevideo streams usingthe monitoring
framework to determinethe devicesthat o� er the best video quality. ¿ e server
can usethis information to play thevideofrom the devicethat hasthe highest
score.

In order to minimizethelive playback dri and a potential stalling between
switches, the server always retrieves the video streams from the two best devices.
¿ e packetsfrom the�r st device are played continuously, andin casethe stream
stops, the server falls backto the devicethat hasthe second highest score. To ana-
lyzethe e� ciency of this approach, this evaluation scenario inspectsthereaction
time for users under lab conditions.

Giventhefocus onidentifying the switching delay as well asthelive playback
dri , t hefactorsfor all parameters except the activity score were set to zero. For
the updateintervals, in which the devicestransmit the current activity statusto
the server, therange between2and5seconds wastestedin one-second steps. ¿ e
reaction timefor switching betweenthe streams when shaking one of thetwo
devices was analyzed(see Figure31(a)). To accurately measurethe user actions as
well asthe switching point, a central clock wasrecorded andlater analyzed based
on an external videorecording, as shownin Figure31(b). ¿ eresults indicatethat
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(a) Distribution of the delay betweentrigger-
ing a switch by shaking andthe actual
update time for the composition

(b) Recording test setup

Figure 31:Process for generating end-to-end switch delay and distribution of results.
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very low switching delays can be achieved with high updaterates, although shorter
updateintervals also maintain an acceptablelevel of the overall switching delay.
Regarding therequired data for updates, each message has a size of approximately
380 Bytes. In addition, the bandwidth measurement uses131 KBytes, initi ated
independently every 15seconds. ¿ us, evenfor very short update intervals of
2 seconds, each device does not transfer morethan22.62 KBytesper minutefor
eachUpdateMesssage plus an additional 524 KBytesfor bandwidth measurement,
including the complete set of indicators(all parameters have beentransferredto
the server but only the activity score was used for the switching).

4.5 Conclusions

¿i s chapter presented an analysis of user behavior andvideo quality in thelive-
MBSYouNow and proposed a novel concept for the automatic generation of high
QoE compositions of live User-Generated Video.

Based ontheinitial analysis, we derivedthat streaming quality is generally low
andindividual session times are o en short in live MBS dueto challenging network
and device characteristics of uploading from smartphones. ¿ us, low-overhead
selection of relevant content (i. e.,high quality) i s a crucial consideration for the
live composition of User-Generated Video.

Motivated by these observations, we proposed a systemfor live upload and
composition of UGV based on measuringthe context data of therecording devices.
We have presented a prototypeimplementation of our approachthat was evaluated
in a crowd-sourced user study. In particular, activity recognition and active
bandwidth estimation were included as novel concepts to support mobile live
video uploadfrom multiple sources. Usingthe created dataset, we have shownthat
a higher meanQoE, asrepresented by the MOS andJND results, can be achieved
when selectingvideo streams based on network-, activity-, andlocation-based
indicators, without analyzingthevideo content directly. ¿i s allowsthe activation
of only those devicesthat are usedfor the� nal viewin a composedvideo stream,
minimizing the overall datathat needsto be uploaded. ¿ efact that we do not
perform video content analysis enables usto carry out the measurement and
selection of devices as sourcesfor the combinedlive streamin real-time with a
very low end-to-end delay. We have shownthat the generation of a combined
streamis feasible in real-time with very low data transfer overhead while still
allowing for quick switches between device streams.

Last, combining a context-based device selection with content analysis may
provide high improvement potentialsin thefuture. Here, in a�r st step, a subset
of candidate devices can beidenti� edfor video upload using context indicators,
whiletraditional content-based quality analysis can be usedfor detailedinspection
of those streams. ¿ us, only a subset of devicesthat arelikely to provide a high-
quality stream needsto upload, while content analysis guaranteesthat features
only visiblein the content analysis are not disregarded. ¿i s would allow usto use
most advantages of both approaches while resulting in a higher overallQoE.



5 Network Interdependencies inHTTP
Adaptive Streaming

Whilethe previous chapter discussed challengesregarding the upload of live-User-
GeneratedVideo, we now move our attention to the other end of the distribution
chain of today'sVideo Streaming Systems(VSSs). Here, in the delivery of high-
quality video, theOver-¿ e-Top (OTT) concept has becomethe central mode
of distributing Video onDemand content to users; while this provides great
� exibility, achieving consistent Quality of Experience(QoE) is challenging given
the heterogeneity of underlying networks used in Internet-based delivery.

In particular, theinterdependence between network characteristics and con� g-
urations poses a signi� cant challenge whentrying to identify the causes of low
QoE. For example, if the given selection of bitrates by theAdaptation Algorithm
(AA) in a sessionsleadsto an undesirable experiencefor the user (e.g., thevideo
stalls, the quality islow or o en drops signi� cantly) thisleadsto the question of
what isthe underlying reasonfor thisinsu� cient performance. Here, theresearch
focus has been oninvestigating the AA andthe underlying decision model itself.
However, given the layered architecture of Dynamic Adaptive Streaming over
HTTP(DASH), we arguethat thereis su� cient reasonto further investigatethe
network and con� guration space beyond AAs, e.g., how cantheAAs performance
be explained in the full system context.

¿ e underlying, crucial observation hereisthat to consider the performance of
DASH sessions, all interdependent system components�including players, Con-
gestion Control (CC), and execution environment�in�uence the performance.

With the work presentedin thefollowing chapter, we addressthese challenges by
investigatingDASH under realistic assumptionstowards achieving atangible(and
measurable) increase in user satisfaction�orQoE �in today's prevalentDASH-
basedVSS by conducting and analyzing large-scale, reproducible experimentsin
a controlled test environment.

To this end, we�r st addressthe underlying motivation and challengesinvolved
with alarge-scale analysis of DASH. Wethen proceedto detail the approachthat
allows investigating a large-scale evaluation space to identify such con�guration
trade-o� sthat we call sweet spots. In thefollowing evaluation, weinvestigate such
concreterelations betweenQuality of Service(QoS) andQuality of Experience
(QoE) indicators with the network environment and con� guration spacefor DASH.
Based onthis broadrange of DASH con� gurations andtrade-o� s, wethenfocus
on learning approaches to identify the best context-dependent set of such con�g-
urations by selection of players, AAs, and CCsfor a given environment context.
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¿ e presented analysis is based on our previously published work in [Sto+16b;
Sto+17a].

5.1 Extensive Emulations for DASH

Our central research claim isthat theviewers' QoE depends onthe con� guration
of the application andthe network conditionsin a complex, non-trivi al fashion.
¿ us, we proposeto evaluateDASH applications, theimpact of their con� guration
andthe network conditions onQoE metricsin large-scale emulations. Giventhe
stated motivation, thisrequiresto cover an extensive evaluation spaceto explore
DASH con� gurations andthe e� ect of combinations of con� gurations, as well as
a systematic approachto makeing the scale of such experimentsfeasible. In the
process of following this goal, a general network experimentation framework
calledmaci emergedthat is coveredin detail i n Frömmgen, Stohr, Koldehofe, et al.
[Frö+18]. Aspects of this systematic approach aretheresult of the�r st part of our
DASH studies[Sto+16b]; in Stohr, Frömmgen, Rizk, et al. [Sto+17a] maci wasthe
framework used to conduct experiments.

We begin this section with an outline of the architecture of maci that supports
this large-scale emulation and experiment design. Wethen describethe design of
encapsulatedDASH emulations usingMininet , followed by a discussion of the
emulation context, e.g.,with regard to the environment andthe con� guration
space.

5.1.1 Evaluation Framework Architecture

�,�_�W�L�Y�P�T�L�U�[���+�L�Ä�U�P�[�P�V�U �,�_�W�L�Y�P�T�L�U�[���,�_�L�J�\�[�P�V�U Analysis
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Figure 32:Extensive emulations with real applications on multiple network conditions.

¿ e presented approach was developedin conjunction with maci by Frömmgen,
Stohr, Koldehofe, et al. [Frö+18]. It i s anintegrated extensive emulation environ-
ment for conducting networking experiments, along with speci� c componentsfor
DASH studies. By using this approach, weintendto overcome several challenges
usually facedin conducting networking experiments: 1)increasing complexity;
2) increasing innovation speed; 3) the needfor extensive experiments; 4) and
limitedresource availability . Figure33showsthe architecture usedto emulate
the Cartesian product of combinations of environment and con� guration vari-
ables(seeTable10) for theDASH studiesin this work (1).On a high level, the
system consists of three components. First, a web-basedinterface allows de� ning
experiments in an abstract form by selecting the desired set of environment and
con� guration variablesthat can beinstantiated within a concrete experiment
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design for the given use case(2). ¿ eseinstances arethen scheduled, giventhe
availableresources, in parallel (3), as concrete experiment instances. Here, any
virtualization concept, such asvirtual machines or container-basedvirtualization,
may be usedto executethe de� ned experiment (4). Results generated by these
experiments arethen collected and aggregatedfor further analysis a er which
the can be used as a basis for re� nement of the initial experiment parameters
interactively. ¿i slast component usesinteractiveJupyter Notebooks andthe
SciPy environment for � exible data analysis. For a detailed description of this
concept, werefer to [Frö+17; Frö+18]. In the context of this work, we developed
a custom execution environment for DASH experiments, as describedin the
following.

Experiment Design

Configuration
Variables

Environment
Variables

Figure 33:Example screenshot of the experiment de�nition interface.

5.1.2 DASH Emulation Environment

Driven by the goal to compare DASH playersin areproducible setup, we build a
player execution environment that provides aplayer abstraction for automatically
loading, con� guring and monitoring, JavaScript, as well as Python-based players,
asillustratedin Figure34. ¿ e�r st setup layer of the experiment is built using
Python andrelies onMininet [Han+12] to con� gure avirtual network setup
consisting of a server, a client and one or multiple bottlenecklinks separated
by switches and shaped with respect to the current network environment con-
� guration. ¿i s enablesfuture expansion of the experimental setup to arbitrary
topologies and more complex networking conditions.

On the server-side,a web server islaunched usingthe Node.JShttp-serverax pack-
age or Apache, whilethe client starts aXvfb ay session to allow for the execution

axhttps://www.npmjs.com/package/http-server
ayhttps://www.x.org/archive/X11R7.6/doc/man/man1/Xvfb.1.xhtml

https://www.npmjs.com/package/http-server
https://www.x.org/archive/X11R7.6/doc/man/man1/Xvfb.1.xhtml
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of theFirefox 52browser that supports Media Source Extensions.az Further, the
Geckodriverba service provides control of the browser by Selenium-API callsfrom
the Python experiment description code.19,bb For theJavaScript-basedDASH 19Now there is also the

option to use
Chrome-headless as an
alternative to the
Xvfb -based approach.

players(DASH.JSandShaka Player), the experiment isloadedinto the browser
by requesting the web page containing the DASH player's JavaScript application
a er the setup of theDASH player execution environment. Here, the Webpackbc

loading system is employed to dynamically instantiate the selectedDASH player
based onthe con� guration parameters. For each player, a loading script was
implementedthat mapsinitialization routines and settings such as bu� er levels,
the Media Presentation Description (MPD), andAdaptation Algorithmsto corre-
sponding function calls. SinceAStream, in contrast to DASH.JS and Shaka Player,
is built entirely in Python anddoes not play out thevideo, it is directly called with
the corresponding experiment parameters without browser interaction.

VM with Mininet

Xvfb
Firefox

DASH Players:
DASH.JS/Shaka

Experiment Description (Python)

Webdriver
Server

DASH
Dataset

Monitoring
Module

Monitoring Module

AStream

Figure 34:Experiment instance as represented by one virtual machine.

Monitoring Performance Metrics

Toretrieve and analyzethe system events and data structures whichvary depending
on the selected player, weimplemented amonitoring module. It mapsthe players'
monitoring events to a set of callbackfunctions and creates a universal data
structure saved as aJavaScript array. We provide modulesfor theJavaScript and
Python based players respectively.

We set the playout durationfor each experiment to120seconds and continuously
monitor the playtime. ¿i sisto ensurethat, evenif stalling events occur, players
are compared on a playbacktimeinstead of an experiment time basis. A er the
given experiment time, we collect and process the experiment metrics.

In this work, we consider two metric typesto assessthe performance of DASH
Players: 1)target metricsthat are directly measured, 2) and aggregate metricsthat
are derived from target metrics.

azhttp://caniuse.com/#search=mse
bahttps://github.com/mozilla/geckodriver/
bbhttps://developers.google.com/web/updates/2017/04/headless-chrome
bchttps://webpack.js.org/

http://caniuse.com/#search=mse
https://github.com/mozilla/geckodriver/
https://developers.google.com/web/updates/2017/04/headless-chrome
https://webpack.js.org/
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5.2 Cross Layer Environment and Con�gurations

Analogto the above-given motivation of a large-scale emulation approach, we
selected a widerange of parametersthat are presentedin a bottom-up fashion, as
speci�ed in Table10. In the following, we provide details for each category.

5.2.1 Network Conditions

Asthe choice of a widerange of realistic network conditionsisfundamental for
allowing insightsinto the dependencies between con� gurations, we consider two
synergistic approaches: i) synthetic conditi onsas a model to derive arandom
(but reproducible by a given seed) bandwidth and delay distribution speci� ed by
mean andvariance, and, ii) dynamicreal-world bandwidth tracescollectedfrom
mobile devices[Rii+13], andreplay these using atc tra� c shaper. We arguethat
meaningful insights require both approaches.

¿ e additional rangethat can be achieved by synthetic distributions allows a
systematic comparisonin extreme(e.g., low mean bandwidth, highvariance) and
more static conditions(e.g., low bandwidth variance), whereasrecorded, dynamic
bandwidth traces allow to analyzetheimpact of � uctuating bandwidth conditions
asthey are experiencedin reality. For all bandwidth tracetypes, wefurther specify
additional variations in the delay and loss.

5.2.2 Transport Protocol

AsDASH uses HTTP andTCP, theTCP congestion control algorithm in� uences
the achievable throughput andinteracts with DASH's adaptation loop. We in-
vestigatethreeTCP congestion control algorithms: First, weincludeTCP Cubic
that adjusts the congestion window size(cwnd) based on a cubic function for
high bandwidth utilization. In contrast, TCP New Reno is based on the additive
increase, multiplicative decrease concept for cwnd control, adding the concept of
fast recovery to its preceding implementation TCPTahoe. Last, weincludeTCP
Vegas becauseit i s sensitiveto changes of theroundtrip time(RTT) and adjusts
the cwnd by detecting changesin the RTT. From the selection of these concrete
CCs we expect varying in� uence onthe performance giventheir fundamentally
di� erent design principles. A more detailed discussion of Transmission Control
Protocol (TCP) CC is given in Section2.1.

5.2.3 Adaptation Algorithms

Giventhat DASHis a standard for client-drivenvideo streaming with multiple
media quality representations, the client player requires alogic (o en denoted as
Adaptation Algorithm (AA)) to decide ontherequested media bitrate and quality.
¿ eDASHAA can be classi� edinto three main categories: i) ¿r oughput-based
Adaptation (TBA), ii) Bu� er-basedAdaptation (BBA), iii) and Hybrid Approaches.
We discuss these AAs concepts in detail in Subsection3.2.1.

In this presented study, approachesin the�r st two categories areimplemented
by the usedDASH players. Here, DASH.JS andAStreamimplement the BBA
Bu� er Occupancy basedLyapunov Algorithm [SUS16]. Further, TBA is provided
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Zone/Layer Configu-
ration

Instantiations #Mechanisms

Configura-
tion
Variables

Video
Represen-
tation

Segment
Size [s]

1, 2, 4, 6, 10, 15 5

DASH
Player

Bu�er
Size

Default, 5, 10, 20 4

Execution
Enviro-
ment

DASH.JS, Google Shaka-Player, AStream 3

Adapta-
tion
Algorithm

TBA3, TBA10, TBA, BOLA, 2

Trans-
port
Protocol

Conges-
tion
Control

Vegas, Cubic, Reno 3

Environ-
ment
Variables

Band-
width

Dynamic: Bus, Car [Rii+13] 3

Generated (based on seed, mean and
variance)� BW0:8; 2; 5; 7:5; 10[Mbps],
� 2

BW0; 0:8; 2; 5[Mbps]

20

Latency
[ms]

10, 20, 35, 50, 100, 150 6

Packet
loss [%]

0, 0.5, 1.0, 2.0, 5.0 5

Hops 1, 2 2

Table 10:In two separate studies we explore an extensive set of combinations in the
con�guration and environment space of DASH.

by DASH.JS and Shaka Player. In case of Shaka Player, weinvestigatevarying
con� gurations of the algorithm bymodifyingthe considered measurement interval.
By including both concepts, asrepresentedin di� erent players, weinvestigate
speci�c characteristics of TBA and BBA as these algorithms may comprisedi�er-
ent aggressivenessin their quality adaptation. For example, cautious adaptation
algorithmsthat try to avoid stalling events choose conservatively low qualiti esin
the downscaling direction, i.e.,when choosing alower quality thanthe previously
requestedvideo segment. ¿ e same conservatism holdsin the upscaling direction,
i. e.,whenincreasing the quality for one of therequested segments. Derivations
of the details and mechanisms within TBA and BBA algorithms usually resort to
modeling assumptions in players that we discuss in the following.

5.2.4 DASH Players

In thefollowing, we brie�y discussthe open-sourceDASH playersthat we analyze
and comparein this work. While many other DASH players exist, such asthe ones
used by Net�ix andYouTube, thelack of an openAPI preventstheir direct use
in the context of this work. Other commercial playersthat provide anAPI, such
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as Bitmovin'sHTML5Playerbd could be consideredin our work, but have been
omitted due to licensing reasons.

DASH.JS is thereferenceimplementation by theDASHIndustry Forum. ¿ e
releasev2.3.0,usedin our experiments, featurestwo types of AAs: TBA
(default) and BBA. ¿ eTBA uses aThroughputRule that maintains an
up-to-datelist of the previousfour throughput andlatency measurement
periodsthat determine upcoming adaptation decisions by passing them
on to aSwitchRequest class. ¿ e BBA algorithm embeddedin DASH.JS
featuresBOLAas introduced in Subsection3.2.1.
Con� guration:DASH.JS comprises con� guration parametersfor both BOLA
andTBA that includethetarget bu� er levels depending onthe current play-
back state. If the player selectedthetop quality, a target bu� er size of 30
seconds(BUFFER_TIME_AT_TOP_QUALITY) is used. Otherwise, a smaller
target bu� er size of 12 seconds(denotedDEFAULT_MIN_BUFFER_TIME) ap-
plies.

Shaka Player that is developed by Googlebe features aTBA algorithm that conser-
vatively usesthe minimum of two exponentially weighted moving average
(EWMA) variables derivedfrom throughput measurements within a period
of two and�v e seconds, respectively. ¿i s aims at afaster downscaling in
case of bandwidth drops and a slower upscaling with increasing bandwidth
measurements.
Con� guration: To evaluatethe design decision for Shaka Player'sAA, we
addedtwo EWMA-basedAdaptation Algorithm (AA) to the default con-
� guration, which only relies onthree(TBA3) or ten(TBA10) segmentsfor
calculation. Further, two other core settings control the playback bu� ers
in the Shaka Player. First, the rebufferingGoal , which is set to 2 sec-
onds, providesthe minimal bu� eredvideo duration beforethe playback
is started. Second, thebufferingGoal of 10seconds providesthe max-
imum bu� er level that is loadedin advance. With the goal to compare
fast as well asvery conservative adaptation decisions, in addition to the de-
fault AA settings, we modi� ed parametersin theSimpleAbrManager -class
MIN_SWITCH_INTERVAL=5, default 30;MIN_EVAL_INTERVAL=1, default 3)
to allow for faster adaptation, given the 120-second test sequences.

AStream is aheadlessPython-based player that is introducedin [JTM16] to sim-
ulateDASH players, i.e., it is not able to natively play out therequested
video segments. AStream served as arapid prototyping environment for
multipleTBA and BBA Adaptation Algorithms such as[JTM16; WRZ16].
In this work, we consider an implementation of BOLA within AStream in
comparisonto the BOLA implementation within DASH.JS. ¿ erationale
behind this comparisonisto illustratetheimpact of the player environment
while keeping the AA �xed.
Con� guration: As with the other introduced players, AStream-BOLA has a
prede� ned default target bufferlevel , hereit is set to 15seconds. AStream

bdhttps://bitmovin.com/html5-player/
behttps://github.com/google/shaka-player/releases/tag/v2.0.6

https://bitmovin.com/html5-player/
https://github.com/google/shaka-player/releases/tag/v2.0.6
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also comprises additional con� guration parametersfor which werefer to
the source code [JTM16].

5.2.5 Video Content

¿ evideo content in our testsis based onthe open movieTears of Steelbf provided
in a dataset prepared by [LMT12]. It consists of nine H.264-AVC encodedvideo
representation layers having bitrates between0.253 and10 Mbpswith resolutions
between480� 270and1920� 1080 pixels in 2s and10s segment size con� gurations,
o� ering similar resolutions and bitrates as usedin practice by YouTube, Net�ix
and Apple [Kre+16].

Table 11:DASH dataset representations

Resulution Bitrate (Mbps) FPS

1920� 1080 10.0, 6.0, 4.0, 3.0 24

1280� 720 2.4, 1.5 24

480� 270 0.807,0.505, 0.253 24

5.2.6 QoS and QoE Metrics

First, we consider the set of thefollowing directly measurableQoS metrics: i) the
initial playback delay, ii) thetotal stalling duration, iii) theinitial playback bitrate,
iv) the average playback bitrate, v) the average number of adaptations, vi) the down-
load duration andlength of requested segments, andvii) the average amplitude of
adaptations. ¿ eseQoS metrics also build the basisfor aggregate performance
measures(i. e.,QoEindicators). Here, we employ a model introduced by Hoÿfeld,
Schatz, et al. [Hoÿ+13] to derive a MeanOpinion Score(MOS) score based on
stallingfrequencyandlength,denoted asMOSStal.. Next,as a meansto evaluatethe
video quality, we apply the model presented by Hoÿfeld, Seufert, et al. [Hoÿ+14b],
providing a MOS based onthe portion during which the session stayedin the
highest quality representation. We will r efer to this metric asMOSRep.. As the
proposed models are based on 30-secondtest sequences, we derivethe average of
four independent scoresfor each 30-secondfragment of our 120stest intervals. For
reproducibility, we usethe same dataset as originally usedto derivetheMOSRep.

model in [Hoÿ+13] (c.f. Subsection 5.2.5). Unlikethe original work presenting
this model, we alsoinclude quality representations exceeding0.807 Mbps(having
aresolution of 640� 360 pixels), classi� ed as high-quality layers, to explorethe
potential for high-bandwidth con� gurations. For a detailed discussion of these
metrics, see Section2.4.

5.3 Evaluation Concept for DASH

¿i s section presents evaluations using our proposedQoE-driven extensive em-
ulation approachfor DASH. Here, we rely on two datasets. ¿ e �r st dataset

bfhttps://mango.blender.org/

https://mango.blender.org/
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Figure 35:Overview of the evaluations conducted bymetri c alongthe axis of environment
conditions considered.

addresses([Sto+17a]), in particular, thein� uence of DASH players, by example of
DASH.JS and Shaka Player, and considers avast array of recorded and synthetic
dynamic tracesto emphasizethe particular in� uence of players, bu� ers andAAs
whilereducing thefocus onvery low-quality network behavior with delays and
losses. ¿ e second dataset ([Sto+16b]) emphasizesthe e� ect of TCP CCin dy-
namic traces andincludes particularly detrimental delays andlosses, as potentially
experiencedin mobile scenarios whilereducing dimensionality by considering a
single player. Nonetheless, each dataset isindependently covering an extensive
array of combinations spanning all relevant layers, as shown in Table10.

In Figure35, we showthe categorization of this analysisin di� erent areas; we
begin with application-centric QoSfactorsthat showthe underlying di� erences
in performance and behavior of context and con� guration parameters as exposed
by our dataset. Wethen continueto explore such performance aspects based on
existingQoE modelsthat mapthe before-mentioned service attri butesto concrete
measuresregardingtheir signi� cance onthe service quality for users. In particular,
we employ two MOS models, onerelatedto playbackinterruptions andthe other
one concerning the bitrate quality.

Using this underlying understanding of the e� ects of such mechanisms, includ-
ing their i n� uence on users, i.e., concrete cross-layer con� gurations, we extend
our � ndings by presenting themin a comparativeQoE analysis, considering a
diverse set of network conditions to point out performance a�nities.

¿i s analysisis extendedto present MOStrade-o� s by identifying Pareto optimal
con� gurations of concrete DASH multi-mechanisms. Last, we derive modelsfor
QoE-based con�gurations based on environment conditions.

5.3.1 ¿e Case for an Emulation-based Evaluation of DASH

As a prerequisitefor thefollowing case, weintroduce key underlying assumptions
in DASHAdaptation Algorithms. Generally, these algorithmstake network con-
nection measurements andinternal player information to decideon video segment
requeststo optimize playback quality. In its most general form, this adaptation (or
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decision) problem can be modeled as a stochastic control problemthat is, however,
cumbersome to formulate let alone to solve online.

Adaptation Algorithmsthat fall into theTBA or BBA classes usually adopt
assumptions onthe behavior of the network andthe media player that allow ana-
lytical optimizations, or at least the development of online heuristics. A common
assumption is a stationary random processfor the network behavior, e.g., regard-
ing the available bandwidth processthat governsthe streaming connection. For
example, giventhis assumption, BOLA provides approximately optimal decisions
on the segment requests with respect to aQoE utility metric. A further assumption
that is o en adoptedis that network observations are (conditionally) indepen-
dent of the network state, i.e., the measurement samples at time i for segment
n ˜ nt St � i • , are not dependent on previous network states˜ nt St @i• . ¿i s
con� nesthe needfor modeling network correlations, however, this maybe a strong
assumption, especially in the presence of bursty tra� c. Giventhis assumption,
heuristics can be derived, e.g.,employing Kalman/particle�lt er types of control
for TBA algorithms. A basic example of such control is the EWMA employed in
the Shaka Player.

It i s, however, important to notethat modelsfor AA do not capturetheimpact of
player-speci� c components, e.g., additional processing delays andthe method of
measurement by the player itself. AAs assume a certain statistical quality of these
network measurements. However, the quality of the network measurements can
be strongly a� ected by the way the player requests newvideo segments[WRZ16].
A striking exampleis given by the simulativeDASH player AStream originally
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Figure 36:Cumulative distribution over mean bitrate of entire sessionsin a comparison
betweenJavaScript-based players(DASH.JS and Shaka Player) andAStreamfor
a given environment bandwidth of 5 Mbps(variance� 0.8 MBytes). AStream
shows a distinctly di� erent distribution given the wrong interpretation of
segment sizes in adaptation decisions.

includedin our work. Figure 36showsthat, for a mostly static environment,
there is avast di� erencein the mean playback bitrate betweentheJavaScript-
based playersDASH.JS and Shaka Player, andAStream. Whiletheformer two
players show a similar distribution in mean sessions bitrates between3 Mbps
and3.5 Mbps, giventhe environment bandwidth of 5 Mbps(variance� 0.8 Mbps),
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AStream has an unrealistically high mean session bitratefor most sessions, with
roughly 10 %being even higher thanthe environments bitrate. Giventhe measured
inconsistencies of theresults observedfor AStream also present in initial delay and
stallings(cf. [Sto+17a], Table16), wereasonthat the absence of an actual playback
bu� er20 in simulative playbackleadsto potentially unrealistic assumptionsin 20such as the

MedieSourceExtentions
API providing the video
playback bu�er in web
browsers

AStream's performance. For example, animmediatestart of thevideo playback
onceany stream component isfetchedin AStream can be explained by the way
the init segment is processed. Depending onthe dataset, themp4 init segment
containsthemoovbg element that describes stream meta-data, but does not contain
videoframes. It should not leadto playable content becoming available to the
player. However, in our tests, fetching these segments did leadto anincrease
in AStream's bu� er level.bh Given that theseinit segments are respectively
small in �l e size compared to segments containing frames, asrepresented by
m4s segments, the bu� er isfalsely assumedto be�ll edvery fast wheninitiating
the stream. ¿i s obscures segment downloads andimpacts initial adaptation
decisions asthe(false) high bu� er �lli ng leadsto undesired up-adaptations, as
well as stalling at the playback begin. In contrast, both JS players exhibit the
expected behaviour and begin playout a er the�r st m4s segment is downloaded.
Giventheseinconsistencies, we have excludedAStreamin other analyses of this
evaluation.

5.3.2 DASH QoS: Cross-Layer Performance Characteristics

¿ e�r st part of our evaluation covers analysis based onQoS metrics, as anindica-
tor of concrete performance di� erences between con� gurations. For an overall
reference of the global results acrossthefull respective dataset for both simulation
classes, we present the usedindicatorsin Table16. Here, the mean and standard
deviation are notedfor each player andAA combination across all QoS metrics.

Table 12:Overall comparison of adaptation, video quality, and stalling metrics.

Dataset 1 Dataset 2

DASH.JS
TBA

DASH.JS
BOLA

Shaka
Player
TBA

AStream
BOLA

Shaka
Player
TBA

Shaka
Player
TBA3

Shaka
Player
TBA10

� � � � � � � � � � � � � �

Init. Rep. [Mbps] 0.8 0.0 0.8 0.0 0.3 0.0 0.3 0.00.8 0.0 0.8 0.0 0.8 0.0

Init Delay [sec] 1.6 2.4 1.6 2.3 0.7 0.7 0.1 0.03.3 5.5 3.5 6.2 3.3 5.7

Adaptations[#] 8.6 8.5 8.6 8.5 4.8 2.8 18.2 13.72.7 2.0 2.9 2.0 2.3 1.5

Amplitude [level] 1.3 1.0 1.3 1.0 1.7 1.9 1.7 2.4

Stalling sum [sec] 8.8 14.9 8.9 15.0 8.3 13.8 18.0 50.326.3 41.6 28.6 46.7 28.7 46.0

Stalling avg. [sec] 1.2 1.8 1.2 1.8 1.1 1.8 4.1 11.37.5 16.3 12.0 28.1 12.3 27.9

Stalling[#] 4.1 3.8 4.1 3.8 3.7 3.5 3.5 7.93.4 5.5 1.7 1.8 1.7 1.8

bghttp://l.web.umkc.edu/lizhu/teaching/2016sp.video-communication/ref/mp4.pdf
bhhttps://github.com/pari685/AStream/blob/master/dist/client/dash_buffer.py#L129

http://l.web.umkc.edu/lizhu/teaching/2016sp.video-communication/ref/mp4.pdf
https://github.com/pari685/AStream/blob/master/dist/client/dash_buffer.py#L129
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5.3.2.1 Initial Delay

¿ e initial delay, i.e., the time until r endering the �r st frame, is animportant
performanceindicator for DASH streaming sessions sincelonger initial delays
are knownto have a negativeimpact on theviewers' engagement [Dob+13]. Yet,
minimizing these delays usually correspondsto alower initial playback quality.
¿us, it is crucial for players to strike a balance between these opposingfactors.
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(a) Initial delay for default bu�er setting
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(b) Initial delay for 20s bu�er setting

Figure 37:¿ einiti al delay depends onthe segment length andthe used player. Neither
the bu� er size nor theAdaptation Algorit hm severely in� uencestheiniti al
delay.

Figures37 and38giveinsightsinto these design choices by showing the empiri cal
distribution function of theinitial playback delay vs. di� erent combinations of
players, adaptation algorithms, bu� er sizes, segment lengths andthe underlying
TCP CC. Hereit is evident that three main factorsimpact theinitial delay: i) the
segment length, ii) the used player, iii) andthe CC. Beginning with the segment
length, the distributions onthe Empiri cal CumulativeDensity Function (ECDF)
show similar trends alongthe segment length setting, i.e., for 2-second segments
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Figure 38:For very diverse network conditi ons, including high losses and delay, there
is alongtail of high initi al delays. However, TCP cubic reducesthe overall
initial delay.

the distributions are clustered around0.5seconds whereas10-second segments are
distributed widely between0.5and4 seconds. ¿ eimpact of the player is apparent
when comparing DASH.JS' results with Shaka Player where initial delaysvary
independently of Adaptation Algorithms. Our analysisindicatesthat the bu� er
size does not impact the initial delay. ¿is is expected since the target bu�er size
is usually usedto gaugethe steady-state adaptation behavior of the player while
many players have only minimal bu�er level requirements to start playback.

A fundamental characteristic that drivesthe di� erencesin the observedinitial
playback delays is the selected initial representation. For example, DASH.JS
consistently selects thethird lowest representation, while Shaka Player begins
playback with thelowest representation, leading to smaller download sizesfor
theinitial segments. ¿i sisre� ectedin the�r st two rows of Table16. However,
acceptinglonger initial delays allowsfor a higher initial playback bitrate asindicated
in Table16. ¿ us, thisrepresents a design choice of the player asto which layer's
segment isto be downloadedin the beginning before anymeasurements are passed
to the AA.

Last, as shownin Figure38, for morevaried network contexts with high losses
and delays, initial delays arein case of Shaka Player extremely long giventhelow
network quality in some sessions. Yet, thereis a clear trend, that over all sessions,
TCP Cubic has alower initial delay, indicating that beyond the choice of the player,
TCP CC in�uences initial delays.

5.3.2.2 Stalling

Figure39depictsthe CDF analysis of thetotal stalling duration duringthe playback
of the120-secondvideofor di� erent players, Adaptation Algorithms andtarget
bu�er sizes across all network bandwidths environments.

¿ e players show a distinct and consistent pattern wherethe con� gured segment
size predominantly in� uencesthetotal stalling duration sothat smaller segments
signi�cantly reduce the stalling duration.
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(a) Using the default bu� er con� guration for the respective players across all environment
conditions.
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(b) Increasing the bu�er size to 20s across all environment conditions.

Figure 39:Impact of the bu� er size onthetotal stalli ng duration. Players di� er signi�-
cantly whileAdaptation Algorit hms show a small in� uence. Larger bu� ers,
i. e., 20 seconds, reduces stalli ng in half for 80 %of the sessions with large
segment sizes.

Further, we see the in�uence of the bu�er size, in particular, when comparing
the50percent percentile between Figure39(a) and Figure39(b); this corresponds
to roughly 3 and5seconds of stalling timerespectively. In general, Shaka Player
outperformsthe other alternatives with nearly no stalling eventsfor large bu� ers
and small segments sizes. Surprisingly, we notethat theAdaptation Algorithm
has a minor impact on the overall stalling duration when comparedto thetarget
bu�er size.

Regarding the CC, we again see an overall better distribution, in terms of less
stalling time, for all con�gurations using TCP Cubic, as shown in Figure40.
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Figure 40:Impact of the CC on the total stalling duration.

5.3.2.3 Downloading Behavior and the Relation with Segment Size and Bu�ers

Figure41comparesthe distribution of bu� er �ll l evels across all con� gurations
between 2s and10s segment sizes. In both cases, the bu� er �ll state is strongly
cumulated closeto zero, which is to be expected given that a large part of the
tested network settingsleadto signi� cant stalling, e.g.,when bandwidths arelow
or the packet lossrate is high. A second bend can be seenfor the 2s segment
con� guration caused by the player having loaded exactly one segment from the
initial or bu� er under-run state. For full bu� ers, there is a clear distribution
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Segment size: 10, Loss: 1.0%

Figure 41:Distribution of the DASH player bu�er level depending on the segment size

di� erence past the 60%density between 2s and10s con� gurations, having the
range of bu� er �ll states spread out in the10s case whereas 2s segments have a
high cumulation rate aroundthe�x ed15s upper boundfor the bu� er level in the
Shaka Player. For 10s segmentsthis di� erence can be explained based ontheir
higher segment length comparedto 2s segmentsin relation to thetotal bu� er size
of 15s, which allowsthemto over�ll t he players bu� er. However, the median bu� er
level is still higher for 2s segments which is somewhat counter-intuitive.
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Regarding observations madefrom dataset 1,we notethat if thetarget bu� er
sizeis small the player o en withholdsrequests dueto afull bu� er. DASH players
are knownfor anON-OFF behavior while downloadingvideo segments which
arises dueto adaptation algorithms. ¿i s behavior isreinforced by a consistently
�ll ed bu� er dueto a small bu� er sizerelativeto the segment duration length. ¿ us,
the player is blockedfrom requesting new segments which is evident in Figure42,
wherethe player downloading state exceeds100secondsfor a largetarget bu� er
size paired with 2-second segments. In contrast, the player has a signi� cantly lower
mean downloadingtime, i.e., 75secondsfor alowtarget bu� er size paired with 15
secondlong segments. However, potentially unlimited bu� ers can have a negative
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Figure 42:Impact of the bu� er and segment length onthetotal time spent in downloading
state. Respective shapes showthe median and distribution by player, AAs, and
bu� er size. Inner black boxesrepresent median andIQR, with extending lines
indicating thefull distribution span. Further, the surrounding areasindicate
this distribution as a KDE.

in� uence onthe playback quality. In case of high bu� er levels, the entire bu� ered
content is played out, and moretime may pass until t he quality is adjusted, i.e.,
whenthe bandwidth increases signi� cantly mid-session. Alternatively, segments
that have already beenfetchedto the bu� er may also be discarded21leading to a 21¿is characteristic of

re-requesting segments in
higher bitrates is, e. g.,
implemented in
YouTube's DASH player,
as described by [Mon+17]

potentially high wastage of bu� ered content. Especially in a mobile context, where
data caps are still prevalent, this translates to high costs for users.

Since higher-quality segments possesslarger �l e sizes we deducethat thetime
usedfor fetching segments in the second constellation has a high probability
of exceeding the duration of thevideo content that is currently bu� ered. ¿ us,
this constellation of small target bu� er sizesin combination with relatively long
segment lengths canleadto more stalling events, as shownin the previous section.

5.3.2.4 Playback Bitrate

Sofar, we considered stalling performance metrics and bu� er distributionsthat
indicate how well players mitigate such adverse e� ects by aligning therequested
video qualiti es with the network and player conditions. ¿ ese adaptations directly
impact the (mean) playback bitrate, an important factor for QoE. Note that
the achievable mean playback bitrate depends directly on the available network
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bandwidth andthe availablevideorepresentations onthe server. Figure43provides
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Figure 43:Mean playback bitratesfor all available bandwidth environments and 20 sec-
onds bu� er sizes with varied bandwidth variance and segment sizes. DASH.JS
andthe Shaka Player show a consistent behavior. ¿ etransparent pipes show
a standard 50percent percentile deviation width. Black stairs showtherep-
resentations availablein the dataset. Verti cal di� erencesv at the beginning
of the black stairs indicate aQoE degradation, giventhe networking condi-
tions. Horizontal deviationsh indicate e� ciency, i.e., how much available
bandwidth is required to sustain a quality bitrate.

a comparison of the considered players showing the distributions of average
playback bitrates whenvaryingthe network bandwidth conditions andthe segment
lengths. ¿ e black stairs showtherepresentations availablein the dataset. We use
the crossing points of the mean playback bitrates andtherepresentation stairsto
expresse� ciency (given asthe horizontal deviation h in Figure43). ¿i s indicates
the additionally required available bandwidth to sustain a givenrepresentation
(given stable/volatile networking conditions as depicted). ¿ evertical deviations
v of the quality bitrates andthe black stairsin Figure43denotethefollowing: If
the black stairs are higher than the quality bitrate lines, the deviation denotes
a lossin QoE in terms of the mean quality bitrate given a certain bandwidth
condition. If the black stairs are lower than the quality bitrate lines, then the
available bandwidth is su� cient to sustain this representation andthe excess
available bandwidth is usedto occasionally fetch a higher than sustainable bitrate.
With Figure43we show that the investigated DASH players achieve comparable
performance with respect to the mean playback bitrates, givenvarious adaptation
algorithms. While variancein the available bandwidth slightly decreasesthe
playback bitrate, increased segment lengthsincreasethe playback bitratein the
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case of the Shaka Player, however not for DASH.JS, irrespective of theAA where
no signi�cant di�erence in the mean bitrate relation is present.

5.3.2.5 Adaptations

DASH players employ quality adaptation algorithms to provide an overall better
QoE, i.e.,by improving metrics such asthe average quality bitrate and by avoiding
stalling. Adaptation algorithmstake speci� c information as proxy for network and
player states andtranslatethis information into decisions onthe streaming bitrate,
in� uenced by modelsimplementedin the player as well as by the environment.
VariousQoE models, asfor example discussedin [Seu+15], concludethat the
number andthe magnitude of adaptation events within a streamis detrimental for
QoE. Further, stepwise adaptation isfavorable comparedto large adaptation steps
according to Zink, Schmitt, et al. [ZSS05]. Hence, the streaming performance
directly depends onthe design of the quality Adaptation Algorithm within the
player. Figure44showsthe distribution of the adaptation amplitudesfor di� erent
players andAA for all given environment parameters. Here, one surprising obser-
vation isthat theimpact of di� erent adaptation algorithms, e.g.,within DASH.JS,
is relatively moderate.

From Figure45, we� nd that DASH.JS hasthe highest share of only one adapta-
tion event when using the default bu�er con�guration.
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Figure 44:Quality adaptation amplitudesfor combinations of players,andAAsfor default
and 20-second bu� er con� gurations. Respective shapes showthe median
and distribution. Here, inner black boxesrepresent median andIQR, with
extending linesindicating thefull distribution span. Further, the surrounding
areasindicatethis distribution as a kernel density estimate, with therespective
width representing the relative number of observations.
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Figure 45:ECDF of adaptation count for combinations of player, AAs and segment sizes

5.3.3 QoE-Centric Analysis and Design Trade-O�s

WhileQoS attri butes give aninitial insight in performance attri butes of DASH
system con� gurations, understandingthe direct impact on usersis hard to quantify
using this method; QoS metrics, in relation to users, do not generally maplinearly
to user satisfaction. One concrete example can be givenfor stalling events and
durations: eventhough a stalling duration of 1 secondmay be generally prefer-
ableto 2 seconds, considering a case wherethe playback of 60 secondsvideois
interrupted10times comparedto a singleinterruption of 2 secondsmay be afar
superior experiencefor users. For example, using the previous example in the
model to illustratethisrelation for MOSStal.by Hoÿfeld, Seufert, et al. [Hoÿ+14b],
we derive a measure of 2.14and3.27respectively. Exactly suchrelations, that
quantify the users' Quality of Experience(QoE) to a measure called MOS are used
in this work. Asintroducedin Section 2.4, such models are central to the analysis
presented in this work and the following evaluations.

However, the one-dimensional view on MOS measures does not always su�-
ciently quantify QoE, asthese measures depend on all other quantiti es, such as
bitrate, to remain unchanged. ¿ us, one-dimensional MOS metrics needto be
consideredin relation to one another to quantify their impact on user experience
adequately. As maximizing such metricsis, in many cases, correlated with de-
creasing another metric, i.e.,maximizing stalling MOS by reducing total stalling
time and eventsis best achieved by minimizing playback bitrate� andtherefore
MOSRep., we analyze suchtrade-o� sin MOS metrics. With the given, illustrative
examples, we begin thefollowing analysis onthis stalling-based measure, which is
a central aspect in the adaptive streaming user experience; later we present the
trade-o� sinvolved whenincreasing such scoresin one dimension, against other
QoE and QoS metrics related to the playback bitrate.

5.3.3.1 Stalling Mean Opinion Score

Figure46 illustratestheMOSStal.distribution aggregated over repetiti ons of the
same con�guration for common delay and packet loss scenarios in varying TCP
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Figure 46:ECDF of MOSStal.by CC and segment sizefor Shaka Player using the default
TBA.

CC con� gurations. ¿ erange of observedMOSStal.valuesindicates signi� cant
performance di� erences depending ontheTCP CC algorithm and segment sizes.
Here, 10s segment sizes clearly dominatein terms of MOSStal.across all observa-
tions andTCP Cubic provides a performance advantage over TCPVegas andTCP
Reno.

Extending this analysis across players, as shownin Figure47, illustratesthat the
choice of theAA is dominated by the choice of the player andits con� guration
with regard to the segment size. For DASH.JS, the distribution of MOSStal.is
dominated by the selected segment size, while theAA plays only a minor role in
the performance di� erence with regard to this metric. When comparing the same
class of TBA AA between players, however, the Shaka Player's performancerelates
directly to the segment size, where the best overall distribution on MOSStal.is
achieved with 10s segments.
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Figure 47:CDF of MOSStal.by player, AA and segment size.
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5.3.3.2 Stalling vs. Bitrate Mean Opinion Score

To evaluatetheimpact of aggregated con� gurations, Figure48 presents di� erent
con� gurations andtheir QoE metrics along the axis for MOSRep.andMOSStal..
¿ eQoE di� erence betweenthe Pareto optimal con� guration and non-Pareto
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Figure 48:¿ eQoE metri csfor all combinations of bandwidth estimators, segment sizes,
and congestion controls, compared with an adaptive solution which usesthe
best mechanism combination per network condition.

optimal con� gurations shows alarge performanceimprovement potential by
selecting con� gurationsincluding CC, segment size andTBA attri butesin the
Shaka Player. ¿ ese, however, depend onthe concretetrade-o� betweenthese
opposing optimization goals. Here, we observethat for all but one Pareto optimal
con� gurations, TCP Cubic is part of the con� gurations. We also observethat, in
terms of segment size, larger segmentsincreaseMOSStal.while smaller segments
provide a better MOSRep..

5.3.3.3 Playback Bitrate vs. Stalling Quality of Experience:

We analyzethetrade-o� s betweentwo previously discussed aspects, (i) the play-
back bitrate and(ii) stalling, captured asMOSStal.. Figure49 shows a scatter plot
of MOSStal.(the higher the better) andthe achieved mean playback bitrate, where
each entry in the graph denotesthe performance of a con� guration averaged
over all considered network conditions. Interestingly, the depicted Pareto frontier
showsthat no single player (con� guration) dominates both metrics. In particular,
all players andAAs are represented at least once onthe Pareto frontier. ¿ us,
for every player and, AA there exists a sweet spot and a weighted aggregatetak-
ing stallingQoE and mean playback bitratethat showsthat this con� guration is
superior.

¿ e Pareto frontier further showsthat large bu� er sizes dominatethe perfor-
mancefor all player con� gurationsfor both considered metrics. We also note
that moving to higher playback bitrates onthe Pareto frontier correspondsto
increasing the segment length of the corresponding con� gurations. It is also
evident that combinations of small bu� er sizes andlong segments perform badly.
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Figure 49:Trade-o� between playback bitrate and stalli ngQoEfor di� erent con� gura-
tions, aggregated over all analyzed environment conditions.

Last, Figure49 showsthe minor impact of di� erent adaptation algorithms within
DASH.JS.

5.3.3.4 Adaptations vs. Stalling Quality of Experience:

As quality adaptations are usedto avoid stalling, we analyzethetrade-o� between
the number of adaptations andthe stalling QoE. Figure50showsthe average
stalling QoE(the higher the better) andthe average number of quality bitrate
adaptationsfor di� erent player con� gurationsin various networking environments.
Heretoo, we notethat all players and adaptation algorithms arerepresented onthe
Pareto frontier suchthat no single player con� guration dominates. ¿ e adaptation
algorithm choice within DASH.JS shows again nearly no impact.

¿ e � gure showsthat by allowing afew adaptations a substantial increase
in stalling QoE is achieved. We note that the behavior of both players di� ers
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Figure 50:Trade-o� between adaptation count and stalli ng QoEfor di� erent con� gura-
tions, aggregated for all analyzed environment conditions.

with regard to segment length. For DASH.JS, the adaptation count signi� cantly
increasesfor smaller segment lengths. In contrast, Shaka Player does not show
such a dependency.

5.3.4 On Improving QoE Trough Transitions

In this section, we present an evaluation on learning classi� cation models for
selectingsweet spot con� gurations(i. e.,mechanisms combinations) depending
on environment parameters, i.e.,environment conditionsin which players with
speci�c cross-layer DASH con�gurations provide the best performance.

¿ e goal of this evaluation is to motivate the selection of such mechanisms
(concrete combinations of con� gurationsin theDASH design space) that allowfor
transitions based on measured environment conditions and ultimately improve
QoE by a context-dependent recon�guration during runtime.

While there are undoubtedly technical challengesinvolved with transition-
ing between such con�guration states�that involve recon�guration on multiple
layers�t here are examplesin the di� erent domainsthat motivatethefeasibility
of this concept. For instance, i) adjusting bu� er sizesis dynamically supported
by DASH.JS's and Shaka Player'sAPI; ii) regarding theAA, Spiteri [ Spi18] intro-
duces a practical example of dynamic switching betweenDASH.JS'sAdaptation
Algorithms, TBA and BOLA during runtime, iii) varying request ranges and
thus, adjusting therelevant size of segmentsto berequestedis already actively
employedin commercial players, i.e.,by YouTube asintroduced by Mondal et al.
[Mon+17]; iv) transparent switching betweenTCP� ows could be achieved based
on Multipath-TCP(MPTCP) (also see Frömmgen, Rizk, et al. [Frö+17]); v)andlast,
general modelsfor mechanismtransitions have been proposed and demonstrated
in [Ric17] or by Frömmgen, Rizk, et al. [Frö+17].

¿ efollowing con� gurations show, mostly for the sake of representation, an
environment condition limitedto two dimensions. Here, beginning with varying
degrees of bandwidth variance and means, weidentify thebest given con� guration
along the axis of the presented conditions. We then explore this learned relation
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of con� gurationsto the environment space of loss and delay. We alsoinclude CC
as a con�guration option.

¿ e underlying classi� cation method is based on a simpleTreeBasedlearning
model to generate rulesthat could be deployedto clients, thus allowing for a
potential client-side state migration whentransferring these models(e.g.,along
with the MPD). Generally, suchlearning-based approaches can be extendedto a
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Figure 51:Best con�guration for MOSStal.using a decision tree learning approach.

multi-dimensional environment space, and other suitablelearning approaches
may be employed, such as Neural Networks.

In Figure51we present such a classi� cation (based on dataset 1) depending on
the bandwidth conditions, varied by their mean andvariance. ¿ e�r st observation
isthat, here, all players andAAs bu� er con� gurations are present. ¿i s observation
aligns with the previous analysis madein this chapter, where we presented evidence
for performance di� erencesin MOSStal.beyond the selection of theAA. Only
regarding the segment size, we seethat for thetarget measureMOSStal.a 2-second
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Figure 52:Best MOSStal.using a decision treelearning approachfor a dynamic bandwidth
environment with adjusted delay and loss.
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segment con� guration is always selected. Overall, we seethat con� gurations
with large bu� er sizes dominatefor low bandwidth, highvariances con� gurations.
Surprisingly, for high bandwidths above6 Mbps,alsolow bu� er size con� gurations
are selected, mostly using the BOLA AA.

In the second analysis, shownin Figure52based on dataset 2 includingTCP
CC using a single player (Shaka Player), thereis, analogto the previous analysis, a
clear dominance of the Cubic CC whenlearning for the best con� gurations on
MOSStal., especially with regard to low delays smaller than 80ms.

However, in contrast to the previous analysis,we also can observethe selection of
larger segment sizes of 10seconds, especially in high delay environments. Notably,
thelearned con� guration space, again, spans all con� guration variables, including
the adjusted TBAs, CCs and segment sizes.

Last, for the same environment space, Figure53shows a more mixedlandscape
of potential con�gurations, where both, Cubic and Vegas CCs are present across
the entire con�guration space.
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Figure 53:Best MOSRep.using a decision treelearning approachfor a dynamic bandwidth
environment with adjusted delay and loss.

Given appropriate modelsthat combine such opposingQoE optimization goals
asMOSStal.MOSRep., these analyses can be extendedto derive con� gurationsto
maximizethe overall QoE. Such models are, at thetime of writi ng, subject of
active research see, e. g., [Dua+17; GPB18; Hoÿ+17].

5.4 Conclusions

In this section, we provided a systematic study of theimpact of theDASH player
choice and the cross-layer con�guration space on the streaming performance.

Here, we�r st motivate a concept for generating an extensive set of evaluations
by establishing an execution environment to reproducibly monitor and evaluate
the performance of real-world and academic DASH players. Further, with this
work, we demonstrate the capability of the general network experimentation
frameworkmacias the underlying approach for our empirical DASH evaluation
that allowsreproducible comparisons of suchreal-worldDASH playersin emulated
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networking environments. Two datasets, derived with this extensive evaluation
approach, arerepresenting thefocus onTCP CC andDASH players, respectively,
as the foundation for our evaluation.

In particular, our results showthat i) player performance a� nities showthat
suitably con� gured players can be superior with respect to givenQoE performance
metrics; ii) none of the existingDASH con� gurations outperforms all other con� g-
urations, however, a set of Pareto optimal con� gurations can beidenti� ed; iii) the
choice of thetarget bu� er sizetogether with the player implementation, in most
cases, dominates over thein� uence of AAs with regard to MOS measures; iv) larger
segment sizes are generally favorable for improving the MOS, in particular in
combination with TCP Cubic.

¿i s standsin contrast to the majority of research e� ortsthat are being directed
towardsinvestigating improvements in AAs that relies on a small set of either
environment or con� guration parameters. Further, our developed methodology
allows aninformed player selection and con� guration at the beginning of streaming
sessionsto maximize QoE, as well as evidencefor transitions betweenidenti� ed
con�gurations during runtime.



6 VideoStreaming inFutureNetworks

With the success of Video onDemand(VoD) and MobileVideo Broadcasting
Services(MBSs) on the Internet, there is an ongoing rise of demandfor data
transmission in networks. Traditionally thesetechnical demands are being solved
by employing a Content Delivery Network (CDN) and by scaling up resources.

Nonetheless, rising costs, capped bandwidths, and higher video quality (i.e.,
UHD,HDR), together with the users' more demanding service quality expectations,
make e� ective bandwidth use and mobility support crucial considerationsin the
design of video streaming systems.

In this context, a set of networking concepts qualify to deliver such e� ciency
improvementsfor video streaming: Peer-to-Peer and multicast-based approaches,
for example, exploredin Rückert [Rüc16]. Whilethese approaches can o en be
readily integratedinto existing infrastructures, their i ntended useis within current
networking concepts, relying on establishedrouting and addressing schemes. A
di� erent approachis considering cross-layer modi� cations, i.e.,examining the
potentialsfor video delivery considering innovative networking paradigmsthat
in� uencethe entire network stack. While this comes with therequirement of
morefundamental changesto current infrastructures, it providesthe opportunity
to tap into a higher potential.

To this end, thelast chapter of this dissertation addresses such potentials in
the domain of Information-centric Networks(ICNs). ¿i s concept allows, for
example, service providers to directly addressvery dynamically createdvideo
content coming from and being requested by mobile users while still allowing for
a � exible and scalable networking architecture with support for caching. Further,
this implicit caching support, in conjunction with content-centric addressing,
canincrease e� ciency in supplying frequently accessed content, by resolving
requests as close as possibleto a given consumer. As part of this dissertation, we
investigatethe performance of Dynamic Adaptive Streaming over HTTP(DASH),
in particular, the design of Adaptation Algorithms, in conjunction with Named
Data Networking (NDN)-based delivery. Here, wefocus onthein� uence of the
mentioned caching concept and showthe needto reconsider DASHAdaptation
Algorithm concepts by analyzing and proposing extensionsto a state-of-the-art
approach, for such future use cases, as presented in [Sto+18]

In conjunction with this work, wefurther highlight the potentialsin this domain
by presenting a case-study on thetechnical feasibility of usingDASH streaming
over NDN in a physical testbed, based on our publication in [Sto+16a].
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6.1 Motivation for NDN-based DASH Delivery

¿ e present Internet architectureis based predominantly on serving static content
relatedto IP-addressesidentifying concrete hosts. ¿i s host-centric design, how-
ever, has limited potential when trying to address dynamically createdresources,
such as present in MobileVideo Composition (MVC), andthe discovery of con-
tent, based onDNS, islimitedin its capability to address content independent of
concrete hosts.

¿ eselimitations motivate usto reconsider the underlying networking paradigm,
in particular, ICN, as a promising candidateto addresstheselimitations[Ahl+12].
Concerning DASH, the underlying idea of using this concept is that users are
interestedin the content (i. e., thevideo segments) rather than any particular copy
or location. Hence, thecontentitself is made a primary object of network search,
transfer, addressing, and retrieval.

Separating content requests from the explicit knowledge of host addresses
and shi i ng theresponsibility of content discovery to the network brings many
advantagesfor DASH, such as: i) morerobust transitions between networks during
streaming sessions[Sto+16a], ii) support for caching at eachforwarding entity in
the network to ful�l t he demand more e� ciently when comparedto dedicated
CDN nodes[FZX16], iii) network coding to e� ciently combinereplies by multiple
content stores[RWS17], iv) andthe ability to implement content-awareforwarding
and caching mechanismsto improvethe overall e� ciency of the network. Yet,
with suchfundamental changesin the underlying networking concepts, new
challenges arisefor existing services such asDASH sincethey rely directly on a
host-bound network architecture. In particular, DASH adaptation depends onthe
measurement history between a particular host and client, andthus, assumes host-
bound connections. Sincethis is not providedin NDNsit canleadto problematic
side e� ects when usingDASHin an NDN context. Most crucially, stalling may
occur when segments are not available in the cache [Liu+13].

In this study, we provide a systematic evaluation of the impact of an NDN
system on standard DASH Adaptation Algorithms. To this endi) we propose an
NDN evaluation architecture making use of established emulation concepts within
Mininet bi, ii) we showthat implicit cachingin NDN leadsto undesirable adaption
e� ects usingtraditional DASH adaptation, iii) and we propose a set of extensionsfor
usingany throughput-basedAA in NDN providing an overall improvedQuality of
Experience(QoE) based on extended segment information in Media Presentation
Descriptions(MPDs) and NDN-basedthroughput measurements on NDN chunk
granularity.

We begin with an outline of our approach usedfor the emulative evaluation
of DASH in NDN, where weintroduce a novel concept relying on container-
based evaluation in Mininet . ¿i s is followed by a preliminary study on the
in� uence of cachingin DASH adaptation. Giventhe concrete motivation based on
these observations, we propose a new concept for DASHAdaptation Algorithms
in NDN on the concept of chunk-based measurements. Last, we evaluate the

bihttp://mininet.org/

http://mininet.org/
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proposed concept in comparisonto state-of-the-art DASHAdaptation Algorithms
BOLA [SUS16] and PANDA [Li+14].

6.2 Emulative Evaluation of DASH in Named Data Networks

In the following, we give an overview of our emulation environment usedfor
the evaluations presented in Sections6.3 to 6.5, along the lines of cross-layer
environment con�gurations (see Table13).

6.2.1 Network Environment

Goal isto evaluate NDN-based DASH, mimicking realistic conditions as closely
as possible while maintaining reproducibility of theresults. ¿ us, the emulation
setup needsto ful�ll t hefollowing functional requirements: i) support for large,
dynamic topologies, ii) within an emulated network environment, iii) based on
the original NDN source code. To this end, we built an NDN architecture based
on an extension of theMininet project calledcontainernet bj that allowsto
execute Docker hosts as nodes in theMininet emulator.

By using containernet with encapsulated NDN functionality in Docker con-
tainers. We claim that morerealistic emulation scenarios can be achievedin this
way.

6.2.1.1 Topology

¿ e setup usedthroughout this chapter is depictedin Figure54. Each of thefunc-
tional NDN componentsisrepresentedin separate parts of the network, achieving
variationsin caching, bandwidth andlatency for the clients. ¿ e architecture
variesin its physical setup, which is similar to anISPtopology, andthelogical
NDN architecture. From a client's perspective, a� at hierarchy between caches
exists, and caches can either retrieve content from other caches or from the server.

NFD Server NDN Cache 3

NDN Cache 1 NDN Cache 2

Router Router

Router

NDN DASH Player 1

Router

NDN DASH Player 2

Physical Topology

NDN Cache 1

NDN Cache 3

NDN Cache 2

NFD Server

NDN DASH 
Player 2

NDN DASH 
Player 1

NDN Topology

Figure 54:Evaluation topology using depicting NDN so ware components; NFD isthe
Networking ForwardingDeamon, NDN Server hostsDASH segments using
repo-ng .

bjhttps://github.com/containernet/containernet

https://github.com/containernet/containernet
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Table 13:Overview of the di�erent parameters in every part of the system.

Zone Compo-
nent

Configuration Instantiations (this work) Related Work

DASH
Mechanisms

Video
Content

Segment length [s] 2 sec

DASH
Player

Adaptation
Algorithm

BOLA, Panda, Panda
(extended), AlwaysLowest

[Sam+17]

Network
Mechanisms

Client Congestion
Control

ICP [Sam+17;
SCP13]

Server Chunk Size 1400 Bytes [Awi+13]

Cache [Number /
Capacity /
Strategy]

˜ 0; 3• / ˜ª ; 1500• / LRU [Bha+15;
GSW13; Liu+13]

all Forwarding
Strategy

ncc

Network
Environment

Contain-
ernet

Bandwidth dynamic[DAS17; Rii+13],
static

[Liu+13]

Topology 4� OpenVSwitch, 6� Docker
Host

6.2.1.2 Bandwidth Traces

To verify the performance of the presented approaches analogto areal-world set-
ting, the systemisinvestigated using traces collectedfrom mobile devices[Rii+13].
Wereplay these by changing thetra� c onthe clients' link using TCbk accordingly.
Whereasthese dynamic bandwidth traces allowto analyzetheimpact in conditions
very closeto reality, we also use static and designed bandwidth pro�l esfor speci� c
testing scenarios.

6.2.2 NDN Mechanisms

In the emulation setup, we distinguish betweenthreetypes of hosts: NDN Servers,
NDN Caches, andNDN Clients. Eachtypeisimplementedin arespective container
image based on Ubuntu 14.04.All container typesrun aninstance of NFDbl, while
caches and the servers userepo-ng bm to host the video dataset.

6.2.2.1 Chunk Size

A core parameter of every content-centric network isthe size of datathat travelsin
a single chunk. Whilethe default setting is1000 Bytes, weimplemented a chunk
size of 1400 Bytes to allow an easy comparison with related work [Sam+17].

6.2.2.2 Congestion Control

Presently, there is no built-i n or standard congestion control for NDN, but re-
search isleading into the direction of adding a congestion control protocol asit

bkhttp://lartc.org/manpages/tc.txt
blhttps://github.com/named-data/nfd

bmhttps://github.com/named-data/repo-ng

http://lartc.org/manpages/tc.txt
https://github.com/named-data/nfd
https://github.com/named-data/repo-ng
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is inevitable in networksthat operate at full capacity. In this work, we useICP
[CGM12; Ren+15], anInterest Control Protocol which realizes a window-based
� ow control while aiming for e� ciency andfairness. Other approaches such as
SAID [Che+16] or CCTCP [SCP13] exist but are not directly usable in our NDN
infrastructure.

6.2.2.3 Forwarding Strategy

Similar to the congestion control, the forwarding strategy in NDN is replaceable.
¿ ere are many designs andideasto improvetheforwarding for better e� ciency
and general usability. In the presented studies, theaccess strategy is con� gured.
It supports afaster retransmission of lost interest messages when comparedto the
(default)ncc strategy.

6.2.3 DASH Mechanisms

¿ e DASH player deployed ontheNDN Client is implemented with libdash ,
based onthe code provided by [Sam+17]. As for thevideo dataset, a subset of
ninelayers of theBig Buck Bunnybn dataset encodedin two-second H.264-AVC
segmentsis used, encodedin bitrates between1.03- 4.21Mbps. Each segment is,
whenloadedin the NDN data store, uniquely identi� able by name and canthus
be storedin caches ontheroute. It is, however, important to notethat datasets
with incompatible encoding should be storedin distinct namespaces, eventhough
thevideo content itself may beidentical, asthese dependencies cannot be directly
interpreted by NDN.

Table 14:Big Buck Bunny DASH dataset representations

Resolution Bitrate (Mbps) FPS Layer Number

1920� 1080 4.21 24 9

1920� 1080 3.84 24 8

1920� 1080 3.52 24 7

1920� 1080 3.07 24 6

1920� 1080 2.48 24 5

1920� 1080 2.13 24 4

1280� 720 1.54 24 3

1280� 720 1.24 24 2

1280� 720 1.03 24 1

6.3 Challenges for DASH over NDN

In thefollowing, we present key challengesfor the design of DASHAAsfor NDN.
In particular, weinvestigatetheinteraction between NDN's multi- sourcing and
caching capabiliti es andthethroughput measurements usedin rate-basedDASH
AAs.

bnhttp://www-itec.uni-klu.ac.at/ftp/datasets/mmsys12/BigBuckBunny/bunny_2s/bunny_2s_1200kbit/

http://www-itec.uni-klu.ac.at/ftp/datasets/mmsys12/BigBuckBunny/bunny_2s/bunny_2s_1200kbit/
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To demonstratetheinteraction of ¿r oughput-basedAdaptation (TBA) and
NDN, we usethefollowing scenario: giventhat two clients play the samevideoin
sequential order while usingtheAlwaysLowest AA, i.e.,continuously playingthe
lowest quality, we knowthat the second client hasrelevant video segmentslocated
in the caches whenthe playbackisinitiated. In this setup, which mimics Figure54,
the server link bandwidth is set to4 Mbps, andthe cachelink bandwidths are given
by 10 Mbps(Cache 1 ), 20 Mbps(Cache 2 ), 30 Mbps(Cache 3 ). In Figure 55
we showthe Empiri cal CumulativeDensity Function (ECDF) of the measured
throughput on an NDN chunk basis. All requestsfrom theClient 1 (yellow)
are served by the server asthe caches are empty. Our �r st observation here is
that althoughthelink bandwidth to the server is�x edto 4 Mbpssome chunks are
received with a muchlower throughput which we attri buteto theICP congestion
control in NDN. Notethat thisthroughput measurement, i. e.,on NDN chunk
basis, isthefoundation for theinput to rate-basedDASH algorithms. For Client

2 about half of therequests areful�ll ed with a bandwidth of 10 Mbpswhiletherest
is widely distributed. Again, we observe NDN chunkthroughputs at both ends
of the scale which we attri buteto congestion control. Intermediate bandwidth
clusters are caused by ICPs Congestion Control (CC) mechanisms.

Notethat on aDASH segment basis, i.e.,aggregating hundreds of NDN chunks
into oneDASH segment, the altered by these outliers. Hence, the existence of
caches causesthe client to observe di� erent e� ective data rates(see Figure55)
which introduces �uctuations between the requests.

C
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F

First Client (Cache unlimited)
Second Client (Cache unlimited)
Second Client (Cache limited)

Mbit/s
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Figure 55:Two clients playing in sequential order using anAlwaysLowest AA. ¿ e
server link bandwidth is given by4 Mbps, while the caches' link bandwidths
are10 Mbps(Cache 1 ), 20 Mbps(Cache 2 ), 30 Mbps(Cache 3 ), respectively.
¿ ein� uence of caching becomes evident by the higher bitratefor the second
clients. ¿ e cache sizefor the second client (red) waslimitedto 5� 103 NDN
chunks.

Overall, we observethat the key point to be addressedfor DASHin NDN are
the largevariations in throughput measurements dueto caching which leads
to a wrong interpretation of throughput estimates with commonAdaptation
Algorithms [Liu+13].
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Table 15:Comparison betweenthe standard PANDA algorit hm andthe proposed exten-
sionsto PANDA represented by adaptation andvideo quality metri cs. ¿ e used
test cases did not exhibit any stalling.

Algorithm PANDA (a) PANDA (b) PANDA (c)

Adaptations[#] 80 58 29

Magnitude [level] 0.63 0.38 0.18

Mean-based Bitrate 2.66 2.85 2.42

Segment-level Bitrate 2.31 2.57 2.20

6.4 Approach for Improved DASH Adaptation in NDNs

To addressthe analyzed challenges, we proposethree extensionsfor throughput-
basedDASHAAsin NDN based onthe example of PANDA. However, asthe
discussed extensions are generic, they can also be used with other throughput-
based adaptation approaches.

6.4.1 Chunk-based Measurements

¿ e design of NDN allows streaming applicationsto obtain additional information
about NDN's chunk downloads, e.g., the chunk-basedthroughput. For standard
DASH over TCP/IPthe client receives segment-based or byterange-basedthrough-
put estimates of the connection to the server. In contrast, in NDN, estimates can
be obtainedfor both, DASH segments and(in a� ner granularity) NDN chunks.
Hence, existingDASHAdaptation Algorithms may be adjusted or new approaches
designed to take advantage of this information.

Sincethe data packetsin NDNs are usually small (a few kilobytes) comparedto
thevideo segments(up to many megabytes), the number of measurementsfor
eachrequested segment isvery large. Single NDN chunks are� because of their
size� proneto variations when being transmittedthroughthe network as even
small variationsin transmission time can have a high impact on thethroughput
estimates. ¿i simpliesthat a high measurement accuracy isrequired which is also
important for increasingtherobustness of thefeedbackto the adaptation algorithm.
For example, the correct assignment of Interests being sent o� andtheir matching
Data packets coming in at the client is important to gather the correct timing
values for throughput estimations in rate-based or hybrid adaptation algorithms.
Other considerationsincludethe pipelining of Interests(sending several Interests
in close succession) and possible out-of-order reception of Data packets.

For thethroughput measurement based on NDN chunks, we use an approach
that has been usedfor measurements of TCP/IP connectionthroughput introduced
by Khangura et al. [KF17]. ¿ e authors suggest a bandwidth estimation from
passive measurements based ontheACK-GAPmodel. Notethat theTCP sender-
side model with ACKsistheinversion of the NDN client-side model: In NDN,
the client handles the content �ow by sending Interest packets to the server, and
the server answers with the sending of Data packets. ¿ eData packet isreceived
by the client, andtherate estimation is done. ¿i sisthe same problem asin TCP,
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Figure 56:¿e three di�erent scenarios for Data packet receptions.

where only the server andthe client change positions, andthe server starts with
the data transfer, the client answering with an ACK.

Sincethe measurement is conducted over the entire downloading session, no
extra probing packets are needed; feedbackis extracted constantly with data
transfer. However, post-processing of the bandwidth estimationsis neededin all
cases. Becausethe measurements are based onthe delay of receivedData packets
that were requested consecutively, we can only estimate the throughput from
the secondreceived chunk on, but sincethe number of feedbacksfor the chunk-
based granularity islarge, i.e.,about 2-4 orders of magnitude higher compared
to the segment-based granularity in traditional networks, thislossis negligible.
Additionally, not all Data packet receptions provide usabletimingvalues when
special scenarios occur. ¿ ethree di� erent scenarios of Data packet receptions
are depictedin Figure56. In the common case, theData packets arereceivedin
the same order astheInterests were sent o�, and every data delay provides avalid
timingvalue. When an out-of-order reception happens, the delay betweentwo
receivedData packetsis negative(DD3 @0). ¿ ethird caseisthe parallel reception
of two Data packets. Here, the data delay equals zero (DD6 � 0). Out-of-order
and parallel receptionsleadto invalid computation outputs because a not strictly
positivetimingvalueis not usablefor rate estimations. ¿ us, the computations
based on these two failure scenarios are discarded.

Based on our preliminary investigation, wefoundthat a sample should contain
about 50 � ne-grained computationsfor providing avery frequent� but reliable�
feedback. While a higher sample size upto 100 is still r easonable, samples using
lessthan50computation values su� er morefrom single measurement failures. It
is important to notethat the sample size correspondsto the chunk sizein NDNs:
whenlarger NDN chunks are used, the measurement failures becomelesslikely.
Currently, we use the harmonic mean as a method for sampling.

Byconsideringfeedback using more samplestorepresent the current throughput,
weimprovetheinformation gain for AA. We arguethat in more complex NDN
scenarios(e.g., involving multiple caching entiti es), it isimportant to get the direct
network feedbackinstead of relying onindirect feedback(asin DASH bu� er-based
measurements). ¿ e main advantage we advocateis afaster detection of source
changes within singlerequests of DASH segments that can be used within the
decision-making process of AA. Using Panda as an example, Table15showsthe
resulting adaptation behavior. While an overall high playback bit rate can be
achieved, the number of adaptation steps is negatively a�ected.
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6.4.2 Extended MPD

Whilethe above method of throughput measurement is a NDN-speci� c approach,
afurther general approachto provide a better Adaptation Algorithm performance
andthusQoEisto use more preciseinformation before determining an adaptation.
Currently, the decision on the quality level chosen by a rate-basedAdaptation
Algorithmsfor the next segment downloadis based onthebps value of the di� erent
quality levels obtainedfrom the MPD. Usually, thisvalueisthe arithmetic average
over the segment rates(segment size divided by segment length) that represent a
speci� c quality level. A problem hereisthe high degree of variancein segment
sizesrates aroundthe mean bitrate, as discussedin Subsection 2.4.1(see Figure9).

¿ us, in previous work, Juluri et al. [JTM15] and C. Wang et al. [WRZ16]
proposeto includethe segment sizein the MPD whichis adoptedin our discussed
Adaptation Algorithm concept.

6.4.3 Adaptation Hysteria Reduction

To addressincreased adaptations dueto throughput � uctuations, we propose
two extensionsfor TBA algorithmsin order to utili zethe advantages of the more
precise network measurements as well as the segment size knowledge.

6.4.3.1 Instability

To quantify theinstability during playback, we employ a measure by [JSZ14; Li+14].
Let r t bethe mean-based quality layer bitratefetched at timet. ¿ einstability of a
playback at timet is de�ned in the work above as:

I t �
P k� 1

d� 0 Sr t � d � r t � d� 1Swˆd•

P k� 1
d� 0 r t � dwˆd•

(2)

usingwˆd• � k � d. ¿i sinstability formulation puts a stronger weight on recent
adaptationsto detect � uctuations, hence, I t C0. For no � uctuations, I t is zero.
We usek � 10 to increasethe weight of more recent segments. In subsequent
adaptation decisions, if I t A0:05an adaptation to higher qualiti esis postponedto
reduce short-term �uctuations.

6.4.3.2 Local Segment Rate Variation

To addresstherate sustainability of adaptation decisions we usethefollowing
algorithm that we denoted aslocal segment ratevariation function. ¿i stime, we
useRt to denotethe segment-level quality bit rate of the speci� c video segment at
timet (see Subsection 6.4.2) andBt , which isthe currently measured bandwidth,
as describedin Subsection 6.4.1. For eachtriggered adaptation to a higher quality
level, the following decision process is executed:

If skipAdaptation is set totrue , a planned adaptation to a higher quality is
skipped. ¿i s extension is di� erent from standard rate adaptation comparisons as
it takesthelocal variationof the segment sizesinto account. ¿ erefore, adaptations
to higher quality are only permittedif they can be sustained over a longer period
of time and not just for a singlevideo segment. Werecommend a window size of
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Algorithm 1:Processto determineif a planned bitrate change can be supported
for the nexti segments

window: 3;
skipAdaptation: False;
for 1Bi Bwindowdo

if Bt BRt � i then
skipAdaptation = True;

3segments because a bigger window would impedethe adaptation algorithm too
much while a smaller window would not stabilize the video quality well enough.

For evaluatingtheimpact of our extensions,we usedDASH-IFtest cases[DAS17].
Table15showsthe standard PANDA algorithm, the PANDA algorithm which uses
theinstability function andthe PANDA algorithm extended with theinstability
function as well asthelocal segment ratevariation function. Overall, only the
third PANDA con� guration can provide a switching magnitudethat islow enough
for a goodQoE while still providing a high bitrate. When PANDA is extended
with theinstability f unction exclusively, there are still t oo many switches which
last only for one single segment. ¿i slowersthe QoE morethan a higher bitrate
can improve it.

6.5 Evaluation of Chunk-Aware DASH Adaptation in NDN

To evaluatethe performance of the discussedDASHAA we are using atrace-based
emulation of the client bandwidth as describedin Section 6.2. ¿ e server link
capacity is4 Mbps, andthe Cachelink capacities are given by 10 Mbps(Cache 1 ),
20 Mbps(Cache 2 ), and30 Mbps(Cache 3), respectively. Playbackis initiated
sequentially for two clients, i.e., the second client encounters a situation where
content is already cached. Wetest thethreeAdaptation Algorithms separately, i.e.,
BOLA, Pandaandtheextendedversion of Pandathat is proposedin this work. To
ensure afair comparison betweenthese algorithms, a maximum playout bu� er
size of 20 seconds is con�gured in each case.

Investigating therespective�r st clientsin Table16 we observethat the stalling
timeis shorter comparedto the second clients once content has been cached. ¿i s
e� ect is particularly pronouncedin theregular version of Panda. ¿ e extended
version of Panda, as proposedin our work, mitigatesthis e� ect, resulting in no
stalling for both, the �rst and second client.

While both Panda-based AAs achieve an increase in the playback bitratecom-
paredto the�r st client, thisis not the casefor the bu� er-basedAA BOLA. Here,
in case of the second client, the higher available bandwidth, available by caches
populated with previously requested segments, is not su� ciently utili zed. ¿i s
results in a lower average bitrate for the second client.

Overall, the extendedversion of Panda shows a stable playback behavior, which
is comparableto BOLA in terms of adaptation stepsfor the�r st clients. While
in the extended Panda AA's case, the second client shows more adaptation steps
comparedto BOLA, it maintains a high bitrate without stalling. ¿ us, it can be
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Figure 57:BOLA, Panda, and Extended Panda clients playing, respectively, in sequential
order, i. e., Client 1 followed by Client 2 for eachAdaptation Algorit hm,
applying the same bandwidth trace for both clients.

arguedthat the negative e� ect of a slightly increased number of adaption stepsis
counterbalanced by the higher bitrate with no stalling. We expect that thefact that
no stallings occur at a higher bitrateleadsto a higher QoEthat can be achieved
within a multi-cache NDN scenario when using our extended version of Panda.

¿ e NDN chunk throughput shownin Figure 57for the extendedversion
of Pandaindicatesthat obtained chunk-based bandwidth samplesfollow the
bandwidth tracefor most measurements. ¿i s observation is also con�r med when
compared with the distribution of these measurements depicted in Figure 58,
whereroughly 80%of thethroughput traces' distribution is closely resembled by
measurements obtained in the extended version of Panda.
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Figure 58:Comparison of theinvestigatedAAs: BOLA, Panda, and extended Panda. For
each, two clients play in sequential order applying the same bandwidth trace
for each client. ¿ e cache sizeislimitedto 1500Segments. Server bandwidth
was 4 Mbps, Caches bandwidth 10 Mbps, 20 Mbps, 30 Mbps respectively.

Table 16:Overall comparison of adaptation, video quality, and stalling metrics.

BOLA Panda Panda
(extended)

Client C1 C2 C1 C2 C1 C2

Adaptations[#] 19 18 80 79 20 26

Magnitude [level] 0.2 0.2 0.8 0.8 0.2 0.3

Stalling sum [sec] 2 4 7 13 0 0

Stalling[#] 2 4 5 6 0 0

Bitrate 2.3 2.1 2.0 2.2 2.3 2.5

When comparingthese distributions between all clients andAAs, the underlying
reasonsfor an improvement of the playback bitrate of the proposed extended
Panda become evident; while all algorithms exhibit some degree of cache usage
(segments may be also fetched from caches due to retransmissions in caseof the
�r st clients) we observe a comparatively large share of segmentsfrom bandwidths
clustering aroundthe network capacity of cachesfor the second client in case of
the extendedversion of Panda. ¿ erefore, overall a higher bandwidth for segments
requests can be achieved beyondthe bottleneck capacity of the server. Last, we also
observethat roughly 1%of all throughput measurements are still overestimated,
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dueto burstinessin tra� c patternsintroduced by switches andtheICP congestion
control (this is omitted in Figure58).

6.6 Practical Feasibility of NDN-based DASH Streaming

Along with the previously presented evaluation of DASHAdaptation Algorithms
performancein avirtualizedtestbed environment, in thefollowing, we present a
practical setup showing the discussed improvement in a tangible way.

In particular, this section highlightsthe advantages of seamless mobile handover,
independent of the selected data source, as shownin a physical NDN testbed
setup; here our developed system showsDASH streaming using a NDN-based
transmission between data sources(Raspberry PI' s) and mobile clients(Nexus5
Android Phones) as video players.

With this system, the goal isto investigatethe practical implication of underlying
networking concepts of NDN andtheir potential impact on DASH streaming
applications. Here, wefocus onthe particular use cases where bene�t s of NDN are
most likely: First, by changing thelocation of the mobile clients, thusregistering
to di� erent access points, routesto the Raspberry Pi data hosts will changetheir
costs(e.g., in terms of roundtrip time(RTT))during runtime(see Figure59). In
aregular streaming scenario, therequestsfor theDASH playback would continue
unaltered andtheroutesto data hosts with lower costs are neglected. In NDN,
depending ontheforwarding strategy used, thebest routeis dynamically selected
for eachrequest, providing a better Quality of Service(QoS). Next, the system

LAN 
Connection 

IP: 192.168.1.1 
Channel 3 

IP: 192.168.1.150 
Channel 6 

Main access 
Point 

 
 

Relay access 
point 

Mobile Clients moves 
between WiFi Zones 

Figure 59:Process of a client-based wireless handover in NDN

also shows NDNsresili ence wheninducing nodefailures. Here, aregular DASH
streaming system would not provide continuous playback without reinitializing
the MPD providing an updated data host IP address. In contrast to this, the
playback session in the demonstrated scenario provides a continuous playback as
theidenti� cation of hostsis handled by the NamedData Networking Forwarding
Daemon which abstracts the knowledge of hosts from the client.

As part of this demonstration,a web-based User Interface showsliveinformation
regarding the currently usedroutes, based onthe selectableforwarding strategy,
as well as node utili zation in real time. ¿ e user can con� gure di� erent routing
strategies, e.g.,best-route , broadcast , or ncc . In the�r st case, theInterest is
forwardedto thelowest-cost next hop,whichreducesthe overall load onthe system.
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In the second case, theinterest isforwardedto all eligible next hops, allowing for
a higher resili encein the case of nodefailure or handovers. ¿ elast case shows
therequest behavior similar to the evaluations presented previously. Implications
of the changes are evident on the overall system utili zation and performance
as shown onthe client devices. ¿i s practical testedimplementation of DASH
in NDN has been presented as part of a demonstration in subproject C3 of the
Collaborative Research Centre �MAKI�.bo

6.7 Conclusions

¿ e last contribution, presentedin this chapter of our dissertation, presents a
systematic study of challengesfor DASHin NDN; based on emulative evidence,
generatedin a�r st studyusing an extendedtopology to induce e� ects of distributed
caches, we showthat current Adaptation Algorithms such as BOLA and PANDA
exhibit limited streaming performance in NDN, i. e. high stalling times.

We identify the causeto bevariationsin thetra� c measurements� underlying
all standardDASHAdaptationAlgorithms� which are more pronouncedin NDNs
thanin traditional network setups: in an NDN eachrequest can be served by any
suitable NDN repository, DASH clients are not aware of it. ¿ us, theresulting
variation in bandwidth from a client's perspectiveleadsto sub-optimal adaptations
decisions. Hence, new approachesfor DASH adaptation algorithms considering
the speci�c NDN context are necessary.

Giventhisinitial analysis, we propose such a new concept for more� ne-granular
and precise measurements based on NDN chunksinstead of DASH segments, as
well asthe use of additional information about the chunk sizes. By doing so, we
achieve animprovement in theQoE over the existingAA PANDA. In general, the
proposed extension can also be used for other throughput-based AAs in NDNs.

Whilethe contributionsin this work are demonstratedfor the example of NDNs,
the extensionsto the PANDA AA regarding areduction of adaptations steps and
improved segment size awareness are general, i. e., they may also be deployedin
the context of TCP-based DASH.

Wefoundthat the observed performanceis strongly relatedto speci� c combina-
tions of con� gurations, including the cache size andthe used congestion control
algorithm. We concludethat such mechanismsin each network layer haveto be
considered in DASH con�gurations. ¿is is part of future studies.

In addition to this emulative study, in a practical testbedfor DASHin NDN, we
have presented a�r st application that directly showsthe bene�t s of NDN for DASH-
based mobilevideo streaming, in particular during handover between discrete
networks. Here, playback can, in contrast to TCP/IP-basedDASH, continue
uninterrupted given the content-centric request model of NDN.

With regard to the domain of future network concepts, it is important to note
that a symbiotic relation of the presented NDN-basedvideo streaming concepts
with regard to other upcoming conceptsis plausible. NDNs multicast forwarding
strategies, that, when implemented naïvely, do not fully utili ze potentials for
mobile users astransmission can still l eadto congestion of the wireless medium

bohttps://www.maki.tu-darmstadt.de/sfb_maki/ueber_maki/index.de.jsp

https://www.maki.tu-darmstadt.de/sfb_maki/ueber_maki/index.de.jsp
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dueto unicast-style connections onthePHY-Layer. Here, similar to the conceptual
practical presentation ofDASH in NDN, a demonstration of �exible PHY-Layer
support for ScalableVideo Coding(SVC)-basedlive streaming, i.e.,using so ware-
de� ned multicast mechanisms onthePHY-layer on mobile devices was presented
in [Sto+15b].22 By integrating these concepts with, e.g.,our previously published 22for a detailed discussion

of this concept and the
respective demonstration,
werefer to the dissertation
by [Sch18].

work on So ware-De� ned Radio (SDR)-based control of PHY-Layer properties,
such potentials can berealized more using a� exible multicast approachthat can
beintegrated with the givenforwarding strategies of NDN for livevideo upload
and download from mobile devices.



7 Conclusions and Outlook

¿i s dissertation presentedresearch towardsimproving users' Quality of Experi-
ence(QoE) in current andfuturevideo applications ontheInternet. In particular,
we presented and discussed our results in three central areasfor such applications:
MobileVideo Composition (MVC), Over-¿ e-Top (OTT) Dynamic Adaptive
Streaming over HTTP (DASH), and applying these concepts in future Named
Data Networking (NDN) networks. To summarize our � ndings, we highlight key
results of this work, our concrete contributions made, and close with remarks on
future research directions.

7.1 ¿esis Summary

Alongthelines of the central subject of research in thisthesis, i.e., the systematic
study of video-centric applicationstowards attaining measurable�i n form of QoE
indicators� andrealistically viable performanceimprovementsfor upload and dis-
tribution of video streams, applicablein current andfutureInternet architectures,
we now summarize our results for the three presented areas of investigation.

As the �r st contribution of this dissertation in Chapter 4, we presented an
analysis of user behavior andvideo quality in thelive MobileVideo Broadcasting
Service(MBS) YouNow. ¿ eresults obtainedin this study indicate alow overall
quality in live mobilevideo uploadthat depends onthe given connection type.
Here, mobile networks werethe main indicator for alow stream quality. To address
such shortcoming, we presented a concept for the automatic creation of video
compositions using suchlive User-GeneratedVideos(UGVs) that addresses such
issues asfollows: �r st, based on a context-based evaluation of streamson the
devices, we caninfer a measure of quality at the source and select relevant streams
sothat a composition with an overall higher QoE can be achieved. Secondly, the
proposed approach was examinedin a� eld study,where�v e sets of live uploads
were produced with multiple users and devices across heterogeneous mobile
networks. Finally, weveri� edtheimproved performance of the generated streams
using a crowd-sourced user study. As aresult, we have presentedthe�r st approach
for low overhead generation of MVC from heterogeneous mobile sourcesthat
minimizes resource utilization on networks and devices.

In Chapter 5on cross-layer evaluation of DASH mechanisms, we continued
with theinvestigation of user experiencein Video Streaming Systems(VSSs), thus
focusing onthe distribution of video content in the current Internet architecture.
Here we arguethat DASHVSSs performance strongly depends onthe cross-layer
con� guration spaceinstead of single system aspects such asAdaptationAlgorithms
(AAs). To verify our research hypothesis, we�r st introduced a concept for generat-
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ing an extensive set of evaluations with regard to the cross-layer mechanisms used
in DASHVSS, andto reproducibly evaluatethe performance of real-world DASH
systems. Using this approach, we derive a broad set of experiments covering all
relevant aspects of cross-layer DASHVSS con� guration parameters, that allow
to understand performance aspects relatedto, e.g., theTransmission Control
Protocol (TCP) Congestion Control (CC), Adaptation Algorithms, andDASH
Players within heterogeneous network environments. Our derivedresults not
only verify our initial hypothesis onthe needto consider thefull set of cross-layer
con� guration spacein DASH experiments but also showthat certain concrete
con� gurations provideimproved performancein terms of QoE. Our � ndings are
extended by a study on how to adaptDASH systems given diverse and changing
network environments by therecon� guration of DASH mechanisms usinglearned
transition boundaries between such con�gurations.

¿ elast contribution presented Chapter 6 extendsthe conductedresearch on
DASHtowardsthe applicability for thefutureInternet architecture denoted as
NDN. Using a similar systemic approach, we begin with an emulative study
of the impact of caching, as a central aspect of NDN, on the performance of
DASHAdaptation Algorithms. Here, in contrast to previous work, we use an
extendedtopology size comprising several caches and clientstowardsidentifying
the e� ects of distributed caches on adaptation choices. Our experimentsindicate
that current Adaptation Algorithms such as BOLA and PANDA exhibit li mited
streaming performance, i.e., high stalling times dueto the loss of end-to-end
connection-oriented design compared to traditional DASH VSSs.

We usethe derivedinsightsto propose a new concept for AAstailoredto the
requirements of NDN networks. By using� ne-granular and precise measurements
based on a probe-gap model, our suggested extension for DASHAAs achieves
improved performance by reducing stalling andincreasing streaming bitrates as
comparedto current DASHAAs. ¿i s concept of using NDN for DASHis also
presentedin a practical demonstration that presentsimproved support for mobile
handovers with mobile clients.

7.2 Contributions

At the beginning of this work, we identi�ed three synergetic research areasto be
addressedin this dissertation� selectedto addressrelevant limitationsin VSSsfor
current andfuture use cases. First, addressing thefull spectrum of user-centric
video distribution, from live uploadsto on-demand streaming, and second, to
identify concrete possibiliti esfor performanceimprovement in the current and
future Internet. In the following, we will address howthe before-mentioned
contributions correspond and integrate to closing the identi�ed research gaps.

Our �rst goal was to tackle the insu�cient e�ciency in dynamic creation and
distribution of user-generatedvideo, in particular for MVC. Here, the context-
based evaluation of streams, using sensor, network, and activity measurements,
allowed usto increase e� ciency by mitigating the needto upload all generated
streamsto be consideredin compositions. Instead, our approach uses a quality
indicator based on sensor readings of the source device only (i. e., forgoing content
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analysis) and was shownto improvethe quality of compositions over the baseline.
¿i s enablesto drastically reducethe overheadfor datatransmission and battery
consumption on mobile devices as compared to uploading and analyzing all
candidate video streams.

Secondly, this work was conductedto address achieving a high user satisfac-
tion for over-the-top video distribution usingDASH, which is of highrelevance
for streamingVideo onDemand(VoD) but also MBS content. To this end, we
motivatedthe problem of interdependence between a network's characteristics
and con� gurations and developed an approachto understandtheserelations by
conducting large-scale emulations. By identifying Pareto-optimal DASH con-
� gurations as well as proposing howto select con� gurations depending onthe
network context we provide evidence on howto realize a consistent highQoE
with DASH in heterogeneous network conditions.

¿ elast research goal then wasto explorefuture networking conceptsfor adap-
tivevideo streaming applications. Here, our focus wasto use NDN as a promising
concept for future networksthat tackles many of the current shortcomingsin the
existing Internet architecture. Along with our previousfocus onDASHfor the
distribution of content, weidenti� ed crucial aspectsfor the design of video-centric
applications when using the NDN architecture. We� nally provide a new method
for DASHAdaptation Algorithms allowing arobust performancein such network
architectures and conclude our investigation of this domain by giving a concrete
examplefor bene�t sin a use casefor mobile network handoversin DASH over
NDNs.

7.3 Outlook

In thefollowing, we will discussfuture areas of investigation in conjunction with
the work presented in this dissertation.

7.3.1 Extending DASH Research using other Players

To extendthe� ndings of our work on extensive emulationsfor DASH, including
further players, i.e. commercial so ware such as Bitmovin's HTML5 Player
would further highlight, how design choicesin these playersin� uence streaming
performance. In particular, varying methodsfor throughput estimation, bu� er
management, andrequest handling (such as overlapping requests) may be of
particular interest for the evolvement of adaptive streaming so ware.

7.3.2 Applying DASH Recon�gurations in Practice

As one of the outcomes of our work, we haveidenti� edthe potential of recon� gu-
ration in DASHVSSsto improveQoEfor a given set of environment parameters,
such as available bandwidth (andvariationsthereof), delay,andloss. ¿ e next step
isto practically validate suchtransitions by �r st e� ciently identifying such environ-
ment changes(e.g., [Ric+18]) and executing giventransitionstowards attaining
concreteimprovementsin streaming performance. Whilein this work, we have
relied on simple modelsto learn suchrelations, it is possibly bene� cial to include
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more environmental dimensions and better performing learning algorithmsto
identify con�guration environments for DASH.

7.3.3 NDNs for Mobile Video Composition

With this work, we have showntwo aspects that enable future mobile video
composition applications. First, identifying and evaluating relevant content on
the uploading source, and secondly, showing thefeasibility of DASHin NDN. By
combiningthese conceptsin future work, users can pro�t fr om creatingindividual
compositions by selecting and streaming content produced on mobile devices
dynamically. In other words, asin NDN, users do not needto directly identify
the hosts for requesting content, merely being aware of content named by, i.e.
event, location, user or topic, a composedvideo stream may then only consist
of a selection of segments with a given name. ¿i s concept would pro�t fr om
theimplicit caching in NDN sothat, if a certain view becomes widely requested,
content is automatically cached on the given requests paths.

7.3.4 Merging Context and Content in Mobile Video Composition

At this point, our proposed concept for MobileVideo Composition (MVC) relies
solely on sensor-based measurementsfor the givenrecording context on the de-
vicesfor evaluating the candidate streams' relevance and quality. We acknowledge,
however, that this approach does not identify casesin which the content itself
needsto beinvestigatedto understand detrimental aspects ontherecording quality,
e.g.,harmful occlusions, as discussedin [Wil16]. In afuture system, integrating
both concepts, i.e., context and content analysis, andthus balancing overhead
and accuracy for stream source evaluations promisesto provide superior results
for MVC.
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