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Abstract

Immersive videos, a.k.a. 36@ideos, have become increasingly more
popular. 360 deliver more immersive viewing experience to end users be-
cause of the freedom of changing viewports. Streaming imivevideos
to Head-Mounted Displays (HMDs) offer even more immersi¥pegience
by allowing users to arbitrary rotate their heads to chahgestewports as if
they are physically in virtual worlds. However, streamingHiquality 360
videos to HMDs is quite challenging. First, 36@deos contain much more
information than conventional videos, and thus are mudelan resolutions
and size. This may introduce additional delay and degradedexperience
due to insuf cient network bandwidth.”Second, existing lifyametrics are
less applicable to 360videos, which-is:due-to the complex human visual
systems and diverse viewing behaviors.. ' This inhibits theeld@ment of
QoE-orientated optimization for 36Wideos.. [To“address these challenges,
we study three core problems to optimize_the: (i) delively,production,
and (iii) consumption of immersive video content in the egigy streaming
systems to HMDs. First, we design-a neural network that yes sensor
and content features to predict the future-viewports of HM&wers watch-
ing immersive tiled videos. Our proposed prediction neknelfectively re-
duces the bandwidth consumption while offering comparafeo quality.
Second, we develop a divide-and-conquer approach to ggithe encoding
ladder of immersive tiled videos considering the video ni&deewing prob-
abilities, and client distribution. Our proposed algamtlaims to maximize
the overall viewing quality of clients under the limits ofrger storage and
heterogeneous client bandwidths. Last, we design and cbaduser study
to investigate and quantify the impacts of various QoE factdVe then use
these factors to build QoE models for the immersive videdse dutcomes
of these three studies result in better optimized immergigleo streaming
systems to HMDs. Our developed technologies and accundudigerience
will be the cornerstone of the upcoming Virtual Reality (VR)ix&d Real-
ity (MR), and Augmented Reality (AR), collectively referredas Extended
Reality (XR), applications.
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Chapter 1
Introduction

With the advances in technologies and services, users domger satis ed with watch-
ing videos on conventional Full High De nition (FHD) or UtirHigh De nition (UHD)
2D displays. Novel types of displays have been developezh as light- eld displays,
volumetric displays, Head-Mounted Displays (HMDs), andi€g Head-Mounted Dis-
plays (OHMDSs). In particular, Commodity HMDs; e.g., Oculu#Ri55], HTC Vive [75],
and Samsung Gear VR [178], have become increasingly widadpA market report [130]
claims that while the global HMD market-is-valued at- US$6,7#2020, a Compound
Annual Growth Rate (CAGR) of 22% is forecast from 2020 to 2026 esEhadvanced
technologies are making immersive-applications'more anckrpopular, including Vir-
tual Reality (VR), Augmented Reality (AR), Mixed Reality (MR), akBdtended Reality
(XR).

Among the immersive content, 360ideos have gradually entered into our daily life.
360 videos allow viewers to dynamically change their oriemtasi during video play-
back. Since 2015, online content providers, such as Youaunldd-acebook, have started
streaming 360 videos over the Internet, and these videos are becomingpagylar.
For example, Hong Kong Airlines’ 36(rideo advertisement has attracted 35 times more
viewers than their regular one [1]. A user study also fourad:tfi) 360 videos attract 8
times more web clicks, and (ii) 36@ideo viewers watch 29% longer on average, com-
pared to conventional videos [128]. Moreover, the mark&6if cameras is predicted to
have a CAGR of 25% during 2020-2025 [176]. The momentum ofteesasing popu-
larity of watching 360 videos shows no indication of slowing down in the coming gear

While 360 videos are becoming increasingly popular, offering higlaliy 360
videos is no easy task. In particular, 3&@deos provide a much wider view than conven-
tional videos and thus must be encoded at extremely highutésws for good viewing
experience. This is mainly because each viewer only seesall grewport of about
100 100 within his/her 360 video at any moment. To ensure that every viewport
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has at least 1080p (1920.080) resolution, the whole 36@ideo needs to be encoded
at a resolution close to 8k (768@320), following some back-of-envelope calculations.
Streaming complete 36(ideos in 8k resolution to HMD viewers consumes a stagger-
ing amount of resources, including encoding/decodingwording, and storage, and is
therefore vulnerable to degraded playback quality.

To address this challenge, tiled encoding has been prog@844l It divides every
360 video into equal-size rectangles, callidds. The tiles are then independently en-
coded and decoded, so that they can be selectively streantédlD viewers based on
their likelihood to be viewed (i.e., falling in HMD viewersiewports). To further deal
with the diverse and dynamic network environments, the DynaAdaptive Streaming
over HTTP (DASH) [83, 188kegmenin the time domain is adopted to combine with the
tiling concept in the spatial domain, which encodes 3@@eos intotiled segmentsEach
tiled segment represents a spatial region for a time durati@ few seconds. Adopting
DASH requires the predetermination of a set of encoding garations, callec&n en-
coding ladder to generate a set of representations stored on the strgaeriver. These
representations are adaptively requested by clients @iogpto their network conditions
during streaming sessions.

(&)*+,-%). I"#$%"&' HGEt /).0+12-%).
310%8/+'0%g108 (IBVTCHIN oo || VH8%8S08 - -
rg%ea's)+, || |fe-pmmgmanql 063788+01 g
E_> I"#$%&'$() 5+ R S| 1 Yy
. — mmm ™ d
, 5+/0%$1 ki SIE | I HS%&SO$ | S
6:<-="%8$0, +-&.$/0%0 $/0%$1

Figure 1.1: Overview of a typical tiled 36@ideo streaming system.

Fig. 1.1 illustrates an overview of a typical tiled 36Gideo DASH streaming sys-
tem offered by a content distributor. Content distributeseive production-quality (raw)
videos fromcontent providersprepare multiple representations of segments, and dis-
tribute the videos over the Internet to clients. The stregreervice contains three entities:

(i) production serverwhich produces the encoded tiled-segments using thesdgdent
encoder, (ii)streaming serverwhich stores the encoded tiled-segments and sends the
video streams, and (iiiglients which request, decode, and render the tiled-segments to
viewers. These three entities compose three crucial pleds380 video streaming: (i)
production, which is triggered only when new videos are dddethe streaming server,

(i) delivery, which is triggered at individual streamingssions when the clients request
tiled segments from the streaming server, and (iii) congignpwhich is triggered when

the viewers watch the videos rendered with the received andded tiled segments. Ex-
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ploiting tiled segments enables wider room to maximize thal®y of Experience (QoE)
of 360 video streaming to HMDs, which dictates careful optimiaatof the above three
phases. In this thesis, we solve the problem for these thiaegs to achieve a QoE-
optimized 360 video streaming system.

1.1 Delivery Optimization: Fixation Prediction

In delivery, we study the problem of predicting the viewinglpability of different parts
of 360 videos when streaming to HMDs. We propose a xation predithietwork based
on a Recurrent Neural Network (RNN), which leverages sensibrantent features. The
content features are derived by Computer Vision (CV) algorghwhich may suffer from
inferior performance due to various types of distortionsealiby diverse 360video pro-
jection models. We propose a uni ed approach with overlagprirtual viewports to
eliminate such negative effects, and we evaluate our pempsslution using several CV
algorithms, such as saliency detection, face detectiahpaject detection. We nd that
overlapping virtual viewports increase the performancehete existing CV algorithms
that were not trained for 36(rideos. We next ne-tune.our xation prediction network
with diverse design options, including: (i) with-or.withcanerlapping virtual viewports,
(i) with or without future contentfeatures, and (iii) ciffent feature sampling rates. We
empirically choose the best xation prediction network arse it in a 360 video stream-
ing system. We conduct extensive trace-driven simulativitl a large-scale dataset
to quantify the performance of the 360ideo streaming system with different xation
prediction algorithms. The results show that our proposeation prediction network
outperforms other algorithms in several aspects, such)aschieving comparable video
quality (average gaps between -0.05 and 0.92 dB), (ii) comspmuch less bandwidth
(average bandwidth reduction by up to 8 Mbps), (iii) redgcihe rebuffering time (on
average 40 sec in bandwidth-limited 4G cellular networesy (iv) running in real-time
(at most 124 ms).

1.2 Production Optimization: Optimal Laddering

In production, we solve the optimal laddering problem tretedmines the optima&ncod-
ing ladderto maximize the client viewing quality. In particular, wensider video mod-
els, viewing probability, and client distribution to formate the mathematical problem.
We use the divide-and-conquer approach to decompose thdéepronto two subprob-
lems: (i) per-class optimization for clients with diffetdsandwidths and (ii) global opti-
mization to maximize the overall viewing quality under therage limit of the streaming
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server. We propose two algorithms for each of the per-clpm@ation and global opti-
mization problems. Analytical analysis and real experite@ne conducted to evaluate the
performance of our proposed algorithms, compared to otiage-sf-the-art algorithms.
Based on the results, we recommend a combination of the pedpdgorithms to solve
the optimal laddering problem. The evaluation results skimsvmerits of our recom-
mended algorithms, which: (i) outperform the state-ofdinealgorithms by up to 52.17
and 26.35 in Viewport Video Multi-Method Assessment FUsigiwMAF) in per-class
optimization, (ii) outperform the state-of-the-art algioms by up to 43.14 in V-VMAF
for optimal laddering in global optimization, (iii) achieyyood scalability under different
storage limits and number of bandwidth classes, and (ivfaster than the state-of-the-
art algorithms.

1.3 Consumption Optimization: QoE Modeling

Conducting user studies to quantify-the QoE of watching tleesi@singly more popular
360 videos in HMDs is time-consuming, tedious, and expensiveriMing QoE models,
however, is very challenging because of the diverse viewettaviors and complex QoE
features and factors. In consumption, we-compile a widetapacof QoE features and
factors that may contribute to the overall QoE: We design @nmtluct a user study to
build a dataset of the overall QoE, QOE features;, and QorfactUsing the dataset,
we derive the QoE models for both"Mean Opinion Score (MOS) ladividual Score
(IS), where MOS captures the aggregated QoE across allctsipyehile IS captures the
QoE of individual subjects. Our derived overall QOE modealkiave 0.98 and 0.91 in
Pearson's Linear Correlation Coef cient (PLCC) for MOS and I&pectively. Besides,
our analysis of the user study results leads to new obsengts follows: (i) content
factors dominate the overall QOE across all factor catego(ii) VMAF is the dominating
factor among content factors, and (iii) the perceived cyio&ness is affected by human
factors more than others. Our proposed user study desigefaldfor QOE modeling (in
speci ¢) and subjective evaluations (in general) of emagg860 tiled video streaming
to HMDs.

1.4 Contributions

The contributions of this thesis are listed below:

Delivery optimization: xation prediction [50,52]
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— We are the rst to jointly take both sensor and content feadwas the inputs to
a neural network to predict the viewer xation.

— We propose a uni ed approach based on overlapping virtieabports to turn
CV algorithms designed and trained for 2D images/videosiegipke to 360
videos.

— Our proposed xation prediction network outperforms aastat-the-art algo-
rithm in the literature in terms of prediction accuracy.

— We employ the xation prediction network and virtual viewp@approach to
optimize our 360 video streaming system. The evaluation results show the
superior performance of our solution compared to the baselpproaches,
i.e., our solution (i) achieves comparable video qualiiy,donsumes much
less bandwidth, (iii) reduces the rebuffering time, andl ins in real-time.

Production optimization: optimal laddering [53]

— We formulate the optimal laddering problem for 36@deos into a mathemat-
ical optimization problem considering videa models, viegvprobability, and
client distribution.

— We solve the problem using the divide-and-conquer appreattha diverse
suite of mathematical tools. We also analytically analymegerformance of
our proposed algorithms.

— We conduct extensive experiments to show the performandeeacticality
of our proposed algorithms. Our evaluation results revest dur algorithms:
(i) result in both higher objective and subjective video lgya(ii) scale well
under different storage limits and different numbers ofdwaidth classes, and
(i) run faster than the state-of-the-art algorithms.

Consumption optimization: QoE modeling
— We compile a suite of 5 QoE features and 30 QoE factors, whieledher

inspired by the literature or from the tiled streaming natur

— We design and conduct a user study for watching tiled 3@feos in HMDs.
We also build MOS and IS models of watching tiled 3&@leos in HMDs.

— Our evaluation results are fairly promising: e.g., our dedi models for the
overall QoE achieve 0.988 and 0.915 in PLCC in terms of MOS &)add-
spectively.



— We nd that a reduced set of QoE factors could also lead to gmwtbrmance.
For example, for the overall QoE, with a single QoE factoraekieve> 97%
of the performance compared to comprehensive models wipdDfactors.
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Figure 1.2: Overview of our proposed optimized 36eo streaming system.

With the above contributions, we believe that we can achee@»E-optimized 360
video streaming system, as illustrated in Fig. 1,2. In @glnoptimization, we develop the
xation prediction neural network leveraging both sensod @&ontent features to predict
the viewer's future viewed tiled segments. This avoids wgstesources on streaming
unwatched parts. In production optimization, we develagehcoding ladder optimizer
to determine the optimal encoding ladder considering curfeatures (video models),
viewing probability, and bandwidth distribution. In comsption optimization, we con-
duct a comprehensive user study to investigate diverserfatitat capture user behaviors
and affect user experience of watching tiled 36lleos. The collected dataset from the
user study is used to buil@doE model$n various aspects, such as the overall QoE, immer-
sion level, and cybersickness level. Our encoding laddeémager ensures the optimal
resource allocation on the streaming sever, while the ofaprediction network and QoE
models ensure the optimal resource allocation during rstireg

1.5 Thesis Organization

The organization of this thesis is given below. We reportrédated work for our pro-
posed three core problems in Chapter 2. We solve the delivebtem in Chapter 3, the
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production problem in Chapter 4, and the consumption prolreGhapter 5. Finally, we
conclude this thesis and discuss the future directions irpt&eh#.



Chapter 2
Background and Related Work

In this chapter, we rstintroduce the background of tiled38ideo streaming to HMDs [51].
Then, we zoom into the related work of the three core problendied in this thesis.

2.1 Background

2.1.1 Off-the-Shelf Hardware

Table 2.1; The State-of-the-art 360ameras

Name Release Lenses VideoRes:. Image Res. OS Support | MSRP ($)
5760 x,2880/30 fps .
Insta360 Evo 2018 | 200 (f/2.2) x2 6080 x 3040 i0S 420
3008 x 1504/100 fps
Insta360 One X 2018 | 200 (f/2.0) x2 5760 x 2880/30 fps 6080 x 3040 i0S 515
Yi 360 VR 2018 | 220 (f/2.0) x2 5760 x 2880/30 fps 5760 x 2880 iOS, Android 200
Insta360 Nano S 2018 | 210 (f/2.2) x2 3840 x 1920/30 fps 6272 x 3136 i0S 239
3840 x 1920/30 fps ) )
Insta360 One 2017 | 230 (fl2.2) x2 6912 x 3456 iOS, Android 299
2048 x 512/120 fps
Insta360 Air 2017 | 210 (f/2.0) x2 2560 x 1280 /30 fps 3008 x 1504 Android 119
4096 x 2048/24 fps iOS, Android,
SAMSUNG Gear 360 2017 | 360 (f/2.2) x2 5472 x 2736 ) 130
1920 x 1080/60 fps Windows, OS X
LG 360 cam 2016 | 206 (f/1.8) x2 2560 x 1280/30 fps 5660 x 2830 iOS, Android 90
RICOH THETA V 2017 - (f/2.0) x2 3840 x 1920 /30 fps 5376 x 2688 iOS, Android 397
RICOH THETA S 2015 - (fl2.0) x2 1920 x 1080 /30 fps 5376 x 2688 iOS, Android 299
RICOH THETA SC 2016 - (f/2.0) x2 1920 x 1080 /30 fps 5376 x 2688 iOS, Android 189
GARMIN VIRB 360 2017 | 201 (f/2.0) x2 3840 x 2160 /30 fps 5640 x 2816 | Windows, OS X 800
Rylo 360-degree camera| 2017 | 208 (f/2.8) x2 4K/30 fps 6K i0S, Andriod 499
KODAK ORBIT360 4K 2017 | 235 (f/l2.4) x2 1920 x 960/30 fps 7360x3680 iOS, Android 399
KODAK SP360 4K 2016 | 235 (f/2.8) x2 2880 x 2880/30 fps 2880 x 2880 iOS, Android 449
KODAK SP360 2014 | 214 (f/2.8) x2 1920 x 1080/30 fps 3264 x 3264 iOS, Android 174
GoPro Fusion 2017 | 180 (f/2.0) x2 4992 x 2496/30 fps 5760 x 2880 iOS, Android 699
Nikon KEYMISSION 360 2016 | 180 (f/2.0) x2 1440 x 960p/30 fps 7744 x 3872 iOS, Android 497
7680 x 7680/30 fps (3D) 7680 x 7680 (3D) i0OS, Android,
Insta360 Pro 2 2018 | 200 (f/2.4) x6 ) 4,499
3840 x 3840/120 fps | 7680 x 3840 (2D) Windows, OS X
iOS, Android,
Insta360 Pro 2017 | 200 (f/2.4) x6 3840 x 1920/30 fps 7680 x 3840 ) 3,499
Windows, OS X
VideoStitch Orah 4i 2017 | 170 (f/2.0) x4 4096 x 2048/30 fps 1920 x 1440 iOS, Android 3,595




One crucial driving force of the increasing popularity o03&ideo streaming is the
availability of consumer-grade hardware components, @ajhe the 360 cameras and
HMDs. We summarize the state-of-the-art hardware in treice.

Table 2.2: The State-of-the-art HMDs

Name Year | Screen | Resolution | FoV | Ref. Rate (Hz) | MSRP ($)
FOVE 0 2017| OLED | 2560 x 1440 100 70 599
Oculus Go 2018 LCD 2560 x 1440 110 90 209
Oculus Rift 2016| OLED | 2160 x1200| 110 90 421
Samsung Gear VR| 2017 | AMOLED | 2560 x 1440| 101 60 102
Samsung Odyssey| 2017 | AMOLED | 2880 x 1600, 110 90 420
Sony P\'/?'Sta“on 2016| OLED | 1920 x 1080| 100 120 215
HTC Vive FOCUS | 2018 | AMOLED | 2880 x 1600 110 75 599
HTC Vive Pro 2018 | AMOLED | 2880 x 1600| 110 90 799
HTC Vive 2016| OLED | 2160 x1200| 110 90 399
OSVR HDK2 2016| OLED | 2160 x1200| 110 90 300
OSVR HDK1 2015| OLED. | }.1920'x.1080| 100 60
GOOgI? DayDream 2017 Using the inserted cellphone 87
View VR
Google Cardboard | 2014 Using the'inserted cellphone 15

360 camerasemploy multiple lenses to .capture 36nages and videos. The rst
consumer-grade 36@ameras hit the marketin 2014, but were extremely expensitie
2016. Ever since, a growing number of 3@ameras, especially those for iOS and An-
droid, have been released at affordable prices. Tables2slrepresentative 368ameras
on the market. Several characteristics, such as the masas@ltion and release year, are
reported in this table. We note that the MSRPs (Manufacsi@nggested Retail Prices)
are retrieved from Amazon at the time of writing. We roughlyssify the 360 cameras
into two groups:professionaland consumer-grade The professional ones are USD
3000, and typically have more than two lenses. Besides, theg larger form-factors
and are heavier. Most professional 3@meras are standalone rather than clipped onto
smartphones. The consumer-grade cameras focus more oimtestrces and can be at-
tached to smartphones or other mobile devices running iO&ndroid. Furthermore,
most of them have no more than two lenses in order to reduceotte

HMDs have been used in a wide range of scenarios, including myilitaedicine,
video gaming, and sports. In Table 2.2, we present some ohdstin uential HMDs on
the market. We highlight critical speci cations, such ae tiesolution, FoV, and refresh
rate. Such information may be useful for researchers, dpee$, and users to choose the
HMD that is most appropriate for their usage scenarios.
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2.1.2 Existing Systems

Multiple studies developed 36(video systems for various purposes, such as demon-
strating the practicality or evaluating the optimizatidieas. Table 2.3 summarizes and
compares the prototype systems proposed in the literéBamme 360 video systems ren-
der videos stored in local storage spaces. For example, &strHuber [166] presented
a 360 display system that allows viewers to interact with the vitteough an HMD and
a mounted gesture recognizer. In particular, the viewershle to play, pause, forward,
and rewind the video by performing different mid-air handtgees. Alface et al. [4] pro-
posed a system that is able to handle 16K videos by only psoag$he required pixels
in the viewer's viewport. In particular, they composed a mgwK canvas that always
keeps the viewport at the center of the canvas. In this wayptbcessed video is always
in 4K resolution, which reduces the demands for processowgep Anderson et al. [7]
developed a more comprehensive 36ltleo system that comprises capturing, stitching,
and rendering components. They rst.mounted cameras on, aeighat all light rays
from the viewer's eyes are recorded.as 36€reo videos. All 16 videos were stitched
using their proposed optical ow.and composition algorithnfrerworn et al. [58] devel-
oped a special-purpose 36@ideo:system for dogs to perform urban search and rescue.
In their proposed system, a dog wears multiple cameras,hwkeep capturing video
frames. These captured video frames are uploaded to a ReGomputer (PC) after the
mission is over. Next, the PC/analyzes videos, performimmge and stabilizes frames
for better-quality 360videos.

There were more systems developed with Internet streanuipgosts. Gaemperle et
al. [63] adopted a multi-camera system with image blendiggrighms to capture 360
videos. The video was then distributed through the servéneaclient, and the HMD
viewport was reconstructed by the client. Several studied building low-cost stream-
ing systems for 360videos. Canessa and Tenze [26] developed a 820 Real-time
Transport Protocol (RTP) streaming system on RaspberrytRiavsh-eye camera mod-
ule and several open-source packages, such as FFmpeg, QpeddWPlayer. However,
the resolution of their system is only about 360p. Choi and[3@hfurther considered
multiple camera-equipped Raspberry Pis. They sent the ismage a network to a PC for
stitching. Several optimization tools have been emplogeithprove the system perfor-
mance, including simpli ed algorithm and multi-threadinbhey tried different blending
methods proposed in the literature and quanti ed their grenbince. Jiang et al. [92]
built a 360 video streaming system for power consumption measuremimy com-
pared 360video streaming systems with conventional 2D ones. The nneagnt results
showed that viewport generations consume the most powetodihe high computation
overhead for viewports. The network transmission consuthhedecond most, followed
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Table 2.3: Representative 36Uideo Streaming Prototype Systems

Networked 360 Video Streaming

System Maximum | Codec Streaming | Adaptive Player

Resolution Protocol Streaming
Gaemperle et al. [63] | 1024x768 | - TCP - Homebrew
Canessa and Tenze [26B52x288 - RTP - MPlayer [137]
Choi and Jun [32] < H.264 RTSP - -

3840x720
Ochi et al. [153] 2560x1280 | H.264 HTTP - Oculus Player [155]
Ochi et al. [154] 1920x960 | H.264 RTMP - Oculus Player [155]
Qian et al. [168] 1080p AVC HTTP/1.1 | DASH YouTube Player
Xie and Zhang [219] | 4K VP8 RTP WebRTC | -
Schafer et al. [179] 10000x1920 H.265 HTTP/1.0 | DASH -
Limetal. [118] - H.264 HTTP/1.0 | DASH/SRD| Homebrew
Feuvre et al. [111] 4K HEVC HTTP/1.1 | DASH/SRD| GPAC/MP4Client[195]
Ozcinar et al. [161] 8K AVC HTTP/1.1 | DASH/SRD| WebVR Player [211]
Lo et al. [124] 4K HEVC HTTP/1:1 | DASH/SRD| GPAC/MP4Client[195]
Graf et al. [66] 4K HEVC HTTP/1:1" | DASH/SRD| WebVR Player [211]
Kim et al. [102] 8K HEVC HTTP/1.1. { DASH/SRD| -

(4K/4K)
Nasrabadi et al. [139] | 4K HEVC/SHVCHTTP/1,0 | - Homebrew
Petrangeli et al. [165] | 4K HEVC HTTP/2 DASH/SRD| Google/Exoplayer [65]
Niamut et al. [149] 8K - HTTP/1.0 | DASH Homebrew
Gaddam et al. [62] 4K H.264 HTTP/1.0 | - -

Local 360 Video Streaming (Files)

Inoue et al. [82] 6400x1280 | H.264/MVC]| - - -
Kimata et al. [104] 8000x1000 | H.264/MVC| - - -
Kimata et al. [105] 5000x1000 | H.264/MVC| - - -
Alface et al. [4] 16K H.264 - - GearVR Player [178]
Anderson et al. [7] 8192x8192 | - - - -
Ferworn et al. [58] 1080p - - - -

Several other systems further considered tiling for imprguhe performance of en-
coding or streaming 360videos. Ochi et al. [153, 154] built a 36@ideo streaming
system that streamed high-bitrate tiles to the viewer'svp@rts and low-bitrate tiles to
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other parts, for reduced bandwidth consumption. Howeter|atency of their proposed
streaming system still has room for improvement. Qian gt.éB8] presented a streaming
system over cellular networks, which only streams the tildbe viewport based on head
movement predictions. Xie and Zhang [219] presented anaatige 360 streaming sys-
tem over cellular networks. They developed a conservativepcession strategy to keep
the quality of the viewport more stable, even when the viamadf viewports is high. Be-
sides, their proposed system monitors the buffer occupahttye uplink for congestion
detection. Once the congestion is detected, the encodiragebis adjusted to maintain
the video quality. Schafer et al. [179] developed a 3@ideo capturing and streaming
system. Their system split videos into several sub-videosperformed stitching in the
compressed domain so that the client only needed to decadsti@am.

Different from the above systems, several studies splivitieos into equal-size tiles
and stored the tile information, such as resolution andijposn metadata les[111,118].
Feuvre et al. [111] applied tiling to general 4K videos witlequal tile quality levels to
achieve viewport-aware adaptive streaming. Ozcinar ¢1al] also developed an algo-
rithm to select the representation-of each tile to/achiegw/port-aware adaptive stream-
ing in their proposed system. /Lo et al. [124] built a streagnaystem and compared
the performance of transmitting all-tiles versus visiblegionly. They further studied
the impact of tiling, e.g., coding-efciency and tiling ovezad. Graf et al. [66] built a
tiled-streaming system considering different streamimgtegies. Kim et al. [102] de-
veloped a streaming system for 360deo invirtual spaces. In particular, they adopted
virtual cameras in Unity and Unreal engines. Scenes fromirt@al cameras were cap-
tured and stitched to generate the 3@f@leos. The videos were then tiled and segmented
for adaptive streaming through CDN (Content Delivery NetWyoNasrabadi et al. [139]
exploited Scalable High-ef ciency Video Coding (SHVC) to flaer adaptively stream
360 videos with multiple layers. The base-layer of all tiles isfptched to avoid video
stalls, while the enhancement-layer tiles in viewports teaasmitted with the residue
bandwidth. Combined with state-of-the-art network tecbgas, Petrangeli et al. [165]
leveraged HTTP/2.0 and OpenFlow to reduce latency and anedidork congestion, re-
spectively.

Similar to 360 videos, live broadcast events, such as soccer or baskgtra#s, are
often streamed as panorama videos. These videos contanhzdzontal viewing angles
(which may be less than 360 Since most live events have a single Region-of-Interest
(Rol), tiles are also used in panorama videos to support zopf6R,82,104,105,149]. In-
oue et al. [82] developed a tiled-streaming system basedwti-Mew Coding (MVC) to
support tiles. A rate-quality mapping table was used foearining the transmitted view-
ports to maximize the visual quality under restricted baidthv Kimata et al. [104] pro-
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posed an interactive panorama video streaming systemiatjoviewers to control their
viewports for high-quality videos and sound. Redundant p@s are also adaptively
streamed to guarantee smooth and fast switches of viewp8dme extensions of this
system were proposed in Kimata et al. [105]. They extendedyktem to support mobile
and multiple devices. In particular, the viewers are allduweinteract, e.g., zoom in/out,
with their hand-held mobile devices while watching higlsekition panorama videos on
larger screens. Niamut et al. [149] proposed an end-to-andnama streaming system
with acquisition, transmission, and display componentstheir system, the scenes are
captured with multiple representations, i.e., resoligiand frame rates. Some analysis,
such as saliency detection and person tracking, is perfbfioreautomatic camera se-
lection for serving a larger number of viewers. The videas emcoded with multiple
representations and are streamed to the clients. Theemy®ipports several gesture in-
teractions to control the viewports and the playbacks. fworegating virtual views for
individual clients, Gaddam et al. [62] proposed to leveralygg for quality allocation
and GPUs for rendering acceleration.

The abovementioned 36(/ideo: streaming systems comprise different subsets of
computation and networking components, from playing |@&f video les to stream-
ing 360 videos over the Internet. Insights gathered in these dualie bene cial to
engineers who plan to build similar systems, and to reseasakho plan to evaluate their
proposed solutions using real testbeds:

2.1.3 General 360 Video Streaming Framework

SGOﬁam& Live Video Stream
( _,| Video [Encodedl Video Segmenf Video Video |Encoded Video |Decoded Video |VieWPOrt
' Encodef Video |Segmente Streame S Receivef Video "|Decodef Video | Rendere l
Raw Video J o
Segmen E O
Video o Request Orientation | __ 1) Viewer
Storage | Request Generator| Orientatior]  Extractor :
On-Demand Video Stream
(a)
360£amem" Live Video Stream

@I _,| Video |Encodefl Video Segment Video

Encodef Video | Segmente ’—>Streame

HRaW Video (for DASH)l Segment
Video Request
Storage |RequegtGenerator

On-Demand Video Stream

(b)

Video [Encoded Video |Decoded Video |Viewport
Receivey Video [Decodel Video Rendere_‘['

1BsuJalu|

Orientation (_\“/},Viev(/er
Orientation Extractor Oy

Figure 2.1: General 360video streaming systems: (a) pull-based (like HTTP/1.1 an
(b) push-based (like RTP).
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Fig. 2.1 shows two 360video streaming frameworks: (i) pull-based (client-dnye
(Fig. 2.1(a)), which puts the intelligent components at ¢hent side to determine the
requested video segments, and (ii) push-based (serwemriir{Fig. 2.1(b)), which, in
contrast, puts them at the server side to decide which segrteepush to the client. We
describe the functions of the individual components in Eid.below:

Video encoderencodes the captured 36@deos. It may further support tiling for
partially streaming and rendering to save bandwidth corpsiom.

Video segmentersplits the encoded video into segments, where each segoment ¢
tains a few consecutive video frames and lasts for a few skscon

Video storagestores the encoded video on the server, which is used foeoradd
video streaming. It may store several versions of the ertettieo at different
quality levels to support adaptive video streaming.

Video streameris responsible for sendingthe encoded video to the client.

Orientation extractor computes viewer orientations using inputs from HMD sen-
sors or other devices.

Request generatorgenerates requests of videos or video segments. It is phiced
the client side in pull-based systems and-at the server sigash-based systems.
It is usually the core component that makes decisions fanopnhg the streaming
system. For example, a bitrate allocation algorithm cannpglemented in this
component for generating video segment requests basedwarkeonditions.

Video receiverreceives the video streamed from the server.
Video decoderis responsible for decoding the encoded videos.

Video renderer computes the viewports according to the viewer's orieatatilt
may also convert among 360ideo projection models [49], e.g., equirectangular,
equal-area, and cube.

The interactions among the pull-based components in Figapare as follows. At
the server side, the 36@amera sends a 360ideo to the video encoder. It compresses
this video with or without tiling support and sends the erembdideo to the video seg-
menter. The video segmenter splits the received video @mporal segments and either:
() directly sends the segments to the video streamer fenisleo streaming or (ii) stores
them in the video storage for on-demand video streaminghécttient side, the orienta-
tion extractor keeps recording the viewer's orientatiohich is computed from the sensor
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readings of the HMB. The request generator considers the current network tondind
may take the viewer's orientation as input to generate theests. For example, the adap-
tive streaming system can request video segments or frarddéfeaent quality levels, and
the tiled-video streaming system may further skip soms til@sed on the viewer orien-
tations. The video streamer at the server side then strdarencoded videos from the
video segmenter (live video) or from the video storage (emdnd video) to the client.
The video receiver passes the received video to the videodéec The video decoder
then decodes the encoded video. The video renderer rehaaiisetoded video according
to the viewer's orientation to the viewer. The push-basadmanents in Fig. 2.1(b) are
similar, except that the request generator is at the seider s

The pull- and push-based systems have diverse pros anddompull-based stream-
ing systems often adopt HTTP/1.1 protocol. This protoc@psuts dynamic adaptive
streaming using short segments, which are typically a fevorsgs long and indepen-
dently decodable. This approach is better known as DASH @byo Adaptive Streaming
over HTTP). The pull-based streaming systems are not afidzy the Network Address
Translation (NAT) traversal problems. Besides; it is comsetto reuse the WWW infras-
tructure, including servers, caches, and CDNs. In'DASH stieg, the media content is
encoded into various versions and stored on'the serverdyefod to adapt to varying and
dynamic networks. This consumes a large.amount of storageesdn contrast, push-
based streaming systems, which often adopt RTP as the tiesiemprotocol, stream the
media content to the clients without waiting for requestsisTeads to lower latency com-
pared to pull-based streaming. However, it requires tleasting server to keep track of
the states of a potentially large number of clients. Witteorgliable protocol like TCP, the
push-based streaming systems may result in inferior videdity due to network impair-
ments, such as insuf cient bandwidth, packet loss, and NaVdrsal issues. Based on
the pros and cons described above, we believe that the gsdlebstreaming systems are
more applicable fopresentational/ideo streaming, such as YouTube and Net ix, where
a few seconds of one-way delay is acceptable [2]. In conttiastpush-based systems
are more suitable faronversationavideo streaming, such as video conferencing, where
ultra-low latency is required for high interactivity. Reguag both high video quality and
ultra-low latency, streaming 36@ideos over these two types of systems needs additional
optimization tools, such as viewport prediction or reseuwaltocation.

We have introduced the general framework of pull- and pussetl 360video stream-
ing systems. Researchers and practitioners may start fgetheral frameworks and add
specialized components to meet their needs.

10ther input devices are possible when displays other thaDsikte used.
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2.1.4 Tiled 360 Videos

High Ef ciency Video Coding (HEVC) [156] supports Motion-Camgined Tile Set (MCTS),
where tiles are disjoint rectangular regions that can bepeddently decoded. Tiles al-
low: (i) parallel decoding for a decoder speedup to cope Wit resolutions and (ii)
random decoding of dynamic viewports. Tiles, however, isgoonstraints on the en-
coding process, which needs to be carefully considered. atticolar, MCTS motion
dictates constraint among tiles, which reduces the codingeecy because motion vec-
tors do not go across the tile boundaries. Therefore, thestse critical tradeoff between
the coding ef ciency and the tiled streaming exibility, wéh can be controlled by the
number of tiles. More details on the HEVC standard are give8dullivan et al. [191],
while the details of the MCTS supports in HEVC can be found istdiet al. [134]. Itis
reported that: (i) HEVC results in a 50% rate cut at similaual quality [191] compared
with AVC and (ii) tiles achieve up to a 5.5% luminance bitregduction [134] compared
with regular slices. Due to their superior. coding ef cien&lEVC and its tiling support
are widely used in 360video systems. -HEVC 'standard does not specify the precise
optimization algorithms used-at the. encoder-side. - Amongtiexj open-source HEVC
codecs, Kvazaar [204] is developed in C language and pread®ption to be optimized
in Assembly. Kvazaar implements various coding tools dd meHEVC, which enable
parallelization on multi-core CPUs and hardware accelanatit supports three parallel
processing approaches including tiled encading; and thndbe leveraged by 36@ideo
testbeds.

The MPEG DASH standard includes an amendment on Spatial S&agegion De-
scription (SRD), which is extended from MPD to proviiaxis,y-axis, width, and height
as attributes to DASH clients. Concolato et al. [35] dischsdatest HEVC and ISO Base
Media File Format (ISOBMFF) standards, which are used foodimg and encapsulating
tiled videos. They demonstrate that a client may merge aktilss into a video stream,
and decode it with a single decoder by combining SRD, HEV, &@BMF. The MPEG
group developed the Omnidirectional MediA Format (OMARretard for the delivery
and storage of 360videos. Skupin et al. [187] presented the application reguents,
projection formats, video/audio codec, and DASH integratf the OMAF standard.

Several papers [43,66,111] share their experience of dewve) standard-based tiled
360 video streaming systems. In particular, D'Acunto et al][dSed SRD to realize nav-
igable video streaming. They summarized the design choicéke SRD-enabled DASH
player, such as: (i) de nitions of representations, ands@amless switches among repre-
sentations. Feuvre and Concolato [111] realized tiled-dbadaptive streaming using sev-
eral open-source projects, including Kvazaar [204], MP4B&4], and MP4Client [195].
They demonstrated how interactive navigation and bitrdégtation can be achieved us-
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ing DASH and SRD. Furthermore, they presented their impléatem supporting di-
verse adaptation policies based on the open-source MP4Clinaf et al. [66] imple-
mented various evaluation tools to quantify the pros and afrdifferent encoding and
streaming strategies on tiled-based 36@f@leo streaming systems. They also discussed
various options to enable the bandwidth-ef cient adapstreaming of 360videos. In
their evaluation, 6 4 tiles provide the best tradeoff between tiling overhead lband-
width consumption, which con rms a bitrate saving of 40% quared to the baseline
solutions. The aforementioned studies do not consideritregse viewing probabilities

of individual tiles.

2.2 Delivery: Fixation Prediction

In terms of the xation prediction problem, we survey thefdture in three directions: (i)
2D image/video saliency, (ii) 360mage/video saliency, and (iii) xation/head movement
prediction in HMDs.

2.2.1 2D Image/Video Saliency

Conventional xation prediction s built on salient objeatection, which has been done
on different content types, such as;stilhimages20]. Imsajeency can be derived from
low-level features, e.g., contrast, textures, and edges, [127]. Several studies have
proposed to detect image saliency based on region-baseelsnadhich leverages graph-
based segmentations [54] or linear iterative clusterirjg ®ang et al. [209] analyzed
the image saliency by combining color and contrast withiapptiors. For example, the
saliency maps are aligned to image edges or correlated with distributions. Given
training samples with ground truth, the learning-basedhoast are becoming popular
because of their higher accuracy. Liu et al. [122] trainedreng-based models using a
binary labeled dataset with low-level features. In additideep learning has become the
most popular method to perform saliency detection. For gtenthe Convolution Neural
Network (CNN) is able to learn from low-level features paetyl, which is suitable for
vision processing. Li and Yu [115] adopted a pre-trained CHiNektracting features in
different scales, and performed regression on the inpyisaduce saliency maps. These
studies, however, were designed for 2D conventional images

In terms of 2D video saliency, Mavlankar and Girod [132] pcget] the future viewing
trajectory based on extrapolation and enhanced the peafirenby analyzing the char-
acteristics of video content, such as optical ow and motrectors. A growing number
of supervised learning methods are being adopted for xatietection [6, 27, 148] to
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achieve better feature extraction and prediction accurdaoyparticular, Chaabount et
al. [27] predicted video saliency by developing a CNN withidtgal motion as its main
features. Furthermore, they adopted transfer learningpe avith the lack of large video
datasets. Their results show the positive effectivenetisediransfer learning. Alshawi et
al. [6] analyzed the correlation between the saliency oélgiand their spatial/temporal
neighbors, where the correlation is much affected by thewitharacteristics. Nguyen et
al. [148] noted a close relationship between image (stathd)video (dynamic) saliency.
Based on their observation, they adopted both the informatiomage saliency (static)
and camera motion to predict video saliency (dynamic).

2.2.2 360 Image/Video Saliency

The saliency detection algorithms specically designed360 videos have been pro-
posed. Assens et al. [11] developed a deep-CNN to predict tresaths of 360im-
ages. They trained the prediction network-on a public 36tage dataset [171], which
consists of 60 360images and 63 participants with the trajectories of botlr thead
and eye movements. In particular, they performed transf@aming by initializing the
network weights from several 2D image: datasets. They fudhalyzed the prediction
under different sampling strategies, and their resulteal®d that limiting the distance
between xations can improve the prediction accuracy. Mgret al. [136] rst mapped
the 360 images to six faces of a cubic projection, which reduced th®dion close to
poles compared to the equirectangular projection. Ea@hifadetected by a conventional
saliency detection network with spherical coordinateddoating the face on the sphere.
Finally, six detected saliency faces were combined intoglsisaliency map for the 360
image. Similarly, Cheng et al. [31] also mapped the 3@deos into cubic projection
for eliminating the distortion. Some tricks, e.g., wideginfor each face and temporal
model development, were introduced to improve the salig@negliction accuracy. Zhang
et al. [230] developed a spherical CNN with spherical Meana®eg Error (MSE) loss
function, which took the angle to the center of the spher@ ¢onsideration. Besides, the
starting position for the viewer to watch the 36fdeo was also considered as an impor-
tant feature in their model. These studies [11, 31, 136, d80¢loped and trained neural
networks to predict the saliency of the 366deos. We note that the resulting prediction
algorithms ardocked inwith projection models, compared to our uni ed approachviNe
ertheless, as a future task, we may integrate their propagetions with our proposed
xation prediction network for a given projection model.

18



Table 2.4: Key References on Saliency and Fixation Predid&igorithms

Literature Approach Considered Features Output

Fan et al. [50,/ LSTM Historical sensor data, saliencyFuture tile view-

52] maps, and motion maps of frames ing probabilities

Nguyen et| LSTM Saliency maps and historical orienfuture  saliency

al. [145] tation maps of frames maps

Bai et al. [13] Neural Network Historical orientation Future orienta-
tion

Xuetal. [221] | LSTM Historical orientation Future orienta-
tion

Qian et al. [167]| Regressor Historical orientation Future orienta-
tion

Xu etal. [223] | Regressor Historical orientation Future orienta-
tion

Zhang et| Spherical CNN Spherical video frames Future saliency

al. [230] maps

Xuetal. [222] | CNN+LSTM Historical viewer xation trajecto-| Future gaze trat

ries, video frames jectory

Houetal. [73] | LSTM Historical orientation Future orienta-
tion

Houetal. [71] | LSTM Historical viewed tiles Future  viewed
tiles

Wu et al. [214]

Spherical CNN

Video frames; viewport, and motio

nFuture viewport

Chen et al. [30] | CNN+LSTM Video frames and historical orienta+uture  orienta-
tion tion
Feng et al. [55] | CNN+LSTM Video segmentand historical orienfuture  orienta-
tation tion
Vielhaben et| Regressor Historical orientation Future orienta-
al. [203] tion
Cheng et al. [31] CNN+Convolutional | Faces of cubic frames Future saliency
LSTM maps
Xu et al. [220] | Reinforcement Historical viewer orientation and Future head-
Learning video frames moving  direc-
tions
Feng et al. [56] | Bayes prediction Viewer orientation and video Future tile view-
frames ing probabilities
Nasrabadi et Extrapolation Historical and other's orientation | Future  orienta
al. [140] tion
Banetal. [12] | KNN Historical and other's orientation | Future tile view-
ing probabilities
Xie etal. [217] | SVM Historical orientation Viewing behavior

class

2.2.3 Fixation/Head Movement Prediction in HMDs

Our work goes beyond saliency detection to predict viewation for 360 video stream-
ing to HMDs. There are a few studies that share a similar goauts. Ban et al. [12]
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Table 2.5: Key References on Saliency and Fixation Predié&igorithms

Literature Approach Classi cation| Considered Features Output
Fan et al. [50, LSTM No Historical sensor data, salien¢yFuture tile view-
52] maps, and motion maps of frames ing probabilities
Nguyen et LSTM No Saliency maps and historical oriepfuture  saliency
al. [145] tation maps of frames maps
Bai et al. [13] Neural Net-| No Historical orientation Future  orienta-
work tion
Xuetal. [221] | LSTM No Historical orientation Future  orienta-
tion
Qian et al. [167]| Regressor No Historical orientation Future  orienta-
tion
Xu etal. [223] | Regressor No Historical orientation Future  orienta-
tion
Zhang et| Spherical No Spherical video frames Future saliency
al. [230] CNN maps
Xuetal [222] | CNN+LSTM | No Historical viewer xation trajecto-| Future gaze trar
ries,video frames jectory
Houetal. [73] | LSTM No Historical orientation Future  orienta-
tion
Houetal. [71] | LSTM No Historical viewed tiles Future  viewed
tiles
Wu et al. [214] | Spherical No Video frames, viewport, and motianFuture viewport
CNN
Chen etal. [30] | CNN+LSTM |'No Video frames and historical orienta+uture  orienta-
tion tion
Feng et al. [55] | CNN+LSTM | No Video segment and historical orienfuture  orienta-
tation tion
Vielhaben et| Regressor No Historical orientation Future  orienta
al. [203] tion
Cheng et al. [31] CNN+Convolutidiwal Faces of cubic frames Future saliency
LSTM maps
Xu etal. [220] | Reinforcement No Historical viewer orientation andFuture head-
Learning video frames moving  direc-
tions
Feng et al. [56] | Bayes predicq{ Clustered Viewer orientation and video Future tile view-
tion by video | frames ing probabilities
content
and viewer
behavior
Nasrabadi et Extrapolation | Clustered Historical and other's orientation | Future orienta-
al. [140] by  viewer tion
behavior
Banetal. [12] | KNN Per video Historical and other's orientation | Future tile view-
ing probabilities
Xie etal. [217] | SVM Per video Historical orientation Viewing behavior

class
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proposed to predict the viewer's head movements in threes skérst, an initial prediction
was performed based on the viewer's previous viewing positising linear regression.
Second, K-Nearest-Neighbors (KNN) were calculated to hd hearest K view points
among all other viewers. This is based on the assumptiorttiaaimost viewers would
be interested in the same objects/areas in 3deo0s. Last, the viewport region of the
K nearest view points is calculated to nalize the predictéelving probability of each
tile. This study is considered as one of our baselines forpasison. Not only consider
the previous viewing positions, Xu et al. [220] further toakleo content into account.
In particular, they developed the head movement predicteawork based on Reinforce-
ment Learning (RL) considering the previous viewer oriaataaind frame content. Their
network aimed to predict which direction among the eighéclions (top, left, bottom,
right, and the direction between each two of the above) tlmeentviewer will move
to. However, their study only predicted the future head mgwirection, which may be
insuf cient to be applied to tiled streaming systems. Nguy al. [145] employed the
same xation prediction network architecture as Fan et%0] that considered both the
orientation and the detected saliency of frames. They nfa@e imajor changes: (i) they
developed their own image -saliency network trained on tbein 360 video viewing
dataset, (ii) they did not considerthe motion-map in our warld (iii) they represented
the orientation data as orientation maps instead of the eass values ofaw, roll, and
pitchused in our work. Several studies[30,55,56,71,73,140208%,214,217,221-223]
focusing on the same goals as ours have beenpublished afteod. Table 2.5 summa-
rizes the approach, considered features, and the predmtitputs of each related work.
Our work [50] is the rst to leverage both sensor and conteatdires as the inputs to the
neural network.

2.3 Production: Optimal Laddering

In terms of optimal laddering, we survey the literature ie tbllowing directions: (i)
viewport-adaptive tiled streaming, (ii) ABR algorithms,daf(iii) bitrate allocation and
optimal laddering algorithms

2.3.1 Viewport-Adaptive Tiled Streaming

Several studies proposed to stream the tiles in the viewjabd higher quality, and other
tiles at a lower quality, in order to reduce the bandwidthstonption. For example, Zare
et al. [229] adopted HEVC tiled-streaming and proposedstheuristic schemes for 360
video streaming to HMDs. Their experiment results con rntledt their solution utilized

21



common patterns of head movements to achieve better cotloigney. Ju et al. [94]
streamed low-resolution tiles for the whole 366deos along with high-resolution tiles
for the viewports. They also proposed to consider the hgatrhaiewers' attentions and
stream tiles with higher viewing probability using broasicaCorbillon et al. [38] took di-
verse projection models into consideration, and variett bdatates and viewports when
encoding 360 videos into multiple representations. HMD viewers thenuesied the
proper presentations via DASH. Duanmu et al. [47] encodet 860 video into a base
and multiple enhancement representations. They adoppadate buffers for different
representations, and gave the highest priority to the gsesentation for smooth play-
back. The residual bandwidth was then used to stream enmamteepresentations. The
aforementioned studies only differentiated the qualityiles in an ad-hoc way without
intelligently allocating resources among tiles.

2.3.2 Adaptive BitRate (ABR) Algorithms

The ABR algorithm [15, 44] is a key client-side component ia tielivery phase, which
adaptively selects the representations that minimize ithesowdistortion without congest-
ing the networks. ABR algorithms:have been studied.for cotiweal videos [108]. Sev-
eral studies [5,147,161,164,167,216,226] designed AB&#hgms for tiled 360 videos.
Ozcinar et al. [161] considered unequal-size tiles: Inrthkgorithm, higher quality level
is selected for the tiles in the viewport.<The!quality levalishe remaining tiles are grad-
ually reduced as the distance between them and the viewpoddses. Xie et al. [216]
formulated the ABR for 360videos into an ILP problem considering the viewing proba-
bility of each tile. Their objective was to minimize the exped video distortion in terms
of MSE and spatial quality variance. Besides, a buffer-baaedcontrol mechanism was
proposed for smooth playback. Alface et al. [5] proposededy algorithm to select
the quality levels according to the ratio between their @ered utility function and the
tile size, where the utility function is the estimated gtyalimes the viewing probability.
Their considered viewing probability is predicted from firevious viewport and Itered
by a Gaussian lter, where the standard deviatiois proportional to the delay.

A few studies [147,164,167] have grouped tiles into a nunobetasses and assigned
the same quality level to the tiles in the same class. Petteettpl. [164] grouped the tiles
into three classes: (i) viewport, (i) extended area, aimdi@ckground. Their algorithm
estimated the available bandwidth and selected the higlffestiable representations for
viewport, extended area, and background tiles in that oRlerilarly, Nguyen et al. [147]
also grouped the tiles into three classes. The size of th@nded area is proportional to
the estimated viewport prediction error. Their algorithmarn searches all possible quality
levels for the maximal estimated viewing quality under tloastraint of the available
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bandwidth. Qian et al. [167] grouped the tiles into four skes They searched for all
the possible quality levels for each class and selectedritbewith the highest considered
utility, which aimed for higher viewing quality and feweralis. A measurement study
guantitatively compared the above ABR algorithms underowariconditions [146].

2.3.3 Bitrate Allocation and Optimal Laddering Algorithms

In addition to the ABR algorithms that selected the repregents stored on the stream-
ing server, some studies [28, 36] have proposed algoritlmiitrate allocation that en-
coded and streamed tiles at different bitrates to the dienter the constraint of a given
bandwidth. Corbillon et al. [36] proposed an algorithm tmedite bitrates within a 360
video [215]. Their proposed algorithm can be extended fedt860 videos. In partic-
ular, they classi ed the tiles into two categories basedlaiewport, and assigned an
even bitrate to the tiles in each category. A bitrate gap waeduced to restrict the qual-
ity differences between the two categories to avoid suddedityy changes. Their work
only adopted two quality levels‘without considering the tharacteristics. Chakareski
et al. [28] studied an RDO problem for streaming tiled 36i@leos. They took viewing
probability into account and employed convex optimizatimsolve the bitrate allocation
problem. They did not present the detail of convex optinnranor practical concerns,
such as discrete and limited QP-values. In-contrast, we gitasldd proofs and propose
a rounding algorithm. These studies'[28,36] focused onbittate allocation that only
considers the constraint of a target bandwidth. Ozcinal. §1@0] shared a similar goal
to ours. That is, they studied the optimal laddering problentiled 360 videos. They
formulated the problem into ILP and decided the number alggntations for each band-
width class according to its fraction of clients. Howevéiey did not develop ef cient
algorithms to solve the problem, which incurs an extremehglrunning time. More-
over, they ignored the characteristics of each video tilehsas the complexity level and
viewing probability, and did not vary the quality acrosssil In contrast, we propose ef -
cient algorithms and take the diverse characteristicsefitbs into consideration. These
studies [28, 36, 160] are considered as the state-of-tredegrithms in our evaluations.

2.4 Consumption: QoE Modeling

In terms of QOE modeling, we survey the literature in thedwihg three categories: (i)
QOE measurements, (ii) QOE factors, and (iii) QOE modeling.
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2.4.1 QoE Measurements

QoE measurements on videos have been done in the past d¢g@leghile QOE mea-
surements on 360videos are attracting increasingly more attention. Upeni&l. [200]
proposed a subjective evaluation testbed for viewing 3®@ges and videos. The testbed
adopted mobile devices for rendering videos, which cantmetlinto HMDs, like Google
Cardboard. Regal et al. [174] developed the VR player usingytamid integrated a virtual
QoE questionnaire with the VR player. Singla et al. [184]dwcted a user study on 360
videos with various bitrates. FHD and UHD videos were coragan their study. Bessa
et al. [19] made the QoE comparisons on viewing 2D and 3Ddessopic) 360videos.
Their results revealed that watching 3D 3&@deos delivered similar QoE with 2D ones,
in terms of both immersion and cybersickness. Singla etl86] studied the impact of
resolution, bandwidth, and delay on the perceived quahty @/bersickness. Upenik et
al. [201] recruited 45 subjects to rate 36Mhages. The correlation between the collected
QOE scores and existing objective metrics, such as Sphé&gek Signal-to-Noise Ratio
(S-PSNR) and Viewport PSNR (V-PSNR); was analyzed. Theilteshowed that these
metrics have a low correlation with the subjective scorasluba et al. [158] focused on
evaluating the correlation between VMAF and the subjeaguelity of watching 360
videos. Their results indicated that VMAF has quite highretation with the subjective
guality compared to other objective quality:metrics, imtthg S-PSNR and V-PSNR.

2.4.2 QoE Factors

Several studies [48, 57, 185, 205] have investigated thefd@prs, such as bitrate, res-
olution, and video characteristics, that in uenced theruseerience. Fernandes and
Feiner [57] implemented a testbed that dynamically vahesviewport size in the HMD
during the subjective test. The subjects were asked torsavbBrough a set of way-points
and to periodically graded the cybersickness level. Thesults show that restricting the
viewport size reduced the cybersickness level, unless itheport size was extremely
small. Singla et al. [185] studied the cybersickness legelgidifferent HMDs: Oculus
DK2 and HTC Vive. They recruited 28 subjects, each of whorad&4 videos with 6
different types of contents, 2 resolutions, and 2 bitraldseir results showed that HTC
Vive leads to slightly better subjective visual quality quaned to Oculus DK2. On the
other hand, both content and resolution imposed higheradtspgan user experience than
the HMD model. Bio sensors can also be used to predict the dwgeguality in VR
applications. Egan et al. [48] captured the heart rate aaadreldermal activity of the sub-
jects when they were watching 36@deos. The correlations of these two metrics and the
subjective scores were analyzed and discussed. Theitgesubaled that HMDs offered
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better subjective quality levels than 2D displays.

Some other studies have investigated the key factors oicpktt VR applications.
Schatz et al. [180] considered VR-based training applioatioThey studied how the
rendering styles and scene types affect the subjectivees@nd subject performance.
Vlahovic et al. [205] studied the impact of locomotion, sashrst-person, teleportation,
and gesture-based, in VR applications. They found that ¢inéraller-based locomotion
resulted in higher cybersickness levels. In contrast, éleportation one resulted in the
lowest average cybersickness level and the highest ov@odll. They also pointed out
that reducing the cybersickness level improves the sutaeetsual quality. Singla et
al. [186] conducted a user study on tiled 360deo streaming. They studied the im-
pacts from various factors, such as bandwidth, delay, asoluton. They have also
measured the perceived quality and cybersickness levedrutifferent latency types,
such as the tile switching delay and network delay. Theiultesshowed that 47 ms
is the acceptable network delay that does not degrade tHayoguedings. These stud-
ies carried out experiments to identify the factors of scibje quality metrics on 360
videos [48,57,185, 186, 205].

2.4.3 QoE Modeling

Several studies have developed QOE ‘models for conventiot@bs. Song et al. [189]
used piece-wise linear regression models:for predictiegstibjective scores of viewing
H.264, H.265, and VP9 encoded videos. Learhing-based nngdeds also been stud-
ied [10]. Some QoE modeling studies for 3@Mhages or videos have been carried out.
Huang et al. [79] built a QoE model for 360mages. They used the resolution and com-
pression quality extracted from the Joint PhotographicdegpGroup (JPEG) to predict
the overall QoE. Hsu et al. [74] developed QoE models of watcB60 videos using a
2D monitor with foveated rendering support, which encodedfoveal region at a higher
resolution. They pre-de ned ( xed) the viewing path of thé® videos based on the
viewers' gaze paths in the pilot tests. Xie et al. [218] bailmodel for the perceptual
impact of the speed of a viewport's quality updates upon alsadrientation change.
Yao et al. [225] developed a 360ideo player supporting various 360ideo projection
schemes. They used the testbed to collect the MOS scoresidina QoE model with di-
verse Quantization Parameter (QP), projection schemdsyidao characteristics. Croci
et al. [41] split each 360video into multiple patches, which have evenly distribubed

els on the sphere. The objective quality metrics, e.g., PSNRctural Similarity Index
(SSIM) [29], or VMAF [142], have been calculated for thesécpas, which were then
averaged across all patches. The resulting quality medneseferred to as VI-PSNR,
VI-SSIM, and VI-VMAF, respectively. Their user study shavihat VI-VMAF had the
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highest correlation with the MOS scores of overall QoE. Thether extended their met-
rics into weighted variants [42], where the weights werauglAttention (VA) maps [93]
and the resulting metrics were referred to as VI-VA-metraasch as VI-VA-PSNR and
VI-VA-VMAF. Their results suggested that VI-VA-VMAF and WA-MS-SSIM are the
two quality metrics with the highest correlation with theeoall QoE. Anwar et al. [8]
leveraged Logistic regression to model the overall QoE withtent and human factors.
Different from most other studies (including this thestbgy formulated the QoE mod-
eling problem as a classi cation problem with only two clesssatis edandunsatis ed
which may be too coarse-grained. Therefore, their work cabe compared with ours
and other continuous QoE models [41,42,79, 218, 225].

In addition, several studies have built QOE models for cgickness [101, 103, 112,
162, 169]. For example, Kim et al. [103] used 3&&enes generated by a local Unity
engine to study how different factors affect cybersickneSsveral other studies [101,
112,162] have leveraged neural networks for modeling thregneed cybersickness on
360 videos. Furthermore, Raake et al. [169] modeled the perdaiybersickness of
each viewing session considering the elapsed time.

Table 2.6: A Comparisons among Qurs and Existing Models

QOE Feature QoEFactor Model Type
QoE Models Overall QoE
IQ/| FG [/IM | CS |-Content’| Human | Context | MOS | IS
This Work X X MXAX, | X X X X X X
Yao et al. [225] X X X
Croci et al. [41] X X X
Croci et al. [42] X X X X

In this thesis, we build complete QoE models for overall Qo oE features of
watching 360 videos, and further investigate the dominating factorgaties and factors.
Moreover, we build the models for both MOS and IS. In confnaist existing modeling
studies focused on 36@till images [79], cybersickness [101, 103,112,162, 16Bjary
QOE classi cation [8], and QOE impacts of viewport adamat[218], which cannot be
compared with our models. Yao et al. [225], Croci et al. [4Xd &roci et al. [42] are
probably the most relevant studies to ours. Table 2.6 sumasathe comparisons among
all the QoE models. In summary, our work has a much wider soo least three
dimensions: (i) 30 QoE factors from 3 categories, (ii) oltlépaE and 5 QoE features,and
(iif) MOS versus IS models. Other relevant studies [41, 28] 2however, only consider
a few factors in the rst dimension and largely ignore theaet and third dimensions.
We use these three QoE models as the baselines when evgloatioverall QoE model
in Sec. 5.3.
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Chapter 3

Delivery Optimization: Fixation
Prediction

In 360 videos, HMD viewers only get to see a small viewable regiatled the view-
port, of each 360video at any moment. Therefore, streaming whole 360eos wastes
precious bandwidth on many unwatched regions.- A bettettisalis to predictviewer
xation, which can be quanti‘ed‘by the viewing probability of difeat regions, and only
transmit the regions with high viewing probability. In'gatiar, we propose to use a RNN
that considers both sensor and content features to prédictie¢wer xation, where the
sensor features are extracted from the HMDs and the cordahires are detected from
the video content via CV algorithms.

(@ (b) (c)

Figure 3.1: A sample image: (a) seen in HMDs; distorted insafjee to: (b) equirectan-
gular projection and (c) rhombic dodecahedron projection.

However, the content features, such as saliency maps [20}ration maps [98],
are outputs of CV algorithms, they are vulnerable to distortttributed to projection
models. Such distortion can be further classi ed into: (igpe distortion and (ii) poor
segmentation, which are illustrated in Fig. 3.1. Comparettiéamage seen in an HMD
(Fig. 3.1(a)), the image from equirectangular projectibig(3.1(b)) suffers from shape
distortion, which is especially severe for objects closieonorth and south poles. On the
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other hand, the image from rhombic dodecahedron proje¢Ean 3.1(c)) suffers from
poor segmentation, where an object is cut into smaller giecdifferent parts of the pro-
jected image. One solution approach is to adopt CV algorithmesi cally designed for
360 videos in a given (say equirectangular) projection modewever, such CV algo-
rithms would not work for 360videos in other projection models. Moreover, compared
to CV algorithms designed for 2D images/videos, there arg wety few CV algorithms
proposed and trained with 360ideos [11,107,119, 136]. While the number of these CV
algorithms may increase over time, they will still be outrhered by the CV algorithms
for 2D images/videos. To overcome such limitations, weeaysttically generateirtual
viewportsahead of the streaming time. Virtual viewports aegefully chosernsimulated
viewports in HMDs, which are projected back to sghere Therefore virtual viewports
are not vulnerable to distortion caused by projection mad8y sending virtual view-
ports to existing CV algorithms, we improve the quality ofitreutputs, as well as that
of the subsequent xation network.

3.1 Overview

We present an overview of the 36@ideo streaming systems, which is optimized in the
rest of this chapter.

Saliency May
Motion Feature Motion Tile Rate 3 En_coded
Detector Map Selector Tiles

) ) Viewer
HMD Sensor Orientation Orientation

Data Extractor

Figure 3.2: Architecture of the proposed 36@deo streaming server. A tile-based
streaming example is shown.

3.1.1 360 Video Streaming Systems

Fig. 3.2 presents our proposed architecture of a 3&@aming server [50], in which we
focus on the software components relatedxttion prediction. We have identi ed two
content features: image saliency map [20] and motion mapffeé 360 videos; and
a sensor feature: orientation from HMDs. We describe thevsoé components in the
following:
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Image saliency networkis a deep neural network trained to derive theage
saliency mapwhich shows the parts of the image that attract viewers th&t.m
Motion feature detector analyzes the Lucas-Kanade optical ow [126] of consec-
utive frames, because viewers may be attracted by moviregtshj

Orientation extractor derives the viewer orientation data including yaw, pitaid a
roll, from HMD sensors.

Feature buffer stores the features, including the saliency map, motion, raag
viewer orientation in a sliding window, which are used foaton prediction.
Fixation prediction network uses content features (image saliency maps and mo-
tion maps) and sensor features (viewer orientation) agsrpyredict the viewing
probability of different regions of the nertframes.

Tile rate selector performs rate allocation among vidéites, which are rectan-
gular and independently decodable regions of a video fra®66. video stream-
ing systems may be classi ed into two classes: tile-bas&jl141, 144, 207] and
transcoder-based [9, 206]. In tile-based systems, thesencodes 360videos
into tiles, while the client dynamically requests tiles pési ¢ bitrates for adapta-
tion. In transcoder-based systems, the server dynamitaltgcodes the viewport
of each viewer on-the- y. For the sake of brevity, we assuha tile-based systems
are used, although our solution is also applicable to ti@aescbased systems.

The interactions among these components are as followsvidlbe frames are sent to
the image saliency network and motion feature detectordéaegating the image saliency
map and the motion map, respectively. Generating these @gs s potentially resource
demanding, and we assume that they are created of ine foerquerded videos. The
HMD sensor data are transmitted to the orientation extrdotderive the viewer orienta-
tion. The feature buffer maintains a sliding window thatresothe latest image saliency
maps, motion maps, and viewer orientations as the inputiseofxation prediction net-
work. The xation prediction network predicts the futureewing probability of each tile.
The tile rate selector optimally selects the rates of th@ded video tiles.

3.1.2 Viewport and Modeling

Different HMDs may have different viewport sizes, which dee be systematically de-
rived. We conduct experiments of playing a 3&eo with arti cial gridsto viewers, and
collect questionnaires to understand how to model the waeingd commodity HMDs. We
nd that the viewport of existing HMDs, including Oculus RifiTC Vive, and Samsung
Gear can all be modeled as a circle on sphere. Viewports ¢muid different shapes on
2D projected planes. For example, a viewport appears adipsesbn an equirectangular
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Figure 3.3: The model of HMD viewport.

projected plane. Fig. 3.3 presents the viewport model of HMDhe viewer stands at the
center of the sphere. Letand be the yaw and pitch of the HMD viewport center, which
are reported from the sensors equipped by HMDs. Furthermaéet be the diameter
of a viewport in degrees. Therefore, we describe the viepahe spherical space as
fs=(;; ). Themeasuredvalues are about 10QOculus Rift), 67 (HTC Vive), and
67 (Samsung Gear). We use 1060 our experiments if not otherwise speci ed. We note
that the parameters of other HMDs may be derived using ougraxent design.

3.2 Fixation Prediction Networks

The core component of our proposed 3&@reaming server is the xation prediction
network, which is detailed in this section.

The xation prediction network is based on an RNN, which igahie to learn useful
information from a time series of video frames. However,ib&NNs suffer from the
problem of gradient vanishing during back-propagation3]13This prevents the RNN
from learning long-term dependencies effectively. Hernee,chose to use the LSTM
(Long Short Term Memory) network [70]. LSTM solves the pralby using gates in its
neurons, and learns more long-term dependencies among fvadaes.

In this chapter, we propose three neural networks: (i) ¢eigon-based, (ii) tile-based,
and (iii) future-aware. The orientation-based networletathe orientation values of the
past frames, which are read from HMD sensors, as the serstrds. The tile-based
network considers the viewing probabilities of tiles, whitave already been projected
from the raw orientation values, of the past frames as themsdaatures. Both networks
take the saliency and motion maps of the past frames as thentdeatures. Our pre-
liminary study [50] demonstrates the higher predictionusacy and ef ciency of the
orientation-based network compared to the tile-basedar&tw herefore, we extend the
orientation-based network into the future-aware netwotkis chapter. The future-aware
network considers the content features of not only the pastds but also future frames.
This is feasible because all the video frames are pre-storélde server; thus, the content
features can be extracted and saved beforehand.

30



3.2.1 Overview
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Figure 3.4: Our proposed xation prediction networks: (apatation-based network, (b)
tile-based network, and (c) future-aware network.

In addition to the future-aware network, we enhance the oldsvpresented in our
previous study [50] in two ways. First, we reduce the feagampling rate to 1 frame-
per-second (fps). The intuition behind this decision ig tha changes of video content
and viewer orientation are typically small over a short tipegiod. Therefore, although
lower sampling rates may impose small negative impacts edigiion accuracy, they
signi cantly reduce the resource consumption. Second pttogposed networks predict
the viewing probability of each tile within a number of frasnmstead of just a single
frame. The rationale is that in most practical streamingesys, each client asks for a
few consecutive frames in a request. For example, a DASHtaisks for asegmenbf
video frames in each request. Our pilot experiments showthledwo enhancements lead
to: (i) at least three times of training time reduction anydn average 1.4% accuracy
boost, compared to our original networks [50]. We preseatttinee resulting networks
below, while more performance results are given in Sec. 4.6.

3.2.2 Orientation-Based Network

Fig. 3.4(a) presents the orientation-based network. Hiebe the features of framk,
which include the image saliency map, motion map, and vi@sientation. The saliency
maps and motion maps are downsampled to 64x64 to avoid eéxeessnputation loads.
The viewer orientation is the sensor data, which consists gf z, yaw, roll andpitch,
read from HMD sensors. These features are concatenated@mud the network. Lan
andn be the number of past frame samples that contribute theréesatin the network and
the number of the predicted frames, respectively. Wéfet ;, , denote the predicted
viewing probability of tilet within frame sample$ + 1 tof + n. That s, if the tile is
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predicted to be viewed for times within these frames, the predicted viewing probgpbili
of this tile is 7. We collectively write the probabilities of all tiles withiframe samples
f+1tof + nasPs41f+n-

3.2.3 Tile-Based Network

The tile-based network is presented in Fig. 3.4(b). Comptar#uk orientation-based net-
work, the tile-based network replaces the viewer orieotatvith the viewing probability
of each tile. More speci cally, the probabilities of tilelsét are viewed by the viewer are
1's and the others are 0's. Similar to the orientation-basevork, the saliency maps,
motion maps, and the viewing probability of tiles from pasframes are concatenated
as features and fed into the network to predict the viewirgdpability of tiles within the
nextn frames.

3.2.4 Future-Aware Network

Fig. 3.4(c) presents the proposed future-aware networkektended from the orientation-
based network due to its better performance compared tdeHeased network [50]. In
particular, it also takes the future content features ictmoant. That is, the future-aware
network takes the features frofa , to F¢ ., as inputs to predict the viewing probabili-
tiesP¢.1.t+n. The unknown future viewer orientation f&f ,; to F; ., is approximated
with the last received viewer orientation, if not otherwsgeci ed, while more sophisti-
cated extrapolation [168] can also be used.

3.3 Datasets and Network Implementations

We collected a 360video dataset, which contains 50 viewers, each of whom \edttén
360 videos [123]. In this section, we rst summarize the data¥eé next compare the
performance of the proposed xation prediction networksmgshe collected dataset.

3.3.1 Dataset

Fig. 3.5(a) presents the design of our testbed [50], whictsists of: (i) an Oculus Rift
HMD, (ii) the Oculus Software Development Kit (SDK), (iiiln¢ 360 video player (ren-
dering 360 videos in HMD and on a mirrored screen), (iv) the sensor lodgpgesed on
OpenTrack, and (v) the frame capturer based on GamingAmg\fi8].

When a viewer watches a 360ideo as shown in Fig. 3.5(b), the rendered video is
captured by the frame capturer and stored to the disk. Theevie head movements,
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Figure 3.5: Our testbed for collecting our dataset: (apesarchitecture and (b) a photo
of a subject performing the experiments.

including position and orientation, are recorded by theseetogger. Both of them are
timestamped on the same computer. By aligning sensor datdGihaideos, we know
where the viewer is watching at any moment.

We downloaded ten 360videos from YouTube, which are in 4K resolution with a
frame rate of 30 fps. The videos have diverse charactesjstig., computer-generated
versus natural images, and slow- versus fast-paced. Weitext50 viewers for dataset
collection. We played all ten videos to each viewer, whickuted in 50Qtracesin our
dataset. By trace, we refer to a combination of a viewer andl@oviin the rest of this
chapter. For more details about the compositions of the efiewand the format of the
datasets, readers are referred to Lo et al. [123].

3.3.2 Network Implementations

We consider the xation prediction problem ontiles as a mlalbel classi cation problem
and have implemented the neural networks using ScikitiLead Keras. The ground
truth of the xation prediction networks for each tile is th@action of frames containing
the viewed tiles. This fraction represents timportanceof each tile. Using the datasets,
we sample the points within the viewport by projecting theewtation on the sphere to
the equirectangular model. Then, the viewed tiles are thizetecontain some projected
samples. For a single video frame, each tile is either watoheot, i.e., it has a boolean
viewing probability.

We use the traces from 50 viewers to train the proposed tla®eorks. We randomly
divide the 500 traces [123] into two subsets: 80% for tragramd 20% for testing. We
reserve 20% of the training set for validation purpose. Téigvarks are trained to min-
imize thelogarithmic loss also known agross-entropy lossusing Stochastic Gradient
Descent [21] with a learning rate d0 . An early-stop mechanism, which stops the
training once the logarithmic loss is smaller than a givdne/as adopted to speed up the
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Table 3.1: The Performance of the Proposed Models with 1S§dimg Window

The Orientation-Based Network
Parameters Training Set Testing Set
No. LSTM
Dropout | Accuracy| F-Score| Accuracy| F-Score
Neurons| Layers
256 2 F 86.93% | 0.703 | 85.79% | 0.678
512 2 T 88.41% | 0.741 | 87.03% | 0.711
1024 2 T 89.09% | 0.760 | 87.05% | 0.732
2048 2 T 88.11% | 0.733 | 86.67% | 0.702
The Tile-Based Network
Parameters Training Set Testing Set
No. LSTM
Dropout | Accuracy| F-Score| Accuracy| F-Score
Neurons| Layers
256 2 T 84.80% | 0.636 | 83.65% | 0.610
512 2 F 84.68% | 0.632 0.147 | 83.43%
1024 2 F 84.96% | 0.636 | 83.75% | 0.608
2048 2 T 85.15% | 0.643 | 83.90% | 0.614
The Future-Aware Network
Parameters Training Set Testing Set
No. LSTM
Dropout | Accuracy| F-Score| Accuracy| F-Score
Neurons| Layers
256 2 T 88.09% | 0.733 | 86.77% | 0.706
512 2 T 88.99% | 0.759 | 87.62% | 0.732
1024 2 T 89.27% | 0.767 | 87.77% | 0.737
2048 2 F 85.65% | 0.663 | 84.43% | 0.635

network training and avoid over- tting. We consider thedstig window size of 1 and 4
secs to predict the frames in the upcoming second. To obtaioptimal parameters, we
consider the number of neuronsfig56, 512, 1024, 2048 the number of LSTM layers
infl, 2, 3, and the dropout i True, Falsg, where the dropout rate is 0.2.

We note that the predicted probability is a real number betw@and 1, and we use
athreshold to round it to a boolean decision. We refergo as predicted tiles
and the actually viewed tiles agewed tiles We let = 0:5if not otherwise speci ed.
To select the optimal parameters of the three neural nesyevk consider two metrics:
(i) accuracy which is the ratio of correctly classi ed tiles to the uniof predicted and
viewed tiles and (ii)F-score which is the harmonic mean of the precision and recall,
where the precision and recall are the ratios of correctidioted tiles to the predicted
and viewed tiles, respectively.

We nd that the networks with two LSTM layers generally givetter performance,
and thus we report sample 2-layer results with 1- and 4-sdioglwindows in Tables 3.1
and 3.2, respectively. The optimal parameters and resuitedch network are in bold
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Table 3.2: The Performance of the Proposed Models with 458dimng Window

The Orientation-Based Network

Parameters Training Set Testing Set
No. LSTM
Dropout | Accuracy| F-Score| Accuracy| F-Score
Neurons| Layers
256 2 F 86.37% | 0.615 | 83.27% | 0.588
512 2 F 87.91% | 0.729 | 86.43% | 0.699
1024 2 F 86.90% | 0.696 | 85.27% | 0.658
2048 2 F 84.73% | 0.634 | 83.61% | 0.606
The Tile-Based Network
Parameters Training Set Testing Set
No. LSTM
Dropout | Accuracy| F-Score| Accuracy| F-Score
Neurons| Layers
256 2 T 84.62% | 0.629 | 83.49% | 0.604
512 2 F 84.69% | 0.624 | 83.44% | 0.593
1024 2 T 85.00% | 0.634 | 83.73% | 0.603
2048 2 F 84.57% | 0.623 | 83.38% | 0.594
The Future-Aware Network
Parameters Training Set Testing Set
No. LSTM
Dropout | Accuracy| F-Score| Accuracy| F-Score
Neurons| Layers
256 2 F 84.44% | 0.612 | 83.45% | 0.589
512 2 T 88.15% | 0.733 | 86.70% | 0.701
1024 2 F 85.27% | 0.648 | 84.18% | 0.624
2048 2 F 84.80% | 0.636 | 83.71% | 0.610
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fonts. These tables show that the future-aware network ig®haccuracy and F-score
for both sliding window sizes. Besides, with the future-asvaetwork, the 1-sec sliding
window performs slightly better than the 4-sec one (acqut77%> 86.70%), yet
runs 6x faster (69 versus 398 minutebjence, we adopt the future-aware network with
the 1-sec sliding window as our xation prediction network lre trest of the chapter.
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Figure 3.6: Several projection models can be used for 8&{2os, such as: (a) equirect-
angular, (b) cubic, and (c) rhombic dodecahedron.

(@) (b) ()

Figure 3.7: Object detection on the sample image with dffieprojection models: (a)
equirectangular, (b) cubic, and (c) rhombic dodecahedbuly one object is detected.

3.4 Overlapping Virtual Viewports

In this section, we rst introduce the projection models ahscuss how they negatively
affect the performance of CV algorithms designed and traioedD images/videos. We
then propose the overlapping virtual viewport (OVV). We lgpgpVVs on three existing
CV algorithms and report their performance boosts. We thelydpVV to our proposed
xation prediction network. Last, to validate the genetahf our solution, we evaluate it
using additional videos and viewers.
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3.4.1 Projection Models

There are many projection models proposed for 36@eos [37,49] in the literature, and
the commonly seen onkare: (i) equirectangular, (ii) cubic, and (i) rhombic daxhhe-
dron. We present the properties of individual projectiordels in the following.

Equirectangular. As shown in Fig. 3.6(a), the equirectangular projectiornquts the
sphere to aylinder. It introduces large shape distortion at the areas closeles{see
Fig. 3.1(b)), which may result in redundant data transrarssind inferior performance
(for example, accuracy) of the existing CV algorithms.

Cubic. The cubic projection model projects a sphere to a circurnedrcube with six
square faces as shown in Fig. 3.6(b). For each point on thexsplve rst nd the closest
face as its corresponding face. Each face adoptgé@filinear projection, which maps
the sphere surface to a tangent plane, where the points @eetad along with the line
from the sphere center to the plane. In contrast to equingatar, the cubic projection
model preserves the straight lines on each face. Therdfoessubic projection model
results in no pole distortion, and reduces about 25% of the slae [109]. However, for
lines or objects that span multiple faces, they are unnijtuoa poorly, segmented at the
face boundaries.

Rhombic dodecahedron. The rhombic dodecahedron projection model adopts 12
equal-size spherical rhombuses. Fig. 3.6(c) shows thdarmten of the rhombic dodec-
ahedron, which is an octahedron with a cube embedded in ib. divthe four corners of
each rhombus are from the cube, while the other two are frenottahedron. We can
project the rhombic dodecahedron to a sphere surface usmmanic projection, which
Is a superset of rectilinear projection that does not liitmé tegree to 90 One way to
project pixels to the rhombic dodecahedron is to used that giecle subdivisions [61].
While the rhombic dodecahedron projection model does ndeérstrom noticeable dis-
tortion, it incurs higher computational overhead.

For the sake of understanding the distortion level, we useQ@D00 [173] to perform
object detection on different projection models. Fig. hdves sample object detection
results with: (i) equirectangular, (ii) cubic, and (iii)aimbic dodecahedron projection
models. This gure shows that only a single object is deteéciEhis can be attributed to
shape distortion and poor segmentation.

INote that researchers and companies continue proposingugection models for better coding ef-
ciency. Most projection models suffer from some shapeatison and/or ill-segmentation, similar to the
representative models presented here.
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Figure 3.8: Examples of the OVV: (&s; d,) = (30 ;60 ) and (b)(ds; d,) = (45 ;90).
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Figure 3.9: Object detection on sample virtual viewportOMV: (a) (yaw, pitch) =
(315, 90), (b) (yaw, pitch) = (0, 90 ), and (c) (yaw, pitch) = (9Q 90 ). More objects
are detected with OVV, compared to Fig. 3.7.

3.4.2 Overlapping Virtual Viewport (OVV)

We propose to leverage OVV to cover the whole sphere spacetedarn CV algorithms
designed and trained for 2D images/videos applicable to @i6@os. A virtual viewport
IS a square tangent to a point on the sphere surface. OVV isadebyd, andds, where
dy represents the viewable angle at the equator of each vwteafport, andds is the
sampling angle of virtual viewports. Botl, (size) andds (density) are in the unit of
degrees. Fig. 3.8 illustrates example OVVs w(th;d,) = (30 ;60) and(ds;d,) =
(45;90). In the gure, we only plot two sample virtual viewports fordvity. However,
each intersection point on the sphere surface is the ceheewvtual viewport, which
Is tangential to the sphere at that point. Therefore, ea¢h 8phere ha%?@ virtual
viewports.

OVV eliminates the shape distortion and poor segmentatyor{ipextracting virtual
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Figure 3.10: Our proposed OVV improves the performance efpite-trained CV algo-
rithms: (i) saliency detection, (ii) face detection, ang @ibject detection.

viewports, which are the actual views seen in HMDs, and {i@reampling (overlapping)
virtual viewports to increase the chance for CV algorithmglentify, for example, ob-
jects. Fig. 3.9 shows the sample results of detecting abjeith OVV, which gives more
recognized objects than the original approach reportedgn3-7.

3.4.3 Validations with Real Computer Vision Algorithms

We consider three representative CV algorithms: (i) salieletection, (ii) face detection,
and (iii) object detection. In the following, we describesle algorithms and report the
bene ts of applying OVV with ¢s,d,)=(45 ,90 ) on them. The ten videos used for vali-
dation are from the dataset mentioned above [123], and thengrtruth is tagged by our
group.

Saliency detection[20] calculates the attraction level of each image pixelisTdan
be done based on analyzing image contrast, detecting sppad locating outstanding
and meaningful parts of images. We adopt a pre-trained degfp-level network [40]
that takes low- to high-level features to perform salienejedtion with diverse projec-
tion models. To compare the performance of the saliencyctietgalgorithm on different
projection models, we usteue viewports from our traces to quantify the quality of the
resulting saliency maps. For each projection model, we abre the detected saliency
map so that the sum of the saliency values is 1. Then we surheallétected saliency
values within theactual viewport at each frame of each projection model, and refer to
it as thesaliency scoresFor OVV, we perform saliency detection on individual vatu
viewports and normalize the overlapped regions amongalisiewports for fair com-
parisons. Fig. 3.10(a) plots the total saliency scores 96 con dence intervals under
different projection models. This gure shows that OVV gealyy has higher saliency
scores than other projection models. Besidespthalue from the one-way analysis of
variance (ANOVA) test is only 0.012 ( 0:05), which shows the statistic signi cance of
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the performance difference.

Face detection[69] overlays rectangles that contain human faces on images
can be done by rst extracting features and then performasgades detection, which is
to check the features with classi ers stage-by-stage. @meehecking process fails at a
stage, it terminates. A face is detected only if all stagespassed. We implement face
detection based on Haar Cascades classi er using OpenCV [#dpvgcaleFactor of 1.3
and a minNeighbors of 5. We perform face detection on 3 (od0dfvideos that contain
people. We record the number of correctly detected faceadt projection model and
plot the total number of each video in Fig. 3.10(b). This gwhows that OVV detects
up to 300 more faces compared to other projection models.

Object detection[64] highlights the regions that contain real-world obgg&uch as
dogs, bicycles, and chairs. We adopt the YOLO9000 networB][which is trained by
ImageNet [46] and COCO [120] datasets, and is able to recogmize than 9000 objects.
We apply YOLO9000 on the ten videos from the dataset, andrgenéhe annotated
videos with different projection models and OVV. We repbse torrectly detected results
in Fig. 3.10(c). This gure clearly demonstrates that OV\grsicantly increases the
number of correctly detected objects. Note that all prage@ctnodels detect no objects in
videos 6 and 7 since these two videos is of landscapes andraBsgavhich have almost
no real-world objects.

In sum, the performance of the existing CV algorithms desigaed trained for 2D
images/videos are improved by our proposed OVV, which isi&dmpproach to apply
them on 360 videos. In the next section, we integrate OVV into our pr@gmbxation
prediction network.

3.4.4 Fixation Prediction with OVV

We perform saliency detection on virtual viewports, anttktthe saliency maps of virtual
viewports into one image for each frame. The stitched sajienaps then replace the
original equirectangular saliency maps as the inputs ofxagon prediction networks.
We consider two different con gurations of OVV: (i), d,)=(30, 60) and (ii) (ds,
dy)=(45, 90). We then train the proposed neural network using these tM\ Setups,
and report the sample results in Table 3.3. The optimal patersiand results are in bold
font. This table shows that the performance of the futurarawetwork with OVV is
better when ds,d,)=(30 ,60 ). Moreover, it outperforms the equirectangular projattio
model in terms of accuracy and F-score reported in TableThas, we adopt OVV with
(ds,dy)=(30,60 ) as the xation prediction network in the rest of this chapte
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Table 3.3: The Performance of the Future-Aware Network @ih/

(ds; dv) = (30 ;60)

Model Parameters Training Set Testing Set
No. LSTM
Dropout | Accuracy| F-Score| Accuracy| F-Score
Neurons| Layers
256 2 F 87.31% | 0.714 | 86.03% | 0.686
512 2 F 82.57% | 0.602 | 81.54% | 0.582
1024 2 T 89.22% | 0.764 | 87.71% | 0.733
2048 2 T 89.72% | 0.778 | 87.93% | 0.742
(ds;dy) = (45 ;90)
Model Parameters Training Set Testing Set
No. LSTM
Dropout | Accuracy| F-Score| Accuracy| F-Score
Neurons| Layers
256 2 F 86.71% | 0.702 | 85.35% | 0.674
512 2 T 84.83% | 0.647 | 83.59% | 0.620
1024 2 T 88.36% | 0.745 | 86.94% | 0.716
2048 2 T 88.63% | 0.753 | 87.09% | 0.722

3.4.5 Validation with Additional Videos/Viewers

To understand the generality of our proposed predictionehode validate our trained
model with additional videos and viewers.

Setup. We perform prediction on ve new 360videos downloaded from YouTube
at 3840x1920 resolution and 30 fps. We cut them into the samgth of 30 seconds.
Table 3.4 lists the considered videos. We recruit 30 vievbetsveen 19 and 28 years
old. Among them, about 2/3 are males. All viewers are askddetely watch the ve
videos in random order. The viewer orientation is logged mitieey are watching the
videos. We consider Ban et al. [12], which is introduced in.Se4, as our baseline,
and call it CUB366. Because CUB360 employs KNN for prediction, we perform 3-fold
validations on CUB360, where 10 viewers are used as the tesgingnd 20 viewers are
used as the KNN inputs. For our prediction network, we usentbeel derived in the
previous section to predict the viewing probabilities aofleéle on all the traces from the
30 viewers viewing the ve videos. We note that the comparssgive CUB360 a slight
edge of peeking into the new videos/viewers.

Results. Table 3.5 reports the performance in accuracy and F-sco@ufgproposed
prediction network and CUB360 under differéQtnearest viewpoints selection. To be
conservative, we grid-search on the thresholds to roungrbieabilities to Boolean de-
cisions and report the absolutely optimal solution of CUB360dachK value. This

2While we also want to consider Nguyen et al. [145] as anotheelbae, we couldn't do so because
some of their parameters had not yet been made public aintieeoti writing.
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Table 3.4: Validation Videos

Video Time Interval Link
Snow Boarding 01:30-02:00 | https://goo.gl/2H4RxM
Elephants 00:50-01:20 | https://goo.gl/aejCVM

Sharks 00:05-00:35 | https://goo.gl/BUEBGY
CERN 01:50-02:20 | https://goo.gl/68gDAZ
London 00:40-01:10 | https://goo.gl/YRN1KN

Table 3.5: The Performance of Different Prediction Algamis

Prediction Algorithm | Accuracy | F-Score

Our 81.8% 63.1%
K=0 73.1% 31.0%
K=2 73.0% 53.4%
CuB360
K=5 73.0% 54.3%
K =10 72.2% 54.6%

table shows that although CUB360 referencesthrearest viewpoints from other view-
ers on the same video, our prediction network still achieddsast 8.7% higher accuracy
without peeking into these traces.

The results demonstrate the generality of our proposedorgirediction network. In
terms of CUB360, increasing does not always improve the performance. This is be-
cause other viewers' xation may be misleading, since défé viewers may have quite
diverse viewing behavior. In contrast, our proposed xatmediction network is trained
with other 360 videos and also takes the current viewer's past orientatittnaccount.
This makes our prediction algorithm more robust. In additio CUB360, Nguyen et
al. [145] also propose a head movement prediction netwangusSTM, which employs
the same network architecture as our preliminary study, @w@]le introducing three im-
provements as we detail in Sec. 2.4. While we are not able tgaoemwith their work,
applying their enhancements in our systems would likelysboar performance further.

3.5 Evaluations

In this section, we evaluate the performance of our 36@eo streaming system with the
future-aware network and OVV. We conduct the evaluatioreuth simulations, because:
(i) the viewer behavior can be repeated for fair comparisomeng different algorithms,
and (ii) more traces/subjects can be leveraged at a rdiatoxger cost.
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Figure 3.12: The bandwidth consumption in different netsarith different target miss-
ing ratio: (a) =1%. (b) =5%, and (c) = 10%.

3.5.1 Implementations

We have implemented two other prediction algorithms usiyipéh: (i) Cur, which uses
the current orientation as the prediction in the next segraed (ii) Dead Reckoning
(DR)® [168], which computes a weighted moving average of the vi@sientation veloc-
ity for prediction. We have implemented a simulator using ®ased on NS-3 [151] and
the DASH simulator [152]. We modify the simulator to read tkal traces of viewing
360 videos, which contains sizes of the transmitted tiles. Wel@ment our proposed
xation prediction network and the other two baseline algons in the xation predic-
tion algorithm as shown in Fig. 3.11. In addition, there are more components: (i) the
request generator, (ii) the request handler, (iii) the wisteamer, (iv) the video receiver,
and (v) the video player. The request generator reads theswigaces and invokes one
of the prediction algorithms to generate requests. Theastdwandler parses the received
requests. The video streamer encapsulates the tiles iot@{zaand sends them to the
video receiver. After the video player reaches an initidfdning time and receives a suf-
cient number of segments, the video is played until thereassegment available in the

3There are two variants of DR prediction: based on the pasicitgl or on both past velocity and
acceleration. We implement the DR algorithm based on thevgdscity in our simulations, following a
related work [168].
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receiving buffer. If a segment is not received in time, a fidring event is logged and
the player pauses the video until the next segment is rateive
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Figure 3.13: The unseen ratio under different target mgssatios.
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Figure 3.14: The total rebuffering time under: (a) diffdareetworks and (ii) different
initial buffering time.

3.5.2 Setup

We use all the traces from the testing set (see Sec. 3.3)a@8&stin total, to drive our sim-
ulations. We encode these videos into 20x10 tiles, wherk glgchas 192x192 pixels,
with a QP of 28 using Kvazaar [204], and divide them into 1 sssgments using MP4Box.
We assume that the network bottleneck is at the client sidgetore, we repeat the sim-
ulations with three access networks: (i) ( xed) Broadbamdl WiFi, and (iii) 4G cellular
network. We consider the average bandwidth (latency) oabieve networks in our sim-
ulator as 43.2 (3 ms), 37.1 (10 ms), and 12.7 (40 ms) Mbpseosisply, following white
papers [34,157]. To accommodate the latency caused by retvaad protocols, we run
xation prediction algorithms a couple of secoridghead of the current playout time.
We consider the following performance metrics:

“Increasing it to 4 seconds or reducing it to 1 second resuligilar results.
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Missing ratio. The fraction of unavailable tiles at the client over all sildhat are
watched by the viewer. A higher missing ratio leads to murkes(missing tiles)
in the 360 videos.

Unseen ratio. The fraction of the tiles at the client that are not watchedHhwsy
viewer over all transmitted tiles. Higher unseen ratio@adies more wasted network
resources.

Bandwidth consumption. The consumed bandwidth used to stream the predicted
tiles.

Peak bandwidth. The peak bandwidth consumption due to streaming the peztlict
tiles.

Video quality. We employ the objective quality metric V-PSNR, which is prepd
for 360 videos [227] and adopted by JVET [84]. V-PSNR is essentihiéyPSNR
value of a viewer's viewport. We use the ground truth of viewtp in the datasets
to calculate V-PSNR values.

Total rebuffering time. The total rebuffering time throughout each 1-min playout.

Some pilot simulations reveal that the missing ratio is tronal for our and the base-
line solutions: more than 15% missing ratio is observed. d@tactical, we augment
our solution to ensure sub-missing ratio by adjusting, wheretarget missing ratio

2 f 1% 5%; 10%g. The default is 10% if not otherwise speci ed. For Cur and DR,
we iteratively add new tiles at the edge of predicted tiles §g; and pr times to accom-
modate the inferior missing ratio, respectively. Besidas nmissed tiles are assumed to be
concealed by replaying the last received tiles during vidlegback. In the next section,
we report the simulation results with 95% con dence intéswahenever applicable.
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Table 3.6: Video Quality under Different Prediction Algihwins (V-PSNR in dB)

Missing Ratio 1% 5% 10%
Predi.ction Min. | Avg. | Max. | Min. | Avg. | Max. | Min. | Avg. | Max.
Algorithm

Cur 38.62| 42.03| 47.58| 38.63| 42.03| 47.58| 38.62| 42.03| 47.58
DR 38.70| 42.05| 47.64| 38.70| 42.05| 47.64| 38.70| 42.05| 47.64
Our 38.39| 42.08| 47.89| 37.24| 41.63| 47.27| 36.11| 41.11| 46.66

Table 3.7: Consumed Bandwidth under Different PredictioroAithms (Mbps)

Missing Ratio 1% 5% 10%
Prediction . . .
. Min. | Avg. | Max. | Min. | Avg. | Max. | Min. | Avg. | Max.
Algorithm
Cur 21.11| 23.99| 24.42| 21.11| 23.99| 24.42| 21.11| 23.99| 24.42
DR 21.13| 24.02| 24.23| 21.13| 24.02| 24.23| 21.13| 24.02| 24.23
Our 17.13| 21.88| 24.10| 14.08| 18.04| 22.23| 12.26| 15.85| 20.48
3.5.3 Results

Our xation prediction network consumes less network bandwdth at any target
missing ratio. To meet 2 f 1% 5%; 10%g, c. and pr are set to 1, which leads to
= f0:008 0:027 0:053y, respectively. We plot the bandwidth consumption under dif
ferent networks with different values in Fig. 3.12. In this gure, Cur and DR show high
bandwidth consumption. On the other hand, with properlgael , our xation predic-
tion network can reduce about 2, 6, and 8 Mbps in bandwidtlswaption compared to
Cur and DR in Broadband and WiFi networks. Note that the avalbbndwidth of the
4G cellular network is too limited, and is used up no matteicwlalgorithm is adopted.

Fig. 3.13 plots the unseen ratio under different target imgsgatios . This gure
shows that our xation prediction network reduces the unsegio by 5%. The reduction
becomes 10% and 15% wherrs 5% and = 10%, respectively. In summary, Figs. 3.12
and 3.13 show that our xation prediction network consuness lbandwidth due to fewer
unseen tiles.

Our xation prediction network leads to shorter rebufferin g time. We plot the
total rebuffering time under different networks in Fig. &4&). This gure shows that all
considered prediction algorithms lead to no rebufferingngn the Broadband and WiFi
networks. However, the rebuffering events occur in all tbasidered prediction algo-
rithms under bandwidth-limited 4G cellular networks. Itierth noting that our xation
prediction network has shorter rebuffering time than ottigorithms in 4G cellular net-
works: up to 40 second reduction. Fig. 3.14(b) presentsdta tebuffering time under
different initial buffering time in 4G networks. This gurehows that the rebuffering
time is reduced as the initial buffering time increases. ey, the total rebuffering time
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Figure 3.16: The relation between video quality and bantwabnsumption observed

under individual traces in WiFi networks.

is still non-negligible to the 60-sec streaming sessionis Tidicates the importance of
rate adaptatiorfor streaming systems. In our future work, we may choose ideates
for the selected tiles that have lower predicted viewingoptulity to further reduce the
bandwidth consumption.

Our xation prediction network requires less available bandwidth to avoid re-
buffering events. To understand the minimum available bandwidth requiredvimda
rebuffering events without rate adaptation, we conductitions under different avail-
able bandwidths and plot the results in Fig. 3.15. This gah®ws that our xation
prediction network gets rid of rebuffering events while #wailable bandwidth is higher
than 25 Mbps, which is approximately 10 Mbps less than otlygarithms. We note that
a survey [157] reports that the mean available bandwidthG€dllular networks is less
than 15 Mbps in North America. Hence, we do not consider 4@ileglnetworks in the
rest of this chapter. The limitation of the current 4G caltuhetworks are likely to be
lifted in the future, as 4G/5G cellular networks continuativance.

Our xation prediction network achieves comparable video quality at lower band-
width consumption. We dig a bit deeper and report the minimum, average, and masim
of video quality of the considered prediction algorithmsTable 3.6. This table shows
that our xation prediction network has comparable vide@lify compared to other al-
gorithms. The minimum, average, and maximum of the consumaedwidth are given
in Table 3.7, which shows that our algorithm consumes lesdWwalth. Combining these
two tables, we observe that, with= 1%, our prediction network saves about 9% of the
bandwidth, while achieving similar video quality. In addit, it reduces about 8 Mbps
in bandwidth consumption while only sacri cing less thanB dideo quality on average
when = 10%. Fig. 3.16 plots the video quality of individual traces frathviewers in
WiFi networks. This gure shows that our solution leads te foints located at the left
to the points from other solutions, which con rms the abobservations.
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Table 3.8: The Training Time in Minutes

No. Neurons 256 512 1024 2048
Dropout T F | T F T F T F
105|109 | 78| 108 | 120 | 125| 67 | 103
47 | 50 | 95| 59 | 50 | 71 | 89 | 83
83 | 105| 47| 77 | 119| 65 | 123 | 69

No.
Layers

150

=
o
o

Prediction Time (ms)
o1
o

o

20 40 60
Time (s)

o

Figure 3.17: The prediction time from a sample trace.

Our xation prediction network has short training and predi ction time. We run
the training and prediction process on an Intel 32-core Xs=waer with a Nvidia 1080Ti
GPU. We report the training time of each parameter settinfainle 3.8. We note that
some training sessions take less than 1 hour. This may bleuattl to the early stop
(see Sec. 3.3) adopted by the training process. Fig. 3.13 thle prediction time from a
sample trace. This gure shows that the prediction time efriext segment is always less
than 90 ms for this trace. The average and maximum running tomeach prediction
across all testing traces are 88.74 ms and 124 ms, respgciwech are relatively short
compared to, for example, 2-sec segments.

Table 3.9: The MOS and Consumed Bandwidth from Three Sampté=3ra

MOS Bandwidth (Mbps)
Cur | DR | Our | Cur DR | Our
Roller Coaster| 3.14 | 2.86| 2.86| 24.35| 24.33| 15.32
Hog Rider 3.43| 3.43| 3.43| 24.18| 24.21| 13.32
SFR Sport 3.14| 3.00| 3.29| 24.19| 24.25| 13.71
Average 3.24| 3.10| 3.20| 24.24| 24.26| 14.12

Trace
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Figure 3.18: The missing ratio of our prediction algorithm the considered random
traces. Roller Coaster, in general, suffers from higher missatio.

3.5.4 A Small-Scale User Study

We conduct a user study to understand the correlation batWdtSNR and user experi-
ence. We randomly select three sample user traces (onedovekeo category) from the
testing set (see Sec. 3.3). The considered videos are: (grR@baster, (i) Hog Rider,
and (iii) SFR Sport. We use our prediction algorithm and bhaselgorithms to predict
the xations with a missing ratio of < 10% No error concealment is performed. For
each prediction algorithm, we generate viewport videomftbe predicted tiles accord-
ing to the sensor data (yaw, roll, and pitch) from the trackens the viewports are in
1066 1066 resolution (equivalent to 100100 ). In total, nine (three traces with three
prediction algorithms) viewport videos are generated. gy the viewport videos to
seven subjects, who provide user experience scores in therst] -— 5 (best) scale. We
disable the inertial sensors on the HMDs, so that all subjeatch exactly the same view-
port videos following the head movements of the sample uaeet For each pair of the
trace and prediction algorithm, we compute the MOS acrossiler experience scores
from all subjects.

We report the MOS and consumed bandwidth in Table 3.9. Thie tshows that,
compared to the baseline algorithms, our solution achieegssimilar average MOS for
all sample videos, yet saves about 41% bandwidth on aveTdggtable also reveals that
our prediction algorithm suffers from an inferior MOS scosgéth Roller Coaster, than the
Cur algorithm. We plot the missing ratio of our algorithm oe tonsidered three traces
over time in Fig. 3.18. This gure shows that our algorithradis to higher missing ratio
on Roller Coaster compared to the other two traces. A deepestigation shows that the
higher missing ratio is due to the higher maximum head mategpeed in Roller Coaster
trace. More precisely, it is about 35.37 degree/s in yawctliva, which is higher than
that of other two traces by up to 14 degree/s. In particuter,nhaximum rotation speed
occurs at 50 s, which is inline with the peak (highlightedntte circle) in Fig. 3.18. We
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cross check the V-PSNR values of Our and Cur algorithms witheR@oaster: which
are 34.37 and 38.35 dB, respectively. The V-PSNR values argistent with our MOS
results.

In summary, our preliminary user study results (about 40%dbadth saving) are
inline with our earlier experiments using V-PSNR. Our usedgtalso reveals that im-
proving the xation prediction accuracy for even lower migs ratio is important. It
Is, however, possible to cope with the imperfect xation giction using some innova-
tive networking tools. For example, some studies [224, 2&@&rage emerging network
protocols, such as HTTP/2 and QUIC [110], to stream crittdak over high-priority
concurrent streams, in order to avoid missing tiles (holes)

3.6 Conclusion

360 video streaming has become increasingly popular. Howdwegextremely large le
sizes impose high loads on networks. In this chapter, weqa®fo leverage both sensor
and content features to predict the viewing probability actetile in future frames, in
order to reduce the network loads and improve the video tyu&8everal novel enhance-
ments are proposed to improve the prediction performancéyding generating virtual
viewports, considering future content, reducing the femsampling rate, and training
with larger datasets. We conduct extensive simulationsgusgal traces to quantify the
performance of our proposed solution. The evaluation tesilow that, compared to
other algorithms, our proposed xation prediction netw@ghieves comparable video
quality while: (i) saving about 8 Mbps in bandwidth consumptand (ii) cutting the re-
buffering time by 40-sec. Besides, our proposed predicteiwark estimates tile viewing
probability in almost real-time.
There are some limitations in this work:

The predicted viewing probabilities are at the tile levehefefore, the prediction
results are only compatible with fewer tiles (larger resiohj). This may be solved
by training the network with the smallest resolution of that is generally suitable
for tiled 360 video streaming.

The prediction accuracy degrades as the length of the pi@diwindow increases,
which is faced by all xation prediction works. This may belsed by adaptively
adjusting the threshold according to the length of the texi window.
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Chapter 4

Production Optimization: Optimal
Laddering

Although our xation prediction network in Chapter 3 sucdedly predicts the tiled seg-
ments that will be viewed by the viewer in the future, theriean only request the rep-
resentations of the tiled segments that are generated ptddaction phase. Hence, the
optimal ladderingproblem is crucial to determine the encoding ladder thaegess the
representations for maximizing the overall viewing gyabf clients without exceeding
the storage limit on the server. Although the optimal laddgproblem has been studied
for conventional videos [143, 177], solving the same probfer tiled* 360 videos [51]
to HMDs is much more challenging for a couple of reasons. tFHine extremely high
resolution of 360 videos consumes much more storage space than conventideaby
Second, the optimal ladders may be different among tilehefsame video. This is
because each tile may have different complexity levels aading probabilities. For ex-
ample, the tiles that are frequently viewed (e.g., the maieground objects) may need to
have higher quality levels than those tiles that are rarilwed (e.qg., straight up/down).

In this chapter, we study the optimal laddering problemifedt360 videos to HMDs
in the production phase. This is different from the majooityhe prior work on designing
ABR algorithms for tiled 360videos [5,147,161,164,167,216,226], where the viewing
quality of each client in the delivery phase is maximizedemalgivenencoding ladder.
To the best of our knowledge, Ozcinar et al. [160] is the ontykathat also computes the
encoding ladder for 360videos. However, their solution allocates an even bitratalit
tiles and assumes that all tiles have the same complexigy & viewing probability. In
contrast, we consider a more general setup, which congigts éollowing:

1The modern HEVC codecs [134] spatially divide a video intaber rectangular subvideos, referred
to as tiles, which can be independently streamed and decddes are essential for 36@ideo streaming,
in which HMD viewers only watch small portions of the wholedB&ideos at any moment.
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Video modelwhich maps the encoding con gurations (i.e., QP in thisptkg to
expected video distortion levels and bitrates. The videdehoaptures the com-
plexity levels of individual tiles of each video.

Viewing probability which quanti es the chance of each tile being viewed by HMD
viewers. The viewing probability can be estimated fromdristl data of other
HMD viewers or computed using xation prediction algoriterfb0, 52]. We take
the former approach in this chapter if not otherwise speti e

Client distribution which represents the fraction of clients with differentamts
of available bandwidth. The clients with the same availdaledwidth are consid-
ered in the same bandwiddhassin our problem.

Fig. 4.1 shows an illustrative example of our optimal ladugproblem, in which we al-
locate more resources to the tiles with higher complexitgleand viewing probabilities
(e.g., with smaller QP values) and to the representatiomgylwequested by more clients
(e.g., with larger storage space). The eventual goal is &immze the overall viewing
quality in the delivery phase.
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Figure 4.1: An illustrative example of the optimal ladderproblem.

To solve the optimal laddering problem, we leverage thedéhand-conquer approach
to decompose the problem into two subproblems: (i) pers@asimization and (ii) global
optimization. The per-class optimization problem focuseghe optimization for each
class with a given available bandwidth. We formulate thislyem into a convex opti-
mization problem [23] considering video models and viewprgbability. We solve it
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using a suite of mathematics tools, such as Lagrangian phaitiand rounding, in the
Rate-Distortion Optimization (RDO) fashion [192]. Howewde complex video models
result in non-negligible computation overhead. Thus, ve® @ropose a more ef cient
greedy algorithm that iteratively sets the encoding comagions of individual tiles. For
the global optimization, the goal is to adjust the solutioonf the per-class optimiza-
tion to meet the overall storage limit. In this problem, thert bandwidth distribution is
considered when optimizing the overall viewing qualityass all clients at the given stor-
age limit. We have also proposed two algorithms for globdinojzation. One of them
runs more ef ciently and the other one offers better videalgqy We have conducted
experiments on a real testbed to evaluate our proposedtalgsy compared to the state-
of-the-art algorithms. We then recommend a combinationuofpsoposed algorithms to
ef ciently solve the optimal laddering problem while achieg high viewing quality.

4.1 System Overview
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Figure 4.2: System overview of our considered 38deo streaming system.

Fig. 4.2 details our considered streaming system for tigd ¥ideos. The compo-
nents are introduced below.

Encoding ladder optimizer determines the optimal encoding ladder under the stor-
age limit. The resulting ladder is then used for encodingited-segments.

Tiled-segment encodeon the production server compresses and splits the videos
into tiled-segments. Each tiled-segment is a tile acrodsipfeiconsecutive video
frames. Tiled-segments are the basic streaming units #rabe independently
encoded and decoded.

Video databaseon the streaming server stores the encoded tiled-segnudiots
ing the encoding ladder. The video database also stores BRi2 (WMedia Presen-
tation Description) les, which provide the meta-data oé tlepresentations to the
clients.

MPD parser on the client parses the MPD les from the server to get the pirap
between representations and URLSs.
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Tiled-segment handleron the client sends the requests and receives the incoming
tiled-segments. It also implements ABR algorithms for sahgthe tiled-segments.

Tiled-segment decodeion the client decodes the received tiled-segments for the
HMD viewers.

The interactions among these components are as followsheApitoduction server, raw
360 videos are encoded and segmented into tiled-segmentsdatgdo the encoding
ladder computed by the encoding ladder optimizer. Thesd-8egments and the MPD
les are stored in the video database on the streaming seliverach streaming session,
the MPD parser parses the MPD le for the meta-data of theltdegments. The tiled-
segment handler then adaptively requests videos frombasing server. The streamed
tiled-segments are decoded by the tiled-segment decodérdddMD viewers.Among
the above components, the encoding ladder optimizer (shatbek in Fig. 4.2) is the
core component studied in this chapter, which will be detaitethe remaining sections.

4.2 Optimal Laddering Problem

In this section, we rst describe our research problem, Wwhgcfollowed by the system
models and problem formulation. Table 4.1 summarizes thesys used in this chapter.

4.2.1 Problem Statement

Our research problem can be described as follows. Given a\A@60 server with a
storage limit ofS, each 360 video is divided intoT segments, where each segment is
further divided intoN tiles. We classify the clients intG classes based on their available
bandwidthh.. A classc client has a probability of,.. to watch videov. In particular,
fue = WY wl wY denotes the video populari:ty am¢f denotes the fraction of clients
at bandwidth class, where ', w! = 1 and &, w? = 1. Letn denote the tile
number and) denote the encoding @PThe goal of the encoding ladder optimizer is to
make two sets of decisions to minimize the overall viewingtalition. First, the tiles
and their representations stored on the streaming sereer tocbe determined. These
are captured by the Boolean variablgs..., 2 f 0;1g, wherev denotes the videq,
denotes the segment numbergienotes the tile number, amgddenotes the encoding QP.
Yving = 1 if and only if videoV's tiled-segmen(t; n) has a representation with QP
stored on the streaming server. Second, the tiles and #@esentations that are planned

2We focus on controlling QP for rate control, while other paegers may be used as well. For example,
studies in the literature propose to employ the Lagrangiattipier [113, 114, 210] instead of QP to
control the video quality for higher rate control accuracy.
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Table 4.1: Symbol Table

Symbol | Description

\% Number of videos

Number of bandwidth classes

Number of segments

Maximum of available QP values

C
T
N Number of tiles
Q
S

Storage limit on server

Probability of client in bandwidth classwatching
videov (client distribution)

Pv:tn Viewing probability of tilen at segment for
=p videov

an Area scaling factor of tile

Xvitncq | Whether tilen with QP g at segment is selected
= X.q | tobe transmitted in bandwidth classvatching videos

Yving | Whether tilen with QP g at segment watching videos
=y, |isselectedto be stored on the server

Dv:tn Maximum distortion of tilen at segment of
= videov

dv:tn (Q) | Distortion of tilen with QP q at segment of
= d (qg) | videov (distortion model)

rven (0) | Bitrate of tilen with QP g at segment of
=r (g) | videov (bitrate model)
b Available bandwidth of bandwidth class

to be streamed to the clients need to be determined. Thesajpiteed by the Boolean
variablesXy.tn.c.q 2 f 0; 19, wherexy..n.c.q = 1 if and only if the representation with QP
g of tiled-segmen(t; n) is streamed to classclients who watch videw. We use to
represent\(;t;n) and = f(v;t;n)jv 2 [L;V];t 2 [1;T];n 2 [1;N]g to denote all
possible 3-tuples in the remaining chapter for brevity. &mmple, we interchangeably
write Yy.tnqg andy.q as well aXy.tn.c.q andx .c,q if they do not cause any ambiguity.

Table 4.2: The AdjR? of the Video Models for the Considered Videos

Video Mega | Roller Shark Hog | Chariot | SFR

Coaster | Coaster | Shipwreck | Rider | Race | Sport
MSE 0.99 0.99 0.99 0.99 0.99 0.93
Bitrate 0.99 0.99 0.99 0.99 0.99 0.99

4.2.2 Video Models

We letd (g) andr () be the distortion and bitrate models, which are function®Bs.
The video models allow us to estimate the viewing quality @masumed bandwidth when
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solving the optimal laddering problem. To understand traperties of the models, we
divide videos from a public dataset [123] into 8 tiles and encode them multiple times
with different QPs inf 1; 8; 14; 20, 26, 32, 38; 44; 51g using Kvazaar [204]. The MSE
and bitrate of each tile under these QPs are measured. Weiskghe measured results
to estimate the model parameters. Several possible fursctan be adopted for the
models, such as linear, power, and exponential functions.pllot tests indicate that the
linear function has the worst modeling performance. In@stt the distortion and bitrate
functions can be well modeled by the power and exponentradtions, respectively. Our
ndings are inline with other empirical models [28] with gnininor differences. Speci -
cally, we write these two models as:

d(@= 9% + ¢ (4.1)
r(@= "e'® (4.2)
In the models, 4, 9, 9 " and " are model parameters. We t the distortion and

bitrate models for individual tiled-segments. We plot th&BMand bitrate of a sample
tiled-segment fronMega Coastein Figs. 4.3(a) and 4.3(b) under different QPs. These
gures reveal that Egs. (4.1) and (4.2) are reasonably atepas the curves closely follow
the samples. We also encode the tiled-segment with sedtdilcnal QPs to evaluate the
accuracy of the resulting models. We mark thadditional samplesn the gures with
circles, which are also close to the model curves. We ndtae gures from video models

of other tiled-segments are similar, and are left out dudedimited space. The average
adjustedR? of the distortion and the bitrate models are reported ind4k2. This table
con rms the accuracy of our video models. The power and egptal models are both
convex functions. This property is utilized by our solutijgmoposed later.

4.2.3 Problem Formulation

The optimal laddering problem is quite hard to solve. We gieeproof of the following
lemma in Appendix 4.8.

Lemma 1. The optimal laddering problem is NP-hard.

We formulate the optimal laddering problem into an Integerelar Programming
(ILP) problem. The decision variables of our formulatioe ar.; andy.,. When pro-
jecting tiles of the 2D reconstructed videos to the 3D spfargenerating the viewports,

3 Instead of 360 video quality metrics, we use the MSE of individual tiles teagtify the distortion of
the video. This is because our problem is to determine theaies of individual tiles, i.e., at the tile level,
while 360 video quality metrics are at thedeo level Nonetheless, we employ 36@peci ¢ metrics,
e.g., V-VMAF, to quantify the overall video quality in oura&uations. We note that, in addition to MSE,
other quality metrics at the tile-level may be adopted, agRSNR or QoE models [226].
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Figure 4.3: Sample video models: (a) MSE over @P(¢)) and (b) bitrate over QP
(r (@)

different sphere areas are covered by each tile (mainly @déferent latitudes). To ac-
count for this, we let, be the area scaling factor of titg which is de ned as the ratio
of the area of tilen to that of the whole 3D sphere. Concretely, weAgtbe the area of

tile n on the sphere, wherte n  N. We then write the scaling factay, asp,f#A_.
i=1 1

A larger a, value indicates that tile affects the resulting viewports more. Note that
without incurring ambiguity, we interchangeably wrde anda,; we denea = a,,
where = (v;t;n) asais different only whem changes. Similarly, we ldt.. = f,.,
where = (v;t;n). With the notations de ned so far, we write our problem as:

X X X
min fepa d (DX cq (4.33)
c=1 2 gq=1
R
st Iv:tn (q)Xv;t;n;c;q be c2[L;Clv2[L;V;t2[L;T]; (4.3b)
n=1 gq=1
X R
r(dy,q S (4.3c)
2 g=1
Xca Y c2[LClq2 [L,QL 2 (4.3d)
i)
Xieq =1 c2[LCL 2 (4.3e)
q=1
Xq 20,19 c2[L;Clq2 [LQL 2 (4.39)
Yiq 270,19 q2 [LQ 2 : (4.39)

The objective function in Eq. (4.3a) minimizes the expecteerall distortion in weighted-
MSE* [125], where the tile weights depend on: (i) viewing proliabi(p ) and area
scaling factor & ) across all tiles and (ii) the probability of clients in @ifent classes
watching different videosf (. ). Eq. (4.3b) makes sure that the total streamed bitrate to
each client class does not exceed the available bandwibthEq. (4.3c) constrains the
consumed storage space within the storage I8mwn the server. Eq. (4.3d) indicates that
clients only select the tiles offered by the server. Besidash client only selects one

4The overall distortion in our formulation is a video-leveiality metric, which is essentially a weighted
sum of the quality of all the tiles.
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representation for each tile as enforced by Eq. (4.3e).

4.3 Problem Decomposition

The optimal laddering problem i&qgs. (4.3a)—(4.3g} fairly complicated because of the
complex interplay between the bandwidth and storage caingt More speci cally, the
best solution that satis es all the bandwidth constraintsyrexceed the storage limit,
while restricting the storage space for each class causegearftumber of permutations
on storage space assignments across videos. Hence, we ¢ipe évide-and-conquer
approach, as illustrated in Fig. 4.4. In particular, we degose the optimal laddering
problem into the following two subproblems.

Per-class optimizatiorproblem optimizes the per-class solution under the band-
width constraint of each class. It takes the video modelsvéeding probability

of videov and bandwidth constraint of classs the inputs. It then determines the
best QP values for tiled-segme(itn). The output for class of videov contains

the Boolean valuebX,..n.c.q (= X..q)i8t; n;qg, which are collectively denoted as
X

vic

Global optimizationproblem combines and adjusts all per-class solutions into a
global solution under the storage limit. It takes the videadels, viewing proba-
bility, client distribution, and the storage limit @fll videos as the inputs. It then
adjustsX . of each classto tall tiled-segments into the storage limit. When the
storage limit is loose, alK .. solutions from the per-class optimization problems
may be directly accepted. The output of the global optinmraproblem contains
the revisedX , . for all v andc, which is collectively written aX . Moreover, the
output also speci es the optimal QP values for stored tdedmenttf n) of video

v asfy,..,q (= Y4)i8V;t;n;qg, which is collectively written ay . Y is essen-
tially the optimal encoding ladderlt is not hard to see that is a function ofX ;
that is,Yy.cnq = 1 ifandonly it &) X,neq L 8VitN; QL

We solve the per-class optimization problem for each cla#ts avbandwidth constraint
in Sec. 4.4. We solve the global optimization problem with $torage limit in Sec. 4.5.

4.4 Per-Class Optimization

We rst give the formulation, which is followed by two algohims.
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Figure 4.4: The overview of our divide-and-conquer apphoac

4.4.1 Per-Class Formulation

Let P(v; ¢) be the subproblem of bandwidth clas#atching videov, where the storage
limit is ignored. That is, this subproblem only considers tonstraints irEqgs. (4.3a)—
(4.3g)that are related t®y..n.c. . We formally formulate the problem as:

XX x
P(v;c) : min Pvitn a@n Avitn (AXvitnic (4.4a)
t=1 n=1 gq=1
X
n=1 g=1
X
Xvitneg =1 t2[LTlin2[L;N]; (4.4c)
g=1
Xvitnic,g = fO;lg t2 [L;T;n2 [1;N];,q2 [1;Q]: (4.4d)

Eg. (4.4a) minimizes the expected distortion for the cBentbandwidth class who
watch videov. Eq. (4.4b) constrains the consumed bitrate within thelavia bandwidth
b.. Eq. (4.4c) ensures that only one representation is selecte

We next propose two algorithms to solve the formulatioB@s. (4.4a)—(4.4dYi) Per-
Class Lagrangian-Based Algorithm (PC-LBA), which leverades donvexity of video
models to get the solution, and (ii) Per-Class Greedy-Basgdrahm (PC-GBA), which
runs more ef ciently. Their performance will be comparedSac. 4.6.
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4.4.2 Lagrangian-Based Algorithm: PC-LBA

PC-LBA consists of two steps: (i) a QP optimizer, which empltdye Lagrangian multi-
plier [17] to nd the optimal QPs as real numbers, and (ii) ti¢imal rounding algorithm,
which solves an ILP formulation to optimally round the QP#tiegers supported by the

encoder.

QP optimizer. To adopt the Lagrangian approach, trensformthe discrete decision
variablesx..n.c.q into continuous decision variables..,... We let ..... represent the
QP value of tiled-segmertt; n) of videov streamed to classclients. . iS a real
number in the range of [in; max], Where nin and ax are the QP bounds from the
video encoder. With..n.c , the transformed formulation has fewer decision variabtes
gets rid of Eq (4.4c). Moreover, we observe that the decssmndifferent segments are
independent. Hence, we write ealv; c) into a series of transforme@qv; t; c) for alll
t2[1;T]as:

X

PO(V; t;c) = min Av:tn ( vitme )Pvitn @n (4.5a)
n=1

st Fvitn (vitne ) be; (4.5b)
n=1

v;t;n;c 2 [ min 5 max ]: (4-50)

In this formulation, Eqgs. (4.5a) and (4.5b) account for tkpeeted distortion and con-
sumed bitrate for clients in clagswatching segment of videov. The following two
lemmas show that the transformed formulatiorEgs. (4.5a)—(4.5c3an be solved ef -
ciently. The proofs are given in Appendix 4.8 to maintain i of the chapter.

Lemma 2. When the power function in Eg. (4.1) is adopted as the distonnodel, the
objective function in Eq. (4.5a) is convex.

Lemma 3. When the exponential function in Eq. (4.2) is adopted as ithat® model, the
constraint in Eq. (4.5b) is convex.

We writef 160 vit2c; i vine 0 asKy .t in the following for the sake of pre-
sentation. Combining Lemmas 2 and 3, we know that our optimizgoroblem is a
convex programming problem, which can be solved using thgrdragian multiplier as
follows. We rst introduce a Lagrangian multiplier2 R*, and rewrite our (constrained)
convex programming problem into an unconstrained optitiuagproblem:

min L(Ky;tc; )= Avitn ( vitnic )Pvitn @n
n=1
4.6
N (4.6)
+ ( rvicn ( vigne ) )
n=1

Consider Eq. (4.6) as the primal Lagrangian problem; the agjan dual functiory
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minimizes the Lagrangian value o€, . ..:

X
a( )= Kinf (Kv:ties ):Kinf ( dvtn ( vitnie )Pvitn @n
v;t;c v;t;c n:l
4.7
2 (4.7)
+ ( rV;t;n ( v;t;n;c ) tI:))'
n=1

Lemma 4. The Lagrangian dual function (Eq. (4.7)) constitutes a loweund for the
objective value of any feasible solution to the Lagrangiampl problem (Eg. (4.6)). In
fact, because the strong duality holds here, the optimaltsmi of the Lagrangian dual
problem is also the optimal solution of the original (prifhptoblem.

To solve the Lagrangian dual problem, we rst calculate taetipl derivative w.r.t.
each v;t;n;c 2 Kv;t;c:

@L 4. 1
@ :( s;t;n \c/j;t;n v;tv;h;c )pv;t;n an
v;t;n;c (48)
+ \r/;t;n \r/;t;n € vin v = 0:
Then, we utilize the Lambel function [39] to represent eachy..n.c using :
n \r/;l;n \r/;t;n
1 dt I’t s;l;n E\?;I;n Pyitn @n
vitn vitn .
vitne = T W ( a ¢ tovin ): (4.9

Last, we substitute..n.c into Eq. (4.7) to derive the optimal and the corresponding
Ky.t.c. Notice that, if some optimal solution,.tnc 2 K. falls outside off min; maxls
the QP optimizer caps,tnc @l min O max- It then recalculatek ;.. until all QP values
fall in the practical range df min; maxl-

1 X,

2:fort 1toT do

3: /I QP optimizer

Kyvii.c Solved with Egs. (4.7) and (4.9)

while 9 v.tne 2 Kyit.c, Where vine 2 [ min; mad dO
Set the out-of-range,.n.c to the closest border
Kvi.c  Solved with Egs. (4.7) and (4.9)

/I Optimal rounding algorithm

SolveEgs. (4.10a)—(4.10dpr K, ;..

10:  TransfornK ... to X, ;..

11: XV;C XV;C[ XV;I;C

12: return X, ..

© 0N o g

Figure 4.5: The pseudocode of the PC-LBA algorithm.

Optimal rounding algorithm. Next, we round the real number QPsKn,... into
integer QPs for the video encoder. We H@@;t;C be a subset oK ... containing tiles in
Ky.t.c with non-integer optimal QP values. Our problem is to deteemvhether to round
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each y.nc INK S;t;c up or down to minimize the resulting distortion without cansng

excessive bandwidth. For2 [1; K?. .. ], we de ne the decision variablg,;n.c.0 = 1 if
vitn:c 1S rounded down, and,..n.c.o = O otherwise. Similarly, we de n&,.tnc.1 = 1 if
vitnc IS rounded up and,....c.1 = 0 otherwise. The optimal rounding problem can then

be written as:

iKygitiol
x,t,c
min Zy;tnic; odi(b S;t;n;c o+ Zyitnic; 1dv;t;n (d 8;t;n;c € (4.109)
n=1
IKygite]
st Zute: ofi (B Ve OF Zvgme 171 (d Dgnic ©)
n=1
IKy(itie]
Mvitn ( e;t;n;c ): (4.10Db)
n=1
Zv;t;n;c; ot Zv;t;n;c; 1= 1 n2 [1;jK8;t;cj]; (4'100)
Zytnie; 0; Zvitni; 1 2 10519 n2 [1;jK8;t;Cj]; (4.10d)

In this formulation, Eq. (4.10a) minimizes the additionatdrtion due to rounding,
while Eq. (4.10b) makes sure that the bitrate does not extteedandwidth constraint.
Eq. (4.39g) ensures that each QP value is either rounded dowp, dut not both. The
formulation can be optimally solved fdt ... using existing solvers, like CPLEX [81]
and GLPK [129]. Last, we transform the optintal, ... back toX, ... = fX,tn.c.qJd 2
[1; Q];n 2 [1; N]g of the original problem.
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Figure 4.6: An illustrative example of PC-GBA with severaldtions.

PseudocodeFig. 4.5 presents the pseudocode of our PC-LBA. Lines 4—7atedly
solve Egs. (4.7) and (4.9) until there is no out-of-range,. 2 K,.... Line 9 rounds
the real QP values into integers. Line 10 transforms the QK gg.. to the binary set
Xy:t:c- Line 11 collects the solution for each segment. Line 12rnstthe optimal solution
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1 Xy s
2:fort 1toT do

4: BO= b r'\]lzl Fvien ( vitne )

5.  whileB°> 0do

6: /[Tile Selector

7: fovienejn=1;2::7;Ng

8: n arg max

9: /IStatus Tracker

10: BO=B% (rven (vtn ¢ 1) Tuen (vien )
11: vitn ¢ = wvitn ic 1

12:  TransfornK, ... to X, ¢

130 Xye Xuel Xuie

14: return X, ..

Figure 4.7: The pseudocode of the PC-GBA algorithm.

Xytneq 2 Xy for clients in bandwidth classwatching videov. The following lemma
analyzes the complexity of PC-LBA.

Lemma 5. The PC-LBA algorithm runs in tim®(T2N) with space complexity @(N ).

4.4.3 Greedy-based Algorithm: PC-GBA

PC-LBA may suffer from higher computational complexity daetie ILP formulation of
optimal rounding. Therefore, we also propose a more ef cient greedy algorith solve
the problem with discrete QPs. Our greedy algorithm costau® components: (i) status
tracker and (ii) tile selector. The status tracker keepskti@t the current QP selected
for each tile, their accumulated bitrate, and the remaitiagdwidth. The tile selector
selects the tile with the highesbding ef ciencyto allocate more bitrate by reducing its
QP. The status tracker then updates the accumulated latrdtne remaining bandwidth.
The above stepgerate until there is no remaining bandwidth or all tiles are codetha

smallest QP values.
The crux of the greedy algorithm is the de nition of the coglief ciency ..n.c when
allocating the additional bitrate to tiled-segmé¢btn) of videov. We let .., be the
current selected QP for tiled-segmetnt() of v streamed to clagsclients. We then de ne
v;t;n;c as:
[Avitn (vitne 1) dyitn ( vitnie )IPvitn @n
Fvitn ( vitnie 1) rven ( vgne )

wherep, ..., IS the viewing probability and, is the area scaling factor,..n.c is essentially

: (4.11)

the slope of the rate-distortion curves gi...c . Fig. 4.6 shows an illustrative example of

SNotice that when optimality is not a major concern, much sanpunding algorithms, such as round-
ing down, can be adopted for lower computation complexity.
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the proposed PC-GBA streaming a video with three tiles. Thieeoti QPs are marked
with solid dots, which are selected from all QP options mdnkath circles. Besides, the
next candidate QPs of each tile are represented by squardésis | gure, after iteration
m, the tile selector chooses tile three to allocate more batttwgince it has the steepest
slope. Note that if all tiles have the same coding ef cieneg use the weightp,.t» a,
and then the QPs to break the ties. After all the QP valueseatszrdined, we transform
vitne 2 K 2 X
PseudocodeFig. 4.7 presents the pseudocode of our PC-GBA algorithmcttr-
mines the QPs for segments. Lines 3—4 initialize the QP df &kcat the maximum QP

vt L0 binary indicators, ¢ vitic:

and the remaining bandwidth. The while loop between linekl5teratively allocates
more bitrate to the tile with the highest coding ef ciencyesged in line 8. Lines 10-11
update the status through the status tracker, includin@esalue of the selected tile
and the remaining bandwidth. Line 12 transforms the detegthQP seK , ;.. to binary
setXy..c. Line 13 collects the solution for each segment. Line 14rnstihe optimal

solutionx 2 X, for clients in bandwidth classof videov.

v;tin;c;q
Lemma 6. The PC-GBA algorithm runs in tim®@(T N (log N )Q) with space complexity
of O(N).

4.5 Global Optimization for the Optimal Ladders

We propose two greedy algorithms to solve the global optition problem. The rst
algorithm directly solves the problem and considers alkpie storage space allocation
across multiple videos, which we refer to as the Global InVefo Algorithm (GL-
ITRA). The second algorithm simpli es the problem by: (i) edly dividing the storage
space among all videos and (ii) assuming that the video poippis uniformly distributed
across all videos. We refer to this algorithm as the GLob&tAavideo Algorithm (GL-
ITAA). We present these two algorithms below and compare fegformance in Sec. 4.6.

GL-ITRA Algorithm . We propose a greedy algorithm to adjust the per-class solu-
tionsX .. for minimizing the expected distortion while meeting bdik tlient bandwidth
colgstralnts and the overall server storage limit. First,.q is initialized asl if and only
if = 1x\,tncq 1, wherev 2 [1;V];t 2 [1;T];n 2 [1;N],andqg 2 [1;Q]; Yvitng IS
set to be 0, otherwiseWe introduce a constant system parametén denote the step
size of QP adjustmentsWe then compute the weight of each tile considering the tlien
distribution as v.un.c.q =

P \% P (3
v=l o=t fvie [Ovien (@+ ) dyien (D]Pvien @ Xvitnicg :

[rvien (@ rven (Q+ )@ Yvitng + )]YV;t;n;q (4.12)
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vitncq IS the ratio between the weighted distortion gain and theag®reduction if the
QP value of tiled-segment; 1) of v increase% In particular,dy.n (Q+ )  dyen (Q)
is the distortion gain, while Y., S, fy.c andpynaven are the weightsry., (0)
rvien (O )1 Yving+ ) denotes the reduced storage space, Whiley,..n.q+ ) indicates
whether tiled-segment;n) of v has already been chosen to be streamed. That is, if
Yving+ = 1, then the reduced storage space,is, (0); otherwise the reduced storage
space igy:tn (@) rven(g+ ). The algorithm iteratively increases the QP of the tile

having the lowest,..,.c.q by step size until the storage limi§ is not exceeded.

1: InitializeY = fyying =00

2: Il Per-class optimization

3: X =1X,.j8v;eg PC-LBAorPC-GBA

4: forv_ 1ltoV,t 1toT,n 1toN,g 1toQdo
5 if 5:1 Xvitnic:q 1then

© . e p Tl Pr Pq

[ v= o t=1 n=t o get Fvitn (@Yvieng

8: // Global optimization

9: while S°> S do

10 E f vineq V2 [LVLt2[LTin2 [L;N];c2 [1,Cl;92 [1;Q]gusing Eq. (4.12)
11: (v;t;n;c;q) argminE

120 Xvit ey 0

130 Xv it mocg+ 1

14:  Updateyy  n q »Yv it n q + »andS®

15: return X Y

Figure 4.8: The pseudocode of the proposed GL-ITRA algorithm

Pseudocode.Fig. 4.8 shows the pseudocode of the proposed GL-ITRA alyuarit
Lines 1-3initializeY and compileX using the PC-LBA or PC-GBA algorithms. Lines
4-6 Ssetyy.tnq according ty.nc.q. Line 7 initializes the current storage sigé Lines
9-14 greedily select the tile to adjust its QP value accgrtrEq. (4.12) iteratively until
the required storage spag@ ts the storage limitS. Lines 12—-14 updat¥ andY , and
the current required storage space. Line 15 returns theidasX andY .

Lemma 7. The GL-ITRA algorithm runs in tim@&(V TNC(logV TNC)2) with space
complexity oO(V TNC).

GL-ITAA Algorithm . We propose a simpli ed greedy algorithm for lower time and
space complexity. In particular, we assume that the stospgee is uniformly assigned

6 vitmeig 1S unde ned wheryyxn.q = 0, which is not an issue because the term is never considered in
the algorithm.
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to all videos and the probabilities of videow!() are equal. The global optimization
problems of individual videos are then decoupled and candependently solved.

0SS, $i8v=1;2 ;V

8: forv 1ltoV do

9. 8° i th1 : I:l i 2:1 vitn (@Yvitng

10: whileS°> S, do

11: E f vineg it2[L,TEn2 [LN];c2 [1Clq2 [1;Q]gusing Eq. (4.12)
12: (t;n;c;q) argminE

13: Xvit n ¢ g 0

14 Xvit :n ¢ :q + 1

15: Updateyy:t n iq »Yvit n iq + »andS®

16: return X Y

Figure 4.9:The pseudocode of the proposed GL-ITAA algorithm. Note linas 1-6 are
identical to those in Fig. 4.8 and thus are omitted.

PseudocodeThe pseudocode of GL-ITAA differs from GL-ITRA (in Fig. 4.8ty
from line 7, which is presented in Fig. 10. Line 7 initializée storage limiS, for each
videov. Lines 8-15 greedily adjust the QP values of the selected for each video
v. Line 16 returns th&X andY aggregated from the decision of each video. Because
the optimization problems of individual videos can be inelegiently solved, its time and
space complexities a@(V TNC(log TNC)2) andO(TNC).

4.6 Evaluations

Table 4.3: The Comparisons among Ours and Relevant Algorithms

o ) Inputs Tile Solution
Method Phase Problem Objective Constrains - - - .
Video | Viewing | Client| Qualities Approach
Model | Prob. | Dist. | per Segment
. Optimal | Viewed distortion Bandwidth, . Lagrangian, ILP,
Our Algorithms Production P . . X X X Multiple grang
laddering minimization storage space and Greedy
i . . . Bandwidth,
Ozcinar et al. [160] . Optimal | Overall distortion & )
Production . L storage space, X X Single ILP
(Ism) laddering| cost minimization o
min. bitrate gap
Chakareski et al. [28 ) Viewed distortion . . Convex
(28] Delivery | Per-class o Bandwidth X X Multiple .
(Icc) minimization Optimization
Corbillon et al. [36] ) Viewed quality Bandwidth, . -
Delivery | Per-class . . X Multiple Heuristic
(MM) maximization max. bitrate gap

We compare our proposed algorithms against the stateeedutihones through exten-
sive experiments in this section.
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4.6.1 Implementations

Table 4.3 summarizes our algorithms and the state-of+thalgorithms. In this table,
Ozcinar et al. [160] and our algorithms solve the optimabkihg problem in the pro-
duction phase, while other algorithms only solve the pasgbptimization problem in the
delivery phase. Furthermore, the per-class optimizatigorghms (Corbillon et al. [36]
and Chakareski et al. [28]) do not consider the client distrdm. In addition, Corbil-
lon et al. [36] assume that all tiles have the same compléavigls and do not take video
models into account. Besides, the other optimal ladderiggrahm (Ozcinar et al. [160])
does not consider the viewing probability of each tillompared to the abovementioned
algorithms [28,36,160], our algorithms are the only oneattbonsider all three features:
video models, viewing probability, and client distribution

We have implemented our proposed algorithms and threestdkes-art algorithms [28,
36,160] for evaluations and comparisons. Note that we ugeRyor implementations as
much as we can. Certain optimization problems, however, eaaf biently solved with
specialized solvers that are not written in Python. For gdantvx [67] and CPLEX [81]
are tailored for solving convex optimization and ILP probke respectively. Similarly,
MATLAB [131] supports optimization problems with symboleariables. We opt to call
these specialized solvers from Python rather than reimgtéimg them, in order to under-
stand the performance achieved by real-life implementation particular, we use MAT-
LAB [131] and CPLEX [81] to implement PC-LBAs QP optimizer angtimal rounding
algorithm, respectively. We present the detailed implemigns of the state-of-the-art
algorithms in the following.

Per-class optimization algorithms:

— Chakareski et al. [28] (ICC) formulate the tile quality selection problem into
an ILP problem and propose to solve it using convex optinomat\We use
cvx [67] to implement this algorithm.

— Corbillon et al. [36] (MM) propose a heuristic algorithm for bitrate allo-
cation within a 360 video [215]. Their algorithm can be extended for tiled
videos by classifying tiles into foreground and backgrotiles. Their clas-
si cation [215] is based on the ground truth of the user viewtpwhich is
impractical because of the network latency. Therefore, 8825 percentile
of viewing probability as the threshold for the classi aatl. A 3.5 ratio of
maximum bitrate gap between the maximum surface bitratenaindnum
surface bitrate is set following the recommendation inrthaper. Each tile is

"We also tried 50 and 75 percentile and observed similartssuhich are left out for clarity.
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allocated the bitrate proportional to the area scalingofeat. We use Python
to implement this algorithm.

Optimal laddering algorithms:

— Ogzcinar et al. [160] (ISM) formulate the optimal laddering problem into an
ILP problem without proposing any ef cient algorithms. Iddition to the
storage limit, they also consider different resolutiond artroduce a 1.2 ratio
of minimum bitrate gap between any two adjacent representat We use
CPLEX to implement this algorithm.

We adopt the same video models in Sec. 4.2.2 for all algostfunfair comparisons.

4.6.2 Setup

Parameters, traces, and videos.Several system parameters are varied in our experi-
ments. We t the bandwidth CDF curve following Cisco's foretaa 2019 xed broad-
band bandwidth in North America [33]. If not otherwise spedj we select the band-
width classes irf 3.12, 4.68, 7.02, 10.52, 15.78, 23.67, 35.51, 53.28, 79.29,8Q
Mbps, which is geometric progression with 1.5 times thaecsthe bandwidth range of
the bandwidth CDF curveBesides, we adopt the smallest step size of 1 for optimal over-
all distortion. Such ne-grained step size results in sfiglonger running time, which
however is insigni cant (up to 7% in our experiments) congzhto the video encoding
time. We randomly select 10 users from the 50 users in a public egtb33] to evaluate
the performance of all algorithms. The remaining 40 usersiaed to derive the viewing
probability for fair comparisons. Each selected user weddix 1-min videos. The videos
are classi ed into three categories:(i) Computer-Genekdtast-Paced (CG-FP), (ii) Nat-
ural Image, FP (NI-FP), and (iii) NI, Slow-Paced (NI-SP).dl'wideos are selected from
each video category at a resolution of 384®20 with 6 4 tiles; 6 4 tiles have been
shown to achieve the best tradeoff between viewport eiipdnd bitrate overhead [66],
but other numbers of tiles can also be used with our propasietians. The considered
encoding QPs are in [1,51] if not otherwise speci ed. Besides take the number of
views of the considered videos on YouTube as the video papula the evaluation.
For example, the most popular Hog Rider and Mega Coaster acfauhe two highest
ratios, which are about 38.69% and 32.36%, respectively.

For conservative comparisons, we let ISM take additiorsditgions inf 2560 1280,
1920 960y into consideration. Because the production server hasdihmtemory, the
ISM algorithm can only consider a QP step9in [1,51] without exceeding a memory
consumption of 12 GBBesides, the ISM algorithm tends to terminate after many days
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and we set a practical time limit of 2 hours for each video,olihs more than 3 times the
average running time of our algorithms.
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Figure 4.10: The overview of our evaluation testbed.

Testbed. We built a real streaming testbed following the one impletednn Yen et
al. [226]. The testbed is illustrated in Fig. 4.10. We setwip Intel i7 workstations with
16 GB RAM running Linux. One of them contains both the produttand streaming
servers and the other one runs the client. The two worksimtoe directly connected to
each other with a GigE network cable. We empioy[16] in Linux to throttle the network
bandwidth. On the server, we addftazaar[204] as the tiled segment encoder to encode
the videos. We uskl20 [45] as the HTTP server to store the representations fotigwi
the decisions from the encoding ladder optimizer. On thentliwe use a Python-based
DASH client,AStrean{95] as the 360video player. Besides, the status, such as through-
put and stalls, and the received representations are |dggédther analysis.

We have implemented an ABR algorithm [164] designed for 36@eo0 streaming in
the playe?. Our implemented ABR algorithm performs viewport prediotimased on the
user's previous orientations. The scene is split into tipas: (i)viewport which is the
predicted user's viewport, (igxtended areavhich is 30 outside the predicted viewport,
and (iii) background which is the remaining tiles of the scene. The ABR algorithm
rst allocates the lowest representation to each part, tikrtates the highest affordable
representation to the viewport. The residual bandwidthlezated to the extended area,
followed by the background. To accommodate some backgrtrahd, we instruct the
ABR algorithm to set the available bandwidth at 70% of the raes$throughput.

We evaluate the results using the following metrics:

Viewing quality. We consider V-PSNR [228], V-SSIM, and V-VMAF, which es-
sentially are the PSNR [116], SSIM [29], and VMAF [142] in tH&D viewports.
The computation of V-VMAF is similar to that in Ozcinar et §l59]. Because
V-SSIM and V-VMAF are not pixel-wise metrics, we cut eaclctgrviewpor? into

80ther ABR algorithms in the literature can be adopted in oorkwas well.
90ur HMD (Oculus DK?2) is measured to have a circle viewporf[50
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its inscribed square when computing them. We believe thativegimpacts of re-
moving small areas close to the viewport borders are insigni as they are far
away from the viewport center.

Bandwidth utilization. The ratio between the streamed bitrate to the total band-
width.

Number of stalls. The total number of stalls of the algorithms throughout each
1-min playout.

Running time. The consumed time of the algorithms for determining the dimgp
ladder.

MPD overhead. The ratio between the size of the MPD le (meta-data) and the
total streamed data in each streaming session.

In the following sections, we rst evaluate the per-classimzation algorithms in
terms of distortion and viewing quality. After that, we caiotlextensive experiments on
the testbed to evaluate the performance of optimal laddexigorithms, which solve the
global optimization problem. This is followed by a summaiyoar key ndings. The
results are reported with a 95% con dence interval plotte@@error bar.
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Figure 4.11: Expected distortion for different bandwidtfe) CG-FP, (b) NI-FP, and (c)
NI-SP.

4.6.3 Per-Class Optimization Results

Our proposed PC-LBA and PC-GBA algorithms effectively offerlower expected dis-
tortion. Fig. 4.11 plots the expected distortion under differentdveidth levels for dif-
ferent video categories, which is computed with Eq. (4.4d)is gure shows that our
proposed algorithms effectively reduce the expected distocompared to other state-
of-the-art algorithms. ICC sometimes (arou%mbf the time) fails to nd the solutions
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Figure 4.12: The viewing quality for different bandwidtlfa) V-PSNR, (b) V-SSIM, and
(c) V-VMAF.

Table 4.4: Maximum

and Average of Qual-

ity Improvement in V-
VMAF Compared to Table 4.5: The Average Per-

State-of-the-Art Algo- Segment Running Time of
PC-LBA and PC-GBA

CG-FP NI-FP NI-SP rithms
Video Category
Algorithm PC-LBA PC-GBA
i . i PC-LBA o Optimal
Flgure 413 The VIE,‘W- State-of-the-Art | Avg. | Max. Component 019' Rounding | Total Total
ptimizer N
. . . IcC 22.57| 50.19 Algorithm
Time (s] 73.8315 44.6170 | 118.4485| 0.1074
ing quality of different " o5 2460 ©
video Categorles. PC-GBA
State-of-the-Art | Avg. | Max.
ICC 23.85| 52.17
MM 2.83 | 26.35

using cvx, and thus results in the highest expected distodtcross all videos. In con-
trast, our PC-LBA algorithm is a customized algorithm sodvan convex programming
problem for low distortion. The greedy PC-GBA algorithm akschieves comparable
distortion to that of the PC-LBA algorithm. MM is a heuristitgarithm that results in

slightly higher distortion compared to our algorithms. éss different video categories,
videos in NI-SP result in lower expected distortion in geerThis is because NI-SP
videos contain simpler scenes and slower movements cothpa@ther videos, which

lead to higher coding ef ciency.

Our proposed algorithms outperform others more in viewing quality at lower
bandwidth. We plot the viewing quality of all videos in the user's viewpm Fig. 4.12.
All three quality metrics demonstrate the same trend: oap@sed algorithms deliver
higher viewing quality than others in most bandwidth classspecially at lower band-
widths. We emphasize that the performance of low bandwikdisses is more crucial, as
clients in these classes are more vulnerable to inferiaviag experience. Because three
viewing quality metrics show similar trends, we only repgbi quality in V-VMAF in the
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Figure 4.14: The bandwidth utilization across 10 users watca sample video at storage
limit S=1200 MB: (a) over time and (b) CDF.
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Figure 4.16: Viewing Figure 4.17: The MOS
Figure 4.15: CDF of quality under different scores under different
viewing quality across storage limits. storage limits.
different viewers and
videos.

rest of the chapter.

We next plot the overall viewing quality of different videategories in Fig. 4.13.
This gure shows the merits of our algorithms, over ICC and MMaxithms. It also
shows that the videos from NI-SP have higher viewing quddityall algorithms, which
is consistent with Fig. 4.11. We report the average and maxinmprovements of our
algorithms over the state-of-the-art algorithms in Tab#e Z his table illustrates that our
PC-LBA averagely outperforms ICC and MM by 22.57 and 1.55 in MAF. Moreover,
PC-GBA outperforms ICC and MM by 23.85 and 2.83. In fact, thermmpments of PC-
GBA are as high as 52.17 and 26.35. From the gures, we obdéateMM achieves
reasonably good viewing quality. However, it only supp@rtsingle videcand a single
bandwidth class. In contrast, we also study the optimaldadd problem that takes client
distribution and storage limit into consideration, whicli \we evaluated in Sec. 4.6.4.

PC-GBA achieves even better performance than PC-LBAOur evaluation results
show that PC-GBA offers better viewing quality than PC-LBAJ$:i4.11-4.13). That
Is, simultaneously limiting multiple out-of-range QPsdrthe practical range seriously
degrades the viewing quality. In contrast, PC-GBA iterdginand gradually adjusts the
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Table 4.6: The Ratio of
the Meta-Data in DASH
for Our Proposed Algo-

rithm

Storage Limit | Meta-Data | Video Data
Unlimited 0.112% 99.888%
1200 MB 0.115% 99.885%

3 5 10

Number of Bandwidth Classes Storage Limit (MB) 1000 MB 0.118% | 99.882%

800 MB 0.123% | 99.877%

Figure 4.18: Viewing Figure 4.19: The view- 600MB | 0.133% | 99.867%
400 MB 0.152% 99.848%

quality under different ing quality of GL-ITRA
numbers of representa- and GL-ITAA.

tions at storage limit 600

MB.

QP values in a discrete manner, which nds better discretatisns. We report their

average computing time for each segment in Table 4.5. This &hows that PC-GBA
runs faster, which is due to the much higher complexity of lthgrangian multiplier

approach in PC-LBA. Because of the better performance of PC-GBApared to PC-
LBA in terms of both viewing quality and computing time/e adopt PC-GBA as the
per-class optimization algoritham the rest of this chapter.

4.6.4 Optimal Laddering Results

We use our real testbed to evaluate our optimal ladderingrithgns compared to the
ISM algorithm. We throttle the network bandwidth of userfidwing the distribution
in Cisco's report [33]. Note that the ISM algorithm does ndtetaideo popularity into
consideration, and thus we only compared it against GL-IT&Aere the storage space
limit is evenly divided among all videos.

Our testbed effectively performs adaptive streaming overlie network. Fig. 4.14(a)
plots the bandwidth utilization across 10 users watchingrapde video over time. This
gure reveals that our testbed effectively runs the ABR alihon at the client side, which
achieves around 60% of bandwidth utilization after 4 sesoBesides, Fig. 4.14(b) plots
the CDF of the bandwidth utilization indicating that most loé tboandwidth utilization is
about 65%, which is quite close to the target 70% of the avlalbandwidth. Throughout
the experiments, we observe no stall events.

Our proposed GL-ITAA algorithm outperforms the state-of-th e-art algorithm.
We then conduct experiments to evaluate the performancer ufiifierent storage limits.
Fig. 4.15 plots the CDF of the bandwidth utilization achie\wdGL-ITAA across 10
users watching 6 videos under different storage limitssTdpre shows that the smaller
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storage limits result in lower bitrates of some represéntat which in turn lead to lower
bandwidth utilization. This demonstrates the effectissnef our GL-ITAA algorithm.
We next compare the overall viewing quality with the ISM aigom. Fig. 4.16 plots
the viewing quality under different storage limits. Thisuge shows that our proposed
GL-ITAA algorithm outperforms the ISM algorithm under abresidered storage limits.
Moreover, our algorithm outperforms the ISM algorithm brglker margins as the storage
limit decreases. In particular, our GL-ITAA algorithm aagely outperforms the state-
of-the-art ISM algorithm by 43.14 in V-VMAF when the storalyait is as low as 400
MB per video. This indicates that our GL-ITAA algorithm sealwell under different
storage limits. This can be attributed to the fact that ourlGAA algorithm effectively
reduces the required storage by cutting the bitrate akalcat the less important tiles that
are rarely viewed.

To con rm that our proposed algorithm outperforms ISM innter of QoE, we have
conducted a user study to quantify the real user experielde.randomly selected a
user trace watching 6 videos and generated the viewporbsidsing the trace. We then
recruited 12 subjects to watch these viewport videos in daamorder and give overall
guality scores from the [1,5] scale. Fig. 5.8 plots the MO8 1W5% con dence intervals
from different algorithms under 400 and 800 MB storage kmih this gure, GL-ITAA
outperforms ISM across all storage limits. Besides, thelpevfom the ANOVA test
is 0.0029 € 0.05), which shows the statistical signi cance. As an exEn@L-ITAA
outperforms ISM by more than 2 points (out of a range of 4 ®imt MOS at 400 MB
storage limit. The above observations are consistent withearlier observations on
Fig. 4.16, which are made in V-VMAF. That is, we found that WAXF closely follows
the user experience derived from time-consuming and expenser studies. Hence, we
use V-VMAF as the quality metric in the rest of this chapter.

We then conside€ 2 f 3;5; 10g, where the considered bandwidths &8212, 10.52,
35.523) Mbps andf 3.12, 7.02, 15.78, 35.51, 799Mbps forC = 3 and5, respectively.
We report the results across all videos and 10 users withggdimitS = 600 MB per
video in Fig. 4.18. This gure shows the good scalability tar algorithm on different
numbers of bandwidth classes. In particular, our GL-ITAgalthm averagely outper-
forms the ISM algorithm by 8.2 in V-VMAF for different numbseof bandwidth classes.
In summary, our GL-ITAA algorithm delivers higher viewingajity under various con-
ditions. Next, we conducted experiments to see whetherT&RAI can further improve
the viewing quality.

GL-ITAA runs more ef ciently while offering similar viewing quality compared
to GL-ITRA. Last, we introduce diverse video popularity and comparg#réormance
of GL-ITAA and GL-ITRA. In this experiment, we let each usertafal of the 6 con-
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sidered videos according to the video popularity. Fig. 4lfs the viewing quality of
both the GL-ITRA and GL-ITAA under different storage limit$his gure shows that
the GL-ITRA and GL-ITAA achieve almost the same viewing gtyategardless of the
storage limits. This is because both algorithms effectivetiuce the resource allocated
to the tiles with lower viewing probability. However, themming time of the GL-ITRA
Is at least an order of magnitude longer than the GL-ITAA, l&l@L-ITAA averagely
spends 39 minutes across different storage limits for eabdov Moreover, it is suit-
able in practical usage scenarios, where new videos aregig@dded to the streaming
servers without: (iyecomputingthe optimal encoding ladders and (ig§-encodingthe
new representations of the existing videos. Last, GL-ITA&asier to be parallelized and
thus is more scalable. Hence, we recommend GL-ITAA for sg¥he optimal laddering
problem.

Our proposed algorithms incur small meta-data overhead.Last, we measure the
overhead of our proposed algorithms. In particular, ourpéetb per-tile-per-segment
video models occupy averagely 53.33 KB storage space penlemg video. This is
equivalent to about 0.013% overhead at 400 MB storage IV .give the average ratio
between the size of the meta-data and the total steamedmtigadifferent storage limits
in Table 4.6. This table shows that the meta-data overhead increases atthage limit
decreases, but it never exceeds 0.2% of the total data size.

4.6.5 Summary of the Key Findings

The following summarizes the ndings of the evaluation fesu

Per-class optimization.Our PC-LBA and PC-GBA algorithms optimize the view-
ing quality of the clients in the same bandwidth class. Oaifweation results show
that PC-LBA and PC-GBA outperform ICC and MM by up to 52.17 and26n
V-VMAF, respectively. We recommend PC-GBA for per-classimoptation for its
higher viewing quality and shorter running time.

Global optimization under assumptions. Our GL-ITAA algorithm solves a sim-
pli ed global optimization problem for optimal ladderin@.he goal is to optimize
the overall viewing quality of the clients, where each vides a pre-determined
storage limit. Our evaluation results show that GL-ITAA petforms ISM by up
to 43.14 in V-VMAF when the storage limit is 400 MB per video.okover, our
GL-ITAA delivers better viewing quality and runs faster thksM. Our GL-ITAA
scales well in terms of both storage limits and number of adith classes.

Global optimization. Our GL-ITRA algorithm solves the most general optimal
laddering problem, which jointly optimizes the overallwiag quality of the clients
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across multiple videos. To the best of our knowledge, norteexisting work in
the literature addresses the same problem. While our reshubts that both GL-
ITRA and GL-ITAA achieve high viewing quality, GL-ITAA runs uch faster than
GL-ITRA.

In summary, we recommend GL-ITAA and PC-GBA for solving theim@al laddering
problem, which has not been rigorously solved in the liteet

4.7 Discussions

Next, we discuss the performance gap of our algorithms. \&f @nsider an alternate
objective function for better fairness among clients.

4.7.1 Comparisons with the Optimal Solution

We compare our proposed algorithms to the optimal solu@®T), where OPT directly
solves the ILP problem in Eq. (4.3). We implement OPT using ERLBecause OPT
may take a prohibitively long time to complete, we only caesismaller problems. In
particular, we conside€ = 3, where the bandwidths af8.12, 10.52, 35.52Mbps. We
let T = 15, where each video plays for 15 seconds.
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Figure 4.20: The video quality under different storage tan{a) expected distortion and
(b) V-VMAF.

We rst vary the storage limit$S = f40;50,60g MB to compare our proposed GL-
ITAA against OPT algorithms. We compute the average perdoica across all 6 videos
and report it along with 95% con dence intervals. Figs. 4&0and 4.20(b) plot the
expected distortion and V-VMAF under different storageitgnrespectively. These g-
ures show that V-VMAF generally follows the trends of the exjed distortion. Besides,
GL-ITAA and OPT result in extremely close expected distordind video qualityln par-
ticular, the gaps between GL-ITAA and OPT are less than 1\BMMAF at most when
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Figure 4.21: The video quality under different video catégg (a) expected distortion
and (b) V-VMAF.

Table 4.7: The Ratio of The Running Time of GL-ITAA to OPT

Storage| Mega | Roller Shark Hog | Chariot | SFR
Limit | Coaster| Coaster | Shipwreck | Rider | Race | Sport
60 MB | 6.10% | 0.09% 0.60% | 1.70%| 5.21% | 5.75% | 3.24%
50MB | 3.61% | 0.21% 0.58% 3.12%| 7.28% | 8.09% | 3.83%
40 MB | 4.62% | 0.43% 0.06% 5.47%| 4.00% | 11.73%| 4.39%

Average

the storage limit is 40 MB. We further plot the results unddfedéent video categories
in Fig. 4.21. This gure is consistent with the observatidrem Fig. 4.20: GL-ITAA
achieves comparable video quality with OPT. Moreover, tipise indicates that videos
from CG-FP have inferior video qualities in both the expealedortion and V-VMAF
compared to other video categories. This may be attribatéfaethigh texture complexity
of the videos from CG-FP. However, the gap between GL-ITAA @RI remains less
than 3 in V-VMAF. Table 4.7 reports the ratio of the runningé of GL-ITAA to that of
OPT with different storage limits. This table shows the nssof our proposed algorithm:
It achieves at least 97% of the viewing quality while consugnat most 11.73% of the
running time compared to OPT. Note that as the problem s@eases, the running time
difference between GL-ITAA and OPT increases exponegtiall

4.7.2 Fairness

In addition to minimizing the overall viewing distortion ew a broad range of client
classes, we discuss the fairness problem in this sectiompaiticular, we consider the
following two approaches for better fairness.

Max-min fairness [18] is an objective to maximize the minimum allocated reseu
for any client class. In particular, it is achieved when aggdible allocation results
in the resource decrease from other client classes with eqsanaller allocation.
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Jain's fairness index [91] is an index to rate the fairness of a set of values as
N
Ity fy)= Lea™ = 1 whereh is the coef cient of variation.

NN f2 1+

We apply the max-min fairness and Jain's fairness indexealtbtortion term of our for-
mulation. We discuss the applicability of our algorithmsédve the revised formulations
in the following.

1) Max-min Fairness

To apply the max-min fairness to our formulation in Eq. (48§ change the objective
function Eq. (4.3a):

min  max  Dyy; (4.13)

1 c¢cClvyV

P P P P P . _
le 5:1 fuc ;I':l rl:lzl Pvitn @n qu1 Av:tn (@) Xvitnicq- This revised

objective minimizes the maximum distortion perceived bglealient class watching

whereD,.. =

videov, wherel ¢ Candl v V. We apply our divide-and-conquer ap-
proach on the revised formulation. Note that the revisedhtdation can be split into the
same subproblems as out per-class optimization in Eq., (@Hgh minimizes the view-
ing distortion of each client clagsvatching videos under the bandwidth constraint In
particular, the bandwidth of each classs restricted tdy,, thus the minimum achievable
distortion is restricted through the per-class optim@aatiHence, our revised formulation
can be solved by both the original PC-LBA and PC-GBA in the passoptimization
stage. Then, we slightly change the global optimizatiom@ilgms for the revised objec-
tive function Eq. (4.13) as follows. The revised global opsation algorithms iteratively
increase the QP of the tile having the lowesty.c.q, where(v; c) = argmin Dy, by a
step size until the consumed storage space is lower than the stonawfeSi By doing
S0, our proposed revised global optimization algorithmstmot to increase the objective
function valuemax; . c.1 v v Dy.c given by the per-class optimization algorithm while
meeting the storage limit.

Fig. 4.22 shows the pseudo code of the algorithm revised B TRA to apply
the max-min fairness. Lines 1-3 initiali2e and compileX using the PC-LBA or PC-
GBA algorithms. Lines 4—6 s@t..n.q according tay..n.c.q. Line 7 initializes the current
storage siz&°. Lines 9-15 greedily select the tile to adjust its QP valeeaitively until
the required storage spaB@reaches the storage linst In particular, line 10 determines
thev andc for the quality fairness among client classes watchingpdiiiit videos. Lines
13-15 updateX andY , and the current required storage space. Line 16 returns the
decisionsX andY .
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© InitializeY = fyyeng =00
. Il Per-class optimization
X =1fX,.j8v,cg PC-LBAor PC-GBA
forv_ 1toV,t 1toT,n 1toN,g 1toQdo
if CC=1 Xvitniciq 1then
tnig 1
o PYiPr Py P 2, futn (@osna
: /] Global optimization
: while S°> S do
(vi;c) argminy v v;1 ¢ c Dy
Evie f vine ot2[LTIENn2[LN] g2 [1;Q]gusing Eq. (4.12)
(tin;q) argminEy ;

© N RN

A e

Xv it in g 0

=
b

Xv it ;n ciq + 1
Updateyy t n g Yv it nog o+ ,andSO
16: return X Y

=
o

Figure 4.22: The pseudocode of the revised GL-ITRA algoritbrmax-min fairness.

2) Jain's Fariness Index

To apply the Jain's fairness index to our formulation in 53], we change the objective
function Eq. (4.3a) to:

v=1 G5l V;C) = max

(4.14)

\ V—lCr g::l D\%;c 1+CD2,

wherecp is the coef cient of variation of the set dd,... This revised objective maxi-
mizes the Jain's fairness index for the perceived distortibeach client classwatching
videov,wherel ¢ Candl v V. We applyourdivide-and-conquer approach on
the revised formulation. The revised formulation can als@plit into the same subprob-
lems as our per-class optimization in Eq. (4.4), which minga the viewing distortion
of each client class watching videov under the bandwidth constraikg. Hence, our
revised formulation can be solved by both the original PC-L&8@A PC-GBA in the per-
class optimization stage. Then, we slightly change theajloptimization algorithm for
the revised objective function in Eq. (4.14). In particulanr revised global optimiza-
tion algorithm iteratively increases the QP of the tile Imgvihe lowest ,.i..c.q, Where
(v;¢) = argmin D,.., by a step size until the consumed storage space is lower than the
storage limitS. By doing so, the revised global optimization algorithm afa/alightly
increases the distortion of the class with the lowest distor This makes; monotoni-
cally decreasing ifand only ib  ¢p, whereb is the resulting coef cient of variation
after increasing the QP value of the selected tiled segment hhe pseudo code of the
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revised algorithm applying Jain's fairness index is bdkidhe same as the one applying
max-min fairness, which is given in Fig. 4.22.

4.8 Proofs of Lemmas

Lemma 1. The optimal laddering problem is NP-hard.

The optimal laddering problem can be reduced from the N@-Nartiple Knapsack
Problem (MKP). The MKP problem puts as many objects as plessito multiple knap-
sacks with various capacities to maximize the total valfievelletV =1, T = 1, and
S = 1, we can map knapsacks to each class's available bandwidtblgacts to tiled-
segments without the storage limit. The value and the weglkach tiled-segment are
the reciprocal of expected distortiom) and bitrate (..., ), respectively. In this
way, we reduce the MKP problem to our optimal laddering pgobln polynomial time.

Lemma 2. When the power function in Eg. (4.1) is adopted as the distontnodel, the
objective function in Eq. (4.5a) is convex.

Proof. Note that a multivariate function is convex if it is twice fdifentiable and its

Hessian matrix is positive semide nite. We observe thgt, 0, .. 1, and

S';t;n 0. We verify the second derivative of the objective functi&q((4.5a))%
as: o
S;t;n \[/j;t;n ( \[/j;t;n 1) v‘?;\nc sz:iin an, 8n 2 [1; N ] (4-15)

The sphere area, is positive constant and viewing probabiliy.., are non-negative
constant. This shows that the objective function is secdfferentiable and@f@;% 0

according to the range ofg,, and ¢, . We then verify the Hessian matrix of the
expected distortion:

2 D D
@Evtc @Ev:t;c @Ev;t;c
@ v 1 @ vy 1c @ vy 2:c @ vt 1:c @ vitNie
@E) 1 c @i @D
vit, 2;c vt 1c @2 vit, 2;c @ vit; 2;¢ @ V;tN;c
@i @l @Ec
@ viNe @ vy 15c @ vitne @ v 2ic @ VitiN;c
2 3
L 0
vit, 1ic
L. 0
vit; 2 c (416)
@Eje .
@ VitiN;c '

We know that if the eigenvalues of a Hermitian matrix are negative, then the
Hessian matrix is positive semide nite. Lep be the eigenvalue dfi®. Lety be a
non-zero vector. According to the property of eigenvalue:

HPy  py=0; (4.173)
(H®  pl)(y)=0: (4.17b)
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Note thaty is a non-zero vector, which indicates tia? pl =0:

2

@D s
@ vit; 1;c b 0 0
0 @E\Ilj:t:c 0
HPD ol = @ vt 2¢ (4.18a)
0 0 @EDrc 5
@ VitiN;c
@E\E);I;c @E\I/D;t;c @E\E)R:C -
( @ vit, 1;c o X @ vit; 2;c o) ( @ VitiN;c 0)=0 (4180
— @E\?}EC . @E\I/jiﬁc . . @E\I/DQUC
v @ vit; 15 ' @ vit; 2;c ' Y @ V;tiN;c (4'186)
H @F%;c —_ @d:t:n H D H
Sinceg—*— = F = —pynan 0, the eigenvalue off® are non-negative values and

HP is then proved to be positive semide nite. This shows that @ljective function
(EqQ. (4.5a)) is a convex function.

Lemma 3. When the exponential function in Eq. (4.2) is adopted as ith&té model, the
constraint in Eq. (4.5b) is convex.

Proof. Similar to Lemma 2, we rst verify the second derivative foach |, in
Eqg. (4.5b):
@é;t;c -
@ v;t;n;c

Eg. (4.19) shows that the constraint function is seconceuidfitiable and@@f;‘% 0

according to the range of,.,, and |.,,where [, Oand |., 0. We then verify

the Hessian matrix of the constraint:
2

Vi ( Vign )€ ¥ e 5 8n 2 [LN]: (4.19)

@Es:t:c @Es;t:c @E\'/Q:t:c
@EZ vit, 1c @ vit; 1c @ vit; 2;c @ vit, 1ic @ VitiN;c
@E\'?;t;c @E\'/?;l;c @E\l?;lic
HR = @ vt 2:c @ vit; 1c @ vt 2:c @ vt 2:c @ vitnie
@E\'?:l;c @E\'?:K;C @E\'/?;t;c
@ VitiN;c @ vit; 1;¢c @ VitiN;c @ vit; 25¢ 3 @ vit,N;c
@Efc
@ vit; 1;c O O
0 @E\'it:c 0
= @ vit, 2;c (4.20)
0 0 @E\'}’:t:c .
@ VitN;c '

Let g be the eigenvalue dfl R. We can then derivey as:
_ @F,  @F. . . @F;
R — ) I y = -
@ vit; 1;c @ vit; 2;c @ V;t;N;c

Thus, we found that the eigenvalueldf is non-negative Sinc%% IS non-negative

(4.21)

values. This shows that the constraint function is a conuagtfon as well.

Lemma 4. The Lagrangian dual function (Eq. (4.7)) constitutes a loweund for the
objective value of any feasible solution to the Lagrangiampl problem (Eg. (4.6)). In
fact, because the strong duality holds here, the optimaltswi of the Lagrangian dual
problem is also the optimal solution of the original problem
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Proof. LetK , be the optimal solution set for the primal problem. For any O:

a ) K, (4.22)
SupposeK, = f yw1cr vE2er 5 vine OIS a feasible solution for Eq. (4.6)). Then,
we have
X
( Tuen( vane) b)) O (4.23)
n=1

Eqg. (4.23) shows the introduction of non-positive consiral herefore,

X X
L(K; )= dvitn ( vieme JPvitn Sx + ( rvign ( viene ) bue)

n=1 n=1

(4.24)
dvitn ( vignic )Pvitn @n':
Then, we can havg( ) =
_ X
IEfLC(K; ) LC(K; ) dv;t;n( v;'f;'n;c)pV;t;nan (4-25)
n=1
Finding the best lower bound leads to the following optirti@aproblem:
maxg( ) (4.26a)
st: 0: (4.26b)

We denote the optimal solution set of the Lagrangian dudllpro asK 4. Then we hold
the following inequality:

Kg Ko (4.27)

To hold the equality of Eq. (4.27), which indicates the optirsolution set of the dual

problem is also the optimal solution set of the primal prableve verify the strong duality.
Since the primal problem is a convex problem, the equalitydd@mn holds if it satis es

Slater's condition: there exists a feasilte= f ,z1.¢c; vT2c; i v:En:e g such that:
b\
( Fvien ( vene)  Bie) O (4.28)
n=1

holds. Letr,.t, be the inverse function of theg., function, which takes bitrate as input
and outputs the corresponding QP. kft, = Nb“f ; 81, where 0. Then, the set
K = froca(rd)itue2rn);  irven (rn)gis a feasible solution that holds the in-
equality. Therefore, we can solve the original distortidnimization problem by solving

its Lagrangian dual problem (Eq. (4.7)).

Lemma 5. The PC-LBA algorithm runs in tim@(T2V) with space complexity @(N ).
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Proof. The dominating time complexity occurs in lines 4 and 9: (ieli4 solves
Lagrangian equations using Newton's Method wit(i N 3), wherel is the iteration times
in Newton's Method, and (ii) line 9 solves the ILP @(2V). With T segments, the time
complexity of the PC-LBA algorithm i O(IN 3+ 2N) = O(T2V). In addition, the
space complexity i©(N), as each of th&l tiles records the selected QP value.

Lemma 6. The PC-GBA runs in tim®(T N (log N )Q) with space complexity @(N ).

Proof. The dominating time complexity occurs in lines 5-11: (i) iaile-loop starts
from line 5 iterateN Q times in the worst case and (i) lines 7-8 updatg,.. values and
nd out the maximum from them, which can be managed by a may kath O(logN)

time complexity. Accumulated witli segments, the time complexity of PC-GBATis
O(N (logN)Q) = O(TN(logN)Q). Besides, the space complexityNstiles recording
the selected QP resulting @(N ) for each segment.

Lemma 7. The GL-ITRA runs in tim&(V TNC(logV TNC)2) with space complexity
of O(VTNC).

Proof. The dominating time complexity occurs in lines 9-14: (i) tiaile-loop starts
from line 9 iterates/ TNC® times in the worst case and (i) lines 10-11 updaigc.q
values and nd out the minimum from them, which can be managed min heap with
O(log (V TNC)) complexity. Collectively, the time complexity of the GL-ITRAgo-
rithm is O(V TNC(logV TNC)®). Besides, the dominating space complexity consists
of V TNC QP values, which leads ©(V TNC).

4.9 Conclusion

We study the optimal laddering problem for tiled 368deo streaming to HMD view-
ers. We consider video models, viewing probability, andrdlidistribution to maximize
the client viewing quality. We formulate the problem into & problem and take a
divide-and-conquer approach to solve the problem. In @a#r, we decompose it into:
(i) per-class optimization for each bandwidth class andgliobal optimization for the
overall client viewing quality optimization. We have pragaal two algorithms for each of
the per-class optimization and global optimization praide We have performed both an-
alytical analysis and conducted experiments on a realgdstbquantify the performance
of our algorithms compared to three state-of-the-art dgms. We then recommend a
combination of the proposed algorithms to solve the optil@adlering problem, which
are the PC-GBA and GL-ITAA algorithms. The evaluation resglhow that our rec-
ommended algorithms outperform state-of-the-art algoré by up to 52.17 and 26.35
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in VWWMAF in per-class optimization problem and by up to 48.ih global optimiza-
tion problem. Moreover, our recommended algorithms scalé under different storage
limits and run ef ciently.

There are some limitations in this work:

The selection of some parameters should be systematically.d=or example, the
considered bandwidth classes can be adaptively deterrfonéatther maximizing
the client viewing quality.

The considered tiling scheme is xed, where the tiles are quia¢ size. How-
ever, different content may have higher compression eficyewith different tiling
schemes, which can be intelligently determined.
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Chapter 5

Consumption Optimization: QoE
Modeling
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Figure 5.1: The overall QoE is a functions of QoE features@oH factors. The symbols
used in this gure are detailed in Sec. 5.1.1.

After solving the resource allocation problem at both thedpiction and delivery
phases, the key to developing a QoE-optimized 3@8eo streaming system is to de-
rive theQoE modelsWhile there have been user studies conducted with @6i@os [19,
57,74,184,201] and tiled 36@ideos [186], modeling the QoE for watching tiled 360
videos has not been thoroughly addressed. Hence, in thigeshave tackle the problem
of developing the QoE models for tiled 36@ideos watched with HMDs. The compo-
sitions of the overall QoE [135, 202] are fairly complex, Wgstrated in Fig. 5.1. The
overall QoEis the comprehensive user experience perceived by subjBeeQoE fea-
tures are nameable user experience aspects that may contritiie éoerall QoE, such
as the perceived Image Quality (IQ) and CyberSickness (C8).l&he overall QoE and

1The QoE features are also known as the Key Quality Indick@ds) perceived by the users in some
work in the literature, such as Varela et al. [202].
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QOE features can be considered asiraction of multiple QoE factors [175], where the
QOE factors Ky, 15, in Fig. 5.1) are primitive and measurable metrics. These QoE
factors can be classi ed into four categories [22]: ¢dntent factorswhich determine
the reconstructed content quality, such as the encodingtdit(ii) human factorswhich
capture human characteristics, such as his/her histariotibn sickness frequency, (iii)
context factors which describe the user's environments or interactions 128, 170],
such as head rotation speed, and $y3tem factorswvhich are related to hardware or ap-
plications, such as the video player. More complete listQoE features and factors are
introduced in Sec. 5.1.

Modeling the QoE of watching tiled 36(vrideos using HMDs is quite dif cult be-
cause:

Different from conventional videos, the behavior of indival viewers watching
360 videos could be quite different. This makes the viewing oagitotally dif-
ferent among individual viewers, even for the same videoréMwecisely, the un-
controlled environments of user studies make viewer feeldballection and user
experience modeling more challenging.

There are plenty of QoE factors contributing to the QoE festand overall QoE.
The dominating QoOE factors affecting: (i) overall QoE anigl QoE features of
watching tiled 360 videos are still unknown. Hence, it is quite challenging to
model the relationship among the overall QoE, QoE featuaes QoE factors.

To address these challenges, we rst identi ed the potéQBE features and factors
that may affect the user experience of watching tiled 36@eos. Then, we designed and
conducted a user study to collect and investigate the Qofesedth the considered QoE
factors and features. We then derived the models for ovemalt and QoE features in
terms of bothtMOSandIS. Here, MOS [181] refers to tha@veragequality scores o& set
of subjectgating an experience of watching tiled 36@deos using HMDs. In contrast,
IS refers to the quality scores given bgichsubject on his/her own experience, which is
reported to be more dif cult to model [103]. Last, the doming factor category and
factor of individual models are identi ed through our infath analysis. In this chapter,
we have built 5 (1 overall QoE + 4 QoE featutgs 2 (MOS and IS) = 10 QoE models.
In contrast, existing studies [41, 42, 225] focus on a sifg@S model (overall QoE),
which is only one-tenth of our outcomes. Besides, most stunlidy consider the content
factors [41, 225]. Croci et al. [42] further consider the dyametrics in the viewer's
viewport, which are some context factors. Different fromeithwork [41, 42, 225], we
consider comprehensive sets of content and context fadtarisiding quality variance

20One of the QoE features cannot be modeled, which is detail&é¢. 5.3.2
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and head rotation speed. More importantly, our work furtheorporates human factors,
which, to the best of our knowledge, have never been coresidarthe literature.

5.1 QoE of 360 Tiled Videos Streamed to HMDs

We introduce the lists of QoE features and factors in thisi@ecWe note that while we
try to make the lists as complete as we can, readers certasjycome up with additional
QoOE features and factors. This is not a concern, as our pedpaser study design and
modeling approach are also applicable to other lists of @affes and factors.

5.1.1 QoE Features

Table 5.1: Questionnaire of Overall QOE and QoE FeaturesumBer Study

Lowest | Highest

Acronym | Question Ref.
Score (1) | Score (9)

0oQ How would you rate the overall quality? Awful Excellent -

1Q How would you rate the image quality? Awful Excellent| [100]
How would you rate the fragmentation

FG y ¢ None Severe | [135,197]
level?

IM How would you rate the immersion level? |  Awful Excellent| [193]

How would you rate the perceived
CS ) None Severe | [99,193]
cybersickness level?

Not
AT How would you rate the attractiveness level? Attractive [22]

Attractive

We identify possible QoE features of watching tiled 3&@eos with HMDs by sur-
veying the QOE literature of conventional and 3&@eos. Table 5.1 summarizes all of
the QOE features. Each QOoE feature is associated with aigouéstthe questionnaire
used for our user study. The rst question is the Overall QOR)J of watching the 360
videos. We describe the considered QoE features in thexfioigp

Image Quality (1Q) is the visual clarity level of video frames.

FraGmentation (FG) is the level of artifacts due to coding and tiling. We noticed
that the blocking artifacts caused by tiling are known inlttezature [208], and are
often mentioned by our subjects.

IMmersion (IM) is the perceived level of being physically present in theswid

CyberSickness (CS)is the experienced cybersickness level when watching the
video, which may result in dizziness and nausea.
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ATtractiveness (AT) is the level of the video content attracting the subject. We
ask the subjects to focus on the attractiveness from the@wdetent instead of the
video quality. Each subject only rates each video once.

We note that lower FG and CS scores indicate better user exgeriwhile higher scores

of all other QoE features and overall QoE indicate better egperience.

5.1.2 QoE Factors

Table 5.2: The Considered

QOE Factors

Cat. | Factor De nition Intuition
Bitrate The total encoding bitrate Different encoding bitrates cause differ-
‘g‘ ent levels of distortion
'g' Complexity SI/TI quantify the spatial/temporal com-Scene complexity captures the video
o plexity [87] characteristics
Motion The sum of the optical ow [126] from Higher motion level may cause more cy-
pixels of two adjacent frames bersickness
Video Quality | Average PSNR/SSIM/VMAF Objective metrics capture the distortion
level
Video Quality| Standard deviation (std.) ofQuiality variance among tiles may lead |to
Variance PSNR/SSIM/VMAF  among  video unpleasant artifacts
tiles
= Gender The gender of the subject Female subjects may be more vulnerable
S to cybersickness [185]
= Historical Mo- | The motion sickness frequency and leyebubjects who suffer from more motign
tion Sickness | in the past sickness may be more vulnerable to mo-
tion sickness
Avg. The head/gaze rotation speedyawand | The rotation speed may in uence a sub-
Head/Gaze pitch) of a subject ject's sensitivity to content
Rotation Speed
Head/Gaze Ror The head/gaze rotation speedyawand | The rotation speed may in uence a sup-
5 tation Speed | pitch) ject's sensitivity to content
‘g’ Gaze Complex; TI/SI weighted by the fraction of the gazeThe complexity of the gaze region may
o ity region in uence the perception
Gaze Motion | Optical ow weighted by the fraction of The motion level of the gaze region may
the gaze region in uence the perception
Gaze Videg PSNR/SSIM/VMAF weighted by the Objective metrics capture the distortion
Quality fraction of the gaze region level of the gaze region
Gaze Quality| Std. of PSNR/SSIM/VMAF among theDifferent tile qualities in the gaze region
Variance tiles in the gaze region may cause an unpleasant experience

the content, human, and context categdriesTable 5.2. Some content factors are fairly

We pick and summarize some crucial QoE factors of watchileg 860 videos in

3We focus on a 360video streaming system implemented by us, which runs on enghardware
platform to make the size of our user study manageable.
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popular in the literature, such as video complexity in Teraptmformation (TI) and Spa-
tial Information (SI) [87], and the video quality in PSNR, $8]29], and VMAF [142].

In addition to the content factors, the human and contexbfaacapture the difference
among individual subjects and behaviors, respectively. th® human factors, the his-
torical motion sickness experience may be used to predietiveln the subject perceived
cybersickness easily. Following the literature [97, 13&,1.75], we classify the interac-
tions between content and subjects, such as the head/gasienrspeed or the content
within the gaze region, into context factors. In particuldifferent head/gaze rotation
speeds may cause different degrees of sensitivity to thehedtcontent. Herayaze re-
gion refers to a small region surrounding the subject's gaze; dapta gaze region of
30 30 [212,213] throughout the chapter. Alternate gaze regian, de ned by gaze
exploring probability [172], can also be adopted. Note,thatause each subject watches
totally different content, we de ne severghze factorgsuch as gaze PSNR) as weighted
sums offactors(such as PSNR), where the weights are the fractions of tildamihe
gaze region. To capture the negative impacts of tiling, gamdity variance accounts for
the tile quality variance in the gaze region.

5.2 A User Study

To the best of our knowledge, there is no public dataset ondlagion among overall
QOE, QoE features, and QoE factors for watching tiled 36@eos in HMDs. Hence, we
conducted our own user study in this section.

5.2.1 Testbed

We developed a 360video player for the latest eye-tracking enabled HTC Vive Pr
Eye [77]. Fig. 5.2(a) shows a photo of a subject using thééestFig. 5.2(b) illustrates
the testbed architecture. The key entity of the testbeckislédd 360 video playeywhich

is developed using Unity [198] with SteamVR plugin [199] &Ranipal SDK [76] for
the HMDs and eye-tracking supports, respectively. Whenrestbpatch 360videos, the
360 video player saves both the eye gazes and head orientatidog iles for further
analysis. Fig. 5.2(c) shows our sample log les.

5.2.2 Dataset and Subjects

We selected six production-quality 36@deos provided by Joint Video Exploration Team
(JVET) [85] for the user study. These videos are summarizddible 5.3. We transcoded
all test videos to 4K (38401920) resolution at 30 frame-per-second (fps) and repiajiec
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Figure 5.2: Our testbed for the user study: (a) a photo of gestiising our testbed, (b)
the testbed architecture, and (c) the sample log les.

Table 5.3: The Considered Test Videos from JVET

Class Video Resolution | Frame Rate | Duration
Fixed SkateboardTrick (ST) 8192 4096 60 fps 10 sec
ixe

Harbor (HB) 8192 4096 30 fps 10 sec

Cameral
PoleVault (PV) 3840 1920 30 fps 10 sec
. Landing (LD) 6144 3072 30 fps 10 sec

Moving
Balboa (BB) 6144 3072 60 fps 10 sec

Cameral
BranCastle (BC) | 6144 3072 30 fps 10 sec

them into the equi-angular cubic projectfarsing 360lib [84] for a uniform pixel density.
Fig. 5.3 plots the complexity of the test videos, where theaBes from 36 to 66 and the
TI [87] ranges from 2 to 27. This gure shows that our selediest videos have diverse
characteristics. We increased the video playout lengtin ft0 to 20 seconds by reversely
playing each video after reaching its end. We encoded ealdovnto 12 8 tiles [134]
with 1-sec segments using Kvazaar [204] at six video bistate3, 6, 9, 12, and 15 Mbps
resulting in 6Hypothetical Reference Circuif80]. Thus, there are 36 (66) Processed
Video Sequencd88] referred to as test videos in the rest of the chapterdchesubject.
We opted not to vary the bitrates across the tiles in eachegssd video sequence for
two reasons: (i) diverse tile quality is known to dramalicalegrade the QoE [208] and
(if) too many test videos would lead to fatigue of the sulgg80]. Note that although
we use the same tile bitrates in each test video, the impaxtsthe Motion-Constrained

“We use an open-source shader [196] to support the equianguwlection in Unity.
SWe stop at 15 Mbps because the PSNR values of videos barebase after that.
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Tile Sets (MCTS) features employed by the tile codecs is cagtand investigated in our
user study. We recruited 24 subjects, and 13 of them are nmEbessubjects are between
19 and 30 years ofd Table 5.4 reports the demography of the subjects. In tatakpent
nine days conducting the user study and collected 864 quiestires.

Table 5.4: The Demography of Subjects

w
o

% ° %11; Gender Male: 58%, Female: 42%

'% 20 PV Age Range: [19,30], Standard Deviation: 2.78

g . EDB * * HMD Experience Never: 4%, Seldom: 79%, Medium: 17%

;j 10 BC Vision Correction Glasses: 13%, Contacts: 75%, None: 12%
‘g o Education High School: 37%, Bachelor: 42%, Master: 21%

30 40 50 60 70

Spatial Information (SI) | |1 ! |Z |l |: |1 ! |; |1
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Figure 5.3: Our considered b= r#$%& () — "+ | "#$%&() — ewas(

videos have scattered Sl and TIFigure 5.4: Overview of the user study for each sub-

values. ject. S and J represent the stimulation and judgment
phases.

5.2.3 Procedure

Our user study follows the recommendations of ITU-T 910 [88F employed a rating
scale of [1,9] for higher discriminative power [88]. Befoleetuser study, each subject
needed to pass a vision test (20/25 in Snellen chart) anchveatandom 360video to
familiarize himself/herself with our system. This was @oled by the calibration of our
eye-tracker. After that, subjects started the user stutly thhe Absolute Category Rating
(ACR) procedure. Fig. 5.4 illustrates the process of the uséydor each subject, which
consists 0f36 roundsn total. Each round containsstimulationand ajudgement phases
We randomly played a test video at each stimulation phasaskeb subjects to rate the
overall QoE and QoE features of the 3&@deo in the judgement phase. In the stimulation
phase, subjects sat on swivel chairs when watching the\B88os and they could freely
rotate their heads and bodies. The list of questions usétbijudgment phase is given in
Table 5.1. Besides, the scores were asked and recorded bgista@ats so that subjects
did not need to remove the HMD to complete the questionnaine.user study took each

subject 50 minutes to complete. Each subject had a 5-mirklaféer completing half of
the test videos.

60lder people are reported to have more severe perceivetesiskising HMDs [68] and thus are likely
not to watch 360 videos using HMDs. Hence, we did not include older peopleuaisobjects.

91



(@) (b) ()

Figure 5.5: Sample video frames from three sample videoslaidgaze-level viewing
heat maps from all subjects: (a) Landing (LD), (b) PoleV4BN), and (c) BranCastle
(BC). The sample video frames are in equirectangular projedtr the sake of presenta-
tion.

5.2.4 Viewing Behaviors and Video Classi cation

Fig. 5.5 shows the sample frames and their correspondirgrigael viewing heat maps,
where a visual angle of 3centered at each gaze point is used to compensate for the
tracking error. In these gures, viewers' gaze levels aremalized to [0, 1]. The higher
values indicate higher viewing frequency and vice versay. bi5(a) shows that most
subjects watched Landing staring ahead. Based on the inptlits open question in the
guestionnaire, this can be attributed to two reasons. Sabjeds were immersed in the
virtual world like they were really paragliding. Others wexfraid that rotating their heads
may make them even dizzier. Fig. 5.5(b) shows that when wagahdeo PoleVault, most
gazes lie on the mattress. This is because most subjectsadratk the athlete in the
video and the athlete spends a long time on the mattresshaftattempt. Fig. 5.5(c)
shows that the viewing directions when watching BranCas#eather dispersed. This is
because there is no main object or target in the video forubgests to track or observe,
which makes them tend to explore around the whole video.Ffgreveals that the 360
video content affects the overall viewing behavior.

Fig. 5.6 plots the subject rotation speed on each video &t gpate- and head-level.
This gure shows that the subjects tended to move their egegéaster than their head.
Moreover, the rotation speed at both levels was inline with @bservations, as shown
in Fig. 5.5: the subjects watching LD and PV have lower rotaspeed and less diverse
gaze. Based on the observations, we classi ed these videosdieg to camera moving
directions, Fixed Camera (FC) and Moving Camera (MV), and atteproperties, Fixed

92



N
o

Il Gaze-Level 4./&*C,5&/,*4.<&5&"-0

N
o

ST HB PV LD BB BC
Video

z e
1 35 I Head-Level | | o +C 4C
QJ =
= § |
g 30 v +@ "
2, <
»n ¥
e A I R
&0 |
= 4
< g@;) e
<

Figure 5.6: The average ro- Figure 5.7: The classi cations

tation speed of subjects under of videos according to camera

different videos. and attention properties.

Attention (FA) and Moving Attention (MA). Fig. 5.7 illusttes the video classi cations,
where the videos with lower rotation speed in Fig. 5.6 arssilad into FA. In MC
class, the closer to the right, the higher camera movingdbsjsethe video. Similarly, the
closer to the bottom, the higher attention moving speedavitieo, which can be seenin
Fig. 5.6.

5.2.5 The Overall QoE and QoE Features

We normalized the opinion scores within each subject usisgaes, which work as
follows. Letm,. be thes-th rating score from subjeat. The corresponding Z-score
Z,:s IS written asz,.s = % wherem, and , denote the mean and standard de-
viation of all subjectu’'s rating scores [25]. We consider the scores outside of3}&s
outliers [182]. After normalization, we map the Z-scon@, back to [1,9] using the equa-
tion:md =9 (zus+3)=6. We plot the resulting MOS of overall QoE and the considered
QoE features over different encoding bitrates in Figs.&-&.8(e) with 95% con dence
intervals. Fig. 5.8(f) shows the attractive levels of indual videos. Fig. 5.8(a) shows
that the overall QoE in MOS scores improve by 50% when thateitis increased from 1
to 15 Mbps. Besides, the OQ, 1Q, and IM (Figs. 5.8(a), 5.8(jl, 28(d)) are increasing
functions on the bitrate. In contrast, the FG (Fig. 5.8(s)aidecreasing function on the
bitrate. For the CS (Fig. 5.8(e)), we see that it is in uencearenby the video content
rather than by the bitrate. Cross-referencing Fig. 5.3 tevat the CS increases for
videos with higher TI. This is because the subjects usualfigsfrom higher CS level if
they are not aware of the moving direction of the video canreealvance [103]. An in-
teresting nding is that AT also affects the overall QOE. Egample, video ST has higher
IQ, lower FG, and even lower CS compared to video LD. Howeterptverall QoE of ST
and LD are mostly overlapping and sometimes, LD even outpe$ ST (e.g., at 1 and
15 Mbps). This may be attributed to the higher attractivellef video LD.
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Figure 5.8: The MOS scores at different bitrates: (a) OV€&aE, (b) 1Q, (c) FG, (d) IM,
(e) CS, and from different videos: (f) AT.

5.2.6 Diverse QoE Models

We built the MOS models for the overall QoE and QoE featurégrothan AT. This is
because we only collect AT rating per video. We built modelstdoth the MOS and IS
scores with differensetsof factors: (i) all factors, (ii) a dominating factor categoand
(i) a single dominating factor. Thdominatingfactor (category) is the factor (category)
that affects the modeling performance the most. We refdrase models a®Q/, 1Q ],
FG/, IM [, andCS/ for the overall QoE, IQ, FG, IM, and CS, respectively, where
T 2 f M;I g for the MOS or IS scores and 2 f A; C; F g to indicate the factor sets of
all factors @), the dominating factor categorZj, and the dominating factoF(). The
models with different factor sets can be used in differert 3édeo streaming scenarios.
For example, the systems with limited resources are motaldeito adopt the models
with fewer factors, such as the models with only a single datig factor. In contrast,
when collecting more factors is feasible, models with attdas generally lead to better
performance.

5.3 MOS Modeling

In this section, we apply multiple regressors to model theS\WWOores for the overall QoE
and QoE features.
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5.3.1 Regressor Selection
We consider the following widely-adopted regressors:

Linear regressor [59] employs a few parameters and is less vulnerable to over t-
ting.

Random forest regressor [117]s an ensemble method consisting of multiple de-
cision trees. It is good at processing a large amount of gnpatl is ef cient on
learning. It comes with a few hyper-parameters. For exanpémaximum num-
ber of features restricts the number of features considareach branch split of
the decision trees.

Gradient boosting regressor [60]is also an ensemble method which employs
stage-wise learning. It reduces the complexity of eachsitatitree to avoid over-
tting by, for example, adding costs to complex tree struetu

Support-vector regressor [14] nds the hyperplane for predicting the data distri-
bution, where a tolerance levels speci ed as a hyper-parameter. Higheralues
may lead to higher training loss, while lowevalues may increase the probability
of over tting.

Table 5.5: Performance of Regressors: Sample Results@Qh

Training Set Validation Set
Regressor Hyper-Parameters
PLCC | SROCC | PLCC | SROCC
Linear - 0.9925| 0.9823 | 0.9518| 0.9175
Max No. No. Max
Random .
Forest Features | Estimators | Depth | 0.9686| 0.9501 | 0.9215| 0.8541
30 200 8
) Max No. No. Learning
Gradient )
. Features | Estimators Rate 0.9934| 0.9761 | 0.9451| 0.8962
Boosting
5 100 0.01
Subport Tolerance Max Penalt
PP Level Iterations enaly 0.9880| 0.9730 | 0.9350| 0.9021
Vector
0.05 20 10

We implemented the considered regressors using ScikitaLg®3]. We used the
dataset collected from the user study (Sec. 5.2) to deridecgaluate models. We split
the dataset bgubjectswhere the training set and testing set accounted for sanfalen
70% and 30% of subjects, respectively. Besides, 20% of thrigaset was used as the
validation set for a 5-fold cross validation. We opted tdase the training and testing
datasets on subjects (instead of videos) to be closer te#te@isage scenarios, where the
number of viewers is much larger than the number of videoke Tiae Video-on-Demand
(VoD) scenario as an example; a single video will be vieweddng of thousands, if nor
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more, customers. Hence, the MOS or IS scores of a customehwvgtthe current video
can be predicted using the models derived from the inpuis &ther customers who have
watched the same video. In VoD scenarios, prior inputs obwer when watching other
videos could be used to predict his/her future QoE, whichotsdone in this work since
inputs from different subjects are isolated. Alleviatihgstconstraint will further improve
the performance of our QoE models.

We grid search on the best hyper-parameters of individggéssors using the valida-
tion set. In particular, we compute PLCC and Spearman Rankr@uleelation Coef -
cient (SROCC) [190] to evaluate the correlation between th&SM&res from our models
and the subjects. Table 5.5 gives the sample results f@ @ from each regressor. The
italic font indicates the best results among differenteegors.The results show that the
linear regressor achieves the highest PLCC and SROCC scdfesherefore adopt it as
our regressor for all models in the rest of this chapter.

5.3.2 Derived Model Performance

In this section, we evaluate our models using the testing Besides, we compare the
performance with the state-of-the-art QOE models, whiehliated below.

Yao et al. [225] developed a QoE model for 3&@deos considering QP, SI, and TI.

VI-VMAF [41] is the state-of-the-art objective quality nmet designed for 360

videos, which is reported to offer better correlation wtik bverall QoE for watch-
ing 360 videos. We used their binary tool with the best parametexg taported
in their paper to calculate the VI-VMAF values.

VI-VA-VMAF [42] is an extension of VI-VMAF, which employs th visual atten-
tion map [93] as the weights when computing the nal valudse Visual attention
map is generated using the subject's gazes.

For fair comparisons, we used MATLAB [131] to (re)train theose models using our
training set. Among them, VI-VMAF [41] and VI-VA-VMAF [42] dopt a complicated
logistic function [86] without specifying how to select tis¢garting points. Hence, we
repeated each training 10 times with random starting paimdschose the best parameters
that lead to the highest adjustBd value. We make the following observations.

Our derived MOS models achieve high correlation.We rst consider all content,
human, and context factors for MOS modeling. Fig. 5.9 plbesgredicted versus col-
lected MOS scores foDQY . This gure shows that the predicted MOS scores from
OQM closely follow the collected MOS scores. We also observalairtrends on other
QOE features; gures are omitted for brevity. We plot the CCiRlee Absolute Errors
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Table 5.6: Performance of De-
rived MOS Models with All Fac-
tors

©
=

~
o
©

Model | PLCC | SROCC | MAE | RMSE

w

Predicted MOS Scores
&
D

i A oQY | 0.988| 0.971 | 0.180 0.218
;o 1QY DM
1 N )
1 3 5 7 9 0 05 1 15 IQY¥ | 0.989 | 0.977 | 0.165| 0.208

Collected MOS Scores Absolute Error
FGY | 0.980| 0.975 |0.233| 0.277

Figure 5.9: The pre-Figure 5.10: The CDF | M} | 0.944| 0889 | 0.342| 0.422
dicted versus collectedcurves of the AE for the | CSK | 0.908 | 0.902 | 0.293| 0.389
MOS scores of the over-MOS scores. We zoom
all QoE. into [0,1.5], where the

range is [1,8].
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Figure 5.11: The performance ratio achieved by our derivédSvnodels using factors
from the dominating category: (a) PLCC and (b) SROCC.

(AE) of each predicted MOS scores compared to the colleated @ Fig. 5.10. This
gure shows that the maximum AE is about 1, which is relatyveinall compared to the
maximal QoE score of 9. For completeness, we report the PLCOCER Mean Abso-
lute Error (MAE), and Root Mean Square Error (RMSE) of our deiliwlOS models in
Table 5.6. Among them, higher PLCC and SROCC indicate bettelehqmerformance.
In contrast, lower MAE and RMSE indicate better model perfamge. This table shows
that our models perform quite well. For example, our derivextiel for the overall QoE
achieves 0.988 and 0.971 in PLCC and SROCC, respectively. rirstef the QoE fea-
tures, our derived models lead to 0.908 to 0.989 in PLCC argBa®0.977 in SROCC.

Besides, the MAE (RMSE) of the overall QoE and QoE featureswsys below 0.342
(0.422).

Content category dominates the factor categoriesWe investigated the most rep-
resentative factor category of our derived models as falowe iteratively identi ed
the category with the least in uence, and removed that fac&degory. The last fac-
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Figure 5.12: The performance ratio achieved by our deriv€Svinodels using the dom-
inating factor: (a) PLCC and (b) SROCC.

tor category is the dominating category. Fig 5.11 plotsgbhgormance raticbetween
MOS models with factors in the dominating category and akgaries, where the per-
formance ratio is the performance normalized to the oneeaeldi by the model with all
factors. This gure shows that the models with the domingtategories achieve 98%
of performance ratio in both PLCC and SROCC. Furthermore, theirtiting category
Is content except for FG. In contrast, FG depends morecontextfactors, e.g., what
subjects see in their gaze regions.

Video quality dominates the factors. We zoom into thedominating factomwithin
the dominating category, and compute the performance lbatween MOS models with
the dominating factor and all factors. Fig. 5.12 plots thegenance ratio, and the an-
notations indicate the dominating factors. This gure skdWat the video quality is the
dominating factor for most models. In particular, (gaze) M¥is the dominating factor
of the models for the overall QoE, 1Q, and FG, which achieve®/% performance ratio
in both PLCC and SROCC. Besides, the model for CS is dominated byptisal ow,
which also has 97% performance ratio in both PLCC and SROCC. With a dominating
factor (PSNR), our model for IM only achieves82% performance ratio. This indicates
that immersive experience requires more factors for betteteling performance. Cross-
referencing Fig. 5.11, a QoE model with all content factersbre suitable for the IM:
99% versus 82%.

Comparing the state-of-the-art objective quality metricsand QoE models.Fig. 5.13
plots the predicted versus collected MOS scores of our 0v@@E model, compared
to the state-of-the-art objective quality metrics [41, 42d model [225]. This gure
clearly shows tha®QX achieves high linear correlation with the collected MOSreso
Among other metrics and models, Yao et al. [225] leads to thstmeviated results. VI-
VMAF [41] and VI-VA-VMAF [42] result in similar deviation lgels, which are between
Yao et al. [225] andQY . Fig. 5.14 further plots the sample performance ratios amon
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our derived models for the overall QoBQY , OQY , andOQY ) and the state-of-the-art
metrics and models, where our model with all factd@}Y ) is used for normalization.
This gure shows that Yao et al. [225] achieve the worst perfance in terms of both
PLCC and SROCC. On the other hand, the performance ratios of A fall be-
tween our model using the dominating fact@@Y ) and the dominating factor category
(OQ¥) in terms of both PLCC and SROCC. VI-VA-VMAF is, however, slityhinferior

to VI-VMAF, although the difference is extremely small. Besen these observations,
we recommen®QY as the QoE model if additional human and context factors ean b
acquired. Otherwise€QQY is recommended for the overall QoE if all content factors are
available. If only a single factor is consider€dQY and VI-VMAF can be considered;
between them VI-VMAF achieves a slightly higher performanatio ( 0.5%). Last, we
emphasize that we caonly compare the other metrics [41, 42] and model [225] in the
literature against the overall QOE models for MOS scoreds Ehbecause their studies
do not build QoE models for other QoE features (IQ, FG, IM C8ileled, the current
chapter is, to the best of our knowledge, tht&¢ comprehensive study trying to model a
wide spectrum of QOE features, as summarized in Table 5.1
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Figure 5.14: The performance ra-
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Collected MOS Scores tio comparisons among our mod-
Figure 5.13: The predicted versus col- els, VI-VA-VMAF, VI-VMAF,
lected MOS scores for the overall QoE. and Yao et al. for overall QoE.

5.4 1S Modeling

In this section, we use the linear regressor to model thed&sdor the overall QoE and
QOE features using the same setting in Sec. 5.3. We desbebmadeling performance
and observations in this section. Furthermore, becausethk is the very rst attempt to

build IS models for 360tiled videos, we cannot compare our IS models against agisti

ones in the literature.
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Table 5.7: Performance of De-
rived IS Models with All Factors

0.8

~

0.6

Co.al hi Model | PLCC | SROCC | MAE | RMSE

—O0Ql - FG} ---C8} OQ) | 0.915| 0.868 | 0.472| 0.604
Y
0 |

o1 5, 3 4 | 1Qh | 0896 0847 |0532] 0.667
Collected IS Scores Absolute Error

Predicted IS Scores
o1

w

FG! | 0.883| 0.868 | 0.565| 0.704
Figure 5.15: The pre-Figure 5.16: The CDF| M} | 0801 0.725 | 0.696| 0.899

dicted versus collectedcurves of the AE for the | €S | 0.579| 0594 | 0.862| 1.165
IS scores of the overalllS scores. We zoom into

QoE. [0,4], where the range is
[1,8].
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Figure 5.17: The performance ratio achieved by our deriathddels using factors from
the dominating category: (a) PLCC and (b) SROCC.

Our derived IS models perform well on the overall QOE and mostQoE features.
We rst consider all content, human, and context factorglierlS modeling (e.gQQ}).
We plot the predicted versus collected IS scores of overalt @ Fig. 5.15. Compared
to Fig. 5.9, this gure shows that the linear correlationviee¢n our predicted and col-
lected IS scores is slightly weaker than that for MOS scoféss is intuitive because IS
scores involve individual differences from the subjectd s are more challenging to
model [103]. We further plot the CDF curves of the AE of eacldpted IS score com-
pared to the collected one in Fig. 5.16. This gure demortefra similar trend as seen in
Fig. 5.15: the AE of IS modeling is slightly worse than thaM®S modeling, compared
to Fig. 5.10. Furthermore, CS leads to higher AE comparedherst Table 5.7 reports
the modeling performance of our derived IS models with al¢bnsidered factors. This
table shows that with all QoE factors, our derived model fegrall QOE achieves 0.915
and 0.868 in PLCC and SROCC, respectively. Besides, our deriastls lead to>
0.80 on PLCC for most QoE features, except CS. The gap (cf. Tab)ebetween the
predicted MOS and IS scores for CS may be attributed to divéilsgersonality and (ii)

100



100 100
= g0 | | Il Content = g0+ | Il Content
2 I Human £ I Human
é 604|[_]Context ;{é 604 |_]Context
£ 40 g 401
= :
3 " S "
= 20 Gaze Optical = 20 Gaze Optical
E VMAF | [VMAF VMAF PSN Flow Q’i VMAF | [VMAF VMAF PSN Flow
0 0
| | | | SI | | | |
O0Q. Q. FG. IM_ C§ 0Q. Q. FG. IM_ CSIF
Model Model

(@) (b)

Figure 5.18: The performance ratio achieved by our derig&chbdels using the domi-
nating factor: (a) PLCC and (b) SROCC.

prior experience, which impose nontrivial impacts on CSsThdlicates thanore human
factors should be included for modeling IS scores for cyibkness For example, the
sleeping quality or the sense of balance may affect the pedt €S level. Adding more
factors for IS modeling of CS is left as our future work.

The investigation on the dominating factor (category) for ISmodeling shows a
similar trend to MOS modeling. We then investigated the dominating factor category
of IS models. We plotted the performance ratio achieved lnydeuved models between
using the dominating factor category and using all factofsig. 5.17. This gure shows
the same trend as the MOS models (cf. Fig. 5.11): the condetdrs dominate, except
for FG. In particular, the context factors dominate the ISlels for FG. The performance
ratio achieved by the dominating factor category is quitgnh®» 99% for both PLCC and
SROCC. Fig. 5.18 further plots the performance ratio of ouivddrlS models between
using the dominating factor and using all factors. This g@so shows similar results
as MOS models (cf. Fig. 5.12): (i) (gaze) VMAF dominates tBeriodels for the overall
QOoE, IQ, and FG (ii) the optical ow is the dominating factarfCS, and (iii) IM requires
at least all content factors to achieve acceptable modpkniprmance.

5.5 Conclusions

In this chapter, we compile a wide spectrum of QoE featuresQoE factors that may
affect the overall QoE of watching tiled 360Qideos using HMDs. We design and conduct
a user study for collecting the dataset of the overall QoHE; @@atures, and QOE factors.
We then derive the models for the overall QOE and QoE featusesy the considered
QOE factors in terms of both MOS and IS scores. Our key ndiags

Our derived models for overall QoE perform very well and aghi0.99 and 0.97
in PLCC and SROCC, respectively. Although modeling IS is harder derived
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models also perform well with most QoE features, except C$.ekkample, our
derived IS model for the overall QoE achieves 0.92 and 0.#1L@GC and SROCC,
respectively.

This chapter is the rst work that considers comprehensia& @actors spanning
over the content, human, and context categories. Our nmgpedsults reveal that
contentfactors dominate the factor categories for the overall Qote, most QoE
features. The only exception is FG, which is affected mor¢hkycontext factors.

(Gaze) VMAFs the dominating factor for the overall QOE and most of theeQo
features (IQ, and FG). This can be attributed to the fact WMAF was trained
with the subjectivescores in Net ix's dataset [141]. VI-VMAF and VI-VA-VMAF
further improve VMAF, because they are tailored for 36lleos.

IM cannot be well modeled using a single dominating factod eequires all con-
tent factors for reasonable modeling performance.

This chapter is the rst study that models: (i) not only oMe€oE but also multiple
QoE features and (ii) not only MOS scores but also IS scoreser@l of our ndings
are, therefore, novel and have not been raised in the literafo the best of our knowl-
edge, all existing work can be seen as a subset of our work. ae imade the collected
dataset and derived models public [150], which will stintellaore studies in the growing
research area.

There are some limitations in this work that should be notefbkhows:

There is a nontrivial performance gap, 0.30 in PLCC/SROCC) between the MOS
and IS models for CS. This indicates that CS is strongly sulslependent, which is
intuitive. The gap may be reduced by considering more humdrcantext factors,
such as the physical conditions and mental states of sgbject

We observe that AT affects the overall QoE. Hence, the madeide enhanced by
additional surveys on subjects' preferences. This canmEsapproximated with the
historical logs in real deployments, e.g., by analyzingwiatched videos of each
subject.
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Chapter 6

Conclusions and Future Work

6.1 Conclusions

Emerging VR applications are growing in popularity becaafdee increasing availability
of 360 videos and commodity HMDs. Streaming 36@ddeos to HMDs is, however,
very challenging due to large video sizes, stringent neadtrequirements, and complex
human visual systems. In this thesis, we address theseepneldy optimizing the three
critical phases of 360video streaming to HMDs: (i) delivery, (ii) production, afid)
consumption phases. In particular, we optimize the resoaliocation in the rst two
phases and investigate the perceived QoE in the last phase.

In our rst work, we avoided wasting resources on the unwettpart of 360 videos
by predicting the viewer's future viewport. In particulave leverage both sensor and
content data to train a neural network for viewer xation glictgion, which predict the
viewing probability of each tile. Several novel enhanceta@ane proposed to improve the
prediction accuracy, including generating virtual viewpp considering future content,
and reducing the feature sampling rate. Our trace-drivemlsition shows that our pro-
posed xation prediction network saves up to 41% of netwaahkdbwidth while achieving
comparable video quality and lower rebuffering time conepio the current practices.

After optimizing the resource allocation in the deliveryagk, we move to the earlier
phase. In particular, we optimize the encoding ladder imptiegluction phase, where the
encoding ladder is used to determine the representatiomsliofdual tiled segments to
be encoded and stored on the streaming servers. We fornt&apgoblem into an ILP
problem considering video models, viewing probabilitydatient distribution to maxi-
mize the client viewing quality. A divide-and-conquer apgeh is proposed to solve the
formulated problem. Besides, mathematical optimizatiog,, €onvex optimization us-
ing Lagrangian multiplier, is applied to optimally solvesteubproblems. Our experiment
results demonstrate that our proposed algorithms reshé#tier viewing quality and have
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better scalability under different storage limits compkiiethe state-of-the-art algorithm.
After optimizing the rst two phases in system perspectme then move to inves-
tigating the perceived QoOE from the user perspective in dmesgemption phase. We de-
signed and conducted a user study to investigate the comelationship among the
overall QoE, QOE features, and QoE factors on watching 8&@ videos using HMDs.
In particular, we considered 5 QoE features and 30 QoE faftom content, human, and
context categories. We analyzed the viewing behaviors aydetad the overall QoE and
various QoE features using the considered QoE factors. dmn@ting factor categories
and factors were identi ed for the overall QoE and QoE feesuiSeveral observations are
made based on our investigation. For example, contentriadtaminate the overall QoE
and most QoE features. Besides, the cybersickness requoresyuiman factors for better
modeling performance. The proposed optimization and tiya&tson in the three critical
phases help achieve a QoE-driven optimized 360eo streaming to HMDs system.

6.2 Future Work

In the current work, we have optimized the three criticalggsaof 360 video streaming
to HMDs, which are investigated from systems to users. Algfoour work focuses on
360 video streaming in VoD scenarios, the proposed studies eaxtended for various
scenarios. This will also enable the exploration of furtilmemersive applications in the
future. We discuss the opportunities below.

6.2.1 Live 360 Video Streaming

Our current work mainly focuses on the VoD scenario, wheeectintent is encoded and
stored on the streaming servers in the production phase cdittent features are, thus,
available to be exploited in our proposed optimization atgms in different phases.
For example, the saliency maps and motion maps are deteutiest@ed on the stream-
ing server in the production phase for the xation predinturing the delivery phase.
However, in live 360 video streaming, the content features are not availableréleéand
because the conteniss directly captured, encoded, amarstcketo the clients in real-time.
To apply our proposed algorithms to live video streaming,dktraction and analysis of
content features need to be accelerated. For example -ameadaliency detection [231]
using contour information can be adopted for the xationdicéon networks. Another
possible way is to eliminate the dependencies of the reakobnFor example, the video
prediction network [183] can be exploited to predict thaifetvideo frames for content
feature extraction and analysis. With the content featbe@sy available, Real-Time Pro-
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tocol (RTP) can be adopted for low latency streaming, whiseeper-class optimization
in our proposed optimal laddering algorithms can be diyeetiploited to determine the
live bitrate.

6.2.2 6DoF Content Streaming

360 videos only support 3DoF interaction models, where the p@ivis determined
only by the viewer's head orientation assuming the viewersdoot change his/her posi-
tion. That is, the viewport would not re ect the position clgges when the viewer walks
around or moves close to certain objects. This obviouslyalsss the perceived immer-
sive experience. 6DoF interaction models address the dimoiations by rendering the
viewport depending on the viewer's position when he/sheksvalo support 6DoF con-
tent, there are several representations, which can be ethgso two classes: (i) video-
and (ii) volumetric-based representations. The vide®baspresentations leverage the
highly optimized 2D compression algorithms while the vo&irnc-based representations
employ specialized data structure for compressions. &irepsuch 6DoF content, how-
ever, is challenging because of the even larger amount af glaé and more complex
reconstruction process compared to 3DoF content (8&&o0s). This indicates that the
problems faced by 360video streaming also occur in 6DoF content streaming and be-
come even more severe. Hence, it is essential to investigatgros and cons of different
representations for 6DoF content and develop suitabldisok) where the solutions can
be completely designed for 6DoF content or extended fronsoheions for 360 videos.
For example, semantic features based on 3D object detentagre leveraged to improve
the performance of xation prediction in 6DoF content. Indédn, the perceived QoE
for 6DOF content adaptive streaming, such as density-basiet cloud and image-based
view synthesis, requires further investigation.

6.2.3 VR Gaming with Multiple Observers

6DoF streaming content expands the possibilities of varioture immersive applica-
tions, including VR gaming. For popular computer game taurants, the game scenes
are also streamed to non-gamers, which are referreddbsesvers The observers watch
live game streaming to learn the skills from elite gamers tedstory lines of games.
To support observers in VR gaming, a naive approach is toerethe gamer's viewport
to the observers throughout the live streaming. Howeves,ittakes the VR features to-
tally useless because there is no freedom of changing viesvpaymore. Hence, the
support of multiple free-viewpoint observers of VR gamirgsld be studied to real-
ize an innovative way to observe live gaming streaming wéttdy user-driven viewing
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quality. Cloud gaming [78] can be leveraged to lower the hargwequirements of the
VR gamers and observers. However, of oading the computatsources onto the cloud
may increase the latency. To overcome this, Mobile Edge Canmgp(MEC) servers may
be used to replace cloud servers for reducing the latencis i$ecause MEC servers
are closer to the VR gamers and observers, so as to preveinatitzecongestion in the
core network. However, a high density of observers or umuald resource requirements
in some regions may overload the edge servers, which wil feanferior performance.
Assigning game observers to thestpossible edge servers is no easy task because it re-
guires considering the dynamic environments [80], latesmysitive characteristics [72],
and interplay among multiple servers/clients [106]. Herae algorithm to ef ciently
assign edge servers to the cloud VR gamers and observergisae to minimize their
perceived latency .

6.2.4 Movie Creation for XR Content

The development of 36ideos also stimulates the development of the 360vie indus-
try. 360 moviesnot only share immersive experience to others as 36{eos. Instead,
there are story lines in 360novies. Delivering the story lines via 36@hovies is, how-
ever, challenging, because the audience is allowed to/ffob@nge his/her viewport. That
is, the audience may miss important scenes or hints in theesdéor understanding and
following the story. Besides, any scene cuts or transitior350 movies may cause cy-
bersickness that degrade the immersive experience. Hani@e-off between the story
presented by the director and the immersive experiencepertby the audience needs
to be made. We believe that a more comprehensive user stuestigating the factors
that may affect the user experience of watching 360vies need to be designed and con-
ducted. In particular, the factors that may help attraciveiés gazes and the transition
effects that may cause the least cybersickness are e$serti@identi ed. The investi-
gation can be exploited to provide presentation or tramsitecommendations to movie
directors according to the characteristics of the stonwsthe concerns of the perceived
cybersickness.

106



Bibliography

[1] Is 360-degree and VR video the future of marketing?, ML7. https:
IlIwvww.marketingtechnews.net/news/2017/jul/06/360-
degree-and-vr-video-future-marketing/

[2] M. Abdallah, C. Griwodz, K. Chen, G. Simon, P. Wang, and C. Hdbelay-
sensitive video computing in the cloud: A survefxCM Transactions on Multi-
media Computing, Communications, and Applicatjid#g3s):54:1-54:29, 2018.

[3] R. Achanta, A. Shaji, K. Smith, A. Lucchi, P. Fua, and SisStrunk. SLIC su-
perpixels compared to state-of-the-art superpixel methtiEE Transactions on
Pattern Analysis and Machine Intelligen@4(11):2274-2282, 2012.

[4] P. Alface, M. Aerts, D. Tytgat, S. Lievens, C. Stevens, Bra#p, and J. Macq. 16K
cinematic VR streaming. IRroc. of ACM International Conference on Multimedia
(MM'17), pages 1105-1112, Mountain View, CA, October 2017.

[5] P. Alface, J. Macq, and N. Verzijp. Interactive omniditienal video delivery: A
bandwidth-effective approacBell Labs Technical Journal6(4):135-147, March
2012.

[6] T. Alshawi, Z. Long, and G. AlRegib. Understanding spltiarrelation in eye-
xation maps for visual attention in videos. IRAroc. of IEEE International Con-
ference on Multimedia and Expo (ICME']1§ages 1-6, Seattle, WA, July 2016.

[7] R. Anderson, D. Gallup, J. Barron, J. Kontkanen, N. Sngv€ly Hernandez,
S. Agarwal, and S. Seitz. Jump: Virtual reality videdCM Transactions on
Graphics 35(6):198:1-198:13, November 2016.

[8] M. Anwar, J. Wang, W. Khan, A. Ullah, S. Ahmad, and Z. Feubctive QoE of
360-degree virtual reality videos and machine learningligt®ns. IEEE Access
8:148084-148099, August 2020.

107



[9] R. Aparicio-Pardo, K. Pires, A. Blanc, and G. Simon. Trading live adaptive
video streams at a massive scale in the cloudRrbt. of ACM International Con-
ference on Multimedia Systems (MMSys,l5ages 49-60, Portland, OR, March
2015.

[10] S. Aroussi and A. Mellouk. Survey on machine learniragéd QOE-QoS correla-
tion models. InProc. of IEEE International Conference on Computing, Manage-
ment and Telecommunications (ComManTel Jggges 200-204, Da Nang, Viet-
nam, April 2014.

[11] M. Assens, X. Giro-i-Nieto, K. McGuinness, and N. O'CamnSaltinet: Scan-path
prediction on 360 degree images using saliency volumdarda. of IEEE Interna-
tional Conference on Computer Vision (ICCV'1pages 2331-2338, Venice, Italy,
October 2017.

[12] Y. Ban, L. Xie, Z. Xu, X. Zhang, Z. Guo, and Y. Wang. Cub36&pibiting cross-
users behaviors for viewport prediction in 360 video adegpstreaming. IrProc.
of IEEE International Conference on Multimedia and Expo (ICV&, pages 1-6,
San Diego, CA, July 2018.

[13] Y. Bao, T. Zhang, A. Pande, H. Wu, and X. Liu. Motion-prethn-based multicast
for 360-degree video transmissions.Aroc. of IEEE International Conference on
Sensing, Communication, and Networking (SECON'pages 1-9, San Diego,
CA, June 2017.

[14] D. Basak, S. Pal, and D. Patranabis. Support vector segne.Neural Information
Processing-Letters and Reviewtd(10):203-224, October 2007.

[15] A. Bentaleb, B. Taani, A. Begen, C. Timmerer, and R. Zimmemmakisurvey on
bitrate adaptation schemes for streaming media over HIHEE Communications
Surveys & Tutorials21(1):562-585, 2018.

[16] Bert Hubert. tc, 2019https://linux.die.net/man/8/tc

[17] D. Bertsekas.Constrained Optimization and Lagrange Multiplier Methodsca-
demic Press, 2014.

[18] D. Bertsekas, R. Gallager, and P. HumbI@ata networksvolume 2. Prentice-Hall
International New Jersey, 1992.

[19] M. Bessa, M. Melo, D. Narciso, L. Barbosa, and J. Vascarsz8aposo. Does
3D 360 video enhance user's VR experience: An evaluatiodystun Proc. of

108



International Conference on Human Computer Interactiongflattion'16), pages
16:1-16:4, Salamanca, Spain, September 2016.

[20] A. Borji, M. Cheng, H. Jiang, and J. Li. Salient object dzien: A survey.arXiv
preprint arXiv:1411.58782014.

[21] L. Bottou. Large-scale machine learning with stoclagtadient descent. IRroc.
of International Conference on Computational Statistics (RBMIAT'10) pages
177-186. Paris, France, August 2010.

[22] K. Bouragia, E. Sabir, M. Sadik, and L. Ladid. Quality aperience for streaming
services: Measurements, challenges and insigiHiEE Access8:13341-13361,
January 2020.

[23] S. Boyd and L. Vandenbergh€onvex OptimizationCambridge University Press,
2004.

[24] G. Bradski. The OpenCYV LibranDr. Dobb's Journal of Software Togl2000.

[25] L. Bush, U. Hess, and G. Wolford. Transformations forhintsubject designs: a
monte carlo investigatiorPsychological bulletin113(3):566, 1993.

[26] E. Canessa and L. Tenze. FishEyA: Live broadcastingrat@60 degrees. In
Proc. of ACM Symposium on Virtual Reality Software and Tedgyo{VRST'14)
pages 227-228, Edinburgh, Scotland, November 2014.

[27] S. Chaabouni, J. Benois-Pineau, and C. Amar. Transfenilgamwith deep net-
works for saliency prediction in natural video. Rroc. of IEEE International
Conference on Image Processing (ICIP'1fages 1604-1608, Phoenix, Arizona,
September 2016.

[28] J. Chakareski, R. Aksu, X. Corbillon, G. Simon, and V. Swaatihan. Viewport-
driven rate-distortion optimized 36@ideo streaming. IiProc. of IEEE Interna-
tional Conference on Communications (ICC'1l®ages 1-7, Kansas, MO, May
2018.

[29] S. Channappayya, A. Bovik, C. Caramanis, and R. Heath. S$ivhal linear
image restoration. IRroc. of IEEE International Conference on Acoustics, Speech
and Signal Processing (ICASSP'0®pges 765—768, Las Vegas, NV, March 2008.

[30] X. Chen, A. Kasgari, and W. Saad. Deep learning for carbased personalized
viewport prediction of 360-degree VR vided&EE Networking Letter2(2):81—
84, June 2020.

109



[31] H. Cheng, C. Chao, J. Dong, H. Wen, T. Liu, and M. Sun. Cube ipgdfbr
weakly-supervised saliency prediction in 3&deos. InProc. of IEEE Conference
on Computer Vision and Pattern Recognition (CVPR k&)ges 1420-1429, Salt
Lake City, UT, June 2018.

[32] K. Choi and K. Jun. Real-Time panorama video system usatgaorked multiple
camerasJournal of Systems Architectyi®4:110-121, March 2016.

[33] Cisco Inc. Cisco visual networking index: Forecast arehdis, 2017—2022
white paper, 2017. https://www.cisco.com/c/en/us/solutions/
collateral/service-provider/visual-networking-index-
vni/complete-white-paper-c11-481360.html

[34] Cisco Systems, Inc. The Zettabyte Era: Trends and Aigly2017.
https://www.cisco.com/c/en/us/solutions/collateral/
service-provider/visual-networking-index-vni/vni-
hyperconnectivity-wp.html

[35] C. Concolato, J. L. Feuvre, F. Denoual, E. Nassor, N. Camgly, and J. Taquet.
Adaptive streaming of HEVC tiled videos using MPEG-DASHEE Transactions
on Circuits and Systems for Video Technoldgl(99):1-1, March 2017.

[36] X. Corbillon, A. Devlic, G. Simon, and J. Chakareski. Opdl set of 360-degree
videos for viewport-adaptive streaming.fPnoc. of ACM International Conference
on Multimedia (MM'17) pages 943—-951, Mountain View, CA, October 2017.

[37] X. Corbillon, A. Devlic, G. Simon, and J. Chakareski. Opail set of 360-Degree
videos for Viewport-Adaptive streaming. Froc. of ACM International Confer-
ence on Multimedia (MM'17)pages 943-951, Mountain View, CA, October 2017.

[38] X. Corbillon, G. Simon, A. Devlic, and J. Chakareski. Vigart-adaptive navi-
gable 360-degree video delivery. Rroc. of IEEE International Conference on
Communications (ICC'17)pages 1-7, Paris, France, May 2017.

[39] R. Corless, G. Gonnet, D. Hare, D. Jeffrey, and D. Knuth. t@ LambertwW
function. Advances in Computational mathematisgl):329-359, 1996.

[40] M. Cornia, L. Baraldi, G. Serra, and R. Cucchiara. A deep rieNel network for
saliency prediction. IfProc. of International Conference on Pattern Recognition
(ICPR'16), pages 3488-3493, Cancun, Mexico, December 2016.

110



[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

S. Croci, C. Ozcinar, E. Zerman, J. Cabrera, and A. SmolizoNbi-based objec-
tive quality metrics for omnidirectional video. Proc. of International Conference
on Quality of Multimedia Experience (QOMEX'19ages 1-6, Berlin, Germany,
June 2019.

S. Croci, C. Ozcinar, E. Zerman, S. Knorr, J. Cabrera, andS#olic. Vi-
sual attention-aware quality estimation framework for afirectional video us-
ing spherical voronoi diagranSpringer Quality and User Experiencg(1):1-17,
April 2020.

L. D'Acunto, J. van den Berg, E. Thomas, and O. Niamut. ngsViPEG DASH
SRD for zoomable and navigable video.Rroc. of ACM International Conference
on Multimedia Systems (MMSys'1@ages 34:1-34:4, Klagenfurt, Austria, May
2016.

DASH Industry Forum. Guidelines for implementationagh-if interoperability
points. DASH Industry ForumNovember 2018.

DeNA Co., Ltd. et al. H20 the optimized HTTP/1.x, HTTP/@rger, 2019.
https://h20.example.net/

J. Deng, W. Dong, R. Socher, L. Li, K. Li, and L. Fei-Fei. dgeNet: A Large-
Scale Hierarchical Image Database. RAroc. of IEEE Conference on Computer
Vision and Pattern Recognition (CVPR'Q®ages 248—-255, Miami, Florida, June
2009.

F. Duanmu, E. Kurdoglu, S. Hosseini, Y. Liu, and Y. WanBrioritized buffer
control in two-tier 360 video streaming. Froc. of ACM SIGCOMM Workshop
on Virtual Reality and Augmented Reality Network (VR/AR Netwoyk pages
13-18, Los Angeles, CA, August 2017.

D. Egan, S. Brennan, J. Barrett, Y. Qiao, C. Timmerer, anidray. An evalua-
tion of heart rate and electrodermal activity as an objed@eE evaluation method
for immersive virtual reality environments. Froc. of International Conference
on Quality of Multimedia Experience (QOMEX'1§)ages 1-6, Lisbon, Portugal,
June 2016.

T. EI-Ganainy and M. Hefeeda. Streaming virtual rgatibntent. arXiv preprint
arXiv:1612.08350December 2016.

C. Fan, J. Lee, W. Lo, C. Huang, K. Chen, and C. Hsu. Fixati@digtion for
360 video streaming in head-mounted virtual reality. Rroc. of ACM SIGMM

111



[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

Workshop on Network and Operating Systems Support for Di§jitdio and Video
(NOSSDAV'17)pages 67—-72, Taipei, Taiwan, June 2017.

C. Fan, W. Lo, Y. Pai, and C. Hsu. A survey on 3&@eo streaming: Acquisition,
transmission, and displayACM Computing Survey$2(4):71:1-71:30, August
2019.

C. Fan, S. Yen, C. Huang, and C. Hsu. Optimizing xation pc&dn using re-
current neural networks for 36@ideo streaming in head-mounted virtual reality.
IEEE Transactions on Multimedi22(3):744-759, March 2019.

C. Fan, S. Yen, C. Huang, and C. Hsu. On the optimal encodidder of tiled
360 videos for head-mounted virtual realitYfeEE Transactions on Circuits and
Systems for Video Technologages 1-14, 2020. Accepted to Appear.

P. Felzenszwalb and D. Huttenlocher. Ef cient grapgséd image segmentation.
International Journal of Computer Visioh9(2):167-181, September 2004.

X. Feng, Y. Liu, and S. Wei. LiveDeep: Online viewporegliction for live virtual
reality streaming using lifelong deep learning. IBEE Conference on Virtual
Reality and 3D User Interfaces (VR'2@Q)ages 800-808, Atlanta, Georgia, March
2020.

X. Feng, V. Swaminathan, and S. Wei. Viewport predictfor live 360-degree
mobile video streaming using user-content hybrid motiacking. Proc. of ACM
on Interactive, Mobile, Wearable and Ubiquitous Techn@gg3(2):1-22, June
2019.

A. Fernandes and S. Feiner. Combating VR sickness thraudptle dynamic
eld-of-view modi cation. In Proc. of IEEE Symposium on 3D User Interfaces
(3DUI'16), pages 201-210, Greenville, SC, March 2016.

A. Ferworn, B. Waismark, and M. Scanlan. CAT 360: Caninenagigted tech-
nology 360-Degree video system. Rroc. of IEEE International Symposium on
Safety, Security, and Rescue Robotics (SSRRiHg)es 1-4, West Lafayette, IN,
October 2015.

D. FreedmanStatistical models: theory and practic@ambridge University Press,
20009.

J. Friedman. Greedy function approximation: a gradbEmosting machine]STOR
Annals of Statistic29(5):1189-1232, October 2001.

112



[61] C. Fu, L. Wan, T. Wong, and C. Leung. The rhombic dodecadrednap: An
ef cient scheme for encoding panoramic vidéBEE Transactions on Multimedia
11(4):634—644, June 20009.

[62] V. Gaddam, H. Ngo, R. Langseth, C. Griwodz, D. Johansed, RarHalvorsen.
Tiling of panorama video for interactive virtual camerasvetheads and poten-
tial bandwidth requirement reduction. Froc. of Picture Coding Symposium
(PCS'15) pages 204-209, Cairns, Australia, May 2015.

[63] L. Gaemperle, K. Seyid, V. Popovic, and Y. Leblebici. smmersive telepresence
system using a real-time omnidirectional camera and aaliraality head-mounted
display. InProc. of IEEE International Symposium on Multimedia (ISK¥),lpages
175-178, Taichung, Taiwan, December 2014.

[64] C. Galleguillos and S. Belongie. Context based objectgmateation: A critical
survey.Computer Vision and Image Understandiig4(6):712—722, June 2010.

[65] Google Inc. ExoPlayer : An extensible media player fodid, 2017.https:
/lgithub.com/google/ExoPlayer

[66] M. Graf, C. Timmerer, and C. Mueller. Towards bandwidticieht adaptive
streaming of omnidirectional video over HTTP. Rroc. of ACM International
Conference on Multimedia Systems (MMSys'p&ges 261-271, Taipei, Taiwan,
June 2017.

[67] M. Grant and S. Boyd. CVX: Matlab software for disciplinednvex program-
ming, version 2.1, March 201%ittp://cvxr.com/cvx

[68] J. Hakkinen, T. Vuori, and M. Paakka. Postural stapdihd sickness symptoms af-
ter HMD use. INEEE International Conference on Systems, Man and Cybegyetic
volume 1, pages 147-152, October 2002.

[69] E. Hjelmas and B. Low. Face detection: A surve§omputer vision and image
understanding83(3):236—-274, September 2001.

[70] S. Hochreiter and J. Schmidhuber. Long short-term nrgmdeural computation
9(8):1735-1780, November 1997.

[71] X. Hou, S. Dey, J. Zhang, and M. Budagavi. Predictive diglapstreaming to
enable mobile 360-degree and VR experient#eEE Transactions on Multimedia
pages 1-16, 2020.

113



[72] X. Hou, Y. Lu, and S. Dey. Wireless VR/AR with edge/cloudngputing. In
Proc. of International Conference on Computer CommunicatimhMetworks (IC-
CCN'17), pages 1-8, Vancouver, Canada, July 2017.

[73] X. Hou, J. Zhang, M. Budagavi, and S. Dey. Head and bodyangirediction to
enable mobile VR experiences with low latency.lHEE Global Communications
Conference (GLOBECOM'19pages 1-7, Waikoloa, HI, December 2019.

[74] C. Hsu, A. Chen, C. Hsu, C. Huang, C. Lei, and K. Chen. Is fovestadering
perceivable in virtual reality: Exploring the ef ciency drconsistency of quality
assessment methods. Rroc. of ACM International Conference on Multimedia
(MM'17), pages 55-63, Mountain View, CA, October 2017.

[75] HTC Corporation. VIVE: Discover virtual reality beyonichagination, 2017.
https://www.vive.com/us/

[76] HTC Corporation. Eye tracking SDK (SRanipal), 2020. https:
//ldeveloper.vive.com/resources/knowledgebase/vive-
sranipal-sdk/

[77] HTC Corporation. VIVE PRO EYE, 2020https://enterprise.vive.
com/us/product/vive-pro-eye/

[78] C. Huang, K. Chen, D. Chen, H. Hsu, and C. Hsu. GamingAnywh&he rst
open source cloud gaming systemCM Transactions on Multimedia Computing,
Communications, and Applications0:1-10:24(1), Jan 2014.

[79] M. Huang, Q. Shen, Z. Ma, A. C. Bovik, P. Gupta, R. Zhou, andC40. Model-
ing the perceptual quality of immersive images rendered eedhmounted dis-
plays: Resolution and compressionEEE Transactions on Image Processing
27(12):6039-6050, December 2018.

[80] F. Huber and S. Satish. Adaptive code of oading for melmloud applications:
Exploiting fuzzy sets and evidence-based learning.Pioc. of ACM Workshop
on Mobile Cloud Computing and Services (MCS;I®ges 9-16, Taipei, Taiwan,
June 2013.

[81] IBM Corp. IBM ILOG CPLEX optimizer, 2018http://www-01.ibm.com/
software/integration/optimization/cplex-optimizer/

[82] M. Inoue, H. Kimata, K. Fukazawa, and N. Matsuura. latgéive panoramic video
streaming system over restricted bandwidth network.Pioc. of ACM Interna-

114



tional Conference on Multimedia (MM'10pages 1191-1194, Firenze, Italy, Oc-
tober 2010.

[83] Information technology — dynamic adaptive streamingrdHTTP (DASH) — part
1: Media presentation description and segment formats¢ciVi2ap12.

[84] Algorithm descriptions of projection format conveysiand video quality metrics
in 360Lib. Standard, International Telecommunicationdmi2017.

[85] ITU. JVET - joint video experts team, 201%ttps://www.itu.int/en/
ITU-T/studygroups/2017-2020/16/Pages/video/jvet.aspx

[86] Final report from the video quality experts group on tlaidation of objective
models of video quality assessment. Technical report, V({ZEGO.

[87] ITU-T Study Group 9. Subjective video quality assesstmeethods for multime-
dia applicationsITU Series P: Audiovisual quality in multimedia servic&899.

[88] ITU Telecommunication Standardization Sector. Saotiye video quality assess-
ment methods for multimedia applicationd.U-T Recommendatioi.910, April
2008.

[89] ITU Telecommunication Standardization Sector. Melhdor the subjective as-
sessment of video quality, audio quality and audiovisuallitpof internet video
and distribution quality television in any environmern@TU-T Recommendation
P.913, March 2016.

[90] ITU Telecommunication Standardization Sector. Sepe Terminals and subjec-
tive and objective assessment method$U-T RecommendatiorP.800.2, July
2016.

[91] R. Jain, D. Chiu, and W. Hawe. A quantitative measure ah&ss and discrimina-
tion. Eastern Research Laboratory, Digital Equipment Corpomatipages 1-37,
September 1984.

[92] N. Jiang, V. Swaminathan, and S. Wei. Power evaluati®60 VR video stream-
ing on head mounted display devices.Aroc. of ACM SIGMM Workshop on Net-
work and Operating Systems Support for Digital Audio and ¥idOSSDAV'17)
pages 55—60, Taipei, Taiwan, June 2017.

[93] B. John, P. Raiturkar, O. Le Meur, and E. Jain. A benchméfour methods for
generating 360saliency maps from eye tracking daté/orld Scienti c Interna-
tional Journal of Semantic Computing3(03):329-341, September 2019.

115



[94]

[95]

[96]

[97]

[98]

[99]

[100]

[101]

[102]

[103]

R. Ju, J. He, F. Sun, J. Li, F. Li, J. Zhu, and L. Han. Ultraleviview based
panoramic VR streaming. IAroc. of ACM SIGCOMM Workshop on Virtual Real-
ity and Augmented Reality Network (VR/AR Network'papes 19-23, Los Ange-
les, CA, August 2017.

P. Juluri. AStream, 201%ttps://github.com/pari685/AStream

P. Juluri, V. Tamarapalli, and D. Medhi. Measuremengoélity of experience of
video-on-demand services: A survé EE Communications Surveys & Tutorials
18(1):401-418, February 2016.

S. Jumisko-Pyyké and T. Vainio. Framing the context of use for mobile H(@I
Global International Journal of Mobile Human Computer Irdetion, 2(4):1-28,
January 2010.

Y. Kavak, E. Erdem, and A. Erdem. A comparative studyf&ature integration
strategies in dynamic saliency estimati@ignal Processing: Image Communica-
tion, 51:13-25, February 2017.

R. Kennedy, N. Lane, K. Berbaum, and M. Lilienthal. Simafssickness question-
naire: An enhanced method for quantifying simulator sigdsnd@he International
Journal of Aviation Psycholog(3):203—-220, November 1993.

I. Ketykd, K. De Moor, T. De Pessemier, A. Verdejo, K. Vanhecke, Wepbs
L. Martens, and L. De Marez. Qoe measurement of mobile YoaMideo stream-
ing. In Proc. of Workshop on Mobile Video Deliveyages 27-32, Firenze, Italy,
October 2010.

H. Kim, H. Lim, S. Lee, and Y. Ro. VRSA net: VR sickness assgent consider-
ing exceptional motion for 360 VR videtEEE Transactions on Image Processing
28(4):1646-1660, April 2019.

H. Kim, J. Yang, M. Choi, J. Lee, S. Yoon, Y. Kim, and W. Rarimmersive
360 VR tiled streaming system for Esports servicePhoc. of ACM International
Conference on Multimedia Systems (MMSys'p&pes 541-544, Amsterdam, The
Netherlands, June 2018.

J. Kim, W. Kim, S. Ahn, J. Kim, and S. Lee. Virtual reglisickness predictor:
Analysis of visual-vestibular con ict and VR contents. Rioc. of IEEE Interna-
tional Conference on Quality of Multimedia Experience (QOMIB), pages 1-6,
Sardinia, Italy, May 2018.

116



[104] H. Kimata, M. Isogai, H. Noto, M. Inoue, K. Fukazawagad. Matsuura. Interac-
tive panorama video distribution system. Rroc. of Technical Symposium at ITU
Telecom World (ITUWT'11)pages 45-50, Geneva, Switzerland, October 2011.

[105] H. Kimata, D. Ochi, A. Kameda, H. Noto, K. Fukazawa, aadojima. Mobile
and multi-device interactive panorama video distribusgatem. InProc. of IEEE
Global Conference on Consumer Electronics (GCCE'Jigiges 574-578, Tokyo,
Japan, October 2012.

[106] K. Kitae, L. Jared, K. Seokwon, and H. Seon. Predicbiased sub-task of oading
in mobile edge computing. IRroc of IEEE International Conference on Informa-
tion Networking (ICOIN'19) pages 448-452, January 2019.

[107] J. Kopf. 360 video stabilization.ACM Transactions on Graphic85(6):195:1—
195:9, November 2016.

[108] J. Kua, G. Armitage, and P. Branch. A survey of rate aatapt techniques for dy-
namic adaptive streaming over HTTIEEE Communications Surveys & Tutorials
19(3):1842-1866, 2017.

[109] E. Kuzyakov and D. Pio. Next-generation video encgdiechniques for
360 video and VR, 2016. https://engineering.fb.com/virtual-
reality/next-generation-video-encoding-techniques-for-
360-video-and-vr/

[110] A. Langley, A. Riddoch, A. Wilk, A. Vicente, C. Krasic, Xhang, F. Yang,
F. Kouranov, |. Swett, J. lyengar, J. Bailey, J. Dorfman, J.KRak J. Kulik,
P. Westin, R. Tenneti, R. Shade, R. Hamilton, V. Vasiliev, W. Ghamnd Z. Shi.
The QUIC transport protocol: Design and internet-scaldajgpent. InProc. of
the ACM International Conference on Special Interest Groufpata Communi-
cation (SIGCOMM'17) pages 183-196, Los Angeles, CA, August 2017.

[111] J. Le Feuvre and C. Concolato. Tiled-based adaptiversireg using MPEG-
DASH. InProc. of ACM International Conference on Multimedia Systels!{
Sys'16) pages 41:1-41:3, Klagenfurt, Austria, May 2016.

[112] T. Lee, J. Yoon, and I. Lee. Motion sickness predictiorstereoscopic videos
using 3D convolutional neural networkHEEEE Transactions on Visualization and
Computer Graphics25(5):1919-1927, May 20109.

117



[113] B. Li, H. Li, L. Li, and J. Zhang. domain rate control algorithm for high ef -
ciency video codinglEEE Transactions on Image Processii&$(9):3841-3854,
September 2014.

[114] B. Li, D. Zhang, H. Li, and J. Xu. QP determination by lasabvalue. In9th
Meeting of the JCT-VC, no. JCTVC-10428ay 2012.

[115] G. Liand Y. Yu. Visual saliency based on multiscale piésatures. IrProc. of
IEEE Conference on Computer Vision and Pattern RecognitioPCY5), pages
5455-5463, Boston, MA, June 2015.

[116] Z. Li, M. Drew, and J. Liu.Lossy Compression AlgorithmSpringer, 2004.

[117] A. Liaw and M. Wiener. Classi cation and regression landomforest.R news
2(3):18-22, December 2002.

[118] S. Lim, J. Seok, J. Seo, and T. Kim. Tiled panoramic gitl@nsmission system
based on MPEG-DASH. IRroc. of International Conference on Information and
Communication Technology Convergence (ICTC'ages 719-721, Jeju, Korea,
October 2015.

[119] K. Lin, S. Liu, L. Cheong, and B. Zeng. Seamless videelstitg from hand-held
camera inputsComputer Graphics Forun85(2):479-487, May 2016.

[120] T. Lin, M. Maire, S. Belongie, J. Hays, P. Perona, D. RaamarP. Dollar, and
C. Zitnick. Microsoft COCO: Common objects in context. Pnoc. of European
Conference on Computer Vision (ECCV'1pnages 740-755, Zurich, Switzerland,
September 2014.

[121] F. Liu and M. Gleicher. Region enhanced scale-invargatiency detection. In
Proc. of IEEE International Conference on Multimedia and &xpCME'06),
pages 1477-1480, Toronto, Canada, July 2006.

[122] T. Liu, Z. Yuan, J. Sun, J. Wang, N. Zheng, X. Tang, andSHum. Learning
to detect a salient objectlEEE Transactions on Pattern analysis and machine
intelligence 33(2):353-367, February 2011.

[123] W. Lo, C. Fan, J. Lee, C. Huang, K. Chen, and C.-H. Hsu. 3&@eo viewing
dataset in head-mounted virtual reality.Rroc. of ACM International Conference
on Multimedia Systems (MMSys'1ppges 211-216, Taipei, Taiwan, June 2017.

[124] W. Lo, C. Fan, S. Yen, and C. Hsu. Performance measursnoér860 video
streaming to head-mounted displays over live 4G celluldawokks. In Proc.

118



[125]

[126]

[127]

[128]

[129]

[130]

[131]

[132]

[133]

[134]

of Asia-Paci ¢ Network Operations and Management SymposAIRNOMS'17)
pages 205-210, Seoul, Korea, September 2017.

K. Lu, A. Ortega, D. Mukherjee, and Y. Chen. Perceptualspired weighted
MSE optimization using irregularity-aware graph Fourransform.arXiv preprint
arXiv:2002.085582020.

B. Lucas and T. Kanade. An iterative image registratechnique with an ap-
plication to stereo vision. IRProc. of International Joint Conference on Arti cial
Intelligence pages 674-679, Vancouver, Canada, August 1981.

Y. Ma and H. Zhang. Contrast-based image attentioryaisdby using fuzzy grow-
ing. In Proc. of ACM International Conference on Multimedia (MM'Q0®gages
374-381, Berkeley, CA, November 2003.

Magnifyre. 360-degree video case study, 20kitps://www.magnifyre.
com/360-degree-video-case-study/

A. Makhorin. GLPK (GNU linear programming kit), 201%https://www.
gnu.org/software/glpk/

MarketWatch. Global head mounted display (hmd) miarke global
countries data, insights, market size & growth, forecast2@®?6, 2020.
https://www.marketwatch.com/press-release/global-head-
mounted-display-hmd-market---global-countries-data-
insights-market-size-growth-forecast-to-2026-2020-02-

18.

MATLAB - MathWorks, 2020. https://www.mathworks.com/
products/matlab.html

A. Mavlankar and B. Girod. Video streaming with intettge pan/tilt/zoom. In
M. Mrak, M. Grgic, and M. Kunt, editorgiligh-Quality Visual Experiengechap-
ter 19, pages 431-455. Springer, June 2010.

T. Mikolov, M. Kara at, L. Burget, J.Cernocky, and S. Kdanpur. Recurrent

neural network based language model. Pioc. of Conference on International
Speech Communication Association (Interspeechiddges 1045-1048, Florence,
Italy, August 2010.

K. Misra, A. Segall, M. Horowitz, S. Xu, A. Fuldseth,@M. Zhou. An overview
of tiles in HEVC. IEEE Journal of Selected Topics in Signal Processit{§):969—
977, December 2013.

119



[135] S. Moller, M. Waltermann, and M. Garcia. Features adlgy of experience. In
S. Moller and A. R. Editors, editorQuality of Experiencechapter 5, pages 73-84.
Springer US, 2014.

[136] R. Monroy, S. Lutz, T. Chalasani, and A. Smolic. Salnét38aliency maps for
omni-directional images with CNNSignal Processing: Image Communication
69:26—-34, Novemebr 2018.

[137] MPlayer. MPlayer: The movie player, 201ttp://www.mplayerhq.hu

[138] B. Nardi. Context and Consciousness: Activity Theory and Human-Comjute
teraction The MIT Press, 1996.

[139] A. Nasrabadi, A. Mahzari, J. Beshay, and R. Prakash. thaaB60-degree video
streaming using scalable video coding.Aroc. of ACM International Conference
on Multimedia (MM'17) pages 1689-1697, Mountain View, CA, October 2017.

[140] A. Nasrabadi, A. Samiei, and R. Prakash. Viewport ptal for 360 videos:
a clustering approach. IRroc. of the Workshop on Network and Operating Sys-
tems Support for Digital Audio and Video (NOSSDAV;23i5ges 34-39, Istanbul,
Turkey, June 2020.

[141] Netix Inc. NFLX dataset, 2016.https://drive.google.com/drive/
u/0/folders/OB3YWNICYMBIweGdJbERIUG9zcOk

[142] Netix Inc. VMAF - video multi-method assessment fosi, 2019. https://
github.com/Netflix/vmatf

[143] Netix Technology Blog. Per-title encode optimizatip 2015. https:
//medium.com/netflix-techblog/per-title-encode-
optimization-7e99442hb62a2

[144] K. Ngo, R. Guntur, and W. Ooi. Adaptive encoding of zoteavideo streams
based on user access patternPtoc. of ACM Conference on Multimedia Systems
(MMSys'11) pages 211-222, San Jose, CA, February 2011.

[145] A. Nguyen, Z. Yan, and K. Nahrstedt. Your attention isque: Detecting 360-
degree video saliency in head-mounted display for head mewme prediction. In
Proc. of ACM International Conference on Multimedia (MM'1§ages 1190
1198, Seoul, Korea, October 2018.

120



[146] D. Nguyen, T. Huyen, and T. Thang. An evaluation of sdection methods for
viewport adaptive streaming of 360-degree vidAG&M Transactions on Multime-
dia Computing Communications and Applicatiph6(1):1-24, 2020.

[147] D. Nguyen, H. T. Tran, A. Pham, and T. Thang. A new adamteapproach for
viewport-adaptive 360-degree video streaming. Phoc. of IEEE International
Symposium on Multimedia (ISM'},7pages 38—-44, Taichung, Taiwan, December
2017.

[148] T. Nguyen, M. Xu, G. Gao, M. Kankanhalli, Q. Tian, andv@n. Static saliency vs.
dynamic saliency: a comparative study.Rroc. of ACM International Conference
on Multimedia (MM'13) pages 987-996, Barcelona, Spain, October 2013.

[149] O. Niamut, A. Kochale, J. Hidalgo, R. Kaiser, J. Spille,Macq, G. Kienast,
O. Schreer, and B. Shirley. Towards a format-agnostic agpréar production,
delivery and rendering of immersive media.Rroc. of ACM International Confer-
ence on Multimedia Systems (MMSys;I#ges 249-260, Oslo, Norway, February
2013.

[150] nmsl-nthu.  QoE-modeling-for-360-degree-videasaget, 2020. https:
/lgithub.com/nmsl-nthu/QoE-Modeling-for-360-Degree-
Videos-Dataset

[151] NS-3 network simulator, 201&ittp://www.nsnam.org/

[152] An MPEG/DASH client-server module for simulatingeatdaptation mechanisms
over HTTP/TCP, 2018https://github.com/djvergad/dash

[153] D. Ochi, Y. Kunita, K. Fujii, A. Kojima, S. Iwaki, and Hirose. HMD viewing
spherical video streaming system. Prnoc. of the ACM International Conference
on Multimedia (MM'14) pages 763—764, Orlando, FL, November 2014.

[154] D. Ochi, Y. Kunita, A. Kameda, A. Kojima, and S. Iwaki.iMe streaming system
for omnidirectional video. IrProc. of IEEE Virtual Reality (VR'15)pages 349—
350, Arles, France, March 2015.

[155] Oculus VR, LLC. Oculus rift, 201 7https://www.oculus.com/

[156] J. Ohm and G. Sullivan. High ef ciency video coding: etmext frontier in
video compression [standards in a nutshelEEE Signal Processing Magazinhe
30(1):152-158, January 2013.

121



[157] Opensignal. Global state of mobile networks (febyudt017), 2017.
https://opensignal.com/reports/2017/02/global-state-
of-the-mobile-network

[158] M. Orduna, C. Daz, L. Muioz, P. Rrez, I. Benito, and N. Gai. Video mul-
timethod assessment fusion (VMAF) on 360VR contenEEE Transactions on
Consumer Electroni¢$66(1):22—-31, February 2019.

[159] C. Ozcinar, J. Cabrera, and A. Smolic. Visual attenagrare omnidirectional
video streaming using optimal tiles for virtual realit{=EE Journal on Emerging
and Selected Topics in Circuits and Syste@{$):217-230, March 2019.

[160] C. Ozcinar, A. De Abreu, S. Knorr, and A. Smolic. Estiroatof optimal encod-
ing ladders for tiled 360 VR video in adaptive streaming eys. InIEEE In-
ternational Symposium on Multimedia (ISM'1ppges 45-52, Taichiung, Taiwan,
December 2017.

[161] C. Ozcinar, A. De Abreu, and A. Smolic. Viewport-awardaptive 360 video
streaming using tiles for virtual reality. IRroc. of IEEE International Confer-
ence on Image Processing (ICIP'1Pages 21742178, Beijing, China, November
2017.

[162] N. Padmanaban, T. Ruban, V. Sitzmann, A. Norcia, and €&z8t%in. Towards
a machine-learning approach for sickness prediction in 26620scopic videos.
IEEE Transactions on Visualization and Computer Graphi24(4):1594-1603,
April 2018.

[163] F. Pedregosa, G. Varoquaux, A. Gramfort, B. Thirion, @isel, M. Blondel,
M. Blondel, R. Weiss, V. Dubourg, J. Vanderplas, A. Passos, Durdapeau,
M. Brucher, M. Perrot, and E. Duchesnay. Scikit-learn: Maehlearning in
Python.Journal of Machine Learning Researct?:2825-2830, October 2011.

[164] S. Petrangeli, V. Swaminathan, M. Hosseini, and F. DeeR. An HTTP/2-based
adaptive streaming framework for 360 virtual reality videdn Proc. of ACM In-
ternational Conference on Multimedia (MM'},j)ages 306—314, Mountain View,
CA, October 2017.

[165] S. Petrangeli, J. van der Hooft, T. Wauters, R. HuysegdémAlface, T. Bostoen,
and F. De Turck. Live streaming of 4k ultra-high de nitiord@o over the internet.
In Proc. of ACM International Conference on Multimedia SysteM&$ys'16)
pages 27:1-27:4, Klagenfurt, Austria, May 2016.

122



[166] B. Petry and J. Huber. Towards effective interactiothvamnidirectional videos
using immersive virtual reality headsets Rroc. of ACM Augmented Human Inter-
national Conference (AH'15pages 217-218, Singapore, Singapore, March 2015.

[167] F. Qian, B. Han, Q. Xiao, and V. Gopalakrishnan. FlareacBcal viewport-
adaptive 360-degree video streaming for mobile device®re. of International
Conference on Mobile Computing and Networking (MobiCom'p8pes 99-114,
New Delhi, India, October 2018.

[168] F. Qian, L. Ji, B. Han, and V. Gopalakrishnan. OptimiziB60 video delivery
over cellular networks. IfProc. of Workshop on All Things Cellular Operations,
Applications and Challenges (ATC'1,6)ages 1-6, New York, NY, October 2016.

[169] A. Raake, A. Singla, R. Rao, W. Robitza, and F. HofmeyeriNkS Towards sim-
ulator sickness modeling for 360ideos viewed with an HMD. IiProc. of IEEE
Conference on Virtual Reality and 3D User Interfaces Abstrand Workshops
(VRW'20) pages 583-584, Atlanta, GA, 2020.

[170] M. Rahman, A. El Saddik, and W. Gueaieb. Augmenting exinawareness by
combining body sensor networks and social netwollEEE Transactions on In-
strumentation and Measuremef0(2):345-353, February 2010.

[171] Y. Rai, J. Guterrez, and P. Le Callet. A dataset of head and eye movemergs@or
degree images. IRroc. of ACM International Conference on Multimedia Systems
(MMSys'17) pages 205-210, Taipei, Taiwan, June 2017.

[172] Y. Rai, P. Le Callet, and P. Guillotel. Which saliency wigg for omni directional
image quality assessment? Fnoc. of IEEE International Conference on Quality
of Multimedia Experience (QOMEX'1/pages 1-6, Erfurt, Germany, May 2017.

[173] J. Redmon and A. Farhadi. YOLO9000: Better, faster,ngfeo. arXiv preprint
arXiv:1612.082422016.

[174] G. Regal, R. Schatz, J. Schrammel, and S. Suette. VRatenitg3D asset
for integrating subjective assessment questionnairesrinal environments. In
Proc. of IEEE International Conference on Quality of Multithee Experience
(QOMEX'18), pages 1-3, Sardinia, Italy, May 2018.

[175] U. Reiter, K. Brunnstim, K. De Moor, M. Larabi, M. Pereira, A. Pinheiro, J. You,
and A. Zgank. Factors in uencing quality of experience. In\®ller and A. R.
Editors, editorsQuality of Experiencechapter 4, pages 55-72. Springer US, 2014,

123



[176] Research and Markets. 360-degree camera market: IGiothastry trends,
share, size, growth, opportunity and forecast 2020-20Q30 2https://www.
researchandmarkets.com/reports/5009145/360-degree-
camera-market-global-industry-trends?utm_source=
dynamic&utm_medium=BW&utm_code=sfklg3&utm_campaign=
1375885+-+Global+360-Degree+Camera+Market+Report%2C+
2020-2025%3A+Trends%2C+Share%2C+Size%2C+Growth%2C+
Opportunities%2C+Competition&utm_exec=joca220bwd

[177] Y. Reznik, K. Lillevold, A. Jagannath, J. Greer, and Jrl&p Optimal design of
encoding pro les for ABR streaming. IRroc. of ACM Workshop on Packet Video
(PV'18), pages 43-47, Amsterdam, The Netherlands, June 2018.

[178] Samsung Electronics. The GearVR framework), 20Titps://github.
com/Samsung/GearVRf

[179] R. Schafer, P. Kauff, R. Skupin, Y. Sanchez, and C. weidsigractive streaming
of panoramas and VR worldsSMPTE Motion Imaging Journatl26(1):35-42,
January 2017.

[180] R. Schatz, G. Regal, S. Schwarz, S. Suettc, and M. Kemggegsing the QoE im-
pact of 3D rendering style in the context of VR-based trainindroc. of IEEE In-
ternational Conference on Quality of Multimedia Experief@Q®MEX'18), pages
1-6, Sardinia, Italy, June 2018.

[181] I. T. S. Sector. Mean opinion score (mos) terminoloyJ-T Recommendation
P.800.1, July 2016.

[182] R. Shif er. Maximum z scores and outlier$he American Statisticiad2(1):79—
80, 1988.

[183] O. Shouno. Photo-realistic video prediction on nalturdeos of largely changing
frames.arXiv preprint arXiv:2003.086352020.

[184] A. Singla, S. Fremerey, W. Robitza, P. Lebreton, and Aakea Comparison of
subjective quality evaluation for HEVC encoded omnidiit@aal videos at differ-
ent bit-rates for UHD and FHD resolution. Rroc. of ACM Multimedia Thematic
Workshops Thematic Workshops'l, ages 511-519, Mountain View, CA, Octo-
ber 2017.

124



[185] A. Singla, S. Fremerey, W. Robitza, and A. Raake. Meaguand comparing QoE
and simulator sickness of omnidirectional videos in ddfgrhead mounted dis-
plays. InProc. of International Conference on Quality of Multimedigpgrience
(QOMEX'17) pages 1-6, Erfurt, Germany, May 2017.

[186] A. Singla, S. Goring, A. Raake, B. Meixner, R. Koenen, anBUchholz. Subjec-
tive quality evaluation of tile-based streaming for omredtional videos. IrProc.
of ACM Conference on Multimedia Systems (MMSys'A@)herst, MA, February
2019.

[187] R. Skupin, Y. Sanchez, Y. Wang, M. Hannuksela, J. Boynd, M. Wien. Stan-
dardization status of 360 degree video coding and delivariproc. of IEEE Inter-
national Conference on Visual Communications and Image Rsiog (VCIP'17)
pages 1-4, Taichung, Taiwan, December 2017.

[188] I. Sodagar. The MPEG-DASH standard for multimediaatning over the Internet.
IEEE Multimedia 18(4):62-67, April 2011.

[189] W. Song, Y. Xiao, D. Tjondronegoro, and A. Liotta. Qoidelling for VP9 and
H.265 videos on mobile devices. Rroc. of ACM International Conference on
Multimedia (MM'15), pages 501-510, Brisbane, Australia, October 2015.

[190] C. Spearman. The proof and measurement of associa¢itmebn two things.
American journal of Psychology5(1):72—-101, 1904.

[191] G. Sullivan, J. Ohm, W. Han, and T. Wiegand. Overviewthd high ef ciency
video coding (HEVC) standardlEEE Transactions on Circuits and Systems for
Video Technology22(12):1649-1668, December 2012.

[192] G. Sullivan and T. Wiegand. Rate-distortion optimiaatfor video compression.
IEEE Signal Processing Magazings(6):74—-90, 1998.

[193] K. Tcha-Tokey, E. Loup-Escande, O. Christmann, and &iRIA questionnaire to
measure the user experience in immersive virtual enviromsndn Proc. of ACM
Virtual Reality International Conference (VRIC'16pages 1-5, Laval, France,
March 2016.

[194] Telecom ParisTech. MP4Box, 20htps://gpac.wp.imt.fr/mp4box/

[195] Telecom ParisTech.  MP4Client, 2017. https://gpac.wp.imt.fr/
player

125



[196] Trejkaz. Equi-angular cubemap skybox for Unity, 202Qtps://github.
com/trejkaz/EACSkyboxShader

[197] I. Tucker. Perceptual video quality dimensions. Mastthesis, Technische Uni-
versi@t Berlin, Berlin, Germany, 2011.

[198] Unity, 2017.https://unity3d.com/

[199] Unity Technologies. SteamVR plugin, 202Mdtps://assetstore.unity.
com/packages/tools/integration/steamvr-plugin-32647

[200] E. Upenik, M. Rerabek, and T. Ebrahimi. Testbed for eatiye evaluation of
omnidirectional visual content. IRroc. of Picture Coding Symposium (PCS'16)
pages 1-5, Nuremberg, Germany, December 2016.

[201] E. Upenik, M. Rerabek, and T. Ebrahimi. On the perforosof objective metrics
for omnidirectional visual content. IRroc. of International Conference on Quality
of Multimedia Experience (QOMEX'1/pages 1-6, Erfurt, Germany, May 2017.

[202] M. Varela, L. Skorin-Kapov, and T. Ebrahimi. Quality gervice versus quality
of experience. In S. Moller and A. R. Editors, edito@uality of Experience
chapter 6, pages 85-96. Springer US, 2014.

[203] J. Vielhaben, H. Camalan, W. Samek, and M. Wenzel. Vawjprecasting in 360
virtual reality videos with machine learning. IBEE International Conference on
Arti cial Intelligence and Virtual Reality (AIVR'19)pages 74-747, San Diego,
CA, December 2019.

[204] M. Viitanen, A. Koivula, A. Lemmetti, A. Yla-Outinen,J. Vanne, and
T. Hamalainen. Kvazaar: Open-source HEVC/H.265 encodePrda. of ACM
International Conference on Multimedia (MM'1,§ages 1179-1182, Amsterdam,
The Netherlands, October 2016.

[205] S. Vlahovic, M. Suznjevic, and L. Skorin-Kapov. Sutfjee assessment of dif-
ferent locomotion techniques in virtual reality envirommtee InProc. of IEEE In-
ternational Conference on Quality of Multimedia Experief@Q®MEX'18), pages
1-3, Sardinia, Italy, June 2018.

[206] D. Wagner, A. Mulloni, T. Langlotz, and D. SchmalstieReal-time panoramic
mapping and tracking on mobile phones.HAroc. of IEEE Conference on Virtual
Reality (VR'10) pages 211-218, Waltham, MA, March 2010.

126



[207] H. Wang, M. C. Chan, and W. Ooi. Wireless multicast formable video stream-
ing. ACM Transactions on Multimedia Computing, Communicationd,Applica-
tions 12(1):5:1-5:23, August 2015.

[208] H. Wang, V. Nguyen, W. Ooi, and M. Chan. Mixing tile restbns in tiled video:
A perceptual quality assessment.Rroc. of ACM SIGMM Workshop on Network
and Operating Systems Support for Digital Audio and Video$SDAV'14) pages
25:25-25:30, Singapore, Singapore, March 2014.

[209] K. Wang, L. Lin, J. Lu, C. Li, and K. Shi. PISA: Pixelwisenage saliency by
aggregating complementary appearance contrast measithesdge-preserving
coherencelEEE Transactions on Image Processi24(10):3019-3033, October
2015.

[210] M. Wang, K. Ngan, and H. Li. An efcient frame-contentbed intra frame
rate control for high ef ciency video coding.|[EEE Signal Processing Letters
22(7):896-900, July 2015.

[211] WebVR. WebVR: Bringing virtual reality to the web, 201https://webvr.
info/

[212] M. Weier, T. Roth, E. Kruijff, A. Hinkenjann, A. &ard-Gayot, P. Slusallek, and
Y. Li. Foveated real-time ray tracing for head-mounted l&igp. In Computer
Graphics Forumvolume 35, pages 289-298. Wiley Online Library, 2016.

[213] F. Weymouth. Visual sensory units and the minimal argjlresolution.Elsevier
American Journal of Ophthalmolog46(1):102—-113, July 1958.

[214] C. Wu, R. Zhang, Z. Wang, and L. Sun. A spherical convolutapproach for
learning long term viewport prediction in 360 immersiveeaad InProc. of the
AAAI Conference on Arti cial Intelligence (AAAI-20yolume 34, pages 14003—
14040, June 2020.

[215] Xavier Corbillon. Optimal set of 360-degree videos faewport-adaptive
streaming, 20109. https://github.com/xmar/optimal-set-
representation-viewport-adaptive-streaming

[216] L. Xie, Z. Xu, Y. Ban, X. Zhang, and Z. Guo. 360ProbDASHhgdroving QoE
of 360 video streaming using Tile-Based HTTP adaptive stiegunin Proc. of
ACM International Conference on Multimedia (MM'1Hages 315-323, Moun-
tain View, CA, October 2017.

127



[217]

[218]

[219]

[220]

[221]

[222]

[223]

[224]

[225]

L. Xie, X. Zhang, and Z. Guo. CLS: A cross-user learnimgdd system for im-
proving QoE in 360-degree video adaptive streamingProc. of ACM Interna-
tional Conference on Multimedia (MM'18pages 564-572, Seoul, Korea, October
2018.

S. Xie, Y. Xu, Q. Qian, Q. Shen, Z. Ma, and W. Zhang. Maaglthe perceptual
impact of viewport adaptation for immersive video.Rroc. of IEEE International
Symposium on Circuits and Systems (ISCAS'a8yes 1-5, Florence, Italy, May
2018.

X. Xie and X. Zhang. POI360: Panoramic mobile vide@ptlony over LTE cel-
lular networks. InProc. of International Conference on Emerging Networking EX-
periments and Technologies (CoNEXT'1ages 336—349, Incheon, Korea, De-
cember 2017.

M. Xu, Y. Song, J. Wang, M. Qiao, L. Huo, and Z. Wang. Reédg head move-
ment in panoramic video: A deep reinforcement learning @agn.|[EEE Transac-
tions on Pattern Analysis and Machine Intelligentd(8):1-14, November 2018.

T. Xu, B. Han, and F. Qian. Analyzing viewport predictionder different VR
interactions. IrProc. of International Conference on Emerging Networking Expe
iments And Technologies (CONEXT'1ppges 165171, Orlando, FL, December
2019.

Y. Xu, Y. Dong, J. Wu, Z. Sun, Z. Shi, J. Yu, and S. Gao. &arediction in
dynamic 360 immersive videos. Froc. of IEEE Conference on Computer Vision
and Pattern Recognition (CVPR'1,§)ages 5333-5342, Salt Lake City, Utah, June
2018.

Z. Xu, X. Zhang, K. Zhang, and Z. Guo. Probabilisticwport adaptive streaming
for 360-degree videos. 18018 IEEE International Symposium on Circuits and
Systems (ISCAS'18)ages 1-5, Florence, Italy, May 2018.

M. Yahia, Y. Le Louedec, G. Simon, and L. Nuaymi. HTT#/@sed streaming so-
lutions for tiled omnidirectional videos. IAroc. of IEEE International Symposium
on Multimedia (ISM'18) pages 89-96, Taichung, Taiwan, December 2018.

S. Yao, C. Fan, and C. Hsu. Towards quality-of-expegemodels for watching

360 videos in head-mounted virtual reality. Rroc. of International Conference
on Quality of Multimedia Experience (QOMEX'19ages 1-6, Berlin, Germany,
June 2019.

128



[226] S. Yen, C. Fan, and C. Hsu. Streaming 3@ideos to head-mounted virtual reality
using DASH over QUIC transport protocol. Rroc. of ACM Workshop on Packet
Video (PV'19) pages 7-12, Amherst, MA, June 20109.

[227] M. Yu, H. Lakshman, and B. Girod. A framework to evaluatanidirectional
video coding schemes. IREE International Symposium on Mixed and Augmented
Reality (ISMAR'15)pages 31-36, Fukuoka, Japan, September 2015.

[228] M. Yu, H. Lakshman, and B. Girod. A framework to evaluatanidirectional
video coding schemes. Iaroc. of IEEE International Symposium on Mixed and
Augmented Reality (ISMAR'13jukuoka, Japan, September 2015.

[229] A. Zare, A. Aminlou, M. Hannuksela, and M. Gabbouj. HEMompliant tile-
based streaming of panoramic video for virtual reality agplons. InProc. of
ACM International Conference on Multimedia (MM'1§)ages 601-605, Amster-
dam, The Netherlands, October 2016.

[230] Z. Zhang, Y. Xu, J. Yu, and S. Gao. Saliency detectio60 videos. InProc. of
European Conference on Computer Vision (ECCV,¥#)ges 488-503, Munich,
Germany, September 2018.

[231] H. Zhou, X. Xie, J. Lai, Z. Chen, and L. Yang. Interactiveo-stream decoder
for accurate and fast saliency detection. Aroc. of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR2f§ges 9141-9150, June
2020.

129



