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Abstract: Benefiting from the improvements of Internet infrastructure and video coding
technology, online video services are becoming a new favorite form of video entertainment.
However, most of the existing video quality assessment methods are designed for broadcast-
ing/cable televisions and it is still an open issue how to assess and measure the quality of
online video services. In this paper, we survey the state-of-the-art video streaming technolo-
gies, and present a framework of quality assessment and measurement for Internet video
streaming. This paper introduces several metrics for user’ s quality of experience (QoE).
These QoE metrics are classified into two categories: objective metrics and subjective met-
rics. It is different for service participators to measure objective and subjective metrics.
The QoE measurement methodologies consist of client-side, server-side, and in-network
measurement.
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1 Introduction

ast few years have witnessed the booms of Internet
video services. The Internet unicorns, such as You-
ku, Tencent, Toutiao from China and YouTube, Am-
azon, Hulu from US, are becoming main players in
the video entertainment market. Mobile phones, over-the -top
(OTT) devices, and online streaming are replacing broadcast/
cable TVs as new favorable video entertainment for the genera-
tion born after 1980. According to the data from China Internet
Network Information Center (CNNIC) [1], the total number of
online video users in China is about 751 million, more than the
population of Australia. At the same time, the users of broad-
casting/cable are going steadily downhill. In 2018, the total
number of cable TV users was about 295 million, dropping
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19% from that of 2017. Online video services have totally
changed the status quo of video transmission. Video streaming
for delivering and playing multimedia at the same time emerg-
es as one of the main technologies for Internet video transmis-
sion.

Although online video services have been widely deployed,
they have not been standardized on the assessment and mea-
surement of the quality of services. Unlike broadcast/cable
televisions with dedicated infrastructure, online video stream-
ing systems have to compete for network resources over the In-
ternet. They provide services without quality guarantee. The ex-
isting methods of quality assessment are mainly designed for
legacy broadcast/cable TVs, which is no more applicable to on-
line video services. It is needed to propose a new framework
for video streaming quality assessment.

As shown in Fig. 1, the quality metrics are different for net-
work layer, video layer and streaming layer. Quality of service
(QoS) is defined by ITU [2] to measure the performance of net-
work, not the actual experience of user. The common QoS met-
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* QoE
* Metrics:
* Rate; video quality; stall/rebuffing; rate oscillations;
start-up delay

Video streaming

* Video quality
Video * Metrics:
+ PSNR; SSIM; MOS

+ QoS
* Metrics:
* Throughput; packet loss; delay; jitter

Network layer

QoS: quality of services
SSIM: structural similarity

MOS: mean opinion score
PSNR: peak signal to noise ratio
QoE: quality of experience

A Figure 1. Quality metrics for network, video, and streaming.

rics are throughput, packet losses, delay, jitter, etc. The video
quality is assessed by comparing original videos with outcome
content, pixel by pixel. The metrics of video quality are mainly
designed for video coding or legacy broadcast/cable TVs, such
as the peak signal to noise ratio (PSNR), structural similarity
(SSIM), and subjective metric of the mean opinion score (MOS).

However, video streaming is an end-to-end video delivery
and playback. Its quality depends on video coding and on net-
work conditions as well. Mostly, its quality is assessed by quali-
ty-of-experience (QoE), a user-centric metric that measures the
performance subjectively perceived by the user.

The QoE of video streaming is influenced by the following
factors:
® Video level: video quality (PSNR), frame rate, and resolution
® Network level: start-up delay, bitrate, stall/rebuffering, and

rate oscillations
® Application-level: video buffering, browser/player, and

screen size.

Due to the various factors that affect the QoE, it is needed to
standardize the quality assessment for video streaming. This
paper presents a framework of quality assessment and measure-
ment, and introduces it from three perspectives: video stream-
ing technologies, QoE metrics, and measurement methodology.
This survey paper tries to present an overall framework of qual-
ity assessment and measurement, and provide tools to quantify
QoE of Internet video streaming.

The paper is organized as follows. The framework of QoE is
illustrated in Section 2. Then, three of the most used video
streaming technologies are introduced in Section 3. The subjec-
tive and objective QoE metrics are given in Sections 4 and 5.
The measurement methods are introduced in Section 6. At last,
conclusions are given in Section 7.

2 Quality Assessment Framework for Video

Streaming
The quality of video streaming is impacted by several fac-
tors as video coding, network, and video streaming technolo-
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gies. It is needed to capture user’s QoE to assess the quality of
video streaming. A framework of quality assessment and mea-
surement for video streaming is illustrated in Fig. 2. It mainly
consists of three parts: video steaming technologies, quality
metrics, and measurement methods.

There are various video streaming technologies, which may
result in different quality impairments. The streaming technolo-
gy is one of the most important factors affecting QoE. The wide-
ly used streaming technologies includes real - time streaming
(RTS), HTTP progressive downloading (HPD), and HTTP adap-
tive streaming (HAS). All of them are able to enable users to
start the playback once the part of the video is downloaded.
However, due to their different transmission technologies, their
quality impairments are not same. For example, RTS is mainly
used in low - latency interactive applications, such as live
streaming and video chatting. It is not only sensitive to video
quality, but also to round-trip delay. The quality impairments
have different impacts on various streaming technologies.

The QoE metrics are used to assess the quality of video
streaming. It can be classified into two categories: objective
metrics and subjective metrics.

Objective metrics are the QoE metrics which can be quanti-
fied with a measurement tool, such as bitrate and delay. These
metrics are objective and easy to be measured. However, they
have only indirect impacts on users’ experience with the ser-
vice.

Subjective metrics are the direct QoE feedbacks from users.
Users rate the video service on a standard measuring way.
However, subjective metrics are susceptible to bias because
the users’ QoE could be varied from one subject to another.

The techniques to measure QoE are also important for video
streaming. Video streaming is an end-to-end service. There are
multiple parties participating in it, such as content providers,
content-distribution-network (CDN) providers, network opera-
tors, and users. They view the end-to-end streaming from differ-

Subjective QoE metrics
Video
‘ Subjective assessment ‘ ‘ Model-based ‘ streaming
technologies
Objective QoE metrics Real-time
—
‘ Bitrate ‘ ‘ Start-up delay ‘ ‘ Video quality ‘ R
‘ Stall/rebuffering ‘ ‘ Rate oscillations ‘ Progresm'\ e
downloading

I

adaptive
streaming

Measurement methods

‘ Client-side ‘ Server-side ‘ In-network devices ‘

Qok: quality of experience

A Figure 2. Framework of quality assessment and measurement for
video streaming.
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ent perspectives, thus the measurement methodologies and
tools are also different.

3 Video Streaming Technologies

Video streaming is a delivery technology, which enables us-
ers to playback the video while it is being downloaded. For on-
line video services, there are mainly three video streaming

technologies: RTS, HPD, and HAS.

3.1 Real-Time Video Streaming

RTS is mainly used for low-latency video applications such
as video chat, video conferences, and live video. RTS achieves
low latency by a stateful protocol through User Datagram Proto-
col (UDP) or Transmission Control Protocol(TCP). The stream-
ing server maintains the status of each connection and feed-
backs the status to clients.

The implementation of RTS depends on public standardiza-
tion and proprietary protocols. Real - Time Streaming Protocol
(RTSP) was developed by RealNetworks, Netscape and Colum-
bia University. It was standardized as the IETF RFC 2326 stan-
dard in 1998. It works with Real - Time Transport Protocol
(RTP) and Real - Time Control Protocol (RTCP) together to
transmit video data. Real - Time Messaging Protocol (RTMP)
was initially a proprietary protocol developed by Macromedia
(Adobe). It is a stateful protocol which streams audio/video be-
tween a Flash Player and Flash Server. RTMP runs on the TCP
protocol and supports the parallel transport of video, audio, da-
ta, user commands, and control information.

3.2 HTTP Progressive Downloading

In HPD, a video file is downloaded as a regular file using
HTTP from a web server. A client can playback the video
while the downloading is going on. HPD is a stateless transmis-
sion. The server need not maintain session status. The use of
HTTP greatly simplifies the traversal of firewalls and proxy
server. Current Internet infrastructure and CDN are fully reus-
able for HPD. Thus, its deploy-

years, more and more websites have given it up for it is not
adaptable to bandwidth variation.

3.3 HTTP Adaptive Streaming

HAS technique is proposed to support adaptive streaming
over HTTP. An HAS server does not maintain any state infor-
mation during the streaming. The rate adaptation is done at the
client side. This provides scalability with better QoE experi-
ence to users. The diagram of HAS is illustrated in Fig. 3.

In HAS, media files are divided into “segments”, which can
be encoded into multiple bitrate versions and assigned to a
unique URL. Different versions may have different bitrates,
resolutions, formats, languages, and other characteristics. An
HAS client requests the proper bitrate version to adapt to band-
width variation.

Many online video services have already supported HAS,
such as Netflix, Hulu, and Amazon. Some products, such as
Adobe’ s HTTP Dynamic Streaming (HDS), Microsoft’s HTTP
Smooth Streaming (HSS), and Apple’ s HTTP Live Streaming
(HLS), also provide HAS functions.

4 Objective Quality Assessment

The quality of video streaming can be quantified by some
tools and objective metrics. The most used objective QoE met-
rics are listed as follows.

4.1 Video Quality

Video quality in streaming refers to the distortion caused by
encoding and transmission compared with the original video. It
is often measured with the metrics of PSNR, SSIM, and video
quality metric (VOQM).

Bitrate is one of the simplest ways to assess the video quali-
ty without reference. It is another metric of video quality.

4.2 Start-up Delay
Start-up delay is the time of users’ clicking a video and

ment cost is relatively low.

However, HPD video playback HAS server

may be interrupted under poor

bandwidth or high packet loss situ-
ations. This leads to playback re- Segment
buffering or stall. Even more, HPD
downloads video files at the fastest

speed and stores them on the local

hard disk, therefore, once the user

Representation

HAS client
MPD DASH control logic
Segment
: Media Media
. information component
Representation .
HTTP HTTP interface

exits early, the data that has been

downloaded but not watched are

wasted.
Many websites using Flash Play-

DASH: Dynamic Adaptive Streaming over HTTP
HAS: HTTP adaptive streaming

HTTP: Hypertext Transfer Protocol
MPD: Media Presentation Description

er, such as Youku, use HPD for

the streaming. However, in recent
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A Figure 3. Diagram of HTTP adaptive streaming.
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waiting before the video starts playing. The start-up delay in-
cludes the time of HTML page loading, script loading, video
clip buffering, etc.

The start-up delay is an important factor which affects QoE.
Some online video services (such as YouTube) tend to initially
download data faster and fill the play buffer as soon as possi-
ble. In [3], a large-scale user study shows that the start-up de-
lay has a significant impact on a user’s online time, and if the
start-up delay exceeds two seconds, the user may be stopping
watching video.

4.3 Playback Rebuffering or Stall

Stall occurs temporarily when the playback buffer is exhaust-
ed. The stall duration is the time that a player waits for the buf-
fer to be filled. In addition, the frequency of stall is also an in-
dicator of video streaming performance.

The rebuffering events during playback will result in a poor
user experience. In [3], the authors found that the users with
four or more video interruptions were more likely to watch
short videos. Also, when the stall duration was more than three
seconds, the dissatisfaction increased [4]-[6].

4.4 Bitrate Fluctuation

Frequent bitrate switching will drop users’ QoE [7]. Bitrate
switching events occur during dynamic adaptive streaming.
When network bandwidth deteriorates, a player will reduce the
video bitrate and ensure continuous playback. Vice versa, the
player increases the bitrate when network becomes better. The
bitrate switching can improve bandwidth utilization, but with a
bad impact on users’ QoF.

5 Subjective QoE Assessment

The other way to assess the quality of video streaming is us-
ing subjective QoE metrics. Subjective QoE metrics are used
to measure the satisfaction of users in video streaming ses-

sions. The subjective assessment methods are divided into two

categories: QoE feedback and model-based QoE.

5.1 QoE Feedback

The QoE score is decided by the feedback scores collected
from the human subjects based on their experience of video
playback. However, the feedback score can be biased across
human subjects, since they are different in physical and psy-
chological confounding factors. To obtain an unbiased and gen-
eral QoE score, the introduction of statistical analysis tech-
niques is necessary.

One of the most popular subjective QoE metrics is Mean
Opinion Score (MOS). For getting MOS, limited sets of human
subjects are exposed to watch a video under a controlled test-
bed and are asked to rate the experience of streaming session.
The MOS is a five-point discrete value (Excellent, Good, Fair,
Poor, and Bad). And the QoE score is calculated by averaging
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the MOS given by the users.

5.2 Model-Based Subjective QoE

Collecting feedbacks from the users is time consuming and
has limitation on real practice. Therefore, it is feasible to estab-
lish a QoE model to estimate the subjective QoE scores from
objective metrics. This is an automatic, quantitative and repeat-
able manner.

There are two model - based methods: (1) learning - based,
which uses learning techniques to map the objective metrics to
MOS; (2) heuristic methods, which estimate the subjective
QoE scores by some manual functions.

5.2.1 Learning-Based QoE Models

The learning-based QoE model uses machine learning and
regression analysis to estimate users’ MOS. Meanwhile, some
objective metrics such as rebuffering and video quality are re-
corded as well. The subjective ratings and objective metrics
are used to train predictive models to estimate the subjective
QoE.

In [8], the authors use Random Neural Network (RNN) to
map objective metrics to MOS and train a predictive model. In
[9], the authors model the correlations between MOS and objec-
tive metrics, including video quality level @, rebuffering
times F.,, and average rebuffering duration F.,. They use
regression analysis to obtain the weights of each term. Further-
more, Maxim et al. [10] define the influence of the average
quality level u, quality variation o and rebuffering event ¢ on
the estimated MOS:

L0,
2N

mln(me,g,

15

15)

D)

eMOS =max(5.67 X~ 6.72X 0 =4.95x  +0.17,0), (1)

where N is the number of video bitrate levels and K is the num-
ber of video segments.

5.2.2 Heuristic-Based Predictive Models

Heuristic -based predictive models manually establish rela-
tionship between QoE and objective metrics. Yin et al. [11]
consider video quality, quality variation, rebuffering, and start-
up delay as the objective factors. They define a QoE function
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between the objective factors and MOS :

008 = Y a(R) AT a(R,. ) ~a(R) -

d(R,)
Mk:l Ck

_Bk _lu’.\']ws7

+

)

where R, is the bitrate of k-th segment, q(*) is the relation-

ship between video bitrate and video quality, dk(Rk) / C, is the
download time of k-th segment, By is the buffer occupancy,
and T, is the startup delay. Therefore, the estimated MOS is a
linear increasing function of the average video quality, and it is
a linear decreasing function of the video variation, the rebuffer-
ing times, and the startup delay. Besides, [, m and ms are the
weights on the objective factors.

6 QoE Measurement Methodologies

Using QoE to represent user satisfaction has been widely
recognized by the industry, but there is no unified standard for
measuring and obtaining the QoE for online video streaming
services. According to the methodology and location of data-
collection in the network, we classify QoE measurement meth-
odologies for online video services into the following three cate-
gories: client-side, in-network, and server-side measurement.

6.1 Client-Side Measurement

There are passive measurement and proactive measurement
in the client-side, where some tools are used to measure users’
QoE directly.

Passive measurement tools [12], [13] collect the objective
QoE metrics when users are watching videos. In this case, the
measurement is completely depended on the users and the
tools have no control on the video content or duration. Such
QoE monitoring tools have been developed for YouTube [13]
and Windows Media Player [14] users. By collecting informa-
tion such as buffer status, TCP rates, and packet loss, they pre-
dict QoE metrics like start-up delays and stall times.

Proactive measurements typically use crawlers or bots that
crawl through the websites and collect the QoE metrics for a
large number of videos. The advantage of using such tools is
that they can avoid user participation, thus eliminating any
subjective bias. In [15], the authors used a tool called Pytomo
to crawl video data on YouTube websites, collecting the net-
work latency, startup-delay, number of stall, and the CDN in-
formation.

6.2 In-Network Measurement

Measurements of Qok within network [16] do not require
modifying client or server software. It just overhears IP packets
passing through links, and estimates the QoE of video stream-
ing in the application layer. It is easy for network operators to
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deploy these measurement tools.

According to the type of data, in-network measurement can
be divided into two categories: TCP layer measurement and
HTTP layer measurement.

TCP layer measurement collects on-line or off-line packet in-
formation from the TCP layer or lower layer, such as through-
put and Round-trip Time (RTT). By tracking the packet-level
information of each session, the objective QoE can be estimat-
ed, including stall duration, start-up delay, etc.

HTTP layer measurement tracks the performance of HTTP
sessions on the application layer. By analyzing the HTTP re-
quests and responses of video data packets, the objective QoE
can be obtained.

6.3 Server-Side Measurement

Server - side measurements [17] collect each HTTP data
packet on server side and rebuild the HTTP session, by which
they can obtain information such as rebuffering frequency, start-
up delay, stall time, and bitrate switching frequency.

7 Conclusions

With the boom of online video services, it has attracted more
and more interests from industry and academia how to measure
and assess the service quality. This paper presents a whole im-
age of the state-of-the-art quality assessment methods of online
video streaming. It introduces three streaming technologies
and the corresponding quality assessment methods: subjective
quality assessment, objective quality assessment, and quality
measurement. There still exists a large gap between the indus-
try requirements and the existing academic works. More stud-
ies on the QoE modeling and measurement should be carried
out in future.
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