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Abstract

This dissertation deals with the problem of the perceptual video quality assess-
ment for video content. A huge increase in popularity of video-based services
over recent years has raised unsolved quality assurance problems. Video service
providers cannot afford the risk of going to market with a sub-standard video
offer and need to manage their quality problems. Competition between providers
is fierce and the key to success is to provide a service with the highest possible
level of user satisfaction (QoE - Quality of Experience) .

Traditional approaches towards quality assessment of video delivery focus
on the network aspects only. In order to perform a more reliable assessment of
the quality experienced by the user, a more comprehensive quality assessment
approach is needed. Additional quality aspects related to video acquisition, bit-
rate reduction, service environment, and end users’ preferences should be also
addressed.

Therefore, the following thesis is formulated and proven:

It is possible to assess perceptual quality of video content affected
by artifacts related to acquisition and bit-rate reduction, using
no-reference metrics, in a real time.

The thesis is proven by proposing a set of no-reference video quality metrics
and demonstrating their high performance in terms of a correlation with end
users’ experience. Three stages of the end-to-end video delivery chain were ad-
dressed, namely video acquisition, compression, and service environment includ-
ing end users’ preferences. The metrics were verified using subjective experiments
and objective models were derived upon the results.

The obtained results show that the reliable video quality assessment can be
realized using no-reference metrics, for video-based services using H.264/AVC
compression, and in a real-time for standard definition video. High performance
in terms of a correlation with end users’ experience was obtained for a diversified
video content. Mentioned features meet all the requirements of a comprehensive
video quality assessment system and can be utilized by video service providers
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for a constant and reliable quality monitoring.

Keywords: video quality metrics, quality assessment, quality of experience,
perceptual models, no-reference quality assessment
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Chapter 1

Introduction

Media market watchers expect a turning point in the area of modern video-
based services such as IPTV (Internet Protocol Television) and VoD (Video on
Demand) . After several years of technical development of underlying network
infrastructure, quality of service enforcing techniques, and broadband access to
the Internet, the mentioned services have been nominated as “killer applications”
once again. The reason for this comeback is that the current state of the mul-
timedia delivery infrastructure finally allows for a seamless access and assures
ubiquity of these services, to be used in three crucial areas of human existence
(home, work, and travel). Competition between providers is fierce and the key to
success is to provide a service with the highest possible level of user satisfaction
(QoE - Quality of Experience).

1.1 Motivation

Development of broadband Internet technology as well as the high performance
of modern personal computers and IPTV sets allow for the introduction of pilot
video services over the IP networks. It became possible to provide all telecommu-
nication services (telephony, video streaming, and data transmission) through one
common network referred to as the Triple Play network. While the data transmis-
sion and telephony remains a stable offer for at least few years, video streaming
has not found an appropriate technological support from telecom operators so
far.

Most operators are moving cautiously with their video-based services rollouts
because of service assurance concerns. Providers, of course, cannot afford the
risk of going to market with a sub-standard video offer and need to resolve their
quality problems.
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While video-based services are becoming more and more popular in the fixed
networks, their equivalents in mobile networks are celebrating their debut in the
multimedia market. New technologies of data transmission in mobile networks
(UMTS, HSDPA, LTE), and increased processing capacity of mobile terminals
(smart phones, PDAs ) allow users to receive video streams in the Mobile TV
service (which is the mobile equivalent of the combined IPTV and VoD services
in the IP networks).

Among the variety of advanced multimedia services, a new trend has began in
the first decade of the twenty-first century, known as Web 2.0. The name suggests
the next version of Web technology, however, it does not imply any changes in
technology, but only sets the direction of the Internet evolution. The development
of Web 2.0 technology significantly increased the amount of multimedia content
generated by users, defined as user-generated content. Web 2.0 introduces also
new challenges in video quality assessment, i.e. a necessity to address issues re-
lated to the source video quality (quality of the original video). A wide range
of end users’ video capturing devices and their limited capabilities often results
in a significant quality degradation at the video acquisition phase. For example,
a non-professional IP web-cam will produce such undesirable artifacts as noise,
blur and improper exposure, depending on a scene conditions.

A common point for all the presented technologies and video services is a ne-
cessity to ensure high video quality from the end user’s perspective. This requires
the solution of certain problems associated with the scalability of the transmis-
sion, interaction between services, the need to maintain a high level of QoE for
multimedia services and a large diversity of the underlaying networks. These
problems do not exist in a dedicated homogeneous network and occurs only for
the large scale heterogeneous networks with multiple services running.

In order to ensure a reliable and constant monitoring for video-based services,
it is necessary to develop mechanisms for perceived video quality assessment. This
is a key requirement in a scenario where a large number of video streams, varying
in terms of video content and parameters, is transmitted in a heterogeneous
environment. This means ensuring acceptable quality for both a user watching
video on a plasma TV, and for a user connected to a wireless network using
PDA. Derivation of a model assessing perceived video quality in a heterogeneous
content distribution network is even more challenging, because of the need to
reflect feelings and preferences of end-users.

1.2 Objectives and Challenges

Traditional approaches towards video quality assessment focus on the network
aspects only. Metrics such as delay, jitter, packet loss and throughput are used
to specify network performance and, then, to assess the service quality. Quality
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of Service (QoS) is typically understood as a measure of performance from the
network perspective at the packet level. However, in order to perform a more
reliable assessment of the quality experienced by the user in case of a video
delivery, a more comprehensive quality assessment approach is needed.

QoS parameters measurement does not represent an exhaustive set of metrics
to enable an end-to-end quality management focusing on the user experience.
The concept of Quality of Experience (QoE) has been recently introduced to
address the issue concerning the assessment of how well a video service meets the
customers’ expectations. It describes the performance of a device, system, service,
or application (or any combination thereof) from the user’s point of view. In video
content delivery systems, QoE is a measure of the end-to-end performance at the
service level from the user perspective.

Video service providers are looking for reliable solutions for a constant QoE
monitoring in an in-service mode. The implementation of such solutions is ben-
eficial not only for the providers but also for the end-users. A key factor here is
to ensure the perfect balance between cost and quality of the provided services.

The question arises whether it is possible to derive a reliable quality monitor-
ing system operating in an in-service mode? The main challenges that have to be
faced are:

e high performance expressed in terms of a correlation with end users’ expe-
rience, for diverse video content is required,

e a multi-modal quality degradation nature in hybrid block-based motion
compensated predictive video codecs needs to be addressed,

e source video quality aspects need be addressed,
e real time restrictions for quality assessment need to be met,
e time and cost consuming subjective experiments need to be carried out,

e ability to utilize in in-service applications is required, what implies a no-
reference scenario.

1.3 Thesis

The following thesis is proposed:

It is possible to assess perceptual quality of video content affected
by artifacts related to acquisition and bit-rate reduction, using
no-reference metrics, in a real time.
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The thesis is proven by proposing a set of no-reference, real time video quality
metrics and demonstrating their high performance in terms of a correlation with
end users’ experience expressed as Mean Opinion Score (MOS). The metrics were
verified using subjective experiments in a controlled environment and objective
models were derived upon the results obtained by statistical analysis.

1.4 Approach

The following assumptions were made in order to prove the thesis:
e video compression is realized using the H.264/AVC coding scheme,

e in-service application of the proposed metrics imposes no-reference ap-
proach (no access to the reference video content available),

e subjective experiments are used to in order to obtain “ground truth” re-
garding the perceived video quality,

e perceptual quality models are derived based on the results from subjective
experiments,

e artifacts measurement approach is used to assess source video quality,
e artifacts measurement approach is used to assess compressed video quality,

e service environment factors and users’ preferences are reflected in the results
from subjective experiments,

e real time quality assessment for a standard resolution (SD) video using a
standard PC computer.

The proposed metrics for QoE assessment encompass the first two stages of the
video delivery chain, i.e. acquisition and compression (see section 7). Impairments
caused by network transmission were out of the scope of this work, because this
problem was extensively analyzed in the past (see section 3.2.3). Additionally,
approaches based on a bit-stream analysis do not require to decompress video
content, so do not constitute a challenge in a real time measurement systems.
The last stage of the video delivery chain (end user’s equipment and preferences)
was addressed in the subjective experiments and is reflected in the gathered
subjective scores.

Source video quality assessment is realized using the acquisition related met-
rics for over- and under-exposure, blur, and noise. Compressed video content
quality is evaluated using metric for blockiness artifact, flickering artifact, and
I-frame flickering artifact. Additionally, two other domains (expect compression)
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of video bit-rate reduction are considered: 1) temporal — by changing frames per
second FPS rate, and 2) spatial — by decreasing frame resolution.
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1.6 Dissertation Structure

The dissertation is structured as follows. Chapter 2 provides some background
information on perceptual video quality assessment techniques and approaches.
The state-of-the-art study is presented in Chapter 3. In the following chapters
the original contributions are provided. Chapter 4 details derivation of perceptual
video quality metrics. The subjective experiments performed and the analysis of
results are given in Chapter 5 and Chapter 6 respectively. Chapter 7 concludes
the dissertation.



Chapter 2

Introduction to Video
Quality Assessment
Techniques

This chapter contains some background information related to assessment tech-
niques for video quality of experience (QoE). A classification of video quality
metrics is proposed in order to present main approaches, advantages and dis-
advantages of different types of metrics. A discussion on parameters affecting
perceived quality is given in order to realize a complexity of the overall QoE
assessment task. The last section is devoted to subjective experiments, essential
to derive perceptual models mapping measured parameters into QoE.

2.1 Classification of Video Quality Metrics

Perceived video quality assessment is a massive and challenging task. There are
many different factors affecting the perceived video quality. The examples are
screen size (mobile terminal vs. plasma TV screen), screen illumination (PDA’s
screen in a sunny day vs. cinema screen with lights turned off), movie content
(talking heads vs. action movie), application (YouTube videos vs. video for the
medical diagnose purpose), viewing distance (20 centimeters vs. several meters),
user profile (amateur vs. professionalist), and many others. The one, permanently
addressed quality factor, is video fidelity considering the distortion level intro-
duced by the codec (lossy compression) and network during the transmission
(packet loss ratio PLR).

In order to address mentioned factors, different types and classes of video
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quality metrics have been proposed over last years [11], [63], [64], [72]. Performed
efforts towards metrics classification resulted in at least one well-defined classifi-
cation criterium: amount of required reference information. Other, more detailed
types of classification, are presented by Winkler in [73] or by Eskicioglu in [10].

In this section, a classification being a super-set of existing ones and allow-
ing for more accurate aggregation of existing metrics is proposed. Video quality
metrics are classified using three orthogonal classifications: by the amount of the
reference information required to assess the quality, by the measured features,
and by the metric output (the way the quality is expressed). The proposed idea
is presented in Fig. 2.1. All three mentioned classifications are discussed in the
following sections.

Full Reference (FR)

The amount of reference information No Reference (NR)
Reduced Reference (RR)

uantitative
Qualitative
Graphical

The metric output

Classification r

Data metrics

Spatial and temporal artifacts
Structural information
Watermarking apporach
Vision modellin

ity of del h Network-based QoS
Quality of delivery approac Video entro

Figure 2.1: Classification of video quality metrics

Artifacts approach

he measured features

2.1.1 Performance and Feasibility

Each class presented in Section 2.1.4 (the most detailed classification) is rated
using two key parameters for comprehensive video quality metrics comparison
and benchmark, namely “performance” and “feasibility” see Table 2.1. The first
parameter, “performance”, can be considered as the accuracy of the metric: de-
gree of correlation with subjective rating. This usually applies to a well-defined
test case under clearly specified conditions. In order to assess and compare the
performance of different models in a quantitative manner, the test must be exe-
cuted in a controlled environment under identical conditions for all target models.
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The second parameter, “feasibility”, considers such aspects as the flexible deploy-
ment in different network architectures, scalability to various user terminals, and
efficient evaluation of a large number of concurrent video streams (even consid-
ering different end-systems). It is a crucial parameter since real-time quality of

experience assessment becomes a key requirement for service providers.

Table 2.1: Performance and feasibility for different metric classes

Class Performance Feasibility
Data metrics low — poor correlation low — plenty of tools,
with MOS restricted to the FR

scenario

Spatial and
temporal artifacts

medium-high —
perceptual and
spatio-temporal
segmentation may assure
high quality

medium-high —
computational complexity
distributed over user
terminals, artifacts are
measurable in the NR,
scenario

Structural
information

medium-high — good
cross-content and
cross-distortion
correlation

low-medium — restricted
to the FR and RR
scenario

Vision modeling

high — catch the
degradation of key
perceptual information

low — heavy
computational complexity

Watermarking

medium — different
susceptibility of the mark
and the content

medium — additional
amount of information in
the video stream

QoS parameters
measurement

low — pure correlation
with MOS

high — instant assessment

Extended QoS

medium — analyze impact
of network parameters on
perceived quality

high-medium — almost
instant assessment

2.1.2 Classification Based on Metric Output Type

Video quality metrics can be classified by the way the actual quality is expressed.
This can be qualitative, quantitative or graphical ones [10], [21]. Quantitative
criteria are usually expressed by a numerical score in some unlimited (e.g. loga-
rithmic) or limited range (that is usually 1..5, 1..7, 1..10, —3..3). It is important
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to note, that the quantitative measures can be calculated, but there are no inher-
ent mappings on quality scales (like Mean Opinion Score, MOS [23]) and exact
quality of user experience. On the other hand, qualitative criteria are considered
with either textual or numerical measures. Textual criteria rely on a correspond-
ing verbal description (e.g. MOS ranges from “bad” to “excellent”). Numerical
criteria (like R-Value [27]) can be based on, e.g., the percentage of users who
are satisfied with the quality. Graphical criteria rely on a set of measures, which
reflect the most important image features. The examples are Hosaka plots [21] or
Eskicioglu charts [11].

2.1.3 Classification Based on the Amount of the Required
Reference Information

Classification based on the amount of the required reference information is the
most popular classification criterium with three metric classes. The first one is
called full-reference (FR) approach, assuming unlimited access to the original
(reference) video (see Fig.2.2). Quality assessment is performed in a comparative
way: What is the quality of the distorted video compared to the original one?

Sender Receiver
Ref_erence Dls_torted
video video

. " FR qualit
Full-reference informatior D> quatty
measurement

Compression and
Transmission System

Figure 2.2: Diagram for Full-Reference approach

Advantages of this approach are a good correlation with MOS, relatively easy
implementation as well as no CPU consumption and time limitations because of
an off-line analysis. Disadvantages are the required amount of the reference, only
off-line or laboratory applications, and need of a spatial and temporal alignment
to ensure that adequate frames are compared. The area of possible applications is
restricted to laboratory tests like codecs comparison and testing, encoder tuning
or the quality acceptance level testing. Examples of the metrics are PEVQ [43],
SSIM [68], and [48].

The second approach is commonly referred to as no-reference (NR) and stands
for a blind quality evaluation (see Fig.2.3). Quality assessment is performed in
an absolute way: What is the quality of the video?
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Sender Receiver

Reference Distorted
video video

NR quality
measurement

Figure 2.3: Diagram for No-Reference approach

Compression and
Transmission System

This is an emerging and still not well defined approach enabling such desirable
features as a real time in-service application for network performance monitor-
ing, alarms generation or quality-based billing. In contrast to the FR scenario,
there are no ITU recommendations related to NR video quality assessment. Dis-
advantages of the approach are lower correlation with MOS (refers to most of the
currently existing metrics), complicated implementation and CPU load and time
limitations. Preliminary work related to a design of a NR metric are described in
9], [13], [14], [19], [33], [52], [49].

The last class is referred to as reduced-reference (RR) approach that takes
advantage (or disadvantage) of both previous approaches (see Fig.2.4).

Sender Receiver

Reference Compression and Distorted
video Transmission System video

I

Features . . RR quali
. Reduced-reference information quality
extraction measurement

Figure 2.4: Diagram for Reduced-Reference approach

Ounly some certain features (like motion information or some spatial details)
are extracted from the reference video stream and used to compare with the dis-
torted one. This forces creation of an additional communication channel to send
extracted information, and partial alignment. Amount of extracted information is
still manageable and allows for more precise quality evaluation. The possible ap-
plications are both laboratory and in-service. There are few video quality metrics
utilizing this approach [34], [74].
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2.1.4 Classification Based on Measurement Type

There are two different approaches to the video quality assessment, based on
different philosophies. The first one considers the whole end-to-end video delivery
system as a black box and analyzes only decoded video quality at the receiver site
(in a comparative or an absolute way) — it is commonly referred to as “artifacts
measurement” (AM) approach. In the second approach, referred to as a “quality
of delivery” (QoD) approach” all possible parameters of the delivery system are
collected in order to predict output video quality. The first approach is well suited
for source video quality and compression artifacts measurement. The second one
is commonly used for network impairments assessment.

Artifacts Approach

If the artifacts approach is taken into account, video metrics can be divided
into groups with the metric calculation complexity ranging from a simple pixel-
to-pixel comparison algorithms (data metrics), through the separated artifacts
measurement, up to the sophisticated HVS-based frame-level artifacts analysis
[61]. The artifacts measurement approach tries to detect some certain distortions
introduced by all stages of the end-to-end video delivery system (acquisition,
compression, network transmission, decompression). Based on the level of de-
tected distortion the overall quality grade is calculated (all detected distortions
can contribute with different weights).

Data metrics look at the fidelity of the signal without considering its content
[72]. In other words, every pixel error contributes to a decrease of quality, even
if it is imperceptible for a human eye [57]. There are several simple methods
intended for calculation of a scalar pixel-to-pixel measure to enable image com-
parison. Examples of such measures are: Peak Signal-to-Noise Ratio (PSNR),
Mean Absolute Error (MAE), Mean Square Error (MSE), Peak Signal Error
(PSE), or Root Mean Squared Error (RMSE). Some other have been analyzed in
[11]. Data metrics were extremely popular over last decades and widely used in
image and video quality assessment. The reason for this popularity was instant
quality assessment, low computational complexity, and simple implementation.
However, in their simplicity, they always operate on the whole frames and do not
consider any other important factors strongly influencing the perceived quality -
like HVS characteristics. For this reason, data metrics show low correlation with
psychophysical experiments and are inadequate for precise quality assessment.

Fig. 2.5 illustrates a number of pictures with the same quality in terms of
the MSE metric while the diversity in perceived quality is strong. Data metrics
fail in cross-distortion and cross-content quality assessment [11]. The satisfactory
performance appears only in case of some certain distortions measurement, e.g.,
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©)

Figure 2.5: Images with different types of distortions, all with the MSE = 210
(67]

the MSE is accurate in additive noise but outperformed by other metrics for
coding artifacts [2]. An excellent example for inverse-correlation is the PSNR
metrics that will show a lower quality after dithering of an image with a reduced
color depth (in fact, it is an improvement in quality) [73].

In order to overcome drawbacks attached to the data metrics, a number of
more advanced approaches have been developed recently [14], [43]. Spatial arti-
facts measurement is performed on separated video frames. The principal idea
assumes whole frames analysis. However, in order to assure higher performance,
some features derived from vision modeling are employed. These are namely
mechanisms for perceptual decomposition of video frames, weighting and pooling
procedures (detailed in the further sections). Temporal artifacts refer to the video
as a whole and focus on unnatural motion detection of video stream. This type
of artifacts is mainly caused by severe network conditions, but sometimes also by
video scaling in temporal domain.

Structural information approach is an innovative and promising idea, showing
good performance for cross-distortion and cross-content video and image quality
assessment. It is based on some certain features extraction (structure of the ob-
jects, spatial orientation and activity) and comparison between the original and
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the distorted video sequences [68], [74]. The main drawback and limitation is a
fact, that it cannot be applied in the NR scenario (it is restricted to the FR and
RR only).

The vision modeling approach is the most sophisticated one, and one of the
most popular at the same time [56], [71]. A video sequence or a single video
frame is considered with respect to the visual information it contains. The idea
of the approach is to reproduce human perception by modeling some components
of HVS. According to [72] the most important characteristics of HVS are light
adaptation, contrast sensitivity, spatial and temporal masking, and multi-channel
model of human vision (all the properties are described in Section 2.2.5). Model
for each component is built upon results from psychophysical experiments [73].
The limitations attached to this approach are related to high complexity of HV'S-
based metrics, especially for NR scenario.

In the watermarking (also referred to as data-hiding) approach an additional
data is embed into a video stream,; it is a mark [5], [13]. It is the NR approach
in terms of architecture, and at the same time the FR comparative approach in
terms of methodology. The mark is a well-known pattern, stored at the receiver
side. The idea of quality assessment is based on the fidelity of the mark extracted
from the distorted video measurement. The extracted mark is compared with the
reference one. There are several issues influencing performance of the approach.
The first one is different susceptibility to coding and transmission distortions of
the mark and the video content. Other important issues are original video quality
degradation caused by the embedded mark and additional data amount attached
to the video stream.

Quality of Delivery Approach

All the artifacts-based metrics operate on the decompressed video frames level
what implies a high computational complexity: first, the video stream has to be
decompressed, then some artifacts have to be calculated. In order to overcome
this problem, the “quality of delivery” approach can be applied. In this approach
the video quality is predicted based on information gathered during video trans-
mission. It is mainly based on network QoS parameters and video stream analysis.
All the required information can be gathered on a video stream packet level or
partially decompressed stream (video entropy). The more parameters measured
the better video quality estimation.

This approach is preferable for in-service applications since computational
complexity is significantly limited. In the simplest scenario, quality indicators are
only some QoS parameters as packet loss ratio (PLR) or bit error rate (BER).
This is an artificial approach that shows as poor correlation with MOS as data
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metrics because a packet loss can have a drastically different impact on perceived
quality depending on several factors. These factors are: compression algorithms
(MPEG-2 vs. H.264), group of pictures (GoP) structure (I, P and B frames ratio),
type of information lost (I, P, B frame), codec performance (coding, decoding),
complexity and diversity of the video content (talking heads vs. action movie or
cartoon).

An extension of the presented simple scenario was proposed recently in [35],
[36], [39], [53], [57]. The idea is to assess an impact on the perceived quality of each
packet loss based on information regarding video entropy. Estimation of network
distortions based on partially decompressed stream analysis for H.264/AVC coded
video is presented in [41].
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2.2 Parameters for Video Quality Assessment

Video content delivery end-to-end system is illustrated in Fig. 2.6. The sources of
potential quality problems are located in different parts of the end-to-end video
delivery chain. The first group of distortions (1) can be introduced at the time of
image acquisition. Other distortions (2) appear as a result of further compression
and processing. Problems can also arise when scaling video sequences in the
quantization, temporal and spatial domains. Then (3), for transmission over the
network, there may be some artifacts caused by packet loss. At the end of the
transmission chain (4), problems may relate to the equipment used to present
video sequences.

After each stage, some reduction in the quality of the original video sequence
may occur. The most common problems related to acquisition process are noise,
lack of focus or improper exposure [51]. Lossy compression and network transmis-
sion will result in both spatial and temporal artifacts. Intra-frame compression
results in a well known blockiness artefact; a flickering effect is associated with
inter-frame compression [7]. Artifacts cause by packet losses will have spatial
nature (missing frame slices), will propagate over successive frames (result of a
predictive coding), and will cause playback discontinuities (missing frames) [48],
[32]. All these effects will affect QoE for video-based applications [51].

Original Perceived

Video ! Encoder and r r Video

Streaming Server

e

Network

Transmission

Figure 2.6: Video content delivery end-to-end system

In this section all mentioned factors affecting the visual quality of the video
streams as well as video entropy and HVS-based characteristics are presented.
The proposed parameters classification reflects the one proposed for video quality
metrics.

2.2.1 Spatial Artifacts

Spatial artifacts refer to the frame-level of a video sequence and may be intro-
duced by lossy compression as well as during an acquisition phase [29]. These
artifacts have been the most frequently addressed video content quality param-
eters over past years. The commonly used examples are listed and described in
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Table 2.2.
Table 2.2: Spatial artifacts

Name Description

Contrast The contrast of the distorted and the reference se-
quence

Blur A distortion characterized by reduced sharpness of
contour edges and spatial detail

Brightness The brightness of the reference and the degraded sig-
nal

Blockiness Often the result of a low bit rate coding that uses a

block matching algorithm for the motion estimation
and a coarse quantization for the image blocks

Global noise

Refers to the quality of the original video sequence,
may be a result of analog-to-digital transformation

Color distortion

Low original video content quality and high compres-
sion may result in color distortion

Exposure level

Another important quality factor in this group, not
analyzed in the literature. It is related to a video
acquisition phase and described in detail in Section
4.1.1

2.2.2 Temporal Artifacts

Temporal artifacts refer to the video sequence as a whole and are mainly related
to the playback continuity. This type of artifacts is caused mainly by severe net-
work conditions but sometimes also by reduction in temporal domain. Examples
presented in Table 2.3 are derived from existing metrics [43], [74].

2.2.3 Video Entropy Parameters

Video entropy information allows evaluation of an impact of network parameters
and artifacts on quality of experience. In order to obtain desired information,
video stream has to be partially decompressed. Parameters presented in Table
2.4 are used in existing video quality metrics [43], [53], [34].
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Table 2.3: Temporal artifacts

Name Description

Jerkiness/unnatural | Describes the smoothness of a video playback which

motion is often impaired by down-sampling, coding processes
and perturbed transmissions

Effective Frame | Down-sampling of a video signal on a frame by frame

Rate basis often results in loss of information which of-

ten leads to the degradation of the video signal. The
effective frame rate is an indicator quantifying the
severeness of such a process

Frame Skips and

Freezes

Temporal artifacts occurring in video transmissions
caused by e.g. overloaded networks

Flickering effect

Another important quality factor in this group, not
intensively analyzed in the literature. It is especially
important for H.264/AVC video compression scheme
and results from inter-frame compression. It is de-
tailed in Section 4.2.2

Table 2.4: Video entropy

Name

Description

Compression ratio

Ratio of I frames to I+P-+B frames

I frame count

Number of “I” (Intra) frames for the current sample
period

P frame count

Number of “P” (Predictive) frames for the current
sample period

B frame count

Number of “B” (Bidirectional) frames for the current
sample period

Temporal and Spa-
cial Activity

Temporal and spacial activity indicators quantify the
amount of activity movement in the video content.
These indicators can be derived from ITU-T recom-
mendation P.910 [24]

2.2.4 Network QoS Parameters

Except typical QoS parameters as delay, delay jitter, available bandwidth or PLR,
some other network parameters were successfully used in video metrics [53] (see
Table 2.5).
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Table 2.5: Network parameters

Name

Description

Program rate

Transport stream rate as observed

Program clock rate
overall jitter

Jitter of synchronization stream

Jitter discards

Number of frames discarded due to jitter

Out of sequence

Number of misordered frames delivered

In sequence

Number of properly ordered frames delivered

Network loss prob-
ability

Statistically accurate predictive calculation of frame
loss

Max loss length

Maximum number of consecutively lost frames

Max loss

Cumulative count of losses since first observation

Multicast join time

Actual time the stream way joined in “unix epoch”

seconds
Actual time the first data arrived in “unix epoch”
seconds

Multicast first time

2.2.5 Human Vision Modeling

Many studies to understand and model Human Visual System (HVS) have been
performed recently [3], [20], [38]. Nevertheless, HVS is still not well defined be-
cause it is enormously complex. Only some approximate models have been pro-
posed that account for limited number of HVS characteristics. In this section
selected characteristics that influence video and image perception will be dis-
cussed.

Sensitivity to Light

The first characteristic that influence perceived visual quality is light adaptation.
It was proved that we can adopt to almost unlimited range of the light intensities
[72]. An immediate effect of these phenomena is perception of the relative rather
than the absolute contrast. This is known as a Weber-Fencher law, where contrast
is defined as a relative variance of the luminance:

AL
L
The threshold contrast, that defines if a change in intensity is visible, is almost

constant for intensities range considered in digital visual content. However, the
value of the threshold is attached to the stimuli and depends mainly on color,

cv (2.1)



22 Introduction to Video Quality Assessment Techniques

spatial and temporal frequency [72]. In order to account for this dependencies,
Contrast Sensitivity Function (CSF) was designed. In the simplified approach
CSF can be explained by the fact that human eye is less sensitive to the higher
spatial frequencies than to the lower ones (see Fig. 2.7).

Sensitivity (dB)

H
O‘

10' I I
10° 10
Spatial frequency (cycles/degree)

Figure 2.7: Sensitivity of the human eye as a function of spatial frequency [56]

In fact, the eye is the most sensitive to the bandpass stimuli, around 4 cycles
per degree (cpd) [56]. It means that threshold contrast for higher spatial frequen-
cies becomes very high (or even infinite). Thus, contrast sensitivity is close to
the zero, since it is defined as an inverse detection threshold. Fig. 2.8 presents
Campbell-Robson spatial CSF chart, which illustrates this phenomena. Inverted
U-shape envelope is visible on the chart and the pick location depends on the
viewing distance [72].

More advanced and complete approach defines CSF as a function of spatial
and temporal frequency, and orientation. Contrast sensitivity is higher for vertical
and horizontal directions, and lower for diagonal ones [56] (compare Fig. 2.8 with
Fig. 2.9 or flip the page). Spatio-temporal CSF is presented in Fig 2.10.

In the most advanced approach CSF is also considered in relation to the
achromatic, chromatic and colour stimuli; more detailed discussion is presented
by Winkler [72].

Masking

As the CSF phenomen refers to the perception of a single wavelength, the second
one called “masking” accounts for the interactions among coexisting stimuli. A
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Figure 2.8: Campbell-Robson spatial CSF chart

typical effect of a spatial masking is illustrated in Fig. 2.11.

Perception of a foreground (target) is a function of the background (masker).
Detection threshold of a foreground depends on the contrast and characteristics
of the background [56], [72]. Typically, visibility threshold increase for the masker
contrast higher than the target contrast (see Fig. 2.12). This happens when the
masker and the target have different characteristics [72]. The other case is a
local decrease of a detection threshold for the masker contrast around the target
threshold; the target becomes more visible. This effect is called “facilitation” and
refers to the case of a similar target and masker characteristics.

For modeling purpose the masking phenomena can be simplified and described
by the following function [56]:

C if Car < C
CT:{ ro f Ca < Oro (2.2)

Cro (g—f;) otherwise,
where Cr is detection threshold, Cpq is the absolute target detection threshold

(without a masker), Cps is the masker contrast, and ¢ is slope of the masking
function.
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Figure 2.9: Campbell-Robson spatial CSF chart

Contrast sensitivity

Temporal frequency [Hz]

0 Spatial frequency [cpd]

Figure 2.10: Spatio-temporal chromatic CSF [72]

Multi-Channel Model of Human Vision

Pattern sensitivity modeling is aided by the multi-channel human vision theory,
proved by psychophysical experiments recently. The theory is based on a fact
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Figure 2.11: Example of a spatial masking phenomena. Left: original image, right:
ununiformly distorted image [73]
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Figure 2.12: Spatial masking effect [73]

that human brain possesses a collection of a separate mechanisms, each of them
tuned for a certain class of visual information. Based on this assumption, Gabor
filter bank was successfully used in order to model this property [19], [56]. In
this approach visual information is decompressed into separated channel, limited
in orientation, spatial and temporal frequency. According to [56] for the spa-
tial frequency domain a number of the channels ranges from four to eight. The
same number of the channels were identified for the orientation. Winkler in [72]
present an average bandwidth 1-2 octaves for spatial frequency and 20-60 degrees
for orientation. For the temporal frequency only two or three channels exist. How-
ever, importance of the third one was not justified properly [56]. The frequency
responses for the first channel (referred to as “sustained”) and the second one
(referred to as “transient”) is presented in Fig. 2.13
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Figure 2.13: Temporal frequency response of two filter banks [56]

Pooling and Weighting

Human brain processes visual information in spatial and temporal channels as it
was revealed in the previous section. Each channel is considered as an independent
object and the quality evaluation should be performed for each separately. To
account for a higher level of perception (video frame or a whole video sequence
level) all the quality scores have to be combined together. This process is termed
“pooling”; according to Winkler [72] it remains one of the most uncertain aspects
of the vision. The pooling mechanism applied for the visual channels can be
referred to as a “channel pooling”.

Other type of the pooling is called “spatio-temporal pooling”. It is based on
an assumption, that a human observer never looks at the whole image at the
same time. It happens because of the focus of attention and the viewing distance
[56]. According to this, the global video quality metric should be computed over
three-dimensional blocks (two spatial and one temporal dimension). The spatial
dimensions should be adjusted according to the display size and resolution (e.g.
to cover two degrees of visual angle), while the temporal dimension should fit the
artifacts characteristics (i.e. should cover an average transmission error visibility
stretch, that is around 1-2 seconds) [74].

Perceptual
Video S-Thblocks | _jdecomposition| | Channel ST Weighting —» Overall
sequence decomposition into S-T pooling pooling quality score
channels

Figure 2.14: Diagram for pooling and weighting technique in case of the overall
video quality evaluation

A common rule for a pooling mechanism implementation is a Minkowski
summation (also known as Minkowski addition [69]). However, not every spatio-
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temporal block should be considered with the same weight when the overall per-
ceived quality is computed. This is because each discovered artifact (each block)
may cover an area of different perceptual importance. This property is still not
defined or fully understood. Some implementation attempts tend to use weighting
according the the luminance level, spatial and temporal activity [68].
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2.3 Subjective Experiments and Users’ Responses
Modeling

In order to enable video quality assessment in terms of user satisfaction level
(qualitative scale), psychophysical experiments have to be performed. The whole
process is a massive challenge and extremely time consuming. What is then the
reason justifying such inconvenient process? The answer is simple: it is the only
possible way of collecting subjective scores required for a model derivation. The
model is in general a set of rules discovered using some statistical techniques, used
for mapping quantitative value (or vector of values) returned by quality metric
into a qualitative scale.

2.3.1 Subjective Quality Scales

The most popular qualitative scale is Mean Opinion Score (MOS) scale, described
in ITU-T P.800 recommendation [23]. It was designed for encoded and transmit-
ted multimedia content quality assessment. It is 5-grade scale, where 1 is the
lowest perceived quality, and 5 is the highest perceived quality. MOS is con-
structed by averaging Opinion Scores (OSs) gathered during the subjective tests.
As presented in Table 2.6, MOS scale can refer to the absolute content quality
or to the impairment level.

Table 2.6: 5-grade quality and impairment scales

MOS ‘ Quality | Impairment
5 Excellent | Imperceptible
4 Good Perceptible, but not annoying
3 Fair Slightly annoying
2 Poor Annoying
1 Bad Very annoying

An extension of 5-grade MOS scale was presented in ITU-T p.910 [24] (see
Table 2.7).

Another quality scale is R-Value, which is an example of quantitative scale for
subjective quality expressing defined in ITU-T G.107 recommendation [27]. It was
designed for VoIP service quality assessment. R-value can range from 1 (worst)
to 100 (best) and defines a percentage of users satisfied with the service quality.
In R-value scale 20 points are equivalent to 1 point in MOS scale, however, it is
not very precise since the mapping is not linear. It is worth mentioning that the
scale does not cover a case, when no users at all are satisfied with the quality. In
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Table 2.7: 11-grade quality scale
MOS Quality

10 The number 10 denotes a quality of reproduction that is
perfectly faithful to the original. No further improvement
is possible.

9 Excellent

8

7 Good

6

) Fair

4

3 Poor

2

1 Bad

0 The number 0 denotes a quality of reproduction that has

no similarity to the original. A worse quality cannot be
imagined.

such case, R-value should be equal to 0, but this value is out of the scale.

2.3.2 Methodology for Subjective Experiments

General provision for the subjective assessment of the quality is presented in ITU-
R BT.500-11 recommendation [22]. The methodology is designed for image or
image sequence quality assessment, however, can be adopted for video sequences.
According to the recommendation, subjective tests should be conducted on the
diverse and numerous groups of experts (testers or subjects). For all the distorted
video sequences a number of subjective opinion scores (OS) should be collected.
In order to assess, how strongly few distorted parameters influence the perceived
quality, each test session should include evaluation of both mono- and multi-
modally distorted sequences. The number of scores collected for a single distortion
has to be at least 15 [22]. What is more, a single user is able to answer correctly
for about 20 minutes [17], [18], after this time the answers become less reliable
and a short break is needed.

The test session consists of a series of assessment trials. Each trial refers
to one distorted video sequence. The trials should be presented in a random
order for each subject. The test sequences are presented only once in the test
session: experiment normally ensures that the same video is not presented twice
in succession with the same level of impairment [22].
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Methodology for the different methods of the subjective tests is described in
[22]. The first method, called Double Stimulus Impairment Scale — DSIS, oper-
ates on the five-level impairment grading (MOS). The reference object is always
shown with the distorted one. Assessment of the quality refers to the distortion
level, not to the absolute quality. The second method is called Double Stimulus
Continuous Quality Scale — DSCQS. The quality is assessed on a continuous
quality scale ranging from excellent to bad. Experts are not informed which ob-
ject is the reference one, the absolute quality is assessed.

According to [22], in appropriate circumstances, also the single-stimulus (ab-
breviated to “SS”) and the stimulus-comparison (SC) methods can be used. In
the Single-Stimulus methods, a single image or image sequence is presented and
the tester provides an index of the entire presentation. There are three types of
SS methods: Adjectival Categorical Judgement Methods, Numerical Categorical
Judgement Methods, and Non-categorical Judgement Methods [22]. An example
of ITU quality and impairment scale (MOS) used in SS methods is presented in
Table. 2.6. In stimulus-comparison methods, two images or sequences of images
are displayed and the viewer provides an index of the relation between the two
presentations. The ITU-R comparison scale is shown in Table 2.8.

Table 2.8: ITU-R comparison scale
Score | Comparison

-3 Much worse
-2 Worse

-1 Slightly worse
0 The same

+1 Slightly better
+2 Better

+3 Much better

Correct methodology for every subjective test can differ, depending on the
specific test requirements. In order to fulfill the requirements, existing methods
can be used directly as well as a custom composition can be applied [22].

2.3.3 Testbed

The testbed should be unique and restricted for one specific service (e.g., IPTV
or mobile networks) and video content type (low quality H.263 for video confer-
encing vs. source quality High Definition MPEG-2). It should allow conducting
subjective investigation upon prepared test material. Two main parts of each
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testbed can distinguished: a distortion tool and an environment (infrastructure)
for the subjective trials.

The distortion tool should allow applying such distortions to the test set
as it was transmitted through the real network, with similar characteristics as
considered service. The test set should consist of a number of video sequences,
distorted due to the specific rules, according to the service requirements (single-
parameter as well as a multi-parameters distortions should be applied). The total
number of the distorted video sequences depends on the total number of the video
quality parameters considered in the video quality metric.

The environment for the subjective trials should consist of at least three com-
ponents, mutually connected using some network infrastructure. The network
infrastructure is enforced by the service (e.g., IPTV or mobile networks). The
first two components are the client and the video server applications, installed on
the remote hosts. The last component is a proxy server, transparent for the video
application. It should allow ports forwarding, IP addresses switching, and drop-
ping any video packets on demand. The last functionality is assured by installing
the mentioned above distortion tool.

2.3.4 User Responses Modelling

The process of the responses mapping and the model creation is presented in
Fig. 2.15. The analysis of user responses consists of few steps [17]. The first two
steps are common for all types of statistical models, and these are data cleaning
and splitting. The first step in a mandatory one, since human answers always
have some errors like missclicks or obviously incorrect answers. An example of
an incorrect answer is giving much better response to much more distorted video
[17]. The second step is splitting up the cleaned data in order to obtain two sets,
a training set and a verification set. The model is computed on the basis of the
training set only. The verification set is used to verify the model and prevent too
strong correlation with the training set (the model has to perform well for general
case not only for a particular case).

The next step is a model selection. The most feasible approach for mapping
seems to be the linear regression algorithm (easy to understand, well defined
and simple in implementation). Nevertheless, the basic assumption of the linear
regression algorithm is that the response distribution can be approximated by
the normal distribution. Unfortunately, subjective results do not have normal
distribution and there are few reasons for this [17], [18].

One of the reason is that for the case where one of the extreme value (1 or 5) is
chosen by the most testers the normal distribution reveals unrealistic symmetric
error. What is more, in most of the psychophysical tests user can rate quality in
numerical or verbal MOS scale (see Table 2.6). As the consequence the numbers
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Figure 2.15: Block diagram for model creation and mapping

are only a convention and the analyzed variable (response) is of the ordinal type
[1]. An ordinal variable defines only ordering but an distance between variable is
not defined. Therefore, modeling the ordinal answers in the same way as strictly
numerical data is a common mistake [1].

In order to overcome the problem with ordinal variables it is possible to use
an 11-point quality scale described in ITU-T P.910 recommendation [24]. The
assumption that residuals of obtained answers have a Gaussian distribution is
correct in this case. The scale is designed in a way that the extreme values are
select by testers occasionally and resulting MOS never reaches the edge of the
scale.

2.4 Summary

Conclusions that emerge from the analysis presented in this chapter indicate that
a comprehensive approach to quality assessment in the video delivery system
requires:

e Measurement of multiple parameters at different stages (acquisition, com-
pression, transmission). It is essential to define only key quality parameters
that contribute to the overall QoE. Measurement of all possible parameters
is not acceptable from the feasibility point of view.

e Selection of a measurement approach (AM or QoD), depending on the mea-
sured parameter. As already presented, the AM approach is better suited
for source quality and compression artifacts, while QoD for network impair-
ments.
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e Assuring a balance between the performance and the feasibility. The AM
approach aided with some basic HVS properties should provide satisfactory
performance while being still computationally light. In case of the QoD
approach additional inspection of a video bit-stream parameters allows to
improve performance while preserving high feasibility.

e No-reference scenario for in-service applications.

e Mapping from quantitative parameters into qualitative scale.
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Chapter 3

State-of-the-Art in Video
Quality Metrics and Models

This chapter contains a comprehensive analysis of existing video quality metrics,
classified according to the criteria proposed in the previous chapter. A study on
no-reference metrics is more extensive than for full-reference metrics, what reflects
current trends. Within the presented NR metrics there are two groups of a spe-
cial interest: 1) Spatial Artifacts Approach and 2) Quality of Delivery Approach.
The first group is important because it constitutes a background to the presented
work. The second group is important because it constitutes a motivation to con-
sider quality issues related to network losses as a mature and extensively analyzed
research topic.

3.1 Full-Reference Video Quality Metrics Review

In this section, selected video quality metrics representing the Full-Reference
approach are presented. This approach has been quite popular recently and a
large diversity of metrics is available to the public (in the most cases only as
a description but some implementations are available as well). The presented
metrics are the best within this category and their high performance was proved
by using a proper methodology.
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3.1.1 Integrated Spatial and Temporal Artifacts Approach

Perceptual Evaluation of Video Quality (PEVQ)

An example of a quality metric offering the overall quality score in the MOS
scale is the Perceptual Evaluation of Video Quality (PEVQ) based on ITU-T
J-144 [26]. Tt is designed to estimate the video quality degradation occurring
through a network and is based on spatial and temporal artifacts measurement
aided by a model of HVS. PEVQ outputs MOS and additional indicators for
a more detailed analysis of the perceptual level of distortion in the luminance,
chrominance and temporal domains [46]. The algorithm can be divided into four
independent blocks as presented in Fig. 3.1 [43].

Original Video

Temporal Indicat
Temporal and Distortion | > PEVQ score

Spatial Indicators  |—p "
i Perceptual | ay—p| " . N Indicators for
Alignment | Distortion |—pl Integration —» :
L AC—p| o cause analysis
Difference et Classification —» > v

(Y, Cr,Cb) [——ACh—»

Distorted Video

Figure 3.1: Block diagram of PEVQ [46]

The first block is a pre-processing block responsible for a spatial and temporal
alignment of original and distorted video sequences in order to assure compari-
son of the corresponding frames. The second block is responsible for distortions
(differences) calculation. Each type of distortion is weighted according to the
influence on the perceived quality it provides and calculated separately for the
luminance and two chrominance channels. Another indicator taken into account
is motion of the reference video sequence, since perception of details is much
higher for slow-motion videos. The third block classifies computed indicators and
detects certain types of distortions. The last block calculates the final quality
score based on indicators and distortions previously detected [43].

Except the overall MOS, the perceptual level of distortion in the luminance,
chrominance and temporal domains are provided. The list of other indicators
(quantitative values only) is presented in Table 3.1 [46]:

3.1.2 Structural Information

Structural Similarity Index Metric (SSIM)

In [67] an innovatory Full-Reference quality metric based on structural simi-
larity was proposed. It was originally designed for still images quality assessment,
however, an extension for video applications was presented in [68]. As presented
by Wang in [65], [66] the human visual system (HVS) is very sensitive to the
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Table 3.1: Additional indictors in PEV(Q

Name Description

Delay The delay of each frame of the test signal related to
the reference signal

Brightness The brightness of the reference and degraded signal

Contrast The contrast of the distorted and the reference se-
quence

PSNR Allows for a coarse analysis of he distortions in dif-
ferent domains the PSN R is provided for the Y, Cb
and C'r components separately

Jerkiness Describes the smoothness of a video playback which
is often impaired by down-sampling, coding processes
and perturbed transmissions

Blur A distortion characterized by reduced sharpness of
contour edges and spatial detail

Blockiness Often the result of a low bit rate coding that uses a

block matching algorithm for the motion estimation
and a coarse quantization for the image blocks

Frame Skips and | Temporal artifacts occurring in video transmissions
Freezes caused by e.g. overloaded networks

Effective Frame | Down-sampling of a video signal on a frame by frame
Rate basis often results in loss of information which of-

ten leads to the degradation of the video signal. The
effective frame rate is an indicator quantifying the
severeness of such a process

Temporal and Spa-
cial Activity

Temporal and spacial activity indicators quantify the
amount of activity /movement in the video content.
These indicators are derived from ITU-T P.910 [24]

structural information provided on an image in the viewing field. Based on this
assumption, it was proved that metric for structural changes assessment can have
good correlation with the perceptual quality [67]. The Structural Similarity In-
dex (SSIM) is a top-down approach modeling functionality of the overall HVS.
Suppose = and y are the reference and the distorted image signals, respectively.
The overall similarity measure S(z,y) is combined of three components: local lu-
minance [(z,y), local contrast ¢(x,y), and structure s(z,y) comparison between
the original and the distorted images as presented in (3.1).

S(l‘7y) :f(l(x,y),cS’(x,y),s(x,y)) (31)
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Block diagram of the SSIM measure system is presented in Fig. 3.2.
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Figure 3.2: Diagram of the SSIM measure system [67]
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Video quality assessment using SSIM is performed on the local region level,
the frame level, and the video sequence level as presented in Fig. 3.3 [68]. First,
random 8x 8 pixels blocks are extracted from the original and the distorted video
sequences. In the first level, SSIM index is calculated for each block for Y, Cb
and Cr components separately. SSIM;; denotes similarity index for j-th block
in i-th frame.

SSIM;; = Wy SSIM} + WeoSSIM® + We SSIM” (3.2)

In the second step, local quality values are combined into a frame-level quality.
The quality of local regions is weighted according to the mean luminance level
(dark regions are less sensitive to the quality degradation). @); denotes the quality
index for i-th frame, and w;; denotes weight for j-th block in i-th frame.

R,
e w;: SSTM,;;
Qi _ Z]_l J J (33)
RS
Zj:l Wij

In the last step, the quality for the entire video sequence @ is computed. Frame-
level quality is weighted using frame motion vectors, since some types of distortion
(e.g., blur) do not affect the perceived quality for scenes, where large motion
occurs. W; denotes the weight for i-th frame.

XL W@
- F
Zi:l Wi

Q (3.4)
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Assuming the original video sequence identical to the distorted one, then
w;; = 1 for all 4,7 and

R
Wi = E Wij; = Rs
j=1

for all .

Cross-video and cross-distortion tests were performed using VQEG Phase 1
test data set [59]. In order to evaluate quantitative performance of video SSIM,
four methods standardized by VQEG Phase I FR-TV were employed [61]. The
results proved a good correlation with the subjective score and a strong potential
of the structural similarity approach. Detailed results are presented in [68].

- . Luminance Motion
Oi | Vid
riginat Video Evaluation Evaluation
local weight frame weight
adjustment adjustment
Distorted Video Local SSIM Frame Quality Sequence Quality]  Video Quality
Index Measure Measure Index

Figure 3.3: SSIM based video quality assessment system [68]

3.1.3 Vision Modelling Approach

Mowing Pictures Quality Metric (MPQM)

Moving Pictures Quality Metric (MPQM) is an objective quality metric for
moving picture using the vision modeling approach [56]. The model accounts for
the spatio-temporal aspects of HVS, namely the contrast sensitivity and masking.
Based on the assumption that HVS processes visual information in separated
spatial and temporal channels, the authors proposed the filter bank approach to
vision modeling, which decomposes the original and coded video sequences into
perceptual channels as presented in Fig. 3.4.
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Figure 3.4: Block diagram of MPQM. Thick lines represent a set of perceptual
components, thin lines represent video sequences [56]
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At the same time, the original video sequence is being segmented using uni-
form areas, textures, and the contours classification block by block. In the next
step, contrast sensitivity and masking are considered for each perceptual chan-
nel in detection threshold calculation. The assumption is that the original video
sequence is a masker for the distortion. Afterwards, the filtered error signal is
divided by the detection threshold. In the last step, data from the channels is
gathered together in order to account for a higher level quality; this process is
called pooling [56] and the distortion level is measured. MPQM provides the
overall quality metric and three detailed metrics for uniform areas, textures, and
contours. In case of the detailed metrics, three different masks created in the
segmentation block are used. In case of the overall metric, the distortion level is
computed by each three-dimensional block. The first dimension is temporal, the
other as spatial, selected to cover 2 degrees of visual angle. MPQM for a given
block is computed according to (3.5):

1

1 N 1 N, N, Ny B8\ 7
S NN, N t 3.5
N ; NxNyNt ;;; |€[‘T7y7 ,C]| ( )

where e[x,y,t,c] is the masked error signal at position (z,y) and time ¢ in the
channel ¢; N, Ny, and N, are dimensions of the blocks; NV is the number of the
channels.

In order to present distortion E in a some well-know scale, the authors pro-
posed two alternatives. The first one is the logarithmic scale referred to as “visual
decibels”; the metric can be named Masked PSNR (MPSNR):

2 2
MPSNR = 10log;, % (3.6)

The second idea is to map distortion E onto the five-grades MOS scale by using

the following equation:
5

Q:1+NE

(3.7)

where N is empirical constant.

High performance and good correlation MOS was proved by using video se-
quences coded with MPEG-2 and H.263 video codecs.
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3.2 No-Reference Video Quality Metrics Review

In this section selected video quality metrics representing the No-Reference ap-
proach are presented. Since it is an emerging approach, only one metric is well
defined and commercialized — V-Factor [8].

3.2.1 Vision Modeling Approach

Gabor Difference Analysis (GDA) and Reverse Frame Prediction (RFP)

Two mutually related quality metrics are presented in [19]. The first one,
the FR Gabor Difference Analysis (GDA), is directly utilized in the second one,
i.e., in NR Reverse Frame Prediction (RFP). The GDA metric is based on HVS
characteristics. Both, the original and distorted video sequences and transformed
into the SCT color space (commonly used in medical imaging as being reasonably
insensitive to variations of illumination [19]). Then the Gabor filter bank is used
to transform video frames to different scale (spatial frequency) and orientation
channels. The GDA metric is well correlated with subjective experiment results.
However, it does not include spatial and temporal registration (it can be done in
the future work). The second quality metric, RFP, assumes only few frames in
the distorted video sequence are corrupted (the rest of the frames are of accept-
able quality). The metric grades video quality by comparing two frames of the
distorted video sequence using the GDA metric. A flowchart of the RFP metric
is presented in Fig. 3.5. Every time a scene cut is detected in the video sequence,
the quality analysis process is restarted. Cuts are detected using cross correlation
coefficients C(0,0) of the successive frame.

YES i

Set first frame as No No
Video reference, second Compute Cut detection Video Que_xllty VQ>Threshold?
sequence C(0,0) computation
as test frame

YES
Discard current
frame, set next
as test frame

Set current frame
as reference, next
as test frame

i

Figure 3.5: Flowchart of RFP method [19]

Just-Noticeable Distortion (JND)

An interesting approach to digital video quality assessment is presented in
[33]. The approach is not capable of direct perceived quality assessment, how-
ever it can be useful in more effective bandwidth utilization, that may result
in a higher video quality. In [33] the authors presented a model for the Just-
Noticeable Distortion (JND) estimation, which refers to the maximum distortion
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that the Human Visual System (HVS) cannot perceive. The model can be ap-
plied for still images and video sequences as well. It incorporates both spatial
and temporal HVS properties and operates in the Discrete Cosine Transform
(DCT) domain. The factors affecting JND are spatio-temporal Contrast Sen-
sitivity Function (CSF), eye movement, luminance adaptation and intra- and
inter-band contrast masking. The presented model outperforms relevant existing
models because it is capable of predicting more aggressive JND values without
any noticeable distortions. According to [33], the model can be useful in im-
age/video compression, watermarking, perceptual quality evaluation and visual
signal enhancement.

3.2.2 Spatial Artifacts Approach

Metric Based on Artifacts

In [14] the authors presented NR quality metrics based on image artifact mea-
surements: blockiness, blurriness and noisiness. The metric for the first artifact,
blockiness, is based on the method proposed by Vlachos [58]. The blockiness
signal strength is estimated by comparing the cross correlation of pixels inside
(intra) and outside (inter) a frame. The blurriness metric uses the Canny Edge
Detection algorithm in order to obtain the magnitude of the edge pixels M (i, j),
and their orientation O(4, 7). The blurriness level is computed by averaging width
of the strong edges for all video frames. The noisiness metric is based on the work
presented by Lee [37] that estimates the noise level by a local variance of flat ar-
eas. The overall quality level is expressed as a combination of three single metrics
using both Minkowski metric and the linear model. Test preformed on results
obtained in a subjective experiment proved good performance of the metric (lin-
ear Pearson correlation r = 0.86). Weakness points of the proposed approach are
three quality parameters only and performance of the metrics proved only upon
MPEG-2 video sequences.

MPEG Blocking and Random Digital Error Metrics

In [9] the authors presented a prototype NR video quality system based on
real time analog television and digital video stream quality measurement. Digital
quality measurement consists of two metrics: Digital MPEG Blocking Metric
and Random Digital Error Metric. The fist one is based on a movement of 8x8
pixels block boundaries along the whole video sequence. The second one is based
on an assumption that corrupted pixels are routinely very bright green and,
therefore, easy to detect. Few precautionary actions were taken in order to prevent
misclassification of the corrupted pixels. The perceptual impairment is computed
by rescaling metrics output by a Level of Detail Metric, that implement the
spatial masking theory (artifacts are more visible on smooth regions).
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Flickering Artefact for H.264/AVC Video

According to the work presented by Pandel in [44], flickering is the most
annoying temporal artefact inherent for predictive inter-coded video sequences
(in particular for H.264 encoded sequences). Video sequences with slow cam-
era movements or zoom are especially exposed to flickering artefact. In temporal
predictive coding macro-blocks are not updated (encoded) until the difference be-
tween corresponding macro-block of successive frames is above a specific thresh-
old. The stronger the compression, the higher the threshold. This suggests that
each macro-block remains in one of two possible states: 1) no-update — differences
between successive frames are below the threshold, and 2) update — the oppo-
site case [44]. Frequent changes between the two states denote a severe flickering
artefact. The metric is calculated as a normalized number of transitions between
states. The two state model including a hysteresis is detailed in [44].

Metrics for Degraded and Enhanced MPEG Video

An interesting work presenting an integrated no-reference quality metric for
degraded and enhanced video is presented in [6]. Several image and video arti-
facts were combined into an integrated formula for the overall quality assessment.
Considered artifacts were related to the source quality and video compression.
Subjective experiments were carried out in order to train and verify the pro-
posed model. Obtained correlation was satisfactory and significantly higher than
for PSNR but only a limited number of tests sequences was used. Additionally,
no discussion on the sequences complexity and diversity was provided. The re-
sults have been elaborated for previous coding standards (when compared to
H.264/AVC) where except blockiness other compression artifatcs like ringing or
clipping were essential [6]. For the current hybrid block-based motion compen-
sated predictive coding schemes (H.264/AVC) it is more important to account
for temporal artifacts like flickering [44]

3.2.3 Quality of Delivery Approach

V-Factor

V-Factor based on Moving Picture Quality Metrics (MPQM) is the only well
standardized approach towards No-Reference video quality assessment [8]. The
block diagram of the V-Factor quality metric is presented in Fig. 3.6.

V-Factor is an implementation of MPQM and provides not only the user-
perceived video quality score but also some additional information [53], [54]:

Extra information listed in Table 3.2 allows monitoring and diagnosing the
root of problems. The parameters are transport stream key parameters defined
in ETSI TR 101 29 [12] and those related to the network layer, defined in ITU-T
Y.1540/1541 [25] or IETF RFC2330 [8].
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Figure 3.6: Block diagram of V-Factor [8]

The MPQM model should be fed with several parameters, namely the Packet
Loss Rate (PLR) probability and the image entropy as presented in Fig. 3.7.
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Figure 3.7: MPQM model [§]

The image entropy consists of such features as relative size of frames, size of
Group of Pictures (GoP) since loss of an I, B and P frames can have different
impact on the perceived quality [8].

V-Factor is calculated according to (3.8):

Prr
V Factor = Qer(qs) (1 - e\/ﬁ) (3.8)

where Q.. (¢s) is a function that measures impairment coming from a given codec,
P, is a PLR probability, and T', refers to video complexity (entropy).

Customer Oriented Metric for H.264/AVC

An application of the customer oriented measurements for H.264/AVC video
streaming standard is presented in [39]. The process of delivering and decoding is
described as a dz”black boxdz” where some noncontrollable parameters like the
packet loss or delay jitter interact with controllable parameters like the video bit
rate, see Fig. 3.8.
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Table 3.2: Additional information in V-Factor

Name

Description

Program rate

Transport stream rate as observed

Program clock rate overall
jitter

Jitter of synchronization stream

Jitter discards

Number of frames discarded due to jitter

Out of sequence

Number of misordered frames delivered

In sequence

Number of properly ordered frames delivered

Network loss probability

Statistically accurate predictive calculation of
frame loss

Max loss episode length

Maximum number of lost frames per episode

Max loss episodes

Cumulative count of loss episodes since first
observation

Multicast join time

Current time the stream way joined in “unix
epoch” seconds

Multicast first time

Current time the first data arrived in “unix
epoch” seconds

Compression ratio

Ratio of I frames to I+P-+B frames

I frame count

Number of “I” (Intra) frames for the current
sample period

P frame count

Number of “P” (Predictive) frames for the
current sample period

B frame count

Number of “B” (Bidirectional) frames for the
current sample period

Response consist of the amount of detected video and audio distortions [39].
Analysis includes the influence of every factor in the response output (Pareto
analysis) and contribution of these factors to the variability of the entire system
(ANOVA analysis) [39]. Subjective tests with a single-stimulus methodology were
conducted, the amount of distortions was counted. Different network conditions
were emulated with Netem software. Results show the most prominent factors
affecting the observed response in both Pareto QoE Audio/Video and ANOVA
QoE Audio/Video analysis. The list of the considered parameters is presented in

Table 3.3.

According to the results, the authors proposed an adaptive multimedia stream-
ing over IP technique, allowing to preserve the sustained quality of experience.
For those interested please refer to [39].
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Figure 3.8: Black box modeling of H.264 delivered over RTP [39]

Table 3.3: Considered network parameters
Packet Loss Rate
Delay
Delay Variation
Video coding rate (CODVideo)
Delay CODVideo
CODVideo for Real Time Protocol

MPEG-2 Quality Prediction and Control

Verscheure in [57] explains why a common belief, that increasing video stream
bit rate enhances the perceived quality, is misleading. The paper address the prob-
lem of quality prediction and control of an MPEG-2 video stream transmitted
through the lossy (in terms of a packet loss) network. The MPEG-2 video stan-
dard is analyzed and the impact on the visual quality of packet loss is discussed.
Two quality factors are considered: a video bit rate and a packet loss ratio. Im-
pact of each factor is considered separately as well as joint impact of both factors
is analyzed. The ground truth regarding video quality typically obtained from
the subjective experiments is replaced using MPQM metric [56]. As presented in
Fig. 3.9, video quality may decrease when the bit rate increases.

The explanation for this is simple. The higher bit rate the more packets lost.
Hence, the probability of a packet lost causing a significant quality degradation
is higher. The most important conclusion is that for each PLR the optimal bit
rate have to be found (different across diverse video sequences).

Metric Based on Network Parameters
In [52] the authors presented the NR quality metric based on two network
parameters related to packet loss: MeanDistance (MD) that reflects the mean



3.2 No-Reference Video Quality Metrics Review 47

45 -

40 | g

20 q

Quality rating
w
°
T

L5 oot e

10 1 1 1 1 1 1 1 1 !
0 2 4 6 8 10 12 14 16 18 20
Mean bitrate [Mbit/s]

Figure 3.9: MPQM quality versus encoding bit rate for PLR = 5 x 103 [57]

distance (in frames) between packet losses, VarDistance (VD) that reflects vari-
ance of the distance. The ground truth for the perceived video quality is expressed
as a MeanQuality (MQ) that is a mean value of a blockiness parameters for all
the frames in the video sequence. To build up the relation between mentioned
network parameters and the video quality MQ, the linear regression method was
used. Results proved that MD and VD parameters show quite good correlation
with the video quality defined by the authors (correlation coefficient 72 = 0.8367).
The main drawback of this solution is the fact that it is restricted to an MPEG-2
video stream and does not consider subjective tests results as a reference video
quality.

Quality Monitoring for H.264/AVC Video Recent work devoted to network
impairments assessment for H.264/ACV video is presented in [41]. The NORM
(NO-Reference video quality Monitoring) algorithm estimates quality degrada-
tion due to channel errors (network losses). Quality assessment is based on lack
of motion vectors, prediction of residuals, and temporal error propagation. The
performance of the algorithm was verified against a FR metric — SSIM.

Metric for Compression

Although QoD approach is mainly suited for network impairments, there are
some emerging efforts utilizing this technique to assess compression artifacts. In
[4] the authors present a no-reference quality assessment metric for H.264/AVC
compression. The proposed model represents a parametric approach, i.e. quality is
estimated using parameters extracted from a bit-stream (H.264 bit-stream) with-
out video decompression. It comprises two main steps: coding error estimation
and perceptual weighting of this error. The authors show that the metric outper-
forms PSNR and achieves the Pearson correlation coefficient R? ~ 0.9. Another
work devoted to H.264/AVC compression quality assessment is presented in [55].
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This time it is a hybrid approach where parameters extracted from the H.264 bit-
stream are aided with video content characteristics calculated on decompressed
video frames. According to the results presented, the model estimates the sub-
jective quality at a correlation coefficient R? ~ 0.9 and outperforms PSNR. In
both papers discussed, quality estimation is based on quantizer information from
the H.264 bit-stream. Such an approach is restricted to a given bit-stream model,
video codec, and even codec profile; however, it cannot be easily adopted to other
compression schemes. Moreover, it is common for video content to be compressed
prior to transmission and trans-coded then. In such a scenario quality estimation
based on quantizer information will reflect only artifacts that result from the final
trans-coding. In contrast, a metric based on image analysis detects a cumulative
effect, i.e. all the artifacts actually seen by the user.

3.2.4 Watermarking (Data Hiding) Approach

Data Hiding

An innovative approach towards the NR video quality assessment based on
data hiding was presented in [13]. Video quality assessment is based on calculation
of the impairment of the well known mark embed in a video stream using the Total
Square Error (TSE) pixel-to-pixel metric. The authors presented two models. The
first allows to estimate the “best” strength of the mark embedded in the video
stream, based on its visibility and the data hiding capacities of the host video. The
second model allows to predict TSE of the transmitted video that is mapped into
MOS. Performance of the presented metric is quite good (correlation coefficient
r? = 0.8833 with the MOS values) and was proved by subjective experiments.

Data Hiding In Perceptually Important Areas

The work presented in [5] can be perceived as a improvement of the method
presented in [13] based on data hiding. The authors presented the NR quality
metric using a data hiding technique with a mark embedded into perceptually
important areas of the video sequence only. In order to calculate the important
areas, the authors used overall importance maps consisting of three separated
maps for motion, contrast and color. The conducted tests proved that the pre-
sented metric outperforms the simple PSNR metric and correlates well with MOS
(no exact correlation value specified). However, since the metric operates on DCT
coefficients it is codec dependent.

3.3 Summary

The presented SotA analysis reveals some points that require improvement and
further studies. An aspect of source video quality (artifacts related to the acqui-
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sition phase) is underestimated and almost never has been taken into account.
A comprehensive approach towards perceptual assessment of video compression
schemes requires addressing not only artifacts related to intra- and inter-frame
compression but also an influence of frame resolution and frames per second rate.
An impact of video compression for diverse video content cannot be estimated
properly using a metric measuring only one artefact. Furthermore, any metric
suited for source video quality and video compression should represent the no-
reference approach because in a real system it is very likely that the original
sequence is not available [73].

In contrast to the QoD approach, metrics based on image analysis detect a
cumulative effect of the entire video delivery chain, i.e. all the artifacts actually
seen by the user. Artifacts measurement approach is not aware of transmission
scheme, bit-stream standard and coded parameters, therefore it can be gener-
alized over different acquisition and compression schemes based on DCT and
involving both intra- and inter-frame compression.
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Chapter 4

Derivation of Objective
Video Quality Metrics

This chapter presents derivation of objective video quality metrics devoted to
quantitative assessment of video artifacts. A metric should be understood as a
definition of a particular artifact measurement method. It should not be con-
fused with a perceptual model, responsible for mapping quantitative metric into
qualitative MOS scale.

4.1 Acquisition Related Quality Metrics

This section includes details on derivation of metrics for three artifacts which
are essential to a video acquisition phase. The metric for exposure is a pioneer
approach, while the metrics for blur and noise were based on some well-known
image properties inherent for each artifact. All the metrics were developed by the
author and implemented in Matlab environment.

4.1.1 No-reference Exposure Metric

Exposure is the total amount of light allowed to fall on a photographic medium
during the process of taking a photograph [70]. In the digital domain the photo-
graphic medium is represented by a matrix of light sensors. A correct exposure
means that light sensors were exposed to such an amount of light that the image
histogram covers a desired range of the luminance. This definition refers to both
still and moving digital images. Any distortion in the exposure domain may occur
only during the image acquisition process. The same picture taken at different
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exposure levels is presented in Fig. 4.1. Associated histograms (the distribution
of image pixels luminance) illustrate correct-, over-, and under-exposure. Picture
in Fig. 4.1(a) shows a correctly exposed image. Its histogram is spread over the
whole range of the luminance. Histograms of over- and under-exposed images are
shifted to the bright and the dark side, respectively (see Fig. 4.1(b) and Fig.
4.1(c)).
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(b) Over-exposure

ot
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4
2
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(c) Under-exposure
Figure 4.1: Pictures and histograms for different exposure levels

The most popular research area dealing with image exposure is referred to as
High Dynamic Range (HDR) imaging. The idea of this technique is to enhance a
dynamic range of an image (greater range of luminance between the lightest and
the darkest area) beyond capture device capabilities. It is obtained by merging a
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number of pictures (usually 2 or 3) taken at different exposure times [42]. Other
research taking advantage of exposure modifications is presented in [45]. In the
experiment optimized exposure and ISO values are verified with respect to image
quality reproduction. In the result, a dynamic range of an image is extended
and visual noise is minimized. In both of the presented research areas image
exposure is considered as a controllable parameter that can be described using
acquisition parameters (aperture, ISO, exposure time). The open questions are
how to quantify the overall image exposure and how it relates to the quality
perceived by people (QoE).

The purpose of the presented research was to develop a No Reference (NR)
metric assessing QoE for video affected by exposure distortion. The presented
exposure metric is unique and no similar research has been found in the literature
[50]. Since the research is devoted to video sequences, it was necessary to develop
an exposure generation model. Such a model should allow for an introduction of a
desired level of over- and under-exposure into a video sequence. The reason is that
in contrast to still images, it is not possible to produce exactly the same video
sequences with different exposure levels using a single camera. What is more,
the research was performed on existing sequences, shared by the video quality
community [59].

Exposure Generation Model

In contrast to still images, it is not possible to produce exactly the same video
sequences with different exposure levels using a single camera [50]. Therefore, it
was necessary to develop an exposure generation model capable of introducing
the desired level of over- and under-exposure into a video sequence. The model
is required to modify the luminance of the original video sequences in such a
manner as they were captured with different exposure parameters.

There are three methods to control exposure in digital cameras. Firstly, by
opening or closing the aperture. The larger the hole of the iris the more light
is reaching image sensors in a given time. Secondly, by changing the light signal
boost what is commonly referred to as ISO sensitivity. The last way to control
image exposure is to change the exposure time. It is the most straightforward way
and assures that other image parameters remain unchanged. In the case of the
aperture adjustment the depth of the field DoF is affected additionally. It is not
a desired effect since a large hole of the iris yields significant reduction of DoF.
Another undesirable effect is associated with ISO adjustment. The higher the ISO
the more sensitive image sensors are and therefore the possibility to take pictures
in low-light situations. The disadvantage of this process is associated noise level
increase. The above consideration became the cue to select the exposure time
adjustment as the only way to control exposure in the performed experiment.
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(a) Test chart

(b) Different exposure times

Figure 4.2: Test chart used for the experiment

In order to build as generic an exposure generation model as possible a custom
test chart was created (see Fig. 4.2(a)). It includes 64 uniform regions. For each
color component (R, G, B) four values of color saturation (0, 85, 170, and 255)
were selected. The chart includes all possible combinations (i.e. 4 x4 x4 = 64).
For the purpose of the experiment it was printed on a paper sheet. Afterwards,
pictures of the chart were taken (see one of each two in Fig. 4.2(b)) using a digital
Single-Lens Reflex (SLR) camera with a fixed aperture (F8), fixed ISO (400) and
28 different exposure times (typical values from 0.0005 to 0.25 seconds).

In order to propose a model capable of exposure generation it was necessary
to analyze the pixels color saturation for the 28 produced pictures. It was decided
to use the RGB color space instead of the YCbCr one because both the Charge
Coupled Device (CCD) and the Complementary Metal Oxide Semiconductors
(CMOS) image sensors separate light into the RGB components during the light
acquisition process.

For each of the 64 uniform regions the average color saturation was calculated
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Figure 4.3: Results obtained for the G color component

on each picture. The color reproduction was obviously not perfect when compared
to the original chart. However, for the experiment purpose the only requirement
was to be able to analyze a complete representation of the color space. The
results for the G color component (the most representative one from R, G, and
B) are presented in Fig. 4.3. Each curve represents the color saturation of the G
component of the same uniform region read from 28 pictures taken at different
exposure times. 64 lines correspond to 64 uniform regions.

Exposure time, which changes exponentially, has been replaced on the x-axis
by a picture number (linear scale). This is a good approximation of the resultant
change in the exposure (observed in the picture) due to a nonlinear light to the
brightness (color saturation) conversion used in photography. Replacing a picture
number with an exposure time on the x-axis causes a significant increase in the
observed asymmetry.

Obtained plots present a characteristic that is in line with the intuition. It
is similar to the physical characteristics of a typical image sensor presented in
Fig. 4.4(a). For the simplicity input voltage V;, represents the amount of light
reaching an image sensor (exposure) and output voltage V,,; represents the re-
sulting color saturation. The voltage transfer characteristic can not be directly
adopted because there are different image sensors and different characteristics of
the remaining part of the image acquisition path (e.g. lens or postprocessing).
The transition from Vou = Viigh t0 Vout = View is symmetric and centered around
(Vhigh — Viow)/2. In digital photography the voltage transfer characteristic is mod-
ified asymmetrically in order to encode the bright light with a higher resolution
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(a) Characteristic of CMOS inverter (b) Asymmetric characteristic of an image
sensor used in digital photography

Figure 4.4: Voltage transfer characteristics

than the dark one. It is presented in Fig. 4.4(b) where a much greater exposure
change (eps2 >> epsl) is necessary to produce the same luminance change in
the dark than in the bright light.

The same properties can be observed in the obtained plots (compare Fig.
4.3 versus Fig. 4.4(b)). It is clearly visible that regardless of the initial color
saturation value all curves follow nearly the same function.

It was necessary to propose a function that can be used for mapping between
exposure level x and pixel saturation values y for all RGB components. The fol-
lowing properties were desirable: limited values, saturation around the extremes,
and asymmetry in order to account for any non-linear processing. The selected
function was an asymmetric logit function (ALF) [16] given by Eq. 4.1.

eam+b c
v= <1++b> 4.1)
where a, b and ¢ are estimated parameters.

An example of the ALF function is shown in Fig. 4.5. Note that all presented
functions have similar behavior for > 3 and different for lower values (i.e. the
desired asymmetric behavior).

The ALF function is a non-linear function, so the parameter estimation is
not a trivial task. For the research purpose a nonlinear least squares method

was used. Note, that for this method it is important to choose proper starting
points for all estimated parameters. In the presented research the exposure level
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Figure 4.5: An example of different asymmetric logit functions, b =0

was described by a virtual variable, i.e. experiment number from 1 to 28. It was
necessary to normalize it prior to the estimation using the following formula:
*—Z
Tnorm = Std(ﬂ?) (42)
where std(z) is .

The analysis shows that the best results (averaged R? values higher than 0.995
for R, G and B color components) have been obtained for the following values
(with 95% confidence bounds): a = —3.2 (—3.71,—2.69), b = —1.3 (—1.71, —0.88),
¢=0.4 (0.30,0.49).

Obtained results show that the proposed model fits the test chart data. Hence,
the model is expected to produce a realistic exposure modification effect when
applied to the video content. The effect is obtained by the modification of the
color components’ saturation (for each single frame of a video sequence) according
to the derived mapping function.

Verification of the Proposed Model for Exposure Generation

The next step after the finalization of the model for exposure generation was to
validate it against results obtained for real pictures. It was necessary to verify
whether a model built upon a given image and digital camera can be generalized
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over different images and cameras. For this purpose 3 different scenes were cap-
tured using two different digital cameras, with numerous exposure times. Each
scene varies in terms of content, lightning, amount of details, and colors.

Figure 4.6: Illustration of the observed problem with increasing difference between
color components. From the left to right: original image, under-exposed image
with visible effect, and under-exposed image with compensated effect.

During a visual inspection of the exposure generation results one problem
was discovered. It is illustrated in Fig. 4.6. The problem was identified on image
regions were two out of free color components were saturated (value 0 or 255).
In case of under-exposure generation three glaring colors were likely to appear
on the bright regions, namely Aqua, Fuchsia, and Yellow. The common feature
of these colors is that one color component has a much lower value that the two
others. It was a natural consequence of the function used for the mapping between
exposure level and pixel values. For two saturated color components the same
exposure modification resulted in a much lower value change than compared with
the third component (not fully saturated on the original image). The stronger
exposure modification the higher difference between color components. This was
not an intended feature but also an inevitable one due to the use of a limited
range of values, i.e. the value of the pixels that were already saturated does not
change even if stronger exposure is applied.

To eliminate this adverse effect a compensation method was proposed. This
method involves a slight reduction in the value of the saturated pixels. In re-
sult, a difference between the color components does not grow as much as in
the described example. Results of the improved exposure generation model are
presented in Fig. 4.71. Top pictures are the original ones captured by digital cam-
eras with different exposure times. Bottom pictures are obtained from the original
picture using the proposed exposure generation model. Generated exposure level
is closely adjusted to the corresponding original images but more important is
proper color handling. Some colors fade much faster than others (see green tree
in Fig. 4.7(b) or bright cars in Fig. 4.7(d)).

The generation of a desired exposure level is illustrated in Fig. 4.8. The first

n order to get a full impression it is necessary to view this figure on the source PDF file.
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Figure 4.7: Visualization of the exposure generation model performance for over-
and under-exposure
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Figure 4.8: Generation of a desired exposure level based on pixel luminance/color
saturation modification

step is to take the original picture, read pixel saturation values y;, for all RGB
components and calculate the original exposure level x;, for each pixel, using the
following equation (inverse function for Eq. 4.1):

1/c
In|-Y=_)—b
l—y,./
—_— 7 (4.3)

a

Lin =
where a = —3.2, b= —1.3, c = 04.

Afterwards, shift exposure value by a given offset eps obtaining a desired
exposure level 2yt = x;n, + eps. In the last step a new pixel saturation value y,,¢
is calculated:

e*Tout+b ¢
Yout = (1 + ea*xnu,t+b> (44)

where a = —3.2, b= —1.3, c = 0.4.
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Exposure Metric

Another important step was to develop a methodology for the exposure distor-
tion measurement. An exposure distortion is understood as the overall quality
degradation caused by an improper exposure. In the exposure generation experi-
ment its value was represented by a virtual variable (shot number from 1 to 28).
The proposed metric should quantify exposure in a more meaningful manner.
It means that the same value should preferably correspond to the same quality
degradation level across different scenes. In contrast, fixed exposure time would
yield a completely different impact on QoE depending on scene lightning (cor-
rect exposure time for low-light scene would result in over-exposure distortion for
bright scene).

The metric was inspired by a shape of the histograms presented in Fig. 4.1. A
histogram of a correctly exposed image spreads over the whole range of luminance.
Histograms of over- and under-exposed images are shifted to the bright and the
dark side respectively. The higher the exposure distortion the more significant
the shift. In other words, there are no completely black and white regions on
over- and under-exposed images, respectively. Consequently, the exposure metric
is based on histogram range inspection.

The metric is calculated locally for each video frame. In the first step mean
luminance is calculated for each macro-block of a given video frame. The average
of the three macro-blocks with the lowest and the highest luminance represent lu-
minance (histogram) bounds. The exposure metric for a single frame is calculated
using the following formula:

Ly + Ly
2

where L, and Ly are bright and dark luminance bounds.

Video level metric is calculated by averaging frame metric over one scene.
The proposed methodology assumes that each natural video sequences has at
least some bright and dark regions. It is much more accurate approach than a
simple histogram average luminance calculation. For instance, it eliminates the
problem when images showing black objects with very few bright regions would
be classified as under-exposed.

Ex (4.5)

4.1.2 No-reference Blur Metric

The most common approach towards image blur estimation utilizes the fact that
blur makes image edges less sharp. Recent works representing this approach are
described in [9] and [14]. The proposed metric is based on an average width of
sharp edges only [47]. Tt is critical in terms of prediction accuracy since elimi-
nates strong content dependency. Metric based on an average width of all edges
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may introduce misleading results in case of an images with an inherent regions of
smoothly changing pattern. The average edges width for such image is relatively
high, suggesting strong image blur. The proposed metric in based on an assump-
tion that every image has at least few sharp edges and consists of two phases: 1)
edge detection and 2) mean width calculation.

1 0 —1
Sh=12 0 =2
1 0 -1

0.125 0 —0.125
gmed — | 025 0 —0.25
0.125 0 —0.125

b(i, j) = =" (i, j)* (4.6)

m n
6

cutof f = ml* - >0 b, 4) (4.7)

i=1 j=1

The metric is calculated over image luminance (see Fig. 4.9 b). In the first
step of the edge detection phase image gradient in horizontal direction (see Fig.
4.9 c) and its magnitude (see Fig. 4.9 d) is calculated using ’sobel’ filter S”.
For the purpose of metric calculation a matrix containing pixel luminance values
was filtrated using modified ’sobel’ filter S™°?. For the resulting filtrated image
27" a magnitude was calculated (see equation 4.6). The mean of the magnitude
squared image multiplied by an appropriate scale is used for an automatic cutoff
threshold calculation cutof f. The cutof f value is used for sharp edges filtering.
Empirically, the selected scale was set to 16 during the experiment (see equation
4.7).

In the last step of the edge detection phase, neighboring edges are suppressed
during a thinning procedure. It is an algorithm presented using a Matlab source
code (see Fig. 4.10). The resulting edge map is illustrated in Fig. 4.9 e.

In the second phase average edges width is calculated. Each pixel marked as an
edge (white pixels in Fig. 4.9 e)) is presumed to be localized in the middle of the
corresponding edge. Edge width is measured as a number of neighboring pixels
(localized on the left and right in the same horizontal line) that fulfill the following
criteria: a) right-localized pixels intensity values is monotonically increasing/de-
creasing for rising/falling edges, b) analogically for left-localized pixels, and c)
edge slope value doesn’t fall below a certain level. The slope value threshold th
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Figure 4.9: Image preprocessing in Matlab prior to the edges width calculation
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% Descript
% m -
% n -
% r -
% c -
% bl..
% elr,

for r=1:m,

ion of variables:
nunmber of image rows
number of image columns
cCurrent row

current column

.b4 - tested conditions
c) - resulting edge map

for c=1:n,

if (r < 1) || (r>m) |1 ((c-1)
bl = true;
else
Bl = (b(r,c-1) <= b(r,c));
end
if (r < 1) || (r>m) |1 ((c+l)
b2 = true;
else
b2 = (bir,c) > bir,c+l)):
end
if (¢ < 1) |l (e >mn) 11 ((x-1)
b3 = true;
else
B3 = (b(r-1,c) <= b(r,c)):
end
if (e < 1) || (e >mn) 1] ((x+1)
b4 = true;
else
b4 = (b(r,c) > b(r+l,c)) !
end
e{r,c) = ib(r,c)>cutoff) &
({ B1 & bB2) |
{ b3 & bd }):

end
end

Figure 4.10: Thinning code in Matlab

> n)

> m)
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Description of variables:

- number of image rows

- number of image columns
- current row

- current column

(r,c) - resulting edge map

% detect a falling edge
elseif ((a(r,c2 - 1) < a(r,e2)) || (a(x,c2) < a(r,c2+1)))

% increase a number of detected edges
edgesio = edgesNo + 1;

%+ calculate an edge widch
while ((a(r,c2+1) - a(r,c2) > th) & (c2 <n - 1) )
vhigh = afr,c2+1);
c2=cz+1;
ena
width = width + c2-c;
c2 = c;
wnile ((a(z,c2) - a(z,c2 - 1) > th) & (c2 > 2) )
view = a(z,e2 - 1);
c2=cz-1;
ena
width = width + c-c2;
ena

(b) Falling edge code

edgesNo - number of detected edges
width - cumulative width of all detected edges

- edge slope threshold

c2, vlow, vhigh - temporar variables

for r=l:m,
for c=l1:n,

if (e(r,c})

c2 = c;
vlow = a(r,e2};
vhigh = a(r,c2):

% detect a rising edge

% decect 2 falling edge

(c) Edges width code

Figure 4.11: Calculation of edges width in Matlab
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is proportional to the standard deviation of surrounding pixels’ intensity. The
Matlab code illustrating the calculation steps in detail and variables description
is given in Fig. 4.11. Mean edges width for the entire image corresponds to the
frame level blur value. Video level metric Bl is calculated by averaging frame
metric over one scene.

4.1.3 No-reference Noise Metric

The idea behind the proposed noise metric is based on work presented by Lee [37].
According to [37], the most convenient method for noise estimation for remotely
sensed images is to identify homogenous image areas and use them to calcu-
late noise statistics. The statistics are limited to a local mean and a variance of
pixels luminance. The more recent work utilizing this approach is presented by
Dosselmann in [9] and Farias in [14].

Block diagram of the proposed noise metric is presented in Fig. 4.12. The met-
ric is calculated locally for each video frame. In the first step, standard deviation
std(x) of pixels luminance for each coding block is calculated:

Nl=

std(x) = ! Z(xj —7)? (4.8)

where T is the mean over x:

n
_ 1
x:—g Tj
n 4 J
Jj=1

In the next step, the minimal standard deviation std(x)™" for each image
slice is calculated. The mean value for all slices is considered the threshold th
value for the given video frame:

1 S min
th; = - Z; std(z)] (4.9)
j:

where n is the number of slices on the i-th frame.

All the coding block having standard deviation of pixels luminance lower or
equal to the th are classified as smooth regions and considered in the further steps.
Presented approach towards identifications of smooth regions assures selection
of comparable number of blocks for images ranging from low to high spatial
complexity. It outperforms approach presented in [9] based on a fixed threshold
in terms of a visual annoyance prediction performance.
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Figure 4.12: Block diagram for noise metric

On each coding block classified as smooth region further operations are per-
formed. First, calculation of pixels variance (v = std(z)?) is applied to 9 over-
lapping regions, each 3z3 pixel size. Next, the mean value over 3 regions having
the lowest variance is calculated. It corresponds to the local-level noise (for one
smooth region) and is denoted as N'°¢. The mean value over all smooth regions
stands for a frame-level noise value Nfreme,

The presented metric shows a good performance but a noticeable video con-
tent dependence was identified. In order to overcome this drawback, spatial mask-
ing phenomena was addressed by weighting frame-level noise value according to
the threshold th;, calculated in the first steps.

rame ]‘ g oc
Njrame — (nloe) (4.10)
=1

n*th; 4
J

where n is the number of smooth regions detected on the i-th frame.

It compensates a well-known property that images having low spatial com-
plexity are more exposed to the visual distortion caused by noise. In order to
improve metric performance in terms of computational complexity, number of
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coding blocks investigated in the first step may be reduced by a certain mar-
gin, without meaningful impact on the prediction accuracy. Video level metric is
calculated by averaging frame metric over one scene.

4.2 H.264/AVC Compression Related Metrics

This section includes details on derivation of metrics for the three artifacts related
to video compression assured using the H.264/AVC scheme. All the metrics were
developed by the author and implemented in Matlab environment. Metrics for
blockiness and flickering were inspired by the existing work, while the I frame
flickering metric is a pioneer approach.

4.2.1 No-reference Blockiness Metric

Blockiness artifact measurement is based on a well-known property of a DCT-
based coding. Each blocking artifact has a least one visible corner. Recent works
utilizing this fact are described in [9] and [14].

Blockiness artifact is calculated locally, for each coding block. Fig. 4.13 presents
the methodology applied for one block. Absolute difference of pixels’ luminance
is calculated separately for: 1) intra-pairs, represented by pixels connected with
'up’ and ’left’ arrows, and 2) inter-pairs, represented by ’down’ and 'right’ arrows.

Coding block
boundaries

|
SIETETETETY

HetHHH
frir

Figure 4.13: Calculation of blockiness artifact for one coding block

A cumulative sum of the intra- and inter-difference is calculated. The ratio
between these values averaged over the whole image (all coding blocks) represents
the blockiness metric for a given frame. For a real time application the metric
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should be calculated over a time window (the number of video frames). Mean
value for the window represents a blockiness level B.

4.2.2 No-reference Flickering Metric

The flickering metric was inspired by work presented by Pandel [44]. According

o [44], flickering is the most annoying temporal artifact inherent for predictive
inter-coded video sequences (in particular for H.264 encoded sequences). Video
sequences with slow camera movements or zoom are especially exposed to flick-
ering artifact. In temporal predictive coding macro-blocks are not updated (not
encoded) until the difference between the corresponding macro-block of the suc-
cessive frames is above a threshold. The stronger compression the higher is the
threshold. It is illustrated in Fig. 4.14 where two successive video frames are shown
for the same video sequences but encoded with different bit-rates. It is clearly
visible that the stronger compression (lower bit-rate) the more coding blocks re-
main exactly the same as on the previous frame. These blocks are marked with
black and represent regions with the lowest difference calculated frame to frame.
It suggests that each macro-block remains in one of the two possible states (no-
update or update) [44]. Frequent changes between states denote severe flickering
artifact. The metric is calculated as a normalized number of transitions between
the states.

The state model used for flickering calculation including hysteresis is illus-
trated in Fig. 4.15. The task in the flickering metric implementation was three-
fold. First, to define threshold used to decide if a given macro-block remains in the
no-update state. In [44], the threshold was defined as a mean squared difference
between pixels of the current and corresponding macro-block, but the exact value
was not revealed. The threshold was calculated as an average of absolute differ-
ences in pixels’ luminance SAD for each 16 x 16 macro-block. In the proposed
case, the normalized value (averaged for a single pixel) is given by equation:

TRARGLIRE
SADToTT™ _ %6 Z Zb abs (xn(1,5) — Tnt1(i,7)) (4.11)
i=a j=

where z,,(a,b) and x,11(a,b) are the coordinates of the top left corner of a
given block on the current and the next frame respectively.

Second, a different method for spatial pooling was proposed, i.e. calculate the
frame-level flickering measure as a mean value over a small number of macro-
blocks with the highest values (number of transitions between states). Third, two
previous parameters were adjusted in order to optimize prediction performance
defined as a correlation with subjective scores.

In order to maximize the correlation of the flickering metric F' with MOS
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(c) 200 kbit/s

(d) 100 kbit/s

Figure 4.14: Two successive frames from “Autumn” video sequence, 720x486, 30
fps, encoded with different bitrates. Left images represent previous frames while
right images represent current frame with non-updated blocks marked in black.
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SAD >= threshold SAD >0
No-update Update
state state
SAD < threshold SAD =0

Figure 4.15: Proposed two-state flickering model

several threshold values (between 0.5% and 2% of luminance change) and several
numbers of macro-blocks with the highest number of transitions between states
(between 0.5% and 10% of macro-blocks) were considered. The highest correlation
with MOS was achieved for the threshold equal to 1% and frame-level flickering
averaging over 3% of the total number of macro-blocks.

Figure 4.16: Visualization of flickering measurement over a time window

The metric is calculated over a time window (number of video frames). In Fig.
4.16 a total number of state changes for the whole time window for each coding
block is represented by the luminance level. The brighter coding block the more
state changes were observed. In the given example 3% of the brightest blocks will
represent frame level flickering.

4.2.3 No Reference I Frame Flickering Metric

During a visual inspection of video sequences encoded with the H.264 codec an-
other temporal artefact associated with H.264/AVC compression was identified.
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It can be defined as a flickering of the entire video frame whenever an I frame
is decoded . In our case this means one flicker per second (FPS = 30 and GoP
= 30). Sequences with a slow global motion and high spatial activity are espe-
cially vulnerable to this artefact [75]. For such sequences, strong compression
imposes that the majority of coding blocks remain in the no-update state during
the entire GoP structure. This results in a significant flickering whenever I frame
arrives (suddenly all coding block are updated). For lower compression most of
the coding blocks are updated (even several times) during the GoP structure
and the effect disappears. It should be noted that this effect is inherent for GoP
structures starting with one I frame, and should not be generalized over different
schemes.
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Figure 4.17: Time plot explaining I frame flickering root for “Autumn” video
sequence and two different bit-rates.

Fig. 4.17 presents time plots for SRC 2 “Autumn” (slow camera zoom) and
two different bit-rates (300 and 4000 kbit/s). Spatial activity SA (see Section 5.2
for calculation details) is calculated for each video frame. Values obtained for
4000 kbit/s are obviously higher than for 300 kbit/s (stronger compression yields
details decrease). Significant peaks on 300 kbit/s plot represent I frames.

By analogy with the two-states model for flickering metrics described in Sec-
tion 4.2.2, each decoded I frame activates the update state and causes visible
global flickering. In contrast to P and B frames, all macro blocks are updated
(intra-coded) on I frames even when strong compression is applied. We propose
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the following formula to calculate the I-frame flickering I'F effect:

IF = mean [Sjéi(f)l)} (4.12)

where SA;(n) and SA(n — 1) are spatial activities calculated for the I frame
and the preceding one respectively (see Section 5.2 for details). I F for the entire
video sequence is calculated as a mean value over all pairs (I frame and the
preceding one). As with both previous metrics, averaging over a time window is
required, and for the purpose of the experiment the window size was equal to the
sequence length. It was verified that this artifact is periodic and does not change
significantly over time within the same video scene.
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Chapter 5
Subjective Experiments

In order to verify the derived video quality metrics and propose perceptual mod-
els, two subjective experiments were carried out. The purpose of the experiments
was to calculate a mapping function between the metrics and quality perceived
by users expressed in MOS scale. The first experiment was devoted to acquisition
related artifacts, while the second one to video bit-rate reduction. Video bit-rate
reduction can be realized in three domains: 1) compression — by increasing quan-
tization parameter QP, 2) temporal — by changing frames per second FPS rate,
and 3) spatial — by decreasing frame resolution. In contrast to the other consid-
ered quality factors, FPS rate and video resolution are explicit parameters and
no dedicated metrics are required to measure them. On the other hand, both
factors may significantly influence perceived video quality and for this reason are
covered by the subjective experiments.

Human testers rated video sequences affected by different degradation levels
of all the considered artifacts. The degradation level was adjusted to cover the
whole quality scale (from very slight to very annoying distortions).

5.1 Acquisition Related Artifacts

Four source sequences from standard VQEG content [60], namely SRC 16, 18,
19, and 21 were used (see Fig. 5.1). The same SRC (source) numbers as those
presented in [60] was used in this work. The video sequences reflect two different
content characteristics (i.e. spatial and temporal complexity).

The experiment was conducted by approximately 100 students. The applied
subjective test methodology was the ITU’s ACR-HR (Absolute Category Rating
with Hidden Reference) described in ITU-T P.910 [24]. It represents a Single-
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(a) SRC 16 — “Betes pas betes” (b) SRC 18 — “Autumn leaves”

(¢) SRC 19 — “Football” (d) SRC 21 — “Susie”

Figure 5.1: VQEG Test Sequences

Stimulus (SS) approach, i.e. all video sequences contained in a test set are pre-
sented one by one without a possibility to compare with the reference video. The
reference sequences are also included in the test set and rated according to the
same procedure. This approach is commonly referred to as ACR Hidden Refer-
ence (ACR-HR). According to the newest VQEG’s guidelines for ACR methods,
the eleven-grade numerical quality scale was used [24]. This is a quite innovative
approach since five-grade MOS scale was a default scale so far [23].

For both over- and under-exposure, six degradation levels were introduced
into each test sequence. In case of blur and noise, 10 and 7 degradation levels
were used respectively.

5.2 Video Bit-rate Reduction

The second subjective experiment was devoted to video bit-rate reduction by
means of frame resolution FR, frame per second FPS rate, and H.264/AVC com-
pression. This experiment was much more extensive in terms of a number of test
sequences. This is because video bit-rate reduction is content dependent and a
full spectrum of different content characteristics had to be included. Further-
more, artifacts associated with H.264/AVC compression occur together and the
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Table 5.1: Characteristics of the selected video sequences

SRC SA TA O Train. | Ver.
21 54.59 7.27 | 5.96 N
18 76.14 | 5.58 | 6.06
20 189.82 | 2.30 | 6.09
14 69.55 | 16.49 | 7.08
16 77.30 | 17.50 | 7.30
13 85.57 | 19.98 | 7.44
19 65.73 | 25.81 | 7.48
5 75.90 | 25.23 | 7.57

i

< I R RS R

2 138.45 | 16.62 | 7.70
9 77.90 | 31.79 | 7.82
7 83.08 | 36.79 | 8.00
3 128.69 | 23.37 | 8.01 v
10 171.00 | 27.14 | 8.45

resultant impact on the quality should be considered. This is in contrast to the
acquisition related artifacts which are independent from each other.

The first step in the experiment design process was to select a pool of test
sequences. The key parameters describing any video sequence characteristics are
spatial activity SA and temporal activity T'A, i.e. the number of details and
motion respectively. In order to make the selection task easier we used a scene
complexity o measure, which is a combination of SA and T'A [15].

A method presented in [15] was used, where scene complezity o is defined as

o = logy, (m%an [SI(n) ~TI(n)]> (5.1)

where SI(n) is spatial information computed for the nth frame and given by

SI(n) = rms [Sobel (F(n))] (5.2)

space

and TI(n) is temporal information computed on the base of nth and n — 1th
frames given by
TI(n) = ms [F(n) — F(n—1)] (5.3)
In both equations (5.2) and (5.3) F(n) denotes the nth video frame luminance
channel. Sobel is the Sobel filter [15] and rmsgpqce is the root mean square function
over an entire video frame.
The scene complexity analysis resulted in choosing 13 source sequences from
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standard VQEG content [60] (see Fig. 5.2), namely SRC 2, 3, 5, 7, 9, 10, 13, 14,
16, 18, 19, 20, and 21, with a scene complexity o varying from 5.96 (SRC 21)
to 8.45 (SRC 10). The same SRC (source) numbers as those presented in [60]
was used in this work. Results ordered according to the scene complexity o are
detailed in Table 5.1.

Subjects were pre-screened for the following features:

e normal (20/30) visual acuity with or without corrective glasses (self-declaration
based on Snellen test chart),

e normal color blindness vision (per Ishihara test),
e contrast sensitivity,

e familiarity with the Polish language sufficient to comprehend the instruction
and to provide valid responses using the semantic judgment terms expressed
in that language.

Since the ultimate goal was to build a no reference models therefore ACR-
HR (Absolute Category Rating with Hidden Reference) methodology was used
[24], i.e. a no reference subjective test. In the ACR-HR tests, the original version
of each video sequence is presented for rating somewhere in the test, without
identifying it as the original. Subjects rate the original as they rate any other
degraded video sequence. Additionally, each test condition is presented only once
for the subjective assessment. The subjects were instructed to watch the entire
video sequence before voting. The interface instructed when to vote.

The original sequences were 10 seconds long with the SD resolution and 30
FPS rate. Six different frame rates (from 5 to 30), five different resolutions (from
SD to SQCIF), and six different bit-rates (100, 200, 300, 500, 1000, and 4000
kbit/s) with a constant Group of Pictures (GoP) length equal to 30. We used
x.264 coded, main profile, and the constant bit-rate mode for the rate-control.

The videos were displayed in the center of a 177 LCD monitor with a native
resolution of 1280x1024 pixels. All considered resolutions were up-scaled to SD
because an assumption was that the tested service has a constant display size.

The test was run using a web browser and the content was downloaded from a
server. Each video sequences was downloaded first and then viewed by a subject.
The sequences were played out in a random order which was different for each
subject. After a subject saw a sequence he or she scored it using an eleven point
discrete scale [24].

The experiment started with a training phase in order to familiarize subjects
with the specificity of the test. The phase consisted sequences (selected from
the main pool) covering the entire range of considered distortions. The answers
obtained were not considered in the further work.
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(d) SRC 7 — “Fries” (e) SRC 9 — “Rugby” (f) SRC 10 — “Mobile & Cal-
endar”

(g) SRC 13 — “Baloon-pops” (h) SRC 14 — “New York 2”

LYk e
(k) SRC 19 — “Football” (1) SRC 20 — “Sailboat”

(m) SRC 21 - “Susie”

Figure 5.2: VQEG Test Sequences
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A post-experiment inspection of the subjective results was necessary in order
to discard viewers who were suspected to give random answers. The rejection
criteria verified the level of consistency of the scores of one viewer according to
the mean score of all the subjects over the entire experiment. Example criteria
to discard subjective data sets were the following: (i) the same rating was used
for all or most of the video sequences or (ii) the subject’s ratings correlate poorly
with the average ratings from other subjects (correlation coefficient R? lower than
0.75).

It was assumed that exactly 24 valid subjects are required, however, 29 sub-
jects took part in the experiment (in order to allow for the removal of some of the
subjects in the post-screening procedure). A valid viewer meant a viewer whose
ratings were accepted after post-experiment results screening. Scores from valid
subjects only are discussed in the remaining part of this paper.

The following procedure [62] was used to obtain ratings for 24 valid subjects:

1. Conduct the experiment with 24 subjects.

2. Apply post-experiment screening to eventually discard viewers who are sus-
pected to have voted randomly.

3. If n viewers are rejected, run n additional subjects.

4. Go back to step 2 and step 3 until valid results for 24 subjects are obtained.



Chapter 6

Derivation of Perceptual
Models Mapping Objective
Metrics into MOS Scale

This chapter presents derivation of perceptual models mapping objective met-
rics into the qualitative scale, i.e. MOS scale. The mapping is proposed using
regression analysis and two different fitting functions. The first one is called an
asymmetric logit function (ALF) and was used only in case of single parameter
models (all acquisition related models). For other models, including more than
one parameter, a linear combination of polynomials was used as a fitting function
instead. The ground truth regarding quality is represented by MOSs obtained in
the subjective experiments.

The first section details three models built upon the acquisition related metrics
for over- and under-exposure, blur, and noise. The mapping functions are derived
using subjective data gathered in the first subjective experiment (see Section
5.1). All the artifacts in this group are independent and represented by separate
models.

The second section is devoted to video bit-rate reduction artifacts. It is veri-
fied using the H.264/AVC compression scheme. Video bit-rate reduction can be
realized in three domains: 1) compression — by increasing quantization parame-
ter QP, 2) temporal — by changing frames per second rate, and 3) spatial — by
decreasing frame resolution. The mapping functions are derived using subjective
data gathered in the second subjective experiment (see Section 5.2).

At the end of this chapter a summary of derived QoE estimation models is
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given. Usability of the proposed metrics is presented on an example of a real-time
video QoE assessment.

6.1 Video Acquisition Related Models

The most important task was to find a function mapping a distortion level on
the user experience (MOS). Since in the test a dense eleven-grade quality scale
was used it could be assumed that the testers’ answers are an interval variable.
Therefore, the obtained results were approximated by a continuous function. The
important problem was to predetermine a shape of the function to be used. The
shape cannot be predicted so numerous different functions could be considered
but some basic properties of these functions can be specified.

The argument of the mapping function is an objective metric and its value
predictes user experience in MOS scale. The user answers are scored on a limited
scale. On the other hand, a metric value cannot be easily limited (it is not known
what is the maximum possible distortion range). Therefore, using linear regression
is not feasible because linear functions are not limited. A function that satisfies
all mentioned requirements is monotonic and has two horizontal asymptotes.

A general class of functions having the above features was proposed. The
function is an asymmetric logit function (ALF) [16], given by:

10 = (1o ) (61)

1 + eaz+b

where a, b and ¢ are estimated parameters.

An example of an ALF function is shown in Figure 6.1. A special case of ALF
is a symmetric logit function (SLF) (parameter ¢ =1 in Fig. 6.1).

The ALF function is a non-linear function, so the parameter estimation is
not a trivial task. For the research purpose a nonlinear least squares method was
used. Note, that for this method it is important to choose proper starting points
for all estimated parameters.

6.1.1 Model Based on the Exposure Metric

It was presumed that both over- and under-exposure degrade QoE and that the
task is to find a proper mapping function between the metric and QoE. The
function was derived from the results obtained in a subjective experiment. Based
on the analysis performed, symmetric logit function SLF was proposed:

f(z) =10 <e+b> (6.2)

1 + eaztb
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Figure 6.2: The correlation results for the exposure metric with the estimated
SLF function

The initial values range of SLF function values [0; 1] was multiplied by 10 in
order to cover the entire 11-point MOS scale (from 0 to 10). It was also decided to
eliminate asymmetry (¢ = 1) because too large confidence interval were obtained
for parameter c.

It was necessary to estimate two different function for over- and under-exposure.
Estimation results are presented in Fig. 6.2. The obtained correlation coefficient
for the over-exposure model MOS(Ez,) was R? = 0.92 for the following param-
eters: @ = —4.31 and b = 7.10. For under-exposure MOS(Ex,,) the results are:
R? =094, a = 2.81 and b = 2.34.
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6.1.2 Model Based on the Blur Metric
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Figure 6.3: The correlation results for the blur metric with the estimated ALF
function

Based on the analysis performed an asymmetric logit function ALF was se-
lected, given by:

F@) = 10 (e”b) (6.3)

14+ ea:c+b

Estimation results are presented in Fig. 6.3. The obtained correlation coeffi-
cient for the blur model MOS(BI) was R? = 0.91 for the following parameters:
a=—1.50, b= 2.87, and ¢ = 0.14.

6.1.3 Model Based on the Noise Metric

Based on the analysis performed an asymmetric logit function ALF was selected,
given by:

f(z) =10 <em+b) (6.4)

1 + eaw-{-b

Estimation results are presented in Fig. 6.4. The obtained correlation coeffi-
cient for the noise model MOS(N) was R? = 0.91 for the following parameters:
a = —3.46, b = —8.82, and ¢ = 0.02.
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Figure 6.4: The correlation results for the noise metric with the estimated ALF
function

6.2 Video Bit-rate Reduction Related Models

As already mentioned in this chapter, video bit-rate reduction can be realized in
three domain: compression, spatial, and temporal. In case of the compression do-
main, a comprehensive approach towards perceptual quality assessment requires
addressing artifacts related to intra- and inter-frame compression. An impact of
video compression for diverse video content cannot be estimated properly using
a metric measuring only one artefact. Intra-frame compression is addressed by a
typical metric measuring the blockiness artefact B. In order to account for inter-
frame compression artifacts we used an improved flickering metric operating on
a macro-block level F'. The overall QoE assessment system is supplemented by a
custom metric dedicated to I-frames flickering I F.

Three QoE models are presented: 1) a model based on the blockiness metric
B, 2) a model based on the flickering metric F', and 3) an integrated model for
H.264/AVC compression including all three metrics (B, F', and IF'). Because the
I-frame flickering effect is restricted to low bit-rates only (strong compression)
we consider it as an additional parameter of the integrated model rather than a
stand-alone compression metric. Two video content characteristics were consid-
ered in order to improve model performance in terms of correlation with Mean
Opinion Scores (MOS).

In case of two other domains (spatial and temporal) it was necessary to derive
models mapping frame per second FPS rate and frame resolution FR into MOS
[31]. The FPS rate and FR are video stream parameters which can be easily
measured and no dedicated metric is required. Therefore one could think that
providing a QoE metric based on them is easy. However, for different video content
the influence of FPS rate or FR is different [28]. For example, if a video is in fact
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a still image the quality remains the same for any frame rate. The consequence
of this fact is that a model needs to take into account the video content, too.

6.2.1 Methodology for Models Derivation

The sequences pool in the bit-rate reduction related subjective experiment was
much more extensive when compared to the acquisition related experiment (13
vs. 4 test sequences). This is because video bit-rate reduction is content depen-
dent and a full spectrum of different content characteristics had to be included.
Furthermore, artifacts associated with H.264/AVC compression occur together
and the resultant impact on the quality should be considered. This is in contrast
to the acquisition related artifacts which are independent from each other.

A more sophisticated methodology for model derivation was necessary. The
proposed one consists of several steps that are reflected in the remaining part of
work, namely: 1) divide subjective date into the training and the verification sets,
2) propose a model type and calculation methodology, 3) define model parameters
(explanatory variables), 4) calculate model coefficients using the training set, 5)
analyze statistical significance of the proposed parameters, 6) remove statistically
not significant parameters, and finally 7) verify a model using the verification set.

Once a satisfactory model derived upon the training set is obtained, its perfor-
mance can be validated using the verification set. Such a test allows to determine
whether the model has a general value or if it is only over-fitted to the training
data set.

The whole sequences set was divided into two groups; training set (src 2, 7,
10, 13, 16, 18, 19, and 20) and verification set (src 3, 5, 14, and 21). Both of these
sets contain sequences covering a similar range of scene complexity o values but
the training set is larger than the verification set.

Since an eleven point quality scale [24] was used the assumption that residuals
of obtained answers have a Gaussian distribution is likely. This allows to use linear
regression for the modeling purpose. This is an advantage when compared to five
point MOS scales [24] where the GLZ (Generalized Linear Model) should be used
instead [30], [40].

Any model considered in this part of the dissertation is a linear combination
of explanatory variables such as

MOS(fﬂl,Sﬂg) =ag +a1x1 + asxs + a12122 + ... (65)

where z; is an explanatory variable (for example the sequence frame rate) and
a; is a coefficient of ;. When estimating a model like (6.5), a; coefficients are
computed and their statistical significance is assessed (a probability that the
coefficient is different from 0). Any non statistically significant parameter has to
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be removed from the model and an the estimation procedure has to be repeated.
The final models contain only statistically significant coefficients estimated for
specific explanatory variables.

6.2.2 Model Based on the Bockiness Metric
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Figure 6.5: Performance of two models involving the blockiness metric for different
sets

Based on the preliminary discussion of results it was assumed that for the
blockiness metric spatial and temporal activity will improve performance in terms
of correlation with MOS. In order to verify this assumption two models were
derived: 1) a basic model denoted as M OS(B) based only on a single explanatory
variable — the blockiness metric B, and 2) a complex model denoted as denoted
as MOS(B,SA,TA) including two additional explanatory variables, i.e. spatial
activity SA and temporal activity TA. The derived models are given by the
following equations:

MOS(B) = —10.38 + 17.868 (6.6)

MOS(B, SA, TA) = —10.88 + 14.68B + 0.02SA + 0.08T A (6.7)

Figure 6.5 presents correlation of both models with MOS. The following cor-
relation coefficients were obtained for the MOS(B) model: 1) RZ = 0.50 for the
training set, 2) RZ = 0.65 for the verification set, and 3) R?_, = 0.55 for both
sets at the same time. The complex model MOS(B,SA,TA) with both SA and
TA being significant achieved higher correlation: 1) R? = 0.66, 2) R? = 0.61,
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and 3) R7,, = 0.62. The most meaningful correlation results are obtained using
both sets at the same time while the verification set allows to determine whether
a model is a general one. In case of a significant correlation drop for the verifica-
tion set, a model should be considered as over-fitted to the training set. This is
not the case for the blockiness metric, in particular if the most outstanding points
were included in the verification set. Nevertheless, correlation obtained for the
complex model is not high enough to represent the overall quality for H.264/AVC
compression.

6.2.3 Model Based on the Flickering Metric
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Figure 6.6: Performance of the flickering model for different sets

The preliminary analysis of results did not significantly help in understand-
ing of the relation between content characteristics and the flickering metric. As
a result, the approach from the blockiness metric case was repeated. Two mod-
els were derived: 1) a basic model denoted as MOS(F) based only on a single
explanatory variable — the flickering metric F', and 2) a complex model denoted
as MOS(F,SA,TA). Statistical analysis revealed that for the complex model
neither was the correlation coefficient R? improved nor were SA and T A statis-
tically significant. Therefore the final model consists of the flickering metric only.
It suggests that either the flickering artefact in H.264/AVC compression or the
flickering metric calculation methodology are content insensitive. The model is
given by the linear equation:

MOS(F) = 7.68 — 33.61F (6.8)

Figure 6.6 presents correlation of MOS(F') model. The following correlation
coefficients were obtained for the MOS(F) model: 1) R? = 0.78 for training set,
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2) R% = 0.94 for verification set, and 3) R7,, = 0.83 for both sets. As presented
in Fig. 6.6, outstanding sequences were not included in the verification set. This
explains why the correlation obtained for the verification set is so high. Corre-
lation obtained for all sets is significantly higher than for the blockiness models
and has a stronger potential in representing the overall quality for H.264/AVC
compression.

6.2.4 Integrated Model for H.264/AVC Compression
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Figure 6.7: Correlation with MOS of the integrated vs. SSIM models

In order to verify the assumption that H.264/AVC compression yields blocki-
ness artefact, flickering artefact, and the I-frame flickering effect at the same time,
an integrated model MOS (B, F,IF) was derived, including all three parameters:

MOS(B, F,IF) = —14.55 + 6.33B — 26.22F 4+ 16.72] F (6.9)

The results are presented in Fig. 6.7, and for all sets they demonstrate that
the model is very accurate (R} = 0.89, R2 = 0.90, and R?,, = 0.89). All three
model parameters are statistically significant and constitute the general model of
perceptual evaluation of H.264/AVC compression.

Its performance was compared with the Structural Similarity Index Metric
(SSIM) [68], a well-known quality metric operating in a full-reference mode. The
motivation for the choice was SSIM’s availability, simplicity and good correlation
with human perception. As presented by Wang [65], the human visual system
(HVS) is very sensitive to the structural information provided on an image in a
viewing field. Based on this assumption, SSIM can have good correlation with the
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perceptual quality in our case, since artifacts caused by H.264/AVC do destroy
structural information.

Comparison of results between SSIM and the proposed model is presented in
Fig. 6.7. The integrated model outperforms the SSIM metric in terms of correla-
tion with MOS, for all sets. Correlation obtained for SSIM model was R7 = 0.81,
R2 = 0.88, and R?Jrv = 0.80. This can be explained by realizing that the proposed
model is devoted to this specific kind of artifacts. From the other hand, SSIM is
a more general metric and even the full-reference approach does not guarantee
so high correlation for every scenario.

Another advantage of the proposed model is no reference approach, which
significantly improves the application potential [73].

6.2.5 Models Based on FPS Rate and Frame Resolution

The simplest possible model consists of a single explanatory variable — FPS rate
denoted by F'r or frame resolution FR denoted by R. In Figures 6.8 and 6.9 MOS
is shown as a function of F'r and R, respectively.

t *
8 A
o
AN .
7+ ]
[
wn o & *
o A B
- .
=5 o
+ sic2
L ® O src7
L 2 o+ g +  src10l]
o *  srcl3
o 8 sic 16
S O s8]
O sic19
A src20
2 . . . . . . . : :
16 18 2 22 24 26 28 3 32 34 36
log(Fr)

Figure 6.8: MOS as a function of a logarithm of frame rate. Only points from the
training set are shown.

For both plots the obtained MOS scores are changing monotonically along
with the explanatory variable but for any given FPS rate or FR obtained results
are strongly scattered. More careful inspection of these figures reveals that se-
quence is one of the most important parameters. Note that for the frame rate
case sequence 19 (marked by a diamond) was rated the lowest for most of the
cases and sequence 20 (marked by a triangle) was rated the highest for most of
the cases (see Figure 6.8). Note also that only for the original sequences (frame
rate 30) the obtained MOS order is different. It means that the MOS results
obtained for lower frame rates were driven mainly by content complexity while
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Figure 6.9: MOS as a function of a logarithm of total frame pixels. Only points
from the training set are shown.

for the original sequences a decisive factor was the content type instead (we tend
to score higher content that we are familiar or sympathize with).

The above consideration shows that sequence complexity has to be taken into
account. Because spatial and temporal information seem to play a crucial role in
determining differences between sequences, it was decided to use these parameters
as additional explanatory variables.

The Final Models

From the previous section it turns out that temporal information T'A and spa-
tial information S A should improve a performance of both models in terms of
their correlation with MOS. The first approach was to combine the FPS rate
with temporal information. As one may expect, FPS rate reduction should affect
perceived quality more for sequences with fast motion. On the other hand, it is
expected that resolution should be combined with spatial information because
for lower resolutions we loose some details of the original sequence. Obviously,
for a sequence with more details more information will be lost than for a plain
one.

However, the results obtained for both proposed models i.e. MOS(Fr, T A) and
MOS(R, SA) were strongly scattered and not considerably better than the basic
ones. It was decided to analyze new models containing such explanatory variables
as TA, SA, and either F'r or R and all possible cross-relations between them.
A detailed analysis revealed that models MOS(F'r,SA) and MOS(R,SA,TA)
outperformed all others in terms of the correlation with MOS. In case of the
FR model, both SA and T'A are statistically significant but T'A is much more
important. It means that both SA and T'A determine how resolution change
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influences QoE but T'A does it to the higher degree.

In the case of the frame rate model S A is the single parameter being statisti-
cally significant! This suggests that for sequences with lots of details (high SA)
frame rate change is much more critical than for sequences with lots of motion
(high temporal information). This result is surprising for us and is in contrast
to the common understanding of the FPS reduction problem. If this property
is successfully validated using the verification data set it will be an important
and interesting discovery for the research community. In case if the assumption
is wrong and it does not represent a real property of human perception it was
decided then to build another model. According to the discussion from Section
6.2.5, the other model has to be proposed prior to the verification of the first one.

Note that if a sequence has high SA then T'A value can be higher than for a
sequence with low S A, even if the second one has more motion. It is a consequence
of the way the T'A value is calculated (see [60]). It means that the same T'A and
different SA indicate different actual motions. Therefore, it was decided to use a
different motion metric expressed by d = TA/SA. Using d, another frame rate
metric expressed by MOS(F'r, d) was proposed.

The three obtained models are given by equations

A
MOS(Fr, SA) = —1.56 + 1.09% +2.43log Fr (6.10)

MOS(Fr,d) = —1.49d + 2.341og F'r (6.11)

A
MOS(R, SA, TA) = — 12.8 + O.62f—+
00 (6.12)

TA
5.66—= +1,51log R
00 T hotes

The correlation results obtained for both data sets are shown in Figures 6.10
and 6.11. Both FPS models present similar performance in terms of a correlation
R? and a smooth distribution of the points. Note that the results obtained for
the first FPS model (equation (6.10)) are slightly better than those obtained by
the second one (equation (6.11)). Therefore, the simpler one is recommended for
use, i.e. MOS(Fr, SA).

The following correlation coefficients were obtained for the MOS(Fr,SA)
model: 1) R? = 0.90 for training set, 2) R2 = 0.96 for verification set, and 3)
R? ., = 0.88 for both sets. For the resolution model MOS(R, SA, T A), correlation
coefficients are the following: 1) R? = 0.94 for training set, 2) R? = 0.91 for
verification set, and 3) R?,, = 0.91 for both sets.
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Figure 6.11: MOS(R, SA,T A) correlation obtained for both data sets

Both FPS models predict the verification set better than the training set. In
this particular case, perceived quality of video sequences from the verification set
turned out to be much easier to predict than for the training one. This happened
by a chance and for any other quality metric the same sets may reveal quite
opposite properties.
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6.3 Summary of Video Quality Metrics and Mod-
els

According to the classification proposed in section 2.1, the proposed video qual-
ity metrics are qualitative, no-reference and represent artifacts measurement ap-
proach. The following factors affecting perceived video quality were addressed:

e Exposure Fx: spatial artifact related to the acquisition phase,

e Blur BI: spatial artifact related to the acquisition phase,

e Noise N: spatial artifact related to the acquisition phase,

e Blockiness B: spatial artifact related to video compression,

e Flickering F: temporal artifact related to video compression,

e [-Frame Flickering I F: temporal artifact related to video compression,

e Frame per second rate F'r: video parameter resulting in a temporal artifact,
e Frame resolution R: video parameter resulting in a spatial artifact,

e Spatial Activity SA: video content parameter describing the amount of
image details,

e Temporal Activity T A: video content parameter describing the amount of
motion.

In order to improve the performance of the proposed quality metric some of
them were aided with selected human visual system properties. The following
properties were addressed:

e Spatial masking addressed in the noise metric,
e Spatial pooling addressed in the flickering metric,
e Weighting according to the local contrast in the flickering and blur metrics,

e Asymmetric and non-linear processing of visual stimuli reflected in the map-
ping functions.

The proposed metrics for QoE assessment encompass the first two stages of the
video delivery chain, i.e. acquisition and bit-rate reduction. Impairments caused
by network transmission were out of the scope of this work, because this problem
was extensively analyzed in the past (see section 3.2.3). Additionally, approaches
based on a bit-stream analysis do not require to decompress video content, so do
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not constitute a challenge in a real time measurement systems. The last stage of
the video delivery chain (end user equipment and preferences) was addressed in
the subjective experiments and is reflected in the gathered MOSs. The summary
of the derived models for perceptual video quality assessment in no-reference
scenario is provided in Table 6.3.

Table 6.1: Summary of QoE Assessment Models

Parameter Description

MOS(BI) MOS obtained for the QoE assessment model for blur arti-
facts

MOS(Ex) MOS obtained for the QoE assessment model for exposure
artifacts

MOS(N) MOS obtained for the QoE assessment model for noise ar-
tifact

MOS(Fr,SA) MOS obtained for the integrated QoE assessment model for
video bit-rate scaling in temporal domain, including FSP
rate F'r and video spatial activity SA

MOS(R,SA,TA) MOS obtained for the integrated QoE assessment model for
video bit-rate scaling in spatial domain, including video res-
olution R, video spatial activity S A, and temporal activity
TA

MOS(B, F,IF) MOS obtained for the integrated QoE assessment model
for video bit-rate scaling in quantization domain, including
blockiness B, flickering F', and I-frame flickering I F’ metrics

6.4 Real Time Verification

Applicability is another important aspects that needs considering when designing
video quality metrics, although it is frequently overlooked in scientific papers.
Applicability is understood here as the ability to utilize a metric in real life
applications. Full-reference metrics are restricted to laboratory applications, while
no-reference metrics offer an option to assess live video-based applications under
real-time restrictions.

It was proved using a simulation that not only is the proposed models well
correlated with MOS, but also that the metrics are computationally light enough
to fulfil the real-time requirements. Fig. 6.12 shows an overview of the graphi-
cal interface for live video quality assessment. Gauges located at both sides of
the preview screen represent single metrics and video content characteristics. A
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Figure 6.12: Overview of the interface for live video quality assessment.

gauge located at the top in the middle represents video quality derived from the
integrated model for H.264/AVC compression. All metrics and content charac-
teristics (SA and T'A) are calculated simultaneously using the same CPU core.
Performance tests were carried out using 25 FPS videos in SD resolution, cap-
tured live from web cam or streamed from files. For both scenarios the overall
calculation speed was higher than necessary including a significant overhead due
to the graphical interface for live video quality assessment. Metrics were imple-
mented in a C/C++ environment using open video libraries available for Linux.
The graphical interface was implemented using QT libraries.



Chapter 7

Conclusions and Future
Work

The problem of a reliable and comprehensive video quality assessment was dis-
cussed in this dissertation. The research was motivated by a huge increase in
popularity of video-based services over recent years. Video quality assurance
concerns became important again in a scenario where a large number of video
streams, varying in terms of video content and parameters, is transmitted in a
heterogeneous environment.

Video service providers are looking for reliable solutions for a constant QoE
monitoring in an in-service mode. They need to manage service quality prob-
lems in order to become more competitive and attract more customers. However,
traditional approaches towards video quality assessment does not satisfy the re-
quirements of a comprehensive quality monitoring system (Chapter 3).

Because of the presented reasons, the following thesis was formulated and
proven:

It is possible to assess perceptual quality of video content affected
by artifacts related to acquisition and bit-rate reduction, using
no-reference metrics, in a real time.

Three out of four stages of the end-to-end video delivery chain (Section )
were addressed, namely video acquisition (representing source quality), compres-
sion, and service environment including end users’ preferences. The main original
contribution of this dissertation is a set of no-reference perceptual video qual-
ity metrics (Chapter 4) derived in order to address the most important factors
affecting the perceived video quality. For the source quality assessment, three
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acquisition related metrics were developed, namely for over- and under-exposure,
blur, and noise. Compressed video content quality was evaluated using metrics
for blockiness artifact, flickering artifact, and I-frame flickering artifact.

Two subjective experiments were conducted and MOS scores were collected.
The methodology for subjective experiments conformed to ITU-T P.910 [24],
ITU-R BT.500 [22], and VQEG [59] recommendations. The first subjective ex-
periment (Section 5.1) was devoted to acquisition related artifacts, while the
second one to the video bit-rate reduction.

The proposed metrics were verified using the subjective data and objective
models were derived (Chapter 6). Each model allows for mapping between a
quantitative metric and MOS scale. Two models were proposed for video bit-rate
reduction by means of spatial and temporal scaling (Section 6.2.5). Additionally,
an integrated model for H.264/AVC compression was proposed and verified (Sec-
tion 6.2.4). It was proven that not only is the proposed models well correlated
with MOS, but also that the metrics are computationally light enough to fulfil
the real-time requirements.

The obtained results show that the reliable video quality assessment can be
performed using no-reference metrics, for video-based services using H.264/AVC
compression, and in a real-time for standard definition video. High performance
in terms of a correlation with end users’ experience was obtained for a diverse
video content. Mentioned features meet all the requirements of a comprehensive
video quality assessment system and can be utilized by video service providers
for a constant and reliable quality monitoring.

Future work will focus on realization of the end-to-end quality monitoring
system for video streaming services, including additionally an impact of network
transmission. For this purpose, it is possible to utilize some existing metrics
representing the quality of delivery QoD approach. The research problem to be
solved is a design of an integrated model predicting the resultant impact of all
video processing stages; from video acquisition, through the bit-rate reduction
and network transmission, to the service environment and end users’ preferences.

According to the results presented in [17], a resultant impact on QoE of differ-
ent coexisting distortions can be accurately modeled using a minimum measure.
The underlying assumption is that the overall QoE cannot be higher than QoE
measured for the worst single quality aspect. Another important assumption, not
trivial this time, is that coexisting image and video artifacts do not reveal an
additive nature. The assumption was proven in [17] where a cross influence of
seven different image quality aspects was analyzed. The results presented in [17]
will be verified upon a subjective experiment including video sequences with all
possible degradation types.
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