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Abstract

Video quality metrics determine the visual quality of distorted video sequences by using
prediction models based on objectively measurable features and are therefore an alter-
native to the time-consuming and costly subjective video quality assessment. In the con-
ventional design approach to video quality metrics, however, the temporal nature of video
is often considered only inadequately due to the use of temporal pooling in the predic-
tion process. Moreover, this approach also often requires knowledge about the human
visual system that is not readily or only partly available. In this thesis, I therefore propose
a data driven design methodology using multi-way data analysis for the design of video
quality metrics. This data driven design approach not only requires no detailed knowledge
of the human visual system, but also allows for a proper consideration of the temporal
nature of video by using a three-way prediction model, corresponding to the three-way
structure of video. Using two simple example metrics, I demonstrate that this purely data
driven approach not only outperforms video quality metrics in the state-of-the-art that are
often highly optimised towards specific properties of the human visual system, but also
that multi-way data analysis methods outperform the combination of two-way data analysis
methods and temporal pooling.
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Visual quality is something that human observers can intuitively judge by just looking at
an image or video and using the two distorted images above as an example, most people
would prefer the left image. Yet this simple task for humans, is not so simple for algorithms.
Using the mean squared error, for example, as one of the most common approaches
in engineering to assess the goodness of something with respect to a reference, both
images should be considered as equally good, as the mean squared error of both images
is the same. But clearly, this is not the case. This problem of assessing visual quality
algorithmically has led to the research area of visual quality metrics that aim at providing
algorithms allowing us to gain a measure of the visual quality as it would be perceived
by human observers. Visual quality metrics can be divided into two fundamental groups:
image quality metrics and video quality metrics. Image quality metrics aim at predicting the
visual quality of one single image, in contrast to video quality metrics that aim at predicting
the visual quality of a series of temporally consecutive and related images, represented by
a video sequence and its constituting frames.

Research so far resulted in a multitude of image quality metrics using many different
conceptual approaches to the visual quality assessment task, but far fewer video quality
metrics. Due to this scarcity of specialised video quality metrics, image quality metrics are
therefore also used for video quality assessment on a frame-by-frame basis by interpreting
each frame as a separate image. Unfortunately, this practice often leads to a blurring
between these two different groups of visual quality metrics in everyday use, but one should
be aware of the fundamental difference of still images and video.
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1. Introduction

1.1. Motivation and problem statement

Visual quality metrics should fulfil three basic requirements: they should be able to provide
a visual quality estimation similar to human observers, be properly validated and lastly
should be applicable regardless of the availability of an undistorted reference in order to
be usable in real-life applications. Video quality metrics should additionally also take the
temporal nature of video and the resulting variation of visual quality over time properly
into account and thus avoid any temporal pooling. Considering the video quality metrics
proposed so far in the state-of-the-art, however, these four requirements are often only met
partially:

Temporal nature of video Many video quality metrics account for the temporal nature
of video by using pooling approaches as the Minkowski summation [21, 58, 183, 343,
349, 353, 354] or percentile pooling [27, 116, 190], while others include frames in a small
interval around the current frame into the prediction [21, 183, 282] or use the differences
to the preceding frame in the prediction [78, 212, 224, 227, 228, 232, 277, 341, 370, 373].
Only a small subset of all metrics consider the temporal dimension of video without any
significant temporal pooling or at least consider a relatively large interval of a few seconds
[11, 135, 172, 203, 220, 332].

Validation Validation of visual quality metrics is mostly limited to a single data set and
only a small number of quality metrics are validated with multiple datasets [218, 232, 279,
302, 340, 373], but none of the video quality metrics are.

Reference availability Only a limited number of video quality metrics do not require the
undistorted reference [23–25, 57, 58, 70, 135, 178, 224, 313, 314, 370]. Compared to the
overall number of technology-agnostic video quality metrics in the-state-of-the-art, only
a small subset fulfils this requirement [57, 58, 70, 135, 224, 370], in contrast to coding
technology-specific metrics that in the majority fulfil this requirement [23–25, 178, 313,
314].

Prediction performance Using a Pearson correlation coefficient above 0.9 between the
visual quality perceived by human observers and the prediction provided by the video
quality metrics as a criterion for the metrics’ prediction performance, only a small number
of technology-agnostic metrics reach this goal [27, 70, 172, 190, 232, 277, 341], in contrast
to technology-specific metrics that due to the focus on a specific technology are generally
able to achieve the required prediction performance [23–25, 313, 314].

Although some video quality metrics in the state-of-the-art fulfil a subset of the four
requirements, no metric fulfils all requirements in particular with respect to the proper con-
sideration of the temporal nature of video.
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1.2. Contribution of this thesis

1.2. Contribution of this thesis

In this thesis, I therefore propose a data driven design methodology using multi-way data
analysis methods for the design of video quality metrics in order to address these short-
comings in the state-of-the-art, especially with respect to the inadequate consideration of
video’s temporal domain so far. Moreover, I demonstrate that this approach in combination
with simple features and proper validation allows us to easily design metrics that are able
to fulfil all four requirements outlined in the previous section.

Data driven design methodology Unlike the concept behind most video quality met-
rics in the state-of-the-art, the design methodology proposed in this thesis is purely data
driven. It neither assumes nor needs a model of the human visual systems but utilises only
objectively measurable properties of the video sequences, the so-called features. These
features are then used in combination with visual quality ratings gained from human ob-
servers to built prediction models for the visual quality in a training phase. Hence, no
a-priori relationship between certain features and visual quality is assumed, but the rela-
tionships between features and visual quality emerge during the training. The resulting
models are then validated with independent, unknown sequences in order to assess the
prediction accuracy. This data driven approach is widely used in chemometrics, a research
area that often faces similar challenges to visual quality assessment in building prediction
models for estimating the response of human perception to olfactory or gustatory stimuli.

In this thesis, I provide an detailed overview how a data driven design paradigm can
be used in the design of video quality metrics. The major advantage of this approach is
the separation of the feature extraction and model building process, allowing for the use of
any features, using any model building method. Hence, even if only a partial knowledge
of the influence of the video sequences’ properties on the visual quality as perceived by
human observers is available or some influence is maybe only suspected, the resulting
features representing these properties can still be used in building a model, as now the
overall combination of these features in a prediction model is independent from a a-priori
model describing the exact relationship between the features.

Data driven design with multi-way data analysis Prediction models in the data driven
design can be built with many different methods, but in this thesis I focus on the data anal-
ysis approach as commonly used in chemometrics. Data analysis methods have already
previously been used successfully in the design of video quality metrics [224, 227, 228], but
the employed methods required a matrix or two-way array presentation of the information
gained from the video sequences and thus temporal pooling was necessary.

In this thesis, I extend this approach by utilising multi-way data analysis methods that are
able to handle the three-way nature of video without preceding pooling and thus consider
the complete variation within a video sequence in the model building. In particular, I focus
on data analysis methods that do not only consider the variation within the features but

3



1. Introduction

also the variation within the visual quality during the model building process by introducing
the multi-way partial least squares regression into the data driven design of video quality
metrics. Furthermore, I also provide a comprehensive overview of two-way and multi-way
data analysis methods, especially in the context of the design of video quality metrics.

High performance example metrics In order to evaluate if the data driven design with
multi-way data analysis proposed in this thesis addresses the shortcomings of existing
video quality metrics, I used the proposed approach to design two different example met-
rics, each representing one of the major categories encountered in state-of-the-art met-
rics. The first example metric represents universal or technology independent metrics and
uses features that are extracted from the pixels contained within the video sequences.
The second example metric represents technology specific metrics and in is based on fea-
tures extracted from the bitstream of video sequences encoded according to the ubiquitous
H.264/AVC standard. Both example metrics are no-reference metrics that do not require
the undistorted video sequence for their quality prediction. As the focus in this thesis is
on the data driven design approach, the two example metrics are not optimised manually
towards specific test conditions, but are built using only multi-way data analysis without
fine tuning.

The results in this thesis show that the proposed approach with multi-way data analy-
sis outperforms the combination of two-way data analysis methods and temporal pooling.
Moreover, even though purely data driven, the designed example metrics also outperform
existing visual quality metrics in the state-of-the-art that are often highly optimised towards
certain properties of the human visual system. In particular, the example metrics also fulfil
all requirements discussed in the previous section unlike many metrics in the state-of-the-
art. These results are based on a comprehensive validation using four different data sets
spanning a large content, format and visual quality range, suggesting the validity of the
results and trends in this thesis beyond the used video sequences.

1.3. Outline

This thesis consists of three distinct main parts as illustrated in Fig. 1.1 on the facing
page: the first part provides an introduction into video quality assessement, the second
part discusses data analysis methods, and the third part design of video quality metrics
demonstrates how the data driven design approach with data analysis can be used in the
design of video quality metrics. Following the three main parts, the appendix provides
additional details and results, complementing the three main parts.

Part I – Video quality assessment In Part I, I focus on the question of what quality in
general and video quality in particular is and how video quality can then be measured,
both subjectively and objectively

4



1.3. Outline

Part I
Video quality assessment

Part III
Metric design

Part II
Data analysis

Chapter 6
Multi-way 

data analysis

Chapter 1 Introduction

Chapter 7
Model building
considerations

Chapter 5
Two-way 

data analysis

Chapter 4
Data analysis

approach

Chapter 3
Video quality

metrics

Chapter 9
Performance comparison

Chapter 8
Designing

video quality
metrics

Chapter 10 Conclusion

Chapter 2
Video quality

Figure 1.1.: Structure of this thesis

Following a review of existing quality concepts in the context of multimedia applications
and services, I introduce in Chapter 2 the definition of video quality as used in this the-
sis that is based on the general concept of Quality of Experience (QoE). In light of this
definition, methodologies and environments for subjective video quality assessment are
discussed in detail that allow us to determine this video quality using human observers.

Based on this understanding of video quality and its assessment using human ob-
servers, I extend in Chapter 3 the scope of video quality assessment to video quality
metrics, allowing us to evaluate video quality without human observers. Firstly, I define
and justify the requirements for video quality metrics, and introduce a taxonomy of video
quality metrics that allows us to categorise the different approaches to the design of video
quality metrics. Using both requirements and the taxonomy, I then evaluate the state-of-
the-art in video quality metrics and highlight the shortcomings of existing concepts in the
design of video quality metrics.

Part II – Data analysis Part II is focused on the data analysis methods employed in the
proposed data driven design approach to video quality metrics.

In Chapter 4, I provide an introduction to the general concept of model building with data
analysis, followed by a discussion of the notation necessary to describe video sequences
in an adequate form for the application of the data analysis methods, in particular with

5



1. Introduction

respect to the three-way nature of video. The chapter concludes with the description of the
preprocessing that should be applied before the data analysis is performed.

These preliminaries are followed by an in-depth discussion of traditional two-way data
analysis methods in Chapter 5. After briefly reviewing temporal pooling methods that map
three-way data to two-way data and that are necessary before two-way data analysis meth-
ods can be applied, I start the discussion on data analysis methods with multiple linear re-
gression (MLR), before reviewing the concept of component models and latent variables.
I then discuss two two-way component-based data analysis methods that can be used
to extract latent variables from the data, the well-known principal component regression
(PCR) and the lesser-known partial least squares regression (PLSR).

Using two-way data analysis methods as a foundation, I discuss in Chapter 6 first how
these two-way methods can be applied to three-way data without temporal pooling, before
introducing the concept of multi-way component models. Based on the well-established
concepts of the Tucker3 and PARAFAC decompositions for multi-way component models,
I provide a detailed discussion of the three-way extension of the PLSR, the trilinear PLSR,
that is used in this thesis for building video quality prediction models. The discussion of
the data analysis methods is concluded in Chapter 7 by addressing issues with respect
to validation, model selection, component selection and feature selection that need to be
taken into account in the data driven design approach with data analysis.

In the context of this thesis, the focus is on prediction performance, not complexity,
and the algorithms for the different data analysis methods discussed in Part II may not
necessarily be the computational most efficient ones. Similarly, the aim in this thesis is
prediction, not explanation, and thus although all data analysis methods per definition allow
for an interpretation of the features with respect to their influence on the predicted video
quality, this option is not pursuit further in this thesis. Lastly, even tough the data driven
approach can be implemented with many different methods, the focus in this thesis is on
analysis, not learning and therefore alternative concepts to the data analysis approach e.g.
machine learning or neural networks are not discussed.

Part III – Design of video quality metrics In Part III, I demonstrate how the data driven
design approach with multi-way data analysis discussed in Part II can be used to design
video quality metrics with a high prediction performance, providing results similar to the
results gained in subjective quality assessment as described in Part I.

Chapter 8 introduces the two example metrics that are used in this thesis to evaluate if
the proposed data driven design approach with multi-way data analysis is suitable for the
design of video quality metrics. Firstly, I describe the technology-specific example metric
based on features extracted from the bitstream of video sequences encoded according to
the H.264/AVC standard, before describing the second example metric that represents uni-
versal or technology independent metrics, using features that are extracted from the pixels
contained within the video sequences. Both example metrics are no-reference metrics
that do not require the undistorted video sequence for their quality prediction. As the focus

6



1.3. Outline

of this thesis is on design, not development, the two example metrics are not optimised
manually towards specific test conditions, but are built using only multi-way data analysis
without fine tuning. Also I only focus on features, not vision, using only features extracted
from the video sequences and do not rely on modelling the human visual system, following
Winkler’s remark in [354] that the human visual system is extremely complex and that our
current knowledge is limited. Due to technical limitations of the bitstream-based example
metric, only distortions caused by coding, not transmission are considered in this thesis.

The example metrics are then used in Chapter 9 for a performance comparison between
the different data analysis methods, but also with visual quality metrics in the state-of-the-
art. Before the results of the performance comparison itself are presented, the properties
of the used performance metrics are discussed and the used data sets are introduced. The
selection of the data sets was based on an evaluation of the publicly available data sets
with respect to criteria defined in the context of this thesis. Following these preliminaries,
I present the results of the performance comparison. Firstly, the different two-way and
multi-way data analysis methods are compared for both example metrics with respect to
the performance metrics by building a prediction model with each data analysis method
for each example metric and data set. Based on this comparison, the best performing
combination of data analysis method and example metric is selected and subsequently
compared to various image and video quality metrics, representative of the state-of-the-
art. The results of both comparisons are then briefly discussed in a short summary at the
end of the chapter.

Finally, this thesis concludes in Chapter 10 with a brief summary. The comprehensive
Appendix provides additional information to the data analysis methods, in particular the
used algebra, but also additional results of the performance comparison and further infor-
mation about some issues of video quality assessment and estimation.
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Video Quality Assessment
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2. Video Quality

Quality – you know what it is, yet you don’t know what it is.

ZEN AND THE ART OF MOTORCYCLE MAINTENANCE [252]
Robert M. Pirsig

In video processing, often the subsequent question arises about the processed videos’
quality and we face a dilemma similar to the protagonist in Pirsig’s novel: we have a intuitive
notion of the perceived videos’ quality, yet find it difficult to provide an adequate description
of its different aspects. Moreover, depending on the context and individual experience,
different observers may arrive at different definitions of quality. Hence we need to agree
on a generally accepted definition of video quality and corresponding methodologies that
allow us not only to describe, but also to measure video quality. In this chapter, I therefore
discuss the different concepts of quality. Starting with a general discussion on the possible
definitions of quality, I review three quality concepts used in video processing: Quality of
Service (QoS), Quality of Perception (QoP) and Quality of Experience (QoE). Based on
these concepts, the definition of video quality used in this thesis is introduced, followed by
an overview of methodologies and requirements to assess video quality subjectively.

2.1. What is Quality?

Quality. A word intuitively used every day, yet elusive in its meaning. Before defining video
quality, it is therefore useful to first review the possible meaning of the word quality itself.
As we are aiming to describe the quality of video, we are interested in the interpretation
and definition of quality with respect to a specific object or entity, in our case represented
by the individual video sequences. Martens and Martens [195] suggest that there are at
least four different common definitions of the quality of an object:

Definition 2.1 – Quality as Qualitas
Quality is the essential nature, inherent characteristic or property of an object.

The first definition considers quality as an intrinsic property of an object, providing us with
an objective meaning of quality. Relating this definition to video, quality is represented by
the objectively measurable features of a video. But this understanding of quality does not
decide if all the measurable properties are relevant or not.

11



2. Video Quality

Definition 2.2 – Quality as Excellence
Quality is any character or characteristic which may make an object good, bad, com-
mendable or reprehensible.

The second definition addresses the implicit relevance of the objects’ properties by taking
into account that human observers are evaluating these properties. It assumes a common
understanding of the excellence or goodness of an object, of what is good and bad about
an object. Again considered from the video perspective, this definition corresponds to the
subjective assessment of a video’s excellence or goodness by a human observer.

Definition 2.3 – Quality as Standard
Quality is the ability of a set of inherent characteristics of a object to fulfil requirements
of interested parties.

The third definition considers quality as the degree to which an object’s inherent charac-
teristics fulfil given requirements. It combines aspects of the first definition with the second
definition: inherent characteristics of an object are defined as descriptive quality criteria
that are then used as specifications to assess the object’s excellence, where the assess-
ment need not be done necessarily by human observers. Translating this definition to
video quality, it corresponds to the assessment of video with respect to the degree that the
excellence criteria as defined by certain values of the features are satisfied.

Definition 2.4 – Quality as Event
Quality is not a thing, it is the event at which awareness of subject and object is made
possible.

The fourth definition considers quality as something that is not only dependent on the
object itself, but also on the event or occasion in which the object occurs and is perceived.
Hence this definition takes into account the context in which an object is observed. This
definition of quality therefore considers the interpretation of an object’s intrinsic properties
as dependent on the context, resulting in a differently subjectively perceived excellence of
the object in different contexts. Martens and Martens call it therefore also the lived quality
in [195]. Expressed in terms of the above quality definitions, the Quality as Qualitas of the
object leads to a different Quality as Excellence of the object depending on the context. For
video quality, this definition can be understood to correspond to the subjective assessment
of a video’s excellence not not only depending on the video itself, but also depending on
the viewing conditions and the human observers’ constitution, representing the context in
which the video is viewed.

Each of these four definitions of quality can in principle be used as a foundation of a
possible definition of video quality, depending on which aspect of quality we want to focus
on. But as our aim is to assess how differently processed or distorted videos are perceived
and experienced differently by human observers, the first definition of Quality as Qualitas is
not suitable, as it only describes the intrinsic, objectively measurable properties of a video,
represented by the features. Similarly, the third definition of Quality as Standard is also not
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suitable, as it uses only certain levels of the intrinsic, objectively measurable properties of
a video to determine its goodness. Thus only the definitions of Quality as Excellence and
Quality of Event are sensible foundations for a definition of video quality.

2.2. Quality of Service

Moving from the general consideration of the meaning of quality back to video processing,
a commonly used quality concept associated with video quality is the Quality of Service
(QoS) and one often used definition of QoS is given in the ITU recommendation ITU-T
E.800 [118]:

Definition 2.5 – Quality of Service (QoS)
Totality of characteristics of a telecommunications service that bear on its ability to
satisfy stated and implied needs of the user of the service.

Although aimed at telecommunications services, this definition can easily be adapted to
our application area of video by substituting telecommunication service and service with
video. Comparing this definition then to the general quality concepts in the previous sec-
tion, QoS can be considered equivalent to Quality as Excellence in Definition 2.2, as it
assess the excellence of the object’s characteristics with respect to a certain need of a
user i.e. a human observer. This definition suggests that QoS could therefore be an ade-
quate concept to describe video quality, as it implies an evaluation of the video’s excellence
by human observers.

Unfortunately, QoS in practical use is quite different from the above definition and is
focused exclusively on the evaluation of objectively measurable signals degraded by pro-
cessing or distortions [173]. It can therefore be considered as a pure fidelity measure.
Hence QoS in reality is equivalent to Quality as Qualitas in Definition 2.2 and thus not
suitable for a definition of video quality. Depending on the application area and network
type, different specifications for this interpretation of QoS exist as discussed in detail by
Stankiewicz et al. [308].

MSE and PSNR - An example why QoS is not sufficient The inadequacy of QoS due
its common interpretation as Quality as Qualitas for the description of Quality as Excel-
lence can be demonstrated impressively on the example of the most popular QoS metric
in image and video processing, the ubiquitous mean squared error (MSE) and the closely
related peak-signal-to-noise ratio (PSNR). Both provide a signal fidelity measurement with
the average squared error between the original or unprocessed signal and the distorted or
processed signal, where in our case the signal is represented by the pixels of an image or
video frame.

Due to its simple definition and straightforward calculation, the MSE and PSNR are often
used to describe video quality, thus equating QoS to video quality. The difference between
distorted and undistorted image as represented by the MSE and PSNR, however, does
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Figure 2.1.: QoS is insufficient: all images have the same MSE, yet clearly different visual quality
depending on the influence of the distortion type on human perception (from [336])

not reflect the human quality perception adequately, as is illustrated in Fig. 2.1, where all
distorted images have the same MSE, but clearly the perceived visual quality varies widely
between the images. These shortcomings of the MSE and consequently the PNSR are
well-known facts [73, 339, 368] and are discussed in detail by Wang and Bovik [336].

2.3. Quality of Perception

One concept less frequently used at least explicitly is the Quality of Perception (QoP),
representing the Quality as Excellence in Defintion 2.2. It addresses the shortcomings
of QoS by using the subjectively perceived goodness of a distorted or processed video
sequence as a description of its quality [55]. One possible definition of QoP is described in
the ITU recommendation ITU-T E.800 by the Quality of Service Experience (QoSE) [118]:

Definition 2.6 – Quality of Service Experienced (QoSE)
A statement expressing the level of quality that customers/users believe they have ex-
perienced.

QoSE focuses on a service’s level of quality as perceived by the human observer and
is thus describing the subjective detectability of quality changes caused by processing
or distortions [55]. Note, that even tough the above definition mentions experience, it
focuses not on the overall experience itself but rather on a service’s level of quality as the
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experience. Using QoP as a definition of video quality, we can then express video quality
as the Quality of Excellence.

Perception and consequently QoP, however, can not be separated completely from the
context or event. Or expressed differently, can perceiving be separated from experiencing?
Although the desired separation may be possible to a certain degree in the design of
psycho-visual experiments by using randomised patterns to examine perceptual properties
of the human visual system, the laboratory environment still provides a specific context.
Considering the determination of the perceptual quality of video in general, each subjective
evaluation is performed in a specific environment and using a specific methodology. QoP
is therefore always including the context of the evaluation. Thus in practical use QoP
is implicitly equivalent to an interpretation of video quality as Quality as Event, but does
not explicitly consider the context in its definition as Quality of Excellence. Due to this
ambivalence QoP is therefore also not a suitable definition of video quality.

2.4. Quality of Experience

Quality of Experience (QoE) complements the signal fidelity focused QoS and purely per-
ceptual QoP by aiming to capture the quality as truly subjectively experienced by consid-
ering video quality as Quality as Event according to Definition 2.4. One popular definition
of QoE is provided in the ITU recommendation ITU-T P.10/G.100 [122]:

Definition 2.7 – Quality of Experience (QoE) – ITU-T P.10/G.100
The overall acceptability of an application or service, as perceived subjectively by the
end-user.
NOTE 1 - Quality of experience includes the complete end-to-end system effects.
NOTE 2 - Overall acceptability may be influenced by user expectations and context.

This definition considers the subjectively perceived quality with respect to the the human
observer’s expectations and context, thus it seems to provide a reasonable interpretation
of Quality as Event. It does, however, define quality purely in the terms of acceptability, but
following the argument by Möller [211], acceptability itself is based at least partly on the
QoE. Therefore, this can not be a suitable definition of QoE.

In its Whitepaper on the Definitions of QoE [173], Qualinet, the European Network on
Quality of Experience in Multimedia Systems and Services, provides a more holistic defi-
nition of QoE in the sense of Quality as Event by extending the definition of QoE beyond
the pure acceptability as in the ITU-T definition [173]:

Definition 2.8 – Quality of Experience (QoE) – Qualinet
Is the degree of delight or annoyance of the user of an application or service. It results
from the fulfilment of his or her expectations with respect to the utility and/or enjoyment
of the application or service in the light of the user’s personality and current state.

The quality formation process resulting in a QoE rating according to Definition 2.8 is illus-
trated in Fig. 2.2 on the following page. Input parameters of this process are the context,
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Figure 2.2.: Quality formation process resulting in a QoE rating: reference path on the left and
quality perception path on the right (from [173])

representing the nature of the event both externally and internally, in our case with the
viewing environment and the human observers’ constitution, and the physical signal itself,
represented in our case by the video. The quality formation part consists of two over-
all parts, a quality perception path, describing the sensation and perception of the visual
signal, and the reference path that translates the context of the quality event into the ex-
pectation of a certain desired quality. The experienced quality is then gained by comparing
the desired quality with the perceived quality, finally describing the quality of the complete
event as QoE. Thus Definition 2.8 of the QoE provides a suitable interpretation of Quality
as Event.

Moreover, we can observe that QoS and QoP can be considered as contributing aspects
to the overall QoE in this definition: firstly, the objective properties of the input signal
described by the Quality as Qualitas with QoS influence the sensing of the stimuli at the
beginning of the perception path. Secondly, the perception path resulting in the perceived
quality represents the Quality as Excellence as described by the QoP. The definition triple
of QoS, QoP and QoE resulting from the quality formation process is also similar to the
triple model for QoE with a sensorial, perceptual and emotional step as suggested by
Pereira [245, 246]: the sensorial part is represented roughly by the QoS, the perceptual
part by the QoP and the emotional part by the reference path, resulting in the overall QoE.
Additionally, this process supports the argument in Section 2.3 that QoP is not a suitable
definition of video quality, as we have no access to the result of the perception path itself
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and thus the QoP: we can only observe the result of the quality formation process in the
form of the QoE.

In practical use, however, the context is often not explicitly considered in the assessment
of QoE, as QoE is usually assessed in formal subjective testing according to standardised
methodologies and in standardised test environments. But it can be argued that this pro-
vides at least a standardised external context, even if the internal context of the subjects
participating in a test may vary from subject to subject. Hence, if we consider the formal
subjective testing as a sufficiently well-defined context and thus event, we can consider the
results of these tests as a representation of the QoE for this specific context. Besides the
definitions of QoE discussed above, alternative definitions have been proposed that explic-
itly include the business aspect e.g. Geerts et al. [71], Laghari and Connelly [166], Perkis
et al. [247] and/or the influence of different demographics e.g. Geerts et al. [71], Laghari
and Connelly [166] into the definition of QoE.

Based on these considerations and the Qualinet QoE definition in Definition 2.8, video
quality in this thesis is therefore defined as a derivation of QoE:

Definition 2.9 – Video Quality
Is the degree of delight or annoyance of a subject in formal subjective testing, ex-
pressed by the resulting ratings on a specific scale provided to the subject. It results
from the fulfilment of the subject’s expectations with respect to the utility of the pre-
sented video sequences in the light of the subject’s personality and current state.

On the one hand, this definition is less general than Definition 2.8, reflecting the focus on
video and subjective testing, on the other hand, the enjoyment as one of the criteria for the
subject’s expectations is omitted, as in subjective testing the utility of the processed or dis-
torted video is in the focus. Similarly, it is assumed that the subject’s delight or annoyance
is recorded on a specific scale provided to the subject and formal subjective testing in this
context refers to the use of standardised testing methodologies and environments in the
subjective testing.

Due to the fact that video in the context of video quality metrics is considered to only
contain visual stimuli, visual quality is often used synonymously with video quality in order
emphasise that the quality evaluation is limited to visual stimuli. In this thesis, I therefore
use visual quality when referring to the subjective ratings and/or prediction results of the
metrics in order to highlight the visual nature of the assessment and prediction task, and
video quality when referring to the overall quality evaluation or metrics.
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2.5. Video quality assessment

Based on my definition of video quality, this section describes the two aspects that define
formal subjective testing, the viewing environment and the used subjective testing method-
ologies. Formal in this context means that both the used methodologies and the other test
parameters are not designed especially for each test, but are rather based on standards or
well-established best practices. The overall goal behind using a formalised testing setup is
the elimination or at least significant reduction of possible biases introduced due to the test
environment or methodology. A comprehensive list of possible biases in subjective quality
assessment is given in the review by Zieliński et al. [376]. Although only focusing on au-
dio, the assumptions behind many methods are similar to video and therefore the review
also provides an insight into the biases that are likely to be encountered in video quality
assessment. The secondary, but often equally important goal of a formalised testing setup
is to ensure the reproducibility of the results across different testing sites.

In the planing of a subjective test, the processing or distortions to be studied and the
media or applications to be targeted must be defined e.g. the evaluation of new coding
technologies for certain resolutions or the assessment of the influence of wireless channel
errors on video communication. Depending on the overall goal of a test, different testing
methods are chosen, but also the testing environment may be adapted if needed.

2.5.1. Environment

The testing environment consists of the evaluation room and displays used to present
the videos in the subjective testing. For both room and display properties, usually ITU-R
recommendation BT.500 [109] is used as a guideline and depending on the overall test
goal, modifications can be made on basis of this recommendation.

Room In order to avoid any unnecessary distractions from the visual assessment task for
the subjects, the walls of the room are mid-grey as a colour-neutral compromise between a
too dark or too bright background that could possibly conflict visually with the video shown
on the display. Similarly, the test room should be sufficiently sound-proof to minimise
distractions to the test subjects. Flicker-free, uniform lighting with a colour temperature of
6500 K equivalent to daylight provides the room’s illumination and the lighting should be
adjustable, so that a ratio of 0.15 between the peak illumination of the used display and the
background illumination behind the display can be achieved. The seating of the test subject
should allow for a variable distance between display and test subjects, depending on the
used display’s screen size. A typical example for a ITU-R BT.500 compliant video quality
evaluation laboratory is shown in Fig. 2.3 on the next page. Pinson et al. [248], however,
recently suggested in their comparative international study that uncontrolled environments
may also be suitable for video quality assessment, as many factors kept constant in the
controlled environment, e.g. lighting or wall colour, do not seem to influence the results
significantly.
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Figure 2.3.: ITU-R BT.500 compliant subjective testing laboratory at TUM: controlled lighting,
colour-neutral mid-grey background, adaptability to different displays and test setups

Displays According to ITU-R BT.500 a reference monitor should be used for presenting
the videos. Depending on the media or application under test, the display is calibrated to a
specific colour gamut, gamma, white point and luminance. For the colour gamut, gamma
and white point, ITU-R BT.601 [107] is used for standard definition television (SDTV) and
ITU-R BT.709 [102] is used for high definition television (HDTV). The luminance should
be 100 cd/m2 to 200 cd/m2 in compliance with ITU-R BT.500 and a reasonable choice is
120 cd/m2 as recommended in SMPTE RP166 [301]. The viewing distance is depending
on the display’s screen size and expressed in terms of the screen height H. Common
viewing distances are 3 H for HDTV [100] and 6 H for SDTV [101]. Instead of using an
expensive reference monitor, a calibrated high-quality display can be a valid alternative as
indicated by Keimel and Diepold [137].

Although ITU-R BT.500 still requires a CRT display for the video quality evaluation, both
a study by VQEG [330, Appendix VII] and Pinson and Wolf [250] have shown that the re-
sults gained with LCD displays are statistically equivalent to the results gained with CRTs.
Therefore LCDs are a valid contemporary choice to replace the increasingly rare and out-
dated CRTs. ITU-R BT.2022 [108] describes some additional considerations that should
be taken when using non-CRT displays for subjective testing and the ITU-R recently pub-
lished a draft recommendation for the viewing environment when using LCDs [114]. Pinson
et al. [248] suggest additionally that unless the aim of test is in the assessment of different
equipment, display calibration, display type and viewing distance may not have a signif-
icant influence on the results. Similar results were achieved in a smaller comparison of
the results gained by performing a test with a reference display, a consumer display and a
home cinema projector by Redl et al. [266].

Crowdtesting Crowdtesting describes the use of crowdsourcing to perform subjective
testing. Instead of a dedicated video quality assessment laboratory, the subjective test-
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ing is performed distributed in the Internet using web-based applications. One obvious
advantage is a more demographically and geographically diverse group of subjects, more
representative of the general population. From a more economically point of view, the
costs associated with subjective testing can be lowered significantly using crowdtesting,
as on the one hand the reimbursement of the test subjects can be lower and on the other
hand less investment in equipment has to be made.

In moving the subjective assessment into the Internet, however, many parameters in
the subjective testing are no longer fixed and may not even be controllable at all. First
studies by Keimel et al. [140, 141] have shown that crowdtesting can indeed provide results
similar to the results from formal subjective testing in a laboratory environment. But as
also discussed by Keimel et al. [138], many challenges still remain before crowdtesting is
a universally acceptable replacement for formal subjective testing.

2.5.2. Testing methodologies

Testing methods describe a set of certain aspects that define the test setup and pro-
cess in detail. Often methods from the recommendations ITU-R BT.500 [109] and ITU-
T P.910 [121] are chosen. Both suggest similar methods, but the former is focused on
broadcasting, whereas the latter is focused on telecommunications applications. Instead
of limiting this section only on the discussion of standardised methods, the aim of this sec-
tion is rather to provide an understanding of the assumptions on which these standardised
testing methods rely.

One important aim of these methods is to avoid the introduction of additional biases into
the subjects’ rating due to the assessment task. Considering the quality formation process
in Section 2.4, one source for introducing biases is the encoding or mapping of the sub-
jects’ quality rating to the quality scale provided by the used methodology. This is not a
problem unique to video quality assessment and can be observed whenever judgements
need to be quantified. Poulton [260] provides a comprehensive general overview and
discussion about the different types of bias that can be encountered in quantifying judge-
ments, and Zieliński et al. [376] elaborates the biases discussed in [260] in the context of
subjective assessment for auditory stimuli.

Content selection The used video sequences should cover a sufficiently large variety of
content for the targeted media or applications and the processing or distortion under as-
sessment should be able to produce noticeably degradation in the selected content. Even
tough the content should be sensitive to degradations, it should still be realistic content,
conceivably be part of real-life media and applications. This requirement is often expressed
as critical, but not unduly so [109]. Additionally, the media and applications targeted in the
test are usually also influencing the selection of the content. In the context of video quality
assessment, an unprocessed video sequence containing a specific content is also often
called source. For the majority of testing conditions, the video sequences are 10 s long
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Figure 2.4.: General structure of a subjective test: training phase and main part, consisting of a
stabilisation phase and the test phase itself.

to allow for a sufficiently large number of different test conditions within the test. Besides
these economical considerations, the length of 10 s can also be justified by the fact that
even if the video quality is assessed continuously, at most the last 9–15 s seconds of the
video are considered by the subjects in the quality assessment as demonstrated by Pin-
son and Wolf [249] and also indicated by Aldridge et al. [1]. Some general criteria for the
selection of adequate content are suggested in ITU-R BT.1210 [113] and by Pinson et al.
[251].

General structure Each test consists of two major parts: a training and the test itself
as illustrated in Fig. 2.4. Both consist of multiple basic test cells (BTC), each representing
one specific test condition and including a separate block for recording the subjects’ quality
rating. The separation of assessment and voting allows the subjects to exclusively focus
on the assessment task while the video is shown. The content and test condition of two
successive BTCs should be different in order to avoid the transfer of the bias from the
preceding to the current BTC caused by the similarity in content and test condition [260].
In order to avoid fatigue in the test subjects, the test itself should last no longer than 30
minutes and it may therefore be necessary to split larger test into different test sessions,
where each session has the same overall structure as outlined above. Regarding the
influence of the assessment task on the viewing behaviour of the subjects, a study by Le
Meur et al. [174] indicates that the subjects’ eye movements do not change significantly
between the free viewing of the video without assigned task and the viewing of the video
with the task to assess its quality.

Before the test starts, the training provides the test subjects with an introduction to the
test setup and methodology. Also it offers the subjects an opportunity to practice the as-
sessment task and, if necessary, ask for assistance from the test supervisor. The instruc-
tions are usually given by the test supervisor and it is sensible to use a prepared script
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or presentation for these instructions, especially if the supervisor changes from subject to
subject or the test is part of a joint campaign with other laboratories. In order to avoid influ-
encing the subjects, the content in this training should be different from the test itself, but
should still exhibit similar distortions as in the subsequent test. Should subjects be unable
to perform the required assessment task they are consequently excluded.

After a successful training of the subjects, the test itself commences in two phases: first
a stabilisation phase, followed by the test phase.

The stabilisation phase provides the subjects with an indication of the range of visual
quality they will encounter during the test. The aim of providing quality anchors is to reduce
or at least control the absolute contraction, centring and range equalising bias. Contrac-
tion bias describes the avoidance of the test subjects to use the extremes of the scales and
thus a contraction of the subjects’ ratings in the direction of the scale centre. The centring
bias describes the tendency of subjects to shift their quality range towards the centre of
the assessment scale, so that their ratings a symmetric towards the scale’s centre. Lastly,
the range equalising bias describes the effect that even if the subjects only use a small
range of their inner quality scale, they map it to the complete range of the assessment
scale [260].

By providing anchors for the complete quality range in the test including best and worst
quality, the subjects are able to adjust their inner, intrinsic quality scale to the provided
quality scale [260]. This reduces the contraction bias, as the subjects are now familiarised
with the quality range they will encounter in the test, and controls the centring and range
equalising bias as all subjects will now share the same intrinsic quality scale. Usually the
stabilisation phase consists of three to five video sequences [109]. Because the subjects
are not aware of this implicit stabilisation phase, this provides an indirect anchoring [376].
The ratings gained from the subjects in the stabilisation phase are discarded before pro-
cessing. If the test consists of multiple sessions, the study by Keimel et al. [147] indicates
that the test conditions in the stabilisation phase of each session should be representative
of the quality range in the complete test, not only of the quality range in the current session.

Following the stabilisation phase, the test phase itself commences. It consists of the
BTCs representing the test conditions that should be assessed with respect to their video
quality. For each BTC, a corresponding rating is recorded that provides the subjects’ rat-
ings.

Subjects Subjects participating in a test should be screened for normal (corrected) visual
acuity and colour vision using e.g. Snellen and Ishihara charts for vision acuity and colour
vision, respectively [109]. Although it is recommended to reject subjects failing these vision
tests, Pinson et al. [248] recently suggested that slightly less than perfect visual acuity and
colour vision do not seem to influence the quality assessment significantly.

Usually non-expert or naïve viewers are preferred. Non-expert in this context means that
the subjects were not involved in defining the processing or distortions introduced in the
test conditions and therefore have no preconceptions about the degradations of the video
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Figure 2.5.: Examples of rating scales used in subjective testing: discrete impairment scale, dis-
crete and continuous quality scales with categorical and numerical labels as used in ACR [121],
and continuous quality scale with only categorical labels as used in DSCQE [109]

quality caused by specific distortions [109]. The assumption is that non-expert viewers are
therefore more representative of the general population than experts. Experts, however,
may be used in the design of the test in order to choose appropriate test conditions in a
pilot test [121].

ITU-R BT.500 and ITU-T P.910 recommend to use at least 15 subjects in the subjective
testing. Winkler [351] confirmed this minimum number of 15 subjects in simulations and
based on the data from five different experiments, but Pinson et al. [248] recommend
based on the results of their comprehensive study that at least 24 subjects should be used
in a controlled environment, and at least 35 subjects should be used in an uncontrolled
environment. Regarding the use of expert or non-expert viewers, Nezveda et al. [219]
have suggested that when using expert viewers, fewer subjects are needed compared to
using non-expert viewers in order to provide similar results. They caution, however, that
using only comparably fewer expert viewers may only be suitable to identify general trends.

Rating scales Rating scales allow the test subjects to record their quality assessment
for each of the BTCs. Depending on the aim of the test, discrete or continuous scales may
either record the impairment or the absolute quality of the video sequences under test. In
addition to indicating the range of the scale, corresponding labels for certain impairment
or absolute quality categories are provided on the scale and depending on the method the
scale’s range is often also indicated with numerical labels. Usually the scales are divided
in five-, nine- or eleven-point intervals, but still usually only five categorical labels are used.
Examples of discrete and continuous scale are shown in Fig. 2.5.

Although the required scale is often explicitly defined in the corresponding standard for
the used testing method, the used scales are often adapted depending on the test setup.

Continuous scales consist of a line with ticks in equally sized intervals and categor-
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ical labels indicating the position of certain impairment or absolute quality levels within
the used scale. Often the ticks also provide additional numerical labels to indicate the
available impairment or quality range. Even tough a continuous scale suggests that more
granular ratings could be achieved, quantisation effects usually occur, as test subjects tend
to align their ratings with the labels and ticks, resulting in a quasi-discrete distribution of
the ratings [376]. In the context of video quality, a study by Huynh-Thu et al. [94] and an
eye-tracking experiment by Schleicher et al. [280] confirmed this behaviour.

Discrete scales are similar, but unlike a continuous scale, only discrete choices are avail-
able to the subjects: each discrete option is represented by a box with a categorical and
numerical label indicating the corresponding impairment or quality level. Considering the
quantisation effect for continuous scales, the difference in the ratings resulting from using
discrete or continuous scales are often negligible as indicated in the two following studies:
Huynh-Thu et al. [94] presented results for the single stimulus ACR method, indicating that
for both discrete and continuous scales with absolute quality categorical labels there are
no statistically significant differences in the subjects’ ratings. Additionally, no difference
for scales with five, nine or eleven ticks was found. For the double stimulus DSCQS and
DSIS II methods, Corriveau et al. [47] also presented results that indicate equivalence not
only between continuous and discrete scales, but also between impairment and quality
scales. In addition, Svensson [316] suggests that discrete scales provide better stability
with respect to the intra-rater agreement in different tests.

Especially in a larger, international test, a potential issue for both types of scales is the
position of the categorical labels with respect to the range represented by the correspond-
ing scale, as depending on the impairment or quality, the labels’ position may not be a
suitable representation of the labels interpretation in specific languages [345, 376]. This
was confirmed for impairment and quality labels commonly used in video quality assess-
ment in a study by the ITU-R [99]. Despite this, the recent study by Pinson et al. [248]
suggest that for English, French, German and Polish differences in the interpretation of the
labels do not influence the overall results significantly.

Single stimulus methods Single stimulus methods consist of BTCs with a straightfor-
ward structure: each BTC consists of one test condition, followed by a voting block indi-
cating the number of the current BTC and presented on a neutral mid-grey background
as illustrated in Fig. 2.6 on the facing page. This simple structure allows for short BTCs
and with a video sequence length of 10 s, followed by a voting block of 5 s, each single
stimulus BTC lasts 15 s. Hence, we are able to achieve 4 BTC/min and with a maximum
test duration of 30 minutes, we can therefore present 120 different test conditions per test.

One disadvantage of single stimulus methods, however, is their context dependency as
they suffer from the sequential contraction bias: if the preceding test condition represented
a high quality stimulus, the magnitude of the current stimulus’ quality is overestimated, and
if the preceding test condition represented a low quality stimulus, the magnitude of the
current stimulus’ quality is underestimated [260]. In order to avoid this, each test condition
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Figure 2.6.: Single stimulus BTC: presentation of the test condition, followed by a voting block

is shown multiple times during the test session in different context i.e. a different preceding
test condition, and ITU-R BT.500 suggests three repetitions of each test condition in a test
session. The rating for a test condition is then determined by averaging the results over all
presentations, where ITU-R BT.500 also recommends to consider the first presentation as
a stabilisation and therefore discard it in the averaging. In contrast, ITU-T P.910 suggest
only two to four repetitions in total, but not for each test condition. Note, that with these
repetitions the number of different test conditions per test is reduced accordingly. As a side
effect, the multiple ratings of the same test condition can be used to assess the consistency
of a subject’s rating as an indicator of their reliability [121].

In ITU-R BT.500 [109], two basic variants are suggested: variant I, the single stimulus
(SS) method, and variant II, the single stimulus with multiple repetition (SSMR) method,
where the later includes multiple repetitions of each test condition to minimise the context
effect. Both variants are frequently used with a discrete five-point impairment or quality
scale with categorical and numerical labels, unofficially called single stimulus impairment
scale (SSIS) e.g. in [205, 228] and single stimulus multimedia (SSMM) e.g. in [225, 346],
respectively. Although not specified in ITU-R BT.500, often discrete nine- or eleven point
quality scales are used e.g. a eleven-point scale for the SSMM by Oelbaum et al. [225].
Less frequently used extensions of these types are the single stimulus numerical categor-
ical scale (SSNCS) that uses a discrete eleven-point scale with only numerical labels, and
the non-categorial scale that uses a continuous scale without any labels.

In ITU-T P.910 [121], the absolute category rating (ACR) method is described. It uses
a discrete absolute quality scale with categorical and numerical labels. Depending on the
required discriminability, five-, nine- or eleven-point scales may be used, but also an op-
tion to use a continuous scale is provided in ITU-T P.910. Similar to the SSMR method,
multiple presentations of each test condition are advised for the ACR method in ITU-T
P.910. A derivation of the ACR method is the absolute category rating with hidden refer-
ence (ACR-HR), where an undistorted reference version of each content is included in the
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Figure 2.7.: Double stimulus BTC: presentation of reference A and test condition B, repeated once
and then followed by a voting block

test, unknown to the subjects. For each subject, the rating of the hidden reference is then
used to calculate a differential rating between each test condition and the corresponding
undistorted reference with the same content. This can be considered as a rough correc-
tion of subjects’ biases in the ratings at least with respect to the upper end of the provided
quality scale.

Double stimulus methods Double stimulus methods extend the BTCs of the single stim-
ulus methods with a reference, representing an undistorted version of the same content
as in the test condition. Additionally, both the video representing the test condition and the
reference video are usually repeated as illustrated in Fig. 2.7. This allows the subjects to
gain an overall impression in the first presentation, followed by a detailed consideration of
their rating in the second presentation. The video sequences representing the test condi-
tion and the reference are denoted with the letters A and B, respectively. Depending on the
used method, the reference is either identified explicitly to the subjects or not. The order of
the reference and the test condition is the same in each presentation, but each BTC may
have a different order. Similar to the adaptation of the rating scales, both the order and the
explicit identification of the reference are often adapted as needed.

One advantage of double stimulus methods is that the explicit reference in the BTC can
be considered as one-sided direct anchoring [376]. Hence we can avoid on the one hand
the sequential contraction bias that occurs in the single stimulus methods, on the other
hand we provide a direct high quality anchor in each BTC comparable to the stabilisation
phase, allowing the subjects to adjust their inner quality scale at least to the upper end
of the provided quality scale in each BTC anew. Although multiple replications of each
test condition are therefore not necessary, ITU-T P.910 suggests also for double stimulus
methods two to four repetitions in total for reliability testing of the subjects [121]. Corriveau
et al. [47] have provided experimental evidence that for double stimulus methods, in partic-
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ular the DSCQS method, the context dependency is indeed significantly lower compared
to single stimulus methods.

One practical disadvantage, however, are larger BTCs: assuming again a video se-
quence length of 10 s, a voting block length of 5 s and a A/B label block of 2 s, each double
stimulus BTC lasts 53 s. Hence, we are able to achieve approximately 1 BTC/min and with
a maximum test duration of 30 minutes, we can therefore present only 30 different test
conditions per test, compared to up to 120 test conditions per test for the single stimulus
methods.

In ITU-R BT.500 [109], two double stimulus methods are described: the double stim-
ulus impairment scale (DSIS) method and the double stimulus continuous quality scale
(DSCQS) method. The DSIS method uses a discrete five-point impairment scale in two
variants: variant I that consist only of one presentation of test condition and reference, and
variant II that consists of two presentations. In a BTC of the DSIS method, the reference is
always the first video i.e. A and the test condition is the second video i.e. B. Moreover, this
fixed order is announced to the subjects. Variant I of the DSIS method is also defined as
the degradation category rating (DCR) method in ITU-T P.910 [121]. The DSCQS method
is aimed at assessing the difference in quality between two videos. It uses two continuous
scales with categorical labels and ticks in equal intervals for each BTC. Unlike the DSIS
method, the subjects are not aware which video is the reference and they have therefore
to provide separate ratings for video A and B, resulting in a differential rating A − B for
each BTC.

Baroncini [12] argues that this repetitive dual rating task in the DSCQS method leads to
increased fatigue in the test subjects and therefore suggests an alternative to the DSCQS
method based on a modification of the DSIS, variant II method, the double stimulus un-
known reference (DSUR). Unlike the DSIS method, the subjects are unaware if the refer-
ence is the first or second video. In the first presentation, the subjects are therefore asked
to identify if A or B is the reference, and only in the second presentation they should then
rate the non-reference video. Thus no repetitive task as in the DSCQS method is required
of the subjects, but rather two different, though still related tasks must be performed by
the subjects. In [12] a five-point discrete impairment scale with categorical and numerical
labels is proposed, but it is often used with an eleven-point discrete quality scale e.g. in
[225].

Other Methods Continuous quality evaluation methods aim to assess temporal qual-
ity changes or fluctuations by presenting the subjects longer video sequence of up to five
minutes and allows them to assess the quality continuously using a slider. Both single stim-
ulus and double stimulus methods are defined in ITU-R BT.500 [109]: the single stimulus
continuous quality evaluation (SSCQE) method and the simultaneous double stimulus for
continuous quality evaluation (SDSCE) method. For the SSCQE, only the distorted video
sequence is presented, whereas for the SDSCE both the distorted and the reference video
sequence are presented simultaneously on a shared display or two different displays.
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The interactive Subjective Assessment of Multimedia VIdeo Quality (SAMVIQ) method
defined in ITU-R BT.1788 [104] allows the test subjects to assess different test conditions
of each content as often as needed in an interactive interface, including the undistorted
reference for comparison. The rating itself is performed on a continuous quality scale
with categorical and numerical labels from 0-100. Péchard et al. [239] have shown that
SAMVIQ provides comparable results to ACR, but with fewer subjects. Due to its interactive
approach, however, a SAMVIQ based test takes more time compared to an ACR based
test.

Pair comparison methods are an alternative to the methodologies discussed so far.
Instead of quantifying judgements, the subjects compare in each step two test conditions
and decide which one is the preferred or better one. As the subjects do not need to
quantify their judgements on a scale, we avoid the biases introduced by the mapping of
the internal quality to the provided scale. By estimating the probability of choosing a test
condition from the conditional probability that a certain test condition is preferred against
another test condition with maximum-likelihood estimation, we can then use the Bradley-
Terry-Luce model to obtain the rating of a test condition based on its probability [20]. One
general disadvantage of the pair comparison, however, is that each test condition needs to
be compared with every other test condition and assuming N different test conditions, this
leads to N(N − 1) pair comparisons, which leads to significantly more BTCs than for the
other methodologies. The Pair comparison variant as described above is recommended
as pair comparison (PC) method in ITU-T P.910 [121]. ITU-R BT.500 [109] additionally
suggests variants that also include a scale to quantify the magnitude of the difference, but
this may reintroduce biases into the ratings.

Processing of the results After completing the test, the ratings of all subjects are aver-
aged for each test condition, resulting in a test condition’s mean opinion score (MOS), rep-
resentative of its video quality. If only difference ratings are available e.g. for the ACR-HR
method, the average is called differential mean opinion score (DMOS). As an indication of
the MOS’ uncertainty, usually the 95% confidence interval is additionally provided for each
MOS.

In order to identify unreliable subjects, it is suggested in ITU-R BT.500 and ITU-T P.910
to perform a screening of the subjects according to a statistical criterion and reject those
subjects’ ratings that fail the screening. Pinson et al. [248], however, argue that only sub-
jects that didn’t understand the assessment task should be eliminated as it is often unclear
why different subjects respond differently to the test conditions and therefore a strict sta-
tistical outlier removal may not be suitable. Still, outlier screening is usually done in sub-
jective testing and two often used statistical criteria are discussed briefly in the following
paragraphs.

ITU-R BT.500 [109] proposes to screen the subjects by comparing the rating of each
subject for a test condition to the MOS of this test condition. If a subject’s rating for a test
condition deviates more than the sample standard deviation for this test condition multiplied
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by a factor that is dependent on the ratings distribution, counters are incremented, one if
the subject’s rating is too low, another if a subject’s rating is too high. These counters
therefore provide not only the number of rejected ratings, but also indicate the reason
for the rejection. Should both the number of rejected ratings for a subject be above a
certain threshold and the ratings are not exhibiting any recognisable offset, the subject is
completely rejected and all its ratings discarded.

VQEG [330, Appendix V] suggests a simpler method by calculating first the Pearson
correlation coefficient rp between a subject’s ratings and the MOS for all test conditions,
followed by a comparison with a threshold. If rp < 0.75, the subject is rejected and all its
ratings are discarded.
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Video quality can easily be determined by formal subjective testing with one of the many
methods discussed in the previous chapter. Subjective testing, however, not only needs to
be organised by recruiting subjects and preparing the test setup, but also the execution of
these test must be supervised. This is time consuming and often expensive. Moreover, it
is clearly not possible to perform a real-time video quality evaluation of live content being
broadcast or streamed.

Video quality metrics solve this problem by replacing the subjective testing with models
that allow as us to predict the subjective visual quality from objectively measurable proper-
ties of the video sequences under test. These properties of the videos are called features
and each feature represents a certain property. A video quality metric then utilises a set of
different features in a prediction model to provide an estimation of the video quality. Typi-
cal features are blur or blockiness, describing how strongly details have been lost e.g. due
to the loss of high frequency components in quantisation and how visible blocks are e.g.
due to block-based transformations in video coding, respectively. One aim of video quality
metrics is obviously to deliver quality predictions that are equivalent to the results form
subjective testing, but additionally also other conditions may be imposed on the design of
a video quality metric in order to ensure that this prediction performance can be achieved
in all situations. In this chapter, I therefore introduce also the requirements that a video
quality metric should fulfil and provide a classification scheme of video quality metrics. The
requirements and classification are then used to review the state-of-the art in video quality
metrics.

It should be noted, that Richter [268] suggests that video quality metrics should not
be called metric at all, as they are not metrics in the strictest mathematical sense, but
should be rather called video quality indices, as they are providing a relative ordering of
video sequences with different quality for a given assessment algorithm. This distinction,
however, has so far not caught on in the research community and therefore I use in this
thesis the established term of video quality metrics.

3.1. Requirements on video quality metrics

Before we can design a video quality metric, we need to define the requirements a metric
should fulfil in order to be considered adequate for replacing subjective testing. In this the-
sis, the requirements on video quality metrics are defined with respect to four categories:
temporal pooling, prediction performance, validation and reference availability.
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The requirements, however, are not only essential in the design process of our own
metric, but also in the assessment of other metrics. In order to allow for a more grad-
ual assessment, three levels of compliance are introduced for the requirements in each
category: full compliance, fulfilling the requirements in the category fully, acceptable com-
pliance, fulfilling the requirements in a category at least partly to an acceptable degree,
and insufficient compliance, if the requirements are not met. An overview of the different
compliance levels for the different categories is provided in Table 3.1 on the facing page.
Clearly, an overall acceptable metric should fulfil the requirements in all categories fully.

Requirements on temporal pooling The temporal nature of video is not only an impor-
tant issue in the design of video quality metrics because of the intrinsic temporal sensitivity
of the human visual system as expressed by the spatio-temporal filtering of perceived stim-
uli, but also because the quality assessment task itself is influenced by the temporal nature
of video. Thus not every frame of a video is considered separately, but rather the quality
rating formation is an integral process occurring over a time window.

Psychological studies suggest that the global evaluation of an (affective) experience is
mainly influenced by the stimuli’s peak intensity and the intensity at the end of the ex-
perience [68], and that although the duration of the affective experience itself does not
influence the overall experience [69], the overall trend of the intensity change towards the
end has an influences on the overall experience [9]. This is supported by the results in [89]
that suggest that the rating of the experience depends on the response mode i.e. if the
evaluation is performed continuously or only globally at the end.

More specific to the context of video quality evaluation, Pinson and Wolf [249] suggest
that for a quality rating at a given point in time, only up to 15 s preceding this moment are
taken into account by the observers in the quality formation process. Moreover, studies by
Moorthy et al. [214] and Seshadrinathan and Bovik [283] indicate that in subjective testing
the simple averaging of multiple sub-sequence MOSs gained by continuous assessment
does not represent the overall sequence MOS gained by the assessment of the complete
video very well. Also Hands and Avons [80] suggest that the overall quality rating is strongly
influenced by the observed peak impairment intensity during the assessment. Hence this
suggests that the overall subjective quality of a video sequence can not be simply gained
by pooling a set of multiple, more granular ratings.

Considering that for image quality metrics the quality prediction of a single frame is
similar to a sub-sequence MOS gained in continuous assessment, it stands to reason
that averaging over the quality predictions for each frame is as unrepresentative in video
quality metrics as it is in subjective testing. This is assuming that the quality prediction is
only based on the current frame itself and of course that the image quality metrics’ quality
predictions can are equivalent to the MOS from subjective testing. Furthermore, one can
argue that for video quality metrics that consider the temporal nature of video only in a
relatively small interval of frames around each frame and then gain an overall video quality
prediction by a pooling with averaging over all frames, a similar effect might occur.

32



3.1. Requirements on video quality metrics

Table 3.1.: Compliance levels for the different requirements categories

Compliance level Description
Temporal
  full no pooling
# acceptable pooling other than averaging or at least consideration of

preceeding frame
## insufficient averaging
Reference
  full no-reference
# acceptable reduced-reference
## insufficient full-reference
Prediction
  full rp ≥ 0.90
# acceptable 0.85 ≤ rp < 0.90
## insufficient rp < 0.85
Validation
  full multiple data sets and cross validation
# acceptable large data set and cross validation
## insufficient small datset (less than 5 videos) or no cross calibration

In general, video quality metrics should therefore consider the temporal nature of video
appropriately or if the quality predication is performed frame-by-frame at least the applied
temporal pooling of the individual frames’ quality prediction into one overall quality value
describing the complete video should properly account for the temporal nature of video.
That averaging is not the best pooling method for video quality metrics, has been demon-
strated for different metrics in my previous contributions [143, 145], but also better pooling
methods are inferior to the complete consideration of all frames in the quality prediction as
demonstrated in [142].

For full compliance with this requirement, metrics should therefore consider all frames in
the video or at least a sufficiently long scene of the video in their quality estimation process.
For acceptable compliance, metrics that provide a frame-by-frame quality estimation and
then pool over all frames should either at least consider the preceding frame in their quality
prediction before averaging over all frames or use more sophisticated pooling schemes. If
the quality prediction is performed frame-by-frame and then just averaged over all frames,
the compliance with this requirement is deemed insufficient.

Requirements on reference availability Video sequences pass usually through a pro-
cessing and transmission chain before they finally arrive at the viewers’ display and both
processing and transmission can introduce distortion in the videos. These distortions may
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be as simple as artefacts due to the in-camera compression of the video or the inherent
sensor noise of any camera, but can also include distortions introduced by transcoding in
the transmission chain or transmission errors.

Video quality metrics should be able to provide a quality prediction at any point in the
chain and should therefore not need additional information besides the video itself. In
particular, they should not require the undistorted reference for their quality predictions as
in real-life applications it is in the majority of cases not possible to provide the reference at
the endpoint of the processing chain.

For full compliance with this requirement, metrics should therefore be no-reference met-
rics and not require the reference for their quality predication. For acceptable compliance,
metrics should only require a description of the reference with meta-data and not the ref-
erence itself, and therefore be reduced-reference metrics. If a metric is a full-reference
metric and requires the undistorted reference for the quality prediction, the compliance
with this requirement is deemed insufficient.

Requirements on prediction performance Video quality metrics should be able to pro-
vide a quality prediction equivalent to the results from subjective testing. The prediction
performance of video quality metrics is in most contributions expressed using the Pearson
correlation coefficient rP between the quality prediction of the metric and the MOS from a
subjective test. The larger rP , the better the prediction performance of the metric and a
value of rP ≥ 0.9 usually indicates a very good prediction performance.

For full compliance with this requirement, metrics should therefore have a rP ≥ 0.9,
for acceptable compliance 0.85 ≤ rp < 0.90 and if rp < 0.85, the compliance with this
requirement is deemed insufficient.

Requirements on validation Directly related to the issue of prediction performance, is
the issue of validation, as the assessment of the prediction performance is based on the
validation of the metrics with a dataset of videos and corresponding MOSs. In order to pro-
vide a realistic assessment of the prediction performance, the used dataset should cover
a sufficiently large number of different representative content and formats. Additionally, if
the metric requires a training with video sequences and corresponding MOSs to generate
a prediction model, a cross validation should be used.

For full compliance with this requirement, metrics should therefore use multiple data sets
or at least a large data set with multiple formats in the validation and, if applicable, perform
a cross validation. For acceptable compliance, metrics should use a large dataset with an
adequate representation of different content and, if applicable, perform a cross validation.
If a metric only uses a small data set with less then five videos with different content of and,
if applicable, no a cross validation was performed, the compliance with this requirement is
deemed insufficient.
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Figure 3.1.: Taxonomy of video quality metrics: vision versus features, universal versus specific
and reference versus no-reference

3.2. Taxonomy of video quality metrics

Video quality metrics can be classified according to different criteria, regarding their gen-
eral design approach, the availability of a reference and the scope of their applicability.
Each of these criteria is discussed briefly in this section and an overview of the taxonomy
is illustrated in Fig. 3.1.

Modelling vision or using features Winkler [350] differentiates between the psy-
chophysical approach and the engineering approach, also called model-based and signal-
driven by Lin and Kuo [181], respectively. The psychophysical approach describes metrics
that a primarily based on modelling the human visual system (HVS). This can be consid-
ered as the implementation of an artificial observer with properties of the HVS. In contrast
to this, the engineering approach describes metrics that are based on using a set of fea-
tures extracted from the video. Each feature is assumed to describe a certain aspect of
the video either with respect to its structure or the occurrence of certain artefacts and often
they are based on specific psychophysical properties of the HVS.

But even though some features are based on the HVS, the main difference between
these two approaches according to Winkler [350] is that the psychophysical approach
aims at using a fundamental model of vision, whereas the engineering approach aims
at analysing the the video. Although sometimes algorithms describing only the extraction
process of a single feature are already considered as a video quality metric, this is not
considered as a metric in this thesis.

Universal or technology-specific Metrics designed according to the engineering ap-
proach, can be distinguished into two major categories: universal or pixel-based and
technology-specific or bitstream-based. The difference between these two categories is
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Figure 3.2.: Full-reference, reduced-reference and no-reference metrics in the context of a trans-
mission system

illustrated on the case of video coding technology, but can also be extended to other tech-
nologies e.g. image sensor characteristics.

Pixel-based metrics only require the (decoded) video as input and are therefore indepen-
dent from the used coding technology. Thus they are universally applicable and not limited
to the quality assessment of encoded video, but also allow the assessment of processing
algorithms in general.

In contrast, bitstream-based metrics require a certain technology dependent bitstream,
representing the encoded video. Hence, they are custom-fit to distortions either introduced
by the encoding itself or by the influence of transmission errors on the bitstream. On the
one hand, this severely limits the universal applicability of bitstream-based metrics, but on
the other hand this limited scope also allows for a much better adaptation to a specific
range of distortions, resulting usually in higher prediction performance for bitstream-based
metrics. Considering, however, that (standardised) coding technologies are usually widely
adopted, the focus on a specific technology does not necessarily limit its applicability in
practical applications. For both categories, further sub-categories can be defined describ-
ing the use of certain features or methodologies in the design of the metrics.

Reference or not Lastly, video quality metrics can be classified with respect to the
information required about the un-distorted reference into either full-reference, reduced-
reference or no-reference metrics as illustrated in Fig. 3.2.

Full-reference metrics require the un-distorted reference video in addition to the dis-
torted video as an input for the quality prediction. Hence, they can compare the features
in an un-distorted and distorted version of the video and use this information to provide a
video quality estimation. Clearly, this limits the practical applicability, as often the undis-
torted reference is not available e.g. in transmission systems, where the videos are en-
coded exactly because it is often not feasible to transmit the not encoded reference.
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Reduced-reference metrics try to avoid the practical problem with full-reference metrics
by not using the undistorted reference in the comparison directly, but rather by using only
features extracted form the reference as its reduced representation. As the data represent-
ing a number of feature values is usually much smaller than the amount of data necessary
to represent the reference, it is feasible to provide these features as additional information
with the distorted video. However, it must be ensured e.g. in a transmission system that
this additional information is always available.

No-reference metrics represent the most general class of metrics in the context of ref-
erence availability. Except for the distorted video, no further information is required to
estimate the video quality. Therefore no-reference metrics can be considered the most
universal class of metrics for practical applications. The downside of this universality, how-
ever, is that no feature comparison of distorted and undistorted version of the video can
be used in the quality estimation and thus the features must be able to describe distortion
adequately, irrespective of the content.

3.3. Evaluation of the state-of-the-art

In this section, I briefly review and evaluate the state-of-the-art in video quality metrics.
Each metric will be described briefly and assessed according to their compliance with the
requirements defined in Section 3.1. The results of this assessment are noted in Table 3.2
to Table 3.8. I mainly review metrics based on the engineering approach, as this is the
approach followed in the design of example video quality metrics in this thesis.

Additionally, I also include image quality metrics in this review, as on the one hand there
are significantly more dedicated image quality metrics available, but on the other hand
every image quality metric can also be applied to video frame-by-frame. In this context, it
will be assumed that the overall visual quality for a complete video sequence is gained by
applying the image quality metric separately to each frame, followed by averaging over the
quality predictions of each frame in the video.

In the evaluation of the existing metrics, I use the information provided by the proponents
of the assessed metrics in their original contribution for the assessment of the prediction
performance and validation. It should be noted, however, that independent verification
of metrics sometimes reveals that the prediction performance is significantly reduced for
different images or videos not considered in the original contributions. An example for this
issue is provided by Lin and Kuo [181], where the prediction performance for some image
quality metrics fluctuates between rp = 0.6 and rp = 0.95, depending on the used images.

For further information about the metrics, I refer to the provided references, and for an
additional review of the state-of-the-art I refer to the surveys by Chikkerur et al. [44], Lin
and Kuo [181], Moorthy and Bovik [215] and You et al. [374].
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3.3.1. Psychophysical-based

Even tough the focus in thesis is not on video quality metrics based on the HVS, I provide
a short overview of psychophysical-based metrics for completeness. The psychophysi-
cal approach relies primarily on a (partial) model of the HVS and tries to exploit known
psychophysical effects, e.g. masking effects, adaptation and contrast sensitivity. These
effects are often depending on the spatial and temporal frequency of the input stimuli,
and therefore the HVS is often modelled with a multi-channel characteristic, where each
channel describes a spatio-temporal frequency range. If this channel dependency is omit-
ted for simplicity, the resulting model is a simpler single-channel model. Note, that all
models discussed in this section are full-reference metrics. For more information about
psychophysical-based video quality metrics, I refer to Wu and Rao [368] and Winkler
[354], and for a more fundamental discussion about human vision in general I therefore
refer to Wandell [333].

Single-channel Faugeras [59] suggested the first HVS-based single-channel image
quality models by using opponent-colour signals with their corresponding contrast sen-
sitivity function and an approximation of the spatial sampling rate in the human eye. This
was later extended by Lukas and Budrikis [191] to video sequences with a video quality
metric considering spatio-temporal effects resulting in masking, followed by a Minkowski
summation over all frames in order to arrive at an overall video quality. Tong et al. [322]
extended this further in a video quality metric by using the CIE L*a*b* colour space.

Multi-channel In Daly’s visual differences predictor VDP [48] image quality metric the
adaptation of the HVS at different light levels is taken into account, followed by an orien-
tation dependent contrast sensitivity function and finally models of the HVS’s different de-
tection mechanism are applied. Lubin’s visual discrimination model VDM [189] for images
first convolves the input with an approximation of the eye’s point spread function followed
by an approximation of the eye’s sampling characteristic and includes using a Laplacian
pyramid for the spatio-temporal decomposition into different channels to apply directional
filtering and masking.

The VDM was extended to video with the Sarnoff just noticeable difference (JND) [27,
190] video quality metric, where the pooling over different frames is performed by evaluat-
ing the 90% percentile of the individual frames’ quality values. The moving pictures quality
metric (MPQM) video quality metric by van den Branden Lambrecht and Verscheure [21]
uses Gabor filters to approximate the spatio-temporal filter characteristics of the HVS into
different channels and then applies contrast sensitivity functions and masking, followed
by Minkowski summation over all frames. The normalization fidelity metric (NVFM) video
quality metric by Lindh and van den Branden Lambrecht [183] extends the image quality
model by Teo and Heeger [318] that uses a pyramid decomposition and a normalisation
over all orientations, from images to video by adding a low delay temporal filter bank and
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Table 3.2.: Compliance with the requirements in each category for metrics based on the
human visual system (HVS)

Name Compliance Type
Temporal Reference Prediction Validation

Single-channel
Faugeras [59] ## ## – ## IQ
Lukas and Budrikis [191] # ## ## ## VQ
Tong et al. [322] # ## – – VQ

Multi-channel
VDP [48] ## ## – – IQ
VDM [189] ## ## – – IQ
Sarnoff JND [27, 190] # ##   # VQ
MPQM [21] # ## – – VQ
NVFM [183] # ## – – VQ
PDM [349, 353, 354] # ## # – VQ
DVQ [343] # ## – # VQ
Masry and Hemami [203]   ## – # VQ
compliance level:   = full, # = acceptable, ##= insufficient; – = no information available

also taking into account inter-channel masking effects, followed by Minkowski summation
over all frames.

Winkler’s video quality perceptual distortion metric (PDM) [349, 353, 354] includes a
perceptual decomposition with contrast sensitivity and gain control, again followed by
Minkowski summation over all channels and frames. The Digital Video Quality (DVQ)
video quality metric by Watson et al. [343] metric uses a similar approach to the PDM, but
uses the faster DCT instead of a filter bank to separate the different channels. Masry and
Hemami [203] use a similar structure as above, but propose a continuous video quality
metric by taking into account the quality of the preceding frames in the quality estimation
of the current frame.

3.3.2. Pixel-based

Pixel-based metrics are often based on a common underlying principle that uses features
exploiting certain properties of the HVS. If possible, metrics using the same principle are
therefore grouped together. Similarly, metrics described in the same standard are also
grouped together. Otherwise they are listed in one of the following three general cate-
gories: full-reference, reduced-reference or no-reference metrics.
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PSNR derived metrics Although PSNR itself in not a suitable image and video qual-
ity metric as already discussed in Section 2.2, some modifications of the full-reference
PSNR have been proposed that take into account properties of human perception: PSNR-
HVS [52] determines the PSNR of a DCT version of the image weighted by a contrast
sensitivity function and the PSNR-HVS-M [259] extends this by including an additional
masking model.

Chandler and Hemami [40] use in the visual signal to noise ratio (VSNR) a discrete
wavelet transform for a perceptual-like decomposition of the image and then assess the
detectability of distortions in the resulting sub-bands, providing a measure of the perceived
contrast of the distortions. The VSNR is then the PSNR between the contrast of the refer-
ence and perceived contrast of the distortions pooled over all sub-bands.

Wang and Li [340] suggest with the information content weighted PSNR (IW-PSNR) to
apply a Laplacian pyramid transform, followed by weighing in each scale and for each
coefficient the difference between reference and distorted image with a weight based on
the mutual information between reference and distorted image.

Ou et al. [232] suggest the VQMTQ video quality metric for video with variable frame
rate that uses a temporal correction factor (TCF) on the PSNR based on motion parame-
ters, differences between consecutive frames and the amount of detail, represented by the
strength and variance of the edges in the reference. The TCF not only adjusts for the per-
ceptual difference in the frame rates, but also improves the prediction ability of the PSNR
significantly.

Oelbaum et al. [229] suggested with PSNR+ a correction step to increase the prediction
performance of PSNR by generating two additional versions of the reference video on
the opposite ends of the quality spectrum, encoding the reference with a high and low
compression ratio. These high and low quality versions of the reference give an indication
of the compressibility of the content represented by the reference and are then used to
correct the PSNR, resulting in PSNR+.

Visual information The full-reference information fidelity criterion (IFC) image quality
metric by Sheikh et al. [288] uses a wavelet decomposition to decompose the image and
then determines the mutual information between the reference and the distorted image,
where the assumption is that natural i.e. undistorted images in the wavelet domain are nor-
mally distributed and the distortion process is similar to noise influencing a virtual channel
over which the reference is transmitted. This approach was later extended by Sheikh and
Bovik [287] in the full-reference visual information fidelity (VIF) image quality metric, where
additionally the inherent perceptual noise that distorts both reference and distorted image
is considered. The VIF is then defined as the ratio between the mutual information con-
tained in the distorted image and reference, each with respect to the perceived, perceptual
noisy stimulus.
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3.3. Evaluation of the state-of-the-art

Table 3.3.: Compliance with the requirements in each category for metrics based on PSNR,
visual information and structural similarity

Name Compliance Type
Temporal Reference Prediction Validation

PSNR derived metrics
PSNR-HVS [52] ## ## – – IQ
PSNR-HVS-M [259] ## ## – – IQ
VSNR [40] ## ## # # IQ
IW-PSNR [340] ## ##     IQ
VQMTQ [232] # ##     VQ
PSNR+ [229] ## ## ## # IQ

Visual information
IFC [288] ## ##   # IQ
VIF [287] ## ##   # IQ

Structural Similarity
SSIM [338] ## ##   # IQ
MS-SSIM [334] ## ##   # IQ
IW-SSIM [340] ## ##     IQ
VSSIM [341] # ##   # VQ
MC-SSIM [212] # ## #   VQ
compliance level:   = full, # = acceptable, ##= insufficient; – = no information available

Structural similarity The Structural SIMilarity index (SSIM) is a full-reference image
quality metric introduced by Wang et al. [338]. It calculates a quality index based on a
comparison of the luminance, contrast and structure between sub-blocks of reference and
distorted image, before pooling them for each image. Due to its comparably simple algo-
rithm, the SSIM has become one of the currently most popular image and video quality
metrics. Brunet et al. [34] have recently also proven that the SSIM has similar mathemati-
cal properties to the MSE.

The original SSIM has been modified by Wang et al. [334] in the multi-scale SSIM (MS-
SSIM), where the reference and distorted image are subsampled before applying the SSIM
in each scale. The resulting SSIM value for each scale is then pooled into an overall MS-
SSIM value for the complete image, leading to a further improvement in the prediction
performance and Charrier et al. [41] provided a description of the MS-SSIM with optimised
weighting parameters for the pooling over the different scales. Wang and Li [340] proposed
a information content weighted MS-SSIM (IW-SSIM) that extends the MS-SSIM by includ-
ing for each scale and block a weight based on the mutual information between reference
and distorted image.
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SSIM was extended to video in the Video SSIM (VSSIM) by Wang et al. [341]. For each
frame the SSIM is determined similar to individual images, but in pooling over all frames by
averaging the SSIM of each frame is weighed with a factor taking into account the motion
between two consecutive frames. A different approach to extend SSIM to video was sug-
gested by Moorthy and Bovik [212] in the Motion-Compensated SSIM (MC-SSIM): for each
frame in the reference and distorted video, each block is motion compensated with respect
to the preceding frame, finding the corresponding block in the preceding frame. The SSIM
is then determined between the same motion compensated block in the reference and the
distorted video, followed by a percentile pooling over all blocks, before averaging over all
frames, resulting in the overall quality rating of the video.

Natural scene statistics Metrics based on natural scene statistics (NSS) use the fact
that natural images without distortion exhibit a certain distribution of the luminance [276].
Natural images in this context refers to realistic images as captured with a camera.

BLind Image Integrity Notator using DCT-Statistics (BLIINDS) is a no-reference image
quality metric proposed by Saad et al. [278]. It uses the statistics of the distorted image’s
DCT coefficients to determine the image quality based on a probabilistic model of the
relationship between statistical properties of the DCT coefficients and the subjective quality
gained in the training with a set of images with disjunct content but similar distortions and
known MOS. An improved version by the same authors, BLIINDS-II [279], fits a generalised
gaussian model to the DCT coefficients and uses the shape parameters of this model,
resulting in an improved prediction performance compared to BLIINDS. BLIINDS-II was
also extended to video with the Video-BLIINDS by Saad and Bovik [277], where the DCT
is performed on the difference between two consecutive frames and the parameters are
determined on this difference frame. The pooling over all frames is then done by averaging.

Distortion Identification-based Image Verity and INtegrity (DIIVINE) by Moorthy and
Bovik [213] is a similar no-reference image quality metric, but uses an overcomplete
wavelet transform [294] to gain coefficients describing the image. Using these coefficients,
DIIVINE then classifies the distortion into different categories e.g. JPEG or JPEG2000
and applies a distortion specific model for the quality prediction, obtained by a state vec-
tor regression on images with this distortion type. This approach was extended in the
Blind/Referenceless Image Spatial QUality Evaluator (BRISQUE) by Mittal et al. [206], but
instead of using coefficients in the transform domain, the statistical properties are directly
gained from the spatial domain. Additionally, only one general model is used and no sep-
arate models for different distortion types are maintained. In [207], BRISQUE is also used
for an unsupervised learning approach to image quality using probabilistic latent semantic
analysis, but the prediction performance is even worse than PSNR.

Natural Image Quality Evaluator (NIQE) [208] is the latest no-reference image quality
metric in this line. Unlike BLIINDS, DIIVINE and BRISQUE, NIQE is purely trained on
undistorted reference images and without the use of corresponding MOS values. It par-
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3.3. Evaluation of the state-of-the-art

Table 3.4.: Compliance with the requirements in each category for metrics based on natural
scene statistics and Gabor filter

Name Compliance Type
Temporal Reference Prediction Validation

Natural scene statistics
BLIINDS [278] ##   ## # IQ
BLIINDS-II [279] ##       IQ
Video-BLIINDS [277] #   ## # VQ
DIIVINE [213] ##     # IQ
BRISQUE Mittal et al. [206] ##     # IQ
NIQE [208] ##     # IQ

Gabor filter
GDA [78] ## ## # # VQ
RRP [78] #   ## ## VQ
MAD [167] ## ##     IQ
ST-MAD [332]   ## ## # VQ
MOVIE [282] # ## # # VQ
compliance level:   = full, # = acceptable, ##= insufficient; – = no information available

titions the images in patches and then uses the same statistical features as in BRISQUE
to describe the patches’ properties, followed by fitting a multivariate Gaussian model. The
quality is then expressed as the difference between the model gained with the training data
and the model gained with the distorted image.

Gabor filter Gabor filter are often integrated in image and video quality metrics as they
are a good representation of the properties of cells in the human visual cortex [194].

Guo et al. [78] use in their full-reference Gabor Difference Analysis (GDA) video qual-
ity metric multi-scale two dimensional Garbor filter on the frames of the reference and
distorted video. For each frame, the difference between filtered reference and distorted
image is then summed using Minkowski summation over all sub-bands, before pooling
over all frames by averaging, resulting in an overall quality value. The authors extend this
concept to the no-reference metric Reverse Frame Prediction (RFP) by assuming that the
first frame in the complete video sequence or after a scene cut has relatively high quality
and can therefore be considered as a reference, followed by applying the GDA between
this pseudo-reference and all other frames.

The Most Apparent Distortion (MAD) full-reference image quality metric by Larson and
Chandler [167] consists of a dual strategy, pooling the results from two different method:,
one detection-based method using a perceptual weighted MSE for high quality images, and
one appearance-based method for low quality images that uses a multi-scale two dimen-
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sional Gabor filter to decompose the image into sub-bands, followed by a comparison of
the sub-band statistics of the reference and distorted image. Vu et al. [332] extended MAD
to the spatiotemporal MAD (ST-MAD) video quality metric. It combines the MAD averaged
over all frames with a motion-based distortion value that is estimated using spatio-temporal
slices in combination with motion weights for each row and column of the slices.

The MOtion-based Video Integrity Evaluation index(MOVIE) full-reference video qual-
ity metric by Seshadrinathan and Bovik [282] uses a multi-scale three dimensional Gabor
filter to decompose the reference and distorted video into different sub-bands, each repre-
senting a certain spatio-temporal band and orientation. The maximum contrast normalised
difference between reference and distorted video in each sub-band results in the spatial
component of the quality index, whereas the temporal component represents the deviation
in motion between reference and distorted video. Both components are then averaged
over all frames and combined by multiplication.

Data analysis Shnayderman et al. [291] presented a full-reference grey-scale image
quality metric based on a block-wise SVD of both the reference and distorted image, fol-
lowed by calculating the MSE between the singular values for each block. The overall
quality value is then determined by the MSE between the MSE of each block and the
median MSE of all blocks.

Narwaria and Lin [218] also use a SVD in their full-reference image quality metric, but
combines it with a support vector regression on MOS scores, leading to better prediction
results.

Cheng and Wang [43] extend the SVD approach to the full-reference colour image qual-
ity metric M-TDc by considering each colour image as a three-way array and then applying
a Tucker3 decomposition as a higher order equivalent to the SVD on three-way blocks of
the image. The overall quality value is then determined by the weighted sum of the cor-
relation coefficients between the components of the reference and distorted image, where
the weights were determined by training.

Miyahara [209] first suggested a full-reference image quality metric based on a principal
component regression (PCR) between features and MOS with the Picture Quality Scale
(PQS), where the features were bases on perceptually weighted differences between ref-
erence and distorted image. This was extended in an improved version of the PQS in [210]
by also including blocking and accounting for visual masking effects.

Oelbaum and Diepold [228] propose a reduced reference video quality metric based
on partial least squares regression (PLSR) that includes both spatial distortion and frame
difference features that are extracted from each frame and then averaged over all frames
for both reference, distorted video and a low quality version of the reference generated
by encoding the reference with a high compression ratio, similar to the approach suggest
in [229]. The quality prediction of the distorted reference is then gained by a weighed
sum of the features, corrected with a quality prediction of the reference and the low qual-
ity version of the reference using the same prediction model in order to account for the

44



3.3. Evaluation of the state-of-the-art

Table 3.5.: Compliance with the requirements in each category for metrics based on data
analysis

Name Compliance Type
Temporal Reference Prediction Validation

Data analysis
Shnayderman et al. [291] ## ##   ## IQ
Narwaria and Lin [218] ## ## #   IQ
M-TDc [43] ## ##   # IQ
PQS [209] ## ## – ## IQ
PQS [210] ## ## – # IQ
Oelbaum and Diepold [228] # # ## # VQ
Oelbaum and Diepold [227] # # # # VQ
Oelbaum et al. [224] #   ## # VQ
compliance level:   = full, # = acceptable, ##= insufficient; – = no information available

compressibility of the reference’s content. The weights are determined in a training by
building a prediction model between features and corresponding MOSs with PLSR. This
was slightly extended by the authors in [227] by including a non-linear post processing step
to account for the contraction bias often encountered in the results of subjective testing.

Oelbaum et al. [224] used a similar approach as in [227] to design a no-reference video
quality metric. Although the same features are used as in [227], the correction step has
been modified so that only a low quality version of the distorted video is necessary and
thus no information about the reference needs to be provided. In addition, depending
on the extracted features, different prediction models are selected, each optimised for a
different distortion category.

Full-reference metrics You et al. [372] suggest a video quality metric that takes into
account a visual attention model. For each frame, the squared error of the luminance and
chrominance between reference and distorted video, and the ratios between reference
and distorted video with respect to inter frame continuity between neighbouring frames,
horizontal, vertical and diagonal edge preservation is determined both for the complete
frame and separately for the most attention receiving regions in the frame. These features
are then pooled by averaging over all frames and weighed with a measure of the spatio-
temporal complexity for the attention receiving regions, resulting in the overall quality.

Ninassi et al. [220] propose a method with spatio-temporal tubes that span multiple
frames of the video, resulting in a spatio-temporal distortion map for each frame. Hence,
the influence of temporal variation on areas with high attention is weighed differently than
on those with less attention. The resulting distortion maps per frame is corrected with a
term representing the temporal gradient of the per frame distortion before being averaged
over all frames, resulting in an overall quality value.
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Barkowsky et al. [11] suggest within the TetraVQM framework a video quality metric that
uses spatial, frame-wise error estimation with PSNR or SSIM weighted with the temporal
visibility duration of each frame’s region derived over all previous frames, emulating the
tracking of objects by the test subjects in subjective testing. This results in representative
quality value per frame that are then average of all frames and combined with information
about frame freezes and skips, resulting in an overall quality value.

Reduced-reference metrics The Reduced Reference Entropic Differencing (RRED) im-
age quality metrics by Soundararajan and Bovik [302] uses the difference in the entropy of
the coefficients of a wavelet transformation between the reference and distorted images as
a quality measure, where the reference coefficients’ entropy represents the reduced refer-
ence information. This was extended by the authors to a video quality metric in [303] by
including additionally the entropy of the wavelet representation of the difference between
two consecutive frames, followed by an averaging over all frames.

Redi et al. [265] propose a image quality metric using statistical information about the
colour distribution in the reference as reduced reference information. It uses a combina-
tion of a support vector machine to classify the distortion and a circular back propagation
neural network to provide the quality estimation, where for each distortion type a separate
classifiers and estimator exists.

Le Callet et al. [172] present a video quality metric that uses frame differences classified
according to their severity, blurring and blocking as features. These features represent the
reduced reference information and are extracted from both reference and distorted video.
The features are then fed into a time delay neural network that takes into account the
preceding 5 s of the video for each frame. The neural network has been trained on MOSs
from a continuous quality evaluation with the SSCQE method, thus allowing the calibration
of the network for a continuous quality prediction. However, no overall pooling into a single
quality value is provided.

No-reference metrics Farias et al. [57] in their video quality metric firstly use a DCT on
each frame of the reference, followed by embedding a visually invisible watermark into the
DCT coeffcients. An inverse DCT is then applied and the resulting image with embedded
watermark is processed as usual, resulting in a distorted image. To assess the quality, a
DCT is performed on the frames of the distorted video and the watermark extracted from
the coefficients. The MSE between the watermark of the distorted video and the original
watermark calculated over all frames is then used as an indicator of the visual quality.
Note, that one could also classify this metric as a reduced-reference metric, but Farias
et al. argue that no additional data needs to be transmitted and the watermark embedding
can be part of the overall system.

Farias and Mitra [58] propose a video quality metric that determines blockiness, blurring
and noisiness for each frame, followed by averaging over all frames. The features are
differently weighed and combined with Minkowski summation.
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Table 3.6.: Compliance with the requirements in each category for various full-reference,
reduced-reference and no-reference metrics

Name Compliance Type
Temporal Reference Prediction Validation

Full-reference
You et al. [373] # ## #   VQ
Ninassi et al. [220]   ## # # VQ
TetraVQM-SSIM [11]   ## ## # VQ

Reduced-reference
RRED [302] ## # #   IQ
Video-RRED [303] # # ## # VQ
Redi et al. [265] ## # # # IQ
Le Callet et al. [172]   #   ## VQ

No-reference
Farias et al. [57] ##   # ## VQ
Farias and Mitra [58] #   # ## VQ
Yang et al. [370] #   ## # VQ
Chen and Bovik [42] ##   – # IQ
Kawayokeita and Horita
[135]

    # ## VQ

Gastaldo et al. [70] ##     # IQ
compliance level:   = full, # = acceptable, ##= insufficient; – = no information available

Yang et al. [370] identify in their video quality metric regions with high spatial complexity
by comparing the consistency of motion vectors in neighbouring blocks. Then the differ-
ence between the same region in the current and previous frame is determined both for
the unprocessed frame and a smoothed version of the frame, resulting in the overall spa-
tial distortion of the frame that is then weighted with the average motion vector length in
the frame to account for the temporal activity, resulting in the distortion of the frame. The
overall quality is then determined by averaging over all frames.

Chen and Bovik [42] use in their image quality metric a state vector machine (SVM) to
classify images either as blurred or sharp, and depending on the classification and confi-
dence of the classification assign define a different so-called coarse quality score. Using a
wavelet decomposition of the distorted images, a detail score based on the gradient is de-
termined in each sub-band. Depending on the sub-band, the detail score is then assigned
a different factor in the exponent and the overall blur value is calculated as the product of
all sub-bands’ detail scores and the coarse quality score.
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Kawayokeita and Horita [135] propose to use histograms for each frame describing the
difference between the distorted video and a version of the distorted video filtered with an
edge preserving filter. The histograms are then summed up for each frame, followed by
an averaging for all frames in a 0.5 s interval of the video, representing the quality of this
interval. Additionally, in a separate training the sum for each frame is used together with the
spatial and temporal information from the distorted frame to determine a correction factor
depending on these parameters. Following the application of the correction factor, the
quality for each 0.5 s interval is then mean filtered to remove high frequency fluctuations
in the prediction, resulting finally in a continuous quality prediction. However, no overall
pooling into a single quality value is provided.

Gastaldo et al. [70] suggest a no-reference image quality metric using six features de-
rived from the statistics of colour correlograms. Colour correlograms express how the
spatial correlation of colour pairs change with spatial distance. It then trains a circular
back propagation neural network with these features and corresponding MOSs, resulting
in prediction weights for predicting the quality.

Standardised full-reference video quality metrics One practical feature usually en-
countered in standardised full-reference video quality metrics metrics is the inclusion of
spatial and temporal alignment mechanisms, as in real-life scenarios it can not necessarily
be assumed that reference and distorted video are synchronous to each other.

ITU-T J.144 [116] suggests a set of four different video quality metrics: the first metric
in ITU-T J.144, Annex A or BTFR metric uses a combination of matched PSNR, PSNR
of a pyramidal decomposition, edge differences and a texture analysis based on turning
points for each frame, followed by an averaging over all frames. ITU-T J.144, Annex B
or the Yonsei metric uses edge detection in each frame, followed by the calculation of the
PSNR of the overall difference between the edges in the reference and distorted video in
the complete video, resulting in the overall quality that is additionally corrected for the blur
encountered in the distorted video. Therefore this method is sometimes also referred to as
EdgePSNR. ITU-T J.144, Annex C or the CPqD metric segments first the reference video
into edges, planes and texture, and additionally generates two degraded version of the
reference video by encoding with a MPEG-2 and MPEG-1 encoder. For each of the three
versions, the difference between the Sobel filtered representation of the reference and
distorted video is calculated in each frame and colour channel, and taking into account
the corresponding segment this results in a objective measures for each frame. These
objective measures are then used together with an impairment database to assign an
impairment level to each frame, before averaging over all frames. ITU-T J.144, Annex
D or the NTIA metric [366, 367], calculates spatial and temporal short-term luminance
gradients, representing the contrast, motion and activity, for both reference and distorted
video. The overall quality value is achieved by temporal pooling using 10% and 90%
percentiles that are representative of the worst transient quality for gains and losses in
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the video sequence. Depending on the context, different prediction models for different
applications can be chosen. Note, that ITU-R BT.1683 [103] is equivalent to ITU-T J.144.

ITU-T J.247 [119] suggests a set of four different video quality metrics: the first metric
in ITU-T J.247, Annex A or the NTT metric uses the average PSNR over all frames, the
minimum blockiness encountered in the distorted video, the moving energy of the blocks
as indicator for motion distortion and frame freeze length. Each feature is pooled over
all frames and then combined in an overall quality estimation. ITU-T J.247, Annex B or
the Opticom PEVQ metric first defines a a region of interest (ROI). Then the edgeiness
of reference and distorted video for each frame is determined, followed by assessing the
visibility of the edges with respect to the luminance and chrominance. Additionally, the
frame repetition and frame freeze length are determined for each frame. Each feature is
pooled over all frames and then combined in an overall quality estimation. ITU-T J.247,
Annex C or the Psytechnics metric is similar to the structure of the BTFR, but determines
for each frame also blocking and blurring, complemented by an indicator for frame freezes.
Each feature is pooled over all frames and then combined in an overall quality estimation.
ITU-T J.247, Annex D is similar to ITU-T J.144, Annex B. It determines the EdgePSNR
without correction for blur but with a correction for frame freezes. Additionally, the amount
of blocking and blurring is determined over the complete video sequence. All there features
are then combined in an overall quality estimation. Note, that ITU-R BT.1866 [105] is
equivalent to ITU-T J.247.

ITU-T J.341 [124] is aimed at HDTV and uses local similarity and the difference between
reference and distorted video in each frame combined with a jerkiness detection for each
frame. The overall quality is then gained by averaging over all frames.

ITU-R BT.1907 [111] is equivalent to ITU-T J.341 except that additionally the blockiness
of the distorted video is included in the spatial features besides local similarity and also the
difference between reference and distorted video.

Standardised reduced-reference video quality metrics ITU-T J.249 [123] suggests
a set of three different video quality metrics: the first metric in ITU-T J.249, Annex A is
a variation of ITU-T J.144, Annex B: edges are detected in a window spanning multiple
frames in both the reference and the distorted video. The edges found in the reference
represent the reduced reference information and after spatial and temporal registration
the corresponding edges found in the distorted video are used to determine the MSE
between edges in the reference and distorted video. The overall quality value is then
determined by averaging the MSE over all values adjusted by a weights taking into account
freezed frames, fast motion, blurring and blocking. ITU-T J.249, Annex B or the NEC metric
determines an activity value for the corresponding 16 × 16 blocks in both reference and
distorted video, representing the reduced reference information. The square error between
these activity values for each block is then weighed in order to take spatial frequency,
colour and scene changes into account. Then the PSNR of the average squared error
over of all blocks and frames is determined, followed by weighing of the PSNR with a factor
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Table 3.7.: Compliance with the requirements in each category for standardised full- and
reduced-reference metrics

Name Compliance Type
Temporal Reference Prediction Validation

Full-reference
ITU-T J.144, Annex A [116] ## ## ## # VQ
ITU-T J.144, Annex B [116] # ## # # VQ
ITU-T J.144, Annex C [116] ## ## # # VQ
ITU-T J.144, Annex D [116] # ##     VQ
ITU-T J.247, Annex A [119] ## ## ##   VQ
ITU-T J.247, Annex B [119] # ## ##   VQ
ITU-T J.247, Annex C [119] # ## ##   VQ
ITU-T J.247, Annex D [119] # ## ##   VQ
ITU-T J.341 [124] # ## #   VQ
ITU-R BT.1907 [111] # ## #   VQ
ITU-R BT.1908 [112] # ## ##   VQ

Reduced-reference
ITU-T J.246 [120] # # ##   VQ
ITU-T J.249, Annex A [123] # #   # VQ
ITU-T J.249, Annex B [123] ## # ## # VQ
ITU-T J.249, Annex C [123] # # #   VQ
ITU-T J.342 [125] # # ##   VQ
compliance level:   = full, # = acceptable, ##= insufficient; – = no information available

for average blockiness and impairment, resulting in the final quality. ITU-T J.249, Annex C
represents a derivation of the NTIA metric with a focus on providing low bandwidth reduced
reference information. Therefore only a subset of all in the NTIA metric available features
are used in order to minimise the overhead due to the reduced reference information. The
individual features are pooled temporally with Minkowski summation.

ITU-T J.246 [120] is similar to ITU-T J.144, Annex B, but only a correction for frame
freezes is applied on the computed EdgePSNR. Note, that ITU-R BT.1867 [106] is equiva-
lent to ITU-T J.246.

ITU-T J.342 [125] aimed at HDTV is similar to ITU-T J.249, Annex A, but the correction
term only represents the average blocking encountered in the distorted video.

ITU-R BT.1908 [112] is similar to ITU-T J.249, Annex A, but the correction term only
represents the average blocking encountered in the distorted video and freezed frames.
Additionally, also a correction for transmission errors is introduced into the overall quality
value.
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Pooling for image quality metrics Although the assumption is made in this review that
image quality metrics are applied frame-by-frame, followed by an averaging over all frames,
other pooling option are possible in order to extend image quality metrics to video.

Rimac-Drlje et al. [270] compared different pooling methods for different image quality
metrics and suggest Minkowski summation over all frames, but results by You et al. [372,
374] indicate that Minkowski summation does not provide any advantage compared to
simple averaging.

Park et al. [237, 238] proposed a modification of simple averaging for frame-based qual-
ity metrics by first assigning each frame to a group with high or low quality based on the
results of the frame-based metric for each frame and k -means clustering, then defining
weights for each group based on the average quality in this group, followed by averaging
over the weighted frames. Alternatively, Lee et al. [177] suggests to use the i-th percentile
of the lowest quality and its compliment to assign the frames to different quality groups.

3.3.3. Bitstream-based

Bitstream-based metrics are specifically defined for certain coding technologies and are
therefore grouped according to coding technology in this section.

DCT coefficients Bitstream-based in this context address all coding technologies that
utilise the DCT.

Watson [342] proposed the full-reference image quality metric DCTune that uses the
spatial-frequency decomposition of the DCT and weighs the difference in the DCT coeffi-
cients between reference and distorted image with luminance and contrast masking.

Brandão and Queluz [22] suggest a no-reference image quality metric using an esti-
mation of the coefficients in the DCT representation of the reference, based only on the
quantised coefficients in the distorted image. In order to achieve this, the parameters of
the DCT coefficients distribution in the reference are estimated by taking into account the
correlations between the neighbouring frequencies in the distorted image’s DCT decom-
position. It then uses this distribution to estimate the absolute error for each coefficient
between its original and quantised version. After weighing the error depending on a just
noticeable difference threshold, the weighed errors are pooled over all blocks using a mod-
ified L4 norm.

H.264/AVC Because the focus in this thesis is on the quality prediction of distorted video
caused by encoding and not by transmission errors, H.264/AVC bitstream-based metrics
that utilise error statistics in their predition model e.g. [7, 8, 217, 263, 306, 307, 369, 370]
are not considered in this section. Similarly, as PSNR itself can not be considered a quality
metric, methods estimating the PSNR from the bitstream e.g. [50, 216, 297] are also not
included.
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Table 3.8.: Compliance with the requirements in each category for bitstream-based metrics

Name Compliance Type
Temporal Reference Prediction Validation

DCT coefficients
DCTune [342] ## ## – – IQ
Brandão and Queluz [22] ##     # IQ

H.264/AVC
Brandão et al. [25] #     # VQ
Brandão and Queluz [23] #     # VQ
Brandão and Queluz [24] #     # VQ
Sugimoto et al. [314] #     # VQ
Sugimoto and Naito [313] #     # VQ
Lee et al. [178] #   # # VQ
compliance level:   = full, # = acceptable, ##= insufficient; – = no information available

Brandão et al. [25] propose a no-reference metric that uses the bit rate, an error esti-
mation based on quantisation noise of the distorted video and spatial and temporal activity
as suggested in ITU-T P.910 and the activities’ variances, where the last three features
require the decoding of the bitstream. The features are then combined in the quality pre-
diction using weights determined in a training.

Brandão and Queluz [23] suggest a no-reference metric that uses for each frame a
block-wise error estimation based on the quantisation noise of the distorted video, weighed
with a spatio-temporal contrast sensitivity function derived from the frame rate and motion
vector directions. The overall quality is then gained by applying the L4 norm over all frames.
This approach was extended by the authors in [24], using a coefficient distribution model for
the error estimation of the quantisation noise and an additional weighing of the distributions
parameter in order to take the correlations between neighbouring coefficients into account,
where the weights are determined in a training.

Sugimoto et al. [314] proposes a hybrid no-reference metric combining bitstream-based
feature with pixel-based features from the decoded bitstream. For the pixel-based fea-
tures, the metric uses the average blockiness and flickering determined over all frames
in the sequence, and as a bitstream-based feature it uses the average quantiser scale
determined over all frames in the sequence. These three features are then combined in
a overall qualiy value with Minkowski summation. This approach was refined to a pure
bitstream-based metric by Sugimoto and Naito [313], where the blockiness is now deter-
mined with the difference of the transform coefficients between neighbouring macroblocks
and flickering is approximated by the power of a macroblock’s coefficients divided by the
interval to the macroblock’s reference frame, where the fact is used that the coeffienctes
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represent the residual of the not modelled motion in relation to the macroblock’s reference
frame.

Lee et al. [178] use bitrate, quantisation point and the properties of macroblocks in their
no-reference metric. Based on the macroblocks’ properties and locations, a boundary
strength is determined and classified into four categories. The overall quality is then de-
termine by combining the average bitrate and quantisation points over all frames with the
frequency of occurrence of the different boundary strength categories in a linear model.

3.3.4. Summary of the state-of-the-art

The evaluation of the state-of-the-art with respect to the requirements in this thesis can be
summarised as following:

Temporal pooling Most metrics reviewed are image quality metrics and therefore due to
the assumption of averaging for temporal pooling of the individual frames’ do not consider
the temporal dimension sufficiently.

Considering only quality metrics designed specifically as video quality metrics, most
metrics account for the temporal nature of video by using more sophisticated pooling
methods as Minkowski summation [21, 58, 183, 343, 349, 353, 354] or percentile pool-
ing [27, 116, 190]. Some also include frames in a small interval around the current frame
into the prediction [21, 183, 282] or use the differences to the preceding frame in the pre-
diction [78, 212, 224, 227, 228, 232, 277, 341, 370, 373].

Only a small subset of all reviewed metrics consider the temporal dimension of video
without any significant temporal pooling or at least consider relatively large interval of a
few seconds [11, 135, 172, 203, 220, 332], but two of these metrics aim at providing
continuous quality predictions and therefore provide no overall quality prediction [172, 203].

Reference availability Although we can observe a trend to no-reference metrics in im-
age quality metrics e.g. [206, 208, 213, 278, 279], the majority of image quality metrics are
still full-reference or reduced-reference metrics.

Similarly, most pixel-based video quality metrics are still full-reference or reduced-
reference metrics and only a small subset consists of no-reference metrics exits [57, 58,
70, 135, 224, 370]. Note that there is no standardised pixel-based no-reference video
quality metrics available, yet. In contrast, nearly all bitstream-based video quality metrics
are no-reference metrics [23–25, 178, 313, 314].

Prediction performance Image quality metrics often achieve a high prediction perfor-
mance with rP ≥ 0.90, contrary to the pixel-based video quality metrics, where only a
small number reach this goal [27, 70, 172, 190, 232, 277, 341]
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Bitstream-based video quality metrics are less universal, but due to the focus on a spe-
cific technology nearly all of these metrics are able to achieve a prediction performance of
rP ≥ 0.90 [23–25, 313, 314].

Validation Validation is mostly limited to a single data set and only a small number of
quality metrics are validated with multiple datasets [218, 232, 279, 302, 340, 373]. One
advantage of standardised video quality metrics in this context is their comprehensive
validation during the standardisation process.

Overall assessment Considering all the discussed metrics, we can notice that even
tough many metrics fulfil two or even more of the criteria extremely well, no metric fulfils all
our four requirements completely. In particular, even though the requirements with respect
to the prediction performance and reference availability are met by both natural-scene-
statistics-based image quality metrics [206, 208, 213, 278, 279] and bitstream-based video
quality metrics [23–25, 313, 314], either some form of temporal pooling is applied and/or
the validation is not comprehensive enough.
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During the design of video quality metrics often very specific relationships between the
objectively measurable features and the subjectively perceived quality are assumed. In
doing so, however, two problems can arise: on the one hand the assumptions about the
influence of the chosen features may be wrong, but on the other hand possible features
may also be excluded beforehand even tough they provide in fact a significant contribution
to the video quality. The danger is that this may not even be obvious, as there is no need
to look beyond the predefined model based on the a-priori assumptions chosen before the
design process started. Potential improvements based on either the excluded features or
on an adjustment of the included features’ influence might therefore neither be noticed,
nor implemented. This leads to video quality metrics that are not utilising all available
information for the quality prediction.

Data analysis provides a different approach. Instead of using any assumptions, we anal-
yse the data without bias in a purely data driven approach. In the context of video quality
metrics, the data consists of the objective features and subjective quality of the video se-
quences. The interactions between features and quality emerge during the analysis and
are then used to build prediction models in order to estimate the subjective visual quality
from the objective features.

In this chapter, I present the data analysis approach to model building and discuss
how it can be used to design video quality metrics. After a general introduction into the
data analysis approach and its application to the design of video quality metrics, I briefly
introduce the used notation and the necessary preprocessing of the data. This chapter
and the following chapters in this part of the thesis are mainly based on the contributions
by Martens and Næs [197], Smilde et al. [298] and Bro [28].

4.1. Data analysis in the design of video quality metrics

Video quality estimation is not the only application area in which we want to quantify some-
thing that is not directly accessible for measurement. Similar problems often occur in
chemistry and related research areas. In food science, for example, researchers face a
comparable problem: they want to quantify the taste of samples, but taste is not directly
measurable. The classic example is about the determination of the perfect mixture for hot
chocolate that tastes best. One can measure milk, sugar or cocoa content, but there is not
an a-priori physical model that allows us to define the resulting taste. To solve this problem,
a data driven approach is applied, i.e. instead of making explicit assumptions of the overall
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system and relationship between the dependent variable, e.g. taste and the influencing
variables e.g. milk, sugar and cocoa, the input and output variable are analysed. In this
way we obtain models purely via the analysis of the data. In chemistry, this is known as
chemometrics and has been applied successfully to many problems in this field for the last
three decades. It provides a powerful tool to tackle the analysis and prediction of systems
that are understood only to a limited degree and a good introduction into chemometrics
can be found in Martens and Martens [195].

Applying data analysis to video quality, we consider the HVS as a black box and there-
fore do not assume a complete understanding of it. The input corresponds to features
representing properties of the video that can be measured objectively, and the output of
the box to the perceived visual quality obtained in subjective tests. While this is similar to
the engineering approach described in the previous chapter, an important difference is that
we do not make any assumption about the relationship between the features themselves,
but also not about how they are combined into a quality value.

In general, we should not limit the number of selected features unnecessarily. As we do
not have a complete understanding of the underlying system, it can be fatal if we exclude
some features before conducting any analysis, because we consider them to be irrelevant.
On the other hand, data that can be objectively extracted, like the features in our case,
is usually cheap or in any case less expensive to generate than subjective data gained in
tests. If some features are irrelevant to the quality, we will find out during the analysis. Of
course it is only sensible to select features that have some verified or at least some sus-
pected relation to the human perception of visual quality. For example, we could measure
the room temperature, but it is highly unlikely that room temperature has any influence in
our case.

The data analysis approach can therefore be considered as soft modelling [197]: the aim
is to understand the system, in our case the relationship between video sequences’ prop-
erties and visual quality within the HVS, by observing the interdependencies that emerge
during the analysis. Hence, this approach is open-ended, as unexpected phenomena that
emerge during the analysis can be considered in the design of the model. This leads to
a pragmatic model that describes the interdependencies of the data as well as possible,
without the need for a complete causal model of the system beforehand. In contrast, the
hard modelling starts from a well defined, but possibly incomplete causal model. Espe-
cially if the overall system, as in our case the HVS, is not completely understood, this can
be dangerous as it looks the mind into possibly inadequate explanations [197]. One could
argue, that data fitting, which is often used on the prediction results of video quality metrics
in performance comparisons, is a consequence of the hard modelling: the model does not
predict the data well enough, but instead of revisiting the assumptions beneath the model,
the prediction results are fitted to the current data in order to improve the prediction per-
formance of the video quality metric. For a more detailed discussion about the differences
and benefits of soft and hard modelling, I follow the suggestion by Martens and Næs [197]
and refer to Box et al. [19].
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Figure 4.1.: Overview of model building with the data analysis approach: subjective testing and
feature extraction for each video sequence

Describing the data analysis approach more formally and neglecting the temporal nature
of video for simplicity, we firstly extract M features for each the N different video sequences,
resulting in a 1 × M row vector x. Thus we arrive at an N × M matrix X, where each row
describes a different sequence or sample and each column describes a different feature.
Secondly, we generate a subjective quality value for each of the N sequences by subjective
testing and get an N × 1 column vector y that will represent our ground truth. Based on
this dataset, a model can be generated to explain the subjectively perceived quality with
objectively measurable features. Our aim is now to find an M × 1 column vector b that
relates the features in X to our ground truth in y or provides the weights for each feature
to get the corresponding visual quality or described more formally, we want to solve the
equation

y = Xb (4.1.1)

for b. The basic model building or fitting process is illustrated in Fig. 4.1. This process
is called calibration or training of the model, and the used sequences are the calibration
or training set. We can then use b to also predict the quality of new, previously unknown
sequences. The benefit of using this approach is that we are able to combine totally
different features into one metric without knowing their proportional contribution to the
overall perception of quality beforehand. The prediction performance is usually validated
with sequences not used in the calibration, but with known visual quality. The calibration
itself can be performed with different data analysis methods and the methods used in this
thesis are discussed in Chapter 5 and Chapter 6.
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Figure 4.2.: Notation used in this thesis for scalars and different n-way arrays: scalars or zero-way
arrays, vectors or one-way arrays, matrices or two-way arrays and three-way arrays (from left to
right). The circle denotes an individual element of each array (derived from [298])

4.2. Preliminaries

This section discusses two issues that need to be addressed before the data analysis
itself can be performed. Firstly, I discuss the notation that was briefly introduced in the
previous section in detail. The aim is to provide a notation, that allows the unambiguous
description of video sequences and their corresponding features. Secondly, the necessary
preprocessing of the data is discussed.

4.2.1. Notation

In this thesis, the following notation is used: scalars are denoted as lower-case italic letters,
e.g. a, vectors as lower-case bold letters, e.g. a, matrices as upper-case bold letters, e.g.
A, and multi-way arrays as underlined upper-case bold letters, e.g. A. Estimations of
variables are denoted by a circumflex above the variable, e.g. â denotes a as estimated
by a model. Multi-way arrays, often also called tensors, can be considered as extensions
of the matrix concept into a higher dimensional space: whereas a matrix represents a
two-dimensional space, a multi-way array represents an n-dimensional space, with n > 2,
e.g. a three-way array with n = 3 is representing a three dimensional space in the form of
a cube or rectangular cuboid. Using the concept of multi-way arrays more in general as
n-way arrays, we can also consider matrices as two-way arrays, vectors as one-way arrays
and scalars as zero-way arrays for n = 2, n = 1 and n = 0, respectively.

The different ways are called modes, e.g. a three-way array has three modes, mode-1
to mode-3, corresponding to its three indices. Fig. 4.2 illustrates the used notation and the
concept of multi-way arrays for the three-way case: shown are a scalar a ∈ R, a vector
a ∈ RI , a two-way array A ∈ RI×J and a three-way array A ∈ RI×J×K , where I, J, K

60



4.2. Preliminaries

column (mode-1) fibre row (mode-2)  fibre tube (mode-3) fibre
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Figure 4.3.: Fibres and slices of a three-way array: examples for a three-way array A ∈ R3×3×3

(derived from [45])

denote the dimensionality of each mode and it is assumed without loss of generality that
the elements of the n-way arrays are real-valued. For two-way arrays, row and column
vectors are differentiated by their definition as a ∈ R1×J and a ∈ RI×1, respectively. The
individual elements of the n-way arrays shown in Fig. 4.2 on the preceding page can be
expressed for one-way and two-way arrays as following: for a column vector a ∈ RI×1,
ai denotes the i-th entry in a, where i ∈ N and i = 1, ... , I. Similarly, for a two-way array
A ∈ RI×J , aij denotes the (i , j)-th element of A, where i = 1, ... , I and j = 1, ... , J with
i , j ∈ N. Additionally, ai and aj denote the i-th row and j-th column of A, respectively.

In order to address the elements of multi-way arrays appropriately, the concepts of rows
and columns need to be generalized to n-mode fibres, where each fibre is a one-way
array. As illustrated in Fig. 4.3 for three-way arrays, mode-1 and mode-2 fibres correspond
to columns and rows in a matrix. Additionally, the three-way array has mode-3 fibres or
tubes, that represent vectors in the direction of the third mode. Often it is useful to segment
a multi-way array into two-way arrays in order to apply methods and algorithms for matrices
to multi-way data. Therefore the one-way array fibre concept is extended to the two-way
array with the slice concept as shown in Fig. 4.3 for three-way arrays. We can distinguish
between mode-1 or horizontal slices, mode-2 or lateral slices and mode-3 or frontal slices.

Similar to the notation for two-way arrays, aijk denotes the (i , j , k )-th element in a three-
way array A ∈ RI×J×K , where i = 1, ... , I, j = 1, ... , J and k = 1, ... , K , with i , j , k ∈ N.
Considering the different fibres in A, ajk denotes the (j , k )-th column with ajk ∈ RI , aik
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Figure 4.4.: Unfolding of a three-way array A ∈ RI×J×K into a two-way array by concatenating
frontal, lateral and horizontal slices (derived from [298])

the (i , k )-th row with aik ∈ RJ , and aij denotes the (i , j)-th tube with aij ∈ RK . The i-th
horizontal slice of A is denoted as Ai with Ai ∈ RJ×K , the j-th lateral slice as Aj with
Aj ∈ RI×K , and the k -th frontal slice as Ak with Ak ∈ RI×J . Possible ambiguities are
avoided by providing the context in the text where necessary.

Slices can be used to matricise, flatten or unfold the three-way array A into a two-way
array by concatenating the slices of A into one matrix A. In general, there are multiple
ways to arrange the slices into a two-way array and the order of the fibres of A in the
unfolded matrix A is not unique. Following the definition proposed by Kolda and Bader
[155], in this thesis the mode-n unfolding of A is defined as the rearrangement of the mode-
n fibres of A into the columns of the unfolded matrix A. Hence, the mode-1 unfolding of
A leads to AI×JK ∈ RI×JK , the mode-2 unfolding to AJ×IK ∈ RJ×IK and the mode-3
unfolding to AK×IJ ∈ RK×IJ as shown in Fig. 4.4. For the mode-1, mode-2 and mode-3
unfolding, the frontal slices Ak ∈ RI×J , the transposed frontal slices A>k ∈ RJ×I , and the
transposed lateral slices A>j ∈ RK×I are used, respectively. The unfolded modes and their
corresponding variables are also refereed to as slow or fast, depending on how fast the
index of the mode is incremented e.g. for the mode-1 unfolding, i and j are considered to be
fast and k to be slow, as k is only incremented after every J-th column. In the context of this
thesis, unfolding will usually been performed along the first mode, if not stated otherwise.
The definition by Kolda and Bader [155] does not utilise the horizontal slices Ai of A, but an
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alternative mode-3 unfolding can be defined by permutating the indices of AK×IJ , leading
to AK×JI ∈ RK×JI , consisting of the transposed horizontal slices A>i ∈ RJ×K .

The presented notation for three-way arrays can be extended straightforwardly to multi-
way arrays in general and I refer to Cichocki et al. [45] for a further discussion on the
notation of n-way arrays with n > 3.

Using this notation, a video sequence consisting of T frames with a spatial resolution
of U × V pixel, can be described as a three-way array S ∈ RU×V×T , where we assume
that the pixels are real-valued. Each frame can then be considered as the frontal slice
St of S with St ∈ RU×V and suv representing the individual pixels of St . Assuming we
have N different videos sequences, the set of all sequences is denoted as S with S =
{S1, · · · , SN} and |S| = N, the set of calibration sequences as SC and the set of validation
sequences as SV . Note, that we assumed in the above definition of S that all colour
information for a pixel suv can be expressed by one real value. Even tough this is generally
not done, and each colour component is usually considered separately that would require
us to define S as a four-way array S ∈ RU×V×T×C with an additional colour mode C, I use
for simplicity the definition of video as a three-way array in this thesis.

We are, however, not interested in the video sequence itself, but rather in objective
features describing its properties. We therefore extract for each frame St different features,
resulting in a feature row vector xt ∈ R1×M , where M represents the total number of
extracted features and xm the m-th feature in xt . Assuming the calibration set SC consists
of all N different video sequences S and therefore SC = S, we can concatenate the feature
vectors xt of the t-th frame of each sequence into a feature matrix Xt ∈ RN×M , where
the n-th row in the feature slice Xt corresponds to the feature row vector xnt of the t-th
frame of the n-th video sequence in the calibration set. Each feature matrix Xt can then
be considered as the t-th frontal feature slice of the three-way feature array X ∈ RN×M×T ,
that represents the M features of the N video sequences S in the calibration set SC for all
T frames. Also each horizontal feature slice Xn ∈ RM×T of X describes the features for all
frames of a video sequence S, thus providing a complete representation of S in the feature
domain. If necessary, the features may be pooled along the temporal dimension t , resulting
in a matrix X ∈ RN×M , where each row x represents the feature vectors xt pooled over all
frames T . In addition to the objective features, the column vector y ∈ RN×1 represents the
visual quality of each of the N video sequences that was gained in subjective testing and
the corresponding quality predictions for the N video sequences are denoted by the column
vector ŷ ∈ RN×1. Fig. 4.5 on the next page illustrates the notation for the video sequences,
the corresponding features and the visual quality. Note, that in practical implementations,
both the pixels suv and the extracted features xm of a video sequence’s frame can usually
be represented by floating point variables, justifying the assumption that both the pixels
and the features are real-valued.

As an alternative to the notation discussed so far, a MATLAB-like notation can be used:
the element ai of a vector a is denoted as a(i), the element aij of a two-way array A as
A(i , j), and the i-th row and j-th column of A as A(i , :) and A(:, j), respectively. For a three-
way array A, an element aijk is denoted as A(i , j , k ). The (j , k )-th column, the (i , k )-th
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Figure 4.5.: Using the presented notation to describe video sequences S, their corresponding
features X and the visual quality y
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row and the (i , j)-th tube of A are denoted as A(:, j , k ), A(i , :, k ) and A(i , j , :), respectively.
Similarly, the i-th horizontal, the j-th lateral and the k -th frontal slice are denoted as A(i , :, :),
A(:, j , :) and A(:, :, k ), respectively. The indices of this MATLAB-like notation can also be
moved from the parentheses into the subscript as proposed by Cichocki et al. in [45], e.g.
the k -th frontal slice is then denoted as A::k . Even though the MATLAB-like notation has the
advantage of avoiding any ambiguities per definition, it can be cumbersome, thus reducing
the clarity in equations and is therefore avoided as much as possible in this thesis. Kolda
and Bader [155] also propose an alternative notation for the mode-1, mode-2 and mode-3
unfolding as A(1),A(2) and A(3) , respectively. Although more compact, it is, however, not as
illustrative as the notation used in this thesis.

Although the aim in this thesis is to name each variable as unambiguously as possible,
the use of well established notations from literature for certain methods or algorithms may
cause ambiguities in some parts of this thesis. Where necessary, I clarify such ambiguities
in the corresponding text.

4.2.2. Preprocessing of the data

Before we can perform the data analysis on the extracted features and the subjective visual
quality, the data needs to be preprocessed. Often the data contains a constant offset
and the individual features may exhibit different variance due the used scales or noise.
Both offset and different variance, however, may influence the model building negatively,
leading to models with reduced prediction performance. These two issues can be handled
by centring and scaling of the data in a preprocessing step. Considering multi-way arrays
in general, the centring and scaling can be performed on different modes of the array.

Centring describes the removal of any existing constant offset across a selected mode
by subtracting the mean over all fibres of the selected mode from each individual fibre of
the selected mode in the data. Hence, the structure of the data is changed by the offset
removal. Although there are other definitions of centring in literature, centring refers always
to mean-centring in this thesis. Based on the statement by Harshman and Lundy [83] that
often subjective reasons are provided for performing centring, Smilde et al. [298] propose
that centring can objectively be justified if centring makes a difference in the model by
reducing the rank of the (component) model, an increased fit to the data or by avoiding nu-
merical problems. Hence, centring should only be performed on the condition that offsets
are present in the data and that the removal of the offsets leads to an improvement.

Scaling is the transformation of the fibres within a selected mode by multiplying all fibres
within the selected mode by a certain weight. It does not change the structure of the data
itself, but rather changes the importance of certain parts of the data in the model fitting.
As data analysis methods often assume that a feature with a larger variance is more im-
portant, problems can arise if the large variance of a certain features is not caused by the
features’ influence itself, but rather by noise or by the use of a different scale compared
to other features used in the model building. In practice, scaling usually aims to reduce
the influence of different scales and the features are therefore standardised to unit vari-
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ance. This is also the definition of scaling used in this thesis. Alternatively, a scaling to
similar noise levels can be performed, if further information about the features’ noise is
available [197]. Similar to centring, scaling to unit variance should only be done if it leads
to an improved model. If the features are nearly constant and therefore exhibit only a very
small variance, the scaling will increase the magnitude of the features significantly. Espe-
cially if this small variation is only caused by noise, the scaling will consequently lead to a
disproportional influence of the noise in the model [195, 362].

Scaling and centring can be performed on any mode of a multi-way array. Often the
centring is performed across the first mode and scaling within the second mode. This
combination of mode-1 centring and mode-2 scaling is also referred to as autoscaling. It
aims at removing the offset from the first mode that represents the samples and at scaling
the features within the second mode to unit variance. Centring and scaling, however,
are not independent from each other [15]: centring across one mode has an influence
on the scaling within all modes unless the scaling is to unit variance, whereas scaling
within one mode only influences the centring across the same mode. Therefore centring is
usually performed before scaling. In addition, centring across and scaling within the same
mode will generally not retain the desired properties of the individual operations [32]. The
notation of scaling within and centring across is motivated by Smilde et al. in [298] by the
fact that for scaling all elements within the selected mode are multiplied by the same scalar
and for centring the same offset is subtracted from all elements across the selected mode.

Considering the three-way feature array X with its three modes, the first mode represents
the different video sequences corresponding to the different samples, the second mode
the extracted features and the third mode the different frames of the video sequences. As-
suming that the extracted features include an offset for all video sequences and that the
magnitude of the different features vary, autoscaling is a suitable preprocessing. Although
we could also perform a mode-3 scaling along the temporal mode, the variation of the fea-
tures along the temporal mode will be within the same variance after the mode-2 scaling,
as we extract the same features for all frames of the video sequences. If the three-way fea-
ture array X is pooled along its temporal mode into a two-way feature array X, autoscaling
is also applied to X after the pooling operation.

Preprocessing of two-way arrays For a two-way feature array X, the mode-1 centring
can be described for each element xnm as

xnm = xnm −
1
N

N∑
n=1

xnm, (4.2.1)
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where xnm describes an element of the centred feature matrix X. With x ∈ RM×1 as the
vector containing the average of the m-th column in the in its m-th element

x =
1
N

N∑
n=1

X, (4.2.2)

and 1 ∈ RN×1 a vector of ones, the centring of X and the resulting centred featured matrix
X can be expressed as

X = X− 1x>. (4.2.3)

The mode-2 scaling of the two-way feature array X to unit variance for each element xnm

of X of is given as

znm = xnm
1√

1
N−1

∑N
n=1(xnm − xnm)2

, (4.2.4)

where znm describes an element of the scaled feature matrix Z. With w ∈ RM×1 as the
vector containing the inverse sample standard deviation of the m-th column in its m-th
element wm

wm =
1√

1
N−1

∑N
n=1(xnm − xnm)2

(4.2.5)

and the diagonal matrix W ∈ RM×M

W = IMw, (4.2.6)

where the m-th diagonal element corresponds to the inverse sample standard deviation of
the m-th column and we used the identity matrix IM ∈ RM×M , the mode-2 scaling can be
expressed as

Z = XW. (4.2.7)

Preprocessing of three-way arrays Extending centring and scaling from two-way ar-
rays to three-way arrays, the mode-1 centring for the three-way feature array X can be
described for each element xnmt as

xnmt = xnmt −
1
N

N∑
n=1

xnmt , (4.2.8)

where xnmt describes an element of the centred feature matrix X. With M ∈ RM×T as the
matrix containing the average of the (m, t)-th column of X in the in its (m, t)-th element

M =
1
N

N∑
n=1

X, (4.2.9)
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Figure 4.6.: Preprocessing of the three-way feature array X: mode-1 centring and mode-2 scaling

and 1 ∈ RN×1 a vector of ones, the centring of X and the resulting centred featured matrix
X can be written as

X = X− 1 ◦M, (4.2.10)

Note, that instead of subtracting a vector of column averages as in the two-way case,
we subtract a matrix of column averages for three-way arrays. Alternatively, the mode-1
centring of the three-way X can be done by first performing the mode-1 unfolding of X into
XN×MT and then applying the mode-1 centring for two-way arrays as described before [32].
We can therefore also write (4.2.10) as

XN×MT = XN×MT − 1x>N×MT , (4.2.11)

where xN×MT ∈ RMT×1 is a vector containing the average of the mt-th column in its mt-th
element, that can be determined in the same way as in (4.2.2).

Similar as for two-way arrays, the mode-2 scaling of the three-way feature array X to unit
variance for each element xnmt of X is given as

znmt = xnmt
1√

1
(N−1)(T−1)

∑N
n=1

∑T
t=1(xnmt − xnmt )2

, (4.2.12)

where znmt describes an element of the scaled feature array Z. With w ∈ RM×1 as the
vector containing the inverse sample standard deviation of the m-th lateral slice Xm in its
m-th element wm

wm =
1√

1
(N−1)(T−1)

∑N
n=1

∑T
t=1(xnmt − xnmt )2

(4.2.13)

we can define the diagonal matrix W ∈ RM×M

W = IMw, (4.2.14)
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where the m-th diagonal element corresponds to the inverse sample standard deviation of
the m-th lateral slice. After unfolding X along the second mode into XM×NT , the mode-2
scaling of X can then be expressed as

ZM×NT = WXM×NT , (4.2.15)

where ZM×NT can easily be rearranged back into the scaled three-way feature array Z. By
using the mode-2 product ×2, we can rewrite (4.2.15) without unfolding as [155]

Z = X×2 W. (4.2.16)

Both the mode-1 centring and the mode-2 scaling of the three-way feature array X are
illustrated in Fig. 4.6 on the facing page.

Similarly to the features, also the visual quality vector y needs to be preprocessed. As
y is a one-way array, representing only one variable and is therefore univariate, scaling is
not necessary and only mode-1 centring in order to remove any offset is performed. For
each sequences’ visual quality yn the centred visual quality yn can be expressed as

yn = yn −
1
N

N∑
n=1

yn, (4.2.17)

and with y as the average visual quality of all sequences as

y =
1
N

N∑
n=1

yn, (4.2.18)

we can write the mode-1 centring of y as

y = y− 1y , (4.2.19)

where 1 ∈ RN×1 is again a vector of ones.
If not stated otherwise, the feature arrays X and X are assumed to be mode-1 mean

centred and mode-2 scaled to standard deviation, and the subjective quality vector y is
assumed to be mode-1 mean centred in this thesis. For a more detailed discussion on
centring and scaling in general, but especially in the context of multi-way analysis, I refer
to Bro and Smilde [32] and in Smilde et al. [298].
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In the design of video quality metrics, so far mostly (linear) two-way data analysis methods
have been applied to two-way feature arrays, generated from the three-way feature arrays
by temporal pooling. I provide therefore in this chapter an overview of these methods by
discussing different two-way data analysis methods and their corresponding regression
models: the multiple linear regression, principal component regression and partial least
squares regression. Additionally, the temporal pooling that is necessary to prepare the
features for the application of these methods is discussed in detail.

5.1. Temporal pooling

Before two-way data analysis methods can be applied to the extracted features and the
subjective visual quality, we need to generate a two-way feature array X from the originally
extracted three-way feature array X, where each frontal slice Xt represents the features
of the t-th frame St of the video sequence Sn in SC . The aim is to map the temporal
variation within each feature of a video sequence into a single value xnm by applying an
appropriate pooling function fP : RN×M×T → RN×M , fp(X) = X, that captures the variation
over time sufficiently well. This process is called temporal pooling as it is performed along
the temporal dimension of X as illustrated in Fig. 5.1 on the next page. Note that the
preprocessing as described in the previous chapter is performed after the temporal pooling
i.e. on the two-way array X instead of the three-way array X.

In the context of visual quality metrics, the most commonly used pooling function is the
averaging by calculating the arithmetic mean of the features over all T frames

X = fP (X) = mean
T

(X) =
1
T

T∑
t=1

X, (5.1.1)

where each element xnm of X is given by

xnm =
1
T

T∑
t=1

xnmt . (5.1.2)

Other pooling functions aim to capture different statistical properties of the temporal vari-
ation of the features and are applied similar to the arithmetic mean in (5.1.1): the median,
standard deviation, minimum, maximum, 10%-percentile and 90%-percentile [367]. Some-
times a combination of these pooling function is used for each feature i.e. for each feature
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5. Two-way Data Analysis

Figure 5.1.: Temporal pooling of the three-way feature array X consisting of T feature vectors xt for
each of the N video sequence Sn with a pooling function fP , resulting in a two-way feature array X,
where each row xn represents the pooled features of one sequence

multiple statistical properties of its temporal variation are included in the two-way feature
array X as additional columns xm, leading to a larger two-feature array Xp ∈ RN×P with
P > M. In my previous contributions [143, 145], I used these additional simple statistical
functions to increase the prediction performance compared to averaging over all frames
as in (5.1.1) of both pixel- and bitstream-based no reference video quality metrics built
with two-way data analysis methods. The statistical functions capturing the temporal vari-
ation the best, however, are depending very strongly on the individual features as shown
in [143, 145]. Hence, it is not possible to select a general set of statistical pooling func-
tions, but rather they need to be selected depending on the actual features. As this thesis
aims to cover the design of video quality metrics in a more general approach, I therefore
consider only temporal pooling by averaging over all frames T in this thesis, even though
simple averaging may not be the optimal temporal pooling strategy.

Another popular pooling function is the application of the normalised Lp norm to X along
the temporal dimension over all frames, where each element xnm of the pooled feature
array X is expressed as

xnm =
1
T

( T∑
t=1

xnmt
p
)1/p

, (5.1.3)

with p usually between p = 2 and p = 5. Especially for temporal pooling, Winkler [354] sug-
gests to use p = 4. The normalised Lp norm is usually referred to as Minkowski summation
in the research community on vision. The use of the Lp norm was first proposed by Quick
[262] and was motivated by its adequate description of the probability summation process
of different detection channels in the HVS. Since then, it has been frequently used for both
spatial and temporal pooling in contributions to video quality metrics, e.g. by de Ridder
[269], Watson et al. [343], Winkler [354]. You et al. [372], however, recently suggested that
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while Minkowski summation is suitable for spatial pooling, it may not be an appropriate
pooling scheme for temporal pooling.

5.2. Multiple linear regression (MLR)

The classic approach to two-way array data analysis is the univariate multiple linear re-
gression (MLR). Multiple denotes that more than one independent variable is used in the
regression i.e. m > 1 and X is therefore a two-way array, whereas univariate denotes that
the dependent variable is a vector and not a two-way array.

Considering the desired linear model between the two-way feature array X ∈ RN×M and
the subjective visual quality vector y ∈ RN×1, representing the sequences in the calibration
set SC

y = Xb, (5.2.1)

where b ∈ RM×1 represents the vector of weights for the individual features, the easiest
way to solve the equation for b would be to multiply y with the inverse X−1 and thus

b = X−1y. (5.2.2)

Obviously, X must be square and non-singular, for X−1 to exist. We can, however, neither
assume that X is square, as usually n 6= m, nor that X is non-singular, as as we can not
assume that columns of X representing the different features are linearly independent and
therefore X would be singular.

The weight vector b is therefore replaced by its least square estimator b̂, that solves the
least squares problem of minimising the least squares error between y and the model of y
given by Xb

min
b
‖y− Xb‖2, (5.2.3)

as
b̂ = X+y, (5.2.4)

where X+ denotes the Moore-Penrose pseudoinverse of X [244, 264]. Hence b̂ repre-
sents the solution for the optimisation problem in (5.2.3). In the general case, X+ can be
determined with the singular value decomposition (SVD) X = USV>of X as

X+ = VS+U>, (5.2.5)

where s+
nn is the n-th diagonal element of S+ defined as

s+
nn =

{
1

snn
if snn 6= 0

0 if snn = 0.
(5.2.6)

For the special case that the features in the columns of X are linear independent and
therefore X has full rank, X+ is given by

X+ = (X>X)−1X>, (5.2.7)
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Figure 5.2.: Multiple linear regression: qualitative interpretation of y and b̂ for the first feature x1:
for the n−th video sequence the visual quality yn is related to the corresponding feature x1,n by
yn = x1,nb̂1 + b̂0 + en

and if X is square and non-singular X+ = X−1. For a further discussion of the properties of
the Moore-Penrose pseudoinverse, I refer to Campbell and Meyer [36].

The predicted visual quality vector ŷ for the N sequences in the calibration set SC is
then given as

ŷ = Xb̂, (5.2.8)

and the true visual quality vector y can be written as

y = Xb̂ + e, (5.2.9)

with e as the error term or residual of the model caused by noise and modelling errors.
The relationship between y and b̂ is illustrated in Fig. 5.2. For an unknown video sequence
SU /∈ SC and the corresponding feature vector xu ∈ R1×M , we are then able to predict its
visual quality ŷu with

ŷu = xub̂ + b̂0 (5.2.10)

where it is assumed that xu has been preprocessed with the same parameters as X and
the resulting subjective quality prediction ŷu needs to be corrected by the offset b̂0 = y , as
the visual quality vector y has been mean centred during calibration according to (4.2.17).

In order to predict the visual quality of unknown sequences without preprocessing of the
feature vector xu, the weight vector b̂ and the offset b̂0 can be modified to take the centring
in scaling directly into account. From

ŷu = ((xu − x)W)b̂ + y , (5.2.11)

where x and W are the vector of the column averages of X according to (4.2.2) and the
scaling weights for the individual features according to (4.2.6), respectively, we can deter-
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mine a new weight vector Ûb and offset Ûb0 asÛb = Wb (5.2.12a)

and Ûb0 = y − xWb. (5.2.12b)

The visual quality for unknown video sequences without preprocessing of xu is then given
by

ŷu = xuÛb + Ûb0. (5.2.13)

Although we will see in Chapter 9 that the prediction performance for sequences in the
calibration set is very good, the prediction performance for unknown video sequences is
rather bad and thus the model is not stable for sequences not included in the calibration
set SC . This can be explained by the fact that some of the columns of X representing the
different features may be approximately or exactly linearly dependent and X is then called
collinear. It can be shown [197] that this leads to a large variance for some elements in b̂,
as in this case the least squares solution is strongly influenced by noise in the data [13].
Using the equivalence of the SVD of X to the eigendecomposition of X>X, this can also be
expressed by how well the new unknown video sequence fits into the range of variability of
the calibration samples along the different eigenvector axes, where the fit has a tendency to
be poorer for small eigenvalues [223]. Consequently, the collinearity may have a negative
effect on the stability of the MLR model, leading to high variance of the quality prediction ŷ
for unknown video sequences, that were not included in the calibration set SC .

Another problem is that we assume implicitly in the estimation process of the weights
that all features are equally important. Clearly, this will not always be the case, as some
features or combination of features may describe the variation of the visual quality better
and thus may contain more information than others.

Lastly, the a-priori understanding of the relationships between features and visual quality
may be inadequate, as the sequences in the calibration set SC may not represent the
general population sufficiently enough in order to derive the influence of some features in
the model building with MLR. Martens and Næs discuss these three issues of collinearity,
lack of selectivity and lack of knowledge for linear models in more detail in [197].
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5.3. Component models

The instability problem of the model building with MLR described in the previous section
can be addressed if not the features are used directly in the model building, but rather so-
called latent variables or components that represent a hidden combination of the features
are used. In other words, we aim to reduce or compress the dimensionality of our original
feature space into a more compact representation, more fitting for our latent variables.
The assumption is that these new, more compact representation of the features capture
the influence of the features on the quality variation better and thus lead to models that are
applicable more ubiquitously. As we are modelling the latent variables, Burnham et al. [35]
refer to this general approach as latent variable multivariate regression (LVMR) modelling.

Martens and Næs formulate in [197] the general framework of this approach for the
calibration as

V̂ = fC(X, Y) (5.3.1a)

T̂ = XV̂ (5.3.1b)

X = T̂P> + E (5.3.1c)

Y = T̂Q> + F, (5.3.1d)

where V̂ is a weight matrix gained by optimising a chosen criterion with respect to the cost
function fC over X and Y, and E and F represent the residual for X and Y, respectively. As
both X and Y are two-way arrays in this general framework, such a component model is
also called a two block model. The notation of V̂ and T̂ is motivated in [197] by the fact that
our calibration set is in most cases only a subset of the complete population and therefore
only an estimate of the indeterminable real V and T. As we approximate X by a product
of two sets of estimated linear parameters in (5.3.1c), P and T̂, this general method is
called bilinear modelling. Note, that (5.3.1c) and (5.3.1d) contain a term describing the
model and an error term of the part of the X and Y, indicating that the model describes X
and Y not perfectly. The scores T̂ in (5.3.1b) are a representation of X with respect to the
new basis V̂ defined by the optimisation criterion, and the loadings P and Q represent the
weights with respect to the scores T̂ for X and Y, respectively. The loadings can also be
considered as a projection of the original variables in X and Y onto new subspaces in which
X and Y can be represented by the scores T̂. T̂ contains in its columns t̂ the components
in order of their influence on the optimisation criterion i.e. the first column t̂1 represents
the component with the strongest influence, the second column t̂2 the component with the
second strongest influence etc. The least squares estimate of P and Q as P̂ and Q̂ is then
given by

P̂> = (T̂>T̂)−1T̂>X> (5.3.2a)

Q̂> = (T̂>T̂)−1T̂>Y>, (5.3.2b)
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where it is assumed that the inverse of T̂>T̂ exists. Note that we first obtain the scores
T̂ according to the optimisation criterion defined with fc and then find the corresponding
subspaces defined by P̂ and Q̂.

Using the feature vector of xu of an unknown sample U, we are then able to predict the
corresponding ŷu. We first obtain the scores t̂u of xu as

t̂u = xuV̂ (5.3.3)

and then predict ŷu with
ŷu = t̂u,RQ̂>, (5.3.4)

where t̂u,R contains only the first R entries of t̂u, representing the first R components
as described before. We therefore chose only the R most important components for our
prediction model, assuming that the less important components mainly describe noise. For
a direct prediction of ŷu without calculating the scores, we can write (5.3.4) as

ŷu = xuB̂, (5.3.5)

where
B̂ = V̂Q̂>, (5.3.6)

which follows straightforwardly from (5.3.3) and (5.3.4). For the clarity, the circumflex in the
notation for the scores and loadings will be omitted from now on.

5.4. Principle component regression (PCR)

One method utilising a component model is the principal component regression (PCR). It
combines the principal component analysis (PCA) for extracting the the principal compo-
nents with a subsequent regression of in component model as described in the previous
section. One of the first to propose the idea behind the PCA was Pearson [242], but the
method itself was first suggested by Fisher and Mackenzie [64] and the name principal
component analysis was introduced by Hotelling [90].

The aim of PCA can be considered from two different viewpoints [298]: the variance
of the principal components and variance explained by the principal components. Before
introducing the PCR, I briefly discuss these two interpretations and refer to Smilde et al.
[298] for more information.

Variance of the principal components This approach aims to express the feature ma-
trix X ∈ RN×M as a linear combination of scores tr ∈ RN×1 and weights wr ∈ RM×1 with
i = 1 ... I representing the index of the principal components, this can be expressed as

ti = Xwi , (5.4.1)
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where the score t1 has the highest variance and tI the lowest variance. Under the condition
that wi is restricted to length one in order to avoid that the variance of ti becomes arbitrarily
large, the problem of finding the first score t1 with the highest variance is given as

max
‖w1‖=1

var(t1) (5.4.2a)

which is equivalent due to the mean centred X to [298]

max
‖w1‖=1

(t>1 t1), (5.4.2b)

and with (5.4.1) we can rewrite (5.4.2b)

max
‖w1‖=1

(w>1 X>Xw1) (5.4.3)

and arrive at a standard optimisation problem with the solution [14]

t1 = Xv1 = Xu1s1, (5.4.4)

where v1 is the first eigenvector of X>X or equivalently the first right singular vector of X, s1

is the largest and first singular value of X and u1 is the first left singular vector of X. In the
next step, the second score t2 is gained equivalent to the first score t1 under the condition
that w>1 w2 = 0, leading to orthogonal t1 and t2. This is repeated for all other components.

Variance explained by the principal components The second approach goes back to
the first ideas by Pearson [242] and tries to find a subspace that describes the original
data best in a least square sense. Using scores ti ∈ RN×1 according to (5.4.4) as used
before, X ∈ RN×M can be regressed on the loadings pi ∈ RM×1, that describe how well
each column xm of X can be described by ti . For the i-th component, this is equivalent to

min
pi
‖X− tip>i ‖2, (5.4.5)

with the solution
pi = X>ti (t>i ti )−1, (5.4.6)

where we use that ti is orthogonal and therefore the inverse of t>i ti exists. Also it can be
shown that wi = pi = vi [14] and therefore (5.4.4) can be rewritten as

ti = Xpi . (5.4.7)

The loadings vector pi gives a direction of a subspace in the M-dimensional space and thus
maps the original variables into a new coordinate system whereas the scores ti represent
the orthogonal projections on the coordinate axes in this subspace. This is illustrated for
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Figure 5.3.: Representing the features x1 and x2 of the n sequences with the scores t1 and t2 for
the first two principal components and interpretation of the loadings P as a mapping of the original
feature space into the a new subspace

two components in Fig. 5.3. Depending on the number of the R used principal components,
this subspace is a line, a plane or a hyperplane for R = 1, R = 2 and R ≥ 3, respectively.

Considering more than one component at a time results in T and P containing the scores
and loadings for the R components as columns. We can then rewrite (5.4.5) as

min
T,P
‖X− TP>‖2, (5.4.8)

and with (5.4.1) we arrive at
min

W
‖X− XWP>‖2, (5.4.9)

which is equivalent to the optimisation problem in (5.4.3) as once W is known, P can always
be determined [298]. Note, that for the PCA the weight matrix V̂ discussed in Section 5.3
corresponds to the loadings matrix P i.e. V̂ = P.

Determining the principal components After this short discussion about the interpre-
tation of the PCA, I present methods to determine the principal components and to build
prediction models with the principal components in the rest of this section.

Applying the SVD on the two-way feature array X ∈ RN×M and assuming that n > m
i.e. more sequences than features, we can decompose X as

X = USV>, (5.4.10)

where U ∈ RN×N contains the I left singular vectors in its I orthonormal columns, V ∈
RM×M contains the I right singular vectors in its orthonormal columns and S ∈ RN×M is a
diagonal matrix with the (non-negative) singular values of X on its diagonal in descending
order form the largest singular value for i = 1 to the smallest singular value for i = I. For
m > n the SVD of X can be found by applying (5.4.10) on the transpose X>.
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Figure 5.4.: Two-way component model for the rank-R approximation X̂ of X for R = 3 with scores
tr and loadings pr

By not using all I singular values, but rather truncating after R components, with R ≤ I,
we can approximate X by X̂ as

X̂ = URSRV>R , (5.4.11)

where UR ∈ RN×R contains the first R left singular vectors in its columns, VR ∈ RM×R

contains the first R right singular vectors in its columns and SR ∈ RR×R is a diagonal
matrix with the first R singular values of X on its diagonal in descending order form the
largest singular value for r = 1 to the smallest singular value for r = R. X̂ is thus also the
best rank-R decomposition of X and we can write X as

X = X̂ + ER , (5.4.12)

where ER is the residual of the rank-R approximation of X by X̂ i.e. the part of X that is
only modelled insufficiently by the R principal components and X̂ . With the scores

T = URSR (5.4.13)

and the loadings
P = VR , (5.4.14)

we can write the approximation X̂ of X as

X̂ = TP>, (5.4.15)

where the columns t1, ... , tR of T ∈ RN×R represent the scores and the columns p1, ... , pR

of P ∈ RM×R represent the loadings. We can also express X̂ directly as the sum of its
components

X̂ = t1p>1 + t2p>2 + · · · + tRp>R =
R∑

r=1

tr p>r , (5.4.16)
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Algorithm 5.1: NIPALS algorithm for PCA [355]

1 X̃0 = X
2 for r = 1 ... R do
3 repeat
4 Select start value for tr e.g. column in X̃r−1 with highest sum of squares

Improve estimate of pr

5 p>r = (t>r tr )−1tr
>X̃r−1

Scale pr to length one

6 pr =
pr

‖pr‖
Improve estimate of tr

7 tr = X̃r−1pr (p>r pr )−1

Improve estimate of eigenvalue λr

λr ,old = λr

8 λr = t>r tr

until (λr − λr ,old ) < Θ
Check convergence

Subtract the influence of the r -th component
9 X̃r = X̃r−1 − tr p>r

end

as illustrated in Fig. 5.4 on the facing page. The contribution of the r -th component to X̂
is represented by the rank-1 two-way array or dyad resulting from the outer product tr p>r
between tr and pr .

One downside of this method is that even tough only the first few and largest R princi-
pal components will be used, all I singular values and corresponding singular values are
extracted by the SVD. Especially for larger two-way arrays this may lead to unnecessary
computational complexity in the numerical determination of the SVD, as we are only inter-
ested in a relatively small subset for the complete decomposition. Using the classic SVD
computation algorithm by Golub-Kahan-Reinsch [74, 75], for example, this leads to O(M3)
floating points operations [76].

This can be avoided by determining the principal components iteratively with the nonlin-
ear iterative partial least squares (NIPALS) algorithm proposed by Wold [355]. It uses the
fact that the principal components’ scores and loadings are orthogonal and extracts one
principal component at a time. Algorithm 5.1 lists the NIPALS algorithm for the two-way fea-
ture array X. For each principal component r the scores tr and loadings pr are estimated
in the least square sense until convergence. As convergence criterion, the eigenvalue λr

is used: in each iteration of the algorithm the difference between the eigenvalue in the
current iteration λr and the eigenvalue in the previous iteration λr ,old is checked. If it is
below a threshold Θ, the iteration is stopped and the scores and loadings of the current
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iteration are considered to be representative of the r -th principal component, where e.g.
Martens and Næs [197] suggest Θ = 10−4. The residual X̃ of the approximation of X after
r principal components is then given by

X̃r = X̃r−1 − tr p>r . (5.4.17)

Note, that X̃r for each principal component r is equivalent to the residual and for all R
principal components X̃R = ER . This step of subtracting the influence of the r -th principal
component from the approximation gained with the previous, larger the r − 1-th principal
component is called deflating. Thus in each step X is approximated better and only the
variance of X not yet explained by the previous r − 1 principal components is used for
finding the r -th principal component.

Regression with the principal components After the desired R principal components
with the corresponding scores T and loadings P have been determined, the visual quality
vector y can be regressed upon the approximated two-way feature array X̂. Thus we gain
a prediction model for y using only the first R principal components under the assumption
that these principal components describe the structure of the data well enough and that
the M − R components not included in the model describe mainly unsystematic variation
caused by noise. Note, however, that for R = M the PCR provides the same model as
the MLR. As we are interested on the influence of the latent variables presented by the
principal components, we express y as

y = Tq, (5.4.18)

where q ∈ RR×1 are the weights with respect to the scores T. Hence the weight vector
q represents the influence of the principal components on the visual quality with q1 cor-
responding to the first principal component and qR to the last principal component in our
approximation X̂ of X. Applying MLR and therefore using the least square estimate q̂ for
q, we get

q̂ = (T>T)−1T>y, (5.4.19)

where we used that the columns of T are orthonormal and therefore the inverse of T>T
exists. The predicted visual quality vector ŷ for the N sequences in the calibration set SC

is then given as
ŷ = Tq̂, (5.4.20)

and the true visual quality vector y can be written as

y = Tq̂ + e, (5.4.21)

where e is the residual. With T as T = X̂P from (5.4.15), we can rewrite (5.4.20) as

ŷ = X̂Pq̂, (5.4.22)
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and get the weights b̂ ∈ RM×1 relating the two-way feature array X̂ directly to the visual
quality vector y as

b̂ = Pq̂, (5.4.23)

that allows us to write the prediction for the PCR in the same form as for the MLR in (5.2.8):

ŷ = X̂b̂. (5.4.24)

In order to predict the visual quality ŷu of a unknown video sequence SU /∈ SC and the
corresponding feature vector xu, we can directly use the weights b̂ or we first obtain the
scores tu for xu with tu = xuP and then use the weights q̂

ŷu = xub̂ + b̂0 = xuPq̂ + b̂0 = tuq̂ + b̂0. (5.4.25)

Note, that we assume that xu has been preprocessed and b̂0 = y .The prediction weightsÛb without preprocessing are discussed in Section 5.2 on the MLR. For more information
about PCA and PCR, I refer to Jolliffe [128].

PCR addressed the issue that not all features influence the variation within the two-way
feature array X equally: the principal components reflecting the latent variables of X are
used to gain a more stable prediction model by only including the most important com-
ponents in the model. But we did not consider how relevant these principal components
are for the subjective quality vector y and some principal components may not have any
influence on y at all. Our goal, however, is a prediction model for the visual quality of un-
known video sequences SU and the model should therefore not only describe the hidden
structure of the features well, but should also provide a good ability to predict the visual
quality ŷu of these unknown sequences. Hence the components in our component model
must not only provide a good description of X, but also of its relationship with y.

5.5. Partial least squares regression (PLSR)

Partial least squares (PLS) regression is a bilinear method that addresses the major short-
coming of the PCR by using the subjective quality vector y actively during the decompo-
sition of X into components. PLS in its basic form was first presented by Herman Wold
in [357] based on his previous concepts in [356]. His son Svante Wold introduced PLS
later into the chemometrics community in [358, 359], providing an interpretation of PLS in
the context of chemometrics and the corresponding definitions that are also used in this
thesis. PLS follows the paradigm of no predictor without interpretation, no interpretation
without predictive ability [197], reflecting the idea that the components should provide a
good description of the latent variables in the two-way feature array X and at the same time
should also be able to predict the visual quality y well. Svante Wold suggests therefore
in [365] that projection on latent structures may be a better definition of PLS.

PLS is also called PLS1 for a univariate dependent variable i.e. y is a one-way array ,
and for a multivariate dependent variable i.e. Y is a two-way array, PLS is called PLS2.
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In this thesis, the focus is on the univariate PLS1 as the visual quality y is represented by
vector and in order to keep a consistent notation with the previous sections PLS1 will be
referred to as PLSR from now on.

General idea behind PLS Using the two-way feature array X ∈ RN×M and the visual
quality vector y ∈ RN×1, PLS aims to maximaise the covariance between y and the scores
tr ∈ RN×1 with respect to weights wr ∈ RM×1 for r1 ... R components. For the first PLS
component and corresponding score t1 this can be written as

max
‖w1‖=1

[
cov(t1, y)|t1 = Xw1

]
, (5.5.1)

where w1 is restricted to length one in order to avoid that the covariance becomes arbi-
trarily large. By using that X is mean centred and omitting the correction for the degrees of
freedom in the covariance, we can rewrite (5.5.1) as

max
‖w1‖=1

[
y>t1|t1 = Xw1

]
, (5.5.2)

that can be further rewritten as
max
‖w1‖=1

[
y>Xw1

]
. (5.5.3)

With the substitution z = X>y we arrive at

max
‖w1‖=1

[
z>w1

]
, (5.5.4)

that is maximised if and only if [91]

w1 =
z
‖z‖

=
X>y
‖X>y‖

. (5.5.5)

After finding the first PLS component and corresponding score t1, both X and y are de-
flated be removing the structural part modelled by the first component. The second PLS
component is then determined from the deflated X, similar to the NIPALS algorithm for
PCA.

Considering the maximisation criterion of the covariance between t and y, that max-
imises both the variance within t but also the correlation between t and y, the PLS compo-
nents can be characterised as on the one hand having a large enough variation in t and
thus ensuring that noise is not modelled, and on the other hand of providing a correlation
between t and y high enough so that t has predictive relevance for t [298].

Three of the most common PLSR algorithms will be discussed briefly: the original or-
thogonal NIPALS PLS1 algorithm as proposed by Wold et al. [358], the non-orthogonal
version of the NIPALS PLS1 algorithm as proposed by Martens and Næs [196], and lastly
the SIMPLS algorithm proposed by de Jong [129]. Other PLSR algorithms not discussed
here include the Kernel PLS by Lindgren et al. [182] and the PLS extension O-PLS by Trygg
and Wold [323], and I refer to [182, 323] for further information about these algorithms.
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5.5. Partial least squares regression (PLSR)

Algorithm 5.2: Orthogonal NIPALS PLS1 algorithm [358]

1 X̃0 = X
2 ỹ0 = y
3 for r = 1 ... R do

Find weights wr scaled to length one by using remaining variability

4 wr =
X̃>r−1ỹr−1

‖X̃>r−1ỹr−1‖
Estimate scores tr

5 tr = X̃r−1wr

Estimate loadings pr

6 pr = X̃>r−1tr (t>r tr )−1

Estimate weights q̂r

7 q̂r = ỹ>r−1tr (t>r tr )−1

Subtract the influence of the r -th component from X̃r−1 and ỹr−1

8 X̃r = X̃r−1 − tr p>r
9 ỹr = ỹr−1 − tr q̂r

end

Orthogonal NIPALS PLS1 algorithm The original orthogonal NIPALS PLS1 algorithm
proposed by Wold et al. [358] described in Algorithm 5.2 provides orthogonal scores tr and
weights wr , but the loadings are pr generally not orthogonal. Similar to the PCR, the aim
is to arrive at an R component model with R < M, where the assumption is that the M−R
components not included in the model describe mainly unsystematic variation. Note, that
for R = M the model gained with PLS is the same model as gained with MLR.

In each iteration, the weights wr that maximise the covariance between visual quality y
and scores tr are determined according to (5.5.5) by considering the remaining variability
from the previous iteration r −1 in X̃r−1 and ỹr−1, where X̃r and ỹr describe the residual of
unexplained variability of X and y after the r -th iteration. Based on these weights wr , the
scores tr , the loadings pr and the regression weights q̂r are estimated in the least squares
sense, before deflating X̃r−1 and ỹr−1 using the new tr , pr and q̂r . Note, that although part
of the algorithm, it is not necessary to deflate ỹr , as the deflation of X̃r already ensures
that the remaining data in X̃r for the next iteration is orthogonal to the part of ỹr described
in the current iteration r [49, 134]. Unlike for the PCR, the estimation of the regression
weights q̂r is not a separate step done after all scores and loadings had been determined
with PCA, but rather an integral part of the algorithm.

After R components have been determined, the columns t1, ... , tR of T ∈ RN×R repre-
sent the scores, the columns p1, ... , pR of P ∈ RM×R represent the loadings, the columns
w1, ... , wR of W ∈ RM×R represent the weights and the rows q̂1, ... q̂R of q̂ ∈ RR×1 repre-
sent the regression weights for each of the r components. We can then write the scores
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as
T = XW(P>W)

−1
(5.5.6)

and the weight matrix V̂ discussed in Section 5.3 for this algorithm is therefore given as
V̂ = W(P>W)

−1
[84]. It can be shown that for given orthogonal scores T the corresponding

loadings P = (T>T)−1T>X then solve the minimisation problem

min
T
‖X− TP>‖2, (5.5.7)

where the orthogonality of the scores tr in T is used. This, however, is not the case for
general T and P, but only for the P corresponding to the given T, and therefore partial
least squares is called partial least squares [91, 299]. The approximation of the two-way
feature array X after R components can then be written as

X = TP> + E, (5.5.8)

and the true visual quality y as
y = Tq̂ + e, (5.5.9)

where E and e are the residual of X and y, respectively. The prediction ŷ of the visual
quality y is then given by

ŷ = Tq̂, (5.5.10)

and with T = XW(P>W)
−1

from (5.5.6) we can rewrite this to

ŷ = XW(P>W)
−1

q̂. (5.5.11)

Using (5.5.11), the weights b̂ ∈ RM×1 relating the two-way feature array X directly to the
visual quality vector y can be expressed as

b̂ = W(P>W)
−1

q̂. (5.5.12)

The prediction of the the visual quality ŷu for a unknown video sequence SU /∈ SC and the
corresponding feature vector xu is then the same as for the PCR or MLR as described in
the previous sections.

Non-orthogonal PLS1 algorithm The non-orthogonal NIPALS PLS1 algorithm pro-
posed by Martens and Næs [196] described in Algorithm 5.3 on the next page is an exten-
sion of the original orthogonal PLS1 algorithm described in Algorithm 5.2 on the preceding
page.

In difference to the orthogonal algorithm, we no longer need to compute loadings pr ,
but only use the weights wr . One consequence of this is, however, that the scores tr are
no longer orthogonal and therefore we can no longer perform the regression of the scores
tr onto the visual quality y for each of the r components individually, but rather need to
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Algorithm 5.3: Non-orthogonal NIPALS PLS1 algorithm [196]

1 X̃0 = X
2 ỹ0 = y
3 for r = 1 ... R do

Find weights wr scaled to length one by using remaining variability

4 wr =
X̃>r−1ỹr−1

‖X̃>r−1ỹr−1‖
Estimate scores tr

5 tr = X̃r−1wr

Estimate weights q̂
6 q̂ = (T>T)

−1
T>ỹr−1

Subtract the influence of the r -th component from X̃r−1 and ỹr−1

7 X̃r = X̃r−1 − tr w>r
8 ỹr = ỹr−1 − Tq̂

end

perform a simultaneous regression of all r scores determined so far on y in each iteration.
Hence we estimate in the r -th iteration the regression weights q̂r ∈ Rr×1 in the least
square sense with T ∈ RN×r , where the columns t1 ... tr represent the scores obtained in
all iterations including the current r -th iteration. If necessary, a loading matrix P and the
loadings pr can be determined by applying MLR on X and T

P = (T>T)−1T>X. (5.5.13)

With the same definitions as for the orthogonal algorithm, we can then write the scores as

T = XW (5.5.14)

and the weight matrix V̂ discussed in Section 5.3 for this algorithm is therefore given as
V̂ = W [197]. For non-orthogonal scores T, it can be shown that T = XW solves the
minimisation problem

min
T
‖X− TW>‖2, (5.5.15)

where W>W = I is used. Similar to orthogonal scores, however, T = XW does not solve
the minimisation problem for T and W in general, because W is constrained to define the
direction of maximum covariance with y [299]. The approximation of the two-way feature
array X after R components can then be written as

X = TW> + E, (5.5.16)

and the true visual quality y as before as

y = Tq̂ + e, (5.5.17)
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where E and e are the residual of X and y, respectively. With ŷ = Tq̂ from (5.5.10) and
T = XW from (5.5.14) the prediction ŷ of the visual quality y is then given by

ŷ = XWq̂. (5.5.18)

Using (5.5.18), the weights b̂ ∈ RM×1 relating the two-way feature array X directly to the
visual quality vector y can be expressed as

b̂ = Wq̂. (5.5.19)

The prediction of the the visual quality for a unknown video sequences is then the same
as described in the previous sections.

Although the loadings weights W are the same in both the orthogonal and non-
orthogonal algorithm, scores T and regression weighs q̂ will have different values. The
solution in terms of the model fitted to the visual quality y and the prediction of the visual
quality of unknown sequences yu, however, is identical for both algorithms [84].

SIMPLS algorithm The SIMPLS algorithm proposed by de Jong [129] described in Algo-
rithm 5.4 on the next page provides a different approach to the PLS regression. It derives
the PLS components directly from the two-way feature array X and does not need to de-
flate either X or y as in the two PLS algorithms discussed so far. Additionally, the scores tr

are orthogonal. The algorithm utilises the property, that the maximisation of the covariance
for X>Y can be solved with the first left singular vector of X>Y. Although this degenerates
for the PLS1 case with a vector y and therefore X>y as seen in Algorithm 5.4 on the facing
page [129], this step was maintained in the listing as it is an integral part of the SIMPLS
algorithm. Scores tr , loadings pr , regression weights q̂r are then estimated in the least
squares sense. Instead of deflating X or y, s = X>y is deflated in each iteration by pro-
jecting s on a subspace orthogonal to the loadings P. Note, that the weights wr from the
previous NIPALS algorithms have been replaced by the weights rr to reflect the different
meaning of the weights in the notation.

With the same definitions as for the NIPALS algorithms and additionally with the columns
r1, ... , rR of R ∈ RM×R represent the weights, we can then write the scores as

T = XR (5.5.20)

and the weight matrix V̂ discussed in Section 5.3 for this algorithm is therefore given as V̂ =
R. By replacing W with R, we can express the approximation of the two-way feature array
X, the true visual quality y and the prediction ŷ of the visual quality y after R components
as for the non-orthogonal NIPALS algorithm in (5.5.16), (5.5.17) and (5.5.18), respectively.

The weights b̂ ∈ RM×1 relating the two-way feature array X directly to the visual quality
vector y can be expressed as

b̂ = Rq̂. (5.5.21)
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Algorithm 5.4: SIMPLS PLS1 algorithm [129]

1 s0 = X>y
2 for r = 1 ... R do

Initialise weights q̂r

3 q̂r = first left singular vector of s>r−1sr−1

here q̂r = q̂r = 1
Find weights rr

4 rr = sr−1q̂r

Estimate scores tr

5 tr = Xrr

Normalise scores tr

6 tr =
tr

‖tr‖
Adapt weights rr

7 rr =
rr

‖tr‖
Estimate loadings pr

8 pr = X>tr

Estimate weights q̂
9 q̂r = y>tr

Deflate s with respect to loadings
10 sr = sr−1 − P(P>P)−1P>s

end

The prediction of the the visual quality for a unknown video sequences is then the same
as described in the previous sections.

For the univariate case i.e. PLS1, SIMPLS is equivalent to the NIPALS algorithm, for
the multivariate case i.e. PLS2, however, there is a slight difference in the scores and
weights [129]. As SIMPLS only deflates the comparably small vector sr in each iteration,
whereas NIPALS deflates in each iteration the potentially large two-way array X and thus
needs more matrix operations, it can be assumed that SIMPLS is computationally less
complex. In the context of chemometrics, empirical results for commonly used data sets
show that SIMPLS is in most cases more than twice as fast as (orthogonal) NIPALS [201].

One question not addressed so far, is if the inclusion of the subjective quality vector
y in the component model building process really improves the prediction performance
of models built with PLSR compared to those with PCR. Although I address this in the
context of video quality metric design in the performance comparison of the different data
analysis methods in Chapter 9, there have been so far some contributions discussing this
issue: in [67], Frank and Friedman show that for simulated data PCR and PLSR provide
similar results with a slight advantage for PLSR, in [84], Helland also shows that for typical
data in chemometrics, PCR and PLSR deliver similar results if only the most relevant
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principal components are selected for the PCR, in [310], Stoica and Söderström provide
a theoretical explanation for the similarity of the prediction results for PCR and PLSR and
in [85], Helland and Almoy argue that PLSR should be preferred as it tends to exclude
components that are of intermediate irrelevance better than PCR.

For more information about PLS in general, but also for a description of the multivariate
PLS2, I refer to Martens and Næs [197], and for a statistical analysis of PLS to Höskulds-
son [91]. Information about the history behind PLS, is available in Wold [361] and Martens
[198].

Non-linear data One implicit assumption in the application of linear two-way data anal-
ysis methods so far has been that the relationship between the features in the two-way
feature array X and the visual quality vector y is linear. It may, however, very well be that
some features have a non-linear relationship to the visual quality, especially considering
the non-linear nature of some properties of human perception.

Bilinear data analysis methods are generally able to model a certain amount of non-
linear structures in X at the cost of an significantly increased number of components as
long as there is not only a non-linear relationship between y and X, but also between the
individual features in X [197]. The increased number of components can be explained as
follows: in each iteration the scores and weights for the current r -th component are deter-
mined from the residuals X̃r−1 and ỹr−1 unexplained by the previous r − 1 components.
Considering that this residual is likely to still contain a non-linearity between the residuals
X̃r−1 and ỹr−1, the current r -th component then explains part of this non-linearity by a
linear least squares approximation. Thus each additional component provides a different
linear approximation of the remaining non-linearity in each iteration and the additionally
needed components can be considered as a successive linear approximation of the non-
linearity.

If this inherent tolerance of non-linear structures is not sufficient, either the features in
X can be mapped by a non-linear projection in order to achieve again a linear relationship
between y and X as input for the data analysis methods, or the least squares estimation of
the regression weights q with respect to the scores t is replaced in the NIPALS algorithm by
a non-linear regression. Both options, however, necessitate that we have some knowledge
about the non-linearity, which is usually not readily available. Although non-linear PLSR
modifications have been suggested in literature for some time e.g. Quadrilinear PLSR
by Wold et al. [364] and Höskuldsson [92], these modification have so far not been widely
studied or adopted. For more information about the handling of non-linear data in the
context of data analysis and an overview of non-linear PLSR approaches, I refer to Martens
and Næs [197] and the recent survey by Rosipal [273] and references therein.
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In the previous chapter, temporal pooling was applied to generate a two-way representa-
tion of the three-way data in order to be able to apply two-way data analysis methods. But
the pooling does not necessarily reflect the temporal variation within the three-way fea-
ture array X sufficiently, as depending on the choice of the pooling function, only certain
statistical properties of the variation are retained in the resulting two-way feature array X.

Multi-way data analysis therefore aims to avoid any pooling and applies the methods
directly to the multi-way data, in our case represented by the the three-way feature array
X. We can either apply two-way data analysis methods on the multi-way data resulting
in two-way models or use directly multi-way data analysis methods, leading to multi-way
models.

In this section, I therefore first discuss two methods to perform two-way data analy-
sis on three-way data without previous pooling. Following this intermediate step between
purely two-way data analysis and multi-way data analysis, I briefly review the extension of
the concepts of two-way data analysis to multi-way data analysis with multi-way compo-
nent models allowing us to describe three-way data, before introducing the three-way data
analysis method used in this thesis, the trilinear PLSR that is the three-way extension of
the two-way PLSR discussed in Section 5.5. As the feature array X is a three-way array, the
focus is on three-way data analysis, but most of the discussed methods can be extended
straightforwardly to n-way arrays.

6.1. Two-way data analysis with three-way data

Two-way data analysis with three-way data can be considered as an intermediate step be-
tween two-way and multi-way data analysis, as we apply two-way data analysis methods
on the three-way data. One advantage of this approach is that we can use all two-way
data analysis methods, while still maintaining the multi-way nature of the data. The disad-
vantage, however, is clearly that two-way models may not necessarily be the best way to
describe three-way data. In this section, I discuss two such methods, unfolding and the
bilinear 2D-PCR.

6.1.1. Unfolding and bilinear methods

Unfolding along the temporal mode is obviously the easiest option to handle the three-way
data without temporal pooling, as we only have to rearrange the frontal slices Xt of X.
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Once the data is unfolded, two-way data analysis methods as described in Chapter 5 can
be applied to the data in order to build prediction models. We first perform the mode-1
unfolding of the three-way feature array X into the two-way feature array XN×MT ∈ RN×MT

by concatenating the frontal slices Xt ∈ RN×M of X in ascending order. Then we can
apply bilinear MLR, PCR or PLSR on XN×MT resulting in a weight vector b̂ ∈ RMT×1 as
described in Algorithm 6.1 on the next page.

For the prediction of the visual quality ŷu of a unknown video sequence SU /∈ SC , the
mode-1 unfolding is performed on the corresponding horizontal feature slice Xu ∈ RM×T ,
resulting in a feature vector xu ∈ R1×MT . The visual quality can then be predicted using
xu and b̂ with

ŷu = xub̂, (6.1.1)

as discussed in the previous sections for the two-way data. Note, that once again we
assume that both XN×MT and Xu have been preprocessed similar to the centring and
scaling of the pooled two-way array X. The prediction weights Ûb for the quality prediction
without preprocessing can be determined as described in Section 5.2.

Alternatively, the weight vector b̂ for the unfolded data can be expressed as a two-way
weight array B̂ ∈ RM×T by rearranging the elements of b̂ as

B̂ =


b̂1 b̂M+1 · · · b̂M(T−1)+1

b̂2 b̂M+2 · · · b̂M(T−1)+2
...

...
. . .

...
b̂M b̂M2 · · · b̂MT

 , (6.1.2)

where the t-th column b̂t of B̂ represents the M weights for the t-th frame. The prediction
for the visual quality ŷu can then be written as the inner product between Xu and B̂ as

ŷu = 〈Xu, B̂〉. (6.1.3)

Similar to the weights Ûb corresponding to b̂ for the visual quality prediction without prepro-
cessing, we can also determine a two-way weight array ÛB and offset Ûb0 incorporating the
scaling and centring of the feature slice Xu of the unknown video sequence Su. Based on

ŷu = 〈W(Xu −M), B̂〉 + y , (6.1.4)

where, M is the matrix containing the column average from the mode-1 centring of all
horizontal slices according to (4.2.9), W is the mode-2 scaling matrix for the individual
features according to (4.2.14) and y , the new two-way weight array ÛB is then given byÛB = WB̂ (6.1.5a)

and Ûb0 = y − 〈WM, B̂〉. (6.1.5b)
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Algorithm 6.1: Unfolding and bilinear methods
Unfold X along first mode by rearranging frontal slices Xt of X

1 XN×MT =
[
X1 X2 · · · Xt · · · XT

]
Perform two-way analysis on XN×MT

2 b̂← MLR(y, XN×MT )
or

2 b̂← PCR(y, XN×MT )
or

2 b̂← PLSR(y, XN×MT )
Optional for prediction without unfolding

3 Rearrange b̂ into B̂

The visual quality for the unknown video sequence SU without preprocessing of its feature
slice Xu can then be expressed as

ŷu = 〈Xu, ÛB〉 + Ûb0. (6.1.6)

Unfolding and the subsequent application of two-way data analysis methods, however,
has some drawbacks: firstly, the unfolding and therefore reshaping of the three-way data
into two-way data breaks the inherent structure and possible correlations between the dif-
ferent modes, therefore removing redundancies and dependencies that could be leveraged
for a more compact and useful description of the data [188]. Secondly, the loadings P in
the two-way model for the unfolded three-way data have to simultaneously describe the
influence of variables in two different modes and are therefore not necessarily the best de-
scription of each of the individual modes. Also this makes the interpretation of the model
more difficult. Lastly, the two-way array created by the unfolding of the three-way data is
significantly larger than the two-array of the temporally pooled features in the previous sec-
tions: usually the number of frames T is larger than the number of features M by at least
a factor of 102–103, hence T � M and therefore also MT � M. Depending on the ap-
plied two-way data analysis method, this can lead to increased computational complexity
for some methods.

Bro shows in [28] that unfolding leads to less robust, less interpretable, less predictive
and non-parsimonious models for common applications and corresponding data in chemo-
metrics. He suggests that generally the better data can be approximated by a multi-way
structure and the noiser the data is, the more beneficial it is to use multi-way data analysis
methods instead of unfolding of the three-way data and using two-way data analysis meth-
ods. Considering that video has an inherent three-way structure due the temporal variation
of the features, it is therefore likely that unfolding is also not the best choice for predicting
the visual quality.
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6.1.2. Bilinear 2D-PCR

The second method to perform two-way data analysis on three-way data discussed in
this thesis is the bilinear two-dimensional principal component regression (2D-PCR). It is
based on the two-dimensional principal competent analysis (2D-PCA) proposed by Yang
et al. [371] in the context of face recognition and representation. The idea is not to perform
the PCA on the temporally pooled features in the two-way array X, but rather to perform
the PCA on the average covariance matrix of all frontal slices Xt of X, described with the
so-called scatter matrix XSct ∈ RM×M of X as

XSct =
1
T

T∑
t=1

X>t Xt , (6.1.7)

where we used that X is mean centred and therefore the covariance of each slice Xt

is given by X>t Xt . Therefore XSct can be considered as a measurement of the average
temporal variation within X. Note, that in line with the terminology used in this thesis it
should be called rather two-way principal component analysis, as it considers the variation
within two different modes by using the scatter matrix. Kong et al. [156] showed that the
definition of the scatter matrix XSct in (6.1.7) can also be written as

XSct =
1
T

XM×NT X>M×NT , (6.1.8)

where XM×NT ∈ RM×NT represents the mode-2 unfolding of X. Hence, the 2D-PCA can
be interpreted as essentially the PCA performed on a representation of the unfolded three-
way feature array X in the form of the covariance matrix . Compared to the matrix XN×MT

gained by the mode-1 unfolding of X with MT � M columns, the scatter matrix XSct has
significantly fewer columns, leading to less computational complexity in the determination
of the principal components. Besides face recognition and representation as in [156, 371],
2D-PCA has also been used in the audio domain by Rothbucher et al. in [274, 275].

Although 2D-PCA allows us to describe the variation within X better compared to a PCA
on the temporally pooled features in X, we are interested in building a prediction model for
the visual quality of unknown video sequences. In [148] and [146], I therefore extended
the 2D-PCA to the two-dimensional principal component regression (2D-PCR). It is based
on the standard two-way PCR dicussed in Section 5.4, but takes the three-way structure
of the data into account. As in the 2D-PCA, firstly the scatter matrix XSct is calculated,
followed by a subsequent PCA on XSct , resulting in the loadings P ∈ RM×R and the scores
TSct ∈ RM×R for the scatter matrix. Note, that unlike for the PCA on the two-way feature
array X resulting in scores tr of dimension N, the scores tSct ,r of TSct have the dimension
M due to the square nature of the covariance matrix X>t Xt in (6.1.7).

The idea behind 2D-PCR is to use the explanation of the variance of XSct contained in
the extracted R principal components and corresponding loadings P to build a prediction
model for each of the frontal slices Xt of X. 2D-PCR is an iterative algorithm for each frontal
slice Xt of X and described in Algorithm 6.2 on the facing page.
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6.1. Two-way data analysis with three-way data

Algorithm 6.2: 2D-PCR
Calculate scatter matrix XSct

1 XSct = 1
T

∑T
t=1 X>t Xt

Perform PCA on XSct to determine loadings P
2 P← PCA(XSct )

For each frame t
3 for t = 1 · · ·T do

Determine scores Tt

4 Tt = XtP
Estimate weights q̂t

5 q̂t = (T>t Tt )−1T>t y
Estimate weights b̂t

6 b̂t = Pq̂t

end
Rearrange all b̂t into B̂

7 B̂ =
[
b̂1 b̂2 · · · b̂t · · · b̂T

]
With the loadings P, we can determine the scores Tt ∈ RN×R for each frontal slice Xt

as
Tt = XtP (6.1.9)

and use these scores to obtain a least squares estimate q̂t ∈ RR×1 for the regression
weights q̂t ∈ RR×1 of each slice Xt as

q̂t = (T>t Tt )−1T>t y, (6.1.10)

similar to (5.4.19) for the PCR. In contrast to the PCR, however, the loadings, P are not the
loadings gained from the PCA on Xt , but rather from the PCA on XSct . Hence, we are not
projecting Xt on a subspace explaining the variance of the features of the t-frame best, but
rather on a subspace explaining the average covariance of the complete video sequence
with all T frames best, with the scores Tt representing the projection of Xt on this new
subspace. Thus the weights q̂t do not provide a least square estimation of the regression
weights with respect to only the features’ variation within the current feature slice Xt , but
rather with respect to the average covariance within the complete three-way feature array
X, therefore providing a better inclusion of the temporal variation within a video sequence.
The weights b̂t ∈ RM×1 relating each frontal feature slice to the visual quality y can then
be expressed as

b̂t = Pq̂t . (6.1.11)

For a unknown video sequence SU /∈ SC and corresponding two-way feature array Xu ∈
RM×T , the visual quality prediction ŷu,t for each frame t represented by its columns xu,t ∈
RM×1 is then given by

ŷu,t = x>u,t b̂t . (6.1.12)
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The overall visual quality prediction of ŷu can then be gained by averaging over all frames

ŷu =
1
T

T∑
t=1

ŷu,t . (6.1.13)

Similar to (6.1.2) for the prediction with unfolding, we can rearrange the the weight vec-
tors b̂t of each slice into a two-way array B̂ ∈ RM×T as

B̂ =
[
b̂1 b̂2 · · · b̂t · · · b̂T

]
, (6.1.14)

where the t-th column of B̂ represents the weight vector b̂t for the t-th frame. The prediction
for the visual quality ŷu in (6.1.13) can then be rewritten with the inner product between Xu

and B̂ as

ŷu =
1
T
〈Xu, B̂〉, (6.1.15)

where we assume that Xu has been preprocessed. The weights ÛB and offset Ûb0 for pre-
dicting the visual quality without prepossessing can be determined in a similar way as for
the unfolding and subsequent two-way data analysis in (6.1.5).

In [148] and [146], I have shown that 2D-PCR improves significantly on the prediction
performance compared to PCR in combination with either temporal pooling or unfolding.
Both the results in [146, 148] and in Chapter 9 of this thesis, however, are only empiri-
cal proof of the advantage of 2D-PCR compared to PCR and a thorough theoretical dis-
cussion concerning the properties of 2D-PCR, explaining the improvement in prediction
performance gained with 2D-PCR, is still missing.

Even tough bilinear 2D-PCR captures the temporal properties for the three-way feature
array X better than simple unfolding and subsequent two-way data analysis by using the
average covariance of X and avoiding the reshaping of the three-way data in X into a two-
way array, we are still fitting only a two-way model to three-way data and are therefore
not utilising all modes available in the model building process. Hence, the fitted prediction
model is unlikely to provide the best prediction performance.

6.2. Multi-way component models

In the previous section the use of two-way data analysis necessitated the unfolding or slice-
wise processing of the three-way feature array X in order to gain a two-way representation
X of X, so that the two-way methods could be applied. Obviously, it is preferable to avoid
this transformation and directly use the three-way data in the data analysis, particularly as
this allows us to gain a multi-way model for the multi-way data.

Multi-way component models allow us to obtain a component description of multi-way
data in all modes of the multi-way array i.e. a n-way array can be decomposed into com-
ponents in all n-modes. For the three-way feature array X we therefore gain a model with
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components in all three modes of X. Two decomposition models are discussed in this sec-
tion: the more general Tucker3 model and the more restricted PARAFAC model. Although
only the decomposition of three-way arrays is discussed, both models can be extended to
n-way arrays.

6.2.1. Tucker3

The most general model for three-way arrays is the Tucker3 model proposed by Tucker in
[326] based on his earlier ideas in [324, 325]. The Tucker3 model decomposes the three-
way feature array X into a set of components in all three modes of X, where the number of
components in each mode can be different. X ∈ RN×M×T is decomposed in a core array
G ∈ RR×S×U and component matrices along each mode: A ∈ RN×R for the first mode,
B ∈ RM×S for the second mode and C ∈ RT×U for the third mode, where R, S and U
denote the number of components in the first, second and third mode, respectively. Usually
the number for components in each mode is smaller than the dimension of each mode i.e.
R < N, S < M and U < T . Note, that unlike for the two-way data analysis methods
discussed in Chapter 5, where the components are the same in the first and second mode,
here the number of components for each mode may be different i.e. R 6= S 6= U. With the
mode-n product the Tucker3 decomposition of X can be expressed as

X = G×1 A×2 B×3 C + E, (6.2.1)

where E is the residual error not modelled by the component model. The approximation X̂
of X by the Tucker3 model as shown in Fig. 6.1 on the next page is then given by

X̂ = G×1 A×2 B×3 C. (6.2.2)

With ar ∈ RN×1, bs ∈ RM×1 and cu ∈ RT×1 as the r -th, s-th and u-th column of A, B
and C, representing the r -th, s-th and u-th component in the first, second and third mode,
respectively, we can write X̂ also as

X̂ =
R∑

r=1

S∑
s=1

U∑
u=1

grsu ◦ ar ◦ bs ◦ cu, (6.2.3)

and each element x̂nmt of X̂ is therefore determined as

x̂nmt =
R∑

r=1

S∑
s=1

U∑
u=1

grsuanr bmsctu. (6.2.4)

The core array G allows the interaction between all components of all modes, compared
to the two-way data analysis methods discussed so far, where only the same components
for each of the two modes could interact. Hence each element grsu of G describes with its
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Figure 6.1.: Tucker3 approximation X̂ of the three-way feature array X with core array G and com-
ponent matrices A, B and C

magnitude the interaction between the r -th component in the first mode, the s-th compo-
nent in the second mode and the u-th component in the third mode. Using unfolding along
the first mode and the Kronecker product, (6.2.2) can be expressed as

X̂N×MT = AGR×SU (C⊗ B)>, (6.2.5)

and the unfolding along the other modes can be expressed similarly [155]. For a multi-way
array X an exact Tucker3 decomposition can be determined, if the rank of each compo-
nent matrix A, B or C corresponds to the n-rank of X, where the n-rank is defined as
the (column-)rank of the mode-n unfolding of X [162]. The Tucker3 decomposition is not
unique and the core array G can be modified by appropriate transformations into a de-
sired, possibly more simple structure without affecting the fit of the model as long as the
inverse transformations are applied to the component matrices A, B and C. It can also be
shown, that the Tucker3 decomposition provides unique subspaces of X, regardless of the
structure chosen for G in the Tucker3 model [298].

The two most well-known algorithms commonly used to calculate the core array G and
the component matrices A, B and C are the algorithms proposed in Tucker’s original contri-
bution as Method I [326] and the iterative alternating least squares (ALS) algorithm TUCK-
ALS3 proposed by Kroonenberg and de Leeuw [157], described in Algorithm 6.3 on the
facing page and Algorithm 6.4 on page 100, respectively. Both algorithms are based on ap-
plying the SVD on unfolded representations of the three-way array X along all there modes
and provide component matrices A, B and C with orthonormal columns. As each extracted
component corresponds to a non-zero singular vector of the unfolded X and there are In
such non-zero singular vectors in the mode-n unfolded X, we have at most In components
and therefore columns in A, B or C. Note, that In can be different for each of the n modes
and therefore for a three-way array I1 6= I2 6= I3. The difference between Tucker’s Method
I and TUCKALS3 is then that if less than the In components in each of the n modes are
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Algorithm 6.3: HOSVD for three-way arrays or Tucker’s Method I [326]
Calculate component matrix A of first mode

1 A← first R left singular vectors of XN×MT

Calculate component matrix B of second mode
2 B← first S left singular vectors of XM×NT

Calculate component matrix C of third mode
3 C← first U left singular vectors of XT×NM

Determine core tensor G
4 G = X×1 A> ×2 B> ×3 C>

used for the approximation of X, the approximation with Tucker’s Method I is not optimal in
a least square sense, whereas the approximation with TUCKALS3 is due to its alternating
least squares optimisation. In the ALS optimisation each component matrix is succes-
sively estimated in a least square sense by assuming the other component matrices to be
fixed. This process is repeated until the change of the elements in the core array G and
therefore the change in the fit of the model is below a chosen threshold compared to the
previous iteration as illustrated in Algorithm 6.4 on the following page. Using less than I1,
I2 or I3 components by truncating the components in the different modes after R, S or U
components i.e. R < I1, S < I2 or U < I3, the resulting component matrices A, B or
C have a lower rank compared to the mode-n rank of X with respect to their correspond-
ing modes and we gain a reduced rank approximation X̂ of X, similar to the reduced rank
approximation for two-way arrays.

Considering the similarities of the Tucker3 decomposition to established two-way meth-
ods, the Tucker3 decomposition is also called higher-order SVD (HOSVD) [169, 171] or
considering the least-squares approximation with TUCKALS3 three-mode principal com-
ponent analysis [157, 159]. In [169], de Lathauwer et al. also showed that Tucker’s
Method I can in fact be considered as a generalisation of the two-way SVD to three-way
arrays. Compared to the SVD for two-way arrays with X = USV>, the core array G can
therefore be considered equivalent to S in representing the singular values and thus the
variation within X in terms of new coordinates represented by the component matrices
A, B and C that are similarly corresponding to U and V for two-way arrays. Moreover,
using the above interpretation of the Tucker3 decomposition as a three-mode principal
component analysis, we can also consider A, B and C as loadings and therefore bases of
subspaces that explain the variation of the three-way feature array X in the first, second
and third mode best. Other, more efficient algorithms [155] for determining the Tucker3
decomposition of three-way arrays not discussed here include the higher-order orthogonal
iteration (HOOI) by de Lathauwer et al. [170] and an approach by Eldén and Savas [53]
based on Newton-Grassmann optimisation. Improving the speed of ALS-based algorithms
in general is discussed in [4, 31].

Complementing the Tucker3 model are the Tucker2 and Tucker1 models. Whereas the
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Algorithm 6.4: TUCKALS3 [157]
Initialise component matrices B, C with Tucker’s Method I

1 B, C← first S,U left singular vectors of XM×NT ,XT×NM

Perform i iterations until change between fits is below threshold θ
2 repeat

Calculate component matrix A of first mode
3 A← first R left singular vectors of XN×MT (C⊗ B)

Calculate component matrix B of second mode
4 B← first S left singular vectors of XM×NT (C⊗ A)

Calculate component matrix C of third mode
5 C← first U left singular vectors of XT×NM (B⊗ A)

Determine core tensor G
6 G = X×1 A> ×2 B> ×3 C>

Calculate change δ to previous iteration
7 δ =

∑
r ,s,u g2

rsu,i−1 − g2
rsu,i

until δ < θ

Tucker3 decomposition decomposes X into three components, one for each of the three
modes in X, the Tucker2 and Tucker1 decompositions decompose X into only two and one
component, respectively. The modes of X that are not decomposed into components are
contained within the core array G and can be chosen freely depending on the desired struc-
ture of the resulting component model of X. The non-unique nature of Tucker3 models
also extends to the Tucker2 and Tucker1 decomposition. Choosing the third mode corre-
sponding to the temporal mode of the feature array X, we can express the approximation
X̂ of X with the Tucker2 decomposition as

X̂ = G×1 A×2 B×3 IT , (6.2.6)

where IT ∈ RT×T is the identity matrix replacing the component matrix C of the third mode
and the core array G is now G ∈ RR×S×T or using the mode-1 unfolding this can also be
expressed as

X̂N×MT = AGR×ST (I⊗ B)>. (6.2.7)

Note, that the third mode of X is no longer reduced and therefore included in the core array
G as the third mode. This can be extended straightforwardly to the two other possible
Tucker2 decompositions, where either the first or second mode is not reduced. If we
exclude both the second and third mode in the Tucker1 decompostion of X corresponding
to the feature and temporal mode of the feature array X, we can express X̂ as

X̂ = G×1 A×2 IM ×3 IT , (6.2.8)

where IT ∈ RT×T is the identity matrix replacing the component matrix C of the third mode,
IM ∈ RM×M is the identity matrix replacing the component matrix B of the second mode
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and the core array G is now G ∈ RR×M×T or using the mode-1 unfolding this can also be
expressed as

X̂N×MT = AGR×MT (IT ⊗ IM )>

= AGR×MT .
(6.2.9)

Hence the second and third mode are no longer reduced and therefore included in the core
array G. The reduction of other modes for the Tucker1 decomposition can be achieved by
replacing the appropriate modes. An element-wise and outer product definition of the
Tucker2 and Tucker1 decomposition can be expressed similar to the corresponding defini-
tions for the Tucker3 decomposition in (6.2.3) and (6.2.4). For the Tucker2 decomposition
the algorithms for the Tucker3 decomposition can be adapted by replacing the component
matrix corresponding to the non-reduced mode with the appropriate identity matrix. The
Tucker1 decomposition is equivalent to the PCA on the unfolded representations of X as
can easily be seen from Algorithm 6.3 and therefore the common algorithms for two-way
arrays as discussed in Section 5.4 can be used.

Comparing the Tucker3, Tucker2 and Tucker1 decompositions, a hierarchy can be es-
tablished, where a Tucker1 model of a given three-way array can be considered as the
least restricted model and the Tucker3 model as the most restricted model. Restriction
in this context means that due to the explicit parametrisation of a three-way array in its
modes, the more modes are parametrised, the more constrained the resulting approxima-
tion is. Hence a model compressing less modes allows for more flexibility and therefore
a better fit of the approximation, but at the same time leads to a more complex model.
Under the assumption that the same number of components is used and the data has a
three-was structure that can be exploited by a three-way model, the increased fit of the less
restricted models does not necessarily describe the systematic variation better and may
only describe noise, as all three-way models should be capable to describe the systematic
variation [298]. Considering that the Tucker1 decomposition is the least restricted Tucker
decomposition, but also equivalent to the application of two-way PCA on an unfolded three-
way array, this supports at least for the two-way PCA the argument in Section 6.1.1 that
unfolding is usually not the best option to handle data with three-way structure.

6.2.2. PARAFAC

Parallel factors (PARAFAC) proposed by Harshman in [82] can be considered as a further
restriction of the Tucker3 model. The concept behind PARAFAC was independently also
proposed by Carroll and Chang as canonical decomposition (CANDECOMP) in [37] and is
therefore sometimes referred to as CANDECOMP/PARAFAC or CP decompostion e.g. in
[152, 155]. Both are based on earlier concepts by Hitchcock [86, 87] and Cattell [38, 39].
The main difference to the Tucker3 model is that the number of components in each mode
is the same and that the approximation X̂ of X is expressed as a sum of triads generated
with the components, therefore resulting in a trilinear model. This is equivalent to the
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Tucker3 decomposition with the same number of components in each mode i.e. R = S = U
and a corresponding superdiagonal core array G ∈ RR×S×U where all off-superdiagonal
elements are zero and all superdiagonal elements are one i.e. grsu = 0 for r 6= s 6= u and
grsu = 1 for r = s = u. Hence the core array G can be replaced with the identity three-way
array I ∈ RR×R×R and with component or loading matrices along each mode A ∈ RN×R ,
for the first mode, B ∈ RM×R for the second mode and C ∈ RT×R for the third mode as
before in the Tucker3 model, we can express the PARAFAC decomposition of X similar to
(6.2.1) as

X = I×1 A×2 B×3 C + E (6.2.10)

and the approximation X̂ of X similar to (6.2.2) as

X̂ = I×1 A×2 B×3 C. (6.2.11)

Using the superdiagonality of I, each element x̂nmt of X̂ is then given by

x̂nmt =
R∑

r=1

anr bmr ctr . (6.2.12)

With ar ∈ RN×1, br ∈ RM×1 and cr ∈ RT×1 as the r -th of column of A, B and C,
representing the r -th component in the first, second and third mode, respectively, we can
write X̂ also as

X̂ =
R∑

r=1

ar ◦ br ◦ cr , (6.2.13)

which is the commonly used definition of the PARAFAC decomposition as a sum of triads
generated by the outer product of the component vectors. The resulting PARAFAC model
is illustrated in Fig. 6.2 on the next page. Using unfolding along the first mode and the
Khatri-Rao product, (6.2.13) can be expressed as

X̂N×MT = A(C� B)>, (6.2.14)

and the unfolding along the other modes can be expressed similarly [155].
The PARAFAC model is directly linked to the concept of the rank of a three-way array

that is defined similar to the rank of matrices as the smallest number of rank-one three-
way arrays represented by triads that generate X as their sum [161]. As the PARAFAC
model decomposes X into triads, the smallest number of I components in a PARAFAC
model that provides an exact fit for X resulting in X̂ = X is therefore equivalent to the rank
of X i.e. rank(X) = I. Thus a PARAFAC model is the best low-rank approximation of a
three-way array and if we truncate the approximation of X after R components with R < I,
the PARAFAC model is then the best rank-R approximation X̂ of X. As the components in
each mode can not be assumed to be orthogonal, the rank-R approximation of X can not
be constructed by adding R triads from separate, iteratively gained rank-1 approximations
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Figure 6.2.: PARAFAC decompostion of the three-way feature array X with R = 3 components and
corresponding component vectors ar , br and cr

corresponding to the r -th component as is for example done in the NIPALS algorithm [180].
Additionally, in some cases the best rank-R approximation can not even be represented
by the sum of the R rank-1 three-way arrays generated by the triads from simultaneously
extracted components [154] and these degenerate solutions usually occur if the three-way
arrays is not suitable for the approximation by a trilinear model [298]. In general, however,
if no exactly fitting PARAFAC model exists, there are no straightforward algorithms to de-
termine the rank of a three-way array and this problem has been shown to be NP-hard [93].
Therefore usually the rank is determined numerically by iteratively fitting PARAFAC models
with an increasing number of components R until the fit of the model is considered to be
good enough, but especially for noisy data a perfect fit may not be achievable and there-
fore the exact rank can not be determined [155]. Although the exact rank of a three-way
array may not be determinable, it is sometimes possible to provide upper bounds of the
achievable rank, the maximum rank, or provide a range of the most probable ranks, the
typical rank, and I refer to Kolda and Bader [155] for a in-depth discussion of this issue.

Similar to the Tucker3 decomposition, the PARAFAC decompostion can be determined
using an alternating least squares approach and the most common algorithm is still the
original approach proposed by Harshman in [82] as described in Algorithm 6.5 on the fol-
lowing page, where each component matrix is successively estimated in a least square
sense by assuming the other component matrices to be fixed and this is repeated until the
change in the fit of the model is below a chosen threshold compared to the previous itera-
tion. Note that all components of a mode need to be determined simultaneously as each
mode’s components can not be assumed to be orthogonal. Although additional constraints
can be introduced into the ALS algorithm resulting in orthonormal loadings, this will result
in a reduced model fit and moreover the orthogonality constraint is limited to two of the
three modes as the loss of fit in the constraint modes needs to be compensated in the
third and unconstrained mode [30]. B and C are initialised with the first R singular vectors
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Algorithm 6.5: PARAFAC ALS [82]
Initialise component matrices B, C

1 B, C← first R left singular vectors of XM×NT ,XT×NM

Perform i iterations until change between fits is below threshold θ
2 repeat

Calculate component matrix A of first mode
3 A = XN×MT (C� B)(C>C ~ D>D)+

Calculate component matrix B of second mode
4 B = XM×NT (C� A)(C>C ~ A>A)+

Calculate component matrix C of third mode
5 C = XT×NM (B� A)(B>B ~ A>A)+

Calculate change δ in model fit to previous iteration
6 δ = ‖X̂i−1 − X̂i‖

until δ < θ

of the corresponding unfolding of X as a reasonable starting point for the iterative process,
but for some three-way arrays this may not lead to a optimum solution and I refer to Smilde
et al. [298] for further elaborations on this issue. Other algorithms for PARAFAC aim to
either increase the speed e.g. the alternating slice-wise diagonalisation (ASD) by Jiang
et al. [127] that uses slice-wise diagonalisation in combination with a subsequent SVD on
the slices of the three-way arrays or to optimise the component matrices not iteratively, but
simultaneously e.g. the damped Gauss-Newton method based PMF3 algorithm by Paatero
[236], and I refer to the surveys by Faber et al. [56] and Tomasi and Bro [321] for a detailed
comparison of different PARAFAC algorithms.

Unlike the Tucker3 decomposition, the PARAFAC decomposition is usually unique
upon scaling and permutation [293]. Kruskal [161] has shown that a sufficient crite-
rion for the uniqueness of the trilinear decompostion of a three-way array X is given by
rank(A) + rank(B) + rank(C) ≥ 2R + 2. Additionally, not only the subspaces defined by
the loadings A, B and A are unique, but also the orientation of the subspaces’ basis vec-
tors [298]. One might therefore assume that the PARAFAC decompostion not only provides
the best low-rank approximation of a three-way array, but also that the joint subspaces de-
scribed by the loadings A, B and C provide the best subspace approximation with respect
to the explained variance. It can, however, be shown that the projection of three-way arrays
on subspaces represented by the loading matrices of a PARAFAC decomposition equals
a Tucker3 model and I refer to the proof by Bro et al. [33] discussed in Appendix A.3.1
for the details. Thus even tough PARAFAC provides the best low-rank approximation of a
three-way array, a PARAFAC model does not provide the best subspace approximation of
a three-way array with respect to the variation explained by the subspaces and the best
subspace approximation is instead provided by a Tucker3 model. This is in contrast to the
two-way case, where the PCA represents both the best low-rank and subspace approxima-
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tion. Considering that the PARAFAC model is a restricted Tucker3 model, we can extend
the hierarchy for Tucker decompositions discussed previously to include PARAFAC, with
PARAFAC as the most and Tucker1 as the least restricted decomposition [151]. Similar
to Tucker2 and Tucker1 models that provide a better fit than a Tucker3 model, the Tucker3
model will provide a better fit than a PARAFAC model, but at the same time possibly include
more noise in its structure [298].

Scores and Loadings For multi-way component models, we have so far treated all
modes equally and considered the component matrices A, B and C as loading matrics
of the first, second and third mode, respectively. We can, however, also extend the con-
cept of the two-way component model in Section 5.3 with loadings P as a projection of
the original variables into a new subspace and the scores T as the representation of the
samples in these new subspace defined by the loadings P to multi-way component mod-
els [298]. As for two-way component models, we assume that the first mode represents
the sample mode where each sample describes one of the N different sequences in the
feature three-way array X. Using the Tucker1 decompostion of the mode-1 unfolded three-
way array X from (6.2.9) as X̂N×MT = AGR×MT and replacing A with T and GR×MT with
P>, we can rewrite (6.2.9) as

X̂N×MT = TP>, (6.2.15)

which clearly describes a two-way component model as discussed in Section 5.3. Extend-
ing this approach also to the Tucker2, Tucker3 and PARAFAC decomposition, we can write
the scores of the three-way component models as

T = A (6.2.16a)

and the loadings as

P>Tucker1 = GR×MT (6.2.16b)

P>Tucker2 = GR×ST (I⊗ B)> (6.2.16c)

P>Tucker3 = GR×SU (C⊗ B)> (6.2.16d)

P>PARAFAC = (C� B)> (6.2.16e)

that is following straightforwardly from (6.2.5), (6.2.7), (6.2.9) and (6.2.14). Hence three-
way component models also can be interpreted as a two-way component model where the
structure of loadings P is depending on the chosen multi-way component model [298].

Due to the trilinear structure of the PARAFAC model, we can directly map the component
matrices and loadings in the second and third B and C onto loadings PM and PT , respec-
tively, where following the suggestion from Smilde et al. [298] the superscript denotes the
mode of the loading. We can then express the approximation of a mode-1 unfolded three-
way array X with the PARAFAC decomposition as

X̂N×MT = T(PT � PM )>. (6.2.17)
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Note that this direct mapping is not possible for the Tucker3 and Tucker2 models due to the
core array G and the interactions between the different modes described within it.

Using multi-way component models to represent multi-way arrays, two-way data analysis
methods can then be extended to three-way arrays and for more information on the dis-
cussed multi-way component models, I refer to Kolda and Bader [155] and the references
therein. Kroonenberg also provides a comprehensive bibliography and list of resources in
[158].

6.3. Trilinear PLSR

Multilinear PLS is an extension of the two-way partial least squares concept to multi-way
arrays and was first proposed by Bro in [28, 29], with further refinements later proposed
by Smilde [299] and de Jong [130]. Reflecting the multi-way nature with n different modes,
multilinear PLS is also called N-PLS and the notation of the two-way bilinear PLS is ex-
tended with a prefix indicating the number of modes in the independent variables. There-
fore the univariate PLSR between a three-way feature array X and a visual quality one-way
array y is denoted as tri-PLS1 or, in line with the notation used in this thesis for the bilinear
PLS, the trilinear PLSR. Clearly, the same arguments in favour of the bilinear PLSR also
hold true for the trilinear PLSR, in particular the advantage of the integral consideration
of the covariance between X and y in the model building process. As the trilinear PLSR
has been so far the multi-way prediction method studied most in literature, I focus the dis-
cussion of multi-way data analysis methods in this thesis on the three-way version of the
multilinear PLSR and other multi-way prediction models are only reviewed briefly.

Before discussing the trilinear PLSR, it should be noted, that Wold et al. proposed a
multi-way PLS earlier in [363], where Wold et al. used a Tucker1 decomposition of the
multi-way array, followed by a bilinear PLSR. It thus corresponds to a PLSR on the unfolded
representation of a multi-way array. Although a Tucker1 decomposition leads to a valid
multi-way component model, its assumptions about and utilisation of the inherent multi-
way structure in the data are the weakest of all Tucker models as discussed in Section 6.2.
Hence Smilde et al. [298] argue that it should therefore not be considered as multi-way
PLS in order to avoid confusion.

General idea Considering the three-way feature array X ∈ RN×M×T and the subjective
visual quality vector y ∈ RN , the aim is to replace the bilinear structure of scores tr ∈ RN

and weights wr ∈ RM for the r -th component in the bilinear PLSR by a trilinear structure
of scores tr ∈ RN , weights wM

r ∈ RM and weights wM
r ∈ RT representing the different

sequences in the first mode, the features in the second mode and frames in the third
mode, respectively. The required trilinearity directly implies a three-way one component
PARAFAC model for each trilinear PLSR component. For the mode-1 unfolded three-way
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feature array X a PARAFAC rank-1 approximation X̂N×MT can be expressed as

X̂N×MT ,r = tr (wT
r � wM

r )> = tr (wT
r ⊗ wM

r )>, (6.3.1)

where we used that for vectors the Khatri-Rao product is corresponding to the Kronecker
product. It can be shown [299] that the scores tr given by

tr = XN×MT ,r (wT
r ⊗ wM

r ), (6.3.2)

with weights wM
r and wT

r of length one i.e. ‖wM‖, ‖wT‖ = 1 solve the minimisation problem

min
tr
‖XN×MT ,r − tr(wT

R ⊗ wM
r )>‖2. (6.3.3)

Similar as to the bilinear PLSR, the aim is then to find weights wM
r and weights wT

r that
maximise the covariance between the visual quality vector y and the scores tr . Omitting
the index r denoting the r -th component for clarity, this can be written for the trilinear PLS
as

max
wM ,wT

[
cov(t, y)|t = XN×MT (wT ⊗ wM )

]
, (6.3.4)

where wM and wT are again restricted to length one. With w = wT ⊗ wM , the score tn
of the n-th horizontal slice of X as Xn ∈ RM×T , representing the n-th sequence can be
expressed as [299]

tn = Xnw (6.3.5a)

and this equivalent to

tn = (wM )>XnwT . (6.3.5b)

Using this representation of the scores, the optimisation problem for the covariance be-
tween visual quality y and scores t in (6.3.4) can then be rewritten as [28]

max
wM ,wT

[
cov(t, y)|tn = (wM )>XnwT

]
= max

wM ,wT

[ N∑
n=1

tnyn|tn = (wM )>XnwT
]

= max
wM ,wT

[ N∑
n=1

yn(wM )>XnwT
]

= max
wM ,wT

[
(wM )>

( N∑
n=1

ynXn

)
wT
]

= max
wM ,wT

[
(wM )>ZwT ],

(6.3.6)
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Algorithm 6.6: Trilinear N-PLS algorithm [28]

1 X̃0 = X
2 ỹ0 = y
3 for r = 1 ... R do

Calculate Zr

4 Zr =
N∑

n=1

yn,r−1X̃n,r−1

Find weights wM
r and wT

r by applying the SVD to Z
5 wM

r ← first left singular vector of Zr

6 wT
r ← first right singular vector of Zr

Estimate scores tr

7 tr = X̃N×MT ,r−1(wT
r ⊗ wM

r )
Estimate regression weights q̂

8 q̂r = (T>r Tr )−1T>r ỹr−1

Subtract the influence of the r -th component from X̃r−1 and ỹr−1

9 X̃N×MT ,r = X̃N×MT ,r−1 − tr (wT
r ⊗ wM

r )
10 ỹr = ỹr−1 − Tr q̂r

end

where Z ∈ RM×T is given by

Z =
N∑

n=1

ynXn, (6.3.7)

representing the inner product between y and X i.e. for each element zjk of Z, zjk =∑N
n=1 ynxnmt . The solution for this optimisation problem can then be found rather ele-

gantly [299] by performing the SVD on Z, resulting in wM as the first left singular vector of
Z and wM as the first right singular vector of Z.

N-PLS algorithm The trilinear PLSR can be determined with the N-PLS algorithm that
was proposed by Bro [28] and is described in Algorithm 6.6. It is based on the non-
orthogonal NIPALS PLS1 algorithm by Martens and Næs [196] discussed in Section 5.5 in
Algorithm 5.3. The non-orthogonal NIPALS PLS1 algorithm is modified to the now trilinear
structure of the scores t and weights wM and wT , but maintains its iterative structure in
finding the R components. The main difference is on the one hand the different estimation
of the weights wM

r and wT
r with the SVD on Zr and the trilinear estimation of the scores

tr , and on the other hand that a three-way feature array X is deflated in each iteration r ,
resulting in the residual three-way array X̃r after the r -th iteration.

Similar to the non-orthogonal NIPALS PLS1 algorithm, the scores tr are no longer or-
thogonal and therefore a simultaneous regression on y of all r scores determined so far is
necessary in each iteration. Hence we estimate in the r -th iteration the regression weights
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q̂r ∈ Rr×1 in the least square sense with Tr ∈ RN×r , where the columns t1 ... tr represent
the scores obtained in all iterations including the current r -th iteration. After R components
have been determined, we denote the final scores and regression weights as T ∈ RN×R

and q̂ ∈ RR×1. The approximation X̂r of X given in (6.3.9) achieved after the r -th iteration
with N-PLS can also be described with the Khatri-Rao product as

X̂N×MT ,r = Tr (WT
r �WM

r )>, (6.3.8)

where the matrices WM
r ∈ RM×r and WT

r ∈ RT×r contain in their columns the weights
wM

1 , ... , wM
r and wT

1 , ... , wT
r , respectively.

Additionally, we can also define a weight matrix W ∈ RMT×R with columns w1, ... , wR

representing the weights wr , where wr = wT
r ⊗ wM

r . Yet, W is no longer orthogonal as for
bilinear PLSR and one consequence is that TW> in the N-PLS does not provide the least
squares fit for (unfolded) X for a given W as in the non-orthogonal NIPALS PLS1 algorithm.
Also even if we can still express the R-component approximation X̂ of X as

X̂N×MT = TW>, (6.3.9)

for the scores T corresponding to X it holds that

T 6= XN×MT W, (6.3.10)

due to the non-orthogonality of W. The scores T can, however, be determined iteratively
as is done in the N-PLS algorithm. This can be expressed as a matrix V ∈ RMT×R [299]

V =

[
w1 (I− w1w>1 )w2 · · ·

R−1∏
r=1

(I− wr w>r )wR

]
, (6.3.11)

and with V we can determine the scores T as

T = XN×MT V. (6.3.12)

With the scores T, the prediction ŷ of the visual quality y is then given by

ŷ = Tq̂ = XN×MT Vq̂. (6.3.13)

Using (6.3.13), the weights b̂ ∈ RMT relating the mode-1 unfolded three-way feature array
X directly to the visual quality vector y are then given by

b̂ = Vq̂. (6.3.14)

For the prediction of the visual quality ŷu of a unknown video sequence SU /∈ SC , the
mode-1 unfolding is performed on the corresponding horizontal feature slice Xu ∈ RM×T ,
resulting in a feature vector xu ∈ RMT . The visual quality can then be predicted using xu

and b̂ with
ŷu = x>u b̂, (6.3.15)
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where we assume that both X and Xu have been preprocessed. The prediction weightsÛb for the quality prediction without preprocessing can be determined as described in Sec-
tion 6.1.2 for the 2D-PCR. Alternatively, it is possible to rearrange the weight vector b̂ for
the unfolded data into a two-way weight array B̂ ∈ RM×T as described in (6.1.2). The
prediction for the visual quality ŷu can then be written as the inner product between Xu and
B̂ as

ŷu = 〈Xu, B̂〉. (6.3.16)

Unlike as for the bilinear PLSR, where multiple algorithms with very different properties
exist, for the multilinear PLSR in general and the trilinear PLSR in particular so far only
the original N-PLS algorithm and its derivations exist. For multi-way arrays with more
than three modes, the N-PLS algorithm shown here for three-way arrays can be extended
straightforwardly to accommodate the additional modes. Assuming we have a four-way
array A ∈ RN×M×T×V , we can calculate a three-way array Z ∈ RM×T×V similar to the
matrix Z above, where each element is defined as zmtv =

∑N
n=1 ynanmtv . The weights wM ,

wT and wV for each of the three modes can then be determined with a one component
trilinear PARAFAC decomposition, enabling the estimation of the scores and I refer to
[28, 29] for more details on the multilinear PLSR for n-way arrays. The multilinear PLSR
for n-way arrays, however, has so far not received as much attention in literature as the
special case of the trilinear PLSR for three-way arrays.

Related to the mulitlinear PLSR and the N-PLS alogrithm is the linear three-way decom-
postion (LTD) approach by Ståhle [309]. It applies an alternative least square approach for
determining the weights wM and wT by cycling through all modes, representing a hybrid
form between Tucker1-PLS as in Wold et al. [363] and the N-PLS [298]. It was shown
by de Jong [131] that LTD provided the same weights wM and wT as the N-PLS algorithm
and therefore results in the same prediction results. According to de Jong [131], the N-PLS
algorithm has, however, due to its explicit three-way optimisation criterion the advantages
of numerically more reliable results and is usually faster compared to the LTD.

Relationship to PARAFAC Even tough the trilinear PLSR uses a three-way PARAFAC
model for each of the R components as can be seen in (6.3.1), it is not equivalent to a
PARAFAC decomposition of X with R components. The reason for this is that the trilin-
ear PLSR iteratively determines rank-1 approximations for each of the R components and
thus the rank-R approximation of X with trilinear PLSR consists of the sum of R sepa-
rate rank-1 trilinear approximations of X with scores tr and weights wT

r and wM
r for each

component. But the PARAFAC decomposition requires the simultaneous estimation of all
components and thus the trilinear PLSR is not a PARAFAC decomposition. Hence the
rank-R approximation with the the trilinear PLSR components is neither the best rank-R
approximation, nor does it provide a unique decomposition of X as both properties require
a rank-R PARAFAC model.
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Algorithm 6.7: Trilinear N-PLS algorithm without deflation of X [131]

1 ỹ0 = y
2 for r = 1 ... R do

Calculate Zr

3 Zr =
N∑

n=1

yn,r−1Xn

Find weights wM
r and wT

r by applying the SVD to Z
4 wM

r ← first left singular vector of Zr

5 wT
r ← first right singular vector of Zr

Estimate scores tr

6 tr = XN×MT (wT
r ⊗ wM

r )
Estimate regression weights q̂

7 q̂r = (T>r Tr )−1T>r ỹr−1

Subtract the influence of the r -th component from ỹr−1

8 ỹr = ỹr−1 − Tr q̂r

end

Subspace approximation One consequence of using a PARAFAC decomposition for
each component is that the resulting trilinear model for the r -th component does not rep-
resent the best subspace approximation of X. Therefore Bro et al. [33] proposed a mod-
ification of the N-PLS algorithm that extends the multilinear PLSR to provide a subspace
approximation of X. Bro et al. [33] use that de Jong has shown in [131] that the deflation of
X in each iteration of the N-PLS algorithm is not necessary. Hence the model for approx-
imating X with X̂ can be chosen independently from the model imposed on the weights
wT

r and wM
r , as only X is used in the estimation of the prediction weight q̂, but not any

intermediate, deflated versions X̃r . The resulting N-PLS algorithm without deflation of X̂ is
described in Algorithm 6.7. In order to gain a subspace approximation of X, the trilinear
PARAFAC-like model in (6.3.8) is replaced by a Tucker3 model

X̂N×MT ,r = Tr Gr×rr
(
WT

r ⊗WM
r

)>, (6.3.17)

where the core array G ∈ Rr×r×r is given by

Gr×rr = T+
r XN×MT

((
WT

r

)+ ⊗
(
WM

r

)+
)>

. (6.3.18)

The advantages of this new Tucker3-based approximation are a better fit of the model i.e.
the residual modelling error E = X−X̂ is lower than for the original N-PLS algorithm and that
a perfectly trilinear X can be modelled perfectly. At the same time the prediction weights
q̂ remain unchanged and thus this modified version of the N-PLS algorithm provides the
same visual quality predictions ŷu for unknown video sequences SU as the original N-PLS
algorithm [33].
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Alternatives to trilinear PLSR Even tough only the multilinear PLS is discussed in
detail in this thesis, other methods for building multi-way models are briefly reviewed and I
refer to the given references for further details. As before, the focus is on three-way arrays,
but all methods can be extended to n-way arrays.

Using MLR on a multi-way component model of the three-way feature array X, the visual
quality vector y can be regressed on the mode-1 loading matrix A representing the scores
T of X, similar to the extension from the PCA to the PCR in Section 5.4. For orthogonal
scores T, this can be expressed straightforwardly as q̂ = T>y and for a Tucker3 model we
arrive with (6.2.5) at b̂ =

(
(C+ ⊗ B+)>G+

R×SU

)
q̂, allowing us to predict the visual quality of

unknown video sequences. But using only the scores gained from a multi-way component
model of X, the resulting regression weights b̂ may not necessarily be predictive for y.
Hence this approach shares the same disadvantage as the PCR for two-way arrays.

The multi-way covariate regression proposed by Smilde and Kiers [300] provides a
framework for component model independent regression. Hence the desired model struc-
ture can be chosen as one of the three Tucker models or a PARAFAC model, depending
on which model may suit the three-way feature array X best. The multi-way covariate re-
gression is based on the principal covariates regression by de Jong and Kiers [133] that
allows to adjust the influence of the independent variables represented by X and the de-
pendent variables represented by y on the sought weights with a parameter α, where
α = 1, α = 0.5 and α = 0 can be interpreted as PCR, PLS and MLR, respectively, as can
be seen in (6.3.19) below. For a three-way array X ∈ RN×MT and a univariate y ∈ RN , the
optimisation problem in the multi-way covariate regression can be expressed as

min
W

[
α‖XN×MT − XN×MT P>X ‖2 +

[
(1− α)‖y− XN×MT Wp>y ‖2], (6.3.19)

where W are the weights optimising the expression, PX represents the loadings of X for the
different multi-way component models from (6.2.16), py the loadings of y and the scores
T are given by T = XN×MT W. Note, that unlike for the multilinear PLSR in (6.3.4) the
structural model of X can be chosen independently from the optimisation problem and can
be solved with an alternating least square based algorithm as described in [300]

Recently, Zhao et al. [375] proposed the higher-order PLS (HOPLS), where the concept
of covariance has been extended to multi-way arrays with a subsequent Tucker3 decom-
position of the resulting covariance multi-way array Cr in order to determine scores tr and
loadings PM

r and PT
r for each component r . Unlike the methods discussed so far, the di-

mensionality of the second mode of the loadings PM
r and PT

r representing the n-rank is
not one, but rather an a-priori design parameter. Hence, for each component r we obtain
loadings with an n-rank > 1 or in other words for each component not a loading or weight
vector as used so far, but rather a loading matrix is obtained. The first step in the HOPLS
algorithm for a three-way X is the optimisation problem

max
PM

r ,PT
R

‖Cr ×1 PM
r ×2 PT

r ‖2, (6.3.20)
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that is similar to the maximization of the covariance for the multilinear PLS in (6.3.4). This
problem is solved by a Tucker3 decomposition of Cr resulting in core array Gr and the load-
ings PM

r and PT
r . The scores tr are then determined by minimising the following expression

min
tr
‖X− Gr ×1 tr ×2 PM

r ×3 PT
r ‖2, (6.3.21)

that can again be compared to the optimisation criteria for the scores of the multilinear PLS
in (6.3.3) and where the solution is the first left singular vector of X ×2

(
PM

r

)> ×3
(
PT

r

)>.
Using the scores and loadings, X is than deflated to X̃r and the process is repeated for
the (r + 1)-th component. Considering the similarities to the multilinear PLSR, HOPLS
can be understood as a generalization of the multilinear PLSR and it was shown by Zhao
et al. in [375] that the multilinear PLSR can be considered as a special case of the HOPLS
where the n-rank for the loadings is one. In [375], it is also shown that HOPLS outperforms
multilinear PLSR for some datasets and performance metrics, but more comprehensive
evaluations especially with commonly used datasets in chemometrics may be necessary
before this supposed advantage can be proven to be valid in general.
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Regardless of which method presented in the previous chapters is chosen to build a pre-
diction model, the training and structure of the model should lead to reliable and well per-
forming prediction models even for unknown video sequences not included in the training.

In this chapter, I therefore address model building considerations that should be taken
into account when using the data analysis approach in the design of video quality metrics.
Firstly, I discuss the training of reliable prediction models using cross validation, before
reviewing the model selection process itself. This is followed by a discussion of influenc-
ing the structure of the model and the resulting predication performance by selectively
choosing the number of components or specific features.

7.1. Cross validation

Calibration or training results in a model described by the regression weights B̂, allowing
us to estimate the visual quality ŷ purely from the three-way feature array X of a video
sequence S. But we still need to ensure that the gained model is reliable and therefore
able to provide a visual quality prediction ŷ as close as possible to the true subjective
visual quality y with respect to a given error metric, often represented by the mean squared
error between ŷ and y . Hence, the calibration is followed by a validation, assessing the
prediction error of our model.

Our ultimate goal is the prediction of the visual quality of unknown video sequences
and thus the validation should use a different set SV of video sequences disjunct to the
calibration set SC i.e. SC ∩ SV = ∅ in order to allow the realistic assessment of a model’s
predictive abilities. The best option is clearly to use a set SP of video sequences that
is completely separated from the sequences in S available during the calibration process
and thus perform an external validation [197]. We can then use all N sequences in S for
the calibration with SC = S, followed by using all sequences in SV = SP for assessing
the prediction error of our model. Unfortunately, in video quality assessment the number
of available video sequences S and corresponding subjective visual quality values y is
usually rather limited with typically N ≤ 50. Therefore often only one set S of N video
sequences Sn is available both for calibration and validation, forcing us to perform an
internal validation [197].

Cross validation is a concept that allows us to perform an internal validation by using
only video sequences from S. The aim is to split S into two subsets, one set SC ⊂ S
for calibration and one set SV ⊂ S for validation, where SC ∪ SV = S, but SC ∩ SV = ∅
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and thus are still disjunct. Depending on the specific cross validation method, different
strategies for splitting up S are used, resulting in different properties of the cross validation
methods.

Simple cross validation Hold-out cross validation or simple cross validation is the most
straightforward method for splitting up S and can be traced back as early as Larson [168]
according to Arlot and Celisse [10]. It splits the set of N sequences into two fixed sets with
|SC | = Nc calibration and |SV | = NV validation sequences, where N = NC + NV . Fixed
in this context means that once the two sets have been defined, only one model with SC

will be built, followed by the validation with SV . The problem with this method is that for a
fixed number of video sequences N, a trade off between the number of sequences in the
calibration and validation set needs to be made: the larger NC , the more representative SC

is of the general population and thus the better the systematic variation can be modelled,
but on the other hand only relatively few, NV = N − NC , sequences are available for the
validation and thus SV is less representative of the general population, not allowing us to
assess the realistic prediction abilities of the model. If we consider cross validation as an
estimator for the true, but unknown prediction error for the general population, it can be
shown that the bias of the cross validation estimator decreases with increasing NC , hence
motivating NC > NV , but also that hold-out cross validation in general regardless of the
ratio between NC and NV results in a relatively large variance compared to other cross
validation strategies [10]. Considering these two issues, hold-out cross validation is clearly
not the best method and this was also shown empirically for small data sets with N ≤ 80
samples in chemometrics by Martens and Dardenne [199].

Leave-one-out cross validation Leave-one-out cross validation is a cross validation
method independently introduced by Allen [2], Geisser [72] and Stone [311] that applies
an exhaustive splitting strategy by using NC = N − 1 sequences for calibration and only
one sequence for validation with NV = 1. In contrast to the hold-out method, however,
not one fixed model is used, but rather N models are constructed, successively leaving
out each sequence and using all the other N − 1 sequences for calibrating the model as
illustrated in Fig. 7.1 on the next page. Thus we have both N calibration sets |SC,n| = N−1
and validation sets |SV ,n| = 1, where SV ,n = {Sn} and SC,n = S \ {Sn} for n = 1, ... , N.
Considering cross validation again from an estimator point of view, we are now able to use
NC ≈ N sequences in the calibration thus reducing the bias of the estimation significantly.
Moreover, it can be shown that for leave-one-out cross validation the variance is mini-
mal compared to all other all cross validation strategies [10]. Martens and Dardenne [199]
have shown that for the same data set, leave-one-out cross validation provides significantly
more realistic results for small data sets compared to the hold-out cross validation. One
disadvantage of the leave-one-out cross validation is, however, that now N different mod-
els need to be calibrated. But in many cases and also in the context of this thesis, although
an increased computational complexity exists, its practical implications are negligible, es-
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Figure 7.1.: Leave-one-out cross validation for N = 3 video sequences: splitting up in calibration
set SC and validation set SV , followed by the calibration of three different models

pecially considering modern multi-core processors allowing the simultaneous calibration
of multiple models. Leave-one-out cross validation is commonly used for the validation of
models based on data analysis methods [197, 298] and therefore the leave-one-out cross
validation is also the cross validation method used in this thesis.

K-fold cross validation K-fold cross validation can be considered as a compromise be-
tween the hold-out and leave-one-out cross validation and was introduced by Geisser [72].
It is a method that applies a partial splitting strategy by partitioning S into K subsets Sk

of equal size |Sk | = N/K for k = 1, ... , K , with K � N, S =
⋂K

k=1 Sk and
⋃K

k=1 Sk = ∅.
This results in NC = N − N/K sequences for calibration, N/K sequences for validation
with NV = N/K and overall K different models. The k-fold cross validation can be con-
sidered as a reduced leave-one-out cross validation with less computational complexity as
only K � N models need to be determined. Also for K = N the k-fold cross validation is
equivalent to the leave-one-out cross validation. Considering the k-fold cross validation as
an estimator for the prediction error, the bias will be larger due to the smaller calibration
set with N/K < N and the variance is increased to the additional variability introduced by
the partitioning into K subsets. Results by Breiman and Spector [26], however, suggest
that k-fold cross validation is better suited for model selection than the leave-one-out cross
validation.

One assumption in cross validation is that each of the N samples is an independent and
identically distributed sample from the general population. In video quality assessment,
however, it is common that although we have N different video sequences Sn, we only have
I different sources. The N different video sequences are usually generated by processing
each of the I video contents with J = N/I different parameters e.g. different bitrates
during encoding. Clearly, all video sequences Sij resulting from the processing of the
content i with different parameters j will share common properties. Hence, the N = IJ
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video sequences Sn can no longer be considered independent and identically distributed.
Denoting the set of sequences with the same content i as Si = {Si1, Si2, ... , SiJ}, the
set of all sequences is then given by S =

⋂I
i=1 Si and the sets with different content are

disjunct
⋃I

i=1 Si = ∅. Assuming a leave-one-out cross validation, we thus have both IJ − J
calibration sets |SC,i | = IJ − J and validation sets |SV ,i | = J, where SV ,i = Si and SC,i =
S \ Si for i = 1, ... , I. Hence, instead of a leave-one-out cross validation between N video
sequences, we have a cross-validation between I sets of different content. One could
argue that we therefore no longer apply a leave-one-out cross validation, but rather a k-fold
cross validation. But unlike the premise of the k-fold cross validation, we are not splitting
our data into larger subsets to reduce the number of calibration and validation sets, but
rather due to the inherent structure of the data in our a samples and the requirements of
the cross validation for independent and identically distributed data.

For further information about cross validation in the context of data analysis, I refer to
Martens and Næs [197], and for a discussion of cross validation in general, I refer to the
survey by Arlot and Celisse [10] and the references therein.

7.2. Model selection

Validation allows us to assess the predictive abilities of models based on different features
or design methods. Clearly, we chose the model with the best predictive abilities. It is,
however, possible that although the models have different properties, they still have the
same or at least nearly the same prediction abilities. Thus we need criteria how to select
the most suitable model not only based on its predictive abilities, but also on its structure.

Before discussing the selection criteria, it is useful to briefly review the relationship be-
tween the overall model complexity represented by the number of a model’s parameters
and the prediction error: on the one hand, if the model is too simple, it is not able to explain
the systematic structure of the latent variables well enough, but on the other hand, if the
model is too complex the noise increases due to the estimation of more parameters. This
leads to underfitting and overfitting of the model on the opposite ends of the complexity
scale, and an optimal choice of complexity for minimal prediction error in between these
two extremes as illustrated schematically in Fig. 7.2 on the facing page [197]. Although it
is counter intuitive, more parameters are therefore not necessarily better and consequently
the aim should be to use as many parameters as necessary, but as few parameters as pos-
sible. Therefore for multiple models with equal predictive abilities, but different complexity,
the model with the least complexity should be chosen.

This strategy of selecting the least complex model is known as the principle of parsi-
mony and the aim is to choose the most parsimonious model, representing the simplest
possible model from a set of different models fulfilling a given criterion equally well. The
concept of parsimony is often referred to as Ockham’s razor, but can be traced even fur-
ther back [319]. In the context of factor or component analysis, the general notion of
parsimony was first introduced by Thurstone in [320] suggesting that factor models with
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Figure 7.2.: Prediction error depending on the model complexity, leading to underfitting or overfit-
ting on the extremes and an optimum in between (adapted from [197])

simple structure should be preferred. This was later formalised by Ferguson in [61], by ex-
plicitly discussing parsimony in the context of factor analysis and suggesting a parsimony
measure based on the loadings of a factor model. In particular, Ferguson related parsi-
mony to Shannon’s definition of information [286], suggesting that the most parsimonious
model is the model containing maximum information about the phenomena described by
the model. Ferguson, however, did not provide a proof that a more parsimonious model
provides better predictive abilities. Parsimony in model selection was therefore subse-
quently addressed by Seasholtz and Kowalski for component models based on PCR and
PLS in [281]. Seasholtz and Kowalski have shown that for linear models and a given
prediction error function, the model with fewer parameters will on average have a smaller
prediction error asymptotically. Hence, the selection of the most parsimonious model can
be justified by the minimisation of the prediction error.

Parsimony in this thesis is focused on the number of components as the main model
parameter in the different models and thus for models with equal predictive abilities, the
model with fewer components will be preferred. As the components are a representation
of the latent variables, fewer components for the same predictive abilities represent a more
compact representation of the structure inherent in the three-way feature array X and, de-
pending on the used data analysis method, the relationship of the features to the visual
quality vector y. Additionally, the features themselves can also be considered as model
parameters and therefore if some features do not have any noticeable influence on the
predictive abilities of a model, these features may be omitted from the model building pro-
cess in order to gain a more parsimonious model. Assuming, however, that usually only
features with a known or at least strongly suspected influence on the visual quality are se-
lected for the model building process, it may not always be possible to reduce the models’
complexity by using fewer features and thus the number of components is therefore the
main parameter in the optimisation for the most parsimonious model.
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7.3. Component selection

In discussing the different two-way and multi-way data analysis methods, the number of R
components to be extracted was considered to be a predetermined parameter. Assuming
we have a three-way feature array X ∈ RN×M×T and usually M � T , we can at most
extract R = M components and we aim at a model with R < M components, describing
the latent variables within X

Our main goal, however, is to select those R components that provide the best prediction
abilities for unknown video sequences not included in the calibration set SC . This selection
is usually done using leave-one-out cross valuation to assess the prediction error of the
model for each component r with r = 1, ... , R, ... , M. One advantage of using a cross vali-
dation approach is its universal applicability, regardless of the used data analysis method.
Moreover, it can be used for two-way and three-way data analysis methods alike. The
prediction error is usually defined as the mean squared error between ŷ and y , resulting
in the mean squared error of prediction (MSEP) as

MSEP =
1
N

N∑
n=1

(yn − ŷn)2, (7.3.1)

where for the prediction ŷn the model determined with SC \Sn is used. This is repeated for
all r , resulting in M MSEPr that describe the prediction error for the model with r compo-
nents. Note, that in literature e.g. Martens and Næs [197] the MSEP in cross validation is
sometimes denoted as MSECV and MSEP is used to denote the MSE for the prediction er-
ror between the model and a separate validation set SP . Similarly, the mean squared error
of calibration (MSEC) can be determined, providing information of the fit of the model with
respect to the calibration data without cross validation where S = SC = SV . Accounting for
the degrees of freedom in model building, the MSEC can be expressed as

MSEC =
1

N − (r + 1)

N∑
n=1

(yn − ŷn)2, (7.3.2)

where r +1 is the term suggested by Martens and Næs [197] to compensate for the degrees
of freedom in PLS that is also used for other methods in this thesis for convenience. Often
the root mean squared error (RMSE) is used as alternative error metric and then the equiv-
alent errors to the MSEC and MSEP are denoted as RMSEC and RMSEP, respectively.

The number of components R is then determined as the index r of the component that
results in the (first) minimum of the MSEP and this is often determined visually using a
so-called PRESS plot that plots the MSEP depending on the number of components r ,
where PRESS stands for prediction sum of squares (PRESS) as suggested in the leave-
one-out cross validation proposal by Allen [2]. Note that the only difference between the
MSEP and the PRESS is the averaging overall sequences N. A PRESS plot is illustrated
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Figure 7.3.: PRESS plot: prediction error MSEP for leave-one-out cross validation and calibration
error MSEC depending on the selected number of components r . Additionally the prediction error
MSEPP for a separate set SP (adapted from [197])

schematically in Fig. 7.3 and we can observe three typical properties of a PRESS plot
for a prediction model: firstly, the MSEC describing the model’s fit to the calibration set
SC approaches asymptotically zero for an increasing number of components. This is not
surprising, as with each component the model approximates the sequences within SC

better. Secondly, the MSEP describing the prediction error of the cross validation shows a
bath-tub like behaviour by first decreasing, reaching a minimum an then starting to increase
again. Of particular interest is the minimum MSEP as the corresponding component r
is the component number R we are looking for that is minimising the prediction error.
The overall behaviour is explained by the increasingly better structural model with each
component and therefore better prediction abilities for unknown video sequences until the
R-th component. But from the R + 1 component the model starts to be over-fitted to the
calibration set SC , mostly representing the noise in SC and thus the prediction abilities of
the model diminishes again. Lastly, we can observe that the prediction error MSEPP for
a separate set of video sequences SP is higher than the MSEP for the prediction from
the cross validation. This can be explained by the fact that the cross validation is just an
estimator of the true prediction error and tends to underestimate the prediction error. This
was shown empirically for small data sets by Martens and Dardenne [199]. Wold [360]
described this visual approach using the PRESS-plot in his RWold -criterion as RWold =
MSEP(r + 1)/MSEP(r ), where R ≡ r for the first r with RWold ≥ 1 or as suggested by
Krzanowski [163] for the first r with RWold > 0.9. This was extended by Osten [230] to
include an F -test in the decision to find the best r , but van der Voet [331] argued that an
F-test is not suitable in this context.

Other criteria for component selection without cross validation include the MSEC with
leverage correction [197], using the size of the eigenvalues of the variation explained by
each of the r components [348] or a randomisation approach where a test statistic based
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on the calibration set is compared to the results of the same test statistic for multiple
permuted versions of the calibration set [348]. Additionally, Næs and Helland [222] propose
to classify components into components with strong and weak relevance for the prediction
model: if the scores T are spanned by the eigenvectors of the covariance matrix of X
and the regression weights with respect to the scores q are in the space spanned by the
columns of T, the components are relevant, otherwise they are not.

7.4. Feature selection

In the building process of a visual quality prediction model, usually only features in the
three-way feature array X are included that are known or at least strongly suspected to
have a significant influence on the visual quality. But even with this a-priori selection of
features, it may very well be that some of the features may have only a negligible influence
on the quality prediction and in order to gain a more parsimonious prediction model such
features should be excluded from the model. One option to determine these features is
a separate leave-one-out cross validation for each of the M features in addition to the
leave-one-out cross validation for the component selection, enabling us to examine the
influence of the individual features on the prediction error. After identifying features with no
or only small influence on the prediction error, the model building process is then repeated
without these features. Considering, however, that we already perform a leave-one-out
cross validation with N models for determining the components R this would lead to NM
different models, with NM � N if we assume that a sufficiently large number of M features
are used. In order to avoid building these additional models, other methods allowing us to
directly analyse the contribution of the individual features to the predictive abilities of the
model are needed. In this section, I therefore briefly discuss two methods for determining
the influence of individual features on the prediction and thus enabling us to select only
useful features.

Jackknifing Jackknifing is a method closely related to cross validation. The idea is to
compare the regression weights of the features gained in each of the N bilinear models
in the leave-one-out cross validation with the regression weights b̂ ∈ RM×1 gained for the
model without cross validation i.e. SC = SV . The jackknife was adapted by Martens and
Martens [200] for the use in two-way data analysis and is based on the jackknife estimation
of bias and variance proposed by Quenouille [261] and Tukey [327], respectively. For the
prediction model with the n-th video sequence Sn left out in the calibration set SC , the
regression weights are denoted as b̂n ∈ RM×1 and the estimated variance σ̂2 ∈ RM×1 for
all features is then given as

σ̂2 =
N − 1

N

N∑
n=1

(b̂− b̂n)2, (7.4.1)
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where the m-th element σ̂2
m of σ̂2 corresponds to the estimated variance of the m-th fea-

ture. Using σ̂2
m, a standard t-test can then be performed for each regression weight b̂m

representing the influence of the m-th feature in the prediction model with the null hypoth-
esis that b̂m = 0, where Martens and Martens [200] suggest to use a significance level of
p < 0.1. If the results for one or more of the features is above the significance level, the
feature with the highest p-value is removed and the model building process is repeated
with M − 1 features. This whole procedure is repeated until all remaining features are
below the chosen significance level [3]. Note, that if there is a large number of insignifi-
cant features, this iterative process may lead to an increased number of built models to be
built, similar as for the basic cross-validation approach discussed before. Instead of using
the regression weights b̂, also loadings P or loading weights W can be used to identify
features insignificant for the prediction, but a correction for rotational ambiguity in bilinear
models needs to be applied and the jackknifing must be performed for each component
separately [200]. The jackknifing of loadings P or loading weights W can be extended to
multi-way arrays, but the jackknife can only be performed for each mode separately as dis-
cussed by Riu and Bro [271]. For more information on the jackknife in the context of data
analysis and in general, I refer to Martens and Martens [200] and Efron [51], respectively.

Leverage Leverage is a concept to describe the influence of individual features on the
prediction model, where features with a high leverage have strong influence and features
with a low leverage have a weak influence on the prediction model. It therefore provides
a measure of uniqueness of the individual features compared to all other features [221].
The concept of leverage as originally introduced in the context of MLR by Hoaglin and
Welsch [88] is equivalent to the squared Mahalanobis distance [193] upon a scaling factor
and offset. For a two-way array A ∈ RI×J , where the I rows represent different objects,
the squared (sample) Mahalanobis distance ∆2 for the i-th object represent by the i-th row
vector ai ∈ R1×J can be expressed as

∆2
i = (ai − a)>(A>A)−1(ai − a), (7.4.2)

where (A>A)−1 represents the covariance matrix of A and the row vector a ∈ R1×J the
average over all I objects in A. Clearly, for uncorrelated variables the covariance matrix is
equal to the identity matrix and then the Mahalanobis distance is equal to the Euclidean
distance to the calibration centre.

The squared Mahalanobis distance can therefore be interpreted as the Euclidean dis-
tance weighted by the inverse covariance matrix of the samples. It takes into account the
influence of the correlation between the variables represented by the covariance matrix
and thus provides an estimation of the probability distribution of the objects. The Maha-
lanobis distance is thus the distance between a object and the calibration centre weighted
with this probability distribution. Hence, a small distance indicates an object with less im-
portance and thus small leverage, as it is close to the calibration centre and the probability
of observing an object with this variable combination is high. On the contrary, a large dis-
tance indicates an object with high importance and thus large leverage, as it is far from the

123



7. Model Building Considerations

calibration centre and the probability of observing an object with this variable combination
is low. In the later case, however, this could also be an indication for an outlier, and not a
object with high leverage.

Considering that we are interested in the leverage h ∈ RM×1 of the features in order to
perform a feature selection, the squared Mahalabonis distance of the loadings P ∈ RM×R

generated by a two-way data analysis for given number of r components is then provided
as

h = diag
[
P(P>P)−1P>

]
, (7.4.3)

where loadings are the objects and by definition offset-free. The m-th element hm of h
represents then the leverage of the m-th feature with 0 ≤ hm ≤ 1 [298]. If the loadings
are not directly available, the leverage of the features can also be determined with the
loading weights W and by replacing the loadings P with the scores T it is also possible to
determine the leverage of the video sequences Sn that may have little or large influence
on the model building process. For multi-way arrays, the leverage is determined for each
mode separately. Once features with low leverage are identified, they are removed from
the three-way feature array X and the model building process is repeated. As no cross
validation is strictly necessary for the leverage determination, this approach is therefore
also suitable for component models without regression. For a more information about the
Mahalanobis distance, the concept of leverage in regression and in multivariate calibration,
I refer to Maesschalck et al. [192], Cook and Weisberg [46] and Martens and Næs [197],
respectively.
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8. Designing Video Quality Metrics

In the previous chapters, I presented different data analysis methods that can be used
to design video quality metrics. But in order to design such metrics, we need objective
features for the three-way feature array X in addition to the visual quality vector y gained
in subjective testing.

Since the focus of this thesis is on the design of video quality metrics with multi-way
data analysis in general and not on the development of a particular metric itself, it is not
sensible to design a video quality metric highly optimised for a certain application. Still,
we need to assess if multi-way data analysis provides an advantage in the design of video
quality metrics and thus need metrics designed with the previously discussed methods in
order to evaluate the suitability of the multi-way data analysis approach to the data driven
design of video quality metrics.

In this chapter, I therefore provide two simple examples for no-reference video quality
metrics, representing the two main categories in the engineering approach to video quality
metrics: one bitstream-based and one pixel-based video quality metric. The first example
describes how a video quality metric can be designed with H.264/AVC bitstream-based no-
reference features, suitable for the visual quality estimation of H.264/AVC encoded video
sequences. The second example describes a more universal approach, utilizing only pixel-
based no-reference features and is thus also suitable for other coding technologies. As
the focus of this thesis is on distortions introduced by coding artefacts, the features are se-
lected with respect to this criterion and for other distortion types, in particular transmission
errors or packet loss, other features or at least other extraction methods for some features
may be necessary.

Metric framework Considering the data driven data analysis approach more gener-
ally as a method to build prediction models based on features representing the video
sequences’ properties, we can regard the structure of the resulting metrics as a frame-
work consisting of a feature processing part and a separate prediction part as illustrated in
Fig. 8.1 on the following page. The feature processing part describes the feature extraction
and subsequent processing of the video sequences, and the prediction part then utilises
the extracted features for predicting the visual quality. In the examples in this chapter,
the feature processing is represented by the bitstream-based and pixel-based metric ex-
tracting the corresponding features, and the prediction part is represented by the different
models generated with two-way and multi-way data analysis.

Using this module-based approach within a metric instead of a monolithic metric, we can
easily utilise additional features and the corresponding extraction algorithms in the model
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Figure 8.1.: Framework for video quality metrics: feature dependent processing part and feature
independent prediction part

building process with data analysis. Thus even though the examples in this chapter focus
only on a specific set of pixel-based or bitstream-based features, the same basic structure
can be used for other features or even feature categories. Moreover, we can also include
additional pre- or post-processing steps if necessary without affecting the prediction part.
Alternatively, the data analysis based prediction models could also be replaced by models
based on other principles or concepts.

8.1. Example I: H.264/AVC bitstream-based no-reference metric

In the first example, we use certain properties of the H.264/AVC bitstream for the predic-
tion. No-reference in this context means that the video sequence itself will not be decoded,
but that the entropy encoding for transmission has been reversed and that we have there-
fore direct access to the H.264/AVC bitstream.

An obvious limitation is that a metric based on H.264/AVC bitstream features will only
be able to assess the visual quality of H.264/AVC encoded video sequences. H.264/AVC,
however, is used in ever more applications from IPTV to HDTV and sometimes even
instead of MPEG-2 for SDTV. Hence, we address a sufficiently large number of appli-
cation areas, even if we only focus on H.264/AVC coding technology The feature and
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overall design discussed in this section was also used to design the metrics presented in
[142, 143, 146, 153]

8.1.1. The H.264/AVC standard

Before describing the extracted features, I will shortly provide a quick overview of the
H.264/AVC video coding standard with a special focus on those properties that I will uti-
lize in the design template. For more detailed information about H.264/AVC, I refer the
interested reader to the abundant literature on this topic e.g. [315, 347] and of course the
standard itself.

Commonly known as H.264/AVC, the recommendation ITU-T H.264 | international stan-
dard ISO/IEC 14496-10 - MPEG-4 Part 10, Advanced Video Coding [97, 126], is the result
of the joint effort of ITU-T and ISO/IEC to create a more efficient successor especially for
the then future application area of HDTV to both the ISO/IEC standards MPEG-2, Part 2
and MPEG-4, Part 2 [96, 98] and the ITU-T recommendations H.262 and H.263 [115, 117].
The overall aim was to achieve a reduction of the data rate by 50% compared to its pre-
decessors while maintaining the same visual quality. Since the recommendation standard
went into force in 2003, it has become the predominantly used video coding standard for
new, non-legacy applications.

Overview H.264/AVC follows the model of hybrid coding already used by its predeces-
sors. The basic principle behind this approach is illustrated in Fig. 8.2 on the next page.
It combines a quantised integer transform coding with a motion compensated prediction.
The encoder includes a decoder in the encoding loop that decodes the previous frame.
It then performs a motion estimation and compensation of the frame with respect to the
previous frame, before subtracting the motion compensated prediction from it. Hence, we
only have to use the entropy coding to encode the transformed and quantised prediction
error between the current frame and its processor for transmission, the so-called resid-
ual error, thereby reducing the transmitted information significantly. Additionally, we also
have to transmit the motion vectors used for the motion compensation, but this is usually
significantly less data compared the size of non-motion-compensated frames, especially
considering that the motion vector themselves can also be predicted from their preceding
motion vectors.

Obviously, this is only possible, if already at least one frame has been transmitted.
Therefore we can distinguish in H.264/AVC two basic frame types: intra and inter. Intra
frames, also called I-frames, may only use information in the current frame for encoding,
whereas inter frames may also use information from other frames. Depending on the in-
ter frame type, only previous or both previous and successive frames may be used for
P-frames and B-frames, respectively. Multiple frames are then grouped into a group of pic-
tures (GOP) that starts with an I-frame and can be considered the smallest independently
decodable unit of a video sequence.
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Figure 8.2.: Simplified overview of the H.264/AVC encoding process

Requirements on the decoder with respect to their support of certain H.264/AVC fea-
tures are described in profiles and levels describe the required computational performance
for certain resolutions and frame rates.

Frame structure Each frame is divided into 16 × 16 macroblocks that are the basic
unit for both motion compensation and transform coding. They can be further portioned
into 8 × 8 and 4 × 4 submacroblocks for intra coded macroblocks and 16 × 8, 8 × 16,
8 × 8, 8 × 4, 4 × 8 and 4 × 4 submacroblocks for inter coded macroblocks. Note, that
depending on the frame type, different macroblocks and their corresponding prediction
references may be used in the same frame e.g. B-frames may combine intra and inter
coded macro blocks. Moreover, H.264/AVC also allows to flag macroblocks to be skipped,
if they contain no residual error i.e. no change occurred and their motion can be effectively
predicted from neighbouring macroblocks. In Fig. 8.3 on the facing page an example of a
frame’s possible subdivisions are shown. Note how the submacroblock sizes adapt to the
details in the frame: for homogeneous areas with few details e.g. the sky in the background,
larger submacroblocks or even the macroblocks themselves without any subdivision at all
are used, whereas for areas with more details e.g. the building in the foreground, smaller
subdivisions are used. Consequently, we will need less data to describe the areas with
less information and can invest more bits into the details.
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Figure 8.3.: Example of H.264/AVC macroblock structure and how the submacroblocks take the
details in the frame into consideration (derived from [153])

Additionally, each frame can also be subdivided into multiple slices, which in turn contain
multiple macroblocks. The advantage is that each slice can be decoded independently of
the other slices, thus increasing the error resiliency. Each slice itself can be of an intra
or inter type. In most real-life applications, however, each frame is usually represented by
exactly one slice. Hence, the term slice and frame can often be used synonymously.

Bitstream structure In order to extract features directly from the bitstream, we need to
consider its different conceptual layers as shown in Fig. 8.4 on the next page.

The Network Abstraction Layer (NAL) represents the top layer from a bitstream perspec-
tive. It allows a simple and effective adaptation of the H.264/AVC bitstream to different
transport networks and consists of packets, the NAL Units (NALU). We can distinguish
between two different types of NALUs: Video Coding Layer (VCL) and non Video Coding
Layer (non-VCL). The non-VCL NALUs contain information about the video transported in
a VCL NALU. The sequence parameter sets (SPS) describe parameters concerning the
complete video sequence, e.g. profile, and the picture parameter sets (PPS) describe
decoding properties of one or more slices within the video sequence. Optional non-VCL
types contain supplemental enhancement information (SEI) NALU or the mapping of the
slices to the frames in an access unit (AU) NALU. As shown in Fig. 8.4 on the following
page, each PPS refers to one SPS.
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Figure 8.4.: H.264/AVC bitstream and its different conceptual layers (derived from [153])

Each VCL NALUs contains a slice, which leads us to the next layer, the slice layer.
Here we find in the slice header parameters valid for the complete slice e.g. slice type
or start quantisation point. Additionally, the VCL NALU contains all macroblocks of the
corresponding slice. This brings us to the last layer, the macroblock layer. Here we can
obtain information about the individual macroblocks, in particular their segmentation, their
motion vectors and any deviation from the overall quantisation point of the slice. Note,
that often each frame only consists of one slice and therefore a VCL NALU corresponds
directly to one frame.

8.1.2. Extracted bitstream features

After this short introduction into the H.264/AVC standard, I present in this section the fea-
tures of the H.264/AVC that will be used in the example metric. All in all, 17 different
features are extracted from the bitstream. They can be classified into slice parameters
and macroblock parameters. The first category describes features we can extract from the
slice layer and describe properties of the complete slice, whereas the second category
describe features we derive from the individual macroblocks in the macroblock layer.

Slice parameters In the slice layer, the following features are extracted:

• Type describing if the slice is an I-, P-, or B-slice, or considering that in most cases
a slice is equivalent to a frame, if the current frame is an I-, P-, or B-frame.

• Bitrate describing the bitrate in kBit needed for coding the slice i.e. the size of the
VCL NALU containing the slice.

• QP describing the initial quantisation point of the slice from the slice header.
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Macroblock parameters In the macroblock layer, we collect information about the mac-
roblocks in the corresponding slice and then pool them per slice. The collected features
are:

• Intra percentage of the intra macroblocks in a slice.

• Inter percentage of the inter macroblocks in a slice.

• Skip percentage of the skip macroblocks in a slice.

• I16x16 percentage of all intra macroblocks in a slice that are 16× 16 macroblocks.

• I8x8 percentage of all intra macroblocks in a slice that are subdivided in 8 × 8 sub-
macroblocks.

• I4x4 percentage of all intra macroblocks in a slice that are subdivided in 4 × 4 intra
type submacroblocks.

• P16x16 percentage of all inter makroblocks in a slice that are subdivided in 16× 16
inter type macroblocks.

• P8x8 percentage of inter type submacroblocks that were subdivided into 16 × 8,
8× 16, 8× 8 or smaller submacroblocks. This percentage is equal to the difference
between the percentage of all inter macroblocks and the percentage of 16 × 16
submacroblocks.

• P4x4 percentage of inter type 8 × 8 submacroblocks that were subdivided into 8 ×
4, 4 × 8 and 4 × 4 submacroblocks. This percentage is equal to the difference
between the percentage of all 8× 8 submacroblocks and the percentage of smaller
submacroblocks.

• MVl is the average motion vector length over all macroblocks in the slice. The motion
vector can be determined for each macroblock i by the prediction of the motion vector
mvpred ,i and its prediction error mvd ,i .

mvi = mvpred ,i + mvd ,i . (8.1.1)

The average motion vector length over all macroblocks I in a slice is then given by:

MVl =
I∑

i=1

‖mvi‖. (8.1.2)

• MVlMax is the maximum motion vector length over all macroblocks in the slice.

• MVd is the average motion vector difference between predicted motion vector and
actual motion vector over all macroblocks in the slice.
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Figure 8.5.: Sigmoid correction of the visual quality ŷM as provided by the prediction model

• MVdMax is the maximum motion vector difference between predicted motion vector
and actual motion vector over all macroblocks in the slice.

• QPd is the average deviation of the QP over all macroblocks in a slice.

An example of the variation within selected bistream features across different visual
quality levels is shown in Fig. 8.6 on the next page for the video sequence Foreman from
the IT-IST data set [23–25] at four different visual quality levels. Note, that we do not aim in
the data analysis approach to interpret the features directly with respect to their influence
on the visual quality, but are rather interested if the features exhibit some variation between
different visual quality levels.

Due to limitations of the modified H.264/AVC JM decoder used for the bitstream-based
feature extraction, the proposed template for a H.264/AVC bitstream-based no-reference
metric is suitable for progressive video sequences without transmission errors. Addition-
ally, the encoded video sequences are only allowed to have one slice per frame and the
bitstream has to be in the Annex B format.

8.1.3. Post processing

In order to take into account the biases encountered in the subjective ratings as discussed
in Section 2.5.2 that lead to an avoidance of the limits of the used quality scale the example
metric includes a sigmoid correction emulating this behaviour, particularly the effect of
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Figure 8.6.: Example of the variation within selected bitstream features across different quality
levels: Foreman at different visual quality from bad with a MOS of 1.06 to excellent with a MOS of
4.89. For comparability all features have been normalised to their maximum value
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the contraction bias, in the post processing of the visual quality ŷM as provided by the
prediction model.

The sigmoid correction for the visual quality prediction ŷ is given as

ŷ =
a(

1 + e−
(̂yM−b)

c

) , (8.1.3)

where ŷM is the visual quality provided by the model and a, b and c are the parameters of
the sigmoid function.

The values for the parameters were determined empirically and are set to a = 1.0,
b = 0.5 and c = 0.2, leading to a mapping of ŷM to the visual quality ŷ that exhibits similar
properties to results of subjective testing with respect to the utilisation of the visual quality
scale. The resulting sigmoid function is shown in Fig. 8.5 on page 134. Note, that this
function is not adapted to the actual data, but is rather a fixed part of the design template.
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8.2. Example II: Pixel-based no-reference metric

Pixel-based video quality metrics allow us to overcome the main limitation of bitstream-
based video quality metrics, their limitation to a certain coding technology or bitstream
format. Therefore the second example describes a no-reference pixel-based video quality
metric that uses only the decoded frames of the video sequences for the quality estima-
tion. The example is based on the metrics presented in [145, 148, 224] and the work by
Oelbaum [226].

8.2.1. Extracted pixel-based features

All in all, nine different pixel-based features are extracted from the decoded frames of the
video sequences and will be described briefly in this section. The first four features are only
extracted from a single frame and can be considered as intra-frame features: bluriness,
blockiness, spatial activity and ringing. In contrast to the intra-frame features, the last five
features are extracted from consecutive frames and can therefore be considered as inter-
frame features: fast motion, temporal predictability, edge continuity, motion continuity and
colour continuity. These were originally proposed in [226] by Oelbaum. Obviously, all fea-
tures relying on multiple frames are only available if preceding or succeeding frames exist
and can therefore not be determined for the first or last frame in a video sequence. The
main focus in this section is on the basic principles behind the features and their extrac-
tion. If not stated otherwise, the features are only determined in the luma component of a
frame. For an in-depth discussion of the individual features, I refer to the given references
for each feature.

Bluriness The first feature we extract provides us with a measurement of the of the
decoded frames. Blur can be defined as the attenuation of the spatial high frequency
components in the spectrum. Thus the effect on the content of the frame is similar to
applying a spatial low pass. In general, it can be caused both by fast motion, the so-called
motion blur, if the objects or the camera move during the capture of a frame, but it can also
occur if the captured frame is out of focus. More specifically in the context of video coding,
it occurs often if during the encoding high frequency coefficients of the used transform
e.g. DCT are either completely discarded or quantised so coarsely that they practically
disappear.

For measuring bluriness, the no-reference blur estimation proposed by Marziliano et al.
[202] is used. The basic idea is to measure the width of edges in the frame, assuming that
sharp edges will be widened, if blur occurs. Algorithm 8.1 on the next page describes the
blur detection for vertical bluriness. For horizontal blur, Algorithm 8.1 is similarly applied
on horizontal edges and columns. Both horizontal and vertical bluriness are used in the
example metric.

It has a lower bound of 0, indicating that only sharp edges appear and a theoretical
upper bound only limited by the frame size. For uncompressed frames, the bluriness is

137



8. Designing Video Quality Metrics

Algorithm 8.1: No-reference blur detection [202]

1 apply vertical edge detector to frame e.g. vertical Sobel filter
2 for each row in filtered frame do
3 for each pixel in row do
4 determine local extrema closest to edge
5 width of edge = difference between position of extrema
6 set blur for edge to width of edge

end
end

7 set bluriness to average of blur over all edges

approximately 1 and for frames with compression artefacts, the bluriness is approximately
5 [224]. In order to account for natural occurring motion blur, the bluriness value is adjusted
by scaling, if fast motion is detected between two consecutive frames.

Blockiness In contrast to bluriness, blockiness provides us a with a measure of edges
introduced by coding artefacts in the frame. Current coding technologies mostly utilize
block-based transforms e.g. DCT or integer transform, that apply the transformation and
quantisation for each block independently. Due to this segmentation of the frames into
marcroblocks and sometimes even further into submacroblocks, visible edges can occur on
the border between two different macroblocks, leading to the so-called blocking artefacts.
Blockiness is measured with the no-reference blocking artefact estimation proposed by
Wang et al. [337]. It assumes that edges caused by blocking can be detected as peaks in
the power spectrum of a frame after subtracting a smoothed version of the power spectrum.
Algorithm 8.2 describes the blocking detection for vertical blockiness and for horizontal
blocking, Algorithm 8.2 is applied on the horizontal difference between the columns in the
frame. blockiness

The lower bound for the blockiness is 0 and, depending on coding technology, the block-
iness can reach values of up to 2 or 25 for H.264/AVC and MPEG-2, respectively [224].
Although the integrated deblocking filter in H.264/AVC leads to an overall much smaller

Algorithm 8.2: No-reference blocking detection [337]

1 for each row in frame do
2 calculate absolute difference between consecutive rows

end
3 estimate power spectrum P of difference frame
4 PM = median filtered P
5 set blockiness to P − PM
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Algorithm 8.3: Spatial activity [116, Annex A]
counter = 0
I = pixel intensity

1 for each row in frame do
2 for each pixel i in row do
3 if sgn(Ii − Ii−1) 6= sgn(Ii−1 − Ii−2) then
4 increment counter

end
end

end
5 set spatial activity to average of counter over all pixels

blockiness value for H.264/AVC encoded video sequences, blockiness can still be a valu-
able feature for the video quality estimation as we are not interested in the absolute value,
but rather in the variation of the feature’s value.

Spatial activity Spatial activity is a feature that allows us to measure the amount of
details present in the texture. It is based on the texture analysis part in ITU-T J.144, Annex
A [116], where as an indication of the amount of details the number of turning points per
row or column for each frame is counted. Algorithm 8.3 describes the horizontal spatial
activity measurement. The vertical spatial activity is determined similarly by replacing the
rows with the columns of the frame.

The premise is, that with decreasing visual quality of a video sequence, the details and
therefore the variation of the pixel values is reduced. Consequently, the number of turning
points will also decrease. Assuming that details are less noticeable in scenes with a fast
motion, we adjust the spatial activity similar to the bluriness.

Ringing Ringing is introduced by an insufficient representation of high spatial frequency
components in the video frame, usually due to the quantisation of the transform coefficients
in the encoded video. This corresponds to sub-sampling without low-pass filtering and
therefore is band limiting the spatial frequency in the video frame, possibly cutting of some
frequencies describing sharp edges or detailed textures.

In Algorithm 8.4 on the next page, a deringing filter is applied to the frame and then
the difference between the filtered and the not filtered frame is calculated. Assuming that
the deringing filter removed the ringing sufficiently well, this difference then represents the
encountering ringing. The overall value of ringing for a frame is given by the percentage of
pixels above the threshold that was determined empirically as 10.
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Algorithm 8.4: Ringing [226], using the deringing filter from [96, Annex F]
counter = 0
I = pixel intensity

1 apply deringing filter to frame
2 calculate difference between frame and filtered frame
3 for each pixel in difference frame do
4 if |Ifiltered difference frame − Idifference frame| > 10 then
5 increment counter

end
end

6 set ringing to counter
number of pixels

Fast motion Fast motion describes the amount of fast motion detected between two
consecutive frames and is described in Algorithm 8.5. Unlike the features discussed so far
that were extracted only from a single frame, fast motion is extracted from the difference
between to frames.

Motion is considered to be fast if the length of either the vertical or horizontal motion vec-
tor between the current and the preceding frame is larger than the threshold of 4 pixel that
was determined empirically. The assumption is that due to the spatio-temporal properties
of the human visual system, fast motion may mask some of the distortions and therefore
the amount of fast motion in a frame influences the visual quality. The overall amount of
fast motion in a frame is then defined as the percentage of motion vectors classified as
representing fast motion.

Temporal predictability Temporal predictability describes how well a frame can be de-
scribed by its preceding frame. The assumption is that the transition between two consec-
utive frames in a video sequence without cuts is smooth. Hence, the current frame should
be easily predictable from the previous frame.

Algorithm 8.5: Fast motion [226]
counter = 0

1 VP = motion vector field between current and previous frame
2 for each motion vector vP in VP do
3 if |vP,x | ≤ 4 or |vP,y | ≤ 4 then
4 increment counter

end
end

5 set fast motion to 1− counter
number of motion vectors
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Algorithm 8.6: Temporal predictability [226]
counter = 0

1 perform motion compensation between current and previous frame
2 apply Gaussian low pass filter to current frame and the motion compensated version

of the frame
3 apply median filter to frame and motion compensated frame
4 for each 8× 8 block in frame do
5 calculate SAD between frame and motion compensated frame for all components
6 if SAD > 384 then
7 increment counter

end
end

8 set temporal predictability to 1− counter
number of blocks in frame

Temporal predictability is then defined as the percentage of how many blocks are not
noticeably different. If distortions due to coding artefacts occur, the number of noticeably
different blocks will increase and therefore the temporal predictability will decrease. Al-
gorithm 8.6 describes how the temporal predictability is determined. The Gaussian low
pass and consecutive median filtering ensure that single pixels do not dominate the sum
of absolute differences (SAD) between the current frame and its prediction gained by the
motion compensation of the previous frame. The threshold for a noticeable difference of
384 was determined empirically and allows an average difference of 6 per pixel for a block
size of 8× 8.

Edge continuity The third inter frame feature is the edge continuity. It provides us with a
measure of how much the structure of the video sequence changes between two frames.
Once again, we first generate a motion compensated version of the current frame based
on the previous frame. Then we calculate the EdgePSNR described in ITU-T J.144, Annex
B [116] between both versions as described in Algorithm 8.7.

EdgePSNR assumes that the preservation of edges between a undistorted version and
a distorted version of a frame can be a measure of its visual quality and therefore calculates
the PSNR between the edges in both versions. For edge continuity we assume that the
structure between two consecutive frames will not change significantly, if no scene change

Algorithm 8.7: Edge continuity using Edge PSNR [116, Annex B]

1 perform motion compensation between current and previous frame
2 calculate EdgePSNR between motion compensated and current frame
3 set edge continutiy to EdgePSNR
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Algorithm 8.8: Motion continuity [226]
counter = 0

1 VP = motion vector field between current and previous frame
2 VS = motion vector field between current and succeeding frame
3 for each motion vector vP , vS in VP , VS do
4 if |vS,x - vP,x | > 5 or |vS,y - vP,y | > 5 then
5 increment counter

end
end

6 set motion continuity to 1− counter
number of motion vectors

occurs. Hence, the edges in the motion compensated version should not differ significantly
from the current frame, unless introduced coding artefacts led to a discontinuity of the
edges between both frames. The EdgePSNR can take values between 0 and 1, where 1
indicates that no changes in structure occurred between the two frames.

Motion continuity In the feature motion continuity we assess the motion trajectories
between frames. The assumption is, that for natural video sequences the motion over
multiple frames is smooth and that distortions introduced by coding artefacts result in less
smooth motion trajectories. The motion continuity is determined with Algorithm 8.8, result-
ing in the percentage of smooth motion vectors as a descriptor for the motion continuity.
The threshold of 5 pixels for the maximum deviation of the motion vectors in both spatial
dimensions has been determined empirically.

Colour continuity The last inter-frame feature included in the design template is color
continuity. This feature assumes that the colour histograms for two consecutive frames
should be very similar, if no scene change occurs. Colour distortions e.g. colour bleeding
introduced by coding artefacts, however, lead to different histograms.

Algorithm 8.9 determines the colour continuity, resulting in a value between 0 and 1.
By correlating the histograms, colour continuity is relatively robust against gradual colour
changes e.g. due to illumination changes in the scene, but for colour artefacts the resulting

Algorithm 8.9: Colour continuity [226]
each histogram has 51 bins

1 perform motion compensation between current and previous frame
2 calculate colour histogram for current frame
3 calculate colour histogram for motion compensated frame
4 set colour continuity to linear correlation between both histograms
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colour continuity values will be significantly lower. For 8 bit colour components, each bin
corresponds to a range of five intensity levels, resulting in 51 bins for each colour compo-
nent.

An example of the variation within selected pixel-based features across different visual
quality levels is shown in Fig. 8.7 on the next page for the video sequence Foreman from
the IT-IST data set [23–25] at four different visual quality levels. Note, that we do not aim in
the data analysis approach to interpret the features directly with respect to their influence
on the visual quality, but are rather interested if the features exhibit some variation between
different visual quality levels.

8.2.2. Post processing

Unlike in the H.264/AVC bitstream-based example discussed in the previous section, the
post processing in the pixel-based example metric not only includes a sigmoid correction,
but also an adaptive correction step that corrects the quality prediction ŷM of the model
depending on the actual video sequence and its sensitivity to coding artefacts. An overview
of this post processing is shown in Fig. 8.8 on page 145. This correction step was first
proposed for full reference and reduced reference metrics in [229] and [228], respectively,
before being extended to no-reference metrics in [145] and [224].

In order to gain additional information about the sensitivity of the video sequence to
coding artefacts, the sequence is first encoded to a lower quality by using an encoder with
a sufficiently high, but still realistic quantisation point (QP) e.g. for H.264/AVC a QP of
45. Although we do not know the visual quality of the generated low quality version, we
can safely assume that the visual quality will be significantly lower, regardless if the video
originally had a high or low visual quality. By estimating the visual quality of the low quality
version with the prediction model, we then get the predicted visual quality ŷM,low , providing
us with an indication about the sensitivity of the video to coding artefacts. This is then
combined with additional information about the coding sensitivity of the video sequences
used in the building of the model.

Let ŷT ,n be the predicted visual quality of the n-th sequence in the training set during the
building of the model. Then ŷT ,low ,n is the visual quality prediction of the low quality version
of the n-th sequence, that was generated as described above. With ŷT ,low as the average
of all ŷT ,low ,n in the training set and slow the corresponding standard sample deviation, we
first clip ŷM,low

ŷM,low =


ŷT ,low + 3slow if ŷM,low > ŷT ,low + 3slow

ŷT ,low − 3slow if ŷM,low < ŷT ,low − 3slow

ŷM,low else

(8.2.1)

in order to avoid overcompensation. The corrected quality prediction ŷC for ŷM is then
given as

ŷC = ŷM − 0.75(ŷM,low − ŷT ,low ), (8.2.2)
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Figure 8.7.: Example of the variation within selected pixel-based features across different quality
levels: Foreman at different visual quality from bad with a MOS of 1.06 to excellent with a MOS of
4.89. For comparability all features have been normalised to their maximum value
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Figure 8.8.: Post processing for pixel-based example metric

where the factor 0.75 puts less weight on the correction step and more on the original qual-
ity prediction ŷM . As can be seen from (8.2.2), the correction term consists of the deviation
of the quality prediction ŷM,low of the video sequence’s low quality version from the average
quality ŷT ,low of the low quality versions of the calibration videos. Hence we correct the
quality prediction ŷM with a measure of the current video sequence’s sensitivity to coding
artefacts compared to the average sensitivity of the video sequences used in building the
prediction model and thus taking in to consideration the properties of the video under test.
Note, that ŷT ,low and slow are fixed parts of the correction step that are determined during
the model building and not fitted to the current video.

Finally, the same sigmoid correction as for the H.264/AVC design template in Sec-
tion 8.1.3 is used

ŷ =
a(

1 + e−
(̂yC−b)

c

) , (8.2.3)

resulting in the final quality prediction ŷ .
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In this chapter, I compare the different data analysis methods discussed in this thesis by
using them in the design of the example video quality metrics presented in the previous
chapter.

Following an introduction of the performance metrics used to determine the individual
video quality metric’s performance, I outline the selection process of the data sets used to
built the example metrics and their properties. As the data used for training and validation
plays an important role in the data analysis approach, great care has to be taken that the
basis of the models, the subjective quality ratings and the corresponding video sequences,
are selected appropriately. Finally, the performance of the data analysis methods and their
corresponding metric is compared in two parts: in the first part, the different data analysis
methods are compared to each other, whereas in the second part the best data analysis
method and corresponding metric is compared to selected state-of-the-art video quality
metrics, before concluding with a short summary.

9.1. Performance metrics

This section briefly describes the performance metrics used in the performance compari-
son of the different data analysis and for a more detailed discussion I refer to Appendix B.3.

The aim of all these metrics is to provide a single, characteristic value, describing the
prediction performance of a video quality metric with respect to the ground truth in the form
of the subjective visual quality, described by the MOS. Or, in other words, how close the
predicted visual quality ŷ is to the true visual quality y for all sequences in a particular set
of sequences.

9.1.1. Metrics

The used metrics are: the Pearson correlation, the Spearman rank order correlation, the
Kendall rank correlation, the root-mean-square error (RMSE) and its derivative the epsilon-
insensitive RMSE and lastly the outlier ratio.

Pearson correlation The correlation coefficient most commonly used in the research on
video quality metrics is the Pearson product-moment correlation coefficient or Pearson’s
r [240, 241], often just called Pearson correlation and denoted rp. It provides a measure of
how strong the linear relationship between two variables, in our case ŷ and y, is.
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Spearman rank order correlation Another correlation coefficient frequently used in the
research on video quality metrics is the Spearman rank order correlation coefficent or
Spearman’s ρ [304, 305], often just called Spearman rank correlation. It is similar to the
Pearson correlation, but instead of the variables themselves uses their corresponding rank.
It provides a measure of the strength of the monotonicity between the two variables and is
denoted as rs.

Kendall rank order correlation Similar to the Spearman rank correlation, the Kendall
rank correlation or Kendall’s τ [149, 150], uses the rank of variables to determine a mea-
sure of their relationship and is denoted as rk . But unlike the Spearman rank correlation
that can be considered an extension of the Pearson correlation to ranks, the Kendall rank
order correlation follows a different approach. It can be interpreted as an estimation of the
probability that ŷ is correctly ordered: if it has the same order as y, rk equals 1 but with
increasing mismatch in the ranking between ŷ and y, the more rk approaches 0.

Although the interpretation of the Kendall rank correlation as the probability of the correct
order of a quality prediction is very attractive, Kendall’s τ has so far only been used rarely
in contributions to video quality metrics or visual quality estimation in general e.g. in [179,
258, 267].

Root-mean-square error (RMSE) The root-mean-square error (RMSE) is another com-
monly used performance metric in the field of video quality metrics. It provides a measure
of the absolute error between the visual quality y and its prediction ŷ.

Epsilon-insensitive RMSEE The epsilon-insensitive RMSE or RMSEE is an extension
of the RMSE recently proposed by the Video Quality Experts Group (VQEG) [330]. Usu-
ally, the visual quality y is represented by the MOS of the corresponding sequences. But
as already discussed in Section 2.5.2, the MOS itself is only an average of all votes and
therefore does not represent the variance of votes. The idea is to take the confidence inter-
val and therefore the uncertainty of the MOS into account when determining the prediction
error with the RMSE.

Outlier ratio The last performance metric used in this thesis, is the outlier ratio or OR.
This very simple performance metric represents the number of quality predictions ŷ that
fall outside the 95% confidence interval of the corresponding subjective visual quality y as
represented by the MOS.
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9.1.2. Data fitting

In literature on video quality metrics, it is often suggested to fit the visual quality predicted
by the metric, ŷ, to the visual quality gained in subjective testing, y, with a non-linear
function before applying the performance metric. Commonly used non-linear functions are
monotonic logistic functions, e.g. in [284, 328, 329], or cubic polynomial functions, e.g. in
[330, 344]. One argument in favour of this approach is related to the often used correlation
measurements, e.g. the Pearson correlation. As these correlations are a measure of linear
relationship, either between the values themselves or their rank, the relationship between
the variables should be indeed linear. Hence, if the metric’s prediction results exhibit a non-
linear nature, an appropriate correction can map the results into a linear representation.

An additional argument often provided in favour of applying data fitting is best described
by a quote from the Video Quality Experts Group (VQEG) [330, p.33]:

Subjective rating data often are compressed at the ends of the rating scales. It
is not reasonable for objective models of video quality to mimic this weakness
of subjective data. Therefore, a non-linear mapping step was applied before
computing any of the performance metrics

Yet, this so-called weakness, represents reality. Although the results of subjective testing
often exhibit a non-linear shape in particular due to the contraction bias as discussed in
Section 2.5.2, these results are the only data we have describing the visual quality as
perceived by human observers. While it may very well be that the real visual quality is
different from this recorded quality, it is not possible to quantify this influence. Hence, if
a metric is expected to be an alternative to subjective testing, its prediction performance
should not be judged based on a subsequent data fitting, but on how well it is able to
predict the visual quality directly.

Additionally, there is a more general problem with the proposed fitting process: the
fitting is only possible if the real visual quality is known from subjective testing. Obviously,
such subjective data is not available in real-life applications, as the motivation to use video
quality metrics is exactly to avoid subjective testing. Hence, the correlation coefficients
gained after such a fitting are not necessarily representative of the real life performance of
a video quality metric and tend to be overly optimistic as was already discussed in [144].
Consequently, no fitting of the video quality metrics’ predictions will be performed in this
thesis, but the performance metrics will be applied directly to the video quality metrics’
quality.

149



9. Performance Comparison

9.2. Data sets

An alternative to conducting a subjective testing campaign is the use of existing and pub-
licly available data sets. In this section, I define selection criteria for data sets to be used
in the performance comparison and then evaluate the currently publicly available data sets
with respect to these criteria, leading to the selection and brief review of the data sets used
in this thesis.

9.2.1. Evaluation of publicly available data sets

In general, the main requirement on these data sets is that both the (distorted) video
sequences and the corresponding MOS scores are available, as these two components
are essential for the data analysis approach. Additionally, the data sets used in this thesis
should also fulfil the following criteria:

1. Publicly available

2. Covering a sufficient range of content and quality levels

3. Individual subject’s votes available

4. Progressive material

5. Only coding artefacts, no artefacts caused by transmission and/or packet errors

6. Include H.264/AVC Annex B bitstreams

The first point addresses the reproducibility of the results of this thesis, but also makes
it possible to compare the performance with contributions in the state of the art using the
same data sets. Note, that this point obviously also excludes all data sets not publicly avail-
able from e.g. MPEG standardisation or contract research for industrial partners. Secondly,
the data sets should cover an adequate content and quality range representative of real-life
applications, as this enables a realistic performance assessment of the different methods
and metrics proposed in this thesis. Also data sets should be preferred that provide the
individual subject’s votes and not only the overall MOS scores, as this allows the use of
additional performance metrics, in particular the epsilon-insensitive RMSE. The last three
points address limitations of the H.264/AVC bitstream-based video quality metric that is
used as an example in this thesis. Even tough this would not necessarily be an issue with
the pixel-based video quality metric, the same data sets should be used for both example
metrics in order to provide a common basis for the performance comparison. Hence, the
focus is on typical artefacts introduced by encoding schemes e.g. blocking, blurring or
ringing artefacts.

Considering these criteria, I briefly review the publicly available video quality data sets
with respect to their suitability for the performance comparison in this thesis:
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Video Quality Experts Group (VQEG) The Video Quality Experts Group (VQEG) pro-
vides two data sets: the older VQEG FR-TV Phase I data set [328] providing MPEG-2
compressed interlaced SDTV video sequences and the more recent VQEG HDTV data
set [330] that provides both MPEG-2 and H.264/AVC compressed HDTV video sequences
in different interlaced and progressive HDTV formats. The VQEG FR-TV Phase I needs to
be excluded in this thesis due its lack of progressive material and only MPEG-2 compres-
sion according to criteria four and six, whereas the VQEG HDTV data set in principle fulfils
all criteria, but the H.264/AVC bitstreams are not yet publicly available and hence this data
set is also excluded.

Polytechnic Institute of New York University The video laboratory at the Polytechnic
Institute of New York University presents two publicly available data sets in [231, 233–235]
and [60, 184–186], with H.264/AVC Annex G (SVC) and H.264/AVC compressed video
sequences with different packet loss rates, respectively. Both data sets include sequences
in progressive CIF and QCIF format with different frame rates. Unfortunately, no bitstreams
are provided and thus criterion six is not fulfilled.

IRCCyN/IVC The Institut de Recherche en Communications et Cybernétique de Nantes’
(IRCCyN) Image and Video Communications (IVC) group provides numerous publicly
available data sets. None, however, are suitable for the use in this thesis according
to our criteria: the IRCCyN/IVC SVC4QoE Replace Slice [255], IRCCyN/IVC SVC4QoE
QP0 QP1 [257], IRCCyN/IVC Temporal Switch [254] and IRCCyN/IVC H.264 AVC vs SVC
VGA [253] data sets provide video sequences in progressive QVGA and VGA format, but
are on the one hand compressed with H.264/AVC Annex G (SVC), on the other hand no
bitstreams are available, thus leading to their exclusion due to the sixth criterion. The
IRCCyN/IVC 1080i [239] data set with video sequences in the 1080i HDTV format and
the IRCCyN/IVC H.264 HD vs Upscaling and Interlacing [256] data set with video se-
quences in different SDTV and HDTV formats are both encoded with H.264/AVC, but are
either at least partly in interlaced format or include transmission errors. Moreover, no bit-
streams are available. Hence, we also have to reject these two data sets according to
criteria four, five and six. Lastly, the IRCCyN/IVC RoI [18] and IRCCyN/IVC Eyetracker
SD 2009_12 [54] provide H.264/AVC encoded SDTV video sequences including the cor-
responding bitstreams, but as they contain interlaced material, we also have to reject these
two data sets according to criterion number four.

EPFL & PoliMi The EPFL-PoliMi video quality assessment [295, 296] data set provided
by a cooperation of the Ecole Polytechnique Federale de Lausanne (EPFL) and the Po-
litecnico di Milano (PoliMI) contains H.264/AVC compressed video sequences and corre-
sponding bitstreams in progressive CIF and 4CIF format. Only a small subset, however,
is without packet loss, leading to only one usable data point for each video sequence.
Additionally, EPFL provides the MMSPG Scalable Video [175, 176] data set containing
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H.264/AVC Annex G (SVC) compressed video sequences in progressive 720p HDTV for-
mat and corresponding bitstreams. Although the H.264/AVC compliant base layer of the
SVC bitstreams could be utilized, this would represent only a small subset of the data set.
Hence, both data sets need to be excluded according to the fourth criterion.

University of Plymouth The Audiovisual Quality Database for Mobile Multimedia Appli-
cations [77] data set provided by the University of Plymouth contains H.263 compressed
video sequences in progressive QCIF format, but all videos also include transmission er-
rors caused by packet loss and the bitstreams are both unavailable and conform to a
completely different coding technology. Therefore, we also have to reject this data set
according to criteria five and six.

Data sets used in the comparison After considering the publicly available data sets
and rejecting the data sets mentioned above, the following four data sets that fulfil the cri-
teria well enough were selected and will therefore be used in the performance comparison:
TUM1080p50, TUM1080p25, LIVE Video Quality and IT-IST. These four data sets repre-
sent a wide range of different content at different resolutions and frame rates, from IPTV
and SDTV up to current and future HDTV formats.

Each data set will be described in detail in the following sections and a short overview
over all data sets is also provided in Table 9.1 on the next page.

Winkler [352] provides a comprehensive in-depth analysis of many of the data sets dis-
cussed in this section by using multiple objective criteria, capturing content characteristics
and providing a statistical analysis of the subjective ratings. For a comprehensive overview
of publicly available data sets, I refer to the list maintained by Qualinet in [65, 66].

9.2.2. TUM1080p50

The TUM1080p50 data set was generated during the work on this thesis in the ITU-R
BT.500 [109] compliant video quality evaluation laboratory at the Institute for Data Pro-
cessing at Technische Universität München and is representative of future HDTV formats.
It contains five different H.264/AVC encoded, 10 s long video sequences from the well
known SVT Multiformat Test Set [79] with a spatial resoultion of 1920×1080 pixel at 50 fps,
covering a large range of content and coding difficulty. The used sequences are: Crowd-
Run, TreeTilt, PrincessRun, DanceKiss and FlagShoot. Key frames of the sequences are
shown in Fig. 9.1 on page 154. All sequences were encoded with a high profile using
the H.264/AVC JM reference software [292], version 17.1, at four bitrates, each depending
on the coding difficulty of the individual sequences. This results in a bitrate range from
2 Mbit/s to 40 Mbit/s, representing real life high definition applications from the lower end
to the upper end on the bitrate scale.

For subjective testing, the SSMM methodolgy as described in Section 2.5.2 with a 11-
point discrete quality scale from 0, worst quality, to 10, best quality, was used. Using
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Table 9.1.: Overview of data sets and video sequences used in the performance com-
parison. More details are provided in Appendix B.4

Data set Format fps Data Video MOS
points sequences rangea

TUM1080p50 1080p 50 20 CrowdRun 1.9–8.0
TreeTilt 3.0–8.8
PrincessRun 1.9–7.0
DanceKiss 2.9–8.0
FlagShoot 2.5–7.7

TUM1080p25 1080p 25 32 CrowdRun 2.6–9.3
ParkJoy 4.3–9.3
InToTree 6.9–9.6
OldTownCross 1.9–9.6

LIVE Video 768× 432 25 24 PedestrianArea 41–69
Quality RiverBed 39–64

RushHour 38–63
Sunflower 33–57
Station 41–56
Tractor 37–64

IT-IST Video CIF 25 48 Australia 2.2–4.9
Quality 30 City 3.3–4.9

Coastguard 1.8–4.7
Container 3.7–4.9
Crew 1.3–4.9
Football 1.7–3.8
Foreman 1.1–4.9
Mobile 1.3–4.7
Silent 1.6–5.0
Stephan 1.0–4.9
Table 1.2–4.9
Tempete 2.6–4.9

a Discrete 11-point scale from 0–10, worst to best, for TUM1080p50/TUM1080p25 data set
Continuous DMOS scale from 0–100, worst to best, for LIVE Video Quality data set
Discrete 5-point scale from 1–5, worst to best, for IT-IST data set
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Figure 9.1.: Video sequences in the TUM1080p50 data set from top to bottom: CrowdRun, TreeTilt,
PrincessRun, DanceKiss and FlagShoot

Figure 9.2.: Video sequences in the TUM1080p25 data set from top to bottom: CrowdRun,
ParkJoy, InToTree and OldTownCross
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the selected bitrates, this results in a quality range from not acceptable to very good,
corresponding to a MOS between 1.9 and 8.9. The test was conducted with two different
displays, a consumer LCD display and a reference LCD display, and a projector, resulting in
overall three different subsets. In this thesis, I only use the subset of the results produced
with the reference display. Thus we have in total 20 data points, each representing a
combination of coding condition and content for the TUM1080p50 data set. The data set
is available at [317] and for more information I refer to [136, 266].

9.2.3. TUM1080p25

Another result of the work on this thesis is the TUM1080p25 data set. Like the
TUM1080p50 data set it originates in a subjective testing campaign conducted in the video
quality evaluation laboratory at the Institute for Data Processing at Technische Universität
München. It also uses four 10 s long video sequences from the SVT Multiformat Test
Set [79] with a spatial resolution of 1920 × 1080 pixel, but contrary to the TUM1080p50
only with 25 fps and is thus representative of current HDTV formats. These lower frame
rate versions of the video sequences were generated by dropping every even frame i.e.
every second frame of the original 50 fps video material. The used sequences, CrowdRun,
ParkJoy, InToTree, and OldTownCross represent a adequate range of content and coding
difficulties. Key frames of the sequences are shown in Fig. 9.2 on the preceding page.

The video sequences were encoded with H.264/AVC at two significantly different en-
coder settings, each representing the complexity of various devices and services. The first
setting is chosen to simulate a low complexity (LC) main profile encoder, representative of
standard devices, and the second setting, a high complexity (HC) high profile setting, aims
at achieving the maximum possible quality with this coding technology, representing so-
phisticated broadcasting encoders. Similar to the TUM1080p50 data set, the H.264/AVC
JM reference software [292], version 12.4, was used to encode the video sequences at
for different bit rates from 5.4 Mbit/s to 30 Mbit/s, depending on the coding difficulty of the
individual sequences. Additionally to H.264/AVC, the video sequences were also encoded
with Dirac, an alternative, wavelet based video codec proposed by the British Broadcast-
ing Cooperation (BBC) in [16, 17] at the same bitrates. For subjective testing, the DSUR
methodology as described in Section 2.5.2 with a 11-point discrete quality scale from 0,
worst quality, to 10, best quality, was used. Overall, the selected bitrates result in a quality
range from not acceptable to nearly perfect, corresponding to a MOS between 1.9 and 9.6.

All in all, the set consists in total of 48 data points, each representing a combination of
coding condition, content and different encoder setting or coding technology. In the end,
however, only the data points relating to the H.264/AVC encoded video sequences can be
used and thus only a subset of 32 data points will be used in the performance comparison
in this thesis. The data set is available at [317] and for more information I refer to [136, 139].
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Figure 9.3.: Video sequences in the LIVE Video Quality data set from top to bottom: Pedestri-
anArea, RiverBed, RushHour, Sunflower, Station and Tractor

9.2.4. LIVE Video Quality

The next data set that will be used in this thesis is the LIVE Video Quality data set that
originates at the Laboratory for Image and Video Engineering (LIVE) at The University
of Texas at Austin. It consists of ten different video sequences with an original spatial
resolution of 1920 × 1080 pixel and 1280 × 720 pixel for the 25 fps and 50 fps material,
respectively. They were resized to a spatial resolution of 768 × 432 pixel, preserving the
16:9 aspect ratio. This resolution is close to common SDTV formats like 576i or 480i and
therefore this dataset can be considered to be representative of SDTV formats. From
the ten sequences, three sequences, ParkRun, Shields and Mobile&Calendar, have a
frame rate of 50 fps and seven sequences, BlueSky, PedestrianArea, RiverBed, RushHour,
Sunflower, Station and Tractor, have a frame rate of 25 fps. All sequences except BlueSky
are 10 s long. In the end, only the larger subset with a frame rate of 25 fps will be used in
this thesis and additionally BlueSky from the 25 fps subset was excluded as this sequence
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is significantly shorter with only 8.68 s. Key frames of the used sequences are shown in
Fig. 9.3 on the facing page.

The LIVE Video Quality data set considers four different distortion classes: MPEG-
2 encoding, H.264/AVC encoding, H.264/AVC encoding with packet loss in IP networks
and H.264/AVC encoding with packet loss in wireless networks. The H.264/AVC encod-
ing class consists of the video sequences encoded at four bitrates from 200 kBit/s upto
5 MBit/s using the H.264/AVC JM reference software [292], version 12.3. For subjective
testing, a single stimulus method with hidden reference removal, similar to [330], was used.
After normalisation in the post processing of the results this resulted in a Difference Mean
Opinion Score (DMOS) on continuous quality scale between 0, worst quality, to 100, best
quality. Overall, the selected bitrates result in a quality range between 33 and 69.

Of these four classes, only the subset with H.264/AVC encoding and the six sequences
of the 25 fps subset with 10 s length will be used, resulting in 24 data points. Unlike the
other data sets, only the overall DMOS’ are provided and not the individual votes of the
test subjects. Although the data set should therefore be excluded, it is still included, as
it provides video sequences with spatial and temporal resolution close to common SDTV
resolutions. It thus helps to cover the complete range from IPTV up to HDTV. The data set
is available at [164] and for more information I refer to [284, 285].

9.2.5. IT-IST

The last and also the largest data set that will be used in this thesis is the IT-IST data set
created at the Instituto de Telecomunicações at the Instituto Superior Técnico in Lisbon. It
consists of twelve different, H.264/AVC encoded video sequences with a spatial resolution
of 352 × 288 pixel at 25 fps and 30 fps. It is therefore a good representative of IPTV
formats in CIF resolution. From the twelve sequences, one sequence, Australia, has a
frame rate for 25 fps, and all other sequences,City, Coastguard, Container, Crew, Football,
Foreman, Mobile, Silent, Stephan, Table and Tempete, have a frame rate of 30 fps. Even
tough the sequence Australia has a different frame rate at 25 fps and should therefore be
excluded, it was used in the design of the bitstream-based metric, as the coding structure
of its H.264/AVC bitstream is identical to the other sequences with 30 fps. It was, however,
excluded for the pixel-based metric due to the mismatch between playback rate and intra-
frame rate, as the pixel-based metric considers features at the original playback rate and
the results from Australia would therefore not align with the other sequences, impacting
the model building process of the metric negatively. Key frames of the used sequences
are shown in Fig. 9.4 on the next page and Fig. 9.5 on page 159.

All sequences were encoded with the H.264/AVC JM reference software [292], version
12.4, using a main profile. The sequences Australia, City, Container, Crew, Foreman,
Silent,Table and Tempete were encoded at four different bitrates, whereas the sequences
Coastguard, Football, Mobile and Stephan were encoded at six different bitrates. This
results in a bitrate range from 64 kBit/s to 2 Mbit/s, covering a large quality range. Because
of limitations in the prediction model building process that requires the same number of
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Figure 9.4.: Video sequences in the IT-IST data set from top to bottom: Australia, City, Coastguard,
Container and Crew

data points for all sequences, only four bitrates were used for each sequence and therefore
two bitrates for Coastguard, Football, Mobile and Stephan each were excluded.

For subjective testing, the DCR methodology according to ITU-T P.910 as described
in Section 2.5.2 with a 5-point discrete impairment scale from 1, very annoying, to 5,
imperceptible, was used. Overall, the selected bitrates result in a quality range from not
acceptable to perfect, corresponding to a MOS between 1 and 5. The sequences and
corresponding bitrates result in a total of 48 data points, each representing a combination
of coding condition and content. The data set is available at [95] and for more information
I refer to [23–25].
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Figure 9.5.: Video sequences in the IT-IST data set from top to bottom (continued): Football,
Foreman, MobileSilent, Stephan, Table and Tempete
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9.3. Comparison of two-way and multi-way data analysis

In this section, I compare the prediction performance of the two-way and three-way data
analysis methods introduced in Chapter 5 and Chapter 6 by building prediction models
with the selected data sets for both example metrics. Hence prediction models are built
with temporally pooled three-way data and MLR, PCR and bilinear PLSR, and with three-
way data and unfolding in combination with bilinear PLSR, 2D-PCR and trilinear PLSR.
Although unfolding can be used with any two-way data analysis method discussed in this
thesis, I only use the PLSR in combination with unfolding. This choice is motivated by the
fact that the PLSR is the only two-way method that takes the visual quality into account
during the model building.

Methodology Before starting the model building process, the subjective visual quality y
represented by the MOSs in the data sets were rescaled to the range of [0, 1] for better
comparability of the results between the different data sets. Similarly, the features in the
three-way feature array X were autoscaled i.e. centred across the first mode and scaled
within the second mode. For the two-way data analysis methods necessitating the tem-
poral pooling of X into a two-way feature array X, the autoscaling was applied after the
temporal pooling by averaging over all frames. No data fitting was performed for the visual
quality predictions ŷ .

Using leave-one-out cross validation, separate prediction models were then built and
validated for each of the four datasets with the six different two-way and multi-way data
analysis methods. Therefore for each data set with N sequences consisting of I different
sources encoded at J = N/I bitrate points, I-different models were built with IJ − J se-
quences for each data analysis method. For the comparison between the different data
analysis methods, the number of components R was chosen as the global minimum en-
countered in the PRESS plot for any of the methods, and this number of components was
then also used for all other data analysis methods. Hence, we compare all two-way and
three-way data analysis methods with models that use the same number for components.

In the data sets containing sequences with different length, the number of frames in
the shortest sequence was used for all sequences, as the dimension of the third mode in
the three-way feature array X representing the frames is required to be the same for all
sequences. By using the shortest sequence and thus the lowest number of frames, we
are able to use an increased number of sequences in the cross validation. Hence for the
IT-IST, TUM 1080p25 and TUM 1080p50 data sets, T = 259, T = 248 and T = 491 frames
were used, respectively, and for the LIVE data set all T = 250 frames were used.

Implementation of the algorithms All data analysis methods were implemented in
MATLAB and for the performance comparison the models were built using MATLAB
R2012b [204]. For the MLR, the integrated MATLAB function for the Moore-Penrose
pseudo-inverse, pinv, was used, and the PCR was implemented using the integrated
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MATLAB function for the SVD, svd. The 2D-PCR as described in Algorithm 6.2 was also
implemented using the the svd function. For the PLSR, the plsregress function of the
MATLAB Statistics Toolbox was used that implements de Jong’s SIMPLS algorithm as de-
scribed in Algorithm 5.4. For the trilinear PLSR, the implementation in the N-way Toolbox
for MATLAB by Andersson and Bro [5], version 3.20 was used.

The feature extraction for the two example no-reference metrics was done separately
from the model building using dedicated programs: the H.264/AVC bitstream features were
extracted using the modified H.264/AVC JM decoder by Klimpke et al. [153] and the pixel-
based features were extracted using a modified version of the software originally developed
by Oelbaum [226].

Presentation of the results For brevity, only the PRESS plots and scatter plots for
the IT-IST data set are provided in this section, as it is the largest and content-wise
most comprehensive data set. In the PRESS plots, the RMSEP is denoted simply as
RMSE as the RMSEP is equivalent to the RMSE in the performance comparison. For the
TUM1080p25, TUM1080p50 and LIVE data set, the PRESS and scatter plots are provided
in Appendix B.5 and Appendix B.6 for the bitstream- and pixel-based example metric, re-
spectively. Also the OR, RMSE and RMSEE are expressed as the complement to their
maximum value of 1 i.e. 1 − OR, 1 − RMSE and 1 − RMSEE , respectively, for easier
interpretability of the plots.

9.3.1. Bitstream-based metric example

The H.264/AVC bitstream-based no-reference example metric uses M = 17 features ex-
tracted from each frame of the video sequences in the data set, resulting in a three-way
feature array X ∈ RN×17×T , where N and T are dependent on the used data set.

Component selection Using the PRESS plot shown in Fig. 9.6 on the next page, R = 2
components were chosen as the optimal number of components for the metrics built with
the IT-IST data set. Although the RMSE for the combination of unfolding and bilinear PLSR
is slightly better for R = 3 components, this difference is less than 5× 10−3 compared to
the earlier minimum for R = 2 components and R = 2 was therefore chosen in line with
the principle of parsimony. Similarly, for the TUM1080p25, TUM1080p50 and LIVE data
set, the optimal number of components was determined as R = 5, R = 2 and R = 1,
respectively.

Prediction performance The evaluation of the prediction performance of the different
data analysis methods with respect to the performance metrics is shown for all data sets in
the radar charts in Fig 9.7 on page 163 and additionally for the IT-IST data set as a scatter
plot in Fig. 9.8 on page 164. The results of this evaluation are also available in Table B.6
in the Appendix.
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Figure 9.6.: PRESS plot for bitstream-based example metric and the IT-IST data set in order to
determine the optimal number of R components for the prediction error as expressed by the RMSE
for MLR, PCR, PLSR, unfolding with PLSR (U-PLSR), 2D-PCR and trilinear PLSR (Tri-PLSR). For
clarity only the first 15 components are shown

In the radar charts in Fig. 9.7, a perfect metric would be represented as regular hexagon
with a radius of one. Thus the larger and more regular the hexagon spanned by a metric
is, the better the overall prediction performance of a metric is and consequently if a metric
envelops another metric, the enveloping metric outperforms the enclosed metric.

The trilinear PLSR outperforms all other two-way and three-way methods for the IT-IST,
TUM1080p25 and TUM1080p50 data sets as shown in Fig. 9.7 and considering all data
sets, the best prediction performance is achieved for the IT-IST data set with a Pearson and
Spearman rank correlation of higher than 0.95. Additionally, we can observe that methods
using three-way data without pooling in general perform better than those necessitating
the temporal pooling of the features and depending on the data set, unfolding and bilinear
PLSR or 2D-PCR rank second best with respect to most performance metrics. This is also
confirmed by the scatter plot of the visual quality prediction ŷ versus the visual quality y
for the IT-IST data set in Fig. 9.8, where the methods utilising the three-way data achieve a
better fit to the desired linear relationship. The results not only confirm the inferiority of the
MLR compared to component based methods that exploit the latent variables within the
data, but also that for the two-way component methods PLSR outperforms the PCR. The
difference in the prediction results of the trilinear PLSR and the MLR with respect to the
Pearson correlation, Spearman rank correlation and RMSE are also statistical significant
at the 0.05 level with a p-value of p < 0.05 for the IT-IST, TUM1080p25 and TUM1080p50
data sets. Unfortunately this can not be confirmed for differences in the prediction perfor-
mance between the other methods and the results of the significance testing are provided
in detail in Fig. B.9 in the Appendix.
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Figure 9.7.: Prediction performance for the bitstream-based example metric of MLR, PCR, PLSR,
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Figure 9.8.: Scatter plots of the prediction results of the bitstream-based example metric for the
IT-IST data set, showing the visual quality y the against predicted visual quality ŷ for MLR, PCR,
PLSR, unfolding with PLSR (U-PLSR), 2D-PCR and trilinear PLSR (Tri-PLSR)
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In contrast to the IT-IST, TUM1080p25 and TUM1080p50 data sets, however, the pre-
diction performance for the LIVE dataset is disappointing. Even tough for this data set also
the methods utilising the three-way data are better than those using the pooled features,
the overall performance except for the RMSE is not acceptable with a Pearson correlation
and Kendall rank correlation below 0.4.

One possible explanation is that the LIVE data set due to its normalisation approach for
the MOSs reduced the variation within y and thus methods exploiting the variation within
y can not gain additional insight into the latent structure. This argument is supported by
the fact that for the LIVE data set the prediction results for MLR and the PLSR-based
methods are much closer than in the other data sets. In the analysis of the LIVE data
set by Winkler [352], a lower median standard deviation in its MOSs compared to other
video data sets was observed, further supporting this argument. Similarly, the correlation
between PSNR and MOS for the LIVE data set was also significantly lower than for other
data sets and the standard deviation of the PSNR smaller, both indicating that the physical
measurable features exhibit low variance. Examining the extracted bitstream-features, the
features’ standard deviation corresponding to versions of the same content at different
MOSs is very similar for all versions unlike for the other data sets. Thus also the variance
within the features with respect to different quality levels is rather low, further limiting the
extraction of latent variables based on the variance within the features. Note, that no
confidence intervals are available for the LIVE data set and therefore for the LIVE data set
all predictions are outliers and the RMSE is equal to the RMSEE .

Another anomaly seems to be the rather poor performance of all data analysis methods
for the IT-IST data set with respect to the outlier ratio, but this can be explained by the
comparably smaller confidence intervals for this data set compared to the TUM1080p25
and TUM1080p50 data sets.

Influence of the data set composition One of the selection criteria for the data sets
discussed in Section 9.2.1 is a sufficiently large range of content, allowing us to calibrate
our model well enough for the unknown content in the validation. If our prediction model,
however, encounters a content type or distortions in the validation it didn’t encounter in the
calibration, the prediction model will not be able provide an adequate quality prediction.
For the bitstream-based example metric excluding the results of the LIVE data set, we
can notice that the TUM1080p50 data set performs worse than the other two data sets,
in particular compared to the TUM1080p25 data set, even tough both data sets share the
same coding conditions and also similar content.

Taking a closer look at the content in the sequences of the TUM1080p50 data set,
it becomes clear that the FlagShoot sequence is significantly different compared to the
other sequences in the data set, as unlike all other sequences it contains a scene cut.
This consequently leads to significant changes in the properties of the bitstream features
before and after the cut e.g. with respect to the average motion vector length. But as a
similar change does not occur in the other sequences, the prediction model built with the
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Figure 9.9.: Influence of the data set composition on the prediction performance: trilinear PLSR
(Tri-PLSR) and the TUM1080p50 data set as an example. Prediction performance with all sequence
and with the sequence FlagShoot excluded with respect to Pearson correlation rp, Spearman rank
correlation rs, Kendall rank correlation rk , outlier ration OR, RMSE and epsilon-insensitive RMSEE

on the left, and corresponding scatter plot on the right

other sequences does not anticipate such an abrupt change within a sequence and thus
the prediction performance suffers.

Similarly, a prediction model that includes FlagShoot in the calibration will provide a
suboptimal prediction model for the other sequences in the cross validation. By excluding
FlagShoot, the prediction performance will therefore increase as, for example, illustrated
for the prediction model built with the trilinear PLSR in Fig. 9.9, where in particular the
Pearson correlation increases from 0.84 to 0.91. Thus this underlines the importance of
the data set composition with respect to the sufficiently large coverage of different content
types that will be encountered in the validation or real-life application.

Importance of cross validation In the requirements on video quality metrics in Chap-
ter 3, one of the requirements for compliance was the separation of calibration and val-
idation sequences or a cross validation approach. The importance of this requirement
can be demonstrated impressively on the example of the MLR and the TUM1080p25 data
set. In the performance comparison for the TUM1080p25 data set, the MLR performed
significantly worse than all other methods, but using the same sequences for calibration
and validation and thus no cross validation, the prediction performance is nearly perfect as
illustrated in Fig. 9.10 on the next page. Clearly, this is misleading, as in a real-life appli-
cation scenario a video quality metric will rarely encounter the exactly same sequences it
was calibrated on.
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Figure 9.10.: Importance of cross validation: MLR and the TUM1080p25 data set as an example.
Prediction performance of the MLR with and without cross validation with respect to Pearson cor-
relation rp, Spearman rank correlation rs, Kendall rank correlation rk , outlier ration OR, RMSE and
epsilon-insensitive RMSEE on the left, and corresponding scatter plot on the right

9.3.2. Pixel-based metric example

The pixel-based no-reference example metric uses M = 12 features extracted from each
frame of the video sequences in the data set and as some of the features require knowl-
edge of the proceeding or succeeding frame, the first and last frame of the sequences
are excluded, resulting in a three-way feature array X ∈ RN×12×T−2, where N and T are
dependent on the used data set.

Component selection Using the PRESS plot shown in Fig. 9.11 on the following page,
R = 6 components were chosen as the optimal number of components for the metrics built
with the IT-IST data set. Note, that for R = M Fig. 9.11 also shows the equivalence of MLR,
PCR and PLSR as discussed in Section 5.4. Similarly, for the TUM1080p25, TUM1080p50
and LIVE data set, the optimal number of components was determined as R = 1, R = 3
and R = 1, respectively.

Prediction performance The evaluation of the prediction performance of the different
data analysis methods with respect to the performance metrics is shown for all data sets
in the radar charts in Fig 9.12 on page 169 and additionally for the IT-IST data set as a
scatter plot in Fig. 9.13 on page 170. The results of this evaluation are also available in
Table B.7 in the Appendix.

Unlike for the bitstream-based example metric, the trilinear PLSR does not outperform
the other methods for all data sets, but only for the IT-IST and TUM1080p25 data sets. For
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Figure 9.11.: PRESS plot for pixel-based example metric and the IT-IST data set in order to deter-
mine the optimal number of R components for the prediction error as expressed by the RMSE for
MLR, PCR, PLSR, unfolding with PLSR (U-PLSR), 2D-PCR and trilinear PLSR (Tri-PLSR)

the TUM1080p50 data set, the combination of unfolding and PLSR provides a significantly
better prediction performance as seen in Fig. 9.12. Also the results depend more on the
individual method and we can no longer confirm in general that methods using three-way
data without pooling perform better than those necessitating the temporal pooling. Still,
the best performing method in each data set uses three-way data without pooling and is
either the trilinear PLSR or unfolding in combination with PLSR.

The overall prediction performance for all prediction sets is lower than for the bitstream-
based example metric and the best prediction performance is achieved for the IT-IST data
set with a Pearson correlation of 0.88. This result is in line with the evaluation of existing
video quality metrics in Chapter 3, where all bitstream-based metrics exceeded a Pearson
correlation of 0.9, but only a significantly smaller subset of pixel-based metrics was able to
achieve this goal. The differences in the prediction results of the component based meth-
ods and the MLR with respect to the RMSE are also statistical significant at the 0.05 level
with a p-value of p < 0.05 for the TUM1080p25 and TUM1080p50 data sets. Unfortu-
nately this can not be confirmed for differences in the prediction performance between the
other methods and the results of the significance testing are provided in detail in Fig. B.16
in the Appendix.

Similar to the bitstream-based example metric, the results for the LIVE data set are also
significantly worse compared to the other data sets and compared to the bistream-based
features, the example metric based on pixel-based features is even worse as the MLR
achieves the best performance with respect to the correlation coefficients. Examining the
pixel-based features in a similar way as before the bitstream-based features, the results in-
dicate that the variation within the pixel-based features is even lower than for the bitstream-
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Figure 9.14.: Influence of non-linearities and feature selection on the prediction performance: trilin-
ear PLSR and the IT-IST data set as an example. The prediction performance is shown for different
models with all features, non-linearly pooled features and non-linearly pooled features in combina-
tion with only selected features. Pearson correlation rp, Spearman rank correlation rs, Kendall rank
correlation rk , outlier ration OR, RMSE and epsilon-insensitive RMSEE on the left, and correspond-
ing scatter plot on the right

based features, explaining the even worse performance of the component-based methods
for the pixel-based example metric compared to the bitstream-based example metric.

Non-linearities and feature selection Even tough the aim of the two example metrics
in this thesis is only to enable us to compare the different two-way and three-way data
analysis methods and not to provide a highly optimised video quality metric, it is illustrative
to discuss two common strategies to optimise a data analysis based metric. The first
optimisation approach takes into account non-linearities and the second approach focuses
on selecting only features contributing to the prediction as discussed in Section 5.5 and
Section 7.4, respectively.

Some pixel-based features are determined for both the horizontal and vertical dimension
of a frame St , in particular the blockiness and bluriness. Assuming that the direction of the
blockiness or bluriness is less important than the magnitude and the overall blockiness
or bluriness is dominated by the maximum of either the horizontal or vertical component,
one of the two direction dependent values is redundant, and we can pool the horizontal
and vertical blockiness with a non-linear maximum operator into one, direction indepen-
dent blockiness or bluriness feature. Using the trilinear PLSR and the IT-IST data set as
an example, the prediction performance can be increased for all performance metrics as
illustrated in Fig 9.14. In particular, the Pearson correlation increased from 0.876 to 0.898,
nearly fulfilling our requirement on prediction performance. This optimisation, however, re-
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quires some knowledge about possible non-linear relationships between the features that
is not always available.

Feature selection is the second optimisation strategy that can be applied to the predic-
tion model. It aims at a more parsimonious prediction model by excluding features that
do not contribute significantly to the prediction. Using either simple leave-one-out cross
validation with respect to the features or one of the methods discussed in Section 7.4 for
the feature selection, the feature edge continuity emerges as non-influential for the predic-
tion model and is therefore excluded in the model building process. Although the additional
gain of the prediction built without this feature is rather small compared to the consideration
of non-linearities, the feature selection results in a further improvement of the prediction
performance as illustrated in Fig. 9.14 on the preceding page. Together with the non-linear
pooling we achieve a Pearson correlation of 0.902, allowing us to fulfil the requirement on
prediction performance. In contrast to the consideration of non-linear effects, the feature
selection can be performed without any further knowledge of features’ properties, as only
their influence on the prediction model is used in the selection process.

9.4. Comparison of example metrics to the state-of-the-art

Following the comparison of the prediction models built with the different data analysis
methods and the two example metrics, I compare in this section the data analysis ap-
proach with the state-of-the-art video quality metrics. The data analysis approach is repre-
sented by the best performing combination of data analysis method and example metric,
the bitstream-based metric built with trilinear PLSR. The video quality metrics representing
the state-of-the-art are the PSNR, the Structural SIMilarity index (SSIM) [338], the Infor-
mation content Weighted MS-SSIM (IW-SSIM) [340], the Natural Image Quality Evaluator
(NIQE) [208] and the MOtion-based Video Integrity Evaluation index (MOVIE) [282].

Selection criteria for metrics The two main criteria for the selection of the video quality
metrics are that the metrics should on the one hand represent the variety of the existing
state-of-the-art well enough, but on the other hand implementations of the metrics should
also be publicly available. The latter is not only to avoid implementing the metrics, but also
owed to the fact that it is unfortunately often not possible to implement an algorithm just
based on literature.

Although the aim of this comparison should be to compare the two example no-reference
video quality metrics in this thesis with no-reference video quality metrics in the state-of-
the-art, this goal is not feasible, as implementations of neither no-reference visual quality
metrics in general nor video quality metrics in particular are widely available. Thus mostly
image quality metrics are used in this comparison.

PNSR and the SSIM are included in the comparison to represent the currently two most
commonly used full-reference image quality metrics. Even though PSNR should not be
considered a visual quality metric, it is still often used as such in literature and therefore
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included in the comparison. The IW-SSIM represents the multitude of existing SSIM vari-
ants and is also one of the best performing SSIM variants according to the comprehensive
comparison in [340]. NIQE is one of the latest no-reference image quality metrics using a
natural scene statistics approach to video quality metrics and additionally one of the few
no-reference metrics with a publicly available implementation. Finally, the full-reference
video quality metric MOVIE represents metrics with a moderate consideration of the tem-
poral domain. For more details on the selected metrics, I refer to Section 3.3.2.

Implementation of the metrics Both the PNSR and SSIM were determined using the
Video Quality Measurement Tool (VQMT) by Hanhart [81]. For the IW-SSIM, the reference
implementation by Wang and Li [340] available at [335] was used, and for NIQE and MOVIE
the reference implementations by Mittal et al. [208] and Seshadrinathan and Bovik [282],
respectively, both available at [165], were used.

Methodology In order to ensure the comparability of the prediction performance to the
data analysis based metrics, the number of frames used in the video sequences for the
quality prediction was the same as in Section 9.3: for the IT-IST, TUM 1080p25 and TUM
1080p50 data sets this resulted in T = 259, T = 248 and T = 491 frames, respectively,
and for the LIVE data set all T = 250 frames were used. Furthermore, for MOVIE, only
the LIVE data set and the IT-IST data set, excluding the sequences Football and Tempete,
were used, as the available MOVIE implementation was unable to process all sequences
in the TUM1080p25 and TUM1080p50 data set, and the two excluded sequences in the
IT-IST data set.

Except for MOVIE that already provides a visual quality prediction for the complete video
sequence, the prediction results of the individual frames were temporally pooled into an
overall visual quality prediction by averaging over all frames. For SSIM, IW-SSIM and
MOVIE the implementations’ default settings for the metrics’ parameters were used, that
are based on the suggested values in the original contributions. For NIQE it is recom-
mended to set the patch size of the NIQE algorithm to the same size as the subdivisions
in the images and thus the patch size was set to 16, corresponding to the macroblock
size for H.264/AVC encoded video. Furthermore, the default model calibrated on a set
of 125 undistorted images provided with the NIQE reference implementation was used.
Additionally, all metrics were only applied to the 8 bit luma component of the frames.

Even tough I rejected data fitting in the performance comparison of the data analysis
based example metrics in the previous section, there are two valid reasons to apply it
to the comparison metrics: firstly, unlike for the data analysis based metrics, the visual
quality predictions of the comparison metrics are not necessarily in the same interval [0, 1]
as the visual quality y and thus results for RMSE, RMSEE and OR are not interpretable.
Secondly data fitting was an integral part of the original contributions describing SSIM,
IW-SSIM, NIQE and MOVIE, and thus it may disadvantage the metrics in the comparison
if the fitting is omitted.
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In the original contribution, SSIM and MOVIE were fitted to the visual quality using a
four parameter logistic function suggested by VQEG in the FRTV Phase I project [328],
and IW-SSIM and NIQE were fitted to the visual quality using a the six parameter logistic
function suggested by Sheikh et al. [289]. In the second phase of the FRTV project [329],
however, VQEG noted that the fitting process for logistic functions with more than three
parameters often didn’t converge. Consequently, VQEG replaced the logistic function in
the following HDTV project [330] by a monotonic cubic polynomial function. Additionally,
the use of a third degree polynomial function has also been recommended recently in
ITU-T P.1401 [110]

Considering these issues, I decided to fit only a linear (polynomial) function, aimed
mainly at aligning the ranges of the different scales for the prediction quality, affecting the
RMSE, RMSEE and OR, but not the correlation metrics. Although this may disadvantage
some of the comparison metrics, this is a more realistic application scenario for video
quality metrics as already discussed in Section 9.1.2. Still, as an indicator of the best
possible prediction performance achieved by the comparison metrics with respect to the
used data sets, albeit under unrealistic conditions, I also fitted a cubic polynomial function
as suggested by VQEG and in ITU-T P.1401, but the corresponding results are not used
in the direct comparison and only provided for information in the Appendix. The fitting was
done with the fit function of the MATLAB R2012b Curvefitting Toolbox [204], and it is
interesting to note that similar problems as in [329] with respect to the convergence of the
four and five parameter logistic functions were also encountered.

Presentation of the results Similar to the comparison of the data analyis methods in
the previous section, only scatter plots for the IT-IST data set are provided in this section,
as it is the largest and content-wise most comprehensive data set. For the TUM1080p25,
TUM1080p50 and LIVE data set, scatter plots are provided in Appendix B.7. Also the OR,
RMSE and RMSEE are expressed again as the complement to their maximum value.

Prediction performance The comparision of the prediction performance of the
bitstream-based example metric built with trilinear PLSR with the selected state-of-
the-art metrics is shown for all data sets in Fig 9.15 on the next page and additionally for
the IT-IST data set as a scatter plot in Fig. 9.16 on page 176. All state-of-the-art metrics
were fit to the data with a linear function. The results of this evaluation are also available
in Table B.8 in the Appendix.

The bitstream-based example metric built with trilinear PLSR outperforms all the state-
of-the-art metrics used in the comparison for the IT-IST and TUM1080p25 data set, and for
the TUM1080p50 data set the example metric is only outperformed by the full-reference
IW-SSIM as shown in Fig. 9.15. In particular, the only no-reference metric in the compar-
ison, NIQE, is outperformed for the IT-IST, TUM1080p25 and TUM1080p50 data sets and
only for the LIVE data set NIQE has a slight advantage with respect to the RMSE.

For the LIVE data set, we can observe that compared to the example metric and NIQE,
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Figure 9.16.: Scatter plots of the prediction results of the bitstream-based example metric built with
trilinear PLSR (Tri-PLSR) compared to PSNR, SSIM, IW-SSIM, NIQE and MOVIE for the IT-IST
data set, showing the visual quality y against the predicted visual quality ŷ
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all other metrics have significantly better prediction performance. Considering that NIQE
utilises the statistical properties of the frames and in particular the standard deviation to
fit a multivariate Gaussian model, it stands to reason that NIQE also suffers from the lack
of variation within the LIVE data set, supporting the argument in the previous section that
the lack of achieved prediction performance with the data analysis based metric for the
LIVE data set may be caused by a lack for variation within the features extracted from the
sequences.

Comparing the state-of-the-art metrics against each other, IW-SSIM is for most data
sets the best performing metric, even outperforming the dedicated video quality metric
MOVIE except for the LIVE data set. Also not surprisingly IW-SSIM as the current pinnacle
of the SSIM family of metrics outperforms both SSIM and PSNR, as can be observed in
the scatter plot for the IT-IST data set in Fig. 9.16. Slightly disappointing is the prediction
performance of NIQE, especially considering it achieved a Pearson correlation of > 0.9
in [208]. But as NIQE is calibrated on a set of undistorted images, it may very well be that
the still images used to train the general model are not representative enough of typical
content in video sequences’ frames.

The difference in the prediction results of the example metric and PSNR, SSIM, NIQE
and MOVIE with respect to the Pearson correlation, Spearman rank correlation and RMSE
is statistical significant for the IT-IST data set at the 0.05 level with a p-value of p < 0.05
and only for the IW-SSIM no statistical significant difference could be confirmed for this
data set. For the other data sets, no general trend could be observed and the complete
results of the significance testing are provided in Fig. B.20 in the Appendix.

Applying cubic data fitting instead of linear data fitting does not change the overall rank-
ing of the state-of-the-art metrics in relation to the example metric and the only difference
is that the prediction performance increased e.g. for IW-SSIM from a Pearson correlation
of 0.91 to 0.94, and I refer to Appendix B.8 for the results with cubic data fitting. In particu-
lar, the statistical significance of the superiority of the bitstream-based example metric built
with trilinear PLSR for the IT-IST data set is maintained even with the cubic data fitting as
illustrated in Fig. B.26 in the Appendix. Therefore it can be assumed that only using linear
fitting did not penalise the state-of-the-art metrics in the comparison.
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9.5. Summary

In this chapter, two different example video quality metrics both representing the two main
concepts in the engineering design approach to video quality metrics were used to evalu-
ate if multi-way data analysis methods really provide an advantage compared to two-way
data analysis methods combined with temporal pooling in the context of the design of
video quality prediction models. This assessment was done using four different data sets,
covering a wide range of content and resolutions encountered in real-life applications.

Two-way versus multi-way data analysis Excluding the results for the LIVE data set,
for both example metrics the results show that the multi-way approach to data analysis
outperforms pooling and two-way data analysis, supporting my arguments in the previous
chapters that considering video in its natural three-way structure without pooling allows
us to build better prediction models. In particular, the trilinear PLSR outperforms all other
data analysis methods in five out of six metric and data set combinations, indicating that
a three-way component model is the best way to describe the latent variables contributing
to the visual quality prediction. This is also supported by the fact that although fitting a
two-way component model to three-way data with unfolding and two-way data analysis
methods results in a better prediction performance than two-way data analysis methods
and pooling of the three-way data, it is still inferior to the trilinear PLSR.

One outlier to this trend is the LIVE data set, where for both example metrics two-way
methods are equal or better than the multi-way methods and in particular the extremely
good performance of the MLR for the pixel-based example metrics is surprising. This,
however, is very likely to be caused by the observed apparent lack of variance within the
LIVE data set, as indicated by the general under performance of the component-based
methods for this data set.

Multi-way data analysis design approach versus state-of-the-art Comparing the best
performing example metric designed with multi-way data analysis to the state-of-the-art, I
have shown that excluding the problematic LIVE data set, the bitstream-based example
metric build with trilinear PLSR outperforms metrics in literature for two out of three data
sets. In particular, it is even superior to full-reference metrics that utilise significant more
information in their prediction models. Also it is important to note that unlike in the design
process of other video quality metrics, no assumptions about underlying dependencies
between the extracted features are made, but that the design is purely data-driven and not
optimised in any way for certain desired properties.

Considering then the example metrics as proper video quality metrics and using trilinear
PLSR as the best performing method for building both example metrics, the compliance
of the example metrics with respect to the requirements on video quality metrics defined
in Chapter 3 can be determined and is shown in Table 9.2 on the next page. For the
bitstream-based example metric, all requirements are fulfilled, whereas the non-optimised
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Table 9.2.: Compliance with the requirements in each category for example metrics

Name Compliance Type
Temporal Reference Prediction Validation

Bitstream-based example metric
Trilinear PLSR         VQ

Pixel-based example metric
Trilinear PLSR     #   VQ
Trilinear PLSR, optimised         VQ
compliance level:   = full, # = acceptable, ##= insufficient; – = no information available

version of the pixel-based example metrics only fulfils three of the requirements fully. This
reflects the overall trend in video quality metrics that the more specialised bitstream-based
metrics have a better prediction performance than the more general pixel-based metrics.
But using the optimised version of the pixel-based metric that takes non-linearities and the
importance of features into account, this optimised pixel-based example metric also fulfils
all requirements fully.
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10. Conclusion

In this thesis, I introduced the data driven design methodology with multi-way data analysis
to the design of video quality metrics. Using two simple example metrics designed with
the proposed approach, I demonstrated the advantages of utilising the natural three-way
structure of video by applying multi-way data analysis methods that exploit this three-way
structure in the model building process. Moreover, the metrics designed with the proposed
approach are not only competitive with existing video quality metrics in the state-of-the-art,
but also outperform the metrics in the state-of-the-art. This is particularly impressive as
the prediction models were gained purely by analysing the data during the training phase,
unlike many existing metrics that often use sophisticated models describing partial aspects
of human perception.

Moving beyond the scope of this thesis, the proposed method can be utilised for build-
ing video quality metrics using arbitrary features, but may even be adapted to other, more
efficient model building methods, including, but not limited to possible multi-way machine
learning methods in the future. Similarly, additional modes may be included into the predic-
tion process, representing additional views, different spectral domains, or any other quan-
tifiable domain of video sequences that can be considered as an additional, but distinct
mode.

The idea of applying multi-way data analysis methods to data exhibiting a multi-way
structure itself is nothing new and has already been used frequently in chemometrics ap-
plications. Yet, this powerful concept of multi-way algorithms and methods is largely un-
known in the signal processing research community in general, and the image and video
processing research community in particular, where most methods and algorithms are still
focused on matrices or two-way arrays as the essential structure of the data.

This thesis demonstrates that by simply looking beyond one’s own research area into
at first glance completely unrelated fields, a wealth of new methods and concepts can be
gained to solve existing problems in one’s own research area, especially as although often
covering very different topics, still similar underlying basic problems are encountered in
many fields. However, too often such opportunities are missed due to a narrow focus on
the own research area and I conclude this thesis therefore with a remark by the late Sijmen
de Jong [132]

It is most unfortunate that there is such a large scatter of data analytic com-
munities (applied statistics, machine learning, and all the –ometrics subdisci-
plines) with each faction so reluctant to learn from the other ones.

The waste of effort!
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A. Data Analysis

Appendix A provides additional information about and references for some of the mathe-
matical methods used in this thesis in the context of two-way and multi-way data analysis.

A.1. Algebra of two-way arrays

In general, a basic knowledge of linear algebra as provided in common textbooks e.g. in
Strang [312] is sufficient for understanding the concepts presented in this thesis. But in the
context of unfolded multi-way arrays, some matrix products are used that are not neces-
sarily widely known and are therefore briefly presented in this section. The definitions are
based on Smilde et al. [298], and Cichocki et al. [45].

A.1.1. Outer product

The outer product of two vectors a ∈ RI×1 and b ∈ RJ×1 yields a matrix C ∈ RI×J as

C = a ◦ b = ab>. (A.1.1)

For convenience the operator symbol ◦ is omitted in this thesis if it is obvious from the
context and type of fibres that the outer product is used i.e. if the result of the product of
two one-way arrays is a two-way array.

A.1.2. Inner product

The inner or scalar product of two matrices A ∈ RI×J and B ∈ RI×J yielding a scalar c is
a denoted as 〈A, B〉 ∈ R and defined as

c = 〈A, B〉 =
I∑

i=1

J∑
j=1

aijbij . (A.1.2)

Note, that A and B need to be of equal size. This product is sometimes also called Frobe-
nius inner product, as it is used in the Frobenius norm for matrices, defined as

‖A‖F =
√
〈A, A〉 =

√√√√ I∑
i=1

J∑
j=1

aijbij . (A.1.3)
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A.1.3. Kronecker product

The Kronecker product of two matrices A ∈ RI×J and B ∈ RK×L is denoted as A ⊗ B ∈
RIK×JL and defined as

A⊗ B =


a11B a12B · · · a1JB
a21B a22B · · · a2JB

...
...

. . .
...

aI1B aI2B · · · aIJB

 . (A.1.4)

With a and b as the column vectors of A and B the Kronecker product can also be written
as

A⊗ B =
[
a1 ⊗ b1 a1 ⊗ b2 a1 ⊗ b3 · · · aJ ⊗ bL−1 aJ ⊗ bL

]
. (A.1.5)

Some properties of the Kronecker product are:

a⊗ A = aA = Aa = A⊗ a (A.1.6a)

(A⊗ B)> = A> ⊗ B> (A.1.6b)

A⊗ B⊗ C = (A⊗ B)⊗ C = A⊗ (B⊗ C) (A.1.6c)

(A + B)⊗ (C + D) = A⊗ C + A⊗ D + B⊗ C + B⊗ D (A.1.6d)

(A⊗ B)(C⊗ D) = AC⊗ BD. (A.1.6e)

With the Kronecker product, the outer product between two column vectors a and b can
be written as

ab> = a⊗ b> = b> ⊗ a. (A.1.7)

For a comprehensive list of the Kronecker product’s properties I also refer to van Loan
[187].

A.1.4. Hadamard product

The Hadamard or element wise product of two matrices A, B ∈ RI×J is denoted as A~B ∈
RI×J and defined as

A ~ B =


a11b11 a12b12 · · · a1Jb1J

a21b21 a22b22 · · · a2Jb2J
...

...
. . .

...
aI1bI1 aI2bI2 · · · aIJbIJ

 . (A.1.8)

Note, that A and B need to be of equal size. Some properties of the Kronecker product
are:

A ~ B = B ~ A (A.1.9a)

(A ~ B)> = A> ~ B> (A.1.9b)

(A ~ B) ~ C = A ~ (B) ~ C (A.1.9c)

(A + B) ~ (C + D) = A ~ C + A ~ D + B ~ C + B ~ D. (A.1.9d)
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For a square matrix A ∈ RI×J also

A ~ I = diag(a11, · · · , aII), (A.1.10)

holds, where I is the identity matrix.

A.1.5. Khatri-Rao product

For matrices A ∈ RI×J and B ∈ RK×L that are partitioned in the equal number of M
partitions as

A =
[
A1 · · ·AM

]
(A.1.11a)

and

B =
[
B1 · · ·BM

]
, (A.1.11b)

the Khatri-Rao product A� B ∈ RIJ×KL of A and B is defined as

A� B =
[
A1 ⊗ B1 · · · AM ⊗ BM

]
, (A.1.12)

and some properties of the Khatri-Rao product are:

A� B 6= B� A (A.1.13a)

(A� B)� C = A� (B� C) (A.1.13b)

(A + B)� (C + D) = A� C + A� D + B� C + B� D. (A.1.13c)

If A ∈ RI×J and B ∈ RK×J have the same number of columns, the special case that
L = J, where the matrices are partitioned in their J columns, the Khatri-Rao product can
be written as

A� B =
[
a1 ⊗ b1 a2 ⊗ b2 · · · aJ ⊗ bJ

]
, (A.1.14)

with A� B ∈ RIK×J and where aj and bj are the column vectors of A and B, respectively.
The Khatri-Rao product is therefore also called column Kronecker product. In this special
case, also the following additional property holds

(A� B)>(A� B) = (A>A) ~ (B>B). (A.1.15)

Additionally, the Khatri-Rao product between two vectors a and b is equivalent to the Kro-
necker product between a and b

a� b = a⊗ b. (A.1.16)
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A.1.6. Vec-operator

The vec-operator stacks all columns vectors of a matrix underneath each other, resulting
in one column vector. For a matrix A ∈ RI×J with columns aj ∈ RI×1, vec A ∈ RIJ×1 is
therefore defined as

vec A =


a1

a2
...

aJ

 . (A.1.17)

Some properties of the vec-operator are:

vec(a>) = vec a = a (A.1.18a)

vec(ab>) = b⊗ a (A.1.18b)

vec(ABC) = (C> ⊗ A) vec B. (A.1.18c)

A.2. Algebra of multi-way arrays

This section briefly introduces some of the algebra operations used in this thesis for han-
dling multi-way arrays based on Kolda and Bader [155], and Cichocki et al. [45]. Although
the definitions are only given for the three-way case, all operations can be extended to
n-way arrays with n > 3 and I refer to [155] and [45] for more information.

A.2.1. Addition and subtraction

For two three-way arrays A ∈ RI×J×K and B ∈ RI×J×K , where all modes have the same
dimensionality, the addition for the sum

C = A + B (A.2.1)

is defined for each element cijk of C as

cijk = aijk + bijk , (A.2.2)

and the subtraction C = A− B is defined analogously.

A.2.2. Outer product

The outer product of two three-way arrays A ∈ RI×J×K and B ∈ RL×M×N is denoted as
A ◦ B ∈ RI×J×K×L×M×N and for the product

C = A ◦ B (A.2.3)
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each element cijklmn is defined as

cijklmn = aijk blmn. (A.2.4)

Extending the outer product of two vectors from (A.1.1) to three vectors a ∈ RI×1, b ∈
RJ×1 and c ∈ RK×1 yields a three-way array D ∈ RI×J×K as

D = a ◦ b ◦ c, (A.2.5)

where each element dijk is defined as

dijk = aibjck . (A.2.6)

For convenience the operator symbol ◦ is again omitted in this thesis if it is obvious from
the context and type of fibres that the outer product is used.

A.2.3. Inner product

The inner or scalar product of two three-way arrays A ∈ RI×J×K and B ∈ RI×J×K yielding
a scalar c is a denoted as 〈A, B〉 ∈ R and defined as

c = 〈A, B〉 =
I∑

i=1

J∑
j=1

K∑
k=1

aijk bijk . (A.2.7)

Note, that A and B need to be of equal size. Similar to the inner product for two-way arrays,
this product is used in the Frobenius norm for multi-way arrays, defined as

‖A‖F =
√
〈A, A〉 =

√√√√ I∑
i=1

J∑
j=1

K∑
k=1

aijk bijk . (A.2.8)

In this thesis, the Forbenius norm of a three-way array A is usually denoted as ‖A‖, if it is
obvious from the context that the norm is applied to a three-way array.

A.2.4. Mode-n product

The mode-n product allows the multiplication of a three-way array with a two-way array
along the n-th mode of the three-way array and is denoted as ×n. Note, that the dimen-
sionality of the n-th mode of the three-way array and the second mode (columns) of the
two-way arrays must be the same, as the mode-n fibre of the three-way array is multiplied
by the two-way array.

For a three-way array G ∈ RI×J×K and the two-way arrays A ∈ RP×I , B ∈ RQ×J and
C ∈ RR×K , the mode-1 , mode-2 and mode-3 product are denoted as G×1 A, G×2 B and
G×3 C, resulting in the following three-way arrays

D = G×1 A ∈ RP×J×K (A.2.9a)

E = G×2 B ∈ RI×Q×K (A.2.9b)
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and

F = G×3 C ∈ RI×J×R , (A.2.9c)

respectively, where each element is defined as

dpjk =
I∑

i=1

gijk api , (A.2.10a)

eiqk =
J∑

j=1

gijk bqj , (A.2.10b)

and

fijr =
K∑

k=1

gijk crk . (A.2.10c)

The mode-n product can also be expressed using the unfolded representation of the three
way array. For the mode-1 product of G and A, for example,

D = G×1 A (A.2.11a)

is equivalent to

DP×JK = AGI×JK , (A.2.11b)

where DP×JK and GI×JK are the mode-1 unfolded three-way arrays D and G, respectively.
The mode-2 and mode-3 product can be expressed similarly with the mode-2 and mode-3
unfolding of the three-way arrays. The mode-n product can be applied successively along
different modes and is commutative, so that for n 6= m

(G×n A)×m B = (G×m B)×n A = G×n A×m B, (A.2.12)

and for appropriate A and B the consecutive multiplication along the same mode can also
be written as

(G×n A)×n B = G×n (BA). (A.2.13)

The mode-n product can also be used to perform a multiplication between a three-way
array and one-way array along the n-th mode. With the three-way array three-way array
G ∈ RI×J×K and the one-way arrays a ∈ RI×1, b ∈ RJ×1 and c ∈ RK×1, the mode-1 ,
mode-2 and mode-3 product results in the following two-way arrays

D = G×1 a ∈ RJ×K (A.2.14a)

E = G×2 b ∈ RI×K (A.2.14b)
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and

F = G×3 c ∈ RI×J , (A.2.14c)

respectively, where each element is defined as

djk =
I∑

i=1

gijk ai , (A.2.15a)

eik =
J∑

j=1

gijk bj , (A.2.15b)

and

fij =
K∑

k=1

gijk ck . (A.2.15c)

As before for the multiplication with two-way arrays, the mode-n product with one-way
arrays can also be expressed using the unfolded representation of the three way array. For
the mode-1 product of G and a, for example,

D = G×1 a (A.2.16a)

is equivalent to

D = a>GI×JK , (A.2.16b)

where GI×JK is the mode-1 unfolded three-way array D. The mode-2 and mode-3 product
can be expressed similarly with the mode-2 and mode-3 unfolding of the three-way arrays.

Note, that instead of three-way arrays, the result of the mode-n product between a three-
way array and a one-way array is a two-way array. The multiplication can also be performed
on more than one mode: if the three-way array is multiplied in two modes by a one-way
array, the result is a one-way array and if multiplied in all three-modes by a one-way array,
the result is scalar or zero-way array. As the order of the multi-way array changes by
consecutive multiplication with one-way arrays in each multiplication, the multiplication with
one-way arrays is not commutative:

G×m a×n b = (G×m a)×n−1 b = (G×n b)×m a. (A.2.17)

A.2.5. Diagonal multi-way array

A diagonal multi-way array describes a multi-way array where all off-superdiagonal ele-
ments are zero. It is an extension of the concept of diagonal two-way arrays to multi-way
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arrays and the superdiagonal is also defined as an extension of the diagonal in two-way
arrays. For a three-way array A ∈ RI×J×K this can be expressed for each element aijk as

aijk =

{
0 if i 6= j 6= k

6= 0 if i = j = k .
(A.2.18)

If the multi-way array is also a hypercube, it is also called superdiagonal multi-way array.
For a three-way array it follows that if I = J = K and therefore A ∈ RI×I×I is a cube, A is a
superdiagonal three-way array [160].

A.2.6. Identity multi-way array

The identity multi-way array is a special case of a diagonal multi-way array where all su-
perdiagonal elements are one and is denoted as I. It is a straightforward extension of the
identity matrix I for two-way arrays to multi-way arrays. For three-way arrays and the cor-
responding identity three-way array I ∈ RI×J×K with I = J = K , this can be expressed as
for each element iijk as

iijk =

{
0 if i 6= j 6= k

1 if i = j = k .
(A.2.19)

The properties of I are similar as for the identity matrix I for two-way arrays, only extended
to multi-way arrays.

A.2.7. Rank

The rank of a three-way array A ∈ RI×J×K is similar defined to the rank of matrices as
the smallest number of rank-one three-way arrays represented by triads that generate A
as their sum [161]. Hence if A can be exactly decomposed in R components as

A =
R∑

r=1

br cr dr , (A.2.20)

then the rank of A is R, denoted as

rank A = R. (A.2.21)

A.2.8. N-rank

The n-rank of a three-way array A ∈ RI×J×K is defined as the (column-)rank of the mode-
n unfolding of A [162]. It represents the dimension of the vector space spanned by the
mode-n fibres.The 1-rank of A along the first mode is given by

rank1 A = rank AI×JK , (A.2.22)
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where AI×JK is the mode-1 unfolding of A. The n-rank for the other modes is determined
similarly. With R, S and T as the 1-rank, 2-rank and 3-rank of A, respectively, we can
describe A as a rank-(R, S, T ) three-way array [155].

A.2.9. Formal notation of unfolding

Unfolding as discussed in Section 4.2.1 can also be described in a more formal notation,
but although conceptually simple, the formal notation is clunky [155] for multi-way arrays
in general. For three-way arrays, however, the resulting notation is still rather pleasant.

Assuming a three-way array A ∈ RI×J×K , the mode-1 unfolded representation is given
as AI×JK ∈ RI×JK and introducing the index p = jk for convenience, a element of AI×JK is
then denoted as aip. For an element aijk of A, the corresponding element aip in AI×JK is
then identified by the index p as

p = j + (k − 1)J, (A.2.23)

where j and k are the mode-2 and mode-3 indices of the element in the three-way array,
respectively, and J is the dimensionality of the second mode in A. Note, that the index i of
the first mode remains unchanged. For the mode-2 unfolding and mode-3 unfolding of A,
the new index p for the corresponding elements in AI×JK is given by

p = i + (k − 1)I (A.2.24a)

and

p = i + (j − 1)I, (A.2.24b)

respectively. For more information about unfolding, in particular for multi-way arrays, I refer
to Cichocki et al. [45] and Kolda and Bader [155].

A.3. Multi-way component models

This section provides some further details on multi-way component models and their prop-
erties that are helpful to understand some of the issues discussed in Section 6.2.

A.3.1. Tucker3 and the projection of three-way arrays

As briefly discussed in the properties of the PARAFAC model in Section 6.2, the projection
of three-way arrays on subspaces represented by the component or loading matrices of a
PARAFAC decomposition equals a Tucker3 model and therefore although PARAFAC pro-
vides the best low-rank approximation of a three-way array, PARAFAC does not provide the
best subspace approximation of a three-way array with respect to the variation explained
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by the subspace. According to Bro et al. [33], this can be explained as following: consid-
ering the two-way PCA on a two-way array D ∈ RI×J resulting in scores T ∈ RI×R and
loadings P ∈ RJ×R for R principal components, the approximation of D is then given by

D = TP> + E (A.3.1)

and the projection DProj of D on the subspaces defined by T and P can be written as

DProj = TT+D(PP+)>, (A.3.2)

with
TT+D(PP+)> = TP>, (A.3.3)

which can be verified by plucking (A.3.1) into (A.3.3). As the orthogonal projectors TT+ and
PP+ are orthogonal to E, E is therefore annihilated in TT+D(PP+)>, whereas TP> remains
unaffected.

Extending this to a three-way array D ∈ RI×J×K , the approximation of D with the
PARAFAC model and the corresponding loadings A ∈ RI×R , B ∈ RJ×R and C ∈ RK×R is
given for the mode-1 unfolding of D by

DI×JK = A(B� C)> + EI×JK . (A.3.4)

The projection DProj of D on the subspaces defined by A, B and C can be gained by con-
secutively using the orthogonal projectors AA+ ∈ RI×I , BB+ ∈ RJ×J and CC+ ∈ RK×K

on D in the first, second and third mode, respectively. Using the unfolded representa-
tions of D, firstly the mode-1 unfolding DI×JK is projected onto AA+ resulting in a new
three-way array FI×JK = AA+DI×JK with F ∈ RI×J×K , which is in turn unfolded along the
second mode and projected onto the second mode resulting in HJ×IK = BB+FJ×IK with
G ∈ RJ×I×K . Lastly, G is unfolded along the third mode and projected on the third mode
resulting in GK×JI = CC+GK×JI with H ∈ RK×J×I and rearranging H appropriately we ar-
rive at DProj ∈ RI×J×K . The overall projection onto all three modes can then be written
analogously to (A.3.2) as

DProj
I×JK = AA+DI×JK (CC+ ⊗ BB+)>. (A.3.5)

Obviously, this is not a PARAFAC model, but rather a Tucker3 model with the loading
matrices A, B and C and using the mode-1 unfolding representation of the Tucker3 model,
the Tucker3 model can be written as

DI×JK = AGR×RR(C⊗ B)>. (A.3.6)

Inserting the core array G ∈ RR×R×R given by

GR×RR = A+DI×JK (C+ ⊗ B+)> (A.3.7)

into (A.3.6), we arrive at the projection given in (A.3.5), clearly showing that the projection
on the subspaces defined by the loading matrices of the PARAFAC model is represented by
a Tucker3 model. Hence, the PARAFAC decomposition is the best low-rank approximation,
but the best subspace approximation is the Tucker3 decomposition.
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A.3.2. Calculating scores of new samples for Tucker3 models

For an existing Tucker3 model of a three-way array D ∈ RI×J×K with the core array G ∈
RR×S×U and the loading matrices A ∈ RI×R , B ∈ RJ×S and C ∈ RK×U the scores a ∈ RR

of a new sample represented by the two-way array Dnew ∈ RJ×K are determined by

a = ((C⊗ B)G>R×US)+ vec Dnew , (A.3.8)

where we assume that the first mode is the mode representing the samples and therefore
the score are represented by the components of the first mode [298].

A.3.3. Calculating scores of new samples for PARAFAC models

For an existing PARAFAC model of a three-way array D ∈ RI×J×K with the loading matrices
A ∈ RI×R , B ∈ RJ×R and C ∈ RK×R the scores a ∈ RR of a new sample represented by
the two-way array Dnew ∈ RJ×K are determined by

a = (C� B)+ vec Dnew , (A.3.9)

where we assume that the first mode is the mode representing the samples and therfore
the score are represented by the components of the first mode [298].

A.4. Model building considerations

This section provides additional information on some aspects discussed in Chapter 7 that
should be considered during the model building process.

A.4.1. Cross validated squared correlation coefficient

Instead of the mean square error of prediction (MSEP) discussed in the context of cross
validation in Section 7.1, Anderssen et al. [3] suggest to express the prediction error also
as the cross validated squared correlation coefficient q2 that takes not only the MSEP
into account, but also the sample variance s2 of the prediction error. The cross validated
squared correlation coefficient q2 is then given by

q2 = 1− MSEP
s2 = 1−

∑N
n=1(yn − ŷn)2∑N
n=1(yn − y )2

, (A.4.1)

where yn is the visual quality of the n-th video sequence, ŷn the visual quality prediction of
the n-th sequence gained with a model where the n-the sequence has been left out of the
calibration set and y is the average visual quality over all sequences. As we can see from
(A.4.1), the smaller the prediction error is compared to the sample variance of the visual
quality of all sequences, the higher the cross validated squared correlation will be. Thus
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q2 represents the fraction of the variation explained during the cross validation. In contrast
to the PRESS plot with the MSEP in Section 7.1, the aim is therefore now to achieve a
maximum for the criterion represented by q2.

A.4.2. Leverage in multiple linear regression

Although the interpretation of the leverage as the squared Mahalanobis distance in Sec-
tion 7.4 allows for a more general application of the leverage concept, it is helpful for the
understanding of the leverage concept to review its original definition for regression mod-
els by Hoaglin and Welsch [88]. Considering a data two-way array A ∈ RI×J , a vector
c ∈ RI×1 and the regression weight vector b ∈ RJ×1, the leverage vector h ∈ RJ×1 for
the regression problem c = Ab + e can be expressed as

h = diag
[
A(A>A)−1A>

]
, (A.4.2)

where the i-th element in h describes the leverage of the i-th object and 0 ≤ hi ≤ 1. By
rewriting the solution to the regression problem with b = A(A>A)−1A> as [298]

ĉ = A(A>A)−1A>c, (A.4.3)

the interpretation of the leverage becomes clear: if the i-th leverage hi corresponding to
the i-th diagonal element of A(A>A)−1A> is zero, it can be shown that all elements in the
i-th row and column of A(A>A)−1A> are zero. Hence the i-th sample represented by ci

has no influence on the regression at all. The opposite is true if the i-th leverage hi is one:
then the (i , i)-th element of A(A>A)−1A> is one and all other elements of A(A>A)−1A>

are zero and thus the prediction ĉi of ci is only influenced by ci . Hence leverage provides
a useful measure of influence of the different samples [298].
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Appendix B provides additional details on selected topics of video quality, the performance
metrics and also further results of the performance comparison.

B.1. Subjective testing methods

Table B.1 on the following page provides an overview of most commonly used subjective
testing methods. General information about some of the methods in Table B.1 is provided
in Section 2.5.2 and for more detailed information, I refer to the references provided in
Table B.1 .

B.2. Definitions of selected video quality metrics

Most video quality metrics can not be concisely described in equations, but rather consist
of one or more different algorithms. Two exceptions are the peak-signal-to-noise ratio
(PSNR) and the structural-similarity-index (SSIM). Although both are image quality metrics,
they are often also used for video by considering each frame as an image, followed by
temporally pooling the image quality of each frame over all frames Both can be calculated
with comparably simple equations that are presented in this section.

B.2.1. PSNR

The peak-signal-to-noise ratio (PSNR) is a commonly used pixel based metric used in
image and video processing. The advantage of PSNR compared to the mean squared
error (MSE) lies mostly in the comparison of images with different dynamic ranges and
as it is a logarithmic representation of a ratio in dB, attenuation and gain can easily be
determined by addition. For a grey-scale, discrete image or frame of a video sequence
S ∈ NU×V with U × V pixel and 8 bit per pixel, the processed or distorted version of S is
denoted as Ŝ and the MSE between S, and Ŝ is then given by

MSE =
1

UV

U∑
u=1

U∑
u=1

(suv − ŝuv )2, (B.2.1)

where the element suv and ŝuv describe the intensity of the (u, v )-th pixel with u =
1, 2, ... , U and v = 1, 2, ... , V . The corresponding PSNR for an 8 bit image resulting in
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a dynamic range of L = 28 − 1 can then be expressed as

PSNR = 10 log10
L2

MSE
. (B.2.2)

Usually for simplicity only the luma component of the images or video frames version is
used in the calculation of the PSNR, resulting in the so-called luma PSNR. Depending on
the context, sometimes the PSNR is also determined for the chroma components.

Considering that we have T frames in our video sequence, the PSNR for the complete
video sequence is often expressed as the average of the individual PSNRt of each frame
as

PSNR =
1
T

T∑
t=1

PSNRt . (B.2.3)

Note, however, that (B.2.3) does not correspond to the arithmetic mean of the individual
frames’ PSNRt over all frames T , but rather to the geometric mean of the individual frames’
PSNRt over all frames T . If the true average PSNR of a video sequence is desired, the
averaging needs to performed for the MSE before calculating the PSNR, resulting in the
global MSET of the complete video sequence as

MSET =
1

TUV

T∑
t=1

U∑
u=1

U∑
u=1

(stuv − ŝtuv )2, (B.2.4)

where the element stuv and ŝtuv describe the intensity of the (u, v )-th pixel in the t-th frame.
Using (B.2.4) in (B.2.3) provides then the true average PSNR over all T frames.

B.2.2. SSIM

The structural similarity index (SSIM) by Wang et al. [338] is currently one of the most
ubiquitous image and by extension video quality metrics. This is mainly due to its straight-
forward calculation that is presented in this section.

The main idea behind the SSIM is the comparison between the undistorted reference
and the distorted version of the reference as a function of luminance, contrast and structure
of both. Assuming a grey-scale, discrete image or frame of a video sequence S ∈ NU×V

with U × V pixel and denoting the processed or distorted version of S as Ŝ, this can be
written using the notation from [338] as

SSIM = l(S, Ŝ)c(S, Ŝ)s(S, Ŝ), (B.2.5)

where l(S, Ŝ) c(S, Ŝ) and s(S, Ŝ) describe the luminance, contrast and structure compari-
son of S and Ŝ , respectively. For convenience, I introduce the notation S = A and Ŝ = B.
Then µA and µB are then the sample mean intensity1 of pixels in A and B, respectively, as

1Following the notation in Wang et al. [338], I denote the sample mean and sample variation as µ and σ,
respectively, even tough this notation is usually only used for the population mean and variation.
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given by

µA =
1

UV

U∑
u=1

V∑
v=1

auv (B.2.6a)

and

µB =
1

UV

U∑
u=1

V∑
v=1

buv , (B.2.6b)

and σA and σB is the sample variance of the intensity in A and B, respectively, as given by

σA =

√√√√ 1
UV − 1

U∑
u=1

V∑
v=1

(auv − µA)2 (B.2.7a)

and

σB =

√√√√ 1
UV − 1

U∑
u=1

V∑
v=1

(buv − µB)2. (B.2.7b)

Lastly, we define the sample cross correlation σAB as

σAB =
1

UV − 1

U∑
u=1

V∑
v=1

(auv − µA)(buv − µB). (B.2.8)

The SSIM between A and B is then given by

SSIM =
(

2µAµB + C1

µ2
A + µ2

B + C1

)(
2σAσB + C2

σ2
A + σ2

B + C2

)(
σAB + C3

σAσB + C3

)
. (B.2.9)

where the first term represents the luminance comparison l(A, B̂), the second term the con-
trast comparison c(A, B̂) and the third term the structure comparison c(A, B̂) from (B.2.5).
Setting C3 = C2/2 we arrive at the commonly used form of the SSIM as

SSIM =
(2µAµB + C1)(2σAB + C2)

(µ2
A + µ2

B + C1)(σ2
A + σ2

B + C2)
. (B.2.10)

C1, C2 and C3 represent small constants that stabilise each term, but can usually be set
to C1 = C2 = C3 = 0 [336]. For more details on the SSIM and especially a justification of
the comparison function, I refer to [336, 338].
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B.3. Definitions of performance metrics

In this section the performance metrics used in the performance comparison in Chapter 9
are discussed in detail.

B.3.1. Pearson correlation

The correlation coefficient most commonly used in the research on video quality metrics
is the Pearson product-moment correlation coefficient [240, 241] or Pearson’s r, often just
called Pearson correlation. It provides a measure of how strong the linear relationship
between two variables, in our case ŷ and y, is. The (sample) Pearson correlation coefficient
rp for N samples i.e. video sequences can be determined as

rp =

∑N
n=1(yn − y )(ŷn − ŷ )√∑N

n=1(yn − y )2
√∑N

n=1(ŷn − ŷ )2
, (B.3.1)

where yn and ŷn are the visual quality and visual quality estimation of the n-th sequence,
and y and ŷ are the average over all N samples. The correlation coefficient rp can take
values between, −1.0 and 1.0, i.e. −1.0 ≤ rp ≤ 1.0. The upper limit, 1.0 indicates that all
pairs of yn and ŷn lie on one line and ŷn increases with increasing yn, whereas the lower
limit of −1.0 indicates that even though both yn and ŷn lie on one line, ŷn decreases with
increasing yn. Note that it does not necessarily prove that there is really a linear relation-
ship between two variables as illustrated by Anscombe [6] with the so-called Anscombe’s
quartet.

In order to do determine the 95% confidence interval for rp, we firstly apply the Fisher
transformation F [63] to rp by

zp = F (rp) = arctanh(rp) =
1
2

ln
(

1 + rp

1− rp

)
, (B.3.2)

to obtain the corresponding z-score zp. This is necessary, as especially for the desired high
values of rp, the Pearson correlation coefficient is negatively skewed due to its limitation
to the interval [−1.0, 1.0]. We can then determine the upper and lower limit of the 95%
confidence interval of zp, zp,u and zp,l , by

zp,u = zp +
1.96√
N − 3

(B.3.3a)

and

zp,l = zp −
1.96√
N − 3

, (B.3.3b)
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where N represents the number of samples, 1.96 is the corresponding standard score for
the 95% interval for the normally distributed zp and the term

sz =
1√

N − 3
(B.3.4)

is the standard error sz of zp, where we assumed that N > 30. For N ≤ 30, Student’s
t distribution with N − 1 degrees of freedom must be used for determining the values
corresponding to the (two-tailed) 95% confidence intervals. If the 99% confidence interval
is required, the factor 1.96 needs to be replaced by the corresponding standard score of
2.58. By applying the inverse Fisher transformation

rp,u = F−1(zp,u) = tanh(zp,u) =
e2zp,u − 1
e2zp,u + 1

(B.3.5a)

and

rp,l = F−1(zp,l ) = tanh(zp,l ) =
e2zp,l − 1
e2zp,l + 1

, (B.3.5b)

we then obtain the upper and lower limits of the 95% confidence interval for rp, rp,u and
rp,l . Hence, the interval [rp,u, rp,l ] contains rp with a confidence level of 95% or alternatively
expressed, the probability that the interval [rp,u, rp,l ] contains the true value of rp is 95%.

Additionally, the statistical significance of the difference between the correlation coef-
ficients of two different models can be evaluated with the z-scores gained by the Fisher
transformation. The null hypothesis H0 is that there is no significant difference between
the two correlation coefficients and the alternative hypothesis H1 that there is a significant
difference between the two correlation coefficients. Assuming the prediction abilities of two
models for the same data with N samples are represented by zp1 and zp2 , correspond-
ing to the Fisher transformed correlation coefficients rp1 and rp2 of model 1 and model 2,
respectively, the statistic

z =
zp1 − zp2√

s2
z + s2

z

(B.3.6)

allows us to determine the p-value of H0 using either the (two-tailed) normal distribution
for N > 30 or Student’s t-distribution for N ≤ 30. If p < 0.05, we reject the null hypothesis
H0 and the correlation coefficients rp1 and rp2 are therefore significantly different at the
0.05 level or, expressed differently, there is a likelihood of less than 5% that rp1 and rp2 are
different only due to chance.

For an in-depth discussion of the properties of the Pearson correlation coefficient, but
also the other correlations coefficients used in this thesis, I refer to the comprehensive
overview provided by Sheskin [290]. For an overview of the history of the Pearson product-
moment correlation coefficient, I refer to [272] and [243].
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B.3.2. Spearman rank order correlation

Another correlation coefficient frequently used in the research on video quality metrics
is the Spearman rank order correlation coefficent or Spearman’s ρ [304, 305], often just
called Spearman rank correlation. It is similar to the Pearson correlation, but instead of
the variables themselves uses their corresponding rank. It provides a measure of the
strength of the monotonicity between the two variables. Let γn and γ̂n be the rank of the
visual quality yn and the visual quality estimation ŷn of the n-th sequence. The Spearman
correlation rs for N samples i.e. video sequences can then be determined by

rs =

∑N
n=1(γn − γ)(γ̂n − γ̂)√∑N

n=1(γn − γ)2
√∑N

n=1(γ̂n − γ̂)2
, (B.3.7)

where γ and γ̂ are the average over all N samples. The correlation coefficient rs can take
values between, −1.0 and 1.0, i.e. −1.0 ≤ rs ≤ 1.0. Similar to the Pearson correlation,
the upper limit, 1.0 indicates that a perfect increasing monotonic relationship and −1.0
that a perfect decreasing monotonic relationship between all yn and ŷn exists. The former
means that for any given sample n all ŷn and yn have the same rank, the latter means that
the ranking of ŷn and yn is inverse to each other.

The 95% confidence interval can be determined similar to the Pearson correlation by
using the Fisher transformation F in (B.3.2)

zs = F (rs), (B.3.8)

in order to obtain the corresponding z-score zs. Instead of the standard error in (B.3.4) the
term [62]

sz =

√
1.06

N − 3
(B.3.9)

for the standard error sz of zs should be used that accounts for the differences in the
distribution of the Spearman rank coefficient. The upper and lower limits of the 95% con-
fidence interval and the statistical significance of the difference between two correlation
coefficients can then be calculated similar to the Pearson correlation coefficient and only
the standard error sz in (B.3.3), (B.3.5) and (B.3.6) needs to be replaced with the standard
error of the Fisher transformed Spearman correlation coefficient from (B.3.9).

B.3.3. Kendall rank order correlation

Similar to the Spearman rank correlation, the Kendall rank correlation or Kendall’s τ [149,
150], uses the rank of variables to determine a measure of their relationship. But unlike the
Spearman rank correlation that can be considered an extension of the Pearson correlation
to ranks, the Kendall rank order correlation follows a different approach. As before, let γn
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and γ̂n be the rank of the visual quality yn and the visual quality estimation ŷn of the n-th
sequence. The Kendall rank correlation rk for N samples can then be determined by

rk =
NC − ND

1
2N(N − 1)

=

∑N−1
i=1

∑N
j=i+1 sgn(γi − γj ) sgn(γ̂i − γ̂j )

1
2N(N − 1)

, (B.3.10)

where NC is the number of concordant pairs, ND the number of discordant pairs and the
denominator represents the number of all possible pairs. The concordant pairs are those
pairs yn and ŷn, for which if γi > γj , also γ̂i > γ̂j holds true. The discordant pairs are those
pairs yn and ŷn for which this condition does not hold true. The correlation coefficient rk can
take values between −1.0 and 1.0, i.e. −1.0 ≤ rk ≤ 1.0, where 1.0 indicates that there
is a perfect match between both rankings and −1.0 that there is a perfect inverse match
between the ranking of all yn and ŷn. It can also be interpreted as an estimation of the
probability that ŷ is correctly ordered: if it has the same order as y, rk equals 1 but the more
discordant pairs we get i.e. with increasing mismatch in the ranking between ŷ and y, the
more rk approaches 0. Note also, that whereas the Spearman rank correlation penalises
large rank errors stronger, e.g. if yn has the best rating and ŷn has the worst rating, the
Kendall rank correlation does not weigh the magnitude of the error, but just considers how
many rank order errors occurred. Equation (B.3.10), also called τA, assumes that there
are no ties within the ranking. If ties within the ranking occur i.e. two sequences i and j in ŷ
or y have exactly the same value, modified versions of Kendall’s τ , τB and τC are available
that take possible ties and also the structure of the data into account [150].

The z-score zk of pk with a standard normal distribution can be determined for N > 10
samples as [290]

zk =
rk

sz
= 3rk

√
N(N − 1)
2(2N + 5)

, (B.3.11)

where sz is the standard error given by

sz =
1
3

√
2(2N + 5)
N(N − 1)

. (B.3.12)

Note, that unlike for the Pearson correlation or Spearman rank order correlation no addi-
tional transformation is necessary, as the Kendall correlation coefficient for N > 10 sam-
ples already well approximates the normal distribution up to scaling with the standard error.
We can then determine the upper and lower limit of the 95% confidence interval of rk , rk ,u

and rk ,l , by

rk ,u = rk + 1.96sz (B.3.13a)

and

rk ,l = rk − 1.96sz (B.3.13b)
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where 1.96 is the corresponding standard score for the 95% interval for the normally dis-
tributed zk and we used the relationship from (B.3.11) between zk and rk to express the
critical value of 1.96 for the confidence interval in terms of the non-normalised correlation
coefficient. For N ≤ 30, Student’s t distribution with N − 1 degrees of freedom must be
used for determining the values corresponding to the (two-tailed) 95% confidence inter-
vals. If the 99% confidence interval is required, the factor 1.96 needs to be replaced by the
corresponding standard score of 2.58.

The statistical significance of the difference between two correlation coefficients can
then be calculated similar to the Pearson correlation coefficient and only the standard
error sz in (B.3.3), (B.3.5) and (B.3.6) needs to be replaced with the standard error of the
Kendall correlation coefficient from (B.3.12).

B.3.4. Root-mean-square error (RMSE)

The root-mean-square error (RMSE) is another commonly used performance metric in the
field of video quality metrics. It provides a measure of the absolute error between the visual
quality y and its prediction ŷ. The RMSE for N samples can easily be determined by

RMSE =

√√√√ 1
N

N∑
n=1

(yn − ŷn)2, (B.3.14)

where yn and ŷn are once again the visual quality and visual quality estimation of the n-th
sequence. In this thesis, I follow the definition of the MSE and consequently the RSME by
Martens and Næs [197] as a measurement of the quality of the prediction ŷ or, using the
notation by Martens and Næs, the root mean square error of prediction (RMSEP). Note,
that the Video Quality Experts Group (VQEG) [330] and ITU-T P.1401 [110] define the
RMSE differently as the standard error of the prediction and its unbiased estimator is then
given by

RMSEVQEG =

√√√√ 1
N − 1

N∑
n=1

(yn − ŷn)2. (B.3.15)

One can argue, however, that for large N the bias introduced by using N in (B.3.14) instead
of N−1 in (B.3.15) is negligible. The main reason that (B.3.15) is preferred by VQEG is that
VQEG usually performs a curve fitting of the metrics’ prediction results and therefore the
degrees of freedom d are reduced further, necessitating the use of N−d instead of N−1 in
the denominator of (B.3.15), as depending on the mapping function and resulting d the bias
introduced by omitting this correction of the degrees of freedom would become significant.
According to [110], the RMSE is approximately χ2 distributed and the upper and lower limit
of the 95% confidence interval of the RMSE, RMSEu and RMSEl are therefore given by

RMSEu =
RMSE

√
N − 1√

χ4
0.025(N − 1)

(B.3.16a)
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Figure B.1.: Epsilon-insensitive RMSEE : normal prediction error and epsilon-insensitve prediction
error (adapted from [110])

and

RMSE l =
RMSE

√
N − 1√

χ4
0.975(N − 1)

. (B.3.16b)

The statistical significance of the difference between the RSME achieved by two models
can be determined by using the F -distributed q statistic defined as

q =
RMSE2

max

RMSE2
min

, (B.3.17)

where RMSEmax and RMSEmin are the highest and lowest RMSE in the comparison, re-
spectively. For N samples, the value F (0.05, N, N) of the F -distribution for the 95% con-
fidence level can then be compared with q to assess the statistical significance of the
difference between the RMSEs.

B.3.5. Epsilon-insensitive RMSEE

The epsilon-insensitive RMSE or RMSEE is an extension of the RMSE proposed in ITU-T
P.1401 [110]. Usually, the visual quality y is represented by the MOS of the corresponding
sequences. But as already discussed in Section 2.5.2, the MOS itself is only an average
of all ratings votes and therefore does not represent the variance of the subjects’ ratings.
The idea is to take the confidence interval and therefore the uncertainty of the MOS into
account when determining the prediction error with the RMSE, as illustrated in Fig. B.1.
The epsilon-insensitive prediction error Ep,n for the n-th sequence is then determined by

Ep,n = max(0, |yn − ŷn| − ci95,n), (B.3.18)
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where ci95,n is the (one-sided) 95% confidence interval of the MOS and yn and ŷn its
visual quality and visual quality estimation, respectively. If the prediction ŷn falls within
the confidence interval, Ep,n will be set to 0, otherwise only the difference between the
the confidence interval and the prediction will be included in Ep,n. The RMSEE for all N
samples is then given by

RMSEE =

√√√√ 1
N

N∑
n=1

(Ep,n)2. (B.3.19)

Note, that in order to calculate the RMSEE either the 95% confidence intervals themselves
or the individual subject’s ratings must be available. The confidence intervals and the
statistical significance of the difference between two RMSEsE can be determined as for
the RSME.

B.3.6. Outlier ratio

The last performance metric used in this thesis is the outlier ratio or OR as defined in
ITU-T P.1410 [110]. This very simple performance metric represents the number of quality
predictions ŷn that fall outside the 95% confidence interval. With ORn denoting if the n-th
sequence is an outlier as

ORn =

{
1 if |yn − ŷn| > ci95,n

0 if |yn − ŷn| ≤ ci95,n
, (B.3.20)

we can write the outlier ratio for all N sequences as

OR =

∑N
n=1 ORn

N
(B.3.21)

where ci95,n is the (one-sided) 95% confidence interval of the MOS and yn and ŷn its visual
quality and visual quality estimation, respectively. Similar to the RMSEE , we also need
for the outlier ratio either the 95% confidence intervals or the individual subject’s ratings in
order to determine the confidence intervals.

Because the OR represents the proportion of outliers in the N samples, the binomial
distribution can be used to describe the statistical properties of the OR [110]. The standard
deviation σOR of the OR is then given as

σOR =

√
OR(1− OR)

N
. (B.3.22)

The upper and lower limit of the 95% confidence interval of the OR, ORu and ORl are then
provided as

ORu = OR + 1.96σOR (B.3.23a)
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and

OR l = OR − 1.96σOR , (B.3.23b)

where 1.96 is the corresponding standard score for the 95% interval for the normally dis-
tributed OR. For N ≤ 30, Student’s t distribution with N − 1 degrees of freedom must be
used for determining the values corresponding to the (two-tailed) 95% confidence intervals.

In ITU-T P.1401 [110] it is suggested to determine the statistical significance of the
difference between two outlier ratios OR1 and OR2, representing the outlier ratios of two
models for the same data, with the statistic

z =
OR1 − OR2

σOR1−OR2

, (B.3.24)

where the standard deviation σOR1−OR2 of the difference between the two outlier ratios
OR1 and OR2 for N samples is given by

σOR1−OR2 =

√
σ2

OR1

N
+
σ2

OR2

N
. (B.3.25)

Using the z-score from (B.3.24), the statistical significance can then be determined as for
the Pearson correlation coefficient.

244



B.4. Data sets

B.4. Data sets

In this section of the appendix, further information about the data sets discussed in Sec-
tion 9.2 will be provided.

Firstly, the spatial perceptual information (SI) according and temporal perceptual infor-
mation measurements (TI) according to ITU-T P.910 [121] are given in Fig. B.2. They pro-
vided a rough measurement of both the spatial and the temporal complexity of the given
video sequences. Secondly, the number of frames and length of the video sequences are
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Figure B.2.: Spatial perceptual information (SI) and temporal perceptual information measure-
ments (TI) according to ITU-T P.910 [121] for all video sequences

provided in Table B.2 on the next page. Lastly, the bitrates and corresponding MOS scores
for the different rate points (RP) for each of the video squences in Table B.3 on page 247,
Table B.4 on page 248 and Table B.5 on page 249.
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Table B.2.: Number of frames and length of the video sequences in
the data sets used for the performance comparison

Data set Video Frames Length [s]
sequences

TUM1080p50 CrowdRun 500 10
TreeTilt 500 10
PrincessRun 500 10
DanceKiss 500 10
FlagShoot 491 9.82

TUM1080p25 CrowdRun 248a, 250b 9.92a, 10b

ParkJoy 248a, 250b 9.92a, 10b

InToTree 248a, 250b 9.92a, 10b

OldTownCross 248a, 250b 9.92a, 10b

LIVE Video PedestrianArea 250 10
Quality RiverBed 250 10

RushHour 250 10
Sunflower 250 10
Station 250 10
Tractor 250 10

IT-IST Video Australia 298 11.92c

Quality City 298 9.93
Coastguard 298 9.93
Container 298 9.93
Crew 298 9.93
Football 259 8.63
Foreman 298 9.93
Mobile 298 9.93
Silent 298 9.93
Stephan 298 9.93
Table 298 9.93
Tempete 259 8.63

a High complexity subset
b Low complexity subset
c Only 25 fps
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B.5. Additional results for the bitstream-based example metric

This section provides additional results to the performance comparison of the two-way and
multi-way data analysis methods for the bitstream-based example metric in Section 9.3.1.
In particular the PRESS and scatter plots for the TUM1080p25, TUM1080p50 and LIVE
data sets are presented in this section.
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Figure B.3.: PRESS plot for the bitstream-based example metric and the TUM1080p25 data set
in order to determine the optimal number of R components for the prediction error as expressed
by the RMSE for MLR, PCR, PLSR, unfolding with PLSR (U-PLSR), 2D-PCR and trilinear PLSR
(Tri-PLSR)
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Figure B.4.: PRESS plot for the bitstream-based example metric and the TUM1080p50 data set
in order to determine the optimal number of R components for the prediction error as expressed
by the RMSE for MLR, PCR, PLSR, unfolding with PLSR (U-PLSR), 2D-PCR and trilinear PLSR
(Tri-PLSR)
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Figure B.5.: PRESS plot for the bitstream-based example metric and the LIVE data set in order to
determine the optimal number of R components for the prediction error as expressed by the RMSE
for MLR, PCR, PLSR, unfolding with PLSR (U-PLSR), 2D-PCR and trilinear PLSR (Tri-PLSR)
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Table B.6.: Prediction performance of the bitstream-based example metric for
all data sets and MLR, PCR, PLSR, unfolding with PLSR (U-PLSR), 2D-PCR,
and trilinear PLSR (Tri-PLSR) for R components with respect to the Pearson
correlation rp, Spearman rank correlation rs, Kendall rank correlation rk , outlier
ration OR, RMSE and epsilon-insensitive RMSEE , where the OR, RMSE and
RMSEE are expressed as their complement to the maximum value of 1

Metric MLR PCR PLSR U-PLSR 2D-PCR Tri-PLSR

IT-IST, R = 2
rp 0.779 0.910 0.926 0.942 0.923 0.951
rs 0.761 0.895 0.904 0.941 0.931 0.962
rk 0.585 0.740 0.741 0.784 0.777 0.845
OR 0.375 0.396 0.458 0.396 0.271 0.417
RMSE 0.792 0.863 0.876 0.884 0.855 0.892
RMSEE 0.835 0.910 0.924 0.932 0.903 0.940

TUM1080p25, R = 5
rp 0.395 0.835 0.877 0.858 0.898 0.920
rs 0.351 0.788 0.838 0.856 0.874 0.888
rk 0.281 0.591 0.660 0.688 0.712 0.761
OR 0.594 0.844 0.938 0.906 0.969 1.000
RMSE 0.682 0.882 0.898 0.890 0.904 0.915
RMSEE 0.765 0.974 0.995 0.995 0.998 1.000

TUM1080p50, R = 2
rp 0.013 0.317 0.536 0.752 0.531 0.839
rs 0.014 0.269 0.487 0.623 0.457 0.701
rk 0.011 0.221 0.389 0.421 0.274 0.505
OR 0.150 0.450 0.700 0.700 0.550 0.700
RMSE 0.427 0.740 0.770 0.824 0.802 0.869
RMSEE 0.557 0.837 0.854 0.910 0.900 0.948

LIVE, R = 1
rp 0.327 0.009 0.380 0.377 0.361 0.383
rs 0.370 0.297 0.459 0.554 0.530 0.537
rk 0.304 0.174 0.333 0.406 0.435 0.377
OR 0.000 0.000 0.000 0.000 0.000 0.000
RMSE 0.717 0.840 0.872 0.879 0.911 0.878
RMSEE 0.717 0.840 0.872 0.879 0.911 0.878
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Figure B.6.: Scatter plots of the prediction results of the bitstream-based example metric for the
TUM1080p25 data set, showing the visual quality y the against predicted visual quality ŷ for MLR,
PCR, PLSR, unfolding with PLSR (U-PLSR), 2D-PCR and trilinear PLSR (Tri-PLSR)
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Figure B.7.: Scatter plots of the prediction results of the bitstream-based example metric for the
TUM1080p50 data set, showing the visual quality y the against predicted visual quality ŷ for MLR,
PCR, PLSR, unfolding with PLSR (U-PLSR), 2D-PCR and trilinear PLSR (Tri-PLSR)
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Figure B.8.: Scatter plots of the prediction results of the bitstream-based example metric for the
LIVE data set, showing the visual quality y the against predicted visual quality ŷ for MLR, PCR,
PLSR, unfolding with PLSR (U-PLSR), 2D-PCR and trilinear PLSR (Tri-PLSR)
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Figure B.9.: Statistical significance of the difference between prediction results for the bitstream-
based metric built with different data analysis methods. For each combination the p-value is pro-
vided and results that are statistical significant at the 0.05 level with p < 0.05 are highlighted
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B.6. Additional results for the pixel-based example metric

This section provides additional results to the performance comparison of the two-way and
multi-way data analysis methods for the pixel-based example metric in Section 9.3.2. In
particular the PRESS and scatter plots for the TUM1080p25, TUM1080p50 and LIVE data
sets are presented in this section.
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Figure B.10.: PRESS plot for the pixel-based example metric and the TUM1080p25 data set in
order to determine the optimal number of R components for the prediction error as expressed
by the RMSE for MLR, PCR, PLSR, unfolding with PLSR (U-PLSR), 2D-PCR and trilinear PLSR
(Tri-PLSR). For clarity only the first 15 components are shown
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Figure B.11.: PRESS plot for the pixel-based example metric and the TUM1080p50 data set in
order to determine the optimal number of R components for the prediction error as expressed
by the RMSE for MLR, PCR, PLSR, unfolding with PLSR (U-PLSR), 2D-PCR and trilinear PLSR
(Tri-PLSR). For clarity only the first 15 components are shown
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Figure B.12.: PRESS plot for the pixel-based example metric and the LIVE data set in order to
determine the optimal number of R components for the prediction error as expressed by the RMSE
for MLR, PCR, PLSR, unfolding with PLSR (U-PLSR), 2D-PCR and trilinear PLSR (Tri-PLSR). For
clarity only the first 15 components are shown
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Table B.7.: Prediction performance of the pixel-based example metric for all
data sets and MLR, PCR, PLSR, unfolding with PLSR (U-PLSR), 2D-PCR, and
trilinear PLSR (Tri-PLSR) for R components with respect to the Pearson corre-
lation rp, Spearman rank correlation rs, Kendall rank correlation rk , outlier ration
OR, RMSE and epsilon-insensitive RMSEE , where the OR, RMSE and RMSEE

are expressed as their complement to the maximum value of 1

Metric MLR PCR PLSR U-PLSR 2D-PCR Tri-PLSR

IT-IST, R = 6
rp 0.752 0.813 0.784 0.629 0.784 0.876
rs 0.727 0.763 0.740 0.631 0.776 0.834
rk 0.560 0.607 0.573 0.458 0.602 0.657
OR 0.205 0.295 0.318 0.205 0.205 0.295
RMSE 0.782 0.809 0.793 0.734 0.795 0.841
RMSEE 0.828 0.856 0.836 0.787 0.843 0.891

TUM1080p25, R = 1
rp 0.017 0.044 0.750 0.601 0.175 0.795
rs 0.146 0.077 0.757 0.518 0.214 0.789
rk 0.102 0.079 0.559 0.365 0.143 0.591
OR 0.125 0.563 0.844 0.688 0.531 0.781
RMSE 0.335 0.782 0.854 0.827 0.779 0.870
RMSEE 0.487 0.891 0.958 0.939 0.888 0.965

TUM1080p50, R = 3
rp 0.005 0.593 0.277 0.755 0.488 0.614
rs 0.035 0.668 0.307 0.770 0.608 0.606
rk 0.011 0.505 0.211 0.611 0.442 0.453
OR 0.000 0.300 0.250 0.700 0.250 0.450
RMSE 0.407 0.786 0.639 0.846 0.769 0.735
RMSEE 0.546 0.908 0.764 0.931 0.898 0.844

LIVE, R = 1
rp 0.303 0.096 0.080 0.050 0.136 0.088
rs 0.233 0.131 0.195 0.107 0.200 0.207
rk 0.167 0.123 0.152 0.101 0.174 0.181
OR 0.000 0.000 0.000 0.000 0.000 0.000
RMSE 0.586 0.905 0.892 0.887 0.905 0.893
RMSEE 0.586 0.905 0.892 0.887 0.905 0.893
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Figure B.13.: Scatter plots of the prediction results of the pixel-based example metric for the
TUM1080p25 data set, showing the visual quality y the against predicted visual quality ŷ for MLR,
PCR, PLSR, unfolding with PLSR (U-PLSR), 2D-PCR and trilinear PLSR (Tri-PLSR)
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Figure B.14.: Scatter plots of the prediction results of the pixel-based example metric for the
TUM1080p50 data set, showing the visual quality y the against predicted visual quality ŷ for MLR,
PCR, PLSR, unfolding with PLSR (U-PLSR), 2D-PCR and trilinear PLSR (Tri-PLSR)

261



B. Video Quality

Pr
ed

ic
te

d 
vi

su
al

 q
ua

lit
y 

[M
O

S]
 

Pr
ed

ic
te

d 
vi

su
al

 q
ua

lit
y 

[M
O

S]
 

Pr
ed

ic
te

d 
vi

su
al

 q
ua

lit
y 

[M
O

S]
 

Visual quality [MOS] 

MLR PCR 

PLSR U-PLSR 

2D-PCR Tri-PLSR 

0.0

0.2

0.4

0.6

0.8

1.0

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

0.0

0.2

0.4

0.6

0.8

1.0

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

0.0

0.2

0.4

0.6

0.8

1.0

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Figure B.15.: Scatter plots of the prediction results of the pixel-based example metric for the LIVE
data set, showing the visual quality y the against predicted visual quality ŷ for MLR, PCR, PLSR,
unfolding with PLSR (U-PLSR), 2D-PCR and trilinear PLSR (Tri-PLSR)
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Figure B.16.: Statistical significance of the difference between prediction results for the pixel-based
metric built with different data analysis methods. For each combination the p-value is provided and
results that are statistical significant at the 0.05 level with p < 0.05 are highlighted
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B. Video Quality

B.7. Additional results for the comparison to the
state-of-the-art – linear data fitting

This section provides additional results to the performance comparison of the bitstream-
based example metric built with trilinear PLSR with the selected state-of-the-art metrics in
Section 9.4. All state-of-the-art metrics were fit to the data with a linear function. In partic-
ular scatter plots for the TUM1080p25, TUM1080p50 and LIVE data sets are presented in
this section.
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B.7. Additional results for the comparison to the state-of-the-art – linear data fitting

Table B.8.: Prediction performance of the bitstream-based example metric built
with trilinear PLSR (Tri-PLSR) and R components compared to PSNR, SSIM,
IW-SSIM, NIQE and MOVIE metrics and linear data fitting with respect to the
Pearson correlation rp, Spearman rank correlation rs, Kendall rank correlation
rk , outlier ration OR, RMSE and epsilon-insensitive RMSEE , where the OR,
RMSE and RMSEE are expressed as their complement to the maximum value
of 1

Metric PSNR SSIM IWSSIM NIQE MOVIE Tri-PLSR

IT-IST, R = 2
rp 0.791 0.849 0.914 0.556 0.882 0.951
rs 0.823 0.871 0.916 0.533 0.902 0.962
rk 0.647 0.708 0.757 0.389 0.734 0.845
OR 0.396 0.375 0.417 0.188 0.300 0.417
RMSE 0.804 0.830 0.870 0.733 0.844 0.892
RMSEE 0.847 0.874 0.918 0.779 0.887 0.940

TUM1080p25, R = 5
rp 0.718 0.855 0.882 0.147 - 0.920
rs 0.692 0.816 0.842 0.101 - 0.888
rk 0.535 0.632 0.660 0.083 - 0.761
OR 0.781 0.844 0.844 0.594 - 1.000
RMSE 0.853 0.891 0.900 0.791 - 0.915
RMSEE 0.954 0.988 0.990 0.898 - 1.000

TUM1080p50, R = 2
rp 0.504 0.680 0.885 0.096 - 0.839
rs 0.423 0.480 0.779 0.223 - 0.701
rk 0.347 0.316 0.621 0.179 - 0.505
OR 0.500 0.750 0.900 0.400 - 0.700
RMSE 0.798 0.829 0.891 0.768 - 0.869
RMSEE 0.899 0.913 0.972 0.879 - 0.948

LIVE, R = 1
rp 0.476 0.434 0.627 0.168 0.742 0.383
rs 0.509 0.525 0.649 0.210 0.671 0.537
rk 0.384 0.406 0.500 0.152 0.514 0.377
OR 0.000 0.000 0.000 0.000 0.000 0.000
RMSE 0.916 0.914 0.926 0.906 0.936 0.878
RMSEE 0.916 0.914 0.926 0.906 0.936 0.878
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Figure B.17.: Scatter plots of the prediction results of the bitstream-based example metric built
with trilinear PLSR (Tri-PLSR) compared to PSNR, SSIM, IW-SSIM, NIQE and MOVIE for the
TUM1080p25 data set, showing the visual quality y against the predicted visual quality ŷ
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B.7. Additional results for the comparison to the state-of-the-art – linear data fitting
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Figure B.18.: Scatter plots of the prediction results of the bitstream-based example metric built
with trilinear PLSR (Tri-PLSR) compared to PSNR, SSIM, IW-SSIM, NIQE and MOVIE for the
TUM1080p50 data set, showing the visual quality y against the predicted visual quality ŷ
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Figure B.19.: Scatter plots of the prediction results of the bitstream-based example metric built
with trilinear PLSR (Tri-PLSR) compared to PSNR, SSIM, IW-SSIM, NIQE and MOVIE for the LIVE
data set, showing the visual quality y against the predicted visual quality ŷ
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Figure B.20.: Statistical significance of the difference between prediction results of selected metrics
and the bitstream-based metric with trilinear PLSR (Tri-PLSR). For each combination the p-value
is provided and results that are statistical significant at the 0.05 level with p < 0.05 are highlighted
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B.8. Results for the comparison to the state-of-the-art – cubic
data fitting

This section provides the results of a performance comparison of the bitstream-based
example metric built with trilinear PLSR with selected state-of-the-art metrics after cubic
data fitting, in contrast to Section 9.4, where all state-of-the-art metrics were fit to the data
with a linear function.

270



B.8. Results for the comparison to the state-of-the-art – cubic data fitting

Table B.9.: Prediction performance of the bitstream-based example metric built
with trilinear PLSR (Tri-PLSR) and R components compared to PSNR, SSIM,
IW-SSIM, NIQE and MOVIE metrics and cubic data fitting with respect to the
Pearson correlation rp, Spearman rank correlation rs, Kendall rank correlation
rk , outlier ration OR, RMSE and epsilon-insensitive RMSEE , where the OR,
RMSE and RMSEE are expressed as their complement to the maximum value
of 1

Metric PSNR SSIM IWSSIM NIQE MOVIE Tri-PLSR

IT-IST, R = 2
rp 0.807 0.860 0.943 0.560 0.923 0.951
rs 0.821 0.871 0.916 0.533 0.902 0.962
rk 0.640 0.704 0.759 0.389 0.736 0.845
OR 0.375 0.375 0.542 0.208 0.500 0.417
RMSE 0.810 0.836 0.893 0.734 0.873 0.892
RMSEE 0.855 0.880 0.936 0.779 0.917 0.940

TUM1080p25, R = 5
rp 0.744 0.858 0.887 0.255 - 0.920
rs 0.692 0.816 0.842 0.199 - 0.888
rk 0.535 0.632 0.660 0.139 - 0.761
OR 0.844 0.875 0.875 0.594 - 1.000
RMSE 0.859 0.892 0.902 0.796 - 0.915
RMSEE 0.958 0.987 0.989 0.904 - 1.000

TUM1080p50, R = 2
rp 0.714 0.682 0.893 0.345 - 0.839
rs 0.698 0.480 0.779 0.251 - 0.701
rk 0.558 0.316 0.621 0.221 - 0.505
OR 0.750 0.800 0.900 0.600 - 0.700
RMSE 0.837 0.829 0.895 0.781 - 0.869
RMSEE 0.927 0.913 0.976 0.877 - 0.948

LIVE, R = 1
rp 0.590 0.626 0.673 0.176 0.752 0.383
rs 0.663 0.529 0.643 0.064 0.656 0.537
rk 0.464 0.391 0.493 0.051 0.493 0.377
OR 0.000 0.000 0.000 0.000 0.000 0.000
RMSE 0.923 0.925 0.929 0.906 0.937 0.878
RMSEE 0.923 0.925 0.929 0.906 0.937 0.878
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Figure B.21.: Prediction performance for the bitstream-based example metric built with trilinear
PLSR (Tri-PLSR) compared to PSNR, SSIM, IW-SSIM, NIQE and MOVIE metrics and cubic data
fitting with respect to the Pearson correlation rp, Spearman rank correlation rs, Kendall rank corre-
lation rk , outlier ration OR, RMSE and epsilon-insensitive RMSEE . For clarity only the axes for the
IT-IST data set are labelled
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B.8. Results for the comparison to the state-of-the-art – cubic data fitting
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Figure B.22.: Scatter plots of the prediction results of the bitstream-based example metric with
trilinear PLSR (Tri-PLSR) compared to PSNR, SSIM, IW-SSIM, NIQE and MOVIE with cubic data
fitting for the IT-IST data set, showing the visual quality y against the predicted quality ŷ
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Figure B.23.: Scatter plots of the prediction results of the bitstream-based example metric with
trilinear PLSR (Tri-PLSR) compared to PSNR, SSIM, IW-SSIM, NIQE and MOVIE with cubic data
fitting for the TUM1080p25 data set, showing the visual quality y against the predicted quality ŷ
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Figure B.24.: Scatter plots of the prediction results of the bitstream-based example metric with
trilinear PLSR (Tri-PLSR) compared to PSNR, SSIM, IW-SSIM, NIQE and MOVIE with cubic data
fitting for the TUM1080p50 data set, showing the visual quality y against the predicted quality ŷ
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Figure B.25.: Scatter plots of the prediction results of the bitstream-based example metric with
trilinear PLSR (Tri-PLSR) compared to PSNR, SSIM, IW-SSIM, NIQE and MOVIE with cubic data
fitting for the LIVE data set, showing the visual quality y against the predicted quality ŷ
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Figure B.26.: Statistical significance of the difference between prediction results of selected metrics
with cubic data fitting and the bitstream-based example metric. For each combination the p-value
is provided and results that are statistical significant at the 0.05 level with p < 0.05 are highlighted
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I . . . . . . . . . . . . . identity multi-way array

m . . . . . . . . . . . . feature index; representing mode-2

M . . . . . . . . . . . . number of features; maximum value of m

n . . . . . . . . . . . . . video sequences index; representing mode-1

N . . . . . . . . . . . . . number of video sequences; maximum value of n

p . . . . . . . . . . . . . loadings vector for one component

P . . . . . . . . . . . . . loadings matrix for multiple components

q̂, Q̂ . . . . . . . . . . . prediction weights for features represented by scores tu

r . . . . . . . . . . . . . running index for components

R . . . . . . . . . . . . . number of used components

rk . . . . . . . . . . . . Kendall rank order correlation coefficient

rp . . . . . . . . . . . . . Pearson correlation coefficient

rs . . . . . . . . . . . . . Spearman rank order correlation coefficient

282



Nomenclature and Symbols

S . . . . . . . . . . . . . video sequence

St . . . . . . . . . . . . t-th frame of video sequence

suv . . . . . . . . . . . . pixel in frame of video sequence

S . . . . . . . . . . . . . set of all video sequences S

SC . . . . . . . . . . . . calibration set

SV . . . . . . . . . . . . validation set

t . . . . . . . . . . . . . frame index; representing mode-3

T . . . . . . . . . . . . . number of frames in video sequence; maximum value of t

t . . . . . . . . . . . . . scores vector for one component

T . . . . . . . . . . . . . scores matrix for multiple components

u, v . . . . . . . . . . . pixel index in frame St

U, V . . . . . . . . . . . pixels in frame St

w, W . . . . . . . . . . . weights with respect to optimisation criterion

wM , wT . . . . . . . . . weights with respect to optimisation criterion per mode

xm . . . . . . . . . . . . m-th feature

X . . . . . . . . . . . . . two-way feature array (of pooled features)

x, xt . . . . . . . . . . . feature vector, feature vector of t-th frame

Xt . . . . . . . . . . . . feature slice of t-th frame for n video sequences

X . . . . . . . . . . . . . three-way feature array

X̂, X̂ . . . . . . . . . . . approximation of X, X

ỹ, X̃ . . . . . . . . . . . residual of y, X

y . . . . . . . . . . . . . visual quality of n-th video sequence

y . . . . . . . . . . . . . visual quality of all N video sequences

ŷ . . . . . . . . . . . . . visual quality prediction of n-th video sequence

ŷ . . . . . . . . . . . . . visual quality prediction of all N video sequences
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Acronyms

2D-PCR . . . . . . . . . 2D Principal Component Regression

ACR . . . . . . . . . . . Absolute Category Rating

ACR-HR . . . . . . . . . Absolute Category Rating - Hidden Reference

ALS . . . . . . . . . . . Alternating Least Squares

AVC . . . . . . . . . . . Advanced Video Codec (in H.264/AVC)

BTC . . . . . . . . . . . Basic Test Cell

CIE . . . . . . . . . . . Commission internationale de l’éclairage

CRT . . . . . . . . . . . Cathode Ray Tube

DCR . . . . . . . . . . . Degradation Category Rating

DCT . . . . . . . . . . . Discrete Cosine Transformation

DMOS . . . . . . . . . . Differential Mean Opinion Score

DSCQS . . . . . . . . . Double Stimulus Continuous Quality Scale

DSIS . . . . . . . . . . . Double Stimulus Impairment Scale

DSUR . . . . . . . . . . Double Stimulus Unknown Reference

fps . . . . . . . . . . . . frames per second

HDTV . . . . . . . . . . High Definition TV

HVS . . . . . . . . . . . Human Visual System

IEC . . . . . . . . . . . International Electrotechnical Commission
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Acronyms

ISO . . . . . . . . . . . International Organization for Standardization

ITU . . . . . . . . . . . . International Telecommunication Union

ITU-R . . . . . . . . . . ITU Radiocommunication Sector

ITU-T . . . . . . . . . . ITU Telecommunication Standardization Sector

JM . . . . . . . . . . . . Joint Model

JND . . . . . . . . . . . Just Noticeable Difference

LCD . . . . . . . . . . . Liquid-Crystal Display

LVMR . . . . . . . . . . Latent Variable Multivariate Regression

MLR . . . . . . . . . . . Multiple Linear Regression

MOS . . . . . . . . . . . Mean Opinion Score

MPEG . . . . . . . . . . Motion Pictures Expert Group

MSE . . . . . . . . . . . Mean Squared Error

MSEC . . . . . . . . . . Mean Square Error of Calibration

MSECV . . . . . . . . . Mean Square Error of Cross Validation

MSEP . . . . . . . . . . Mean Square Error of Prediction

N-PLS . . . . . . . . . . N-way Partial Least Squares

NIPALS . . . . . . . . . Nonlinear Iterative Partial Least Squares

NSS . . . . . . . . . . . Natural Scene Statistics

PARAFAC . . . . . . . . Parallel factors

PCA . . . . . . . . . . . Principal Component Analysis

PCR . . . . . . . . . . . Principal Component Regression

PLS . . . . . . . . . . . Partial Least Squares

PLSR . . . . . . . . . . Partial Least Squares Regression
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Acronyms

PRESS . . . . . . . . . Prediction Sum of Squares

PSNR . . . . . . . . . . Peak Signal to Noise Ratio

QoE . . . . . . . . . . . Quality of Experience

QoP . . . . . . . . . . . Quality of Perception

QoS . . . . . . . . . . . Quality of Service

RMSE . . . . . . . . . . Root Mean Squared Error

RMSEC . . . . . . . . . Root Mean Square Error of Calibration

RMSEE . . . . . . . . . Epsilon-insensitive Root Mean Squared Error

RMSEP . . . . . . . . . Root Mean Square Error of Prediction

SAMVIQ . . . . . . . . . Subjective Assessment of Multimedia VIdeo Quality

SDSCE . . . . . . . . . Simultaneous Double Stimulus Continuous quality Evaluation

SDTV . . . . . . . . . . Standard Definition TV

SSCQE . . . . . . . . . Single Stimulus Continuous Quality Evaluation

SSIM . . . . . . . . . . . Structural Similarity Index

SSIS . . . . . . . . . . . Single Stimulus Impairment Scale

SSMM . . . . . . . . . . Single Stimulus MultiMedia

SSMR . . . . . . . . . . Single Stimulus with Multiple Repetitions

SSNCS . . . . . . . . . Single Stimulus Numerical Categorical Scale

SVC . . . . . . . . . . . Scalable Video Codec

SVD . . . . . . . . . . . Single Value Decomposition

SVM . . . . . . . . . . . State Vector Machine

VQEG . . . . . . . . . . Video Quality Experts Group
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subjective testing, 18

content, 20
double stimulus, 26
environment, 18
methodologies, 20
other methods, 27
rating scales, 23
result processing, 28

single stimulus, 24
source, 20
subjects, 22
test structure, 21
training, 21

submacroblocks, 130
subtraction for multi-way arrays, 224
superdiagonal multi-way array, 228
SVT test set, 152

temporal nature of video, 32
Temporal perceptual Information (TI),

245
temporal pooling, 71

averaging, 71
for image quality metrics, 51
Minkowski summation, 72
percentile, 71
requirements on, 32

temporal predictability, 140
tensor

see multi-way array, 60
test environment

displays, 19
room, 18

three-mode principal component analy-
sis, 99

training
see calibration, 59

triads, 101
Trilinear PLSR, 106

alternatives, 112
N-PLS algorithm, 108
properties, 106
relationship to PARAFAC, 110
subspace approximation, 110

tubes, 61
Tucker decomposition, 97

core array, 97
hierarchy, 101
Tucker1, 100
Tucker2, 100
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Tucker3, 97
algorithms, 98
projection of three-way arrays, 229
properties, 98
scores for new samples, 231

two-way data analysis, 71
MLR, 73
PCR, 77
PLSR, 83

unfolding, 62
bilinear data analysis, 91
disadvantages, 93
formal notation, 229

univariate, 73

validation
cross validation, 115
external validation, 115
internal validation, 115

vec-operator, 224
video cube/cuboid, 60

Video Quality, 15
video quality assessment, 18
video quality metrics, 31

bitstream-based, 51
HVS-based, 38
pixel-based, 39
requirements on, 31

compliance levels, 33
prediction performance, 34
reference availability, 33
temporal pooling, 32
validation, 34

taxonomy, 35
viewing distance, 19
visual acuity, 22
visual information metrics, 40
visual quality, 17
VQM

see video quality metrics, 31

watermark, 46
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