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Abstract

This thesis investigates topics related to technical video quality assessment. At its core, it
is comprised of three parts.

First, it describes the developments of two state-of-the-art datasets for video quality
assessment. These datasets capture an unmatched breadth of distortions, qualities, and
contents, as they are based on videos obtained from public video repositories. This
makes them particularly useful for the prediction of video quality in-the-wild. The entire
dataset construction process is explained, including the collection of the video sources,
the annotation process, and thorough comparisons to related datasets.

Second, it presents an approach for automated feature extraction that is novel in the
domain of video quality assessment. Based on deep neural networks pre-trained on
another perceptual task, features useful for visual quality assessment are obtained by
averaging the activation maps of kernels in many layers of the source network. It is shown
that these features are not only useful for the evaluation of content similarity, but also as
a basis for image and video quality and aesthetics prediction. Furthermore, it explores
the possibilities of finding features that carry utility when trying to bridge different
quality-related domains, such as technical quality and aesthetic, which is discussed
under the term generalized visual quality assessment. Three models introduced in this
thesis leverage the power of these extracted deep features to obtain state-of-the-art for
in-the-wild video quality prediction.

Finally, it highlights an aspect of the field that has so far been ignored, namely the impact
of the distribution of an annotation budget over a dataset. This investigation shows, for
the first time, that modern video quality prediction models benefit from a large amount
of data that is only approximately annotated for quality. Contrary to a popular belief
in the community, the precision of aggregated quality annotations are shown not to
be the driving factor in predictive power of modern models. Rather, a delicate balance
between this precision and breadth of content diversity benefits deep learning models in
particular.



Zusammenfassung

Diese Dissertation behandelt Themen, welche in einem Zusammenhang mit der technis-
cher Qualitats-Bewertung von Videos stehen. Im Kern besteht sie aus drei Teilen.

Zuerst werden zwei aktuelle Datensédtze zur Bewertung technischer Qualitét in Videos,
sowie alle relevanten Charakteristiken ihrer Entwicklung beschrieben. Diese erfassen
eine - bis dato - uniibertroffene Fiille an Qualititen, Inhalten und Artefakten, welche
sich daraus ableitet, dass die darin enthaltenen Videos von 6ffentlichen Video-Portalen
stammen. Aus diesem Umstand ergibt sich ein besonderer Nutzen fiir die Vorhersage der
Qualitédt von zweckungebundenen Videos. Es wird der gesamte Herstellungsprozess der
Datensitze beschrieben, was sowohl die Rohdaten-Akquise, den Annotationsprozess, als
auch einen detaillierten Vergleich mit anderen existierenden Datensétzen beinhaltet.

Zweitens wird in dieser Dissertation ein Ansatz zur automatischen Merkmalsextraktion
prasentiert, welcher innerhalb der Doméne der Videoqualitdts-Einschatzung neuartig ist.
Er basiert auf fiir einen anderen Zweck vortrainierten neuronalen Netzwerken, deren
gelernte Merkmale fiir die Einschdtzung von visueller Qualitédt verschiedener Art niitzlich
sind. Die Merkmale werden extrahiert, indem die Aktivierungsmatrizen aller Neuronen
des Netzwerks einzeln gemittelt werden, um jeweils ein durchschnittliches Aktivitdtslevel
der Neuronen zu bekommen. Weiter wird gezeigt, dass diese Merkmale fiir verschiedene
perzeptuelle Probleme niitzlich sind, wie etwa dem der visuellen Ahnlichkeit zweier Bilder,
aber auch als Basis fiir die Vorhersage von Bild und Video Qualitit und Asthetik. Dariiber
hinaus werden Moglichkeiten erortert, einzelne bestimmte Merkmale zu ermitteln, welche
besonderen Nutzen fiir perzeptuelle Probleme haben. So wird gezeigt, dass mit nur
wenigen Dutzend dieser automatisch gelernten Merkmale bereits eine hohe Performanz
in mehreren verwandten Doménen erzielt werden kann. Darauf aufbauend werden drei
konkrete Modelle eingefiihrt, die unter Zuhilfenahme dieses Ansatzes den Stand der
Technik in mehreren Aspekten der Prognose von Video Qualitét stellen.

Zuletzt werden anhand der genannten Datensidtze neue Themenfelder aufgebracht.
Insbesondere der Zusammenhang zwischen der Verteilung eines Annotationsbudgets auf
einen Video-Datensatz und die damit zusammenhé&ngende Prézision einer Vorhersage
ungesehener Daten steht hier im Mittelpunkt. Die Untersuchungen zeigen zum ersten Mal,
dass moderne Modelle zur Vorhersage von Video Qualitdt davon profitieren, wenn der
Trainingsdatensatz vergrofSert wird und die Exaktheit der dazugehoérigen Annotationen
lediglich grob geschétzt wird. Diese Beobachtung steht im starken Kontrast zu dem
geldufigen Glaube innerhalb der Domane, dass die Exaktheit der Annotationen des
Trainingsdatensatzes eine primére Rolle in der Vorhersagegenauigkeit von Modellen
spielt.
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Introduction

The first quarter of the 21st century has witnessed the rise of video to 1.1 Video Quality .......... 2
be the primary source of media entertainment for consumers with the 1.2 Video Quality Assessment . . 2
average US citizen spending 38 hours per week watching some form 13 Outline .............. 3

1.4 Publications ........... 5

of video content. In 2008 Cisco noted in their global consumer internet
traffic report” that approximately 20% of all internet traffic was used
for some form of internet video streaming. Nearly a decade later in
2017 video viewing was reported to take up 75% of internet traffict and
is projected to reach 85% by 2022%. In the same vein, the number of
businesses using video as a marketing tool has increased by 41% since
20165, meaning that 86% of businesses in the US reported using video as
a marketing tool in 2021. Additionally, 93% of marketers who use video
say that it’s an important part of their marketing strategy.

Consequently, it comes as no surprise that a significant body of literature
within the digital signal processing domain has arisen which focuses on
both assessing and improving the quality of digital media content, as
well as ensuring faithful reproduction at the consumer’s end. For this
purpose, quality of experience (QoE) has been defined and adopted in
Recommendation ITU-T P10 [ITU99] as:

“The degree of delight or annoyance of the user of an
application or service. It results from the fulfillment of his or
her expectations concerning the utility and/or enjoyment of
the application or service in the light of the user’s personality
and current state.”

It can be considered as the technology-centered sibling to the human-
computer interaction subfield of user experience, with a stronger focus
on the perception of quality, rather than the concept of experience.

Three so-called influence factors have been identified and defined within
QoE [Rei+14]. Human influence factors consider low-level and high-level
processing factors on the consumer’s end, meaning characteristics such
as visual and auditory acuity, or cognitive processes and expectations.
Context influence factors group situational properties describing the con-
sumer’s environment, such as the social context the digital media is
consumed in, or interruptions during the consumption that are external
to the media delivery system. Finally, System influence factors combine
aspects that are related to the content, media, transmission, and the
playback device. Any kind of encoding-related degradations of a video or
delays in the transmission of a streamed digital media item are examples
of influence factors in this category. The contents of this thesis is largely
situated within this last category of influence factors of QoE, as video
quality refers to the quantification of low-level perceptual degradation of
a video stimulus.

* Cisco Visual Networking Index (VNI): Forecast and Methodology, 2008-2013
* Cisco VNI Complete Forecast Update, 2017-2022

# Cisco Annual Internet Report (2018-2023)

$ Wyzowl: The State of Video Marketing 2021


https://www.cisco.com/c/dam/global/pt_br/assets/docs/whitepaper_VNI_06_09.pdf
https://www.cisco.com/c/dam/m/en_us/network-intelligence/service-provider/digital-transformation/knowledge-network-webinars/pdfs/1213-business-services-ckn.pdf
https://www.cisco.com/c/en/us/solutions/collateral/executive-perspectives/annual-internet-report/white-paper-c11-741490.pdf
https://info.wyzowl.com/state-of-video-marketing-2021-report

1.1 Video Quality

Digital media items undergo a multitude of steps from initial recording
to their presentation to a consumer. During all parts of the content
delivery pipeline, starting with the acquisition, followed by compression
and transmission, and finishing with the processing, reproduction, and
display at the destination, alterations to the media item are necessary
and inevitable. Some of these alterations have more noticeable or salient
perceptual impacts, which are often of negative impact to the delight
of the observer. Specifically, video quality assessment (VQA) means
evaluating whether the quality of the digital media item is high or
low relative to some quality scale, due to the presence or absence of
distortions. Thus, it tries to answer the following question: Does the video
look qualitatively good? Since a video is comprised of individual images
that are played in quick succession, its quality is also highly dependant
on the quality of these individual frames, which almost necessarily links
VQA to the field of image quality assessment (IQA).

Asanillustration of different quality levels, Figure 1.1 depicts low, medium,
and high quality images, taken from the popular IQA dataset KonlQ-
10k [Hos+20a]. The low quality image, showing a close-up of a chicken
coop, is impacted by an overall blurriness and tone fuzziness, as well
as obvious ringing artifacts (the cyan discoloring where white and red
tones meet around the chickens’ heads), which are an indication for
quantized block-based discrete cosine transform coding. The group of
bicycle enthusiasts in the medium quality image is slightly blurry, likely
caused by the quantization of high-frequency components. Additionally,
there is a lack of detail in the grass in the background of the image.
Finally, the high quality image shows a detailed shot of an insect, where
light ringing artifacts can be seen around the edges of the creature only
at full resolution.

All of the artifacts described for the examples shown in Figure 1.1 are
representative for still images. The playback of a video can hide or
amplify these problems and video encoding methods can also introduce
additional effects that can impact the perceived quality in both directions
on the subjective quality scale. For example, subtle instances of staircasing
noise, a special form of blockiness along diagonal or curved edges, can
be masked during video playback, even though it is clearly visible in the
video material’s individual frames. Alternatively, frequent luminance
or chrominance changes over time, known as flickering, can be a very
salient temporal artifact in video playback, even though the individual
video frames might be of pristine quality.

1.2 Video Quality Assessment

The only “true” approach of quantifying visual quality of digital media is
through empirical studies involving human subjects. However, objective
video quality assessment systems have been developed that have the
goal of predicting subjective video quality accurately and automatically.
They are a necessary step for a broad variety of applications, ranging
from 1) the design and optimization of video acquisition, processing,
compression, storage, distribution, reproduction, and display methods

1 Introduction 2

Refer to Section 2.3.2 for a more compre-
hensive description of different image and
video quality distortions.

Low Quality (1.13)

Medium Quality (2.71)

High Quality (4.31)

Figure 1.1: Image Quality Examples, rang-
ing from low to high. Source: KonlQ-10k


http://database.mmsp-kn.de/koniq-10k-database.html

and systems, to 2) comparing the quality of videos created using different
parameters in the production pipeline, to 3) maintenance and resource
allocation of visual communication systems.

Powerful and reliable models that automatically predict the quality
of video items require subjective quality annotations for large video
datasets. Conventionally, a standardized subjective test would require the
recruitment of a diverse panel of volunteers to evaluate video stimuli in
a laboratory environment. This would allow for careful control over the
external factors impacting the accuracy and repeatability of the subjective
study. In practice, however, human evaluation in a laboratory setting is
both too time-consuming and expensive, especially considering the sheer
amount of video data generated; for example, in 2017 it was estimated
that every 60 seconds, 400 hours of video were uploaded to the online
video site YouTube. In the past decade, crowdsourcing has risen as an
alternative to lab studies to gather subjective data and has become the
de facto standard for subjective video quality annotation. It trades the
highly controlled environment of the laboratory with a more ecologically
valid environment where an internet crowd evaluates the quality of
multimedia files at their leisure. With the advent of this tool, it is now
possible for the first time to obtain thousands of video quality annotations
in a matter of a few days.

A secondary requirement for robust quality prediction is features that
are informative of the quality scale. The best-performing models in
the field of video quality are based on the features extracted from pre-
trained convolutional neural networks (CNNs), which are made up
of automatically learned kernels of hierarchical nature. In fact, deep
features have effectively replaced traditional hand-crafted features for
tasks related to the prediction of perceptual attributes of images and
videos. This can be attributed to the circumstance that the complexity
of features achieved in modern CNNs far exceeds that achievable by
manual design. Through training processes that evaluate hundreds of
thousands of images, CNNs can pick up on elaborate compositions of
patterns that a human would be hard-pressed to discern, describe, or
design a detector for.

1.3 Outline

The two main contributions of this thesis are (1) the design of KoNViD-1k
and KonVid-150k, two novel datasets for VQA with a focus on ecological
validity and the latter being the largest existing dataset within the field,
and (2) the development of a set of objective VQA methods based on deep
features that can train efficiently on datasets of the size of KonVid-150k,
as well as generalize to videos in-the-wild at the example of legacy
datasets.

Chapter 2 provides an in-depth perspective into three aspects. First,
the conventional way of annotating the quality of digital media items
in laboratory settings is described, along with a comprehensive sum-
mary of the most relevant ITU Recommendations. Second, we present
how crowdsourcing relates to lab studies for subjective IQA and VQA,
specifically, including the presentation of our research showcasing that

1 Introduction
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crowdsourcing-based IQA experiments can reproduce results obtained
in lab studies with high levels of correlation. Additionally, we describe
challenges that crowdsourcing campaigns face on a more general level
and discuss relevant ITU-T Recommendations related to visual qual-
ity assessment in a crowdsourcing environment. Then, we provide a
short introduction to the human visual system (HVS) alongside the
most relevant image and video artifacts and their relation to both the
HVS and the encoding process. Third, we conclude the chapter with a
presentation of our research that takes advantage of knowledge about
perceptual statistics of images in the encoding process to produce images
of higher perceptual quality at the same bitrate as what is produced by
conventional encoding systems.

Chapter 3 summarizes the most relevant image and video quality datasets
and introduces our own efforts in furthering the field. Starting with
a description of characteristics that are relevant in categorizing and
understanding the purpose of quality assessment datasets in general
we progress quasi-chronologically through legacy datasets that carry
historical importance or are otherwise important in relation to our
own contributions. We show the benefits and deficiencies of different
considerations in the creation process and establish desirable attributes
of an ideal video dataset to learn quality in-the-wild. Then, we describe
considerations and steps taken for our own KoNViD-1k and KonVid-
150k VQA datasets that attempt to more appropriately implement these
desirable characteristics to establish modern benchmark datasets for
VQA. Finally, we conclude the chapter with a quantitative evaluation of
modern VQA datasets to investigate aspects like their ecological validity
and annotation quality.

In Chapter 4 we first summarize historical approaches to provide features
valuable in predicting I/VQA, as well as detecting artifacts in images
and videos. Next, we describe learning-based techniques to construct
features useful for perceptual tasks by summarizing related works that
have implemented approaches that extract deep features from different
sources and for the prediction of different perceptual attributes. Here,
we describe our own procedure to extract deep features from pre-trained
CNNs and what the impact of extracting features at different layers is
on the predictive performance of simple models. Finally, we conclude
the chapter with a presentation of our efforts in identifying specific
deep features that are representative of a generalized perceptual quality,
rather than just being useful for the prediction of a particular perceptual
attribute. By using a simple deep feature selection strategy we can derive a
subset of 10% of the original features that achieves the same performance
as using the full set of deep features.

Chapter 5 is, then, primarily concerned with objective VQA. We first
briefly summarize legacy approaches to the problem, followed by an
in-depth overview of state-of-the-art methods. Here, we also show the
dangers of using learning-based deep features suffer at the hand of our
own research that uncovered a handful of published approaches that
included different forms of data leakage, meaning that their published
performances can not be compared to other works. Next, we introduce
three VQA models based on deep features and evaluate them on the most
relevant modern video datasets, both from in-the-wild and synthetic
domains. We investigate the relationship between these domains in

1 Introduction
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inter-dataset and inter-domain evaluations and further show the power
of our own dataset contributions we described in Chapter 3 compared
to the state-of-the-art. Finally, we conclude the chapter with ablation
studies that investigate the impact that different vote budget distribution
strategies have on the predictive performance of our models, which raises
doubts about the traditional rule of requiring several dozen individual
quality annotations for each video.

Chapter 6, then, summarizes the core contributions of this thesis and
articulates some of the open questions raised by this work.

1.4 Publications

During my time as a doctoral researcher, I authored and contributed to
several articles in journals, conferences, and workshops that form the
basis of this thesis:

[Sau+16] Dietmar Saupe, Franz Hahn, Vlad Hosu, Igor Zingman, Ma-
sud Rana, and Shujun Li. ‘Crowd workers proven useful: A
comparative study of subjective video quality assessment’.
In: QoMEX 2016: 8th International Conference on Quality of
Multimedia Experience. 2016

Contribution clarification. This paper is an extension to the
MA thesis of Masud Rana, which was supervised by both me
and Dietmar Saupe. It can be seen as the inauguration project
of the crowdsourcing efforts of our group. My main contri-
bution for this paper was supervising the implementation
and execution of the crowdsourcing experiment, as well as
the technical analysis of the resulting subjective video quality
assessment annotations. The writing was spearheaded by
Dietmar Saupe. Section 2.2 is based largely on this paper.

[Hos+16a] Vlad Hosu, Franz Hahn, Oliver Wiedemann, Sung-Hwan
Jung, and Dietmar Saupe. ‘Saliency-driven image coding
improves overall perceived JPEG quality’. In: 2016 Picture
Coding Symposium (PCS). IEEE. 2016, pp. 1-5

Contribution clarification. This paper is a collaborative ef-
fort between several authors, in particular Vlad Hosu, Oliver
Wiedemann, and myself, who contributed approximately
equally to the paper. At the suggestion of Dietmar Saupe,
O. Wiedemann implemented a variation to the JPEG en-
coder that finds appropriate parameters to perform variable
quantization of a target image based on an accompanying
saliency map, such that the resulting compressed version
meets a target bitrate requirement. For the encoding process,
I performed some minor, although crucial, bugfixing of the
encoding algorithm and contributed a saliency modeling
approach that reduced the side information required for the
decoder to be limited to 163 bits, which enabled the significant
gains in perceptual quality at the same bitrate. Furthermore,
I designed and executed the two crowdsourcing studies with
assistance from V. Hosu, who also shared the majority of the
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[Hos+17]

[Got+21]

technical analysis and paper writing efforts with me. This
paper is the basis for Section 2.4.

Vlad Hosu, Franz Hahn, Mohsen Jenadeleh, Hanhe Lin,
Hui Men, Tamds Szirdnyi, Shujun Li, and Dietmar Saupe.
‘The Konstanz natural video database (KoNViD-1k)". In: 2017
Ninth international conference on quality of multimedia experience
(QoMEX). IEEE. 2017, pp. 1-6

Contribution clarification. This paper is a collaborative effort
between many authors, in particular Vlad Hosu and myself,
who contributed equally to the paper. V. Hosu had the idea
of using creative commons videos from flickr as a source for
a new video quality assessment database. V. Hosu, Mohsen
Jenadeleh, Hanhe Lin, Hui Men, and I jointly arranged the
code base that evaluated a variety of attributes related to
video quality, such as levels of blur, contrast, and colorfulness.
The fair sampling strategy used to obtain the final set of 1,200
videos was authored by V. Hosu with the assistance of H.
Lin. I led the crowdsourcing efforts, designing the interface
and quality control mechanisms. The statistical analysis was
a joint effort, and V. Hosu and I shared the majority of the
paper writing efforts. Parts of this paper are used in Chapter 3,
concretely in Section 3.3 and Section 3.5. Contents of this paper
can also be found in the dissertation of M. Jenadeleh [Jen18].

Franz Goétz-Hahn, Vlad Hosu, Hanhe Lin, and Dietmar
Saupe. ‘KonVid-150k: A Dataset for No-Reference Video
Quality Assessment of Videos in-the-Wild'. In: arXiv preprint
arXiv:1912.07966 (2021)

Contribution clarification. This paper can be understood as
the big brother of [Hos+17], and is mainly a collaboration
between Vlad Hosu and me, with Hanhe Lin and Dietmar
Saupe providing key insights throughout the entire research
and writing efforts. V. Hosu identified, that instead of the
re-encoded videos that we used in our previous effort we
could in many cases obtain original uploads from the authors
of the videos and wrote a crawler to do so. I designed and
executed several pilot studies that investigated the relation
between playback duration and perceived quality, the impact
of numbers of annotators on the mean opinion, as well as the
impact of the level of quality control on the diligence of study
participants. Based on my statistical analyses of these pilots I
wrote our transcoding pipeline to obtain a large set of more
ecologically valid videos. For the finalized dataset, I lead the
development of the large-scale crowdsourcing study, based
on our experiences from the pilot studies.

V. Hosu supplied a codebase for deep feature extraction for
images that I adapted to work more coherently for videos.
The design, implementation, and evaluation of the different
models was also lead by myself, with the co-authors providing
very useful input along the way. D. Saupe initiated the idea of
comparing distributions of a fixed vote budget over different
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[GHS21]

sets of videos. The implementation and statistical analysis of
this experiment, as well as the design of the other experiments
carried out in the paper, were all done by myself. Moreover,
the majority of the writing work was done by myself, with
all co-authors giving valuable editorial input. Contents of
this paper can be found in different Chapters of this thesis,
namely in Chapter 3 in Section 3.4 and Section 3.5, as well as
different parts of Chapter 4 and Chapter 5.

Franz Gotz-Hahn, Vlad Hosu, and Dietmar Saupe. ‘Critical
analysis on the reproducibility of visual quality assessment
using deep features’. In: arXiv preprint arXiv:2009.05369 (2021)

Contribution clarification. This paper is a collaborative effort
between Vlad Hosu, Dietmar Saupe, and myself. V. Hosu
had observed in the evaluation of an initiative with another
collaborator that some of the performance values published
as a result of that effort were not reproducible. After a chain
of publications from this same former collaborator that were
evaluated on our work I started re-implementing these ap-
proaches and found my own implementations to also not
match what was published. To understand the problems of my
re-implementation I found several cases of data leakage that
plagued these publications. The technical implementation
and statistical evaluation were all done entirely by myself,
and the paper was mainly written by me, with insightful
editorial input by the co-authors, and V. Hosu supplying a
section on his initial investigations that initiated these efforts.
This paper is summarized in Section 5.1.2.

Furthermore, I published and contributed to additional publications
which investigated tangentially related topics of interest, or inspired the
needs and contributions of this thesis, but are not included therein. These
publications are listed in the following:

[Hos+16b]

[Spi+17]

[Spi+19]

Vlad Hosu, Franz Hahn, Igor Zingman, and Dietmar Saupe.
‘Reported attention as a promising alternative to gaze in IQA
tasks’. In: PQS 2016: 5th ISCA/DEGA Workshop on Perceptual
Quality of Systems. 2016, pp. 117-121

Marc Spicker, Franz Hahn, Thomas Lindemeier, Dietmar
Saupe, and Oliver Deussen. ‘Quantifying visual abstraction
quality for stipple drawings’. In: Proceedings of the Symposium
on Non-Photorealistic Animation and Rendering. 2017, pp. 1-10

Marc Spicker, Franz Goétz-Hahn, Thomas Lindemeier, Diet-
mar Saupe, and Oliver Deussen. ‘Quantifying visual abstrac-
tion quality for computer-generated illustrations’. In: ACM
Transactions on Applied Perception (TAP) 16.1 (2019), pp. 1-20
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2 Subjective Visual Quality

Subjective assessment of digital media items by human observers is
a necessary benchmark for I/VQA. Aggregates of subjective quality
annotations are used as ground truth data to train and test objective
models that automatically predict quality scores. It is, therefore, important
that the process by which this ground truth data is gathered produces
precise and reliable answers.

In this chapter, we will describe the benefits and drawbacks of laboratory
setups used in the annotation process of legacy datasets. Up until recent
years, studies carried out in lab settings have marked the gold standard for
gathering subjective human opinions of digital media items. We present
crowdsourcing as the newly upcoming alternative for this laborious
and expensive effort, as it presents the opportunity to annotate much
larger datasets in a much shorter time, without necessarily sacrificing
any quality in the gathered data. Experimental evaluation of our data
shows that subjective annotations obtained via crowdsourcing correlate
well with subjective data generated in a lab setting.

We describe the core functionalities of the HVS in regards to the informa-
tion flow and processing steps of information sensed by the human eyes.
Furthermore, we illustrate, characterize, and describe common classes of
spatial and temporal artifacts that are ordinarily perceived as annoying
and detrimental to image and video quality. The chapter concludes with
a presentation of our research into leveraging information about the
salient parts of images to encode images with spatially non-uniform
levels of quality that tricks the HVS into perceiving an image of the same
bitrate as higher quality than its conventionally encoded counterpart.

This chapter contains and extends material from the following publica-
tions. Please refer to Section 1.4 for the contribution clarification.

[Sau+16] Dietmar Saupe, Franz Hahn, Vlad Hosu, Igor Zingman, Ma-
sud Rana, and Shujun Li. ‘Crowd workers proven useful: A
comparative study of subjective video quality assessment’.
In: QoMEX 2016: 8th International Conference on Quality of
Multimedia Experience. 2016
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[Hos+16a] Vlad Hosu, Franz Hahn, Oliver Wiedemann, Sung-Hwan
Jung, and Dietmar Saupe. ‘Saliency-driven image coding
improves overall perceived JPEG quality’. In: 2016 Picture
Coding Symposium (PCS). IEEE. 2016, pp. 1-5

2.1 Literature Review

2.1.1 Laboratory Setup

Laboratory environments are the established approach for the subjective
quality evaluation of speech, audio, image, video, or multimedia, which
has been known to produce reliable and accurate results. One major
benefit of lab settings is the level of control over the testing environ-
ment, enabling a level of meticulousness concerning different influencing
factors. These factors range from the hardware, i.e. the display hard-
ware and its calibration, to the room settings, meaning the lighting
and ambient illumination, and restrictions of the viewing behavior. The
majority of these suggestions, restrictions, and factors have also been
formalized in recommendations from the Radiocommunication, as well
as the Telecommunication standardization sectors at the International
Telecommunication Union, abbreviated as ITU-R and ITU-T, respectively.
In the following, we will first summarize two important ITU Recommen-
dations, being Rec. ITU-R BT.500 and Rec. ITU-T P.910, and highlight the
most relevant suggestions within them.

Rec. ITU-R BT.500: Methodology for the subjective assessment of the
quality of television pictures

This Recommendation [ITU19] is comprised of three parts that each
govern different aspects of the subjective image quality assessment
process.

Part1l of ITU-RBT.500, called “Overview of subjective image assessment
requirements”, describes prerequisites for the environment, experimental
hardware, material, and test subjects. It surmises recommended viewing
distance and angle, as well as details regarding the display monitor, such
as resolution and calibration settings. With respect to test material, it
contains typical test material to address common assessment problems.
It suggests using at least 15 observers of “(corrected-to-) normal visual
acuity on the Snellen or Landolt chart, and for normal color vision using
specially selected charts”, such as Ishihara, for each item in the study.

A test session according to ITU-R BT.500 should not last more than half an
hour, including the instructions. During instructions, participants are to
be introduced to the assessment process and the grading scale. They are
to be given examples of the types of degradations of visual impairments
that they are presented with, which should not be displaying content
that is used in the experiment. The beginning of the test should contain
a handful of “dummy presentations” that help the participant get a
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grounding for the types of stimuli he will be presented with, for which
the subjective data is not recorded. The rest of the test items should be
presented in random order, with the recommendation to repeat a subset
of items if multiple sessions are carried out for the same participant.

This part of the recommendation also contains elaborate information on
common methods of analysis. It recommends the mean opinion score
(MOS)

(2.1)

where 1k, describes the score of observer i under test condition j, for
image k and repetition 7, and N, ], and R are the total number of observers,
test conditions, and repetitions, respectively. Here, test condition refers
to variations to the source image. For example, when comparing different
compression parameter settings of an encoding mechanism each setting
applied to an image is considered a different test condition. Additionally,
recommendations for the calculation of confidence intervals, screening
of observers under different scenarios, and corrections for scores are
provided.

Part 2 is called “Description of subjective image assessment method-
ologies” and provides recommended image assessment methodologies
in the form of different stimulus presentation styles and accompanying
scales. For the scope of this thesis, we will summarize the two relevant
recommended methodologies, which are the single stimulus method
using the five-grade adjectival categorical quality judgment scale, as
well as the five-grade adjectival categorical judgments of the stimulus
comparison method.

For single stimulus presentation methods, single items are displayed and
rated by participants in sequence. The five-grade adjectival categorical
judgment scale for quality designates five levels of quality with an
appropriate adjective, as shown in Table 2.1. This scale is a scoring scale,
meaning that a higher value is assigned to better quality items. It has
been shown, however, that the absolute category rating scale, which is
practically identical to the five-grade adjectival categorical judgment scale,
has some drawbacks, such as participants having different interpretations
of the categories, non-equidistance between the categorical adjectives,
and others [M6112]. In our single stimulus experiments, we used this type
of scale, although the ordering was sometimes arranged horizontally,
with “Bad” on the left side of the scale and “Excellent” on the right.

In stimulus comparison presentation methods the different stimuli are
shown either in sequence or in parallel. For adjectival categorical judg-
ments, Recommendation ITU-R BT.500 specifically suggests a seven-grade
comparison scale as shown in Table 2.2, where participants provide rela-
tive judgments between the presented stimuli. In the experiments where
we used the stimulus comparison method, we simplified this scale to a
five-grade comparison scale and slightly adjusting the wording.
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Table 2.1: An example for the five-grade
adjectival categorical judgement scale for
quality recommended to be used for single
stimulus experiments.

Quality Scale
5 | Excellent
4 | Good

3 | Fair

2 | Poor

1 | Bad

Table 2.2: An example for the seven-grade
adjectival categorical judgement scale for
the comparison of two qualities recom-
mended to be used for stimulus compari-
son experiments.

Comparison Scale

Much worse
Worse
Slightly worse
The same
Slightly better
Better

Much better




Part 3 of Recommendation ITU-R BT.500, called “Application specific
subjective assessment methodologies for image quality”, provides sug-
gestions for application-specific subjective image quality evaluation
experiments. It is similar to part 1, in that it provides recommendations
for viewing conditions, test materials, and more, however considering
the particular application context. We will omit further details for this
part of the Recommendation since the applications covered within it are
not relevant to this thesis.

Rec. ITU-T P.910: Subjective video quality assessment methods for
multimedia applications

This Recommendation [ITUO8] suggests methodologies for different
aspects related to the subjective assessment of video quality. It discusses
different considerations concerning the source material, such as the
recording environment and system, as well as the characteristics of the
content. Recommendation ITU-T P.910 suggests the use of the absolute
category rating scale with or without hidden reference (ACR/-HR), or
paired comparison (PC). The ACR/-HR scales are practically the same
as the previously described five-grade adjectival categorical judgment
scale for single stimulus rating methodologies (See Table 2.1) and suffer
from the same problems. PC functions similarly to the stimulus com-
parison method described in Recommendation ITU-R BT.500, where
both a sequential and simultaneous display method for stimulus pairs is
described in detail.

Concerning the evaluation procedure, certain parameter settings for
the viewing conditions are provided, such as a recommended viewing
distance, as well as suggestions for luminance and illumination levels
for various parts of the test setup. It recommends at least 15 participants,
however, suggests that a range from 4 to 40 participants in a study is
acceptable. Moreover, it is specifically stated that having more than 40
participants is only useful on rare occasions. Similar to Rec. ITU-R BT.500
typical screening for (corrected-to-) normal acuity and normal color
vision is recommended. The instructions given to participants mirror
those described for ITU-T BT.500 to a large degree.

With respect to content characteristics, Rec ITU-T P.910 introduces the
spatial and temporal perceptual information measurements that are also
relevant to this thesis.

Practical Considerations

Conventionally, experimenters would consider a single, fixed setup
that would generally follow ITU recommendations, such that the only
variable was the participants. Between different laboratories, however,
these setups vary to large extents, and the descriptions and attention
to detail of the experimental conditions differ widely. For example, for
different image and video quality databases the viewing distance has
been described as

» “comfortable seating distance” [Wan+04],
» “approximately 80 cm [...] controlled by a line hanging from the
ceiling” [Vir+14],
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» “comfortable for [the participant]” [Pon+15],
» and “6 — 8H [...], where H is the height of the video” [De +09; De
+10].

To illustrate it at the hand of a different example, some studies report
very accurate lighting conditions measured at the monitors and in the
surroundings - “The light hitting the monitors measured below 2 Ix, and
the ambient illumination from behind the monitors were 20 1x.” [Vir+14]
- while other studies report no such measurements at all.

The authors of the Tampere image database put it fittingly [Pon+15]:

“in our opinion, visualization and analysis of image qual-
ity in slightly varying conditions provide reasonably good
verification of quality metrics if these metrics are intended
for visual quality assessment in practice in a priori unknown
conditions”.

Ultimately, digital media is consumed in environments that are unpre-
dictable and likely do not conform to the strict boundaries that lab-based
subjective annotations were obtained in. In this sense, it is arguable,
whether the controlled lab environments are reflective of the way media
is consumed in-the-wild.

There are two additional points of consideration to using a lab-based
setup. First, performing a subjective experiment in a laboratory setting
usually entails an expensive facility, which is commonly only set up
once, restricting the pool of subjects. Most often, participants in these
types of studies have been graduate and undergraduate students at the
universities the experiments were carried out at. This can have the benefit
of obtaining the opinions of young, technology-savvy people, which may
have a more nuanced understanding of the visual quality of digital media.
However, this potential bias in quality evaluations may also adversely
affect any model trained on them, if its application is not primarily aimed
at this particular demographic.

Secondly, carrying out an in-person experiment at a university lab is time-
consuming and costly beyond the hardware setup. The facility can only be
used by a single participant at any given time, and conventionally requires
at least one overseeing researcher for the duration of the experiment.
This heavily restricts the number of annotations that can be efficiently
gathered and, thus, potentially limits the statistical relevance of the results.
Typically, turnaround times for lab-based quality evaluation campaigns
lie in the order of weeks, even though the datasets have thus far been
relatively small with a maximum of a few hundred stimuli. Therefore, lab
experiments are an insulfficient tool, if the goal is to significantly increase
visual quality assessment dataset sizes.

2.1.2 Crowdsourcing

Crowdsourcing has emerged as an affordable and fast alternative way
of annotating multimedia datasets with subjective opinions. Although
there is no clear consensus on the definition of the term crowdsourcing,
a recently published white paper on the topic can be understood to be
the most elaborate attempt so far to establish an agreed-upon interpre-
tation. Here, crowdsourcing was defined as “an action by an initiator
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who outsources tasks to a crowd of participants to achieve a certain
goal” [Hof3+20], where action encompasses study design, data capturing,
and analysis, and participants specifically refers to human workers that
process the tasks. This interpretation would, in fact, incorporate lab
setups as described above under the term crowdsourcing, however, in
the context of this thesis the term will refer exclusively to the outsourcing
of tasks to an online crowd.

The distribution of micro-tasks to remote study participants via internet
crowdsourcing platforms opens the reach to a diverse group of subjects
that can provide results in a parallelized way, drastically decreasing
turnaround time. Nonetheless, crowdsourcing also introduces new chal-
lenges, such as the further need to incentivize participants, as well as the
lack of human-guided instructions and a reduced level of control over
the environment, resulting in potentially lower quality of annotation. We
will address both of these issues separately in the following.

User participation is a prerequisite for the success of any study. A
model for worker’s motivation has been proposed for the crowdsourcing
context specifically [KSV11], which differentiates between enjoyment
and community based intrinsic motivation factors, as well as extrinsic
motivation stemming from social factors and immediate or delayed payoff
expectations. In their evaluation of survey data collected from crowd
workers on the Amazon Mechanical Turk platform showed intrinsic
motivation factors dominating extrinsic ones. Although the extrinsic
motivation factor of payment was rated as most important by a majority
of the participants in the survey the authors concluded that their direct
way of asking for the importance of money as a motivational factor for
workers was non-objective [KSV11]. Still, further studies have shown
that payment positively impacts task uptake, that is the number of tasks
completed per participant, as well as tolerance towards more complex
tasks [MWO09; Rog+11]. Various studies have also noted, however, that
payment beyond what is perceived as sufficient by the worker is not
correlated to output accuracy [Fin+10; Rog+11; CK13].

In order to maximize the quality of the results of a crowdsourcing ex-
periment, quality assurance and reliability methods help to identify
individual erroneous submissions, as well as workers who deliberately
act maliciously. Without such measures, participants may obtain pay-
ment without performing the tasks as requested, subsequently requiring
repetitions of the study and incurring additional costs. Malicious partici-
pants in crowd studies have been categorized into different groups of
behavior [Gad+15]. Workers may be ineligible, meaning that they partic-
ipate in the experiment despite not conforming with specifically stated
requirements, such as not using a particular device. Other participants
are primarily driven by earning money quickly which causes them to
try to take advantage of a lack of validation procedures, for example by
supplying ill-fitting responses. Alternatively, some crowd workers may
attempt to deceive simple validation procedures by apparently abiding
by the given rules, but still providing responses that are not useful for
the experimenter. All of these behaviors need to be addressed.

Beyond this, technical challenges ought to be considered for crowdsourc-
ing campaigns aimed at subjective video quality assessment in particular.
Users of crowdsourcing platforms have an international background,

2 Subjective Visual Quality

13



with different platforms being populated by different crowds. To dis-
tribute data, and video data in particular, in a time-efficient manner, such
that no buffering or other transmission-related artifacts outside of the
control of the experimenter occur, the crowdsourcing platform has to be
tested properly and the data potentially adjusted.

To summarize, there are several additional challenges associated with this
relatively young method of collecting subjective data via crowdsourcing.
The parallelization of tasks and decoupling of human-guided instructions
generates vastly more data in a much shorter time. Additionally, the
viewing conditions are harder to control and data distribution is - in
most cases - outside the realm of control for the experimenter, potentially
leading to lower data quality.

Ideally, the data generated by a crowdsourcing campaign should be
valid, reliable, as well as representative. This means that that there should
be a level of “confidence that a given finding shows that it purports
to show”[HM14], a “confidence that a given empirical finding can be
reproduced” [HM14], and a sufficient “degree to which the data sample
is representative for the assumed population” [Hof3+20]. Although these
three concepts share similarities, they need to be addressed separately.

The reliability of crowdsourcing studies for video quality assessment
has been studied in related works [Gar+14]. In this work, two different
quality control mechanisms are compared. The a posteriori mechanism
entails the carrying out of the study with a subsequent filtering step.
This has the downside of requiring more answers, as it is unclear prior to
running the study how many workers will be filtered out. Moreover, the
implementation and evaluation of this additional step is an administrative
overhead. An alternative mechanism called in memento quality control is
suggested that evaluates a participant’s reliability during the assessment
session. This not only allows the identification of unreliable users but
also opens up the potential for feedback to the worker. Compared to the
a priori mechanism, the in memento mechanism doubled the reliability
of the results, while also reducing the total campaign completion time
by a factor of ten. Interestingly, the study also found that repetitive
involvement of only those workers that had been deemed reliable in
previous studies improved the quality of the results only to a certain
extent and had the additional downside of exhaustion of the crowd.

In recent years, crowdsourcing has also been recognized by the ITU as a
solution to challenges posed by laboratory tests. We will briefly review
those ITU-T Recommendations that discuss crowdsourcing within their
scope.

Rec. ITU-T P.912: Subjective video quality assessment methods for
recognition tasks

This Recommendation [ITU16] concerns itself with the identification
of humans, faces, objects, and alphanumerics in video test material.
Although these aspects of video quality assessment are not relevant to
the thesis, the 2016 version has, for the first time, included crowdsourcing
as an alternative to tests performed in a laboratory environment.
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Based on related work in the field [Hof3+14], it describes “possible ways to
increase the accuracy of results obtained [in the crowd]” [ITU16]. For the
experimental design, it suggests using easy tasks with short completion
times, such that a worker is unlikely to be interrupted during the session.
Further, it recommends less detailed descriptions with heavy use of
pictures as illustrations to make it as simple as possible to understand.

The Recommendation also touches on quality assurance and reliabil-
ity testing, identifying the problem of random clickers and unreliable
workers. The former kind of participant, which e.g. provides random
answers on radio button rating scales, can be identified by using repeated
questions. For the detection of unreliable test subjects, it suggests using
specific obvious questions, enabling a simple filtering mechanism.

Rec. ITU-T P.808: Subjective evaluation of speech quality with a
crowdsourcing approach

This Recommendation [ITU18] provides advice specifically for carrying
out crowdsourcing campaigns to evaluate speech quality. It is much more
specific to problems related to crowdsourcing, as it is the core assessment
process considered within this Recommendation.

For the test procedure, it suggests a split into three parts, where first
a worker has to qualify by passing an initial test with an adequate
accuracy on questions with pre-conceived acceptable answers, so-called
gold standard questions. Then, participants cycle through training tasks
that grant temporary access to a fixed number of rating tasks. Training
tasks are essentially re-affirmation for the experimenter that the worker
knows how to do the job while rating tasks contain the items that are to
be subjectively annotated. The Recommendation contains example job
designs for all parts of the procedure, which can easily be adapted to
image and video quality assessment.

2.2 Lab vs. Crowd Comparison

If we believe laboratory environments to be the gold standard for subjec-
tive assessment campaigns, the question remains how well crowdsourcing
approaches perform in relation to them. A few comparison studies in
fields related to and within the image and video quality domain exist.

For the evaluation of privacy filters in video surveillance [KCE12] an
online crowdsourcing campaign was compared to results obtained in an
offline lab-based environment with more rigorous control. The dataset
consisted of video sequences that had been altered by privacy protection
filters, e.g. blurring or pixelating human beings shown within them.
Participants were asked to assess whether they were able to discern
particular features of the subjects. This online evaluation correlated well
with the results obtained in a previous lab-based experiment, with a 0.87
Pearson linear correlation coefficient (PLCC). The authors concluded that
the crowdsourcing-based results were more preferable due to a more
diverse pool of participants and the crowd setup more closely resembling
real-life surveillance scenarios.
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Within the IQA domain, previous work [REN11] has evaluated the
performance of a crowd-based assessment of the LIVE-IQA [SSB06]
dataset. The evaluation procedure mirrored the original setup of a single
stimulus methodology with an ACR scale carried out in a lab. To increase
the comparability between the two assessment approaches a comparable
number of workers were employed in the online setting as had been used
offline, resulting in a correlation of 0.98 PLCC. This study employed
a relatively conservative user screening that compared the answers of
participants to the MOS values of the rest of the crowd. If the correlation
between a worker and the crowd was lower than 0.25 the data was
discarded. Additionally, workers were incentivized to perform the task
well by being able to receive bonus payments for having answers that
correlated strongly with the global MOS.

Similarly, related work in the field of video quality of experience [Wu-+13]
obtained assessment scores in both a lab and on Amazon Mechanical
Turk (AMT) that were “reasonably consistent”. This study employed a PC
methodology and applied a fairly simple user screening approach that
introduced the transitivity satisfaction rate. If a user had answered each
comparison of a triplet of videos {A, B, C}, and A had been considered
qualitatively superior to B, while B had been deemed of higher quality
than C, then A had to also have been scored higher than C for a certain
fraction of triplets. Otherwise, the worker was rejected and not paid.

These studies show that even with relatively simple quality control
mechanisms a crowdsourcing setup can achieve an annotation qual-
ity comparable to lab setups. Inspired by this, we report on our own
crowdsourcing-based experiment aimed at reproducing MOS values
from a previously conducted lab-based experiment. Concretely, we set
out to answer the following question:

Can an online crowdsourcing study reproduce the results
obtained in a strictly controlled lab setting, despite potential
constraints induced by the nature of crowdsourcing studies?

We asked crowd workers to compare cropped versions of pairs of videos
at different qualities side-by-side. Although we had to reduce the video
sequence resolutions to 480x400 to fit a broad variety of displays, we found
a very strong correlation between the high-resolution lab-based MOS
values and our crowdsourcing-based low-resolution paired comparison
(PC) results. The following Sections will elaborate on the individual
elements of the study.

2.2.1 Dataset

For our experiments, we chose the IRCCyN IVC 1080i video qual-
ity database [PPL08a] that contains 24 groups of video sequences in
1920x1080 resolution and i50 (interlaced, 50 fps) format of 9 to 12 sec-
onds, each group including 8 video sequences with different levels of
visual quality ranging from excellent to bad. The video sequences with
different levels of quality were obtained by encoding 24 raw source video
sequences using different bitrates. Since this study is meant as a proof of
concept, we used only 10 of the 24 available sources and only 4 of 8 levels
of quality, evenly spanning the available range of quality. The original
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study provided the absolute category ratings using the hidden reference
testing methodology of 24 observers.

In order to facilitate our crowdsourcing-based study, several video pre-
processing steps were carried out, using the open-source cross-platform
conversion software FFmpeg. First, the interlaced HDTV video sequences
in raw YUV format and 1920x1080 resolution were deinterlaced. To allow
for the simultaneous, side-by-side display of a pair of video sequences
on a typical crowd workers screen size we center-cropped the video
sequences to a format of 480x400 pixels. This choice was informed by
statistics that showed a majority of crowd workers having a resolution of
at least 1024 pixels horizontally. To reduce the bandwidth requirements
for online video streaming, we re-encoded the video sequences to a lower
bitrate. We required a minimum PSNR of 40 dB, which ensured that
no significant compression artifacts were generated by this step, and
subsequently obtained video sequences of 2 to 4 MB size, which is a
manageable size for a crowdsourcing study. For each of the 10 video
groups each with 4 quality levels (L1, smallest bitrate and lowest quality,

) . : 4
to L4, largest bitrate and best quality) we composed a series of (2) =6

merged pairs of video sequences for the paired comparison tasks. In
each pair, one of the videos was randomly selected for display on the left
and the other on the right side. Thus, we obtained a total of 60 video
sequences each showing one pair of video sequences for comparison. We
used CrowdFlower to conduct the experiment and the implementation CrowdFlower later became FigureEight,

of the tests was based on the QualityCrowd framework [Kei+12]. and was then acquired by Appen (https:
//www . appen . com)

2.2.2 Crowdsourcing

As previously described, ITU-R Rec. BT-500 [ITU19] suggests using a Table 2.3: Five-grade adjectival categori-
L. . . . ) cal judgment scale similar to a five-level
seven-grade adjectival categorical judgment scale for paired comparison Likert-scale for quality preference between
methodologies. We adopted a coarser five-grade adjectival categorical two side-by-side video stimuli.
judgment scale as shown in Table 2.3, which is similar to the five-level

Likert scale.

Value Interpretation

-2 Left is much better

-1 Left s slightly better
0 No difference
1 Right is slightly better
2 Right is much better

In crowdsourcing-based experiments, one of the key problems is to
ensure the reliability of the performance of the crowd workers. Typically,
in CrowdFlower this is ensured by three systems. First, users of the
CrowdFlower platform are rated according to their global track record on
experiments that they participated in, and are grouped into qualification
levels, accordingly. Workers with higher qualification levels have access
to better-paid tasks and crowd employers may limit the access to their
jobs by imposing a minimum level of qualification. We limited the job
to the highest level of qualification, meaning an average 90% accuracy
over all previous jobs. Secondly, crowd workers must pass a set of
qualification questions, often called quiz, to begin the actual experiment.
In order to pass this quiz, a minimum level of rating accuracy set by
the experimenter has to be reached, which we set to 70%. Finally, test
questions for which ground-truth answers are provided are placed on
each page of an experiment. A page consists of several random work
items alongside these hidden test questions. Workers whose success
rate on test questions dropped below 70% were excluded from further
participation in our study and their previous answers were replaced.



https://www.appen.com
https://www.appen.com

To assess the effect of the degree of control we performed two crowdsourc-
ing studies, the second one with less restricting requirements regarding
reliability control in the qualification test and the test questions during
the actual work. In total the experiment had 626 participants, 589 (94.1%)
of which passed the quiz, and 576 (92%) of which passed the quality
assurance testing during the experiment. We obtained 50 ratings per
stimulus, yielding an average of 5.2 judgments per participant.

2.2.3 Results

In order to compare the original lab-based MOS ratings in the range [1, 5]
with our five-level paired comparisons in the range [-2, 2] one must either
transform the paired comparisons to the MOS, i.e., one must reconstruct
absolute quality levels from the relative comparisons of video qualities
or, vice versa, transform the MOS values of the ACR ratings to pairwise
ratings of differences in quality. The first approach of reconstructing
absolute quality ratings from differences is well researched only for binary
judgments (‘right is better or worse than left’), additionally allowing for
a tie, see e.g. [Dav88]. For simplicity, we, therefore, convert the lab-based
MOS of the left (S;) and right (S;) video stimuli, to a differential MOS
(DMOS) by linearly mapping the difference S, — S; € [—4, 4] of the MOS
to 255(Sy — S) € (—2.5,2.5), so that by rounding to the nearest integer
one would get a value in the range of our five-grade judgment scale
{-2,-1,0,1,2}.

The MOS values from the lab-based study [PPL08a] together with their
standard deviations, both averaged over 10 stimuli in each quality level
L1 to L4, are presented in Table 2.4. For each of the 60 video pairs in both
crowdsourcing studies we collected 50 DMOS values from the crowd.
Table 2.5 and Table 2.6 provide the 6 comparative scores averaged over the
10 video groups together with the corresponding computed DMOS values
from the lab-based study from each of our two crowdsourcing studies,
respectively. The individual comparisons are additionally visualized as
scatter plots in Figure 2.1, showing a very strong correlation (> 0.966)
between our crowdsourcing-based results and the lab-based ones.

These results show that the crowdsourcing-based DMOS values are
strongly related to the MOS values obtained in a strictly controlled
study in a lab. In fact, the lab-based study also had compared results

between two closely related methodologies, namely ACR and SAMVIQ.
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Table 2.4: Original lab-based MOS values
averaged over 10 stimuli for each quality

level.

Level | MOS (+0)

L1 | 16(+0.6)
L2 | 2.8(+0.8)
L3 | 3.6 (+0.8)
L4 | 45 (+0.6)

Table 2.5: Grouped DMOS comparison of
the first crowd-based study with lab-based

results.

| CrowdI  [PPLO8a]
L1-L2 | 0.9(x0.4) 0.9 (+0.4)
L1-L3 | 11(+0.5) 13 (+0.3)
L1-L4 | 1.5(x0.3) 17 (x0.3)
L2-L3 | 0.3 (+0.5) 0.5 (+0.5)
L2-L4 | 0.9 (x0.4) 1.0(x0.4)
L3-L4 | 0.6 (£0.3) 0.6 (x0.2)

Table 2.6: Grouped DMOS comparison of
the second crowd-based study with lab-

based results.

| CrowdII  [PPLO08a]
L1-L2 | 0.8(+0.3) 0.9 (+0.4)
L1-L3 | 1.0 (+0.5) 1.3 (+0.3)
L1-L4 | 14(x0.3) 17(+0.3)
L2-L3 | 0.4 (£0.4) 0.5 (x0.5)
L2-L4 | 0.8(+0.4) 1.0 (x0.4)
L3-L4 | 0.5(x0.2) 0.6 (+0.2)
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Figure 2.1: Scatter plots comparing three
assessments of DMOS values for 60 paired
comparisons of video quality. Left: Crowd
study 1 (strict quality control) versus
DMOS derived from lab-based MOS val-
ues. Right: Crowd study 2 (mild quality
control) versus lab. The Pearson correla-
tion coefficients are 0.9687 (left), 0.9661
(right).



The correlation coefficient between these scales was reported as 0.8993.
Compared with our results of 0.9687 and 0.9661, one can see that DMOS
estimates using crowdsourcing can be as precise as lab-based studies
even though there was severe processing of the video sequences and
the control of testing conditions and worker reliability are considered
much weaker in crowdsourcing studies. Another result is that MOS
values of the lab-based study were linearly correlated with DMOS values
from the crowd workers. These findings hold for our particular case
study, but a generalization to all video quality assessment scenarios is
not straightforward.

2.3 Human Perception

In order to model human perception of quality, some approaches have
taken a bottom-up strategy of simulating well-modeled functionalities of
the human visual system (HVS), which they base their prediction on. At its
core, the HVS is an information processing pipeline including the eyes as
the information acquisition module, the lateral geniculate nucleus (LGN),
a relay center that produces time correlated and spatially correlated
outputs useful in three-dimensional representation of objects, and the
visual cortex, which contains the core signal processing functionalities for
visual information. In a sense, bottom-up approaches to objective IQA and,
as a consequence, to VQA are directly connected with the characteristics of
how the HVS functions. We will, therefore, briefly introduce the anatomy
and early processing pipeline of the HVS, alongside an evaluation of
some peculiarities of the system and their effect on quality perception in
peripheral vision. As a visual aid, a simplified visualization of the HVS
as shown in Figure 2.2 details the core modules of the HVS.

2.3.1 Human Visual System

Light hits the cornea and lens, where it is refracted, passing into the
eye. Here, it is projected onto the retina, a membrane composed of
several layers of neurons and cells, which is a structure typical for
the different parts of the visual information processing pipeline. The
first layer in the retina samples the retinal image projected onto it and
then passes it to a layer comprised of rods and cones, which are two
types of photoreceptor cells with different purposes. Cones activate
according to different wavelengths (~420, ~540 and ~570nm), encoding
color information in the process. Rods are more sensitive and, therefore,
function better than cones at lower light, however they do not play in color
perception, as all rods activate at approximately the same wavelength
(~500nm). Moreover, rods and cones are distributed non-uniformly on
the retina. In the fovea, which is the part of the retina at the center of
the visual field along the visual axis, cones comprise the majority of
photoreceptor cells and it is the place where cones are most densely
populated. The further away from the fovea, the sparser populated the

membrane is with cones, and the denser the distribution of rods becomes.

An exception to this rule lies at the part of the retina where the optical
nerve creates a blind spot with no rods and cones.
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Figure 2.2: Schematic diagram of the early
human visual system including the opti-
cal system of the eye, which connects the
eyes with the visual cortex via the lateral
geniculate nucleus (LGN). The LGN is an
intermediate information processing and
transmission structure.



The signal generated by the activation of rods and cones is passed through
several layers of interconnecting neurons down to ganglions that finally
transmit the signal to the LGN through the optical nerve for further
processing. The LGN is also comprised of multiple layers of cells with
different characteristics, such as whether cells in a layer process color
information, or how fast the cells respond to stimulation. In the left and
right LGN, the signals from the left and right visual fields of both eyes
are merged before being relayed to the visual cortex.

Both hemispheres of the brain include a visual cortex that is responsible
for the processing of information from the opposite hemisphere of the
visual field that it is located in. It consists of several layers that are
part of two primary pathways, called the ventral stream and the dorsal
stream, which are functionally different. The ventral stream, comprised
of a connection of layers V1 through V2 and V4 to the inferior temporal
cortex, is associated with form recognition and object representation.
Running from V1 through V2 into both V6 and V5, and further into the
posterior parietal cortex is the dorsal stream, which is associated with
motion, representation of object locations, as well as the coordination
of eyes and arms when visual information is used to guide saccades or
reaching. Each stream puts a different emphasis on the visual field, as
the ventral stream emphasizes the central visual field, and the motion
analysis concentrates on the periphery.

Overall, the hierarchy of the visual system can be divided into low-,
intermediate-, and high-level visual processing functions. Here, low-level
vision can be understood as processing of visual information that can
be done without explicit knowledge that images come from surfaces in
depth. Intermediate-level visual processing can be done without explicit
knowledge of objects and their locations. Finally, high-level vision makes
explicit inferences about objects and their action-dependent relations to
the viewer.

2.3.2 Human Perception of Quality Artifacts

With the core functionality of the HVS discussed, it is important to
reiterate that these descriptions are simplifications. The understanding
about the exact mechanisms by which the different modules of the visual
processing pipeline interact is still incomplete and undergoing active
research. Still, we should highlight some HVS features and the resulting
perception that relate to visual quality assessment. For example, the
sensitivity of the HVS to contrast depends on the spatial and temporal
frequencies of a visual stimulus, resulting in a human’s perception of
contrast not being entirely determined by visual content. Visual masking,
which is the phenomenon where the perceptibility of a target feature
in a stimulus is affected by the presence of another masking feature,
is another peculiar feature of the HVS. For an observer, the target can
appear with reduced contrast or intensity, the degree of which is also
impacted by the spatial proximity of target and masker.

These and other features impact the evaluation of the visual quality
of a stimulus. For example, the presence of some distortions, such as
noise, may be less perceptible in areas of an image with strong textures.
Alternatively, temporal discontinuities between two adjacent frames can
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mask the presence of a variety of spatial distortions. At this point, it
is useful to describe the most common types of visual artifacts found
in images and videos. Broadly speaking, video quality artifacts can be
categorized into spatial and temporal artifacts, where spatial artifacts are
visible in individual frames, while temporal artifacts are perceived when
a sequence of frames is displayed. Both classes can be further subdivided
as shown in Figure 2.3 and we will summarize the different subclasses in
the following. However, we do not claim this description to be exhaustive,
and the inclined reader is referred to related work [SK98; YW98; Zen-+14]
that provides in-depth discussions of common distortion artifacts.

Spatial Distortions

First, Blocking artifacts are caused by compression techniques that rely
on block-based quantization, especially when limited by a low bitrate.
Video frames are segmented into blocks, which are then quantized at
different levels, without any consideration of inter-block correlations,
resulting in discontinuities at block boundaries. Subcategories of arti-
facts of this type describe realizations of blockiness that are perceived
particularly saliently. False edges are edges that appear in the encoded
video stream that were not present in the original recording. The artifact
is visible in still frames but results from temporal aspects of the encoding
process, where motion compensation can cause a carry-over effect of
blockiness from neighbouring frames both into the future and the past.
Mosaic distortions appear in smooth regions of video frames that have
non-uniform luminance levels, such as the sky at dusk or down or a
uniformly colored wall in a room with localized lighting. Blocks in these
smooth regions carry no high frequency components. They are, therefore,
reconstructed using only the constant direct current (DC) component,
which will vary slightly as luminance changes. Adjacent blocks with
different DC values within these smooth regions will visibly stand out,
as the color discontinuities at the block boundary are very salient. Finally,
staircasing describes blockiness along (thin) diagonal lines with high lev-
els of local contrast, which showcases a fundamental limitation of using
rectangular blocks. The encoded video will show rectangular structures
along the diagonal line that look like a staircase, hence the name.

Secondly, Blurring is caused at two stages of the encoding process.
First, the quantization process favors low frequency components over
high frequency components, resulting in the removal of texture and,
thus, blurring. Second, to counteract blockiness modern encoders use
de-blocking filters that target discontinuities at block boundaries by
essentially applying spatial low-pass filters, further removing detail and
causing blur.

Distortions of color are the third group of spatial artifacts and can be
subdivided into two categories. First, color bleeding is caused by inconsi-
tencies in luminance and chromatic channels resulting from encoding.
Most often particular color channels are represented at lower resolution
than luminance, which implies some form of interpolation when ren-
dering the frames at full resolution. Additionally, the aforementioned
artifacts of blur and blockiness are inconsistent across different color
channels, resulting in irregular color spreading. Secondly, color fringing
is a group of artifacts that result from hardware limitations. As sensors
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Refer to Section 4.1 for a description of
different approaches to the detection of ar-
tifacts for use in objective quality models.
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Figure 2.3: Categorization of video com-
pression artifacts into subclasses of spatial
and temporal domains.



of digital cameras decrease in size and pixel counts simultaneously in-
crease, chromatic abberation can occur. Because the refractive index of
optical glass varies with different wavelenghts not all light is brought
into a single focus point on the image plane. Overall, this effect is rare in
modern, high-quality, compound lenses, and is commonly only seen at
the edges of the digital medium.

The final spatial artifact class we will mention here is ringing. Similarly
to staircasing it appears along diagonal edges, while the perceptual effect
is stronger with increasing levels of contrast at the edge. Due to the
block-based nature of the compression, higher-frequency components in
image blocks that overlap the edge in the image will affect the quantized
reconstruction of the entire block even in the part of the block on the
opposite side. The result are what is perceived as a ripple away from the
edge that is parallel to the high contrast edge. If the area surrounding
the edge is particularly smooth this effect is amplified, while high levels
of texture can mask the ringing effect.

Temporal Distortions

Floating artifacts are a subclass of temporal distortions that are caused
primarily by what is called the Skip coding mode of video encoders.
As the name suggests, this mode indicates the skipping of encoding
motion-comprensated predictions for a particular block, leaving the
decoder to estimate motion vectors from neighbouring blocks. As a
result, the skipped blocks will often appear to be moving differently
than the observer might expect, often appearing as floating on a different
plane than the surrounding background. This type of temporal artifact is
further distinguished depending on whether the distortion appears in
regions of an image that comprise texture or edges.

Frequent changes along the temporal dimension in the same spatial
location of the luminance or chroma channels are called flickering. This
type of temporal artifact is particularly noticeable and annoying for an
observer. It can be subdivided into three distinct subclasses. Mosquito
noise is the perception of temporal artifacts in a sequence of frames
containing spatial artifacts such as ringing. As a sharp, high-contrast
edge that is distorted by ringing moves in a sequence of frames the
artifacts move with it, but with slight variations. This gives the observer
the perception of small mosquito-like objects flying around the edge,
giving this temporal artifact its name. Coarse-granularity flickering refers
to sudden luminance changes in large parts of a frame caused by an
independently encoded frame following the last of a chain of frames
that were encoded using information from prior frames. If the number
of these predicted frames is high, an increase in luminance over time
may have been predicted incorrectly, and the next independent frame
appears significantly and saliently brighter. Fine-granularity flickering,
on the other hand, describes frequent flickering in small image regions
that are the result of slightly different quantization in successive frames.
Mosaic distortions in smooth regions of a video may vary slightly over
the course of successive frames, giving the appearance of luminance or
color changes at these locations.
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Finally, jerkiness describes discontinuous motion of objects or scenes,
which has a strong negative effect on perceived video quality [Pas+04;
HGO06]. The source of jerkiness can be transmission delays of the encoded
bitstream to the decoder resulting in frozen frames, or unexpected frame
skipping and frame loss which causes jitter.

Distortion Masking

Another interesting peculiarity of the HVS with respect to different
distortions is non-uniform spatial resolution of the fixated part of the
visual field, which is the result of the non-uniform distribution of cone
photoreceptors on the retina. This can lead to masking of distortions in
peripheral vision, which can be used in image compression techniques.
Distortion masking in the peripheral visual field is the basis for region-of-
interest (Rol) based image compression, which suggests to compress the
background of an image more than the foreground for a better perceived
quality at the same bitrates. Although the background will then be
of significantly lower quality, the salient parts of the image will cause
artifacts in the background to be masked simply by them not being in
focus.

2.4 Saliency-driven Image Coding

In early studies on two-level Rol-based image coding a particular region
selection strategy did not improve on the standard JPEG2000 over-
all [BSO3]. Although slight improvements could be observed for very
low bitrate encodings, the quality of the images were so degraded at
that level that it does not warrant practical use. A more recent study on
perceptual quality in images showed that image foreground regions are
much more important than the background [Ale+13]. Additionally, some
variable quantization techniques have already been shown to produce
better results than standard JPEG encoding for special applications. For
example, previous work adjusted the quantization scaling factors in
such a way that text blocks were compressed at higher qualities than
image blocks [KT00], resulting in an overall increase of perceptual quality.
Another study used a measure of block activity and type to determine
quantization [MT00]. Using 256 bytes of side information the resulting
decoded image had significantly superior perceptual quality. However,
none of these works evaluated their approaches in terms of perceptual
improvement quantitatively, for example by performing subjective quality
assessment user studies.

Nonetheless, the results of these reports suggest Rol-based image coding
to be a promising approach to improving visual quality of digital me-
dia by exploiting characteristics of the HVS. Inspired by other related
works [Ale+13], we consider saliency as a governing principle to the
success of this approach. Our main research question is this:

Using saliency as a basis for variable quantization, can we
improve the perceptual quality when compared to standard
JPEG?
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The investigation comparing saliency-based coded images to standard
JPEG encodings should consider multiple perceptual factors and evaluate
the amount of perceived improvement in image quality at fine levels
of quality differences. Several factors are to be considered, primarily
driven by the need for a methodology of how Rols are derived from
saliency maps. The trivial way to do this would be to quantize the
saliency map according to the block sizes. This, however, is problematic
for the reason that both the encoder and decoder need access to this
information, leading to a large overhead in the coded bitstream. One way
to counteract this is to model the saliency map, which involves choices
for the number of regions to consider, their span, and the granularity of
levels of importance to consider. All of these choices affect the overhead
of encoding variable quantization levels.

For simplicity we made a choice for the approach of variable quantization
in JPEG Part 3 rather than for JPEG2000. One of the intended purposes
of variable quantization is “the ability to use the masking properties
of the human visual system more effectively, and thereby achieving
greater compression rates for the same subjective quality.” [[TU96] The
technique offers a large number of quality levels rather than just two (for
foreground and background) that we use for saliency-based coding. By
applying a few simple transformations to a saliency map we can derive

all the necessary parameters of the Rols required by Rec. ITU-T T.84.

The number of ROIs and their spans can be controlled by the standard
deviation of a Gaussian filter that generates the saliency map from eye
fixations. Their importance levels relate to the levels of saliency. The
final (discrete) JPEG quality at 8x8 block level used for compression is a
result of a quantization of this transformed saliency map. Parameterizing
such a coding strategy allows to evaluate the impact of each factor on
the perceived quality of reconstructed images. A suitable technique for
performance evaluation shall be sensitive to small differences in perceived
quality.

To evaluate the results of our image coding algorithm, we carried out
a large-scale crowdsourced evaluation. Whereas many saliency-based
coding approaches were evaluated using objective quality measures
(e.g., [NCS06; Rajl6; BS02; MM11; Gow+14]), only a few studies have
employed subjective measures of preference, usually on small sized
lab studies [BSO3]. We involve a larger number of images with good
variety for our crowdsourced studies. Having a diversity of content and
choosing the images automatically reduces the level selection bias that
an experimenter might create otherwise. Additionally we offer a way
to go beyond opinion scores, aiming for something more tangible, by
introducing the concept of perceived bitrate. This relates opinion scores
to objective coding factors, in this case the bpp difference between two
compared images.

2.4.1 Methodology

In contrast to previous work in Rol-based image coding we derive our
JPEG quality levels from saliency maps, generated from many fixation
points obtained via eye tracking. The variability of this approach make it
a promising proposition.
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The purpose of the saliency map of an image is to quantify the level of
relevance at all pixels with respect to perceived subjective image quality.
Our model for saliency maps is simple, taking into account a set of image
(eye fixation) points [x;, y;] with weights w;, i =0, ..., k — 1. Then the
saliency map is obtained by applying a Gaussian filter,

(DlH

k-1
slx, yl = 5 D wid[x — xi,y — il * g[x, y]
i=0

where § is a scaling value to normalize the maximal saliency on the

image support to 1, 6[x, y] is the 2D unit impulse signal, and

1 _ 3(2+_1/2

e 2072

8[x1y] =

2102
is the 2D Gaussian filter with standard deviation o.

To reduce the (possibly large) set of eye fixation points to a small but still
representative subset we used k-means clustering with k = 8 clusters
[xi, yi]. The weights w; were taken as the corresponding sizes of the
k-means clusters.

In variable quantization JPEG a quality factor 0 < gp[x, y] < 100 controls
the quantization for each 8 X 8-image block with upper left corner at
[x, y]. The larger qg[x, y], the better is the reconstruction quality and, as
a consequence, also the bitrate associated with the block. This factor is
based on the average saliency per block,

1 7 7
slx,yl= o >0 2 sl +i,y+]

i=0 j=0

and set to

gglx,y] = min(sg[x, y] - A + gmin, 100) (2.2)

where0 < A < 100is a parameter denoting the quality difference between
foreground (sg = 1) and background (sg = 0) blocks, and 0 < gmin < 100
is an offset equal to the JPEG quality of a background block. Figure 2.4
is a simplified visualization of the abovementioned parameters. Note
that the bitrate of the coded image will be a monotonically increasing
function of the base quality given by qmin.

Thus, our approach to saliency-based variable JPEG coding has three
parameters, 0, A, and Gmin. The parameter o controls the size of the
salient image region(s), A governs the quality difference between fore-
ground and background blocks, and gmin is the base quality assigned
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Figure 2.4: Illustration of the saliency-
based variable quantization JPEG cod-
ing strategy. For simplicity we show the
JPEG variable quantization quality fac-
tor qg[x, yo] (the staircase curve) for just
one scan line (y = yp) of an image that
has just one eye fixation at [xp, o], in the
same scan line. The smooth curve is the
graph of the linear function of the saliency
x = s[x, yo]- A+ Gmin (compare Eq. (2.2)).
The JPEG quality is bounded to the inter-
val [gmin, Jmin + A] and gmin is adjusted
to achieve the target bitrate.



to background blocks. Note that standard JPEG coding, i.e., not using
variable quantization, is given by the special case of A = 0, in which the
JPEG quality is equal to gmin.

When comparing a coding strategy, parametrized by (0, A, §min), with a
standard JPEG approach it is necessary to compare only images of the
same bitrate which is a function of all three parameters. Given a JPEG
coded image at a certain bitrate, we thus choose the base quality gmin for
the variable quantization JPEG coded image such that the target bitrate is
achieved as closely as possible. Computationally, we apply the bisection
method for efficiency. This reduces the set of free parameters to just two
of them, (g, A).

For the reconstruction of an encoded image by variable quantization the
decoder requires the block quantization factors gg[x, y]. For this purpose
JPEG prescribes a simple procedure similar to PCM. However, we found
in experiments that for low bitrates the induced overhead is large and
annihilates any gains that could be achieved using a saliency-based
adaptive bitrate coding strategy. In our case, we can propose a more
efficient coding scheme for this side information. We simply pass to the
decoder the image saliency model itself together with the parameters
(0,4, Gmin) such that the decoder can reconstruct all quality factors at
the block level. For this purpose the x- and y-coordinates of the k = 8

fixation points are quantized to 8 bits, and their weights by only 3 bits.

Thus, together with storage for o (2 bits), A (2 bits) and gmin (7 bits), this
side information amounts to only 8(8 + 8 + 3) + 2 + 2 + 7 = 163 bits. Of
course, the encoder must also use these same (quantized) saliency data
and parameters.

2.4.2 Dataset

We constructed a dataset based on the MIT-1003 dataset [Jud+09] which
contains 1003 images of natural indoor and outdoor scenes alongside

the eye tracking data of 15 observers for a 3 second viewing duration.

First, we estimated image blurriness by the ratio the average gradient
magnitudes of the image at two different scales. Then we computed
the SSIM [Wan+04] between the lowest and highest bitrate versions. We
select the intersection between the 70% least blurry images and those
70% of images that had the lowest similarity between the lowest and

highest desired bitrates. This selection resulted in 543 candidate images.

For this subset we binned images according to the 8-bit entropy of their
respective saliency maps to ensure a variety of test images. 11 images
were randomly selected from each bin with rounded entropies of 3, 4, 5
and 6, which made up more than 95% of the dataset.

All 44 test images have a maximum dimension of 1024 pixels in height or

width, with the other dimension ranging between 405 and 1024 pixels.
The dataset consists of 41 RGB color images and 3 monochrome images.

For the purpose of this study we considered 5 bitrates, 4 values for o
and 3 values for A, listed in Table 2.7. For each image source and each
bitrate we compared a standard JPEG coded image with the 4 - 3 =12
saliency-based adaptive bitrate coded variations. Thus, overall we had 44
-5 +12 = 2640 paired comparisons.
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Parameter Number Values Unit
. 0.30,0.36, 0.42,
Bitrates 5 0.50, 0.60 bpp
o 4 5,10, 15, 20 % of image width
A 3 15, 25, 35 JPEG quality factor

2.4.3 Crowdsourcing Study

Subjective evaluation of the paired comparison was performed in two
separate crowd experiments using the CrowdFlower platform. In the first
experiment subjects were presented with paired comparisons consisting
of standard JPEG images and different realizations of our proposed
variable JPEG approach of the same bitrates. In the second experiment
paired comparisons were comprised of standard JPEGs of 10 different
bitrates. The original 5 bitrates used in the first experiment were aug-
mented by 0.33, 0.39, 0.68, 0.82 and 1 to populate a broader range and
giving better groundings in the low bitrate region. Workers were asked
to denote which of the two shows more clear and sharp details present
in the pictures on a 5-point Likert scale ranging from 1 to 5.

A CrowdFlower experiment is set up such that contributors can be
tested. The questions are set by the experimenter for each task. Users
are screened based on their performance on both the current task, and
on their overall accuracy on the CrowdFlower platform. In both of our
experiments we only allowed users with a cumulative accuracy rating of
more than 70% to participate.

Workers were given very brief instructions, stating that they participate
in a study of image encoding methods. They were asked to denote their
answers quickly, so as to indicate their first impression of the comparison.
No time constraint was imposed on the task, and each contributor was
allowed to rate 500 pairs of images, or roughly 19% of the dataset.

In order to ensure the quality of the results, we set test questions for
both experiments. Test questions were comprised of paired comparisons
between standard JPEG images encoded at different bitrates. Each test
question had multiple allowed answers to capture the variability of the
crowd. Contributors were presented a short qualification quiz comprised
of test questions, the completion of which allowed them to perform the
rest of the experiment. Throughout the experiment random test questions
were presented. These were not explicitly marked as test questions such
that contributors would pay close attention to each item. Whenever
a contributor fell below 70% accuracy in answering test questions he
was not allowed to continue. In this case all his previous ratings were
discarded.

2.4.4 Performance Evaluation

In the first experiment each of the 2640 test images is compared to the
corresponding standard JPEG image of the same bitrate. Figure 2.5 shows
aselection of examples. For eachjudgement a score is set based on whether
the test image is preferred over the standard JPEG version according
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Table 2.7: Parameters and values consid-
ered for each source image in the crowd-
sourcing study.

Table 2.8: Five-grade adjectival score scale
used to derive preference of the variable
quantization-based test images over the
corresponding standard JPEG version of
the image.

Value Test image preference

1.0 Strongly preferred
0.5 Slightly preferred
0 No preference
—0.5 Slightly disliked
—1.0  Strongly disliked
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standard

ours

Figure 2.5: Standard JPEG vs. our variable coding strategy at the same bitrate. Some of the best parameter settings for the images in our
collection with respect to DMOS. The salient parts of the image are considerably better quality than the less important and less noticeable

background details. Refer to Table 2.10 for the parameters and study results for each image.
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to the values shown in Table 2.8. The average score of all judgements
is assigned to the test image and can be called a normalized DMOS.
A positive DMOS indicates that on average the saliency-based coding
yielded a reconstruction that the judges preferred over the corresponding
standard JPEG image at the same bitrate.

To better assess the value of a given gain in DMOS we propose a
quantification in terms of bitrate savings. For a given test image that
was encoded to a bitrate R; using one of the 12 coding strategies we ask
for the (larger) bitrate R* of a corresponding standard JPEG image (of
the same source) that has the same perceptual image quality. Then the
bitrate savings achieved by the saliency-based adaptive encoding is the
difference R* — R;.

In order to avoid the large cost for directly comparing all 2640 test
images with a set of standard JPEG images, we estimate the bitrate
savings as follows. The method is based on the data acquired from
the second experiment in which we carried out paired comparisons for
standard JPEG images with 10 different bitrates, Ry, . .., Rg. For all such
comparisons of two images of different bitrates R;, Rj, we computed
the DMOS D, (R;) of bitrate R; with respect to the reference bitrate R;,
averaged over all 44 image sources. See Figure 2.6 for piecewise linear
interpolations D, (R) for the 10 reference bitrates Ro = 0.3, ..., Ry = 1.0
bpp and 0.3 < R < 1.0. Note that by design these functions Dg,(R) are
monotonically increasing with the bitrate R.

Figure 2.6: DMOS results (averaged over
all 44 image sources) for standard JPEG
images encoded at bitrate R (horizontal
axis) with respect to reference bitrates
R]- =0.3,...,1.0, indicated at the DMOS
= 0 line. These DMOS curves are used
to estimate the bitrate advantage of our
saliency-based adaptive bitrate JPEG en-
codings.



Now, assume we are given a test image, adaptively encoded at bitrate
R; and with a DMOS advantage of € > 0 in comparison with the
corresponding standard JPEG image at the same bitrate, R;. Then it can
be estimated that the corresponding standard JPEG encoded image at
bitrate R* = Di}(e) > R; has the same DMOS advantage. Thus, the

difference R* — R; can be taken as the bitrate savings, and we will next
report the relative bitrate savings (R* — R;)/R, being more meaningful
than the absolute values.

2.4.5 Results

In order to evaluate the performance of our approach we performed
two crowdsourcing experiments. The first compared two versions of the
same image encoded either using our variable quantization technique
or standard JPEG technique at the same bitrate (VAR-STD). The second
experiment compared different bitrates of the same image coded using
standard JPEG (STD-STD).

A total of 453 workers from 53 countries participated in the first experi-
ment, with 438 (96.69%) passing the qualification test, and 433 (95,58%)
staying above the cumulative accuracy rating of 70%. The study ran for
approximately 5 hours with a total cost of $106. The second experiment
ran for roughly 10 hours, costing $133, and included a total of 950 workers
from 72 countries. Here, 920 (96.84%) passed the qualification test, and
911 (95.89%) stayed above 70% test question accuracy throughout the
course of the experiment. On average, each worker provided 184 and
108 answers for the two experiments, respectively. These stats are also
reflected in Table 2.9.

We aggregated the results of each experiment by computing the nor-
malized DMOS for each version of each image. Using the data from the
second experiment (STD-STD) we computed the curves shown in Figure
2.6.

We aggregated the results of each experiment by computing the normal-
ized DMOS for each bitrate version of each source image. The order of
the images presented in each experiment is randomized. For establishing
a clear relationship between images in the VAR-STD experiment, we
reorder the images. In this new ordering the variable quantized JPEG
is always on the right and the standard on the left. Thus, a positive
DMOS score shows a preference for our approach, whereas a negative

| VAR-STD  STD-STD

no. of workers ‘ 453 950
ratio of workers that passed quiz 96.69% 96.84%
ratio of workers that passed work 95.58% 95.89%
avg. test question accuracy 95.73% 97.20%
max no. of answers per worker 500 500
avg. no. of trusted answers per worker 184 108
no. of answers per PC 40 50

no. of countries of origin | 53 72
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Table 2.9: Crowd statistics of the vari-
able quantization JPEG experiments. Here,
“STD-STD” refers to the anchoring experi-
ment comparing two versions of the same
image at different bitrates as obtained via
standard JPEG which allows the estima-
tion of bitrate savings, while “VAR-STD”
is the experiment where our variable JPG
approach is compared to standard JPEG
compressed versions of the same image at
the same bitrate.



. Predicted Bitrate o
DMOS - Bitrate bitrate savings (%) A (%)
musician 0.42 0.3 0.46 53 35 20
animal 0.32 0.3 0.39 30 15 10
flights 0.23 0.36 0.40 1 35 20
beach 0.37 0.42 0.51 21 35 20

one implies a preference for the standard coding. We do this for the
best parameter combinations (o, A) for all bitrate versions of the variable
quantization approach. This amounts to 220 image versions: 44 originals
at 5 bitrates each. The results are shown in the histogram in Figure 2.7.

Using the DMOS data from the second experiment (STD-STD) we
compute the curves shown in Figure 2.6. Relying on these trend lines
we predict the relative bitrate savings for our VAR-STD experiment.
The results are shown in Figure 2.7. We notice that in most cases our
variable quantization approach shows an advantage over the standard
JPEG encoding. On average we get 11% improvement in bitrate.

The results of our evaluation are promising. They show that the approach
works well in some situations and it could be further improved in others.
However, to apply it in practice we need to devise solutions for the
limitations of our approach.

Our approach relies on a fixation map to prioritize the quality of some
areas and decrease it in others. It is non-trivial to acquire eye-tracking
data for new images on the fly. However, several saliency estimation
methods have been proposed in the literature [Jia+15; KTB14; KAB15].
Incorporating a computational model for saliency prediction would make
the approach practical.

We currently consider the ideal parameters for our method, based on
the results of the crowdsourcing study. To apply the method, we would
need a content-based strategy for choosing the best parameters. The
performance of our approach is clearly dependent on image content.
Images with well defined regions of interest, such as people, faces or
objects perform very well, e.g., examples 1-3 in Figure 2.5. Nonetheless,
images without a clear focus can be rated favorably as well, see the last
image in Figure 2.5. Thus, analyzing the sizes of the foreground ROIs in
the input images could help, and so could some form of content-based
clustering.

Saliency driven coding is open for further improvement. Contrary to the
findings of previous works [BS02; BS03], our user studies conclusively
show that variable coding works across multiple bitrates. In some cases,
our implementation prototype gives excellent results reaching over 50%
relative bitrate savings, as shown in Figure 2.8. However, in other cases
the best improvement is only marginal. Recent works have substantiated
an even more pronounced gain in bitrate savings by using a related
variable coding strategy for foveated video coding [Wie+20]. In the image
domain, further research is required to improve our understanding of
what makes images suitable for variable coding and how to best optimize
the coding strategy.
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Table 2.10: Parameter settings and results
for the example images shown in Figure
2.5.
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Figure 2.7: DMOS for the best parameters
of our variable quantization approach in
the VAR-STD experiment for all bitrate
versions of each image. Positive values
show the preference for our approach com-
pared to the standard JPEG at the same
bitrate. The average DMOS is 0.1 in favor

of our method.
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Figure 2.8: Predicted relative bitrate sav-
ings (%) for the best parameters with re-
spect to DMOS in the VAR-STD experi-
ment for all bitrate versions of each im-
age. Positive percentage bins means our
saliency-driven JPEG approach is better
when compared to the standard JPEG at
the same physical bitrate. This equates to
an average of 11% bitrate savings.
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3 Quality Assessment Datasets

To date the community surrounding quality assessment of digital media
has developed many datasets that serve as a basis for research in the field.
Most of them are designed with a specific purpose in mind, resulting in
particular choices in the creation process that render them more or less
useful for the problem of quality prediction of videos in-the-wild.

In this chapter we first identify important characteristics that distinguish
datasets from each other and, moreover, heavily influence their appli-
cability to different use-cases. We then summarize the state-of-the-art,
describing the most relevant related works with the perspective of dataset
characteristics in mind. Then, we present KoNViD-1k and KonVid-150k,
the two datasets created as a solution to shortcomings by existing works
specifically with respect to VQA in-the-wild. Both datasets are described
in detail, discussing the video sources, additional information about the
dataset creation process, and particularities of the annotation processes.
The chapter concludes with an in-depth evaluation and quantitative com-
parison of the contributed datasets in relation to the most relevant related
works. Here, we show that the proposed datasets set themselves apart
from existing works in terms of diversity while adhering to established
annotation quality standards.

This chapter contains and extends material from the following publica-
tions. Please refer to Section 1.4 for the contribution clarification.

[Hos+17] Vlad Hosu, Franz Hahn, Mohsen Jenadeleh, Hanhe Lin,
Hui Men, Tamads Szirdnyi, Shujun Li, and Dietmar Saupe.
“The Konstanz natural video database (KoNViD-1k)’. In: 2017
Ninth international conference on quality of multimedia experience
(QoMEX). IEEE. 2017, pp. 1-6

[Got+21] Franz Goétz-Hahn, Vlad Hosu, Hanhe Lin, and Dietmar
Saupe. ‘KonVid-150k: A Dataset for No-Reference Video
Quality Assessment of Videos in-the-Wild'. In: arXiv preprint
arXiv:1912.07966 (2021)
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3 Quality Assessment Datasets

3.1 Dataset Characteristics

There are four key distinguishing characteristics that divide the field
of image and video quality assessment datasets which are governed
by decisions made by their creators. The first distinguishing factor that
heavily influences the use of a dataset is the source of stimuli. The second
characteristic is the way the videos are then potentially transcoded or
otherwise altered, which distinguishes synthetic datasets from authentic
ones. The subjective experiment is a third factor, where annotations
obtained in a lab environment is differentiated from those obtained
via crowdsourcing. Finally, the fourth distinguishing factor comes with
the decision for the number of annotations per item in the dataset. We
will cover the characteristics differentiating the wide variety of relevant
related works separately.

3.1.1 Data Sources

Three types of approaches can be differentiated when looking at the way
image and video material has been obtained for the purpose of creating
image and video quality datasets.

The first is using self-recorded videos, with the most notable datasets
employing this technique coming from the visual cognition research
group at the University of Helsinki. In 2013 they released their Camera
Image Database [Vir+14] (CID2013) that consists of photographs taken by
the authors of the database using a variety of capturing devices. In total
they used 79 devices, ranging from digital single-lens reflex cameras to
mobile phones, to record 480 images of 8 scenes. For the video domain
the same group introduced the Camera Video Database [Nuu+16] in
2014 (CVD2014), consisting of videos taken using 78 different capturing
devices, again ranging from low-quality mobile phone cameras to high-
quality digital single-lens reflex cameras. For this video dataset, the group
recorded three out of a total of five scenes with each of the cameras in
the pool, yielding a total of 234 videos. In a similar effort, the Laboratory
for Image & Video Engineering (LIVE) at the University of Texas has
previously used self-recording for their LIVE In the Wild Image Quality
Challenge Database [GB15] (LIVE-itw) and LIVE-Qualcomm Mobile
In-Capture Video Quality Database [Gha+17] (LIVE-Qualcomm). For
the former, 1,162 unique pictures were captured by the group using
many different cameras, with a majority being mobile phones. The latter
comprises 208 videos capturing 54 scenes using 8 different mobile phone
capturing devices. Here a particular focus was to ensure that certain
in-capture distortions such as shakiness or underexposure were present
in the videos. Evidently, the self-recording approach has the benefit of
having full control over the recording equipment and recording settings,
as well as knowing all the details of the processing pipeline. At the same
time one is limited to the recording equipment at hand, and it cannot be
expected to have multiple dozen different capturing devices available.
Additionally, as is also evident in the few examples, it will usually lead
to a very limited variety of scenes or contents.

The second approach for obtaining source material for databases aimed
at image or video quality assessment is relying on third-parties, usually
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by sampling from (multiple) existing datasets. In the image domain, the
KODAK Photo CD dataset of 25 color images has been the source for
the popular Tampere Image Database releases in 2008 [Pon+09] and
2013 [Pon+15] (TID2008, TID2013) from the Computational Imaging
Group at Tampere University, as well as the LIVE Image Quality Assess-
ment Database Release 2 [SSB06] from the University of Texas in 2006,
the latter of which also included images from other sources. Similarly, the
Multiply Distorted Image Database [SZL17] (MDID) released in 2015 sam-
pled from the KODAK Photo CD dataset, as well as ImageNet [Den+09],
the USC-SIPI Image Database, and others. In all of these cases the sam-
pling databases were the starting point to derive variants of the source
images that contained some (or multiple) forms of distortions. The video
quality domain has seen less re-using of the same source material. Several
datasets from the Images and Video-communcations (IVC) team at the
Institut de Recherche en Communications et Cybernétique de Nantes
(IRCCyN) use videos supplied by the EURO1080 or Svergies Television
AB television networks, such as the IVC 1080i dataset [PPL08b] consisting
of high definition videos at 1080p. Others, like the Video Quality Expert
Group High Definition Television dataset (VQEG-HDTV) and the IVP
Subjective Quality Video Database [Zha+11] (IVP) from the Image and
Video Processing group at the Chinese University of Hong Kong use their
unique sources for videos. Adopting material from third-party sources
reduces the front-loaded work in creating a dataset and allows a level of
either specificity or diversity of the material that might otherwise not
be attainable. This approach has mostly been used in conjunction with
further processing of the image or video material, and most datasets in
this category are therefore also confined to few unique scenes.

In the last five years a third way of sourcing images and videos for
quality assessment datasets has been introduced. In 2017, the Multime-
dia Signal Processing Group at the University of Konstanz pioneered
the use of internet videos with appropriate copyright sampled from
the multimedia sharing platform Flickr as a source of videos for their
Konstanz Natural Video Database [Hos+17] (KoNViD-1k), and subse-
quently used similar approaches for the creation of a variety of image
and video quality datasets, such as KonlQ-10k [Hos+20b], consisting
of 10,073 images sampled from the Yahoo Flickr Creative Commons
100 Million dataset [Tho+16] (YFCC100m), and the family of Konstanz
Artificially Distorted Image quality Dataset [LHS19] (KADID-10k) and
the Konstanz Artificially Distorted Image quality Set [LHS19] (KADIS-
700k) in 2019 for the image domain, and KonVid-150k [G6t+21] in 2021
in the video domain. In the case of KADID-10k and KADIS-700k the
popular international photo sharing platform Pixabay was used as a
source, sampling 81 and 140,000 images from a set of 654,706 images for
the two, respectively. From the over 150,000 videos within YFCC100m,
KoNViD-1k contains 1,200 items that were sampled fairly, meaning that
an attempt was made to select videos such that distributions of different
quality indicators were as close to uniform as possible. Although the
subsampling of YFCC100m for KoNViD-1k and KonlQ-10k is similar
to re-using third-party datasets the difference lies in that YFCC100m is
entirely online, rather than a centralized set of items. Finally, KonVid-150k
is the group’s newest video quality dataset with over 150,000 videos that
was sampled directly from Flickr, which is also the source for YFCC100m.
In 2020 the LIVE group also released the LIVE Video Quality Challenge

The KODAK Photo CD dataset and
the USC-SIPI Image Database can
be found at https://www.math.purdue.
edu/~lucier/PHOTO_CD/ and http://
sipi.usc.edu/database/, respectively.

https://www.flickr.com

The described University of Konstanz
video datasets do not constitute related
work in the strictest sense, as they are part
of the contributions of this thesis. How-
ever, for the purpose of explaining the dif-
ferent dataset characteristics we include
them here.

https://www.pixabay.com
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Database [SB18] (LIVE-VQC), by requesting videos from families, friends,
and other peers of the team and obtaining a wide variety of over 1,000
videos. These were subsequently sampled into a set of 585 unique videos
recorded by 101 different devices. This approach is technically neither
sampling from internet videos, but also not self-recording in the form as
we encountered before. It should be more understood as “in between”
self-recording and using videos uploaded to video sharing platforms
and we list it within the latter group, because the nature of the process
seems to align more closely with the other datasets mentioned in this
category.

3.1.2 Data Processing

There are two fundamentally diverging approaches to processing the ob-
tained videos that influence the way an image or video quality assessment
dataset will be used.

Classical datasets, as described above, include few source stimuli to begin
with, which is not by happenstance. The traditional approach to curate a
dataset for the purpose of quality assessment intends a processing step for
the items that introduces particular distortions. Conventionally, a set of 4
to 25 distortions are applied to all source stimuli, where the introduced
artifacts either correspond to those induced by elements in the processing
pipeline or account for particular peculiarities of the HVS. Examples for
the former are compression artifacts introduced by encoding an image or
a video via JPEG or H.264, respectively, as well as introducing noise that
resembles the type of noise that could be introduced by different exposure
or ISO speed settings. Properties of the HVS that are accounted for might
be its particular spatial frequency sensitivity by considering spatially
correlated noise, or altering the color saturation to account for color
sensitivity of the HVS. Datasets that take this approach are abundant, as
it is the most prevalent method of creating quality assessment datasets.
An inexhaustive list of example datasets in this category for the image
quality domain are the TID2008, TID2013, and KADID-10k datasets, as
they include the broadest sets of distortions within them, ranging from
JPEG and JPEG2000 compression artifacts to various types of artifacts
related to different types of noise, blur, and other degradations. Moreover,
MDID deserves a special mention within this category, as images within
this dataset have up to 4 different distortions applied to them at the same
time. This approach is more realistic in the sense that images taken and
shared by consumers tend to include artifacts from multiple degradation
sources. In the video domain practically all datasets prior to 2017 fall
into this category, with a lot of them focussing on H.264 encoding and
transmission errors, such as the IVC datasets, as well as VQEG-HDTY,
IVP, and others. Figure 3.1 and Figure 3.2 show examples of both frame
and inter-frame artifacts, ranging from blockiness and blur to interlace
and other temporal distortions.

Since 2017 a handful of datasets in both the image and video domain
have been created that take a different approach, with the argument that
the previous datasets suffer in ecological validity, as the degradations
present in the processed stimuli are not authentic when compared to
images and videos commonly consumed. Instead of introducing those
types of distortion artifacts that an objective I/ VQA model should be

Figure 3.1: Upscaled examples of video
quality defects. Courtesy to the AGH
Video Quality of Experience Team for
the visualizations. https://qoe.agh.edu.
pl/indicators/
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able to accurately detect, these new datasets instead take items from
image and video sharing platforms, so called images and videos in-
the-wild. Additionally, they use strategies to maximize diversity along
multiple quality dimensions, such as types of content, presence and
level of distortions, as well as other quality-related indicators. KonlQ-10k,
KoNViD-1k, and KonVid-150k, as well as LIVE-VQC are representative
examples for the approach of ensuring ecological validity of videos
contained within image and video datasets.

3.1.3 Subjective Annotation

Datasets in the image and video quality domain require subjective
annotation of the items contained within them. The classical approach
to subjective annotation is the collection of human opinion scores in
fixed laboratory setups, where the images or videos are displayed on a
handful of devices with fixed resolutions and strict adherence to viewing
guidelines. Different variations of this legacy approach exist, where the
subjects are sometimes experts in the domain of image and video quality,
and sometimes naive laypeople. Conventionally, participants in these lab
studies would provide their opinions on the majority of the items of a
dataset, if not on its entirety. Although this maximizes comparability of
the different subjects and enables the anchoring of individuals within
the trial, datasets annotated in this way are also restricted with respect to
annotation diversity. Commonly, no more than 40 subjects participated
in the subjective annotation of different image and video quality datasets.
Up until 2016 this has been the norm, with TID2008 and TID2013 being a
small exception in that they combined lab settings with strictly controlled
online experiments and thereby reaching over 800 participants.

However, the increased availability and capacity of internet infrastruc-
ture has allowed recent related works to instead gather subjective hu-
man opinion scores of multimedia items in a crowdsourced setting.
The LIVE group pinoneered crowdsourcing image quality annotations
from over 8,100 individual subjects on AMT for their LIVE-itw dataset
in 2016, which was also used to annotate LIVE-VQC (>4,700 partici-
pants) and adopted for other datasets. For example, KonIQ-10k contains
crowdsourced annotations from a total of over 1,400 workers on the
Crowdflower platform, which was also used to annotate KoNViD-1k
(=600 participants), KADID-10k (>2,200 participants), and KonVid-150k
(>1,200 participants). With the two TID datasets aside, crowdsourcing
evidently reaches a more diverse pool of participants in subjective an-
notation experiments. Nonetheless, the online environment requires
additional quality control mechanisms in order to ensure high quality
results. Section 2.1.2 elaborates on this topic and Section 2.2 includes a
comparison between lab and crowd experiments, showing how the latter
can reproduce results from the former.

3.1.4 Vote Budget Distribution

The last factor impacting the characteristics and use of a quality assess-
ment dataset is an emerging field of research. With a few exceptions,
early works in lab environments ensured at least 25 ratings per stimulus
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Figure 3.2: Upscaled examples of video
quality defects. Courtesy to the AGH
Video Quality of Experience Team for
the visualizations. https://qoe.agh.edu.
pl/indicators/
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and distributed the budget (approximately) uniformly across all items,
meaning that all participants rated most or all stimuli.

Recent works have increased the number of ratings per stimulus to above
200 with the goal of ensuring very high precision in the individual item
annotations. However, given a fixed, affordable budget of annotations,
one must consider the trade-off between the benefit of slightly more
accurate quality scores for a small number of stimuli and the potential
increase in generalizability when annotating more stimuli with fewer
votes. For example, an 8-fold increase in numbers of ratings per stimulus
when going from the generally accepted 25 to 200 ratings could just as
well be invested in an 8-fold increase of numbers of stimuli, each rated 25
times. The increase of the precision of the experimental MOS suffers from
diminishing returns as the number of raters increases. Since the precision
gain per vote is highest at none or few ratings, careful considerations
have to be made with respect to the distribution of annotation budgets
across an unlabeled dataset. This is especially true in the wake of deep
learning approaches outperforming classical methods in many computer
vision tasks, as deep learning models are known to be robust to noisy
labels [Rol+17] but also hungry for input data.

In 2018 a joint effort of researchers at the Department of Electrical
Engineering and Computer Science at the University of California in
Berkeley, OpenAl and Adobe showed that as few as 2 to 5 subjective
annotations for paired comparisons of differently distorted image patches
could enable machine learning models to accurately predict perceptual
similarity of unseen patch pairs [Zha+18]. Inspired by this research
and constrained by a fixed budget to annotate a large set of videos,
KonVid-150k was the first video quality dataset designed to investigate
the relationship of different vote budget distributions on the predictive
performance of video quality assessment algorithms.

3.2 State of the Art

In the following we will list the most relevant state-of-the-art video
quality assessment datasets. Here, we distinguish between two different
classes of datasets based on some of the characteristics described in
Section 3.1. Synthetic datasets describe those that create variants of a set
of source stimuli by artificially distorting them, as they are not reflecting
original authentic distortions. Conversely, authentic datasets contain
images and videos that were obtained from an authentic environment
and are unaltered, except for potentially re-encoding items at a visually
near lossless level for an easier distribution in an online crowdsourcing
study. Each of the discussed datasets is accompanied with a plot depicting
the temporal and spatial information, as well as the color and contrast
of the videos contained within them. For further information about the
implementation of these measurements please refer to Section 3.3.1.

3.2.1 Synthetic Datasets

In the group of synthetic datasets we consider the most recent video
quality assessment datasets as most relevant.
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MCL-V

MCL-V was created with the specific purpose of covering scenes repre-
sentative of common video applications including distortions caused by
video up-scaling. 12 original videos were selected from various sources,
based on the criterion that they should be professionally recorded and
of 1920 1080 resolution. They cover a variety of contents, ranging from
animations, such as the “Big Buck Bunny” and “Fox Bird” scenes, to
aerial videos, such as the “Old Town Cross” and “BQ Terrace” scenes, to
videos of humans in different numbers and situations.

Each of the source videos was artificially distorted using two different
approaches at four levels of degradation, each. The first distortion was
introduced by encoding the source using x264 [MV06] with a specific
reduced target bitrate that was subjectively selected to ensure distin-
guishability between the different variants. For this distortion the original
scale was retained. For the video up-scaling distortion the sources were
first down-sampled to a resolution of 1280x720 using the Lanczos algo-
rithm, followed by x264 encoding in a similar as in the first case, and
then up-sampling the re-encoded version using bilinear interpolation.

A total of 96 videos of 6 seconds were obtained, which is among the
smallest dataset sizes in the VQA field. The nature and number of
distortions is also narrow, rendering it a niche VQA dataset with respect
to its utility for in-the-wild video quality prediction. Figure 3.3 shows
the average spatial and temporal information for all recordings of the
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Figure 3.3: A selection of frame and video
features for the different videos contained
in MCL-V. The colors denote the individ-
ual scenes.

different variations of the same source (plotted in the same color and
marking) form small clusters, underlining the small coverage of different
spatial and temporal information, as well as color and contrast. However,
the latter is to be expected, given that the nature of the applied distortions

conceptually do not alter color and contrast information significantly. temporal information
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different contents for each scene.
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Figure 3.4: A selection of frame and video
features for the different videos contained
in CVD2014. The colors denote the indi-
vidual scenes.
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A total of 234 videos of 10-25 seconds were recorded, meaning that each
camera was used to record three scenes, where each recording has its
own unique mixture of in-capture distortions. In Figure 3.4 we can see
a much broader distribution of spatial and temporal information, color,
and contrast. Again, different variations of the same scene are plotted in
the same color and marking, that form clusters that are less separable and
of a larger size than in MCL-V. This is to be expected, as each stimulus in
CVD2014 is a unique video rather than an alteration of a source video.
However, the dataset only covers five unique scenes, which is the smallest
number of unique scenes among all VQA datasets.

LIVE Qualcomm

LIVE Qualcomm was created with the purpose of balancing the level
of diversity of in-capture video distortions caused by different mobile
phone cameras with sufficient numbers of unique contents captured per
recording device. In spirit it follows a similar approach to CVD2014 with
a few key differences.

temporal information

With 8 cameras forming the set of capturing devices, it considers roughly 50100 150

10% of camera diversity compared to CVD2014. However, the dataset

provides between 16 and 33 unique scenes for each camera, instead of the ¥~ [50
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scenes were recorded in this way, bringing the total video count to 208.

. . L . . . Figure 3.5: A selection of frame and video
Figure 3.5 depicts the overall broad distribution of temporal information features for the different videos contained
and spatial information, as well as color and contrast for videos in the in LIVE-Qualcomm.
LIVE-Qualcomm dataset.

3.2.2 Authentic Datasets
LIVE-VQC

LIVE-VQC is the only VQA dataset that falls within our definition
of authentic, meaning that the videos contained within were neither
recorded for the purpose of VQA, nor post-processed to include particular
distortions. It was created with the purpose of capturing the diversity
of videos in-the-wild without any emphasize on particular distortions,
contents, or recording devices. In doing so, the authors hoped to represent
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the wide variety of authentic distortions that real world consumers of
video material might encounter.

Although the videos were recorded by peers of the authors, their directors o emporalinformation
were not instructed that the videos would be used for the study of video ' ' ' '
quality. 585 videos of 10 second duration were sampled of over 1,000, . [ 6
by removing redundant, disturbing, and otherwise ill-fitting content, 5 >0 é
while seeking to preserve continuity. A total of 101 different recording :+f¢* ik T T%E
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other resolutions. - 100
Figure 3.6 shows that the distribution of video characteristics for LIVE- MR | 80
VQC is broader than the synthetic cases. This is can be attributed to each g t;ﬁ*‘*—i‘x; vl
video being a unique scene in combination with the variety of recording "ﬁg“fqgn%+*§ v 60 &
devices. *gqﬁ“y WCT N -

o TN

Tl - 20
X
3.3 KoNViD-1k Mo
0 25 50 75 100
color

Summarizing the previous Section, current synthetic VQA datasets con- Figure 3.6: A selection of frame and video
tain only a small number of video sequences with little content diversity, features for the different videos contained

in LIVE-VQC.
thus offering limited support for designing and evaluating no-reference " Q

VQA methods for videos in-the-wild effectively and fairly. Additionally,
these databases were mostly designed to include only artificially distorted
video sequences to simulate quality loss in compression, transmission,
and other parts of the video processing and distribution pipeline. Some
databases capture imagery with a variety of cameras to encompass au-
thentic video acquisition distortions, however, with content restricted to
a small number of physical scenes. LIVE-VQC as the only authentic VQA
dataset covers a larger number of unique contents, when compared to its
synthetic cousins. However, the videos contained within it were obtained
from peers, friends, and family of the authors and it is, therefore, not
clear how representative of videos in-the-wild the material is.

Previous work into the comparison of IQA and VQA datasets has
proposed several quantitative criteria for source material, test condi-
tions, and subjective ratings, applying them to 27 image and video
databases [Win12]. Here, most collections were found to be unsatisfactory
in terms of content range and uniformity of the described criteria. Only
few databases showed good uniformity for the test conditions (i.e. image
or video quality), but not over the whole quality range. Furthermore, the
distortion variety was found lacking in most databases covering mainly
compression and transmission, but not the many other types of natural
distortions found “in the wild".

To overcome these limitations we introduce the Konstanz natural video
database (KoNViD-1k), a large publicly available database of video
sequences based on YFCC100m. KoNViD-1k is a first step towards an
even larger database containing a diverse set of video content, enriched
with meta data both from YFCC100m and additional video stream
level information not in YFCC100m. In this Section we will report the
filtering mechanisms and sampling procedures necessary to construct
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high-quality VQA databases of this kind, focusing on their usefulness
in a variety of applications. Basically, the dataset is introduced with the
following goal in mind:

Curation of a large set of videos sampled from public reposi-
tories that cover the full range of quality characteristics, while
also being small enough to perform online crowd-based
quality annotation.

Video authenticity and distortion diversity are the two focal points of
this dataset. That is to say the recordings contained within it should
be representative of those uploaded, shared, and consumed on video
sharing platforms, and their distortions should be of an authentic nature
and distributed as broadly and uniformly as possible. For this reason,
the starting point for KoNViD-1k was the well-known public YFCC100m,
comprised of 793,436 Creative Commons (CC) licensed videos. From this
dataset we first selected videos based on practical requirements, such
that the videos:

» Were still available for download at the time

» Played at more than 15 frames per second (FPS)

» Lasted longer than 8 seconds

» Did not have a “No Derivative Works” CC attribute

» Had a resolution of at least 960 x 540

» Were in landscape orientation

Applying these filtering steps left a subset of 144,889 videos, which
were downloaded from the Flickr servers for further sampling. Due to
Flickr’s constraints of 30 seconds duration for uploaded videos, those
running longer than this maximum duration had been cropped to fit this
criteria.

3.3.1 Quality Indicators

In order to address the distortion diversity we rely on attributes such as
the previously used temporal and spatial information, or assessment of
color and contrast of the videos. These measures can serve as proxies to
content diversity of video datasets [Win12]. Guided by previous research,
we chose six video attributes and used them not only for the analysis
of the resulting dataset, but for its creation as well. For each attribute
we relied on the best-performing technique available in the literature
(to the best of our knowledge). Since the computational complexity of
some of the selected metrics is high relative to the amount of frames to
be analysed, we created cropped and scaled versions of the videos to run
them on. All attributes, except the one related to color, were computed
on grayscale frames, and in some cases, only a subset of frames were
processed.

Blur

Bluriness of individual frames was assessed by the cumulative probability
of blur detection (CPBD) metric [NK11].
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The method considers 64x64 blocks of the input image at a time, further
processing those where more than 0.2% (>820) of pixels are part of a
horizontal edge. For those edge blocks the local contrast C is computed
and used to derive the just-noticeable-blur (JNB) edge width wyng(e;) and
edge width w(e;) of all pixels e; belonging to an edge within the block.
If w(e;) > wyng(e;) the blur is considered to be detected at the edge, as
the width of the edge is bigger than the JNB edge width. Intuitively, the
metric measures whether blur at edges within the image will be detected
by humans, based on the principle that the level of blur correlates with
the width of an edge.

In order to apply the computationally complex CPBD metric to videos
we averaged the CPBD values of a 1 fps version of the video.

Color

Color of individual frames was assessed by Hasler and Suesstrunk’s
colorfulness metric for natural images [HS03].

With the RGB channels of a frame as matrices R, G, and B, two matrices
rg = R— G and yb = 1(R + G) — B are computed. Then, the frame
colorfulness is calculated as

3
,/Ufg + o;b + E,/yfg + yib,

where 02 and p. denote the variance and mean of the values in their
respective matrices. This metric has been shown to correlate to about 94%
with subjective evaluations of colorfulness in psychophysical experiments
for images depicting natural scenes.

For video level colorfulness, the metric’s output is averaged over all
frames of the input video.

Contrast

Contrast of individual frames was measured simply by the standard devia-
tion of pixel grayscale intensities, which is a common approach [Pel90].

The average frame-level standard deviation then gave the video level
contrast metric.

Spatial Perceptual Information

Spatial perceptual information (SI) is measured by applying a Sobel
filter to each video frame F, at time 7 to extract the gradient magnitude
for each pixel. Then, the standard deviation over pixel dimensions is
computed for each frame. In a final step, the maximum value among all
frame-wise standard deviations is the SI for the video:

SI = maXime {Stdspace[Sobel(Fy,)]} (3.1)

Sl is an indicator of edge energy [Wol97] and is commonly understood to
correlate with image complexity [YW13]. The clearer an edge the bigger

41



3 Quality Assessment Datasets 42

the spread in pixel values of the Sobel filter output and, thus, the larger
the standard deviation.

Temporal Perceptual Information

Temporal perceptual information (TI) is computed using the motion
difference frame M, (i, j) = Fu(i, j) — Fn-1(i, j), where F,(i, j) denotes
the pixel values at (i, j) in frame F at time n. Similar to SI, for a given
video the T is obtained by combuting the standard deviation over pixel
dimensions for each motion difference frame M,, and subsequently taking
the maximum standard deviations across all n:

TI = maxtime{Stdspace [M,(i, ])] } (3.2)

Intuitively, the more objects move between adjacent frames, the higher
differences in M,, and, therefore, the higher the standard deviations,
resulting in higher values of the TI measure.

Video quality

Video quality was measured using the Natural Image Quality Evalu-
ator [MSB13] (NIQE) for individual frames as a proxy to assess video
level quality by computing the mean NIQE value of all frames. This
method (VNIQE) does not require knowledge of distortion types nor
quality ratings for training. The NIQE of a frame is simply the distance
between certain ideal features and a particular frame’s features. It can
be interpreted as the degree of frame-level deviation from naturalness,
according to the NIQE model.

3.3.2 Filtering

Based on these six attributes, videos were selected such that they are
suitable for VQA. We removed videos depicting non-natural scenes like
screen recordings or stop-motion sequences, as well as overly dark or
bright videos. Most of these situations were encountered at extremes of
the attribute values. For instance, very low TI videos were often found to
be screen-text recordings due to little change between frames, while dark
videos have low contrast and SI. Uniformly and brightly colored videos
have a high level of colorfulness.

Therefore, we decided to remove videos that have extreme attribute
values. The filtering thresholds were empirically chosen based on a
qualitative inspection such that most of the filtered videos show obvious
artificial content. The selected thresholds are available in Table 3.1. Upon

Table 3.1: Attribute thresholds for filtering
outlier videos.

further inspection we noticed that stop-motion videos do not reside name low high
on the extremes of a sole attribute, so we devised another'approach to blur 0.05 0.88
detect and r?mov.e them. Here, We rL?hed on two (.)bservatlons; namely color 437 123.00
(1) stop-motion videos show periodical changes in TI, and (2) a high contrast | 7.51  97.48
percentage of consecutive frames show no change at all. We used the g 770 18776
difference of TI of consecutive frames to quantify both factors. TI 307 5681

VNIQE | 3.58 23.08




3 Quality Assessment Datasets 43

With respect to the periodicity, we found local maxima of TI with an
inter-peak distance greater than 1 second. By computing the distances
d; between consecutive local maxima together with their mean y and
variance 0%, we extracted a measure of regularity as R = p/0°. If the
variance o is low, then the regularity R is high. The mean of the distances
is the average spacing between peaks. If the peaks are further apart the
formula tolerates smaller changes in the peak timing, and R is higher.
R > 1/300 was found to be a good indicator for detecting stop-motion
videos. Furthermore, if more than 30% of consecutive frames showed
no difference in TI, we assumed to be dealing with a non-natural video
sequence.

These criteria further eliminated about 500 videos from our video collec-
tion, leading to a dataset of 124,865 videos, which we will call KoNViD-
125k. The distributions of the normalized attribute values are displayed
in Figure 3.7.

3.3.3 Sampling

Initially our goal was to sample and annotate a set of 10,000 diverse videos
from KoNViD-125k. As an intermediate step, we wanted to evaluate the
impact of sampling procedures on the utility of VQA datasets for the
prediction of quality of videos in-the-wild.

We devised a “fair-sampling” strategy with which we generated a subset
of 10,000 videos. From the resulting set we took a random collection
of 1,200 videos, which forms the KoNViD-1k dataset. We performed
subjective studies to assess the visual quality of the videos in this dataset.
As a consequence, we arrived at a better understanding of the diversity
of the 10,000 fair-sampled videos, and the efficiency of our approach.

A “fair sampling” mechanism should produce a broader diversity of
video properties than a random sampling mechanism. Our videos are
represented as points in a 6-dimensional attribute space. We can think
of the KoNViD-125k collection as a sample of M = 124, 865 points of a
multivariate and approximately normal distribution, for which random
subsampling of 10,000 items would yield a subset with a similar normal
distribution. The sampling procedure is engineered to give a more
uniform 6-dimensional sample distribution.

Each attribute relates to a particular subjective property. Most videos
having extreme values for one or more attributes show severe quality
degradations. Random sampling will sample these "unusual" videos
at a lower rate, because they occur less frequently. Nonetheless, they
are as important as the more common videos with average attribute
values. A preliminary qualitative inspection of several hundred videos
(both randomly and fairly sampled) suggested that our strategy creates
a balanced mix of videos. The dataset shaping approach described by
Winkler [Win12] does not apply in our case, and thus we're forced to
devise our own strategy that works on the joint distribution

With respect to the sampling procedure, the method of Vonikakis et
al. [VSW16] can ensure a uniform distribution for each attribute indepen-
dently. However, we are also interested in sampling videos with joint

3 KoNViD-125K
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Figure 3.7: The distribution of values
for the six quality-related attributes on
KoNViD-125k.
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distortions, having extreme values in several attributes simultaneously.
Thus, we applied a different approach.

Note that our attributes are correlated as shown in Figure 3.8. For
instance, contrast and spatial information (SI) have a 0.62 correlation,
whereas VNIQE and SI have a negative correlation of —0.43. Thus, as a
preprocessing step we applied a principal component analysis (PCA),
that shows that 37.1%, 57.7%, 73.4%, 85.8%, and 95.2% of the variance of
the data is explained by the 1st to 5th principal components, respectively.
We decorrelated the attributes by taking five components, maintaining
all but 5% of the signal energy.

One way to solve the subsampling problem is to design a sampling
method that favors videos that are part of a low-density region in the
attribute space as follows.

Let p : R® — R denote the probability density function of the 5-
dimensional PCA attribute vectors v; for natural videos, estimated from
a video collection such as our KoNViD-125k. We used a k-NN method
to estimate the density in the neighbourhood of a video in the PCA
attribute space. For the i-th video attribute v; we first found its k-th
nearest neighbour vy;, (we chose k = 500) and computed the distance
[lv; — vk ||. This distance is the smallest radius of a hypersphere around
v; that encompasses k videos. The density p(v;) was then taken inversely
proportional to the volume [|v; — vi(;)||", with n = 5, the number of
dimensions.

The task then is to assign suitable sampling probabilities p;, i =1,..., M
for the set of videos in KoNViD-125k having attribute vectors v;,i =
1,..., M. Then, 10,000 subsamples will be drawn with corresponding
probabilities p; and without replacement. A natural choice is to set the
probabilities p; proportional to the inverse of the attribute densities,
1/p(v;), at the corresponding attribute vectors, v;, foralli =1,..., M.

From the 10,000 fairly sampled videos, we randomly subsampled 1,200
to form the KoNViD-1k dataset. A Gaussian kernel density estimation
along each dimension shows the distribution of the samples, which is
reproduced in Figure 3.9. We can see that attribute values are more
evenly spread in most dimensions, except for the temporal information.
This might be caused by local correlations in the data that have not been
removed by PCA.

3.3.4 Subjective Annotation

Quality control is a key component when designing an experiment for
the crowd, so we considered how to set up our procedure carefully. Ini-
tially, each worker was instructed according to VQEG recommendations
[ITUO04], which were modified to fit our single stimulus presentation
technique. In the instructions workers were informed about types of
degradation (e.g., related to motion, color, brightness, and details) and
about how they would be asked to evaluate the overall quality of each
video. Next, examples of videos with “Good", “Fair" and “Bad" quality
were displayed for anchoring and workers were instructed on the steps
required to rate a video. Initially, a button was displayed below the video,
which started playing the video muted. Once the video was finished
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playing a rating scale was displayed and workers had to select one of
five categories to proceed. Only if a worker had watched and rated all 10
videos on a page, could he proceed to the next.

In order to control for the quality of workers’ performance, it is common
to use gold standard questions, which is also a feature provided by
CrowdFlower. Since there is no ground truth for our dataset, we have
devised a plan to filter unreliable workers. We randomly sampled a
subset of 100 videos from our pilot for an uncontrolled (no gold standard
questions) crowdsourcing experiment of 50 ACR scores per video. From
these, we computed the 95% confidence intervals of the MOS values to
select those videos with a size of the confidence interval smaller than
0.5 on the ACR scale. The resulting 65 highly agreed upon videos and
their MOS values were used as the ground truth for test questions for
the evaluation of the entire data set.

We employed the same setup for KoNViD-1k as above, with the addition
of the test questions for quality control. We considered the rounded MOS
+1 as eligible answers to these test questions. Workers that fell below 70%
accuracy on test questions were removed from the experiment along with
the data they had generated. Moreover, we only allowed CrowdFlower
workers of Level 1 and above (more than 70% accuracy in all previous
tasks) to participate in our experiment. Due to the fixed number of 65
test questions, workers could rate at most 550 videos in batches of 10 per
page (10 questions for the quiz page, 55 batches with one test question
each), with a maximum of 550 ratings per worker, based on the number
of test questions.

3.4 KonVid-150k

With KoNViD-1k we created a fairly sampled, subjectively annotated
video database, showing authentic distortions, consisting of diverse
videos published by different users using various cameras with different
shooting skills. It overcomes some drawbacks of previous works. Namely,
fair sampling from the large dataset YFCC100m ensured a high diversity
in content, and the distortions are authentic in the sense that they
were not synthetically introduced, as is the case in artificially degraded
datasets. Nonetheless, with a size of 1200 videos the overall diversity in
content is still limited and Flickr’s own encoding resulted in a noticeable
degradation in quality and introduction of artifact compared to source
material. Consequently, we set out to resolve these two key issues with
the creation of KonVid-150k, an ecologically valid VQA dataset over 100
times larger than KoNViD-1k. Moreover, we created it with the goal of
analyzing the impact of vote distributions on the performance of VQA
models, which is an insufficiently investigates topic, as explained in
Section 3.1.4. Basically, the dataset is introduced with the following goal
in mind:

Curation of an extremely large set of videos obtained from
public repositories that reflect a wide range of quality and
content characteristics, which is non-uniformly annotated to
facilitate research into vote budget distribution, as well as
the development of VQA algorithms at scale.

ours

original

flickr

Figure 3.10: Comparison of the quality of
the original (center) to the version Flickr
provides (bottom) and our transcoded ver-
sion (top).
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For KonVid-150k our main objective was to create a video dataset that
covers a wide variety of contents and quality-levels as commonly avail-
able on video sharing websites. Therefore, we took a similar approach to
collect our data as was done for KoNViD-1k, with an additional step to
improve the quality of the videos. In KoNViD-1k all collected videos had
been transcoded by Flickr, to reduce their bandwidth requirements and
standardizing them for playback. Consequently, noticeable degradation
was introduced relative to the original uploads. Flickr allows the upload-
ing of video files of most codec and container combinations, resolutions,
and durations. However, they re-encode the uploaded videos to common
resolutions such as HD, Full HD, strongly compressing them. Instead
of using the versions provided by Flickr, we use the Flickr API, which
allows access to metadata that links to the original, raw uploads. As these
raw uploads are often very large and come in many different formats,
they cannot directly be used for crowdsourcing. Therefore, we proceeded
as follows. We downloaded authentic raw videos that had an aspect ratio
of 16:9 and resolution higher than 960x540 pixels. Then we rescaled them
to 960x540, if necessary, and extracted the middle five seconds. Finally,
we re-encoded them using FFmpeg at a constant rate factor of 23, which
balances visual quality and file size. The resulting files have an average
size of 1.23 megabytes.

This resulted in fewer encoding artifacts while keeping the file size
manageable for distribution in a crowdsourcing study with an average
of 1.23 megabytes per video. Figure 3.10 is a visual comparison of the
differences, showing a small crop of a frame of the originally uploaded
video together with the two re-encodings offered by Flickr and our own
version. Compression artifacts are clearly visible in the Flickr re-encoded
version, whereas our re-encoding is very similar to the original.

For each video, we extracted meta-information that identifies the original
encoding, including the codec and the bit-rate. Furthermore, we collected
social-network attributes such as the number of views and likes and
publication dates that indicate the popularity of videos. In total, this
collection amounts to 153,841 videos. We believe that all the additional
measures we have taken to refine our dataset significantly improved its
ecological validity, and thus the performance of VQA methods trained
on it in the future.

3.4.1 Subjective Annotation

We annotated all 153,841 videos for quality in a crowdsourced setting
on Figure Eight. First, each participant was presented with instructions
according to VQEG recommendations [ITU04], which were modified to
our requirements. Here, participants were introduced to the task and
provided with information about types of degradation, e.g., poor levels
of detail, inconsistencies in color and brightness, or imperfections in
motion. Next, we provided examples of videos of a variety of quality
levels with a brief description of identifiable flaws and instructed the
reader on the workflow of rating videos, which is illustrated in Figure 3.11.
Finally, we informed participants about ongoing hidden test questions
that were presented throughout the experiment, as well as the minimum
resolution requirement that enabled them to continue participating in
the experiment. This was checked before the playback of any video.

http://www.figure-eight.com/
https://appen.com/)

(now
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Please click to play

i Pl r low!
the video! ease rate belo

What is the visual quality of the video?

O Bad O Poor O Fair O Good O Excellent

Figure 3.11: Illustration of the crowdsourcing video playback workflow. A worker is first presented with a white box of 960x540 pixels.
Upon clicking the box, the video plays in its place. Playback controls are disabled and hidden. Upon finishing, the video is hidden and
replaced with a white box that informs the participant to rate the quality on the Absolute Category Rating (ACR) scale shown below. The
rating scale is only shown upon completion of video playback.

During the actual annotation procedure, for each stimulus, workers
were first presented with a white-box of the size of the video that also
functioned as a play button. Then, the video was shown in its place with
the playback controls hidden and deactivated. After playback finished, it
was hidden, and the rating scale was revealed below it. This setup ensured
that neither the first nor the last still frame of the video were influencing
the worker’s rating, and no preemptive rating could be performed before
the entirety of the video had been seen. An option to replay the video
was not provided so as to improve attentiveness and ensure that the
obtained score is the intuitive response from the worker. Additionally,
playback of any other video on the page was disabled until the currently
playing video was finished, in order to better control viewing behavior
and discourage unreliable or random answers.

According to Figure Eight’s design concept, crowd workers submit
batches of multiple ratings in so-called pages. Each page has a fixed
batch size of rows, where each row conventionally represents a single
item. Due to constraints on the number of rows allowed per study, we
grouped 15 stimuli by random selection into each row, with a page size
of ten rows per page, totaling to 150 videos per batch, respectively page.
Moreover, the design concept intends a two-stage testing process, where
workers are first presented with a quiz of test questions followed by
subsequent pages where test questions are randomly inserted into the
data acquisition process. Test questions are not distinguishable from
conventional annotation items.

In our implementation, illustrated in Figure 3.12, we interspersed three

test videos with twelve videos randomly sampled from the dataset in each

row with test questions. The test videos were sampled from hand-picked

set of videos, which in one part was made up of very high-quality videos

obtained from Pixabay and in another of heavily degraded versions of http://pixabay.com
them. Therefore, we defined the ground truth quality of each test video

as either excellent or bad, respectively. We performed a confirmation

study to ensure that the perceived quality of these videos was rated at

the very top or bottom ends of the 5-point ACR scale.

In the second stage, after the quiz, consisting of only test rows, workers
annotated 150 videos in 10 rows per page. On each page, we included
one further test row at a random position.

Participants had to retain at least 70% accuracy on test questions through-


http://pixabay.com
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Quiz Data Data Data Data
Page Page 1 Page 2 Page 3 Page 4
TR DR DR DR DR
TR DR DR TR DR
TR - | DR DR DR TR
b > > >
TR TR DR DR DR
TR DR TR DR DR
TR |133 test rows with 3 test and 12 data videos each
DR |10368 data rows with 15 data videos each

out the experiment. Data entered from workers that dropped below this
threshold were removed from our study, and the corresponding videos
were scheduled for re-annotation.

When running a study on Figure Eight, the experimenter decides the
number of ratings per data row, as well as the pay per page. The latter
was set such that with eight seconds per video, including five seconds for
viewing and three seconds for making the decision, a worker would be
paid USD 3 per hour. We had compiled 10,368 data rows of 15 data videos
each. These data rows were presented to five workers each, yielding
155,520 annotated video clips. In some rare (< 1%) cases users bypassed
our restrictions by disabling javascript and were able to proceed without
actually rating the videos. In that case the required 5 votes were not
met, and we had to discard this video. Additionally, not all videos were
readable by the Python libraries we used as feature extractors. Those
videos were also removed. In total, 152,265 videos were retained as valid,
forming our larger dataset, called KonVid-150k-A.

Each of the 10,368 data rows was presented to five workers. There were
altogether 133 test rows for presentation to all crowd workers. However,
each crowd worker could annotate any given test row at most once. Since
12 of the 15 videos in a test row were sampled from the set of data videos,
we thus obtained far more than five ratings for each of these individual
videos. In total, 1,596 data videos were used in the 133 test rows and
were rated between 89 and 175 times, due to randomness in test question
distribution. We separated 1,575 valid videos of this very extensively
annotated set in a new dataset and call it KonVid-150k-B. As a random
subset of the entirety of our videos selected from Flickr, it is ecologically
valid and from the same domain as the other data videos. This dataset
will be used as a test set for the evaluation of our models trained on
KonVid-150k-A.

The choice for five individual ratings per data row was based on a small
scale pilot study with a subset of 600 randomly sampled videos. For this
subset we obtained two sets of 50 opinion scores for each video with a
similar experimental setup as described above. We then evaluated the
SRCC between a MOS comprised of a random sample of 7 votes from
one set to the MOS of the other set. At 5 votes this SRCC reached 0.8,

Figure 3.12: Simplified workflow diagram
of the experiment. A worker is first pre-
sented with a quiz page of test rows (TR, in
yellow) with three test videos and twelve
data videos each. Upon passing the quiz
with > 70% accuracy they proceed to an-
swer data pages with one test row per
page. Data rows (DR, in white) contain 15
data videos. Data rows are annotated by
five unique participants. Test rows can be
answered once by each worker.
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Query Video Closest Video 2nd Closest Video 3rd Closest Video

Figure 3.13: Still images from videos closest to the query video on the left as measured by the Euclidean distance d in the feature space of
top-layer features from Inception-ResNet-v2. This shows the utility of activations of layers from pre-trained DCNNSs for usage in a content
similarity measure. Even though only the 1792 activations of the last layer were used, which are commonly understood to focus on semantic
entities more so than low level structures, these features encode useful information.

which we considered to be a good threshold. For reference, the SRCC
between the two independent samplings of 50 votes settled at 0.9. Further
investigation of the feasibility of our choice of 5 ratings is contained in
more detail in Section Section 5.3.

3.5 Dataset Comparison

3.5.1 Coverage

In order to evaluate the diversity of our datasets, which was a key
objective in their creation, we will now demonstrate that they are not
only the largest annotated VQA dataset in terms of video items, but
also the most diverse in terms of content. First, we need a measure for
content diversity. For this purpose, we extract the activations of the last
fully-connected layer of an Inception-ResNet-v2 model pre-trained on
ImageNet for each frame. To represent a given video, we average these
activations over all frames to obtain a 1792-dimensional content feature.
A similar approach has been used in the image quality domain before to
create a subset of data that is diverse in content [Hos+20a].

Figure 3.13 is an illustration of the usefulness of these content features to
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assess content similarity. Given a query video taken from KoNViD-1k
on the left we compute the Euclidean distance in content feature space
to all other videos in the dataset. On the right we show still frames
from the three videos with smallest distance to the query. We can see
that close proximity in content feature space seems to correspond to
semantically similar video content. The images in the first row show
flying objects in a blue sky, where the color of the object as well as
the color of the sky seem to influence the distance in content feature
space. In the second row we can see that crowds in front of a stage
are located in close proximity in content feature space. Images in the
third row show that videos containing heads, but especially babies are
encoded similarly in the 1792-d content feature vectors. Light shows
and underwater videos, as seen in the fourth and fifth rows, can also be
retrieved by querying nearest neighbours of an appropriate video. It is
to be noted that the closest videos for rows one, two and four are near
duplicates. The recordings seem to be from different periods of time of
the same scene.

Therefore, the extracted features are useful as an information retrieval
tool, and we make use of it to quantify the degree by which a video
dataset covers the content of competing datasets. For this purpose we
represent a video dataset by its corresponding set of content feature
vectors, X = {x; | i = 1,..., N}, where N is the number of videos in
the dataset. We consider the Euclidean distance of a point x in feature
space to a (finite) point set Y, d(x,Y) = min{d(x,y) | y € Y}. For two
finite point sets X = {x1, ..., xn}, Y = {y1, ..., ym } and any given distance
s > 0, we define the fraction or ratio of the first dataset X, that is covered
by the dataset Y at distance s as

[{x e X |d(x,Y) < s}
1X|

CY,s (X) =

where |A| denotes the cardinality of a set A. For example, if X C Y, then Y
covers X perfectly at distance zero, i.e., Cy o(X) = 1. Or, if Cy 1(X) = 0.8,
then this means that the union of all balls of radius 1 centered at the points
of the set Y contain 80% of the points in X. The function s - Cy s(X)
thus comprises the cumulative histogram of the individual distances
d(x,Y) forall x € X.

When comparing the coverage two datasets with respect to each other, we
check the corresponding cumulative histograms showing the coverage
of one dataset by the other. The dataset with the topmost cumulative
histogram then can be considered to be the dominant one that covers the
competing one.

To compare the diversity of content for several given datasets X, . .., Xk,
let us form their union Z = X; U ---U, X} and consider how well
each dataset Xj covers all the others, i.e., the complement Xli = Z\Xg.
For this purpose we compute the cumulative histograms Cx, s (X;) for
k=1,...,K. Figure 3.14 shows the result for the five datasets KonVid-
150k, KoNViD-1k, VQC, Qualcomm, and CVD 2014. Here, KonVid-150k
clearly has the best coverage of contents present in the other datasets, as
it has the largest area under the curve.

To summarize the coverage of one dataset X by another, Y, by a single
number rather than the curves of the cumulative histogram of distances,

50
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we define the one-sided distance of X from Y as
d(X,Y) = f(d(x1,Y),d(x2,Y),...,d(x,,Y))

where f is a scalar, non-negative function. For example, if f is the
maximum function, then d(X, Y) is known as the one-sided Hausdorff
distance. For our purpose, the median is better suited as it is less sensitive
to outliers. The distance d(X,Y) can be understood as a simplified
indicator for the coverage of X by Y. These medians are shown in Figure
3.14 by the bullet dots at the coverage ratio of 0.5.

Figure 3.15 then shows d(X, Y) for the competing dataset pairs individu-
ally. It can be seen that KonVid-150k covers the contents of competing
datasets the best, as the green curves are strictly above the cumulative
histograms for the other datasets. Moreover, the other datasets cover the
content space of KonVid-150k the worst, as the solid lines depicting the
coverage of KoNViD-1k, CVD 2014, Qualcomm, and VQC of KonVid-150k
are generally to the right of the other three for the respective dataset.

These findings are an indication that our proposed dataset KonVid-150k
is comprised of a large variety of contents with good coverage of the
contents contained in existing works.

Figure 3.14: This plot shows how well a
video dataset covers all others together.
The curves are the empirical cumula-
tive histograms of Euclidean distances
d(x¢, X) for all x, € X, where X¢ is the
complement to X, i.e., the union of the
other datasets. The green, red, blue, yellow,
and cyan lines refer to X being KonVid-
150k, KoNViD-1k, VQC, Qualcomm, and
CVD 2014, respectively. KonVid-150k cov-
ers the other datasets the best, as the green
plot has the largest area under the curve
and it has the smallest median distance
of approximately 2.3 at coverage ratio 0.5.
This means that for half of the videos in all
other datasets, there is a similar video in
KonVid-150k that has a distance in content
feature space of at most 2.3.

Figure 3.15: Pairwise comparison of con-
tent coverage. Empirical cumulative his-
tograms of d(x, Y) forall x € X. The green,
red, blue, yellow, and cyan line colors re-
fer to the covering set Y and the different
line styles refer to X being KonVid-150k,
KoNViD-1k, CVD 2014, Qualcomm, and
VQC, respectively. As expected from the
previous figure, KonVid-150k covers the
other datasets the best, indicated by the
four green plots consistently falling to the
left of their counterparts. The summariz-
ing statistics, d(X,Y) can be taken from
the intersections of the graphs with the
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Variance of MOS

3.5.2 SOS hypothesis

Another common characteristic to compare the annotation quality of
different studies is by evaluating the standard deviation of opinion scores
(SOS) as a function of MOS. It follows the basic idea that in quality
controlled experimental studies subjective opinions will vary only to a
certain extent, as the experimental setup ensures similar test conditions.
In the case of the 5-point scale we used in our experimental setup, the
maximum SOS is expected near a MOS of 3, while the minimum will be
attained near the extremes of the rating scale (i.e., 1 and 5). Therefore,
computing the average SOS over all videos is not an unbiased indicator,
as common datasets have differing distributions of MOS values. Instead,
the variance ¢2 is modelled as a quadratic function of the MOS [HSE11],
which in the case of a 5-point scale is described as:

SOS(MOS)? = a(—x2 + 6x — 5), (3.3)

and the SOS parameter a is a better indicator of the variance of subjective
opinions for any particular experimental study.

Moreover, the SOS parameter has been shown to correlate with task dif-
ficulty and can be used to characterise application categories [JP15].
For VQA the SOS parameter has been reported in the range a €
[0.11, 0.21], with axonviDak = 0.14 and acypoois = 0.17. In the case
of LIVE-Qualcomm and LIVE-VQC, no SOS parameter has been reported
and the publicly available annotation data does not allow for such an
analysis, as only the MOS values for videos in these specific datasets are
available.

We computed and visualized the SOS parameter for KonVid-150k-B as
well, see Figure 3.16. For the case of the larger KonVid-150k-A set, we have
5 ratings per stimulus which allows only for 21 different MOS values, and
therefore we did not include it in the figure. Nonetheless, KonVid-150k-B
is a good estimation of what can be expected in terms of annotation
quality of KonVid-150k as a whole. The figure shows the comparison
between KoNViD-1k, CVD2014, and KonVid-150k-B, where the latter has
an SOS parameter of axonvid-150k-8 = 0.21, which lies within the typical
range for VQA experiments.

Considering the similarities between KoNViD-1k and KonVid-150k, the
difference in a seems surprisingly large at first. However, some differences
in the design choices of the subjective annotation process can be identified
as potential causes for the larger SOS parameter for KonVid-150k.

Figure 3.16: Comparison of the SOS hy-
pothesis [HSE11] of KoNViD-1k, CVD2014,
and KonVid-150k-B. The SOS parame-
ter for the three datasets are a = 0.14,
a = 0.17, and a = 0.21, respectively. For
VQA the typical range is a € [0.11,0.21],
which shows that KonVid-150k can be con-
sidered a typical example in terms of an-
notation quality.
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Videos from KoNViD-1k and KonVid-150k are both sampled from
Flickr.com. However, their compression settings are different. While
the videos in KonViD-1k are heavily compressed, those in KonVid-150k
are representative of the originals as uploaded by their respective au-
thors. This means that KonVid-150k videos are more diverse in terms of
distortion types, as heavy compression can have a strong masking effect.
A wider variety of distortions is expected to cause a higher disagreement
between raters, and thus a higher variance of their answers.

Moreover, the sources for the test videos in each dataset used during the
crowdsourcing experiment are different. KoNViD-1k test videos were
sampled from the same source and with ground truth annotations from
a prior study, while the test videos in KonVid-150k are sampled from
another source, and involve artificial distortions.

On the one hand, the choice of test videos for KoNViD-1k can cause
workers to pay more attention, and agree better, however, at the cost
of having more biased answers. First, the test and data videos are
impossible to distinguish at a glance. This means that crowd-workers
need to constantly pay attention to all work items, and not just to those
that are easy to identify as test items. Second, the test videos have similar
levels and types of distortions. There are no other items to anchor user
opinions at the extreme of the quality scale. This means that the range
of the quality scale may not be used well. The downside of this choice
is that the accepted answers for the test videos are derived from a pilot
study, and this can introduce a bias towards the opinions expressed in
that study.

On the other hand, KonVid-150k uses pristine quality videos from a
different source (pixabay.com), alongside highly degraded variants of
the same videos. These videos are easier to distinguish from data videos.
Consequently, workers are not forced to pay attention to all items the
same, they can theoretically put more thought in answering test videos
than they do for data videos. The tests in this case are more lenient, as
they are selected to represent the extremes of the quality range (both
highest and lower quality). However, they also serve as anchors for the
quality scale, which are not available for KoONViD-1k. The approach is
less biased, but can result in more disagreement between annotators,
which in turn leads to a higher variance of the answers. It is preferable to
have less bias rather than a higher agreement on the wrong ratings.

3.5.3 Annotation Quality

Figure 3.17 shows the convergence of the size of the 95% confidence
interval on the MOS, averaged over all images, in relation to the number
of workers. We compare this convergence from both KonVid-150k and
KoNViD-1k with CVD2014, with a large overlap. With the goal of a mean
size of the confidence interval of below 0.5 on the ACR-scale, we arrived
at 50 answers per stimulus as an optimal number of judgments. This
setup resulted in a total of 642 workers from 64 countries participating
in our experiment. On average each video received 114 votes (including
test questions) with a mean accuracy of 94% on the test questions. Figure
3.18 depicts a histogram of common user statistics in the KoNViD-1k
crowdsourcing study. With regards to screen size, 94% of workers had a
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resolution above 1024 X 600 pixels (width X height), which allowed full
size display of the videos. It is to be noted that we did not enforce 1:1
pixel display. However, nearly two-thirds of workers did in fact view the
videos unzoomed at 1:1, while 20% used a ratio of 0.9 to 0.75 and 14%
displayed the videos at a zoom of up to 2 (including font scaling).

When comparing video quality ratings across different studies, com-
monly MOS, standard deviations and confidence intervals are con-
sidered. However, it has been shown that when comparing different
rating scales, the design and discretization of rating scales have a strong
influence on the standard deviations of the opinion scores (SOS). In
[HSE11] a quadratic model is proposed for the dependence of the vari-
ance 02 on the MOS values. For the 5-point ACR scale the function
02(MOS) = a(MOS —1)(5—MOS) is fitted to empirical data, which yields
the SOS parameter a. The parameter a quantifies the variance of the user
ratings more appropriately than the average over all stimuli. Moreover, it
characterises application categories and correlates with task difficulty
[JP15]. For VQA, the SOS parameter a was reported to fall in the range
[0.11,0.21] [HSEI11].

We compared the standard deviations of the crowdsourced ratings of our
KoNViD-1k to the CVD2014 (normalized from a 0-99 scale to a 5-point
ACR scale) and IRCCyN-IVC-1080i datasets [Nuu+16; PPL08c], where
the subjective scores were gathered in a lab setting, see Figure 3.16. With
a = 0.14 our SOS hypothesis parameter is lower than those of the two
compared datasets (0.17 for CVD2014 and 0.21 for IRCCyN-IVC-10801,
respectively). This suggests that our task was simpler than the compared
lab studies and resulted, as is desirable, in lower variances of worker
ratings with smaller confidence intervals for the MOS values.

IN]
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Figure 3.17: Convergence of the confi-
dence intervals with respect to number
of workers of our datasets (in orange/-
green) compared to CVD2014 (blue). The
confidence intervals for KoNViD-1k are
slightly smaller than those of CVD2014,
while KonVid-150k-B performs slightly
worse by this measure.
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Figure 3.18: Crowdworker statistics on
country of origin and screen resolution
from the KoNViD-1k annotation. The five
most frequent groups are shown, making
up over 94% of workers.



4 Quality-Related Features

One of the main drivers of any machine learning task is effective rep-
resentations of data that capture salient semantics relevant to the task
itself. For the purpose of quality assessment measuring the presence
of particular classes of distortions is a sensible approach. Convention-
ally, the design process for distortion detectors was manual work based
largely on an in-depth understanding of both the human visual system
and image and video compression techniques. Recently, however, it has
been operationalized by designing systems that learn representations
automatically. In the last thirty years multi-layered deep convolutional
architectures have emerged as the strongest approach to learning generic
visual features for the purpose of a variety of perceptual tasks, such as
object classification, recognition, and localization in images in-the-wild.
In this chapter we will show the use of these learned features for the
purpose of IQA, VQA, and other perceptual tasks. We summarize both
historical and state-of-the-art features used in practice and present new
research into the field of feature selection for generalized perception of
quality.

This chapter contains and extends material from the following publica-
tions. Please refer to Section 1.4 for the contribution clarification.

[Hos+17] Vlad Hosu, Franz Hahn, Mohsen Jenadeleh, Hanhe Lin,
Hui Men, Tamds Sziranyi, Shujun Li, and Dietmar Saupe.
‘The Konstanz natural video database (KoNViD-1k)". In: 2017
Ninth international conference on quality of multimedia experience
(QoMEX). IEEE. 2017, pp. 1-6

[Got+21] Franz Goétz-Hahn, Vlad Hosu, Hanhe Lin, and Dietmar
Saupe. ‘KonVid-150k: A Dataset for No-Reference Video
Quality Assessment of Videos in-the-Wild'. In: arXiv preprint
arXiv:1912.07966 (2021)
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4.1 Feature Detection

Compression of digital media is the primary, albeit not sole, source of
quality degradations. In the following we will attempt to summarize and
reference the key approaches to represent presence of and measures for
distortions and quality-related features more comprehensively. Section
3.3.1 already described a variety of detectors for specific distortions,
artifacts, or other image characteristics, which were also successfully
used as proxies for assessment of quality of visual media. That list is
not exhaustive, however, since the breadth of research into distortion
measures is too large to summarize here in its entirety.

4.1.1 Quality Artifacts

Video quality artifacts can be categorized into spatial and temporal
artifacts, which both subdivide into further types of distortions, as
shown in Figure 4.1. Spatial artifacts are visible in individual frames,
while temporal artifacts are perceived when a sequence of frames is
displayed.

Spatial Artifacts

Within the class of spatial artifacts there are four major subclasses to
consider.

The measurement of these discontinuities at block boundaries is one
way to estimate the level of blockiness [WY96]. When the block bound-
aries are unknown, for example when a video has been encoded and
cropped multiple times, blockiness can be estimated using harmonic
analysis [TG00].

Blind estimation of blur work off of a variety of different concepts,
including the width and amplitude of edges [Dij+03], the detection of
their spread [Mar+02; Ong+03], kurtosis [CO04; Zha+03], particular
features of the frequency domain [KH96; MMZ99], or the local contrast
of 2-D analytic filters [Win01]. Other work focuses on the estimation
of the probability that blur is detected at a particular edge, called just
noticeable blur [FK09; NK11].

As shown in Section 3.3.3, the colorfulness of an image is weakly cor-
related with image quality. Colorfulness by itself can been measured,
for example, by considering the mean and variance of color distribu-
tions [HS03] as described in Section 3.3.1.

Algorithms to detect chromatic abberation have been proposed in related
works [LK16] that are based on either the correlation between different
color planes or measuring the level of corner displacement.

Blind ringing metrics are highly designed, complex algorithms that
identify and extract line segments relevant for ringing detection and the
estimation of whether ringing is perceived by involving a model based
on the HVS [LKHO09].
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Please refer to Section 2.3.2 for a descrip-
tion of the most common distortions and
their perceptual appearance.
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Figure 4.1: Categorization of video com-
pression artifacts into subclasses of spatial
and temporal domains.



Temporal Artifacts

Distortions manifesting during playback of a video can be subdivided
into three classes.

Texture floating detection has been proposed that evaluates relative mo-
tion in mid-energy and mid-luminance regions of a video stream [Zen+14].

Different jerkiness metrics have been proposed, mostly based on inter-
frame correlation [Mon+06] or inter-frame dissimilarity [PG06]. A more
recent, significantly more complex and constructed metric also evaluates
the temporal quality fluctuation [Bor10], as the same amount of frame loss
within one sequence could lead to different levels of subjective temporal
degradation when considering different temporal distributions of frame
loss.

In summary, the metrics specifically targeted at detecting the above
mentioned distortions have become increasingly complex and little
research has evaluated their stability as video quality and encoder
performances has improved over the past years. Tweaking these metrics
to videos encoded using modern codecs is likely an involved process.
Additionally, evaluating a large breadth of these features to capture a wide
range of quality indicators is a time-consuming process. In recent related
work a set of 75 quality-related features were considered as a basis for their
VQA model [Kor19]. Their 46 temporal (consistency) features describe,
for example, motion intensity, direction, uncertainty, and spread, as well
as jerkiness and spatial activity. They also included spatially relevant
features, such as blurriness and blockiness. An additional 30 so-called
high-complexity features further evaluated various blockiness, noise,
sharpness, contrast, colorfulness and brightness measures. These high-
complexity features were not computed on all frames of the target video,
rather on a significantly smaller subset of frames that were selected based
on information from the temporal features computed prior. For five ten
to twenty second long videos in HD ready resolution of 1280x720 pixels
the computation of all 75 features took an average of 222.2 seconds.
They also showed that the computational complexity of the evaluation of
their chosen set of features was approximately linear with the resolution.
Since video resolution is ever growing, and their choices of metrics used
for features such as jerkiness or flickering are on the lower end of the
computational complexity scale, it is easily understood that this approach
of evaluating complex, hand-crafted feature detectors does not scale very
well.

4.1.2 Deep Features

Designing detectors for particular image features by hand, evaluating
them on an input, and then ultimately feeding the resulting feature vector
into a model was a common and high-performing approach for many
different perceptual tasks. An alternative to it was originally shown for
the purpose of handwritten zip code recognition [LeC+89a], where the
network architecture would instead take the input in its original form
and learn the representation of useful features automatically. In the
subsequent decades the approach was adopted in improved forms in
practically all scientific fields related to perception and even completely
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unrelated fields. At this point it is no exaggeration to say that the internal
representations of useful features within deep neural networks (DNNs)
have effectively replaced traditional hand-crafted features for tasks related
to the prediction of perceptual attributes of images.

Modern DNNs are comprised of a few initial layers often referred to
as the stem, followed by multiple layers of particular modules, where
each module is a small network in itself, and finally a few layers at the
top, called the head of the network. The modules commonly include a
small number of parallel streams, each consisting of chains of a handful

of convolutional and pooling layers, which are concatenated at the end.

Oftentimes the internal structure of these modules also changes based
on the location of the module within the network. Modules closer to
the input of the network will often feature convolutional layers with
smaller kernel sizes, while those closer to the head sometimes use larger
kernels. This is based on the assumption that the distance of the layer to
the input is related to the level of abstraction the features represent. The
spatial concentration of higher level features can be expected to decrease,
suggesting the use of more convolutional kernels of larger sizes.

In other words, the depth at which a layer is located is a basic measure
for the level of complexity that the feature can represent. This has been
validated by recent works [SVZ14; MV15; MOT15; DB16] which tried to
visualize what a neural network considers to be a good representative
image for a particular class it was trained to classify with some surprising
results [NYC15]. More recently, these efforts were further elaborated
on by generating images that maximize the activation of a specific
kernel in a particular layer [Sch+20], allowing more introspection into
what individual neurons in a network are trained to detect. To give an
illustration of this, images that particular features in the lower, middle,
and upper part of the Inception-v1l network activate highly on are shown
in Figures 4.2, 4.3, and 4.4, respectively. Evidently, early layer features
activate on particular alignments of edges, sometimes including specific
color information on either side of the edge. Features in the middle
part of a network activate to entities with simple semantic meanings
such as circular objects on a green background, eyes, or even animal
faces. Further up the network individual features might activate on very
specific objects of increasing complexity that are frequenty present in the
training data, such as poodles, bugs, or statues of clocks.

Given some dataset to train on, the choice of network will heavily
influence what types of features it will generate. The ImageNet large
scale visual recognition challenge [Rus+15] has brought about a wide
variety of network architectures with new best performing models
every year [KSH12; Sze+17; SVZ14; He+16; Xie+17; Chol7; Hut18]. All
of these have different structures, with AlexNet [KSH12] only using 8
convolutional layers, while some ResNet [He+16] variations use up to 152
convolutions layers. As a result, the features that were learned in these
two examples are also drastically different. Neurons in the upper layers
of an AlexNet are quite specific and the visualization techniques used
before result in human interpretable images. In contrast, neurons in the
upper layers of a ResNet-101 are much less interpretable on a first glance
and require more inquiry by, for example, extracting image patches
that the neuron activates highly on, in order to make sense of what
types of semantics the neuron captures. Furthermore, the hierarchical
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Figure 4.2: Visualization of features from
an early layer in the Inception-v1 network.
Courtesy to OpenAl Microscope for the
visualization.
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Figure 4.3: Visualization of features from a
layer located in the middle of Inception-v1
network. Courtesy to OpenAl Microscope
for the visualization.



structure, as well as the interconnectedness of the hierarchy, allows for
near arbitrary complexity of the learned features. Constrastingly, the
overparameterization and a substantial level of redundancy are widely
accepted characteristics of these large deep neural networks, with studies
showing that the performance of deep networks does not deteriorate
even under heavy weight pruning [LeC+89b; Den+13; HMD15], weight
quantization [HMD15; Zho+17], and huffman coding [HMD15].

A benefit of deep features stems from the fact that the output of a
kernel in any given layer of a neural network is a feature activation
map, which inherently also includes positional information. Changes
in the response of these feature maps can, therefore, encode temporal
information. For example, it is reasonable to assume that fine-granularity
flickering, i.e. a slight back and forth translation of an edge between
successive frames, would show a change in the spatial activation map of
low-level edge detector features. Consequently, learning from frame-level
features could allow to learn the effect of temporal degradations on video
quality indirectly. However, the large size of pre-trained networks yields
a much larger amount of features compared to the number of existing
hand-crafted features. The first convolutional layer of an AlexNet alone
has more kernels than the 75 hand-crafted features used in the work
described at the end of the last Section. The broadness of the filterbank
that is generated by DNNs transforms the task from simply learning a
model based on them to identifying those features that are useful for the
detection of spatial or temporal distortions.

4.1.3 Deep Feature Extraction

The extraction of deep features is a fairly recent approach, but has been
applied for the purpose of visual quality prediction in several related
works. TL-Xception [OAB18] was an initial work that utilized deep-
features to predict image quality in a transfer learning setting. Using an
Xception-net [Chol7] as a base-model, they added two 1 X1 convolutional
layers on top, followed by both a global average pooling layer and a
global maximum pooling in parallel. The outputs of the pooling served
as an input to a small fully connected head which was topped off with a
5-neuron output layer that represents the opinion score as a distribution.
Using this approach, the authors achieved state-of-the-art performance.

The BLINDER framework [Gao+18] improved upon the approach by
using multiple layers of the base-model to extract deep features. They
resized images to 224 X 224 and extracted a feature vector from each layer
of a pre-trained VGG-net. Each of these features vectors was then fed into
separate SVR heads and trained, such that the average layer-wise scores
predict the quality of an image. BLINDER was evaluated on a variety of
IQA datasets and reported an improvement of the state-of-the-art.

[HGS19] went a step further by utilizing deeper architectures to extract
features, such as Inception-v3 and InceptionResNet-v2. Furthermore,
features were aggregated from multiple levels and extracted from images
at their original size. This retained detailed information that would
have been lost by down-sizing the inputs. Moreover, it allowed linking
information coming from early levels (image dependent) and general
category-related information from the latter levels in the network. This
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Figure 4.4: Visualization of features from
an upper layer in the Inception-v1 network.
Courtesy to OpenAl Microscope for the
visualization.

The paper also references DeepRN [VSS18]
as a better model, however the results of
DeepRN for KonlQ-10k have since been
shown to be incorrect [GHS21]
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Figure 4.5: Extraction of multi-level spatially-pooled (MLSP) features from a video frame, using an InceptionResNet-v2 model pre-trained
on ImageNet. The features encode quality-related information: earlier layers describe low-level image details, e.g. image sharpness or noise,
and later layers function as object detectors or encode visual appearance information. Global Average Pooling (GAP) is applied to the
activations resulting from the Stem, each Inception-module, as well as the Reduction-modules, and finally concatenated to form MLSP
features. For more information regarding the individual blocks please refer to the original paper [Sze+17].
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approach has since been further elaborated on with DeepFL [LHS20],
which incorporated a supervised fine-tuning step prior to feature extrac-
tion to drastically improve state-of-the-art NR-IQA performance on the
complex artificially degraded KADID-10k dataset.

These two efforts are the closest inspiration for our approach, namely
we extracted narrow multi-level spatially-pooled (MLSP) features, but
for individual frames of videos, as shown in Figure 4.5. In principle it
is an expansion of what we described previously in Section 3.5.1 for the
comparison of content diversity. The core difference lies in the extraction
of features in all Inception modules of the network, rather than only the
last layer in the network head. This approach of extracting activations from
individual layers of a network can be applied to any popular architecture.
Related work has shown that this approach works with an Inception-
ResNet-v2 network as a feature extractor in the IQA domain [Hos+20a;
LHS20]. For the extraction process we, therefore, passed individual video
frames to an InceptionResNet-v2 network, pre-trained on ImageNet
[Sze+17]. We then performed global average pooling on the activation
maps of all kernels in the stem of the network, as well as on each
of the 40 Inception-ResNet modules and the two reduction modules.
Concatenating the results yielded our MLSP feature vector consisting
of average activation levels for 16,928 kernels of the InceptionResNet-v2
network. These MLSP feature vectors were extracted for all frames of all
videos.

In [Var20] a similar approach was used for the purpose of NR-VQA. The
method extracted features for intra-frames, averaging them along the
temporal domain to obtain a video-level feature vector. The final video
quality prediction is done by an SVR. In our approach we go beyond this
by considering both an average feature vector with our MLSP-VQA-FF
architecture, as well as an LSTM model that takes a set of consecutive
features of frames as input, leveraging temporal information of feature
activations.

Figure 4.6 shows a visualization of parts of the MLSP feature vector for
multiple consecutive frames.
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Median level of activation of block-wise
MLSP features over all frames of 3 sample videos
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Figure 4.6: Visualization of the variation of activation levels of MLSP features over the course of KonVid-150k videos. In the center, the
median level of activation for each of the 43 blocks from the Inception-ResNet-v2 network is displayed for 3 sample videos. The black
whiskers indicate the 50% confidence interval on the level of activation. For the first block (Stem), the whiskers extend to 0.7. The left and
right plots show the activation of 1/8th of the first and last blocks’ features over time.

4.2 Feature Selection for Perceptual Tasks

Pre-trained networks used as a starting point for fine-tuning or a source
for feature extraction are usually trained on a different task than what
they are ultimately used for. Therefore, it is reasonable to assume that
some subset of them are either irrelevant or redundant for the target
prediction. Here, we describe a feature as irrelevant when it does not
affect the prediction in any way, while redundant features do not add any
new information. Both types of features will slow down the speed of the
learning algorithm due to a higher dimensionality of the feature space.
Additionally, redundant features may even add noise, consequently
potentially reducing predictive performance of the trained model. To
combat this, one can employ feature selection, meaning selecting a subset
of features, such that sufficient information is preserved to retain a
high level of performance. It has been shown that selecting appropriate
features positively benefits learning performance in neural networks
significantly [MM91; Bat94; Pir04].

Despite the large quantity of different network architectures that have
been developed for the object classification task, the same source networks
have been adopted for different tasks related to perceptual qualities. In
particular, both for the prediction of image quality and image aesthetics
Inception-style networks have been shown to be a solid source for
representative features. This suggests that the features used for these
tasks carry information useful for both tasks. Some related work even
investigated the tasks jointly [TM18]. In this case, the authors not only
trained the same type of model for both technical quality prediction
and aesthetics assessment, individually, they also introduced cross-
task testing, where the models trained for one task were tested on the
other. However, the model optimization was only ever considering the
tasks independently. In literature on measuring aesthetic quality it was
revealed that technical quality is an important attribute to consider when
predicting aesthetics, as a high level of technical quality was necessary for
high aesthetics ratings [CL09]. Despite instructions stating to focus only
on aesthetic quality, observers are influenced by the integrity or quality
of an image in their decision making [CL09; RHI2]. On the other hand,
characteristics commonly attributed to aesthetics such as desireability of



the media content were found to be a strong influence on the perceived
technical quality of videos [KS10], which likely translates to images as
well. With the goal of solving perceptual quality assessment in more
general terms, the intrinsic dimensionality of the problem’s feature space
should be considered.

We explore the potential of deep feature selection for the use case of
perceptual attribute prediction. Specifically, we investigate the following
problem:

What is the minimal size of a subset of the full feature vector
that still approximates the original performance on both an
IQA task, as well as an aesthetics quality assessment (AQA)
task, within a “small” epsilon.

Based on feature importance obtained from gradient boosting machine
(GBM) models we derive a subset of 10% of the deep features that is
competitive with full feature performance. Moreover, as the selection
heuristic considers both the feature’s importance for the IQA and the
AQA tasks, it performs en par with an optimal subset of deep features
for the individual tasks. Finally, the joint optimal subset surpasses state-
of-the-art in cross-task testing.

4.2.1 Related Work

The field of image quality assessment matured over the years from
approaches that exploit natural scene statistics [MMB12; Ye+12; Xu+16]
to deep-learning based predictors. A conceptual predecessor of our
approach is presented by Bianco et al. [Bia+18], wherein the authors
experiment with extracting features from convolutional neural networks
that were pre-trained for different tasks.

Aesthetics prediction is closely related to and intertwined with quality
assessment, but focuses more on subjective appeal than on technical
image characteristics. Recent works by Talebi and Milanfar introduced
NIMA [TM18], an approach that investigates both aspects and retrains
object recognition networks on one aesthetics and two quality datasets.
Though the training was done separately, the authors were the first to
conduct cross-task testing on one dataset after fine-tuning on the others
in all directions, which suggested a weak correlation between the tasks.

Hosu et al. [HGS19] presented a landmark paper that introduced multi-
layered spatially pooled features and cemented the Spearman’s rank-order
correlation coefficient as a metric over the prevalent binary classification
accuracy in aesthetics prediction. The approach improved the SROCC
on AVA from the previous state of the art of .64 to .67 using only a small
network of three fully connected layers applied to the entire MLSP feature
vectors. Furthermore, the authors reproduced the results produced by
NIMA and made substantial points towards the claim that training on
extracted features is more powerful than fine-tuning of neural networks.
An application of this approach to an IQA task is portrayed in [Hos+20a],
which also extends the paper that originally introduced the KonIQ-10k
database [LHS18].
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The line between technical image quality and aesthetics is ambiguous
and the two concepts can even be in contrast to each other. Stylistic
means, such as bokeh blur, can degrade the image quality, while they
might increase the aesthetic appeal. A few studies investigated this
distinction and its consequences for quality and aesthetics assessment.
Cerosaletti and Loui [CL09] researched the effects of selected image
characteristics such as main subject size, sharpness and composition on
perceived technical and artistic properties. They presented visible clusters
when plotting the first versus the second principal component of these
characteristics that could be summarized through short descriptions of
the respective image’s characteristics. Their investigation was carried
out separately for images containing humans and images not containing
humans. They argued that initial filtering for sufficient technical quality
first might be reasonable when aiming to identify aesthetically pleasing
images.

Redi and Hyenderickx [RH12] aimed to establish a more encompassing
definition of visual quality by subsuming technical aspects under “image
integrity”, and contrasting these with aesthetics. They ran a subjective
study on the aesthetic appeal of a set of images that was once given
in pristine quality and once impaired by visible technical distortions.
Participants rated severely distorted images lower in comparison to less
affected images, albeit being asked not to consider integrity in their
judgement, which corroborates the presumed link between quality and
aesthetics.

4.2.2 Feature Importance

Gradient boosting machines (GBMs) are a class of predictive machine
learning models based on the assumption, that ensembles of weak learn-
ers can be used as a single strong learner. A weak learner is considered to
be only slightly better at predicting some outcome than random chance.
In GBMs the weak learners are decision trees with shallow depth, which
are constructed sequentially according to an optimization problem us-
ing a procedure roughly similar to gradient descent. Extreme gradient
boosting (XGBoost or XGB) [CG16] is an advanced implementation of
GBMs that utilized various improvements that have been developed
over the past two decades to boost GBM performance. “Feature impor-
tance” is calculated for a single XGB model by the amount that each
node improves the performance measure, weighted by the number of
observations the node is responsible for. The performance measure is the
weighted MSE of improvement at all nodes of the tree divided by the
numbers of observations.

By considering ensembles of XGB models we obtain an importance value
for each feature per member of the ensemble. There are two main ways
these are commonly aggregated. Either, one considers the number of
times a feature appears among the top features for all models of the
ensemble, or the sum of the individual normalized importance values
over all ensemble members is used. We use the latter interpretation and
also consider the joint feature importance as the product of the features
importance values from the two tasks of IQA and AQA. Based on this
approach Figure 4.7 depicts a histogram of feature importance values
for all three cases. This shows that no individual feature has very high
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importance in both tasks, as the highest importance value in the product
is below 0.1. Figure 4.8 shows a histogram of features according to the
Inception modules within the Inception-ResNnet-v2 parent network for
the top 1% (169) of features. It is apparent that particular blocks (I-RN-B
3 and Reduction-B) seem to be more related to the prediction of both
perceptual attributes.

Features useful for IQA and AQA are not an exhaustive list of features

useful for the whole domain of general perceptual quality tasks. However,

these tasks have by far the biggest annotated datasets, and so we limit
ourselves to these two. Further research has to be done to evaluate the
utility of features found here for other tasks in the domain.
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Figure 4.7: Histogram of feature impor-
tance for KonlQ, AVA, and their product
(“both”). For both of the individual tasks
only few individual features are consid-
ered important by the XGB models.
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Figure 4.8: Histogram of top 1% features according to feature importance grouped by the Inception module they reside in for AQA and IQA

tasks, as well as jointly.
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4.3 Experiments

In this Section we focus on three parts. First, we validate the heuristic
of selecting features based on the aggregated feature importance values
obtained from the 100 GBM models trained on all features. Next, we
compare the performance of IQA and AQA related features with the joint
perceptual feature subset. Finally, we further evaluate the generalization
performance of XGB models trained on perceptual features in cross-task
tests.

4.3.1 Feature Selection Evaluation

Since we focus on the goal of finding features that solve both tasks,
we present results based on the product of feature importance values.
As a baseline we are comparing it to the random selection of the same
number of features. We sampled 100 random feature combinations of
n € {1,4,16,66,264,1058,4232} features and subsequently trained a
GBM model on a unique 90/10 train/validation split. The resulting
performances evaluated on the official test sets for KonIQ and AVA are
visualized as estimated contour plots for the joint probability densities
in Figure 4.9. Additionally, we plotted the top feature combinations in
the same color, obtained by taking the same number of features with the
highest importance values of the individual tasks, as well as the joint
importance.

Any of the top feature combinations outperform random selections by a
significant amount. Nonetheless, objectively evaluating the performance
improvement is not trivial. A naive way could be to take the euclidean
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Figure 4.9: Performance of XGBoost models on KonlQ and AVA when trained on different numbers of features taken either randomly
(density plots) or as the top features according to individual joint feature importance on both tasks ("x” markers). For the density plots we
obtained 100 random feature combinations.
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where p indicates the SROCC on the respective dataset, and comparing
the difference between the mean performance of a randomly sampled
feature set to that of the most important perceptual features. However,
this difference does not represent a fair measure, as an improvement
in this norm has to be evaluated within the context of the baseline
performance. The significance of an improvement of both piga and
paga by 0.05 by using the feature selection heuristic depends on the
performance of a random feature combination. If a random selection
of features performs at piga = paga = 0.2 then the improvement is
likely to be considered insignificant. On the other hand, if the baseline
performs at piga = paga = 0.8 then an improvement of 0.05 is much
more impactful.

In order to better estimate how much better the selection of any feature
combination performs compared to random sampling, we derive the
norm reduction from the theoretical maximum performance of p = 1 for
both tasks d as

V2 = ||xtop, |l

SR L1 (4.2)
\/E - ||xrandn||

n=

Here, xtop and Xrang are vectors in performance space of the single
top feature combination and randomly sampled feature combinations,
respectively. Effectively, this measure represents the distance reduction to
the theoretically maximum performance of piga = paga = 1. Atd = 0.5
the performance of the top feature combination would be twice as close
to the theoretical maximum correlation for both tasks as the average
random sample. Table 4.1 contains the joint performances of both the
sampling strategies, as well as the respective d for all # considered. The
performance improvement achieved by training on perceptual features
is most notable at smaller numbers of feature 1, as is expected. When
training on less than 0.1% of the features the perceptual feature selection
strategy cuts the distance to the theoretical maximum performance in
half.

Additionally, Figure 4.10 depicts a plot of 4 for all 11, as well as logarithmic
functions fit to all data (in blue) or all data points where n > 1 (in red).
Since the probability distribution for 7 = 1 is heavily skewed according
to the IQA performance, as can be seen in Figure 4.9 on the left, the
average is not an accurate representation as an expected performance
value. If we omit n = 1 in the function fit, as shown by the red fit, the
coefficient of determination r? exceeds .98, indicating a good fit.

4.3.2 Comparison of Task Specificity

So far we have looked at feature combinations that were based on joint
task importance. However, as shown in Figure 4.8, the different tasks
favored particular features differently. The question arises, how the joint

4 Quality-Related Features 66

oy

0.6+

054

0.4

03+

024 with dy - r? = 0.878

—— withoutd, : r*=10.983
A o

0.0 7 T T T T T T
1 4 16 66 264 1058 4232

Number of features n

01+

Figure 4.10: Fitting a logarithmic curve
to the distance metric d with or without
the value for single feature performance
atn =1.

Table 4.1: Prediction performance com-
parison on joint perceptual tasks of ran-
domly sampled features and most percep-
tually relevant features. The “rand” and
“perc” columns denote the joint perceptual
performance in the form of Equation 4.1,
while d is the norm reduction to the the-
oretically best performance as shown in
Equation 4.2.

n rand  perc d
1 0093 0713 0.469
0.260 0.879 0.537
16 0.604 1.014 0.506
66 0.877 1.083 0.383
264 1009 1107 0.243

1058 1.067 1117 0.144
4232 1.097 1115 0.058




IQA AQA
aux  perc nat aux  perc nat

n
1 0574 0.612 0.612 0.244 0.244 0.328
2 0588 0.632 0628 0.273 0.329 0.386
4 0672 0677 0732 0361 0.408 0.442
8§ 0735 0751 0772 0.394 0.458 0.503
16 0773 0.805 0.822 0471 0.506 0.564
33 0813 0.851 0.850 0.531 0.552 0.592
66 0.845 0869 0.864 0.583 0.603 0.624
132 0.860 0.875 0.875 0.612 0.638 0.648
264 0.867 0.880 0.879 0.636 0.657 0.668
529 0.871 0.882 0.881 0.649 0.670 0.679
1058 0.874 0.883 0.883 0.661 0.683 0.687
2116 0.878 0.881 0.882 0.671 0.686 0.688
4232 0.879 0.880 0.880 0.677 0.687 0.688
8464 0.878 0.878 0.880 0.684 0.687 0.687

16928 0.875 0.687

best features compare to features useful for a particular task. Moreover,
it is interesting how a set of features that was selected based on one task
performs on the other task. To simplify the description, we introduce
terminologies to refer to different ways of selecting features. First, we will
refer to features that were selected based on a particular task and used in
the same task as native features. In contrast, auxiliary features are those
that were selected according to the performance on the opposite task. For
example, the top 8 features selected based on the feature importance from
an IQA task are called auxiliary when used to train a model to predict
AQA task. Finally, features selected based on the joint performance on
both task are referred to as perceptual features. It is important to note, that
this is not the same as cross-testing. The models are trained and tested on
the same task. In the case of the auxiliary features the other task is only
used to select a subset of features that are used as a basis for training.

For each of the two target tasks we evaluated the top features for all three
selection cases. Table 4.2 summarizes the results for each task, separately,
indicating the native, auxiliary, and perceptual feature selection criteria
as “nat”, “aux”, and “perc”, respectively. With XGB models trained on
the entire feature vector using the “optimized” parameter set described
in Table 4.4, the theoretical maximum SROCC of 0.88 for IQA and 0.69
for AQA is achieved. For both tasks, 10% of the top perceptual features
achieve comparable results. In the case of IQA, even less than 1% of
the features (n = 132) achieve 0.88 SROCC. With smaller n we can
observe the single most important perceptual feature already achieving
a performance of 0.61 SROCC on IQA. On the AQA task, however, it
only performs up to 0.24 SROCC, indicating that the AQA task is more
complex based on Inception features.

4.3.3 Cross-Task Performance

To further evaluate the generalization performance of models, it has
become common practice in the IQA domain to train on one dataset
and test on another. Since the sources of data, as well as the subjective
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Table 4.2: Performance of auxiliary
(“aux”), perceptual (“perc”), and native
(“nat”) feature combinations for IQA and
AQA.
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Table 4.4: Model parameters used for the

parameter initial ~optimized initial estimation of per-task feature impor-

tance, as well as the set of parameters ob-
Ir 0.1 0.05 tained via hyperparameter optimization
. y
estimators 200 1500 that was used in the evaluation of those
max depth 6 6 models trained on the subset of features
gamma 10 1 selected.
regalpha 0.3 0.3
colsample tree 0.5 0.5
subsample 0.5 0.6
sampling method gradient based
objective squared error
eval metric rmse
early stopping - 5

annotation study design and annotators are different between the datasets,
these cross-tests reveal more of the capabilities of the models to judge
IQA in the wild. Both [TM18] and [HGS19] performed cross-task tests,
meaning that they trained their models on the AQA task using AVA and
tested it on IQA datasets. Indeed, as already pointed out in Section 4.2.1,
some literature showed that low technical quality images would often be
judged as less aesthetic than higher technical quality versions of the same
content. This is one interpretation for the circumstance, that cross-task
testing from AQA to IQA seems to work quite well (0.6 SROCC [HGS19]),
while the opposite direction of training on an IQA dataset and testing on
an AQA dataset gives much lower performance (0.20 SROCC [TM18]).

Table 4.3: Performance of perceptual fea-

Given that our feature selection incorporates information from both an ture combinations in AQA—IQA (A—1)

IQA and AQA task, the resulting features will best predict the intersection and IQA—AQA (I—A) cross-task tests.
of the two. This intersection emphasizes those features that connect

the domains. From the previous experiments we derived, that the top n A-I1 I-A
perceptual features perform better on IQA than on AQA. Table 4.3 1 0582 0.289
summarizes cross-task testing performances for our XGB models trained 4 0583 0.293

on perceptual features. With n = 264 perceptual features trained on AVA 16 0587 0.301

and cross-tested on KonlQ we achieve state-of-the-art performance at 66 0584 0.298
0.60 SROCC. Although the performance on AVA itself is not at its peak at 264 0599  0.316
0.66, the model can leverage the close relationship between the two tasks 1058 0627  0.303

to predict IQA fairly accurately, without ever having been trained on 4232 0.629 0227

the task itself. Interestingly, the reverse cross test is at peak performance
at n = 264, with an SROCC of 0.316. This is also state of the art for the
KonlIQ to AVA cross-test, which was previously set at 0.20 [TM18]. As the
number of features is further increased, the performance drops again.



5 Video Quality Prediction

One of the challenging and fundamental problems in the field of image
and video processing is the evaluation of the quality of digital media
items. Accurately estimating image and video quality has widespread
practical applications, such as the optimization and monitoring of visual
information acquisition and transmission systems or efficient image and
video compression, storage, and presentation. Although signal fidelity
measures like the mean square error (MSE) or the peak signal-to-noise
ratio (PSNR) are simple and well defined approaches to evaluating techni-
cal image quality, they often times do not correlate well with self-reported
perceived visual quality of a human observer. This perceptual component
to image and video quality is an additional important and highly complex
factor that is not fully understood and difficult to model, especially when
dealing with temporal components in videos. Consequently, subjective
assessment of digital media items by human observers is still a common
benchmark for image video quality assessment.

In this chapter we summarize the field of objective visual quality assess-
ment, including a short description of the human visual system, as some
methods derive their functionality from it.

This chapter contains and extends material from the following publica-
tions. Please refer to Section 1.4 for the contribution clarification.

[Got+21] Franz Goétz-Hahn, Vlad Hosu, Hanhe Lin, and Dietmar
Saupe. ‘KonVid-150k: A Dataset for No-Reference Video
Quality Assessment of Videos in-the-Wild'. In: arXiv preprint
arXiv:1912.07966 (2021)

[GHS21] Franz Gotz-Hahn, Vlad Hosu, and Dietmar Saupe. ‘Critical
analysis on the reproducibility of visual quality assessment
using deep features’. In: arXiv preprint arXiv:2009.05369 (2021)
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5.1 Objective Visual Quality Assessment

The goal of objective visual quality assessment is the design of math-
ematical models that make a prediction of the quality of an image or
video which correlates with the subjective quality evaluation of a human
observer. Broadly, it can be categorized based on the availability of a
reference image of pristine quality. Most of the classical objective quality
measures proposed in the literature assumes that this reference image is
fully available when evaluating a distorted versions of it. This class of
metrics is called full-reference visual quality assessment, and resembles
a relative similarity measure, since the output is only meaningful in
relation to the reference. Although it has been the focus for research for
the better half of the 20th century, this way of estimating the relative
quality of an image pair is impractical in many real world applications,
simply because the transmission of the reference in its entirety is too
costly, as is the case in e.g. real-time video streaming applications. In this
case, particular features of the reference can be extracted and transmitted
in an ancillary channel, such that they can be incorporated in the quality
estimation of the distorted version. This class of metrics is known as
reduced-reference visual quality assessment.

However, in a lot of practical applications a reference image is not
available at all. This task, called no-reference visual quality assessment,
although rather easily handled by a human observer, poses a supreme
challenge for objective methods. The model must evaluate the quality of a
given item without additional information about what a pristine version
of it might look like, or, indeed, what a good or bad quality version of
any item might look like.

It is this problem that we are faced with when evaluating videos in-
the-wild. In the worst case, the videos we aim to predict the quality
of have been captured using an unknown device, encoded and re-
encoded an unknown number of times using encoders and encoding
parameters unknown to the method, and, therefore, have unknown
artifacts present within them. Even in the best case, where the metadata
contains information on the camera and parameters to the single encoder
that was used, some unknown quality degradations remain.

For example, the quality of a video depicting a confetti shower will
most likely be very poor, due to most conventional video encoders not
being able to handle many small object moving relatively quickly in
many different directions. Of course, we could specifically include an
estimator that assesses the likelihood of the video containing a confetti
shower, but this quickly turns into a sisyphean task, where we need to
anticipate all deficiencies of the image and video processing pipeline
and construct systems that detect them accurately. Nonetheless, certain
systems that measure, for instance, blockiness or saturation of a still
image, or shakiness of a video can be very useful in handling most
commonly encountered scenarios that alter perceived video quality.

For this reason we will briefly summarize the most relevant application-
specific no-reference IQA and VQA measures, as well as those that aim
to predict general image and video quality.
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5.1.1 State of the Art

Existing NR-VQA methods can be differentiated based on whether they
are based solely on spatial image-level features or also explicitly account
for temporal information. In general, however, all recently developed
models are learning-based.

Image-based NR-VQA methods are mostly based on theories of human
perception, with natural scene statistics (NSS) [Sri+03] being the pre-
dominant hypothesis used in several works, such as the naturalness
image quality evaluator (NIQE) [MSBI12], blind /referenceless image
spatial quality evaluator (BRISQUE) [MMBI12], feature-map-based refer-
enceless image quality evaluation engine (FRIQUEE) [GB17] and high
dynamic-range image gradient-based evaluator (HIGRADE) [Kun+17].
NSS hypothesizes that certain statistical distributions govern how the
human visual system processes particular characteristics of natural im-
ages. Image quality can be derived by measuring the perturbations of
these statistics. The approaches above have been extended to videos by
evaluating them on a representative sample of frames and aggregating
the features by averaging.

Approaches that consider temporal features, so-called general-purpose
VQA methods, are less numerous and more particular in their approach.
In [SBC14], the authors extended an image-based metric by incorpo-
rating time-frequency characteristics and temporal motion information
of a given video using a motion coherence tensor that summarizes the
predominant motion directions over local neighborhoods. The resulting
approach, coined V-BLIINDS, has been the de facto standard that new
NR-VQA methods are compared with.

Apart from V-BLIINDS, several other machine-learning-based models
for NR-VQA have been proposed. Regrettably, most have only been
evaluated on older datasets such as LIVE-VQA, making comparisons
across multiple datasets difficult. Moreover, their codes are not publicly
available, further exacerbating this issue. The three most notable examples
are the following. V-CORNIA [Xu+14] is an unsupervised frame-base
feature-learning approach that uses Support Vector Regression (SVR) to
predict frame-level quality. Temporal pooling is then applied to obtain
the final video quality. SACONVA [Li+16] extracts feature descriptors
using a 3D shearlet transform of multiple frames of a video, which are
then passed to a 1D CNN to extract spatio-temporal quality features.
COME [WSZ18] separated the problem of extracting spatio-temporal
quality features into two parts. By fine-tuning AlexNet on the CSIQ
dataset, spatial quality features are extracted for each frame by both max
pooling and computing the standard deviation of activations in the last
layer. Additionally, temporal quality features are extracted as standard
deviations of motion vectors in the video. Then, two SVR models are
used in conjunction with a Bayes classifier to predict the quality score.

TLVQM [Kor19] and 3D-CNN+LSTM [YK19] are recently published ap-
proaches in blind VQA which claim state-of-the-art performance. The
former is a hierarchical approach for feature extraction. It computes two
types of features: low complexity features characterizing temporal aspects
of the video for all video frames, and high complexity features represent-
ing spatial aspects. High complexity features relating to spatial activity,
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exposure, or sharpness, are extracted from a small representative subset
of frames. TLVQM achieves the best performance on LIVE-Qualcomm.
3D-CNN+LSTM is an end-to-end DNN approach, where 32 groups
of 16 224x224 crops of frames are extracted from the original video
and individually fed into a 3D-CNN architecture that outputs a scalar
frame-group quality. This is then subsequently passed to an LSTM that
predicts the overall video quality. This approach sets the state-of-the-art
for KoNViD-1k, besting TLVQM slightly.

State-of-the-art for CVD2014 is achieved by VSFA [L]]19], which is an
approach that leverages feature extraction at the head of a ResNet-50
model for each frame of a video. For each video, all frame features are
fed into a recurrent neural network, with the aim of modeling temporal
dependencies in the frame-wise features. The approach was designed
specifically for quality assessment of in-the-wild videos.

Finally, PVQ [Yin+21] is the most recent approach to blind VQA that
marks state-of-the-art performance on the LIVE-VQC dataset. It combines
frame-level feature extraction using PaQ-2-PiQ [Yin+20] with spatio-
temporal feature extraction on patches of frame stacks using a 3D ResNet-
18 [HKS17] pre-trained on the Kinetics dataset [Kay+17]. Both the frame-
level features as well as the 3D features are pooled twice independently,
before being fed into the InceptionTime [Faw+20] model that is used to
predict the quality of a given video.

There has been a body of work by another author on NR-VQA [VS19;
Var19; Var20]. However, there are concerns about the validity of the
published performance values [GHS21]. Specifically, it has been shown
that the performance values reported in both [VS19] and [Var19] were
obtained with implementations containing some forms of data leakage.
In both cases, the fine-tuning stage of the two-stage process embedded
information about the test sets into the model used for feature extraction.
Furthermore, in [GHS21] it was shown that fine-tuning prior to feature
extraction had much less impact on the final performance than claimed.
Since [Var20] is using a similar two-stage approach involving fine-tuning
and feature extraction and there is a substantial improvement in perfor-
mance from the non-fine-tuned to the fine-tuned implementation, we
hold some reservations as to the validity of the reported performance
values.

5.1.2 Data Leakage in Related Work

Modern algorithms that predict an image or video’s visual quality de-
pend on machine learning techniques such as support vector regression
or deep neural networks, trained in a supervised fashion. For this pur-
pose, benchmark datasets are commonly split three-fold into a training,
validation, and test set. The training set is understood as “a set of exam-
ples used to fit the parameters of a classifier” [Rip07] or regressor. The
validation set is used as a stopping criterion of the learning process and
a means for selecting the optimal model hyperparameters, such as the
number of layers or hidden units in a neural network layer. A model
with its parameters fitted on the training set is tested on the validation
set to estimate its generalization performance. While the validation set is
chosen to produce an unbiased initial estimation of the generalization
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performance, with every evaluation and change in the hyperparameters
towards the optimal performance, more information about the data in
the validation set is incorporated into the model.

Finally, the test set performance remains the only unbiased estimate. It
is used solely for the performance evaluation of a fully trained model.
This means, only once the model’s configuration is finalized, the test set
is employed to determine the model’s generalization performance and,
therefore, its real-world applicability. For this purpose, it is paramount
that adjustments of a machine learning model are never based on its eval-
uation on the test set, as the test set’s purpose is then lost by influencing
the model’s performance on itself.

To ensure the validity of this procedure data is commonly first sampled
randomly without replacement according to some ratio for the test
set, followed by the validation set in the same fashion. The remaining
data is left for training. For small datasets, a typical split is 60/20/20%
for training, validation, and testing, respectively, while larger datasets
often use smaller validation and test set sizes. The performance of
a quality predictor is then primarily measured by the Pearson linear
correlation coefficient (PLCC) or the Spearman rank-order correlation
coefficient (SROCC) of the predictions with the ground-truth qualities in
the corresponding benchmark datasets.

Reproducibility and explainability are machine learning topics that
gained increased traction in recent years. Various surveys have shown
that a vast majority of papers do not make their code available [Hut18;
GK18] and nearly half of them do not include pseudocode, either. More-
over, the simple inclusion of pseudocode does not guarantee reproducibil-
ity [Raf19].

Despite the efforts mentioned above to validate and test independently,
data leakage is considered by many experts as one of the biggest problems
in machine learning. It is a primary culprit for irreproducibility. Data
leakage in machine learning relates to training a model on information
that should only be available at test time. One of the simplest ways data
leakage can occur is when the target itself is used as an input to the model.
However, data leakage can manifest in machine learning in many subtle
ways, such as being introduced in several different training procedure
stages. In fact, one could argue that the definition of data leakage could
be elaborated to mean any kind of information flow between data used
in any part of the machine learning pipeline, such as information of the
validation set being available at training time. This kind of data leakage
should conceptually not improve the performance on an independent
test set, but in nature it is a problem very similar to what is understood as
classical data leakage. Therefore, it becomes increasingly difficult to spot
data leakage when multiple processing steps are involved, or statistical
information is extracted during pre-processing.

For example, if one considers the entirety of a dataset when normalizing
it, the information would be leaked between the training, validation, and
test sets. Afterward, performing cross-validation might unintentionally
change the estimated performance on the validation and test sets, al-
though the impact might be relatively small. Instead, one should first
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normalize the training set, represent the transformation parameters inde-
pendent of the data, and apply the same parameterized transformation to
the validation and test sets before other learning algorithms are used.

Generally, state-of-the-art machine learning approaches for IQA and
VQA are marked by small, incremental improvement. In contrast, five
recent papers showed remarkable progress for deep learning models for
IQA and VQA and certainly deserve special attention in the field. In this
contribution, we provide a study on the validation and reproducibility
of these existing findings. However, our results turn out to be negative
in that the existing findings are found to be irreproducible. The prob-
lems with the questionable contributions stem from adequately training
machine learning models to predict data and validating their expected
performance correctly.

In the following, we share and discuss these five data leakage cases in
the visual quality assessment domain. We summarize the papers that
proposed similar image and video quality prediction approaches and
describe the subtle ways data leakage caused overly optimistic results that
do not hold under scrutiny and careful reimplementation. Specifically,
we discuss three IQA publications in [Bia+18], [VSS518], and [Var20], as
well as [VS19] and [Var19] from the VQA domain. We henceforth refer to
the approaches described in these publications as DeepBIQ, DeepRN,
MultiGAP-NRIQA, CNN-SVR, and CNN-LSTM, respectively, in order to
increase readability.

The concept of the first four very similar approaches can be broken
down into the three stages of fine-tuning, feature extraction, and quality
prediction. Depending on the final predictor, an additional step of feature
aggregation may be required. Figure 5.1 is a high-level representation
containing the broader differences between the methods, ranging from
different inputs to the network, to the features that are extracted from the
network, as well as the way features are aggregated to serve as an input
to the final regressor. In the following, we will first describe the three
separate stages and outline the difference and then discuss the differences
to [VSS18] separately. For clarity, whenever we reference frames, we are
relating it to CNN-SVR and CNN-LSTM, whereas the term images refers
to DeepBIQ, DeepRN and MultiGAP-NRIQA.

For the individual investigations of each pulication we refer the inclined
reader to the full paper [GHS21], where we report the complete corrected
results for the approaches, the reverse-engineering process, and recon-
struct the mistakes that have likely resulted in the incorrect published
performance numbers. The conclusions drawn from this analysis can be
summarized as follows:

The DeepBIQ method does not yield the level of performance claimed
in the paper [Bia+18]. On LIVE-in-the-wild, an IQA dataset, the SROCC
on test sets are only 0.76 + 0.02, instead of the 0.89 claimed, and on
TID 2013, an artificially degraded IQA dataset, the model performs
with 0.64 + 0.05 SROCC, instead of the 0.96 claimed in the paper. The
discrepancy between these results and the true values can be attributed
to a case of data leakage, where the model’s fine-tuning step illegitimately
had access to data from the test set.
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Figure 5.1: This is a high-level flowchart of the procedures employed in four of the five referenced visual quality papers. Video frames,
image patches, or images are input into a pre-trained deep learning network with a classification or regression head replacement. The entire
network is fined-tuned and then used as a feature extractor. The approaches differ by using the last layer or all layers as a feature source.
The feature representations are then aggregated, where appropriate, and used to train the final quality predictor.

In both CNN-SVR and CNN-LSTM, which are very close adaptations
of DeepBIQ for the field of VQA, a similar case of data leakage as in
DeepBIQ occurs, despite contrasting claims. Furthermore, an additional
case of data leakage occured, where the validation set used for fine-tuning
was not properly separated from the training set. They, therefore, do not
yield the performances as claimed. On KoNViD-1k, a large-scale VQA
dataset, the SROCCs on test sets are only 0.67 + 0.04 and 0.63 + 0.05,
respectively, instead of 0.85.

MultiGAP-NRIQA, an enhanced version of DeepBIQ suffers from a
different kind of data leakage causing illegitimate performance values
for two artificially degraded IQA datasets, KADID-10k, and TID2013. On
KADID-10k, the SROCCs on test sets are only 0.81 + 0.05, instead of 0.97
as claimed.

The published performance of DeepRN also cannot be reproduced. The
introduction of the simple types of data leakage the author revealed
in personal communication to have happened does not explain the
published results.

5.2 Video Quality Assessment based on
Multi-Level Spatially Pooled Features

Our proposed NR-VQA approach of extracting features from a pre-
trained classification network and training DNN architectures on them
has been designed to predict video quality in-the-wild. We evaluate
the potential of the MLSP features when used for training the shallow
feed-forward and recurrent networks by measuring their performance



on four widely used datasets (KoNViD-1k, LIVE-VQC, CVD2014, and
LIVE-Qualcomm) and our newly established dataset KonVid-150k. We
consider two basic scenarios, namely (1) intra-dataset, i.e. training and
testing on the same dataset, and (2) inter-dataset, i.e., training (and
validating) on our large dataset KonVid-150k and testing on another.

There are two fundamental limitations in these datasets that affect the
performance of our approach. The first one relates to the video content,
in the form of domain shifts between ImageNet and the videos in the
datasets. The other one is due to the different types of subjective video
quality ratings (labels) in the datasets, that may affect the cross-testing
performance.

First, the features in the pre-trained network have been learnt from
images in ImageNet. There are situations when the information in the
MLSP features may not transfer well to video quality assessment. Namely,
some artifacts are unique to video recordings; this is the case of temporal
degradations such as camera shake, which does not apply to photos.
Moreover, compression methods are different for videos in comparison to
images. Thus, the individual frames may show encoding-specific artifacts
that are not within the domain of artifacts present in ImageNet. Lastly,
in-the-wild videos have different types and magnitudes of degradations
compared to photos. For example, motion blur degradations can be more
prevalent and of a higher magnitude in videos compared to photos.
This could affect how well MLSP features from networks pretrained on
ImageNet transfer to VQA.

The second limitation is concerned with the subjective video quality
ratings to be predicted when cross-testing. Although there are similarities
between the rating scales used in the subjective studies corresponding
to each dataset, the ratings themselves may suffer from a presentation
bias. For example, in the case of a dataset with highly similar scenes,
but minuscule differences in degradation levels, as is the case for LIVE-
Qualcomm and CVD2014, a human observer may become very sensitive
to particular degradations. Conversely, video content becomes less critical
for quality judgments. The attention of the human observer is diverted
to parts in the video he might otherwise not have looked at, had he not
seen the same or a very similar scene many times before. Whether the
resulting subjective judgments can be regarded as fair quality values is
arguable. A human observer would rarely watch a scene multiple times
before rating the quality. This bias of subjective opinions may greatly
influence how the quality predictions trained in one setting generalize
to others. Similarly, quality scores obtained in a lab environment will be
much more sensitive to differences in technical quality than a worker in a
crowdsourcing experiment might be able to pick up. Therefore, it may be
challenging to generalize from one experimental setup to another. While
consumption of ecologically valid video content happens in a variety of
environments and on a multitude of devices, it is arguable whether one
experimental setup is superior.

Different learning-based regression models, such as Support Vector Re-
gression (SVR) or Random Forest Regression (RFR), have been employed
to predict subjective quality scores from frame features, with SVR yield-
ing generally better results [Kor19]. However, most existing works only
extract a few dozen to a few hundred features. Since SVR is sub-optimal
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when applied to very large dimensional features like our MLSP feature,
we instead train three small-capacity DNNs.

FF (Figure 5.2) A feed-forward DNN where the average feature vector
is the input of three blocks of fully connected layers with ReLU
activations, followed by batch normalization and dropout layers.

RN (Figure 5.3) A deep Long Short-Term Memory (LSTM) architec-
ture, where each LSTM layer receives the feature vector or the
hidden state of the lower LSTM layer as an input and outputs its
hidden state. This stacking of layers allows for the simultaneous
representation of input series at different time scales [HS13]. The
bottom LSTM layer can be understood as a selective memory of past
feature vectors. In contrast, each additional LSTM layer represents
a selective memory of past hidden states of the previous layer.

HYB (Figure 5.4) A two-channel hybrid of both the FF and RN variants.
The temporal channel is a copy of the RN model’s architecture,
while the second channel is a mirror of the FF network scaled up
to match the number of kernels in the temporal branch in the last
layer. The outputs of the two channels are concatenated and a small
32 kernel fully connected layer feeds into the last prediction layer.

Our tests showed that employing dropout of any kind within the recurrent
networks, such as input/output dropout or recurrent dropout, resulted
in reduced performance. We, therefore, do not employ any dropout in
these architectures.

5.2.1 Comparison to Transfer Learning

The appropriation of features obtained by training for a particular task
that is conceptually related to the target task is called transfer learning.
The naive way to perform transfer learning for tasks related to visual
features with small sets of data is removing the head of a pre-trained base-
model and replacing it with a small fully connected head. By freezing
the layers in the base-model it’s predictive power can be used to perform
well on the new task. After training this new header, it is not uncommon
to unfreeze all layers and fine-tuning the entire trained network with a
low learning rate to improve predictive power even more. However, this
approach has three important downsides.

First, the new task is trained based on the highest level features in the
base-model. These features are particularly tuned to detecting high-level
semantic features that are useful in the detection of objects present in the
image. However, for tasks such as quality, low-level features with a small
receptive field are arguably more important.

Secondly, for each forward and backward pass the entire base-model has
to be present in memory, which contain many more weights than the
header network that is being trained. Consequently, training is slowed
down a lot.

Finally, the last fine-tuning step is prone to overfitting, as the high capacity
of the base-model alone allows the network to memorize training data
rather than extracting useful general features. Careful hyperparameter
tuning is therefore required, to ensure this step is successful in improving
performance.
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The two-step strategy of feature extraction followed by training a regressor
is similar to the classical way of performing transfer learning, but much
faster. However, it is difficult to fairly assess the difference, as a lot of factors
play a role. For example, when fine-tuning an Inception-net, the speed at
which the videos are read from the hard-drive can become a bottle-neck, if
a very powerful GPU is performing the training procedure. Our proposed
approach with an Inception-ResNet-v2 as a feature extraction network
has a benefit for this scenario. Since the input data for each frame is fixed
at 16,928 floating point values, the requirements for hard-drive reading
speed are not exacerbated when using datasets with larger resolution
videos. In contrast, if the GPU used to perform the training is not as
powerful, it itself can become a bottle-neck of the system. In this case,
our proposed approach has the alternative benefit that the small network
size allows for much larger batches and quicker forward and backward
passes.

In order to quantify the difference, we compare different setups of transfer
learning and fine-tuning to our proposed two-step MLSP feature-based
training procedure on a machine that reads from an NVMe connected
SSD and trains the networks using Tensorflow 2.4.1 on an NVIDIA A100
with 40GB of VRAM. To simplify the setup, we are evaluating only the
MLSP-VQA-FF model on the pre-extracted first frames of KonVid-150k-B.
One might argue that the first frame is not as representative of the opinion
scores, but our aim is to investigate the differences in training speed,
rather than an exhaustive performance evaluation. The transfer learning
scenarios are all performed using an Inception-ResNet-v2 base-model
with our FF model sitting on top for 40 epochs. However, we compare
four slightly different scenarios:

Koncept The FF model takes the last layer of the base-model as an input,
much like the Koncept model proposed in [Hos+20a]. The weights
of the base-model are not frozen, so the entire model is fine-tuned
over the course of the training. We employ two training stages, one
with a learning rate of 1x 1073, and the second with a learning rate
of 110>,

IRNV2 Instead of fine-tuning the entire model throughout both stages, we
freeze the layers of the Inception-ResNet-v2 base-model for the first
stage, so as to avoid the large update steps caused by the random
initialisation of the header network to destroy the useful features
in it. For the second stage we unfreeze the weights in all layers.

IRNV2-MLSP As stated before, one downside of the above approaches lies in
the circumstance that the header network relies only on the top
level features as inputs. For the third comparison we concatenate
the activation layers of all Inception-modules and feed that as an
input to the header network. Here, we also freeze the base-model
weights for the first stage, and unfreeze all weights for the second
stage.

MLSP The final item in the comparison takes the MLSP features described
above as an input. This means, the model is much smaller, as the
base-model does not need to be loaded. However, the model can
not leverage the spatial information about the activations to make
it'’s prediction. No explicit weight freezing is performed in this
scenario.

These different cases are compared in Figure 5.5. The green graph,
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corresponding to the Koncept model, takes the longest to train in total
and achieves the worst validation performance at the end of the 80
epochs. The reason for the slow training in the first stage is that none
of the weights are frozen and the backpropagation step therefore takes
additional time. Both the orange IRNV2 and blue IRNV2-MLSP models
train faster by approximately 22%, as the weights are frozen in the
first stage. However, they differ in that the inclusion of all Inception-
modules in the concatenation layer for the latter increases performance
significantly. Finally, the red graph, representing the MLSP-VQA-FF
model trained on extracted MLSP features achieves the best performance
while beating the IRNV2-MLSP model in terms of speed by factor 74.
Moreover, peak performance is achieved much earlier, as the second
training stage is not required, raising the speed-up to factor 171.

However, feature extraction has to be performed once as well, which for
the first frames of KonVid-150k-B took 38 seconds. Including this time in
the comparison still renders the MLSP-VQA-FF model faster by factor 36,
when considering both training stages. This factor is dependant on input
resolutions, however with videos increasing in resolution the speed-up
will only change in favor of the MLSP-based model, as its training speed
will not change, while the training speed of the fine-tuning approach
is inversely correlated with input resolution. This shows the power of
using pre-extracted MLSP features.

Furthermore, we have observed the success of fine-tuning an Inception-
style network in this manner is very sensitive to hyperparameters, while
training the small FF network on MLSP features is fairly robust.

Table 5.1 gives an overview of some hyperparameter settings used in the
training of our MLSP-based models for the compared datasets. Mean
square error (MSE) was used as a loss function for a duration of 250
epochs, stopping early if the validation loss did not improve in the
most recent 25 epochs at an initial learning rate of 107, By default, the
MLSP-VQA-FF model was trained with a learning rate of 1072, and both
the MLSP-VQA-RN and the MLSP-VQA-HYB models were trained with
a learning rate of 107%.
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Figure 5.5: A visualization of the conver-
gence of different transfer learning tech-
niques along with information about the
training times. The solid lines depict the
first training stage of 40 epochs, where the
IRNV2 (orange) and IRNV2-MLSP (blue)
architectures have their weights frozen.
The dashed lines represent the second
training stage of 40 epochs where all mod-
els had their weights unfrozen. For the
second stage we start from the best per-
forming model according to validation
loss from the previous stage. This is the
reason for the discontinuities between the
graphs. Koncept (green) and IRNV2 con-
nect the last layer to the small header net-
work, while IRNV2-MLSP concatenates
all individual Inception-module outputs
to feed into the head. Finally, MLSP-VQA-
FF works off of extracted MLSP features,
which for this scenario took 38 seconds.



MLSP-VQA-FF MLSP-VQA-RN/-HYB
Type frames bs Ir | frames bs Ir
KoNViD-1k all 128 1072 180 128 107*
LIVE-Qualcomm all 8 1073 150 8 10~*
CVD2014 all 8 1073 | 140 8 1074
LIVE-VQC all 8 1078 150 8 1074
Proposed all 128 1072 | 180 128 107*

5.2.2 Evaluation

We first evaluate the performance of the proposed model on four existing
video datasets. KoNViD-1k and LIVE-VQC both pose the unique challenge
that they are in-the-wild video datasets, containing authentic distortions
that are common to videos hosted on Flickr. LIVE-Qualcomm contains
self-recorded scenes of different mobile phone cameras that were aimed
at inducing common distortions. CVD2014 differs from the previous
two, in that it is a dataset with artificially introduced acquisition-time
distortions. It also contains only five unique scenes depicting people.
Finally, LIVE-VQC was a collaborative effort of friends and family of the
LIVE research group that were asked to submit video files of a variety of
contents to capture diversity in capturing equipment and distortions.

We are comparing our proposed DNN models against published results
for other methods that have been thoroughly evaluated on these datasets
using SVR and RFR. Detailed information regarding the experimental
evaluation and results of the classical methods can be found in [Kor19].

We adopt a similar testing protocol by training 100 different random
splits with 60% of the data used for training, 20% used for validation,
and 20% for testing in each split. Table 5.2 summarizes the SRCC with
respect to the ground-truth for the predictions of the classical methods
(taken from [Kor19]) alongside our DNN-based approach. It is to be
noted that the random splits we used are different from the ones used
to evaluate the classical methods in [Kor19]. For brevity, we are only
reporting the results for classical methods obtained using SVR, although
four individual results are slightly improved using RFR.

The FF network outperforms the existing works on KoNViD-1k, improving
state-of-the-art SRCC from 0.80 to 0.82, while the RN and HYB models
remain competitive with an SRCC of 0.78 and 0.79, respectively. This
shows that the proposed approaches are performing close to state-of-
the-art on authentic videos with some encoding degradations. Since
the feature extraction network is trained on images with natural image
distortions, some of the extracted features are likely indicative of these
distortions, which are not unlike the video encoding artifacts introduced
by Flickr.

Existing methods had not been evaluated exhaustively on LIVE-VQC at
the time of writing. Our recurrent networks achieve 0.70 (RN) and 0.69
(HYB) SRCC, while the FF model performs at 0.72 SRCC, rendering it
competitive with state-of-the-art for the dataset. Recently, a new publica-
tion on arXiv disusses a new approach called RAPIQUE that achieves an
SRCC of 0.76 on LIVE-VQC [Tu+21]. However, this work has not yet been
peer reviewed. One of the difficulties inherent to VQC with respect to
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Table 5.1: Training settings and parame-
ters for the MLSP-VQA models.



our models is the circumstance, that it is comprised of videos of various
resolutions and aspect ratios. An evaluation of the performance of the
models with respect to the video resolutions can be found in the top
part of Figure 5.6. Since 1080p, 720p, and 404p in portrait orientation are
the predominant resolutions with 110, 316, and 119 videos, respectively,
we grouped the other resolutions into the other category. We can see
that both the FF and RN models perform worse on the 1080p and 720p
videos, whereas the HYB model performs better on the higher resolution
videos.

In the case of LIVE-Qualcomm our best performance of 0.75 SRCC of
the hybrid model is surpassed only by TLVOM with 0.78. Since the
dataset is comprised of videos containing six different distortion types,
we also evaluated the performance of the models according to each
degradation, as depicted in the middle plot of Figure 5.6. Here, we show
the deviation of the RMSE of each model for each distortion type from
the average performance in percent. Little deviation between all three
models is observed for both Exposure and Stabilization type distortions.
However, for Artifacts and Color the RN model deviates from the other
two drastically, performing worse on the former and better on the latter.
Videos in the focus degradation class show auto-focus related distortions
where parts of the video are intermittently blurry or sharp over time
and are overall the biggest challenge for our recurrent models, that both
perform over 20% worse on them than average. Finally, the Sharpness
distortion is best predicted by the recurrent networks, with the hybrid
model outperforming the pure LSTM network.
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On CVD2014, our proposed models with SRCCs of 0.77, 0.75, and 0.79
for the FF, RN and HYB models, respectively, are outperformed by both
FRIQUEE and TLVQM at 0.82 and 0.83 SRCC. CVD2014 is a dataset of
videos of two different resolutions, with artificially introduced capturing
distortions and only five unique scenes of humans and human faces. The
magnitude of the artifacts is at a level that is not commonly seen in videos
in-the-wild, and the types of defects are also not within the domain of
distortions present in ImageNet. Therefore, this is the most challenging
dataset for our approach and, consequently, the relative performance of
our approach is worse. CVD2014 is split into six subsets with partially
overlapping scenes but distinct capturing cameras. The bottom part of
Figure 5.6 shows the relative deviation of the RMSE from the mean
performance for each of these test setups. The first two setups include
videos at 640x480 pixels resolution, which are generally rated with a
lower MOS than videos in the other test setups, which could both be an
important factor in our models’ increased performance here. Although
all setups include scenes 2 and 3, scene 1 is only included in test setups 1
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Figure 5.6: Percent deviation of the mean
RMSE of the proposed models on each
of the six degradation types present in
LIVE-Qualcomm (top), each of the six test
scenarios in CVD2014 (middle), and the
different resolutions in LIVE-VQC (bot-
tom).



Table 5.2: Results of different NR-VQA metrics on different authentic VQA datasets
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in-the-wild synthetic

KoNViD-1k  LIVE-VQC LIVE-Qualcomm  CVD2014

Name SRCC (+0)  SRCC (+0) SRCC (+0) SRCC (+0)
NIQE (1 fps) 0.34 (+0.05) 0.56 (+——) 0.46 (+0.13) 0.58 (+0.10)
BRISQUE (1fps)  0.56 (+0.05)! 0.61 (+——) 0.55 (+0.10) 0.63 (x0.10)!

o CORNIA (1 fps) 0.51(+0.04) —-—(x——) 0.56 (+0.09) 0.68 (+0.09)
> V-BLIINDS 0.65 (£0.04)! 0.72 (+-—) 0.60 (+0.10) 0.70 (+0.09)!
HIGRADE (1fps) 073 (+£0.03) ——(+-—) 0.68 (+0.08) 0.74 (+0.06)
FRIQUEE (1fps)  0.74 (+0.03) ——(+——) 0.74 (+0.07) 0.82 (+0.05)
TLVQOM 078 (£0.02) ——(+——) 0.78 (+0.07) 0.83 (+0.04)
3D-CNN +LSTM? 0.80 (+-—) —— (+——) 0.69 (+——) -— (x——)

Z MLSP-VQA-FF 0.82 (+£0.02) 0.72 (+0.06) 0.71 (+0.08) 0.77 (+0.06)
% MLSP-VQA-RN 0.78 (+0.02)  0.70 (+0.06) 0.72 (+0.07) 0.75 (+0.06)
MLSP-VQA-HYB  0.79 (+0.02)  0.69 (+0.07) 0.75 (+0.04) 0.79 (+£0.05)

! Performance improves when using random forest regression.

2 The authors did not supply any standard deviations for the performance measures, and did

not evaluate the method on CVD2014.

and 2, scene 4 is only included in test setups 3 and 4, and scene 5 is solely
included in test setups 5 and 6. Since the features we use are tuned to
identify content, as we showed in Section 3.5, inclusion or exclusion of
particular scenes can have an impact on the performance of our method.
Moreover, since each test setup contains videos taken from different
cameras than the rest, it is possible that the in-capture distortions caused
by particular cameras in any individual test setup may be closer to the
types of distortions present in ImageNet.

We now consider the performance evaluation when training and testing
on our new dataset, KonVid-150k-B of 1,596 videos, each with at least
89 ratings comprising the quality score. We separate these tests from
the previous ones because, in this case, we have the option to train the
networks on the additional 150k videos in KonVid-150k-A that stem
from the same domain. From the previous experiments, it is evident that
TLVQM is the best performing classical metric on the similar domain,
given by KoNViD-1k, by a large margin. Therefore, we compare our
MLSP-VQA models only against TLVQM and the standard V-BLIINDS.

Table 5.3 summarizes the performance results. Compared to the per-
formance on KoNViD-1k, V-BLIINDS (row 1) improves slightly, while
TLVQM (row 2) performs significantly worse. Since the main differ-
ence between KoNViD-1k and this dataset is the reduced re-encoding
degradations, it appears as though the classical methods over-emphasize
their prediction on these artifacts. The third through fifth row list the
performance of our models, which outperform both classical methods,
beating TLVQM’s 0.71 SRCC with 0.83 (FF), 0.78 (RN) and 0.75 (HYB)
when trained and tested on the B variant exclusively.

Finally, the last three rows show the results from training on the large
dataset, KonVid-150k-A, with 150k videos. For these last three evaluations
a random subset of 50% of KonVid-150k-B was used for validation during
training. The remaining part of KonVid-150k-B was used for testing. We
note an additional substantial performance increase for our networks.
The FF model’s performance increases from 0.81 SRCC to 0.83, while the

82
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Table 5.3: Results of NR-VQA metrics on KonVid-150k-B. The bottom three rows describe the performance when training on the entirety of
KonVid-150k-A, using half of KonVid-150k-B as a validation set, and the other as a test set.

Name PLCC (x0) SRCC (+x0) RMSE (+0)
o V-BLIINDS (SVR) 0.68 (£0.04) 0.68 (x0.04) 0.27 (x0.02)
7 TLVQM (SVR) 0.68 (£0.12)  0.71(£0.04) 0.26 (+£0.04)
MLSP-VQA-FF 0.83 (x0.02) 0.81(x0.02) 0.26 (+0.01)
MLSP-VQA-RN 0.80 (£0.02) 0.78 (£0.02) 0.29 (+0.01)
Z MLSP-VQA-HYB 0.76 (£0.04) 0.75(+0.04) 0.32 (+0.03)
E MLSP-VQA-FF (Full) 0.86 (£0.01) 0.83 (x£0.01) 0.19 (x0.01)
MLSP-VQA-RN (Full) 0.83 (+0.01) 0.81(+0.01) 0.21(+0.01)
MLSP-VQA-HYB (Full) 0.83 (+0.01) 0.81(+0.01) 0.21 (+0.01)

RN model improves from 0.78 SRCC to 0.81. The largest performance
gain can be observed for the HYB network, as it improves from 0.75
SRCC to 0.81 SRCC as well. This demonstrates, for the first time, the
enormous potential gains that can be achieved by vast training datasets
for VQA. Although KonVid-150k-A only has MOS scores comprised of
five individual votes, by training on them and validating on the target
dataset we drastically improve performance. It is to be noted as well that
the test sets in this scenario are larger than when training and testing
solely on KonVid-150k-B. This renders the test performance to be even
more representative. However, the change in variance of the resulting
correlation coefficients can not directly be attributed to the increase in
training dataset size. The difference likely arises from the fact that the
models trained using KonVid-150k-A have the same training data, and
are therefore more likely to learn similar features. Nonetheless, this effect
should be investigated further.

5.2.3 Inter-Dataset Performance

Considering the diversity in content and distortions in KonVid-150k we
highlight the power of KonVid-150k in combination with our MLSP-
VQA models in inter-dataset testing scenarios. At the time of writing,
LIVE-VQC has not been considered in any performance evaluations
across datasets. The previously best reported cross-test performances
between the other three legacy datasets are three different combinations
of NR-VQA methods and training datasets. Specifically, TLVQM trained
on CVD2014 performs best on KoNViD-1k cross-testing with 0.54 SRCC.
V-BLIINDS trained on KoNViD-1k is the best combination for cross-
testing on LIVE-Qualcomm with 0.49 SRCC. Finally, FRIQUEE trained
on KoNViD-1k performs best when cross-testing on CVD2014 with 0.62
SRCC. Itis apparent from these results that no single NR-VQA and dataset
combination generally outperforms in inter-dataset testing scenarios.

These results are taken from [Kor18].

We evaluate the performance of our models when cross-testing on other
datasets, trained on KonVid-150k-A and validated and tested on each
50% of KonVid-150k-B. The average SRCC performances of 10 models
are reported in Table 5.4. For ease of comparison we also include the best
within-dataset performance in the first row, as well as the previous best
cross-dataset test performances as taken from [Kor18] in the second row
of the table. Although the performances between our different models
do not vary much, the results reveal some interesting findings.



Table 5.4: Inter-dataset test performance of our three models averaged over 10 splits trained on the entirety of KonVid-150k-A. The different
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splits only affect the validation and test sets, as all videos of KonVid-150k-A are used for training.

84

in-the-wild synthetic

KoNViD-1k  LIVE-VQC LIVE-Qualcomm  CVD2014

SRCC (+0) SRCC (z0) SRCC (+0) SRCC (+0)
Intra-dataset best 0.82 (£0.02) 0.72 (+0.06) 0.78 (+0.07) 0.83 (+0.04)
Prev. inter-dataset best[Kor18]  0.54 (x+——) —-—(x——) 0.49(x——) 0.62 (+——)
MLSP-VQA-FF 0.83 (£0.01)  0.75 (+£0.01) 0.64 (+0.01) 0.55 (+0.02)
MLSP-VQA-RN 0.80 (+0.01)  0.71 (+0.01) 0.61 (+0.03) 0.52 (+0.02)
MLSP-VQA-HYB 0.79 (£0.01)  0.71 (+0.01) 0.62 (+0.03) 0.52 (+0.02)

» The cross-dataset test performance of the FF model on KoNViD-1k
of 0.83 SRCC is higher than all other within-dataset test perfor-
mances and especially any cross-test setups. This again underlines
the potential power of data, even if it is annotated with lower
precision. Although KonVid-150k does not have the Flickr video
encoding artifacts present, it can predict the distorted videos of
KoNViD-1k better than training on videos taken from the same
dataset.

» Our models trained on KonVid-150k and cross-tested on LIVE-
VQC achieve state-of-the art performance and even surpass the
best within-dataset performance in the case of the FF model with
0.75 SRCC.

» On LIVE-Qualcomm the cross-dataset test performances of all our
models are slightly better than V-BLIINDS (0.60), when it is trained
and tested on LIVE-Qualcomm. Since V-BLIINDS has been the de
facto baseline method, this is a remarkable result. Additionally, for
a cross-dataset test our proposed KonVid-150k dataset shows the
best generalization to LIVE-Qualcomm, improving the previous
best 0.49 SRCC to 0.64.

» Next, our models struggle with CVD2014, as none of them beat even
the most dated classical models trained and tested on CVD2014
itself. This may be in part due to the nature of the degradations
induced in the creation of the dataset, which are not native to
the videos present in KonVid-150k. Moreover, the domain shift
between KonVid-150k and CVD2014 seems to be larger than to the
other datasets, as the previous best cross-dataset performance is
also not achieved.

The cross-test performance drops notably when testing on synthetic video
datasets. This has already been observed in the IQA domain [LHS20],
where training and testing on the same domain resulted in much higher
performance than when the source and target domains were different.
The types of distortions in individual frames of videos from two different
domains result in different characteristics of the activations of Inception-
net features, resulting in reduced performance.

5.3 Fixed Vote Budget Distribution

As described in Section 3.1.4, the choice of the number of ratings per
video is a distinguishing, yet so far unexplored factor in the design of



VQA datasets in the context of optimizing model training performance.
In order to study the effect of varying the number of ratings per video,
we trained a large set of corresponding models in two experiments. In the
first one, we increased the number of ratings to reduce the level of noise
in the training set. In the second one, we additionally introduced the
natural constraint of a vote budget, limiting the total number of ratings
to a constant.

It is common to use an equal number of votes for each stimulus so that
the MOS of the training, validation, and test sets have the same reliability,
respectively, the same level of noise. Deep learning is known to be robust
to label noise [Rol+17], however, this has been only studied when the
same amount of noise is present for all items in all parts of the dataset
(train/test/validation). Thus, the first question we investigate is:

» What impact do different noise levels in the training and validation sets
have on test set prediction performance?

More precisely, we are interested to know the change in prediction
performance when fewer votes are used for training and validating deep
learning models, compared to the number of votes used for test items.

In order to answer this question, we randomly sampledv = 1,2, 4,7, 14, 26,
and 50 votes five times for each video within KonVid-150k-B and com-
puted the corresponding MOS values (7x5 MOS per video). We then
trained our MLSP-VQA-FF model by varying both training set, and vali-
dation set MOS vote counts while keeping the test set MOS vote count at
50. For each pair of training and validation MOS, we considered twenty
random splits with 60% of the data for training, 20% for validation, and
20% for testing, with the above mentioned five versions of the MOS each.
Therefore, we trained 5 X 20 X 7 X 7 = 4900 models in total.

The graph in Figure 5.7 depicts the mean SRCC between the models’
predictions and the ground truth MOS of the test sets. Each line in this
graph represents a different number of votes comprising the validation
MOS, whereas the x-axis indicates the number of votes comprising the
training MOS. Note that the x-axis is scaled logarithmically for better
visualization. There are three key observations concerning the prediction
performance:

» The prediction performance improves as the number of votes
comprising the training MOS increases, regardless of the number
of votes used for validation.

» The performance improvements scale approximately logarithmi-
cally with the number of votes comprising the training MOS.

» The test set performance varies less due to changes in the number
of votes used for validation than it does due to the number of votes
for items in the training set.

The fact that performance improves with lower training label noise is not
surprising. Nonetheless, the gentler slope for the performance curves
beyond four votes comprising the training MOS is an indicator that the
common policy to gather 25 votes for all stimuli in a dataset may be
sub-optimal, due to diminishing returns. In fact, at approximately five
votes (1/10th of the analysed budget) the model achieves roughly 92%
of the peak performance, suggesting it to be a good trade-off between
precision and cost.
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The comparison between data splits in this experiment is not balanced,
because the data points in the graphs of Figure 5.7 correspond to different
vote budgets, ranging from 1 rating per video in one instance on the left
up to 50 per video on the right. The annotation of datasets in the lab
and also in the crowd usually is constrained by a budget in terms of
total hours of testing or overall cost of crowdsourcing. This translates
to a maximum number of votes that can be attained for a given dataset.
Therefore, the second question we investigate is:

» Given a fixed vote budget, how does the allocation of votes on the training
set affect test performance?

In other words, is it better to collect more votes for fewer stimuli, or less
votes for more videos?

In order to answer this question, we first divided KonVid-150k-B into
five disjoint test sets (each with 20% of all videos) and sampled the
same number of videos from the remaining set of KonVid-150k-B for
validation. We then considered three levels of precision at 100, 5, and
1 votes comprising the MOS of videos used in training, as well as six
vote budgets of 100,000, 25,000, 10,000, 2,500, and 1,000 votes. We built
the training sets accordingly, sampling from the remaining videos in
KonVid-150k-B first, and then adding in videos from KonVid-150k-A,
if needed, such that the smaller sets are proper subsets of the larger
variants. For the vote budget of 100,000 votes we consequently created
three training sets of 1,000, 20,000, and 100,000 videos at training MOS
precision levels of 100, 5 and 1 vote(s), respectively. It is to be noted that
the overlap between the different samples of the same sets increases as
the set size increases, as the whole KonVid-150k-B set is only comprised
of ~150,000 videos, which in turn has an effect on the standard deviation
of the predictions.

We trained both MLSP-VQA-FF and MLSP-VQA-RN on the five different
splits for all three vote budget distributions and reported the results in
Table 5.5. We give the average SRCC, PLCC, and RMSE between the
models’ predicted scores and the MOS computed by using all available
votes. There are are few key takeaways from these results:
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Figure 5.7: This plot summarizes the eval-
uation of MLSP-VQA-FF models trained
on KonVid-150k-B using different num-
bers of votes comprising the training or
validation MOS, indicated by the x axis
and the color of the graphs, respectively.
The y-axis shows the average of 20 models’
SRCC between the predicted MOS values
on the test set and the ground truth data,
which is comprised of 50 votes.



Set PLCC SRCC RMSE
1000@100 0.76 (£0.03)  0.73 (£0.04)  0.24 (+0.01)
20000@5 076 (£0.02) 0.74 (+0.03)  0.24 (+0.01)
100000@1 077 (£0.02) 0.74 (£0.03)  0.24 (+0.01)
250@100 075 (£0.01)  0.70 (+0.01)  0.26 (+0.01)
5000@5 077 (£0.02) 0.72 (+0.02)  0.25 (+0.01)
25000@1 076 (£0.02) 072 (£0.02)  0.25 (+0.01)
100@100  0.68 (£0.03) 0.62 (£0.05)  0.28 (+0.01)
2000@5  0.68 (+0.02) 0.64 (+0.03) 0.28 (+0.02)
10000@1  0.69 (£0.06) 0.66 (£0.05) 0.28 (+0.01)
25@100 0.56 (+0.08) 0.51(+0.07) 0.32 (+0.02)
500@5  0.59 (+0.04) 0.54 (£0.07) 0.34 (£0.02)
2500@1  0.57 (£0.04) 0.52 (+0.05) 0.36 (+0.04)
10@100  0.46 (£0.07) 0.41(+£0.09) 0.34 (+0.02)
200@5  0.55(+0.05) 0.50 (£0.07) 0.34 (+0.02)
1000@1  0.46 (+0.12) 0.4 (£0.10)  0.45 (+0.05)

As one would suspect, the performance drops as the total vote
budget decreases.

Surprisingly, however, the performance appears to be stable across
the different distribution strategies for budgets of more than 1,000
votes.

For smaller vote budgets a middle ground choice between MOS
precision and numbers of videos seems to be favorable, as indicated
by the 5 vote MOS distribution strategy outperforming the more
and less precise extreme strategies. This suggests that for very small
vote budgets in particular the focus should be on fewer than the
commonly suggested 30 rating MOS recommendations that are
found in literature.
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Table 5.5: Performance of our FF model
at a fixed vote budget of 100,000, 25,000,
10,000, 2,500, and 1,000 votes.



6 Conclusions

With KoNViD-1k and KonVid-150k this thesis introduced two large-scale
in-the-wild datasets for VQA in-the-wild. These datasets take a novel
approach to VQA and KonVid-150k in particular exceeds the competition
in several aspects. Not only is it two orders of magnitude larger than
previous published datasets, it is, more importantly, authentic both
in terms of variety of content types and distortions, but also due to
the compression settings of the videos. The original video files were
retrieved as the original version that was uploaded by users from Flickr,
without the default re-encoding that is generally applied by any video
sharing platform to reduce playback bandwidth costs. Additionally,
the re-encoding process considered a balance between quality and size
constraints for crowdsourcing, which was ensured by encoding the raw
video files at a quality higher than what is common for these platforms
while not exceeding a maximum file size.

The crowdsourcing study, with which subjective quality annotations
were obtained, was designed carefully to enable investigations into the
effects of different levels of label-noise and how a fixed vote budget
affects model performance. Concretely, it enabled ablation studies into
the effect of different vote budget distribution strategies, meaning that
the number of annotated videos was adjusted according to the desired
MOS precision. Under a sizeable but fixed budget, the number of votes
allocated to each video was found not to be an important factor in the
final model performance when using feature-based approaches.

Furthermore, we introduced three novel state-of-the-art no-reference
VQA methods for videos in-the-wild. The proposed learning approach,
called MLSP-VQA, outperforms the best existing VQA methods trained
end-to-end on several datasets and is substantially faster to train without
sacrificing any predictive power. This is achieved by working off of deep
features pre-extracted from prominent off-the-shelf networks trained
for object detection. By global average pooling the activation maps of
all kernels in the Inception modules of an InceptionResNet-v2 network
trained on ImageNet, a wide variety of features are extracted, ranging
from detections of oriented edges to more abstract features related
to higher order semantics of objects. These features are input to the
architectures, which, in the case of the RN and HYB variants, make use of



the temporal sequence of the frame features. In terms of training speed,
the MLSP-VQA-FF model was faster to train than naive end-to-end
transfer learning approaches by factor 36, while also achieving the overall
best performance on the introduced datasets.

Finally, this thesis extended the horizon of how different parts of the
visual quality assessment domain are related and should be considered
jointly. It was shown that a particular set of deep features are more
closely related to visual tasks than others. This was investigated by
comparing the performances of models trained on features that were
determined to be good for either an image quality prediction or image
aesthetics prediction task, with those of models trained using a balanced
set of features that are useful for both tasks. The results showed no
statistically significant difference between the models trained on native or
perceptual features, but a significant difference between models trained
on perceptual features and auxiliary features. Moreover, models trained
on these perceptual features were shown to be achieving state of the art
performance in cross-domain testing scenarios.

Similarly, for the VQA domain, by training on the entirety of KonVid-150k
the inter-dataset test performance on KoNViD-1k and LIVE-Qualcomm
was improved and is competitive in an inter-dataset setup on LIVE-
VQC. Inter-dataset performance tests can be understood to be have a
small domain-shift and an important measure for the generalizability of
models, as well as the specificity of individual datasets. The obtained
inter-dataset performance on KoNViD-1k even outperformed the intra-
dataset performance, where a model was trained and tested on the dataset
itself.

To summarize, it seems clear that one way or another, the existing
practices within the field of visual quality assessment have been focused
on a narrow set of problems. Important subjects related to scalability of
objective models, feature engineering and selection, as well as thorough
evaluation of models need to be approached with a broader perspective.
However, it remains to be seen which of the above contributions will be
most useful. T hope that this thesis will contribute to our understanding of
the strengths and weaknesses of these different approaches, and towards
the use of more diverse and powerful predictors and features.
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