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Abstract

Multimedia contents (including image/video, speealndio, graphic and so on) can be
affected by a wide variety of distortions during tbrocess of acquisition, compression,
processing, transmission, and reproduction whiameg@ly leads to loss of perceptual
quality. As a result, signal quality assessmenansimportant component in today’s
multimedia communication systems. In this thesigyceptual quality assessment
algorithms are proposed for three important tygeswaltimedia signals, namely image,
video, and speech. This involves two crucial stafgsfeature extraction/detection, and
(b) feature pooling.

The first stage calls for investigation and analysio appropriate and effective signal
features to extract meaningful information and pteva compact representation of the
signal with the regard of quality. This is cruckEcause the selected features form the
basis of the resultant quality metric. In this teesve discuss and provide detailed
analysis of features based on Singular Value Deositipn, 2D mel-cepstrum and phase
of Fourier Transform for visual quality assessmaffe analyse the advantages and
disadvantages of these features with regards aigbien accuracy and complexity. We
also investigate into mel filter bank energies eatdres for evaluating quality of noise-
suppressed speech and provide justification forr thiéectiveness via theoretical and
experimental analysis.

On the other hand, the second stage requires teendeation of appropriate weights



for fusing the features into a single score thataecurately reflect the human judgement
of perceptual quality. We tackle this by using maehearning techniques which have
been successfully employed in numerous researes &@ example in computer vision
tasks such as object localization/tracking/recogmjt but have not been adequately
addressed in the literature within the realm ofeobye quality evaluation. Their major
advantage is the introduction of a more systemptoling methodology thereby
avoiding unrealistic assumptions imposed in exgspooling methods. In this thesis, we
demonstrate that machine learning can be effeatiggiality assessment if proper signal
features are detected. We also provide insights machine learning based feature
pooling by analyzing the system trained on subjecscores which quantify human
perception.

The proposed algorithms have been validated omge laumber of subjectively rated
databases which are publicly available. We havopaed careful experimental analysis
(including within database and cross database)tasts demonstrated that the proposed
schemes overall perform better than several retewathods. The better alignment with

human perception confirms the effectiveness oftherithms proposed in this thesis.
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Chapter 1

Introduction

1.1 Background and Motivation

The explosion in the number of computers and diggatems connected by networks
such as the Internet has brought a flow of instaiotmation into a large and increasing
number of homes and businesses. Most of the infosmas in the form of digital
multimedia signals as intuitive and faithful demat of things in life and work. As a
result, products (e.g. phone cameras) and serviegs windows media players,
YouTube) based upon multimedia signals have gromameaexplosive rate. Where low-
cost telephony is concerned, VoIP has been gagriognds rapidly. Recent technologies
include cable VolP, mobile VoIP (also known as ¥ass-VolP), as well as conventional
VolP, where service providers, such as Skype andalme, have gained wide
popularity.

An important issue in multimedia communications tlgat of ensuring proper
delivery/transmission of the multimedia contentsnirthe producer to the consumer.
However, the nature of transmission channels (esgy transmission networks) and the
constraints arising out of limited resources (fostance, this prompts the need for

compression) usually lead to loss of perceptuallityuarhis in turn will lower the
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satisfaction and enjoyment level of the viewersétoners for whom these multimedia
contents are meant. Therefore signal quality asssss plays an important role in
multimedia content delivery. Subjective viewingtsesire the most reliable way of
assessing perceptual quality. However they are -tiomsuming, cumbersome,
expensive, and tend to be non-repeatable. As #,rdsy cannot be easily and routinely
performed for many scenarios involving in-servicgeal-time applications (e.g. on-line
monitoring of video quality in TV broadcasting). driefore, objective quality assessment
using computational models is an important partodfly’s multimedia communication
systems. We consider three practical scenario®moodstrate how quality metrics are
useful.

First, consider the case of signal compressiongéneral, multimedia signals in
uncompressed formats require excessive storageibapad a huge transmission bit rate.
For example, a single digital television signalionsultative Committee of International
Radio 601 format [1] requires a transmission rdt@1® Mega-bits per second. This is
unacceptably high in bit rate for most practicatgmses. Thus there is a need to reduce
the data rate via coding, before digital televisamd video can be fed into the storage
systems and communication networks. While codinguess efficiency in terms of the
information required to be transmitted, on the dside it will degrade the quality of the
received/decoded signals as perfect signal reaai&tn is usually not possible at the
decoder side. To ensure a trade-off between themga@dficiency and perceptual quality,
a quality metric forms an invaluable tool. Currgntihe PSNR is widely used as the
optimization criterion in video coding algorithms.

Second, we consider the area of information hidi@®p], [229] where secret messages

are embedded into images so that an unauthorized aennot detect the hidden
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messages. Because such an embedding process grndlddeimage quality, an image
guality assessment (IQA) metric can help in guiding optimization process between
the desired quality and the strength of the meskage embedded.

Thirdly, regarding speech, additive noise is onthefmost common factors that affects
speech quality. Hence noise-suppression is empldygegiently. For e.g., in mobile
voice communication devices [105] which are usednrenvironment with a high level
of ambient noise or in pay phones located in na@syironment (e.g., airports, busy
street). Further, to benchmark the performance iffierdnt speech enhancement
approaches [104], [224], a metric to assess thedpf the noise-suppression on the
perceptual quality is necessary [4], [106].

Due to the widespread applications, a number ofitguassessment algorithms for
image, video and speech signals have been promwsbdsed over the past years. The
Mean Squared Error/Peak Signal to Noise Ratio (MSE/R) continues to enjoy wide
acceptability as a quality metric due to its mathBoal simplicity and ease of
implementation. However, it is well known that tRSNR may not be always in
accordance with the Human Visual System (HVS)'sg@gtion [14], [230]. Consider the
two images shown in Figure 1.1 which have the s®8BIR (25.24 dB). Clearly, (a)
looks much better than (b) to the human eye argdhighlights the limitations of simple
pixel based quality measures like PSNR.

To overcome the shortcomings of PSNR, many visuality metrics have been
proposed in the literature. However, no single aisguality assessment algorithm can
perform best in all test cases (i.e. distorted @salgom multiple databases with varying
image and distortion types/levels). Furthermoreneaalgorithms perform better for

near-threshold distortions while others are goodigpra-threshold distortions.
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(b)
Figure 1.1 Two images vilie same PSNR (25.24 dB).

For example VIF metric [44] usually has excellemrfprmance for supra-threshold
distortions while VSNR [45] is more suitable for am¢hreshold distortions.
Computational complexity is another issue whichypla key role in the practical use of
a visual quality metric. For example, although thetric MAD [118] achieves good
prediction accuracy it has relatively higher congpioihal burden. Computational costs in
particular can be the major factor in determinihg suitability of a VQA method for
practical deployment. Lastly, a scalable algoritten whose performance can gracefully

adjust according to the reference image informatidh be more useful. Most of the
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existing FR algorithms are not scalable.

For speech quality assessment, the ITU has reldass&? PESQ [3] as the current
standard for intrusive (it will be soon replacedm$63 or POLQA [4]) and P.563 [5] as
the current standard for nonintrusive speech quassessment. However quality
assessment of noise-suppressed speech is chatjdiogimtrusive (i.e. FR) metrics due
to the following reasons:

* They assume that the reference signal is of pegieaity.
* The test (i.e. processed) signal is of quality ettdy than the input (i.e. reference)
signal.

The above assumptions are violated in case of +snigpression: test signal is usually
has higher quality, the reference signal (i.e. magnal) is of not perfect quality.
Therefore nonintrusive assessment is the obvidesnaktive. However, it is found that
the current ITU standard for nonintrusive speeclligu assessment (P.563) is not
accurate [9] in estimating quality of noise-suppeesspeech. Therefore, more research
effort is needed to develop a stand alone metrniagsessing the perceptual effects of
noise-suppression.

In summary, although the existing quality metriesdbeen found to be useful in many
applications, they suffer from drawbacks and thetdl exists room for further
improvement which can be explored in order to midleerelated products and services
more effective, as well as enabling new functidresdi In this thesis, we attempt to

address some of limitations of the existing visarad speech quality metrics.
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1.2 Objective and Scope of This Work

The objective of this study is to develop new mdthtor quality evaluation of image,
video and speech. To that end, we focus on thedwoial aspects in quality metric
design, namely, feature detection and feature pgoliBoth aspects are not
straightforward given the complexities and intriescinvolved in the way humans
perceive signal quality. Moreover, the human braiomprises of sophisticated
mechanisms which work in conjunction (rather thardependently) to produce
perception and our current knowledge of thesenstéd. In other words, direct and
complete modeling of human perception is difficdlherefore for a more effective and
feasible solution, it is beneficial to exploit theevant high and low level properties of
the human perception system by employing signatgssing techniques and fusing the

resultant features via data-driven methods.

1.3 Thesis Contributions

As mentioned, quality evaluation can be modeled aso-stage (for feature detection
and feature pooling) process. The key contributionthis work are towards these two
stages, and are briefly summarized as follows:

a) For the first stage (i.e., signal feature deegt we first investigate into features for
visual signals (image and video), based on Sing¢ddme Decomposition (SVD), the
phase of Fourier Transform (FT) and the two-dimemsi (2D) mel-cepstrum. We
provide analysis and justification for their use a&ssessing visual quality. In
particular, these features are effective as thegowtt for relevant high level
properties of the HVS (like sensitivity 8tructural changes). Furthermore, based on

theoretical and experimental analysis, mel filtetbanergies (FBEs) are employed
6
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as features for evaluating the quality of noisepsapsed speech. They can capture
the effects of noise injection and suppressionaeasly well and can be exploited to
guantify the effects of noise-suppression on spegghity. Our contributions to
feature detection in signal quality evaluation @niginal.

b) To address the second stage (i.e., feature n@olive employ machine learning
based feature pooling because it is more systematicthe required weights are
determined via training with substantgidound truth(i.e. subjective scores). As a
result, it helps in avoiding unrealistic assumpsiaurrently imposed in the existing
feature pooling methods. It is therefore an ativactlternative to bridge the gap
between the psychophysical ground truth and thkstieaengineering solution. We
believe it is beneficial due to following reasor() the actual feature pooling
mechanisms in the HVS are not well understood andeqcomplex to be
implemented; (2) the training process uses theestilsg viewing/listening results as
the target scores, and as a result, we can expeatimic the human perception
indirectly, given a sufficiently large training s€B) in-depth analysis of the model
developed as result of training provides insights how the system predicts quality.
Our attempts are among the early ones to explothma learning in signal quality

evaluation.

1.4 Organization of the Thesis

This thesis has been divided into 9 chapters aknedtas follows. Chapter 1 (this
chapter) gives a brief introduction about the thesncluding the background and
motivation, objective and scope, thesis contrimgiand thesis organization.

Chapter 2 describes the major related existing vaortt algorithms for assessing the
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perceptual quality of image, video and speech. \Weey the state-of-the-art quality
assessment methods and outline their advantagesstaorticomings. More specific
literature survey to each proposed technique ia thesis will be further introduced
whenever appropriate in Chapters 3-8.

Chapter 3 discusses the benefits of using SVD ikual quality assessment. With SVD,
one can account for the structural changes battéhance achieve more accurate quality
prediction.

Chapter 4 investigates feature pooling based onhmaclearning technique. Such
pooling technique is more systematic as comparexkigiing methods which tend to be
somewhat ad-hoc. It is also more convincing simgerequired weights are determined
via proper training with ground truth (i.e. subjeetscores).

Chapter 5 describes our new visual quality assestsmetric using 2D mel-cepstrum.
The relevant and useful properties of 2D mel-cestfor visual quality assessment are
discussed and exploited for more efficient quaditydiction.

Chapter 6 focuses on developing a FT based scatpiality measurement algorithm
for image and video. The proposed metric accowntshie masking effects and unequal
sensitivity of the HVS to changes in different fuegcy components.

In Chapter 7, a low complexity but effective apmiogfor VQA is introduced and
described. It uses the variation of quality alohg temporal axis as a measure of the
temporal quality.

In Chapter 8, we propose a new method for quakiseassment of noise-suppressed
speech. This approach uses mel FBEs as the spescinels. We exploit their sensitivity
to noise injection and suppression and providergteal analysis as ground for their use

in the said task.
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Lastly, Chapter 9 closes the thesis with a sumnwrythe main research work
performed and directions for further studies.
The Appendix provides the details of the subjetyivated image and video databases

used in the experimental verifications.
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Literature Survey

In this chapter, we give a brief overview of thejonaelevant existing work in image,
video and speech quality assessment. We also utdeothe two-stage procedure for
developing quality metrics and provide brief dgsiioin of the developments regarding
these two stages. In addition, we outline the diaathges of the existing methods in
order to provide the motivation for the remainihggis. For better organization, we have
divided this chapter into 3 separate sections:fonenage, one for video and the last one
for speech quality assessment (we also discusspiafic issues in quality assessment

of noise-suppressed speech).

2.1 Image Quality Assessment

The rapid proliferation of digital imaging and comnications technologies has given
rise to a growing number of applications which ¢ighages. In many cases, the end-user
receives a distorted version of the original digiaage (e.g., due to lossy compression,
digital watermarking, packet loss), and it is, #iere, necessary to quantify the visual
impact of the distortion by way of quality evaluati Generally speaking, an image
quality metric has three kinds of applications:sgint can be used to monitor image

quality for quality control. For example, an imaay&l video acquisition system can use a
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guality metric to monitor and automatically adjitself to obtain the best quality image
and video data. A network video server can use #&xamine the quality of the digital
video transmitted on the network and control viddgceaming. Second, it can be
employed to benchmark image processing systemslgodthms. Suppose we need to
select one algorithm for a specific task, then aligumetric can help to evaluate which
of them provides the best quality images. Thirdcah be embedded into an image
processing system to optimize the algorithms aegtrameter settings.

Image quality can be measured in two different wdyee first, known as subjective
guality assessment, consists of the use of humaereérs who should score image
guality during experiments. The second one is dadlgiective quality assessment which

means the use of a computational model to preaiage quality.

2.1.1 Subjective Image Quality Assessment

Subjective viewing tests are performed for variom®del design, tuning and
verification. The ITU has standardized methodsdndeict subjective viewing tests [8],
[10]-[13], [109], [161]. This promotes acceptancel dacilitates sharing of data among
various laboratories, researchers and users. HErelatdized test methods are briefly
described below:

a) Double Stimulus Impairment Scale (DSIS) Methihae reference (unimpaired image)
is displayed before the test stimulus (impairedge)aand each subject rates the test
stimulus keeping in mind of the reference. The M@&gmion Score (MOS) consists
of a five-level impairment scale: 5- imperceptible perceptible but not annoying, 3-
slightly annoying, 2- annoying, 1- very annoyingheT DSIS is usually used in
evaluating clearly visible impairments.

b) Double-Stimulus Continuous Quality-Scale (DSCQShbt The subject rates each

11
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of the reference and impaired images separatelyowitprior knowledge of which
image is the impaired one. Each subject is proviged a vertical scale on which
he/she marks the scores, which are normalized riange of O to 100. Then, the
difference between the results of the referencethedmpaired ones are calculated
as Difference Mean Opinion Scores (DMOS). This meétis often used when the
guality of test and reference stimuli are rathenilsir.

c) Single Stimulus (SS) Metho8l:single image or sequence of images is preseiftesl.
evaluation is based on either categorical or nurakscale. For the former, an image
or image sequence is assigned to one set of caegbat are defined in semantic
terms;e.g.,excellent, good, fair, poor, and bad for image ipand imperceptible,
perceptible (but not annoying), slightly annoyimgmnoying, and very annoying for
image impairment. For the latter (numerical scadeyalue is used to describe each
shown image or image sequence.

Even though subjective assessment remains as tilsé awourate way of assessing
image quality, it suffers from various drawbackatthmit its applicability. Firstly, it is
time-consuming, laborious and expensive, sincedhaltant MOSs need to be obtained
by many observers through repeated viewing sessibligseover, incorporation of
subjective viewing tests is not feasible for orelivisual signal manipulations (such as
encoding, transmission, relaying, etc.). Secondyen in situations where human
examiners are allowede.g, visual inspection in a factory environment) art t
manpower cost is not a problem, the assessmenlisrestill depend upon viewers’
physical conditions, emotional states, personaksgpce, and the context of preceding
display [17]-[19].

As a result of these limitations, it is necessarpuild computational models to predict

the evaluation of an average observer in a comsiated objective manner.
12
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2.1.2 Objective Image Quality Assessment

The simplest and most widely used objective quatigtrics are the MSE and PSNR,;
however, they can be poor predictor of visual qudll4], [230], especially when the
noise is not additive. The major reason for theraVgoor performance of MSE (or
PSNR) is its assignment of equal importance tohallchanges in a visual signal (image
or video) regardless of their perceptual signift@nObjective evaluation of picture
quality in line with the human perception is a idiilt task [15]-[19] due to the complex,
multi-disciplinary nature of the problem (related physiology, psychology, vision
research, and computer science) and the limiteérstahding of the HVS mechanisms.
There has not been a clear-cut and general scherfag shich can account for all the
related characteristics of the HVS (please ref¢t&p-[19] for recent reviews).

Objective IQA algorithms can be classified into &egories based on the amount of
information used for predicting quality: (1) Fuleéference (FR) metrics which use
complete reference image information, (2) Reduaddrence (RR) metrics which use
only partial information from the reference imagedg3) No reference (NR) metrics
which do not use any reference image informatioR. rRetrics are generally more
accurate while NR metrics although less accuratewmually distortion specific can be
used when the reference image is not availablealg&ithms are essentially a trade-off
between these two because only partial informatfdhe reference image is required.

With regards to developing an IQA algorithm, it demhandled [16]-[19] by two broad
approaches: i) the vision modeling approach andhé signal processing based or
engineering approach. These two approaches and dabeantages/disadvantages are

discussed next.
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2.1.2.1 Vision Modeling Approach

The vision modeling approach, as the name impledased on modeling various
components of the HVS. The HVS-based metrics aimirtaulate the processes of the
HVS from the eye to the visual cortex. These metare intuitive and appealing since
they attempt to account for the properties of théSHelevant to perceptual quality
assessment. The first image and video quality oeetiere developed by Mannos et al.
[20] and Lukas et al. [21]. Later the well-known B\based metrics are the Visual
Differences Predictor (VDP) [22], the Sarnoff JN2tnic [23], Moving Pictures Quality
Metric (MPQM) [24], and Perceptual Distortion Met{iPDM) [25].

Although the HVS-based metrics are attractive ieotly, they may suffer from some
drawbacks. The HVS comprises of many complex psesesg/hich work in conjunction
rather than independently, to produce visual peiaep However, the HVS-based
metrics generally utilize results from psychophgbiexperiments which are typically
designed to explore a single dimension of the H\WSaaime. In addition, these
experiments usually use simple patterns such ass,spars, and sinusoidal gratings
which are much simpler than those occurring in réalages. For instance,
psychophysical experiments characterize the maskimgnomenon of the HVS by
superposing a few simple patterns. In essenceeg thestrics suffer from drawbacks
which mainly stem from the use of simplified moddksscribing the HVS. Moreover
these metrics generally depend on the modelingeoHVS characteristics which are not
yet fully understood. While our knowledge about Hi¢S has been improving over the
years, we are still far from a complete understagdof the HVS and its intricate
mechanisms.

Furthermore, due to the complex and highly nondineature of the HVS, these

14
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metrics can be complicated and time-consuming tadsel in practice. The complexity
of these models usually leads to high computaticnat and memory requirement, even
for images of a moderate size. In addition, thechephysical experiments that underlie
many error sensitivity models are specifically desid to estimate the threshold at which
a stimulus is just barely visible. These measuhneeshold values are then used to define
visual error sensitivity measures, such as the &@&®Fvarious masking effects. However,
very few psychophysical studies indicate whetheshsoear-threshold models can be
generalized to characterize perceptual distortisigmificantly larger than threshold
levels, as is the case in a majority of image p@sicg situations. As it turns out, many of
the IQA metrics based on vision modeling approaehless effective for suprathreshold
distortions [16]-[19]. Owing to these limitationshe second approach namely the

engineering approach has gained popularity duecgnt years and is described next.

2.1.2.2 The Engineering Approach

The engineering approach is based primarily onettteaction and analysis of certain
features or artifacts in the video. These can beeestructural image elements such as
contours, or specific distortions that are intragildoy a particular processing step,
compression technology or transmission link, sugtblacking artifacts. These metrics
look at how pronounced these features are in tlag@tvideo to estimate overall quality.
This does not necessarily mean that such metrgzeghrd human vision, as they often
consider psychophysical effects as well, but imeg&ent and distortion analysis is the
conceptual basis for their design rather than forefdgal vision modeling. The metrics
developed with this approach attempt to quantifual quality based on the premise that
a high-quality image is one whose structural canf2hmost closely matches that of the

reference image.
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Reference signal

Feature pooling ;
ion—™1 - : —» Quality score
Feature extraction (Cognitive mapping) Q y

Distorted signal

Figure 2.1: Representative diagram of the engingeapproach to developing IQA/VQA
algorithms (FR and RR)

These metrics do not use low-level properties sfowi, but instead operate based on
hypotheses of what the HVS attempts to achieve whewn a distorted image.

With the engineering approach, assessment of ingagéty can be considered as a
two-stage process: (a) feature detection, (b) feghooling. A representative diagram is
shown in Figure 2.1. As for the first stage, thiected features have to be an effective
representative of visual quality variations, whilee second stage determines the
relationship among different features and the peecevisual quality. Pertaining to the
issue of feature extraction, in [26] a study wasdieted to investigate and analyze the
distortion criteria of the human viewing. It wasufal that for pictures where distortion is
greater at edges, the MSE (or one of its relatiige®ss satisfactory. Similar results have
been also demonstrated in [27]-[28], where distodi at the edges have been

1€
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differentiated. As a result, image structure nedbe accounted for effective visual
guality assessment. Therefore, during the recemtsythere has been a growing interest
to take image structure into account for picturalidy evaluation, because structural
properties play a big role in the human percepf{s], [29]-[31] as well as image
content recognition [32]. Evaluating the loss alsture is therefore expected to give
good estimate of visual quality degradation.

A well known FR metric is the SSIM [2], [33], whide mainly based on the idea of
equating the perceived image distortion to the mmessent of structural distortion. In
SSIM, the mean of quality scores of individual iredglocks gives the overall image
quality score. Some other IQA metrics [34]-[51]2]4963], [236], [239]-[242] have also
been proposed. The metric known as MSVD [37] evakiguality of each image block
based on the error in singular values.

A NR metric using the SVD of local image gradiehts been proposed in [40] and
used for proper selection of the parameters of erdemoising algorithms. The authors in
[41] proposed an SVD based method in which theerkfice between the reflection
coefficients (obtained by projecting the two imageso the right singular vectors) of the
original and distorted images are used for qualggessment. The method proposed in
[42] also projects the distorted image on the dexguectors of the original image and
uses a referee matrix of the distorted image tesssgquality. In [36], the Harris response
has been used to describe the geometric structura pixel-by-pixel basis with the
overall quality score being computed by a simpleraging over all the image pixels.
The algorithm proposed in [43] extracts structdealtures from the images. The overall
quality score is then computed as a weighted sutheofeatures where the weights have
been determined by subjective experiments.

Another FR IQA scheme known as the VIF index [44F lalso been developed. It
17
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equates perceptual quality to the amount of infeionaregarding the reference image
that can be extracted from the distorted imagedesare modeled using Gaussian scale
mixtures to measure the amount of image informatidime VSNR proposed in [45]
deals with both detectability of distortions (loewvél property of vision) and structural
degradation based on the global precedence (mel-Mesual property). Several other
transform based FR methods have also been propodedrature in various domains:
frequency domain transforms like DCT and waveld®,[discrete orthogonal transforms
[46], contourlet transform [34], [47], wave atommartsform [62], Riesz transform [63],
etc. The base idea of these methods is to comperetransformed image signal
components (of reference and distorted images)usecthe transformation will usually
help in better representation of the image sigAabther class of FR schemes employs
image gradient ([48]-[49] for instance) to quantifiyage quality and is based on the idea
that edges play an important role in perceivinggewstructure The authors in [50]-[51]
have explored the combination of multi-scale SSINE and R-SVD [41] algorithms to
assess image quality.

As for the issue of feature pooling (also knowneaor pooling), literature survey
shows that scant research effort has been dir¢éatddvelop effective cognitive models
to map the features into a quality score, withriegor reason being the complexity and
limited knowledge about the HVS. Researchers hampl@®yed techniques like simple
summation based fusion, Minkowski combination, diné.e. weighted) combination, etc.
to fuse the visual features into a quality scorej aome examples have been already
given above. These pooling techniques, howeverpgaonstraints on the relationship
between the features and the quality score. A mpimmation or averaging of features
implicitly constraints the relationship to be line&@roblems also arise with the simple

average approach when the distortion is highly moeiflerm over the image space. For
18
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example, when only a small region in an image isupted with extremely annoying
artifacts, but all other regions have high qualiyman subjects tend to pay more
attention to the low quality region and give an rallequality score lower than the
average of the quality/distortion map. A weightedhsnation requires the determination
of appropriate weighting coefficients and therenassgeneral method available for this.
Subjective experiments may be used to compute tights [43] but such a method is
less consistent and unsuitable for real-time appbas. The use of Minkowski
summation for spatial pooling of the features/exronplicitly assumes that errors at
different locations are statistically independelnt. addition, there is no systematic
method to determine the proper/optimal value of Miekowski summation exponent
and is generally determined experimentally. Anotim&thod has been developed [52],
[235] which involves weighting quality scores asnanotonic function of quality. The
weights are determined by local image content,rasgyithe image source to be a local
Gaussian model and the visual channel to be atiael@aussian model. However, there
is lack of convincing ground for these assumptions.

Recently, two pooling strategies have been prop¢Saf for the SSIM. Instead of
using a simple mean as the overall quality sctresd approaches attempt to weigh the
guality scores of different blocks based on visoglortance. The first strategy is based
on the idea that lower quality regions in imagesaat more attention than the ones with
higher quality; the second strategy uses VA to pl®weighting [54]-[58] which is
based on the idea that certain regions attract inongan attention than the others. The
strategy of feature pooling using VA while intugivnay suffer from drawbacks due to
the fact that it is not always easy to find regithmt attract visual attention. Furthermore,
improvement in quality prediction by using VA istnget clearly established and still

open to further investigations [54], [58]. One @asor this is that the perception in still
1¢
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images varies with allowed observation time [1fafis, if an observer has time long
enough to perceive an image, every point of thegan@an become the attention center
eventually. This may render direct VA based poolexs effective for perceptual IQA.

In summary, the existing feature pooling technigtessl to suffer from one or more
drawbacks and there is a need for a more systeraaticeffective feature pooling

strategy. This is one of the objectives of thislgtu

2.2 Video Quality Assessment

Like IQA, the most accurate approach to VQA is sabiye assessment. The prominent
subjective tests used for video from ITU-R Rec. #D-11 [13] and ITU-T Rec.P.910
[12] are:

a) Double Stimulus Continuous Quality SclESCQS$S [ITU-R Rec. BT.500-11] - In
this test, the reference and processed video segsiaare presented twice to the
evaluators in alternating fashion, with randomly$én order (Example: reference,
degraded, reference, degraded). At the end ofdieeising, the evaluators are asked
to rate the video quality on a continuous qualdgle of 0—100 (with O beinBadand
100 Excellen}. Multiple pairs of reference and processed videquences and of
rather short durations (around 10 seconds) are. uHeel evaluators are not told
which video sequence is the reference and whitteiprocessed.

b) Double Stimulus Impairment Sca(®SIS [ITU-R Rec. BT.500-11] - Unlike the
DSCQS, in the DSIS, the evaluators are aware gbtegentation sequence, and each
sequence is showed only once. The reference vielpaoesce is shown first followed
by the processed video sequence. The evaluat@sthatsequences on a discrete

five-level scale ranging fromery annoyingo imperceptibleafter watching the video
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d)

sequences. ITU-T Rec.P.910 has an identical methtddd Degradation Category
Rating (DCR).

Single Stimulus Continuous Quality Evaluat@SCQE [ITU-R Rec. BT.500-11] -
As the name suggests, the evaluators are only shimevprocessed video sequence,
usually of long duration (typically 20-30 minutesjhe evaluators rate the
instantaneous perceived quality on the DSCQS sddladto excellentusing a slider.
Absolute Category RatingACR [ITU-T Rec.P.910] - This is also a single stinailu
method similar to SSCQE with only the processedew@itbeing shown to the
evaluators. The evaluators provide one rating fier dverall video quality using a
discrete five-level scale ranging frddadto Excellent

Pair ComparisonPC) [ITU-T Rec.P.910] - In this method, test clipsrir the same
scene but under varying conditions, are paired linpassible combinations and

screened to the evaluators for preference judgatsmit each pair.

Due to the previously mentioned drawbacks assatwmatth subjective tests, objective

VQA has attracted significant research attentiomeicent years [64]-[72], [74]-[83]. A

straightforward and convenient approach to VQAoisise an IQA method on a frame-

by-frame basis. The global quality score is themallg determined by simple average or

Minkowski summation. Indeed, the widely used FRIigpassessment metric the PSNR

is applied on frame-by-frame basis. However, asaaly pointed out, it can be a poor

predictor of visual quality [14], [230] especialyhen the distortion is non-additive in

nature.

Unlike images, video signals carry information ospatial as well as the temporal

domain. Therefore, the frame-level averaging otiapguality alone may be insufficient

since the temporal factors crucial to VQA are djsréed. As has been noted by many

researchers, considering quality along the tempetil is an important factor for VQA
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[64]-[71], [74]-[79], [237]-[238]. Use of tempordhctors for VQA has therefore been
explored in the existing works. Like IQA, VQA mett®are also usually either vision
model based or signal processing based. Popular-b#¢8d VQA algorithms include
the MPQM [24], PDM [25] and the Sarnoff JND visiorodel [23]. All of these explore
the temporal dimension for VQA. As already hightegh in Section 2.1.2.1, the HVS
based methods are less effective [16]-[19], [3@6][ [84]-[85] for supra-threshold
distortions, i.e., the case when artifacts in tltle@ sequences are clearly visible. Due to
this limitation, another class of VQA algorithmsvieabeen explored which directly
attempt to account for features associated with ddvisual quality (like blur, blockiness
etc.). Such algorithms have been found to be b#&itesupra-threshold distortions and as
a result have received more research attentioedant years and we mention some of
them below.

The PVQM proposed in [74] combines 3 factors wtdah characterize quality namely
‘edginess' of the luminance, the normalized colosreand the temporal decorrelation.
The authors in [79] proposed a VQA algorithm calM@®M. Due to its excellent
performance in the VQEG Phase Il validation tetts,VQM was adopted as a national
standard by the American National standards IrstitANSI. In [67], temporal
distortions such as mosquito noise were modeled smporal evolution of a spatial
distortion in a scene, and visual attention medmanivas used for VQA. In [68], the
method TetraVQM was proposed where motion estimagigorithm was used to take
into account temporal errors. In this method, araégtion duration map is generated for
each frame by analyzing the motion trajectory, aedves as a weighting matrix for
spatial pooling.

The well-known IQA scheme SSIM has also been exérfdr VQA. In [77], SSIM

was employed for VQA with the use of a weightindheame that took into account
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motion information using a block motion estimat@gorithm. The method described in
[78] also used SSIM with an alternate weightingessh based on human perception of
motion information. The scheme presented in [78sUSSIM scores between the motion
compensated blocks as a measure of the tempotaitaias and this scheme is referred
to as Motion Compensated SSIM or MC-SSIM. The VSSidorithm has also been
proposed [76] which extends SSIM for VQA by estimgtan optical flow field and
calculating similarities along the trajectories.eTéuthors in [82] extended the VIF [44]
(an 1QA scheme) criterion for VQA by using tempodrivatives. Another method
known as MOVIE [66] uses Gabor filter to decomptisereference and distorted videos
into spatio-temporal bandpass channels. Motionrim&tion is computed from the
reference video sequence in optical flow fieldse Blet of Gabor filters used to compute
the spatial quality is also used to calculate @bfiow from the reference video.

Although significant research effort has been spemecent years for objective VQA,
we are still far from a practically useful VQA sche. The reason is that most VQA
schemes have very high complexity making them uakl@ for practical applications
(this is in fact the reason why PSNR continues nigmye wide popularity despite its
limitations [16]-[19]). So a low complexity VQA mebdd which can accurately mimic

HVS’s perception would be invaluable.

2.3 Speech Quality Assessment

The rapid increase in usage of speech processggithins in multi-media and
telecommunications applications raises the needggeech quality evaluation. Accurate
and reliable assessment of speech quality is tasrbing vital for the satisfaction of the

end-user or customer of the deployed speech pliogesgstems (e.g., cell phone, speech
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synthesis system, etc.). Like visual signal casssessment of speech quality can be
done using subjective listening tests or using abje quality measures. Subjective
evaluation involves comparisons of original andcessed speech signals by a group of
listeners who are asked to rate the quality of dpesong a pre-determined scale.
Objective evaluation involves a mathematical consgpar of the original and processed
speech signals. Objective measures quantify qudlify measuring the numerical
“distance” between the original and processed $gn®bjective speech quality
assessment can be done intrusively (i.e. FR) omtrosively (i.e. NR). Contrary to the
area of visual quality assessment, research intosp&ch quality assessment has
resulted in methods with acceptable predictiongrerdnce. The ITU-T released P.862
PESQ [3] as the standard for intrusive speech fyuasisessment. Because PESQ cannot
tackle noise-suppression case, it will be soonacga by P.863 POLQA [4]. However,
nonintrusive (i.e. NR) quality assessment of spegehlity has been a more active
research area. Although P.563 [5] has been stazédry the ITU-T as the standard for
nonintrusive speech quality assessment, it doeperddrm well specifically for noise-
suppression induced distortions. Therefore, iniBe@.3.2, we first analyze the specific
issues pertaining to quality assessment of noippregsed speech and propose new
solution to tackle this in Chapter 8. As a resaoillty proposed method can fill the gap in

current nonintrusive speech quality assessment.

2.3.1 Objective Quality Assessment

Early intrusive methods (similar to the FR casd@A) include SNR and segmental
SNR [86]. More sophisticated measures (e.g., [8V@ye proposed once low bitrate

speech coders, which may not preserve the origigalal waveform, were introduced.
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More recently, quality measurement research hagstxt on algorithms that exploit
models of human auditory perception. Representalgerithms include bark spectral
density (BSD) [88], perceptual speech quality meas(PSQM) [89], measuring
normalized blocks (MNB) [90]-[91], and statisticalodel-based quality measurement
[92]-[93]. The ITU-T P.862 standard, also knownREsSQ represents the current state-
of-the-art double-ended algorithm [3]. Recent redea however, has suggested
decreased PESQ performance for VolP communicatamts algorithm sensitivity to
connection parameters such as speech codec, pEiz&etpacket loss rate, and packet
loss pattern (e.g., [94]-[95]).

The main limitation of intrusive metrics is the veg@ment of the reference signal. In
many practical situations like wireless communmagi, voice over IP and other in-
service networks requiring speech quality moni@yrian intrusive approach is not
applicable because the input speech signal is uUabla In such cases a non-intrusive
(similar to the NR case of IQA) measurement whiepahds only on the altered speech
signal is desirable.

Non-intrusive evaluation, which is also termed aseference, single-ended or output
based evaluation, is a more challenging problemresihe measurement of speech quality
has to be performed with only the output speechatigf the system under test, without
using the original signal as a reference. As opgpdseintrusive measurement, non-
intrusive measurement is a more recent researdd. filen early attempt towards
nonintrusive speech quality measurement, basecherspectrogram of the perceived
signal, is presented in [97]. In [98] vector quaation codebooks were replaced by
Gaussian mixture probability models to improve duameasurement performance.
Other proposed schemes have made use of vocaln@dels [100] for single-ended

quality measurement. The method described in [¥#suGaussian Mixture Models
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(GMMs) to create an artificial reference model tonpare the degraded speech; while in
[102], speech quality is predicted by Bayesianreriee, and MMSE estimation, based
on a trained set of GMMs. A perceptually motivaspegech quality assessment algorithm
based on temporal envelope representation of spe@rhsented in [101]. In [103] a low
complexity, non-intrusive speech quality assessraeiméme has been proposed based on
features computed from commonly used speech cogia@meters (e.g. spectral

dynamics).

2.3.2 Specific Issues in Quality Assessment of Noise

Suppressed Speech

Literature survey shows that the problem of asegsguality of speech corrupted due
to codecs and transmission networks has received mesearch attention [3], [5], [97]-
[103] over the past years. Most of the existingesbequality metrics were developed for
evaluating the distortions introduced by speechecedand/or communication channels.
As mentioned, the ITU-T has also released P.862QPE$ as the current standard for
intrusive (it will be soon replaced by P.863 POLQ#) and P.563 [5] as the current
standard for nonintrusive quality assessment. Bytrest, scant research has been done
[104] to develop algorithms (intrusive or noninimgy that assess quality of noise-
suppressed speech. Furthermore, only a few stuthese examined the correlation
between objective measures and the subjectivetgulinoise-suppressed speech. The
reader is referred to [104] which reports the penfance of several intrusive methods for
assessing quality of noise-suppressed speech.

A metric for assessing quality of noise-suppresgaekbch is important since distortion

of speech signals with additive noise is one of itin@st common factors that affect
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speech quality and hence, noise-suppression isogewblfrequently. With advances in
speech communication technology, noise suppressias become essential for
applications such as human-machine interfaces &lieomatic speech recognition,
hearing aids, video conferencing, and voice-colettolsystems. Often mobile voice
communication devices employ noise-suppressioredimey are used in an environment
with a high level of ambient noise. Some other exas where severe speech quality
degradation occurs due to noise include air-grocmghmunication systems in which
aircraft cockpit noise corrupts the pilot’s speefijtary voice communication systems
which operates in noisy environment created bytéiglaircrafts, machine guns, tanks,
etc., in-car communication systems which suffeemfrcar noise, teleconferencing
systems where multi-talker babble noise comes dg. In all these scenarios, noise-
suppression is employed and therefore, a metriasgess the impact of the noise-
suppression scheme(s) with regards to quality cessary. Furthermore, such a metric
will also be useful in benchmarking the performantspeech enhancement approaches
which are widely used [104]. In addition, many emtr speech coders use noise
suppression algorithms and thus, it is crucialsgeas the impact of noise-suppression on
the perceived quality. In general, noise suppreskas applications [105] in virtually all
fields of communications (channel equalization,arasignal processing, etc.) and other
fields (pattern analysis, data forecasting, andisp Due to its practical significance,
guality assessment of noise-suppressed is an iemgoresearch problem but less
investigated.

Quality assessment of noise-suppressed speechiidimensional problem (includes
both signal and noise distortion components) aknewt by the ITU-T Recommendation
P.835 [106]. This is because the goal of noise ig3DN is to reduce the noise or the

background component without adversely affecting sheech or signal component of
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the waveform. This is difficult to be realized inaptice especially for higher levels of
noise suppression. In such cases, there is anasingedegradation in the quality of the
speech or signal component as more of the noibackground component is suppressed.
This can lead to a situation where although theeor background component has been
reduced the speech signal component has been ddgiadsuch scenarios subjects can
often become confused [106] as to what they shbaldesponding to in their ratings of
the overall quality of the waveform: while the bgodund may have been improved
because there is less noise present in the wavetbenspeech signal may have been
degraded in the process. This is the reason wH3sPMas standardized and is based on
triple notations consisting of signal quality rgtinbackground quality rating and the
overall quality rating. It aims to reduce the lis#€s uncertainty by requiring him to
successively attend to and rate the waveform anspieech signal, the background noise,
and the overall effect: speech + background. ThEIHEs also released ETSI EG 202
396-2 [107] which describes a recording and reproducsietup for realistic simulation
of background noise scenarios in lab-type enviranséor the performance evaluation
of terminals and communication systems.

As mentioned, most existing metrics were develdpedhe purpose of evaluating the
distortions introduced by speech codecs and/or aemwation channels. Therefore, their
use in assessing perceptual quality of noise-sgpptespeech is not obvious. The ITU-T
Recommendation P.862.3 [96] states that “the uséh@fcurrent intrusive algorithm
P.862 (PESQ) with systems that include noise swgpm®e algorithms is not
recommended.” The reason for this is that mosttiegisntrusive algorithms (including

PESQ) assume that the input is undistorted and th®atprocessed signal (i.e. signal

! [Online] Available at: http://www.etsi.org
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under test) is of quality no better than the in@learly these assumptions are violated in
case of noise-suppression or speech enhancemenduk to this that the ITU-T is in the
process of introducing a new standard namely ITReECommendation P.863 or POLQA
[4] which will replace PESQ. The scope of POLQA g¥his an intrusive metric includes
guality assessment of noise suppressed signalgsh@&nmtrusive method described in
ETSI EG 202 396-31 [108] objectively determines #ignal or speech quality, the
background noise quality and combines the two egrassion to obtain the overall
quality.

It may be pointed that the metrics discussed heterchine speech quality intrusively,
i.e., requiring a reference signal which may noalweays available. Usually when noise
suppression algorithms are used, only the noiselgtad signal is available, along with
its enhanced counterpart. In such cases, sincertgmal clean signal is unavailable,
intrusive methods cannot be used. By contrast, niarsive algorithms will naturally
avoid these problems since they do not requirdeaamce signal. However, it has been
found that the current nonintrusive ‘state-of-afgorithm ITU-T P.563 [5] yields low
correlation with subjective quality of noise-supgsed speech [9]. As a result of these
limitations, there is need for research into methéak quality assessment of noise-

suppressed speech.



Chapter 3

Visual Quality Assessment Using

Singular Value Decomposition

3.1 Introduction

The SVD is a useful and widely used tool of linalyebra for matrix factorization. It
has been used in many applications such as maiprogimation, noise reduction (by
using truncated SVD), data compression, analysisunfierical algorithms, computing
pseudo inverse, to list a few (the reader is reteto [110] for a tutorial on SVD). The
SVD can be employed for image processing taskssbymaing images as 2D matrices
(i.e. 2D collection of pixel values). In this chapta new SVD based visual quality
assessment algorithm is presented. The SVD of axmaelds singular vectors (these
define a set of basis images) and values (thesespmnd to the weights assigned to the
basis images). The singular vectors and valuesbearespectively used to characterize
structural and luminance changes in the visualasi¢ps elaborated in Section 3.2). The
presented scheme uses changes in singular vectbrgadues as a more comprehensive
measure of the structural and luminance changgectgely. Accordingly, it achieves

significantly better performance than the existiBYD based method [37] which
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employs only singular values. In addition, singecural changes have larger impact on
the perceived visual quality, singular vectors elotan also be used for quality
measurement with small prediction accuracy losb¢tdemonstrated in this chapter).
The remainder of this chapter is organized d®vig. Section 3.2 discusses the
theoretical and experimental aspects of charaet@viz of images by SVD. Section 3.3
describes the proposed method. In Section 3.4, esrribe the image and video
databases used in this thesis. The performanckeoproposed method is evaluated in

Section 3.5 while Section 3.6 concludes the chapter

3.2 Feature Extraction with SVD

Visual features must be extracted effectively fdbjeative perceptual quality
assessment. Various transforms like DFT, DCT, DWbOhtourlet transforms etc. can be
used. In general, any 2-D transform decomposedntiage into several basis images
weighted by transformation coefficients. Visual lifyecan be assessed by measuring the
changes in transformation coefficients [34]-[3739]. For example, in [39], image
quality was predicted by computing the differencetween frequency-domain
coefficients of the original and distorted imagEsr the frequency-domain transforms
like DFT and DCT, the basis images (accountingrfage structure) are same for all the
images, so the changes in visual signal can beuiptonly by the transformation
coefficients. On the contrary, the basis imagesS\dD are unique for each image, and
are expected to be able to represent the struofuam individual image better. Hence
any change caused in the image structure is refldot the individualized basis images
with SVD. Due to this, SVD is more advantageousdapturing structural components

in the visual signal. As stated before, effectifedentiation of structural changes is the
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prerequisite for its deserved treatments in vigpallity evaluation, in order to remedy
the mistake in MSE/PSNR and other existing metrics.
The SVD [110] of an image matrix (sizer x c) yields the left singular vector
matrixu , the right singular vector matrix and the diagonal matrix of singular valgees
X =UgV' (3.1)
such that
U=[u, u, ..u,]
Vv, v, v ]
o =diag(o,,0,,..0,)
where u; andv; are column vectors while, is a singular valuei (= 1,2,...1, | =
1,2,..c,k=1,2,..1, andt = min(r,c)). The singular values appear in descending orger,

0,>0,>..0,.

3.2.1 Analysis of singular vectors

Any row of X can be expressed as

P :zuikakvl (3.2)
X

Similarly, any column ofx can be expressed as

q; =zukakvjk (3.3)
k

Therefore, p, is a linear combination of the right singular \stv, andg; is a linear
combination of the left singular veciqr.

The matrixuv '™ can be interpreted as the ensemble of the basigesnahile the
singular values are the weights assigned to these basis imagesnidge structure can

be therefore be represented as
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X, =ZZ:uiviT (3.4)
i=1

wherez (z<t) is the number of;, andv, pairs used.

Each basis image (i.ev') specifies a layer of the image geometry and tina sf
these layers denotes the complete image strudheefirst a few singular vector pairs of

u; andv, account for the major image structure while thessgbent pairs account for

the finer details in the image. We illustrate tpgint through an example shown in
Figure 3.1 where the image size is 512 x 512 and,th- 512. We can see that the first

20 pairs ofu; andv, (i.e.z= 20 in Eq. (3.4)) capture the major image struetamd the
subsequent pairs @f andyv, signify the finedetails in image structure. As an increasing
number ofu, andv, pairs are used, the finer image structural desgufsearu andv can,

therefore, be used to represent the structuraleziesmin images.

Becausev is square, and also row-orthogonal, we can wrigeS¥D of X as
— T _ T
X _Zuikakvjk _chkvjk (3.5)
k k

We can compare this with the DFT, which decompdbes original data into an

orthogonal basis that can be expressed as follows
Xy =T 6)
We can see from Egs. (3.5) and (3.6) that SVDnslar to the DFT in the sense that
the cyclical terme”™'"is replaced by the normalized vector tevfp. Although the
coefficient matrixC = { ¢, } of SVD is orthogonal (since is orthogonal), the coefficient
matrix G = {b, } of the DFT is not orthogonal in general. Neveliss this demonstrates

that the SVD is similar to the DFT, where the basiages are determined in a very

specific way from image data rather than being giakthe outset as for the DFT.
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Original image

(€)z=30 d)z= 100 (ef 512

Figure 3.1X, as defined by Eq. (3.4) for differenvalues

In view of the analogy between SVD and DFT, thstfa few singular vectors denote
the low frequency components of the image whilesthigsequent vectors account for the
higher frequency, as can be seen from Figure 3elcalvi see that using the first 10 or 20
vectors, mainly the low frequency components arsible. The high frequency
components appear as the number of vectors isasede The major advantage of using
SVD in comparison with DFT is that the basis imagdaptively defined in Eq. (3.4)
leads to the possibility of representing the imsigecture better.

We would also like to point out that the image ctuwe represented by Eq. (3.4) is
different from the one in SSIM. The image structdedined by us in Eq. (3.4) is more
intuitive and with a physical meaning in that ilates to edges and other salient parts of

the image (for example with small valuezaf Eq. (3.4) one can only the basic structure
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and finer details appear with increasm)gOn the other hand, the testructurein SSIM
refers to the fact that pixels in natural images eorrelated or there exists statistical
similarity between nearby pixels. Accordingly inIBShe structurehas been defined as
the correlation coefficient between the referennd distorted image patches (i.e. a
higher value indicates lower damage to structurepssence, SSIM works on the idea
that any distortion will disturb this correlatiom m other words damage tis¢ructural
relationship between neighbouring pixels. Thus,tdmn structure in SSIM has more to
do with statistical properties rather than the alkctmage structure (which comprises of
say edges). As a result of its definition, the SStklicture comes into picture only when
one compares two image patches (so for a singlgenpatch structure is not defined).
On the other hand, the SVD based structure in &4) (s defined for each image (or
image patch) individually. From the perturbatioralysis theory [111]-[112]y and

v are found to be sensitive to perturbations. Theegfany changes introduced in the
image (due to distortion) affect the singular vestsignificantly. The sensitivity of
singular vectors can be exploited to assess thelveiality since the changes in visual
quality are characterized by structural changes.ekample, blur affects image structure
by damaging edges and high frequency regions. Tdrenwonly-used JPEG image
compression scheme damages structure by introdbbiaginess; JPEG-2000, which is
a more recent compression standard based on thelevavansform, makes images
blurry along the edges and in high frequency ar@asshown in Figure 3.2, different
types of distortions (added noise, blurring, anHGRIPEG-2000 compression) affect the
structure of visual signal represented byandvVv . Since the changes in adaptively
determinedJ andV account for such structural changes, they proaiteffective basis

for assessing visual quality.
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(a) Original image (b) Noisy image (c) Blurred image

| (al) rigiaIU )N0|s (cl) BurreUV

d) riginal image (e) JPEG image () JP2K image

(d1)Original UV " (e1) JPEGV (f1) IP2KIV

Figure 3.2: Structure denoted by the singular vedte.UV' in images
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Figure 3.3: Effect of changingin images

Images (i) to (o) are constructed frawnV of original ‘Lena’ image (h) and the
matrices of images from (a) to (g) respectivelyadg®m (p) is constructed frobh, V of
original ‘Lena’ image (h) and the averagesahatrices of images from (a) to (g)

3.2.2 Further analysis with singular values

The ¢ values are mainly related to the luminance changesnages, as shown in
Figure 3.3: (a) to (h) show eight test images;tdi)(o) show the ‘Lena’ image (h)
constructed with its oww andv , but using thes matrices of the other images (a) to (g)
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respectively; in (p), we also show the ‘Lena’ irmagpnstructed with its owa and
Vv and the average of images (a) to (g).

We can observe the luminance changes in the recotest ‘Lena’ images (i) to (p). A
closer examination of Figure 3.3 reveals that tmages (e) and (f) are with much
brighter and much darker luminance respectivelynmared to other images. The
corresponding luminance changes can be seen iar{chfn) which are formed from the
o matrices of images (e) and (f) respectively.

In the MSVD metric [37],6 was used on the basis that it denotes the actawigl in
an image block. Activity level is defined as theninance variation in pixels of an image
block. A high activity level represents roughnessstsong texture. Similarly, a low
activity level corresponds to smoothness or weakute. Due to its ability to
characterize luminance changeshas also been used for image texture classifitatio
[113]. To illustrate this point further, we showd x 8 blocks taken fronbikes image
(shown in Figure 3.3 (a)) of the LIVE image datab@$l5], one with a larger pixel
intensity variation (denoted bBy) and the other with a smaller variation in pixel

intensities (denoted ).

B BL

The singular values @&y andB,_ are as follows:
diag 1) = [478.75, 129.22, 64.71,40.68, 26.4, 15.42, 41835,

diag ) = [791.68, 10.42, 4.25, 2.17, 0.69, 0,0 , O]
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—— Original
35 —+— Blurred ||
—+— Moisy

>

Magnitude of singular values -—-

1 2 3 4 5 B 7 8
Index of singular values -—-=

Figure 3.4: Behavior of singularues for noise and blur distortion

The ratio of the largest to the second largestudargvalue can be used to indicate the
activity level [37]. In this example, this ratio 870 forBy (with high pixel variation)
and it is 75.97 foB_ (with low pixel variation). The extreme caseRfis a block in
which all the pixel values are equal to, say g (e variation in pixel intensity); for such
a block, the first singular value will be 8 x q ahe rest will be all zero. In this case, the
said ratio is infinite, indicating no variation ipixel luminance. Different types of
distortions bring about different changes in imagminance (with the related textural
changes) which are captured reasonably well bghheages in singular values.

As mentioned in Section 3.2.1, singular valuestheeweights for the basis images
which can also be related to the changes in thguéecy components of the image.
Consider an 8 x 8 block of thedpids image (shown in Figure 3.3 (b)) of the LIVE
image database. This block is then distorted bgenaind blur. We show the singular
values of the original, noisy and blurred blockgFigure 3.4. One can notice thatof
the noisy block has higher values than that ofathginal block and they decay slower.
We can interpreis to denote the effect of change in frequency becdhsenoise

increases the frequency and this is captured immtireaseds values. On the other hand,
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blur reduces the frequency and the reader willceotihat of blurred block have lower
values as compared to the original block and itagiecvery fast implying loss of
frequency. In view of these; also reflects the changes induced in images dubeo
distortion and thus provide useful information teoaracterize the quality. This is the

reason whys can be used for quality evaluation [37].

3.2.3 The Proposed SVD-Based Metric

Based on the analysis and reasoning in the pregectson, we observe the following:

« U andV denote the Building blocks (or basis images) while determines how
much (i.e. the weight) of each basis image is neééoleimage formation.

* In general any distortion will affeat andv ande . This has been illustrated by
visual examples shown in Figures 3.2 and ®4andvV can capture structural
changes better. However, for the special casenoiihlance change only (for example
multiplying the image by a constant), andv remain unchanged (this is similar to
gradient of the image which is not affected duesitople luminance changes) but
o can reflect such luminance changes.

 The changes iv andv are more important because they can account fomtjer
factor in quality degradation. On the other handanges ine can be used to
characterize luminance changes. As a result, clsange andv and ¢ together
provide a more comprehensive basis for visual uatisessment.

In summary of the analysis in the section above, SWD transform has two major
advantages over the other transforms for visualityuavaluation: (a) the adaptively
derived singular vectors allow better representatibimage structure, (b) the separation

of structure and luminance components enables ribeetive differentiation of their
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effects on perceptual quality (while in other tfanss, all changes are reflected in the
transform coefficients). We now describe the preposcheme.
We decompose the original image (or video framedf the original video using (3.1)
and the distorted image (or video framey as
X(d) — U(d) O.(d)v(d)T
where U? , v@ and +“ denote the left, right singular vectors and singutalue

matrices respectively fox @ .We then measure the change in singular vectors as

_ ()
a; =u;. uj 3.0

B=v;. v (3.8)

wherea; (j = 1 tot) represents the dot product between the unpedutee reference)

and the perturbed (i.e. distortgtf)left singular vectorsy;and u”) and g, denotes that
for the right singular vectors/(and v{?).

To illustrate the meaning of Eq. (3.7) (and alsoHqg. (3.8)), we take a further look at
the dot product between two vectarsand u®® (angle between them &) which is
defined as

u;. ul?=u; | |u?] cogs,) (3.9)

In the case of singular vectors, the magnitudeachevector is unity, i.¢u;| = [u!”| = 1.

Thus the dot product between the unperturbed aedoénturbed singular vectors (as

given by Egs. (3.7) and (3.8)) directly measuresdbsine of the angle between the two
singular vectors, anel <a;,B3, < 1.
We then define the feature vectoy for representing the changeun andv as follows

r=la+B| (3.10)
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Note that in the above Eq. we could also us¢+|3, | instead of4, + 3, |. However,
we found that the two yield largely similar resultfie reason is that there are many
andg; which are positive (i.e. 8 a, , g, < 1) in which cased|; |+|8,| = |a, + 5,|. We
can see that Eq. (3.10) definesdimensional vector; = {y;}(j = 1 tot). We then use

Minkowski summation and logarithmic scale to obthie quality score

Qs =log 14{(2}/;)}] (311)

ol

wherep (> 1) is the pooling exponent. A largeputs more emphasis on larggvalues.

We usedp = 2 for the experimentsQ, defined above can be used to quantify the
structural modifications. For measuring the changgngular values, we use the existing
MSVD metric in which the difference between thegsilar values of the reference and
distorted image blocks is computed. We denote tleatl quality based on change in

singular values ag,

(3.12)

where for eachi™ block we calculate

B

D, =Y {g,-0"} (3.13)

i=1
whereB defines the block size (in an image with size &fc), N = r/B x ¢/B, and

D,s Fepresents the midpoint of the sorteds.
We now combine, andQ, to obtain the overall quality score. If a lineandznation

is used, the overall composite quality metpic can be defined as
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Qe =Qs—4 Q. 18)

where 4 is a user-defined parameter (we ugedS) to cater for the different valuation
between the two. The negative sign has been intemtiun the definition ofQ. to
accommodate the opposite trend of change.irand Q, (note that higheQ, means

better visual quality while highex implies lower quality). Note that wher=0, we

have Q. =Qs i.e. the contribution from singular values is igew and quality prediction
depends only on the degradation of singular vectdssu value will be increased,
obviously the contribution fron®, will increase. We also note that the existing MSVD
method is a special case of Eq. (3.14) when theevaf & is made significantly large
(due to this there will be no contribution fro@ato the overall quality). The composite
metric Q. accounts for the changes in singular vectors ahgesahrough a simple linear
combination. The database description and the awpatal results foQ,, Q. andQ.

are presented in the next section. We also contharproposed scheme with three other

schemes, namely SSIM [2], VSNR [45], IFC [114] aM8VD [37].

3.3 Experimental Results

3.3.1 Performance Evaluation

Following the Video Quality Experts Group (VQEG)lidation methodology [81], a
nonlinear mapping between the objective model det@nd the subjective quality
ratings was also employed. This is to remove anylin@arity due to the subjective
rating process and to facilitate the comparisothefmetrics in a common analysis space.

For the experimental results reported in this olapwe fitted the objective scores to



Chapter 3. Visual Quality Assessment Using Singuklue Decomposition

subjective scores via a four-parameter cubic potyiabax*+ax*+asx+a, where @, & a
and aare determined by using the subjective scores lamaljective outputs. We used
three databases namely LIVE, TID and Toyama forluaemg and comparing the
prediction accuracy. The reader is referred to Alppendix for a description of the
databases. The Pearson correlation coefficies)t,(Spearman correlation coefficientgC
and Root Mean Square Error (RMSE) are shown inrei@ub for SSIM [2], IFC [114],

Q, (i.e. MSVD metric [37]), VSNR [45]Q, andqQ. . Further Table 3.3 reports the @r

individual distortion types. For the codes of SSIAC and VSNR, we have used the
publicly accessible Matlab package that implemeatsvariety of visual quality
assessment algorithms [170]; they are the origindes provided by the IQA algorithm
designers. The MSVD method was implemented by us.

We can see thap. generally performs better than the other metits. also observe
that the prediction performance Qf and Q.is close Q. being slightly better). The
reason is that structural changes account for #gemfactor affecting visual quality.

To assess the statistical significance of eachio®performance relative to the other
metrics, an F-test was performed on the predictiesiduals between the objective
predictions (after non-linear mapping) and the scibjye scores. Obviously smaller the
residuals, the better the metric is. The test setlaon an assumption of Gaussianity of

the residual differences. Suppasg,.... denotes the proposed metric addenotes the

other metrics to be compared.
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Table 3.1: Implications of different rangesFo¥alues.

F > Fcritical

1<F< Fcritical

l/FcriticaI <F<1

F< 1chriticaI

X has significantly larger

residuals tharQ

proposed*

Sy Qproposed IS

statistically better thaX.

F>1, bothQ

Although Q

proposed

performs better thaK since

4 andXx

propose
are statistically

indistinguishable.

Although X performs better

than Q 4posed SinCe F<1,

both Q 4 andX are

propose
statistically

indistinguishable.

X has significantly smalle

residuals tharQ ,,;oseq:

Sy Qproposed IS

statistically worse thai.

Table 3.2: F-statistics of different metrics widspect to the proposed method

Database/ LIVE Toyama TID
Metric
SSIM 1.28 1.75 1.07
IFC 0.91 1.42 1.69
MSVD (QL) 1.55 1.61 1.50
VSNR 1.09 1.17 1.48
Qs 1.12 1.14 1.11
Q. 1 1 1
Fcritical 1.18 1.41 1.12
1/ Feritical 0.84 0.70 0.89

Table 3.3: Performance comparison on individuaiodi®on types

Metric JP2K JPEG White noise Blurring Fastfading
SSIM 0.956 0.943 0.970 0.945 0.948
IFC 0.957 0.932 0.976 0.969 0.963
VSNR 0.953 0.943 0.978 0.934 0.902
MSVD (Q,) 0.941 0.926 0.979 0.919 0.891
Q. 0.952 0.951 0.984 0.962 0.949
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Figure 3.5: Performance comparison on 3 image datsh
(a) Comparison of Pearson correlation coefficierfty, Comparison of Spearman
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databases (d) Comparison of Root Mean Square tomratVE database

proposed

Let o2 and a;mm denote the variances of the residuals from mefXicand Q

respectively, and then the F-statistic with resptgt metric Q, ...« IS given by

F:ailaépmpmd. The F value is then compared with the critidastatistic (denoted as

Feriticat) Which is computed based on the number of ressdaatl the desired confidence

level, to judge ifQ and X are statistically indistinguishable. Table 3.ltdishe

proposed
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implications of different ranges &f values. For the experimental results, we have ased
99% confidence level for the calculation Bfiica Values. The values dF > Fgitical
indicated by boldfaced letters in Table 3.2 derib&t the propose@d. has significantly
smaller residuals than the corresponding metric smqQ. performs statistically better
than that metric. Since the MSVD metric (Qe) uses onlye, it is worth pointing out
that Q. Is statistically better than MSVD with all databas this demonstrates the
effectiveness of incorporatirig andV. We can also see thdtere is big margin foF to

be compared with ELiicar (even for the three cases in Table 3.2, in wikich Fiticar)-
The experimental results and the related statlstimalysis therefore confirm that the use

of U andV along withe improves the quality prediction performance siguifitly.

3.4 Concluding Remarks

In this chapter, we have investigated SVD basetlifes for visual quality assessment.
The major advantage of SVD over other transformtha the adaptively determined
singular vectors lead to a better structural repregion of the signal while singular
values can be used to measure luminance changegrdposed method has been tested
using three databases and has been found to ber lbetivery competitive with the
existing popular and relevant methods like SSIMN&S IFC and MSVD.

Although the linear combination as the fusion rinehis chapter is computationally

simpler, it may not be optimal. Further, baph and Q_themselves are computed using

simple Minkowski summation (this has its own drask®s as discussed in Section
2.1.2.2). The pooling exponepin Egs. (3.11) and (3.13) has been set to 2 lsiatain
may be sub-optimal. The parameten Eg. (3.14) is also determined empirically. We

believe that these issues can be tackled betteznigyloying machine learning based
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feature pooling. Therefore more sophisticated neefioo feature pooling using machine

learning will be explored in the next chapter (Cleagd).
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Chapter 4

Machine Learning Based Visual Feature

Pooling

4.1 Introduction

As pointed out in Chapter 2, there are two impdrtesues in objective quality
assessment: (1) feature extraction for representiegvisual signal appropriately, (2)
pooling of the features for the result to be caesiswith the HVS'’s perception of visual
quality. In the previous chapter (Chapter 3), weehdiscussed SVD based features for
assessing image and video quality. However, thdingavas still done using existing
simplistic methods which may impose undesirable stamts on the relationship
between feature changes and the visual quality.

As mentioned in Section 2.1.2.2, the existing papltechniques implicitly make
assumptions on the relative importance of distortsatistics, and there is lack of
convincing ground for these assumptions. Even tbeemecent methods such as those
based on VA have their drawbacks as detailed iti@e2.1.2.2. Overall, feature pooling
is done largely using ad-hoc methods and therefahs for further investigation and

analysis. Appropriate feature pooling is an esaknstep for perceptual quality



Chapter 4. Machine Learning Based Visual Featudifp

assessment but there is lack of physiological asgchwlogical knowledge for the
convincing modeling (the psychophysical studie$ Have been conducted in the related
field are for a single or at most two visual stim(@l.g., in frequency, orientation, etc.),
while real-world images are with many stimuli sitaumeously).

Therefore, we propose to use machine learningdkigahe complex issue of feature
pooling. It is an attractive alternative for feaysooling because such an approach is
general, more systematic and reasonable, and ldtedeanodel parameters (weights) are
estimated via training from the sufficient, avalallata (i.e., the substantial ground
truth). Given the strong theoretical foundationsd @noven success of machine learning
techniques in numerous applications (such as fatection [157], handwriting/signature
verification [158], video surveillance [159], robdutoring [160], speech quality
assessment [7] and so on), we believe that it eaexploited for perceptual quality
assessment.

In contrast to the existing pooling methods, a nreehearning technique in visual
quality evaluation helps in avoiding assumptions tbe relative significance and
relationship of different distortion statisticse(i.feature changes). There has been some
early work in applying machine learning technigdes visual quality evaluation. In
[162]-[163], objective VQA using Neural Networks Ni¥) has been reported while the
use of NNs has been demonstrated in [164]-[165]iftage cases. Overall, machine
learning in visual quality evaluation remains dargely uninvestigated area.

The rest of this chapter is organized as follomsSéction 4.2, we first describe SVD
based feature preparation for quality assessmethtirdroduce the notations. A brief
overview of SVR which we have employed for featpoeling is provided in Section 4.3.

Extensive experimental results and related anabrgghen reported in Section 4.4. We
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give the concluding remarks in Section 4.5.

4.2 SVD Based Feature Preparation

Features can be detected globally with large blarkkcally with small blocks. We
found that global SVD gives better prediction parfance than local SVD. One reason
for this is that when small blocks are employe@®&WD based feature detection they are
assumed to be completely independent which maglmatys be true. A global SVD, on
the other hand, can tackle the interaction/dependenbetween the blocks better.
Furthermore, local SVD is also disadvantageous wieed with machine learning: it
will mean much larger number of features. For inséa for block size of 16 x 16 (image
size 512 x 512) one would need 32768 dimensionelovg16384 features each for
singular vectors and values). A large feature wegtay contain redundant information
which leads to performance degradation. Theref@rglobal SVD is more effective for
our purpose. However with the global SVD approduh feature vector dimension will
depend on the image size and this will result atdee vectors of unequal dimensions for
the images in different databases. This will leadrismatch in the dimension of the
training and test feature vectors in case of coasabase evaluation (i.e. training with
images from one database and test set comes fpthbr databases as detailed later in
Section 4.5).

There are two ways to tackle the aforementionedlpros. The first way to make the
feature vector dimension equal for all images ise&ize them to a common size. This is
a straightforward solution but such an approach nrdyoduce or remove some
distortions and so the original subjective scoray mot be valid. To tackle the drawback

associated with image resizing, we use an apprioalcbtween. We divide an image into
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blocks of sizeB x B and compute the SVD for each block. Then we useatlerage of
the feature values of these blocks to define thal fifeature vector which will beB2
dimensional B features for singular vectors aBdeatures for the singular values). The
only requirement is that image size should be greatn or equal tB8 x B. For images
with smaller size, we must use smaller block sizé groceed in a similar way. We now
outline the feature detection procedure.

First, the original and distorted images are diglid&o non-overlapping blocks of size
B x B. Let us denote thi" (the total number of blocks is denotedNgs, ) block in the
original image ag, and that in the distorted imageA48. We then obtain the respective
singular values and singular vectors by applyindSVhe change in singular vectors is
measured as:

Ty =Uj. U (4.1)
By =Vi- Vi (4.2)
wherea, (j = 1 toB andk = 1 to Npocy) represents the dot product between the
unperturbed and the perturbpdleft singular vectors y,andu'®) and g, denotes that
for the right singular vectors/(and v{) of thek™ block. The reader can notice that Egs.
(4.1) and (4.2) are the same as Eqgs. (3.7) andl (@®ectively but the former use the
additional subscripk to indicate th&™ block.

Note that1 <a,.B,< 1. We then define the feature vectoyfor the K" block for

representing the change in andv as follows, after the absolute-valuation (for the

reason explained at the end of this section) amchalization (for the values to range

between 0 and 1):
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_ oy 1+ B

r
K 2

[=1toB) (4.3)

To measure the change in singular valuess(leind ¢ denote the original and
distorted singular value matrices), we $etdiag(s) and s =diag(c”) . We then define the
feature vector for representing the change in $amgualues as

T :(Sk _Slid))z (4.4)

The length ofr, andz, will be B. From Eqg. (4.4), it is easy to see that all trerents
of z, are greater than or equal to 0. It is found tbahktural images the dynamic range
of z,is very large. Therefore, we divide each element, iny the maximum value in
z, for normalization to the range [0, 1], and defihe tesultant vectors, as

=1, /maxz,) (4.5)

The feature vector for tHd" block is then defined as

X ={ o2l (4.6)
It follows that vectok, will be of length B. The final feature vector for the image is

then obtained by averaging out the features ovéhnablocks

1 N block

DX, 0.7

block k=1

X =

N

We found that the prediction errors were redusiphificantly when we used the
absolute values of, and g, in Eq. (4.3) (instead of using the actwghnd g, ), with the
explanation as follows. By definitiorl <a, .8, < 1and so(a, +8,) can be positive or

negative. Thus, two coefficients next to each ottem be of similar magnitude but
opposite sign to cause a large swing in the inpté.dThis may affect the generalization

performance of a machine learning algorithm. Theeef we have used the absolute
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values as the feature input for the machine legrstage. A similar conclusion can be
found in [233] which discusses the application &fRSfor image coding when the

absolute magnitudes of DCT coefficients were usetha input to the SVR. The reader
may also note that Eq. (4.3) is also slightly déf& from Eq. (3.10) but the two yield

largely similar results as explained in Section3d the previous chapter.

In our case, we used a block size of 128 B.e.128) and thus the feature vector for an
image will be 256 dimensional. We also experiment@ti smaller block sizes 64 x 64,
32 x 32, etc., but the prediction performance asfigdor cross database evaluation is
better at a bigger block size. There are two remgamthis observation:

(a) As already mentioned, smaller blocks may akétinto account the dependencies
or interactions among them because features aracéed for each block independent of
other blocks.

(b) With smaller block size say 8 x 8 there wal b6 features for each block and there
will be a total of 4096 blocks. It is quite possibthat in such a case the useful
information about change in quality may be supméssue to averaging over a large
number of blocks. In fact we use a machine learteéanique in the first place to avoid
such direct averaging/pooling methods. Neverthelegh a larger block size such as
128 x 128, the average of features is computed feveer blocks and therefore more
reasonable for the purpose.

The reader will note that the chosen block siz&28 x 128 can handle almost all the
existing image and video resolutions. For examghe, typical resolution for DVD,
miniDV and Digital8 is 720 x 480 while newer techogies use higher resolutions (for
instance, Blue ray uses 1280 x 720, 2K digital miaaises 2048 x 1080, and so on); the

other commonly used video resolution are CIF (85288), QCIF (176 x 144), 4 CIF
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(704 x 576), QVGA (320 x 240), VGA (640 x 480), X¥G1024 x 768), DVD NTSC
(720 x 480), DVD Pal (720 x 576), HDTV 720p (1280°20), etc. Note that for image
sizes which are not multiples of the chosen blazk,sone can use overlapping blocks
(or zero padding) to compute the averaged featawtov as outlined. We found that
overlapped blocks (or zero padding) do not havesagyificant effect on the prediction

accuracy.

4.3 Feature Pooling using SVR

Our aim is to represent the quality score Q asation of the proposed feature vector

Q#(x) (4.8)

wheref is a function relating the elementsxab the final quality score and is difficult
to be determinedpriori. To estimatd we use a machine learning approach. In this work,
we use SVR to map the high dimensional featureove@tib a perceptual quality score,
by estimating the underlying complex relationshipoag the changesin, v ,e and the
perceptual quality score. Although other choicesnchine learning techniques are
possible, we have used SVR because it is populhrnwaell established. Furthermore,
with SVR one can obtain the SVs which are critidatapoints for the SVR learning;
their analysis can provide additional insights dlibe learning problem in hand, as will
be shown later in the chapter.

The goal of SVR is to find, based on training samples. Suppose xhat the feature
vector of thei™ image in the training image sét( 1, 2...1; | is the number of training
images). In thee -SV regression [166]-[167] the goal is to find adtian f(x;) that has

the deviation of at most from the targets; (being the corresponding subjective quality
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score) for all the training data, and at the same tis as flat as possible [167]. The

function to be learned x) = W' ¢(x) + b; wherep(x) is a non-linear function of, W is
the weight vector andh is the bias term. We find the unknowwsand b from the
training data such that the error
b-f(x)|< ¢ (4.9)
for thei™ training sample Xi,s }. In SVR, a kernel functiog(x)is employed to map

the data into a higher dimensional space. We sblvéollowing optimization problem

min SW TW +C l ({i+5{) (4.10)

W& 2 —
s -(Wax) +b)< e+
(WTgx)) +b)-5 <e+&

subject to

&.4 20

whereg is the upper training erroré( is the lower training error¥ being a threshold;

%WTW is the regularization term to smooth the funct@hp(x) + b in order to avoid

overfitting; c >0, being the penalty parameter of the error term.(Eq0) can be solved
using the dual formulation to obtain the solufignb).

It has been shown in [166] that

Nsv

W = Z(nf ) o( Xi) 13)

wheren andn, (0 <7, n, < C) are the Lagrange multipliers used in the Lagrange

function optimizationC is the trade off error parameter and is the number of SVs.

For data points for which inequality (4.9) is st#id, i.e. the points which lie within the
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£ tube, the corresponding and, will be zero so that the Karush Kuhn Tucker (KKT)
conditions are satisfied [166]. The samples thate@ith nonvanishing coefficients (i.e.
non zeron, andnp,) are SVs, and the weight vectaris defined only by the SVs (not all

training data). The function to be learned therobees

nSV

(£) = W0 +b= 30 -n) o xi)' (x) +b

nSV

=> 0/ -1)K(x, ) +b (4.12)

where K&, X) = o(x) o(X) is the kernel function. In SVR, the actual leagis based
only on the critical points (i.e., the SVs). Indhlghapter, we have used the Radial Basis
Function (RBF) as the kernel which is of the fornpd$ x) = exp (p |xi —x|F) wherep is

a positive parameter controlling the radius.

4.4 Performance Evaluation

For the image case we used LIVE, TID, Toyama, IM@iermarked image database,
WIQ, CSIQ and A57 while for video case we used ERIRD LIVE video databases
(Refer to the Appendix for details). Most of thastixg visual quality metrics work only
with the luminance component of the image/videoer&fore, all experimental results
reported in this dissertation are for the luminaremmponent only (because the
luminance component plays a more significant rolehuman visual perception than

color components).We now outline the training ast procedure.

4.4.1 Test procedure

We evaluate the performance of the proposed scivetae different ways. Firstly, we
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have employed thk-fold CV strategy [168] for each database separatbe data was
split into k chunks, one chunk was used for test, and the rengaik-1) chunks were
used for training. The experiment was repeated ®aith of thé& chunks used for testing.
The average accuracy of the tests over kKhehunks was taken as the performance
measure. The splitting of the data ilkaechunks was done carefully so that the image
contents present in 1 chunk did not appear in dngh® remaining chunks (and this
chunk is used as the test set). One image corst@atfined as all the distorted versions of
an original image. As an example, consider the C&#abase which consists of 30
original images. In this case, the first chunk udgd all the distorted versions of the first
3 original images. The second chunk consistedsibdied versions of the next 3 original
images and so on. Thus, for the CSIQ database tene a total of 10 chunks each of
which comprised different image contents. In theesavay, the Toyama database (with
14 original images) was split into 7 chunks witlcleahunk comprising of 2 image
contents. The LIVE database with 29 original images split into 10 chunks with the
first 9 chunks consisting of 3 image contents eakle the last chunk included 2 image
contents. Similar splitting procedure was followedthe other databases as well. In this
way, it was ensured that images appearing in testt are not present in the training set.

In this chapter, the symbd,,, has been used for the proposed method to indibate

results fork-fold CV.

Since the proposed metric involves training, wedniefurther examine the feasibility
and robustness of such machine learning basedsystentrained image and distortion
types. To that end, we use the cross databasetiahd one database is used for training
and others are used for validation. In this theses,use the notatioQgatapaset0 denote

training with a particular database. Qgsio Quve and Qrip denote that training is done
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with the CSIQ, LIVE and TID databases respectivalgd similar notation has been
followed for other databases as well. However, saa@bases have a few images in
common, e.g., LIVE, TID and Toyama. Therefore, ve@énreported the cross database
evaluation results for the cases when none ofrttages in the training set has appeared
in the test set. This is again to ensure that yis¢em is trained and tested on entirely
different sets of images. We have also used thébsly@ cctor to denote the metric that
uses only singular vectors as the features (inttedun [179]) and we will compare its

performance withQ,, which uses both singular vectors and values as ase m

comprehensive method. Note that fQ.c.or Wwe have reported only the best results
among those obtained on training with differenabates.

A 5-parameter logistic mapping between the objectiutputs X) and the subjective
scores was employed before performance compardenused logistic function has the

following form

_ _ 1
X ‘[”1[0'5 1+9Xp(ﬂz(x-ﬂ3))J+ﬁ4X+ﬁ5

The parameterg,_. are determined by minimizing the sum of squarededdhces
between the mapped scoresand the subjective scores. The experimental resnés
reported in terms of £ Cs and RMSE, (similar to Section 3.3.2) between thigextive
score and the objective prediction (after logistamsformation). A better quality metric
has higher g Cs and lower RMSE.

We have also compared the performance of the peapgs, (with k-fold CV) with the
following existing visual quality estimators: PSN&SIM [2], MSVD [37], VSNR [45],
IFC [114], VIF [44],Quectorand the method proposed in the previous chapteréier to

it as Ref. [73] in the figures for the experimenmtzdults). The publicly available LibSVM
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software package [171] was used to implement th& S\gorithm. As we already
mentioned in Section 3.3.1 we have used the pyldictessible Matlab package [170] to
obtain the codes for SSIM, VSNR, IFC and VIF whilee MSVD method was
implemented by us. Similar to the previous chaptee, also carried out statistical

analysis to examine the statistical reliabilityre$ults obtained.

4.4.2 Visual quality prediction test

To demonstrate that the proposed method propertpusts for the distortion in
different image areas, we show 4 images in Figute Hirst we consider the “hat” part
and the “shoulder” part of the “Lena” image as aaded by the boxes in Figure 4.1 (a)
and (b). Note that the amount of noise in the ttazhs in Figure 4.1 (a) and (b) is the
same. Because the effect of white noise is unifpuaitributed, it can be observed that it
does not cause too much damage to the edge inh#té &nd thestructureis largely
preserved.

As a result, noise in the “hat” part is less anngyiOf course, there will be loss of
visual quality. On the other hand, the reader malice that the shoulder in “Lena” image
is smooth due to which the added noise is cleadiple and therefore more annoying to
the human eye. This leads to a higher level of gance in the shoulder as compared to
the hat in spite of the same amount of distortrdroduced in the two portions. We have
indicated the objective quality scores from PSNE #re propose®@rp (which means
that TID database is used as the training set)e NwtQrp will predict scores in the
form of MOS because the training database (TID) mases of MOS. Therefore, a

higherQmp means better quality.
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(@) (b)

(© (d)
PSNR = 33.897Qrp = 4.7885 PSNR = 33.17G@p = 5.4665

Figure 4.1: Perceptual effect of noise in differemage areas
(a) White noise distorted hat part, (b) White nalstorted shoulder part, (c) White noise
distorted building part and (d) White noise distdrplants part. The objective
predictions from PSNR andQ have been indicated below each image. For referenc
Qrp = 5.7966 for the image with no distortions. Thegas have been cropped for better
visibility.

One can see that PSNR predicts higher score fointhge which has noise in the
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smooth part (more annoying) as compared to ther athage which is not consistent
with HVS. In contrastQrp predicts lower score for the image with distortionthe
smooth part (shoulder) and higher score for theerotmage. Next, we consider the
images shown in Figure 4.1 (c) and (d). We haveatdd two portions in this image by
boxes. We added the same amount of WGN to thesg@onmns. As can be seen, the
distortion in the “building” part is more visiblend thus more annoying to the human eye.
On the other hand, the area with “plants” is teeduand can tolerate such distortions
[27]. In fact, the white noise in that part canheteasily noticed by the human eye. It can
be noted that PSNR gives higher score for imadéidgnre 4.1 (c) while lower score to
the image in (d) where most of the noise is nablesdue to masking. We have already
mentioned that this happens because PSNR assigias iegportance to all the errors
independent of their perceptual impact. On therdtlaed, the proposed approach is able
to capture the effect of noise masked due to texdand assigns higher score to Figure 4.1
(d) and lower score to the image in Figure 4.1 Ifcinay be mentioned that in the four
images shown in Figure 4.1, the distortion (in tase white noise) has been added in
different parts of the image. In (a) mainly the egart is distorted, in image (b) smooth
portion has been corrupted, in image (c) a visualtye salient region has been distorted
and in image (d) textured portion is distorted.

It may be further mentioned that according}ap scores given in Figure 4.1, noise in
smooth portion causes largest perceptual annoy@hgeis smallest) followed by noise
in edge regions while the perceived loss of visyality is the least in the textured
region Qrp is the largest). This confirms that the percepiogbact of distortion in
different portions is reasonably well handled bg gmoposed scheme. This demonstrates

the effectiveness of the proposed SVD based featné their proper pooling via SVR.
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The foregoing discussion and analysis was meaptaade a visual illustration of the
effectiveness of the proposed method and how itheauale distortions according to their
perceptual significance. In the following sectiaves provide the test results using a large
number of images and distortion types for a momrahgh and comprehensive metric

validation.

4.4.3 Performance evaluation on image databases

In Figure 4.2, the results for the proposgg and other existing metrics are presented.

The G values of different metrics are shown in Figur2 @), where we can see that

Q. performs well in general. We can also see thatethsting metrics do not perform

well for all the test databases. For example, we tiwat the performance of PSNR, VIF,
VSNR, SSIM, MSVD and IFC is worse on WIQ databaseesthese metrics generally
perform better for images containing single artiflcimage [44]. As aforementioned,
the images in the WIQ database can contain more dha artifact (like blocking and
ringing together in a same image) due to the compbature of a wireless
communication link. Similarly, for the A57 databaske performance of PSNR, VIF,
SSIM, MSVD and IFC is relatively poor. As can bsabkeen, VSNR which performs
well for A57 database does not perform as welll@dther databases. The IFC metric
performs well for LIVE and IVC databases but itegiction performance is worse on
is

the remaining databases. By contrast to the egistiatrics, the performance qQf

ull
more consistent across all the databases and ¢jgrmetter than all the other metrics

being compared. Recall that fQr, none of the images in the training set appeahen t

test set. Therefore, the proposed metric exhilmbsistness and training with specific

image contents is not necessary.
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It has been also found that, in general, the ptiedicperformance of the proposed
scheme is consistent over all the test chunks. Wstrate this through the performance
on the TID database which consists of 25 origimahges. Following the splitting

procedure detailed in Section 4.4.1, we obtainetitiks each with 340 images. The C

CSIQ IvC Toyama A57 TID

(b)

RMSE

174

TID
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O SSIM
B Ref [73]
@ MSVD
BVIF
BIFC
VSNR
Qvector
Qfull

WIQ

LIVE wiQ

()

Figure 4.2: Performance comparison on 7 image dath
(a) G- comparison on different image databases, (b) RMSESIQ, IVC, A57 and TID
databases and (c) RMSE for LIVE and Wig§labases

values of different metrics for each TID test cham& shown in Figure 4.3 (b).
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Figure 4.3: Performance comparison
(a) AverageACs values over the 7 image databases for differettiesgb) G values for
5 chunks of TID database
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Figure 4.4Performance comparison for 5 distortion types addosdatabases

(@) G- values for the 500 images from TID database witlisEortion types (see text for
further explanation), (b) €and G values for LIVE and EPFL video databases

65



Chapter 4. Machine Learning Based Visual Featudifp

The proposed system performs well consistentlyalbithe test chunks and is better
than the other metrics. The consistency in pramhicpierformance was similarly observed
for all the other databases. This indicates thatpftoposed system performs well across
varied images and distortions and does not show dapendency on any specific
image/distortion content. We further present thsults of the F-test in Figure 4.5.
According to Table 3.1, the points which lie abdhe Fiica boundary denote the cases
for which the proposed scheme is better and alstisstally distinguishable than the
existing metric under comparison. We can see froenfigure that a large number of
points (about 70% of them) are above Fgica boundary, indicating that the proposed

Q,, Is statistically better in comparison with the ethmetrics. The points which lie

between thé-ica curve and the lin€ = 1 (i.e. 1 <F < Fiica) denote that the cases for

which the proposed,, is still better than the corresponding metric sificel, but

statistically indistinguishable.

We note that only two points (2.8% of the casef)dalow theF = 1 boundary. In
these two cases, the proposed scheme performs wWwsethe corresponding metric
sinceF < 1, and is statistically indistinguishable fronose two metrics (VIF and VSNR
for CSIQ and A57, respectively). There is no singdee for which < 1Fgiitical, i.€., the
proposed method has not been statistically worae #ny existing metric with any
database under comparison.

Since G and G exhibit similar trends, we only show the averagéerence in G

values (with respect @ ) over the 7 image databases for the 8 existingicsein
Figure 4.3 (a). As can be seen, all A@; are positive, indicating the better performance
ofQ,, - Figure 4.2 (b) and (c) also indicate tlggf, outperforms other metrics in terms of

RMSE.
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Figure 4.5F-test plot for different image and video databdtes points above the
Fcritical boundary denote the cases for the prapesbeme to be statistically better than

the corresponding metric

4.4.4 Cross-database validation

For the cross database evaluation, we selecte8 bhggest image databases available,
namely TID (1700 images), CSIQ (866 images) andE_[V79 images), for training. As
can be seen from Table 4.1 with different databasdsaining and test sets, the proposed
method performs well across all the databases airtol thek-fold CV tests. We have
reported only the g£values in Table 4.1 sinces@nd RMSE show similar results as. C
We can also see from Table 4.1 tk&isiq gives G value of 0.7550 for TID database
which is comparable to other metrics like SSIM &8 and better than PSNR, VSNR,
IFC and MSVD. This is significant since in this eashe training set (866 images) is
only about a half of the size of the test set (1lind&ges of different visual contents). The
proposed metric also performs better than all therometrics as indicated by highes C

values achieved b®csig Quve andQrp for the WIQ database.
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Table 4.1: G values for cross-database validation

Test LIVE CSIQ IVC Toyama A57 TID WIQ
database/
Metric
Qcsio 0.9086 - 0.8828 0.8327 0.8843 0.7550 0.7764
Quve -- 0.8581 0.8877 -- 0.8807 -- 0.7314
Qo -- 0.8831 0.8755 -- 0.8854 -- 0.7580
Quatermark 0.9004 0.8267 - 0.8782 0.8064 0.7219 0.7202
Quector - 0.8525 0.7884 - 0.8223 - 0.7573

Overall, we can see from Table 4.1 that the praoghometric is consistent and gives
good prediction performance for the cross datakaakiation. We have also shown the
scatter plot for LIVE image database wiflzsig as the objective metric in Figure 4.6.
The data points corresponding to the 5 types dbdiens present in this database are
highlighted using different notations/colors. Asidae seen, the plot is compact around
the logistic fitting curve and shows low scatteriagpund it. Therefore the prediction
performance of the proposed metric is good forttal distortions as none of the data
points scatter too much around the logistic fittougve. Note that a large scatter would
imply poorer performance.

As mentioned Section 4.4, we also use the imagabdaé in which images are
distorted due to watermarking (please refer to Appendix for details). This type of
distortion is different from other commonly occugidistortions (like JPEG, blur, white
noise distortion etc.) due to the specific progggshat images undergo. We used this
database only as a training set to further conflrenrobustness of the proposed scheme
to new and untrained distortions. Similar to theviwus notationsQatermarkdenotes the
training with watermarked image database. Howewet,of 5 we only used 3 original
images and their distorted versions as the traisety This again ensures that images

used for training are excluded from the test shitste that we excluded two images
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namely monarch and ‘rapids which are present in many other databases. Asbean
seen from Table 4.1Quatermark Performs quite well. This further confirms thatadjty
degradation due to different distortion types carabsessed by exploiting the underlying
common patterns characterized by streictureloss. Note that foQyaermarkthe training
set which consists of 126 images and their cormesipg subjective scores is relatively
small as compared to test databases like TID, Ldvi#t CSIQ. Thus, the results obtained
for Quatermark @re significant because the system is trained aorapletely different
distortion to those in the test databases.

It is also worth pointing out that the subjectiveality score range is different for all the
databases. For instance, LIVE includes subjectooges as DMOS in the range 0-100
while TID gives subjective results in the form ofQ8 in the range 0-9. The IVC
database consists of MOS in the range 0-5 whil€CBK) database reports DMOS in the
range 0-1. The A57 database includes subjectivees@s DMOS in the range 0-1. Thus,
Qrp, before the logistic fitting, gaves®alue of-0.8755 for the CSIQ database, 7656
for the WIQ database an@.8752 for the A57 database. All the resulting elations
here are negative due to the fact that the systas tmained with MOS while it was
tested with DMOS, which has opposite range of wauaan quality specification.

Another aspect of note is the robustness to urgdadhstortions. For the cross database
tests, since the training and test sets come frdfereht databases, many of the
distortion types appearing in the test set are@mtesented in the training set. The good
performance 0Qcsio Quve, Qrip and Quatermark for WIQ database shows the robustness

of the proposed method to complex distortions wilaiehnot present in the training set.
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Figure 4.6: Scatter plot for the LIVE image databasth Qcsio as the objective metric

Similarly, many of the distortion types presenthe TID database do not occur in the
CSIQ database and hence thev@lue of 0.7550 given b@csiq is noteworthy. Similar
observations hold foQ, e, Qripo and Quatermark IN order to further test the robustness to
untrained distortions, we tested the images frommTilD database which were distorted
by 5 types (from the total of 17 types) of distons: image denoising, non eccentricity
pattern noise, local block-wise distortions of éifint intensity, mean shift (intensity
shift) and contrast change. These 5 distortionewaonsen since they do not appear in
any other database and also form a challengingfs#istorted images to be assessed for
visual quality. For example, consider the case @fioised images. The PSNR for a
denoised image is generally higher than that ofotiiginal noisy image but at the same
time, the denoised image may visually look worsntthe corresponding original noisy
image [120]. Hence, quality assessment of such es&gnot straightforward. The next
distortion type considered is the local block-wdistortions of different intensity. For

the first level of distortion, 16 image blocks (bkosize is 32 x 32) were distorted in each
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image, for the second level of distortion 8 blogksre distorted, for the third level of
distortion 4 blocks and for the fourth level 2 Ikeowvere distorted. Recall that for TID
database, the first distortion level correspondsechighest PSNR while the fourth level
of distortion corresponds to the lowest PSNR. K haen found that [120] an image in
which two blocks have been corrupted (i.e. the tfowlistortion level) is perceived as
having a better visual quality (although it has Bend?SNR) than the image in which 16
blocks have been corrupted (i.e. the first distortievel). This suggests that a lower
amount of distortion spread over a larger arekéyl to cause more quality degradation
than a higher amount of distortion spread over allem area. Therefore, quality
assessment of such images can be tricky for theanekikewise, contrast and intensity
changes (up to a certain level) generally do nigicathe visual quality substantially (in
spite of the presence of pixel errors) althoughRB&IR may change considerably.
Hence, images with these 5 distortion types areeaddchallenging for metrics. We
have tested these 500 images (100 images for daitte & distortion types) with the
training sets being CSI@tsiq), IVC (Qivc), WIQ (Qwig) and A57 database®(s7). By
training with these databases, it is ensured tietraining and test images are different.
We have also computed the results for the otheriecsetor comparison. We can see
from Figure 4.4 (a) that metrics like VIF, VSNR, WS and MSVD do not perform well
(Cp< 0.6 for these metrics), while the proposed schperéorms better than the other
metrics. It may be noted th@csio Qive, Qwig, andQas7 all perform quite well. This
result is significant since the IVC, WIQ and AS57talzases contain significantly less

number of images than the number of test images.
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4.4.5 Performance evaluation on video databases

The performance of the proposed method has bednaged on the video databases
using the cross database evaluation. The trainstbrayis used to predict the quality
score of each individual frame. The same proceda® also adopted for evaluating the
other metrics. In this study, the overall qualiboe of the video is determined as the
average of the scores all the frames in the vitlée.present the {Cand G values of
different metrics for the two video databases iguFé 4.4 (b). As can be sedgsio
Quve andQrp all perform better than the existing metrics undemparison. One can
also note that the LCand G values lead to similar conclusion regarding metric
performance. The RMSE values (not shown here te space) were also found to be
consistent with @and G. Since the training is done with image databaség the good
performance of our method is indicative of its gatfization ability to new
visual/distortion content. The F-test results fateo have also been indicated in Figure
4.5. For the video databases, the F values wetalatdd against residuals Qfp.

The two video databases used in this study (LIV& BRFL) represent different visual
contents since they use different original videguemces and thus provide diverse visual
contents for testing the robustness of the propadgarithm. Interestingly, we can see
from Figure 4.4 (b) that all the metrics give ralaly better performance for EPFL video
database than for the LIVE video database. Oneome&sr this is that LIVE video
database includes 4 distortion types as compareldet&PFL video database in which
the sequences are impaired only by packet lossth&noeason is that in the LIVE video
database the distortion strength has been adjpste@ptually [172]. As an example of
the perceptual adjustment, consider four labelsvismal quality (“Excellent”, “Good”,
“Fair” and “Poor”) and one reference video sequetiaactor from the LIVE video

72



Chapter 4. Machine Learning Based Visual Featudifp

database. Four MPEG-2 compressed version3raictor are chosen to approximately
match the four labels for visual quality. Similaropedure is applied to select H.264
compressed, wireless and IP distorted versions. “Hxeellent” MPEG-2 video and
“Excellent” H.264 video are designed to have thprapimately same visual quality and
similar perceptual adjustment has been made faratlstortion categories and quality
labels. On the other hand, for EPFL database, #dukgb loss rates have been fixed
apriori. It has been argued [172] that adjusting dmstortion strength perceptually, as
done for LIVE video database, is far more effectit@vards challenging and
distinguishing the performance of visual qualitytnoes than, for instance, fixing the
compression rates/packet loss rates across seguddge to these two reasons, LIVE
video database is more challenging for visual dyatetrics.

The adopted procedure of assessing video qualityslng the average quality scores of
frames takes into account the spatial informationthe video but the temporal
information is disregarded in this case. Nonetllgsthis part of the work, our aim is to
demonstrate the performance of the proposed systemntrained visual/distortion

contents.

4.4.6 Computational Complexity

In this section, we provide an indication of theeextion time of different metrics i.e.
time required for predicting quality of an imageeWheasured the average execution
time required per image in the A57 database (intagelution is 512 x 512) on a PC
with 2.40 GHz Intel Core2 CPU and 2 GB of RAM. Tal.2 shows the average time

required per image (in seconds), with all the codgdemented in Matlab.
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Table 4.2: Average execution time for different rost(in sec.).

Metrics SSIM MSVD VIF VSNR PSNR IFC Ref. [73] | Quectr | Proposed

Time 0.0454 0.6036 3.4829 0.4452 0.0037 4.4490 5.0333 1723. 1.03

We note that the proposed method is computatiomatlye expensive than metrics like
PSNR and SSIM due to the fact that SVD is companally intensive. The exact SVD
of ar x ¢ matrix has time complexit@(min{rc?rc}). However, the computational cost
and time are reduced due to the fact that we wsk lidased SVD (although block size is
large but still smaller than the full image). Fanimore, many fast and efficient
implementations of SVD are available which can leadecrease in SVD computation.
Training the SVR is of higher computational reqmieant but the model training can be
done off-line.

To give more precise estimates of the time requioedraining and testing, we present
an example below with TID as the training databaiseé A57 being the test database.
First we extract the features for the images inThe database for training the system,
and the time taken is about 1306 sec (totally tlaee 1700 images in TID database)
which means about 0.7687 sec. per image (noteirtieede size is 512 x 384 in TID
database). Next we train to obtain the maggh by training with the features extracted.
It took about 2.5776 sec. to obtain the trained ehd@rp. So the total time for
developingQqpis approximately 1309 seconds. This of course eaddveloped off-line.
Note that training time is directly proportional tiee number of training samples used.
For testing, the time required for feature extatiper image is about 1 sec. per image
(note that image size is 512 x 512 in A57 databaseneasured from the 54 images of
the A57 database (it took 53.7765 sec. for exingdine feature vectors of the 54 images

in the database). The time required for the premficof quality (after extracting the

74



Chapter 4. Machine Learning Based Visual Featudifp

features) usingQrp is negligible (only about 0.03 sec. per image)cdmse the
prediction model (in this exampl@rp) is developed off-line, it takes approximately 1
(feature extraction) + 0.03 (for prediction) = 1 €conds to predict the quality of a 512
x 512 image. The proposed method is however ha®rlas@mplexity than more

sophisticated metrics like VIF and IFC which emplegvelet decomposition.

4.4.7 Further observations

As aforementioned, SVs are the samples for whielyuality (4.9) is not satisfied, i.e.,
they lie outside the -tube. They are the critical datapoints which cancbnsidered as
the representative of the whole training set. In experiments, we observed that the
SVR algorithm tends to select the images whicheeitrave near-threshold distortions
(i.e. low distortion level) or images with much heg distortion levels as the SVs. For
example, consider the CSIQ database for which DNEJS the range [0, 1]: a DMOS
close to O implies low distortion while that clasel means high distortion as perceived
by the subjects. We have found that samples whiite whosen as the SVs for the CSIQ
database corresponded to either DMOS less thar6 @O®MOS greater than 0.846.
Similarly for the other databases, the selected &vresponded to either relatively low
or high distortion levels. This appears to be aoeable and intuitive selection of SVs
for visual quality assessment, because imageswsithlow and very high distortions are
the representative of the overall visual qualityga variations. The significance of this
can be explained based in the fact that the temaqp¥(epresents the similarity between
the SVsx; and the test image Obviously if the test image is of higher qualittyyvill
yield greater kernel similarity value (i.e. X&) will be bigger) with the SVs which

represent higher quality signal. On the other haneill have lower similarity ((i.e.
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K(x;,x) will be smaller) with the SVs representing lowafity signals.

To illustrate this point further we considered tdistorted images: (a) image with white
Gaussian noise, (b) Blurred image. The noisy invage of higher visual quality than the
blurred image. We denote the feature vector ofynomage asx, while x, denotes that
for the blurred image. We then computed the kesmeilarity scores KX;,xn) and Kéi,xp)
by measuring their distances from the Sy/Note that K;,x,) and Kéi,xp) will be ng,
(the number of SVs) dimensional vectors and theiments denote the similarity scores
of the respective image feature vectors with thes $¥ indicates no similarity and 1
means complete similarity). We show the kernel kainty of the feature vectors for
noisy and blurred images in Figure 4.7 where tlo¢ ipl (a) are the similarity scores with
the SVs corresponding lower quality images (MOS) «@ile the plot in (b) shows the
similarity with the SVs corresponding higher qualimages (MOS > 6.5). We chose
MOS < 2 and MOS > 6.5 because in TID database (OSM 9 with 0 denoting worse
quality and 9 indicating best quality.

One can observe from Figure 4.7 that the noisy ertagds to have higher similarity
with SVs corresponding to higher quality images dader similarity with SVs
corresponding to lower quality images. On the othend, blurred image shows the
opposite trend. Examination of the correspondiradiisg factors(7* -/7) (see Eq. (4.12))
reveals that they are generally large and positivethe SVs corresponding to higher
guality images. In contrast, they are either smiafiegative for the SVs corresponding to
the lower quality images. Because the final quadgre is a summation (as given by Eq.
(4.12)) of the similarity scores scaled by the esponding factor (the bias is same), this
results in a higher quality score for noisy image &éwer quality score for the blurred

image.
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Figure 4.7: Plot of kernel similarity scores
(a) Kernel similarity scores of the noisy and bégrimages with the SVs corresponding
to lower quality images (MOS<2), (b) Kernel simitgiscores of the noisy and blurred
images with the SVs corresponding to lower higheages (MOS>6.5)

Therefore the selection of SVs provides an insighgiplanation of how the system
predicts quality. This also highlights the effeetiess of the proposed SVD features
since they enable proper selection of the SVs loyalg adequate distinction between
images of different perceived qualities. We alsserbed that the number of SVs was
much smaller compared to the number of trainingasn This is advantageous from
point of view of computational requirement. The roanof SVs was found to decrease
with increasinge value which is expected since more samples fahiwithe £ -tube,
and the associated performance changes were dgraEefuexample, the experiments
with the LIVE image database show that the numbieB\s decreases from 295 for
which G = 0.9677 to as low as 54 (i.e., only 7% of datagifor which G = 0.9579.

We have a few additional remarks for the featulecs®en. First of all, the smaller
number of SVs as a result of SVR training indicaies efficiency of the proposed

feature selection and SVR formulation. Secondlywasknow, metrics MSVDQ\yector

77



Chapter 4. Machine Learning Based Visual Featudifp

and Q,, use singular values, singular vectors and thembsoation, respectively; as

demonstrated consistently in Figures 4.2-4.5, gréopmance of these three increases in
the aforementioned order with each performancesassent criteria, namely, pCGC;,
RMSE, and F-test. It can be concluded that as aedlyand expected, singular vectors
and singular values together provide a more congm&kie basis for visual quality

assessment.

4.5 Concluding Remarks

In this chapter, to tackle effective feature fusiorvisual quality evaluation, we have
proposed an SVR based metric which operates with B&ed features as the input (we
have demonstrated the effectiveness of SVD eveh wisimpler fusion rule in the
previous chapter). The feature selection basedomprehensive SVD analysis is novel,
since adaptively determined singular vectors alltwe capturing of structural
information for each image (or a frame in videoyl dhe separation of luminance and
structural information enables their differentiatitoward the assessment of perceptual
quality.

We have used SVR to result in a model for combiniregSVD features to predict the
perceptual quality score. Note that we also adopied following modifications (as
compared to the previous chapter) in implementiagroethod: (1) block-based feature
extraction so that feature vector does not depandntage size, (2) weight of SVD
values for normalization in the range [0,1] and (Biferent summation method in
comparison to Eg. (3.10) for reasons already giveSection 4.2. With the proposed
model, we have avoided apriori assumptions on tsi@rtion statistics (as an important

advantage over the existing pooling methods) angloérd the underlying common
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patterns associated with visual quality degradatwbwaracterized by structural and
luminance/textural changes (that is, training velecific visual and/or distortion content
IS not necessary). Each high dimensional featuotovevas mapped into a perceptual
quality score which is better aligned with the gahive viewing ground truth.

We have devoted a significant portion of this ckapor the experimental results and
the related analysis to provide thorough and canegground for the proposed scheme.
The proposed scheme is found to be consistenttgraatits prediction accuracy than the
eight existing metrics across all the ten publitalases which span a wide variety of
visual and distortion content. It performs well fosual and distortion content which do
not appear in the training set (within a same degatand also across different databases).
The robustness to untrained images and distort®ngucial since in practice the visual
and distortion contents are generally unknown. Glegpter also provides more insights
regarding the SVs and their role in visual quaptgdiction. Finally, as expected, the
experimental results in this chapter demonstrafgarement in prediction accuracies as

compared to non machine learning based featurengo@mployed in Chapter 3).



Chapter 5

Visual Quality Assessment with 2D Mel-

cepstrum

5.1 Introduction

In this chapter we present a new method basedeoartbineering approach to evaluate
visual quality objectively. To that end, we useudfeatures based on 2D mel-cepstrum
and machine learning for feature pooling. The 2D-ce@strum features are derived
from 2D cepstrum which has been used in the pashage registration and filtering
applications [234]. We first investigate and pravidistification for the use of the said
features in assessing visual quality. It is sholat they can be exploited to capture the
loss of important structural information which iarnt is used to quantify the loss of
visual quality. Furthermore, these features alswouact for the supra-threshold [193]
effect that plays a role in visual quality assessn(as further elaborated in Section
5.2.1).

Similar to the previous chapter (Chapter 4), we $8& for feature pooling due to the
advantages outlined earlier. Extensive experimesaaducted using six publicly

available image databases (totally 3,211 imagels diiterse distortions) and one video
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database (with 78 video sequences) demonstrateffinetiveness and efficiency of the
proposed metric, in comparison with seven relewamsting metrics. We also compare
the proposed algorithm with the SVD-based methagp@sed in the previous chapter. It
is found to be overall slightly better with regatdsprediction accuracy and as an added
advantage the new method takes less time for pheglithe quality of an image (or
video). As a result, the scheme presented in thapter is more efficient than many
existing schemes as well as our SVD-based scheme.

The remainder of this chapter is organized as VigloSection 5.2 discusses the
proposed visual quality metric detailing the feat@xtraction and pooling procedure
with proper analysis and justification. Substangaperimental results and the related
analysis are presented in Section 5.3. Sectioprevides a comparison with SVD-based
algorithm (proposed in the previous chapter). Bn&@ection 5.5 gives the concluding

remarks.

5.2 New Visual Quality Metric using 2D Mel-

cepstrum

In this section, we describe the details of thegppsed metric whose block diagram is
shown in Figure 5.1. The first step is to extrdxet 2D mel-cepstral features from both
the reference and distorted images. Then, therdrfte vector between the two feature
vectors is computed to measure the loss of straicinformation. Finally, machine

learning is used to fuse the elements of the diffee vector.
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Figure 5.1: Block Diagram of the proposed scheme

5.2.1 Feature extraction based on 2D mel-cepstrum

An error (or distortion) in different contexts magt have the same perceptual impact
on quality. For example, low pass filtering (i.éurbing) has lesser effect on the smooth
areas in an image while it has a higher impact dges. Due to this, it is important to
distinguish/differentiate error in different imagemponents. This is the reason why the
PSNR (or related metrics like MSE) is less effextiv does not separate/differentiate the
signal components because it assigns equal wetiglats the pixel errors irrespective of
their perceptual impact. Therefore, the motivatioehind feature extraction is to
separate/differentiate the image signal into ithjgonents since their contribution to the
perceived quality is different. This is a crucideps towards more effective quality
assessment because the separation of the compaméntisen allow us to treat (i.e.,
weigh) them appropriately according to their petaapsignificance. In this chapter, we
use the mel-cepstral analysis for images to extmaeaningful components from the
image signal.

Mel-cepstral analysis is one of the most successidl widely used feature extraction
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techniques in speech processing applications inmgudpeech and sound recognition
[173]. Inspired by its success in various areasuafio/speech processing, we propose its
exploitation to assess the quality of images objelst The 2D mel-cepstrum has been
proposed recently [151] and the proposed schentbeidirst attempt in the existing
literature to explore the 2D mel-cepstrum for visyaality assessment.

The 2D cepstrumi(p,q) of a 2D imagey/(ni,ny) is defined as
é(p,a)=F; " (log(1Y(uV)[) (p.1
where(p,q) denote 2D cepstral quefrency [174] coordinatgs,v) is the 2D DFT of the

image y(n;,n,) (sizeN by N) and defined as

N-1 N-1 un+vn,
Y(u,v)=— ZZy(nl,n Je ﬂ( N J (5.2)

n1 0n,=0
and F, ' denotes the 2D Inverse DFT given by

N-1 N-1 Url*"”z]

Y(uv)e Zn( N

1
= (5.3)

u=0 v=0
Direct use of frequency coefficients as featurdslva less effective in determining the
visual quality, due to the following two reasongsty, energy of natural images drops
at high frequencies (i.e. natural images have g@orow frequency components as
compared to high frequency ones). Due to thisgeffect of high frequency components
is suppressed as the bigger values of low frequeneyficients will tend to dominate.
Furthermore, the number of coefficients for the lghimage is very large (equal to
image size). Instead of direct use of frequencyfments, we use 2D mel-cepstrum in

which non-uniform weighting is employed to group frequency coefficients.
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Specifically, in 2D mel-cepstrum the DFT domairtedare divided into non-uniformly

in a logarithmic manner and the energy of eachdaomputed as

G(m,n)= Zw(k,l) Y(k,I) (5.4)

k, O B(m,n)
where B(mn) is the (mn)™ cell of the logarithmic grid corresponding to wetigv(k,l)

(bigger weight is assigned to high-frequency cogdfits) [151].

This approach is similar to the mel-cepstrum comgorn in speech processing where
the weights are assigned using a mel scale in daooe with the perception of the
human ear. Like speech signals, most natural imagesain more low frequency
information. Therefore, as mentioned, there is msigmal energy at low-frequencies
compared to high frequencies. So non-uniform waighis employed to emphasize high
frequencies. Finally, the 2D mel frequency cepst@fficientsé(p,q) are computed

using the inverse DFT (IDFT) as

é(p,a)=F, " (log(IG Mmn)[")) (5.5)

Note that in Eqg. (5.5) we have used the absolubeevaf the bin energ®(m,n) (i.e.
magnitude) and discarded phase for reasons gitenitaSection 5.3.4.

We now analyze why the 2D mel-cepstrum features fargood image representation
for visual quality assessment. Psychovisual studaes shown that edges, texture and
smooth components in images have different inflaepna quality. Apart from the
distortion in smooth areas (mainly the low frequesyt the HVS is also sensitive to
image areas containing edges [175]-[176] and insgecture in general (these usually
correspond to higher frequency components). Furtireage content recognition is
widely believed to rely on the perception of imatgtails, such as sharp edges, which are

conveyed by higher spatial frequencies [177]-[178].
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(f)
Figure 5.2: Effect of distortions on 2D mel-cepsirya) Original Lena image, (b)

blurred image, (¢) JPEG compressed image, (d) 2Bcepstrum of (a), (e) 2D mel-
cepstrum of (b) and (f) 2D mel-cepstrum of (c). Whndicates a value of 1 (the highest

strength) while black corresponds to 0 (zero stieng

Therefore edges and other higher frequency compsragso play a role [180]-[182] in
quality evaluation. For instance, the SSIM metrias hbeen improved [183] by
incorporating edge information. Some other IQA mstbased on edge information can
be found in [48]-[49], [184]-[186]. Recently imagmntours/edges have also been
explored for image utility assessment [187] whishalated to IQA. As outlined, the 2D
mel-cepstrum uses unequal weights for differerquesncy. As a result, high frequency

components can be further emphasized. This istaésceason why the 2D mel-cepstrum
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representation is suitable for face recognitionl]1&ince it highlights edges and other
facial features in a face image).

To give an illustration, we show the original ‘Lenmage, it's blurred version and
JPEG compressed version in Figure 5.2 (a), (b)(endespectively. The corresponding
2D mel-cepstrum of the images is shown below tispeetive images. We observe that
blurring mainly damages the high frequency compt®erhis can be visualized through
its 2D mel-cepstrum where the strength of high decy components is reduced. We
can also see that the strength of lower frequemyponents is increased since blur
makes the image more uniform. In the extreme casdl pixels have the same value
then we will see only one white spot exactly in temtre of the 2D mel-cepstrum (i.e.
the DC component). The case of JPEG compressiodiffisrent in that it causes
blockiness and can introduce false structure oe®dg the image. This can again be
captured from the 2D mel-cepstrum features becahse strength/magnitude of
frequency components changes due to JPEG compredsierefore, of the difference
between the 2D mel-cepstrum features of the refereand the distorted images is
expected to give a good indication of change ingenapatial content (or structural
change).

To summarize, the followings are the major advasgagf the 2D mel-cepstrum which

can be exploited for visual quality assessment:

* Because it is possible to emphasize the high fregueeomponents apart from
retaining the lower frequency ones, a more infoiveatand comprehensive
representation can be obtained. Specifically, dvjgles more details about features
like edges and contours which are important for S’ perception of visual

quality. Therefore, it is more effective as complate other transforms since more
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discriminatory and meaningful image signal compasean be extracted.

The resultant 2D mel-cepstrum sequence computeng usie IDFT has smaller
dimensions than the original image. It can theefbe viewed as perceptually

motivated dimension reduction tool which can presamage structure. That is, it
can be considered as a good trade-off betweemmggaimportant image information
and achieving dimensionality reductioRor anN by N image, using the 2D mel-

cepstrum we can obtain the dimension reducedMatg M with M < N.

We obtain decorrelated features, so the redunddotmation is discarded. This
results in a more compact numerical representatidine visual signal to characterize
its quality. Thus, the advantage of 2D mel-cepstifeatures is that they produce

representations that lie in an orthogonal space (dwsing IDFT as shown in Eq.
(5.5)).

Another advantage of 2D mel-cepstral features a #mall change in the features
corresponds to small change in perceptual quality dce-versa. This property is
especially crucial for quality prediction of imagesth near threshold (i.e. just

noticeable) distortions as will be demonstrateedrlat Section 5.3.1.

The reader will notice from Eq. (5.5) that 2D mepstrum involves the logarithms
of the squared bin energies denoted@§nmn)[°. This reduces the dynamic range of
the values and is consistent with the so-calledathpeshold or the saturation effect.
This means that the ability to perceive variationshe distortion level decreases as
the degree of distortion increases [44]-[45], [1BB39]. The logarithm operation

essentially accomplishes this desirable propertglalorated later in Eq. (5.7) and

illustrated graphically in Figure 5.3.
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 The 2D mel-cepstrum is also associated with clephssical meaning because it
essentially works in the Fourier (frequency) domaihich is a well established
method for image analysis. However, in the FoudeDCT domain one usually
discards the higher frequency components (for exadPEG compression) in order
to achieve dimension reduction. By contrast in 2&8-oepstrum, the high frequency
DFT and DCT coefficients are not discarded in arhad manner. Instead the high
frequency component cells of the 2D DFT grid ardtiplted with higher weights as
compared to the low frequency component bins ingtheé, thus resulting in more

suitable image representation for quality assessmen

Let x; andxq denote the 2D mel-cepstral features of the reteremd distorted images
respectively. The vectors andxy can be thought to represent timabral texture space
[190] of the two image signals and we use themuentjfy perceived similarity between
them. This is similar at the conceptual level teki&a like computing music similarity
[191], genre classification [192], etc. in the di@f audio/speech processing. Because our
aim is to compute quality of the distorted imagéhwespect to the reference image, we
use the absolute difference between the two featectors for computing quality of the
distorted image and define

X = | X —Xd| 5.6)

We can see that the elementxoépresent the absolute difference between the @b m
cepstrum coefficients of the reference and distbirrgages. This lendsa better physical
meaning since its elements can be thought as @regehin frequency components of the

reference image due to distortion, i.e., it accetiot the loss of spatial information.
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Sensitivity to perceivedi
variations decreases at|
high distortion levels

Perceived variation in distortion level -

1 . L . L L . L . L
0 200 400 BO0 800 1000 1200 1400 1600 1800 2000
Degree of distortion -

Figure 5.3: lllustration of the suprathreshold atusation effect

As aforesaid, suprathreshold effect implies thatdame amount of distortion becomes
perceptually less significant as the overall distor level increases. Researchers have
previously modeled suprathreshold effect usingalismpairment scales [193] that map
error strength measures through concave nonlimesarithe definition of feature vector
in Eq. (5.6) accounts for this effect and can bplared as follows. Eq. (5.6) can be
written as

X = |X —Xd|

= |F;*(log(IG, (mn)[)) — F; " (log(IG, (mn)))

4 |G, (mn)]
= FZ | r—z 7
| |:0g{|Gd (mn)| Hl 57

where G, (mn) and G, (mn) denote the bin energies from reference and distarteages
respectively. We can observe from Eq. (5.7) thatrétio of the absolute bin energies can
be regarded as the distortion measure on whichagupshold function (logarithm) has
been applied.

For a simple intuitive explanation, consider the otw quantities
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102O}zo.0198. As we can see, the difference between the

Iog{%}=0.4055 and Iog{m
numerator and denominator in the two cases is #mes(it is 20). However, the
perceived change is smaller in the second cases Shiuration effect is visually
exemplified in Figure 5.3.

As mentioned before, the feature vectas effective in characterizing the loss of image
structure. To illustrate this point further, we 8h@ images in Figure 5.4. In this Figure,
image (a) is the original image taken from the LI\fBage database [115], while the
images (b), (c) and (d) have been obtained byibmithe original image with increasing
blur levels; images (e), (f) and (g) have beenegated by JPEG compression of the
original image with increasing compression leveds. can be seen, the increasing
blurring reduces the high frequency content ofdhginal image and destroys its spatial
information. Similarly in JPEG compression the hfggqquency components are largely
removed owing to non-uniform quantization and tleiads to loss of visual quality as
shown in the second row of Figure 5.4. We also aget the difference vector for
each distorted image with respect to the origimege; next, we obtained the sum of the
elements of the respective feature vector for @aaye and the same has been indicated
below each respective image. We find that the sutarge for the heavily blurred image
(Figure 5.4 (d)), i.e., indicating higher loss patial information, while it is small for the
less blurred image. A similar trend can be seertferJPEG distorted images. That is,
we get an indication of the loss of spatial infotima due to artifacts like blur and JPEG
compression which can damage image structure. Qfsepa simple summation of the
elements of feature vector alone will be insufintidor determining overall quality

especially in case of complex and diverse distortypes.

9C



Chapter 5. Visual Quality Assessment with 2D Mgdsteum

(b) () (d)
19.8260 21.634

(f) (9)
6.4457 8.8806 18.4224

Figure 5.4: Indication of the amount of spatiabmhation lost
(a) Original image, (b) low blurring, (c) mediunubling, (d) high blurring, (e) low
JPEG compression level, (f) medium JPEG compredsiat and (g) high JPEG
compression level. The number below each respeictimge denotes the sum of the
elements of the feature vector defined in Eq. (5A@)igger number denotes more loss of

spatial information i.e. higher distortion.

Nevertheless, this analysis indicates that thaifeatectorx defined in Eq. (5.6) can be
expected to be effective for assessing the extestrocture damage or the change in
image spatial information because of the exterealupbation (distortion). Furthermore,

X can be used to assess quality independent ofisharttbn or image content and the
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reason is as follows. Different types of distorSoaffect visual quality in a largely
similar fashion: by introducing structural changesschange in spatial contents) that lead
to different extents of perceived quality degramatiThat is, even thoughdoes not take
into account the effects of different distortionsplkcitly, the perceptual annoyance
introduced by them is expected to be captured redidp well. Due to the existence of
the underlying common patterns associated withityudegradation, machine learning
can be exploited to develop a general model byiegrthrough examples. Like Chapter

4, we have used SVR to fuse the feature vectonto a perceptual quality score.

5.3 Experimental Results and Discussions

We used the same notations as Chapter 4 i.e. syghtwindicate the results for the k-
fold CV tests, and the symbQlatanaset0 denote the algorithm trained using that databas
For instanceQcsio means that CSIQ database has been used for gdirafer to the

Appendix for database details).

5.3.1 Performance evaluation

The results for th& fold CV tests (denoted W) for the individual image databases are
presented in Table 5.1. We can see that the prdg@gserforms better than the other
schemes. Recall that fQ we made sure that the images used for trainingndichppear
in the test set. It was also found that in genehal,proposed scheme performed well for
individual distortion types. Furthermore, for anewadl comparative performance, the

averaged results over the 5 image databases & igivable 5.2.
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Table 5.1: Experimental results for the image dagab. The 3 best metrics have been
highlighted in boldface.

Criteria Metric LIVE A57 wWIQ IvC TID
SSIM 0.9473 0.8033 0.7876 0.9018 0.7756
MSVD 0.8880 0.7099 0.7433 0.7975 0.6423
VIF 0.9655 0.6139 0.7559 0.8966 0.8049
VSNR 0.9520 0.9210 0.7623 0.8025 0.6820
PSNR 0.9124 0.6273 0.7601 0.7196 0.5677
@ PSNR-HVS-M | 0.9432 0.8896 0.8191 0.8902 0.5784
Ref. [46] 0.9253 0.6799 - 0.8776 -
Q 0.9684 0.9021 0.9048 0.9511 0.8092
Qrip 0.9519 0.9019 0.8489 0.8772 -
Quve - 0.8944 0.8473 0.8784 0.7859
Que 0.9554 0.9008 0.8472 - 0.7840
Quatermark 0.9552 0.9011 0.8480 0.8794 0.7881
SSIM 0.9500 0.8103 0.7261 0.9017 0.7792
MSVD 0.9102 0.6485 0.6362 0.7734 0.6520
VIF 0.9735 0.6223 0.6918 0.8964 0.7491
VSNR 0.9400 0.9355 0.6558 0.7993 0.7000
PSNR 0.9056 0.6189 0.6257 0.6885 0.5773
Cs PSNR-HVS-M | 0.9372 0.8962 0.7568 0.8832 0.5952
Ref. [46] 0.9216 0.7255 - 0.8952 0.6740
Q 0.9599 0.8586 0.8064 0.9171 0.7848
Qo 0.9383 0.8561 0.8410 0.8677 -
Quve - 0.8532 0.8396 0.8690 0.7732
Qe 0.9442 0.8496 0.8420 - 0.7645
Quatermark 0.9433 0.8551 0.8389 0.8688 0.7690
SSIM 8.0553 0.1914 13.8160 0.5303 0.8511
MSVD 10.6315 0.1731 15.3228 0.7739 1.0285
VIF 6.0174 0.1940 14.9964 0.5239 0.7945
VSNR 7.0804 0.0957 14.8864 0.7269 0.9851
PSNR 9.0864 0.6189 14.8856 0.8460 1.1047
RMSE PSNR-HVS-M | 8.0564 0.1156 13.1412 0.5550 1.0947
Ref. [46] - - - - -
Q 5.5731 0.0988 7.6384 0.3649 0.7930
Qo 7.0830 0.1062 12.1058 0.5849 -
Quve - 0.1099 12.1305 0.5823 0.8296
Qe 6.8303 0.1068 12.1688 - 0.8331
Quatermark 6.8430 0.1066 12.1658 0.5800 0.8261
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Table 5.2: Average performance of different aldoris over 5 images databases. The 3

best metrics have been highlighted in boldface.

Type of Criteria SSIM MSVD VIF VSNR PSNR PSNR- Q Qztaimsik
Average HVS-M
Cp 0.8431 | 0.7562 0.8074 | 0.8240 | 0.7174 | 0.8241 | 0.9071 0.8744
Direct
Averaginc Cs 0.8335 | 0.7241 | 0.7866 | 0.8061 | 0.6832 | 0.8145 | 0.8654 | 0.8550

RMSE 4.6888 | 5.5839 | 4.4988 | 4.7547 | 5.3083 | 4.5926 | 2.8936 4.1043

Cp 0.8404 | 0.7362 | 0.8584 | 0.7842 | 0.6961 | 0.7290 | 0.8743 | 0.8520
Weighted

Averaging Cs 0.8418 | 0.7435 | 0.8279 | 0.7877 | 0.6936 | 0.7369 | 0.8522 0.8356

RMSE 3.5225 | 45175 | 2.8547 | 3.3182 | 4.0592 | 3.6430 | 2.5008 3.0691

Table 5.3: Gvalues for the 4 distortion levels in TID databdsevel 1 indicates the
lowest distortion while Level 4 corresponds to liighest distortion. The 3 best metrics

have been highlighted in boldface.

Metric Level 1 Level 2 Level 3 Level 4
SSIM 0.7564 0.6102 0.6326 0.6766
MSVD 0.4811 0.5844 0.3869 0.6050
VIF 0.5355 0.5197 0.8146 0.8851
VSNR 0.6180 0.6402 0.4687 0.6492
PSNR 0.5742 0.3241 0.3601 0.3601
PSNR-HVS-M 0.4232 0.5036 0.4657 0.5114
Q 0.7649 0.6464 0.6882 0.7655
Quatermark 0.7579 0.6376 0.6723 0.7401

We computed the average values for two cases.elfirdt case, the correlation scores
were directly averaged, while in the second casegighted average was computed with
the weights depending on the number of distortedlges in each database (similar to

[235]).
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Table 5.4: Experimental results for EPFL video date. The 3 best metrics have been
highlighted in boldface.

Criteria/ Cp Cs RMSE
Metric
SSIM 0.6878 0.7080 0.9790
MSVD 0.8554 0.8508 0.6987
VIF 0.7519 0.7524 0.8892
VSNR 0.8838 0.8631 0.6310
PSNR 0.6910 0.6869 0.9750
PSNR-HVS-M 0.8865 0.8760 0.6240
Qmp 0.9390 0.9293 0.4640
Quive 0.9426 0.9321 0.4502
Qe 0.9411 0.9311 0.4562
Quatermark 0.9394 0.9304 0.4626

We can observe from Table 5.2 that the proposedriangives better overall
performance in both averaging cases for the thrakiation criteria.

As mentioned in Section 4.4.4, we can again sem ffable 5.1 that some existing
metrics are less consistent since they do not perfeell for all the databases. For
instance, VSNR does well on A57 but its performaiceaelatively low for other
databases; VIF performs well on 3 databases buorpes rather poorly on A57. By
contrast, the proposed scheme is more consisteits iperformance. To gain more
insights into such behaviour of quality metrics, pexform additional analysis using the
TID database. In our opinion, the variation in perfance of quality metrics over the
different databases is partly because of the distotevels. For instance, A57 database
mainly contains images with near-threshold disbodii.e. image quality degradation is
just noticeable. On the other hand, databased IKE and IVC consist of images with
supra-threshold distortions i.e. image quality degtion could be severe and more

noticeable to the human eye. We conducted furésds tto verify this. We observed the
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performance of different metrics for the 4 distomtievels of the TID database. The first
level (Level 1) denotes just noticeable or neaeghold distortion while the fourth level
(Level 4) indicates higher distortion levels.

With a total of 1700 distorted images and 4 digtorievels, there are 425 images for
each distortion level. Table 5.3 presents thes&ues for the prediction performance of
different metrics on the 4 distortion levels. Thed&d RMSE values are not presented
here since they lead to similar conclusion asv@lues. We can see that MSVD, VIF,
VSNR and PSNR-HVS-M perform relatively better fbetfourth distortion level (i.e.
higher amount of distortion) while they are relativ poor for lower distortion levels.
Also we find that there is large variation in pi&tin accuracies for MSVD, VIF and
PSNR-HVS-M as we go from Level 1 to Level 4. On dtkeer hand, SSIM, VSNR and
Q are more consistent for the 4 levels Wiltbeing better than the two. Therefogg,in
general, not only performs better for each distortievel but is also more stable and
consistent for the 4 levels. We believe this tcabeason for the better performance of
the proposed metric for all the databases. That mschieves a better trade-off for the

performance on near-threshold and supra-threshstiortions.

5.3.2 Cross Database Validation

We further present the results for the cross-datleaaluation in Table 5.1 whe@gp,
Quve, Qve and Quatermark denote that training is done with TID, LIVE, IVCOné
watermarked image databases respectively whilgdimaining databases form the test
sets. Since the training and testing sets come tlifierent databases, the cross database
evaluation helps to evaluate the robustness gbtbosed scheme to untrained data. We

can again see that the proposed scheme perfornesvegll with all the 3 test criteria ¢
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Cs and RMSE). It is also worth pointing out ti@t,c achieves good results for the TID
database since in this case the training set $&®i(nages) is relatively smaller than the
test set (1700 images). Similar comments can asm&de foiQuatermark Where training
set consists of 210 images.

As the last test in cross database evaluation,estethe performance of the proposed
scheme for a video database. The trained systarses to predict the quality score of
each individual frame and the overall quality scofethe video is determined as the
average of the scores all the frames in the vidbée. same procedure was also adopted
for evaluating the other metrics. We present telte in Table 5.4. We can see tQaip,
Qive, Quve andQuatermark @ll perform better than the existing metrics unc@mparison.
Note that the videos in this database have be¢ortid due to H.264/AVC compression
which is obviously not presented in the image dadab. Since the training is done with
image databases, the good performance of the pdpuostric is again indicative of its
generalization ability to new visual/distortion ¢ent.

The better performance of the proposed metricHisr tideo database is also important
since H.264/AVC is a recent video coding standatuclv is fast gaining industry
appreciation. Although VQA may also involve tempdectors for quality estimation,
the aforesaid procedure of using the average afdrbevel quality as the overall video
quality score is still a popular and widely used][1Further, similar to the previous
chapter, we used the video databases primarily viuate the proposed metric’'s

performance to untrained contents.

97



Chapter 5. Visual Quality Assessment with 2D Mgdsteum

Table 5.5: Average execution time for different rost(in sec.).

Metrics SSIM MSVD VIF VSNR PSNR PSNR-HVS- Proposed
M
Time (sec.) 0.0454 0.6036 3.4829 0.4452 0.0037 2.5586 0.3268

5.3.3 Metric Efficiency Evaluation

An important criterion to judge the performance afvisual quality metric is its
efficiency in terms of computational time requir@dhe practical utility of a metric will
reduce significantly if it is slow and computatiigaexpensive. In this section, we
compare the efficiency (i.e., computational comgxof different metrics. We
measured the average execution time required paganin the A57 database (image
resolution is 512 x 512) on a PC with 2.40 GHz li@ere2 CPU and 2 GB of RAM.
Table 5.5 shows the average time required per infegeeconds), with all the codes
implemented in Matlab. We can see that the proposettic takes less time than all the
existing metrics except PSNR and SSIM. This is bsedhe feature extraction stage in
the proposed metric takes the advantage of theFHa¢§EFT) algorithm during the DFT
computation. Note that DFT normally requit@$N ) operations to proceds samples
but for FFT this number is onlYD(N log(N)). The proposed metric is therefore
reasonably efficient in terms of execution timeuiegd (in addition to better prediction

accuracy) and more suitable for real time apploceti

5.3.4 Further Discussion

We have three points which deserve further disonssind are explained in what
follows. The first point is regarding the use ofltiplle databases (throughout the thesis).

It ensures that the proposed system is testedsfoolbustness to a wide variety of image
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and distortion contents on which the proposed systenot trained. Besides, it also helps
in more comprehensive metric testing since a mgeeidorming well for one database
may not do well on another. In addition, it facti#s the cross database evaluation which
provides a strong and convincing demonstrationhef proposed system’s ability to
predict the quality for untrained data. It may bemmoned here that for the cross
database evaluation, we did not do any parametaniggtion towards the test database.
For instance consideQuaermark IN this case, once we learn the model using redl t
images and associated subjective scores of thematieed image database, we use the
same model for testing LIVE, A57, TID, WIQ, IVC anmBPFL (video database)
databases. That is, we used the same kernel fanci@mnely RBF and the other
parameters (i.e., radius of Gaussian functiontréme-off error parameter and regression
tube width) were all kept constant when testingeotmage databases. Similar comments
can be made fo@Qrp, Quve, andQyc. The performance improves further if we train a
model specifically for each test database separdtek also worth pointing out that the
proposed metric is pretty robust to the differeMRSparameters in that small changes in
them do not cause large change in the predictidioqmeance.

Secondly, as demonstrated the proposed schemeres eoasistent and stable in its
performance across multiple databases than th&arexisetrics. This highlights that the
selected features based on the 2D mel-cepstrumaff@etive. In addition, they convey a
clearer physical meaning. The exploitation of 2DIl-oepstral features for quality
assessment is novel and interesting since originatkel-cepstrum analysis was
formulated for speech/audio signals. Since audid &sual signals have certain
similarity as natural signals, it is not surprisithat a similar approach can be used for

analyzing them. The theory of natural signal stiags[228] also confirms that natural
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signals (including images and sounds) share staligbroperties (for instance natural
signals are highly structured). These featuresatse of interest for pattern recognition
applications since they allow representing the spegoy points in a multidimensional
vector space.

Lastly, the reader will recall that we used onlg thagnitude of the bin ener@(m,n)

in Eg. (5.5). Note thaG(m,n) will be a complex number in general which we deno
asAe€“ with magnitude A and phase. The 2D mel-cepstrum computation involves the
logarithm ofG(m,n), so we have logG(m,n)) = Iog(Aej”) =log(A) +ja . Now both A

and a should be continuous functions for them to have aidvFT. However,

sinceaJ -7, 1] we must first unwrap the phase so that it becarnainuous. The major

problem is that unwrapping the phase in 2-D isdiff [152] due to two reasons. First, a
typical image may contain thousands of individuadse wraps. Some of these wraps are
genuine, while others may be false and are causedhé presence of noise and
sometimes by the phase extraction algorithm its€lie process of differentiating
between genuine and false phase wraps is extredifBbult and this adds complexity to
the phase unwrapping problem. A second reasorctmplicates the phase unwrapping
problem is its accumulative nature. The image @essed sequentially on a pixel-by-
pixel basis. If a single genuine phase wrap betweemeighboring pixels is missed due
to noise, or a false wrap appears in the phase arapyror occurs in unwrapping both
pixels. This kind of error then propagates throughbe rest of the image. In addition,
phase unwrapping will be a computationally expemsstep and potentially a major
bottleneck in the use of the proposed metric fal-tiene applications.

Although the 2D mel-cepstrum representation is fieiaé due to being perceptually

relevant (as explained in Section 5.2.1), we camsetthe phase information for reasons
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given above. However, phase has been known to gasigeal information. There have
been several studies examining the role playedhagse and magnitude in images (see
for instance [124]-[125]). The phase of FT correggmto the relative locations of events
such as lines and edges while magnitude deterntivestrength of such features. In
addition, numerous studies have concluded thatephaserally contains more image
information and the so called phase dominance ages has been long established. The
early study in [126] highlighted the importancepbiase in image processing filters. The
work of Oppenheim and Lim [127] demonstrated thahanging the magnitude or phase
spectrum of two images tends to produce a hybriggenmore closely resembling the
image that contributed the phase spectrum. Thisxend®at phase conveys more crucial
information than magnitude. Further statisticaldevice in favor of this has been
presented in [128] where it has shown that randerassignment of phase has severer
effect on image quality as compared to random segament of the magnitude. The
image denoising method proposed in [129] also setie preserving the perceptually
important phase information in the signal. The gtud[130] concludes that while both
phase and magnitude convey information regardiagignal, it is the phase information
that provides more significant details. The authorEL31] have justified that edges can
be detected more efficiently at points of maximuhage congruency. A recent work
reported in [150] employed Fourier analysis for task of ranking data and it was
concluded that the phase is much more importantatching the appearance of the data
than the magnitude. In addition, psychophysicaldist [132]-[133] also provide
evidence in favour of the importance of phase tdeustanding scenes in images. These
studies primarily examine the effect of phase armgmtude manipulations on the

interpretability of images. The studies in [134B%] explore the relative importance of
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spectral amplitude and phase errors on reconstfuotages in terms of the expected
MSE in the image. Ref. [136] investigates the hunwsual sensitivity to phase
perturbations (nhamely phase quantization and ramdion) by examining the global
image statistics (skewness and kurtosis). In lgflthe importance of phase, we believe
that it would be interesting to investigate itseetfveness for visual quality assessment

(this is done in the next chapter).

5.4 Comparison with SVD based algorithm

In Chapter 4, we have proposed an SVD based mEwiccomparison, we present the
results (G values) for the methods based on 2D mel-cepstmunSy/D in Figure 5.5.
Note that both employ SVR based feature poolingsmthis comparison helps evaluate
the prediction accuracy of the features used inréispective schemes. As can be seen,
the method based on 2D mel-cepstrum is slightliebéban the one based on SVD, and
the more important point is regarding computatiocamplexity. As pointed out
previously, SVD based metric is computationally en@xpensive than some of the
existing schemes. This is because of the fact 8D is computationally more
challenging especially for larger image blocks. Ntbtat SVD of @\ x N matrix has time
complexity O(N®) i.e. increases cubically (exponent 3) with insieg N. On the other
hand, feature extraction based on 2D mel-cepstrammuch more efficient with

complexityO(N log(N)) (due to the use of FFT) as mentioned in SediGtS3.
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Figure 5.5: Performance comparison for SVD and 2i-¢cepstrum based methods(C
values). The parenthesis in the legend with 10, TM@ and LIVE are respectively used
to indicate 10 fold CV results and respective thening databases.

Regarding the computation time for an image of 8%2 x 512, the 2D mel-cepstrum
based method takes about 0.32 seconds (as indicat€dble 5.5) while SVD based
scheme requires about 1.03 seconds (refer to Hab)eTherefore, the method based on

2D mel-cepstrum is faster and more efficient.

5.5 Concluding Remarks

In this chapter, we have explored the 2D mel-cepstieatures and provided analysis
and justification for their use in visual qualitwatuation. We employed machine
learning based (SVR) feature pooling because of atlvantages. A thorough
experimental validation using 7 independent and liplyb available image/video
databases with diverse distortion types providemngtground for the usefulness of the

proposed metric. The experimental results confina éffectiveness of the proposed
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feature selection and pooling method towards mdfecteve and consistent quality

valuation. We have also compared the performandbdefroposed metric with seven
relevant existing metrics and shown that the pregasetric performs consistently better
across all the databases.

However as pointed out in Section 5.3.4, phas@igendily available for the 2D mel-
cepstrum representation. In order to overcomegtoblem and exploit phase (which is
known to convey important signal information) forora effective visual quality
evaluation, we develop a new algorithm in the nelxapter. Further, the proposed
method can be extended to video quality assessméme following ways:

* Using the simple frame level averaged scores. Thiprobably the most
straightforward method to extend 2D mel-cepstrumvideo quality assessment.
This of course has its drawbacks but incorporatietier pooling schemes (like
worst case pooling) will help over some of thoseititions.

* We could use motion estimation based analysis towt for the temporal
information. For instance assigning lower weightingcase of a large global
motion. This is based on the idea that in caseugfel motion the distortion is
not as apparent as it is in case of still imagesl@wly moving video. Another
possible approach to incorporating motion inforimatis to use the similarity
between motion vectors as the temporal factor. Gae also use 2D mel-
cepstrum to estimate the quality between motion pmreated blocks as the

measure of temporal quality (as in [75]).
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Chapter 6

Fourier Transform Based Scalable Visual

Quality Measure

6.1 Introduction

As mentioned in Section 2.1.2, objective visual liqpavaluation algorithms can be
classified into 3 categories based on the amouninfofmation used for predicting
quality: (1) FR, (2) RR and (3) NR. FR algorithme generally more accurate while NR
methods although less accurate and usually distodpecific can be used when the
reference image is not available. RR algorithmseasentially a trade-off between these
two because only partial information of the refeemmage is required.

As pointed out in Section 5.3.4, it is difficult tbtain the phase using the 2D mel-
cepstrum representation. In this chapter we preaenew visual quality assessment
algorithm based on the FT (which is generic tramsfand the phase is readily available
for further processing). The base idea is to comphe phase and magnitude of the
reference and distorted images to compute thetgsdore. However, it is well known
that the HVS’ sensitivity to different frequency nogponents is not the same. We

accommodate this fact via a simple yet effectivategy of non-uniform binning of the
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frequency components. This process also leadsdiaceel space representation of the
image thereby enabling RR prospects of the propsskdme. We then employ linear
regression to integrate the effects of the chamngghase and magnitude to evaluate the
overall quality. Lastly, using the fact that phaseially conveys more information than
magnitude, we use only phase for RR quality assessnihis provides the crucial
advantage of further reduction in the amount oém&fice image information required.
The proposed method is therefore further scalalole RR scenarios. Extensive
experiments show that the proposed method is dveettler than the relevant existing
FR and RR algorithms. There is a graceful degradati prediction performance as the
amount of reference image information (for the RiRg) is reduced thereby confirming
its scalability prospects.

Because the phase can capture perceptually impdeatures (such as edges and
contours) it has been used in many image procesgplcations. For example, phase
has been used in measuring image sharpness [IB@fei registration [138]-[140],
palmprint recognition [141], visual saliency detent[142] and face recognition [143]-
[144], to list a few. There also exist a few wofksy. [145]-[146]) which have exploited
phase for IQA. Even though several studies havetpdiout (as mentioned here and also
in Section 5.3.4 of the previous chapter) that phalays a bigger role, the magnitude
information cannot be completely ignored. This lsvious because both phase and
magnitude are required for perfect image reconstmucin this chapter, we propose a
new scheme for visual quality assessment by utgizhe phase and magnitude of the FT.
The proposed method is different from existing veéodased on phase in the following
ways:

1. We take into account the human sensitivity ftecent frequency components: in
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general, the HVS can tolerate more error in higresguency components while the
distortion in lower frequency components has adarmpact on the visual quality.
We achieve this via binning of the higher frequenoynponents leading to reduced
space. This provides the additional advantage afabdity associated with the
proposed scheme: only a fraction of the total arhainnformation is required
from the reference image to determine the quality.

2. We employ a regression based method for contpitie quality scores from phase
and magnitude changes leading to more convincitegiation of the two.

3. A thorough set of experimental results is pres@rwhich provide evidence in
favour of the proposed scheme. To that end, we ligee a total of 9 publicly
available subjectively rated databases: 7 imagabdaes (with a total of 3832
distorted images having diverse distortions) andgideo databases (totally 228
distorted videos). We also compare the performarfidbe proposed scheme with
several existing and well known FR quality assesgsmeethods.

4. We also explore and demonstrate the scalalfityhe proposed method by using
only the phase information. This helps in signifitga reducing the amount of

reference information needed and renders scalabflithe proposed method.

The remaining sections are organized as followsti@e 6.2 introduces the relevant
work pertaining to the phase and magnitude of theWe then describe the proposed
scheme with proper analysis and reasoning. Extenskperimental validation and
related analysis is then reported in Section 6.3endoncluding remarks are given in

Section 6.4.
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6.2 The Proposed Method Using Phase and

Magnitude of 2D DFT

6.2.1 Phase and Magnitude characterization

In this section, we present visual examples tosithte the roles that phase and
magnitude play. First, we consider the ‘Boat’ imafp@wn in Figure 6.1 (a) and obtain
its phase and magnitude spectra. Similar to [1®&]distorted the magnitude spectra by
adding a random shitt.s wherea is a constant angdis made of i.i.d. random variables
uniformly distributed off-7,77). The reconstructed image from distorted magnitaie
original phase is shown in Figure 6.1 (b). Next, distorted the phase with the same
energy in a similar way and the reconstructed imfagen original magnitude and
distorted phase is shown in Figure 6.1 (c). As barobserved, for a same distortion,
phase has a bigger impact on the image structutehance its quality. However, it is
important to note that magnitude distortion stitbyides some information regarding
quality loss.

The second visual example is shown in Figure 6.2hvimvolves image reconstruction
using interchanged phase and magnitude. The tvgmnatiimages are shown in Figure
6.2 (a) (‘Tiffany’) and (b) (‘Cameraman’). By intdranging the phase and magnitude,
we obtained the two images in (c) and (d) as {phas@) and magnitude of (b)} and
{phase of (b) and magnitude of (a)}, respectivélycan be noticed that phase conveys

more information regarding the perceived image @oint
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(@) (b) ()

Figure 6.1: Effect of random phase and magnitudtigeations
(a) Original image, (b) image reconstructed witigioal phase and distorted magnitude
and (c) image reconstructed with distorted phaslecaiginal magnitude.

(@) (b) (c) d) (

Figure 6.2: Interchanging phase and magnitudesages

(a) Original ‘Tiffany’ image, (b) Original ‘Cameraan’ image, (c) image constructed
from phase of (a) and magnitude of (b) and (d) ienagnstructed from phase of (b) and

magnitude of (a).

The Fourier phase determines the locations afgptually-significant features such as
edges, and has a bigger contribution than magnitudetermining the appearance.
It has been pointed out [142], [147] that the magle spectrum specifies how much of
each sinusoidal component is presented and thes phsmation specifies where each
of the sinusoidal components resides within thegenalhe authors in [142] used 1D

signals and demonstrated that when the wavefora pesitive or negative pulse, its
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phase-only reconstruction contains the largestespat the jump edge of the input pulse.
This is because many varying sinusoidal componleaiste there. On the other hand,
when the input is a single sinusoidal componentcaifstant frequency, there is no
distinct spike in the reconstruction. Thus, phageth® signal carries information
regarding edges and other salient parts. Thissis tbe for a 2D signal (image/video
frame), and due to this phase has been used [148] to obtain the image saliency map
and also in edge detection [149]. We conducted raxeats in which we reconstructed
the image using constant magnitude and originak@h@nd vice-versa i.e. original
magnitude and a constant phase). Figure 6.3 shoes images and their reconstructed
versions. The first row of Figure 6.3 shows (a)gmal, (b) blurred and (c) JPEG
compressed images. The second row shows the imagmmstructed from their
respective phases but constant magnitude spechie the third row in Figure 6.3
shows the images reconstructed using their reygentagnitude but a constant phase.
As can be seen, the images in Figure 6.3 (d), rid) (§ capture the most important
features such as edges and contours. One candadise the damage that is caused to the
imagestructuredue to blurring and JPEG compression. Therefdnas@ similarity (or
difference) between the reference and a distortedye is expected to give a reasonable
estimate of structural degradation (provided that signal contents arepgmtg
discriminated as will be explained in Section 6.2Gnh the other hand, the images in
Figure 6.3 (g), (h) and (i) convey less informatadthough some changes can be noticed

due to the blurring and JPEG distortions.
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Figure 6.3: Image reconstruction with constant pi{as magnitude). (a) Original image,
(b) Blurred image, (c) JPEG compressed imagentdye constructed using constant
magnitude and phase of (a), (e) image construdid) cwonstant magnitude and phase of
(b), (f) image constructed using constant magniatt phase of (c), (g) image
constructed using constant phase and magnitud®,dh) constructed using constant
phase and magnitude of (b) and (f) constructedgusamstant phase and magnitude of

(c).
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6.2.2 Non-uniform binning of 2D DFT coefficients for

visual quality assessment

Non-uniform binning of frequency coefficients haseh explored previously [151] for
face recognition. In this chapter, we provide asialyand justification for binning the
frequency coefficients towards more accurate afidigit (in terms of RR prospects)
visual quality assessment.

As mentioned in the introduction of this chaptee propose the use of phase and
magnitude to compute the image quality. A natuaald(intuitive) way of determining
the quality of distorted images (compared with teierence image) is to measure the
similarity (or difference) between the phases andgmitude of the reference and
distorted images. Conceptually, this would be samib MSE (or PSNR) which directly
computes the difference between the pixels of #ference and distorted images.
However, like MSE, such an approach would be |déscteve because it does not
account for the HVS’ characteristics and signalteots. In other words, it fails to
consider the unequal sensitivity of the HVS to daisbns in different frequency
components.

It is known that natural images are characterizgd air amount of redundancy. A
common characteristic of most images is that thightering pixels are correlated.
Exploiting this, there have been image compresssmhniques aiming to reduce the
number of bits needed to represent an image by wiegahe spatial and spectral
redundancies. It can therefore be argued thatdorgptual quality assessment, it would
be more effective to focus on changes/distortioparceptually important components.
For example, it is well known that textured regi@as usually tolerate more distortion

(error) than smooth regions.
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1. | v r'

(d) DMOS = 0.509

/4l "

(@) (b) DMOS =0.031  (c) DMOD267

(e) () DMOS =0.015 (g) DM@S.056 (h) DMOS =0.179
Figure 6.4: Effect of distortion on image with t&lely more smooth areas and more
textured areas (these images are from CSIQ imagéake).

First Row: (a) Original image ‘lady_liberty’, (JPEG 2000 distorted image for the first
distortion level, (c) JPEG 2000 distorted imagetha second distortion level and (d)
JPEG 2000 distorted image for the third distorterel. Second Row: (a) Original image
‘foxy’, (b) JPEG 2000 distorted image for the fidsstortion level, (c) JIPEG 2000
distorted image for the second distortion level @gdIPEG 2000 distorted image for the
third distortion level. The respective subjecticergs in the form of Difference MOSs
(DMOS) have been indicated below each distortedjena

This is because the distortion in textured regigngsually masked (texture masking).
Masking effect refers to the reduction of the \igip of image distortion due to the
presence of the original content in the referemscage. Stated differently, the JND in
textured regions is higher than that in smootheasiof the image [27]. Psycho-visual
experiments have also shown that the HVS has reldsmesitivity for patterns with high

spatial frequencies and therefore their distorperturbation is less annoying.
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(a) (b)

(©) d) (
SSIM =0.7948, PSNR = 23.150@phase= 0.9511 Qmag= 0.9801 SSIM = 0.6785, PSNR = 18, 57QBhase= 0.9292 Qmag= 0.9629

Figure 6.5: lllustration of masking effect due ightexture.
(a) Original ‘baboon’ image, (b) Noisy image, (EG compressed image and (d) JPEG
image in (c) distorted by the same amount of Ganssoise that was used to obtain (b).
Objective predictions from SSIM, PSNR and propasethod are also indicated below

each image.

The reduced sensitivity of the HVS to higher freagies has therefore been used in
JPEG compression where the higher frequency sigmalsargely discarded using non-
uniform quantization.

As an illustration, we have shown 4 images in irst fow of Figure 6.4 (image (a) is
the original image which is relatively smooth) ahdnages in the second row (image (e)

is the original image which has more texture). Bhiesages have been taken from the
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CSIQ database [118]. The two original images wemaaressed by JP2K technique to
obtain the distorted images shown in (b), (c), &dd (f), (g), (h) respectively. The
compression level along each row increases from teefright and equally for both
images. We have also indicated the respective stilgescores (in the form of DMOS
with a lower value indicating better subjective ity for the distorted images. As can
be seen, for a same compression, the DMOS scadsgirer for the images in the first
row as compared to those in the second row. Thignsi¢hat the textured image can
tolerate more distortion than the relatively smaathge.

Another example is shown in Figure 6.5. As can bgeoved, the ‘Baboon’ image is
highly textured and the increased amount of digtor{or error) does not necessarily
imply the same loss of perceived quality. Thisesduse a large amount of distortion is
masked because of texture and its visibility isicedl.

Based on the foregoing discussion and analysis, avident that for assessing visual
quality, the unequal sensitivity of the HVS to drsions should be taken into
consideration. We divide the spectrum into non<amif bins such that the bin size is
bigger for higher frequency and smaller at lowegtrency. A representative diagram is
shown in Figure 6.6 where each red dot represebiSTacoefficient. In this figure, the
DC component at the centre is indicated by a bigger dot and higher frequency
components lie away from the centre as indicateeixtNwe obtain the average of
frequency coefficients in each bin. With the saidgedure, we obtain a reduced space
representation of the spectrum in which the highezgruency components are represented
by the average of the components in each bin. ddmsalso be taken as a special case of
down sampling wherein the frequency componentsachebin are represented by just

one sample (the average).
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Frequency components in each bin are

averag? out
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Figure 6.6: A representative diagram of the norfeum binning of the DFT coefficients.

Notice that the bin sizes are bigger for highegiency components.

The smaller bin size for lower frequency means that analyze them at a finer
resolution. On the other hand, the higher frequesmyponents are analyzed at coarser
resolution because more components are averagedueuto larger bin size. As an
illustration of the effectiveness of this, we hawmeicated in Figure 6.5 the objective
quality scores from SSIM, PSNR and the propd@ggseandQmag (defined later in Egs.
(6.7) and (6.8) respectively). Note that SSQbnaseandQmag predict scores in the range
[0, 1] with 1 denoting best quality and O indicatiworst quality. The reader will notice
that the images shown in Figure 6.5 (b), (c) andafé of similar visual quality as the
original image (a). Therefore, objective predici@hould be close to 1 in case of SSIM,

Qerase@Nd Q. ., and a large number in case of PSNR. However, bstiRPand SSIM tend

to overestimate the error. On the other hamgl,.and Q, are better (both predict scores
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closer to 1) because of higher emphasis on thertdat in lower frequency components.
The details of the proposed method are given next.

The 2D DFTY(u,v) of the imagey(n,,n,) (sizeN byN) is defined as:

Y(uy) =%Ni > Y(nl,nz)e_jz”( s
0

r\l:O n,=

(6.1)
wheren; andn, denote the spatial coordinates, arahdv are the frequency coordinates.

Y(uv) is in general a complex number consisting of thed amd imaginary parts. Using
Euler’s formula we can expreséu,v) as
YUV)=[Y(uy)| e (6.2)

where J(uyv) | represents the magnitude agd,v) denotes the phase such that

IY(uv)l= (re(Y(uv)) +(m(Y(uv))? (6.3)
and
_ im(Y(u,v))
@(u,v)=arctal mj 4P

with re(.) andim(.) denoting real and imaginary parts respectively.

We now describe the procedure of determining thalityuof a distorted image
compared with the reference image. We first divide image into non-overlapping
blocks of sizeP x Q. Next, we obtain the 2D DFT coefficients of eadhck. We then
group the DFT coefficients via non-uniform binniag demonstrated in Figure 6.6. In
this chapter, we assumed square blocksPi=Q. Finally, the phase and magnitude are
extracted (for both reference and distorted imafyes) the reduced space representation
and their similarity scores is computed.

Let R™ , M respectively denote the phase and magnitude ati"theoint (as
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illustrated in Figure 6.6 there will be totalBfeg x Qreq Such points) if™ block of the

reference image while“?, m{*” denote that for the distorted image. The phase and

magnitude similarity scores f@f block are then obtained as

(6.5)

TR L Sl ke
phase N, - (P(ref)) (“dIS) +C

1 Nieg 2M iJ_(ref)M i](dis) + C (6 6)
TR

() =
qmag

whereC is a constant used to avoid division by zero 8ing= Preg X Qreq. The phase

(and magnitude) similarity score for the whole imag obtained by averaging the scores

over all the image blocks (Igt,.,be the number of blocks) to obtain the two overall

Scores as
1 Nb\ock (])
QPhase: N quhase (67)
block j=1
Nbl ck
mag quagnltude (68)

Nijock 5=

Note that0< Qp.eQne< 1 With O indicating no similarity (worst quality) enl
implying perfect similarity (highest quality).

As mentioned in the introduction of this chaptefea existing works use the phase
information directly and one such method has baepgsed in [146]. We denote it as
DPS (direct phase similarity) in the remaining g8. In this method, image quality is
computed by measuring the Pearson correlation iceaft between the phase of the
reference and distorted images. Therefore, DPSescare in the range [0, 1] with O
denoting worst quality and 1 denoting perfect dyallo demonstrate the effectiveness

of the proposed method (denoted@s,,...and defined in Eg. (6.9)) in comparison to
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DPS, we show 4 distorted images in Figure 6.7 whrehtaken from A57 database [119].
The subjective scores in the form of DMOS (smatheyans higher image quality) have
also been indicated below each image. As can be §H4@S scores are not consistent

with subjective opinions while the scores from poregd

combined

are closer to subjective

viewing results. Note thap

combined

scores are in the form of DMOS (in the range 0G0)1

due to training with a database with DMOS (refeSextion 6.2.4 for details). We have
also indicated the PSNR values for these imagesdorparison. Both DPS and PSNR
do not explicitly account for the fact that HVSnsdivity to error in different frequency
components is not the same. As opposed to thipriposed method is more sensitive to
error (distortion) in lower frequency. At the samnmae the error in higher frequency is
not simply ignored but analyzed such that its ovemgpact is lower. It may be pointed
out that Figure 6.7 is meant to provide a simptial illustration and in Section 6.3 we
will present more comprehensive experimental restdt show the effectiveness of

proposed scheme in comparison to DPS and otherl@aithms.

6.2.3 Reduced-space representation of image

As pointed out earlier, with the procedure sumneatizn Figure 6.6, we obtain a
reduced-space representation of the image. Thanhignage block oP x Q pixels will

be represented by (2Peq X Qreq) cOefficients wher®q< P, Qrea< Q, and the factor of
two is because we need both phase and magnitusgchtpoint. We can further reduce
the information required by using the fact that feal sequences the 2D DFT is

symmetric. Because the image,,n,)is real valued,Y(u,v) exhibits complex conjugate
symmetry, i.e.Y(uv)=Y (-u-v) . Therefore, the same magnitude information will be

repeated becaup&u,v)|=Y(-u,~v)]|.
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(a) DMOS = 0.5250 (4yIDS = 0.1080
DPS = 0.7735, PSNR = 28.9830, DPS =T278SNR = 29.0030,

Qcombined = 41.5661 QcombiHEd = 32'4690

1870 ( 137
DPS = 0.6726, PSNR = 28.8700, DPS = 0.7BSNR = 29.0560,
Qcombined = 35.5580 Q.ombined = 35.0577

Figure 6.7: Visual quality prediction by DPS, PSHIRd proposed method. The
subjective scores, DPS, PSNR and proposed methoofss are indicated below each

image (images and the corresponding subjectivees@re from A57 database).

On the other hand, for phase we hgve,-v)=-¢(uyv), i.e., phase differs only by the
sign and so discarding the phase with negative dogs not have any impact. By this we
do not imply that the symmetric phase does notigeany information; merely, for our
purpose in this chapter, it is not useful becauseonly need the similarity between the
phases of reference and distorted images.

In this chapter we used a block size of 128, Pes, Q = 128 whilePeg = Qreq = 31.
This means that in this case we need only 11.73%einformation from the reference
image to compute the quality. Due to exploiting Hyenmetry, we further reduce the

information required to only about 6% of the infatmon from the reference image to

12C



Chapter 6. Fourier Transform Based Scalable ViQuallity Measure

computeq,,...andQ

mag *

6.2.4 Combining Q....and Q. Via linear regression

Qerase@Nd Q. NEed to be integrated into an overall quality scdre that end, we

employed linear regression to obtain overall quadore. Assuming tha,,,...;denotes
the overall quality score, we can express the sol#s
Qcombined:W1 QPhase+W2 Qmag +b (69)

wherew, andw, are the respective weights fqQr,...and Q. while b is the intercept (a

mag
constant). Because phase plays a more crucialimoteetermining the change in the
image structure it is expected to have a larger impact on theralveguality and so
|w; P{w, |. However, to determine the exact contribution @hés) of each term, it will be
more convincing to obtain them via training insteafl ad-hoc selection. Let
{X,,X;,..X;} and{y.,y,...y;} denote the training set. Here, eagh:|(Qu....).(Quagniuad |
represents the 2-dimensional vector consistinghef ghase and magnitude similarity
scores and eachis the associated subjective score (i.e. targeteydor thei” image.
Given the training dafx,,y,)...(x,y,), we find the weight vectow=(w,,w,) andb by

solving the following optimization problem

min Z:(yi —6/VTXi +b))2

i=1
Therefore W' X, +b approximates the training data by minimizing toensof squared
errors. We used the A57 database for training and aesult of whichy=-1057,

w, ==359 andb = 16.14. As expected,.... has a larger impact (contribution) th@p, .

It is also easy to see that with this set,ofw,andb, Q... Will be close to zero for the
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perfect quality image (becausg,...=Q,.,=1) and increase as image quality decreases.

mag

HenceQ

combined

will predict DMOS because the training database pivides DMOS as

the subjective scores.

6.3 Experimental Results and Analysis

In this section, we present the experimental redaliassess the prediction performance
of the proposed scheme. Note that all the resalthis chapter are for the luminance
component of the image. We also include the regott®SNR, MSSIM [153], VSNR

[45], VIF [44], PSNR-HVS-M [154] and DPS [146] af which are FR schemes.

6.3.1 Performance Assessment Criteria

As mentioned in Section 6.2.4, we used A57 datafj@isase refer to the Appendix for
database details) for training with the remainimgage and video databases as test sets.
Note that none of the images in A57 database appetire remaining databases. For
reporting the results for A57 database, we used A@base as the training set. Thus,
training and test contents do not overlap and tleer® parameteoptimizationtowards
any of the test databases. Furthermore, we alsbwmeseideo databases to investigate the
effectiveness of the “learned” relationship in peidg quality of individual video frame.
In this chapter, the overall video quality is ob&d by simply averaging out the quality
scores over all the frames. As already stated iap@hs 4 and 5, we realize that simple
averaging does not account for the temporal fat@r has been shown to play a crucial
role in VQA (we will tackle this aspect in Chapté). However, in this chapter, our

primary aim is to examine the performance of tlagngd weights to new and untrained

2 We include results only for MSSIM because it isally better than the single scale SSIM.
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contents.

Like Section 4.4.1, we employed a 5-parameter tmgmapping between the objective
outputs and the subjective scores. The predictesfopnance is compared using, Cs,
Kendall rank correlation coefficientGand RMSE, between the subjective score and the
objective prediction (after logistic transformatjoA better quality metric has highep,C

Ck, Cs and lower RMSE.

6.3.2 Performance Comparison

Table 6.1 presents the comparative results for7tiraage databases while the results
for the 2 video databases are presented in TaBleOge can observe that the proposed
method performs better (in many cases) or is vempetitive when compared to the FR

schemes. This is significant given that,....requires only about 6% (of the total

number of pixels) of the reference information amtrast to the FR schemes (which need
the complete reference information). One can atge from that the proposed scheme is
more consistent in its performance across diffedatabases.

In addition to the overall performance, the propgbsethod in general performed well
for individual distortion types. As an example, have presented the-®alues in Table
6.3 for some typical distortion types including ZIZBEIPEG 2000, additive white noise

and fast fading.

6.3.3 Scalability and Further Reduction in Required

Reference Information

We can further reduce the required reference irétion with small loss in prediction

accuracy.
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Table 6.1: Performance comparison of the proposattiod with FR methods for image
databases.

P PSNR- ) ; (@) @) 3
Databas| Criterie| PSNR VY] MS-SSIV| VSNR | VIF DPS | Qumpbineal Q . e

Cs | 0.8756| 0.9295| 0.9513| 0.9280| 0.9632 0.929 0.9568 0.9479 0.94%49287

D
Ck 0.6865| 0.7659| 0.8044 | 0.7625| 0.8270 0.7571 0.8190 0.7992 0.793R7664
LIVE Cp | 0.8723| 0.925] 0.9409 0.9237 0.9598 0.9246 0.95379450.| 0.9423 0.9228
RMSE | 13.3597/10.3722 9.2593 |10.4694 7.6670(10.4058 8.2193 | 8.9325| 9.1485|10.5488

Cs |[0.5794| 0.6128| 0.8542| 0.7049| 0.7496 0.7059 0.8338 0.8210 0.78847847

Ck 0.4210| 0.4764| 0.6568| 0.5345| 0.5863 0.5189 0.642p 0.6259 0.58685907
TID Cp 0.5726| 0.6051 0.8451] 0.6823 0.8090 0.7%49 0.8441830Q.| 0.8053 0.8023
RMSE| 1.1003| 1.0685| 0.7173 | 0.9810| 0.7888| 0.8801| 0.7195 | 0.7482| 0.7957| 0.8010

Cs |[0.6132| 0.8480| 0.8874| 0.8608| 0.9077 0.9208 0.9148 0.9001 0.90Z8590

Ck 0.4443| 0.6568| 0.7029| 0.6745| 0.7315 0.754L 0.7384 0.717/1 0.72246696
Toyama|__ Cp 0.6353| 0.8580 0.8922] 0.8704 0.9138 0.9264 0.91849060.| 0.9084 0.8604
RMSE | 0.9664| 0.6428| 0.5652 | 0.6160| 0.5084| 0.4711| 0.4951 | 0.5295| 0.5213| 0.6378

Cs |[0.6189| 0.8962| 0.8414| 0.9355| 0.6223 0.4443 0.893F 0.8802 0.91818697

Ck 0.4309| 0.7261| 0.6478| 0.8031| 0.4589 0.3148 0.7191 0.7051 0.74486939
A57° Cp | 0.6347| 0.8749 0.8575 0.9497 0.6157 0.4745 0.9147093. 0.9294 0.9053
RMSE| 0.1899| 0.1190| 0.1264 | 0.0769| 0.1937| 0.2163| 0.0993 | 0.1023| 0.0907| 0.1044

Cs |[0.6884| 0.8832| 0.8980| 0.7993| 0.8964 0.881p 0.8943 0.8905 0.896p7881

Ck 0.5218| 0.6935| 0.7203| 0.6053| 0.7158 0.6853 0.7114 0.7083 0.71%05823
IVC Cp 0.7196| 0.8905 0.9108 0.8034 0.9028 0.8941 0.90469008.] 0.9046/ 0.793%
RMSE| 0.8460| 0.5544| 0.5029 | 0.7255| 0.5239| 0.5456| 0.5192 | 0.5304| 0.5190| 0.7414

Cs |[0.8005| 0.8179| 0.9133| 0.8104| 0.9195 0.783]L 0.923F 0.9344 0.80%r8197

Ck 0.5984| 0.6430| 0.7393| 0.6237| 0.7537 0.5951 0.7619 0.7773 0.641R6247
CSIQ Cp 0.7998| 0.8137 0.8990] 0.7993 0.9277 0.8876 0.9171933@.| 0.8815 0.8687Y
RMSE| 0.1576| 0.1526| 0.1150 | 0.1578| 0.0980| 0.1434| 0.1047 | 0.0940| 0.1240| 0.1295

Cs | 0.6257| 0.7261] 0.7360 0.65%8 0.6918 0.6631 0.84183360. 0.8271 0.7518
Ck 0.4626| 0.5569 0.5645 0.48713 0.5246 0.5069 0.65196500.| 0.6386 0.557%
wIQ Cp 0.7549| 0.7632 0.7761 0.7625 0.7333 0.7852 0.85478510.| 0.8481 0.7766
RMSE | 15.0235 14.8022 14.4442 {14.8199 15.5734 15.5267 11.8914|12.027412.1378 14.4301

®Results are reported with WIQ as the training dasab
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Table 6.2: Performance comparison of the proposettiad with FR methods for video

databases.
PSNR| o
Database | Criteric| PSNR H\'\ils- ssim | VSNR| VIF | DPS | Quombined Qv fse | Q2.
Cs [0.5431/0.6889 0.7389 | 0.671(0.5662/0.3654| 0.7481 | 0.748 0.7393| 0.7397
Cx [0.3818/0.5179| 0.5579| 0.497§0.39480.2561| 0.5561 | 0.5581 0.5484| 0.5492
LIVE video
Cr [0.55830.6947| 0.7447 | 0.68780.58750.4379 0.7619 | 0.7623 0.7611 | 0.7590
RMSE |9-1072/7.9262 7.32627.9687)8.88339.8689 7.1104 | 7.0844 7.1568 7.2270
Cs |0.68690.8760 0.9220| 0.863]10.68660.7206| 0.9301 | 0.9268 0.9187| 09117
Cx [0.5058 0.6754 0.7642 | 0.675]0.51780.5385 0.7749 | 0.7669 0.7590| o 7349
EPFL video
Cr |0.6907 0.8865 0.9499| 0.88900.76810.7224 0.9438 | 0.942P 0.9356 | o 9289
RMSE |0.9753 0.6240| 0.4216| 0.61760.8636/0.9326 0.4458 o.452w 0.4711| 0 4995

To that end, we first obtain the averaged phasenaaghitude over all the image blocks

as

We then calculate phase and magnitude similagffesand Q®” a

Nb\ock

P(ref) — 1 P.(mf)
i ij
block j=1
N locl
pas __ 1 N¥pes
i - N1 ij
Nblock j=1
N locl
meen =1 i:kM(ref)
i - N ij
Nblock j=1
N 0C!
M (dis) _ 1 ikM (dis)
i -~ ij
Nblock j=1

12t

mag

S

16)

16)

(6)12
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(1) 1 Neg 2P (ref) PIdIS)+C

Qphase™ Nieg & (P(ref)) (P dls)) +C

(6.14)

B 1 Nied ZM (ref)M (dis) C
,g;g Nred IZ::( ref)) (M dls)) +C (615)

The overall qualityQ® is then determined via linear regression basedbgmation of

o .andQ® . Note thatQ®is different fromQ,, .., Wwhich uses phase and magnitude

Phase mag *

similarity between the individual image blocks. Expedly, forQ”there will be some

loss of prediction accuracy because of the avegamidicated by Egs. (6.10) ~ (6. 13)
but importantly there is a further reduction in #mount of reference information. For

instance in the TID database, the image resolusi&i2 x 384. In this case, the required
reference information will be only abo%f(LE of the image size, and this is quite a

significant reduction. The experimental results ¢3thave been presented in Tables 6.1,
6.2, 6.3 and 6.5. One can notice thit performs quite well and is very competitive

with FR schemes.
We have already mentioned that phase informatiogeiserally more crucial than
magnitude. To verify this further, as an example pvesent the individual results

for Qfhse: Qb @andQ® separately in Table 6.5 (RMSE is omitted as itifeto similar
conclusions as from other criteria). One can saeqk,.. gives higher correlation with
the subjective scores across all the database®riideless, we note that,), also plays

a role. It is therefore not surprising that” (which is a linear combination of

D an dQ(l)

Phase mag

) achieves the best results for each database.
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Table 6.3: Performance comparison for typical digia types.

PSNR
MS-
_ @ @
Distortion Type | Databasj PSNFR | HVS- SsIM VSNR| VIF | DPS | Qumpined | Q brase | QS0 .
M
LIVE [0.8897/0.9485 0.9812| 0.97350.9859 0.9742 0.9773 | 0.97040.9690| 0.9559
IPEG TID |0.87030.9720, 0.9607 | 0.93790.9547/0.9308 0.9469 | 0.92820.9231| 0.9308
CSIQ |0.8788/0.9576| 0.9815|0.9487/0.9882 0.9695 0.9771 |0.9704 0.9686| 0.9644
LIVE ]0.8997/0.9200 0.9706| 0.96410.9760 0.9583 0.9637 | 0.95460.9478| 0.9321
TID |0.86720.9669 0.9753| 0.95310.97300.9629 0.9700 | 0.96040.9600| 0.9510
JPEG 2000
CSIQ ]0.94630.9680 0.9785|0.9561{0.9776/0.9618 0.9722 |0.9654 0.9627| 0.9502
LIVE |0.78350.8869| 0.9591| 0.93690.9740 0.9412 0.9737 | 0.96270.9560| 0.9310
. TID |0.87360.9143 0.9512| 0.92770.9401/0.8857| 0.9413 | 0.92290.9149| 0.8968
u
CSIQ [0.9081{0.9553| 0.9669 |0.9342/0.9717/0.9427| 0.9728 |0.9678 0.9606| 0.9510
LIVE ]0.9857/0.9865 0.9725| 0.98160.98410.9757 0.9847 | 0.97100.9692| 0.9563
Additive white | TID [0.9341/0.9363 0.8021| 0.75770.8725 0.6750| 0.7144 | 0.65100.6827| 0.5944
noise CSIQ [0.89780.9433| 0.9465 |0.9260 0.9606/ 0.8703 0.9212 |0.9004 0.9101| 0.8720
Easttadi LIVE ]0.8897/0.9093| 0.9284| 0.90550.9613 0.9488 0.9431 | 0.94610.9380| 0.9087
astfading
TID |0.8536/0.9257| 0.8386| 0.77970.8372/0.7359 0.8369 | 0.77690.7796| 0.7690

Table 6.4: Comparison ofsvalues achieved by phase and magnitude.

Database/ LIVE TID Toyama IVC CSIQ
Algorithm
Q(z) 0.8810 0.6893 0.8831 0.8469 0.7598
mag
@) 0.9423 0.8053 0.9084 0.9046 0.8815
Phase
Table 6.5: Results for phase and magnitude sceprately.
Criteria/ Co Cs Ck
Datab (1) @ (€] (1) @ (€] (1) @ @
alabase Phase Qmagnitude Q Phase Qmagnitude Q Phase Qmagnitude Q
LIVE 0.9413 0.8803 0.9450 0.947% 0.8798 0.9479 0.7980 69986. 0.7992
TID 0.8135 0.6853 0.8302 0.7888 0.7050 0.82[10 0.5960 5384. 0.6259
Toyama 0.8992 0.8789 0.9061] 0.8874 0.8748 0.90p1 0.7011 689G. 0.7171
A57 0.8996 0.7470 0.9093 0.8840 0.7393 0.88p2 0.7051 5694. 0.7051
IVC 0.8927 0.8389 0.9003 0.8820 0.8315 0.89D5 0.6955 634Q. 0.7033
CSIQ 0.8811 0.7549 0.9336 0.806Y 0.7686 0.93%4 0.6480 5894d. 0.7773
WIQ 0.8470 0.8342 0.8511] 0.8284 0.8179 0.83p0 0.6418 6290. 0.6500
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Table 6.6: Performance comparison of the proposettiod Ref. [155] for LIVE

database.

Criteria | Algorithm | Alldata | JP2(1) | JP2(2) | JPG(1) | JPG(2) | Noise Blur Fastfading

DNT [155] | 0.8930 | 0.9115 | 0.9422 | 0.8501 | 0.9354 | 0.9401 | 0.8773 0.9243
Ce
Q(4) 0.9009 | 0.9031 | 0.9362 | 0.8850 | 0.9623 | 0.9512 | 0.8931 0.8897

DNT [155] | 0.9093 | 0.9081 | 0.9239 | 0.8389 | 0.8734 | 0.9316 | 0.8608 0.9237
Cs

Q(4) 0.9031 | 0.9140 | 0.9225 | 0.8915 | 0.8831 | 0.9435 | 0.8858 0.8888

Table 6.7: Performance comparison of the proposattiod with RR SSIM [156].

Criteria Algorithm LIVE TID Toyama IVC A57 CSIQ
RR SSIM [156] 0.9194 0.7231 0.8051 0.8177 0.7044 0.8426

Ce
Q(S) 0.8968 0.7682 0.8134 0.7400 0.8036 0.8576
RR SSIM [156] 0.9129 0.7210 0.8003 0.8154 0.7301 0.8527

Cs
Q(S) 0.9073 0.7547 0.8067 0.7356 0.7973 0.7917
RR SSIM [156] 0.7349 0.5236 0.6090 0.6164 0.5345 0.6540

Ck
Q(S) 0.7334 0.5611 0.6108 0.5355 0.6198 0.6211
RR SSIM [156] 11.3026 0.9270 0.7423 0.7014 0.1744 0.1413

RMSE

Q(S) 12.0863 0.8592 0.7279 0.8195 0.1456 0.1345

Even though the improvement in some cases (@ler) is small, the consistency in
improvement for all the databases indicates th#t ptay a role in overall quality score
determination.

As another example of reduction in the required loeimof coefficients from the
reference image, we develop another algorithm fotlg the same procedure as outlined

for obtainingQg...andQ® . The only difference is that for this case we Bge= 31 and

Phase mag *

Qred = 25 (instead oPreg = 31 andQreq = 31). LeR?) _and Q¥ respectively denote the

mag

phase and magnitude similarities for this case.eNbtat we need only 400 phase

coefficients from the reference image for comput@ifl.. (similarly we require 400
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magnitude coefficients from the reference imagediculateQ!? ). We have mentioned

mag

in the introduction that the phase conveys morermétion. To verify that Table 6.4

indicates the correlation values (only @lues are shown) achieved ®§f. _and Q on

mag
the 5 biggest image databases. As expecigd, performs better thagf,,,and can alone

be used as a quality estimator for want for infdfamareduction from the reference

image. ThusQ?? _.is effective for reducing the reference informatimm one hand and

achieving reasonably high prediction accuracy @ndther. The prediction accuracy of
@ _is also reported in Tables 6.1~ 6.3. As expectad slightly worse tha@ and Q®

but still achieves reasonably good overall perfarcgain spite of the fact that it needs

only 400 coefficients from the reference image. Foage with size 512 x 384, this
amounts to using only aboﬁ of the total reference information. This is a sigaint

reduction in reference information requirement.
To further demonstrate the effectiveness of theiged-space representation and its
potential for scalability, we uséeq = Qreq = 15. Following the similar procedure as

outlined forQY..., we arrive aQf .. Note that we again use only the phase information

Phase? Phase*

(i.e. 120 phase coefficients and this is ableéi(E of the image size). The results for

© .are also given in Tables 6.1~ 6.3. Whilg._. gives lower correlations as compared

Phase
to other schemes includigg,...., the performance drop is within a reasonable ra@fe
course the most crucial advantage@t,. is with regards to its requirement of the
reference information. The performance@t,Q%. ., Q¥ _on individual distortion types

presented in Table 6.3 again indicates the scdlaloi the proposed method i.e. the
degradation in prediction performance is gracefith weduction in reference information.
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Finally we compare the performance of the proposelteme with two recent RR
schemes which we denote as DNT [155] (it is basediwsive normalization transform)
and RR SSIM [156]. DNT and RR SSIM respectivelyuieg) 48 and 36 coefficients
from the reference image. We first IBgy = Qreqg = 15. Next we use the average (or sum)
of the coefficients in every 2 x 2 window. This meave denote the 4 coefficients in
every 2 x 2 window by a single sample thus redutiegnumber of coefficients further.
Obviously the averaging in 2 x 2 window will resurtloss of prediction accuracy but
this is done only to make the required number @fffc@ents in our scheme the same as

those in DNT and RR SSIM (so that the comparisdaii. We use the symbolg® and
Q® to denote the proposed the scheme requiring 48&mbefficients respectively (we
use only the phase). Note that baif? and Q® use only the phase information. The

prediction performance @f”and DNT for LIVE image database are presented lrieTa
6.6 (G- and G values are presented). It may be pointed out@DMNE requires training
and its authors have reported the experimentaltsefur two training cases: (a) training
with LIVE database, (b) training with A57 databas@r fair comparison with the
proposed scheme, we have included the resultsedeffrom [155] with A57 database as
the training set and LIVE image database as theskits We have also presented the
results for the individual distortion types presenthe LIVE image database. We find

that Q“ which requires no training performs well and i@l better. The results for
Q®and RR SSIM are presented in Table 6.7. For RR S&#/have reported the results

as provided by its authors for 6 image databases.csv see thap® performs better

than RR SSIM for A57, CSIQ and TID databases amieses competitive performance

on LIVE and Toyama databases. It is also fair tatoe here that RR SSIM also
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employs training (which was done using images ftdWE image database) for finding
optimal value of the slope parameter (we referrdeder to [156] for details). On the
other handQ® (als0,Q2..., Q¥..and Q) do not require any training because all of
them do not use any magnitude information and h#drere is no regression required.

In summary, we have presented 6 results namgly.., Q" , Q% ® ., Q“ and

Phase ! Phase

i, ! , L and 1 0]
49C ' 164C ' 409¢ 546(

Q®which respectively require approximateli%/ ,ﬁ ,

the reference information (for image resolutiorb@? x 384). These algorithms perform
well and are usually better or very competitivehwER schemes (and the two RR
schemes). Importantly, the degradation in predicfi@rformance is graceful with the
reduction in reference information across all tatatlases. This enables scalability of the
proposed method which is a crucial advantage. Tloel @verall prediction performance
on the 9 subjectively rated databases is alsoatide of the robustness to diverse image

and distortion contents.

6.3.4 Further Discussion

We have shown the effectiveness of the proposetiadewith regards to its prediction
accuracy and scalability. As stated before, thes@ehieved as a result of accounting for
the unequal sensitivity of the HVS to changes/digins in different frequency
components. To examine the impact of unequal enmphais different frequency
components as done in the proposed method, wedisog@resented the results for DPS
in Tables 6.1 and 6.2. The following observatioas be made from Tables 6.1 and 6.2:

1. As already mentioned, we can regard DPS asasitalPSNR (or MSE) because it

uses each phase point for computing image qualityewPSNR uses each pixel.

However, DPS performs better than PSNR for mostlietes. This suggests that
131



Chapter 6. Fourier Transform Based Scalable ViQuallity Measure

phase conveys more precise information regarslingctural changes than pixel.

2. The proposed,, ... Q“,Q% ., QY _are overall better and more consistent than

Phase? ~Phase

DPS across databases. As mentioned before, DRStithe DPS measure, so the
results clearly demonstrate the positive impact using the reduced-space
representation which leads to objective predictitimst are better aligned with

HVS’ perception. It also confirms that discrimirmati of signal contents is an

important aspect towards more accurate qualityiptied.

3. A closer look at Tables 6.1 and 6.2 reveals Bfa§ actually performs quite well
for LIVE, Toyama and IVC image databases whilep&formance is relatively
poor on TID, A57, CSIQ, WIQ and the two video datsés. This can be explained
by considering the distortion levels in the dataisasn LIVE, Toyama and IVC
image databases, the distortion levels are relgthvigher (i.e. suprathreshold) and
more clearly visible. As a result of higher amouuitslistortion, any change in the
visual signal usually corresponds to a similar niagie of the reduction in visual
guality and hence the prediction accuracy of DP&asonable. In contrast to this,
the distortion levels in databases such as TID,, AZIQ and WIQ are lower and
many images are with near-threshold distortionst (noticeable). In this case, the
change in the signal due to the distortion mayneaessarily imply the same loss of
visual quality (for example, as shown in Figure, @l effect of distortion is
masked). Hence DPS is overall less effective wthike proposed method tackles

this much better as already explained.
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® Qcombined
@ 2D mel

0.95+

LIVE A57 WIQ IvC TID EPFL CSIQ Toyama

Figure 6.8: Performance comparison of 2D mel-capsbased method angl

ombined

In order to compare the prediction performance bf rAel-cepstrum based method
(proposed in the previous chapter) which does set phase (for reasons discussed in
Section 5.3.4) and the one proposed in this chapterpresent the {LCvalues for 8
databases in Figure 6.8. Note that we used thermvatked image database for training

both the metrics. One can notice tleg}.,...gives a better overall performance which

confirms that phase indeed is more effective.

The reader will also recall that we used a blozke sif 128, i.e.P = Q = 128. We then
used different values ¢#eq andQeq to 0Obtain the reduced-space representation arsd thu
obtained a group of algorithms which are suitableréduced-reference scenarios. We
also experimented with smaller block sizes. It viasnd that performance usually
degraded with smaller block sizes and there arepwgsible reasons for this observation.
Firstly, when smaller blocks are employed, they assumed to be independent which
may not always be true. A more global Fourier asialyon the other hand, can tackle the

interaction/dependencies between the blocks b&tzondly, with decreasing block size,
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the number of blocks will obviously increase. Itgsite possible that in such case the
useful information about change in quality may bpmessed due to averaging over a
large number of blocks. Further, we found that gsmerlapping blocks lead to similar

prediction performances but with increased metgcation time.

6.4 Concluding Remarks

Phase has been known to convey more useful infavmagias compared to the
magnitude) regarding important features like edwesontours. In this chapter, we first
employed the phase and magnitude together as arebemnsive way to compute visual
quality. We obtained an effective reduced spaceesgmtation of the image (or video
frame) by non-uniform binning of the high frequermymponents. This is based on the
fact that the human eye can tolerate more errastddion) in high frequencies (such as
texture) and error in smooth (low frequency) areamore annoying. The proposed
method can achieve better performance than mangdi@mes in spite of using much
less reference information. In addition, since phesmore important with regards to
image structure we further explored the scalability of the progdsnethod by using
only the phase of the reduced-space representétidrarough experimental verification
of the effectiveness of the proposed method wa® dsmg 9 publicly available image
and video databases. We presented the experimesgalts for the 6 algorithms
developed such that they require decreasing anafuaference information. Each of the

6 algorithms performs well considering the reduastunt of reference information.
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Chapter 7
Low-Complexity Video Quality
Assessment Using Temporal Quality

Variations

7.1 Introduction

Objective VQA is a challenging problem and there three important issues that arise:
(1) the temporal factors apart from the spatialsoalso need to be considered, (2) the
contribution of each factor (spatial and tempowaid their interaction to the overall
video quality need to be determined, and (3) theymdational complexity of the
resultant method. In this chapter, we seek to éathd first issue by utilizing the worst
case pooling strategy and the variations of spatiality along the temporal axis with
proper analysis and justification. The second issugddressed by the use of machine
learning; as emphasized in the thesis, we belibigetd be more convincing since the
relationship between the factors and the overalllituis derived via training with
substantial groundruth (i.e. subjective scores). Experiments coneliiaising publicly

available video databases show the effectivenesthefproposed FR algorithm in
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comparison to the relevant existing VQA schememil&r to Chapters 4 ~ 6 of this
thesis, focus has again been placed on demonstréten robustness of the proposed
method to new and untrained data. To that endnekie cross-database tests have been
carried out to provide a proper perspective ofghgormance of proposed scheme as
compared to other VQA methods.

The third issue regarding the computational colsts plays a key role in determining
the feasibility of a VQA scheme for practical dgptent given the large amount of data
that needs to be processed/analyzed in real-timiemidation of many existing VQA
algorithms is their higher computational complexity contrast, the proposed scheme is
more efficient due to its low complexity (as funtlexplained in Section 7.3.3).

The remainder of this chapter is organized as VdldSection 7.2 describes the details
of the proposed method. We outline the processatdutating the spatial and the
temporal scores. We also discuss their combindahtm an overall score via machine
learning. In Section 7.3 we present the experimeatailts using video sequences from
three publicly available databases. We use a ¢6tab0 video sequences encompassing
a wide variety of vide contents and distortion typd-inally, Section 7.4 draws

conclusions.

7.2 The Proposed VQA Algorithm

We can consider objective VQA as a two stage psd@ computing the spatial and
temporal factors, (b) pooling the two factors irgn overall quality score. A block

diagram of the proposed method is shown in Figute 7
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Figure 7.1: Block diagram of the proposed VQA schem

The first block namely spatial and temporal scavengutation uses the SVD based
metric (presented in Chapter 3) for computing tbetial scores. The temporal scores are
computed from the difference of features betweenwideo frames. Finally, the two
scores are combined via SVR. Further details at@uproposed method are described in

subsequent sections.

7.2.1 Spatial Quality Measure

We use the SVD based method presented in Chapfi@r tBe assessment of spatial
quality. The reader will recall that in this methdte dot product between singular
vectors of the reference and distorted imagesligad for quality assessment. We chose
the SVD based method due to 2 reasons: (a) it gigasonably good accuracy in
predicting the spatial quality, (b) we obtain a Idinension (as compared to frame size)

feature vector (which characterizes the quality) dach video frame which is used to
137
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compute the quality variations in time as elabarateSection 7.2.2.
We now briefly describe the procedure to compute ghatial quality of each video
frame. Following similar notations and procedurenaShapter 3, we write the SVD of a

video frameA (with dimensions x c) as
A=UgqgV' (7.1)

whereU , vV and ¢ represent the left singular vector matrix, thehtigingular vector
matrix, and the diagonal matrix of singular values

Let k denote the frame index such tkat 1 to N, (assuming there are frames in the
video sequence). We decompose the fraxmaf the original video using Eq. (7.1) and
the corresponding frané” of the distorted video as

A(d) - U(d) O_(d)V(d)T
where U, v and ¢ denote the left, right singular vectors and singulalue

matrices respectively fon® . We then measure the change in singular vectaong det

products as

a, =u,. uf (7.2)

By =Vic- Vi (7.3)
wherea, (j = 1 tot andk = 1 toN, ) represents the dot product between the unpedurbe
(i.e. original) and the perturbed (i.e. distort¢d)eft singular vectors ;and ul”) and
B, denotes that for the right singular vectorsand v\?) of thek" video frame.

Similar to Eq. (3.10) in Chapter 3, we define thattire vector, for the K" frame to
represent the change in the singular vedasriollows
Iy =lay +pBl (7.4)

Note that Eq. (7.4) defines tdimensional vector for thé" video frame with
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elementy, (j = 1 tot). Same as Eq. (3.11), we use a Minkowski summaiath

pooling exponent as 2) and logarithmic scale taiobthe spatial quality of tHé" video

frame as

49 =log 1{[2%}]2 (7.5)

We also normalized)***in the range [0, 1] with 1 denoting perfect qualayd O

denoting worst quality.
Now one can use a simple average of the spatidtigaaf all the frames as the overall

spatial quality measure. Therefore, the overaltiapquality scores, ,is obtained as

1 o spatial
Savg = N_ZQIE pata (7.6)

=1
It follows that s, also lies in the range [0, 1] with,,= 1 denoting the perfect spatial
quality while s;,,= 0 denoting the worst quality (as compared to dhginal video).
Further, for simplicity in notation, we drop thebsscriptj from r, and define
c= I, (withk=1toN,) (7.7)
Herec, will be at-dimensional vector (singe= 1 tot) associated with framleand can
be used to compute the spatial quality of fraknby Minkowski summation of its

elements and the use of logarithmic scale. In tha section, we will usex to compute

the changes in spatial quality over time.

7.2.2 Temporal Quality Measure

The spatial qualitg,,,defined in Eq. (7.6) alone may be deficient in jpotadg the

overall quality.
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Figure 7.2: Plots of spatial quality of frames vadeos with different DMOS'’s.

We begin with the observation that a better qualitieo tends to have smaller spatial

quality variation over time as compared to a vidaithn poorer quality. In other words, in

general, a better video will be characterized Inycsie constant quality over time while a

poorer quality video exhibits larger variation,. iraore fluctuations. As an example to

illustrate this point, we show the spatial qua{itpmputed using Eq. (7.5)) of each frame

for videos with different DMOSs in Figure 7.2. Theddeos have been taken from the

LIVE video database [80] which has also been usdti@main test database (details will

be described later in Section 7.3). The four sultspthown in Figure 7.2 are from videos

such that they are representative of different widentents and distortions. Note that a
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lower DMOS implies a higher quality while higher @M indicates poorer video quality.

We make the following observations from Figure 7.2.

As shown in Figure 7.2 (a), a lower quality vid&aMOS = 75.12) has frames
with lower spatial quality as compared to a videthibMOS = 40.55. Here,
the average spatial quality will be lower for videth DMOS = 75.12 while
the same will be higher for the video with DMOS &5b. In such cases, on the
expected lines, the average spatial quality scoliebes reasonably effective in
predicting the overall video quality. This is theason why averaged spatial
quality can still be used as an approximation efdkerall video quality.

In Figure 7.2 (b), the reader will notice that vehihe frame level average
quality is similar for both the videos they havéfatent DMOS'’s as indicated.
In fact a higher averaged spatial quality corresigonto the video which
actually had a lower overall perceived quality.(ilegher DMOS). For that
reason simple averaging will be less meaningfuddétermine the overall video

guality and less accurate.

From the two points mentioned above we can conctbdefollowing. s, alone can

still be used for overall VQA as explained in pofa) above. However, it can be

ineffective in the cases when a similar proporidrmigh and low quality frames appear

in the video sequence as demonstrated in pointT{ng. reason is that it gives equal

weight (i.e. importance) to all the frames irregpecof their perceptual impact (this is

similar to MSE/PSNR). One approach to tackle tkiga use the worst case pooling

strategy (or percentile pooling) [53], [194]. Inighinstead of averaging over all the

frames, one uses only the lowest (i.e. worst gyalt % quality scores. Therefore, the
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overall spatial quality scorsin this case is thus obtained as

_ 1 (spatial)
S= N—ZQk pat (7.8)

H kOH

Here, H denotes the set with lowekt % quality scores andl, is the number of

elements iMH. scomputed above is expected to be more effectivausecit is known
that lower quality frames usually have larger intpac the overall perceived quality.

Hence we expect to tackle the deficiency of, mentioned in point (b) above.

svg
However, there is another factor which can imphet dverall perception of the video
guality namely the temporal variations/fluctuatminspatial quality. We show two cases
in Figure 7.2 (c) and (d) for whichwill overestimate or underestimate the error. From
Figure 7.2 (c) one can see that the subjectiveesoorthe two videos is nearly the same.
However, the worst case pooling strategy will pcedower score (we found th&=
0.7274, note that bigger valuesafmplies higher quality) for the video with DMOS =
54.65 since the low quality frames in this videoéndower quality than the low quality
frames in the video with DMOS = 55.23. It is alssg to see that a higher score (it was
found thats= 0.7856) will be assigned to the video with DMOS55.23. Another
example is shown in Figure 7.2 (d) whese 0.6626 for the video with DMOS = 71.27
and s= 0.7160 for the video with DMOS = 72.13. Here aghie two videos have nearly
the same subjective score (in fact the video showmd in Figure 7.2 (d) has slightly
lower subjective visual quality) bug scores cannot capture this and assigns highese scor
to the video with lower subjective quality. Thisppens because the video with DMOS =
72.13 (red) has relatively more fluctuations thaa ene with DMOS = 71.60 (blue). This
can lower the satisfaction level of the viewerspitesthe fact that many frames of the

video with DMOS = 72.13 have higher quality thae thne with DMOS = 71.60. In
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other words,scan overestimate (as in Figure 7.2 (c)) or undenaseé (as in Figure 7.2
(d)) the error. This happens because the worst pagkng ignores the temporal impact
of poor quality frames: the occurrence poor qudligynes at regular intervals is usually
more annoying. Therefosealone can be inadequate in capturing the effeuallity
variations which play a role in the overall subjeetviewing experience. This idea is in
agreement with the results reported in [69]. Ththars in [69] proposed a subjective
guality assessment method known as Mean Time Betwaiures (MTBF) in which the
viewer continuously indicates the presence of peuze artifacts (like blockiness,
blurriness) in the video sequence by using a buZidse viewer is allowed to keep the
buzzer pressed if the entire stretch of the vidapuence looks bad. The idea behind this
methodology is that, the viewer intuitively tendsdive feedback intermittently, with a
frequency correlating with how bad the video looksessence, the MTBF attempts to
take into account the variations of quality alohg time axis. In addition, it has been
reported in [71] that a poorer quality video tertdshave larger difference between
frames (indicated by a larger standard deviatiothefdifferences between pixel values
at the same location in space at successive framex)mparison to a higher quality
video. Therefore, variation of quality in time is anportant factor in VQA [69], [71]-
[72], [169] and we use it to adjust the valuesoEomputed from worst case pooling. We
proceed as follows to account for it.

Usingck defined in Eq. (7.7), we define

l F
de= —> (cc—c.l*lc =i, ) (7.9)

4F 73
wherecy, c,., andc,,, are respectively the feature vectors of frarkels-z andk+z, F

specifies the number of frames (on each side okfhfeame) to consider. So, the frame
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indexk will be fromF+1 toN, -F (instead of 1 tol, ). In this chapter, we usdd= 2, i.e.

two frames on either side of the current fraie computedy, which denotes the change
or the variation in the elements of vectpiof framek with respect to the neighborirkg
frames. Therefore, the elementsdafcan be thought as the indicator of the change in
spatial quality. In other wordslaccounts for the variance in the spatial qualityclwhs
perceptually relevant as we have already pointeédFauther, it is easy to see that all the
elements ofdi will be zero if the neighboring- frames have the same quality. This
means that in such case the instantaneous viddityquauld depend only on the spatial
factor because there are no temporal fluctuatiotisaé instant.

Like ¢, dg will also be a-dimensional vector. We then sum the elements efvéttor
dk using Minkowski summation and then use logarithegale (the same procedure was

followed to compute spatial quality of each frarte)pbtain the temporal scorg* ™

for each framd. Finally, we obtain the overall temporal scardor the video as

N, -F
zQétemporaD (7 ) 10)

Top 1
(N, -2F) =
As seen from Eg. (7.10), there will ke-2F frames (instead of, ) since the first and

last F frames are left out due to insufficient number mdst and future frames

respectively. We can consider the temporal qudligs a factor which accounts for the
effect that the qualities of the nearby frames hawedhe current frame. That is the per-
frame distortion is not the perceived distortiortteg specified time point [83] because

the perceived distortion is also affected by theattion in the nearby frames

7.2.3 Overall Video Quality Prediction

We have two factors namely (spatial) andr (temporal) contributing to the overall
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video quality. However, there is evidence that tlhenan perception is also affected by
the interaction betweesandT[65], [79]. This is because the interaction ternm ¢
thought as the overlap between the two factorsiargpresents the adjustment for the
combined effect in perception [195]. Thereforejrapde linear combination ofand T

or their interaction (multiplicative) alone may bt suffice for effective quality
prediction. This has also been noted by the autind@5] where the spatial and temporal

factors were combined using different exponent patars.

In this chapter, we used SVR for combining the tiaotors. Let{X;,X,,...X;} and

{V1,¥,..-y,} denote the training set. Here, eacxln:(s ,Ti,STi) represents the 3-
dimensional vector consisting of the spatial, terapoand the interaction (i.e.

multiplicative) term and eacpis the associated subjective score (i.e. targeteydior

thei" video. Given the training dat(al,yl),...(xl,yl), we find the weight vector

w =(w,,w,,w,) and the bias (constart)(refer to Section 4.3 for details).

7.3 Experimental Results and Analysis

We used video sequences from three publicly avVailalmleo databases (details are
provided in the Appendix). In total, we have usé@ distorted video sequences from the
three databases: 150, 78 and 32 video sequencés ffwair associated subjective
viewing scores) respectively from LIVE, EPFL and Tiddeo databases. It may also be
pointed out that many of video sequences usedesetlilatabases are different and this
allows us to evaluate the performance of diffenadeo quality metrics on wider video
contents. In addition, as mentioned, the distortigges occurring in these databases are

due to video processing/coding techniques like B/RGC which are fast gaining
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industry appreciation. This therefore helps us val@ate the performance of different
VQA algorithms in predicting quality of video seaques corrupted/distorted by ‘state-
of-the-art’ coding/processing techniqgues. We nowscdee the partitioning of the
training and test sets.

First, we will report the results for the LIVE videlatabase using 10 fold CV test. To
this end, the data is split into 10 chunks, onenkha used for testing and the remaining
9 chunks are used for training. The experimenepeated with each of the 10 chunks
used for testing. The average accuracy of the twsts the 10 chunks is taken as the
performance measurement. The splitting of the ddata10 chunks was done such that
the video contents presented in one chunk do n@mapin any of the remaining chunk
(and this chunk is used as the test set). Simdahé definition in Section 4.4.1, one
video content is defined as all the distorted wrsiof an original video sequence. We

use Q, to denote the results for the 10 fold CV. Thist taBows us to judge the

performance of the proposed scheme to untrainesbwidntent(s).

Next we use cross-database validation: trainingceetes from one video database
while the test set is from another video databEisee, we first used the EPFL database
for training while LIVE video database forms thettget. This case is denoted by the

symbol Q... (which means training is done with EPFL databaBleis test is meaningful

on two counts: (a) the video sequences in the tatakdises are all different, (b) three
(out of 4) distortion types do not appear in trening set. Secondly, we used the LIVE
video database after excluding the videos with B.dGtortion as the training set while

the test set is comprised the 78 video sequenoes tlhe EPFL database. We excluded
the sequences with H.264 distortion from the trainset since the test set contains

sequences that have been distorted due to H.264/éM@pression. Once again this
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ensures proper and fair metric verification du¢hi design of the training and test sets.

We denote this test case @s,. (which means training is done with LIVE databaera

excluding the sequences distorted due to H.264 oessn). Lastly, the smallest video
database i.e. TUL is used for training while theaeing two databases form the test set.

This test case is denoted ky,, (i.e. training database is TUL). Although EPFL and

TUL databases share two reference sequences natfegman’ and ‘mobile’
nevertheless the remaining 6 (out of 8) refererecgiences in TUL database are different.
In addition, the distortion levels in the two dedabs are different. Further, none of the
video sequences in LIVE database is present in E&kd TUL databases. Like in
previous cases, this test case also helps to etisairéraining and test sets come from
distinct video content(s) and/or distortion types.

In all we present the results for 4 different typédraining and test sets i@,, Qcpr, »
Q.= andqQ,, . The reader will appreciate the fact that all ther cases help in better

and more comprehensive metric verification. In swamm the described test
methodologies are quite effective and help enshae there is ngarameter tuningor
optimizationtowards the test set. In other words, the probdéraverfitting (wherein a
trained system performs well only for training datad poorly on new unseen data) is
alleviated.

The experimental results are reported in termsvofdriteria which are commonly used
for performance comparison namelyy (for prediction accuracy) and Spearman rank
order correlation coefficier€s (for monotonicity), between the subjective scand ¢he
objective prediction. A better quality metric witlave higherCp and Cs. The 95%
confidence intervals (Cl) have also been useddmate the statistical significance of the
results. A 4-parameter monotonic logistic mappiegneen the objective outputs and the
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subjective quality ratings was also employed, fmasons already explained in Section

3.3.1.

7.3.1 Performance Comparison

We first compare the performance of the proposgdriahm with the relevant existing
metrics with LIVE as the test database. The otlgariathms being compared include the
widely used PSNR, Speed-SSIM [78], V-VIF [82], ti®M [79], the algorithm based
on ABT-JND model [196], MC-SSIM [75] and MOVIE [66The results for all these
algorithms except MC-SSIM and ABT-JND have beenamtgd from [66] while the
results for these two have been cited from theipeetive papers. We first preseptabd
Cs values for full LIVE database (150 distorted vidgon Figure 7.3 (a), and (b)

respectively. One can observe that the proposednsetdenoted by,,, Q..r, aNdQ,

performs well and is better than other algorithive further present the results for the

performance on individual distortichin Figure 7.3 (c) and (d). We can see that the
proposed scheme again performs well overall bétten other schemes. In addition, the

95% Cls are smaller for the proposed scheme.

We further present the results of the proposedréigo for the EPFL database denoted
as Q.. (recall that this means training with LIVE databadter excluding the sequences
distorted due to H.264 compression) apg (which implies training with TUL database)
in Figure 7.4 (a). We also show the results for MBWQM and PSNR. We are unable
to report results for other schemes such as Sp8&d;S/-VIF as their codes are not
publicly available. Moreover, the primary aim opogting the results for EPFL database

is to examine the performance on untrained data.

* Note that the results of individual distortion égofor MC-SSIM and the algorithm based on ABT-JND
model are not plotted as they are not availabtbeir respective references [75], [196].
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Figure 7.3: Performance comparison for LIVE videdathase with 150 distorted videos
(a) G- comparison for the full test database, (B)cGmparison for the full test database,
(c) Ge comparison for individual distortion types, (cg €mparison for individual
distortion types. For (a) and (b), the bars frofntkeright are for PSNR, Speed-SSIM,
V-VIF, VQM, ABT-JND, MC-SSIM, MOVIE, Q10, Qepr. andQru.. For (c) and (d), the
bars from left to right are for PSNR, Speed-SSIMYN, VQM, MOVIE, Q10, QeprL
andQry.. The error bars denote the 95% Cls fpa@d G.
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Figure 7.4: Performance comparison for the EPFhlute (totally 78 distorted videos)
(a) G and G; the bars from left to right are for PSNR, MOVNEQM, Qry. andQyve

(b) G- and G comparison for LIVE video database; the bars ffefinto right are foiSayg,

S Lepru, Ltul, Qepre andQryuL. The error bars denote the 95% Cls fea@d G

Table 7.1: Performance comparison on HD video detab

PSNR VQM QL QL Qu
Cr 0.687 0.672 0.7923 0.8023 0.8456
Cs 0.694 0.685 0.7880 0.7925 0.8344
RMSE 0.759 0.767 0.6388 0.6012 0.5822

Nevertheless, we still report the results for PSMiRIely used for VQA) and MOVIE
(code is publicly available at [80]) which is thesh performer (excluding the proposed
metric) for LIVE database. One can observe thatGh&alues fo,, and MOVIE are
nearly the same bug, , has higher € Q,,. on the other hand outperforms MOVIE both
in terms of G and G. This again demonstrates the robustness to uattauideo
contents and/or distortion types. As expected, PSIpRrformance is much worse than

MOVIE, VOM, Q . andQ,, . Finally, Table 7.1 reports thesCs and RMSE values for
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a high definition (HD) video database (resolutianng 1920 by 1088) with totally 128
distorted videos along with the subjective sco243]. In addition, we also report the
performance of PSNR and VQM for this database. &ith@ source codes for other
metrics such as Speed SSIM, V-VIF etc. are notlai@, those results are not computed.
Furthermore, we cannot report the performance egttisting metric MOVIE as its code
runs out of memory (this is probably due to highotation of the HD video sequences
present in this new database) which again confiteneigh computational requirements
and that a low complexity method like ours is mdesirable. We can see that the

proposed metric (denoted fy,, , Q.. and Q,) outperforms PSNR and VQM (both are

widely used in video quality assessment) by a Sgant margin.

7.3.2 Further Discussion

The proposed method relies on quality variatiorm@ltime axis for computing the
temporal factor. As can be noted from Eq. (7.9)used the absolute difference between
the feature vectors of past and future frames. Mgeetfore experimented by replacing the
SVD based method used in this chapter with SSIM; ¥hd the methods proposed in
Chapters 5 and 6. We however found that while waeae reasonably good spatial
guality prediction, the temporal quality evaluatiemot as effective. The reason for this
could be the large number of features whose diffezeis taken for temporal quality
determination. For example, SSIM provides a digiartnap which is equal to the frame
size i.e. the feature vectotg c,_, andc,,, (used in Eg. (7.9)) in this case are very high
dimensional (equal to the total number of pixelsha frame). In contrast to this, feature
vectors from the SVD based method are relatively diimensional (as compared to the

frame size).
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We have already mentioned in Section 7.2.2 thah détae simple averaging out of
frame level qualities is reasonably effective faQA for cases such as those shown in
Figure 7.2 (a). We have also discussed that it @véail in cases such as those plotted in
Figure 7.2 (b), and therefore a worst case poalngld be more effective. Finally, we
have pointed out the limitation of the worst caseling strategy (i.e. overestimation or
underestimation of error/quality) and proposed uke of temporal quality variations to
remedy. It is therefore informative to point oug fhositive impacts of each component in
the proposed scheme. To that end, we have show@rthad Gvalues for LIVE video

database for the cases of simple averaging (derimtes], and defined in Eq. (7.6)),

worst case pooling (denoted lkyyand defined in Eq. (7.8)) and the results after

considering the temporal variations (denotedQ@py, andQ,, ) in Figure 7.4 (b). One
can clearly see the increase in prediction accufemwy S, t0 Qg (Or Q. ). These

highlight the positive impact of the using worssegooling, quality variations and their
combination via SVR.
The last point is regarding the use of SVR. As noereid, we believe that SVR based

non-linear combination is better than a linear dreeverify this, we have also shown the

results for linear combination case denoted as (i.e. training database is EPFL) and
L., (i.e. training database is TUL) in Figure 7.4 (b)can be observed that.., and

Q... perform better than both..., andL,, . The reason for better performance of using

SVR is that it allows more flexibility for combingnthe different factors via the use of
kernels. On the other hand, the linear combinaioless effective as it constraints the
relationship to be linear and hence less effedtivadjusting the effects (i.e. the weights)

of each contributing factor. We can also say thatlinear combination is just a special
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case for SVR which it can handle by using a lineamnel. As a result, SVR is a better
and more powerful tool for feature combination.
We also have similar observation as Chapter 4 dagguthe SVs obtained as result of

training. For example considex..., for which the MOS data from the EPFL database is

in the range 0 < MOS < 5 (higher implies betterligyeWe found that, in general, the
samples which were chosen as the SVs correspodedntples with either very low
subjective quality score (MOS < 2) or very high lifyascores (MOS > 4). This is a
reasonable and intuitive selection of SVs sincee#dwith very low or very high quality
are the representative of the overall quality rai@aviously if the test signal is of higher
quality, it will have greater similarity (i.e. bigg K(x;,x)) with the SVs that represent
higher quality signal. On the other hand, it wilve low similarity ((i.e. K¥;,x) will be
smaller) with the SVs corresponding to low quakignals. In essence, SVR predicts
guality by determining how “similar” the test signa with the chosen SVs. The final
guality score is just a summation (scaled by appap SV coefficients) of such

similarity scores with respect to each SV.

7.3.3 Computational Complexity Versus Prediction

Accuracy

Even though quite a lot of research effort has bspant on developing VQA
algorithms, PSNR is still popular and used widélfyie obvious reasons are its low
computational complexity and ease of implementatidmerefore, for a VQA algorithm
to be practically deployable, its complexity is iasportant (perhaps more in some
situations like encoding) as its prediction accyrdn this respect, it is worth pointing

out that the proposed scheme is computationallyhnmmaore efficient as compared to
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other VQA algorithms that employ motion informatilom motion estimation (ME) or
optical flow. In fact, the complexity of the promasscheme is only slightly higher than
using an IQA algorithm on frame-by-frame basis.

We also note that MOVIE is a reasonably good VQAesge. However, its major
bottleneck stems from the high computational c@ssit employs three-dimensional
optical flow computation. Regarding computationamplexity, for a video sequence
with 250 frames (resolution being 768 x 432) thepmsed algorithm (assuming training
is done offline which will be the case more oftéart not) requires approximately 1.75
minutes (104.4 seconds) for predicting its qualiin the other hand, a C++ language
implemented MOVIE needs approximately 100 minutekarly, the processing time
and the related computational effort for MOVIE @&pe high for practical deployment.
Therefore, not only does the proposed scheme perfoverall slightly better than
MOVIE (the performance is also better or very cofitpe for individual distortion
types), it is much more efficient.

As stated in Section 4.4.7, the computational cexipt for frame level SVD in the
proposed scheme (assuming frame sizec) is O(min{rc?r°c}). Percentile pooling can
be performed with a worst-case complexity@(fc log(rc)). The training of the SVR
required in the proposed scheme can be done offime hence does not incur any
computational overhead for real time implementatibhe overall complexity of our
scheme is of course more than IQA metrics like P2INBR SSIM (applied on frame-by-
frame basis) but they are less effective for VQAaheady pointed out in the chapter.
The complexity of our algorithm is also less tha®M for which it isO((rc)?). Also note
that the prediction accuracy of VQM is lower thdre tproposed method. MC-SSIM

which uses SSIM is also computationally more dermands it utilizes ME and clearly
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does not perform as well for LIVE database. Simianarks can be made for ABT-JND
model based algorithm. Many other existing VQA sohe also resort to ME for
incorporating motion information which is usuallyet major factor contributing to the
increased computational burden. On the contrary,pitoposed SVD based scheme is
much simpler since we do not use ME/optical floelds. Instead, we exploit some basic
temporal characteristics that affect video qualfurthermore, the proposed method
benefits from non-linear training based methodoleigythe use of SVR (with subjective
scores as thground truth). These enable efficiency and good prediction eamuof the
proposed scheme. In other words, the proposed schashieves a better trade-off

between prediction accuracy on one hand the contplex the other.

7.4 Concluding Remarks

In this chapter, we have first argued and showh dhsimple averaging procedure for
quality of different frames alone is inadequate V@A due to the higher impact of poor
quality frames. We then employed the worst caselippostrategy to tackle the
shortcomings of simple averaging. Next, we havdamrpd and analyzed the drawback
of worst case pooling and explored the use of teaipquality fluctuations as an
important factor towards effective VQA. Furthermotke issue of establishing non-
linear relationship between the different factoas been tackled with the use of machine
learning. Since the individual contribution of edalbtor to the overall video quality can
be non-linear and difficult to be determinegriori, the use of machine learning to
determine the weights/parameters is more convin@ngd meaningful than ad-hoc
methods.

The proposed metric has been validated using fhubéc video databases (totally 260
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distorted videos). It is found to perform betteariithe relevant existing metrics in terms
of agreement with the subjective scores. We hase ahown the robustness of the
proposed scheme with regards to untrained videteobmnd/or distortion types by way
of cross-database validation. The performance obwua components of the proposed
algorithm has also been shown to assess the ingfagach stage. The most crucial
advantage of the proposed method is its efficieasyit has lower computational
complexity and achieves good prediction accuraceg. Wave also presented analysis to
show that the proposed scheme achieves a bettler-af&in complexity and prediction

accuracy.
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Chapter 8

Nonintrusive Quality Assessment of Noise

Suppressed Speech

8.1 Introduction

As mentioned in Chapter 2, perceptual quality assest of noise-suppressed speech
has received less attention in comparison to that speech distorted by
codecs/communication channels. We have also det#ile specific issues concerning
quality assessment of noise-suppressed speecttiiose.3.1. Recognizing this ITU-T
has recently approved POLQA, P.863 [4] as the rtandsird for intrusive speech quality
assessment which will also cater to noise-suppessienarios. However POLQA is still
an intrusive metric (i.e. requiring both refererane processed speech files) and so it
cannot be employed when the reference signal isailahle (this can occur in many
practical situations, as already elaborated in @wap). In this chapter, we develop a
nonintrusive scheme for assessing the quality tfaasuppressed speech.

The remainder of this chapter is organized as WdloSection 8.2 describes the
proposed scheme based on mel FBEs and SVR, witbomgwy and justification.

Experimental results and comparisons are present8éction 8.3 using two third party
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databases, while Section 8.4 gives the performawmakiation with subset of features and

presents further discussion. The last section ptegke concluding remarks.
8.2 The Proposed Speech Quality Evaluation

Scheme

Like visual quality assessment, the task of assgsspeech quality can also be
considered as a two-step process. In the first &t@pures are selected/extracted from the
speech signal to provide a compact representafitmecsignal with the regard of quality.
The second stage comprises a “cognitive mappinduse the extracted features into a
guality score. In this section, we provide the detaf the proposed scheme. We first

describe the detection of features, and then disittiesfeature mapping procedures.

8.2.1 Feature Selection for Quality Assessment of Noise

Suppressed Speech

Feature selection/extraction is the process of atimg a compact numerical
representation that can be used to characterizepgbech signal for quality evaluation
purposes. Different speech features have been fasequality assessment. In [103],
spectral flatness, spectral dynamics, spectralraiehtspeech variance, pitch period and
excitation variance have been used. Perceptualarlim@ediction (PLP) cepstral
coefficients have been used in [7], [9]. Ref [1G&kes into account the temporal
discontinuity in the signal (since it usually hagative impact on perceived quality) and
adjusts the quality scores accordingly.

For evaluating the perceptual quality of speeckc#id by noise suppression, we look
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for features that can represent the variationsp@esh quality due to varying noise
conditions (i.e. determine the impact of differemtise-suppression schemes). In this
chapter, we propose the use of mel FBEs as thelggeatures. This is because they are
sensitive to noise, and can capture the effectsocfe addition and noise suppression
reasonably well. Since FBEs have been succesdiskyl in enhancing speech quality
[197]-[202] we believe that they can be effectivel e exploited for quality assessment
of noise-suppressed speedtihe method described in [203]-[204] uses the log S8
estimator of the FBEs to obtain enhanced FBEs.cl.enhdcsdenote the Mel-FBEs for
the noisy and clean speech signal, respectivelye €hhanced FBEs can then be
estimated using the log-MMSE estimator as
¢s(b) = exp(Eflogey(b)| c,(b)}) (8.1)
where E{.} denotes the expectation operator, larglthe Mel filter bank channel index.
One of the solutions for Eq. (8.1) is
¢é4(b) = exp(E{logcs(b)| cy(b)})
=G(¢(0), w(b)) cy(b) (8.2)

where the gain is given as

Gl D)= e p{;j e }

and v(b) is defined by the adjusted apriori SNB) for each filter bank and the

adjusted aposteriori SNRb) such that

¢(b)

o) = e

y(b)

where



Chapter 8. Nonintrusive Quality Assessment of N&appressed Speech
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with g2(b) , 0% (b) denoting the variance of clean speacand additive noisel and yy(K)

being the Mel band-pass filter.

We can observe from Eq. (8.2) that the enhancedskFR) are affected by the gain
due to the enhancement. Eq. (8.2) is a special @asahancement of FBEs using the
MMSE approach. The approach in [205] also utilites MMSE estimation of FBEs for
speech enhancement to achieve more robust speeognigon performance. Other
methods, such as spectral subtraction, have a0 tBently used [199]-[200] for the
enhancement of FBEs. The method reported in [282s i Wiener filter (which is
derived using visual features) for estimating theanced FBEs. The approach described
in [206] uses a channel attention matrix to obtagighted FBEs such that the less
corrupted channel is given more attention to improacognition performance. A similar
scheme reported in [207] uses a top-down multiplieaattention filter for enhancing
FBEs of noisy speech. FBEs can also be used fachpenhancement using a statistical
framework. For example, a GMM in the log FBE domeam be used [202]. Furthermore,
the FBEs have also been used [208]-[209] in subbaddptive speech filtering
techniques for improving speech recognition perfmoe in reverberant environments.
Recently, FBEs have also been used to obtain nuast features for overlapping
speech recognition (i.e. recognizing speech fronitipte distant microphones (multi-
channel) for multiparty meetings where more thae speaker can be active at the same

time). The basic idea [210]-[211] to achieve thssto find a mapping (by a neural
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network or some regression analysis) between tgeFBEs of signals from distant

microphones and the log FBEs of clean signal. Waxefiore expect that the FBEs

provide a reasonably effective and discriminatiepresentation space of the speech
signal towards differentiating the effects of noisgection and noise-suppression (i.e.
speech enhancement) and hence assess the quality.

With s denoting clean speech which has been corrupteditiyived the noisy signay
is represented as

Xn) =s(n) +d(n) (8.3)
with n being the time-sample index. We may write Eq.)(&3he frequency domain as
Yu(K) = Su(K) + Dy(K) (8.4)
where Y, (k), Si(k) and D(k) respectively denote the DFT of noisy speech signa
clean speech signaland the noise signdlwith frame indexw, while k is the frequency
index.

The aim of speech enhancement is to obtain an &t&tiof the underlying clean speech
signal from the noisy signal. We denote the comglaix (in frequency domain) due to
speech enhancement ldg(k). Then, the estimat®,(k) of the clean signab,(k) can be
written as

Sw(K) = Hu(K). Yu(K) (8.5)

We can regard Eg. (8.5) to be a general expredsiospeech enhancement where the
complex gairH,(K) is different for different speech enhancemenesuts [213].

The enhanced speech sigi@l) (sampling frequency being 8 kHz) is segmented int
50% overlapping frames of 20 ms in length, witlmaarfe rate of 100 Hz. Each individual
frames,(n) is Hamming windowed and transformed to frequeth@yain by applying an

N-point FFT. We denote the resulting amplitude spectas (k)| (1< k < N). Note that
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the phase is discarded and only the magnitudeeo$plectrum used. We used a 512-point
DFT (N = 512) and thus obtain 512 frequency coefficientsdach windowed speech
frame. In the human ear basilar membrane, theremame receptors for frequencies
between 0 to 1 kHz and their number decreaseslyapiereafter. To emulate this, mel-
filter banks are used. The mel-filter bank [214hsists of overlapping triangular filters
with cutoff frequencies determined by the centegjfrencies of the two adjacent filters.
These filters have linearly spaced centre frequesnaind fixed bandwidth on the mel
scale. Mel-filter banks have been shown to be sy successful in mimicking the
non-linear frequency selectivity of the human es,demonstrated by the success of
MFCCs in speech recognition [173].

Using Eq. (8.5), the FBE from ti&' Mel band-pass filtegn(K) can be written as

N N
FE:E:; | Sw()F (k) = ; Hu(F* Yl po(K) (8.6)
where 1<b <M (M is the number of Mel-scaled triangular band-pdss$). We can see
that each FBE is computed as a linear combinatidheoenergy in a particular subset of
DFT subbands. With the use of the mel-scale, Ioineguency filtering is at a higher
resolution while higher frequency filtering is abarser resolution. The advantage of
using the mel band-pass filters is thus twofold:p@rceptually important frequencies are
enhanced; (b) they help to reduce the feature diiraea (fromN to M).
We can observe from Eq. (8.6) that noise-suppressiti have impact on the FBEs
due to the gairHu(k). As mentioned, the gain due to different speechaacement
algorithms will be different and thus, FBEs canused to characterize the effects of

noise-suppression. Even though it is observedribese (and noise suppression) affects

FBESs, our aim is to assess whether such changedfaient and parameterizable for the
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purpose of quality assessment. In this chaptehawe used thirteen linearly spaced and
twenty seven log spaced triangular filters for grnog the FFT bins and thus] = 40.
The lowest frequency was chosen to be 133.33 Hradmear spacing of 66.66 Hz and
log spacing of 1.049 were used. Because the spggohls are sampled at 8 kHz such
parameter settings ensure that the filter bandwslthp to Nyquist frequency of 4 kHz.

Thus, 40 FBEs are obtained as the local (i.e.naend) features.

8.2.2 Further Analysis for Detected Features

Since speech signals carry information through {itomain variation, FBE amplitudes
at any given moment will be less meaningful thamfe-to-frame variation. In tasks such
as speech recognition [173], generally each frasnanialyzed for its acoustic content
since the goal is to determine the basic units rfjphwes) which are used to find the
possible underlying word sequence. By contrast,sfggech quality assessment, it is
necessary to determine a single score for theeesignal. Hence, speech quality is not
predicted directly from the per-frame vector, brani its global statistical properties,
characterized by the mean and variance of therperd features. In addition to the first
and second order moments i.e. mean and varianpeategely, higher order moments
may be used, like skewness and kurtosis as in [188lever, our experiments show
that the higher order moments do not improve tlegligtion accuracy significantly and
also increase the feature vector dimensions. Alaingonclusion has been reported in
[215] where it was found that lower order momentsegn and variance) are more
important than higher order ones (skewness anasisit Therefore, we have used only
the mean and variance of log FBEs of all the framesder to obtain an 80-dimensional

(i.e. M dimensional) global feature vector to charactetieeentire speech signal.
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Figure 8.1: The effect of different levels of no@@mean and variance of FBEs
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Figure 8.2: Effect of noise-suppression on the naahvariance of FBEs. References
[217], [218] and [219] in the legend refer to thagprs which describe the specific noise

suppression algorithm whose results are plotted.

The complete feature vectwifor the speech signal is therefore represented as
X = (My, Mp ... Muo, V1, Vo ... Vag )" (8.7)
where m is the mean and; denotes the variance of th lbog FBE of all the frames.
After computing the feature vector defined in B8)7] we also normalized in the interval
[0, 1] before using machine learning in order tmidvthe domination of attributes in
greater numeric ranges over those in smaller nanmaniges.

As mentioned previously, FBEs are sensitive to ewola Figure 8.1, we show the
effects of 4 different levels of noise (at 0 dBB5d.0 dB and 15 dB) on the mean and
variance of log FBEs of speech signals (these baea taken from the speech database
used in our experiments). We observe that the naelre generally increases while the
variance generally decreases with increasing ntasel for all the 4 noise types.
Furthermore, FBEs are affected also by differentsenosuppression algorithms as
indicated by EqQ. (8.6). As an example, Figure &i@wss the effect of noise-suppression

on the mean and variance of log FBEs for a spegcials The subjective scores (MOS)
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have also been indicated; the higher the MOS stloeebetter the subjective quality. In
addition, the corresponding noise-suppression sekehave been indicated by their
respective references [217]-[219] in the legend-igiure 8.2. The plots in Figures 8.1
and 8.2 are condition averaged plots over 16 spéksh We find that the mean and
variances of log FBEs of the speech signal witthéigsubjective scores (MOSs) are
closer to those of the clean signal. We thus olesémfer to Figures 8.1 and 8.2) and
infer the following about the changes in FBEs doenbise injection and noise-
suppression:
1. Non-linear changes/distortions occur in thedsatpace.
2. The distortion of the features will also trangfiothe probability distributions.
The probability density function (pdf) is expectad be affected and can be
characterized by the displacement of mean and n@eialn fact, due to the
distortion of the features, the pdfs representingarc speech cannot
appropriately represent noisy or the noise-supprespeech. This mismatch
leads to increased error rates in typical speembgretion systems [216], [220].
3. The mean values generally increase with noigection and decrease with
noise-suppression. On the other hand, the varitollevs a trend opposite to
that of the mean. The decrease in variance dueite nnjection is expected
since the increasing noise tends to bring the vafueBEs closer to each other
thereby reducing their variance. This indicatesa@uction in the discrimination
capabilities of the FBEs. This again explains whg performance of MFCC-
based speech recognition systems performing wellleunclean speech
conditions degrades in noisy conditions.

4. The mean and variance provide reasonable distmdetween signals of
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different qualities. For example, in Figure 8.Z theans and variances of FBEs
of the signal with higher MOS (MOS = 2.91) tendbi® closer to those of the
clean speech. This will help the machine learnilggprithm to distinguish the
different signals better.
As mentioned, the effects of noise injection aogpression can be complicated and
non-linear. It is therefore difficult to establigh apriori relation between the changes in

mel FBEs and the perceptual quality.

8.2.3 Feature Mapping

As mentioned before, the aim of the feature mapptage is to obtain a single number
which denotes the perceived quality of the speegpiat For this, simple techniques like
summation, averaging, Minkowski summation, etc. dam used. However, these
techniques are generally inadequate due to thberamt limitations as mentioned in
Section 2.1.2.2. In our opinion, features may jgiatifect the human auditory system’s
perception of quality; possibly non-linear relasbips and partly unknown mechanisms
make the task of feature mapping complicated. Itdug to this fact that alternative
techniques have been used during the past. In [220purofuzzy inference system has
been used while Bayesian modeling has been utiliz¢d02], [222]. GMMs have also
been exploited [7], [99] for feature mapping. Amathechnique known as multivariate
adaptive regression splines has also been expé}€d 04] for feature mapping.

Similar to the previous chapters, we advocate geeaf the kernel based method (i.e.
SVR) for feature mapping. The major advantage dfemel based method is: if a
problem is non-linear, then instead of trying toafinon-linear model, one can map the

problem from the input space to a new (higher-disimmal) space (called the feature
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space) by a nonlinear transformation using suitablgsen basis functions, and use a

linear model in the feature space.

8.3 Overall Experimental Results and Discussion

In this section, we present the experimental reswlth respect to quality prediction
accuracy. We also compare the proposed schemetédeas Q) with ITU-T P.563
which is the current standard for nonintrusive spegquality assessment. In addition,
wherever possible we report the relevant resultiveld directly from Refs. [7] and [9] as

they also used the same speech database for tagregpts.

8.3.1 Database description

As mentioned, we use a third-party database whéshideen developed by employing
13 different noise-suppression schemes on the Bpiles present in the NOIZEUS
database which is a publicly availabi®isy speech corpus. NOIZEUS database contains
30 IEEE sentences produced by three male and fbinegde speakers, and was corrupted
by eight different real-world noises at differenti€s. The noise was taken from the
AURORA database [223] and includes suburban traisen multi-talker babble, car,
exhibition hall, restaurant, street, airport andirtrstation noise. The sentences were
recorded in a sound-proof booth using Tucker Da@shnologies recording equipment.
The IEEE database was used as it contains pholhetiedanced sentences with
relatively low word-context predictability. The tty sentences were selected from the
database so as to include all phonemes of spokesriéam English. The sentences were

originally sampled at 25 kHz and downsampled td18.k

® [Online] Available: http://mww.utdallas.edu/~loiatspeech/noizeus/
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The developers of the NOIZEUS database subsequestd it [104], [224] in a
comprehensive subjective evaluation of 13 speectharmement algorithms
encompassing four different classes of algorithmegectral subtractive, subspace,
statistical-model-based and Wiener-filtering typgoathms. The enhanced speech files
were sent to Dynastat, Inc. (Austin, TX) for sulie evaluation using the recently
standardized methodology for evaluating noise seggwon algorithms based on ITU-T
P.835 [106]. It may be mentioned that to reducectists of subjective tests, they used 16
clean files (out of 30) corrupted by 4 types ofseo{babble, car, street, and train) at two
SNR levels (5 and 10 dB). This results in a tothl1392 samples including the
unprocessed speech files (16 clean sentences ge$ tf noise x 2 SNR levels x 14
processing algorithms (inclusive of unprocessedyspeech)). A complete description
of the noise-suppression algorithms and the naipgressed speech database can be
found in [104], [224].

The subjective ratings in the database are availaling three quality scales namely
signal quality rating$IlG), background noise quality ratinBAK) and the overall quality
rating OVRL in accordance with P.835. Although there are 13{®2ech files available
in the database, for comparison between objechdesabjective scores a usual way is to
compare the per-condition MOS with the per-conditaverage objective score [106].
The 13 different speech enhancement algorithms weed for processing noisy speech
files, and by including the unprocessed noisy dpdédes also, we get a total of 14
algorithms. Thus, for the per-condition analysis, abtain a total of 112 (14 algorithms x

2 SNR levels x 4 noise types) objective scoressarjective ratings for comparison.
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8.3.2 Evaluation Criteria

In [5], it is suggested that offsets and non-liitezs between the scales of objective
scores and subjective MOSs be eliminated by applgi® order monotonic function to
map the objective scores onto the subjective s€aléowing this, we used thé®3rder
polynomial to map the objective scores and subjedtlOSs. The experimental results
are reported in termspCCs and RMSE between the subjective MOSs and the txgec
scores (after "3 order polynomial mapping). A better quality mewidl have higher ¢
and G values and lower RMSE. In addition, we have alapleyed confidence intervals

(for Cp and G values) since they can be used to indicate thetikty of an estimate.

8.3.3 Test Results for overall quality assessment

Since the NOIZEUS based database is comprehensitte totally 1792 noise
suppressed speech files and their associated $ubjeguality scores, we test the
performance of the proposed metric Q by partitignine database in different ways to
obtain the training and test sets. This is to tiestrobustness of Q to varied conditions.
For the first set of experiments described in 8éstion, we have used tl&/RL scores
as the ground truth for the SVR algorithm.

First we used 10 fold CV, for which the data isitspto 10 chunks, one chunk is used
for testing and the remaining 9 chunks are usedr&iming. The experiment is repeated
with each of the 10 chunks used for testing. Thexaye of the accuracy of the tests over
the 10 chunks is taken as the performance measarea visual comparison, we show
the scatter plots for Q and P.563 in Figure 8.3.dfoideal metric, all the points would
lie on the 48line and the better metric will show less scadireund this line. We can see

that Q scatters less around th8 Wie as compared to the P.563 points.
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For a quantitative comparison, the, Cs and RMSE (with and without the polynomial
mapping) are shown in Figure 8.4. We have alsauded the 99% confidence intervals
(denoted by error bars) in Figure 8.4 fog &d G. A smaller confidence interval is
associated with higher consistency. We can sedlikgiroposed scheme performs much
better than P.563 and achieves significantly higheand G with smaller confidence

intervals; the results in RMSE show the similar amtteges of the proposed scheme. It
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may be stated that the current intrusive stand&@@achieved a correlation of 0.89 for
the overall quality prediction as reported by thehars in [104]. They also modified
PESQ by employing a training procedure to deterrttieeparameters and the prediction
accuracy folOVRLscores was found to increase to 0.92 (for thestet$t

It is also fair to mention here that P.563 doesusat training while the proposed metric
uses training. Due to this, it is crucial that thetrics which employ training be tested for
their robustness to varying training and test catsteTo that end, we select the training
and test sets according to the noise sources imilisway as in [7]. First, speech files
are separated according to noise levels: speeeb With SNR = 10 dB are used for
training while speech files with SNR =5 dB aredi$er testing. The results for this case
are presented as the first set (Test 1) in FiguseSecondly, speech signals are separated
according to noise sources. Signals corrupted kBetstand train noise are used for
training, and signals corrupted by babble and cgsenare left for testing. The results for
this case are presented as the second set (TestRure 8.5. Lastly, speech files are
separated according to noise suppression algoritires training, noisy signals
processed by spectral subtractive and subspaceithige are used; noisy signals
processed by statistical-model based and Wienearitighs are left for testingrhe
results for this case are presented as the thir@est 3) in Figure 8.5 and we have also
included the results without the polynomial mappiogQ and P.563. We can see that Q
is reasonably robust to untrained test conditiom$ again performs much better than
P.563 in terms of g Cs and RMSE. We have also presented the resulthéoddouble-
ended metric (intrusive) proposed by Falk and Cimafv]. Since they used the same
database and data partitioning as ours, the resaitsbe compared. One can observe

from Figure 8.5 that Q is very competitive with tihethod proposed in [7].
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are the results without thé'®rder polynomial mapping.

This is significant due to the fact that the metho{l7] is intrusive while our method is
non-intrusive.

As mentioned, there are 16 different sentences stttk database. Thus, there are 16
different contents available. We conducted testwhich we trained Q on 10 contents

(i.e. 1120 sentences) while the remaining 6 costérg. 672 sentences) were used for
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testing. The gvalues for Q and P.563 for this test case are otispéy 0.8096 and
0.7036 (RMSE values were 0.0654 and 0.1167 resadgti On swapping the training
and test sets (which means training with 3/8 of daga and testing the remaining), Q
gave G = 0.7902 which suggests that Q is fairly robustutdrained contents. The
database used in this study uses 4 talkers (twesvaadd two females) for the subjective
evaluation. To see how the proposed system perfeomsntrained talkers, we split the
data into 4 chunks with each chunk containing attees from 1 talker. We then used a 4
fold-CV test i.e. training with data from 3 talkeand testing the data from th& dne. In
this way, the system is tested for its robustneseach untrained talker. The average
accuracy over the 4 test chunks was=(.8541, ¢ = 0.8113 and RMSE = 0.1865. For
comparison, we also computed the 4 fold CV redaltsthe entire data (with random
partitioning into 4 equal chunks) and foung € 0.8536, G = 0.8267 and RMSE=
0.1745. Thus, the two results obtained via differdsta partitioning (with the size of
training and test sets being equal in both thes)ame quite close. This suggests that the
proposed system performs well for untrained (unkmoualkers. There are other
possibilities like training with only male talkeasd testing the data from female talkers
and vice versa. However, we found that the premhctaccuracy were similar to the
aforesaid 4 fold CV test. For that reason we damatide those results in this thesis.

We also tested our metric on a database with rsuippressed speech reported in [226]
and we provide a brief description of this datab&ssentence spoken by a male English
speaker was corrupted using three background eogeonments (car, factory, and train
noises) at two levels of SNR (5 dB and 10 dB). Tiles were processed using eight
speech enhancement algorithms. A total of 48 pemukdiles were presented to 16

listeners for evaluation. Hence, each subject wgsiired to rate the signals 144 times.
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There are a total of 54 speech files (48 noise mg3Rd+ 6 Noisy). We refer the reader
to [226] for details regarding the noise supprasschemes used in this database. This
database is much smaller (in terms of the numbepeéch files and test conditions) than
the first database used in this chapter. We usexdakamine how our method performs
given that the training data comes from the firgstabase. For the proposed metric, we
obtained G = 0.6906, G = 0.6979 and RMSE = 0.3603 while for P.563=0.5343, g

= 0.5387 and RMSE = 0.4243. So the proposed mag¢riorms significantly better than
P.563. One can however observe that the performahpeoposed scheme as well as
P.563 is relatively lower on this database. Thigddde possibly due to two reasons:

1. The subjective tests for this dataset may nate haeen performed in strictly
controlled environment. As mentioned by its autfdegelopers, the subjective test
was undertaken only to complement their objectivalieation tests. There was no
calibration done for the headphone set. Additigndle room conditions were not
carefully controlled and other factors like extdrm@mises may not have been
eliminated completely. In contrast to this, the jeative assessment tests for the
first database (based on NOIZEUS) were done undme marefully controlled
environment.

2. The new dataset uses only one clean speectpfileen by only one speaker (which
was corrupted by 3 noise types at 2 SNR levelseheere processed by 8 speech
enhancement algorithms to result in totally 48 pesed speech files). Therefore,
the content in the new dataset is quite limited.t@other hand, the first database
uses 16 clean speech files (totally there are I1gt®2essed speech files). It is
possible that more sentences in the new datasettnmigve given a clearer

indication of the performance of the proposed s&hamwell as P.563.
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Nevertheless, the proposed scheme still outperf®B63 by a relatively large margin
for this database. Importantly, the training das&bes distinct from the test database as
already pointed out.

In summary, the proposed scheme exhibits betteforpeance in overall quality

prediction for noise-suppressed speech in variestsconditions.

8.3.4 Test Results for Signal and Noise Quality

Assessment

As stated in Section 2.3.1, evaluating noise sigga@ signals involves rating the signal
quality (SIG), the background noise qualitiBAK), and the overall qualityQVRL. It
will be of further interest to devise an algorithwhich is also capable of estimating the
signal distortion and background distortion levebsich estimates will provide more
insights than merely predicting the overall qualithese can be useful in analyzing the
performance of noise-suppression scheme(s) andneov khow a particular scheme
affects the noise corrupted signal. In the previeerdion, we presented the experimental
results for the overall quality estimation. To exak how the proposed metric performs
with regards to the prediction 81G andBAK scores, we tested it by usiB§G andBAK
scores as the ground truth for training the SVRe @rodification that we employ for
predicting theSIG scores is the use of Voice Activity Detection (VABY using VAD,
the signal is separated into active and inactieenés. We found that the prediction
accuracy forSIG scores increased on using VAD (we employed the \fA&In adaptive
multi-rate (AMR) speech codec [227]).

The results fo61G andBAK prediction accuracies are presented in Figurés§.a6nd (b)

respectively. We have also included the resultsfiermethod proposed in [9].
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Note that Ref. [9] has also reported the 10 fold 1€%ults forSIG andBAK scores for
the same database that we used in this chaptescan@ have taken them directly from
[9]. These results can be directly compared bec@@isalso employed the ®Border
polynomial mapping. We have omitted €alues because they show a similar trend as
Cr and RMSE. Also we do not include the results withthe 3' order polynomial
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mapping as it does not have large effect on thdigiien accuracies. In Figure 8.7, we
further show the results for the 3 types of datdigpaning (i.e. Test 1, Test 2 and Test 3
as discussed in the previous section). We includg the G values as €and RMSE
values exhibit similar trends a%.Qt is informative to point out that PESQ achie®e31
and 0.76 in correlation [104] fo8IG and BAK scores respectively. We find that the
proposed scheme performs better than P.563 anaé¢hi®od proposed in [9] in both the
cases (folSIG andBAK scores) for the 10 fold CV test. It achieves higGgeand lower
RMSE, indicating better alignment with the subjeetviewing scores. Likewise, we can
see from Figure 8.7, it gives significantly highmediction accuracies for Test 1, Test 2
and Test 3 as compared to P.563. Our method atarms competitively (even slightly
better in some cases) with the one proposed in[RefThis is significant given that the
method in Ref. [7] uses the noisy and noise-sugpresignal for quality prediction,
while the proposed metric being non-intrusive us@y the noise suppressed signal. The
reader will also observe th&® G prediction accuracy is usually better tHBAK score
prediction accuracy. This is not surprising givéattthe proposed metric uses signal
features only and we do not employ any additioredtires/parameters related to
background noise. Of course the signal featuresafnaad variance of log FBEs in our
metric) can indirectly account for the noise digstor to some extent. Another
observation is that the prediction accuracies abthiare quite close f@&IG andOVRL
cases with €= 0.9002 and £= 0.8968 respectively for the 10 fold CV case.sTinend

is also observed in other test cases. A similaciosion was also arrived at in [104]
where it was found that intrusive algorithms lik&ES®Q, LLR (Log-likelihood ratio)
measure, frequency-weighted segmental SNR etcigbgdnal and overall quality with

similar accuracies but are less accurate in priedidctackground noise quality. This can

17¢



Chapter 8. Nonintrusive Quality Assessment of N&appressed Speech

be explained from the observation [104], [224] dsteners are more sensitive to signal
distortion than background distortion when makinggments on overall quality. This

suggests that signal quality has more effect orsthgects when they judge the overall
guality as compared to the noise distortion.

To further confirm this, we computed the correlatimetween the three quality scores
and found that it was 0.5818 betwe®it andBAK, 0.7793 betwee®VRLandBAK and
0.9505 betweesIG andOVRL scores. It is clear that signal quality and oveyahlity
follow more similar trend resulting in higher cdaton between the two. Furthermore
the regression analysis presented in [224] als@roosm that listeners seem to place more
emphasis on the distortion imparted on the speéghalsitself rather than on the

background noise, when making judgments of overality.

8.4 Performance Evaluation with Subset of

Features

8.4.1 Prediction performance with reduced features

The feature vector proposed in this work isM @imensional vector defined in EqQ.
(8.7). With M = 40, there are 80 features per signal which iatively high. We
evaluated the performance of our method using dlemmaumber of features and this can
be done in two ways. First, we experimented witly dhe mean as the feature and that
will give a 40 dimensional feature vector. Likewigsing only the variance will also
result in a 40-dimensional vector. Finally, we usedan and variance together (i.e. 80
features). In Figure 8.8 (a) we show the V@lues for different training and test sets

discussed earlier.



Chapter 8. Nonintrusive Quality Assessment of N&appressed Speech

| [ Irean I variance [ | Mean+variance ‘
ISR=] T T T T T =

085 15 —e—Test 3

W —=—UC

08 M 1 0.9 —a— 10 fold CV
M —UT
0rsth ] i 0.81 —x— Testl
07 o
= -\.,,,.,,}7—J

o7t . - —

B — 0.6 4
POBS q 05 1
06+ B 0.4

(e
055F 1 0.3 1

Cp

0.2 4

05
0.1
0.45
l 0
o4l L] L1 10 15 2025 28 30 31 32 33 35 36 37 38 39 40
10Feld OV Test1 Test2  Test3  UC uT Number of fiters -—>

() (b)
Figure 8.8: (a) Comparison ob€r the different types of data partitioning. UC =
Untrained Content, UT = Untrained Talker, (b) Parfance variation (values) with

the total number of filters

In this figure, the test with untrained contergislenoted with UC and UT denotes the
test for untrained talker. The results show thatavee alone gives the least accuracy,
suggesting that it has the smallest overall couatidn to the prediction performance. One
can observe that mean alone in general gives rabBoaccuracy and therefore can be
useful if a lower dimensional feature vector isuieged, albeit with lower prediction
accuracy. However, we find that mean and variamgether overall gives the best
performance. Although this implies a larger featueetor but is desirable for more
robust and consistent performance.

The second way is to use only a subset of thadilte reduce the feature dimension.
We show the variation of LCvalues for the overall quality prediction with dferent
number of filters in Figure 8.8 (b). We include thesults for Test 3, 10 fold CV,
untrained contents and untrained talker for illastm. Other tests an8IG and BAK
scores largely follow similar trends. The readell wbserve that the best prediction
accuracy is obtained at 40 filters. For the otlests also, a smaller number of filters
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generally results in worse performance. Althougsmealler number of filters may give

good prediction performance for some tests, 4@r8lt(13 linear and 27 log spaced)
achieves good performance in all the tests, argl thiggests that the full filters lead to
good discrimination between signals of varying digs. Also even though the log FBEs
are correlated and contain some redundant infoomatsuch redundancy is useful
because the non-linear effects of noise-suppressinrhave larger impact on some FBEs
while the same could be smaller on others. Thisoisfirmed by the fact that the best

performance in all the test conditions is achiewsitig all the 80 features.

8.4.2 Analysis of SVs

As already pointed out in Chapter 4, SVs are th& gmints which are relatively
difficult for the SVR algorithm to fit within thes -tube. We found that, in general, the
samples which were chosen as the SVs had eithgidawrquality score (MOS < 1.7) or
very high quality scores (MOS > 3.2). This is as@@ble and intuitive selection of SVs
since speech signals with very low or very highligyare the representative of the
overall quality range. Similar to Chapter 5, we whan example to illustrate this point
further. Consider two noise-suppressed speech bles with MOS = 3.39 and the other
with MOS = 1.78. We computed the kernel similagtores Kx;,x) by measuring their
distances from the S\Mfg (0 indicates no similarity and 1 means complegatyilar). In
Figure 8.9, we show the kernel similarity of thattee vectors for the two speech signals
where the plot in (a) is the similarity scores wille SVs corresponding to relatively
lower quality signals (MOS<1.6) while the plot im) (shows the similarity with the SVs

corresponding to relatively higher quality sign@#0S>3.2).
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Figure 8.9: Plots of kernel similarity scores
(a) Similarity scores of the signals with MOS =3(Bigher quality) and 1.78 (lower
quality) with the SVs corresponding to lower quasiignals (MOS<1.6), (b) Similarity
scores for the two signals with the SVs correspaomdd lower higher quality signals
(MOS>3.2)

One can observe that the feature vector of theabigith MOS = 3.39 tends to have
higher similarity with SVs corresponding to higterality signals and lower similarity
with SVs corresponding to lower quality signals. fba other hand, we observe opposite
trend for the signal with MOS = 1.78. Examinatidrtiee corresponding scaling factors
(m*-m) reveals that they are generally bigger and pasifwhich lead to higher score)
for the SVs representing higher quality speechcdntrast, they are either small or
negative (which lead to lower score) for the SVsresponding to the lower quality
speech. Because the final quality score is a suramaf the “similarity” scores scaled

by (7*-m), this results in assignment of higher score fgnal with actual MOS = 3.39

and lower score for the signal with MOS = 1.78.
The number of SVs has a direct effect on the cdatfmnal complexity of the learning

algorithm since the weight vector is defined initherms. In our experiments, we found
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that the number of SVs were significantly smallert the number of training points. For
instance, for the 10 fold CV tests, on an averddgeto 30% of the total number of
training samples were chosen as the SVs. We fouadthe number of SVs decreased
rapidly with increasing value &f. This is due to the fact that more samples falde
the € -tube thereby reducing their number. It was alamébthat even when the number
of SVs was made to as low as 5% (by increaswajue) of the total number of training
samples, the average prediction accuracy for thltioCV test was €= 0.8423 which

is comparable to the case when 15 to 30% datapamet€hosen as SVs (as shown in
Figure 8.4 (a), the average € 0.8968 in this case). This shows that the prep&VR
based scheme is efficient since the majority of titaéning examples can be safely
ignored. In essence, the SVR focuses upon the ssoblbet of examples that are
important to predict the quality. We further noticihat as the value of C increases, the
number of SVs also increases. This can be expldieeduse C is the penalty for errors
and is used to weigh the outliers. Obviously, as @creased, the system tends puts a

larger weight on the outliers.

8.4.3 Further Discussion

It may be pointed out that each data partitionisgduin this chapter is meaningful since
we exclude data from a certain category (for insanntrained SNR level, untrained
noise suppression scheme, untrained content etm) the training set and test the
excluded data. As mentioned, with SVR being a Kemethod, it is more powerful and
suitable for feature mapping in speech quality sssent. We also experimented with
other less powerful techniques like multivariateative regression splines but the

performance was less satisfactory and also reqlargér processing time. With regards
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to the use of different kernels, we observed thghdr performance was achieved by
using nonlinear kernels (like RBF, polynomial) asnpared to the linear kernel, and this
is expected due to the relationship of the inpuBES) and output (quality score)
variables. To be more precise, a major advantagg/é that comes into picture due to
the use of non-linear kernels is that the aforeSainhilarity” is measured in a new
transformed space via the use of non-linear kerfdls enables the SVR algorithm to
better distinguish/differentiate between signals different qualities which may
otherwise not be easily distinguishable in the inabfeature space. Due to this reason,
the Gaussian kernel (or the RBF kernel) gives be#ésults than the linear kernel. We
also found that the sigmoid kernel gave the woestgpmance (correlation of 0.7256 for
10 fold CV test). This may be partly due to thet float the sigmoid kernel may not be
positive definite for certain situations and bepasitive definite is a requirement for a
valid kernel function [166]-[167] and hence, ontedases to be a valid kernel, the SVR
doesn’'t perform well. Overall, the RBF kernel penfig the best in terms of prediction

accuracy and processing time required.

8.5 Concluding remarks

Nonintrusive speech quality assessment is a clyatign problem since the
measurement of quality has to be performed witty diné output speech signal of the
system under test, without using the original sigisareference. Furthermore, evaluating
quality of noise-suppressed speech is an impotiahtiess investigated topic. In this
chapter, we have presented a new method for nosimg quality assessment of noise-
suppressed speech, by using mel-filter bank erergee features to capture signal

variations, and SVR for feature mapping. We showbkdt noise injection and

184



Chapter 8. Nonintrusive Quality Assessment of N&appressed Speech

suppression affects the FBEs and such changee$eyed by the mean and variances)
are also effective and parameterizable to asseshtyqurhe advantage of SVR over
other pooling methods comes due to the use of leemigich are advantageous for non-
linear mapping problems. We have also given adualilnsights about quality prediction
using SVR by analyzing the SVs obtained as a reduitaining. The proposed method
has been validated on two speech databases witdratht contents and conditions. It
performs better than P.563 and achieves higheeledion with the ground truth (i.e.

subjective scores).
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Chapter 9

Summary and Future Work

9.1 Summary

Signal quality assessment is either an importardui@in many multimedia processing
systems (e.g. a visual quality metric can be embeddto a video encoder) or can be
used as a standalone quality estimator. This tHemsspresented new approaches for
visual and speech quality assessment. To that wadyave investigated into the two
aspects of developing a quality metric: featureeckin and feature pooling. We have
provided analysis and justification for the usaliferent signal features towards quality
assessment. Further, we used machine learning @e rsystematic pooling of the
features into a perceptual score.

In particular, we have developed and validated foew visual quality assessment
schemes based on SVD, 2D mel-cepstrum and FT (vleefuused only the phase for
scalability). The first two are FR methods whicmdae used to compute the visual
quality when the reference signal is available. Guntribution lies in the analysis of the
respective visual features which results in obyectguality prediction that is better
aligned with HVS’s perception. The third methoaiactive owing to its scalability: the

degradation in its prediction performance is witlh@asonable limits with decreasing
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reference signal information. As a result, it clsode employed for effective RR quality
assessment. We further extended our SVD based ch&ah®yQA. This was achieved by

using quality variation with time as the temporattbr. The advantage of this method
lies in its lower complexity. We also proposed avrmaethod for nonintrusive speech
quality assessment based on mel FBEs and provigedappropriate theoretical and
experimental analysis.

In summary, the methods proposed in this thesig \@gned at addressing some of the
limitations of existing methods mentioned in Sectib.1. First, as demonstrated, the
proposed algorithms give better prediction accui@ecy large number of images/videos
(nearly 4000 distorted images) and distortion tylpgsls (more than 20 distortion types).
Secondly, these algorithms perform more consisteotl both near and suprathreshold
distortions. Third, the proposed VQA algorithm masch lower computational overhead
(as compared to many existing VQA schemes) in sidio objective predictions that
are better aligned with the subjective opinion. ffimuour method based on the phase of
FT is scalable and thus more useful than FR or RR schemes. Lastly, our speech
guality assessment scheme being nonintrusive atoedsmitations of intrusive methods
as mentioned in Section 1.1. This method was fdongerform better than the current
ITU standard P.563.

It is again worth emphasizing that all the methddseloped in this thesis have been
validated via comprehensive experimental analyBiss involved the usage of a large
number of publicly and well accepted image, vided apeech quality databases. Care
was also taken in choosing the training and tett se as to verify the prediction
performance on untrained data (this was achievadextensive CV and cross-database

testing). The large scale use of subjectively ratathbases in this thesis provides
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convincing ground for the effectiveness of the mdthproposed.
The major technical contributions of this thesivéndeen highlighted in Section 1.3,
and in this section, we will give a summary of Hetual research performed with links

back into the preceding chapters.

9.1.1 Feature detection

Feature detection is an important step in devetpmnquality metric. Appropriate
feature selection is a crucial step because thextiet features would form the base of the
resulting algorithm. Feature detection for quakiysessment serves two purposes: (i)
perceptually meaningful information is extractedd ii) it leads to dimension reduction
i.e. the signal can be represented more compastigrds assessing its quality.

In Chapter 3, we explored SVD based features fawaliquality assessment. There are
two major advantages associated with these feat(agpshe adaptively derived singular
vectors allow better representation of image stmact(b) the separation of structure and
luminance components enables more effective diffexgon of their effects on
perceptual quality. We also explained the procés®mputing visual quality using SVD
based features using the necessary mathematicati@ugiin Section 3.2.3. Additionally,
we carried out analysis using F-tests to ascettanstatistical reliability of the results
obtained. In addition, Chapter 7 explored the Us8\WD based features for computing
the temporal quality score towards VQA. This is dzthson the idea that larger
fluctuations over time impact human judgement diewa quality.

We then explored visual features based on the 2Bcapstrum. They are effective
because the frequency information can be repredentge compactly by using non-

uniform weights. Another advantage is that they aacount for the reduced sensitivity
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at high levels of distortion, i.e. saturation eff@dlustrated graphically in Figure 5.3).
Lastly, in Section 5.4 we showed that the featurased on 2D mel-cepstrum can be
extracted more efficiently than the SVD based festand perform better with regards to
the prediction accuracy.

Chapter 6 investigated into visual features basethe phase of FT. Although phase
has been known to convey perceptually relevant @madormation, it has not been
explored in details for visual quality assessméve. have mentioned in Sections 6.1 and
6.2 that a few existing works (such as [146]) hemgloyed direct comparison between
the phases of reference and distorted images. &uelpproach however suffers from the
limitation of ignoring the fact that not all charsgen the visual signal have the same
impact on quality. To tackle that, instead of usthg similarity between the phase of
reference and distorted images, we employed ndiomumibinning of the frequency
coefficients prior to phase extraction. This is dzthon the fact that error in lower
frequency usually has larger impact on the visuadlity. An important and unique
advantage of the phase based algorithm lies insc@ability: the degradation in
prediction performance is graceful with decreasiagount of reference image
information. In contrast, to our knowledge nonehs existing methods are scalable i.e.
either they are FR or RR but not both.

We would also like to add some comments regardieguse of various transforms. In
general, any 2-D transform decomposes the imagesiteral basis images weighted by
transformation coefficients. The SVD and DFT (2Dl+oepstrum is based on DFT but
with additional processing) are based on orthogdratsforms. In that sense these
transforms are related to each other. Howeverthi®DFT, the basis vectors are fixed to

be vectors based on trigonometric functions. Intremt, the basis vectors in SVD are
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data dependent. These vectors are computed fronddtee to achieve optimality in
reduce approximation error. But this also implieattwe need to store the basis vectors
in addition to the SVD coefficients if we want teconstruct the time series. A particular
drawback of DFT is that the basis vectors of DFTndd have compact support. This
makes it very hard for DFT to approximate timeeghaving short term bursts or jumps.
SVD on the other hand deals with the problem otahsinuity in the time series data
more gracefully. If a short term bursts or jumps a@lbserved at the same location of most
time series, it will be reflected by the basis westof SVD at that location. These are
some of the key differences between SVD and DFTh\W4gards to the use of different
transforms in this thesis, we have two conclusiongisual quality assessment:

» The basis vectors convey a more precise informategarding structural
changes and hence should be more effective. Indeetiave discussed and
demonstrated in Chapters 3 and 4, the effectiveokese use of basis images
(i.e. singular vectors) out of SVD in visual qualgssessment. Further, Chapter
6 also uses phase for quality assessment. The 2apstrum based transform
is however inspired from speech processing (theofiddel frequency cepstral
coefficients) and is based on Fourier transformffeaments (as discussed in
Section 5.3.4, in this case the phase cannot libdigectly). As also pointed out
in Section 3.2 of the thesis, there are severalaViguality metrics which
attempt to quantify visual quality by measuring ttienges in transformation
coefficients but these ignore the basis vectorsciwiionvey more precise
information to evaluate quality objectively.

* We have argued and shown that the changes in bmages as well as the

transformation coefficients should be used for best results (for example
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using singular vectors and values together as @p@hn 4 or using both phase
and magnitude as in chapter 6).

The visual quality metrics based on SVD and 2D osgstrum are FR methods. These
can for example be used to adjust the parametensagfe/video processing techniques in
order to maximize visual quality or to reach a givquality in applications like
image/video coding. These can also in generalnyglayed for on-line monitoring of
video quality in TV broadcasting, image/video coegmion (embedding the metric into
say H.264/AVC), mobile communication systems (whgweech suffers from noise and
it iIs necessary to evaluate the impact of noisgx®gsion) and so on. The scalable
metric developed in Chapter 6 for instance can hlsaised in scenarios with limited
bandwidth. The low complexity of the method develdpn Chapter 7 will be handy for
it to be used in video processing tasks like cosgiom, transmission etc.

Lastly, mel FBE based features were exploited iapiér 8 to objectively evaluate the
guality of noise-suppressed speech. We carriedboth theoretical and experimental
analysis (in Section 8.2.1) to show that noiseciinp@ and suppression affects mel FBEs.
We further argued that mean and variance of meld-8&h be used as global speech
features for assessing quality. This is becausecépsignals carry information through
time-domain variation; so FBE amplitudes at anyegivnoment will be less meaningful
than frame-to-frame variation. In other words, thstortion of FBEs will affect their

pdfs which can be characterized by the displacemwfemean and variance.

9.1.2 Feature pooling

Feature pooling is the second stage in qualityimdasign. We have first reviewed the

limitations of the existing pooling schemes in Ciea®2 (Section 2.1.2.2). The major
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problem with existing pooling schemes is that sashéhem (like simple averaging,
Minkowski summation) tend to be over simplistic aathoc. Likewise others such as
those based on VA may be limited due to the faat this not easy to find regions of
attention in an arbitrary image (not surprisinglf 6 an active research area). Therefore,
we have explored machine learning in order to osd the features more systematically.
Although other techniques can be employed, we aed SVR in this thesis due to two
reasons: (a) SVR is a well known kernel method lsasibeen used widely in many other
applications, (b) it employs a kernel for the norear mapping of the input data into
higher dimensions thereby enabling it to achievitebalistinction of different quality
signals.

The pooling of SVD based features was discusse@€hapter 4 while Chapter 5
employed SVR for fusing the 2D mel cepstrum basedures. SVR was also employed
for combining the spatial and temporal factors\W@JA in Chapter 7. Lastly, SVR was
also used for pooling the mel FBEs for speech guatisessment. To provide convincing
ground for the use of machine learning based pgplimorough experimental analysis
was done using a large number of image, video gmeech signals. Because of the
requirement of training, these experiments weresfodly designed in order to show
robustness to untrained data. To this end, extersinss database validation results have
also been reported. This is meaningful since candea distortion types vary across
databases and thus help in proper metric veriboati

One important point regarding the use of machiaeniag is that it can end up being a
black boxsolution. In this thesis, we have further investégl the model obtained as
result of training by analyzing the SVs, and ndafitleat the functiori(x) in Eq. (4.12) is

a linear combination of Gaussian functions scalgdaldactor of {i*-7i). Hence, by
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using SVR, we attempt to approximate the desiredpimg function via a combination
of Gaussian functions. In fact, the kernel functi§(x;, x) can be interpreted as the
distance (or measure of similarity) between ieSV x; and the test vectax in the
transformed space. We can interprexiKX) as the cosine of the angle between the two
Gaussian functions centered mrandx. It is also easy to see from Eq. (4.12) that the
predicted value is a weighted sum of the distaoessimilarities”) between all the SVs
and test vectok. Due to this, SVs are the critical points with asds to SVR learning
and their analysis can help in obtaining additiomslights into the way the trained
system predicts quality. As explained in Sectiods7 7.3.2 and 8.4.2, we found that the
majority of the chosen SVs corresponded to datatpavith either very low or very high
quality scores. This is intuitive because such gmiats cover the entire quality range
and quality of the test signal can be determineditgar combination of the kernel

similarity scores (after being scaled by an appadprscaling factor).

9.2 Future work

This thesis has examined signal quality assesshyeexploiting signal processing and
machine learning approaches. We believe that thereseveral interesting avenues for
further research to extend the current work.

The schemes developed for visual quality assessifienChapters 3-7) have not
factored in color distortion. In the current stigienly the luminance information was
utilized for quality computation. Therefore, invigstion into how color distortion is
perceived and interpreted by the HVS would be aterésting future work. A
straightforward approach is to calculate the qualdore for each color component (e.g.,

in RGB or HSV space) of the image/video frame, tirah obtain the final quality score
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through appropriate integration. However, such ppr@ach is rather simplistic, and
therefore, the color aspects deserve more carefutiadicated investigations.

Another aspect that could be an interesting fuawenue is that of temporal quality
computation for VQA. In Chapter 7, we employed teriation of quality as the
temporal factor. However, more sophisticated models computing the temporal
distortion could be employed for better predictamturacy (although this may contribute
to increased computational complexity). An evideot#his is the existing VQA scheme
MOVIE which is reasonably accurate but with verghicomputational requirements.
Therefore, it would be a challenge to develop m®del computing motion related
distortion, in order to be both effective and comnapionally appealing.

We have developed a nonintrusive scheme for asgesgiality of noise-suppressed
speech in Chapter 8. It is worth mentioning that¢brrent ITU standard for nonintrusive
guality assessment P.563 works well for distortidas to codecs and communication
channels but less accurate for noise-suppressedispk would be therefore interesting
to embed our method with P.563 so that it can datespeech suppression scenarios. In
this way, we can enhance the capacity and scopes68.

Lastly, investigation into joint audiovisual quglitassessment would be another
attractive future direction. This is because mofterothan not humans perceive the
‘overall’ quality of the multimedia content rathértan separate assessment of say video
and audio. For example, a movie clip with very higtleo quality may not be enjoyable
if sound quality is poor, and vice-versa. We badi¢vat the problem of joint audiovisual
guality assessment can be tackled using two brppbaches: (a) two-stage fusion (TSF)
and (b) one-stage fusion (OSF).

In case of TSF approach, the first stage invol\reesfusion/pooling of the respective
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audio and video features into overall audio ane®iduality scores respectively. At this
stage, one treats audio and VQA as separate comizorie the second stage, the two
guality scores are fused/combined to obtain theadivaudiovisual quality score. The

problem of joint quality assessment for the TSFragaph can be formulated as follows.

If v,v,,...v, denote the detected visual features (from viddw) perceptual visual quality
can be represented as:

Q, =1, (V.Vv,,...vy) ®.1
where the mapping functiory.)can be determined viatap-down bottom-up or hybrid
approach. Alternatively, machine learning techngjgeuld also provide a solution in
establishing the proper mapping functiQq). Likewise, leta,a,,...a, denote the audio
features, the perceptual audio quality can be semted as:

Q. =f.(a,a,,...ay) 29
where f_(.) is the mapping function for audio/speech features.
The joint audiovisual quality model is then expegsas

QL = (Qu Q1w ®.3

wheref,, is the required mapping function ahg accounts for the interaction between
the audio and video in terms of quality evaluation.

With the OSF approach, the overall quality impreisss a result of analyzing all the
relevant factors together, i.e. audio and visualuies are tackled simultaneously. In this

case, the problem of joint quality assessment ediotmulated as

(0SP) _

av gaV(Vl’VZ""’\/N ’al’a?""’aN) (9_4)

where gay is the mapping function. One can see that in th@va formulation, both
audio and video features are considered jointly.
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There are three issues that need further reseéghhe types of audio and visual
features to be used, (b) how to combine them ¥yt especially when their
interactions also need to be accounted for, antb(sjudy which of the two (TSF or OSF)
is the better integration methodology. Another @laspect of joint audiovisual quality
assessment is setting up of subjectively ratedbdats to enable investigation of the
problem. To the best of our knowledge currentlyehere no publicly available databases
for the said task. The amount of effort, cost arfdeetise required in setting up such
databases has also hindered progress in jointtguedsessment. It will therefore be
interesting to work towards the mentioned aspectsatlvance research in joint

audiovisual quality assessment.
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Appendix

Visual Database Description

In this thesis, we have used a total of 8 publaigilable image databases and 3 video
databases (all of them have been subjectively yaws@ provide brief description for
each database and refer the reader to the citextnee for more detailed information.

The LIVE image database [115] includes 29 origR¥adbits/pixel color images. Totally
it consists of 982 images (779 distorted images208ireference images). Five types of
distortions were introduced to obtain the distoriethges: 1) JP2K compression, 2)
JPEG compression, 3) WGN, 4) Gaussian blurring, &hdRayleigh-distributed bit
stream errors of a JP2K compressed stream or Basgfalistortions (FF). Subjective
quality scores for each image are available irfdh@ of DMOS.

The IRCCyN/IVC subjective viewing database [116]nsists of 10 original color
images with a resolution of 512 x 512 pixels fromiet 235 distorted images have been
generated, using 4 different processes: JPEG casipre JP2K compression, LAR
coding, and blurring. Subjective evaluations hagerbperformed in a normalized room
with lighting conditions and display settings ad@gsaccording to ITU recommendation
BT.500-11. The viewing distance was set to six $iniee picture’s height. A DSIS
method has been used. Both distorted and originalrps were displayed sequentially.

The Toyama subjective database [117] contains m8@eés of 768 x 512 pixels. Out of



all, 14 were original images (24 bit/pixel RGB) @ach group. The rest of the images
were JPEG and JP2K coded images (i.e. 84 comprassages for each type of

distortion). Six quality scales and six compresgiatios were respectively selected for
the JPEG and JP2K encoders. Subjective experinmggres conducted in a normalized
room with low lighting conditions and display setgs adjusted according to ITU-R

BT.500.11. The viewing distance was set to fouresnthe picture’s height. Single

stimulus absolute category rating (SSACR) methods waed in these subjective
experiments. The subjects were asked to provide pleeception of quality on a discrete
quality score that was divided into five and markedh the numerical value of

adjectives: Bad (1), Poor (2), Fair (3), Good @) &xcellent (5).

The CSIQ database [118] consists of 30 originalgesa The distorted images have
been subjectively rated base on a linear displanenfdahe images across four calibrated
LCD monitors placed side by side with equal viewiigtance to the observer. The
database contains 5000 subjective ratings from iB&reht observers, and ratings are
reported in the form of DMOS. Each original imagehe database is distorted using six
different types of distortions at four to five difent levels of distortion. The distortions
used in CSIQ are: JPEG compression, JP2K compregsgiobal contrast decrements,
additive pink Gaussian noise, and Gaussian blurriffgs results in a total of 866
distorted versions of original images.

In the A57 database [119], 3 original images oesd2 x 512 are distorted with 6
types of distortions and 3 contrasts. These resulid distorted images (3 images x 6
distortion types x 3 contrasts). The distortionetypused are: 1) quantization of the LH
subbands of a 5-level DWT of the image using theé fiéfers, 2) additive WGN, 3)

baseline JPEG compression, 4) JP2K compression]P2K compression with the
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Dynamic Contrast-Based Quantization algorithm ofclwlapplies greater quantization to
the fine spatial scales relative to the coarseescal an attempt to preserve global
precedence, and 6) blurring. The subjective schage been made available in the form
of DMOS.

The Tampere Image Database (TID) database [120)Mas 25 original reference color
images (resolution 512 x 384) which have been msmmk by 17 different types of
distortions: additive Gaussian noise, additive @ois color components, spatially
correlated noise, masked noise, high frequencyenaspulse noise, quantization noise,
Gaussian blur, image denoising, JPEG compressi&2K Jcompression, JPEG
transmission errors, JP2K transmission errors,aomentricity pattern noise, local block-
wise distortions of different intensity, mean sHifitensity shift) and contrast change.
There are 4 distortion levels and thus it con$t$700 (25 x 17 x 4) distorted images;
there are 100 images for each distortion type. &uive quality scores are reported in the
form of MOS.

The Wireless Imaging Quality (WIQ) database [12dijgists of 7 undistorted reference
images, 80 distorted test images, and quality scated by human observers that have
been obtained from two subjective tests. In eash #® distorted images along with the
7 reference images were presented to 30 partigpdhe quality scoring was conducted
using a DSCQS. The difference scores between referand distorted image were then
averaged over all 30 participants to obtain a DM@Seach image. The test images
included in the WIQ database consist of wirelesagimg artifacts, which are not
considered in any of the other publicly availalbhage quality databases.

Lastly, we used another publicly available imag&base [122]. It is different from all

the databases discussed above, with respect midtoetion type since the distortion is
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due to watermarking. It consists of 210 images maaeked in three distinct frequency
ranges. The watermarking technique basically maésla noise-like watermark onto a
frequency carrier, and additively embeds the wateknmin different regions of the
Fourier spectrum. The subjective scores are repageMOS.

We used video sequences from three publicly aveilaloleo databases in this thesis.
The first video database (we refer to it as the I[EB&tabase) consists [70] of 6 original
video sequences at CIF spatial resolution (352 & [#8els) encoded with H.264/AVC.
For each encoded video sequence, 12 corruptedré@nss were generated by dropping
packets according to a given error pattern. To Etauburst errors, the patterns have
been generated at six different packet loss r&d84, 0.4%, 1%, 3%, 5% and 10%) and
two channel realizations were selected for eaclkgiaoss rate. The packet loss free
sequences were also included in the test matdniad, finally 78 video sequences were
rated by 40 subjects. Subjective scores have beele mvailable as MOSs.

The second video database we used is the LIVE vildeabase [80]. It contains 150
distorted videos (obtained from 10 uncompressedreate videos of natural scenes)
with spatial resolution being 768 x 432. The digdrvideos have been obtained by
using four distortion processes: (a) simulated gmaission of H.264 compressed bit
streams through error-prone wireless networkstHfmugh error-prone IP networks, (c)
H.264 compression, and (d) MPEG-2 compression. Bagbo was assessed by 38
human subjects and the subjective scores haverbade available as DMOS.

The third video database used in this study isipiytdvailable at [123] and we refer to
it as the TUL database. It comprises of 8 referevideo sequences at CIF spatial
resolution encoded with H.264/AVC to result in 3Btdrted video sequences. These

were rated by 22 observers and the subjectivetgsores have been made available as
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MOS.

For reader’'s convenience, a brief summary of thgomaharacteristics of the

subjectively rated image and video databases ustsi thesis is presented in Table A.

Table A: Major characteristics of the subjectiviedyed visual databases used in this

thesis
No. of reference | No. of distorted No. of Typical Subjective scol
images/videos images/videos | distortion type: | image/frame siz | format (Range
LIVE 29 779 5 768 x 512 DMOS (0-100)
csIQ 30 866 6 512 x 512 DMOS (0-1)
IvVC 10 185 4 512 x 512 MOS (1-5)
Toyama 14 168 2 512 x 768 MOS (1-5)
A57 3 54 6 512 x 512 DMOS (0-1)
TID 25 1700 17 512 x 384 MOS (0-9)
WIQ 7 80 1 512 x 512 DMOS (0-100
Watermarked 5 210 1 512 x 512 MOS (1-5)
image databas
LIVE video 10 150 4 768 x 432 DMOS (0-10Q
database
EPFL video 6 78 1 352 x 288 MOS (1-5)
database
TUL video 8 32 1 352 x 288 MOS (1-5)
database
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