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Abstract

Visual signals, including images, videos, etc., are affected by a wide variety of distor-
tions during acquisition, compression, storage, processing, transmission, and reproduc-
tion processes, which result in perceptual quality degradation. As a result, perceptual
quality assessment plays a very important role in today’s visual signal processing and
communication systems. In this thesis, quality assessment algorithms for evaluating
the visual signal perceptual quality, as well as the applications on visual signal process-
ing and communications, are investigated. The work consists of five parts as briefly
summarized below.

The first part focuses on the full-reference (FR) image quality assessment. The
properties of the human visual system (HVS) are firstly investigated. Specifically, the
visual horizontal effect (HE) and saliency properties over the structural distortions are
modelled and incorporated into the structure similarity index (SSIM). Experimental
results show significantly improved performance in matching the subjective ratings.
Inspired by the developed FR image metric, a perceptual image compression scheme
is developed, where the adaptive block-based super-resolution directed down-sampling
is proposed. Experimental results demonstrated that the proposed image compression
scheme can produce higher quality images in terms of both objective and subjective
qualities, compared with the existing methods.

The second part concerns the FR video quality assessment. The adaptive block-size
transform (ABT) based just-noticeable difference (JND) for visual signals is investigat-
ed by considering the HVS characteristics, e.g., spatio-temporal contrast sensitivity
function (CSF), eye movement, texture masking, spatial coherence, temporal consis-
tency, properties of different block-size transforms, etec. It is verified that the developed
ABT based JND can more accurately depict the HVS property, compared with the
state-of-the-art JND models. The ABT based JND is thereby utilized to develop a

simple perceptual quality metric for visual signals. Validations on the image and video
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subjective quality databases proved its effectiveness. As a result, the developed per-
ceptual quality metric is employed for perceptual video coding, which can deliver video
sequences of higher perceptual quality at the same bit-rates.

The third part discusses the reduced-reference (RR) image quality assessment,
which is developed by statistically modelling the coefficient distribution in the reor-
ganized discrete cosine transform (RDCT) domain. The proposed RR metric exploits
the identical statistical nature of the adjacent DCT coefficients, the mutual information
(MI) relationship between adjacent RDCT coefficients, and the image energy distribu-
tion among different frequency components. Experimental results demonstrate that
the proposed metric outperforms the representative RR image quality metrics, and
even the FR quality metric, i.e., peak signal to noise ratio (PSNR). Furthermore, the
extracted RR features can be easily encoded and embedded into the distorted images
for quality monitoring during image communications.

The fourth part investigates the RR video quality assessment. The RR features
are extracted to exploit the spatial information loss and the temporal statistical char-
acteristics of the inter-frame histogram. Evaluations on the video subjective quality
databases demonstrate that the proposed method outperforms the representative RR
video quality metrics, and even the FR metrics, such as PSNR, SSIM in matching the
subjective ratings. Furthermore, only a small number of RR features is required to
represent the original video sequence (each frame requires only 1 and 3 parameters
to depict the spatial and temporal characteristics, respectively). By considering the
computational complexity and the bit-rates for extracting and representing the RR
features, the proposed RR quality metric can be utilized for quality monitoring during
video transmissions, where the RR features for perceptual quality analysis can be easily
embedded into the videos or transmitted through an ancillary data channel.

The aforementioned perceptual quality metrics focus on the traditional distortions,
such as JPEG image compression noise, H.264 video compression noise, and so on. In
the last part, we investigate the distortions introduced during the image and video re-
targeting process. Nowadays, with the development of the consumer electronics, more
and more visual signals have to communicate between different display devices of dif-
ferent resolutions. The retargeting algorithm is employed to adapt a source image of

one resolution to be displayed in a device of a different resolution, which may introduce
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distortions during the retargeting process. We investigate the subjective responses on
the perceptual qualities of the retargeted images, and discuss the subjective results
from three perspectives, i.e., retargeting scales, retargeting methods, and source image
content attributes. An image retargeting subjective quality database is built by per-
forming a large-scale subjective study of image retargeting quality on a collection of
retargeted images. Based on the built database, several representative quality metrics

for retargeted images are evaluated and discussed.
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Chapter 1

Introduction

1.1 Motivation and Objectives

Information is exploding with the progresses of technologies, and the developments of
the consumer electronics. Nowadays, most of the information is presented to customers
in the form of visual signals, including images, videos, and etc., as intuitive and faithful
depiction of things in life and work. Therefore, electronic devices (e.g. phone cameras)
and services (e.g. YouTube, and IPTV) based on the visual signals have increasingly
emerged, which can capture and provide visual signals with better perceptual quality.
Better quality of experience (QoE) [1] for customers is thereby provided and gained
more interests of both the research communities and industries.

The objective of visual signal processing is to manipulate visual signals to provide
consumers the desirable affects, which can deliver more pleased information. And the
objective of visual signal communication is to ensure proper transmission of the visual
signals from the server/producer side to the receiver/consumer side, which are of ac-
ceptable perceptual quality. However, as the typical multimedia service chain consists
of sequential processing stages, e.g., acquisition, editing compression, transmission, re-
construction, restoration, presentation, etc., distortions will be inevitably introduced,
which will degrade to the perceptual qualities of the visual signals. For example, during
the video sequence transmission process for YouTube, the bandwidth of the transmis-
sion networks may be limited. Some frames may be dropped or skipped, especially for
the video sequences with high spatial resolutions. This in turn will make the latency
time of the requested video sequence intolerable. As a result, the satisfaction and enjoy-
ment level of the viewers/customers for whom these visual signals provide are scarified.
Perceptual quality assessment plays an important role for visual signal processing and

communication.
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Given that the ultimate receiver of the visual signals are human eyes, the human
subjective opinion is the most reliable value for indicating the perceptual quality of
the visual signal. The subjective opinions are obtained through the subjective testing,
where a large number of viewers participate in the evaluation process and provide
their personal opinions on the perceptual quality of the visual signal according to
some pre-defined scales. After processing these subjective scores across the human
viewers, a quality score, e.g. mean opinion score (MOS), differential mean opinion
score (DMOS), ete., is finally obtained to indicate the perceptual quality of the visual
signal. Moreover, in order to ensure repeatable and statistically meaningful results,
subjective testing methods should precisely follow the standards [5]- [11] to set up the
testing environment, and should recruit sufficient subjects to account for individual
differences. The obtained subjective rating value can be regarded as the ground truth
of the visual signal perceptual quality. Therefore, they can be employed to reliably
evaluate the performances of the algorithms or methods of the visual signal processing.
As a result, more and more attentions of the research communities and industries have
been paid to the subjective testing methods.

Nowadays, video cameras for capturing high resolution video sequences, e.g. 720P
and 1080P, 3D video cameras, depth cameras, eye tracker devices, and Kinect have been
invented and developed for real-life applications. Better QoE can be provided due to the
developments of these technologies and consumer electronics. However, new challenges
are also issued meantime. In order to provide better perceptual quality of visual signals
for the customers, the subjective responses need to be further studied and researched.
As such, many subjective studies on the perceptual qualities of the emerged visual sig-
nals have been presented. In [16]- [24], [56], perceptual qualities of video sequences of
different distortions have been studied, which consider not only the standard definition
(SD) video sequences [16]- [19], but also high definition (HD) video sequences [23] [24].
Moreover, the perceptual quality of the scalable video sequences [21] [22] and 3D video
sequences [20] have been recently discussed. In [25]- [34], the perceptual qualities of im-
ages are discussed and researched. The subjective responses of the images distorted by
the traditional distortions are studied in [25]- [29]. The affects of wireless transmission
on the image perceptual quality are discussed in [30]. Also the subjective opinions on

the art image qualities are further researched [32]. Moreover, the subjective opinions on
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the stereo images are discussed in [31]. Nowadays, the visual signals communicate be-
tween different display devices more and more frequently. Therefore, one source visual
signal needs to be displayed on different devices. Retargeting algorithms are thereby
developed to adapt the same visual signal to different display devices of arbitrary res-
olutions. The newly encountered distortions will be inevitably introduced. Therefore,
the subjective responses of retargeted images are studied [33] [34]. Furthermore, with
the development of the eye tracker devices, the visual attention maps of viewing visual
signals are recorded during the subjective testing processes [35] [36], which can help to
more accurately depict the human visual system (HVS) properties.

Although many benefits are provided by the subjective evaluation process, the
lengthy processing time and high cost make it impractical for the visual signal process-
ing and communication. Therefore, accurate objective perceptual quality assessment
(PQA) methods are desired and becomes more and more important, which are expected
to replace the subjective testing process for visual signal applications. However, many
difficulties need to be overcome for deriving an accurate objective PQA [39]. Firstly,
the visual signals are of diverse contents, e.g. sports, animations, cartoons, which pro-
duce different visual attentions for different viewers. Secondly, the visual signals go
through a life cycle from the server/producer side to the receiver/customer side, such
as acquisition, compression, transmission, presentation, and so on. During the pipeline,
many types of distortions may be introduced. For example, noises can be introduced
by the CMOS image sensors during the acquisition process, and blocking and ringing
artifacts are brought in during the compression processes. Various noises introduced
in different processing stages present great challenges in the design of accurate PQA
methods. Thirdly, viewing conditions for the visual experiences are greatly different.
For example, the lightness conditions as well as the types of the display devices will seri-
ously affect the visibility of the distortion. Fourthly, the perceptual quality judgements
are viewer-dependent. Different viewers have different interests in the visual signals,
which make it as an unpredictable factor during the visual signal quality assessment.
All the aforementioned aspects make the design of an accurate PQA method extremely
difficult and challenging.

In order to handle the problems introduced above, the objective of this thesis is to

develop new methodologies for quality evaluation of visual signals, including image and
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videos. To that end, in order to evaluate the visual signals degraded by the traditional
distortions, such as compression, blurring, white Gaussian noise (GWN), and so on,
we focus on the two crucial aspects in perceptual quality metric design, namely, the
HVS properties and the visual signal statistical properties. The HVS, as the ultimate
receiver of the visual signals, should be considered to develop an effective quality as-
sessment method. However, the HVS is extremely complex and seems impossible to
be completely modelled in the near future. Therefore, only the low-level vision of the
HVS perception is depicted and modelled, specifically the visual horizontal effect (HE)
and the just-noticeable distortion (JND) model [46]. Secondly, visual signals present
strong correlations in both the spatial and temporal domains, which can be clearly
depicted by the statistics in the pixel domain or transform domain. Some statistics
for depicting the visual signals are very sensitive to distortions. In this respect, these
statistics can be employed to depict the distortion level. Intuitively, the distortion level
explicitly affects the perceptual quality of the visual signal. Therefore, the statistics
of the visual signals are expected to help indicate the visual signal perceptual quali-
ty. Furthermore, the subjective responses to newly encountered distortions introduced
during the retargeting process, are studied through a subjective testing process. Based
upon the reliable subjective rating values, PQA methods for the retargeted images can
be evaluated and developed.

In the remaining part of this chapter, some background knowledge related to this
thesis is introduced. In Section 1.2, the subjective PQAs are briefly described, in-
cluding different standardized testing methods, and rating scales. In Section 1.3, an
overview of the objective PQAs is presented. Based on different approaches, the ob-
jective PQAs can be classified into two categories: visual modelling approaches and
engineering approaches. The visual modelling approaches usually consider various low-
level characteristics of the HVS properties, such as luminance adaptation, contrast
sensitivity function (CSF), contrast masking, etc., which are derived from physiologi-
cal or psychophysical studies. Engineering approaches, on the other hand, are mostly
developed based on the assumptions and prior knowledge, i.e., assumptions of features
that are closely related to perceptual quality and prior knowledge of the distortion
types. Moreover, based on the available information of the reference visual signal, the

objective PQAs can also be classified into 3 categories: (1) full reference (FR) quality
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assessment which employs the complete information of the reference image, (2) reduced
reference (RR) quality assessment which employs only partial information from the ref-
erence image, (3) no reference (NR) quality assessment where no information of the
reference image is available. In this section, how to evaluate the performance of the
PQA is also discussed. The thesis contributions are highlighted in Section 1.4. And

the organization of this thesis is given in Section 1.5.

1.2 Subjective Perceptual Quality Assessment

Objective PQAs aim at depicting the HVS perception accurately. Till now, however,
no quality metrics can accurately and completely characterize the subjective responses
in perceptual quality assessment [2]- [4] [64]. Therefore, subjective testing process is
still the only way to verify the model designing, tuning, and optimization. To this end,
standardized testing methods and procedures need to be defined and strictly followed,
which can ensure reliable results.

Several international standards [5] - [11] are proposed for subjective image/video
quality evaluation for different applications. ITU-R BT.1129-2 [9] was proposed for e-
valuating the perceptual quality of the standard definition (SD) video sequences. I'TU-R
BT.500 [5] specified by international telecommunication union (ITU) introduces dif-
ferent methodologies for subjective quality assessment of television pictures. ITU-R
BT.710 [6] is an extension of ITU-R BT.500 dedicated for high definition (HD) TV.
ITU-T P.910 [7] is another standard which defines the standard procedure of digital
video quality assessment with transmission rate below 1.5 Mbit/s. ITU-R BT.814-1 [§]
is proposed to set the brightness and contrast of the displays. Among these internation-
al standards, ITU-R BT.500-11 is most commonly utilized, which provides the viewing
conditions, selection of test material, instructions of subjective assessment, presentation
of the subjective rating results, and so on. Also the video quality expert group (VQEG)
proposed several subjective evaluation procedures to evaluate the performances of dif-
ferent objective quality metrics [13] - [15], which are similar to the standards defined
in ITU-R BT.500 and P.910.

A wide variety of basic test methods have been used in television assessment. In
practise, however, particular methods should be used to address particular assessment

problems. In the following part, we will briefly introduce different standardized testing
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methods, as well as the subjective rating scales, which is detailed in [5].
(1) Double stimulus impairment scale (DSIS) method.

This method is employed to measure the robustness of systems. The reference visual
signal (unimpaired image/video) and the test stimulus (impaired image/video) should
be presented in a pseudo-random sequence, where the reference one is presented before
the impaired one. In any case, the same test stimulus should be presented on two
successive occasions with the same or different levels of impairment. The range of the
impairments should be chosen so that all grades are used by the majority of observers;
a grand mean score (averaged overall judgements made in the experiment) close to
three should be aimed at. A session should not last more than roughly half an hour,
including the explanations and preliminaries. The subjective testing procedure should
begin with a few images/videos indicative of the range of impairments. And judgements
of these images/videos need not be taken into account in the final results. The five-
grade subjective rating scale utilized is shown in Table 1.1. Assessors should use a
form which gives the scale very clearly, and has numbered boxes or some other means

to record the gradings.

Quality Impairment

5: Ecellent 5: Imperceptible

4: Good 4: Perceptibly, but not annoying
3: Fair 3: Slightly annoying

2: Poor 2: Annoying

1: Bad 1: Very annoying

Table 1.1: Five-grade subjective rating scale

(2) Double-stimulus continuous quality-scale (DSCQS) method.

This method aims at measuring the perceptual quality of stereoscopic image coding.
This double-stimulus method is thought to be especially useful when it is not possible to
provide test stimulus test conditions that exhibit the full range of quality. The method
is cyclic in that the assessor is asked to view a pair of visual signals, each from the same
source, but one via the process under examination, and the the other one directly from

the source. The qualities of both visual signals need to be subjectively assessed and
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Excellent

Good

Fair

Poor

Bad

Figure 1.1: Portion of quality-rating form using continuous scales.

rated by the viewers. One test session comprises a number of presentations. If there
is only one observer, the assessor is allowed to switch between the two visual signals
until he or she has the mental measure of the quality associated with each visual signal.
Otherwise, if a number of observers are evaluating simultaneously, the pair of visual
signals is shown one or more times for an equal length of time to allow the assessor to
gain the mental measure of the qualities associated with them.

The method requires the assessment of two versions of each test visual signals. One
of each pair of test visual signals is unimpaired while the other presentation might or
might not be impairment free. The unimpaired visual signal is included to serve as a
reference. However, the observers are not told which one is the reference signal. In the
series of tests, the position of the reference visual signal is changed in pseudo-random
fashion. The observers are simply asked to assess the overall quality of each presentation
by inserting a mark on a vertical scale, as shown in Figure 1.1. The vertical scales are
printed in pairs to accommodate the double presentation of each test visual signal.
The scales provide a continuous rating system to avoid quantization errors, but they
are divided into five equal lengths which correspond to the normal ITU-R five-grade

quality scale.

(3) Single stimulus (SS) Method.
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A visual signal is presented and the assessor provides an index of the entire presenta-
tion. The subjective test session consists of a series of assessment trails. These should
be presented in random order, and preferably, in a different random sequence for each
observer. A typical assessment trial consists of two displays: a stimulus and a mid-grey
post-exposure field. The duration of these displays may vary with viewer task, materi-
als, and the opinions or factors considered. But 10s and 5s are suggested, respectively.
The viewer indices have to be collected during display of the post-exposure filed only.

For SS method, the five-grade rating scale as illustrated in Table 1.1 can be employed
to indicate the subjective quality. This method yields a distribution of judgements
across scale categories for each condition. The way in which responses are analysed
depends upon the judgement and information viewed. Also an SS procedure using an
11-grade numerical categorical scale (SSNCS) was studied and compared to graphic and
ratio scales. This study, described in ITU-R BT.1082 [12], indicates a clear preference
in terms of sensitivity and stability for the SSNCS method when no reference is avail-
able. Furthermore, observers can assign a value to each visual signal in non-categorical

judgements.
(4) Stimulus-comparison (SC) methods.

In SC methods, tow visual signals are displayed and viewer provides an index of the
relation between the given two presentations. The assessment trial can use either one
monitor or two well-aligned monitors and generally process as in SS cases. Stimulus-
comparison methods assess the relations among conditions more fully when judgements
compare all possible pairs of conditions. However, if this requires too large a number
of observations, it may be possible to divide the observations among assessors or to use
a sample of all possible pairs.

The adjective categorical judgement is employed for the SC methods, where ob-
servers assign the relation between members of a pair to one of a set of categories that,
typically, are defined in semantic terms. These categories may report the existence of
perceptible differences, the existence and direction of perceptible differences, or judge-
ments of extent and direction. The comparison scale recommended by I'TU-R is shown
in Table 1.2. This method yields a distribution of judgements across scale categories for

each condition pair. The way that responses are analysed depends on the judgement
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made and the information required. The SC method together with the comparison

scale is suitable for evaluating the just-noticeable distortion (JND) performances.

-3 The right one is much worse than the left one
-2 The right one is worse than the left one

-1 The right one is slightly worse than the left one
0 The right one is the same quality as the left one

+1 The right one is slightly better than the left one

+2 The right one is better than the left one

+3 The right one is much better than the left one

Table 1.2: Comparison scales of SC method

(5) Simultaneous double stimulus for continuous evaluation (SDSCE) method.

This method targets at measuring the fidelity between two impaired video sequences
and comparing different error resilience tools. When the fidelity of the visual signal
needs to be evaluated, the reference conditions must be introduced. The method was
proposed to motion picture experts group (MPEG) to evaluate the error robustness
at very low bit rate. But it can be suitably applied to all those cases where fidelity
of visual information affected by time-varying degradation has to be evaluated. The
panel of subjects is watching two visual signals in the same time: one is the reference,
the other one is the test condition. If the format of the visual signals is SD or smaller,
the two signals can be displayed side by side on the same monitor, otherwise two well-
aligned monitors should be employed. Subjects are requested to check the differences
between the two visual signals and to judge the fidelity of the video information by
moving the slider of a handset-voting device. When the fidelity is prefect, the slider
should be at the top of the scale range (coded 100), when the fidelity is null, the slider
should be at the bottom of the scale (indicated 0). And subjects are aware of which is
the reference and they are requested to express their opinion, while they are viewing
the visual signals throughout their whole duration.

With these subjective evaluation methods, such as DSIS, DSCQS, SS, SC, and
SDSCE, the perceptual quality of the visual signal can be accurately measured. How-

ever, as aforementioned subjective visual quality quality assessment suffers from various
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drawbacks that limit its applicabilities. (a) It is time-consuming, laborious and expen-
sive, since the resultant subjective opinions are obtained by many observers through
repetitive viewing sessions. (b) Incorporation of subjective viewing tests is not feasible
for on-line visual signal manipulations, such as visual signal compression, denoising,
transmission, and so on. (¢) The subjective testing results rely heavily on the viewers’
physical conditions, emotional states, personal experience, and the context of preceding
display [38] - [40]. As a result, it is necessary to build computational models to predict
the perceptual quality of the visual signal in a consistent and objective manner, where

the objective visual quality assessment methods are demanded.

1.3 Objective Perceptual Quality Assessment

The simplest and most widely used objective visual quality metric are the mean square
error (MSE) and the related signal-to-noise ratio (SNR), and peak signal-to-noise ratio
(PSNR). These measurements are appealing for their simple formulations, clear phys-
ical meanings, and friendliness for optimization. However, they perform poorly for
the perceptual quality predictions of the visual signals [41] [42]. The major reason for
the poor performance of MSE or PSNR is that all of the changes in the visual signal
is assigned the same importance, regardless of the perceptual properties of the HVS.
Objective evaluation of visual signal quality in line with the human perception is a
difficult task [43] [44] due to the complex, multi-disciplinary nature of the problem (re-
lated to physiology, psychology, vision research, and computer science) and the limited
understanding of the mechanisms behind the HVS.

With regards to developing a visual quality assessment method, two different ap-
proaches are employed [85] (i) visual modelling approach and (ii) engineering approach.
These two approaches and their advantages/disadvantages are discussed as follows, re-

spectively.

1.3.1 Visual Modelling Approach

The visual modelling approaches, as the name implies, are based on the modelling the
components of the HVS, which range from the eye to the visual cortex. Although
the anatomy of the eye provides us with detailed physiological evidences about the

from-end of the HVS (optics, retina, etc.), a thorough understanding of the latter
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stages of the visual pathway (visual cortex, etc.) in charge of higher-level perception
is still unachievable, which makes the construction of a complete physiological HVS
model impossible. As a result, the visual modelling approaches are mostly based on
psychophysical studies and only account for low level perception. The physiological

and psychophysical factors incorporated into the visual modelling are listed below.

- Colour perception

The responses of the cones need to be further processed at a higher stage of the
HVS for the purpose of signal decorrelation, where the three commonly encoun-
tered color channels R, G, and B are highly correlated with each other. Nowadays,
many color spaces are employed for representing the visual signal for difference
purposes, e.g., CIELAB, YIQ, YUV color spaces, etc. Most of these color spaces
share the common characteristics that they treat the luminance and chrominance
components of the visual signal separately. However, according to the perfor-
mance comparison of different color spaces in the visual quality metrics [45],
there is no significant performance difference if the chrominance component is
discarded, but on the other hand, the computational complexity can be greatly

reduced.

- Luminance adaptation

HVS perception is sensitive to luminance contrast rather than the luminance
intensity. Given an image with a uniform background luminance [ and a square
at the center with a different luminance [+dl, if dl is the threshold value at which
the central square can be distinguished from the background, then according to
Weber’s law the ratio of dl divided by [ is a constant for a wide range of luminance
[. This implies that HVS sensitivity to luminance varies with the local mean
luminance value. In other words, the local mean luminance masks the luminance
variation: the higher the local mean luminance, the stronger the masking effect
is. Therefore, the luminance adaptation factor experimentally forms a U-shape
curve. Nowadays, the luminance adaptation factors are employed for constructing

the JND models [46].

- Multi-channel decomposition
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Compared with the early perceptual quality metrics [47] [48], where only one
channel is employed, multi-channel decomposition has been widely used for visual
modelling these days. Multi-channel decomposition is justified by the discovery
of the spatial frequency selectivity and orientation selectivity of the simple cells in
the primary visual cortex. For spatial multi-channel decomposition, most studies
suggest that there exist several octave spaced radial frequency channels, each
of which is further tuned by orientations with roughly 30 degree spacing [49].
Many other decomposition algorithms serving this purpose exist, e.g., steerable
pyramid transform [50], QMF (Quadrature Mirror Filters) transform [51], wavelet
transform [52], DCT transform [53], etc. Some of these aim at accurately modeling
the decomposition mechanism, while others are used due to their suitability for
particular applications, e.g., compression [53|. A detailed comparison of these
decomposition algorithms can be found in [54]. For temporal decomposition, it
is generally believed that there exist two channels: one low-pass channel, namely
sustained channel, and one band-pass channel, namely transient channel. Since
most visual detailed information is carried in sustained channel, HVS models
employed by some video quality metrics like those in [55] [56] only use a single low
pass temporal filter to isolate the sustained channel, while the transient channel
is disregarded. Temporal filters can be implemented as either Finite Impulse
Response (FIR) filters [55] or Infinite Impulse Response (IIR) filters [57], either

before [55] or after spatial decomposition [58].

Contrast sensitivity function

Contrast sensitivity is the inverse of the contrast threshold - the minimum contrast
value for an observer to detect a stimulus. These contrast thresholds are derived
from psychophysical experiments using simple stimuli, like sine-wave gratings or
Gabor patches. In these experiments, the stimulus is presented to an observer
with its contrast increasing gradually. The contrast threshold is determined at the
point where the observer can just detect the stimulus. It has been proved by many
psychophysical experiments that the HVS’s contrast sensitivity depends on the
characteristics of the visual stimulus: its spatial frequency, temporal frequency,
color, and orientation, etc. Contrast sensitivity function (CSF) can be used to

describe these dependences. And CSF is more complex when the influences of
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other factors like temporal frequency or color are considered in conjunction with
the spatial frequency [59] [60] . As a very important characteristic of HVS, CSF
has been incorporated into the development of JND models [46] [53].

- Contrast masking

Contrast masking effect refers to the visibility threshold elevation of a target signal
(the maskee) caused by the presence of a masker signal. It can be further divided
into spatial masking and temporal masking. The target and masker stimuli are
sine-waves or Gabor patches, during the most spatial masking experiments. The
target stimulus is superposed onto the masker stimuli, and contrast threshold of
the target stimulus are recorded, together with the masker information, including
its contrast, spatial frequency, orientation, phase, etc. Many of these experiments
verify that the threshold contrast of the target depends on the masking contrast,
and also the other characteristics of the masker. Generally higher masking con-
trast and larger similarity between the masker and the target in their spatial
frequencies, orientations, and phases will lead to higher masking effect, which
is known as the contrast masking effect [61] [62]. Compared with spatial mask-
ing, temporal masking has received less attention and is of less variety. In most
of its implementations in video quality assessment, temporal masking strength
is modelled as a function of temporal discontinuity in intensity: the higher the
inter-frame difference, the stronger is the temporal masking effect. Particularly,
the masking abilities of scene cut have been investigated in many experiments,

with both of its forward and backward masking effects identified [63].

- Visual saliency and attention

It is well known that HVS processes local regions of visual signals with different
visual acuities. The artifacts in the attended regions are better perceived than
those present in the non-attended areas. It means that the judgement of the
observer’s will be prejudiced by the contents in the visual salient regions. The
perceptual quality of the visual signal will also be significantly affected by severity
of the distortions in the attended area. Therefore, the visual saliency and atten-
tion map of the corresponding visual signal needs to be considered for deriving

an accurate perceptual quality metric.
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- Pooling

In vision system, pooling refers to the process of integrating information of d-
ifferent channels, which is believed to happen at the latter stages of the visual
pathway. In visual quality assessment, pooling is used to term the error summa-
tion process which combines errors measured in different channels into a quality
map or a single quality score. For image quality assessment, most approaches
perform error summation across frequency and orientation channels first to pro-
duce a 2-D quality map, and then perform it across spaces to obtain a single score
indicating the quality of the entire image. For video quality assessment, one more
step is performed to combine quality scores for frames into a quality score for the

video sequence.

As these factors are intuitively depicted and can somewhat characterize the HVS
properties, the visual modelling approaches achieve better results in matching the sub-
jective rating values, compared with MSE, SNR, and PSNR. However, they may suffer
from some drawbacks, even though the visual modelling metrics are attractive in the-
ory. The HVS comprises of many complex processes which work in conjunction rather
than independently, to produce visual perception. However, the vision modelling based
metrics generally utilize results from psychophysical experiments which are typically
designed to explore a single dimension of the HVS at a time. In addition, these exper-
iments usually use simple patterns such as spots, bars, and sinusoidal gratings which
are much simpler than those occurring in real images. For instance, psychophysical ex-
periments characterize the CSF and masking phenomenon of the HVS by superposing
a few simple patterns. Moreover these metrics generally depend on the modelling of
the HVS characteristics which are not yet fully understood. Although our knowledge
about the HVS has been improving over the years, we are still far from a complete
understanding of the HVS and its intricate mechanisms. Furthermore, due to the com-
plex and highly non-linear nature of the HVS, these metrics can be complicated and
time-consuming to be used in practice. The complexity of these models usually leads
to high computational cost and memory requirement, even for images of a moderate
size. In addition, the psychophysical experiments that underlie many error sensitivity
models are specifically designed to estimate the threshold at which a stimulus is just

barely visible. These measured threshold values are then used to define visual error
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Figure 1.2: Representative diagram of the engineering approach.

sensitivity measures, such as the CSF and various masking effects. However, very few
psychophysical studies indicate whether such near-threshold models can be generalized
to characterize perceptual distortions significantly larger than threshold levels, as is
the case in a majority of image processing situations. As it turns out, many of the
image quality assessment (IQA) metrics based on vision modelling approach are less
effective for suprathreshold distortions [38]- [40]. Owing to these limitations, the second
approach namely the engineering approach has gained popularity during recent years

and is described next.

1.3.2 Engineering Modelling Approach

To overcome these shortcomings of the vision models, recently many new visual qual-
ity metrics were designed by engineering approaches. Instead of founding on accu-
rate experimental data from subjective viewing tests, these engineering-based quality
metrics are based on (i) assumptions about visual features that are closely related to
visual quality; (ii) prior knowledge about the distortion properties or the statistics
of the natural scenes. Since these features and prior knowledge are considered to he
higher-level perceptual factors compared with lower-level ones used in the vision model,
engineering-based quality metrics are also referred to as top-down quality metrics, and
are considered to have the potential to better deal with supra-threshold distortions. In
ITU-R BT.1683 [64], four video quality assessment (VQA) methods are recommend-
ed after VQEG’s FRTV Phase II tests [65], all of which belong to this category. A
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representative diagram of the engineering approach is shown in Figure 1.2. It can be
observed that the engineering approaches consist of two distinct stages. The first stage
is detect and extract the visual features and statistics of the visual signals, which may
include image structural elements, such as contours and edges, gradient information,
and statistics of specific distortions introduced by a particular process step, i.e., com-
pression, transmission, and so on. The second one is to compare the extracted features
and pool their differences together to generate the visual quality index (VQI) for the
corresponding distorted visual signal.

Based on the amount of the visual feature or statistics extracted from reference
visual signal, PQAs can be classified into three categories: full reference (FR), reduced
reference (RR), and no reference (NR). The whole reference visual signal is required
to derive the FR metrics, in order to evaluate the perceptual quality of the distorted
image, where the reference visual signal is is assumed to be artifact free and of perfect
quality. These developed metrics can only be applied to the applications where the
reference visual signal is available, such as image compression [66], watermarking [67],
and so on. The simplest FR metrics are MSE, SNR, and PSNR, which are widely
adopted. However, these PQAs only consider the differences in visual signal pixel level,
which are not related to HVS perception properties as aforementioned. Consequently,
they are not reliable for evaluating or even controlling the perceptual quality of the
distorted image during the processing stages. Nowadays, many FR quality metrics
have been developed, among which structure similarity index (SSIM) [68] [69] is the
most famous one. SSIM is derived mainly based on the idea of equating the perceived
image distortion to the measurement of structural distortion. The metric known as
MSVD [71] evaluates the perceptual quality of each image block based on the error in
singular values. Another representative FR image quality metric is visual information
fidelity (VIF) [72], which is based on the assumption that visual quality is related to
the amount of information that the HVS can extract from an image. Briefly, VIF works
in the wavelet domain and uses three models to model the original natural image, the
distortions, and the HVS, respectively.

Picture quality scale (PQS) [73] is a hybrid image quality metric employing both
the HVS model and the engineering design approaches. Among the five distortion fac-

tors measured, three of them are obtained basically by using HVS models. Perceptual
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factors employed include luminance adaptation, CSF, and texture masking. The other
two engineering-hased distortion factors measure blockiness and error correlations. To
fit in the three processing steps introduced above, in PQS, non-linear mapped lumi-
nance values (to account for the luminance adaptation effect) are used as features, and
feature comparison is implemented by direct subtraction. These feature differences are
further processed by the CSF and by using prior knowledge about the locations of the
distortions to produce two distortion maps measuring blockiness and local error corre-
lations, respectively. In the last step, spatial pooling is performed separately on each of
the two distortion maps, generating two engineering-based distortion factors. Together
with the three HVS-model-based distortion factors, they are de-correlated by singular
value decomposition and linearly combined to generate the PQS quality score.

In many real-world applications, we cannot access the reference visual for the quality
evaluation, such as image/video denoising, restoration, etc., where only the distorted
visual signal is available for analysis. Therefore, the NR PQAs [70]- [79] are thus needed
to evaluate and control the perceptual quality of the processed image. Many researchers
employ the behaviours of specific distortions for the NR quality assessment, such as
the blocking artifact of JPEG coded images, ringing artifact of the JPEG 2000 coded
images, and so on. As JPEG 2000 employs the wavelet transform to compress the image,
the wavelet statistical model is utilized to capture the compression distortion [74].
Liang et al. [75] combined the sharpness, blurring, and ringing measurements together
to depict the perceptual quality of the JPEG 2000 coded image. The distribution of the
DCT coefficient after quantization is modeled in [76] to predict the PSNR value of the
JPEG coded image. Furthermore, Ferzli et ol. [78] did the psychophysical experiment
to test the blurring tolerance ability of the HV'S, based on which the just-noticeable blur
(JNB) model is developed. These methods employ the behaviors of specific distortions
to predict the degradation level. Therefore, if a new distortion is introduced, these
methods can hardly evaluate the perceptual quality of the distorted image. In order to
compromise between the FR and NR PQAs, RR PQAs are developed. It is expected
that the RR methods can effectively evaluate the image perceptual quality based on a
limited number of features extracted from the reference image. Only a small number of
bits is required for representing the extracted features, which can be efficiently encoded

and transmitted for the quality analysis. Consequently, it will be very useful for the
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quality monitoring during the image transmission and communication. The image
perceptual quality can be easily analysed by referring to the extracted features from
the reference image. Therefore, a better quality of user experience can be further
provided for the consumers.

RR quality metrics are the tradeoff between FR and NR PQAs. For designing an
effective RR quality metric, we need to consider not only its performance but also its
RR data rate for representing the extracted features. Firstly, the extracted features
should be sensitive to a variety of image distortions and relevant to the HVS perception
of the image quality. Secondly, the RR data rates should not be large, as the extracted
features need to be embedded or transmitted to the receiver side for the quality analysis.
For a larger RR data rate, one may include more information about the reference image.
Then a good performance can be obtained. However, it will introduce a heavy burden
to the RR feature transmission. The FR PQA can be regarded as an extreme case of
RR PQA, with the RR data rate is the whole reference image. For a smaller RR data
rate, only a little information of the reference image is available for quality analysis.
Therefore, the performance is hard to be ensured. The NR PQA is another extreme
case of RR PQA, with no information from the reference image. Therefore, how to
balance the RR data rate and the performance is the essential for the RR quality
metric development. VQ Model [80] is one of the best proponents of the VQEG FRTV
Phase II tests [65]. For a video sequence, VQ Model generates seven distortion factors
to measure the perceptual effects of a wide range of impairments, such as blurring,
blockiness, jerky motion, noise and error blocks, etc. Viewed conceptually, VQ Model’s
distortion factors are all calculated in the same steps. Firstly, the video streams are
divided into 3D Spatial-Temporal (S-T) sub-regions typically sized by 8 pixel x 8 lines
x 0.2 second; then feature values are extracted from each of these 3D S-T regions
by using statistics (mean, standard deviation, etc.) of the gradients obtained by a
13-coefficient spatial filter, and these feature values are clipped to prevent them from
measuring unperceivable distortions; finally these feature values are compared and their
differences combined together for quality prediction. Three feature comparison methods

used by VQ Model are Euclidean distance, ratio comparison, and log comparison.
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1.3.3 Perceptual Subjective Quality Databases

In order to evaluate the performances of the proposed PQAs, many subjective quality
databases have been built, such as image databases [25]- [34], video databases [16]- [24].
Most of these databases are built according to the subjective test settings standardized
in ITU-R BT.500-11 [5]. In this subsection, we will briefly introduced the major char-
acteristics of the databases, which are employed for the experimental validation in this
thesis. In total, four image databases and one video databases are utilized, which are
all subjective rated and publicly available.

The LIVE image subjective quality database [25] includes 29 original 24-bits/pixel
color images. Totally it consists of 982 images (779 distorted images and 203 reference
images). Five types of distortions were introduced to obtain the distorted images: 1)
JPEG2000 compression, 2) JPEG compression, 3) white Gaussian noise (WGN), 4)
blurring, and 5) Rayleigh-distributed bit stream errors of a JP2K compressed stream
or fast fading distortions (FF). Subjective quality scores for each image are available
in the form of DMOS. The image resolution is either 768x 512 or 512x768.

The TRCCyN/IVC image subjective quality database [26] consists of 10 original
color images with a resolution of 512x512 pixels from which 185 color distorted images
have been generated, using 4 different processes: JPEG compression, JPEG2000 com-
pression, LAR coding, and blurring. Subjective evaluations have been performed in a
normalized room with lighting conditions and display settings adjusted according to
ITU-R BT.500-11 [5]. The viewing distance was set to six times the picture’s height. A
DSIS method, as illustrated in Section 1.2, has been used. Both distorted and original
pictures were displayed sequentially.

The MICT subjective quality database [27] contains 182 images of 768 x 512 pixels.
14 were original images (24 bit/pixel RGB) in each group. The rest of the images
were JPEG and JPEG2000 coded images (i.e., 84 compressed images for each type
of distortion). Six quality scales and six compression ratios were respectively selected
for the JPEG and JPEG2000 encoders. Subjective experiments were conducted in a
normalized room with low lighting conditions and display settings adjusted according to
ITU-R BT.500-11 [5]. The viewing distance was set to four times the picture’s height.
SS method (illustrated in Section 1.2) together with five-grade rating scales, as shown

in Table 1.1, was used during the subjective experiments. The subjects were asked to
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provide their opinions on the perceptual quality of the compressed images.

In the A57 database [37], 3 original images of size 512x512 are distorted with 6
types of distortions and 3 contrasts. These result in 54 distorted images (3 images x 6
distortion types x 3 contrasts). The distortion types used are: 1) quantization of the
LH subbands of a 5-level DWT of the image using the 9/7 filters, 2) additive WGN,
3) baseline JPEG compression, 4) JPEG2000 compression, 5) JPEG2000 compression
with the dynamic contrast-based quantization algorithm in which greater quantization
is applied to the fine spatial scales relative to the coarse scales in an attempt to preserve
global precedence, and 6) blurring. The subjective scores have been made available in
the form of DMOS.

The video database we used is the LIVE video subjective quality database [17] [18].
It contains 150 distorted videos (generated from 10 uncompressed reference videos of
natural scenes) with spatial resolution being 768x432. The frame rate is either 25fps or
50fps. The distorted videos have been obtained by using four distortion processes: (a)
simulated transmission of H.264 compressed bit streams through error-prone wireless
networks, (b) through error-prone internet protocol (IP) networks, (¢) H.264 compres-
sion, and (d) MPEG-2 compression. Each video was assessed by 38 human subjects
and the subjective scores have been made available as DMOS. Table 1.3 lists the major

characteristics of the visual subjective quality metric used for validation in this thesis.

Image Video
Databases LIVE IRCCyN/IVC | MICT A57 LIVE
NOR 29 10 14 3 10
NDT ) 4 2 6 4
NOD 779 185 168 54 150
RES T68x 512 or 512x768 512x512 512x512 | 512xH12 | 768x432
SSF DMOS MOS MOS DMOS | DMOS
RNG (0-100) (1-5) (1-5) (0-1) | (0-100)

Table 1.3: Major characteristics of the visual subjective quality databases. NOR denotes the
No. of the reference images/videos; NDT indicates the No. of the distortion types; NOD is
the No. of the distorted images/videos; RES means the resolution of the images/videos; SSF'
indicates the subjective score format; and RNG indicates the range of the subjective scores of
each database
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1.3.4 Performance Evaluation

To evaluate the performance of a visual quality metric, visual subjective quality databas-
es are employed, which are briefly introduced in Section 1.3.3. For each distorted visual
signal, i.e., image or video, MOS or DMOS is assigned, which is obtained from subjec-
tive viewing tests which follow the standardized procedures as introduced in Section
1.2. To evaluate the predictive performance of a visual quality metric, these subjective
scores are used as the ground truths to be compared against the metric’s quality pre-
dictions (objective quality scores). High correlation between the subjective scores and
the objective scores indicates a good performance of the visual quality metric.

Taking into account the non-linearity of the subjective scores introduced during
the subjective tests, it is customary to perform a non-linear mapping on the objective
scores before the correlation measurement. Following the existing work [72] [81], the

following non-linear mapping function is used to map x; to Vj:

: )
L+ exp(B2 x (x5 — B3))

V; =1 X <0.5— + B4 X:Ej+,35 (1.1)

where x; represents the objective quality score of the j-th distorted visual signal ob-
tained by the corresponding PQA, and V; indicates the non-linearly mapped score. The
fitting parameters {31, 2, O3, 84, 05} are determined by minimizing the sum of squared
differences between the mapped objective scores V; and the subjective scores, i.e., MOS
and DMOS values.

After the non-linear mapping, several performance measurements can be applied,
such as the Linear Correlation Coefficient (LCC), the Root Mean Squared Error (RMSE),
the Spearman Rank-Order Correlation Coefficients (SROCC), the Outlier Ratio (OR),
etc. The mapped scores V; and the subjective scores serve as their inputs. LCC between

two data sets, X and Y, is defined as:

S (= )i — )
LCC(X,Y) — .
N = S T (12

measures the correlation. z; and y; are the sample value, while Z and ¥ are the cor-

responding mean value. SROCC assesses how well the metric predicts the ordering of

the distorted images, and can be defined as the LCC of the ranks of X and Y, which
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is defined as:

SROCC(X,Y) —1— % (1.3)

where d; is the difference between the i-th image’s rank in subjective and the perceptual
quality index. n denotes the total number of samples. RMSE between X and Y is
calculated during the fitting process given by:

n

1
RMSE(X,Y) = —E i — Ui)? 1.4
SE(X,Y) 0 i:1($ vi) (1.4)
OR is defined as:
Noutlier
= 1.
OR - (1.5)

where nyuier 15 the number of predictions outside two standard deviations® of the sub-
jective scores, and n is also the total number of samples. As can be observed from their
definitions, larger LCC/SROCC or smaller RMSE/OR indicates better performance
of the visual quality metric. The detailed information and comparison between these

performance measurements can be found in [65] [81] [82].

1.4 Thesis Contributions

As aforementioned, according to the availability of the reference signal, PQAs can be
categorized into FR, RR, and NR methods. My work in this thesis focuses on the
FR and RR PQAs, as well as their corresponding applications. Moreover, perceptual
quality of the retargeted images are studied. The key contributions of this thesis are

summarized into three parts, which are briefly introduced as follows.

(I) FR quality assessment. The HVS properties are firstly studied, specifically, the
visual horizontal effect (HE) to model the orientation sensitivity of the HVS per-
ception, the just-noticeable distortion (JND) over adaptive block-size transform
(ABT) to depict the visual tolerance property, the visual saliency to characterize
the HVS attention property to the visual signals. The HE is modelled by a sim-
ple cubic polynomial function, which can be easily incorporated with the recently

developed 1QAs, such as SSIM, VIF, and so on. Inspired by HVS HE property,

The standard deviation indicates the variation of individual subjective ratings around the mean
value.
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a new image compression algorithm is developed by the super-resolution direct-
ed down-sampling (SRDDS). ABT-based JND is originally studied for capturing
different HVS properties over different block-size discrete cosine transforms (D-
CT). Simple PQAs for image and video are developed, which are utilized for
perceptual video coding. And motion trajectory is firstly considered to more ac-
curately depict the HVS saliency property, which are then utilized to improve the

performances of different PQAs.

RR quality assessment. Statistics of the visual signals are studied, specifically the
spatial statistics of image, and the spatio-temporal statistics of video sequences.
For spatial statistics, the block-based DCT coefficients are firstly grouped into
reorganized DCT (RDCT) subbands. The DCT statistics are characterized in the
RDCT domain. The coeflicient distribution in each domain are depicted by the
generalized Gaussian density (GGD) function. The frequency variation is cap-
tured by the frequency ratio descriptor (FRD). The relationship between different
RDCT subbands are measured by mutual information (MI). These statistics are
believed to be sensitive to the distortion introduced in the spatial domain. As a
result, they are sensitive to the visual signal degradation level and reliable for de-
picting the perceptual quality. As for the spatio-temporal statistics, the temporal
relationship between adjacent frames needs to be characterized besides the spa-
tial FRD. The frame relationship is captured by the histogram of the difference
image, which is also modelled by GGD. With the combination of spatial FRD and
temporal GGD, the RR video quality assessment (VQA) for video sequences is
developed, which is not only effective but also efficient. The RR features extract-
ed from both spatial and temporal aspects can be easily coded and transmitted

to monitor the video quality during transmission process.

Retargeted image quality assessment. The perceptual quality of the retargeted
image is studied through a large-scale subjective study of image retargeting qual-
ity, where an image regargeting subjective quality database is constructed. FEach
retargeted image in the database is viewed and subjectively rated by number-
s of viewers to generate the final MOS value for indicating its true perceptual

quality. The built database is analysed from the perspectives of the retargeting
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scale, the retargeting method, and the source image content. Moreover, sever-
al publicly available quality metrics for retargeted images are evaluated on the
built database. The discussion on how to develop an effective quality metric
for retargeted images are provided through a specific designed subjective testing

process.

1.5 Organization of the Thesis

This thesis has been divided into 7 chapters as outlined as follows. Chapter 1 (this
chapter) gives a brief introduction about the thesis, including the motivation and objec-
tives, subjective and objective quality assessment methodologies, thesis contributions,
and organization.

Chapter 2 discusses FR image quality assessment, where the HE and saliency prop-
erties of the HVS are depicted and modelled. Inspired by the developed FR IQA, a
novel image compression algorithm is proposed via adaptive block-based SRDDS.

Chapter 3 investigates FR PQA, where the JND property over ABT is modelled.
ABT-based JND is utilized to develop a simple quality metric, which has been proved to
be effective over the visual subjective quality databases. Finally, the developed metric
is used for guiding the perceptual video coding. Also in this chapter, the visual saliency
for the video sequences is studied by considering the motion trajectory.

Chapter 4 describes our newly developed RR IQA method, where the coefficeint
statistic of the RDCT subband is modelled and employed for quality assessment. Fur-
thermore, the MI between different RDCT subbands, and the FRD of the whole image
are further employed to improve the performance of the RR image quality metric.

Chapter 5 focuses on developing an RR VQA for the compressed video sequences.
The spatio-temporal statistics are employed to depict the degradation level of the com-
pressed video sequence, which are proved to be highly related to the perceptual quality
of the video sequences.

In Chapter 6, an image retargeting subjective quality database is built, through
a large-scale subjective testing process. The subjective responses on the retargeted
image qualities are studied. And several quality metrics are employed to evaluate the
retargeted image quality. New directions for deriving more accurate quality metric are

further discussed.
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Lastly, Chapter 7 closes the thesis with a summary of the main research work
performed and directions for further studies.
The Appendix provides the detailed information of the constructed image retarget-

ing subjective quality database.
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Chapter 2

Full Reference Image Quality Assessment

2.1 Visual Horizontal Effect for Image Quality Assessment
2.1.1 Introduction

Full reference (FR) image quality metric plays a fundamental role for many image pro-
cessing applications, such as compression, watermarking, and etc. As aforementioned,
MSE and the related PSNR are the most wildly employed quality metric for evaluating
the perceptual quality of the visual signals. However, they do not correlate well with
the HVS perception, because they just focus on the pixel value differences but ignore
the image content and human perception property [41] [68]. In order to handle this
problem, many image quality metrics have been proposed, which attempt to character-
ize the features that HVS may associate with loss of quality, such as blurring, blocking,
and so on. The IQAs that embody this approach include structure similarity index (S-
SIM) [68] [69], and visual information fidelity (VIF) [72]. SSIM is derived by capturing
the information loss of image structures, while VIF employs the mutual information
between the original and test image to evaluate the image quality. In [83] , it has
been demonstrated that SSIM and VIF have similar performances. And SSIM treats
different oriented distortions and different located distortions equally. However, as the
HVS perceives images with local varying saliencies [84], the pooling HVS feature [85]
needs to be considered to evaluate the image quality. Also, the HVS horizontal effect
(HE) property [86]- [89] of natural scenes has been researched for modeling the visual
sensitivities of different distortions over image contents with different orientations, in
comparison with the HVS oblique effect property for the simple patterns, such as iso-
lated gratings [87]. Therefore, the HVS HE property needs to be taken into account
when evaluating the image quality. In this chapter, the HVS properties over structural

distortions are considered to improve the IQA performance. Firstly, SSIM is employed

27
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to obtain the structural distortion map. Secondly, the distortion map is refined by
the HV'S orientation sensitivity modeled by the HE. Finally, the image quality index is
obtained by a saliency pooling strategy over the distortion map.

The reminder of this chapter is organized as follows. Section 2.1.2 introduces the
proposed FR IQA, including the visual HE modeling and saliency pooling. Its perfor-
mance is evaluated and compared with other representative FR IQAs in Section 2.1.3.

A summary is given in Section 2.1.4.

2.1.2 Proposed Image Quality Assessment Framework

Structure Similarity Index

SSIM is based on the assumption that the HVS is highly adapted to extract struc-
tural information from the viewing field. Three types of similarity together consti-
tute the SSIM, which are luminance similarity [(I(i,7), T(i,j)), contrast similarity
e(I(i, 7), T(4,7)), and structure similarity s(I(i, 5), T(i,5)):

SD(i, ) = [I(X(i, 1), T(i, j)]* - [e(1(i, ), T, S)I7 - [s(L(G, 5), T(E, )] (2.1)

where I and T denotes the original and distorted images, respectively. (i, 7) is the pixel
location. SD is the obtained structural distortion map after performing SSIM. « > 0,
8 >0, and v > 0 are parameters used to adjust the relative importance of the three
components. The three components of Eq. (2.1) are relatively independent of each
other. In other words, the value change of one component does not necessarily mean
that the value of the other components must change accordingly. This is one of the
good properties of SSIM, which makes the use of a, 5 and v to adjust the importance
of the three components reasonable. The formula for [(I(i, 7), T(4, j)), c(I(i, 7), T(i, j)),
and s(I(7, ), T(i, 7)) are defined as follows:

201,515 + C1

Fig) + Py +
. . 207i,507(,5) T C2
(10, ). T(0,§)) = i (23)
1G5 " oT@g) T2
. . Tri, )T, T O3
s(1(i, ), T(i, j)) = — ) (2.4)

O1(i,5)0TG,5) T O3
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Figure 2.1: Four reference images from the LIVE image database [25] for training the visual
HE model. (a): bikes; (b): buildings; (c): parrots; (d): sailingl.

where py(; 5y and pigy; ;) are the block means centered at (i, j) of the reference and dis-
torted image, respectively; oy(; 5y and o7 5 are the variances of the blocks; or¢; 57,5
is the covariance of the two blocks describing their structure similarity; €, s, and
(3 are small constants to avoid instability when the denominator is very close to zero.
The classic SSIM [68] [69], or namely the mean SSIM, takes the average of the quality

map as the overall score to predict the image visual quality.

Visual Horizontal Effect Modeling

According to Hansen et al.’s researches on human vision, [86]- [89], the oblique content
is perceived to be the best, whereas the horizontal content is the worst for natural
images; also the oblique stimuli are perceived to be the best in naturalistic broad-band
stimuli. The phenomenon is known as HE. Hence, we want to model the visual HE

sensitivity, which the HVS may associate with the image quality.
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Figure 2.2: Orientation information of the reference image and their distorted version. (a):
content orientation distribution (x-axis: content orientation; y-axis: pixel number probability).
(b): content and stimulus orientation joint distribution (x-axis: (content orientation, stimulus
orientation) pair; y-axis: pixel number probability).

In order to model the visual HE sensitivity, first we need to obtain the orienta-
tion and energy information for both the content and stimulus. In our approach, the
reference image is regarded as the original content, while the difference between the
test and reference images is denoted as the stimulus superposed onto the content. As
we all know, the kernels of Gabor filters are similar to the 2D receptive field profiles
of the mammal cortical simple cells, which exhibit desirable characteristics of spa-
tial locality and orientation selectivity [90]. Therefore, different oriented Gabor filters
are employed to filter the original content and stimulus to generate different oriented
responses. According to the maximum response, the orientation and energy are de-
termined for depicting the local features of the visual inputs. However, in some local
smooth regions, all the filtering responses may appear very small, which are regarded
as isotropic for its weak influences over all the orientations.

Four representative images and their distorted versions from the LIVE image database
[25] are selected to train the visual HE sensitivities over the image structural distortion-
s. The four original images are illustrated in Figure 2.1. The orientation information
of the images and their distorted versions are shown in Figure 2.2. It can be observed
that certain oriented contents dominate each selected image, such as: the isotropic con-
tents dominate PARROTS; 135 degree and horizontal contents dominate BIKES and
so on. Moreover, we can see that different oriented stimuli are superposed onto differ-
ent oriented contents with different probabilities. Therefore, we can employ the four

representative images (with different dominant oriented contents) and their distorted
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Figure 2.3: HE sensitivity values of different orientated stimuli over different content bias (each
color represents a biased content, and the horizontal axis indicates the stimulus orientation).

versions (with different oriented stimuli) to train the visual HE sensitivities. During

the training process, the following three aspects should be considered.

(I) The content orientation is isotropic. The stimuli presented in these regions are
easy for HVS perception, which is modeled by contrast masking in JND models
[46]. Therefore, HVS is highly sensitive to this type of content.

(IT) The stimulus orientation is the same as the content orientation. It can be viewed
as a signal enhancement rather than distortion. Therefore, the lower HVS sensi-

tivity is expected and the distortion is difficult to detect.

(III) The stimulus orientation is perpendicular to the content orientation. The HVS

is extremely sensitive and the distortion is very easy to perceive.

The initial HE sensitivity values in [87] are first slightly modified (increased or
decreased) by referring to the afore-mentioned three aspects. Based on the structural
distortion map SD, if the HE refined SSIM values correlate better with the subjective D-
ifferential Mean Opinion Score (DMOS) values, which are provided by the database [25],
the HE sensitivity values are tuned by following the same direction. Otherwise, the HE
sensitivity values are tuned by following the opposite direction. After several iterations,
the optimized HE sensitivity values are obtained. The optimized HE sensitivity values
of 4 dominant oriented stimuli over 5 prevailing biased contents are indicated by the
spots in Figure 2.3. Based on these sensitivity values, the cubic polynomial functions
are fitted to model the sensitivities of oriented stimuli over the same content, illustrat-
ed by the curves in Figure 2.3. For the isotropic biased content, the visual sensitivity

values are much larger than the other biased contents, which match the HVS contrast
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masking properties. For the isotropic and horizontal biased contents, the visual sen-
sitivity values of oblique orientations (45 and 135 degree) are higher than that of the
vertical direction, while the horizontal sensitivity value appears the smallest, which
matches the experimental results of HE. As for the 45 and 135 degree biased contents,
sensitivity values of the orientations around its perpendicular direction are the largest,
whereas the sensitivity value of the same orientation appears to be the smallest, which
matches the aforementioned aspects. For the vertical biased content, the largest sensi-
tivity value appears around 45 degree according to the HVS HE property and around
0 degree for the perpendicular property. Therefore, the HVS appears to be the most
sensitive between 0 and 45 degrees by considering the HVS properties together. The
cubic polynomial function for depicting the visual HE sensitivities of orientated stimuli

over different oriented contents is expressed as:
Sup = (01,0s) = ag, 0% + by, 0% + co,0s + do, (2.5)

where ¢ is the HE sensitivity function illustrated in Figure 2.3, 8; and 8¢ denote the
orientation information of the content and stimulus, respectively, which are determined
by the maximum responses of the oriented Gabor filters. ag,, be,, co;, and dg, are the
parameters which relate to the content orientation ;. Furthermore, the higher the
stimulus energy, the worse is the visual quality of the test image. Therefore, a relation-
ship between stimulus energy and image perceptual quality should be considered. A
stimulus energy adaptation factor cesp is used to refine the structural distortion value,

which is defined as:

asg =p1-erf(pz- Ls(i, )+ p3) +pa (2.6)

where Fg is the stimulus energy obtained from the Gabor filtering results, erf is the
error function, p;=-0.175, p2=0.35, p3=-2.5, and py4=0.825 are set empirically for ad-
justing the stimulus energy adaptation factor. Then the refined structural distortion

map SM, is obtained by:

SM,(i,j) = SD(i,]) - asp(i, j)

= Sun0107).05(0.9)) 27)

Moreover, as we have mentioned before, when all the responses of Gabor filtering

appear very small, the regions should be regarded as isotropic. It means that the signal
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has no inclined orientations. For the stimulus, it means that the distortion obtained
is spread over all the orientations. As the stimulus energy is very small, it will have
little effect on the image perceptual quality, which can be modeled by JND [46]. In
this case, the HE sensitivity and stimulus energy adaptation factor should not be taken
into consideration. Therefore, a signal-dependent JND model for the stimulus should
be considered by neglecting the influence of the invisible distortion, the magnitude of
which is smaller than a threshold Thr. However, according to our experiments, the
performance will not be obviously affected as the threshold varies. Thereby, Thr is

simply set as 2.2.

Saliency Pooling Strategy

As HVS processes local regions of images with different visual acuities, artifacts that
are present in the attended regions are better perceived than those present in the
non-attended areas, which means that the observer’s assessment of image quality is
prejudiced by the perceived structural distortions in salient regions. Therefore, a rela-
tive measure of the importance of different regions, indicated by a saliency map, plays
an important role in evaluating the image quality. In this study, we employ the spectral
residual model [84] to detect the saliency.

Given an image I, Fourier Transform (FT) ¢ is firstly applied to obtain the amplitude
spectrum A(f) and phase spectrum P(f). The log-spectrum representation of an image

is defined as:

L(f) = log(A(])) (2.8)

The spectral residual R(f) can be generated based on L(f) according to:

R(f) = L(f) = La(/f) (2.9)

where L,(f) denotes the averaged spectrum, which is derived by convolving the log-
spectrum L(f) with an averaging filter. And it is claimed that the spectral residual
contains some important information of an image related to the HVS perception [84].
The primary non-trivial part of the scene is constructed by inverse FT ¢~!, which
could be interpreted as the unexpected portion of the image. The unexpected portion

represents the saliency map SAjs in spatial domain, which indicates the different visual
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importances of different locations:

SAu = 1€ (exp(R(f) + i P()))I? (2.10)

Based on S Ay, a saliency pooling strategy is proposed to generate the visual quality
index (VQI) for evaluating the image perceptual quality:

S S Ay - SM,

Vel = Sg

(2.11)

2.1.3 Experimental Results

The performance of the VQI is compared with other methods, i.e., PSNR, SSIM [68]
[69], and VIF [72]. The IQA methods are evaluated on the LIVE [25] and A57 databas-
es [37], which comprise the most prevailing distortions. The distorted images, excluding
the ones generated from the 4 training images, are used for evaluating the IQA perfor-
mances. The detailed information about the image database can be referred to Section
1.3.3. Also as introduced in Section 1.3.4, three statistical measurements are employed
to evaluate the corresponding performances, specifically the LCC, SROCC, and RMSE.

detailed information of each measurement can be found in Section 1.3.4.

LIVE A57
LCC | SROCC | RMSE | LCC | SROCC | RMSE
PSNR 0.891 0.897 12.425 | 0.644 0.570 0.192
SSIM 0.914 0.922 11.060 | 0.415 0.407 0.224

LDW-SSIM | 0.915 0.919 11.051 | 0.545 0.495 0.206
ICW-SSIM 0.936 0.942 9.641 | 0.518 0.455 0.210
SMW-SSIM || 0.947 0.953 8.769 | 0.607 0.557 0.195
VII 0.961 0.966 7.523 | 0.614 0.622 0.194
VQl 0.966 | 0.971 | 7.057 | 0.848 | 0.857 | 0.130

Table 2.1: Performance Comparisons of different IQAs on the LIVE and A57 image subjective
quality databases

We compare the performance of VQI with PSNR, SSIM [68] [69], LDW-SSIM (local
distortion weighted SSIM) [91], ICW-SSIM (information content weighted SSIM) [92],
SMW-SSIM (smooth region weighted SSIM) [93], and VIF [72]. The results are listed
in Table 2.1. The performance of our proposed scheme outperforms the other IQAs on

the provided two databases with larger SROCC and LCC, and smaller RMSE, which
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means that our method demonstrates better performance across a wide range of im-
age distortions. The reason is that the SSIM methods just employ different weights
for different locations of the image. However, they do not account for the orientation
sensitivity and saliency property of HVS. VIEF employ the steerable pyramid to decom-
pose the test image, which extracts the image features at different scales and different
orientations. In this way, HVS orientation and saliency properties are included. That
is why it can outperform the other IQAs. However, our method can more accurately
model the HVS orientation and saliency sensitivities over structural distortions, which
outperforms VIF. The scatter-plots of different IQAs are shown in Figure 2.4. It can
be observed that the results of our proposed method scatter more closely around the
fitted line than other IQAs, which indicates a better performance. Furthermore, it
can be observed that VIF performs well on LIVE, but poorly on A57 database. The
reason may be that the distortion model embodied in VIF cannot efficiently simulate
the two new distortion types in A57, which are (a) quantization of the LLH subbands of
the image with equal distortion contrast at each scale; (b) JPEG 2000 with dynamic
contrast-based quantization compression [37]. However, as the proposed method mod-
els the HE and saliency properties of the HVS, it can efficiently capture the distortions
in the image which are sensitive to the HVS, no matter what the distortion type is.
That is why the proposed metric performs well on both the two databases.

Moreover, we demonstrate the efficiency of each phase (i.e., HE sensitivity and
saliency pooling) of our proposed scheme individually by evaluating its performance
on the LIVE database. The results are illustrated in Table 2.2. Both the strategies
improve the IQA performance. However, the saliency pooling strategy performs better
than the HE sensitivity. Intuitively, the results are in accordance with the human per-
ception of a visual input. While perceiving an image, we mainly focus on its interesting
or salient portion. If the part appears really interesting and attractive, we will examine
it more carefully. Therefore, the saliency pooling is important for image quality assess-
ment. However, the visual HE sensitivity appears to play a lesser but nevertheless an

important role in image quality assessment.



36 CHAP. 2. FULL REFERENCE IMAGE QUALITY ASSESSMENT
100
< JPEG 2000 3 o JPEG 2000
- -+ =PEG +' JREG
+ White Nosie 10 +  White Nosie
g0k Gaussian Blur 7 Gaussian Blur
W Fast Fading v FastFading
70- The Fitting a0 The Fitting
= Lagistic Function Logistic Function
0 2]
Q0
g st =
8 [}
40
40t
00
al ot
0k
al
g 10 20 a0 40 50 Eil 0
PSNR VIF
(a) (b)
1207 120
%] + £
103 o[
]S anl
%)
QE0f 850
= b= -
o JPEG 2000 e JPEG 2000
wof| + JPEG 40 + JPEG
*  White Nosie +  White Nosie
Gaussian Blur Gaussian Blur
20+ ¥ Fast Fa_ding 20r| v FastFading
____ TheFitting The Fitting
Logistic Function = Logistic Function
B o1 o2z 03 U2 05 06 07 05 09 o1 02 03 02 05 U8
SSIM Proposed

(d)

Figure 2.4: Scatter plots of the DMOS values versus model predictions on the LIVE database.
Each sample point represents one test image. (a): PSNR; (b): VIF; (c): SSIM; (d): the
proposed method).

LCC | SROCC | RMSE
HE Senstivity 0.9331 | 0.9405 9.820
Saliency Pooling || 0.9443 | 0.9495 8.990

Table 2.2: Performance of each phase of the proposed scheme on the LIVE image subjective
quality database

2.1.4 Conclusion

In this section, an image quality assessment method is proposed by considering the
visual HE sensitivity and saliency properties. The SSIM structural distortion map is
refined by the visual HE model. The image quality index is generated by saliently

pooling on the refined structural distortion map. Experimental results demonstrate
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that the proposed scheme outperforms the other IQAs.

2.2 Image Compression via Adaptive Block-Based Super-Resolution Di-
rected Down-Sampling

2.2.1 Introduction

With the development of the imaging technology, more and more images with high
qualities and large spatial resolutions are provided to satisfy people’s visual experiences.
However, it issues a great challenge to image transmission and storage. Therefore, a
more efficient image compression scheme is highly desired, which can ensure a higher
image quality with a smaller number of bits for image representation.

Based on the fact that most images can be obtained via interpolation from sparse
pixel data yielded by a signal-sensor camera [94], and natural images exhibit high spatial
correlations between neighboring pixels [95], many interpolation-based image coding
methods [96]- [100] have been proposed. In [98], 2x2 average operator is employed for
decimation before JPEG compression. A replication filter and a Gaussian filter are used
for restoring the image from the decimated one. The theoretical down-sampling model
was studied and compared in [99]. Tsaig et al. [100] proposed to code the filter param-
eters as the side information for better reconstruction at the decoder side. In [96] [97],
the authors suggest coding the down-sampled low-resolution image during encoding
and recovering the high frequency components during decoding by interpolating the
compact image representation generated by sparse sampling in the spatial domain. Al-
though the predominated smooth regions of an image can be satisfactorily recovered by
interpolation, the reconstruction of high frequency components of the edge and texture
regions still remains a great challenge. In order to overcome the problem, Wu et al. [101]
employed the piecewise autoregressive model to handle the large phase errors during
the interpolation of the image edges. However, there is a heavy computation burden
at the decoder side due to the optimal block estimation problem driven by the autore-
gressive model. Moreover, Lin et al. [95] proposed a new image coding method based
on the adaptive decision of appropriate down-sampling directions/ratios and quantiza-
tion steps to achieve higher coding quality. The method tries to avoid down-sampling
a macroblock (MB) along the direction of high spatial variations, which signals the

existence of edges and other image features with great impact on the perceptual visual
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quality. In [95], the down-sampled pixels are obtained by averaging the neighboring
pixels of the original resolution image. Although it can somewhat reduce the aliasing
artifacts introduced by direct sampling, the blurring artifacts will be introduced. Also
as the down-sampling process is independent of the following super-resolution process,
the reconstruction errors between the original and the restored MB cannot be ensured
to be the smallest. More recently, the JPEG2000 [102] and H.264/AVC [103] have been
developed for achieving higher compression performances for images.

In order to tackle the aforementioned problems and inspired by the proposed FR
IQA in Section 2.1, we propose a novel perceptual image coding scheme via adaptive
block-based super-resolution directed down-sampling (SRDDS). For each MB of a given
image, whether down-sampling or not depends on the contents of the visual signal itself,
which will be determined by the rate distortion optimization (RDO) process [104].
And the joint method of down-sampling and super-resolution is proposed to minimize
the reconstruction errors between the original and the restored MB inferred by the
super-resolution method from the down-sampled block. At the decoder side, the super-
resolution method performed in DCT domain is employed to recover the full-resolution
MB for its simplicity. This section is organized as follows. Section 2.2.2 will introduce
the proposed perceptual image compression framework, as well as the super-resolution
method and super-resolution directed down-sampling process. Experimental results in
Section 2.2.3 will demonstrate the coding efficiency of the proposed method. Finally,

Section 2.2.4 concludes the part of this work.

2.2.2 The Proposed Image Compression Framework

The framework of our proposed method is illustrated in Figure 2.5. For each 16x16
MB of a given image, two candidate coding modes are provided. One is the traditional
JPEG coding mode. The MB is divided into four 8x8 sub-blocks, each of which is
processed by transformation, quantization, de-quantization, and the inverse transfor-
mation. The other one is the proposed super-resolution directed down-sampling (S-
RDDS) mode. Firstly, an 8x& low-resolution sub-block is obtained by down-sampling
the full-resolution 16x16 MB according to the proposed SRDDS. Secondly, the 8x8&

sub-block is transformed and quantized (the quantization parameter (QP) parameter
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Figure 2.5: Proposed image compression framework

is set as half of the one used in the JPEG mode). Then after de-quantization, the cor-
responding super-resolution method processed in DCT domain is performed together
with the inverse transformation. Finally, the RDO process will determine which mode
is employed to process the MB. The detailed information of the super-resolution in
DCT domain and the SRDDS will be introduced in the following sections.

The proposed method differs with the schemes presented in the prior literatures [95]-
[97] [101] [105] [106]. Although the image compression approaches in [96] [97] [101] [105]
[106] also employ the interpolation oriented adaptive down-sampling, they are designed
to down-sample the whole original image for coding and try to recover the full-resolution
image during the decoding process, which makes that the higher frequency components
of the local texture and edge regions cannot be faithfully restored. Lin et al. presented
an adaptive block-based down-sampling method in [95]. Three down-sampling modes
with four different QP settings are employed, which results in high complexity of the
encoder. Our experimental results reveal that only one mode is sufficient to improve the
coding efficiency. Therefore, some down-sampling modes in [95] are not necessary, which
just introduce the overhead information for the coded image. Also the down-sampling

process in [95] is not optimized that cannot ensure higher quality reconstructed MBs.

Super-Resolution in DCT Domain

In order to reduce the computation complexity for the decoding process, the super-
resolution performed in DCT domain [107]| [108] is employed for generating the full-
resolution MB from the down-sampled low-resolution sub-block.

In the decoding process, the de-quantization process results in N x N DCT coef-

ficients Coefyxn (N is equal to 8). The DCT coefficients are firstly extended into
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2N x 2N by inserting the remained positions of the 2N x 2N matrix Coe fonxon with
0, which is defined as:

Coe 0
Coe fanxan = foon O (2.12)

OnxN OnxN
where Onyxn is N x N zeros matrix. Then the inverse DCT is applied Coefonxaon t0

reconstruct the full-resolution MB by:

Pansan = Diysan % (Coefanxan) X Danxan (2.13)

where Poywon is the full-resolution MB obtained from the super-resolution method,
Donwon denotes the DCT kernel for 2NV samples the superscript 1" denotes the tanspose

of the matrix. Therefore, Eq. 2.13 can be further expressed as:

2N—12N—1
m(2m +1 m(2n+1)g
Pronyxon(m,n) = Z Z apay - Coef(p,q) - cos(%)cos(%)
p=0 ¢=0
where 0<m <2N —1,0<n <2N —1, (2.14)
1/V2N, A=0
an =

1/VN, 1<A<2N -1
and A represents p or ¢. For the super-resolution method in DCT domain, the full-
resolution MB can be reconstructed during the inverse transformation, which can sig-
nificantly reduce the complexity of the decoder. Moreover, a fast algorithm of the
super-resolution method is presented in [107], which only requires 3.1874 multiplica-

tions for each pixel.

Proposed Super-Resolution Directed Down-Sampling (SRDDS)

As aforementioned, the decoder employs the simple super-resolution method performed
in DCT domain for up-sampling the low-resolution sub-block to the full-resolution MB.
Therefore, in order to minimize the reconstruction error, an optimized low-resolution
sub-block needs to be generated from the original block by considering the super-

resolution process. It can be formulated as:

BNXN = argmin,, {” Banxan = SR(byxnN) ||%} (2.15)
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where SR(byxn) is the enlarged 2N x 2N block by the super-resolution method p-
resented in previous sub-section, Baonxon is the original full resolution 2V x 2N MB.
The solution of Eq. 2.15 is the optimized down-sampled low-resolution sub-block b x N,
which yields the smallest reconstruction error.

The super-resolution process in Eq. 2.13 can be expressed as:

P _pr " Coefnxn OnxN D
2Nx2N — /9N x2N 2NX2N

Onxn OnxN

Dysn x bysn x DL v Onxw
= Dng2N X % X Donxon (2.16)

OnxN Onxn

T T T
= (Dnun X Dnxan)” xbnun X (Dyxn X Dyxan)
= Vonxn X byxn X Hyxon

where Dy«n denotes the DCT kernel for N samples, Dyxon represents the upper
most N rows of Doyxn, Voanxn and Hpyxon indicate the vertical and horizontal super-
resolution kernels, respectively. And the transpose relationship between their kernels

reflects Vi, v = Hnxan. The vertical super-resolution kernel is defined as:

= T(2m + 1)k m(2n+ 1)k
Vanxn(m, n) ]; o cos( )cos( )

4N 2N
where 0 <m<2N—-1,0<n<N-—1, (2.17)
1/N, k=0
Q. —

2/N, 1<k<2N -1
Therefore, the super-resolution process in Eq. 2.13 in DCT domain can be further
interpreted as the corresponding up-sampling in spatial domain, as shown in Eq. 2.16.
Then the up-sampling can be implemented separately by multiplying the vertical kernel
followed by multiplying the horizontal kernel. In the following, Voyxn and Hyxon are
denoted as V and H, respectively, for simplicity. The Frobenius norm of the matrix
A, with a; ; as its component, is employed as the objective function, which is defined

according to:
m—1n—1

A1 (3 ey 12)” (2.18)

=0 5=0
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Then the optimized low-resolution sub-block b from the full-resolution MB B can be

obtained by the minimization problem:
b, = argmin, {|| (V @ HT)b, — B, |3} (2.19)

where b, Bm and B, are vectors obtained from the corresponding matrices, and ®
is the Kronecker product between two matrices. The optimized b, can be obtained
according to:

by = (MTM)"MT B, (2.20)

where M = (V @ HT). Then after inverse vectorization, the optimized low-resolution
sub-block b can be obtained. The sub-block b will be processed by transformation,
quantization. Finally the RDO process [104] will determine whether the MB is coded
by the traditional JPEG mode or the SRDDS mode. Therefore, 1-bit flag for each MB

is encoded and transmitted to indicate which mode is employed.

2.2.3 Experimental Results

In order to demonstrate the coding efficiency of the proposed scheme, four typical
grey scale images are employed for experiments: Lena (512x512), Goldhill (512x512),
Foreman (352x288), and Kodim23 (768x512) [109]. The baseline JPEG coding method
and the down-sampling based image coding scheme [95] are compared with the proposed
method.

The images are coded by different coding schemes, with the bit rates ranging from
0.1 bpp to 0.7 bpp. The objective quality of the coded image is evaluated by PSNR.
The higher the PSNR, the smaller the difference between the reconstructed image and
the original one. Detailed information of PSNR comparisons is illustrated in Figure
2.6. From the results, it can be observed that the PSNR of the image inferred from
our method is significantly higher than the baseline JPEG coded image and the image
coded by [95], especially at the low bit-rates. Furthermore, the method by [95] degrades
the performance at high bit-rates. The reason is that it employs three down-sampling
methods and four QP settings, which results in too many overhead bits to be en-coded
and transmitted.

Furthermore, in order to demonstrate the perceptual gain of our proposed method,
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Figure 2.6: PSNR comparisons of the proposed scheme, baseline JPEG, and the method
by [95]

in Figure 2.7, we have illustrated some images decoded from the baseline JPEG method,
and the proposed method, respectively. It can be observed that the baseline JPEG
decodes images with severe blocking artifacts, which greatly degrades the visual quality.
However, the pro-posed method reconstructs images with better visual quality. In order
to further evaluate the image quality, SSIM [68] [69], which is believed to be more
consistent to the HVS perception than PSNR, is employed to evaluate the perceptual
quality of each reconstructed image. According to its definition, the larger the SSIM
value, the better the visual quality of the image. As illustrated from the experimental
results in Figure 2.7, our proposed method generates better visual quality images with

higher SSIM values.
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bpp=0.2122;PSNR=29.31dB;SSIM=0.7901 bpp=0.2115;PSNR=31.33dB;SSIM=0.8497

Figure 2.7: Subjective quality comparisons. Left: baseline JPEG images; right: images
generated by the proposed scheme.
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2.2.4 Conclusion

A novel perceptual image coding scheme via adaptive block-based super-resolution
directed down-sampling is proposed. The down-sampling method in the encoder is
directed by the super-resolution method, which ensures the minimal reconstruction
error. In the decoder, the super-resolution method is implemented in the DCT do-
main, which can be integrated with the inverse DCT transform process. Therefore, it
can significantly reduce the computational complexity. The experimental results have
demonstrated that our methods can improve the decoded image quality in terms of
both objective and subjective measurements. For future works, the proposed SRDDS
method will be implemented into JPEG2000 or even H.264 to achieve higher compres-

sion performances.



Chapter 3

Full Reference Video Quality Assessment

3.1 Adaptive Block-size Transform based Just-Noticeable Difference Mod-
el for Visual Signals

3.1.1 Introduction

Just-noticeable difference (JND) accounts for the smallest detectable difference between
a starting and a secondary level of a particular sensory stimulus in psychophysics [110],
which is also known as the difference limen or differential threshold. JND model has
given a promising way to model the properties of the Human Visual System (HVS)
accurately and efficiently in many image/video processing research fields, such as per-
ceptual image/video compression [53] [111]- [114], image/video perceptual quality eval-
uation [58| [115]- [117] , watermarking [118] and so on.

Generally automatic JND model for images can be determined in the spatial domain
or the transform domain, such as DCT and Discrete Wavelet Transform (DW'T), or the
combination of the two schemes [119]. JND models generated in the spatial domain
[120] [121], named as the pixel-based JND, mainly focus on the background luminance
adaptation and the spatial contrast masking. In [113] [114], Yang et al. deduce the
overlapping effect of luminance adaptation and spatial contrast masking to refine the
JND model in [120]. However pixel-based JND models do not consider the human
vision sensitivities of different frequency components. Therefore it cannot describe the
HVS properties accurately. JND models generated in the transform domain, namely
the subband-based JND, usually incorporate all the major effecting factors, such as
Contrast Sensitivity Function (CSF), luminance adaptation and contrast masking. In
[111], the JND model is developed from the spatial CSF. Then the DCTune JND
model [53] is developed by considering the contrast masking. Hontsch et al. [112]
modify the DCTune model by replacing a single pixel with a foveal region, and Zhang

46
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et al. [122] refine the JND model by formulating the luminance adaptation adjustment
and contrast masking. More recently, Wei et al. [124] incorporate new formulae of
luminance adaptation, contrast masking and Gamma correction to estimate the JND
threshold in the DCT domain. Zhang et al. [119] propose to estimate the JND profile
by summing the effects in DCT and spatial domain together.

In order to extend the JND profile from spatial to temporal, temporal characteristics
of the HVS are considered. The previous works mostly focus on the perceptual differ-
ences between an original video sequence and its processed version [58] [117]|. Actually,
the temporal HVS properties are highly correlated with the video signals, and can be
approximated by a computational model. In [120] [113] [114], an empirical function
based on the luminance difference between adjacent frames is proposed to model the
temporal masking property. In [125], Kelly proposes to measure the spatio-temporal
CSF model at a constant retinal velocity, which is tuned to a particular spatial fre-
quency. Daly [126] refines the model by taking the retina movement compensation into
consideration. Jia et al. [127] estimate the JND for video sequences by considering
both the spatio-temporal CSF and eye movements. And Wei et al. [123] [124] take the
directionality of the motion into consideration to generate the temporal modulation
factor.

However all the existing DCT-based JND models are calculated based on the 8x8&
DCT, which do not consider the perceptual properties of the HVS over transforms of
different block sizes. Recently adaptive block-size transform (ABT) has attracted re-
searchers’ attention for its coding efficiency in image and video compression [128]- [130].
It cannot only improve the coding efficiency but also provide subjective benefits, es-
pecially for high definition (HD) movie sequences from the viewpoint of subtle texture
preservation [131] [132]. Specifically, transforms of larger blocks can better exploit the
correlation within the block, while the smaller block size is more suitable for adapting to
the local structures of the image [133]|. Therefore by incorporating ABT into the JND,
an adaptive JND model is obtained which can more precisely model the spatio-temporal
HVS properties. Furthermore, since ABT has been adopted in current video coding
standards, the ABT-based JND model for images/videos should be considered for ap-
plications such as video compression, image/video quality assessment, watermarking,

and so on.
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In this work, extension from 8x8 DCT-based JND to 16x16 DCT-based JND is
performed by conducting a psychophysical experiment to parameterize the CSF for the
16x16 DCT. For still images or the intra video frames, a new spatial selection strategy
based on the spatial content similarity (SCS) is utilized to yield the JND map. For
the inter video frames, a temporal selection strategy based on the motion characteristic
similarity (MCS) is employed to determine the transform size for generating the JND
map. The rest of the chapter is organized as follows. Section 3.1.2 briefly introduces
the extension procedure from the 8x8 JND to 16x16 JND. The proposed spatial and
temporal selection strategies are presented in Section 3.1.3. The experimental perfor-
mances are demonstrated and compared with the existing relevant models in Section

3.1.4. Finally, Section 3.1.5 concludes the chapter.

3.1.2 JND Model based on Transforms of Different Block Sizes
JND model in the DCT domain is determined by a basic visibility threshold T, the
spatial and temporal modulation factors [123]. It can be expressed as:

T(kv mvnviv.j) - Tspatio(manvivj) X at@mpo(kvmvnvivj) (31)

Tspatio(m, n, 7/7.7) - Tb&SiC(ivj) X a1um(m,n) X acm(m,n, 7/7.7) (32)

where k denotes the frame index of the video sequence, (m,n) is the position of DCT
block in the current frame, (i,7) indicates the DCT coefficient position, agym, and
Cem, denoting the luminance adaptation and contrast masking, constitute the spatial
modulation factor. The video JND model T is obtained by modulating spatial JND

model Tgpatio With the temporal modulation factor cuempo.

Extension From 8x8 to 16x16 DCT based JND

Based on the band-pass property of the HVS in the spatial frequency domain, the HVS

sensitivity characteristics are modeled in [134] [135] as:

H(w) = (a+ bw) - exp(—cw) (3.3)

where w is the specified spatial frequency. JND is defined as the reciprocal of the HVS
sensitivity characteristics given by Eq. 3.3. Hence the basic JND threshold can be
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modeled as [124]:
. s exp(cwi;)/(a + bw; ;)
Trasic > — : A
basic(t, ) Pipj v+ (1 —y)cos?ps 34

where s = 0.25 denotes the summation effect factor, v is set as 0.6, ¢; and ¢; are the

DCT normalization factors, and ¢;; = aresin(2wiwo; /w?j) indicates the directional
angle of the corresponding DCT subband. wj; is the spatial frequency of the (i, )
subband. As claimed and verified in [130], 4x4 DCT does not contribute much to the
efficiency of HD video coding. Since the proposed JND model aims at improving the
performance of the perceptual HD video coding, only the 8x8 and 16x16 DCTs are
considered to constitute the ABT-based JND model.

In order to extend the 8x8 JND to 16x16, the DCT block dimension /N is set to 16.
And a psychophysical experiment is carried out to parameterize the three parameters a,
b, and cin Eq. 3.4. For a 512x512 image, with all pixel intensities are set as 128, noises
are injected into several selected 16x16 DCT subbands to decide whether it is visible.

The following two aspects need to be considered for the DCT subbands selection.

(i) The selected DCT subbands should cover the low, middle and high frequency
components. We select at least one DCT subband located on each row and each
column. Consequently, the selected spatial frequencies are uniformly distributed

within the HVS sensitivity frequency range.

(ii) At least one selected DCT subband should be located on each diagonal. There-
fore, the spatial frequencies with all directions are covered, with which the HVS

directional sensitivities are taken into account.

Furthermore, we consider the oblique effect [136], where human eyes are more sen-
sitive to the horizontal and vertical frequency components than the diagonal ones. The
sensitivities of horizontal and vertical components appear to be nearly symmetrical.
Consequently, only the DCT subbands of the upper-right portion (as shown in Figure
3.1) are chosen by considering the two aforementioned aspects. For the selected DCT
subbands, several amplitude levels of the noises are pre-defined. The initial amplitude
of the noise for each selected DCT subband is obtained by referring to the spatial CSF
presented in [134] [135]. Then the noise amplitude is tuned into several levels, which
make the noise rang from invisible to obviously visible based on the preliminary mea-

sure of the authors. During the tuning process, according to the CSF, larger magnitude
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7

Figure 3.1: Selected 16x 16 DCT subbands for the psychophysical experiment (the shaded
cells denote the selected DC'T' subbands)

alternations of the noises are performed in the subbands with lower sensitivities. Also
the oblique effect [136] results in lower HVS sensitivities for the subbands with larger
directional angles. Therefore, the noise amplitude alternations in the subbands with
larger directional angles should be larger. Then the noise, with its amplitude as one of
the pre-defined levels, is inserted into the selected DCT subbands of the image. The o-
riginal image and the processed one (with noise insertion) are juxtaposed on the screen.
Ten viewers vote on whether the noise is visible. If half of them choose "yes”, the noise
amplitude is recognized as above the JND threshold. A smaller amplitude noise will
be inserted. Otherwise, a larger one will be chosen for injection. Finally, the obtained
thresholds of the selected DCT subbands are employed to minimize the least squared

error as given in Eq. 3.5 to parameterize (a, b, c):

(a,b,c) = argmin Z (Twij = Tba,sic(’lﬁvj))2 (3.5)
Wi
where Ty, is the JND threshold obtained from the psychophysical experiment. The
above procedure yields the parameters, a = 0.183, b = 0.165, and ¢ = 0.16 for the
16x16 JND model.
JND is influenced by the intensity scale of the digital image. It is reported that
higher visibility threshold occurs in either dark or bright regions compared with the

medium brightness regions. The luminance adaptation factor ay,m, forms a U-shape
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curve [115] [122] [119] [137] [138]. Therefore, an empirical formula [124] is employed to

depict the qyym:

(60 — Iuue)/150 + 1, Iype < 60
Cum = {1, 60 < Iype < 170 (3.6)
(Tave — 170)/425 + 1, Iupe > 170

where I, denotes the average intensity of the DCT block.

For the contrast masking factor, a block-based method [113] [114] is utilized to ac-
curately describe the different masking properties of different block categories. These
methods categorize the blocks into different block types according to the DCT subband
energy [119] [122] [127] or image spatial characteristics [123] [124]. As in [124], we cat-
egorize the image block into three types, namely PLANFE, EDGE, and TEXTURFE,
based on the proportion of the edge pixels in the 16x16 MB. The MB categorization

is defined according to:

PLANE, Spp < 16
Categis = § EDGE, 16 <> pp < 52 (3.7)
TEXTURE, Y np > 52

where . denotes the number of edge pixels in a given MB. Considering the block
category and the intra-band masking effect [122] [124] [119], the contrast masking factor
Qem for 16x16 JND is obtained. Detailed information about the contrast masking
scheme can be found in [139].

For the temporal modulation factor ctempo, Robson [140] has shown that the form
of the sensitivity fall-off at high spatial frequencies is independent of the temporal
frequency and vice versa, while a sensitivity fall-off at low spatial frequencies occurs only
when the temporal frequency is also low and vice versa. In [123] [124], it demonstrates
that the logarithms of the temporal contrast sensitivity values follow approximately the
same slope (nearly —0.03) for different spatial frequencies. By further considering the

band-pass characteristic at the lower spatial frequencies [125], the temporal modulation
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Figure 3.2: Modeled HVS sensitivities over transforms of different block sizes by Eq. 3.4. (a):
the HVS sensitivity over 8x8 DC'T in [124]; (b): the HVS sensitivity over 16x 16 DCT.

factor is derived as:

1, ws < depd and wy < 10H 2
Qempo = § 107003w@i=10) "y < 5epd and wy > 10H 2 (3.8)
1070-03(ws) ws > Bepd

where ws and w; denote the spatial and temporal frequency, respectively. ws is deter-
mined by the transform size and the viewing distance, while w; relies on both the spatial
frequency w, and the motion information, which is approximated by the block-based

motion estimation [123] [124].

Why introduce ABT into JND?

The HVS sensitivities over transforms of different block sizes are illustrated in Figure
3.2. Firstly, as explained before, the HVS sensitivities are constrained within a spa-
tial frequency range, which is approximately from 0 to 25 cpd. Therefore, the HVS
sensitivities can be modeled more accurately by using a larger number of frequency
bases. As shown in Figure 3.2, the HVS sensitivities for the 8x8 DCT are very sparse
compared with the ones for the 16x16 DCT. The HVS sensitivity properties cannot be
accurately modeled by only employing the 8x8 DCT based sensitivity function. Sec-
ondly, the HVS directional sensitivities need to be considered. From Figure 3.2, many
points of the 16 x16 sensitivities, which have nearly the same spatial frequency but dif-

ferent angle information, demonstrate different HVS sensitivities. The higher the angle
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information, the lower the HVS contrast sensitivities, which matches the HVS oblique
effect [136]. However for the sensitivity values of 8x8; there are very few points with
different angle information. It cannot accurately represent the HVS directional proper-
ties. Considering the two aforementioned aspects, the sensitivities of 16x16 can more
accurately model the HVS properties. It can help to find more accurate parameters a,
b, and ¢ in Eq. 3.4 for depicting the HVS sensitivities.

From the viewpoint of energy compaction, a larger block size transform takes ad-
vantage of exploiting the correlation within a block. On the other hand, the smaller
one is more adaptive to the local structural changes. Therefore, transforms of different
block sizes adapting to the image content play a very important role in image/video
processing tasks, especially in image/video compression. And it has been claimed [141]
that ABT can provide subjective benefits, especially for HD movie sequences from
the viewpoint of subtle texture preservation, such as keeping film details and grain
noises which are crucial to the subjective quality [142]. We believe that ABT-based
JND model will make the HVS properties modeling more accurate, and benefit the
perceptual-related image/video applications.

As ABT has been adopted into the current video coding schemes such as H.264, it is
therefore necessary to develop the ABT-based JND model. It can be easily incorporated
into the current coding standards. In [113] [114] perceptual video coding schemes
employing the 8x8 DCT JND have been proposed. With the proposed ABT-based

JND model, a more efficient perceptual coding scheme can be developed.

3.1.3 Selection Strategy Between Transforms of Different Block Sizes

The formulations of the JND models for the 8x8 and 16x16 DCT transforms are
described in the previous section. Decision method for the proper transform size, i.e.,

8x 8 or 16x16, will be discussed in this section.

Spatial Selection Strategy for Transforms of Different Block Sizes

As the selection strategy is designed for each MB, the image is firstly divided into 16 x 16
MBs. For each MB, two JND models based on 8x8 and 16x16 DCT are obtained. For
the still images or intra video frames, where there is no motion information, we propose

the spatial content similarity (SCS) to measure the image content homogeneity between
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Figure 3.3: Spatial selection results of Lena and Peppers. Left: the original image; right:
spatial selection results in terms of block category and transform block size.

an MB and its sub-blocks:
i p
SCLS (Categis = Categs) (3.9)
=1

where Categig and Categy denotes the categories of the MB and the i-th 8x8 sub-block,
respectively. SCS indicates the number of 8 x8 sub-blocks with the same categorization
as the MB which they belong to. If SCS is equal to 4, referring to the homogeneous
content within the MB, the JND model based on 16x16 DCT will be utilized to yield
the resulting JND model. On the contrary, if SCS is smaller than 4, the 8x8 JND model
will be employed for adapting the local structures within the sub-blocks. The results

of spatial selection strategy for Lena and Peppers are shown in Figure 3.3. Most of the
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PLANFE regions employ the 16x16 JND model, while the areas with local structure
changes utilize 8x8 JND model. The results are consistent with the energy compaction

capabilities of the 8x8 and 16x16 DCTs.

Temporal Selection Strategy for Transforms of Different Block Sizes

For inter video frames, the JND model needs consider not only the spatial but also the
temporal information. Therefore, we should include the temporal motion characteris-
tics, which are depicted by motion vectors of different size blocks.

Based on the motion vectors of different size blocks, we propose a motion charac-
teristics similarity (MCS) to measure the motion consistency between a MB and its

sub-blocks, which is expressed as:
4 .
MCS = 37 || Mok — Mg [ /4 (3.10)
i=1

where M fug denotes the motion vector of the i-th 8 x8 sub-block, Mwvqg is the motion
vector of the 16x16 MB, and || - ||2 denotes the Euclidean distance between the two
motion vectors. Considering the spatial SCS and temporal MCS, we can make decision
on which transform block size to use for the resulting JND.

If the calculated MCS is smaller than a threshold, it is deemed that the motion
characteristics of the MB and its corresponding sub-blocks are nearly the same. In this
chapter, we empirically set the threshold as 1.25 pixels. When SCS is equal to 4 and
MCS smaller than the threshold, the MB is considered to be a single unit. Therefore,
16x16 DCT based JND is utilized to generate the JND model. On the other hand, if
the MCS is larger than the threshold, indicating that motion vectors of the MB and its
sub-blocks are quite different, the MB should be separated into 4 sub-blocks because
of the smaller SCS and larger MCS. The 8x8 DCT based JND for each sub-block is
then employed to obtain the resulting JND model.

In order to further test the consistency between the spatial and temporal selection
strategies, the hit ratio (HR) curve is used to demonstrate the hit rate for each inter
video frame. Firstly, we record the MB JND types determined by the aforementioned
spatial and temporal selection strategies, respectively. The hit rate h of each INTER

frame measures the percentage of the MBs (as determined by the spatial and temporal
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Figure 3.4: HR curves of the MBs for each inter frame of the test video sequences

selection strategies) are identical. In this case, the transform of the same block size
is selected for a macroblock to generate the resulting JND model. The HR curves for
each INTER frame of several typical CIF (352x288) sequences are illustrated in Figure
4. The hit rates h are high, corresponding to the fact that the proposed temporal se-
lection strategy accords well with the spatial selection strategy. The proposed selection
strategy is efficient for depicting both spatial image content information and temporal
video motion characteristics. Furthermore, the hit rates of Football and Foreman are
a bit lower than the other sequences, with the average hit rate as 77%. The reason
is that both sequences contain high motion characteristics. Therefore, the consistency
between spatial and temporal characteristics tends to be low. On the other hand, as
the motion appears slightly in the other sequences, the hit rate become much higher,

with the average value as 93%.

3.1.4 JND Model Evaluation

In order to demonstrate the efficiency of the proposed ABT-based JND model, the
noise is injected into each DCT coefficient of each image or video frame to evaluate the

HVS error tolerance ability:

Eyp(kv m,n, 7/7.7) - Ityp(kv m,n, 7/7.7) +R- T;fyp(kv m,n, 7/7.7) (311)
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where I, is the noise-contaminated DCT coefficient which is located on the (i, §) —th
position of the (m,n) — th block in the k — th frame. For still images, k is set as 0. R
takes the value of 41 or -1 randomly to avoid introducing a fixed pattern of changes.
Ityp is the JND threshold obtained by the proposed ABT-based scheme, and typ denotes

the final transform block size to generate the resulting JND model.

Evaluation on Images

We tested the proposed JND model on several typical 512x512 images and 768x512
Kodim images [109]. We compare the proposed method with Yang et al.’s method [113],
which evaluated the JND in the image domain, and Wei et al.’s method [124] which
calculates the JND in the DCT domain. Comparisons in terms of PSNR are listed
in Table 3.1, which show that our proposed JND method yields smaller PSNR, values
compared with other JND models. Here if the image visual quality stays the same as

the original one, it implies that our JND model can tolerate more distortions.

Yang (dB) | Wei (dB) | Proposed JND (dB)
Baboon 32.53 28.38 27.46
Barbara 31.35 29.49 29.02
Bridge 30.96 29.01 28.53
Lena 32.72 29.97 29.51
Peppers 30.78 29.99 29.66
Kodim06 32.21 29.02 28.61
KodimO08& 31.21 29.11 28.73
Kodim13 30.59 28.75 28.42
Kodim14 30.00 29.41 29.14
Kodim21 32.15 29.43 29.06

Table 3.1: PSNR comparisons of different JND models

In order to provide a more convincing evaluation of the proposed JND model, sub-
jective tests are conducted to assess the perceptual qualities of the noise-contaminated
images. In the subjective test, two images were juxtaposed on the screen. One is
the original image as the reference and the other is the distortion-inserted version,
which is regarded as the SC method specified in Section 1.2. In this experiment, the
viewing monitor is a Viewsonic professional series P225th CRT display. The viewing

distance is set as 4 times the image height. Ten observers (half of them are experts in
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image processing and the other half are not) are asked to offer their opinions on the
subjective quality of the images, by following the quality comparison scale shown in
Table 1.2. Their average subjective values are calculated to indicate the image visual
quality, which is illustrated in Table 3.2. Also the mean and variance values of the
subjective scores are calculated. According to the quality comparison scale in Table
1.1, the smaller the subjective scores, the better quality of the noise contaminated im-
ages. The proposed method has the smallest mean value (only 0.37), demonstrating
the best performance. From the subjective results, Yang et al.’s method can generate
higher quality images, such as Baboon, Kodim13, and Kodim14. These images exhibit
more texture information. For the images with much plain or edge information, such as
Peppers and Kodim21, the visual quality will degrade significantly. Our method gener-
ates smaller variance compared with the other methods, indicating that the proposed
scheme performs more consistently over images of different types. The noise-inserted

images generated by our method can be found in [143].

Yang | Wei | Proposed JND
Baboon 0.5 0.2 0.2
Barbara 1.2 0.4 0.5
Bridge 0.7 0.3 0.3
Lena 0.8 0.3 0.4
Peppers 1.0 0.4 0.4
Kodim06 1.0 0.6 0.4
Kodim08 1.2 0.5 0.6
Kodim13 0.4 0.4 0.3
Kodim14 0.5 0.3 0.2
Kodim21 1.5 0.6 0.4
Average 0.88 | 0.40 0.37
Variance 0.362 | 0.133 0.125

Table 3.2: Subjective evaluation results. Left: noise-contaminated image by different JND
model; right: the original image

Evaluation on Videos

The proposed JND model was evaluated on several typical CIF (352x288) video se-
quences, with a frame rate of 30fps. In our experiments, 250 frames of each sequence

are tested, with the first frame as intra and the rest as inter frames. We also compare
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the proposed method with Yang et al.’s [113], and Wei et al.’s JND models [124]. S-
ince we have evaluated the efficiency of ABT-based JND model for images, here only
the average PSNR of the inter frames is calculated. Comparisons in terms of PNSR
are listed in Table 3.3. It is observed that the proposed JND model yields smaller
PSNR values compared with other JNDs. It shows that the ABT-based JND model

can tolerate more distortions.

Yang (dB) | Wei (dB) | Proposed JND (dB)
Tempete 31.68 27.42 27.04
Football 34.43 28.39 28.17
Foreman 35.29 28.29 28.02
Mobile 33.10 27.48 26.93
Silence 34.43 28.26 27.93
Table 36.37 27.81 27.33
Stefan 35.20 27.83 27.38
Paris 33.56 27.60 27.07
Flower 35.57 27.18 26.80
Waterfall 33.88 27.83 27.52

Table 3.3: PSNR comparisons of different JND models

The subjective test was conducted to further assess the perceptual quality of the
noise-contaminated videos. DSCQS method, as specified in Section 1.2, is employed
to evaluate the perceptual quality. Two sequences were presented to viewers, one of
which is original and the other is processed. Ten viewers (half of them are experts in
image/video processing and the other half are not) were asked to offer their opinions.
Five-grade subjective rating scale as illustrated in Table 1.1 were employed by the
viewers for the rating process. The difference between subjective scores of the original
and noise-injected video sequence is calculated as the DMOS. Hence, the smaller the
DMOS, the higher is the quality of the noise-contaminated video. The testing conditions
are the same as the image evaluation process. Detailed subjective test results are
depicted in Table 3.4. The mean DMOS value of the proposed scheme is 6.89, which
is smaller than Yang ef al.’s and Wei el al.’s methods. It reflects that our proposed
method can generate similar quality videos with the original ones. Also it can be found
that variance of the DMOS value is the smallest. Compared with the other methods,

our approach delivers more consistent results for both the fast-moving video sequences,
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e.g., Football and Stefan, and the slightly-moving video sequences, e.g., Silence and

Paris.
Yang | Wei | Proposed JND
Tempete 7.3 6.6 6.4
Football 7.6 6.2 5.6
Foreman 13.2 9.2 8.3
Mobile 9.7 7.0 7.1
Silence 13.9 9.7 8.5
Table 6.9 6.2 5.2
Stefan 7.2 6.0 5.4
Paris 14.2 9.4 9.2
Flower 13.2 8.2 7.4
Waterfall 6.5 5.6 5.8
Average 997 | 741 6.89
Variance 3.269 | 4.565 1.429

Table 3.4: Subjective evaluation results. DMOS for noise-contaminated video sequences.

3.1.5 Conclusion

In this section, a novel ABT-based JND profile for visual signals is proposed by ex-
ploiting the HVS properties over different transform sizes. New selection strategies
are proposed for each MB to decide which transform block-size is to be employed by
considering not only spatial SCS but also temporal MCS. The developed JND profile
can tolerate more distortions with the same visual quality compared with other JND

models.

3.2 Perceptual Quality Assessment

Traditional error measures for images/videos, such as MSE and PSNR, do not correlate
well with the HVS for evaluating the image/video perceptual quality [41] [68] [72] [80]
[144] [145]. In this section, we design a very simple visual quality metric based on the
proposed ABT-based JND model (introduced in Section 3.1, which is defined as:

07 l.f D(kvmvnvivj) STtyp(kvmvnvivj)

Difftyp(kvmvnvivj) - (312)
D(k,m,n,4,j) — Tiyp(k,m,n,i,5), otherwise

where D(kvmvnvivj) - ‘Ityp(kf, m, nviv.j) - It[y)p(kvmvnvivj)‘
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Difftyp(kv m,n, 7/7.7)
Ttyp(ka n,n, 7/7.7)

Prist(k,m,n,4,J) = Teyp (3.13)

Vo = 10logy (mean(k,m,n,i,j) (Pc%ist(kv m,n, 1, .7))) (3.14)

where T}, is the ABT-based JND, typ denotes the transform block size for generating
the JND, Iy, is the DCT coefficient of the reference image/frame, If), denotes the
DCT coefficient of the distorted image/frame, and Dif fi,, denotes the DCT coefficient
difference between the reference image/frame and the distorted one by considering
the HVS error tolerance ability. Since the JND denotes the threshold for detecting
the perceptual difference (as demonstrated in Section 3.1.4), the distortions below the
JND thresholds cannot be perceived by the human eyes. They need not be accounted in
measuring the visual quality, where the visual difference is set as 0. In Eq. 3.12 above,
only the distortions larger than the JND thresholds are calculated for measuring the
visual quality. The adjustable parameter 74y, is introduced according to the different
energy compaction properties, which are determined by the coding gains of different

block transforms. The coding gain [146] for the block transform is defined as:
N 240 %%
Gro = 10log,, | X=i=0 & (3.15)

where N is the number of the transform subbands, o2 is the variance of each subband
i, for 0 <4 < N —1. Then 7, is defined according to:

- G&o/GY, typis 16 x 16 (3.16)

1, typ is 8 X 8

where G5 and G, denote the coding gains of 8x8 and 16x16 DCT, respectively.
After testing on the reference images of the LIVE subjective image quality database [25],
the coding gain ratio appears to be nearly the same. Therefore, we simply set it as
0.95. Py is the distortion masked by the proposed ABT-based JND model. The
visual quality metric Vg is obtained by aggregating the Py of all the transform blocks
in one frame. If we evaluate the visual quality metric of an image, only the spatial
JND model is employed and k is set as 0. If the video quality is assessed, the proposed
metric employs the spatio-temporal JND model. In our approach, the visual quality

of each frame is measured individually. Hence the visual quality of the whole video
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sequence is given by the mean quality value of all the frames.

3.2.1 Experimental Results

We have tested the performance of the proposed metric, as well as the state-of-the-art
image quality metrics, such as SSIM [68] [69], VIF [72], and VSNR [144] over the LIVE
[25], A57 [37], and IRCCyN/IVC [26] image subjective quality database. Table 1.3 lists
some major characteristics of these image databases. They contain the most prevailing
distortions, such as JPEG, JPEG 2000, blurring, additive Gaussian noise, and so on.
Fach distorted image in these subjective quality databases is assigned a subjective score,
e.g., DMOS for LIVE image/video database, MOS for the IRCCyN/IVC database,
and perceived distortion for the A57 database. These subjective scores were obtained
from subjective viewing tests where many observers participated and provided their
opinions on the visual quality of each distorted image. These subjective scores are
regarded as the ground truths for evaluating the performances of different visual quality
metrics. As introduced in Section 1.3.4, SROCC, LCC, and RMSE are employed to
evaluate the performances, which are illustrated in Table 3.5. And the scatter-plots of
different quality metrics are illustrated in Figure 3.5 and [143]. It can be observed that

our proposed method scatter closely around the fitted curve, which indicates a good

performance.
Database PSNR | SSIM | VSNR | VIF | Proposed
LCC 0.8716 | 0.904 | 0.637 | 0.956 0.933
LIVE SROCC | 0.8765 | 0.910 | 0.648 | 0.958 0.934
RMSE | 13.392 | 11.68 | 21.13 | 7.99 9.881
LCC 0.704 | 0.776 | 0.800 | 0.903 0.913

IRCCyN/IVC SROCC | 0.679 | 0.778 | 0.798 | 0.896 0.909
RMSE 0.866 | 0.769 | 0.731 | 0.524 0.498
LCC 0.644 | 0.415 | 0.942 | 0.618 0.913
A57 SROCC | 0.570 | 0.407 | 0.936 | 0.622 0.901
RMSE 0.192 | 0.224 | 0.083 | 0.193 0.101

Table 3.5: Performance Comparisons of different image quality metrics

Furthermore, we tested the proposed visual quality metric on the LIVE video sub-
jective quality database [17], whose major characteristics are also listed in Table 1.3.

The video subjective quality index is obtained by averaging the frame V(g scores, the
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Figure 3.5: Scatter plots of the subjective values versus model prediction on the image sub-
jective databases.

same as PSNR, SSIM, and VIF. And we also compared with the most popular video
quality metrics VQ Model [80] and MOVIE [145]. As usual, after non-linear mapping,
CC, SROCC and RMSE are employed for evaluating the performances, as shown in
Table 3.6. It is observed that the proposed method outperforms other video quality
metrics, while slightly inferior to MOVIE. The scatter-plots are provided in Figure 3.6
and [143]. The results of our proposed method scatter closely around the fitted curve,

indicating a good performance.

Database PSNR | SSIM VIF | VQ Model | MOVIE * | Proposed
LCC 0.5398 | 0.4999 | 0.5735 0.7160 0.8116 0.780

LIVE SROCC | 0.5234 | 0.5247 | 0.5564 0.7029 0.7890 0.761
RMSE 9.241 | 9.507 | 8.992 7.664 - 6.935

Table 3.6: Performance Comparisons of different video quality metrics. (* LCC and SROCC
value of MOVIE are obtained directly from [145], which does not provide the RMSE value.)
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Figure 3.6: Scatter plots of the DMOS values versus model prediction on the LIVE video
subjective quality database.

3.2.2 Conclusion

From the test results, our proposed visual quality metric performs comparably with the
stat-of-the-art quality metrics. It clearly demonstrates that the proposed ABT-based
JND model can incorporate the HVS properties into the context of perceptual quality
assessment. It is found that SSIM and VIF perform very well on image quality evalu-
ation. But they fail in assessing the video subjective quality. The reason is that SSIM
and VIF succeed to depict the spatial distortions, but fail to capture the temporal dis-
tortions. That is the reason why VQM outperforms SSIM and VIF, for it has considered
the temporal effect. However, the temporal effect in VQ Model is simply modeled by
the fame differences. It cannot efficiently depict the temporal distortions, resulting in a
slightly better performance. MOVIE is developed by considering the complex temporal
and spatial distortion modeling, leading to the best performance. However, it is very

complex and time-consuming, hence cannot be easily applied in practical applications.
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As the proposed visual quality metric has modeled both the spatial and temporal HVS
properties, it performs equally well with VIF and MOVIE. It maintains a very simple
formulation in DCT domain. Therefore, the proposed visual quality metric can be

easily applied to image/video applications, especially the perceptual video coding.

3.3 Motion Trajectory Based Visual Saliency for Video Quality Assessment

Since the HVS is the ultimate receiver of the images/videos, it is very important and
advantageous to incorporate HVS properties into the PQAs. In Section 3.1, the HVS
perceptual property is depicted by JND, which has demonstrated good performances
while incorporating with PQAs in Section 3.2. In Section 2.1, the HVS orientation
property is modeled by the visual HE, which can help improve the IQA performances
as shown in Section 2.1.3. Among the HVS properties, the visual saliency is straight-
forward and extremely important for PQAs. Nowadays, many computational mod-
els [84] [147] [148] have been proposed to simulate human’s visual attention. Itti et
al. propose a bottom-up model and build a system named Neuromorphic Vision C++
Toolkit [148]. Hou et al. propose a spectral residual (SR) approach [84], which is
proved to be useful for IQA in Section 2.1. However, SR only considers the spatial
information for images. Guo et al. propose phase spectrum (PS) [147] for detecting the
video saliency. Its temporal information is simply modeled by the frame differences. As
claimed and verified in [149], the performances of VQAs can be improved by considering
the distortions along the temporal trajectories. Therefore, we propose to incorporate
the motion trajectory for efficiently detecting the visual saliency of video sequences.
A quaternion representation (QR) for each frame is constructed, which comprises the
spatial image content, the motion trajectories, and the temporal residuals. Based on
the QR, the quaternion Fourier transform (QFT) is employed to construct the visual
saliency. Finally, the visual saliency is incorporated with several video quality metrics
for evaluating its efficiency. The rest of the section is organized as follows. In Sec-
tion 3.3.1 - Section 3.3.4, the proposed visual saliency model and its application on
VQAs are introduced. Experimental results are demonstrated in Section 3.3.5. Finally,

Section 3.3.6 concludes the section.
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Figure 3.7: VQA framework based on the proposed visual saliency

3.3.1 Motion Trajectory based Visual Saliency for VQA

Asillustrated in Figure 3.7, the proposed visual saliency model is applied on the original
video sequences by considering both the image spatial content and the temporal motion
trajectory. The distortion map is obtained by performing different VQAs, e.g. MSE,
SSIM, on the original and distorted videos. Finally, by incorporating the saliency map

with the distortion map, the video quality index of the distorted video is generated.

3.3.2 New Quaternion Representation (QR) for Each frame

In order to apply the proposed visual saliency model, each frame of the original video
sequence needs to be represented as a quaternion image [150]. It consists of four com-
ponents, each of which captures the useful information from one certain aspect. As we
only perform VQAs on the luminance part of the distorted videos, the chroma infor-
mation is not required to construct the quaternion image. Define the video sequence
as V(t),t =1,2,..., N, where N is the total frame number. [(t) denotes the luminance
part of V(t).

The overlapped block-based motion estimation (OBME) scheme is employed to
depict the temporal motion trajectory. After OBME, 3 temporal components of each
frame are obtained. MV, (i, ) and MV, (i, 7) denote the horizontal and vertical motion

vector of the block centered at (i,j) — th pixel, respectively. PFE(i, j) indicates the
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corresponding motion prediction error. Together with the luminance [(t), we have
obtained the four components of the quaternion image. [(t) represents the spatial
image content. MV, (t) and MV, (t) describe the motion trajectory. PE(t) depicts the
temporal residual information, which compensates the inaccurate OBME. Each frame

can be represented as the new quaternion image ¢;(¢) [150] according to:

i(t) = U(t) + PE)p + MV (t)pz + MV, (t)ps

(3.17)
pr Lo, po Lops, ps Lo
3 = p1p2
We can further represent ¢;(t) in a symplectic form:
(1) = f1(t) + fa(t)p2
fi(t) = 1) + PE()m (3.18)
fa(t) = MV, (1) + MV, ()

In [147], the quaternion image comprises one intensity channel, two color channels,
and one motion channel. However, the motion channel is simply described by the
adjacent frame difference. On the contrary, our new quaternion image consists of one
luminance channel, two motion vector channels depicting the temporal trajectory, and
one temporal residual channel. With the consideration of the temporal trajectory, the

visual saliency map can be faithfully reconstructed, which will benefit the VQAs.

3.3.3 Saliency Map Construction by QR

As clarified in [147], only the phase spectrum is sufficient to represent the saliency

information of each frame. Given an image I(x,y),

f(iE,y) - £<I($,y)>
p(a,y) = P(f(z,y)) (3.19)
SAu(w,y) = gla,y)x | € (ean(i- play) ) I3

where ¢ and £~! denote the Fourier transform and inverse Fourier transform, respec-
tively. P(f) represents the phase spectrum of the image. g(x,y) is a Gaussian filter.

After the process in Eq. 3.19, the saliency map SAp(x,y) of I(x,y) is generated.
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For a quaternion image, the quaternion Fourier transform (QFT) [150] is employed
to generate the visual saliency map. The QFT of a quaternion image ¢(n, m) can be

expressed as:

Qu, v) = F1(p,v) + Fa(p, v)po

(3.20)
Fz(,uv V) — \/ﬁ Zr]\r/{:_ol 7]7,\[:_01 6£Ep< - M127T(% + %)).f@(nv m)

where (n,m) and (u,v) are the locations of each pixel in time and frequency domain.
N and M are the image height and width. f;, i € {1,2} is obtained from Eq. 3.18.
The inverse QFT is defined as:

film,n) = \/ﬁ ny:_ol SN leap(— pi2a (M 4 ) Fy(p, v) (3.21)

By applying Eq. 3.20, the frequency response @Q;(t) of ¢;(t) can be obtained in the

polar form as:
Qi(t) = Qi) || exp(p - p(t)) (3.22)

where p;(t) is the phase spectrum of Q;(t) and g is a unit pure quaternion.

As shown in Eq. 3.19, only the phase spectrum is sufficient to construct the visual
saliency map. Therefore, | Q;(t) || is set as 1. Then by applying the inverse QFT in Eq.
3.21, the reconstructed quaternion image ¢; is generated. Finally, the visual saliency

map is constructed by the Gaussian filtering:

SAn(t) = g+ | 6 |12 (3.23)
3.3.4 Incorporating Visual Saliency with VQAs

Several VQAs, such as MSE, SSIM [68], MSSIM [151], and ABT-based JND metric
introduced in Section 3.2, incorporate the detected visual saliency for improving their
performances. For MSE and ABT-based JND metric, the visual saliency map is em-

ployed to weigh the calculated differences:

sDiff(t) = |Diff(t)] - S An(t) (3.24)

where Dif f(t) denotes the differences between the original frame O(t) and the distorted
frame D(t). For MSE, Dif f(t) = O(t) — D(t). As to ABT-based JND metric, Dif f(t)
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indicates the difference after the JND masking process, as illustrated in Eq. 3.13. The
quality index for each frame is obtained by summing sDif f(t) together:

Index(t) = 10log, (mean(sDifo(t))) (3.25)

As to SSIM, the visual saliency pooling strategy is performed over the structural
distortion map, as defined in Eq. 2.11. MSSIM tries to apply SSIM over different
scales of the image and sum the quality indexes together to evaluate the image quality.
Adapting to this scheme, we down-sample the visual saliency map to different scales.
By saliency pooling over different scales, the quality index of each frame is generated.

For each VQA, the quality index of each frame has been generated by considering
the visual saliency map. Then the indexes are finally averaged to yield the video quality
value (VQI):

SN Index(t)
VQI = Lz lndert) (3.26)

where N is the total frame number of the video sequence.

3.3.5 Experimental Results

We first provide the processing results during the visual saliency detection, which is
illustrated in Figure 3.8. As we have discussed in Section 3.3.2, each frame will be
represented as a quaternion image, comprising luminance [(t), horizontal and vertical
motion vector MV, (t) and MV, (t), and prediction error PFE(t). For better visualiza-
tion, MV is rescaled by 5 x MV +128; PFE is rescaled by PE+ 128. It can be observed
that the entire object generates nearly the same motion information, such as the ball,
the boat, and the players in the video sequences. After performing the OBME, the
prediction error is obtained. By incorporating the motion trajectory information (de-
picted by the motion vectors) and the temporal residual information, the visual saliency
map for the corresponding frame is constructed using QFT, as shown in Figure 3.8.
It can be observed that the visual saliency can significantly detect the motion object
(highlighted white) in the saliency map. By considering the accurate visual saliency
map, the VQA performances can be significantly improved.

We incorporated the detected saliency map with MSE, SSIM [68], MSSIM [151], and
ABT-based JND metric introduced in Section 3.2. All of these VQASs were tested on the
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Figure 3.8: Quaternion Representation (QR) of each frame and the visual saliency map. From
top to bottom: luminance l(t), horizontal motion vector MV,(t), vertical motion vector MV, (t),
motion prediction error PE(t), and the visual saliency map.
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LIVE video subjective quality database [17]. Detailed information about the database
was introduced in Section 1.3.3. After the nonlinearly mapping, the LCC, SROCC,
and RMSE are employed to evaluate different VQA performances. The performances
of VQAs incorporating different visual saliency models are shown in Table I, where SR
denotes the saliency model in [84]; PS is the saliency model in [147]; VS is our proposed
method. It can be observed that all the saliency weighted metrics can outperform the
non-weighted metrics. It means that the visual saliency is important to HVS and helpful
for the VQAs. Furthermore, VS weighted VQAs outperform the other saliency weighted
VQAs. The reason is that the proposed method considers the motion trajectory, which
is useful to improve the VQA performances, as demonstrated in [149]. However, the
saliency weighted methods still perform inferiorly to MOVIE [145]. The reason is
that MOVIE has employed complex HVS model for depicting the temporal and spatial
distortions, compared to the proposed saliency weighting method. Another observation
is that the improvement of ABT-based JND metric is not so significant, compared with
the other metrics. The reason is that ABT-based JND metric has considered some HVS

properties, such as contrast masking, which has somehow modeled the HVS saliency

property.
VQA methods LCC | SROCC | RMSE
MSE 0.5398 | 0.5234 9.241
SSIM 0.4999 | 0.5247 9.507
MSSIM 0.6754 | 0.7329 8.095
ABT-based JND metric 0.7627 | 0.7372 7.099
SR-MSE 0.6164 | 0.6104 8.644
SR-SSIM 0.6215 | 0.6012 8.600
SR-MSSIM 0.7472 | 0.7360 7.296
SR-ABT-based JND metric 0.7623 | 0.7322 7.105
PS-MSE 0.6230 | 0.6191 8.588
PS-SSIM 0.6051 | 0.5909 8.740
PS-MSSIM 0.7371 | 0.7245 7.419
PS-ABT-based JND metric 0.7685 | 0.7338 7.023
VS-MSE 0.6295 | 0.6268 | 8.531
VS-SSIM 0.6308 | 0.6187 | 8.518
VS-MSSIM 0.7583 | 0.7468 7.157
VS-ABT-based JND metric 0.7768 | 0.7484 6.913

Table 3.7: Performance comparisons of different VQAs
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3.3.6 Conclusion

In this section, we propose a new quaternion representation for each frame of the video
sequence. Then the quaternion image is employed to generate the corresponding visual
saliency map. By incorporating the visual saliency map with different VQAs, the metric
performances can be significantly improved, which further confirms that the proposed

method can accurately model the HVS saliency property.

3.4 Perceptual Video Coding

In this section, the ABT-based JND is incorporated into the video coding scheme for

pursuing higher visual quality with the same bit-rates according to:
Retyp(kv m,n, 7;7 .7) — DCTtyp{I(kv m, 7;7 jv k) - IpTe(kTefv m,n, 7;7 .7)} (327)

Retyp(k:, i ) = 0, if|Retyp(k,m,n, i, 5)| < Tiyp(k,m,n,i,7)

Vaign - (|Regp(k, m,n, 6, )| — Tiyp(k, m,n,4,§)),  otherwise
where I is the MB to be encoded, I, is the predicted MB by inter motion estimation
or intra prediction, {yp denotes the transform size (8x8 or 16x16 DCT), Reyy), is the D-
CT coeflicient of the prediction error, 13, is the calculated JND threshold for different
transform sizes, Vygn denotes the sign of the coefficient Rey,(k, m,n, i, j). According
to the definition of JND and the quality metric in Eq. 3.12, the HVS cannot detect the
distortions which are smaller than the JND threshold. Therefore, the distortions below
the JND threshold need not be accounted. The perceptual redundancies in the video
signals are removed according to I£q. 3.27, which will not cause any visual degrada-
tion. Then the resulting DCT coefficients Retyp without perceptual redundancies are
encoded.

For the traditional video coding strategy, MSE is utilized to calculate the distortions
in rate distortion optimization (RDO), which is justified to be inconsistent with the
HVS perception [41]. Here, Py is employed for depicting the HVS responses of the
distortions, which is defined as:

Retyp(ka m,n, iv .7)
= T;
e ﬂyp(kv mv nv 7/7.7)

Pdist(kvmvnvivj) (328)

The sum squared error of Py will be utilized as the distortion measurement for the
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modified RDO (M-RDO) process. As demonstrated in Section 3.2.1, Py correlates
better with the HVS than MSE, which is believed to benefit the perceptual video
coding. During the encoding process, a suitable A needs to be determined for the
M-RDO process:

Cost =D, + AR (3.29)

where D), is the sum squared error of Pg;s, and R denotes the bit-rate. In our exper-
iments, four 720P sequences, Crew, Harbor, Sailormen, and Spincalendar are encoded
with the H.264 platform provided by [130]. The test conditions are listed in Table 3.8
(only 100 frames), with QP ranging from 28 to 40. Then D, is used to evaluate the
coded sequences. According to the derivation in [104], the optimal X is set as:

D,

AT TR

(3.30)

In our experiments, the tangent slopes at each identical QP point of the four testing
sequences appear to be similar. Therefore, the average value of the tangent slopes is

employed as A in the M-RDO process.

Platform JM 11(H.264) [130]
Sequence structure IBBPBBP

Intra period 10 frames
Transform size 8x8, and 16x16
Entropy coding CABAC
Deblocking filter On

R-D Optimization On

Rate control off

Reference frame 2

Search range + 32

Frame rate 30 frames/s
Total frame number 199

Table 3.8: Test conditions.

In the encoding process, the M-RDO process is employed to determine the best
transform type. We believe that the proposed selection strategy has strong ties with
the M-RDO process. For one Mb, if the spatial content is homogenous within its sub-
blocks, and the motion vector differences between the MB and its sub-blocks are small,

the MB is regarded as a unit. The 16x16 DCT is chosen by the proposed selection
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Figure 3.9: HR curve for each CIF sequence

strategy. During the encoding process, the MB can be well predicted by the 16x16 MB
motion estimation. The prediction error will be very small. The 16x16 DCT thus can
efficiently compact the energy, which will be chosen by the M-RDO process. Otherwise,
the 8x& DCT will be determined by both the selection strategy and M-RDO.

In order to demonstrate the relationship between the selection strategy and the
M-RDO process, the Hit Ratio (HR) curve is employed to demonstrate the hit rates.
The transform type (8x8 or 16 x16 DCT) is first determined by the proposed selection
strategy for each MB. Then the video sequences are encoded by the proposed perceptual
coding scheme. The QP is fixed as 20 and the test conditions are listed in Table 3.8.
During the encoding process, the transform type (8x8 or 16x16 DCT) for each MB
as determined by the M-RDO process is also recorded. The hit rate h of each video
frame measures the percentage of the MBs whose transform types determined by the
M-RDO process and the proposed selection strategy are identical. It indicates that
the selection strategy and M-RDO choose the same size transform. The HR, curves of
several typical CIF (352x288) sequences are illustrated in Figure 3.9. The hit rates are
high, with the average hit rate higher than 80%. It means that the proposed selection
strategy correlates well with the M-RDO process. During the video encoding, the M-
RDO process will take the role to determine which size transform to use. For other

applications, such as visual quality assessment, watermarking, and so on, where the



§ 3.4.1. Experimental Results 75

M-RDO process is not applicable, the proposed selection strategy will determine which

size transform to utilize.

3.4.1 Experimental Results

The 720P test sequences, Crew, Harbor, Sailormen, and Spincalendar, were coded with
fixed QP parameters. The H.264/AVC software platform used is the JM 11 with ABT
implementation [130]. The test conditions are listed in Table 3.8. With different QP
parameters, nearly the same bit-rates are ensured by the traditional ABT codec and the
proposed ABT-based JND codec, as shown in Table 3.9. It can be observed that there
is a slight PSNR loss. As explained before, the PSNR correlates poorly with the HVS
perception, which makes it an improper criterion for visual quality assessment. The
proposed visual quality metric Vg as illustrated in Eq. 3.14 has demonstrated better
performances in matching subjective ratings. We calculate the Vi of the distorted
sequences. According to its definition in Eq. 3.14, the smaller the Vg value, the better
is the visual quality. It can be observed from Table 3.9 that the sequences generated by
our proposed method possess smaller VQ indexes, compared to the sequences processed

by [130].

Video Bit-rates (kbit/s) | PSNR (dB) | Vo | DMOS
Crew 807.79 36.68 2.88 25.0
ABT Harbor 1068.34 30.05 13.32 | 37.3
codec [130] Sailormen 572.40 30.92 10.09 | 33.8
Spincalendar 683.91 31.23 8.40 30.5
The Proposed Crew 806.28 36.42 2.76 22.3
ABT-based Hafrbor 1056.37 29.83 13.22 32.5
IND codec Sailormen 576.37 30.86 9.78 30.5
Spincalendar 688.70 31.05 8.23 25.3
Crew -1.51 -0.26 -0.12 -2.7
Performance Harbor -11.97 -0.22 -0.10 -4.8
differences Sailormen +4.11 -0.06 -0.31 -3.3
Spincalendar +4.79 -0.18 -0.17 -5.2

Table 3.9: Performance comparisons between the tradition ABT codec [130] and the proposed
ABT-based JND

In order to demonstrate the perceptual gain of our proposed video codec, the DSC-
QS subjective test as introduced in Section 1.2 was conducted to evaluate the visual

qualities of the coded video sequences. And the DMOS value for each coded sequence
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Figure 3.10: Visual quality comparison of regions of the reconstructed frames generated by
different video codec. Left: original frame; middle: reconstructed frame from ABT codec [130];
right: reconstructed frame for the proposed ABT-based JND codec. Top: 113" frame of
Sailormen; center: 109" frame of Harbor; bottom: 40" frame of Spincalendar.

is listed in Table 3.9. As explained before, the smaller the DMOS value, the better
the visual quality. Therefore, it can be observed that the proposed method can im-
prove the visual quality of the coded video sequences with the constraint of the same
bit-rates. Figure 3.10 shows some pictures of videos coded and decoded with the JM
11 with ABT implementation [130] on one hand and with the proposed method on
the other hand. Generally, the proposed method generates frames with higher visual
quality, especially the detailed information, such as the lines and edges of Harbor and

Spincalendar sequences.

3.4.2 Conclusion

In this section,the ABT-based JND model is employed for guiding perceptual video
coding. Experimental results on the proposed ABT-based JND codec demonstrate a
better visual quality videos with the same bit-rates. It further confirms the efficiency

of our proposed ABT-based JND in modeling the HVS characteristics.
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Chapter 4

Reduced Reference Image Quality Assessment

4.1 Introduction

As mentioned before, reduced reference (RR) quality metric is the compromise between
the full reference (FR) and no reference (NR) quality metrics. It is expected that the
RR methods can effectively evaluate the image perceptual quality based on a limited
number of features extracted from the reference image. Only a small number of bits is
required for representing the extracted features, which can be efficiently encoded and
transmitted for the quality analysis. Consequently, it will be very useful for the quality
monitoring during the image transmission and communication. The image perceptual
quality can be easily analyzed by referring to the extracted features from the reference
image. Therefore, a better quality of user experience can be further provided for the
consumers.

For designing an effective RR quality metric, we need to consider not only its
performance but also its RR data rate for representing the extracted features. Firstly,
the extracted features should be sensitive to a variety of image distortions and relevant
to the HVS perception of the image quality. Secondly, the RR data rates should not be
large, as the extracted features need to be embedded or transmitted to the receiver side
for the quality analysis. For a larger RR data rate, one may include more information
about the reference image. Then a good performance can be obtained. However, it
will introduce a heavy burden to the RR feature transmission. The FR IQA can be
regarded as an extreme case of RR IQA, with the RR data rate is the whole reference
image. For a smaller RR data rate, only a little information of the reference image is
available for quality analysis. Therefore, the performance is hard to be ensured. The
NR IQA is another extreme case of RR IQA, with no information from the reference

image. Therefore, how to balance the RR data rate and the performance is the essential
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for the RR quality metric development.

The RR quality metrics aim to monitor the video perceptual quality during the
transmission and communication processes. Therefore, many approaches [152]- [157]
try to model the distortions of the encoded video sequences, such as the MPEG-2 com-
pressed videos, in the quality monitoring system. For example, Wolf et al. [152] [153]
extracted a set of spatial and temporal features which are very sensitive to the distor-
tions introduced in the standard video compression framework. In [154], Le Callet et
al. depicted the blur, blocking and temporal artifacts of the MPEG-2 coded sequences
by some representative features. By accounting for differences between these features,
the degradation level of the coded videos can be estimated. In [155], Yang employed
the ratio information of DCT coefficients to measure the perceptual quality of MPEG-2
coded sequences. In [156], the artifacts of the H.264/AVC coded video sequence, such
as blur and blocking, are depicted and measured by the objective features. They are
combined together into a single measurement for the overall video quality. Further-
more, Tagliasacchi et al. [157] approximated the SSIM value of the videos corrupted
by channel errors through employing coding tools provided by the distributed source
coding theory.

Furthermore, in order to provide a more accurate performance, the HVS proper-
ties [80] [158]- [166] have been considered during the feature extraction. Le Callet et
al. [158] employed a neural network to train and evaluate the perceptual quality of video
sequences, based on the perception related features of the video frames. In [159] [160],
the authors extracted perceptual features motivated from the computational models of
the low level vision. These features are utilized as the reduced descriptors to represent
the visual quality. Tao et al. [161] incorporated the merits of the contourlet transform,
the contrast sensitivity function, and Weber’s law of JND to derive an RR IQA. En-
gelke et al. [162] designed an RR IQA for wireless imaging by accounting for different
structural information that is observed in the distortion model of wireless link. Then
the structural information from the viewing area is trained for the HVS. In [80], the
authors extract several HVS related features to indicate the spatial information losses,
edge information changes, contrast information, and color impairments. By combining

these different components with different weights, the final video perceptual quality
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index is obtained. These HVS related features are compressed for video quality mon-
itoring [163]. It is demonstrated that a compression ratio of more than 30:1 can be
achieved with only a small error introduced in the final quality values. Moreover, as
the HVS is sensitive to the degradation around the edges, the RR video quality met-
ric proposed in [164] mainly measures the edge degradations. The edge degradation
is computed by measuring the mean squared error of the edge pixels. Therefore, this
method is named as edge PSNR (EPSNR). In [165], the authors employed discrimina-
tive local harmonic strength with motion consideration to evaluate the distorted video
quality. The gradient information of each frame is employed for harmonic and discrimi-
native analysis. Furthermore, the authors in [166] derived the RR quality metric for 3D
videos. The edge information of depth maps and information from the corresponding
color image in the areas in the proximity of edges are extracted for the RR quality
metric, which can be utilized for 3D video compression and transmission.

Recently, the statistical modeling of the image signal has been investigated for
the image perceptual quality assessment for both RR 1QAs [167]- [175]. In [169], the
divisive normalization is employed to depict the coeflicient distributions of the wavelet
subbands. The distribution difference between the reference and distorted images is
used to depict the image perceptual quality, which we name as RR-DNT. In [172] [173],
the developed RR image quality metric RR-SSIM extracted the statistical features
from a multi-scale, multi-orientation divisive normalization transform. By following
the philosophy in the construction of SSIM, a distortion measurement is developed
to estimate the SSIM index of the distorted image. In [174], the statistics of image
gradient magnitude are modeled by the Weibull distribution to develop an RR image
quality metric, which is named as RR-Weibull. Also the statistics of the edge [175] are
utilized for developing the RR IQA, which we name as RR-Edge. In [170], the authors
measure the differences between the entropies of wavelet coefficients of the reference
and distorted image to quantify the image information change, which can indicate the
image perceptual quality. In [171], the color distribution changes of an image as a
consequence of the distortions are employed for depicting the perceptual quality, where
the color correlogram is extracted as the RR feature. Wang et al. [167] [168] proposed
a wavelet-domain natural image statistic metric (WNISM), which models the marginal

probability distribution of the wavelet coefficients of a natural image by the generalized
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Gaussian density (GGD) function. The Kullback-Leibler distance (KLD) is used to
depict the distribution difference. Although WNISM can achieve good performances in
image quality assessment, some limitations still exist. Firstly, KL.D is asymmetric [176],
which is not suitable for the quality analysis. The perceptual quality distance from
one image to another should be identical no matter how it is measured. Secondly,
as revealed in [169], although WNISM can work quite well on individual distortion
types, its performance degrades significantly when image of different distortion types
are evaluated together.

In this chapter, a novel RR IQA is developed by depicting the intra and inter sub-
band statistical characteristics in the RDCT domain. It is shown that after performing
DCT the statistical dependencies between the DCT subbands still exist. Applying the
reorganization strategy, the intra RDCT subband statistical characteristic, specifical-
ly the identical natural of the coefficient distribution within the RDCT subband, is
exploited by GGD modeling. The inter RDCT subband dependency is captured by
the mutual information (MI) between the DCT coefficient pair in corresponding RD-
CT subbands, such as parent-child pair coefficient, brother-child pair coefficient, and
cousin-child pair coefficient. Furthermore, a frequency ratio descriptor (FRD) comput-
ed in the RDCT domain is employed to measure the energy distribution among different
frequency components. It can be further utilized to simulate the HVS texture mask-
ing property. By considering the intra RDCT subband GGD modeling, inter RDCT
subband MI values, and the image FRD value, an effective RR IQA is developed. This
chapter is organized as follows. The relationships of intra and inter RDCT subbands
are presented in Section 4.3. The DCT reorganization strategy is described in Section
4.2. Section 4.4 discusses the RR feature extraction. And the quality analysis in the

receiver side is introduced in Section 4.5. Finally, Section 4.7 concludes this chapter.

4.2 Reorganization Strategy of DCT Coefficients

Since the HVS is more sensitive to luminance than chrominance [177], the proposed
image quality metric and the others used for comparison work with luminance only.
Color inputs will be converted to gray scale before further analysis. As natural images
can be viewed as smooth regions delimited by edge discontinuities, after block-based

DCT the image energy of smooth regions is compacted into the DC coefficients, and
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Figure 4.1: Reorganization strategy of DCT coefficients. Top left: one 8x8 DCT block with
ten subband decomposition; top right: the reorganized DCT image representation taken as a
three-level coefficient tree; bottom left: 8x8 DCT representation of Lena image; bottom right:
the RDCT representation of Lena image. (For better visualization, the DC components are
rescaled to integers between 0 and 255, while the AC coefficients are obtained by 255 — (5 X
jAC)).)

some high-frequency AC coefficients. For edges, only a small number of high-frequency
AC coefficients contribute to its energy. Also the coefficients obtained by the block-
based DCT exhibit high correlations, which can be employed for depicting the image
degradation level. In [155], after the 8-tap DCT, the second DCT coefficient and
the third/fourth DCT coefficient are related to each other as the parent and child
bands of the wavelet transform. In [76], the Laplacian probability density function
(pdf) is employed to model the coefficient distribution of each DCT subband. The
fitted Laplacian pdf parameter A of one DCT subband can be linearly predicted by
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the A values of the neighboring upper and left DCT subbands. Therefore, although
DCT has decomposed the spatial image block into different frequency components, the
relationship between the related DCT subbands still exists. In order to utilize the
identical nature of the neighboring coefficient distributions, the reorganization strategy
[178] [179] is employed to compose the block-based DCT coefficients into a three-level
tree structure, as demonstrated in Figure 4.1.

For the subbands 0, 1, 2, and 3, each subband only contains one DCT coefficient.
For the subbands 4, 5, and 6, each subband contains a 2x2 DCT coefficient matrix.
For the subbands 7, 8, and 9, each subband contains a 4x4 DCT coefficient matrix.
After the decomposition, the same subbands of all the 8x8 DCT blocks are grouped and
organized together according to their corresponding positions, as shown in Figure 4.1
(top left). In this manner, the block-based DCT coefficients are reorganized into a three-
level coefficient tree. In Figure 4.1 (top right), S,, denotes the grouped subband of all the
DCT coefficients lying on the position denoted by n. For example, S7 is the reorganized
subband by grouping the 4x4 DCT coeflicient matrix lying on the position 7 of all the
8x8 DCT blocks. An example of the reorganization of the Lena DCT coefficient image
is illustrated in Figure 4.1. The 8x8 DCT representation is obtained by applying the
non-overlapped 8x8 block based DCT, as shown in Figure 4.1 (bottom left). The
reorganized DCT (RDCT) representation is shown in Figure 4.1 (bottom right). It can
be observed that the RDCT representation appears like a wavelet representation, i.e.,
exhibiting structural similarities between subbands, and coefficient magnitude decaying
toward high-frequency subbands. Moreover, the RDCT representation is more efficient
for the RR quality metric design than the wavelet representation, such as the steerable
pyramid [180] [181], even though the wavelet directly has an access to the oriented
subbands.

4.3 Relationship Analysis of Intra and Inter RDCT subbands

The statistical relationships between RDCT coefficients are examined in the following
ways. Firstly, consider the parent-child coefficient pair representing the information at
adjacent scale subbands of the same orientation (e.g. Sy and S7). Each parent coeffi-
cient in the subband Sy corresponds to four child coefficients in the subband 57, as il-

lustrated in Figure 4.2. In order to exploit the underlying statistics, the joint histogram
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Figure 4.2: Statistical correlation between inter RDCT subbands. FEach parent coefficient
in the coarser scale RDCT subband corresponds to four child coefficients in the finer scale
subband. Fach child coefficient corresponds to one cousin/brother coefficient in the same scale
subbands of different orientations.

of the coefficient pair (parent, child) is built, which is gathered over the spatial extent
of the image. Figure 4.3 (a) shows the conditional histogram h(child|parent), which
is simply calculated by counting the child coefficients in the subband S7 conditioned
on the coarser-scale subband S4. Several important aspects can be observed from the
conditioned histogram. These coeflicients are approximately second-order decorrelated,
as the value of the child coefficient is always zero when the values of parent coefficients
are not large enough. Moreover, the standard deviation of the child coefficients highly
depends on the value of the parent coefficient. The larger the parent coeflicient value,
the larger the standard deviation of the child coefficients tends to be, as illustrated by
the blue curve in Figure 4.3. In [182] [183], it has been demonstrated that the mean
and the standard deviation curves of the conditional histogram can be well fitted by
a Student’s t model of a cluster of coefficients. Furthermore, although they are decor-
related, the statistical dependency can still be observed between the child and parent
coefficients. These dependencies also exist in the wavelet coefficient pairs [184], which
cannot be eliminated by the linear transformations. This statistical dependency can be
more clearly observed by converting the coefficient value into the log-domain as shown
in Figure 4.3 (b). The left part of the conditional histogram h(logy(child)|logs(parent))

concentrates on a nearly horizontal line (shown by the green curve), which means that
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the value of logy(child) is independent of log,(parent) in this area. Actually, natural
images are composed of smooth regions which are delimited by edge discontinuities.
After performing DCT, most of the image energy is compacted to the low-frequency
components, which results in a small amount of energy in the high-frequency compo-
nents. Therefore, the child coefficient values in the finer RDCT subband tend to be
small, especially when the parent coefficient values are not large enough. The right
part of the conditional histogram in log-domain presents a nearly linear correlation. It
implies that the conditional expectation (logy(child)|logs(parent)) is approximately
proportional to logy(parent).

Figure 4.3 (¢) and (e) show the histograms of the child coefficient conditioned on the
brother and cousin coefficient, respectively. Compared with the conditional histogram
in Figure 4.3 (a), the child coefficient values vary significantly, which do not present
a close scattering around the zero value. When the cousin or brother coefficient value
becomes larger, the child value fluctuates more dramatically, which can be observed
by the standard deviation values (the blue curve of each figure). The brightness of
Figure 4.3 corresponds to the probability. The brighter the area, the larger the cor-
responding probability is. Compared with Figure 4.3 (a), the brightness of Figure 4.3
(¢) and (e) is not so significant. It means that the child coefficient value depends on
the cousin/brother coefficient less than the parent coefficient. Furthermore, it can be
observed that Figure 4.3 (e) is brighter than Figure 4.3 (¢). And the standard deviation
curves of Figure 4.3 (e) appear to be more regular than those of Figure 4.3 (c¢). The
observations show that the dependency relationship between child-cousin coeflicient
pair is closer than that between child-brother coefficient pair. After converting the
histograms into log-domain, as shown in Figure 4.3 (d) and (f), the correlations appear
much looser. Although the mean value in the log-domain concentrates approximately
on a line, the child coefficient values are of great differences. The child coefflicients
do not present a concentrated distribution (with larger standard deviation values),
which makes the probability of each coefficient value to be very small. Therefore, the
brightness of Figure 4.3 (d) and (f) can hardly be detected. Although the relationship
between child and brother/cousin appears to be much looser than that between child
and parent, it is admitted that the dependency does exist however in a very complex

way, which is very hard to depict.
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Figure 4.3: Conditional histogram for the coefficients of the RDCT subbands from the BOAT
image. Brightness corresponds to the probability. Each column has been individually rescaled
for a better visualization. (a) histogram of the child coefficient conditioned on the parent
coefficient; (b) log-domain representation of (a); (c) histogram of the child coefficient con-
ditioned on the brother coefficient; (d) log-domain representation of (c); (e) histogram of
the child coefficient conditioned on the cousin coefficient; (f) log-domain representation of
(e). The green curve corresponds to E(child|condition), and The blue curves correspond to
E(child|condition) £ std(child|condition), where the condition of each figure is the parent,
cousin, and brother, respectively.
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In order to provide a more accurate description about the relationship between RD-
CT subbands, the mutual information (MI) is employed to describe the dependencies
between the child and its condition parent, brother, cousin, upper, and left coefficients,
as illustrated in Figure 4.2. As introduced in [176], MI admits the direct data com-
pression and classification interpretations. Let X and Y be two random variables (or

vectors) having a joint pdf p(x,y). The MI between X and Y is defined as:

p(z,y)

(4.1)
£ EXY<10g p@)p(y)) - D(p(:E, y) |l p(x)p(y))

where D(]|) is the relative entropy between two distributions, known as the KLLD. The
MI I(X;Y) indicates how much information Y conveys about X. Therefore, the larger
the MI value, the more information is shared by X and Y. Hence, the statistical

correlation between X and Y is stronger.

Subband Inter RDCT subband Intra RDCT subband
orientation
parent-child | brother-child | cousin-child | upper-child | left-child
Horizontal (54 and 57) (Sg and 57) (Sg and 57) (57) (57)
0.5496 0.2739 0.2908 0.3892 0.3918
Vertical parent-child | brother-child | cousin-child | upper-child | left-child
(55 and Sg) (Sg and Sg) (57 and Sg) (Sg) (Sg)
0.5091 0.2685 0.2908 0.3672 0.3508
Diagonal parent-child | brother-child | cousin-child | upper-child | left-child
(56 and Sg) (57 and Sg) (Sg and Sg) (Sg) (Sg)
0.2974 0.2739 0.2685 0.2165 0.2095

Table 4.1: Mutual information between the RDCT subbands.

The MI values between the RDCT subbands are illustrated in Table 4.1. We have
provided the MI values of the inter RDCT subbands, such as parent-child S and 57,
brother-child S9 and S7, and cousin-child Sg and S7, and the intra RDCT subbands,
such as upper-child and left-child. In order to provide a more convincing result, each
entry gives the average MI value over all the reference images from the LIVIE image
subjective quality database [25]. Some interesting findings can be observed. Firstly, no
matter what the subband orientation is, the MI value of parent-child is the largest. It

means that the parent coefficients in coarser subband affect the child coefficients in the
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finer subband most, which presents the same property as the wavelet transform. These
dependencies have been successfully utilized for the image compression [178] [179].
Secondly, the parent-child MI value of diagonal RDCT subband is much smaller than
those of horizontal and vertical ones. The reason is that natural images present much
more horizontal and vertical information than the diagonal one. Therefore, most of the
DCT coefficients in the diagonal subbands tend to be zero. Furthermore, the MI values
somewhat match the HVS property, namely the oblique effect [136], that is, the HVS is
more sensitive to the horizontal and vertical frequency components, compared with the
diagonal ones. Thirdly, for the horizontal and vertical RDCT subbands, the MI values
of intra RDCT subbands are larger than those of brother-child and cousin-child inter
RDCT subbands. Therefore, the relationship between neighboring DCT coefficients
also exists. This relationship has been further employed for image compression [179] and
image quality metric [76]. In [76], the authors employ the neighboring DCT subband
relationship to improve the modeling accuracy of the DCT coefficient distribution.
Finally, the dependencies between cousin-child and brother-child RDCT subbands can
be observed. Although DCT has decomposed the spatial image content into different
components with different orientations and frequencies, the dependencies cannot be
removed by the linear transformations. Therefore, the correlations between inter RDCT
subbands can be exploited for image processing researches, such as compression [184]

[185], and so on.

4.4 Reduced Reference Feature Extraction in Sender Side

As discussed above, the RR IQAs aim at evaluating the image perceptual quality based
on some RR features extracted from the reference image. In order to design an effective
RR IQA, the features extracted should be sensitive to the distortions related to the
HVS perception property, and efficient for representation. Therefore, the RR features
are critical to the RR TQA performances. Based on the analysis in the above section,
the dependencies of intra and inter RDCT subbands do exist, as shown in Table 4.1,
which can be depicted and quantified in the receiver side. And these dependencies
are expected to be sensitive to the distortions, which can be utilized as the RR fea-
tures for the quality analysis in the receiver side. Figure 4.4 provides the framework

of extracting the RR features from the reference image. For intra RDCT subband,



§ 4.4.1. Intra RDCT Subband Modeling 89

. GGD Modeling
Intra RDCT Subband: 7c o0 ictance

::> Inter RDCT Subband: Mutual Information

DCT Subband Energy: Frequency Ratio
Descriptor

Extracted RR Features

Reference Image

RDCT Subbands

Figure 4.4: RR feature extraction in the sender side.

the GGD modeling together with the city-block distance (CBD) is employed to char-
acterize the relationship. For the inter RDCT subband, MI is employed to depict the
correlation. And the frequency ratio descriptor (FRD) is used to calculate the RDCT
subband energy distribution. Detailed information will be introduced in the following

sub-sections.

4.4.1 Intra RDCT Subband Modeling

It has been claimed [167] [168] that the wavelet coefficient distributions of natural
images are highly kurtotic (with a sharp peak at zero and a fat-tail distribution). Based
on a strict mathematical analysis, Lam et al. [186] pointed out that the high-frequency
DCT coefficients also follow the kurtotic distribution, which a GGD usually fits well.
The probability density function of GGD is defined as:

Pa,p(x) ﬁemp{ — (%)a} (4.2)

where a models the width of the PDF peak (standard deviation), while § is inversely
proportional to the decreasing rate of the peak. « and 5 are also referred to as the

scale and shape parameters, respectively. I" is the Gamma function given by:

I'(2) /0 2 1" Leaxp(—t)dt (4.3)

Therefore, we can see that only two parameters are needed to completely define each
GGD model. However, if the coefficient distributions of all the DCT subbands are to

be modeled, too many parameters are needed for the RR IQA. Considering the 8x8
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Figure 4.5: Coefficient distribution (blue line) and the fitted GGD curve (red line) of the
RDCT from 84 to Sy.

DCT as an example, if all the DCT subbands are to be depicted, there are at least
63 x2 = 126 parameters. It is too large and conflicts with the purpose of RR IQA, which
requires less reference information for the quality assessment. In order to reduce the RR
data rate and further utilize the identical nature of the coefficient distribution between
adjacent DCT subbands, the aforementioned reorganization strategy is employed to
group the DCT coefficients into fewer representative RDCT subbands.

After the reorganization process, the number of RDCT subbands containing AC
coefficients is reduced to 9, which is more reasonable for RR IQA. The GGD model is
employed to model the coefficient distribution of each RDCT subband. The DCT co-
efficient distribution (blue line) and the fitted GGD curve (red line) of the reorganized
subbands 54-S9 from the Lena image are illustrated in Figure 4.5. It can be observed
that the two curves overlap with each other, which means that the GGD model can
efficiently depict the coefficient distributions of the RDCT subbands. Applying this
process, we not only model the DCT coefficient distribution, but also exploit the iden-

tical nature of the coefficient distributions between adjacent DCT subbands, which will
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help improve the RR IQA performance.

It has been shown that the GGD model provides an efficient way to represent the
coefficient histogram for each RDCT subband of the reference image. Therefore, for
each GGD model, two parameters {«, 3} are needed for the RR IQA. In order to further
improve the GGD modeling precision, another parameter denoted as the prediction
error is introduced. As we have discussed before, the KLD is agsymmetric, which is not
suitable for measuring the visual quality distance between the two images. Therefore,
the city-block distance (CBD) between two distributions p and p, g is proposed to

measure their differences:

deBp (P, Pas) Z (&) — Pa, ()] (4.4)

where p is the histogram distribution of the actual RDCT subband, p, s is the fitted G-
GD curve, and hy, is the total number of the histogram bins. From the definition, it can
be observed that dopp is symmetric, which means that dopp(p, Pa,s) = doBD(Pa,s: P)-
Therefore, compared with KLLD, CBD is symmetrical to capture the visual distance
between two images, which is reasonable for evaluating image perceptual quality. Ac-
cording to the oblique effect [136] of the HVS, human eyes present similar sensitive
values to the horizontal and vertical information, while less sensitive to the diagonal
information. Therefore, in order to reduce the RR data rates, only three horizontal
RDCT subbands, specifically Sy, Sy, and S7, are employed for GGD modeling and
CBD calculation to extract the RR features.

4.4.2 Inter RDCT Subband Modeling

Referring to Table 4.1, the dependencies between inter RDCT subbands also exist. MI
as defined in Eq. 4.1 is employed to capture the corresponding dependencies, which

can be further expressed as:

I(X;Y) = h(X) — h(X|Y)

(4.5)
= Ex( —logy(p(x))) — Exy (—loga(p(z|y)))

where h(X) and h(X]Y') denote the entropy of X and X conditioned on Y, respectively.
As shown in Eq. 4.5, we can observe that the MI is symmetric and non-negative. If X

and Y are independent, the MI is equal to zero. While if X is a function of Y, I(X;Y) =
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oo. Actually, the MI 7(X;Y) indicates how much information Y conveys about X. It
admits a well-known data compression interpretation: coding X to a precision AX
costs h(X) — log,(AX) bits, based on the assumption that AX is sufficiently small.
If Y is known, by considering the same encoding precision AX, the total bits cost for
encoding X is equal to h(X) — logy(AX) — I(X;Y) bits [176]. Therefore, the total
saving bits by introducing Y is I(X;Y).

The MI value is introduced in the sender side to describe the essential relationship
between inter RDCT subbands, which is changed by the introduced distortion. As we
employed three horizontal RDCT subbands (57, Sy, and S7) for GGD modeling and
CBD calculation to depict the intra RDCT relationship, the MI values between these
horizontal RDCT subbands and other related ones are computed as the RR features
to depict the inter RDCT dependencies. These RR features include two MI values to
depict the parent-child correlation between the RDCT subband pairs (S1, S4) and (Sy,
S7), three MI values to depict the cousin-child correlation between the RDCT subband
pairs (Sz, S1), (S5, Si), and (Ss, S7), and three MI values to depict the brother-
child correlation between the RDCT subband pairs, (Ss, S1), (Ss, S1), and (Sg, S7).
Therefore, there are 8 MI values in total extracted to capture the inter RDCT subband

dependencies.

4.4.3 Image Frequency Feature

Furthermore, in order to accurately represent the reference image characteristic, an
image-level feature, specifically the frequency ratio descriptor (FRD), is proposed by
considering the HVS properties. For our RR feature extraction, after performing 8x8&
DCT, the coefficients are reorganized into several RDCT subbands, as illustrated in
Figure 4.1. The frequency w;; of the (4,j) — th subband for each 8x8 DCT block can
be obtained by [124]:

wij = 3/ (/02)% + (§/0,)?

4.6
On =2 x arctan(%); (§=2,9) )

where N is the dimension of the DCT block (in this study, N = 8), 0, and 0, are the
horizontal and vertical visual angels of a pixel. [ is the viewing distance and § stands

for the display width/length of a pixel on the monitor. According to the international
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standard I'TU-R BT.500-11 [5], the ratio of viewing distance to picture height should be
a fixed number between 3 and 6. Moreover, for most of the displays, pixel aspect ratio
(PAR) is equal to 1. It means that the horizontal and vertical visual angles (8., 6,) are
identical:

0, =0, =2 x arctan( (4.7)

where R,q is the ratio of viewing distance to picture height. H,;. is the number of
pixels in picture height. The frequency values obtained by Eq. 4.6 and the spatial
contrast sensitivity function (CSF) values [124] of the 8x8 DCT subbands are illustrated
in Figure 4.6. It can be observed that the adjacent DCT subbands present similar
frequency and CSF values. The lower the frequency component, the larger is the CSF
value. After the reorganization process introduced in Section 4.2, the CSF values of the
RDCT subbands Sp, S1, S2, and S3 are larger than 0.5, which are the most sensitive
components to the HVS. By checking the frequency w;; value, we can find that the
frequency values of these RDCT subbands are smaller than 5. Therefore, these RDCT
subbands Sp, S1, S2, and Sz (denoted by the red box) are regarded as the low frequency
(LF) components. For the RDCT subbands Sy, S5, and Sg, the CSF values (except the
one of wss) are larger than 0.2 and smaller than 0.5. And the frequency values (except
wag) are larger than 5 and smaller than 12. These RDCT subbands Sy, Ss, and Sg
(indicated by the blue box) are viewed as the medium frequency (MF) components with
medium sensitivity values. The rest of the RDCT subbands S7, Sg, and Sy (denoted
by the green box) present the lowest sensitivity values and the highest frequency values
larger than 12, which are regarded as the high frequency (HF) components.

The introduced distortion will not only change the histogram distribution in each
RDCT subband and dependencies between adjacent RDCT subbands, but also alter
frequency components of the image. For example, if JPEG is utilized to code the
reference image, the blocking and ringing artifacts will appear as a result of frequency
coefficient truncation. As the quantization steps of the HF components are higher than
the LF ones, the HF' components will be degraded more seriously than LE ones. Here,
the image-level feature FRD is proposed by considering the ratio information between

the LF, MF, and HF components. The FRD can be efficiently computed in the RDCT
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Figure 4.6: Frequency w;; and the spatial contrast sensitivity function (CSF) value of each
DCT subband. Left: frequency w;; value; right: spatial CSF' value.

domain, which is defined as:

FRD Ajgrgl'ug+H‘l’al'g£€ (48)

value

where Lyatue, Hoalue, and Mygiue represent the sums of the absolute DCT coeflicient
values in the LF (Sp, S1, S2, and S3), MF (Sy, S5, and Ss) and HF (S7, Ss, and
Sg) RDCT subbands, respectively. The FRD can help to capture the proportion of
frequency changes caused by the distortions. Furthermore, the larger the value of
FRD, the more energy the MF and HF components possess. It means that the DCT
block is more likely to contain texture information. For the plain block, the energy
mostly concentrates in the LF components. For the edge block, there will be only a
small number of DCT coefficients in the HF group. Consequently, the texture block will
present higher FRD. As discussed in the JND models [119] [122] [124], the texture block
can tolerate more distortions than the plain and edge block, which is interpreted as the
texture masking property of the HVS. Therefore, the proposed FRD can be employed
to simulate the texture masking property for the derivation of the final image quality
metric.

As discussed above, there are total 3 parameters (av 8, desp(p, paﬁ) to depict the
histogram distribution of each RDCT subband. Considering the HVS oblique effect,
only the 3 horizontal subbands are included, which results in 9 parameters. For the inter
RDCT subband relationship, 8 MI values in total are introduced to depict the parent-
child, cousin-child, and brother-child relationships. For the frequency distribution, only

one parameter named as FRD is extracted from the reference image. Therefore, the
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proposed RR method employs 9 4+ 8 4 1 = 18 parameters to represent the reference
image. By comparing them with the ones extracted from the distorted image, the

perceptual quality can be analyzed.

4.5 Perceptual Quality Analysis in the Receiver Side

In the receiver side, we need to compare the extracted features to analyze the percep-
tual quality of the distorted image. The parameters are extracted from intra RDCT

subbands, inter RDCT subbands, and image-level feature FRD.

4.5.1 Intra RDCT Feature Difference Analysis

In the receiver side, for each distorted image, the aim is to compute the CBD between
the coefficient distributions of RDCT subbands from the original image p and the

distorted image pg, respectively:

depp(p,pa) = S0k (p(i) — pali)) (4.9)

However, the coeflicient distributions of the original image are unavailable. Therefore,
we employ the fitted GGD model and the prediction error to approximate the CBD
between p and pg. The inequality property:

S 1Pays (i) — pali)] — 37 [p(i) — Pays(i)]
< SO |p(i) — pald)] (4.10)
< S pays (i) — pa@)] + 00 [p(E) — pays(i)]

implies that dopp(p, pq) is bounded by:

deBD(Pass Pa) — doBD(Pays, P) < dopp(P,pd) < deBp(Pavs, Pa) + doBD(Pays, P)
(4.11)

Here, we employ the lower bound denoted as dog p(p, pa) to approximate the CBD

between p and pg:

dep(p, pa) = doBp(Pas, pd) — doBp(Pas, D) (4.12)

For the distorted image, we need not fit pg to a GGD model, which is not appropriate

for the distorted images. What we compute is the distance dopp(p, pg) between the
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fitted GGD of the reference image and the coefficient distribution of the distorted image
according to Eq. 4.9. By considering the prediction error of GGD modeling, we can
obtain the approximated distance according to Eq. 4.11 to analyse the intra RDCT
relationship changes, which can further help to depict the perceptual quality.

4.5.2 Inter RDCT Feature Difference Analysis

For the inter RDCT subband, the differences between the corresponding MI values of
the adjacent RDCT subbands are calculated:

dprr(Sm, Sn) = I(Sm, Sn) — 1(Sm, Sn) (4.13)

where I(Sy,, S,) is the MI of the RDCT subband S,, and S,, in the reference image,
and I(Sp,, Sp) is the MI of the S, and S,, in the distorted image. In this way, the inter
RDCT subband relationship is captured, which can help to depict degradation level of
the perceptual quality.

4.5.3 Image Frequency Feature Difference Analysis

For the image frequency, as the distortion will degrade the HF, MF, and LF compo-
nents differently, the FRD distance can effectively represent the frequency component
changes:

FL = |FRD07‘i - FRDdz’st| (4'14)

where F'RD,,; is the original feature, FFRD g is calculated from the distorted image,
and FL denotes the frequency information change. As discussed before, FRD can
represent how much texture information the image contains. Therefore, it can help to
simulate the texture masking property of the HVS. Furthermore, as discussed in [187]
[188], for the content of the original image and the artifacts, one’s presence will affect
the visibility of the other. Therefore, a novel mutual masking strategy is proposed by

considering the FRD values of both the original and distorted image:

FL
FL, — ) TLTFRD. FRDori < FRDiist (4.15)
FL
FL+FRD g0 FRDor; 2 FRDgist

where F'L, is the final HVS-related features to depict the frequency information change.

FL in the denominator is employed to scale F'L, into the range [0, 1]. When an image
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containing texture information is smoothed by the distortions, such as JPEG com-
pression and blur, the detailed texture information cannot be perceived by the HVS.
Therefore, no visual masking effect should occur. Also if a smooth image is distorted to
be highly textured by the distortion, such as additive Gaussian noise and fast-fading in
the LIVE image subjective quality database [25], only the noise can be perceived from
the degraded image. In this case, there should be no visual masking effect either. This
phenomenon is named as the mutual masking [189]. In [188], the mutual masking effect
is determined by the minimum value of the thresholds calculated from the original and
distorted image. In this study, as the computed FRD value can depict the texture in-
formation of the image, we employ Eq. 4.15 to depict the mutual masking effect of the
HVS perception, where the smaller value of F'RD,,.; and F' RDg;¢ is employed to model
the masking effect. In this way, only the image is highly textured in both the reference
and distorted images (large FRD,.; and F'RDy;s values) can produce a significant
masking effect. In other cases, an insignificant masking effect will be introduced, as
expressed in Eq. 4.15.

Now we have obtained the CBD values of the intra RDCT subbands, MI difference
values of the inter RDCT subbands, and the F'L, value depicting the image frequency
information change. How to combine them together for developing an effective RR
IQA needs to be considered. Here, a simple linear combination method is employed to

obtain the final quality values:

Q = pary x 3 o dosp (P, PF™) + pary X X ) darr(Sm, Sn) + pars x FLy

(4.16)
where (pary, para, pars) are the three weighting parameters to be determined, @ is
the perceptual quality index of the distorted image. Firstly, we sum together the CBD
values of intra RDCT subbands, and MI differences of inter RDCT subbands, respec-
tively. Their sum values and the F'L, value are further linearly combined together
according to Eq. 4.16. In order to find the optimal parameters (pari, pars, pars), the
genetic algorithm [190] is employed to train them on several distorted images. In this s-
tudy, four reference images and their corresponding distorted images in the LIVE image
quality assessment database [25] are employed to obtain the three parameter values.

The selected four reference images for parameterization are ’'rapids’, ’'paintedhouse’,
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'plane’, and "building2’. The correlation between the DMOS values and the calculated
@ values in Iiq. 4.16 of the training images is maximized to determine the optimized
parameters (pari, parz, pars). As there are only 3 parameters to be determined, the
number of the genes is equal to 3. Each gene uses 8-bit binary representation. Each
gene will be divided by 255 to constrain them within [0,1.0]. The generation gap is
set as 0.9, which means that only 30 — 30 x 0.9 = 3 best fitted genes will be propa-
gated to the successive generation. Therefore, 27 new genes will be produced at each
generation. The crossover for creating new genes is a single-point with probability 0.7.
And the mutation for creating new genes is with probability 0.0014. The number of
generations is set to 100. The initial population is created randomly and uniformly
distributed. The fitness assignment is based on ranking instead of raw performance.
Selection method is stochastic universal sampling. Reinsertion is fitness-based (instead
of uniform random). After performing the genetic algorithm, the parameterization re-
sult is par1=0.4883, par,=0.0313, and pars=0.6719. Furthermore, as in [167] [168], a

logarithm process is employed to scale the perceptual quality index Q:

VQI =logy, (14 £) (4.17)

where VQI is the final obtained quality score, Dy is utilized for scaling the distortion
measure to avoid the variation of ) being too small. It just helps to depict the per-
ceptual quality index clearly, which will not influence the performance of the proposed

RR IQA. In this study, Dy is set as 0.0001 for simplicity.

4.6 Experimental Results

In this sub-section, we firstly show the efficiency of the reorganized DCT strategy
for the proposed method. Subsequently, the performances of different IQAs will be
compared to demonstrate the efficiency of the proposed RR IQA for evaluating the

image perceptual quality.

4.6.1 Efficiency of the DCT Reorganization Strategy

All the reference images from the LIVE image database [25] are employed to demon-
strate the efficiency of the DCT reorganization strategy, compared with the steerable

pyramid [167] [168], which has been employed in the FR 1QAs, such as VIF [72]. As
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Figure 4.7: Prediction error of the reference images in the LIVE image database [25].

illustrated in [167] [168], after the 3-scale, 3-orientation steerable pyramid decomposi-
tion, the high-frequency subbands correspond to the reorganized DCT subbands from
S1 to Sy. As described in Section 4.4.1, the average prediction error, specifically the
CBD, between the fitted GGD function and the actual coefficient distribution of the 6
subbands (from Sy to Sy), are employed as the criterion to evaluate the performances of
different transforms. According to the definition in Eq. 4.4, the smaller the prediction
error, the better fitting is the GGD function, which means that the GGD can more
accurately describe the coefficient distribution. The prediction error of each reference
image in the LIVE image database is illustrated in Figure 4.7. It can be observed that
for most images the prediction errors using the reorganized DCT are smaller than those
using the steerable pyramid. The average prediction error using the reorganized DCT
of all the images is only 0.1183, compared with 0.1664 using the steerable pyramid.
This result means that the coefficient distributions of the reorganized DCT subbands
are more suitable for GGD modeling, which will further help improve the RR IQA

performance.

4.6.2 Performance of the Proposed RR IQA

We compare the performance of our proposed RR IQA with the representative RR
image quality metric: WNISM [167] [168], recently developed RR-LHS [165], EPSNR
[164], RR-DNT [169], RR-SSIM [172] [173], RR-Weibull [174], RR-Edge [175], and the
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FR metrics: PSNR, and SSIM [68]. The LIVE image database [25] (excluding the
distorted images generated from the four training reference images), the IRCCyN/IVC
image database [26], and the MICT image database [27] are employed to compare the
performances of these metrics. Detailed information of these image databases can be
referred to Section 1.3.3. As usual, three statistical measurements LCC, SROCC, and

RMSE are employed to evaluate the corresponding performances of these metrics.

Database Method LCC SROCC | RMSE | RR feature | RR data
number rate
PSNR 0.8759 | 0.8813 | 13.157 - -
SSIM 0.9041 0.9112 11.653 - -
WNISM 0.7585 | 0.7709 | 17.771 18 162 bits
LIVE EPSNR 0.6571 | 0.6257 | 20.559 30 270 bits
RR-LHS 0.8809 | 0.8831 | 12.909 320 2560 bits
RR-Weibull | 0.8567 | 0.8650 | 14.475 6 *
RR-Edge 0.8613 | 0.8908 | 14.256 12 96 bits
Proposed | 0.9309 | 0.9279 | 9.965 18 153 bits
PSNR 0.7037 | 0.6791 0.866 - -
SSIM 0.7758 | 0.7778 | 0.769 - -
WNISM 0.4525 | 0.4094 1.087 18 162 bits
EPSNR 0.3947 | 0.3958 1.119 30 270 bits
TRCCyN/IVC RR-LHS 0.8078 | 0.8203 0.718 320 2560 bits
RR-DNT 0.6316 | 0.6099 | 0.9446 48 *
RR-SSIM 0.8177 | 0.8156 | 0.7014 36 *
Proposed | 0.7712 | 0.7649 | 0.776 18 153 bits
PSNR 0.6154 | 0.5748 | 0.987 - -
SSIM 0.7174 | 0.7870 | 0.872 - -
WNISM 0.6568 | 0.6446 | 0.944 18 162 bits
MICT EPSNR 0.4016 | 0.4059 1.146 30 270 bits
RR-LHS 0.7623 | 0.7644 | 0.810 320 2560 bits
RR-DNT 0.6733 | 0.6521 | 0.9253 48 * bits
RR-SSIM 0.8051 | 0.8003 | 0.7423 36 * bits
Proposed | 0.8282 | 0.8317 | 0.701 18 153 bits

Table 4.2: Performance comparisons of different RR IQAs over different image subjective
quality databases. (”-” means that the IQA is an FR metric, where the RR feature number is
the pixel number of the image, and the RR data rate is also viewed as the whole image. 7*”
means that the RR IQA only calculates the number of the features, while the number of the
bits for representing the RR parameters cannot be provided.)

The performances of different 1Q As over different image subjective quality databases
are illustrated in Table 4.2, where the RR data rate of each IQA is also illustrated. It

can be observed that the proposed method can outperform the other RR and FR
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Figure 4.8: Scatter plots of the DMOS values versus model predictions on the LIVE image
quality assessment database.

metrics on the LIVE [25] and MICT [27] image databases, with larger LCC/SROCC
and smaller RMSE value. While for the IRCCyN/IVC [26] image database, only the
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Figure 4.9: Scatter plots of the DMOS or MOS values versus model predictions on the three
image subjective quality databases. Fach sample point represents one test image.

metrics RR-LHS and RR-SSIM can generate better performances. However, these
two RR metrics require a much larger bit rate to represent the RR features than the
proposed RR metric. From Table 4.2, experimental results demonstrate that PSNR
performs badly, although it requires the whole reference image for perceptual quality
analysis. The reason is that PSNR only measures the pixel absolute differences, which
does not take the HVS property into consideration. For SSIM, the structural distortions
are measured rather than the absolute pixel value differences, which are sensitive to
the HVS perception. Therefore, SSIM demonstrates a better performance than PSNR.
However, SSIM also utilizes the whole reference image for quality analysis, which will

introduce a heavy burden for the RR feature transmission. For EPSNR, in order to
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reduce the bits to represent the location, the reference and distorted images are firstly
cropped to 614x454, where only the central parts are kept. Therefore, as shown in [164],
19 bits are required to encode the location, while 8 bits are needed to represent the
pixel value. In our comparisons, 10 pixels together with their locations are employed as
the RR features, which require 270 bits in total for representation. The performances of
EPSNR over the three databases seem to be the worst. Although the HVS is sensitive to
the edges, 10 edge points are not sufficient to accurately represent the image perceptual
quality. If more edge pixels are included, the performance will be better. In that case,
a heavy burden for transmitting the RR features will be introduced.

For RR-Weibull and RR-Edge, as the authors only provide the performance result-
s on the LIVE image database, their performances results on the IRCCyN/IVC and
MICT image databases are not available for comparison. RR-Weibull extracted 6 s-
calar parameters from each source image to depict the statistics of the image gradient
magnitude. It can generate a better performance than WNISM and EPSNR. However,
as the number of the RR features is very small, which may not be sufficient to depict
the information of the source image, the performance is not good enough, compared
with other RR image metrics. RR-Edge further incorporated more RR features to de-
pict the statistics of the edge. In total, 12 RR features are extracted from the source
image, which generates a better performance compared with RR-Weibull. However, it
is still not good enough. Since RR-LHS considers the motion information to design
the RR video quality metric, in our comparisons only the discriminative local harmon-
ic strength in the spatial domain is employed for the RR image quality assessment.
Therefore, about 320 elements of each image are extracted as the RR features. If 8
bits are employed to encode each element, the RR data rate is 2560 bits. It is a high
burden for the RR data transmission. For RR-DNT and RR-SSIM, the performance
results on the three image databases are illustrated in [173].

All the 779 distorted images in the LIVE image database are employed to demon-
strate the performances of RR-DNT and RR-SSIM. However, as the proposed method
utilized four reference images and the corresponding distorted images for training the
parameters, it is not fair to compare RR-DNT and RR-SSIM with the proposed method

on the LIVE database. Therefore, only the performance comparisons on IRCCyN/IVC
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and MICT image databases are illustrated in Table 4.2. RR-DNT employs the divi-
sive normalization to depict the coefficient distributions of the wavelet subbands. The
distribution difference between the reference and distorted images is used to depict the
image perceptual quality. However, a training process is utilized to determine the 5 pa-
rameters in RR-DNT. And the performances of RR-DNT seem to be sensitive to these
parameters. That is the reason why RR-DNT performs very well over the LIVE image
database, while performs poorly over the IRCCyN/IVC and MICT image databases.
RR-SSIM extracted the statistical features from a multi-scale, multi-orientation divi-
sive normalization transform. By following the philosophy in the construction of SSIM,
a distortion measurement is developed to estimate the SSIM index of the distorted im-
age. As a linear relationship between the RR-SSIM and SSIM has been discovered, the
performances of RR-SSIM are good, which is comparable with the proposed method.
RR-SSIM outperforms the proposed metric on the IRCCyN/IVC database, while its
performance is worse than the proposed one on the MICT database. However, RR-
SSIM extracted 36 RR features to represent the source image, which is twice of that
extracted by the proposed RR metric.

WNISM [29] [30] is proposed in the wavelet domain by depicting the marginal prob-
ability distribution of each wavelet subband. The steerable pyramid is firstly employed
to decompose the image into several wavelet subbands, whose coefficient distribution-
s are modeled by GGD. As demonstrated in Section 4.6.1, GGD can more accurately
model the coeflicient distribution of RDCT subband than that of the steerable pyramid.
Moreover, KLD is utilized in WNISM to depict the histogram distribution distance.
However, KLLD is asymmetric, which is not suitable for image quality evaluation, be-
cause the visual quality distance from one image to another should be identical no
matter how it is measured. Those are the reasons why WNISM performs badly over
the three image quality databases, as illustrated in Table 4.2.

For the RR data rate, each wavelet subband needs 3 parameters to describe its
distribution, which requires 8 +8 4 8 43 = 27 bits for representing these parameters.
In total 6 wavelet subbands are considered to construct WNISM, which results in
27 x 6 = 162 hits to encode all the RR features of the reference image. For the proposed
method, the intra RDCT subband relationship is captured by GGD modeling and CBD;
the inter RDCT subband correlation is depicted by the MI values; and the frequency
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distribution is captured by FRD, which can further simulate the HVS texture masking
property. As the three horizontal RDCT subbands are employed for depicting the intra
RDCT subband distribution, (8 + 8 + 8 ++ 3) x 3 = 81 bits are needed to represent
the GGD modeling parameters. For the MI and FRD values, &-bit representation is
employed. Therefore, 8 x 9 = 72 hits are needed for representing all the MI and FRD
values. In total, 81+ 72 = 153 bits are required to encode all the RR features extracted
for the proposed method. The scatter-plots of different IQAs over the LIVE image
database are illustrated in Figure 4.8. And the scatter plots of the proposed RR metric
on the three image subjective quality database are illustrated in Figure 4.9. It can be
observed that the points of the proposed method scatter more closely to the fitted line,
compared with other IQAs. Tt means that the DMOS or MOS values correlate better

with the perceptual quality values obtained by the proposed RR IQA.

4.6.3 Performance of the Proposed RR IQA over Each Individual Distortion Type

Furthermore, we tested the proposed RR IQA over individual distortion types from
the LIVE image database, which are illustrated in Table. III. It can be observed that
PSNR performs well over JPEG2000 and WGN images, especially for WGN images.
However, for the JPEG, Blur, and FF noise images, PSNR, performs poorly. EPSNR
only employs several edge pixels to measure the corresponding PSNR. Therefore, it
presents a performance similar to PSNR. For the WGN images, EPSNR demonstrates
a very good performance. It means that the perceptual qualities of WGN images
correlate closely with the absolute pixel value differences, in contrast to other noise
images. RR-LHS demonstrates good performances on the JPEG2000, JPEG, WGN,
and FF noise images. However, its performance over the Blur noise images is very
poor, even a very large number of RR features has been employed. It means that
the discriminative local harmonic strength is not suitable for depicting the perceptual
quality of the Blur noise images.

For WNISM, RR-Weibull, and RR-Edge, the experimental results over the individ-
ual distortion types are very good. However, their performances degrade significantly
when images with different types of distortions are tested together, as shown in Ta-

ble 4.2. As revealed by the previous literature [169], it is also the main drawback
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of WNISM. The experimental results demonstrate that proposed RR metric outper-
forms WNISM except for the JPEG 2000 distortion. Actually, JPEG 2000 employed
the wavelet transform for compression. Therefore, the steerable pyramid employed
in WNISM is more suitable for depicting the coefficient distribution than the DCT.
Also as new RR features, specifically the inter RDCT subband MI and image FRD
F Ly, have been introduced, the performance has been greatly improved. Therefore,
the proposed method not only performs very well over individual distortion types, but
also provides a good performance across different distortion types. It means that it
performs more robustly for evaluating image visual quality. Furthermore, the proposed
metric maintains a smaller RR data rate, compared with WNISM, and RR-LHS. The
improvements have demonstrated that the intra and inter RDCT subband dependen-
cies and the image F'L, value are helpful for designing an effective RR IQA. It reflects
that the CBD difference, MI differences, and F'L, value can help to depict the levels
of the introduced distortions. Therefore, for the proposed RR IQA, the RR features
for depicting the vertical RDCT subbands are excluded to save some bit rates for the
inter RDCT subband MI values and image FRD value.

As illustrated in Table 4.2 and Table 4.3, the effectiveness of our proposed RR
quality metric has been clearly demonstrated compared with the other RR metrics
or even FR metrics in terms of both performance and required RR data rate. The
computational complexities of RR feature extraction and comparison need to be further
evaluated. The processing complexity in the sender side is different from that in the
receiver side. In the sender side, as introduced in Section 4.4, 8x8 block-based DCT
is firstly performed on the source image. After the reorganization strategy, the DCT
subbands are grouped into several representative RDCT subbands. The DCT coefficient
distribution of each RDCT subband is modeled by the GGD. MI is employed to depict
the relationship between different RDCT subbands. Based on the RDCT subband, the
image FRD F'L, is calculated.

We implemented the RR feature extraction in Matlab. During our implementation,
we did not perform any optimizations. A speed test was performed on our PC with a
3.0GHz Quad CPU and 1.0GB memory. For each source image of LIVE image database,
it only requires 2.94s on average to extract the RR features. In the receiver side, as

illustrated in Section 4.5, the 8x8 block-based DCT and reorganization strategy was
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Method JPEG2000 | JPEG | WGN | Blur FF
LCC 0.9078 0.8942 | 0.9857 | 0.7856 | 0.8880
PSNR SROCC 0.9042 0.8853 | 0.9850 | 0.7894 | 0.8897
RMSE 10.546 14.406 | 4.711 | 11.214 | 12.898
LCC 0.9270 0.8629 | 0.8791 | 0.9234 | 0.9422
WNISM SROCC 0.9211 0.8539 | 0.8572 | 0.9290 | 0.9350
RMSE 9.434 16.258 | 13.346 | 6.955 | 9.399
LCC 0.6773 0.6489 | 0.9700 | 0.4890 | 0.6129
EPSNR SROCC 0.6816 0.6400 | 0.9670 | 0.3086 | 0.5612
RMSE 18.500 24.280 | 6.776 | 15.807 | 22.167
LCC 0.8861 0.9761 | 0.9345 | 0.6051 | 0.8569
RR-LHS SROCC 0.8792 0.9557 | 0.9848 | 0.6250 | 0.8575
RMSE 11.654 6.995 | 9.970 | 14.427 | 14.462
LCC 0.9422 0.9493 | 0.9771 | 0.9471 | 0.9234
RR-Weibull SROCC 0.9415 0.9402 | 0.9749 | 0.9404 | 0.9261
RMSE 7.912 10.115 | 5.954 | 5.817 | 10.741
LCC 0.9404 0.9383 | 0.8815 | 0.9152 | 0.9421
RR-Edge SROCC 0.9406 0.9408 | 0.8654 | 0.9083 | 0.9329
RMSE 8.592 11.128 | 13.224 | 7.302 | 9.400
LCC 0.8983 0.9528 | 0.9275 | 0.9459 | 0.9437
Proposed SROCC 0.8912 0.9520 | 0.9093 | 0.9525 | 0.9204
RMSE 11.051 9.766 | 10.471 | 5.880 | 9.277

Table 4.3: Performances of different IQAs over individual distortion types on the LIVE image
database

also performed. But the fitting process of the GGD does not need to be performed.
Only the histogram of each RDCT subband was constructed. And MI values between
RDCT subbands, and the image FRD F'L, are calculated. Therefore, the computation
is faster. The speed test was performed on the same PC, which indicates that only 1.93s
per image on average is needed for the image quality analysis. If further optimization
is applied, it is believed that the quality analysis in the receiver side can perform even

faster.

4.6.4 Statistical Significance

To assess the statistical significance of the performance difference between two metrics,
F-test was conducted on the prediction residuals between the metric outputs (after
nonlinear mapping) and the subjective ratings. The residuals are supposed to be Gaus-
sian. Smaller residual variance implies more accurate prediction. Let I’ denotes the
ratio between the residual variances of two different metrics (with the larger variance

as the numerator). If F'is larger than F ;e Which is calculated based on the number
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of residuals and a given confidence level, then the difference between the two metrics
are considered to be significant at the specified confidence level. Table 4.4 lists the
residual variance of each metric on the three subjective image databases. Notably due
to the differences in employed subjective scales, the residual variance varies a lot across
different image databases. The Fi, itca with 95% confidence is also shown in Table IV
for each database.

In Table 4.5, the proposed metric is compared with the other metrics regarding
the statistical significance. In each entry, the symbol 717, 70", or =" means that
on the image databases indicated by the first row of the table, the proposed metric
is statistically (with 95% confidence) better, worse, or indistinguishable, respectively,
when compared with its competitors indicated by the first column. ”*” means that
the comparison cannot be performed due to the unavailable result data. For the RR
metrics RR-Weibull and RR-Edge, the metric outputs of the distorted images on the
IRCCyN/IVC and MICT image databases are not available. Therefore, we cannot
compare the statistical significances of these two metrics with the proposed method on
these two databases. By referring to the other entry values shown in Table 4.5, it can
be observed that the proposed metric outperforms most of its competitors statistically.
Although its performance on IRCCyN/IVC image database seems to be equivalent

to other TQAs, overall it demonstrates better performances on the other two image

databases.
LIVE(672 images) | IRCCyN/IVC(185 images) | MICT(168 images)
Fcritical:1-1355 Fcritical:1-275 Fcritical:1-291

PSNR 173.3645 0.7534 0.9804
SSIM 136.0017 0.5942 0.7647
RR-LHS 166.8887 0.5186 0.6600
EPSNR 423.3052 1.2599 1.3213
RR-Weibull 209.8357 - -

RR-Edge 203.5310 - -

WNISM 333.7304 1.1869 0.8958
Proposed 99.6236 0.6049 0.4948

Table 4.4: Residual variances of the IQAs on the three image subjective quality databases
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LIVE(672 images) | IRCCyN/IVC(185 images) | MICT(168 images)
Fcriticalzl- 1355 Fcriticalzl 275 Fcriticalzl 291
PSNR 1 = 1
SSIM 1 = 1
RR-LHS 1 = 1
EPSNR 1 1 1
RR-Weibull 1 * *
RR-Edge 1 * *
WNISM 1 1 1

Table 4.5: Performance comparisons regarding the statistical significance. In each entry, the
symbol 71”7, 70” or ”=" means that on the image database the proposed RR metric is statisti-
cally (with 95% confidence) better, worse or indistinguishable in comparison to its competitor.
7#*7 means that the comparison cannot be performed due to the unavailable result data.

4.6.5 Performance Analysis of Each Component

As we have mentioned before, the intra RDCT subband correlation, the inter RDCT
subband dependency, and the image frequency distribution are utilized to design the
RR IQA. In this part, we will try to figure out the contribution of each component to
the final performance.

Table 4.6 illustrates the individual performance of each component of the proposed
RR metric over the LIVE image database. For the CBD values of intra RDCT subband-
s, only three horizontal RDCT subbands are considered. Therefore, as 3 parameters are
required to depict the coefficient distribution, 3 x3 = 9 parameters are extracted for the
RR features of intra RDCT subband correlation. According to the HVS oblique effect,
HVS presents similar sensitivity to the horizontal and vertical information. Therefore,
by considering only the horizontal ones, the visual quality of the distorted image can
be accurately depicted.

For the MI difference of inter RDCT subbands, 8 MI values are employed to de-
pict the parent-child, cousin-child, and brother-child dependencies. The performance
is better than the WNISM, while it only requires far smaller number of RR features (8
parameters vs. 18 parameters of WNISM). Additionally, it can be observed that the
MI differences perform worse than the CBD values. The reason is that the correlations
between inter RDCT subbands have been essentially ensured by the linear transforma-
tions. Therefore, compared with the coeflicient distribution in each RDCT subband,
the MI values between different subbands vary less significantly, thus cannot effectively

depict the image distortions. However, the introduced distortion in the image will affect
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the MI values between RDCT subbands. Therefore, it is necessary to incorporate the
inter RDCT subband dependencies in designing the RR 1QA, which plays a less but
nevertheless an important role in image quality assessment.

For the F'L, of the image, the performance is very good. Even with only one
parameter FRD extracted from the reference image, the performance is comparable
with PSNR, and even better than WNISM, RR-Weibull, and RR-Edge, as shown in
Table. 4.2. Therefore, if we want to further reduce the RR data rate, we can extract the
FRD only and transmit it to the receiver side for perceptual quality analysis. It only
requires 8 bits to represent the FRD of the reference image. The good performance may
attribute to two reasons. Firstly, the distortions introduced will significantly change
the frequency distribution of the image. The larger the FRD changes, the higher the
distortion level. For example, the more compression is introduced for JPEG coded
image, the more HF and MF components are discarded, compared with the LI ones.
The FRD differences as in Eq. 4.14 will become larger, which indicates worse perceptual
quality. Therefore, the FRD difference can depict the distortion level. Secondly, the
mutual masking strategy is employed as formulated in Eq. 4.15. As discussed in [187],
for the content of the original image and the artifacts, one’s presence will affect the
visibility of the other. Therefore, by using mutual masking, the texture masking effect

of the HVS can be more accurately simulated.

CBD MI FL,
LCC 0.8983 0.7746 0.8770
SROCC 0.8943 0.7697 0.8809
RMSE 11.981 17.248 13.106

Table 4.6: Performance of each component of the proposed RR metric on LIVE image
database.

In order to further demonstrate the contribution of each component of the proposed
RR metric, different combinations of these components are evaluated on the LIVE im-
age database, as well as over each individual distortion type. The experimental results
are illustrated in Table 4.7 and Table 4.8. It can be observed that the proposed method
can outperform all of these different combinations. It means that each component of
our proposed RR metric does contribute to the final performance. Comparing the three

combinations, we can see that CBD+F'L,, can achieve the best performance. It is also
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consistent with the performances illustrated in Table 4.7, where CBD and F'L, perform
better than MI. However, CBD+F'L, is still not as good as the proposed RR metric.
Therefore, the MI is a necessary component that contributes to the performance im-
provement of the proposed RR metric. In this case, if a very small RR data rate is
required, we can extract F'L, and transmit it to the receiver side for perceptual quality
analysis. With the increasing of the required RR data rate, we can further transmit
the CBD RR features to the receiver side. Finally, if the RR data rate is sufficient,
all the three components, specifically the F'L,, CBD, and MI, will be extracted and

transmitted to the receiver side for a better performance.

CBD+MI CBD+FL, FL,+MI
LCC 0.9100 0.9206 0.9114
SROCC 0.9050 0.9194 0.9127
RMSE 11.309 10.652 11.220

Table 4.7: Performances of the combinations of different components of the proposed metric.

Method JPEG2000 | JPEG | WGN | Blur FF
LCC 0.8461 0.9347 | 0.9141 | 0.9245 | 0.9394
CBD-+MI SROCC 0.8400 0.9241 | 0.9010 | 0.9331 | 0.9177
RMSE 13.403 11.438 | 11.357 | 6.907 | 9.617
LCC 0.8908 0.9556 | 0.9150 | 0.9320 | 0.9383
CBD+FL, SROCC 0.8821 0.9540 | 0.8988 | 0.9406 | 0.9170
RMSE 11.426 9.479 | 11.296 | 6.568 | 9.703
LCC 0.9315 0.9586 | 0.9294 | 0.9652 | 0.9288
'L, +MI SROCC 0.9223 0.9597 | 0.9144 | 0.9666 | 0.9268
RMSE 9.149 9.160 | 10.331 | 4.736 | 10.395

Table 4.8: Performances of the combinations of different components of the proposed metric
over individual distortion type.

4.7 Conclusion

In this chapter, we propose a novel RR IQA by considering the intra and inter subband
correlations in the RDCT domain. The CBD and MI values are firstly employed to
depict the intra and inter RDCT relationships, respectively. The FRD calculated in
RDCT domain depicts the frequency distribution of the images, which can be employed
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to simulate the HVS texture masking effect in a mutual masking way. Combining the
CBD values, MI differences, and FRD value together, an effective RR IQA is developed.
Evaluations on several image quality databases demonstrate that the proposed method
outperforms the state-of-the-art RR metrics and even FR metrics PSNR and SSIM. It
means that the proposed metric correlates well with the human perception of the image

quality. Meanwhile, only a small number of RR features are extracted.



Chapter 5

Reduced Reference Video Quality Assessment

5.1 Introduction

As introduced in Section 4.1, many RR IQAs have been developed by considering the
distortions behaviours, HVS properties, and the statistics modeling of visual signals.
Nowadays, many RR VQAs are developed by extending the RR IQA by characterizing
the distortions in spatio-temporal domain rather than in spatial domain only. Among
these RR VQAs, VQ Model [80] is one of the best proponents of the VQEG FRTV
Phase II tests [65]. For a video sequence, VQ Model generates seven distortion factors
to measure the perceptual effects of a wide range of impairments, such as blurring,
blockiness, jerky motion, noise and error blocks, etc. Viewed conceptually, VQ Mod-
el’s distortion factors are all calculated in the same steps. Firstly, the video streams
are divided into 3D Spatial-Temporal (S-T) sub-regions typically sized by 8 pixel x
& lines x 0.2 second; then feature values are extracted from each of these 3D S-T re-
gions by using statistics (mean, standard deviation, etc.) of the gradients obtained
by a 13-coefficient spatial filter, and these feature values are clipped to prevent them
from measuring unperceivable distortions; finally these feature values are compared and
their differences combined together for quality prediction. Three feature comparison
methods used by VQ Model are Euclidean distance, ratio comparison, and log compar-
ison. Also as aforementioned, RR-LHS [165] employed discriminative local harmonic
strength with motion consideration to evaluate the distorted video quality. The gra-
dient information of each frame is employed for harmonic and discriminative analysis.
Furthermore, Zeng et al. [191] [192] extended the RR IQA to VQA, by modeling the
video natural temporal statistics. In [191], the temporal motion smoothness of a video

sequence is proposed to examine the temporal variations of local phase structures in

113
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the complex wavelet transform domain. In [192], both intra- and inter-frame RR fea-
tures are calculated based on the statistical modeling of natural videos. Together with
a robust video watermarking approach, a quality-aware video system is developed. It
has been demonstrated that these two RR VQAs present good measurement of the in-
dividual distortion level. However, these metrics are not evaluated over the subjective
quality video database, which leads to a deficiency of the evaluation results.

This study deals with the RR quality assessment by extending the previous work
RR IQA introduced in Section 4 for compressed video sequences. With inspiration
from the RR IQAs, an efficient RR VQA for compressed video sequences is proposed.
Firstly, from the spatial perspective, an energy variation descriptor (EVD) is proposed
to measure the energy change of each distorted frame. The proposed EVD can also be
utilized to simulate the texture masking property of the HVS. For the temporal distor-
tion, the generalized Gaussian distribution (GGD) is employed to model the histogram
distribution of the inter frame difference. The city-block distance (CBD) is used to
calculate the histogram difference between the original video and the distorted one.
Finally, the perceptual quality index is derived by combining the spatial EVD together
with temporal CBD. The rest of the chapter is organized as follows. The detailed algo-
rithm will be introduced in Section 5.2. Section 5.3 will demonstrate the performance

comparisons. Finally, the conclusion will be given in Section 5.4.

5.2 Proposed Reduced Reference Video Quality Metric

The general framework of the RR VQA system is illustrated in Figure 5.1. In the sender
side, the RR features which are sensitive to the HVS perception are firstly extracted
from the original video sequence. Then the original video is encoded and transmitted
to the receiver side. The corresponding RR features can be embedded into the coded
bit-streams or transmitted through an ancillary data channel to the receiver side. After
decoding, the processed features can be calculated from the compressed video sequence.
By comparing the processed features with the ones of the original video sequence, the
visual quality index of the compressed video can be generated.

As aforementioned, in order to develop an efficient RR VQA several challenges need
to be considered. In the sender side, the extracted features need to be sensitive to a

variety of video coding distortions, not only from the spatial perspective but also from
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Figure 5.1: General framework of the RR VQA system.

the temporal perspective. Also these features have to be relevant to the HVS perception
of the video quality. The second important issue is the computational complexity of the
RR feature calculation. If the complexity is too high, the receiver cannot easily compute
the processed features from the compressed video. Consequently it cannot practically
monitor the visual quality of the distorted video. Therefore, the feature computation
process should be efficient. Another important aspect is that the RR feature selection
should consider not only the prediction accuracy of the quality metric, but also the data
rate of the RR features. For a higher data rate, one may include more information of the
reference video. Thus a good performance can be obtained, but this on the other hand
will introduce a heavy burden to the RR feature transmission. Actually, the FR VQA
is one extreme case of RR VQA, with the data rate being the whole reference video.
With a smaller data rate, little information of the reference image/video is available,
resulting in poor quality prediction accuracy. As such, we can regard the NR VQA as
another extreme case of RR VQA, with no information from the reference video. How
to balance the data rate and performance is the key point for RR feature selection.
The framework of extracting the RR features in the sender side is illustrated in
Figure 5.2. For each original video frame, the RR feature representing the distortions
from the spatial perspective is calculated. As the difference frame can depict the
temporal relationship between adjacent frames, the temporal features are extracted
from each difference frame. After the feature extraction, the compression process is

performed to represent the RR features in limited bits, which can be easily transmitted
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Figure 5.2: RR feature extraction in the sender side.

to the receiver side for visual quality analysis. The following sections will introduce the

detailed information of feature extraction from both spatial and temporal perspectives.

5.2.1 Reduced Reference Feature Extraction from Spatial Perspective

The distortion of the video sequence encoded by MPEG-2 and H.264 is introduced
during the quantization process, which quantizes the DCT coefficients of the spatial
blocks into different levels. It can help to efficiently reduce bit-rates for representing
the video sequence. However, the quantization process results in the useful information
loss. Intuitively, the larger the quantization step, the more is the information loss is,
and the worse is the perceptual quality of the encoded video. Therefore, the information
loss has certain implicit relationship with the video perceptual quality. In this study,
we propose an energy variation descriptor (EVD) to represent the spatial information
loss.

For each block-based DCT (take an 8x8 DCT for an example), the DCT sub-
bands can be categorized into different frequency bands, namely, high frequency (HF),
medium frequency (MF), and low frequency (LF). In JND estimation [119] [122], the
authors employed the energies of different subbands to indicate different block types.
Based on these different types, the visual texture masking property is described. The
frequency categorization of DCT subbands is illustrated in Figure 5.3. Let L, M, and
H represent the sums of the absolute DCT coeflicient values in the LF, MF and HF
groups, respectively. It should be noted that the quantization matrix is not uniformly
distributed. The higher the DCT frequency, the larger the quantization parameter is.

The reason is that the HVS is more sensitive to the LF components, which should be
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Figure 5.3: RR feature extraction in the sender side.

preserved during the quantization process. Therefore, it is not reasonable to record the
absolute values of I, M, and H, which cannot effectively depict information loss. In
this part, the corresponding frequency ratio EVD is proposed to depict the HVS-related

information loss, which is defined as:

BEVD M+ H

(5.1)

The above definition is for each 8x8 DCT block. You can sum all the L, M, and
H values over all the blocks to get the EVD value for a whole image/frame. From
the definition, we can see that the EVD depicts the frequency energy proportion of the
original video frame. When the distortion is introduced, specifically in the quantization
process, the energies of MF and HF components will change more significantly than
the LF ones. Thus, the EVD can accurately depict the changes and effectively capture
the information losses. Furthermore, the larger the value of EVD, the more energy
the MF and HF components possess. It means that the DCT block is more likely
to contain texture information. For the plain block, the energy mostly concentrates
in the LF components. For the edge block, there will be only a small number of
DCT coefficients in the HF group. Consequently, the texture block will present higher
EVD. As discussed in the JND models [119] [122], the texture block can tolerate more
distortions than the plain and edge block, which is interpreted as the texture masking

property of the HVS. Therefore, the proposed EVD can be employed to simulate the
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Figure 5.4: RR feature extraction in the sender side.

texture masking property for the derivation of the final video quality metric.

5.2.2 Reduced Reference Feature Extraction from Temporal Perspective

The temporal RR feature extraction strategy is illustrated in Figure 5.4. Firstly, the
temporal relationship between adjacent frames needs to be depicted. The block-based
motion estimation [193] [194] and optical flow [195] are employed to explore the motion
information between the corresponding blocks or pixels of adjacent frames. However,
although they can provide much more accurate information for describing the motion,
the computational complexity is too high for practical implementations, especially in
the receiver side. Therefore, we simply employ the difference image for characterizing

the temporal relationship between adjacent frames:

D) =I() —I(i—1),i€2,3,...,N (5.2)

where (i) is the i — th original video frame, D(i) is the corresponding difference frame,
N is the total frame number of the video sequence. This simple scheme has been proved
to be effective for detecting the visual saliency map of the natural video sequences
[147]. Since luminance is more important than chrominance for our visual system,
only the luminance information is considered to compute the difference frame. In
order to illustrate the statistical property of the difference image, several original video
sequences, such as PA, PR, RB, and TR are selected from the LIVE video quality
database [17] [18] for demonstration, as illustrated in Figure 5.5. In order to provide a
better visualization, the difference image has been reconstructed by 128+ ( Pizely alue).
It can be observed that the pixel values of the difference image mostly concentrate
around zero, which generates a highly kurtotic distribution (with a sharp peak at zero

and a fat-tail distribution). As demonstrated in [167] [168], the histogram distribution
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of the wavelet coefficient is highly kurtotic. And this highly kurtotic distribution can
be well fitted by the generalized Gaussian density (GGD) function. Furthermore, the
coefficient distribution of the RDCT subband, presenting highly kurtotic, can also be
modeled by GGD as shown in Section 4.4.1. Therefore, in this study the GGD is
employed to model the histogram distribution of the difference image. The probability
density function (PDF) of GGD is defined as:

Pas(x) = ﬁem){ - (%)a} (5.3)
where o models the width of the PDF peak (standard deviation), while /5 is inversely
proportional to the decreasing rate of the peak. « and § are also referred to as the

scale and shape parameters, respectively. I" is the Gamma function given by:

) — /O e eap(—t)dt (5.4)

The GGD model can accurately model the histogram distribution, as demonstrated in
Figure 5.5, where the actual histogram distribution and the fitted GGD curve overlap
with each other. Furthermore, it can be observed that the GGD model can work
effectively with different types of video sequences. For example, the PA video sequence
is captured by a static camera, which results in a great proportion of the pixel value
around zero, whereas the PR video sequence is captured by a moving camera, hence
the pixel value distribution is much flatter. On the other hand, the RB video sequence
is rich of dynamic texture information, and the TR video sequence is captured with a
camera zooming effect.

By considering the maximum-likelihood estimation and assuming 5 > 0, we can

obtain the approximated & [196] according to:

L

G = (% 3 |xi|/8)‘1* (5.5)

i=1
where x; is the pixel sample from the corresponding difference image, L denotes the
total number of the pixels. From Eq. 5.5, it can be observed that the estimated & is
related to the energy of the difference image in the S-norm. The difference energy can
somewhat reflect the temporal changes between adjacent frames. That is the reason

why we introduce GGD to model the histogram distribution of the difference image,
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Figure 5.5: Left: the 11'* difference image of the original video sequence, right: its corre-
sponding histogram (blue line), and the fitted GGD curve (red line). From top to bottom: the
PA, PR, RB, and TR video sequence from the LIVE video quality database [17] [18]

not only because of the modeling accuracy but also its ability to indicate the energy of
frame difference. As demonstrated in [154] [158], the energy of the frame difference is
useful to measure the temporal content for video quality assessment. Furthermore, in

order to improve the modeling accuracy, another parameter besides («, 3) is introduced,
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Figure 5.6: Framework of visual quality analysis in the receiver side.

which is named as CBD, which has been introduced:

deBp (s Pa,g) Z [p(i) — Pa,s(1)] (5.6)

where p(i) is the actual histogram of the difference image, p, g(é) is the fitted GGD
curve, and Ay is the total number of the histogram bins. Compared with KLLD, CBD
is symmetrical, which makes it more reasonable for evaluating the histogram distance
as discussed in Section 4.4.1.

For each video frame, one parameter EVD is recorded to depict the spatial infor-
mation loss, and three GGD parameters {c, 5, dcpp(p, Pa,g)} are extracted from each
difference image for describing the temporal information. Therefore, there will be 4
parameters per frame in total to be recorded and transmitted to the receiver side for
the quality assessment. For the EVD parameter, it is quantized into 8-bit precision for
transmission. For the 3 GGD parameters, same as in [167], 8 and dopp(p, Pa,s) are
quantized into 8-bit precision, and « is represented using 11-bit floating point, with &8
bits for mantissa and 3 bits for exponent. The quantization steps are set uniformly to
represent the corresponding parameters in a limited number of bits. Therefore, for each
frame, only 8 + 8 + 8 + 8 + 3 = 35 bits are required to represent the RR features. As
the data rate is very small, the features can be easily transmitted through an ancillary
data channel. Furthermore, they can also be embedded into the same video signal with

a robust watermarking scheme [192].

5.2.3 Visual Quality Analysis in Receiver Side

In the receiver side, as shown in Figure 5.1, we need to evaluate the visual quality of
the compressed video sequence based on the RR features of the original video. The

framework of the visual quality analysis in the receiver side is illustrated in Figure 5.6.
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Firstly, the feature calculation procedure is performed on the distorted sequence to
obtain the processed features, which consist of the spatial EVD and temporal GGD. The
original RR features are decoded from the transmitted bit-streams. By comparing the
original features with the processed ones, the spatial EVD difference and temporal CBD
distance are obtained. By combining the two distances together, the visual quality score
of each frame is generated. The final video quality index (VQI) of the corresponding
video is obtained by temporally pooling the frame-level scores together.

For the spatial EVD, as the compression process will discard more HF and MF
components than the LE ones, the degradation of EVD can effectively represent the

information loss caused by the compression:
EL =|EV Dy — EV Dyl (5.7)

where 'V D,,; is the original feature, and EV D,,, is calculated from the compressed
video sequence. For the coded video sequences, the compression artifacts are superposed
onto the original video sequence, which is regarded as the masker signal. Therefore, the
original sequence is utilized to mask the compression artifacts, which are introduced
by quantization process. As discussed before, larger EVD value indicates more texture
information. Consequently, more distortion can be masked by a larger EVD. Therefore,
the extracted EVD can be utilized to simulate the HVS texture masking property. The
information loss in Eq. 5.7 is weighted by the original feature IV Dy, :

EL  |EV Doy — EV Dyl

EL, =
v EVDOM' EVDOM’

(5.8)

where I/L, is the final HVS-related features for depicting the spatial information loss.
For the temporal difference image, the CBD is employed to measure the difference

between the reference video and the distorted one:

desp(p, pa) = Yot (p(i) — pali)) (5.9)

where p depicts the difference image histogram of the original video, and pg is the

distorted one. However, as the original video is unavailable at the receiver side, the
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fitted GGD curve is employed to approximate the distance:

dopp(p,pd) = |dcBD(Pas, Pd) — doBD(Pass D) (5.10)

where dopp(pa,s, p) is the third parameter introduced in the sender side. In the receiver
side, only dcpp(Pa,s, pa) needs to be calculated. Their difference will be recorded to
represent the statistical feature distance from the temporal perspective. As in [167],
the logarithm process is employed to scale the temporal CBD distance as log;o(1 +
desp(p,pa)/c), where ¢ is utilized to scale the CBD distance to avoid the variation
being too small, and it is set as 0.001 for simplicity.

After obtaining the spatial L, value and temporal log,o(1 + depp(p, pa)/c) value,
how to combine them together remains a problem. In [192], the authors employed the
averaging process to combine the spatial and temporal values together. However, it
is not suitable for our obtained spatial and temporal values, because their magnitudes
are quite different. In order to make the spatial £L, value and temporal log;,(1 +
do sp(p, pg)/c) value contribute equally to the final quality score Qg for each frame,

the simple multiplication process is employed:

Qs = Ely x logo(1 + dopp(p, pa)/) (5.11)

Based on the frame-level quality score Q)g, the V QI for depicting the perceptual
quality of the entire compressed video is obtained by temporally pooling the ) scores
together. In our implementation, the averaging process is employed to generate the
final VQI:

_ X0
VQI = 2=l (5.12)

where N is the total number of the video frames. According to the definition of VQI,
the smaller the VQI, the better visual quality the compressed video sequence is. And

the VQI of the original sequence is 0 according to its definition.

5.3 Experimental Results

In this section, different VQAs are compared to demonstrate the effectiveness of the
proposed RR VQA for evaluating the video perceptual quality. Firstly, similar to [191]

[192], the consistency between the quality index generated by our proposed method
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and the distortion level is evaluated. Subsequently, the effectiveness of the proposed
RR VQA is evaluated based on the LIVE video quality database [17] [18], compared
with the other VQAs. Finally, each component of the proposed algorithm is evaluated

separately to demonstrate their corresponding contributions.

5.3.1 Consistency Test of the Proposed RR VQA over Compressed Video Se-

quences

We first tested the consistency of our proposed RR VQA on the coding artifacts, specif-
ically, the MPEG-2 compression and H.264 compression. The LIVE video quality
database contains the coded video sequences and their corresponding DMOS values.
The consistency results of our proposed RR VQA on the coded video sequences are
illustrated in Figure 5.7. It can be observed that the relationship between the VQI
and DMOS values is monotonic for a given source video, specifically the VQI value is
monotonically increasing with the DMOS value for a given source video. The larger
the VQI, the worse visual quality is the compressed video sequence, which possesses
larger DMOS value. For all the original video sequences, the relationship between the
VQI and DMOS value is approximately linear for both MPEG-2 and H.264 coded video
sequences. For each original video sequence, if a new MPEG-2 or H.264 coded video
sequence is introduced, we can utilize the slope information which can be derived from
Figure 5.7, and its corresponding VQI value to predict its DMOS value with high ac-
curacy. Consequently, the true perceptual quality of the coded sequence is obtained.
In the following section, we will further evaluate the proposed RR VQA metric in the
standardized way by measuring the relationship of the obtained VQI values and the
provided subjective DMOS values.

The middle column of Figure 5.7 shows the EVD values of the original and distorted
videos, respectively. The MPEG-2 and H.264 compression will change the EVD value of
each frame. During the compression process, more HI and MF components have been
discarded than the LF components, which results in a smaller value of M + H in Eq.
5.1. Therefore, a smaller EVD value of each frame is obtained, compared to the original
value. The histogram of the difference image indicating the temporal information is
illustrated in the right column of Figure 5.7. Compared to the fitted GGD curve, the

histogram distribution has been changed. As MPEG-2 and H.264 introduce more zero
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Figure 5.7:

Consistency evaluation of the proposed RR VQA over H.264 (left) and MPEG-2
(right) coded video sequences. Top: the proposed distortion measure VQI versus the DMOS
value of each distorted video sequence; middle: spatial EVD value of the PA video sequence
(with the largest VQI value); bottom: temporal histogram of the 11" difference image of the
distorted video PA (with the largest VQI value) and the fitted GGD curve.

coefficients during the quantization process, a sharper and narrower distribution can

be obtained from the distorted video sequence. Moreover, the actual histogram of the

difference frame and the fitted GGD curve appear very close, while the EVD curves of

the original and coded videos are quite different. The IEVD is believed to affect the final

VQI value more. As the compression distortion increases, although the LF component
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starts to be affected, the HF and MF components are quantized even more severely.
Therefore, by computing EVD in Eq. 5.1, its value becomes even smaller. However,
the quantization step of each frame is usually the same during the compression process.
The temporal CBD changes will not be as significant as the spatial EVD variations.
That is the reason why the spatial EVD contributes more to the final quality score
than the temporal EVD, as to be demonstrated in the following section.

As shown in Figure 5.7, the MPEG-2 coded sequences with the same perceptual
quality (same DMOS value) demonstrate similar VQI values for different original se-
quences. On the contrary, the VQI values of the H.264 coded sequences with the same
perceptual quality (same DMOS value) appear more dispersed. It means that the per-
formance of the proposed RR VQA on MPEG-2 coded video sequences is more robust
than that of H.264 coded video sequences. The reason is that the EVD is calculated
based on 8x8 DCT. The energy variation of MPEG-2 can be accurately depicted, as
the transform and quantization are performed based on 8x8 block. For H.264, differ-
ent block-size based intra prediction, inter motion estimation, and DCT result in an
inaccurate energy variation calculation. The final VQI values of H.264 coded video

sequences of the same perceptual quality will be different.

5.3.2 Consistency Test of the Proposed RR VQA over Video Sequences with
Simulated Distortions

Furthermore, as in [191] [192], the consistency property of the proposed RR VQA is
evaluated over the simulated video sequences with five distortion types at different dis-
tortion levels. These five distortions include (1) Gaussian noise contamination, where
the mean value is set as 0 and the distortion level is defined as the variance. (2) Gaus-
sian blur distortion, where the filter is fixed as a 7x7 window, and the corresponding
distortion level is determined by the standard deviation. (3) Line jittering, where each
line in a frame is shifted horizontally by a random number uniformly distributed be-
tween [—S, S|, and S defines the line jittering level. (4) Frame jittering, where the
whole frame is shifted together by a random number uniformly distributed between
[—S, S], and S defines the frame jittering level. (5) Frame dropping, which is simulated
by discarding every 1 of N frames and repeating the previous frame to fill the empty

frame, and 10 — N defines the distortion level. As claimed in [191], all these distortion
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Figure 5.8: Consistency evaluation of the proposed RR VQA over different distortions of
different levels. Left: proposed distortion measure VQI versus the distortion level; middle:
spatial EVD value of the PA video sequence (at the largest distortion level); right: temporal
histogram of the 10'" difference image of the distorted video PA (at the largest distortion level)
and the fitted GGD curve.

types are associated with certain real-world scenarios. For example, frame jittering is

often caused by irregular camera movement; line jittering often occurs when two fields
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of interlaced video signals are not synchronized.

Figure 5.8 illustrates the consistency evaluation results over different distortion
types of different levels. As we do not have the DMOS values of the video sequences
contaminated by the aforementioned 5 distortions, the corresponding distortion level
is utilized to indicate its perceptual quality. For each distortion type, the higher the
distortion level, intuitively the worse is the perceptual quality of the processed video.
Similar to MPEG-2 and H.264 coded video sequences, the relationship between the
distortion level and the VQI is monotonic. Specifically the VQI value is monotonically
increasing with the distortion level for a given source video. Therefore, from this aspect,
we can conclude that the proposed VQI is sensitive to the levels of different distortions.
It demonstrates a consistent relationship with the distortion level of different distortion
types. The spatial EVD and the temporal CBD information of the PA video sequence
(at the largest distortion level) are illustrated. For Gaussian noise contamination and
line-jittering distortion, the IEVD value of the distorted video is larger than that of
the original video. It means that the HF and MF components increase more than the
LF components. For the Gaussian noise contamination, the Gaussian noise dominates
the histogram distribution of the difference image. It demonstrates a much flatter
distribution, compared to the fitted GGD curve. For the line-jittering and frame-
jittering distortion, as the temporal relationship still exists, the histogram distribution
of the difference image appears to be similar with the GGD fitted curve. However,
the pixel values of the difference image will increase due to the jittering distortion.
Therefore, there will not be so many zero values, which results in a smaller peak value
as shown in Figure 5.8. For Gaussian blur distortion, more HF and MF components are
discarded compared with LF component. The EVD value decreases after the Gaussian
blur process. And a sharper and narrower histogram distribution is obtained as more
zero pixel values appear due to the filtering process. For the frame dropping distortion,
the spatial EVD varies slightly, because of the close temporal relationship between
adjacent frames. However, the pixel values of the difference image are all zero, as the

previous frame is simply copied to fill the empty frame.
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5.3.3 Performance Evaluation of the Proposed RR VQA on Compressed Video

Sequences

In order to provide a more convincing result of the proposed RR VQA, we tested the
proposed method on the LIVE video quality database [17] [18]. The performance can
be evaluated by depicting the relationship of the obtained VQI values and the provided
subjective ratings, specifically the DMOS value of each distorted video. As usual,
three statistical measurements LCC, SROCC, and RMSE, are employed to evaluate
the corresponding performances. According to the definitions, larger values of LCC
and SROCC mean that the objective and subjective scores correlate better, that is to
say, a better performance of the VQA. And the smaller RMSE values indicate smaller
errors between the two scores, therefore a better performance.

We compare the performance of our proposed RR VQA with the representative
RR video quality metric VQ Model [80], Yang’s metric [155], RR-LHS [165], and J.246
[164], as well as several FR metrics: PSNR, SSIM [68], MSSIM [151], VSNR [72], and
VIF [144]. The corresponding results together with the reference type and RR data
rates are illustrated in Table 5.1. As PSNR, SSIM, MSSIM, VSNR, VIF, Yang’s metric,
and J.246 only provide frame-level quality scores, the final quality index of the video
sequence is generated by averaging their outputs of each frame. For PSNR, SSIM,
MSSIM, VSNR, and VIF, are FR metrics, the whole original frame should be available
for quality analysis. Therefore, the RR data rates are regarded as the whole original
video sequence. As for the RR VQAs, in order to ensure a fair comparison, the RR data
rate is calculated based on video sequences of 25fps. For J.246, the locations and edge
pixel values need to be encoded. As shown in [164], 14 extracted edge pixels per frame
will result in the data rate as about 10 kbps. For Yang’s metric, the only one extracted
ratio parameter can be quantized in 8-bit precision. The data rate (about 0.2 kbps)
is relatively small. For the RR-LHS, as shown in [165], the bit rate of the RR data is
64 kbps. For VQ Model, the compression method has been researched in [163], which
ensures a more than 30x compression ratio compared to the original VQM features.
The bit rate of the RR feature is about 150 kbps. For the proposed method, as only 35
bits for each frame are required to encode all the features, 35x25 = 875 bps are required
to represent the features. Compared with the other RR VQAs except Yang’s metric,

the RR data rate of the proposed metric is much smaller. However, the performance
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of the proposed metric is better. Furthermore, if only the spatial EVD is employed for
constructing the RR metric, the RR data rate will be the same as Yang’s metric. The

performance is better, as to be illustrated in the following section.

LCC | SROCC | RMSE | Reference type | Data rate(25fps)

PSNR 0.4488 | 0.4157 | 9.188 FR -
SSIM 0.5946 | 0.5969 | 8.267 FR -
MSSIM 0.6671 | 0.6944 | 7.717 FR -
VSNR 0.3097 | 0.3041 | 9.777 FR -

VIF 0.6447 | 0.6350 | 7.860 FR -
J.246 0.5036 | 0.4460 | 8.883 RR 10 kbps
Yang’s metric || 0.5654 | 0.5366 | 8.484 RR 0.2 kbps
RR-LHS 0.4557 | 0.4082 | 9.152 RR 64 kbps
VQM 0.7003 | 0.6790 | 7.340 RR 150 kbps
Proposed 0.7567 | 0.7486 | 6.722 RR 0.875 kbps

Table 5.1: Performances of different VQAs over the LIVE video quality database (MPEG-2
and H.264 encoded videos).

From Table 5.1, it can be observed that the FR PSNR performs poorly, because it
is not related to the HVS perception. Also the VSNR performs badly, which can be
attributed to two reasons. The first is that VSNR, analyzes the HVS perception of the
distortion in the wavelet domain. But the MPEG-2 and H.264 compression schemes
introduce the distortions during the quantization process in DCT domain. The second
one is that VSNR is an image quality metric designed to capture the spatial distor-
tions. For video quality assessment, the temporal information is very important and
needs to be accounted for. This is also the reason why SSIM, MSSIM and VIF perform
successfully in image quality evaluation, but not so well on the video quality assess-
ment. Yang's metric employs the DCT coefficient ratio to measure the video quality.
Although a small RR data rate is required, Yang’s metric only depicts the DCT coef-
ficient distortion from the spatial aspect. The temporal information is not considered.
For J. 246, only the edge pixels in spatial domain are extracted for quality comparison.
For RR-LHS metric, the harmonic and discriminative analysis is employed to depict
the blocking and blur artifacts in the spatial domain. And the temporal motion in-
formation is employed to finally correct the quality values. From Table 5.1, it can be
observed that the performances of these metrics are not good enough, with SROCC

values smaller than 0.6. The reason is that the temporal information is not accurately
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modeled. For video quality assessment, the temporal distortion is very important and
needs to be considered for developing an effective video quality metric. The RR VQ
Model [80] is derived by recording several features which depict the spatial informa-
tion losses, edge information changes, contrast information, and the color impairments.
However, the feature extraction process is of high complexity. And the RR data rate
after compression is still very large.

As for our proposed method, it outperforms the V@ Model and the other FR quality
metrics. It means that the proposed metric can effectively depict the perceptual quality
of the compressed videos. Furthermore, the RR data rate is very small compared with
the other RR VQAs, which will not introduce heavy burden for transmitting the RR
features from the sender to the receiver side. The scatter-plots of different VQAs over
the LIVE video quality database are illustrated in Figure 5.9. It can be observed that
for our proposed method, the sample points scatter more closely around the fitted line.
It means that the values predicted by the proposed method correlate better with the
subjective ratings, specifically the DMOS values, demonstrating a better performance.

Moreover, for the proposed RR VQA and VQ Model [80], the triangles representing
MPEG-2 coded videos scatter more closely to the fitted line, while several star points
indicating H.264 coded videos are under or over estimated. As mentioned before, such
scattering may be attribute to the fact that the features are calculated based on fixed
block size, specifically EVD from the 8x8 DCT for the proposed RR VQA and the
quality-related features from (8 x 8) x 0.2 second S-T region for the VQ Model. By
considering the fixed 8x8 block in the spatial domain, the distortion of MPEG-2 can
be accurately depicted, as the transform and quantization are performed based on 8x8
block. However, for H.264, different block-size based intra prediction, inter motion
estimation, and DCT result in an inaccurate energy variation calculation. Therefore,
the DMOS values correlate worse with the quality values of H.264 coded videos than
that of MPEG-2 coded videos. In the future, we will consider the information of
the H.264 coded video, specifically the transform and quantization block size. Then
the EVD calculation can be extended to different block sizes for accurately capturing
the energy variation, which is believed to be able to improve the performance of our
proposed RR VQA.

As illustrated in Table 5.1 and Figure 5.9, the effectiveness of our proposed RR VQA
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Figure 5.9: Scatter plots of the DMOS values versus model predictions on the LIVE video

quality database.

Fach sample point represents one test video.

(The star indicates H.264

encoded video sequence, while the triangle indicates the MPEG-2 compressed one.) First row
from left to right: PSNR, SSIM, and MSSIM; second row from left to right: VSNR, VIF, and
Yang’s metric; third row from left to right: J.246, VQ Model and the proposed method.

has been clearly demonstrated compared with the other RR metrics or even FR metrics

in terms of both performance and required RR data rate. Therefore, as in [163], we may

consider incorporating the proposed RR VQA into video quality monitoring system,

where the computational complexity of feature extraction and comparison needs to be

evaluated. The spatial EVD of the proposed RR VQA only requires several addition

and division processes after DCT, which can be calculated during the DCT process

of the video encoding and decoding procedure. For the temporal GGD modeling and

CBD calculation, the processing complexity in the sender side is different from that in

the receiver side. In the sender side, as shown in Figure 5.4, the difference image is

firstly obtained. Then the histogram depicting the pixel value distribution is modeled

by the GGD. Finally, the CBD distance as shown in Eq. 5.6 is calculated to indicate
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the modeling error. We implement the temporal feature extraction in Matlab. During
our implementation, no optimizations are performed. A speed test is performed on
our PC with a 3.0GHz Quad CPU and 6.0GB memory. For each difference frame,
it only requires 0.7s on average for obtaining the temporal features. In the receiver
side, we only construct the histogram of the difference image and compare it with the
fitted GGD. The distance shown in Eq. 5.10 is approximated. As the fitting process is
not performed, the computation of the temporal information is faster. The speed test
is performed on the same PC, which indicates that only 0.14s per difference frame on
average is needed for the temporal quality analysis. If further optimization is employed,
it is believed that the quality analysis in the receiver side can perform even faster, which

can be incorporated into the video quality monitoring system.

5.3.4 Performance Evaluation of the Proposed RR VQA on Video Sequences Con-

taining Transmission Distortions

As the transmission errors over wireless channel and TP network are more realistic
for the video quality monitoring, the proposed RR VQA and other representative RR
quality metrics were evaluated on the LIVE video sequences containing transmission
distortions. These distortions are simulated transmission of H.264 compressed bit-
streams through error-prone IP networks and wireless channel. The performance of
these RR video quality metrics are illustrated in Table 5.2. It can be observed that the
proposed RR VQA can outperform J. 246, Yang’s metric, and RR-LHS . However, it
performs worse than VQ Model. For Yang’s metric, it only employs the ratio between
the parent coefficient (second DCT coefficient) and the child coefficient (the third and
fourth DCT coefficient) to measure the video perceptual quality. Therefore, the distor-
tion introduced by compression can be depicted, as the quantization process will change
the ratio of DCT coefficients. However, the transmission distortion is not related to the
ratio of DCT coefficients. Consequently, the perceptual qualities of the video sequences
containing transmission distortion cannot be accurately depicted, which results in a
bad performance of Yang’s metric on these video sequences, as illustrated in Table 5.2.
For J.246 and RR-LHS, the performances are not as good as the proposed one, al-
though they required more RR data rates for representing the original video sequence.

On the other hand, VQ Model extracts many features for quality analysis, which are
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related to the specific distortions, such as blur, edge shifting, chroma spreading, color
impairments, and so on. Most of these features can help to depict the distortions intro-
duced during the video transmission. Therefore, the VQQ Model performs well on these
distorted video sequences. However, considering the data rates of different RR VQAs
shown in Table 5.1 the RR data rates of VQM after compression is 150 kbps, which is
about 170 times of the proposed VQA (0.875 kbps). It will introduce a heavy burden

for the RR features’ transmission.

Distortion Proposed | RR-LHS | J.246 | VQ Model | Yang’s metric
LCC 0.6000 0.4602 | 0.3168 0.6553 0.2654

1P distortion || SROCC | 0.5582 0.3766 | 0.3437 0.6383 0.1462
RMSE 7.488 8.873 8.873 7.071 9.017

Wireless LCC 0.5546 0.4684 | 0.5061 0.7416 0.0842

distortion SROCC | 0.5386 0.4638 | 0.4051 0.7220 0.1041
RMSE 8.586 9.117 8.900 6.922 10.282

Table 5.2: Performances of different VQAs over the LIVE video quality database (IP and
wireless distortion).

For the proposed RR VQA, although it can outperform the other RR metrics except
VQ Model employing very low RR data rates, the performance is still not good enough.
It can be attributed to two reasons. Firstly, the transmission distortions over wireless
channel and IP network are simulated from the H.264 compressed bit-streams. As
discussed in Section 5.3.3, the proposed spatial EVD is calculated based on the fixed
block size, specifically from the 8x8 DCT. However, for H.264, different block-size
based intra prediction, inter motion estimation, and DCT are utilized, which result
in an inaccurate energy variation calculation. Therefore, the transmission distortions
simulated from H.264 compressed bit-streams cannot be accurately depicted. Secondly,
in the RR, VQA, the properties of the transmission errors, such as the error patterns,
are not considered. If some features related with these errors are further incorporated,
the RR VQA can more accurately depict the perceptual qualities of these degraded
video sequences. In this study, the focus is on the RR VQA for the compressed video
sequences. In future, as the RR data rate of the proposed metric is relatively small, we

will consider incorporating more RR, features to better handle the transmission errors.



§ 5.3.5. Performance Analysis of Each Component 135

5.3.5 Performance Analysis of Each Component

In this section, we evaluate the corresponding contribution for each component of our
proposed metric in Eq. 5.11. To this end, we derive three different metrics to generate
the frame-level quality score. The first one is the spatial EVD distance, which means
s = FL as in Eq. 5.7. The second one is the weighted spatial EVD distance, which
means (s = FL, as in Eq. 5.8. The third one is the temporal CBD distance defined
as:

Qs = log +10(1 + dezn®ra)) (5.13)

where c is also set as 0.001. Their corresponding performances are illustrated in Table
Bed-

It can be observed that all of these three components are necessary for the proposed
RR VQA. The spatial EVD distance as in Eq. 5.7 performs the worst. The reason
is that it only considers the absolute difference of corresponding DCT coefficients,
which captures the information loss during the quantization process. Therefore, it does
not correlate well with the HVS perception. Furthermore, the distance in Eq. 5.7 is
performed in the spatial domain. It does not consider the temporal information, which
is critical to the video quality assessment. The HVS related weighting strategy of the
EVD distance was tested as formulated in FEq. 5.8. As discussed before, the EVD of
the original frame can represent its texture characteristic. The higher the EVD value,
the more texture information it may contain. And the more texture information, the
more distortion it can mask. Therefore, the EVD value is employed to simulate the
texture masking property of the HVS as shown in Eq. 5.8. Compared with Eq. 5.7, the
performance is significantly improved. It means that the EVD can accurately model the
texture masking property of the HVS. Actually, Yang’s metric also employs the ratio of
DCT coeflicients to measure the video quality in spatial domain. It employs the ratio
between the parent coefficient (second DCT coefficient) and the child coefficient (the
third and fourth DCT coefficient). However, it does not consider the texture masking
effect of the HVS. Therefore, the performance, as illustrated in Table 5.1, is not as good
as that of Eq. 5.8.

For the coded video sequences, the artifacts in the processed video are superposed

onto the original video sequence, which is regarded as the masker signal. Therefore, as
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Spatial EVD | Weighted spatial | Weighted spatial | Temporal CBD
distance as EVD distance EVD distance distance as
in Eq. 5.7 as in Eq. 5.8 as in Eq. 5.14 in Eq. 5.13
LCC 0.3986 0.5965 0.5958 0.4135
SROCC 0.3475 0.5992 0.5717 0.3950
RMSE 9.430 8.253 8.258 9.362

Table 5.3: Performances of different components of the proposed RR VQA over the LIVE
video quality database (MPEG-2 and H.264 encoded videos).

shown in KEq. 5.8, we employed EV D,,.; to mask the compression artifacts, which are
introduced by quantization process. However, as discussed in [187], for the content of
video sequence and the compression artifacts, one’s presence will affect the visibility of
the other. It is believed that the coded video sequence lacking of detailed information
can also mask the artifacts. Therefore, we also evaluated the weighted spatial EVD
distance, where EV Dy, is employed for simulating the HVS texture masking property:

E’L . EL _ |EVDori_EVDp'ro|
V= EVDpro EVDpro

(5.14)

The corresponding performance is shown in Table 5.3. It can be observed that EL,
performs better than the spatial EVD distance formulated in Eq. 5.7. It means that
EV Dy, can also simulate the texture masking property of HVS. However, EV D,
as the masker signal can generate a better performance. Therefore, we only consider
employing the original video signal to simulate the HVS texture masking effect in this
study. It means that E'V D,,; is employed to weight the spatial EVD distance as in Eq.
5.8. In future, we will research on how to accurately model the HVS texture masking
effect by considering both the original and processed video signal.

The temporal CBD distance is evaluated as expressed in Eq. 5.13. The temporal
CBD distance depicts the temporal statistical characteristic. It has been demonstrat-
ed to be related to HVS perception, as shown in [191] [192]. The distortions in the
video will result in the statistical characteristic changes. By accurately capturing these
changes, the corresponding perceptual quality can be described. Comparing the per-
formances in Table 5.3 with those in Table 5.1, it is clear that the spatial distance
or the temporal distance alone cannot outperform the integrated one. It means that
only the spatial or temporal distortion alone is not sufficient to depict the perceptual

quality of the video sequence. An effective RR VQA needs to accurately capture not
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only the spatial distortion but also the temporal one. This is the main reason why our
RR VQA outperforms the other quality metrics, such as PSNR, SSIM, VSNR, Yang’s
metric, J.246, and VQ Model.

5.4 Conclusion

In this chapter, an effective RR VQA is proposed by depicting the distortions from
both the spatial and temporal perspectives. The EVD captures the information loss of
each individual frame, which is also employed to simulate the texture masking prop-
erty of the HVS. The GGD function and CBD distance are utilized to describe the
temporal statistical characteristics. Kvaluation results on the subjective quality video
database show that the proposed RR VQA outperforms the representative RR metric
VQM, and also the FR metrics. Due to its simplicity and efficiency in terms of feature
representation, the proposed metric can be considered for incorporation into the video

quality monitoring system.
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Chapter 6

Image Retargeting Perceptual Quality Assessment

6.1 Introduction

The previous chapters discuss the perceptual quality assessment of visual signals cor-
rupted by traditional distortions, such as JPEG image compression, H.264 video com-
pression, and so on. In this chapter, we investigate the newly encountered distortions,
which are introduced during the image and video retargeting process. Nowadays, the
diversity and versatility of the display devices have imposed new demands on digital
image processing. The same image needs to be displayed with different resolutions on
various devices. The image retargeting methods [197]- [207] have been proposed to
adjust the source images into arbitrary sizes and simultaneously keep the salient con-
tent of the source images. These developed methods, such as seam carving [200]- [202],
warp [198], and multi-operator [203], try to preserve the salient shape and content in-
formation of the source image, and shrink (or expend) the unimportant regions of the
image into the given resolution. For most of these methods, a simple visual comparison
was conducted for the results (comparing the results of different retargeting methods
based on a small set of images) to demonstrate the efficiencies of the retargeting meth-
ods. Such a method cannot be used for on-line manipulation. In order to obtain an
image with good quality, quality assessment of retargeted images should be performed
and used to maximize the perceptual quality during the retargeting process. There-
fore, there is a new challenge of objectively evaluating the retargeted image perceptual
quality, where the resolution has been changed, the objective shape may be distorted,
and some content information may be discarded.

Given that the ultimate receivers of images are human eyes, the human subjective
opinion is the most reliable value for indicating the image perceptual quality. The

subjective opinions are obtained through the subjective testing, where a large number
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of viewers participate in the subjective test and provide their personal opinions of the
image quality on some pre-defined scale. After processing these subjective scores across
the human subjects, a score is finally generated to indicate the perceptual quality of the
image. The subjective testing method is time-consuming and expensive, which makes
it impractical for most image applications. However, the subjective rating obtained
can be recognized as the ground truth of the image perceptual quality. Therefore, they
can be employed to evaluate the performances of the objective quality metrics, which
evaluate the image quality automatically [16]- [37]. Moreover, subjective studies can
also enable the improvement in the performance of the quality metric towards attaining
the ultimate goal of matching human perception. Then the developed quality metric
can be utilized to guide the corresponding application. Furthermore, the subjective
studies can also benefit the image applications for better perceptual quality experience,
specifically improving the perceptual quality of the retargeted image. Therefore, there
is a need to build an image retargeting database with subjective testing results, based
on which we can evaluate the current developed quality metrics for retargeted images.

Until now, the only publicly available subjective image retargeting database is built
by M. Rubinstein et al. [34]. The main purpose of building the database concentrates
on a comparative study of existing retargeting methods. The authors compared which
retargeting method generates the retargeted image with the highest perceptual quality.
The subjective test is performed in a pair comparison way, where the participants are
shown two retargeted images at a time, side by side, and are asked to simply choose
the one they like better. The resulting database comprises the retargeted image and
the corresponding number of times that the retargeted image is favored over another
one. This is distinct from the traditional subjective testing [16]- [32], where the MOS or
DMOS of each visual signal is obtained. Therefore, the perceptual quality metric for re-
targeted images cannot be evaluated in the standardized way [81], where the statistical
measurements are used to match the scores between metric values and MOS/DMOS
values. Moreover, as only the number of times that the retargeted image is favored
over another image is recorded, the actual perceptual quality of the image is not clearly
indicated. For one image with a larger number of favored times, it may possess a low
perceptual quality if it is compared with images of even lower perceptual qualities. The

image may be favored the most by comparing with other images, whereas its perceptual
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quality may still not be accepted. It is also the main reason why the quality metric
cannot be evaluated in the standardized way. Furthermore, the total number of pos-
sible paired comparisons is too large. It is unaffordable and unrealistic for employing
many human subjects and taking long time. Therefore, the authors in [34] sample the
space of possible comparisons to reduce the labors for the subjective testing. However,
the completeness of the comparison is not ensured, which may affect the robustness of
the subjective ratings. The most serious shortcoming of the database is that subjects
have difficulties to arrive at an agreement on the perceptual quality of the retargeted
image. The Kendall u-coefficient [208] obtained for all the images is only 0.095. It is a
relatively low value suggesting that the subjects in general had difficulty judging.

In this chapter, a subjective study is conducted to assess the perceptual quality
of the retargeted image to build a publicly available database. Totally 171 retargeted
images (in two different scales) are generated by different retargeting methods from
57 source images. With the source image as the reference, the perceptual quality of
each retargeted image has been subjectively rated by at least 30 human viewers on a
pre-defined scale. After processing the subjective ratings, the MOS value and the cor-
responding standard deviation are obtained for each image. Based on the MOS values,
the constructed image retargeting database is analyzed from the perspectives of the re-
targeting scale, the retargeting method, and the source image content. Moreover, some
publicly available quality metrics for retargeted images are evaluated on the database
in the standardized way. Furthermore, a specifically designed subjective testing process
is carried out to provide further information for developing an effective quality metric
for retargeted images.

Our constructed database mainly focuses on evaluating perceptual quality of the
retargeted images other than pair-wise comparing the retargeting methods [34]. There-
fore, based on our database, the objective quality metrics can be evaluated in the
standardized way. For the database [34], only the Kendall 7 distance [209] is employed
to measure the degree of correlation between two rankings. Same as traditional im-
age/video quality assessments where multiple image/video databases [16]- [32] were cre-
ated, the image retargeting quality assessment also requires multiple image databases.
When constructing different databases, different subjects participated in the subjective

testing with different rating scales. Meanwhile, the source image content and image
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distortions introduced by retargeting are quite different. In these respects, the subjec-
tive quality databases can be ensured to be of great diversity, which can be employed
to evaluate the effectiveness and robustness of the developed objective quality metric.
Therefore, our database and the one in [34] can be further viewed as complementary
to each other.

The rest of this chapter is organized as follows. In Section 6.2, we will introduce the
subjective testing process for building the image retargeting database. In Section 6.3,
the obtained subjective ratings will be processed and analyzed. In Section 6.4, some
objective quality metrics are introduced and evaluated on the built database. Finally,

Section 6.5 will conclude the work.

6.2 Preparation of Database Building
6.2.1 Source Image

Content-aware retargeting methods generate images with high perceptual quality where
some background content can be removed or efficiently compacted, and the clear fore-
ground object will be preserved. However, for some images with geometric structures
and faces, the perceptual quality of the retargeted image cannot be ensured. In or-
der to build a reasonable image retargeting database, we need to consider the source
images containing the frequently encountered attributes, such as the face and people,
clear foreground object, natural scenery (containing smooth or texture region), and
geometric structure (evident lines or edges). The detailed information of the attributes
can be referred to Appendix A.

In order to build the database, we select 57 source images in which the frequently
encountered attributes have been included. The corresponding resolutions of source
images are diverse, in order to alleviate the influence of the image resolution on the
subjective testing. Figure 6.1 illustrates some samples of the source images for gen-
erating the retargeted images. The source images are roughly categorized into four
classes according the aforementioned attributes. It should be pointed out that one im-
age may contain more than one attributes. For example, the image 'umdan’ contains
the attributes of people and geometric structure. The image "bicyclel’ contains the
attributes of clear foreground object, people, and natural scenery. And the image ’fish-

ing’ contains the attributes of people and natural scenery. The attribute information
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Figure 6.1: Samples of the source images utilized in the subjective testing. The images in the
top row mostly contain the attribute of face and people; the images in the second row mostly
contain the attribute of clear foreground object; the images in the third row mostly contain
the attribute of natural scenery; the images in the bottom row mostly contain the attribute of
geometric structure.

of the source image can be found in Appendix A. As the image retargeting methods
are content-aware, the perceptual qualities of retargeted results from different source
images will be different. The attributes of the images are critical to the perceptual
quality of the final retargeted images. The human subjects are very sensitive to the
distortion of the faces and geometric structures, while they can tolerate more distor-
tions on the natural scenery, especially for the texture regions. By including the images
with different attributes, the subjective database can reflect how the retargeted images

are favored by the human subjects.

6.2.2 Retargeting Methods

In order to efficiently demonstrate the perceptual quality of the retargeted images,
the resolution changes are restricted in only one dimension. The retargeting methods
change the resolution of the source images in either the width or height dimension.
As shown in [197]- [207], most of the retargeting methods generate the retargeted
images in two ratios, shrinking the image to 75% and 50%. Therefore, only these two

retargeting ratios are employed to generate the retargeted image for constructing our
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database. In the constructed database, three retargeted results of each source image
are included. They may be in different retargeting scales. The reason why the database
is built in this way is that we only care about the perceptual quality of the retargeted
image, no matter how it is generated and what the resolution is. For some source
images, the retargeted results in 50% scale appear to have very high perceptual quality,
which perfectly preserve the salient information of the source image. For some source
images, even the retargeted images in the 75% scale are of low perceptual quality.
For the subjective testing of different scales separately, how the scale influences the
perceptual quality may not be clearly revealed. Therefore, it is more reasonable to
mix retargeted images with different scales together to examine its perceptual quality
through subjective testing. Ten recently developed retargeting methods are employed

to generate the retargeted images, which are detailed below.

Cropping (CROP): manually choosing a window of the target size from the source

image to maximize the salient information.
e Scaling (SCAL): simple scaling the source image into the target size.

e Seam carving (SEAM) [200]- [202]: removing the contiguous chains of pixels that
lie in the regions of the smallest gradient magnitude values in the source image.

The dynamic programming is employed to find the seams for removing.

e Optimized seam carving and scale (SCSC) [207]: a measurement named as ”seam
carving distance” is proposed to measure the similarity of retargeted image and
the source one. A combination of linear scaling and seam carving is considered

to optimize the measurement.

e Non-homogeneous retargeting (WARP) [198]: a warping function is optimized
to find the optimal squeezed image by reducing the image width. The gradient
magnitude together with the face detection is employed to indicate the saliency
region of the source image, which needs to be preserved with high priority during

the retargeting process.

e Scale and stretch (SCST) [204]: an objective function is optimized by uniformly

scaling the salient regions to preserve the shape information. The saliency map
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is detected by combining the gradient magnitude and the saliency map detected

by Itti et al. [148].

e Shift-map editing (SHIF) [205]: graph cut is used to remove an entire object at
a time rather than a seam. The smoothness is depicted by the color differences

and the gradient information.

e Multi-operator process (MULT) [203]: seam carving, scaling, and cropping are
combined together to generate the retargeted image. And a bi-directional warping

measurement determines how to choose these operators.

e Energy-based deformation (ENER) [206]: similar as the SCST method, warping

is also used to generate the retargeting image.

e Streaming video (STVI) [199]: the warping method is also used. The saliency
map is obtained by combining the visual attention map, the line detection, and

important objects.

Referring to these retargeting methods, it can be observed that the cropping, scal-
ing, seam carving, and warping are the basic tools for image retargeting. Many research
works are proposed to combine these tools together by optimizing a defined objective
measurement. As the foreground objects, including the faces and people, represent the
most salient information to the human viewers, the saliency map is incorporated into
retargeting. It can be utilized to guide the image retargeting by preserving the shape
information in the salient regions.

With these 10 retargeting methods, if each source image is to be retargeted into two
different aspect ratios (75% and 50%), there should be 20 retargeted results for each
source image. However, some retargeting methods, such as SCSC [207], MULT [203],
ENER [206], and STVI [199], do not provide the source code or executive file. There-
fore, we can only include the retargeted results provided by the developers of the corre-
sponding retargeting methods. For some source images, the retargeted results cannot
be generated. Including all of 20 retargeted images seems impossible. Secondly, we do
not aim to compare the performances between different image retargeting methods as

the authors in [34] did. Therefore, we need not include all the retargeted images at
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each retargeting ratio into our database. The database we built mainly focus on eval-
uating the perceptual quality of the retargeted image. It needs only to ensure that the
perceptual qualities of the selected images are sampled in an approximately uniform
fashion as shown in [16]- [18]. In this respect, 3 retargeted images for each source image
are manually selected according to the coarse judgment of the authors. Although 3 out
of 20 seems a bit sparse sampling, different retargeted images obtained by different
methods are selected, whose perceptual qualities are expected to be distributed uni-
formly from low to high qualities. The constructed database demonstrates a uniform
distribution and good separation of the perceptual quality, as will be illustrated in the

following section.

6.2.3 Subjective Testing

ITU-R BT.500-11 [5] has specified several methodologies for the subjective assessment
of the quality of television pictures. These methods can be roughly categorized into
two types: the double stimulus and single stimulus approaches. The double stimulus
approach asks the subjective viewers to rate the quality or change in quality between
two videos/images (reference and impaired). For the single stimulus approach, the
subjective viewers only rate the quality of just one impaired video/image. As discussed
in [210], each subjective test methodology has its own advantages. The double stimulus
approach is claimed to be less sensitive to the context, where the subjective ratings are
less influenced by the severity and ordering of the impairments within the test session.
The single stimulus approach yields more representative quality estimates for quality
monitoring. Also the single stimulus approach can ensure a faster and more efficient
subjective testing process [211], compared with the double stimulus one.

However, for our subjective testing process of retargeted images, we not only care
about the distortions perceived in the retargeted image, but also how much information
of the source image has been conveyed. Therefore, in order to provide more convincing
results, the source image needs to be presented to the subjective viewers as the reference
simultaneously. Otherwise, if we employ the single stimulus approach, the CROP
method will always yield the best quality, as no distortions are introduced. Without
the source image as the reference, the viewers are not able to detect the discarded

information, which may be the most important part of the source image. Therefore,
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in this work, the simultaneous double stimulus for continuous evaluation (SDSCE) as
specified in Section 1.2 is employed.

Two images are juxtaposed on the screen for the human subject. One is the source
image for reference and the other is the retargeted image to be evaluated. The human
subjects are aware of which one is the reference image and which one is the retarget-
ed. The subjects are requested to check the difference between the two images and
judge the perceptual quality of the retargeted one. After that, they provide their own
opinions on the retargeted image quality. The only difference of the subjective testing
in this work was the use of the ITU-R absolute category rating (ACR) scale rather
than a continuous scale. The ACR scale employs a 5-category discrete quality judg-
ment, as illustrated in Table 1.1. As discussed in [7], the subjective rating scales can
be increased to more than 5 categories, such as 9 or 11 categories, which are partic-
ularly designed for the assessment of special applications, such as low bit-rate video
codecs. Also an additional possibility is to use continuous scale rating, which can pro-
vide more precise subjective values. In [211], the experimental data has demonstrated
that there are no overall statistical differences between different rating scales, which
include (i) 5-category discrete scale, which is the one we employed in our subjective
testing process; (ii) 11-category continuous scale; (iii) 5-category continuous scale; (iv)
9-category discrete scale. Moreover, for the subjective testing of retargeted image, the
resolutions of the images and the introduced shape distortions are very different. The
subjective viewers may have difficulties in judging the perceptual quality of the image
and provide a precise subjective value. Therefore, in order to make the scoring process
simpler to the subjective viewers and the subjective values more distinguishable, the
5-category discrete scale is employed to obtain the subjective opinions to build the
image retargeting subjective quality database.

The user interface for the subjective testing is developed by using MATLAB, as
shown in Figure 6.2. The two images, including the source and the retargeted one, are
loaded into the memory before displaying. In order to avoid strong visual contrast,
the remaining regions of the display area are gray (the pixel values are set equal to
128). The quality scales are labeled to help the human subjects to do the quality
evaluation. The quality scales are labeled as "Bad”, "Poor”, "Fair”, "Good”, and

"Excellent” (same as the one shown in Table 1.1), which range from the lowest to the
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Figure 6.2: Screenshot of the subjective study interface displaying the images to the human
subject.

highest perceptual quality index. During the subjective testing, the subjective values
are recorded in numerical values. As shown in Figure 6.2, the "Bad” corresponds to 1
and the "Excellent” corresponds to 5. Therefore, for the obtained subjective ratings,
the larger the value, the better is the image perceptual quality. The human subjects
select the appropriate quality index according to their own opinions. After choosing
the quality of one image, the subjects can go on evaluating the next image. The subject
was allowed to take as much time as needed to evaluate the image quality.

In order to reduce the effect of the viewer fatigue, the 171 retargeted images are
divided into 2 sessions. In the first session, the subjective testing is performed in two
steps. In the first step, the subjective viewers are asked to provide their personal
opinions on the perceptual quality of the retargeted image. After that, in the second
step they are further asked to provide their personal opinions on the two distortion
levels: (i) the level of shape distortion; (ii) the level of content information loss. The
detailed process of the second step will be described in following Section 6.4.2. However,
for the second session, the subjective viewers are only asked to take the first step of
the subjective testing. Therefore, compared with the first session, the second one will

take shorter time for each image. In order to reduce the effect of the viewer fatigue,
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the number of the images in the first session should be smaller than that of the second
one. But the number of images of the two sessions can be different. Considering this,
we simply separate the images into two parts. The first session contains 69 images,
while the second one contains 102 images. For each session, it will take the viewer
about 10-20 minutes to accomplish the subjective testing. The order of the image pairs
(the source image and the retargeted image) is randomly arranged, which is distinct
for different viewers. Furthermore, in order to avoid the contextual and memory effects
on the subjects’ judgment of the quality, the retargeted images which are generated
from the same source image will not be presented consecutively. In order to prevent the
scaling effect, which is critical to the image retargeting results, the source image and
the retargeted image must be displayed in their native resolution. In our experiment,
the resolution of the screen for subjective testing is 1920x 1280, which is sufficient for
displaying the images in their original resolution.

During the subjective test, each viewer is briefed on the objective of this subjective
study and told how to do the quality evaluation. Before starting the test, a training
session is conducted for all the human subjects. There are in total 7 retargeted images
in the training session. They are generated from different source images by different
methods in different scales. Also their corresponding perceptual qualities span from
"Bad” to "Excellent”. The suggested quality scale is explained to each subject. After
the training session, each subject should be clear on what they should do and how to
provide their opinions on the retargeted image quality.

All the subjects participating in the subjective testing are the students from the
Chinese University of Hong Kong in Hong Kong, and Nanyang Technological University
in Singapore. They have normal vision (with or without corrective glasses) and have
passed the color blindness test. For the first session, 30 subjects provided their personal
ratings on the perceptual quality of each image, where 15 viewers are experts in image
processing and the others are not. And each image in the second session was rated by

34 subjects, where 18 viewers are experts in image processing and the others are not.
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Figure 6.3: The subjective scores for each image (the horizontal axes corresponds to the image
number, and the vertical axes corresponds to the subjective scores of the viewers. The blue
asterisk indicates the median value among all the viewers. And the red error bar indicates the
corresponding 25" and 75" percentiles of the subjective scores).

6.3 Data Processing and Analysis for the Database

6.3.1 Processing of Subjective Ratings

Subjective Agreement

Before we process the subjective ratings to build the database, we need to firstly ex-
amine the similarity of choices between participants. Each subject has its own opinion
to interpret the image quality. However, for a large proportion of the images in the
database, most of the participants should have agreements on the perceptual quality.
If the subjective results demonstrate diversity among the human subjects, the corre-
sponding image is not suitable for inclusion into the database.

In this work, we employ the quartiles of the subjective scores for each image to
analyze the subject agreement, which is illustrated in Figure 6.3. The lower and higher
bound of the red error bar denotes the 25 and 75" percentiles of subjective ratings
obtained for each image. After sorting the subjective scores, the central 50% of subject
ratings lie within the range. The blue asterisk indicates the median value of the sub-
jective scores. The detailed information of the image number and the corresponding

retargeted image name can be found in the Appendix B. An outlier coefficient (OC) is
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For each subject i, find the Pj, and Qg
if 2 < 8; < 4 (normally distributed)
if Sijk > pjr + 205k, then Py = Py + 1;
if Sijr < fijr — 204k, then Qe = Qi + 1;
else
if Sijk > pjk + V200, then Py = Py + 1;
if Sijr < pjr — V200, then Qi = Qix + 1;
if Pz%]g”“ > 0.05 and % < 0.3, then REJECT the subject .

Q

Figure 6.4: Detailed algorithm of the subject rejection process.
introduced to quantify the subjective agreement of the database:

OC' = Noutlier (6.1)

Niotat

where Ny denotes the total number of the retargeted images in the database, and
Noutiier denotes the number of the images, which are regarded as the outlier. If the
interval between the higher bound and lower bound error bar in Figure 6.3 is larger
than 1, the image is recognized as the outlier image. The reason is that viewers may
have different opinions on the image quality, but they should at least have the similar
judgement. For one image, different viewers may interpret the same image as ”Good”
or "Excellent”, which are neighboring values. In most cases, the same image will not
be scored with greatly differences, such as ”Poor” or "Good”. Therefore, if the central
50% subjective ratings are constrained within the interval of 1, we believe that the
participants have arrived at an agreement of the retargeted image quality. For the
constructed database, 15 out of 171 are recognized as the outlier images, which implies
OC = 8.77%. Therefore, 91.2% of the images in the database have shown the agreement
among participants. It is believed that the images in the database will be rated as the
similar quality if subjectively tested by the others. Consequently, these images can be
included for building the database and further employed for evaluation of the quality

metrics

Screening of the Observers

In the previous section, we have examined the subject agreement on the retargeted
image quality. The central 50% subjective ratings of the images have shown high

agreement. However, in order to obtain the final MOS and standard deviation value
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for each image, the subject rejection process is suggested by [5]. Let S denotes the
subjective rating by the subject ¢ to the retargeted image j in session k = 1,2. The
Sijk values are firstly converted to Z-scores per session [212]:

N;

1
g —— Siik
ik = ; i

: 2
Ok = \/ﬁ Z;V:”i (S — k) (6.2)
 Sik — ik
Bigh =
7

where IV, is the number of the test images seen by the subject ¢ in session k. It is noted
that Z-scores are obtained per session, which accounts for any differences in subject
preferences for the reference images, and the different human subjects between sessions.

After converting the obtained subjective ratings into Z-scores, the subject rejection
procedure specified in the ITU-R BT 500.11 [5] is then used to discard the scores
from unreliable subjects. The converting process and subject rejection procedure used
should be superior to the VQEG studies [82] [65] [213]. The mean value j;, and the
variance value o, are firstly computed for each image by accounting for the differences
of the subjective viewers. Then whether the scores assigned by a subject are normally

distributed is determined by the kurtosis §; of the computed scores:

N

1
I E S
Hik N — ak

N; 2
oik =\ 3y Sk (Sigk — i) (6:3)
Ny A
8 = M with ma = Zj:kl <Sijk _ 'ujk)
7 (ma)? s N,

If the kurtosis value 3; falls between 2 and 4, the scores are regarded to be normally
distributed. The subject rejection procedure is detailed in Figure 6.4. By performing
the procedure, 1 out of 30 subjects and 3 out of 34 subjects are rejected in session 1
and session 2, respectively.

After subject rejection, Z-scores are then linearly rescaled to lie in the range of
[0,100]. Assuming that the Z-scores assigned by a subject are distributed as a stan-
dard Gaussian [17] [18], 99% of the scores will lie in the range [—3,+3|. Re-scaling is
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accomplished by linearly mapping the range [—3, +3] to [0, 100] by:

Zz'jk _ 100(zi6jk+3) (64)

Finally, the MOS value of each retargeted image is computed as the mean of the rescaled

Z-scores, together with the standard deviation:

MOSj = 3= i Zijw (6.5)
1 M
= 2
td = Ziie — MOS,;
Stk Mk—1;< ijk Jk>

where M}, is the number of remaining subjects of session k after the subject rejection.
The MOS value together with the standard deviation is recorded for each retargeted
image, which is recognized as the ground truth representing the retargeted image per-
ceptual quality. They can be further analyzed and used for evaluating the performances
of the quality metrics. The final subjective scores after conversion, with the standard
deviation indicating the error bar, are illustrated in Figure 6.5.

As we mentioned above, the perceptual qualities of the retargeted images in the
database should span the entire range of visual quality and exhibit good perceptual
quality separation [16]- [18]. The histogram of the MOS values is shown in Figure 6.6.
It can be observed that the perceptual qualities of the images range from low to high
values. Also it demonstrates that the subjective study samples a range of perceptual
quality in an approximately uniform fashion. The image perceptual qualities exhibit a

good separation.

6.3.2 Analysis and Discussion of the Subjective Ratings

After the processing of the subjective ratings, the image retargeting database is built,
which comprises the retargeted images and their corresponding MOS values. The
database is analyzed from three aspects, specifically the scale, the retargeting method,

and the source image content.
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Figure 6.5: The obtained MOS value of each retargeted image after processing (the horizontal
axes corresponds to the image number, and the vertical axes corresponds to the MOS value. The
blue asterisk indicates the obtained MOS value. And the red error bar indicates the standard
deviation of the subjective scores).

25

N
(@]

[EEN
ui

saSew Jo Jaquiny
—
(e}

18 22 26 30 34 38 41 45 49 53 57 61 64 68 72
MOS

Figure 6.6: Histogram of the MOS values in 15 equally spaced bins between the minimum
and maximum MOS values of the image retargeting database.
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Figure 6.7: The obtained MOS value versus the source image from the scale perspective. (The
blue cross indicates the retargeted image in 75% scale; the red circle indicates the retargeted
image in 50% scale).

Retargeting Scale

The MOS values of the retargeted images in two different scales are illustrated in
Figure 6.7. The detailed information of the image number and the corresponding
source image can be found in the Appendix C. Generally, it can be observed that
the retargeted images in 75% scale (with average MOS value as 61.79) exhibit higher
perceptual quality than the retargeted images in 50% scale (with average MOS value
as 45.66). There are two exceptions, which were generated from the source images
kodim04’ and ’bhicyclel’. For the ’kodim04’ containing the human face, the CROP
method in 50% scale can preserve the shape information but sacrifice some content
information, while the SCSC method in 75% will distort the human face. For ’bicyclel’
with clear foreground object, the SEAM and SHIF methods in 50% scale will accurately
preserve the shape and the content information, while the SCAL method in 75% scale
will introduce some shape distortion. Therefore, the two images in 50% scale present
better quality than the images in 75% scale. The reason is that the subjects prefer
information loss rather than shape deformation.

Furthermore, it can be observed that the MOS values of the retargeted images in

75% scale are mostly larger than 50, except 'kodim01’, ’kodim04’, ’buddha’, ’face’, and
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kodim15. Referring to the attribute information of the source images, these images
only contain either 'face and people’ or 'geometric structure’ attributes. It is known
that human eyes are very sensitive to these attributes, which will greatly influence
the perceptual quality of the retargeted image. For ’buddha’ and 'face’ images, other
retargeting methods can generate higher quality images. Therefore, retargeting meth-
ods should be carefully selected for these images, which should not distort the shape
information. For the retargeted images in 50% scale, the MOS values vary greatly.
Some source images, such as "bicyclel’ and ’eagle’, generate retargeted images with
very good quality. Also some source images, such as 'volleyball’, generate retargeted
images with very poor quality. Therefore the source image content will influence the
perceptual quality of the retargeted images. Moreover, the retargeted images from
the same source image also possess perceptual qualities with great differences, such as
"blueman’. It means that the retargeting method will also affect the image perceptual
qualities. In the following sub-sections, the perceptual qualities of the retargeted images
in 50% scale are analyzed from the two aspects: retargeting method, and source image

content.

Retargeting Methods

As we discussed in the previous subsection, most of the algorithms produce the re-
targeted images in 75% scale with acceptable perceptual quality. In order to analyze
the influence of the retargeting method, only the retargeted images in 50% scale are
considered. The MOS values of the images by different retargeting methods are illus-
trated in Figure 6.8. As we mentioned before, the basic tools for retargeting are CROP,
SCAL, WARP and SEAM. We firstly analyze these basic tools and then discuss the
performances of the other methods.

The images generated by SEAM method [200]- [202] (denoted by the blue cross in
Figure 6.8) are always of the worst perceptual quality. The reason is that the SEAM
method tries to remove the seams in the regions with low gradient magnitudes. For
some images, such as ’kodim04” and "kodim15’, some regions of the salient object appear
to be very smooth, which will be discarded during the retargeting process. Therefore,
some annoying shape distortion will be introduced. And as revealed by [34], the human

subjects prefer sacrificing some image information rather than having deformation.
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Figure 6.8: The obtained MOS value versus the source image from the retargeting method per-
spective (in 50% scale). The blue dot is the CROP method; the blue star is the SCAL method,
the blue cross is the SEAM method [200]- [202]; the blue triangle is the SHIF method [205]; the
blue circle denotes the MULT algorithm [203]; the red dot denotes the WARP algorithm [198];
the red star denotes the ENER algorithm [206]; the red cross denotes the SCST [204]; the red
triangle denotes the STVI method [199]; the red circle denotes the SCSC method [207].

The SEAM method does not consider any approaches to preserve the object shape.
Therefore, it exhibits the worst perceptual quality, especially for images containing
salient objects.

The CROP method (denoted by the blue dot) can only retarget some images with
good perceptual quality. As it only keeps part information of the source image, its
performance depends on the source image content. For some images with a small
region containing the salient content, the CROP method can retarget a good quality
image, such as 'surfer’. For some images, such as 'perissa_ santorini’, where all regions
contain meaningful information, the CROP method retargets images with bad quality.
In [34], the CROP method is suggested as the most reliable and simplest method to
retarget images.

The WARP algorithm [198] (denoted by the red dot) tries to squeeze the source
image to a target size by optimizing a warping function. The shape of the object cannot

be preserved. Therefore, the retargeted images are of bad perceptual quality. In most
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cases, it only outperforms SEAM method, while is inferior to other methods. The SCAL
method (denoted by the blue star) retargets images with medium perceptual quality.
It will introduce some shape deformation into the retargeted image, but not as severe
as the SEAM and WARP method. Therefore, the SCAL method always outperforms
SEAM and WARP, but worse than the other methods under study.

The other methods try to combine these basic tools together to produce an optimal
retargeted image. Some methods, such as SCST [204] and SHIF [205], have considered
using the saliency map to guide the retargeting. The shape information of the objects in
the salient regions is preserved to avoid introducing unpleasant deformation. Therefore,
these methods can obtain better performances. As shown in Figure 6.8, in most cases
the SHIF algorithm (denoted by the blue triangle) and SCST (denoted by the red cross)
can retarget the test images with better perceptual quality, compared with the other

methods.

Source Image Contents

As mentioned above, the source images can be categorized by the containing attributes,
which are ’face and people’, ‘clear foreground object’, 'natural scenery’, and ’geomet-
ric structure’. The ’clear foreground object’ attribute is defined as the salient object
occupying an image region smaller than 50% of the source image. If the salient object
is preserved, the perceptual quality of the retargeted image (in 50% and 75% ratios)
will not be very bad, as the crop margin (how much can be cropped without losing the
object /regions of interest) is larger than 50%. The 'natural scenery’ attribute is for an
image with a large proportion of it containing the texture or smooth information. These
images contain information with symmetric similar patterns. Therefore, cropping or
scaling some part of the image will not introduce significant degradations in perceptual
quality. The crop margin of these images is large. Therefore, the retargeted images in
50% and 75% ratios are of good perceptual quality. These two attributes are regarded
as non-salient. The 'geometric structure’ attribute denotes that there are evident edges
or lines in the source image, and ’face and people’ attribute means that the faces or
persons occupy most regions of one source image. The subjective viewers will be very
sensitive to the edges, shapes, and faces. The distortion introduced by the retargeting

method will severely affect the judgment of the subjective viewer. For some images
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Figure 6.9: The obtained MOS value versus the source image. Top: source images with salient
attributes; bottom: source images with non-salient attributes

containing 'face and people’ attribute, such as the image 'face’, '’kodim15’, "kodim04’,
and 'buddha’, the entire image is a human face, which is of great importance. If we
crop some part of the image, some important content is discarded, which will result in
very bad perceptual quality. In this respect, the crop margin of these images is very
small (nearly 0). Therefore, if we retarget these images with unsuitable methods, the
perceptual quality will not be good. These two attributes are regarded as the salient
attributes.

Each source image may contain more than one attribute. However, one attribute

dominates each source image, while other attributes are not so significant. The detailed
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attribute information of each source image is illustrated in the Appendix A. The at-
tributes are sorted according to their significances. According to the attribute saliency,
the source images are divided into two classes. Note that we only utilized the most
significant attribute to classify the source images. After the separation, we obtained 30
images with salient attributes and the other 27 images with non-salient attributes. The
MOS values versus the source images of different attributes are illustrated in Figure
6.9. In this subsection, as we only care about the influence of the image content on
the perceptual quality, the retargeting methods are not considered. The retargeted
image with the worst perceptual quality is utilized for comparison. They are all in
the 50% scale, which ensures a fair comparison. We calculated the mean MOS val-
ues of the retargeted images in the two classes. The mean MOS value of the images
with non-salient attributes is 45.55, which is higher than the average MOS value of the
database. The images with non-salient attributes contain some texture and smooth
information, such as ’kodim13’ and ’fishing’, which ensures a large crop margin value.
Therefore, the shape deformation will not be easily detected. And the region discarded
during the retargeting process mostly contains information with symmetric or similar
patterns, or unimportant background information. Therefore, the perceptual quality
will not be significantly influenced. However, the mean MOS value of the images with
salient attributes is 31.1292, which is lower than that of non-salient attribute image. As
most regions of the source image contain salient or meaningful information, the crop
margin of such image is very small (nearly 0). And the contents and shapes of the
objects, faces, or humans are critical for judging the perceptual quality. Retargeting
these images into 50% scale will significantly distort the shapes or discard important
content information. Therefore, the perceptual quality will be very unpleasant.

For the source images with salient attributes, Figure 6.9 shows that the CROP
method always retargets image with the highest MOS values, such as ’kodim04" and
‘sanfrancisco’. Although only a few source images employ the CROP method to re-
target image, it can be deduced that the CROP will retarget the other images with
highest quality as claimed by [34]. The reason is that the shape deformation is much
more annoying to the human viewers, compared with the information discarded. For
the salient attributes, such as 'face and human’ and 'geometric structures’, the shape

distortion can be easily detected and rated badly by the subjective viewers. Therefore,
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Figure 6.10: Recommended retargeting methods by considering the retargeting scale and
source image content.

for the images containing salient attributes, the CROP process is recommended, not
only because of its simplicity but also for its best performance. This is also applied to
retarget image into 75% scale. For the images with salient attributes, such as "kodim01’,
kodim04’, 'buddha’, 'face’, and 'kodim15’, the other methods other than CROP can
introduce deformation to the object shape. That is the reason why the retargeted im-
ages in 75% are of low MOS values. For the images with non-salient attributes, most of
the retargeted images are of good qualities, with MOS values larger than 45. However,
there are several exceptions, such as 'perissa_ santorini’, ’butterfly’, and ’fishing’. It
can be observed from Figure 6.9 that SCAL and SEAM also generate images with bad
quality. The other methods, such as SCST, will preserve much more information, while
the introduced shape deformation can be hardly detected by the human viewers.
Considering the above analysis, different retargeting methods are recommended
for different images, as shown in Figure 6.10. For images with salient attributes, the
CROP methods are suggested for its effectiveness and low complexity. For images with
non-salient attribute, if retargeting them into 75% scale, all the retargeting method
can generate acceptable results, because the shape distortion can hardly perceived and
the loss of the image content is negligible. To retarget the images with non-salient
attributes into 50% scale, we recommend the SCSC and SHIF method. They have

considered the saliency map, which can help to preserve the object in the image.
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6.4 Objective Quality Metric for Retargeted Images
6.4.1 Quality Metric Performances on the Constructed Image Retargeting Database

Image retargeting quality metric has been recently researched [214]- [220], in order
to not only evaluate the retargeted image quality automatically and reliably in lieu
of the subjective testing, but also help to improve the performance of the retargeting
methods. One problem is that several quality metrics are licensed or patented, such
as the bidirectional warping in [203], and the quality metric in [219], which are not
made publicly. In this section, we only tested the metrics which are publicly available
and suggested in [34], specifically the earth mover’s distance (EMD) [214] [215], the
bidirectional similarity (BDS) [216] [217], edge histogram (EH) [220], and SIFT-flow

[218]. The information about the metrics is detailed in the following.

e EMD is based on the minimal cost that must be paid to transform one distribution
into the other. The signature {S; = (m;, w;)}, which represents a set of feature
clusters, is viewed as the histogram distribution. The point m; is the central value
in bin j of the histogram, and wj is to indicate the corresponding proportion. The
definition of cluster is open. The color, position, and texture information can be
employed to obtain the feature clusters. Only the size of the clusters in the
feature space needs to be limited. Let P = {(p1,wp,), -, (Pm, Wp,,)} be the first
signature with m clusters; @ = {(q1,wq, ), -, (gn, Wy, )} is the second signature
with n clusters. And D = [d;;] is the ground distance matrix, where d;; is the
ground distance between clusters p; and g;. d;; can be any distance and will be
chosen according to the problem at hand. The purpose is to find a flow ' = [ f;;],

with f;; as the flow between p; and g;, that minimizes the overall cost:

WORK(P,Q,F) = 37" 320 di fi; (6.6)

After obtaining the optimal flow F', EMD is defined as the work normalized by
the total flow:

720 dij fij
EMD(P,Q) — %ﬁj] (6.7)

e Two signals S (original image) and T (retargeted image) are considered to be

'visually similar’ if as many as possible patches of S (at multiple scales) are
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contained in 7', and vice versa. The dissimilarity can be formulated as:

1 ) 1 ,
(S.T) = e Z mingcrD(P, Q)+ Ny Z minpcsD(Q, P)
pcs QCT (6.8)

'

dcomplete<szT) dcohere<S7T>

P and @) denote patches in S and T, respectively. And let Ng and N denote
the number of patches in S and 7T". For each patch ¢ C T we search for the most
similar patch P C S, and measure their distance D(P,Q), and vice-versa. The
patches are taken around every pixel at multiple scales, resulting in significant
patch overlap. D(P, @) can be any distance measurements between two patches,
such as sum squared distances (SSD) or SSIM [68|. The two terms have important
commentary roles. The first term, deomprese(S, 1) measures the deviation of the
target I’ from ’completeness’ w.r.t. S. Namely, it measures if all patches of
S have been preserved in 7. The second term deopere(S,T") measures if there
are any ‘newborn’ patches in 7" which have not originated from S. Therefore,
the deompiete(S,T) tries to represent the input image well (be complete), and
the deonere(S,T) makes sure the retargeted image is visually pleasing (coherent).
The dissimilarity measurement is minimized in order to generate a retargeted

image [216] [217].

e EH captures the spatial distribution of edges in the image. In order to depict the
local edge distribution, the image is divided into 4 x4 sub-images, each of which
is examined by 5 different orientations: vertical, horizontal, two diagonals, and
isotropic (non-directional). For each sub-image, a normalized 5-bin histogram is
obtained by classifying apparent edges to these five categories. The feature is
defined to be the combination of these histograms, which results in 4 x 4 x5 = 80
length description. Only the intensity component is employed for edge detection.
And the Li-norm distance is employed to measure the feature distance between
two images, which is defined as FH(S,T) =|| EHF(S) — EHF(T) |1, where

IHF is the edge histogram feature.

e SIFT-flow descriptors characterize view-invariant and brightness-independent im-
age structures. Matching SIFT descriptors allows establishing meaningful corre-

spondences across image with significantly different image content. Furthermore,
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the pixel displacement (indicating by the SIFT correspondence matching) should
be spatial coherent, which means that close-by pixels should have similar dis-

placement. The cost function is defined as:

E(w) =32, | s1(p) — s2(p + w) |1 +2 >, (WP (p) + v (p)+ (6.9)

> (min(alu(p) — u(g)l,d) + min (alv(p) — v(g)], d))

(p.g)ee
where w(p) = (u(p),v(p)) is the displacement vector at pixel location p = (2, ),
s;(p) is the SIFT descriptor extracted at location p in image i and € is the spatial
neighborhood of a pixel. SIFT flow employs the SIFT for feature matching. And

the local smoothness is preserved by the vector difference constraint.

The algorithms are provided by the respective authors, which were tested on our

built

as int

image retargeting quality database following the traditional evaluation process

roduced in Section 1.3.4. As usual, LCC, SROCC, RMSE, and OR statistical

measurements are employed to indicate the corresponding performance. According

to the definitions, larger values of LCC and SROCC mean that the objective and

subjective scores correlate better, that is to say, a better performance of the metric.

And t

he smaller RMSE and OR values indicate smaller errors between the two scores,

therefore a better performance.

EH EMD | BSD | SIFT-flow | Fusion(EH,EMD | Fusion(EH,EMD
and SIFT-flow BSD, SIFT-flow

LCC 0.3422 | 0.2760 | 0.2896 0.3141 0.4361 0.5217
SROCC || 0.3288 | 0.2904 | 0.2887 0.2899 0.4203 0.4514
RMSE 12.686 | 12.977 | 12.922 12.817 12.149 11.484
OR 0.2047 | 0.1696 | 0.2164 0.1462 0.1462 0.1287

Table 6.1: Performances of different metrics on the image retargeting database.

The performances of different metrics are illustrated in Table 6.1. It can be observed

that all of the metrics perform poorly on our database. For the EMD, the composed

histogram only represents the feature distribution of the image, which cannot accurately

depict the object shape and the content information of the image. Therefore, the shape

distortions and content information loss, introduced during the retargeting process,
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are not effectively described. BDS tries to capture how much information one image
conveys of the other image in a bidirectional way. However, although it is claimed that
the spatial geometric relationship is considered by a multiple scale approach, the order-
relationship can still not be preserved, such as the local-order of each pixel or patch.
Therefore, the dissimilarity metric of BDS does not accurately depict the object shape
distortion either. SIFT-flow employs the SIFT descriptor to detect the correspondence
between two images. It is claimed that the order-relationship of the pixels or patches is
captured. However, the content information loss during the retargeting process is not
considered. EH employs the edge histograms to describe the image, which are organized
in order for comparison. EH can somehow represent the object shape information in the
image. Same as the SIFT-flow, the content information loss is not accounted. These
are the reasons why the metrics cannot perform effectively on our image retargeting

database.

6.4.2 Subjective Analysis of the Shape Distortion and Content Information Loss

As shown in the previous sections, accounting for the object shape or content infor-
mation loss alone cannot effectively evaluate the retargeted image quality. In order to
investigate how the object shape and content information loss influence the perceptual
quality, a subjective testing was designed.

During the first session of our subjective test, after the human subjects provided
their personal opinions on the retargeted image quality, they were also asked to provide
their personal opinions on the two distortion levels: (i) the level of shape distortion;
(ii) the level of content information loss. The shape distortion describes the distortion,
such as face deforming, object squeezing, object boundary discontinuity, and so on.
The content information loss gives that part information of the object or content that
is missing in the retargeted image, compared with the source image. Both of the two
distortion levels are recorded in 5-scale, same as introduced in Section 6.2.3. After the
subjective testing, not only the visual quality of the retargeted image is evaluated, but
also the distortion levels of the two factors (shape distortion and content information
loss) that may affect the visual quality are recorded.

Same as in Section 6.3, the level scores of the shape distortion and content informa-

tion loss are processed independently by following the Z-score conversion, the subject
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rejection, and Z-score inverse conversion. After these procedures, the level values are
re-scaled in the range [0, 100], same as the MOS values. LCC and SROCC between
the level scores and the MOS values are utilized to evaluate their correlation, which
is shown in Table 6.2. It can be observed that the level of shape distortion correlates
much more closely with MOS values than the content information loss. It means that
the viewers are more sensitive to the shape distortions introduced in the retargeted
images. In most cases, the human subjects tend to sacrifice the information loss rather
than the shape distortion for recognizing a good quality image. For the information
loss, although it correlates badly with the MOS values, it still affects the visual quality

of the retargeted image.

LCC | SROCC
MOS wvs. Shape Distortion 0.8243 | 0.8371
MOS wvs. Content Information Loss 0.3264 | 0.4680
MOS ws. Fusion of Shape Distortion and Content Information Loss || 0.9218 | 0.9267

Table 6.2: Relationship between MOS values and the levels of shape distortion and information
loss.

From Table 6.2, it can be observed that the shape distortion correlates closely with
the final perceptual quality of the retargeted image. However, the three metrics, EH,
EMD, and SIFT-flow describing the shape distortion do not prove to be efficiency,
as shown in Table 6.1. The reason may be attributed to that none of them are able
to accurately capture the shape distortion. Therefore, a fusion strategy is tested by
combining the three metrics together through average process. The performance is also
illustrated in Table 6.1. Compared with the three metrics, the fusion one performs
better. It means that the current descriptor for capturing the shape distortion is not
accurate enough. Furthermore, a fusion strategy by summing the shape distortion and
content information loss together was tested. As shown in Table 6.2, the fusion result
correlates more closely with the MOS value. The observation provides us some hints
for designing the quality metric from the perspective of shape distortion and content
information loss. The descriptors of shape distortion and content information loss
should be combined together for evaluating retargeted image quality. For the current
available metrics, EH, EMD and SIFT-flow tries to capture the object shape of the

image. BSD ftries to depict the content information loss in a bidirectional way. If
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they are combined together, these two distortions are considered to build a quality
metric, the performance of which is illustrated in Table 6.1. It can be observed that a
better performance is obtained, which means that considering the shape distortion and

content information loss together can help to improve the performances.

6.4.3 Discussion

As demonstrated in previous subsections, the performances of the objective quality
metrics for retargeted images are still not good enough. The statistical correlations
between the subjective MOS values and the metric outputs are not close. Even fusing
EH, EMD, BSD, and SIFT-flow together, the LCC and SROCC values are smaller than
0.6, which indicates a bad performance of the objective metric. In this sub-section, we
will discuss and try to figure out how to design an effective objective quality metric for
evaluating the perceptual quality of the retargeted image. The source image content,
retargeting scale, the shape distortion and content information loss measurement, and
the HVS properties are the candidate factors, which are believed to benefit the objective

metric performance.

e Shape distortion description. As illustrated Table 6.2, the shape distortion is
closely related to the perceptual quality of the retargeted image. Therefore, the
recently developed metrics, such as EH, EMD, and SIFT-flow, try to capture the
object shape of the image and measure the corresponding differences between
the source and retargeted image. However, the performances are not good e-
nough, where the LCC and SROCC values are only about 0.35 as shown in Table
6.1. Even combining these metrics together, we can obtain a better performance;
but the result is still unsatisfactory. Therefore, in order to accurately depict
the perceptual quality of the retargeted image, the shape distortions that intro-
duced by retargeting process need to be captured more precisely. Recently, A.
D’Angelo [221] [222] proposed a full-reference quality metric to evaluate the ge-
ometrical distortions of the images. The approaches are based on that the HVS
is sensitive to the image structures, such as edges and bars, which are identi-
fied by employing the Gabor filter. By considering this descriptor for evaluating
the geometrical distortion, the shape distortion introduced during the retarget-

ing process is believed to be more accurately described. Therefore, it can help to
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improve the performance of the objective quality metric.

Fusion of the shape distortion and content information loss. As illustrated in
Table 6.2, the content information loss alone is not closely related to the final
perceptual quality of the retargeted image. But combining the shape distortion
and content information loss together can improve the performance, which has
also been illustrated in Table 6.1. The combinations of the four objective quality
metrics can beat the other metrics. Therefore, if we develop accurate metrics
to capture the shape distortion and content information loss, how to fuse them
together needs to be further considered. The fusion strategy of the two factors
should consider their corresponding contributions to the final retargeted image

quality.

Source image quality and retargeting scale. The source images that we employed
to build our database are of different resolutions and different qualities, which
may affect the subjective viewers’ judgment of the retargeted image perceptual
quality. Moreover, the retargeting scale will also affect the retargeted image
quality. Given one source image, the larger the retargeting ratio, the better is the
perceptual quality of the retargeted image. Therefore, the final perceptual quality
index of the retargeted image needs to account for the quality of the source image

as well as the retargeting scale.

Image content. As discussed in previous sections, the image content correlates
closely to the crop margin of the source image (how much can be cropped without
losing the object/regions of interest). If the source image contains the ’clear
foreground object’ or 'natural scenery’ attribute, the crop margin will be very
large. Therefore, retargeting the source image into 75% and 50% ratios will not
significantly affect the perceptual quality. Otherwise, if the source image contains
the 'face and people’ or ’geometric structure’ attribute, the crop margin will be
very small. Then any retargeting methods will severely degrade the perceptual
quality. In this respect, the image content and the crop margin of each source
image need to be included to depict the perceptual quality of the retargeted

image.

e HVS saliency. Additionally, the HVS demonstrates different conspicuities over
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different regions of the image. The shape distortions and content information loss
in the salient regions are more sensitively perceived by the viewers than those in
the non-salient regions. That is also the reason why several retargeting methods
consider the saliency or visual attention map during the retargeting process, such
as WARP [198], SCST [204], and STVI [199]. The viewers’ assessment on the
quality of the retargeted image is prejudiced during the subjective testing process.
Therefore, the effect of the HVS saliency needs to be considered to model the
subjective viewer’s behavior, which will lead to a more effective quality metric
for retargeted images. The simplest way of incorporating the HVS saliency is
to weight the corresponding shape distortion and content information loss by the
saliency map detected from the source image, which has been demonstrated to be

effective in evaluating the perceptual quality of the traditional distorted image.

6.5 Conclusion

An image retargeting database is built through the subjective study in this chapter.
Based on the subjective ratings of the human viewers, the database is analyzed from the
perspectives of retargeting scale, retargeting method, and source image content. Also
the publicly available quality metrics for the retargeted images are evaluated on the
constructed database. By combining the metrics together, which independently depict

shape distortion and content information loss, the performance can be improved.



Chapter 7

Conclusions

This thesis mainly discusses perceptual quality assessment and processing for visual sig-
nals. A successful perceptual quality metric can release human beings from laborious
works, such as visual quality monitoring in communication, visual system performance
evaluation, vision-related tests in manufacturing environment, etc. Also the perceptual
quality metric can employed to optimize the performances of many image/video pro-
cessing applications, such as visual signal compression, communication, watermarking,
and so on. In this chapter, we will conclude our work in Section 7.1. And the future

work will be discussed in Section 7.2.

7.1 Conclusion

e Visual Horizontal Effect

In Section 2.1, visual horizontal effect (HE) are researched to address the HVS
sensitivities to stimuli of different orientations over contents of different orienta-
tions. The visual HE is simply modeled by a polynomial function based on the
obtained psycho-visual data. The visual HE is further employed to rectify the
structural distortion map. Experimental results demonstrate that the visual HE

modeling the HVS orientation sensitivity can improve the PQA performance.

e Adaptive Block-Based Super-Resolution Directed Down-Sampling for

Image Compression

In Section 2.2, a novel perceptual image coding scheme via adaptive block-based
super-resolution directed down-sampling is proposed. For each MB of a given
image, whether down-sampling or not depends on the contents of the visual sig-

nal itself, which will be determined by the rate distortion optimization (RDO)

170
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process [104]. And the joint method of down-sampling and super-resolution is
proposed to minimize the reconstruction errors between the original and the re-
stored MB inferred by the super-resolution method from the down-sampled block.
At the decoder side, the super-resolution method performed in DCT domain is
employed to recover the full-resolution MB for its simplicity. Experimental results
demonstrated that images with much better subjective and objective quality can

be constructed with a small number of computations introduced.

e Adaptive Block-Based Just Noticeable Difference

In Section 3.1, extension from 8x8 DCT-bhased JND to 16 x16 DCT-based JND is
performed by conducting a psychophysical experiment to parameterize the CSF
for the 16x16 DCT. For still images or the intra video frames, a new spatial
selection strategy based on the spatial content similarity (SCS) is utilized to
yield the JND map. For the inter video frames, a temporal selection strategy
based on the motion characteristic similarity (MCS) is employed to determine
the transform size for generating the JND map. With the developed ABT-based
JND, a simple PQA is derived in Section 3.2. By evaluating on the publicly
available databases, the metric is believed to be reliable for evaluating perceptual
qualities of the visual signals. Furthermore, as the proposed PQA is very simple, it
can be easily integrated into the video coding strategy for perceptual-based video
coding in Section 3.4. And experimental results demonstrate that the proposed
method can generate higher quality video sequences in terms of both objective

and subjective measurements.

e Motion Trajectory Based Visual Saliency Map for Quality Assessment
In Section 3.3, we propose to incorporate the motion trajectory for efficiently
detecting the visual saliency of video sequences. A quaternion representation
(QR) for each frame is constructed, which comprises the spatial image content, the
motion trajectories, and the temporal residuals. Based on the QR, the quaternion
Fourier transform (QFT) is employed to construct the visual saliency. Finally, the
visual saliency is incorporated with several video quality metrics for evaluating
its efficiency. Experimental results demonstrate that the proposed visual saliency

map can improve the performances of the video quality metrics.



172

CHAP. 7. CONCLUSIONS

e Reduced Reference Image Quality Assessment

In Chapter 4, we proposed an efficient RR IQA, which can evaluate the perceptual
quality of the image based on a limited number of bits. The statistical depen-
dencies between the DCT subbands after performing DCT still exist. Applying
the reorganization strategy, the intra RDCT subband statistical characteristic,
specifically the identical natural of the coefficient distribution within the RD-
CT subband, is exploited by the GGD modeling. The inter RDCT subband
dependency is captured by the mutual information (MI) between the DCT coeffi-
cient pair in corresponding RDCT subbands, such as parent-child pair coefficient,
brother-child pair coefficient, and cousin-child pair coefficient. And a frequency
ratio descriptor (FRD) computed in the RDCT domain is employed to measure
the energy distribution among different frequency components. It can be further
utilized to simulate the HVS texture masking property. By considering the intra
RDCT subband GGD modeling, inter RDCT subband MI values, and the image
FRD value, an effective RR IQA is developed. Experimental results demonstrate
that the proposed RR IQA outperforms the representative RR IQAs, and even
the FR IQAs, such as PSNR, and SSIM.

Reduced Reference Video Quality Assessment

In Chapter 5, the study deals with the RR quality assessment for compressed
video sequences by extending the previous work RR IQA introduced in Chapter
4. Firstly, from the spatial perspective, an energy variation descriptor (EVD) is
proposed to measure the energy change of each distorted frame. The proposed
EVD can also be utilized to simulate the texture masking property of the HVS. For
the temporal distortion, the generalized Gaussian distribution (GGD) is employed
to model the histogram distribution of the inter frame difference. The city-block
distance (CBD) is used to calculate the histogram difference between the original
video and the distorted one. Finally, the perceptual quality index is derived by
combining the spatial EVD together with temporal CBD. Also these EVD and
GGD features are efficiently encoded and represented with a small number of bits.
And experimental results demonstrate that the proposed RR VQA outperforms

the representative RR metrics VQM and also other quality metrics. Due to its
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7.2

simplicity and efficiency in terms of feature representation, the proposed metric

can be considered to be incorporated into the video quality monitoring system.

Image Retargeting Perceptual Quality Assessment

In Chapter 6, a subjective study is conducted to assess the perceptual quality of
the retargeted image to build a publicly available database. Totally, 171 retarget-
ed images (in two different scales) are generated by different retargeting methods
from 57 source images. With the source image as the reference, the perceptual
quality of each retargeted image has been subjectively rated by at least 30 hu-
man viewers on a pre-defined scale. After processing the subjective ratings, the
MOS value and the corresponding standard deviation are obtained for each image.
Based on the MOS values, the built image retargeting database is analyzed from
the perspectives of the retargeting scale, the retargeting method, and the source
image content. Moreover, some publicly available quality metrics for retargeted
images are evaluated on the built database in the standardized way. Furthermore,
a specifically designed subjective testing process is carried out to provide further

information for developing an effective quality metric for retargeted images.

Future Work

Quality monitoring system

As discussed in Chapter 4 and Chapter 5, RR PQAs are designed for on-line
monitoring the perceptual quality of the visual signals. In order to develop an
effective and efficient quality monitoring system, the performances of RR PQAs,
compression and transmission of RR features, robustness of the RR feature to
the distortions introduced during the transmission need to be considered. This
will be part of our future work, which can provide better quality of experience

for users.

NR metrics

As discussed in Chapter 1, in many real-world applications, we cannot access the
reference visual signal for the quality evaluation, such as image/video denoising,
restoration, etc., where only the distorted visual signal is available for analysis.

Therefore, the NR PQAs are thus needed to evaluate and control the perceptual
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quality of the processed image. In the future, NR PQAs will be researched to
better handle the practical applications, such as image/video denoising, super-

resolution, and so on.

Quality metrics for retargeted images and the retargeting algorithms

As discussed in Chapter 6, how to evaluate the perceptual quality of the retargeted
image is still under investigation. In the future, we will consider, HVS saliency
property, shape distortion description, source image content, etc., to develop an
accurate quality metric. With the effective quality metric, retargeting algorithms
can be developed, which can preserve the salient and semantic information of the

image content, while no distortions are introduced.

High definition, 3D and mobile

As electronic and communication techniques progress with a surprisingly rapid
speed, consumers are no longer satisfied with traditional standard-definition video
services. New types of multimedia services are being developed and delivered to
satisfy all kinds of needs of the end users. High definition and 3D videos can pro-
vide us with more realistic and immersive viewing experiences. They will become
dominant in the consumer market in the foreseeable future. Meanwhile, mobile
has become an indispensable part of everyone’s life. As mobile services become
much cheaper and faster, more and more videos will be watched on mobile de-
vices. Therefore, there are great demands for accurate subjective and objective
quality assessment methods for evaluating visual quality of high definition, 3D,
and mobile videos. To this end, we need to investigate how the display resolu-
tion, the viewing distance, the environment brightness, etc., affect the perceptual
visual quality. Further investigation will provide deeper understanding and more
valuable information about how to optimize these fast developing multimedia

services.

Perception-based applications

As introduced in Chapter 1, perceptual visual quality assessment can be used to
compare system performances, monitor multimedia service quality, and develop

perception-based image/video applications. As the accuracy of perception models
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improves, more and more perception-based applications have been developed. For
example, we have done some work on perceptual video coding by implementing
the ABT-based JND into the H.264 video codec. With deeper understanding of
the processing mechanism of the human visual system, more accurate perception
models will be developed. How to incorporate these perception models seaming-
lessly into many imaging and computer vision applications should be a promising

research direction.



Appendix A

Attributes of the Source Image
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Figure A.1: Source images for building the image retargeting database.

The source images for building the image retargeting database are illustrated in Figure
A.1. We have considered four attributes, specifically 'face and people’, “clear foreground
object’, 'natural scenery’, and 'geometric structure’. We define the clear foreground
object attribute as that the salient object should occupy the image region smaller than
50% of the source image. The 'natural scenery attribute means that a large proportion

of the image contains the texture or smooth information. And the 'geometric structure

176
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attribute denotes that there are evident edges or lines in the source image. The detailed
attribute information of each source image is illustrated in Table A.1. Firstly, it can be
observed that one image may contain more than one attributes. Secondly, the dominant
attribute of each source image is illustrated. We sort the attributes of each source image

according to the attribute significance.

Table A.1: The attribute information of the source image. (1 indicates the attribute of ’face
and people’; 2 indicates the attribute of ’clear foreground object’; 3 indicates the attribute of
‘natural scenery’; 4 indicates the attribute of the ’geometric structure’. The attributes are sorted
according to their corresponding significances. The left attribute denotes the most significant,
while the right one is the least significant.)

Source Image Name Attributes | Source Image Name Attributes
'’kodim01.png’ 4 '’kodim22.png’ 4;3
"kodim03.png’ 2 'kodim23.png’ 2
"kodim04.png’ 1 'kodim24.png’ 4
’kodim05.png’ 31 'monarch.png’ 2
’kodim06.png’ 2:3 "ArtRoom.png’ 1
’kodim07.png’ 2;3 "Lotus.png’ 2
’kodim08.png’ 4 "Perissa_ Santorini.png’ 3
’kodim09.png’ 2;3 "Sanfrancisco.png’ 4;3
'’kodim10.png’ 4 "Umdan.png’ 1:4
'’kodim11.png’ 3;2 "bicyclel.png’ 2:1;3
'’kodim12.png’ 2:1;3 'blueman.png’ 4
'kodim13.png’ 3 'buddha.png’ 1
'’kodim14.png’ 1;2;3 ‘butterfly.png’ 2
'kodim16.png’ 3 ‘carl.png’ 4
'’kodim17.png’ 1:4 ‘car.png’ 4;2
'’kodim18.png’ 1:3 "child.png’ 2;1
'’kodim19.png’ 4 ‘colosseum.png’ 2:1:4
"kodim20.png’ 2:4 ‘eagle.png’ 2
'’kodim21.png’ 34 "face.png’ 1
‘obama.png’ 1 “fish.png’ 2
'pencils.png’ 4 “fishing.png’ 351
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Table A.1 — continued from previous page

'penguins.png’ 3 ‘getty.png’ 3:4
"pigeons.png’ 1;2:4 "girls.png’ 1
"ski.png’ 1:3 jon.png’ 1
'soccer.png’ 1 'kids.png’ 1
'surfer.png’ 2;1 "kodim02.png’ 34
"tiger.png’ 4 kodim15.png’ 1
'venice.png’ 2;3 ‘mnm.png’ 4
'volleyball.png’ 1




Appendix B

Retargeted Image Name and the Corresponding

Number

There are in total 171 retargeted images in the built database. The retargeted image

name and the corresponding number are shown in Table B.1, which corresponds to the

image no. listed in Figure 6.3 and Figure 6.4 of the thesis. It can be observed that

each source image generates 3 retargeted images by different methods and in different

scales.

Table B.1: 171 retargeted images and their corresponding image no.

Retargeted image name Image No. | Retargeted image name Image No.
"kodim01_ scsc_ 0.50.png’ 1 ‘getty_ seam_ 0.75.bmp’ 87
"kodim03_ scst_ 0.75.bmp’ 2 ‘girls_ seam_ 0.50.bmp’ 88
kodim04_ crop_ 0.50.bmp’ 3 jon_ ener_ 0.50.png’ 89
"kodim05_ seam_ 0.50.bmp’ 1 'kids_ crop- 0.75.png’ 90
"kodim06_ scsc_ 0.75.png’ 5 'kodim02_ scsc_ 0.50.png’ 91
"kodim07_ scst_ 0.75.bmp’ 6 'kodim15_ scsc- 0.50.png’ 92
"kodimO08_ scst_ 0.50.bmp’ 7 'mnm_ scst_ 0.75.png’ 93
kodim09_ scst_ 0.50.bmp’ 8 ‘obama_ ener_ 0.75.png’ 94
kodim10_ crop_ 0.50.bmp’ 9 'pencils_ seam_ 0.50.bmp’ 95
kodim11_ scal_ 0.50.bmp’ 10 'penguins_ scal_ 0.50.bmp’ 96
kodim12_ scal_ 0.50.bmp’ 11 'pigeons_ ener_ 0.50.png’ 97
kodim13_ crop_ 0.50.bmp’ 12 'ski_ ener_ 0.50.png’ 98
kodim14_ crop_ 0.50.bmp’ 13 "'soccer_ seam_ 0.50.bmp’ 99
"kodim16_ scal_ 0.50.bmp’ 14 'surfer_ crop_ 0.50.bmp’ 100
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Table B.1 — continued from previous page

"kodim17_ crop- 0.50.bmp’ 15 "tiger_ ener_ 0.75.png’ 101
"kodim18_ scal_ 0.50.bmp’ 16 'venice_ seam_ 0.50.bmp’ 102
kodim19_ scsc- 0.50.png’ 17 'volleyball_ mult_ 0.75.png’ 103
"kodim20_ seam_ 0.50.bmp’ 18 "ArtRoom_ scal_ 0.50.bmp’ 104
"kodim21_ scal_ 0.50.bmp’ 19 "Lotus_ scst_ 0.50.png’ 105
kodim22_ seam_ 0.50.bmp’ 20 "Perissa_  Santorini- mult_ 106
0.50.png’
kodim23_ scsc- 0.50.png’ 21 "Sanfrancisco_ seam. 107
0.50.bmp’
"kodim24_ seam_ 0.50.bmp’ 22 "Umdan_ scst_ 0.50.png’ 108
"monarch_ crop_ 0.75.bmp’ 23 "bicyclel_ seam_ 0.50.bmp’ 109
"kodimO01_ scsc_ 0.75.png’ 24 "blueman_ scal_ 0.50.bmp’ 110
kodim03_ seam_ 0.50.bmp’ 25 "buddha_ seam_ 0.50.bmp’ 111
kodim04._ scsc- 0.75.png’ 26 "butterfly_ shif_ 0.50.png’ 112
"kodim05_ warp_ 0.50.bmp’ 27 "carl_ shif_ 0.50.bmp’ 113
"kodim06_ scst_ 0.50.bmp’ 28 ‘car_ seam_ 0.50.bmp’ 114
kodim07_ seam_ 0.50.bmp’ 29 "child_ seam_ 0.50.bmp’ 115
"kodim08_ seam_ 0.50.bmp’ 30 ‘colosseum_ seam_ 0.50.bmp’ 116
kodim09_ seam_ 0.50.bmp’ 31 ‘eagle_ seam_ 0.75.bmp’ 117
"kodim10_ scsc_ 0.75.png’ 32 'face_ scst_ 0.75.png’ 118
"kodim11_ sest_ 0.50.bmp’ 33 “fish_ scal_ 0.50.png’ 119
kodim12_ scsc- 0.50.png’ 34 "fishing_ mult_ 0.50.png’ 120
kodim13_ scst_ 0.50.bmp’ 35 ‘getty_ stvi- 0.75.png’ 121
"kodim14_ scal_ 0.75.bmp’ 36 ‘girls_ stvi- 0.75.png’ 122
kodim16_ scsc- 0.50.png’ 37 jon_ seam_ 0.50.png’ 123
kodim17_ seam_ 0.50.bmp’ 38 "kids_ seam_ 0.50.bmp’ 124
"kodim18_ scsc_ 0.75.png’ 39 "kodim02_ seam_ 0.50.bmp’ 125
"kodim19_ scsc_ 0.75.png’ 40 kodim15_ seam_ 0.75.bmp’ 126
"kodim20_ shif_ 0.50.bmp’ 41 ‘"mnm_ seam_ 0.50.bmp’ 127
"kodim21_ scsc_ 0.75.png’ 42 ‘obama_ mult_ 0.75.png’ 128
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Table B.1 — continued from previous page

kodim22_ seam_ 0.75.bmp’ 13 'pencils_ stvi_ 0.75.png’ 129
"kodim23_ scsc_ 0.75.png’ 14 'penguins_ scst_ 0.75.png’ 130
kodim24_ seam_ 0.75.bmp’ 45 'pigeons_ mult_ 0.50.png’ 131
"monarch_ scst_ 0.50.bmp’ 16 "ski_ mult_ 0.50.png’ 132
"kodimO1_ sest_ 0.50.bmp’ 47 'soccer_ seam_ 0.75.bmp’ 133
kodim03_ seam_ 0.75.bmp’ 18 'surfer_ seam_ 0.50.bmp’ 134
"kodim04_ seam_ 0.50.bmp’ 19 "tiger_ seam_ 0.50.bmp’ 135
"kodim05_ warp_ 0.75.bmp’ 50 'venice_ shif_ 0.50.bmp’ 136
kodim06._ shif_ 0.50.bmp’ 51 'volleyball_ seam_ 0.50.bmp’ 137
kodim07_ seam_ 0.75.bmp’ 52 "ArtRoom_ seam_ 0.50.bmp’ 138
"kodim08_ seam_ 0.75.bmp’ 53 "Lotus_ warp_ 0.50.png’ 139
"kodim09_ seam_ 0.75.bmp’ 54 "Perissa_  Santorini_  shif_ 140
0.50.png’
kodim10_ seam_ 0.50.bmp’ 55 "Sanfrancisco_ warp_ 141
0.50.bmp’
kodim11._ seam_ 0.50.bmp’ 56 "Umdan_ seam_ 0.50.png’ 142
kodim12_ scst_ 0.50.bmp’ 57 "bicyclel_ shif_ 0.50.bmp’ 143
kodim13_ seam_ 0.50.bmp’ 58 "'blueman_ seam_ 0.50.bmp’ 144
"kodim14_ scst_ 0.50.bmp’ 59 'buddha_ seam_ 0.75.png’ 145
"kodim16. scst_ 0.50.bmp’ 60 'butterfly_ warp_ 0.50.png’ 146
kodim17_ warp_ 0.75.bmp’ 61 ‘carl_ warp_ 0.50.bmp’ 147
"kodim18_ scst_ 0.50.bmp’ 62 ‘car_ warp_ 0.50.bmp’ 148
"kodim19_ scst_ 0.50.bmp’ 63 "child_ warp_ 0.50.bmp’ 149
kodim20_ warp_ 0.75.bmp’ 64 "colosseum_ shif_ 0.50.bmp’ 150
"kodim21_ sest_ 0.50.bmp’ 65 ‘eagle_ warp_ 0.50.bmp’ 151
kodim22_ warp_ 0.50.bmp’ 66 "face_ seam_ 0.50.bmp’ 152
kodim23_ scst_ 0.50.bmp’ 67 "fish_ shif_ 0.50.png’ 153
kodim24_ shif_ 0.75.bmp’ 68 'fishing_ warp_ 0.50.png’ 154
"monarch_ seam_ 0.50.bmp’ 69 ‘'getty_ warp_ 0.50.bmp’ 155
"ArtRoom_ crop_ 0.50.bmp’ 70 ‘girls_ warp_ 0.50.bmp’ 156
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Table B.1 — continued from previous page

"Lotus_ scal_ 0.50.png’ 71 jon_ stvi_ 0.50.png’ 157
"Perissa_  Santorini_ crop_ 72 "kids_ warp_ 0.50.bmp’ 158
0.50.png’

"Sanfrancisco_ crop_ 73 "kodim02_ shif_ 0.50.bmp’ 159
0.50.bmp’

"Umdan_ ener_ 0.50.png’ 74 kodim15_ shif_ 0.75.bmp’ 160
"bicyclel_ scal_ 0.75.bmp’ 75 ‘"mnm_ stvi_ 0.75.png’ 161
"blueman_ crop_ 0.50.bmp’ 76 ‘obama_ warp- 0.50.bmp’ 162
"buddha_ mult_ 0.75.png’ 77 'pencils_ warp_ 0.50.bmp’ 163
"butterfly_ scal_ 0.50.png’ 78 'penguins_ seam_ 0.75.bmp’ 164
‘carl_ seam_ 0.50.bmp’ 79 'pigeons_ warp- 0.50.png’ 165
"car_ crop_ 0.50.bmp’ 80 "ski_ warp_ 0.50.png’ 166
"child_ scal_ 0.50.bmp’ 81 'soccer_ warp_ 0.50.bmp’ 167
"colosseum_ crop_ 0.50.bmp’ 82 "surfer_ warp_ 0.50.bmp’ 168
‘eagle_ scal_ 0.50.bmp’ 83 "tiger_ stvi_ 0.75.png’ 169
'face_ ener_ 0.75.png’ 84 'venice_ warp_ 0.75.png’ 170
"fish_ mult_ 0.50.png’ 85 'volleyball_ warp_ 0.50.bmp’ 171
"fishing_ ener_ 0.50.png’ 86




Appendix C

Source Image Name and the Corresponding Number

The source image and the corresponding image no. are shown in Table C.1, which
corresponds to the image no. listed in the Figure 6.7, Figure 6.8, and Figure 6.9 of the

thesis.

Table C.1: 57 source images and their corresponding image no.

Source Image Name Image No. | Source Image Name Image No.
"kodim01.png’ 1 'blueman.png’ 30
"kodim03.png’ 2 'buddha.png’ 31
"kodim04.png’ 3 ‘butterfly.png’ 32
"kodim05.png’ 1 ‘carl.png’ 33
"kodim06.png’ 5 ‘car.png’ 34
"kodim07.png’ 6 "child.png’ 35
"kodim08.png’ 7 ‘colosseum.png’ 36
"kodim09.png’ 8 ‘eagle.png’ 37
kodim10.png’ 9 "face.png’ 38
kodim11.png’ 10 'fish.png’ 39
"kodim12.png’ 11 “fishing.png’ 40
kodim13.png’ 12 ‘getty.png’ 41
"kodim14.png’ 13 ‘girls.png’ 42
"kodim16.png’ 14 jon.png’ 43
"kodim17.png’ 15 'kids.png’ 44
"kodim18.png’ 16 '’kodim02.png’ 45
kodim19.png’ 17 '’kodim15.png’ 46
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Table C.1 — continued from previous page

'’kodim20.png’ 18 ‘"mnm.png’ 47
'’kodim21.png’ 19 ‘obama.png’ 18
'’kodim22.png’ 20 'pencils.png’ 49
'’kodim23.png’ 21 'penguins.png’ 50
'’kodim24.png’ 22 "pigeons.png’ 51
'monarch.png’ 23 "ski.png’ 52
"ArtRoom.png’ 24 'soccer.png’ 53
"Lotus.png’ 25 'surfer.png’ 54
"Perissa_ Santorini.png’ 26 "tiger.png’ 55
"Sanfrancisco.png’ 27 'venice.png’ 56
"Umdan.png’ 28 'volleyball.png’ 57
"bicyclel.png’ 29
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