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Abstract

As there is a rapid growth in the field of wireless communications, the demand
for various multimedia services is also increasing. The data that is being transmit-
ted suffers from distortions through source encoding and transmission over error
prone channels. Due to these errors, the quality of the content is degraded. There
is a need for service providers to provide certain Quality of Experience (QoE) to
the end user. Several methods are being developed by network providers for bet-
ter QoE.

The human tendency mainly focuses on distortions in the Region of Interest
(ROI) which are perceived to be more annoying compared to the Background
(BG). With this as a base, the main aim of this thesis is to get an accurate
prediction quality metric to measure the quality of the image over ROI and the
BG independently. Reduced Reference Image Quality Assessment (RRIQA), a
reduced reference image quality assessment metric, is chosen for this purpose. In
this method, only partial information about the reference image is available to
assess the quality. The quality metric is measured independently over ROI and
BG. Finally the metric estimated over ROI and BG are pooled together to get a
ROI aware metric to predict the Mean Opinion Score (MOS) of the image.

In this thesis, an ROI aware quality metric is used to measure the quality
of distorted images that are generated using a wireless channel. The MOS of
distorted images are obtained. Finally, the obtained MOS are validated with the
MOS obtained from a database [1].

It is observed that the proposed image quality assessment method provides
better results compared to the traditional approach. It also gives a better per-
formance over a wide variety of distortions. The obtained results show that the
impairments in ROI are perceived to be more annoying when compared to the BG.

Keywords: Reduced Reference Metric, Visual Attention, Rayleigh Fading,
Quality of Experience, Image Quality Assessment.
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Chapter 1
Introduction

Mobile multimedia has turned into a basic piece of our lives. Different media
services like voice, email, instant messaging, social networks, mobile payment
and transactions, mobile video conferencing, or video and audio streaming has
already shaped the expectations towards current mobile devices, infrastructure,
and services.

The large increase in the use of smart phones and other devices providing mo-
bile and video services like Facetime, Viber, Whatsapp, Skype and social media
services along with streaming videos and games shows the growth of these de-
vices. According to the statistics provided by the Cisco visual networking index,
global mobile data traffic growth is around 75% in 2015. Mobile data traffic has
grown 4000-fold over the past 10 years and almost 400-million fold over the past
15 years. Fourth generation traffic exceeded third generation traffic in 2015. The
mobile network connection speeds grew 20% in 2015. Due to the enormous growth
of wireless communications, there is a demand for multimedia transmission with
better quality, coverage and more power. There is a need for development of com-
munication system considering factors like low bandwidth, low bit-rate, and low
delay. Because of the development, Quality of Service (QoS) and Quality of Ex-
perience (QoE) have been introduced giving the operators and service providers
the capability for better exploitation of network resources that fulfill the client or
user expectations [2].

The human visual system is to be considered as the most unmistakable method
for getting data from the outside world [3]. Without our sight there would not
be a conceivable path for us to appreciate the excellence of the nature around us.
This has been changed in the late years because of the arrangement of numerous
visual innovations. However, the quality is reduced due to many factors, includ-
ing capture, compression, transmission and display of the image [4].

Because of the compression and transmission factors, the visual scenes often
suffer by diminished quality. Due to image compression, different artifacts like
blurring, ringing and blocking are caused which lead to quality degradation as
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Chapter 1. Introduction 2

well as limited bandwidth may lead to loss in most of the data received. All this
results in quality degradation of the received image [5].

1.1 Quality of Service and Quality of Experience
The difference between QoS and QoE is explained below which helps to get the
knowledge about the requirements of operators and end users.

QoS: It is defined as the ability of the network to provide an assured service
level. It determines all the functions, mechanisms and procedures in a network
and terminal that help to ensure the negotiated service quality between the user
and the network.

QoE: It is defined as how the user perceives the usability of a service when
in use and determines how satisfied the user is under the service in the terms of
usability, accessibility and integrity of the service.

One of the significant difficulties in communication systems is to design a net-
work that satisfy the QoS requirements of wireless image and video applications
to ensure a certain QoE to the end user [3].

Visual content and service providers are interested in measuring the quality
loss introduced in the processing steps involved, which then can be used to control
the QoE to a level such that the end user is satisfied. As the wireless channel is
an unreliable and unpredictable medium, it causes numerous distortions to the
transmitted signals.

1.2 Traditional Image Metrics
With the expanding appearance of digital visual media, objective quality assess-
ment is required that corresponds well with subjectively perceived quality and
has been recognized as an instrumental tool for system design and optimisation.
In recent years, the endeavors in visual quality assessment have expanded im-
pressively, prompting to various quality measurements that have been proposed
in the literature. As there are no generally acknowledged Image Quality Metrics
(IQM) that function admirably under an extensive variety of various conditions
[5].

Traditionally metrics such as the Mean Square Error (MSE) and related Peak
Signal to Noise Ratio (PSNR) are used for monitoring system performance as
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well as for system optimisation. With the advances in perceptual quality assess-
ment, however, the acknowledgment of visual quality metrics as a contrasting
option to PSNR is gradually turning into reality. To completely comprehend the
advantages of the perceptual quality measurements it is helpful to examine the
properties of the customarily utilized measurements, for example, PSNR, and to
distinguish their inadequacies in connection to expectation of perceived visual
quality. In the sequel, some related work is therefore provided.

1.3 Related Work
The metric proposed by Wang and Simoncelli [6] is based on a natural image
statistic model in the wavelet domain. The method uses Kullback-Leibler dis-
tance to quantify the difference of wavelet coefficients of the reference and dis-
torted images as a measure of image distortion. A generalized Gaussian model
is employed to summarize the marginal distribution of wavelet coefficients of the
reference image, so that only a relatively small number of Reduced Reference
(RR) features are needed for the evaluation of image quality.

Li and Wang [7] developed a RRIQA algorithm based on a divisive normal-
ization image representation. Divisive normalization has been recognized as a
successful approach to model the perceptual sensitivity of biological vision. The
representation that significantly improves the statistical independence for natural
images is also presented.

Yamada et al. [8] estimates the PSNR based on representative luminance
values. The metric that is designed shows better PSNR estimation but the agree-
ment with subjectively perceived quality is questionable.

The RR metric by Gunawan and Ghanbari [9] is based on local harmonic
strength computed from edge-detected pictures to create harmonics gain and loss
information that could be associated with the picture. The harmonic gain/loss
are derived through harmonic analysis of the compressed and source pictures to
be incorporated in the reduced reference video quality metric. The impact of
motion in a video sequence on blockiness and blurriness are studied and weighted
and combined to give the best objective quality model.

Carnec et al. proposed a criterion based on a Human Visual System (HVS)
model [10] following the RR approach. Several image quality databases have been
considered for testing the C4 criterion and it was found to be comparable to Full
Reference (FR) metrics.
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The scheme using distributed source coding for remotely monitoring image
quality is presented by Chono et al. [11]. Here, an image server extracts a feature
vector from the original image and transmits its Slepian-Wolf syndrome using an
Low Density Parity Check (LDPC) encoder. With the rate of the Slepian-Wolf bit
stream chosen according to a predetermined admissible image quality, the receiver
can determined the received image quality using the reconstructed feature vector.

1.4 Motivation
Several image quality metrics have been proposed in the literature [12] to increase
the image quality prediction. As the literature shows there exist different frame
works for image quality prediction using various reference methods and different
strategies were introduced to improve the image quality assessment. Typically,
quality metrics are computed considering the whole spatial domain of the image
assuming that it is of equal interest to the observer.

However, it is observed that only the Region of Interest (ROI) of an image
may attract more attention compared to the Background (BG). These ROI’s gen-
erally contain human faces, animals, buildings etc. Based on this behaviour one
can assume that the distortions in the ROI is more annoying to the observer
compared to the distortions in the other regions of the image. As such, including
ROI awareness into quality metrics may provide more accurate quality prediction
performance.

Considering the visual attention as one of the prominent features of the hu-
man visual system, one cannot neglect it while assessing the quality of an image.
Knowing that humans focus on the ROI, the impact of distortions outside these
regions have negligible effects to the overall perceived quality. Thus, combining
both the visual attention and perceptual distortions features in quality assess-
ment, in this thesis, we can enhance the image quality metric performance.

Considering this scenario, the metrics are measured independently over ROI
and BG to obtain the quality measure value. After measuring the ROI and BG
metrics both are pooled together by applying the weight, which gives a new ROI
aware quality metric. The reduced reference method is taken into consideration
in this thesis as it has several advantages over full reference method. The full
reference method can only be implemented when all the parameters of reference
image are available. The RR metric that is chosen in this thesis is RRIQA [7].
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1.5 Research Questions
This section provides the information about the research questions that are con-
sidered in this thesis.

• Can the reduced reference algorithm be used individually on ROI and BG?

• Does implementing reduced reference algorithm independently on ROI and
BG and pooling them together to form a new metric give a better prediction
of QoE when compared to the reduced reference algorithm on the whole
image?

• Does weighted pooling has an effect on the ROI aware metric to provide
quality prediction better performance?

• How accurate is the ROI aware metric in predicting the QoE in terms of
MOS?

• What effects does a fading channel have on the QoE?

1.6 Main Contribution of Thesis
This section provides information about the contributions of this thesis.

• A new technique has been presented in this thesis to improve the perfor-
mance of RRIQA.

• A pooling function is deployed to compute a final quality metric that ac-
counts for Visual attention (VA).

• A methodology is presented to determine the optimal parameters of pool-
ing functions with respect to the quality prediction accuracy and metric
generalization.

• A weighted pooling approach is implemented independently on ROI and
BG is introduced.

• An ROI aware metric is developed.
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1.7 Thesis Outline
The remainder of this thesis is organized as follows. An overview of the fundamen-
tals about image quality assessment, different metrics like reduced reference, full
reference and no reference methods and experiments on objective and subjective
quality assessment is given in Chapter 2. Chapter 3 focuses on the system model
that is used in the thesis. The followed methodology is introduced in Chapter 4.
Chapter 5 provides comparisons, analysis and results. Finally, conclusions and
future work are drawn in Chapter 6.



Chapter 2
Fundamentals

An important step in the current research on mobile multimedia quality of expe-
rience is to know the process of assessing the quality of images. In addition, it
is necessary to study the literature and identify the gaps in the research field of
quality prediction of images. The below section provides the details of the ground
work and knowledge required to identify the current scenario of research in the
field of image quality metrics.

2.1 Image Quality Assessment
Images usually exhibit regions that particularly attract the viewer’s attention.
These regions are referred as ROI, the phenomenon in the human visual system
is known as the VA. In the context of image quality one can expect the distortions
that occur in the ROI are considered to be more annoying than the ones in the
BG. Maximizing the service quality in a cost effective way is the main concern of
the network operators and content providers.

With the increasing appearance of digital media, there is a need for the growth
in both the objective quality assessment and subjective perceived quality. Both
are recognized as the tool for system design and optimisation. Especially in re-
cent years, the efforts in the visual quality have increased leading to a number of
quality metrics. A few were considerably better for the quality assessment such
as IQM and video quality metrics (VQM). As to know fully about the benefits
of the perceptual quality metrics, it is necessary to investigate the properties of
the used metrics, such as MSE, PSNR, and to identify the prediction of perceived
visual quality. Images and videos are presented in a pixel based fashion in a de-
vice [5]. Where each pixel is represented by luminance values and corresponding
coherence value. As PSNR is dealing with pixel to pixel there will be a poor cor-
relation with the perceived visual quality. However, the correlation MSE/PSNR
and human judgement of quality is not enough for most applications, the goal of
quality assessment is to improve upon PSNR.

7
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Measurement of visual quality is of fundamental importance to numerous im-
age and video processing applications. The goal of quality assessment (QA) is to
design algorithms that can automatically assess the quality of images or videos
in a perceptually consistent manner. There are two methods for assessment of
quality subjective and objective quality assessment will be explained in section
2.2 (see also fig.2.1).

Figure 2.1: Classification of image quality assessment methods [13] © 2009 IEEE.
Reprinted, with permission, from IEEE Communications Society, 2009.

2.2 Subjective Quality Assessment
Subjective quality assessment is considered as most reliable method for assessing
image quality because humans are the ultimate users in most of the real time ap-
plications. In subjective testing, a group of people is asked to give their opinions
based on the quality of each image. The aim of visual quality measure is to get
as close as possible to the quality perception of human observers [5].

For a better prediction of IQM, subjective quality readings are required for
the metric design and validation. This can be acquired by conducting image
quality experiments, which includes various humans rating the quality. There are
distinct international standards which determine the details of subjective exper-
iments. Following these international standards, we obtain the MOS.
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Subjective tests are performed considering the Two most important standards
utilized in the telecommunication field that are determined by the International
Telecommunication Union (ITU)[14]. The radio communications sector of ITU
(ITU-R) specifies procedures for television pictures in REC.BT.500-11 includ-
ing single and double stimulus methods [15]. These includes Absolute Category
Rating (ACR) for single stimulus assessment and Degradation Category Rating
(DCR) for double stimulus assessment [16].

Single stimulus category rating: Test images are displayed on a screen for
fixed amount of time. Then, they will disappear from the screen and observers
are asked to rate the quality of them on a scale of one to five, i.e. excellent, good,
fair, poor, or bad.

Double stimulus category rating: In this method both test and reference
images are being displayed for a fixed amount of time. Then that, images will
disappear form the screen and similar to the single stimulus method quality rat-
ing is done.

Drawbacks of Subjective tests:

• They are time consuming and expensive.

• They cannot be used in real-time applications.

• Their results depend heavily on the physical conditions and emotional state
of the observer.

Therefore, there is need to design mathematical models that are able to pre-
dict the accurate perceptual quality in a consistent manner with the subjective
evaluations.

2.3 Objective Quality Assessment
The main aim of objective quality assessment is to provide mathematical models
that can predict the quality of an image precisely. These methods should be able
to imitate the quality prediction of the average human observer [5].

• Mainly used for monitoring image quality in quality control systems.

• Mainly used as a benchmark for image processing algorithms.

• Mainly used for optimizing image processing and transmission systems.
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2.3.1 Full reference image quality assessment

In Full Reference (FR) Image quality assessment, the input of both distorted im-
age and reference image are used to estimate the quality of the distorted image
relative to the reference. The different approaches for FR-IQA are as follows.

Methods based on HVS models: The main aim of HVS models is to
achieve a quality that is closer to the human observer. Therefore, it is neces-
sary to include the HVS in the design process. Considering the assumptions and
approximations of the HVS, the model can be either simple or complex. Many
HVS methods are designed to determine if the changes are visible and accord-
ingly operate best when distorted images contain artifacts near the threshold of
detection [17]. For example, in [18], Chandler and Hemami presented a Visual
Signal to Noise Ratio (VSNR), in which a wavelet-based model of low level vision
is combined with a model of how the HVS prefers different spatial frequencies
depending on the amount of degradation.

Methods based on image structure: Image quality assessment also fo-
cuses on measuring changes in the image structure as a alternate for measuring
image quality. The main assumption in this approach is that HVS is involved to
extract structure from the image. Where as a high quality image whose structure
matches closely with the original image a lower quality image exhibits less struc-
tural similarity to the original image. For example, Wang, Bovik, Sheikh, and
Simoncelli presented the universal image quality index method, which employed
crosscorrelation and measures of luminance and contrast difference for estimation
of quality [19].

Methods based on image statistics: The operations of this method pri-
marily focuses on statistical information and is often supplemented by machine
learning techniques. In [20], Sheikh and Bovik proposed the Visual Information
Fidelity (VIF) algorithm. It estimates image quality based on natural scenes.
VIF operates considering the fact that the HVS has grown based on the statisti-
cal properties of the image.

2.3.2 No reference image quality assessment

Even though FR-IQA provides an effective way to evaluate the quality in many
applications, the reference image is not available. Although humans can easily
judge the quality of a distorted image in the absence of reference image, No
Reference (NR) and RR-IQA algorithms help in judging the quality with either
no information or with limited information about the reference image. Most
of the NR-IQA algorithms concentrate more on specific distortions like ringing,
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blurring, blocking and various other forms of noises.

2.3.3 Reduced reference image quality assessment

Reduced-reference (RR) IQA provides solutions for cases in which images are not
fully accessible. Generally these methods operate by extracting a few parameters
from the reference image. These parameters are later used with the distorted
image to estimate the quality. In addition, RR metrics can be invariant to scale,
orientation or geometrical differences.

In [6], Wang and Simoncelli agreed on a few RR features as follows:

1. They should be able to provide an efficient summary of the reference image.
2. They should be sensitive to a variety of distortion types.
3. They should possess good perceptual relevance.

An RR algorithm which is based on the grouplet transform was presented by
Maalouf et al. in [21]. Grouplet transform is applied on both the reference and
distorted image and information is extracted in the form of textures and gradients
of the images. This information is used with contrast sensitivity function filtering
and sensitivity coefficients are obtained. Quality estimation is done by comparing
the sensitivity coefficients of distorted image with the reference image.

2.4 Quality Assessment Databases
To help the researchers with metric development there are few popular databases.
Many of these databases listed below are provided by the European Network on
Quality of Experience in Multimedia Systems and Services. Sheikh et al. [22] pro-
vided performance analyses of various IQA algorithms on some of the databases.

Wireless Imaging Quality (WIQ) Database: This portfolio was devel-
oped by the Radio Communication Group at the Blekinge Institute of Technology,
Sweden[1]. It consists of seven reference images and 80 distorted images which
were obtained by sending them through a wireless channel. The ratings for these
images are obtained by two separate experiments from 30 subjects.

LIVE Image Quality Database: The LIVE database [23] developed by
University of Texas at Austin,USA, contains 29 reference images and 779 dis-
torted images in the format of BMP at different resolutions. There are 3 distor-
tions in this database. JPEG compression (169 distorted images), JPEG 2000
compression (175 distorted images), custom JEPG 2000 comparison (145 dis-
torted images). The ratings were collected from 29 subjects.
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Visual Attention Image Quality (VAIQ) Database: The VAIQ database
developed at the university of western Sydney, Australia, contains ground truth
of different gaze patterns of 42 reference images taken from LIVE, IVC and MICT
image databases. These were obtained from 15 subjects.

2.5 Visual Attention
Although there exists various visual quality metrics that have been proposed in
the recent years, most them do not take the HVS into account which can be
assumed to have a higher impact on the overall quality of the image quality. The
HVS refers to VA and consists of higher cognitive operation to reduced the com-
plexity of the scene.

Incorporating the VA into visual quality assessment is assumed to be valuable
since the viewer attention is more likely to detect the artifacts in the high salient
regions than in the low salient regions. VA is guided by two attributes, low level
and high level [24]. Where low level includes colour, motion and shape while high
level includes faces and text [25].

VA models aim to mimic the behaviour of human observers when viewing a visual
scene. Most of these models were limited to predict the locations and objects that
humans focus on [26].

Triesman and Gelade [27] proposed a feature integration theory. The guided re-
search by Wolfe et al. [28] inspired many other VA models. Different models
were developed incorporating the characteristics of the HVS to contribute to VA,
some of them are multiple scale processing, center sound processing, and contrast
sensitivity. Most VA models that are inspired from HVS incorporate different vi-
sual factors know to attract attention which are low level and high level attributes.

2.5.1 RRIQA

This metric [6] is based on the natural image statistic model in the wavelet do-
main. The image distortion measure of this method is obtained from the esti-
mation of the Kullback-Leibler distance (KLD) between the marginal probability
densities of wavelet coefficients in the subbands of the reference and distorted
images as

D = log2(1 +
1

D0

K∑
k=1

|d̂k(pk||qk)|) (2.1)
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In [2.1], the constant D0 is used as a scaler distortion measure, dk(pk||qk)
denotes the estimation of the KLD between the probability density function pk

and qk of the Kth subband in the transmitted and received image. The overhead
needed to represent the RR information is given as 162 bits [29].



Chapter 3
System Model

In this chapter, we discuss the design of the ROI aware image quality metric.
The system model used for deriving the ROI aware quality metric is presented in
fig.3.1.

Figure 3.1: Reduced reference quality assessment using metric pooling.

3.1 ROI Based Quality Assessment
Image quality metrics proposed in recent works compute the quality scores based
on the assumption that the entire image is of equal interest to the observer. Thus,
it is taken into consideration that distortions in different regions of an image con-
tribute are equally important to an overall quality perception of the image with
respect to the content. such ROI includes humans, especially their faces, animals
etc. Therefore, one can expect that distortions that occur in the ROI are more
annoying when compared to the distortions that occur in the BG. This is true in
the context of distortions caused by a transmission channel as considered in this
thesis.

To facilitate performance comparisons between quality models, image quality
databases have been made available online. In this thesis, we consider the WIQ

14
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database [1]. The complex nature of the wireless communication link is taken
into consideration in this thesis [30]. The WIQ database includes test images and
mean opinion scores are made available freely for the research community [1].

Test Images and Distorted Images

A set of seven reference image of dimensions 512× 512 in .JPEG format and
represented in gray scale was chosen to meet a variety of textures, complexities,
and contents. These images are particularly chosen to cover a wide range of ar-
tifacts ranging from low to high distortions. The required reference images and
distorted images are obtained from the WIQ database [1]. The ROI coordinates
of the images are obtained from the ROI database [1].

Artifacts in the Distorted Images

The range of artifacts that are considered are blocking, blur, ringing, block
intensity shifts, lost blocks and combinations of them as discussed below [29].

Figure 3.2: Reference images used from WIQ database [1].
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Blocking

A distortion that appears as blocking artifacts is associated with block-based
images and video compression techniques. Blocking is also referred to as block-
iness. This can be observed as surface discontinuity at block boundaries [29].
Blocking is present on 8 × 8 block borders due to independent quantization of
the Discrete Cosine Transform (DCT). Blockiness artifacts are observed in the
images shown in Fig.3.3 and Fig.3.4 images.

Figure 3.3: ‘Lena’ with blocking.

Figure 3.4: ‘Mandrill’ with blocking.
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Blur

Blur artifacts relate to the loss of detail of visual content and are observed as
texture blur. It is also referred as blurriness and may be observed as the loss of
information that is carried by the shapes and objects in an image. Edge sharpness
contributes to blurring. In the process of compression, blur is a consequence of
the coarse quantization of frequency components and the associated suppression
of high frequency coefficients [29]. In JPEG compression, the artifacts are ob-
served within 8× 8 blocks rather than on a global scale. An example of an image
with a low level of blur is shown in Fig.3.5.

Figure 3.5: ‘Goldhill’ with blur.

Ringing

The ringing artifact appears as periodic pseudo edges around the original
edges of the objects in an image [2]. It is caused by improper truncation of high
frequency components also noticed as high frequency irregularities in reconstruc-
tion. In Fig.3.6, it is more evident along high contrast edges and particularly on
smooth textures.
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Figure 3.6: ‘Elaine’ with ringing.

Figure 3.7: ‘Peppers’ with ringing and block intensity shifts.

Block Intensity Shifts and Lost Blocks

Due to masking, the visibility of the stimulus is reduced and due to the pres-
ence of another stimulus the intensity shifts in parts of an image or the whole
image (see Fig.3.7). This may result in either a darker or brighter appearance of
the area as compared to the original image cause change in the visibility of visual
content [29]. These artifacts appear in the presence of strong multipath fading in
wireless image communication and referred as block intensity shifts.
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With reference to Fig.3.1, the following functions are considered in the design
of the ROI aware RR metric:

ROI Detection: The WIQ database provides MOS and ROI Coordinates for
the reference images that are considered in the test [29].

ROI and BG Extraction: Using the ROI coordinates from the WIQ database
we extract the ROI and consider the remaining part as BG.

Wireless Imaging: In the context of wireless imaging source coding is used to
reduce the redundancy in the image to be transmitted the limited channel band-
width we deploy the JPEG format to encode the reference image. JPEG is a
lossy image coding technique using a block DCT based algorithm may introduce
a quality loss on compression ratio [6].

RRIQA Metric: RR image quality metrics give a solution for quality predic-
tion which lies between FR and NR models. They predict the perceptual quality
of distorted images with only partial information about the reference image. In
recent years, the video quality group has announced that RR image quality as-
sessment is one of its directions for future development. RR methods are useful
in various applications [6]. In real time visual communication systems, they are
used to track image quality degradations. The system includes a feature extrac-
tion process at the sender and a feature extraction quality analysis process at the
receiver. The extracted RR features usually have much lower data rate than the
image data and are typically transmitted to the receiver through a channel.

Metric Pooling: In metric pooling the ROI and BG are combined with a weight
function α. The value of the weight is taken from [0,1] to derive an accurate MOS.
The choice of α is carried out based on the subjective scores. We obtain a pooling
function is suitable for getting accurate predicted MOS.

Mapping function: The main purpose of mapping function is to map the image
quality metrics to the subjective scores in our case, these scores are obtained from
the WIQ database. Then, the range of the prediction function matches with the
range of the quality metric. In the case of RR, a simple linear fit was found
out to work best. The mapping function considered in this thesis is taken from
the literature as it provides a better relationship between the MOS the predicted
MOS [29].



Chapter 4
Methodology

This section provides a brief description of the method that has been laid down
to acheive the research aims and objectives presented in Section 1.5. The method
of obtaining the results is fundamentally a logical step-by-step plan laid out to
get from the research questions to the research answers.

4.1 Metric Model
The reduced reference image quality assessment (RRIQA) algorithm is imple-
mented using Matlab which was made available online [6]. The process of esti-
mation of the metric value is implemented on three different models.

Whole Image: In this model, the RRIQA value of the whole image is calcu-
lated considering the whole image of both the test and distorted images as input
to the algorithm.

Region of Interest: In this model, the RRIQAROI value is calculated by
considering only the ROI of both the test image and the distorted image as input
to the algorithm. The produced RRIQAROI quantifies the ROI of the image.

Background: In this model, the metric value RRIQABG is calculated by
considering only the BG of both the test and the distorted image as the input to
the algorithm. The result RRIQABG quantifies the BG of the image.

4.2 Evaluation of ROI Aware Quality Metric
The first step at the transmitter is to detect the ROI and BG in the image content
using the ROI and BG coordinates. In order to avoid the error in detection of the
ROI and BG from the image content we use the coordinates to separate the ROI
and BG from the image content in Matlab. From the subjective scores that are
obtained from the WIQ database a ground truth for ROI and BG of the reference
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images.

The ROI and BG RR information is then transmitted through the wireless link
separately and the metric is applied to the obtained image from the wireless chan-
nel separately to the ROI and BG (see also Fig.4.1).

Figure 4.1: ROI aware quality assessment.

4.2.1 Segmentation of test images

The ROI coordinates from the WIQ database are used to segment all the reference
and distorted images into ROI and the BG. In particular, the ROI’s are obtained
by cutting out the mean ROI center coordinates and the mean ROI dimensions.
The BG is obtained by the rest of the images with the pixels in the ROI set to zero.

4.2.2 ROI and background pooling

Now lets us consider that RRIQAV A be the general definition of an VA aware
image quality metric. Let us assume RRIQAROI be the metric computed on
the ROI image and RRIQABG be the metric computed on the BG image. The
ROI aware quality metric is obtained by weight of combination of the metrics
computed in ROI and BG, RRIQAROI and RRIQABG, i.e.

RRIQAV A = α · (RRIQA)ROI + (1− α) ·RRIQABG (4.1)

Where α ∈ [0,1]. The expression (4.1) is also known as the weighted RRIQ
metric. Improved quality prediction performance can be achieved by an using
optimized value α. The optimization of α is done with respect to Root Mean
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Square Error(RMSE), Spearman Correlation Coefficient Scorr and Pearson Cor-
relation Coefficient Pcorr.

The weight α regulates the contribution of RRIQAROI and RRIQABG to the
overall quality metric RRIQAV A. Assuming that artifacts in the ROI may be
perceived more annoying than in the BG, we may expect the weight α to be
larger than 0.5, thus, giving the ROI a higher impact on the overall metric in
comparison to the BG.

In this thesis, we derive the optimal weight αopt considering the RMSE, Scorr and
PCorr.

Optimisation of Perceptual Weight

Optimisation is minimisation of a target subject to an arrangement of choice
variables. However, the performance of a system cannot always be measured by a
single number. Two targets are said to be contrary when a decrease in one target
leads to an increase in the other. The perceptual weight is designed in a way
to reduce the optimal trade-offs between the targets by determining the optimal
solutions.

Prediction Performance Indicators

To assess the quality prediction performance of the metric, we follow the rec-
ommendations given by the VQEG in [31] [32]. In particular, VQEG defines three
quality prediction performance indicators as follows.

Prediction accuracy: Ability of a quality metric to predict subjective score.

Prediction monotonicity: Degree with the objective score matches with sub-
jective score.

Prediction consistency: Degree with which a quality metric maintains its pre-
diction accuracy over a wide range of images.

As mentioned in the [31] [32], the prediction accuracy is determined using the
Pcorr and RMSE.

Root Mean Square Error: RMSE is defined as the measure of the difference
between the predicted values and the observed values. It is defined as
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RMSE =

√√√√ 1

K − d

K∑
k=1

ε2(k) (4.2)

Where K denotes the number of images, d represents the number of degrees of
freedom, i.e. the number of coefficients in the mapping function, and ε(k) is the
prediction error between MOS and predicted MOS [31].

Pearson Correlation Coefficient: Pearson correlation coefficient is a measure
of linear dependence between the predicted values and actual observed values [32].
The correlation value ranges between +1 and −1, where 1 is positive correlation,
-1 is negative correlation and 0 is no correlation. The mathematical definition of
the Pearson correlation is given by

Pcorr =

∑N
i=1(xi − x̄)(yi − ȳ)√∑N

i=1(xi − x̄)2
√∑N

i=1(yi − ȳ)2
(4.3)

where xi and yi are the feature difference and the subjective rating related to the
N th image, respectively, and x and y are the means of the respective data sets.

Spearman Correlation Coefficient: It generally depends on the rank of two
variables. It also assesses whether the relationships is linear or not. The Spearman
rank order correlation coefficient Scorr is adopted as the measure of monotonicity
and is defined as

Scorr =

∑K
k=1(χk − χ̄)(γk − γ̄))√∑K

k=1(χk − χ̄)2
√∑K

k=1(γk − γ̄)2
(4.4)

where χk and γk denote the ranks of the predicted scores and subjective scores.
Further χ and γ are the mid ranks of the respective data sets used to measure
the increase or decrease of one variable with respect to increase or decrease of
another variable [32].

4.3 Mapping Function
The main purpose of the mapping function is to find a suitable prediction func-
tion to map the image quality metric, RRIQA onto predicted MOS.

The parameters of the mapping functions or prediction functions are to be deter-
mined through curve fitting based on the data from the test images. The following
are different mapping functions that are chosen for the prediction of quality:
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• Polynomial functions: Provides flexibility to support experimental pre-
dictions.

MOSΦ �
m∑
j=0

pj .Φ
j Polynomialfunction (4.5)

• Exponential and power functions: These used to enable a good fit to
experimental data over mid or up range of quality impairment measure [33].

MOSΦ �
m∑
j=0

uj . e
vjφ Exponentialfunction (4.6)

MOSΦ � k1 .Φ
k2 + k3 Powerfunction (4.7)

• Logistic functions: Mapping of quality impairment measure for finite
intervals and compression at high and low extremes of quality.

MOSΦ � l1
1 + e−l2(φ−l3)

Logisticfunction (4.8)

Standard curve fitting techniques are used to deduce the parameters of the map-
ping functions that describe the best relationship between the subjective ratings
and perceptual quality metric with respect to the best fit measure. Ulrich En-
gelke in [29] proposed various mapping functions. The Matlab curve fitting tool
box was used to find the parameters of the mapping functions. The best fit was
obtained for the linear function with parameters given in Table 4.1.

Table 4.1: Parameter of prediction function for image quality metric
Metric Mapping Parameter

Type Name Type Function a b
RR RRIQA Linear a · Φ + b -8.348 90.64
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Prediction function parameters

PMOSV A = a ·RRIQAV A + b (4.9)

PMOS = a ·RRIQAW + b (4.10)

In (4.9) and (4.10), we use the following notations:

• PMOSV A = Predicted mean opinion score of visual attention.

• PMOS = Predicted mean opinion score.

• RRIQAV A = Reduced reference image quality assessment using visual at-
tention.

• RRIQAW = Reduced reference image quality assessment of whole image.



Chapter 5
Results and Analysis

To evaluate the performance of the designed ROI aware metric, RRIQAV A, the
analysis is divided into several phases as follows:

• Examining the plots of RMSE, Pcorr and Scorr to derive an optimized per-
ceptual weight α.

• Evaluation of VA aware quality metric.

• Comparative analysis of traditional approach and newly designed metric.

• Comparative analysis of each test image based on the distorted images.

• Analysis based on the distortions in ROI and BG.

In order to validate the metric, the WIQ database of images is used. There
are different types of distortions present in the images obtained using a wireless
channel. A set of 7 reference images and 80 distorted images are taken from
the WIQ database and for all these 80 different distorted images the weight is
optimised. After implementation of pooling function and mapping function, we
obtain graphs for RMSE, Pcorr and Scorr From the obtained graphs, we optimise
values the weight α.

5.1 Optimisation of Perceptual Weight
The value of the perceptual weight α is identified to attain minimal RMSE be-
tween MOS and PMOSV A. In Fig.5.1 the value of α increase from -1 to +1,
while the RMSE between MOS and PMOSV A decreases. Clearly, as the weight
of ROI increases the error between the PMOS and PMOSV A is reduced. By
increasing the contribution of RRIQAROI compared to the RRIQABG, the per-
formance of the ROI aware metric, RRIQAV A improves.

We obtain a minimum RMSE value at an α = 0.55. The minimum RMSE is
highlighted in the figure by a square.

26
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Similarly, from Fig .5.2 and Fig .5.3, it can be clearly seen that Scorr and Pcorr in-
creases with the increase in α. A maximum Scorr and Pcorr is observed at α = 0.65
and α = 0.60 respectively. It is interesting to note that the weight is larger than
0.5 for all the three parameters. After examining the three figures we obtain an
average weight α = 0.6.

Figure 5.1: RMSE as a function of perceptual weight α.
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Figure 5.2: Spearman correlation as a function of perceptual weight α.

Figure 5.3: Pearson correlation as a function of perceptual weight α.
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5.2 Comparison of RRIQAVA and RRIQAW

This section assesses the performance of the image quality metrics based on the
predicted PMOS and PMOSV A.

Table 5.1 summarizes the performance of RRIQAV A and RRIQAW in terms
of RMSE, Pcorr, and Scorr. It is observed that RMSE of the ROI aware metric
RRIQAV A is more efficient when compared to the traditional approach using
RRIQAW ,i.e, higher correlation and lower RMSE is obtained. One can observe
that there is an improvement of about 6-7% in the case of RRIQAV A when
compared to RRIQAW .

Table 5.1: Comparison of RRIQAW and RRIQAV A

Metric
RRIQ RMSE Scorr Pcorr αopt

RRIQAW 15.3379 0.7574 0.7142 N/A
RRIQAV A 14.33 0.7776 0.7829 0.60

5.3 Analysis for each Reference Image
In this section, the performance of RRIQAW is examined on each individual
reference image with respect to the distorted images. Table 5.2 shows performance
of the RRIQAW , i.e. when RRIQA it is used on the whole image.

Table 5.2: Performance of RRIQAW

Image RMSE Scorr Pcorr

Barbara 12.81 0.9 0.9529
Elaine 4.0996 0.6 0.9612
Goldhill 24.2658 0.3833 0.5128
Lena 16.8344 0.8296 0.8926
Mandrill 10.8402 0.8909 0.9447
Peppers 11.855 0.5289 0.6492
Tiffany 14.7212 0.7418 0.7951

Table 5.3 reports the performance of RRIQAV A, i.e.when ROI and BG are
pooled together. Considering both Table 5.2 and Table 5.3, we can observe that
the ROI aware metric RRIQAV A gives better and consistent values of RMSE
Pcorr and Scorr compared to RRIQAW . The results also show that there is a
significant increase in prediction performance using RRIQAV A.
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Table 5.3: Performance of RRIQAV A

Images RMSE Scorr Pcorr

Barbara 12.18 0.9 0.9458
Elaine 4 0.75 0.967
Goldhill 17.8 0.483 0.74
Lena 14.45 0.8486 0.845
Mandrill 10.26 0.945 0.924
Peppers 9.57 0.7667 0.69
Tiffany 12.0 0.8685 0.849

5.4 Analysis Based on Distortions in the ROI
To further illustrate the quality prediction performance improvement of the met-
rics, we take a closer look at the distortions in ROI and BG independently. In this
section, the performance of RRIQAV A is examined based on the distortions only
in the ROI. For this study we have considered those distorted images from the
WIQ database [1] have only distortions in the ROI. In the ROI distorted image
shown in Fig.5.4, distortions are near the nose. On the other hand in Fig.5.5,
several distorted rows crossing the face around the eyes and nose are observed.

Table 5.4: Comparison of PMOSand PMOSV A with distortion in ROI
Images
for ROI RRIQAV A PMOSV A MOS PMOS

Image 1 2.6050 64.64533 59.833 71.57818
Image 2 3.9284 48.7666 75.348 42.746

Table 5.4 shows the performance of RRIQAV A compared to RRIQAW . It can
be concluded from these results that RRIQAV A provides a better prediction
performance compared to RRIQAW .
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5.5 Analysis Based on Distortions in BG
In this section, the performance of RRIQV A is examined based on the distortions
only in the BG. For this study we have considered the distorted images from the
WIQ database [1] that have only distortions in the BG. In Fig 5.6, artifacts very
minor distortion in the BG. In Fig 5.7, there are artifacts located in the upper
right corner outside of the ROI.

Table 5.5: Comparison of PMOS and PMOSV A with distortion in BG
Images
for BG RRIQAV A PMOSV A MOS PMOS

Image 3 1.6910 76.5253 90.833 74.26138
Image 4 2.6050 64.89346 59.6066 72.94944

Table 5.5 reports the performance of RRIQAV A compared to RRIQAW . It can
be seen from the results that RRIQAV A provides a better prediction performance
compared to RRIQAW .
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Figure 5.4: Image 1 with distor-
tion in the ROI

Figure 5.5: Image 2 with distor-
tion in the ROI

Figure 5.6: Image 3 with distor-
tion in the BG

Figure 5.7: Image 4 with distor-
tion in the BG



Chapter 6
Conclusions and Future Work

The main aim of this thesis has been the improvement of the quality prediction
performance of reduced reference objective quality metrics. Specifically, RRIQA
has been chosen for assessing the quality of an image.

A new technique has been presented in this thesis to improve the performance
of RRIQA. Specifically, an ROI aware metric, RRIQAV A is proposed for predict-
ing the quality of an image it is based on the pooling of the weighted ROI and
BG metrics. We have obtained an optimised perceptual weight by estimating the
ROI aware metric.

The optimised perceptual weight is taken by giving more weightage to the ROI
than the BG by considering the situation that artifacts in the ROI are perceived
to be more annoying when compared to the artifacts in the BG. The optimisation
is based on the RMSE, Pcorr and Scorr.

The proposed ROI aware metric RRIQAV A has been shown to improve the
prediction performance of the quality prediction in various cases. The obtained
results indicates that the proposed metric RRIQAV A can provide a 6-7% im-
proved performance compared to RRIQAW . This shows that giving more weight
to the ROI when compared to BG gives more accurate prediction performance.

The proposed metric may to some degree depend on the wireless channel and
the considered set of reference images. The scope of this thesis is limited to only a
set of available distortions. Moreover, the perceptual weights of the metrics pre-
sented in the thesis were derived for particular cases of JPEG compressed images.

Future work may hence include extensions towards testing the metric with vari-
ous types of images with different distortions. The future work may also include
implementing it on different fading channels and testing the performance of the
designed metric. The proposed model could be performed over video processing
applications. To further improve the prediction performance, there is a need to
take a wide variety of distortions into consideration. Further analysis of visual
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attention could be done considering various modulation schemes and different
fading channels.
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