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Abstract

Image and video quality assessment has become an increasingly important subject
in digital video coding and transmission scenarios, such as digital television. In
this context, a special interest has been put on no-reference objective quality as-
sessment metrics, since they are suitable for real-time quality monitoring once the
video delivery system is settled. This Thesis proposes new no-reference quality as-
sessment metrics for images and video. The main goal of the proposed techniques

is to estimate the quality of lossy DCT-based encoded video.

The proposed metrics share the same key idea: based on elements extracted from
the bitstream of the encoded images or video arriving at the point where quality
assessment has to be performed, an estimate of the quantization error associated to
each DCT coefficient is obtained. Those estimates are perceptually weighted and
combined in order to obtain a quality score for the image or video under analysis.
The Thesis starts by proposing a technique based on watermarking, that evolves
to a technique based on natural image statistics only. The results produced by the

metrics are close to and well correlated with subjective quality assessment data.

Keywords:

No-reference quality assessment, image and video coding, perceptual models, pa-

rameter estimation, DCT coefficient statistics, watermarking.
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Resumo

A avaliacao da qualidade de imagem e video é um assunto que tem tido uma im-
portancia crescente em cenarios que envolvem a codificacao e a transmissao de video
em formato digital, como é o caso da televisao digital. Dentro deste contexto, sao
de especial interesse as métricas objectivas que avaliam a qualidade de video sem
recorrer a sinais de referéncia, pois permitem que seja feita uma monitorizacao da
qualidade em tempo real, tanto nos receptores, como em pontos intermédios da rede.
Nesta Tese sao propostos novos algoritmos para avaliacao automatica da qualidade
de imagens fixas e de video, sem utilizacao de sinais de referéncia. As técnicas
propostas tém como objectivo estimar a qualidade de uma imagem ou um video

codificado com perdas e com base na transformada DCT.

As métricas propostas partilham a mesma ideia chave: usando o fluxo binario da
imagem ou video codificado que chega ao ponto da rede onde se pretende analisar
a qualidade, é feita uma estimativa do erro de quantizacao associado a cada coe-
ficiente DCT. Essas estimativas para o erro sao pesadas, tendo em conta factores
perceptuais, e combinadas entre si, de modo a ser obtido um valor de qualidade para
a imagem ou para o video em analise. Comeca-se por propor uma técnica baseada
num sistema de marcas d’agua, que evolui ao longo da Tese para uma técnica que
se baseia exclusivamente num modelo estatistico associado a imagens naturais. Os
resultados obtidos exibem valores proximos e bem correlacionados com dados prove-

nientes de avaliacoes subjectivas.

Palavras-chave:

Avaliacao de qualidade sem referéncia, codificacao de imagem e video, modelos per-

ceptuais, estimacao de parametros, estatistica dos coeficientes DCT, marcas d’agua.



vi

Resumo




Acknowledgments

During the course of the Thesis, several people contributed to the work that is now

being presented. In the following lines, I wish to express my gratitude to them.

First of all, I would like to thank my supervisor, professor Maria Paula Queluz,
who was always available to discuss and propose new ideas, reviewed the Thesis and
provided several constructive suggestions, helped and participated in the realization
of the subjective quality assessment tests, motivated me for writing journal and
conference papers, and allowed me to become a co-supervisor of Msc. Thesis in the

image quality assessment field. For all that support, I am very grateful.

I would also like to thank the elements of the Image Group at I'T, for all their support
and knowledge exchange. I wish to give a special thanks to professor Fernando
Pereira, for his support on the bureaucracy related with trip funding, for allowing
me to participate in the organizing committee of the Picture Coding Symposium,
and for giving me opportunities to present my work to expert audiences. I would
also like to give a special thanks to professor Paulo Correia, for inviting me to submit
and present a paper in a special session on image quality during the Eusipco 2007

conference.

To doctor Martijn Kuipers, for knowledge exchange about Latex, C++ and Matlab,

as well as company on many morning coffee breaks.

A big thanks to the people from Germany that helped or discussed ideas with me
during the Thesis period: doctor Tobias Oelbaum for providing me a set of video
bitstreams that have been subject to quality evaluation, for testing my algorithms,
as well as for the good and profitable discussions during the Thesis time; doctor
Arnd Eden, for providing enough details for a correct implementation of his PSNR
estimation algorithm; and to master engineer Séren Sofkle for the discussions about
DCT coefficient modeling on H.264.

I also thank doctor Ahmid Sheik from USA, for providing me access to the LIVE

vii



viii Acknowledgments

image quality database.

To doctor Matteo Naccari, currently working in the Image Group, for discussions
about quality assessment and for providing a very nice reception on my trip to Italy
after the EUSIPCO 2008 conference in Switzerland.

To professor Manuel Sequeira, for providing me access to the Matlab toolbox “PSM
Tools” during the early stages of the Thesis. “PSM Tools” is a set of useful image

processing related Matlab scripts.

To Ricardo Ribeiro, Fernando Batista and Marco Ribeiro, for mutual Thesis moti-
vation. To Joao Ascenso and Catarina Brites, for useful discussions about software

and the H.264 standard, as well as company for many lunches.

To Luis Roque, for his help on obtaining subjective quality data, as well as all
the people (mostly students) who participated in the subjective quality assessment

sessions.

A word of gratitude to the directors (during the my PhD’s time) of the department
of information sciences and technologies from ISCTE-IUL: professors Carlos Sa da
Costa and Francisco Cercas, who authorized periods of work exclusively dedicated
to the investigation that led to the Thesis.

Finally, to Marcia and my daughter Catarina for constantly remembering me that

there is also an important and joyful life outside the research world.



Contents

Abstract

Resumo

Acknowledgments

1 Introduction

1.1 Context and motivation . . . . . . . . . . . ...
1.2 Main contributions . . . . . . . . ...
1.3 Outline of the Thesis . . . . . . . . . . . . . ..

2 Image quality overview

2.1 What is image quality? . . . . . . . ...
2.2 Fundamentals of human vision . . . . . . . . ... ... ...
2.2.1  The mechanics of theeye . . . . . . . ... ... .. ... ...
2.2.2 Luminance adaptation and contrast sensitivity . . . . . . . ..
223 Masking . . ...
224 Pooling . .. ...
2.3 Image and video encoding . . . . . .. ... oL
2.3.1 Compression of visual information . . . . . . .. ... ... ..
232 JPEG . ...
2.3.3 JPEG2000 . . . . ..
234 MPEG-2 . . ... .

1X

iii

vil



Contents

235 H.264 ... 26
2.4 Compression artifacts . . . . . . .. .00 28
24.1 Blockeffect . . . .. ... o 29
242 Blur . ... 30
24.3 Ringing . . . . ..o 31
2.4.4 Mosquito noise . . . . ... 32
2.4.5 Jitter and jerkiness . . . . . . ... 32
2.5 Transmission losses . . . . . . . . ... Lo 33
2.6 Summary . . ... 35
Subjective quality assessment 37
3.1 Introduction . . . . . . . .. 37
3.2 Subjective test preparation . . . . . . ... ... 38
3.2.1 Selection of test video sequences . . . . . . . ... ... ... 38
3.2.2  Selection of test participants . . . . . .. ... 39
3.2.3  Environment conditions . . . .. ... ... 40
3.3 Standardized methodologies . . . . . . . ... ... 0L 40
3.3.1 Double stimulus methods . . . . . . . . ... .. ... .. ... 40
3.3.2  Single stimulus methods . . . . . . ... ... ... ... ... 42
3.3.3 Comparison methods . . . . . . .. .. ... ... .. ..... 43
3.3.4  Continuous quality evaluation methods . . . . . . . ... ... 43
3.4 Computing mean opinion scores . . . . . . . . . .. ... ... ... 44
3.5 Subjective quality assessment tests . . . . . .. ..o 46
3.5.1 Methodology . . .. .. .. ... ... 46
3.5.2  Assessment conditions . . . . .. ... 47
3.5.3 Selection of test material . . . . . .. ... 47
3.5.4 MOS computation . . ... ... 49
3.6 Summary . ... ... 52



Contents

x1

4 Objective quality assessment metrics 53
4.1 Introduction . . . . . . . ... 53
4.2 Classifying objective quality metrics . . . . . . . . . ... .. ... .. 53
4.3 Datametrics. . . . . . ..o Lo D7
4.4 Picture metrics . . . . . ..o 60
4.4.1 Psychophysical-based metrics . . . . .. ... ... ... ... 61
4.4.2 Artifact measurement metrics . . . . .. ... 63
4.4.3 Feature-based metrics . . .. . ..o 69

4.5 Bitstream-based metrics . . . . .. ..o 70
4.5.1 Packet-oriented metrics . . . . .. .. ..o 71
4.5.2 PSNR estimation algorithms . . . . . . . ... ... ... ... 71

4.6 Standardization of objective metrics . . . . . . .. ... 72
4.7 Performance of an objective metric . . . . .. ... 74
4.8 SUMmMAary . . ... ... 76
Image quality assessment using watermarking 79
5.1 Imtroduction . . . . . . . ... 79
5.2 Watermarking scheme . . . . . . . .. ... oL 83
5.2.1 Watermark embedding . . . . . . ... ..o 83
5.2.2  Watermark extraction . . . . . ... ... ... L. 84
5.2.3 Perceptually adapted quantization functions . . . . . . .. .. 85
5.2.4  Choosing the DCT coefficient set for watermark embedding . . 88

5.3  Error estimation . . . .. ... Lo Lo 93
5.3.1 Distance weighting based on watermark bit error rate . . . . . 95
5.3.2 Distance weighting based on DCT coefficient statistics 97
5.3.3  Quality estimation . . . . . ... ... 100

5.4 Results . . . . . . 101
54.1 PSNR estimation . . . . . ... ... ... L. 101
54.2 Quality scores . . . . . ... 103



xii Contents
5.5 Summary . o.o.o. ..o 105

6 Statistical image quality assessment 107
6.1 Introduction . . . . . . . .. .. 107
6.2 Algorithm overview . . . . . . . . . ... L 109
6.3 Modeling DCT coefficient data . . . . . . . ... ... ... ... ... 111
6.3.1 Parameter estimation using original coefficient data . . . . . . 112

6.3.2 Parameter estimation using quantized coefficient data . . . . . 112

6.4 Parameter estimation using prediction . . . .. .. .. ... ... .. 113
6.4.1 Predictor training procedure . . . . . .. ... ... 115

6.4.2 Prediction accuracy . . . . . . ... Lo 116

6.5 Perceptual quality estimation . . . . . .. ... ... ... .. ... 119
6.6 Results. . . . . . . . 120
6.6.1 PSNR estimation . . . . ... ... ... ... . 120

6.6.2 Quality scores . . . . . . ..o 121

6.7 Summary . ... 123

7 Perceptual video quality assessment 125
7.1 Introduction . . . . . . ... 125
7.2 Algorithm overview . . . . . . . .. .. 127
7.3 Modeling DCT coefficient data. . . . . .. ... ... .. .. ..... 129
7.3.1 Cauchy model . . . . . ... .. ... 129

7.3.2 Laplacemodel . . . . . . ... ... 131

7.3.3 Improving estimation using prediction . . . .. ... ... .. 133

7.3.4 Predictor training . . . . .. ... oL 135

7.4 Perceptual model . . . . . .. ... 137
7.4.1 Spatio-temporal CSF model . . . . . . ... ... ... ... 137

7.4.2 Quality scores . . . . . ... Lo 139

75 Results. . . . . 139



Contents

xiii

7.5.1 Prediction accuracy . . . . . . . ... 140

7.5.2 PSNR estimation . . . . . ... ... ... ... ... ... 142

7.5.3 Quality assessment . . . .. ... Lo 144

7.5.4 Comparison and discussion . . . . . . . . .. ... ... .. .. 146

7.6 SUmMmMAary . . . oo ..o 147

8 Conclusion 149
Bibliography 164



X1v

Contents




List of Figures

2.1
2.2
2.3
2.4
2.5
2.6
2.7
2.8
2.9
2.10
2.11
2.12
2.13
2.14
2.15
2.16
2.17

3.1
3.2
3.3

A good quality image, or not? . . . . . . ... ... L. 10
Diagram of the human eye. . . . . . . .. .. ... ... ... ..... 13
Sensitivity of the HVS to light intensity changes. . . . . .. ... .. 14
Spatial contrast sensitivity function. . . . . . .. ..o 15
Spatio-temporal contrast sensitivity function.. . . . . . . . . .. . .. 16
Masking effect example. . . . . ... ..o oL 17
Contrast masking and facilitation. . . . . . . .. ... ... ... ... 17
JPEG encoder and decoder schemes. . . . . . .. ... .. ... ... 21
Example JPEG quantization tables. . . . . . . .. ... ... ... .. 22
MPEG-2 generic encoder and decoder schemes. . . . . . . ... ... 24
Default MPEG-2 quantization tables. . . . . . ... ... ... .... 25
H.264 generic encoding and decoding schemes. . . . . . . . ... ... 26
Blocking effect. . . . . .. ..o 29
Blur effect. . . . . . . . . 30
Ringing effect. . . . . . . . . .o 31
Packet-oriented video transmission. . . . . . .. .. ... L. 33
Packet loss effect. . . . . . . . ..o 34
Examples of typical test sequences. . . . . . . ... .. ... ... .. 39
Subject screening tools. . . . . . .. ..o L 40
Double stimulus quality assessment method. . . . . . . .. ... ... 41

XV



xvi List of Figures
3.4 Single stimulus quality assessment method. . . . . . . . ... ... .. 42
3.5  Comparison quality assessment. . . . . . . . .. ... .. ... .... 43
3.6 Continuous quality evaluation. . . . . . . . . .. .. ... .. ... .. 44
3.7 Video sequences selected for the subjective tests. . . . . . . .. . . .. 49
3.8 Spatio-temporal activity of the selected video sequences. . . . . . .. 50
3.9 MOS values resulting from the subjective quality assessment tests. . . 50
4.1 Full reference quality assessment system. . . . . . . . .. .. ... .. 54
4.2 No-reference quality assessment system. . . . . . . . . .. .. ... .. 95
4.3 Reduced reference quality assessment system. . . . .. ... .. ... 26
4.4 Images with similar PSNR, but different perceptual quality impact. . 58
4.5 Ideal block signal and the corresponding difference signal. . . . . . . . 64
4.6  Flatness effect caused by low bitrate JPEG encoding. . . . . . . . .. 65
4.7 Blur effect on image edges. . . . . . . ..o 67
4.8 Objective image quality assessment classification. . . . . . . . .. .. 7
5.1 Watermarking-based image quality assessment system. . . . .. . .. 80
5.2  Watermark embedding scheme. . . . . . . ... ... 00000 83
5.3 Watermark extraction scheme. . . . . . . . ... ... L. 84
5.4  Perceptually adapted distance between quantization points. . . . . . . 87
5.5 Sketch of the quantization function. . . . . . . . . .. ... ... ... 88
5.6 Watermark embedding coefficient sets. . . . . . .. ... ... 89
5.7 Test images used for DCT coefficient set selection. . . . . . . . .. .. 90
5.8 Increasing frequencies test results. . . . . . . . ... L. 91
5.9 Muiddle frequencies test results. . . . . .. ..o 91
5.10 DCT coeflicient set used for watermark embedding. . . . . . . . . .. 92
5.11 PSNR computed using the set of selected DCT coefficients. . . . . . . 92
5.12 Error estimation in the presence of small distortion. . . . . . . . . .. 93
5.13 False positive. . . . . . . . ... 94



List of Figures xvii

5.14
5.15
5.16
5.17
5.18
5.19
5.20
5.21

6.1
6.2
6.3
6.4
6.5
6.6
6.7
6.8

7.1
7.2
7.3
7.4
7.5
7.6
7.7
7.8

False negative. . . . . . . . . . . 94
Different error possibilities. . . . . . . . ... ... . 95
False positive/negative rates as a function of the Wpye,.. . . . . . . .. 96
Error estimation. . . . . . . ..o oo 98
PSNR estimation examples — error weighting based on Wpy,.. . . . . . 102
PSNR estimation examples — statistical error weighting. . . . . . . . . 103
Global PSNR estimation results. . . . . . . . . ... ... ... .... 103
DMOS estimation results. . . . . . . .. ... .o 105
General scheme of the proposed quality assessment algorithm. . . . . 109
An example histogram of the DCT coefficients. . . . . . . . . ... .. 112
Original A values for each frequency. . . . . . .. ... .. ... ... 114
Neighborhood configuration used for prediction. . . . . . . ... ... 116
A estimation results for a JPEG encoded test image (lighthouse). . . . 118
Global PSNR estimation results. . . . . . . .. .. ... .. ... ... 121
Best and worst case PSNR estimates. . . . . .. ... ... ... ... 122
DMOS estimation results. . . . . . . .. ... 123

Architecture of the proposed algorithm for video quality assessment. . 127

Typical evolution of the H.264 coefficients’ distribution parameter. . . 134

Neighborhood configuration used in the experiments. . . . . . . . .. 136
Example of parameter estimation on H.264. . . . . . ... ... ... 142
No-reference PSNR estimation vs. true PSNR — training set. . . . . . 143
No-reference PSNR estimation vs. true PSNR — test set. . . . . . .. 144
Temporal evolution of PSNR estimates. . . . . . . . .. ... ... .. 145
MOS estimation results. . . . . .. ... L oL 146



xviii List of Figures




List of Tables

2.1

3.1
3.2

5.1
5.2
5.3

6.1
6.2
6.3

7.1
7.2
7.3
7.4

Base quantization steps. . . . . . . ... 28

Environmental viewing conditions. . . . . . . ... ... 47

Resulting bitrates and MOS values for the sequences used in the tests. 51

DCT frequency sensitivity thresholds. . . . . . ... .. ... ... .. 86
PSNR estimation accuracy. . . . . . . . ... ... 104
Evaluation of the proposed metric. . . . . . . ... ... ... .... 105
Average relative prediction error [%]. . . . .. ..o 117
PSNR estimation accuracy. . . . . . . . . .. ... 121
Evaluation of the proposed metric. . . . . . . ... ... ... .... 123
Mean PSNR estimation error (dB). . . . .. ... ... ... ... .. 140
Parameter estimation accuracy. . . . . . .. ... ... ... 141
PSNR estimation accuracy. . . . . . . . .. ... 146
Evaluation of the proposed metric. . . . . . . ... ... ... .... 147

Xix



XX

List of Tables




List of Acronyms

ACR Absolute category rating

ANSI American National Standards Institute
AVC Advanced video coding

BER Bit error rate

CIF Common intermediate format

CSF Contrast sensitivity function

dB Decibel

DCR. Degradation category rating

DCT Discrete cosine transform

DMOS Differential mean opinion score

DSIS Double stimulus impairment scale
DSCQS Double stimulus continuous quality scale
DWT Discrete wavelet transform

EBCOT Embedded block coding with optimal truncation
FFT Fuast Fourier transform

FMO Flexible macroblock order

FR Full reference

HD High definition

xxi



xxii List of Acronyms

HDTYV High definition television

HVS Human visual system

IDCT Inverse discrete cosine transform
IPTYV Internet protocol television

ISO International Organization for Standardization
ITU International Telecommunication Union
JND Just noticeable difference

JPEG Joint Photographic Fxperts Group
JVT Joint Video Team

LCD Liquid crystal display

LIVE Laboratory for Image and Video Processing
LSB Least significant bit

ML Maximum likelihood

MOS Mean opinion score

MPEG Mowving Picture Ezperts Group
MPQM Moving picture quality metric

MSE Mean squared error

MV Motion vector

NR No-reference

PDF Probability density function

PDM Perceptual distortion metric

PEVQ Perceptual video quality metric

PLR Packet loss rate

PSNR Peak signal-to-noise ratio



List of Acronyms

xx111

QCIF Quarter common intermediate format

QF JPEG quality factor

QoE Quality of experience

QoS Quality of service

QP H.264 quantization parameter

RMS Root mean squared

RR Reduced reference

SDSCE Simultaneous double stimulus for continuous evaluation
SPEM Smooth pursuit eye movement

SSCQE Single stimulus continuous quality evaluation
SSIM Structural similarity index

TCP/IP Transmission control protocol / Internet protocol
TV Television

VQEG Video Quality Fxperts Group



XXiV List of Acronyms




List of Symbols

ag, bk

Quantization interval limits

Luminance adaptation constant (Watson’s model)
Watermark embedding strength

Contrast masking constant (Watson’s model)

Zero-mean cauchy probability density function parameter
ML estimate for 3 based on the original coefficient values
ML estimate for 3 based on the quantized coefficient values
Frame-by-frame video distortion metric

Global video sequence distortion metric

Watson’s distortion metric for one image

Estimated Watson’s distortion metric for one image
Statistical rank difference for the i-th sample

Error

Error estimate

Perceptual error

Video frame rate

Spatial frequency

Control parameter for the trust given to the ML estimator
Quantization index for the k-th DCT coefficient (encoding)
Neighborhood matrix (used in the predictor training)
Zero-mean laplace probability density function parameter
ML estimate for A based on the original coefficient values
ML estimate for A based on the quantized coefficient values
Estimate for A based on linear prediction

A values located in the neighborhood of the value to predict
Mean

Outlier’s ratio

Probability of false positive / false negative

XXV



XXVi List of Symbols

Dk Perceptual weight for the k-th DCT coefficient

©(i,7)  Raw opinion score given by observer ¢ to impaired sequence j
qr Quantization step for the k-th DCT coefficient (encoding)

Q Value at the [-th quantizer level

To Rate of DCT coefficients quantized to zero during encoding
Pe Pearson’s correlation coeflficient

Ps Spearman’s rank order coefficient

o Standard deviation

S Slack value

T Control parameter in ridge regression

Ty, (i,j) Luminance adaptation threshold for frequency (i, j) of the k-th block
(Watson’s model)
Tp(i,j) Sensitivity threshold for frequency (i, j) (Watson’s model)

C] Neighborhood matrix (used in the predictor training)

0 Zero-mean laplace probability density function parameter
Ot ML estimate for # based on the original coefficient values
éML ML estimate for 6 based on the quantized coefficient values
ép Estimate for 6 based on linear prediction

0, 0 values located in the neighborhood of the value to predict
VE Eye movement compensation term

vy Angular velocity of an object on the image plane

UR Retinal velocity

W,y Reference watermark signal

Wy Distorted watermark signal

Wher Extracted watermark’s bit error rate

Wyse  Watermark signal mean squared error

w Linear weights vector

W Linear weights vector obtained through regression

xk(i,7)  DCT coefficient located at frequency (i, j) of the k-th block

Ty Watermarked DCT coefficient

Zq Distorted DCT coefficient

Too Average of the DCT coefficients at frequency (0,0) (Watson’s model)
Xk k-th quantized DCT coefficient

Y Original image

i Distorted image

Yd Watermarked and distorted image

Yy Watermarked reference image



List of Symbols XxXVii

Yk k-th pixel of an original image

~

Uk k-th pixel of a distorted image



xXxViii List of Symbols




Chapter 1
Introduction

Image quality s a characteristic of an image that measures the perceived image
degradation (typically, compared to an ideal or perfect image). Imaging systems may
introduce some amounts of distortion or artifacts in the signal, so quality assessment

18 an 1mportant problem.

Wikipedia’s definition of image quality (October/2010).

1.1 Context and motivation

Over the last years, the image quality topic has become an increasingly important
matter, especially due to the transmission of digital video over the internet and
mobile networks [1,2]. The need of new methodologies for measuring the quality of
image and video is increasing as analog systems are being replaced by digital systems.
Television (TV) is perhaps the most relevant field where numerous examples of
digital video systems can now be found — cable and satellite services, IPTV and
terrestrial digital TV broadcast. Similarly, in photography, digital cameras are
probably the most used today.

In analog TV systems, the perceived quality of video was typically associated to
the correct tuning of the TV antenna, together with the associated transmission’s
power. As for the reproduction of video, quality was typically associated to the
storage support media (for instance, the age of the video tape). Quality assessment
methodologies typically consisted of transmitting predefined signals (“pilot” signals)
and measuring their power at the receiver location. Due to the characteristics of



2 Introduction

analog systems, these measurements correlated well with the human perception of
quality.

However, the above mentioned methodologies are not adequate in the context of

digital video, where the perceived quality of video is mainly associated to two factors:

e Video encoding method — there are usually bandwidth and capacity con-
straints associated to the transmission and storage of video contents. These
constraints imply that the visual information must be compressed prior to
transmission or storage. Lossy video encoding methods are used in order to
achieve the desired compression ratios, which means that the encoding process

is a source of distortion that affects quality.

e Transmission losses — the transmission of video in packet-based networks is
also subject to packet losses. For instance, if the network is congested, packets
containing video data may arrive at the receiver too late for correct decoding.
This situation will result in more or less visible impairments on the decoded

video signal.

The importance of image and video quality assessment is also evidenced by the
settling of the Video Quality Experts Group (VQEG)?!, created in 1997. The mission
of VQEG is to perform studies and calls for the development of new video quality
assessment procedures, providing input to the most relevant standardization bodies,
such as International Telecommunication Union (ITU), in an effort that has already

led to the publishing of a few recommendations in the topic [3,4].

Image quality is a subjective measurement in the sense that different viewers may
rate the quality of the same image or video differently. In fact, several factors are
known to have an impact on the viewer concept of quality: for instance, personal
interests and expectations, viewing conditions, fidelity of the reproduction and even
the quality of the sound that comes with the video. Since human viewers are the
target consumers for video communications products, they are naturally the most
reliable source for quality assessment. However, gathering video quality assessment
data from the human viewers is not a straightforward task, since it requires the
completion of subjective quality assessment tests. A standardization of the proce-
dures for conducting these type of tests is described in ITU recommendations [5, 6]
and the quality scores that result from such experiments are usually addressed to as

subjective scores or mean opinion scores (MOS). Subjective tests must be carried

!The homepage of VQEG can be found at www.its.bldrdoc.gov/vqeg.
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out in a controlled environment and they require quality judgments performed by
several viewers. Thus, subjective quality scores are hard to get and they cannot be

used in real-time applications.

An alternative to subjective quality assessment is to automatically score video qual-
ity using objective metrics. Most of the research performed in this field has been
focused on the development of full reference (FR) metrics, which require both the
original and the distorted video data to compute the quality scores. FR metrics
are typically used for benchmarking image and video processing algorithms, such as
lossy encoding or watermarking techniques, and media distribution networks during
the testing phases. However, FR metrics are not suitable for monitoring the quality
of received media once the distribution network is setup and starts working, since

the original data is usually not available at the receiver.

It is thus desirable to have a quality measurement system that is able to provide
quality feedback without requiring the reference signals. This has led to an increased
research effort on no-reference (NR) quality metrics and reduced reference (RR)
quality metrics. NR metrics rely on the received media only. RR metrics can be
placed between FR and NR metrics: information about the reference is sent through
a side information channel and is used at the receiver for computing the objective
quality scores. RR and NR quality metrics for video may contribute to enabling

new services and applications, such as:

e Branding protection — in order to monitor the user’s quality of experience
(QoE), content providers should be able to verify that their customers are

receiving multimedia content with adequate quality.

e Scalable billing schemes — costumers should be billed according to the
quality of the received contents. This should bring fairness in the multimedia
delivering scenarios (i.e., users receiving poor quality media data should pay

less than those receiving the same media with higher quality).

e Quality-oriented adaptation of streaming services — streaming servers
could dynamically adjust some transmission parameters in order to deliver

content with an adequate perceived quality, while optimizing resource usage.

At the present time, there are no standardized procedures for no-reference video
quality assessment. The existing standards from ITU, released in 2008 under the
designations ITU-T Recommendations J.246 [3] and J.247 [4] standardize a reduced

reference and a set of full reference video quality assessment metrics, respectively.
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The closest standard that is related with no-reference image quality assessment
is ITU-T Recommendation G.1070 [7], that presents a quality model for video-
telephony applications. The model relies on features such as packet loss rate, end-
to-end delay, encoding bitrate and video frame rate, putting this standardized model
closer to classical network quality of service (QoS) measurement than to image and

video quality measurement.

The research work described in this Thesis is focused on the development of new
algorithms for no-reference image and video quality assessment metrics. Quality
assessment metrics belonging to this class are the most adequate in image and video
distribution systems, since quality scores are computed based on the distorted media

only.

(Classical approaches to no-reference metrics usually try to estimate artifacts that
result from lossy video encoding and/or from transmission losses. In this Thesis, a
different philosophy is followed: the main idea is to estimate the quality of encoded
image and video data by firstly estimating local errors between the original and the
distorted media, and then weighting those errors using a perceptual model. This
approach resembles a typical full reference quality assessment algorithm that uses
error weighting; however, the algorithms proposed in this Thesis estimate the error
using the encoded image or video bitstream, without requiring the original image or
video data. Note that this Thesis deals with the distortion caused by lossy encoding
processes only, namely source coding and transcoding. The effect of transmission
losses (i.e., packet losses in IP networks) has not been considered. Nevertheless, the
ideas that are described in this document can be used in a more complete system,

where transmission is also taken into account.

The Thesis proposes two main approaches for the implementation of the above
mentioned philosophy: a watermarking-based quality assessment algorithm and an
algorithm that relies on the statistical properties of the discrete cosine transform

(DCT) coefficients of natural images.

1.2 Main contributions

Since literature on watermarking-based image quality assessment techniques is not
common, this topic is, by itself, novel. Besides the novelty associated to the topic,

this Thesis makes the following contributions to this field:
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e In order to improve the accuracy of mean squared error (MSE) estimation in
the presence of large distortions, a set of procedures that compensate MSE

underestimation are proposed in the Thesis.

e Non-uniform frequency adapted quantization functions, derived from the per-
ceptual model by Watson [8], were proposed. Such functions increase the
robustness of the watermark and, consequently, also increase the ability to
estimate the distortion errors. These functions can also be potentially used in

different watermarking applications.

The work related with the accomplishment of these contributions has been published
in [9-11].

As for the statistical-based no-reference error estimation algorithm, a new method
for estimating the parameters of DCT coefficients distribution was proposed during
the course of this Thesis. It uses mazimum likelihood (ML) estimates combined
with linear prediction, and it has shown greater accuracy for estimating image and
video peak signal-to-noise ratio (PSNR) than other state-of-the-art algorithms. An
implementation of the algorithm was embedded into the reference H.264 software.
The modified version of this software has been independently tested by Dr. Ing.
Tobias Oelbaum, from the Institute for Data Processing at the Technical University
of Munich, which confirmed the good performance, increasing the reliability and
credibility of the algorithm. The work published in [12-14] emphasizes the error

estimation module based on the DCT coefficient’s statistics.

Most of the work found in no-reference image quality assessment literature has
been focused in measuring and combining a predefined set of encoding artifacts
(see for instance [15-26]). The methodology for MOS estimation proposed in the
Thesis follows a rather different philosophy: to estimate distortion and then to apply
human visual system (HVS) perceptual modeling to those estimates. Since classical
algorithms for full reference quality assessment usually rely in measuring the true
distortion error followed by perceptual masking, the work presented in this Thesis
allows to follow similar algorithms, using error estimates instead of their true values.

In the context of MOS estimation, this Thesis offers the following contributions:

e When looking into the results for still images subject to JPEG encoding, the
algorithms proposed in the Thesis have shown better results than those found

in literature and tested using the LIVE image database.
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e For video, a fair comparison of the results is not easy to perform, mostly
because the reported results are obtained using different video sequences, en-
coded using different parameters. The algorithm proposed in this Thesis for
video quality assessment seems to outperform the results reported in other
works [27-29)].

These contributions are an important part of the work published in [30-33].

1.3 Outline of the Thesis

The Thesis is structured according to eight chapters, whose contents are the follow-

ing:

1. Introduction — the current chapter, that presents the motivation, main

objectives, contributions and outline of the Thesis.

2. Image quality overview — an introduction to image and video quality
assessment is presented in this chapter. The main characteristics of the human
visual system are reviewed and the reasons for image and video distortion are

discussed, with a greater focus on the standardized lossy encoding methods.

3. Subjective quality assessment — a description of the standardized sub-
jective quality assessment procedures is provided in this chapter. Besides that,
the experimental subjective quality assessment tests performed for supporting

the work in the Thesis are also described.

4. Objective quality metrics — this chapter presents a classification for ob-
jective quality assessment and provides an overview of the research performed
on this field.

5. Image quality assessment using watermarking — the first technical
chapter, that provides an in-depth description of the proposed watermark-
based image quality assessment algorithm and the corresponding results for

still images.

6. Statistical image quality assessment — a detailed description of the
statistical based approach, and its application to JPEG encoded images, is
provided in this chapter. It presents the main ideas that will be the basis for

the generalization of the work to video.



1.3 Outline of the Thesis 7

7. Perceptual video quality assessment — this chapter describes the main
achievement of the Thesis. The technique described in the previous chapter
is generalized in order to score video quality. The performance of the pro-
posed no-reference metrics are evaluated and compared with other algorithms

described in literature.

8. Conclusion — final remarks, the main conclusions of the work presented

in the Thesis and guidelines for future research.



Introduction




Chapter 2

Image quality overview

2.1 What is image quality?

Image quality is the term associated to the rate given to the inherent quality of an
image. In a wider perspective, image quality also applies to the quality associated
to image sequences, i.e., video. It is a subjective measurement in the sense that
different people may rate the quality of an image differently: for instance, when
looking into the image depicted in Figure 2.1, some people may considerer that the
image has high enough quality; on the other hand, an individual with an higher
quality sensitivity may notice that the image is noisy and lacks sharpness, and thus
his quality rating would not be that great. In fact, several factors are known to have

an impact on the viewer concept of quality [34-36]:

e Personal interests and expectations — the way an individual rates image
quality is influenced by his personal interest on the content that is being dis-
played. For instance, when watching a soccer game, a soccer fan and a non-fan
will probably have different quality requirements. The expectation associated
to an imaging service is also an important factor. For instance, the quality
that is expected from a movie at a high definition cinema is probably higher
than what is expected when the same content is displayed on the PC. This
means that similar distortions would probably result in different quality scores
for both situations. Even if technology and viewing conditions are the same,
there are additional factors that cause expectation to vary from individual to
individual. Let’s suppose that two persons are both customers of the same

IPTV service, and one of them thinks that the service is somewhat expensive
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Figure 2.1: An image of a cat — is it a good quality image or not? (from
http://photobucket.com).

while the other was never concerned about the price. In this case, quality

requirements for the first user may be higher than those for the second.

e Viewing conditions — when watching video content, there are numerous
factors related to the viewing conditions that contribute to the perception of
quality. Among those factors are the viewing distance, which directly deter-
mines the effective size and resolution of the image built on the retina. Another
important factor is the lighting conditions: the sensibility to contrast decreases
with increasing ambient light; light sources may reflect on the screen. The type

and resolution of the display is also important.

e Interaction with the service — from a wider quality of experience (QoE)
perspective, the interface between the user and the contents, such as the ex-
istence of program guides, additional features (e.g., video club) and technical
support may also contribute to the user perception of quality. Additionally,
quality of experience also depends on the configuration of the connection and
the equipment installed at the user’s home. It may have an influence on chan-
nel zapping time and it determines the number of different channels allowed

to see when more than one display is present at home.

e Sound — there are studies [37] supporting that the quality of the audio ac-
companying the video has a strong influence on the perceptual quality of the
video. Subjective tests have shown that videos together with high quality
sound usually get better quality scores even when the subjects are asked to

evaluate the quality of video only.
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e Fidelity of reproduction — the fidelity of reproduction is probably the most
important factor from the quality metric point of view, since almost all of the
work about image quality assessment is focused on this topic. The viewer
sees an encoded and transmitted version of an original video, and it is quite
obvious that the amount of the distortion introduced by lossy encoding and
transmission errors will strongly influence the overall quality of the video. On
the other hand, some distortion types may actually increase content’s quality:
sharpened and colorful versions of the original image data may in fact get

better quality scores than the original versions.

Most of the research on image and video quality assessment is focused on the last
factor listed — fidelity of reproduction. The main applications for image and video
quality assessment metrics are related with the encoding and transmission of vi-
sual content. Examples of such applications are performance evaluation of a new
video encoding scheme (codec) or automatic quality assessment of the received video

signals in a digital television broadcasting network.

Measuring the quality of an imaging system can be carried out either by performing
subjective quality assessment experiments, or by using objective quality assessment
metrics. Quality scores in a subjective quality assessment experiment are those re-
sulting from an evaluation performed by human viewers; those quality scores are
usually addressed to as the mean opinion scores (MOS). In order to obtain con-
sistent MOS values, quality assessment of image and video contents must consider
several viewers in a controlled environment. Standardized procedures for conducting
such experiments are described in ITU-R Rec. BT.500 [5] and ITU-T Rec. P.910 [6]
(which will be reviewed in Chapter 3). Since the human viewer is the target con-
sumer of image and video content, subjective quality scores are the most reliable
measurements assessing image quality. However, due to the involved constraints —
a controlled test environment and a representative number of viewers — they are
not easy to obtain and they cannot be used for quality monitoring in real-time

application scenarios.

The main goal of an objective metric is to automatically compute quality scores
that match the MOS values given by the viewers. Thus, an ideal objective quality
metric should produce the same quality scores as the subjective measurement. Since
objective metrics produce automatic quality scores, they have greater potential,

especially for real time quality monitoring of video communication systems.
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In order to develop an objective quality assessment metric, knowledge and under-
standing about the human visual system (HVS) are very important factors. A brief
overview of the main HVS features is provided in Section 2.2 of this chapter. Since
the work developed on this Thesis is oriented to the image and video quality re-
sulting from lossy encoding of contents, Sections 2.3 and 2.4 deal with the most
significant image and video encoding standards and with the visual artifacts that
result from lossy encoding according to those standards, respectively. Section 2.5
briefly discusses visual impairments caused by transmission errors. To conclude, a

summary of this chapter is given in Section 2.6.

2.2 Fundamentals of human vision

In the context of image and video quality, the understanding of the HVS plays
an important role. The HVS is the system by which an observer views, interprets
and responds to visual stimuli. This section provides a brief overview of the main

characteristics of the human visual system.

2.2.1 The mechanics of the eye

The eye is a complex biological device which can be compared to a camera, when
considering its optical characteristics. A simplified diagram of the human eye ball is
represented in Figure 2.2. An image is focused in the retina surface using the lens.
The ciliary muscle controls the shape of the lens, allowing focus of an object at a
given distance. The light enters the eye through the pupil, whose size is controlled
by a set of muscles called the iris. The amount of light that enters the eye depends
on the light levels in the exterior. The pupil can thus be considered one of the HVS

mechanisms responsible for light adaptation.

Images of the outside world are projected into the retina, the neural tissue located
in the back of the eye. The retina consists of an array of photoreceptors, whose
function is to convert light energy into signals that can be interpreted by the brain.
These photoreceptors can be classified into two types: the cones and the rods. The
former are sensitive to color, under high light levels, while the latter are sensitive
to luminance at low light levels. Most cones are concentrated in the fovea, a small
area located near the center of the retina, which means that high resolution color

vision is only achieved in a relatively small area of the field of view.
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Figure 2.2: Diagram of the human eye (from http://en.wikepidia.org).

The nerves connected to the retina leave the eye ball through the optic nerve, leading
the information captured by the eye to different parts of the brain. The brain pro-
cesses and interprets visual information based not only in the received information,

but also in prior learned responses.

2.2.2 Luminance adaptation and contrast sensitivity

The human visual system is able to adapt to a wide range of light intensities. How-
ever, once adapted to a given light intensity, the HVS can only discriminate light
intensities whose values are within a range of 2-3 orders of magnitude from the

adapted intensity [38]. This property is similar to the dynamic range of a camera.

Three mechanisms for luminance adaptation can be distinguished in the HVS [39]:

e Variation of the pupil’s aperture — as already mentioned in Section 2.2.1, the

pupil’s size is controlled by the iris.

e Chemical processes in the photoreceptors — a mechanism that can be found
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Figure 2.3: Sensitivity of the HVS to light intensity changes (adapted from [39]).

both in the cones and in the rods. If light is bright, the concentration of
photochemicals in the receptors decreases, thereby reducing their sensitivity.
On the other hand, when the intensity of light is small, the production of those

chemicals is increased, thus sensitivity is increased.

e Neural-level adaptation — the neurons located in the retina have the ability of

increasing / decreasing their signal output in order to adapt for light intensity.

Once adapted to a given light intensity, the response of the HVS to visual stimuli
depends more on the relation of its local variations to the surrounding luminance
rather than on the absolute luminance values. This property is partially modeled
by Weber’s law', which states that:

AT
— =K 2.1
I Y ( )

where [ is the adapted light intensity and A[ is the minimum amount of change in
the light level intensity that causes an observer to detect the change. This threshold
value is also known as just noticeable difference (JND). However, Weber’s law does
not hold for the full range of visible light intensities, as illustrated in Figure 2.3.
Nevertheless, it can be applied to the range of light intensities typically found in

most image processing applications.

Another characteristic of the HVS, evidenced in Figure 2.3, is its lower sensibility to
luminance changes under high and low light intensities. In the context of perceptual
modeling for image and video applications, this characteristic is usually explored by
means of luminance masking procedures, which assign larger sensibility thresholds

in the brighter and in the darker image regions.

'Ernst Weber (1795-1878), a German physiologist, observed that the threshold for a noticeable
difference appeared to be related to the initial stimulus magnitude — this relation was known since

as Weber’s Law.
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Figure 2.4: Spatial contrast sensitivity function (adapted from [40]).

Another important characteristic of the HVS is its ability to measure variations of
light intensity in the visual field, with the purpose of discriminating and identifying
objects of the outside world. These variations in light intensity can be measured in
therms of contrast. Different definitions of contrast exist, but the most commonly

used is probably Michelson’s contrast:

Imaa: - Imm
maz  Lmin (2.2)

C'Michelson -
’
Ima:v + Imin

where I,,,, and [,,;, are the maximum and minimum luminance values in a given
pattern. Contrast sensitivity can be defined as the inverse of minimum contrast that
is necessary for an observer to detect a stimulus. The evolution of contrast sensitivity
with the frequency of the stimulus can be described by a so-called contrast sensitivity
function (CSF). This function is usually obtained by fitting data from psychovisual

experiments where visual stimuli at different frequencies are displayed.

Figure 2.4 depicts the typical evolution of a contrast sensitivity function with the
spatial frequency of the visual stimulus. As can be observed from the figure, the
shape of a spatial CSF resembles a low pass (or “slightly band pass”) filter response.
The sensibility of the HVS to visual stimuli reaches its peak value at mid-low frequen-
cies and, afterwards, has a fast decrease as the frequency of the stimulus increases.
There is no canonical CSF, since the contrast sensitivity varies according to the
adapted luminance level, the position of the retina with respect to the display and
the temporal frequency of the stimulus.

For the case of video, the temporal frequency of the visual stimuli is also considered,

resulting in a spatio-temporal contrast sensitivity function. This function can be
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Figure 2.5: Spatio-temporal contrast sensitivity function (adapted from [41]).

graphically interpreted as a space-time surface, such as the plot depicted in Fig-
ure 2.5. In this plot, the temporal frequency of the stimulus is given in terms of the

retinal velocity, i.e., the object velocity in the retina plane.

The space-time separability of spatio-temporal contrast sensitivity has been subject
of investigation, since this separability would simplify the models. However, no

consensus on this subject has been reached yet.

2.2.3 Masking

Masking occurs when the presence of a stimulus, which could be perceptible by itself,
becomes hidden due to the presence of another stimulus. For instance, consider
Figure 2.6-a), depicting an original image — house — to which a regular noise patch
(shaped as a sine wave) has been added, resulting in the image depicted in Figure 2.6-
b). It can be observed that the noise is clearly perceptible in the homogeneous
regions of the image, such as the sky and the water. On the other hand, due
to spatial masking effects, noise is not very perceptible (or even imperceptible) in

textured regions such as the trees, or the barn’s roof.

The effect of masking is usually quantified by measuring the detection threshold for
a target stimulus embedded on a masker with varying contrast. Figure 2.7 shows
the possible outcome of such an experiment. T represents the contrast sensitivity

threshold in the absence of masking. In Figure 2.7-a), a typical masking effect is
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(a) Original image. (b) Corrupted image.

Figure 2.6: Masking effect example.
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Figure 2.7: Contrast masking and facilitation.

illustrated: the sensitivity threshold increases as the masker contrast increases —
this effect occurs if the masker and target stimulus have different characteristics.
The second effect, illustrated in Figure 2.7-b), corresponds to a situation where the
contrast sensitivity threshold starts by decreasing with increasing masker contrast,
which means that the masker contrast actually increases the perceptibility of the
stimulus. In this case, there is a facilition phenomenon, which occurs when the

stimulus and the masker contrast have similar characteristics.

In the case of video, the concept of masking applies both spatially and temporally.
For the latter case, if there are temporal discontinuities in image intensity values
(e.g., scene changes) an observer may not detect a visual stimulus, which would be
otherwise detected, in a subsequent video frame [42]. Additional studies on this
subject [43-45] suggest that temporal masking effects occur in the temporal vicinity
before and after a scene change. These are usually addressed to as backward and

forwarding masking, respectively.
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2.2.4 Pooling

As discussed in the previous sections, sensitivity and masking models can be used
to provide an estimate for the perceptibility of distortions associated to a given
spatial or temporal frequency. However, since distortion is usually spread across
multiple frequencies, the sensitivities associated to each frequency component must

be combined — this process is called pooling.

The pooling process is usually performed using rules of probability or vector sum-
mation, which are typically expressed in the form of a Minkowski summation (or
L, —norm). Therefore, a global distortion measurement, D(y,y), between a refer-

ence image, y, and its degraded version, ¢, can be expressed as:

D(y, ) = Q/Z iy, 97, (23)

where dj(y, y) represents the perceptibility of the distortion associated to the k-th
individual image component that is been accounted for. Since the pooling process is
usually performed along different dimensions, these individual components can be,
for instance, spatial frequencies, pixel locations or temporal samples. The exponent
p is usually set to 4 [46,47], a value that emphasizes stronger distortions that may

capture the viewers attention.

2.3 Image and video encoding

Since this Thesis is focused on the quality of images and video subject to lossy
encoding, this section provides a brief coverage of today’s main image and video

encoding standards.

2.3.1 Compression of visual information

Images and video, together with the way HVS perceives visual information, have
specific characteristics that led to the development of lossy compression methods
suitable for this kind of information. Thus, besides exploring statistical redundancies
as in typical data compression applications, the compression of image and video data
achieves higher compression ratios by also exploring two different types of visual

information redundancy:
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e Spatio-temporal information redundancy — the value of a pixel at a given
image location is often well correlated with the values in its surroundings
(spatial redundancy); similarly, two consecutive video frames are usually well

correlated (temporal redundancy).

e Psychovisual redundancy or irrelevancy — as seen in the previous section, the
human visual system is not equally sensible to all types of image content;
therefore, the compression algorithm tries to discard information that is not
perceptible by the HVS. The exploitation of this type of redundancy is the

cause of lossy compression.

Before encoding, color information is usually converted to the YCbCr color space?.
This conversion is performed in order to explore the lower acuity of the HVS with
respect to color. In order to achieve higher data compression in video broadcasting
applications, the chrominance signals are usually subsampled by a factor of two in

the horizontal and vertical directions (this type of subsampling is denoted by 4:2:0).

Compression methods for images and video can be roughly divided into two cate-
gories: model-based methods (e.g., fractal compression) and waveform-based meth-
ods (e.g., DCT-based or wavelet-based compression). Today’s image and video en-
coding standards belong to the latter class — waveform-based compression methods.

Generally, today’s standards achieve data compression using the following steps:

e Transformation — pixel values in the spatial image or video domain are trans-
formed into coefficients’ values in the frequency domain. The main purpose
of the transformation stage is to compact the signal’s energy in the lower
frequency coefficients. It decorrelates pixel values, thus exploring spatial in-
formation redundancies. On the other hand, the representation of the visual
information in the frequency domain is suitable for exploiting psychovisual
redundancies in posterior encoding stages. The most popular transform in
nowadays image and video encoding standards is the DCT. It is also worth to
mention that this part of the encoding process is reversible, unless numerical

computation errors are introduced by the transform process.

e Quantization — the coefficients resulting from the previous stage are quan-

tized, in order to reduce the number of bits used for their representation. The

2Y denotes luminance, Cb and Cr are the chrominance components of the image / video signal.
Cb is the difference between the blue primary channel and the luminance; Cr is the difference

between the red primary channel and the luminance.
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quantization stage explores psychovisual redundancies, by considering basic
characteristics of the HVS: higher frequency coefficients are quantized with
coarser quantization steps. Note that quantization is the encoding step where

irreversible losses occur, and the reason behind the term “lossy encoding”.

e Entropy coding — the final stage is the lossless encoding of the values resulting
from the quantization stage and of the remaining information required for
correctly handling the bitstream during decoding (e.g., quantization step sizes,

prediction modes, etc.).

For video, an additional, and probably the most important, encoding step to achieve
high data compression rates is motion compensation. The main purpose of this step
is to explore the temporal redundancy in successive video frames. An estimate of the
motion vectors between a reference frame (or a set of reference frames) and the frame
under encoding is computed. These motion vectors, together with the associated
transformed and quantized prediction errors, are entropy coded and written into the
bitstream. Higher compression rates are achieved because the amount of information
necessary to describe the differences between two successive frames after motion

compensation is usually much less than to encode them independently.

The following subsections give a brief overview of the main image and video encoding
standards used during the course of this Thesis. Note that, for the case of video
standards, only the syntax and semantics of the output bitstream and the decoding
process are specified. Nevertheless, there are implicit dependencies that lead to a

common encoder architecture.

2.3.2 JPEG

Despite its age, the JPEG standard is probably the most commonly used method
for lossy encoding of still images. The designation JPEG stands for the name of the
group responsible for the publication of the standard — Joint Photographic Experts
Group. The first version of standard was issued in 1992 as [TU-T Recommendation
T.81 [48] and in 1994 as ISO-IEC 10918-1.

A typical architecture of a JPEG encoder can be observed in Figure 2.8-a). The
input image which is to be encoded is firstly split according to 8 x 8 blocks which
are independently encoded. Pixel values in each block are then subtracted an offset
value which basically shifts the range of pixel values from [0; 255] to [—128; 127]. The

pixel values at position (m,n) of the k-th block, yx(m,n), are then transformed into
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Figure 2.8: JPEG encoder and decoder schemes.

the frequency domain using the discrete cosine transform (DCT). This transform is

applied in a blockwise fashion according to:

7

m=0 n=0

(i, ) =

where x(i,7) are the resulting transformed coefficient values in the k-th block,
(m,n) and (i,7) are the indexes within each block in the spatial and frequency

domain, respectively. As for ¢(i) and ¢(j), they are defined as:

1
e(i).e(j) = { V2 ,
1, otherwise.

ifi=0o0rj =0;

The values of x(i,j) are then quantized using uniform quantization. In the JPEG
standard, different quantization steps are assigned to coefficients located at different
spatial frequencies (i.e., the quantization step depends on the (i,7) position), but
they do not vary from block to block. Figure 2.9 depicts the quantization tables, for
the luminance and for the chrominance image components, provided in the standard
as examples. In the reference JPEG encoding/decoding software [49], the sizes of
the quantization steps are scaled versions of those matrices, where the scaling is

controlled by the quality factor (QF) parameter.

For simplicity, the indexes (4, 7) will be dropped in the remaining of the text. Each
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Figure 2.9: Example JPEG quantization tables (from [48]).

DCT coefficient, xy, is quantized according to:

ir, = round (ﬁ> : (2.5)

3

where ¢ is the quantization step and 7 is the resulting quantization index. To
complete the process, the quantization indexes are entropy coded, together with
additional data that will be required at the decoder side for correctly handling the

encoded bitstream.

The JPEG decoder, represented in Figure 2.8-b), performs the inverse operations
of the encoding process. The quantization indexes are entropy decoded and then

dequantized according to:

The result is a reconstructed DCT coefficient, X}, that generally differs from its
original value. This difference is mainly due to the quantizing process of the DCT
coefficients. The coefficients X}, are inverse transformed to the spatial domain and

the offset value is added, resulting in the decoded image.

2.3.3 JPEG2000

The JPEG2000 standard was developed by the JPEG committee and was published
in year 2000 under the name ISO/IEC 15444 [50], with the purpose of replacing the
older JPEG standard. However, JPEG2000 was not been implemented in the most
influential web browsers, and thus its use has not been globally generalized up to
now. Although not considered in the work presented in the Thesis, a short overview
of the JPEG2000 standard is provided on this section.
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JPEG2000 encoding is based on the discrete wavelet transform (DWT). In the lossy
encoding mode, the DWT is computed using the Cohen-Daubechies-Feauveau (CDF)
9/7 wavelet, resulting in an m-level wavelet sub-band decomposition of the input

image.

The quantization of the resulting wavelet coefficients is performed according to:

i = signio | 241 (27)

3

where the quantization step size, g, depends on the sub-band where the DWT
coefficient to be quantized is located. The quantization indexes are further organized
into blocks which are encoded in a process called embedded block coding with optimal
truncation (EBCOT). This process starts by encoding the most significant bits of
each block and progressively goes to the least significant bits. The least significant
bit planes can be dropped in order to save bits, and thus, in addition to coefficient

quantization, the EBCOT process can also introduce losses during image encoding.

Deeper overviews of this encoding standard can be found in [51,52].

2.3.4 MPEG-2

MPEG-2 is the second audiovisual encoding standard from the Moving Picture Ex-
perts Group (MPEG) and it was developed in order to cover a wider range of applica-
tions than the previous MPEG-1 standard. The specification of the video codec used
in MPEG-2 was originally published in 1996 under the name of ISO/TEC 13818 [53]
part 2 (or ITU-T H.262). Nowadays, the main application of MPEG-2 is, probably,
DVD-video. It is also widely used in digital television broadcasting although newer

systems are adopting the more recent H.264 standard.

General architecture

Figure 2.10-a) depicts a partial scheme of a typical MPEG-2 video encoder (entropy
encoding is not represented). Let’s admit that an input frame, Fy,, is to be encoded.
Fi, is split in 16 x 16 block-wise units called macroblocks (MBs)3.

Each MB can be encoded either in Intra or Inter mode. In Intra mode, pixel values

3Note that the 16 x 16 macroblock size is applied to the luminance component of the input
frame. The correspondent macroblock size for the chrominance components depends on the chroma
subsampling scheme used in the input video sequence.
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Figure 2.10: MPEG-2 generic encoder and decoder schemes.

of each MB are DCT transformed, similarly to what is done in JPEG, resulting
in a set of coefficients x. These coefficients are then quantized, resulting in the

corresponding quantization indexes i.

As for the Inter mode, a prediction block P is computed by motion-compensated
prediction from a set of previously encoded reference frames F,er. The difference,
D, between P and the original MB pixel values is DCT transformed and quantized,

resulting in the quantization indexes i.

The indexes i and the motion vectors M associated to the encoding process are

entropy coded and written into the bitstream.

The decoder, represented in Figure 2.10-b), starts by performing entropy decoding
of the input bitstream. The decoded elements are reordered in order to produce a
set of quantized coefficient data, X, and, if in Inter mode, the associated motion
vectors. In Intra mode, the reconstructed MB results from applying the inverse
DCT to the coefficients. In the case of an Inter MB, the reconstructed MB is the
result of the inverse transformed coefficients added to the prediction signal P that

results from motion compensation.

Transform and quantization

The transform operation used in MPEG-2 is an 8 x 8 block-wise DCT similar to

what is used in JPEG. Using matrix notation, this operation can be written as:

x = TDT?, (2.8)
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Figure 2.11: Default MPEG-2 quantization tables.

where T is the transform matrix, D are the values to transform and x are the
resulting DCT coefficients. The elements of T at row ¢ and column j can be defined
as:

, if 1 =0;

1
g VN
T = 2 os <M
N 2N

(2.9)
) , otherwise,

with N =8 and ¢,5 =0,...,7.

The quantization scheme used in MPEG-2 is slightly different from what was de-
scribed for JPEG, because it includes a “dead zone” around 0. In practice, this
means that the quantization interval around 0 is larger than the remaining ones.
During decoding, the quantization steps g are derived from the bitstream accord-

ing to:

2(3=DChrecision) for DC Intra coefficients;
Tk = 4 [2 X Qscate X Qrnirali, §)]/32, for AC Intra coefficients; (2.10)
12 X Qscate X Qrnter(i,7)]/32, for Inter coeflicients.

The parameters DCpyecisions @scale; @intra and Qrurer are also derived from the bit-
stream. Qruira and Qe are given by the quantization tables for Intra and Inter
blocks, respectively (Figure 2.11 presents the default tables). DC' coefficients are
those located at spatial frequency (7, j) = (0, 0) while AC coefficients are those where

(i,7) # (0,0).

The decoded DCT coefficients X are reconstructed according to:

U X Qs for Intra coefficients;
X, = ET (2.11)
ix X q + sign(iy)%  for Inter coefficients,
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Figure 2.12: H.264 generic encoding and decoding schemes.

where i and g are, respectively, the quantization index and step size associated to
the k-th DCT coefficient.

2.3.5 H.264

H.264 [54] is the latest encoding standard developed by ITU-T together with MPEG,
in a partnership effort known as the Joint Video Team (JVT). It is also known as
MPEG-4 Part 10: Advanced Video Coding or simply by MPEG-4 AVC. The first
version of the standard was published in May 2003. In the following, a short descrip-
tion of a typical H.264 encoder/decoder architecture is presented. This description
is strongly oriented to the H.264 features that are related to the work reported on
this Thesis, namely the transform and quantization schemes. Deeper overviews of
the H.264 standard can be found in [55-57].

General architecture

A typical H.264 encoder is partially represented in Figure 2.12-a). Similarly to what
was described for the MPEG-2 standard, an input frame, Fj,, subject to encoding,
is split in 16 x 16 macroblocks (MBs). Each MB can be encoded in Intra or Inter
mode. In Intra mode, a prediction block, P, is computed from samples taken from
the current frame, that have been previously encoded, decoded and reconstructed.
In Inter mode, P is computed by motion-compensated prediction from reference
frame(s), Frer. The difference between P and the original MB pixel values, D,
is transformed (using a block-wise transform) and quantized, resulting in the set

of quantized transform coefficients X, as well as the corresponding quantization
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indexes. These indexes, as well as the motion vectors, M, that result from the
motion estimation block in Inter mode, are then re-ordered and entropy encoded for

transmission.

As for the H.264 decoder, partially represented in Figure 2.12-b), it receives a com-
pressed bitstream, whose elements are entropy decoded and reordered in order to
produce a set of quantized coefficient data, X. The quantized coefficients are then
rescaled and inverse transformed, resulting in a residual signal, D’, which is added
to the current prediction signal, P. If the macroblock is Inter encoded, the pre-
diction P is computed by motion compensation, using the motion vectors, M, and
macroblocks belonging to previously decoded frames. The decoded frame results
from the sum of P and D’, for all MBs.

Transform and quantization

The transform operation used in H.264 is an integer approximation of the classical
block-wise DCT used in previous standards, such as JPEG and MPEG-2. The main
transform block size in H.264 is 4 x 4, although the use of an 8 x 8 transform is
also possible. Let D represent the differences between the original and the predicted
image values in a 4 x4 block. The transformed coefficient values, x, can be computed

as:
x =TDT'® S, (2.12)

where ® represents point-by-point multiplication, T is the transform matrix and S

is a post-scaling matrix, which are defined as [57]:

111 4
bl 1 V5 45
2 1 —1 -2 1 111
T = S=| vs 10 V5 10 (2.13)
1 -1 =1 1 ’ r1 1 1 '
Y NV
11 1 2

The transform operation can be implemented using integer arithmetic only (add
and shift operations). As for the post-scaling operation, the reference software [58]

implements it together with the quantization, using integer operations only.

The value of the quantized coefficient, X, is given by:

Xy = sign(zy) X {M +1-— aJ X (g (2.14)
dk

-~

[

ik
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mod(QP,6)  qp

0.6250
0.6875
0.8125
0.8750
1.0000
1.1250

T =W NN = O

Table 2.1: Base quantization steps.

where ¢y is the quantization step, « is a parameter that controls the width of the dead
zone around 0 and 7 represents the quantization index that is actually transmitted.
In the reference software [58], ov =~ 2/3 for Intra blocks and o ~ 5/6 for Inter blocks.
The quantization step, g, can be derived from a H.264 parameter called () P, which

may differ from macroblock to macroblock. The general rule to compute g, from

QP is:
ar = qp(mod(QP, 6))2LQP/6J, (2.15)

where ¢p is a base quantization step (see table 2.1) and mod(m,n) is the remainder

of integer division of m by n.

2.4 Compression artifacts

As seen in the previous section, unless a lossless encoding method is used, the pro-
cedure of encoding images or video using today’s standards always produces a result
that is different from the original. Due to bandwidth or storage space constraints,
the bitrate of the encoded stream must be reduced in order to represent the visual
information using less bits. However, in such cases, the amount of information that
is lost due to encoding can be significant and thus distortions may become visible.
These distortion effects due to lossy encoding of images or video are generally called

coding artifacts.

The types of artifacts introduced by a given encoder are strongly dependent on
the lossy encoding method that is used. This means that different image encoding
standards, for instance JPEG and JPEG2000, may cause the visibility of different
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Figure 2.13: Blocking effect — Ocean image encoded using JPEG. Blocking patterns

are clearly visible in the sky.

types of artifacts. However, all of the artifacts share one point in common: the noise
produced on the encoded images or video is structured. Generally, although several
artifacts may be found in the same image or video, the most perceptible artifact
tends to hide or mask the effect of the others.

In the following, the most common artifacts generated during lossy encoding of visual
media are described. Their causes are discussed and their effects are illustrated using

examples.

2.4.1 Block effect

The block effect is characterized by the visibility of structured noise organized ac-
cording to small blocks and is due to a blockwise encoding method associated to

coarse quantization.

Each block is encoded without considering the correlation between pixel values be-
longing to adjacent blocks. When quantization is coarse, the representation of the
pixels belonging to a block may be significantly different from their neighbors and, in
that case, discontinuities become quite perceptible at the blocks” boundaries. This

effect is typically visible at high compression rates (coarser quantization steps).

Due to the generalized use of blockwise image and video encoding standards, such
as JPEG, MPEG-2 or H.264, the block effect is probably the most studied encoding
artifact. An example of this effect can be observed in Figure 2.13, for a JPEG

encoded image.

A particularly annoying form of the block effect is known as the mosaic pattern, and

it applies to situations where a block does not blend with the surrounding blocks.
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(a) Original frame. (b) H.264 encoded frame.

Figure 2.14: Blur effect — a frame taken from an H.264 encoded version of the

Foreman sequence.

This phenomena typically occurs due to coarse quantization in blocks located inside

textured objects.

2.4.2 Blur

Blur is characterized by loss of spatial detail in textured areas and edges of an image;
it can have different sources; amongst them are: a badly focused camera, object

motion at the moment of the image capture, low-pass filtering or lossy encoding.

Since the HVS is less sensible to changes in the higher spatial frequency image
components, lossy encoding methods that operate in the frequency domain usually
assign lower quantization steps to the low frequency coefficients, and larger quantiza-
tion steps to the high frequency coefficients. In such cases, as quantization becomes
coarser, high frequency coefficients tend to be quantized to 0. Consequently, high
frequency spatial details, such as edges or textures, are subject to perceptible losses

and blur manifests itself.

In older image and video lossy encoding standards, such as JPEG or MPEG-2,
blur is usually masked by the presence of the blocking effect. However, in recent
standards, such as JPEG2000 or H.264, blur is clearly perceptible at the lower
bitrates. In JPEG2000, as the bitrate decreases, the number of DW'T coefficients
located in the detail sub-bands that are quantized to null values also increases.
This situation means that spatial image details will be increasingly smoothed as the

bitrate decreases, causing blur.

The main reason for blur in H.264 is the presence of the deblocking filter at the

encoding/decoding processes. It applies low-pass filtering at the block’s boundaries,
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Figure 2.15: Ringing effect — Lighthouse image encoded using JPEG2000. Ringing

is visible around the lighthouse edges.

reducing the block effect at the expense of adding blur to the decoded video frames.
At low bitrates, the overall blur artifacts are less annoying than the block effect
which would be present if the filter was not used. An example of blur in H.264 is
illustrated in Figure 2.14.

2.4.3 Ringing

The ringing artifact is characterized by the appearance of spurious oscillations
around edges or other image areas with an high local contrast. Most image and
video encoding standards work in the frequency transform domain by representing
the image as a sum of periodic signals, which are bandwidth limited. Those signals
are suitable for representing smooth image transitions, but they are not adequate to
represent fast transitions in image locations such as edges. Since lossy encoding in
the frequency domain tends to concentrate signal energy in the low frequency com-
ponents, high frequency components can be cut-off, and thus edges will in practice
be represented as a sum of lower frequency signal components, causing small oscil-

lations to be visible around stronger image signal transitions (Gibbs phenomenon).

Figure 2.15 illustrates the presence of ringing in a JPEG2000 encoded image. In
block based encoding standards, ringing is usually masked by the blocking artifact
(which is more annoying), but sometimes it is also noticeable, especially in the

boundaries between smooth regions with high contrast between them.
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2.4.4 Mosquito noise

The mosquito noise is a video coding artifact that Rec. ITU-T P.930 [59] defines as
a form of edge busyness distortion sometimes associated with movement, character-
ized by moving artifacts and/or blotchy noise patterns superimposed over the objects

(resembling a mosquito flying around a person’s head and shoulders).

In short, there are two possible causes for the mosquito noise. The first cause is
ringing effect associated to motion. In the presence of a small amount of motion,
the oscillations caused by ringing can be seen as a flickering activity around the

edges separating two different smooth regions.

The other cause for mosquito noise can be explained by considering that most video
encoding standards allow different macroblock encoding modes. If they differ from
frame to frame (for instance, in the previous frame is Intra mode while in the
current is Inter mode), quantization errors introduced by a coarse quantizer may
lead to significantly different pixel values. In these conditions, the corresponding
reconstructed frames may exhibit flickering around the edges separating smooth

image regions.

2.4.5 Jitter and jerkiness

Jitter and jerkiness are temporal video artifacts that are not directly caused by the
specific encoding standard which is being used. Rather than that, they are due to

temporal delays or the presence of transmission losses.

Jitter is characterized by an inconsistent frame freezing. This freezing may be due
to different reasons. For instance, in the presence of transmission errors, instead of
trying to decode corrupted video frames, the decoder may decide to repeat previously
decoded frames until it receives error free content. In error free communications,
gitter may also occur if the decoder is not efficient enough to decode video at the
desired rate, skipping some frames in order to recover time. If the target application
requires a very low bitrate, the encoder may also decide to drop frames in order to

save bits, thus “embedding” jitter in the video stream.

Jerkiness is usually caused by the encoder, as a result of regularly skipping video
frames to reduce the amount of information that is transmitted. This procedure
may resulting in a more or less “jumpy” video sequence whose flow may resemble a

sequence of snapshots instead of reproducing a natural and continuous scene flow.
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Figure 2.16: Packet-oriented video transmission.

2.5 Transmission losses

Encoded video data is usually transmitted over a packet-switched network, us-
ing a transport protocol such as transmission control protocol / internet protocol
(TCP/IP). The network adaptation layer splits the bitstream into packets, adding
an header to each packet. The header contains sequencing, timing and information
about the payload, which contains the actual encoded video data. This process can

be observed in Figure 2.16.

In packetized video transmission, losses typically occur due to delays caused by rout-
ing and queuing in the network elements (for instance, if the network is congested),
or caused by the detection of corrupted packets and subsequent retransmission de-
lay. There is also the possibility of receiving a corrupted packet without detecting
the error, but this is a relatively rare situation nowadays. If the delay of a packet
arriving at the decoder is too high, it is discarded, and thus it will produce the same

effect as a missing packet.

The visual effects that will appear in the decoded video vary according to the type
of information that was transmitted in a missing packet. For instance, and since
the major video encoding standards are based on the concept of prediction, the
loss of information related to a given macroblock will affect all macroblocks that
depend on the corrupted macroblock. Thus, errors may propagate spatially, since
data of a given block may depend on its surroundings, or temporally, since block
values may depend on blocks belonging to previously decoded frames. In order to
deal with error propagation issues, resynchronization points are usually included in

the bitstream. These ensure that subsequent data located after a resynchronization
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(a) Transmitted frame. (b) Decoded frame. (c¢) Missing slices.

Figure 2.17: Packet loss effect — a frame taken from an H.264 encoded version of

the Foreman sequence.

marker is decoded without using reference data located before the marker, and

therefore error propagation is stopped.

The visual effect of transmission errors also depends on the ability of the decoder
to deal with bitstream syntax errors: some decoders may never recover from certain
errors while other decoders may cause jitter until error free content is received. It
is also possible to use error concealment techniques in order to minimize the effects
of transmission errors. The way the bitstream is encoded is also important: for
instance, in the H.264 standard, an encoding procedure known as flexible macroblock
order (FMO) tries to minimize the susceptibility to transmission errors by putting
information of neighboring macroblocks in different packets of the bitstream. The
benefit is that transmission errors may be spread more evenly across the video frame.
However, the cost is coding efficiency, since dependent macroblocks are not predicted

based on their neighbors, but from blocks that are probably less correlated.

Figure 2.17 depicts an example of the packet loss effect on the transmission of an
H.264 encoded version of the Foreman sequence. In this example, two different
effects of transmission losses can be observed: errors due to missing slices below
the center of the frame (the correspondent packets were lost during transmission);
propagation errors due to coding dependencies are noticeable in the upper region
of the background. It can also be observed that the background of the region
corresponding to the missing slices has been quite effectively recovered by the error

concealment algorithm.
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2.6 Summary

This chapter presented the basic aspects of human visual system. Its understanding
is very important for image quality assessment algorithms. Besides that, the chapter
also presented the basics of image and video coding, relating some of the existing
methodologies with the characteristics of the human visual system. It ended with a
description and discussion about the impact on image and video quality caused by

the artifacts associated to the use of lossy encoding methods.
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Chapter 3

Subjective quality assessment

3.1 Introduction

The subjective quality assessment procedures are those where the quality is evalu-
ated by human viewers. In a subjective test, a set of images or videos is shown to the
observer and then he is asked to judge the quality of the contents being displayed.
Different methodologies for performing subjective quality assessment tests of video
are described in Recommendations ITU-R BT.500 [5] and ITU-T P.910 [6]. The for-
mer describes the procedures for subjective quality evaluation for digital television,
while the latter describes the procedures for evaluating video quality in multimedia
applications. This chapter provides an insight on the subjective quality assessment

procedures.

Subjective quality assessment tests are also used for supporting the development of
objective quality metrics. The data resulting from the subjective assessment can be
used to train and validate objective quality assessment algorithms. In the context
of this Thesis, subjective quality assessment tests were organized in order to obtain
MOS data for H.264 encoded video sequences. This data was used for validation
of the no-reference video quality assessment algorithm that will be presented in
Chapter 7.

This chapter is organized as follows: Section 3.2 discusses the most important de-
tails related to the preparation of a subjective quality assessment test. A brief
overview of the current standards for subjective video quality assessment is given
in Section 3.3. Section 3.4 depicts the details for computing MOS values based on

the raw opinion scores resulting from the subjective assessment. The subjective
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experiments performed in the scope of this Thesis are described in Section 3.5. The

chapter concludes with a brief summary given in Section 3.6.

3.2 Subjective test preparation

In order to obtain reliable and repeatable MOS values, its is advisable to carefully
plan the subjective test session. First of all, it is necessary to clearly define the
objectives of the test session. Once the objective is defined, a proper selection of
the material to be used in the tests is performed; the test room must be prepared
and the test participants must be screened for vision problems and limitations (e.g.,

color blindness and lack of visual acuity).

3.2.1 Selection of test video sequences

Since video contents vary significantly from sequence to sequence, the selection of
the video sequences used in the tests is an important matter. To illustrate this issue,
consider that the video sequences represented in Figure 3.1 are encoded at the same
bitrate and using the same parameters. Sequence Akyo is a static video sequence
and the background is very smooth, while sequence Football contains intense (and
chaotic) motion and a significant amount of texture. If both were encoded at an
average bitrate of 512 kbit/s (as an example), and using an H.264 encoder, the
encoding would most likely produce annoying artifacts in the sequence Football,
but sequence Akyo would still look very similar to the original (uncoded) sequence.
Thus, different content may lead to different quality scores when subject to the same

encoding procedure.

Ideally, all types of content should be considered in a subjective quality test. How-
ever, this variety is difficult to put in practice. An approximation can be performed
using criteria similar to those defined in Rec. ITU-T P.910 [6], where the selection
of video sequences is performed based on their spatial and temporal activities. The
goal is to get a relatively small set of sequences that covers a wide range of content
possibilities, avoiding long tests that could bother the participants. Additionally,
the choice of the test material should be adequate for the target application. For
instance, if the target application is video-conferencing it would be very unwise to

choose sport or landscape video clips.
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(a) Akyo. (b) Football.

Figure 3.1: Examples of typical test sequences. Sequence Akyo has low spatio-
temporal activity, in contrast with sequence Football, where spatio-temporal activity
is high.

3.2.2 Selection of test participants

Candidates for participating in subjective quality assessment tests can be classified
as erperts and non-experts observers. The experts are those familiar with image
processing algorithms while the non-experts are those who represent the general

consumer of video products.

The use of expert observers may lead to faster and easier test procedures, as pointed
out in [1]. However, both video quality standards [5,6] recommend that at least 15
non-expert observers should be used for performing the assessment. Since the non-
expert observer is not familiar with image processing algorithms, it is believed that
his judgment on quality will not be biased. On the contrary, an expert observer will
probably look for distortions in specific image locations, which would cause content

awareness.

Regardless of the observers that are selected as potential test participants, it must be
ensured that each observer has a normal visual acuity (or corrected to normal) and
that he is not a color blind person. Visual acuity can be tested using a Snellen eye
chart, such as the one represented in Figure 3.2-a). To detect most color blindness
diseases, a set of Ishihara plates similar to the one depicted in Figure 3.2-b) can be

used.
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(a) Snellen eye chart. (b) Ishihara plate.

Figure 3.2: Subject screening tools.

3.2.3 Environment conditions

The test room environment can be defined as the set consisting of the display type

and settings, the ambient light and the layout of the room’s equipment and furniture.

Several parameters can be set according to the ITU standards P.910 and BT.500.
In brief, the following guidelines should be followed: the ambient light should be
set to low values (e.g., < 20 lux); no reflexes should be seen on the screen(s); the
distance from the subject to the display should depend on the target application
and on the type of display used (typical values in the range from 4H to 8H, where
H represents the image’s height in the display).

3.3 Standardized methodologies

Different methodologies for subjective quality assessment are described in [5,6]. The
choice of the methodology to adopt depends on the objectives defined for the test. In
the following, an overview of the different methodologies proposed in the standards

is provided.

3.3.1 Double stimulus methods

In a double stimulus quality assessment test, video sequences are organized and
displayed in pairs. One of those sequences is called the reference, an high quality
sequence which usually corresponds to the original video clip captured by the cam-

era. The other sequence is the called the test or impaired video sequence, which
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(b) Impairment scale. (¢) Continuous quality scale.

Figure 3.3: Double stimulus quality assessment method.

usually is a distorted version of the reference. During a session trial, the reference
is displayed in the first place, with the purpose of acting as a benchmark. It follows
the display of the test sequence and finally the observer is asked to judge the fidelity
of the test with respect to the reference. An illustration of this procedure is depicted

in Figure 3.3-a).
The standard ITU-R BT.500 [5] defines two classes of double stimulus subjective

tests: the double stimulus impairment scale (DSIS) and the double stimulus continu-
ous quality scale (DSCQS). The main difference between these methods is the quality
scale used by the viewers for voting. Possible scales are represented in Figures 3.3-b)
and c).

A methodology that is very similar to the DSIS method is described in the ITU-T
P.910 standard [6] under the name degradation category rating (DCR). This method-
ology uses the categorical rating scale represented in Figure 3.3-b) and allows simul-

taneous display of both the reference and the test sequence, for lower resolution

video formats (QCIF, CIF).
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Figure 3.4: Single stimulus quality assessment method.

3.3.2 Single stimulus methods

In single stimulus methods, a single video sequence is presented on each trial. In
this class of methods, there is no concept of reference sequences and thus only
test sequences are presented to the observers. The structure of a single stimulus
test session is represented in Figure 3.4-a). These methods are generally used for
quantifying the quality of a system when no reference signals are available. The type
of presentation on these methods is also very similar to what happens in a practical
system implementation, i.e., users will judge the quality of video without explicitly

using a reference.

The standard ITU-R BT.500 [5] defines two variants for single stimulus test sessions:
one variant where the set of test sequences is presented once, and another variant
where the entire set is presented three times (but test sequences are displayed in
different order on each presentation). The three-presentation variant is obviously
more time consuming, but it’s goal is to get more stabilized opinion scores: the first
run is used for observer judgment calibration, and the opinion scores are computed

based on the results of the second and third runs.

A method that corresponds basically to the first variant is also described in the
ITU-T P.910 standard [6] using the designation absolute category rating (ACR).

In single stimulus tests, the observers express their opinions using quality scales that
can be categorical, such as the one depicted in Figure 3.4-b), or continuous, such as

the one used for DSCQS quality assessment, represented in Figure 3.3-c).
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Figure 3.5: Comparison quality assessment.

3.3.3 Comparison methods

At some point, comparison methods are similar to double stimulus methods, in the
sense that video sequences are also presented in pairs; however, there is no explicit
use of a reference. Instead, two test sequences are directly compared. This class of
methods can be used, for instance, to compare different video encoders (or different

encoder parameters) with respect to their output’s quality.

The structure of a comparison test session is depicted in Figure 3.5-a). At the end
of each pair presentation, the participant is asked to judge the quality of sequence
A with respect to sequence B. In order to express their opinions, the participants

use a relative quality scale such as the one depicted in Figure 3.5-b).

3.3.4 Continuous quality evaluation methods

Unlike the methodologies described so far, where the participants are asked to ex-
press their opinions at the end of each trial, in continuous quality evaluation methods
the viewers continuously express their opinions along the presentation of the test

video sequences.

In order to feed the measurement system with their judgments, the subjects contin-
uously adjust the position of an hand held slider device, such as the one represented
in Figure 3.6-a). An example layout for the equipment used in this type of tests is
represented in Figure 3.6-b). The slider devices can be connected to a PC which
is responsible for synchronizing the participants’ quality scores with the video se-
quence under display. Before obtaining the corresponding MOS values, judgment

delays due to the reaction time of the test participants must be compensated.
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Figure 3.6: Continuous quality evaluation.

The main motivation for these methods is the fact that the impairments found in
digitally encoded video are time-varying and scene-dependent. Even in a short video

clip, the perceived quality of the encoded video may vary significantly.

Continuous quality evaluation methods can be further divided into two classes: sin-
gle stimulus continuous quality evaluation (SSCQE) and simultaneous double stimu-
lus for continuous evaluation (SDSCE). As the designations suggest, in the first only
test sequences are presented, while in the second a pair reference-test is presented

to the viewer at the same time (in the same display, or in aligned displays).

3.4 Computing mean opinion scores

In order to detect and reject inconsistent opinion scores, raw quality scores collected
during the subjective experiment should be subject to an additional post-processing
procedure, such as the one defined in ITU-R Rec. BT.500 [5].

This standardized procedure starts by computing the average and the standard
deviation of observers’ scores for each test condition. Assuming that L different test
conditions were presented for judgment during the subjective quality assessment
test, and that each of them was evaluated by N observers, the average score for test

condition 4, (i), and the corresponding standard deviation, o (i), are defined as:

N 1 N

(i) = N > (i) and  o(i) = N1 > el g) — p(@), (3.1)
j=1 j=1
where ¢(, j) is the score given by the observer j to the test condition 7. Note that

the resulting values for u(7) can be seen as the raw MOS values. In order to check
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for the consistency of the opinion scores given by observer j, it is verified if its voting

score, (i, ), is in the interval:

(i) = 6(2), (@) +6(5)], (3.2)

where §(7) is a margin that depends on the distribution of the score values and the
number of observers. In ITU-R Rec. BT.500, two possibilities for §(i) are defined,
depending on the statistical distribution of the individual scores given to each test
condition. The procedure analyses the shape of this distribution by computing
the “kurtosis” proper coefficient, 5, which is the ratio between the fourth central

moment and the square of the second central moment:

, 1 & .
Bo(i) = ——5,  with  m,(i) = N; (4)]". (3.3)

Based on the outcome of the (5 test, §(i) is defined as:

20 (1) . .

5(2): VN 1f2§ﬁ2<2> <4
2/50(i) otherwise
VN :

(3.4)

It is worth to mention that, for the normal distribution case, the theoretical outcome
of the (35 test would be equal to 3. Therefore, the first possibility for §(i) corresponds
to the case where the score’s distribution for test condition ¢ is considered to be
normal. In such case, the value of §(i) defines an interval that is very close to the

95% confidence interval.

Next, for each observer j, the number of times a quality score exceeds the upper

limit of the confidence interval, P(j), is accounted for. Formally, it can be written:

PGY =Y plig) with pligy =4 A ZHOEID g

i—1 0, otherwise.

Similarly, () is the number of times that a quality score given by observer j is

below the lower limit of the confidence interval:

q(i,5) with  q(i,j) = . (3.6)
i=1 0, otherwise.

_i 1 (i) < pli) - 80,

After computing P(j) and @(j) for each observer, rejection of observer j is carried
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out if the following conditions are both met:

P() +Q3)
L

P(j) — Q)
P(j) +Q(j)

The first condition is related to the number of times that the quality scores given

>0.05 and ‘ ‘ <0.3. (3.7)

by an observer were considered as outliers. If the rate of 5% is exceeded, this
condition is met. The second condition is related to the outlier’s behaviour: it tends
to 0 if the scores are dispersed in both tails of the quality scores distribution. If
the outliers are concentrated only in one of the distribution’s tails, it means that
the participant’s quality judgements are biased, but not inconsistent. In practice
this procedure detects and rejects test participants that voted randomly, or didn’t

correctly use the quality scale.

Finally, after rejecting participants with inconsistent quality scores, MOS values for

test condition ¢ are computed according to:
1

where N, is the number of valid test participants.

3.5 Subjective quality assessment tests

3.5.1 Methodology

The subjective quality assessment tests were performed in accordance with Recom-
mendation ITU-T P.910 [6]. The method followed in this Thesis was the degradation
category rating (DCR), which corresponds to the double stimulus impairment scale
(DSIS) method described in [5] — see Section 3.3.1 for additional details. In short,
the observer is presented with video sequences organized in pairs, as illustrated in
Figure 3.3-a): the first to be displayed is the reference sequence (the original se-
quence) while the second is the test or impaired sequence (in this case, the result of
lossy encoding); the five grade impairment scale depicted in Figure 3.3-b) has been

used for collecting the observers’ votes.
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Height of the picture shown in the screen 8 cm
Viewing distance 64 cm
Background room illumination 13.45 lux
Peak luminance of the LCD screen 95.8 lux
Luminance of inactive screen 2.23 lux
Luminance of background behind the display 10.15 Tux

Ratio of luminance of inactive screen to peak luminance 0.023

Ratio of luminance of background to peak luminance 0.14

Table 3.1: Environmental viewing conditions.

3.5.2 Assessment conditions

According to [6], at least 15 observers are needed in order to produce reliable re-
sults. In our case, 42 observers (mostly students) participated in the subjective
experiments, and it was ensured that each impaired sequence was judge by at least
20 observers. The observers were screened for visual acuity and color blindness, using
a Snellen Eye Chart and Ishihara’s plates, respectively. The duration of each session
was about 20 minutes with the room setup allowing two observers to simultaneously

participate in each session.

As for the environmental viewing conditions, three factors must be considered: the
lighting, the ambiance noise and the quality and calibration of the display. Two
high quality LCD displays of the same model (ASUS VW193S 19”7 Wide) with
native resolutions of 1440 x 900 pixels have been used and they were calibrated in
order to achieve the same test parameters. The display and room characteristics
used in the subjective tests, listed in Table 3.1, are within the values recommended
in [6].

3.5.3 Selection of test material

In order to avoid boring the observers and get meaningful results, a small, but rep-
resentative, set of video sequences should be used during the tests. In particular,
the spatial and temporal activities are important parameters which should be con-
sidered when choosing the test sequences — a set of sequences that span a wide range

of values for those activities should be chosen. The literature provides several meth-
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ods of measuring a video spatial and temporal activity. In this work, the methods

recommended in [6] have been used:

e Spatial activity: the horizontal and vertical picture gradient are computed
using the well known Sobel filters. The gradient norm (the square root of
the sum of the vertical and horizontal gradient squares) is then computed for
each pixel. The standard deviation of the gradient norm is calculated for each
frame, resulting in a time series of frame-by-frame spatial activities. In order
to achieve a global value for the spatial activity, the maximum value in the

time series is selected.

e Temporal activity: the temporal activity measure is obtained by computing
the difference, pixel-by-pixel, between each pair of successive frames. After
this procedure has been carried out, the standard deviation of the frames
differences is computed. Similarly to what happens in the spatial activity
case, the global temporal activity value is computed as the maximum of these

standard deviations.

Due to changes of the camera perspective during video acquisition or scene changes,
the global activity measurements could have a high value even if the sequence has
a low temporal and/or spatial activity. In order to minimize this effect, the global
activity values result from applying the 95% percentile to the temporal and spatial

activities series, instead of using its maximum.

Figure 3.7 represents the video sequences used in the subjective tests. They have
been selected based on their spatio-temporal activities, whose values are depicted
in Figure 3.8. These sequences are in CIF format (352 x 288 pixels), with a frame
rate of 30 Hz.

The sequences were encoded using the reference H.264 [58] software tools. Each
sequence has been encoded at different bit rates, in the range of 64 to 2048 kbit /s,
using the Main Profile'. The resulting bitrates at the encoder’s output are summa-
rized in Table 3.2 (the upper row associated to each video sequence). A GOP-15
structure with two B frames inserted between [ /P frames (I BBPBBP...) has been
used in all encoding runs. The result is a set of 50 encoded sequences (impaired

sequences), whose qualities were judged by the test participants. This set allows

LAn H.264 profile is basically a set of coding tools that are used for generating a conforming
bitstream. The most relevant characteristics of the Main Profile, in the scope of this Thesis, are:

the possibility of using B frames and the use of the 4 x 4 sized transform only.
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Figure 3.7: Video sequences selected for the subjective tests. From left to right:
City; Coastguard; Container; Crew; Football; Foreman; Mobile € Calendar; Silent;
Stephan; Table-tennis; Tempete.

to evaluate the human visual system perception to different kinds of video qualities

and to indirectly force the observers to use all grades of the rating scale.

3.5.4 MOS computation

The mean opinion scores were computed at the end of the test sessions, based on the
image quality assessment results given by all observers. In order to guarantee the
coherence and the consistency of the results provided by the subjective tests, the
statistical analysis described in Section 3.4 was applied to the assessment results.
For each test condition, MOS values were computed by averaging the quality scores

of the coherent observers, only.

The resulting MOS values, together with their associated standard deviation values,
are depicted in Figure 3.9 (for better display, MOS values have been sorted). The
correspondence between the MOS values and the sequences used in the subjective
tests, for the considered bitrates, is given in table 3.2 (the lower row associated to

each video sequence).

The resulting MOS values and the video sequences used in the subjective quality
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Sequence Bitrates (kbit/s) / MOS
128.2 200.2 256.3 5124
City
3.26 3.63 4.21 4.90
65.7 100.2 131.3 2004  262.6 524.7
Coastguard
1.83 2.79  3.17 3.90 4.39 4.61
) 65.7 131.2 262.1 5244
Container
3.67 3.72  4.78 4.94
127.9 200.0 400.2 1024.1
Crew
1.26  2.05 3.74 4.95
263.8 401.7 526.3  756.3 1050.5 2104.5
Football
1.72 258  3.22 3.79 4.00 4.94
131.3  262.5 525.4 1051.0
Foreman
1.06 2.83  4.17 4.89
131.3  262.3 524.5 1048.9
Mobile
1.28 1.44  3.94 4.67
64.2 200.5 400.6 1025.2
Silent
1.58 3.79  4.58 5.00
140.1 200.4 263.0 401.2  525.0 1049.9
Stephan
1.00 2.11 2.56 3.63 4.28 4.89
65.6 131.5 263.3  525.0
Table
1.22 2.83 4.50 4.89
130.2 202.1 4054  756.2
Tempete
2.58 3.53  4.42 4.95

Table 3.2: Resulting bitrates and MOS values for the sequences used in the tests.
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assessment tests (both the reference sequences and the encoded bitstreams) are
available online at http://amalia.img.1lx.it.pt/~tgsb/H264_test/.

3.6 Summary

This chapter presented the main concepts associated with subjective quality assess-
ment. It started by discussing several aspects related to the preparation of subjective
quality assessment tests. Afterwards, a brief overview of the standardized subjec-
tive test methodologies was provided. It also presented the statistical computations
(suggested in the standards) required for obtaining MOS data from the opinion

scores collected in the test sessions.

Finally, the subjective quality assessment tests performed in the context of the
Thesis were presented. The aim of those tests was to obtain MOS data for video
sequences subject to H.264 encoding, which were used for validating the no-reference

video quality assessment method that will be presented in Chapter 7.



Chapter 4

Objective quality assessment

metrics

4.1 Introduction

In the previous chapter, standardized subjective quality assessment procedures have
been described. An alternative to subjective quality measurements is the use of
objective quality metrics. As already mentioned, objective metrics aim to automat-

ically predict the viewers” MOS that would result from a subjective assessment.

This chapter categorizes objective quality assessment metrics and provides an over-
view of the state-of-the-art on this topic. In Section 4.2, objective quality assessment
metrics are organized into classes. An overview of the algorithms proposed in the
literature is then presented in Sections 4.3 to 4.5. The existing standardized objec-
tive quality assessment metrics are reviewed in Section 4.6. Section 4.7 presents the
indicators that are usually used for performance evaluation of an objective quality

assessment metric. To conclude, a summary is provided in Section 4.8.

4.2 Classifying objective quality metrics
Objective quality assessment metrics can be classified according to the amount of

information that is required for computing the quality scores. Using this criterion,

three classes of objective metrics can be specified [60]:

23
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Figure 4.1: Full reference quality assessment system.

e Full reference (FR) — the original media data is required at the quality

evaluation system;

e No-reference (NR) — quality scores are computed using the distorted media,

only:;

e Reduced reference (RR) — the quality evaluation system uses the distorted

media and additional information about the original media data.

Figure 4.1 depicts the general structure of a full reference quality evaluation system.
Since the reference (original) media data is required, the applicability of FR quality
metrics in video communication scenarios is very limited. Besides that, in order to
use a full reference metric, the reference and the distorted video sequences must be
correctly aligned, in such a way that all pixels in a given frame of the reference match
their corresponding locations in the distorted frame. This alignment operation is not
easy to implement if spatial and temporal video signal scalability is also considered

in the scenario.

Nevertheless, full reference metrics are playing an increasingly important role for
benchmarking image processing algorithms. For instance, to compare the quality of
video encoded with different codecs, to evaluate the performance of artifact reduction
algorithms or to confirm the imperceptibility of watermarks. In the context of video
broadcasting, they can also be applied for quality-oriented testing and planning.
However, they cannot be used for quality monitoring at the user end, since the

reference data is usually not available.

The classical peak signal-to-noise ratio (PSNR) metric, which is based on the squared
differences between the reference and distorted images or video sequences, is prob-

ably the most known example of a full reference quality metric.

No-reference image quality assessment systems are those that compute quality scores

without using any knowledge about the original signals. This class of image qual-
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Figure 4.2: No-reference quality assessment system.

ity assessment metrics are the most adequate for image and video communication
systems, due to their ability to compute quality scores based on the distorted me-
dia only, as represented in Figure 4.2. The use of no-reference quality metrics
enables network-oriented applications such as automatic QoE monitoring, real-time
adjustment of video streaming parameters as a function of the perceived quality and

scalable billing schemes (i.e., users paying in proportion to the quality they get).

However, since they use less information, the development of quality metrics in
the NR class is more difficult than the development of FR metrics. In order to
workaround this increased difficulty, quality assessment algorithms within the NR
class typically make some assumptions about the sources of distortion. Since the
typical scenario for using NR metrics is a video communication network, it is reason-
able to consider the lossy encoding methods that are used, as well as the properties
of the transmission channel. Due to those assumptions, classical approaches to this
class of metrics usually try to estimate artifacts that result from lossy video encoding

(e.g., block effect) and/or transmission errors (e.g., jitter).

Reduced reference metrics can be placed somewhere between FR an NR metrics. In
a reduced reference metric scenario (see Figure 4.3), the content provider also sends

additional information that depends on the original data under transmission.

When compared with NR metrics, RR metrics require an additional channel (or ad-
ditional bandwidth) to transmit the side information, and the presence of additional
algorithms for generating the side information data at the server side. Generally, side
information data consists of video features, such as edge maps or spatio-temporal
activity measurements. These features are extracted from the original video, trans-
mitted through the side channel and compared with the same features extracted
from the degraded media, at the receiver. Quality scores provided by the algorithms

in this class of metrics depend on such comparison.
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Figure 4.3: Reduced reference quality assessment system.

The type and amount of information that is transmitted through the side channel
is strongly dependent on the algorithm’s design. Similarly to what happens in
the FR class, reduced reference metrics must also deal with alignment issues, since
side information and received media data must be synchronized. In transmission
scenarios, the possibility of losses in the side information required for computing the

metric’s score should also be considered.

Another possibility for classifying objective quality assessment algorithms is to con-
sider the type of data that is used for the quality measurement. Using this criterion,
objective metrics can be classified into data metrics, picture metrics and bitstream-

based metrics [61]:

e Data metrics — quality scores are based on the pixel values of the image or

video, without explicitly considering its content;

e Picture metrics — the visual information in the image or video is explicitly

considered for quality assessment;

e Bitstream-based metrics — the quality assessment system uses information
extracted from the encoded bitstream, without fully decoding the image or

video.

Data metrics usually belong to the FR metrics class, since they are typically based
on the comparison of pixel values (thus requiring the reference). Depending on the
approach that is followed, existing picture metrics can be within the three metric
classes — FR, RR and NR. As for bitstream-based metrics, since they are designed

for transmission scenarios, they usually fall into the NR or RR metrics category.
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4.3 Data metrics

Quality scores resulting from data metrics are those computed without explicitly
considering the content of the image or video. Data metrics usually take pixel values
from the reference and the distorted signals, compare them (e.g., by computing their
differences) and then combine all pixel-by-pixel comparisons into a single image or

video quality index.

The most commonly used data metric is the PSNR. In the context of image pro-
cessing, PSNR is a popular full reference quality metric, especially among the image

and video coding communities. Formally, it is defined as:

L2 1
PSNR (dB) = 10log;y —— , with MSE = — — )’ 4.1
( ) OglO MSE ) Wi N ;(yk’ yk’) ) ( )
where y;, and gy represent the values of the k-th pixel on the reference and distorted
images, respectively, L is the maximum pixel value per color component (usually

255), N is the number of pixels, and MSE stands for mean squared error.

The simplicity of equation (4.1) is one of the main reasons for the generalized use of
the PSNR; another reason for the popularity of the PSNR is its clear mathematical
meaning. Since it is based on the MSE, it can be easily applied in minimization or
optimization problems (e.g., rate control). Besides that, another reason for using
PSNR is the fact that the existing standards for objective video quality metrics are
very recent, and thus their use is not yet spread among the video community; since

this community is familiar with the PSNR, it tends to continue to use it.

However, the PSNR is known not to correlate well with the human perception of
quality [62,63]. When looking into (4.1), it is easily understood that PSNR treats
all errors in the same way, regardless their image context. Thus, the PSNR is

completely blind to the way the human visual system perceives image errors.

An example that illustrates the above statement is given in Figure 4.4. Two versions
of the House image have been generated in such a way that similar PSNR is obtained
in both cases. Figure 4.4-b) depicts the result of JPEG encoding (with the quality
factor set to 15) while Figure 4.4-c) is the result of corrupting the original image
with uniform random noise. When comparing both corrupted images, the perceptual
quality in Figure 4.4-c) is better than the one of Figure 4.4-b), although the PSNR
of the latter is in fact higher.

Other quality metrics based on the difference between pixel values have been pro-
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(b) JPEG encoded with QF=15 (¢) Corrupted with additive noise
(PSNR=24.33 dB). (PSNR=24.28 dB).

Figure 4.4: Images with similar PSNR, but different perceptual quality impact.

posed and tested [64]. In general, metrics based on pixel differences may be effec-
tive for a specific distortion source, but they usually fail across different distortion
sources. Since they also require the reference image or video, the range of applica-

tions is also restricted.

In [65], it is pointed out that PSNR and the generality of data metrics are distortion-
agnostic and content-agnostic. Being distortion-agnostic, it means that data metrics
are blind to the distortion sources. For instance, they deal with noise resulting
from low-pass filtering the same way they deal with structured noise such as the
block effect. Being content-agnostic means that data metrics do not consider image

content such as textures and edges, or video content such as motion.

A data metric that can be viewed as a possible exception is the increasingly popular
structural similarity index (SSIM). SSIM is a full reference metric that was originally
proposed by Wang et al. in [66,67], for assessing the quality of still images subject
to different distortion sources. Although not considering image content explicitly,

image quality scores resulting from the SSIM metric have shown a high correlation
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with MOS values. Besides that, SSIM works well across different image distortion

sources.

MOS predictions computed by SSIM are based on three different measurements,
computed across image blocks (or using a sliding window across the image). Ba-
sically, these measurements are indicators for luminance, contrast and structure
comparison between the two image regions under analysis. Representing by [;(y, 9),
¢;i(y,9) and s;(y,y) the luminance, contrast and structural terms computed in the
j-th image block, they are defined as:

2pypy + Ko
pE 4 pg + Ky

20y0y+K2 )
02+0 + K5’

Oy + K3

Ly, §) =
](y7y) UyUQ+K37

¢j(y,9) = si(y: ) = (4.2)
where p, and p; represent the mean of the pixel values at the j-th block of the
reference image y and of the distorted image ¢, respectively; o, and o; are the
corresponding standard deviations; o,; is the standard deviation of the joint term
yy. Ky, Ky and K3 are small valued constants add for stability (they avoid that a

term goes to infinity).

For each image block, these three measurements are combined into a single local

measurement, according to:

SSIM;i(y, 9) = 1;(y, 9) < ¢;(y,9) % 5;(y,9)- (4.3)

To complete, an overall image quality index, the SSIMgiopa1, is computed by averaging
all local SSIM values:

M
SSIM gjgpar = Z SSIM ( (4.4)

where M is the number of individual block-wise SSIM measurements.

An extension of the SSIM metric to video was proposed in [68]. Basically, SSIM
indexes are computed on a frame-by-frame basis and then weighted according to the
motion properties of the video sequence. The result of this weighting is a quality
index for the whole video sequence. Since the video SSIM metric also uses motion

features, it is closer to a picture metric than to a data metric.
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4.4 Picture metrics

Picture metrics are those which explicitly consider the contents of an image or video.
According to the approach that is followed for deriving the metric, picture metrics

may be classified according to three classes:

e Psychophysical-based metrics — these metrics model the characteristics
of the human visual system, using data collected from psychophysical experi-
ments. Typical models include contrast sensitivity functions, temporal mask-
ing and color perception. It is also worth to mention that most (if not all)
objective quality metrics that follow this philosophy fall into the full reference
class.

o Artifact measurement metrics — metrics within this class are usually
much simpler than those following the psychophysical approach. However,
they are designed for specific applications and must make assumptions about
the sources of distortion that will affect the images or video. Instead of mod-
eling the human visual system, the approach is to select a set of artifacts that
result from a specific encoding method or specific transmission errors, measure
and combine them in order to fit data collected from subjective quality assess-
ment experiments. Most of the no-reference objective quality metrics found in

literature follow this approach.

e Feature-based metrics — similarly to artifact measurement metrics, feature-
based metrics are also simpler than those following the psychophysical ap-
proach and designed for a specific distortion source. The main difference is
that feature-based metrics use image or video content characteristics, such as
spatial activity measurements, edge maps, temporal activity measurements or
motion vectors, and lower level data, such as video bitrate, and combine them
in order to fit subjective quality data. Feature-based metrics can be found
within the FR, RR and NR classes, but most of the work found on literature
is oriented to the RR and NR classes.
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4.4.1 Psychophysical-based metrics
Contrast sensitivity functions

As already discussed in Chapter 2, the response of the human visual system to a
visual stimulus, located at a given image pixel, strongly depends on the relation
between the luminance at that pixel and at its surrounding pixels. A contrast
sensitivity function (CSF) quantifies the HVS response to local luminance changes,
both in space and in time. Contrast sensitivity can be defined as the inverse of the
minimum contrast that is necessary for an observer to detect a stimulus. The most
significant research on spatio-temporal CSFs is due to Kelly [69] and Daly [41]. In
their work, the spatio-temporal sensitivity is computed as a function of the spatial

frequency, f,, and the retinal velocity, vg:

(4.5)

4
CSF(vg, f,) = Scocovr(2mey f5)? exp (_ ’/TleS)’

fmal‘
with the terms S and f,,,. defined as:

log <62§R> )3) and [0 = P1

CoUR —I— 2’

S = (81+82

where si, so and p; are constants; ¢y, ¢; and ¢y are parameters that allow model
tunning. An illustration of the contrast sensitivity function by Kelly and Daly was

already depicted in Figure 2.5.

Spatial frequency depends on the observation angle of a pixel, which is given by
parameters external to the video, such as the distance of the observer to the screen,
the resolution of the display or the size of picture on the screen. The object velocity
in the retina plane is related to the object velocity in the image plane. In [41], the
object velocity in the retina plane is given by the angular velocity of the object on

the image plane, compensated with a term associated to eye movements.

Contrast sensitivity functions can be used for weighting image errors. For instance,
since the CSF by Kelly and Daly operates on the frequency domain, it may be used

for weighting the differences between reference and distorted DCT coefficients.

Another important work that follows a psychophysical approach to image quality
assessment is the perceptual model proposed by Watson in [8]. This model lead
to the development of the DCTune [70] algorithm, which is a perceptually adapted
distortion metric for deriving optimized quantization matrices in the context of
JPEG encoding.
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The model by Watson computes the perceptibility of modifications in 8 x 8 DCT
coefficients in terms of just noticeable differences (JNDs), whose threshold values are
called slacks. Each slack value is computed by considering luminance adaptation and

spatial contrast masking.

After obtaining the slack values, the local errors between the reference and distorted
coefficient values are computed. The perceptual error associated to each quantized
DCT coefficient, €,, (7, 7), is computed as the ratio between the error, €4(i, j), and

its corresponding slack, si(i,j):

€k(2,])

5¢,)’ (49)

Epp (i7 J ) =
Similarly to what was discussed in Section 2.2.4, local perceptual errors are combined
using a Minkowski summation (or L,-norm) in the form () ep)%, resulting in a
global distortion measurement for the whole image. Studies from Watson [8,46] and
Lambretch [47] suggest that the exponent p may be set to 4 in order to emphasize
the fact that higher distortions may draw the viewer’s attention, having a stronger
impact on the global perception of quality. Thus, a global distortion metric, Dy, is

computed by combining all perceptual errors using L, error pooling:

v 9D 9) SER A (4.7

where M is the total number of coefficients under analysis and N is the number
of coefficients per frequency (which is same as the number of 8 x 8 blocks in the

image).

Multi-channel metrics

The human visual system exhibits a large number of neurons in the primary vi-
sual cortex that work as oriented band-pass filters [71]. This fact motivated the
development of several multi-channel approaches to the image quality assessment
problem. Examples of multi-channel perceptual models are the Sarnoff just no-
ticeable difference vision model [72,73] by Lubin, the moving picture quality metric
(MPQM) [74] by Lambrecht and Verscheure, and the perceptual distortion metric
(PDM) by Winkler [75,76].

Generally, multi-channel models operate on both the luminance and chrominance

components of an image or video. After a color space conversion step (usually a
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conversion to the YCbCr color space), each color component is subject to a “per-
ceptual” decomposition. Depending on the model, this decomposition can either
be performed using Gabor filters [74], steerable pyramid decomposition [75,76] or

Gaussian and Laplacian pyramid decompositions [72,73].

The result of the decomposition is a set of sub-band signals (or channels) with
different resolutions and orientations that try to mimic the mechanisms of the human
visual system. These sub-band signals are subject to spatial filtering and contrast
measurements in order to obtain a contrast masking map for each sub-band. If the
metrics are to be applied to video, temporal filtering processes are also included in
the model. The resulting masking maps are used for error weighting at each sub-
band. Weighted errors are combined in a pooling process that computes a global

quality measurement.

As can be concluded from this short description, quality metrics based on multi-
channel models implement most known features of the HVS, thus they have the
great potential in providing quality scores that correlate well with the subjective
assessment scores. However, their complexity (both for implementation and for

computing) is very high, which may be a drawback for their generalized use.

4.4.2 Artifact measurement metrics

Quality metrics based on artifact measurements are typically designed for no-referen-
ce quality assessment of images and video. These metrics are designed keeping in
mind that images or videos are subject to an encoding method that may cause the
visibility of specific compression artifacts (such as those described in Section 2.4).
The main motivation for their use is the fact that most artifact measurements cor-

relate well with the perception of quality.

Block effect measurement

Since most image and video encoding standards are block-based (e.g., JPEG, MPEG-
2, H.26x), it is not a surprise that the majority of quality metrics based on artifact
measurements are oriented to the block effect. Examples of such metrics are pub-
lished in [15,18,22,23].

Probably the first quality metric that quantifies the block effect is the work by Wu
and Yuen in [15]. It starts by computing the horizontal and vertical differences

of pixel values located at the boundaries of 8 x 8 blocks. Then, it weights those
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Figure 4.5: Ideal block signal and the corresponding difference signal (adapted
from [18]).

differences considering the luminance and contrast masking models given in [77].
Luminance masking is performed by assigning lower weights to the differences lo-
cated in the extreme dark or extreme bright image areas; contrast masking is per-
formed by computing a spatial activity measurement in the blocks adjacent to each
boundary, assigning lower weights to the differences located in busy regions of the
image. A similar algorithm can be found in [22], where the author also proposes to
measure block effect using block boundaries differences. When compared with [15],
the main difference is that inter-block pixel differences are weighted using a different

luminance masking model.

In [18], Wang et al. proposed to model a blocky image as the result of a non-blocky
image interfered with a blocky signal. Measurement of the block effect can thus be
seen as an estimation of the blocky signal’s power. In order to do so, the algorithm
starts by computing the difference of consecutive pixel values along the vertical
and horizontal directions. Then, a one dimensional fast Fourier transform (FFT)
is applied to those differences (separately for both directions). In the frequency
domain, a blocky image is characterized by the existence of equally spaced peaks
in the power spectrum. The concept is illustrated in Figure 4.5. The power of the
blocky signal is computed as the difference between the power of the blocky image
and an estimate of the power of the original, non-blocky, image. This estimate is
computed by smoothing (removing the peaks) the power spectrum of the blocky
image, using median filtering — the result is an estimate for the power spectrum of

the blocky signal, which is used as a block effect measurement.

All of the above mentioned methods are based in the premise that a blocky image
always contains discontinuities across the block’s boudaries. However, that is not
the case if coarse quantization is applied to an homogeneous image region (e.g.,

part of an image representing a sky without clouds). In such cases, pixel differences
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(a) Original image. JPEG encoded.

Figure 4.6: Flatness effect caused by low bitrate JPEG encoding, the concept which
is explored by Pan et al. in [23].

across block’s boundaries may in fact be null, leading to an inaccurate block artifact
measurement if only those differences are considered. In order to overcome this
issue, Pan et al. proposed in [23] a block artifact measurement technique that is the
result of two terms: blockiness and flatness. The “blockiness” term is based on inter-
block differences, considering the values of four pixels on either side of the block’s
boundaries. As for the “flatness” term, it is basically the number of null differences
between consecutive pixel values measured in the vicinity of each blocks’s boundary

(differences are measured along directions orthogonal to the boundary direction).

Figure 4.6 illustrates the concept: the original image in Figure 4.6-a) has been JPEG
encoded with a small quality factor in order to emphasize the block effect, resulting
in the image depicted in Figure 4.6-b). When looking into the sky of the encoded
image, it can be observed that several adjacent blocks exhibit the same pixel values.
If artifact measurement was based on block differences only, those blocks would not
contribute for the measurement — that is the reason behind the “flatness” term,

which accounts for those situations.

Blur measurement

Blur is another typical artifact addressed by artifact measurement metrics. Although
different sources for blur exist, in the context of image quality assessment these

metrics typically deal with blur caused by lossy encoding of the media.

In [17], Marichal et al. propose a blur measurement that works in the DCT domain.
Each DCT frequency position is assigned a “blur importance” weight, with larger

weights located in the diagonal from the upper-left corner (DC coefficient) to the
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lower-right corner. This weighting grid can be justified because it does not privilege
any blur direction. For each DCT frequency, if there are enough small valued coeffi-
cients, it accumulates the weight at the corresponding position. After all frequencies
have been dealt with, the accumulated weight values are divided by the sum of all

values in the weighting grid.

Marziliano et al. proposed to quantify blur by measuring the thickness of image
edges [19]. In their work, the process of measuring edge thickness is performed for
vertical edges only, which are found using a Sobel filter. For each image row, the
algorithm determines the width of each edge that is found and, after processing all
image rows, the average edge width is computed and used as a blur measurement.
An illustration of the algorithm’s main idea is depicted in Figure 4.7: Figures 4.7-a)
and b) represent the original Caps image and the corresponding gradient in the
horizontal direction, respectively; similarly, Figures 4.7-¢) and d) depict a blurred
version of the Caps image and the corresponding gradient in the horizontal direction.
When comparing the gradient images, it can be observed that the edges found in
the blurred image are wider than those of the original image. A measurement of
the average edge width can thus be used for measuring the amount of blur. The
algorithm as been tested in images corrupted by gaussian blur and in images subject
to JPEG2000 encoding. Results were good for the former case, but modest for the

latter case.

Wang et al. proposed in [21] an artifact oriented metric that measures blur and
block effect artifacts, combining them into a single quality index. The block effect is
measured in the traditional way, by averaging the differences at block’s boundaries,
while blur is measured by accounting for the signal activity in the image. The signal
activity is given by the average inter-pixel absolute differences inside each block and
by accounting for zero-crossings in pixel differences along the horizontal and vertical
directions (which in practice works as a count for local maximums and minimums
along those directions). The three measurements (block effect and the two blur
terms) are combined in the form of a product of powers, plus an offset, using the

exponents of those powers as tunning parameters.

Related work that is close to blur estimation is due to Caviedes and Gurbuz in [78].
Here, it is proposed to measure image and video sharpness (which can be seen as the
inverse of blur). The proposed method starts by computing the edges of the image
under evaluation. Then, it applies an 8 x 8 2D DCT centered at each pixel belonging
to an edge, and computes the kurtosis of the resulting AC DCT coefficients. This

analysis is performed for all edge pixels and the average of the kurtosis values is used
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(a) Original Caps image.

(¢) Blurred image.

Figure 4.7: The effect of blur on image edges, the concept explored in the algorithm
proposed by Marziliano et al. in [19].

as a sharpness metric. This work is further improved in [79], by also considering
spatial information of the edges and directional image energy in the DCT frequency

spectrum.

Ringing measurement

The main motivation for the measurement of the ringing artifact is image quality
assessment of JPEG2000 encoded images. As already mentioned in Section 2.4.3,
ringing is due to Gibbs phenomenon, and it is perceived by the HVS as spurious
oscillations in pixel values around image edges separating smooth regions. Thus,
most approaches for the measurement of ringing are based on the detection of image

regions around those edges [16,24-26].

One of the first techniques that quantifies the ringing artifact is due to the work of
Ogus et al. in [16]. Their work emphasizes a ringing artifact reduction technique
based on morphological operations, but they also propose a no-reference objective

quality metric based on the ringing artifact measurement. In order to compute this
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measurement, the algorithm starts by locating the image areas where the ringing
artifact is likely to be visible. Since these locations usually correspond to transitions
between smooth image regions, the algorithm tries to find them using edge detection
techniques and morphological operations. Since ringing is characterized by spurious
oscillations in those areas, it is quantified by computing the variance of pixel values
in 4 x 4 blocks located inside the regions detected in the previous step. Although
interesting ideas are presented in [16], the proposed method was tested using cartoon
images, without texture, and thus not representative of natural images. Similar ideas
for ringing measurement in JPEG2000 encoded images are proposed by Barland and
Saadane in [25].

In [24], Marziliano et al. proposed a full reference ringing metric that is combined
with their previous blur measurement given in [19] (already mentioned in this sec-
tion), for assessing the quality of images subject to JPEG2000 encoding. In order
to quantify the ringing artifact, the algorithm starts by finding the most significant
vertical edges in the image. This operation is performed by Sobel filtering followed
by thresholding. Then, for each image row, a distortion analysis is performed at
both sides of each edge. The number of pixels that are analyzed at each side of the
edge depend on the size of the wavelet decomposition filters used in JPEG2000 and
on the effects of blur in the edges (previously measured). Distortion analysis in the
vicinity of each edge is carried out by computing the errors between the correspond-
ing reference and distorted pixel values. The difference between the maximum and
the minimum error found on each edge side is then multiplied by the number of ana-
lyzed pixels, resulting in a local ringing measurement. A global ringing measurement

is computed by averaging all local measurements.

In all the works mentioned above, natural textures present in the images could
negatively influence the detection of regions where ringing could be perceived, the
“ringing regions”. Thus, those algorithms also measure the ringing artifact in re-
gions where it is not perceived by the human observer (such as in textured regions).
More recently, Liu et al. proposed a no-reference ringing metric in [26], where special
attention is given to the detection of the “ringing regions”. This algorithm performs
a pre-filtering step in order to smooth textured regions of the image. After this
pre-filtering process, it performs edge detection and, due to the previous step, only
the stronger edges (e.g., object contours) are detected. The “ringing regions” are ex-
tracted by inspection of the image regions in the vicinity of the stronger edges. Once
those regions are detected, ringing measurements are computed similarly to [16], by

computing local pixel variances in 3 x 3 windows.
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4.4.3 Feature-based metrics

Feature-based quality assessment metrics are those that collect a set of features from
the reference and distorted videos (or from the distorted video only, in the case of
a no-reference metric), and combine them in order to obtain a quality prediction.
These type of metrics can be seen as an engineering approach [1] to the HVS mod-
eling. The main motivation for the development of feature-based quality metrics
is that it does not require a deep knowledge about the mechanisms of the human
vision. The HVS is implicitly modeled by the way the features are combined, which
generally follows methodologies that are more familiar to engineers, such as neural

networks or regression models.

An example of a feature-based no-reference quality assessment metric for still im-
ages is the work by Gastaldo et al. in [80, 81], where several features based on
pixel values, correlation measurements, and DCT frequency domain coefficients are
extracted from the distorted image. Those features are then sent to a circular back-
propagation neural network that combines them and computes a quality score. The
use of neural networks was also proposed by Babu and Perkis in [82], who developed
a no-reference metric for quality assessment of JPEG encoded images. In their work,
the inputs of the neural network are block-based features which are measurements

of the background luminance, background activity, edge amplitude and length.

Neural networks have also been used for video quality assessment. In [28], Ries et al.
propose the use of motion-based features that are combined using neural networks.
The system has been trained for working in a mobile video streaming context. The
same authors proposed in [29] a linear model for combining those motion-based fea-
tures, as well as the video bitrate, in order to perform no-reference quality assessment

of H.264 encoded video sequences (without transmission errors).

In [27], Oelbaum and Diepold propose a reduced reference quality metric for H.264
video that is based on the extraction of a set of features. It uses temporal fea-
tures such as motion continuity and frame predictability, spatial features such as
edge continuity, a color continuity feature, and combines them linearly with artifact

measurements, namely blur and block effect measurements.

Pinson and Wolf proposed a feature-based full reference quality assessment metric
in [83]. In their model, quality scores result from combining seven different features,
which are computed from both the reference and distorted videos. Five of those
features are in fact measurements that provide an indication of artifacts present in

the video (blur, block effect and color impairments). There is also one feature that
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addresses spatio-temporal masking effects and a feature that accounts for actual
improvements of quality in the distorted video (edge and contrast enhancements).
The combination of these feature values follows a simple linear model, where the

linear weights work as tunning parameters.

The edge-PSNR (E-PSNR) [84] by Lee et al. can be seen as a feature-based metric
for video that can either work in full reference mode or reduced reference mode.
E-PSNR uses an edge map of the original image, where each pixel location is a
low-level feature. In full reference operation, the edge map is extracted from the
reference and the PSNR is measured by accounting the pixel differences at edge
locations, only. In reduced reference operation mode, the edge map is computed
before transmission and a selection of edge locations and their luminance values is
sent as side information. At the receiver, the PSNR is computed by considering the
received edge locations only. In order to account for the possibility of jitter, the
reduced reference operation mode also compensates the E-PSNR measurement by

considering the frame freezing time.

4.5 Bitstream-based metrics

For long, the network quality of service community has been using metrics such as the
bit error rate (BER) or the packet loss rate (PLR) in order to quantify transmission
errors. Similarly to what was discussed in Section 4.3 for the PSNR, those simple
measurements may be sufficient to characterize data transmissions where all bits are
equally important, but they are not suitable for fully characterizing transmission
losses in multimedia data. For instance, packet losses in video transmissions may
lead to different subjective quality impacts depending on which parts of the video

bitstream have been affected.

Thus, bitstream-based quality assessment metrics may consider simple measure-
ments such as the packet loss rate, but that is clearly not sufficient. Generally,
additional information is extracted from the bitstream, using partial decoding of
the bitstream elements. Other features extracted from the received packets can also

be used (for instance, packet numbers and timestamps).
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4.5.1 Packet-oriented metrics

In [85], Kanamuri et al. proposed bitstream-based no-reference and reduced refer-
ence metrics that use several features extracted from the video bitstream. Some of
those features are packet-oriented, such as the number of frames affected by packet
loss, type of frame associated to each lost packet and number of lost slices. Be-
sides those features, it also uses other features that are not packet-oriented, based
on the motion vectors, which are also extracted from the bitstream. The proposed
algorithms do not provide a quality assessment score. Instead, they predict whether
or not a given packet loss will be perceived by users. Following the same line of
work, in [86] the authors proposed a reduced-reference metric that checks the vis-
ibility of packet losses in H.264 encoded video. The same kind of packet-oriented
and motion-oriented features is used.

Winkler and Mohandas proposed in [65] a no-reference metric — the V-factor —
oriented to packetized transmission of MPEG-2 and H.264 video. The metric uses
information collected from the packet headers, from the bitstream and from the
decoded video, and combines the collected data in order to obtain a quality score.
However, since the metric was developed for commercial purposes, there are not

many details on its implementation.

4.5.2 PSNR estimation algorithms

A possible approach to no-reference quality assessment of encoded video, that uses
information collected from the bitstream, is to estimate the PSNR of the received
encoded media with respect to its reference. Although PSNR is a rough quality
metric when considering all possible distortion sources, as discussed in Section 4.3,
it may actually be a reasonable quality indicator when the distortion is caused by
lossy image or video encoding. The motivation for using PSNR estimates in such
cases may also be justified by the absence of other effective no-reference quality

assessment methods.

In [87], Turaga et al. were probably the first authors to propose an algorithm that
estimates the PSNR of encoded video sequences based on the statistical properties
of DCT coefficients. The distribution of the original (reference) DCT coefficient
data is estimated at the receiver. Using those statistical distributions, together
with knowledge about the quantization steps used for video encoding, allows an

estimation of the quantization error produced during video encoding, and thus it
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is possible to estimate the PSNR of encoded video by looking into its bitstream.
However, the method described in [87] does not include a robust estimation of the
original DCT coefficients distribution, and thus PSNR estimation accuracy decreases
as coding rate decreases. This is due to the increasing number of DCT coefficients

quantized to zero values, which lead to inaccurate statistical parameter estimation.

Aware of the above mentioned problem, Ichigaya et al. have proposed a method
for PSNR estimation [88] that models DCT coefficient distributions as a weighted
mixture of Laplace probability density functions (PDFs): one is computed by consid-
ering all quantized coefficient values and the other is computed by considering the
non-zero quantized values only. Although a considerable improvement is reported
in [88] when compared with [87], the proposed method still fails when all (or almost

all) DCT coefficients at the same frequency are quantized to zero.

In a more recent work [89], Eden proposes a PSNR estimation method for H.264
encoded video sequences. Similarly to what was done in the previous works, the
coefficients’ distributions are modeled according to Laplace densities. The main
novelty is the use of a low complexity algorithm for the estimation of the probability
density’s parameter and the ability to deal with the possibility of all DCT coefficients
at a given frequency being quantized to zero. The results depicted in [89] show that
this strategy provides good PSNR estimates for I-frames but the results for P and

B-frames still need to be improved.

Another work by Shim et. al [90], follows a line that is close to Eden’s work: the
main difference is that instead of using Laplace densities, it is suggested to use

Cauchy densities for modeling the DCT coefficients’ distributions.

4.6 Standardization of objective metrics

The first standardized full reference objective quality assessment metrics were pub-
lished in 2001 under ITU-T Recommendation J.144 [91]. However, the performance
of those metrics was not satisfying enough for ITU: in the conclusion of standard
document it reads “Since no method of measurement can be recommended at this
time, this clause will list some general advice on the models for video quality assess-
ment utilizing full reference methodology”. Nevertheless, it is worth to mention that
the full reference algorithm from Pinson and Wolf [83], one of the metrics present in
ITU-T Rec. J.144, was published in 2003 as part of the ANSI T1.801.03-2003 [92]

standard.
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Afterwards, another call for standardization of objective quality assessment met-
rics resulted in the publication, in 2008, of ITU-T Recommendations J.246 [3] and
J.247 [4]. Recommendation J.246 standardizes a reduced reference metric while
Recommendation J.247 provides the necessary details for the implementation of

four possible full reference metrics.

The full reference models described in I'TU-T Rec. J.247 are the following:

e NTT full reference model — a full reference metric developed by Nippon Tele-
graph and Telephone (NTT) Corporation, Japan. It consists in three main
modules: video alignment, temporal and spatial feature derivation and qual-
ity estimation. This metric uses an edge related feature and two motion related
features. Besides those features, it also uses the PSNR between reference and

distorted signal and a frame freeze measurement.

e Opticom PEV(Q — the perceptual evaluation video quality (PEVQ) metric, from
Opticom, Germany, is a metric based on the work of Hekstra et al. published
in [93]. Quality prediction result from combining five features (four spatial fea-
tures and one temporal feature) extracted from both the original and distorted
videos. All features are combined using a weighted sum of logistic functions

(one logistic function per feature).

e Psytechnics model — in the FR model from Psytechnics Ltd., U.K., spatio-
temporal features are extracted either directly from the distorted video signal
or result from a comparison between the original and the distorted videos. This
metric also uses artifact measurement algorithms focused on the measurement
of blur, block effect and distortion around edges (which implicitly measures
ringing / mosquito noise artifacts). All features and artifact measurements are

then linearly combined in order to obtain a MOS prediction.

o Yonsei model — this metric, from Yonsei University, Korea, is probably the
most simple standardized FR model. It combines the full reference operation
of the E-PSNR metric [84] (already mentioned in Section 4.4.3) with block

effect and blur measurement metrics.

It is interesting to notice that the FR models standardized in [4] use a wide mixture
of the ideas presented in the previous section. It is also worth to mention that all of
the above standardized metrics include sophisticated procedures for spatio-temporal

alignment of the reference and distorted video sequences.
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As for ITU-T Recommendation J.246, it describes a reduced reference model which
is basically the E-PSNR algorithm from Lee et al. proposed in [84], already men-
tioned at the end of Section 4.4.3. It defines different operation modes on the side

information channel that depend on the video resolution and on the available band-

width.

Concerning the no-reference approach for objective quality assessment metrics of dig-
ital television content, there are no standardized procedures yet. The only standard
that is related with no-reference image quality assessment is I'TU-T Recommenda-
tion G.1070 [7], that standardizes a quality model for video-telephony applications.
This standard describes separate models for audio and video, as well as a multimedia
model, that joins both audio and video. The algorithm for video quality assessment
uses packet and bitstream-oriented features such as packet loss rate, end-to-end de-
lay, encoding bitrate and frame rate. The standard also states that the applicability
of the model should be restricted for QoS/QoE planning purposes only.

4.7 Performance of an objective metric

The performance of an objective quality assessment metric is evaluated by comparing
the MOS predictions computed by the metric with those resulting from subjective
quality assessment tests. In order to quantify such comparison, VQEG suggests the

use of the performance indicators described in the following text.

Root mean squared (RMS) error

The root mean squared error evaluates how close MOS predictions are to the ground

data. In other words, it measures the predictions’ accuracy. It is defined as:

N,
I 5 A~

where N, is the number of assessed images or video sequences, M OSi and MOS; are
the predicted and true MOS values for the i-th image or video sequence, respectively.

An high value for the RMS error indicates a poor metric’s performance.
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Pearson’s correlation coefficient

When applied to the evaluation of an objective metric’s performance, Pearson’s
correlation coefficient, p., measures the degree of linear relation between MOS pre-
dictions and their true values. The ideal value of p. = 1 means that such relationship

could be described by an affine function. p. can be computed as:

_ sz\; (MOSi - MMOS)(MOSi — [400S)
\/Zf\; (MOS; — MMOS)Q\/Zé\;Sl (MOS; — paos)*

where 11,54 and py0s represent the average values for MOS predictions and true

, (4.9)

p

MOS values, respectively.

Spearman’s rank correlation coefficient

The Spearman’s rank order coefficient, ps, is a form of correlation that measures
how well the relation between two variables can be described by a monotonic func-
tion. Thus it measures the monotonicity of the MOS predictions without making
assumptions about the functional form of the relationship between those predictions

and their corresponding true values. It can be computed as:

N

ps =1— ﬁ ; (ARy)?, (4.10)

with
AR; = rank(MOS;) — rank(MOS;),

where rank(z;) represents the statistical rank of value x; (the relative position of z;
in a sorted list of all sample values). Similarly to Pearson’s correlation coefficient,
the ideal value of p, is 1, a condition that would be verified if the estimated values

grow with the true values.

Outlier ratio

The outlier ratio evaluates how consistent is the accuracy of MOS predictions per-
formed by an objective metric. A small value for the outlier ratio means that the
metric performs equally well for all assessed images or video sequences. An higher
value may indicate that the metric’s predictions are inconsistent, 7.e., it does not

perform well in a subset of the assessed images or sequences.
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The outlier ratio, O,, is given by the ratio between predictions considered as outliers

and the total number of predictions:

Noutliers
0, = —outliers 4.11
S (4.11)

A MOS prediction is considered to be an outlier if it verifies the condition:
|]\4OASZ — MOSA > QUMOS“ (412)

where o0, is the standard deviation of the valid scores given to the impaired

image or video sequence i (during the subjective assessment).

4.8 Summary

This chapter presented an overview of the research work on objective quality assess-
ment metrics. It started by performing a classification of these metrics. They can
be classified according to two possibilities: 1) considering the amount of informa-
tion about the reference signal that is required for computing the quality score; 2)
considering the type of image / video data used for computing the metric’s result.

These possibilities are depicted in the scheme of Figure 4.8.

After presenting this classification, a state-of-the-art of the literature on the topic
has been presented. It included relevant examples of proposed quality metrics among
all their classes, with a greater emphasis on those belonging to the no-reference qual-
ity assessment. It also presented the recent standardized procedures for objective

assessment.
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Figure 4.8: Objective image quality assessment classification.
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Chapter 5

Image quality assessment using

watermarking

5.1 Introduction

In the previous chapter, a brief overview of objective image and video quality assess-
ment metrics has been presented. Objective quality metrics have been grouped into
classes and the most significant algorithms have been briefly described. As already
mentioned, most of the no-reference quality assessment algorithms described in lit-
erature are oriented for measuring specific artifacts originated by the encoding of
visual contents. In this chapter, the possibility of using watermarking techniques for
image quality assessment is investigated. More specifically, this chapter proposes a

no-reference image quality assessment algorithm based on watermarking techniques.

Most of the research on watermarking techniques was performed during the sec-
ond half of the 90’s. Watermarking techniques were initially proposed as possible
solutions for audio, image and video copyright protection issues. Later, new water-
marking algorithms enabled applications such as identification and authentication,

steganography and fingerprinting.

The main motivation for using watermarking on NR image and video quality assess-
ment is as follows: an imperceptible reference signal, the watermark, is embedded
into the original image data, the host (which can either be an image or a video).
During encoding and transmission, both the watermark and the host will be subject
to the same distortion sources. At the receiver, it is expectable that the quality

of the host signal is related with the distortion of the watermark signal. Thus, a
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Figure 5.1: Watermarking-based image quality assessment system.

quality score could be derived from a comparison between the reference watermark
(i.e., the watermark embedded at the source) and the extracted watermark at the

receiver. This concept can be observed in Figure 5.1.

The characteristics of a watermarking-based quality assessment system place it be-
tween a reduced reference and a no-reference system. It resembles a RR metric
system in the sense that the watermark signal can be viewed as the additional infor-
mation transmitted. However, this information is usually independent of the host
signal, which is not the case in a RR metric system. On the other hand, and since
the transmission of the watermark information does not require the use of additional

bandwidth, such system is closer to a NR metric system.

In the context of this Thesis, the information carried by the watermark does not
depend on the reference image. It is also assumed that the reference watermark
signal is known at the receiver side. Since no additional bandwidth is required by
the quality assessment system, the proposed watermark-based quality assessment

techniques will be considered as no-reference metrics.

In general, watermarking for quality assessment of video transmission can be per-

formed according to the following steps:

1. Watermark embedding — an imperceptible watermark signal is embedded into
the host image or video. The resulting watermarked media will be consid-
ered as the reference (thus the invisibility of the watermark must be assured).
The majority of watermarking algorithms follow a spread-spectrum [94] or a

quantization-based approach [95].

2. Encoding and transmission of the watermarked media — this is the part of the
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communication process where the watermarked media is subject to distortion.
As already discussed, distortion is mainly due to lossy encoding / transcoding

of media, or transmission losses.

3. Watermark extraction — the watermark signal is extracted from the received

(possibly distorted) media.

4. Comparison between reference and extracted watermark signals — it is assumed
that the reference watermark signal is known or can be replicated at the receiv-
ing side. The extracted watermark is compared with the reference watermark.
Since it is expectable that distortion in the extracted watermarked signal in-
creases with the host signal’s distortion, image quality scores are based on the

result of such comparison.

Computing quality scores based on the comparison between reference and extracted
watermarking signals can be performed using different methodologies. The following

methods have been proposed in literature:

o Watermark bit error rate — this is probably the most simple but also the
most inaccurate metric, since it correlates poorly with the human perception
of quality. This is the metric proposed by Wang et al. in [96] and also by
Zheng et al. in [97]. As expected, the watermark bit error rate increases
with increasing distortion, but its direct use is not adequate for image quality

scoring.

o Watermark signal mean squared error (Wyrsg) — the MSE between extracted
and reference watermark signals can provide a greater accuracy than the ex-
tracted mark error rate, since it exhibits a better correlation with the MSE of
host image or video. This fact suggests that it is possible to relate an image or
video PSNR with Wysg, using a function in the form PSNRipage = f(Wise),
where f(x) is usually a linear function approximation valid for a given range
of PSNR values. This measurement (or similar) is proposed by the majority
of the authors: Campisi et al. in [98-100], Farias et al. in [101,102], Saviotti
et al. in [103] and Sugimoto et al. in [104].

e Correlation between extracted and reference watermark signals — another pro-
posed alternative is to compute the correlation between extracted watermark
signal and the reference watermark signal. This is the metric used in the work
of Bossi et al. [105] and it is also one of the metrics analyzed by Holliman et
al. in [106].
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All of the previously mentioned methods explicitly use the watermark signal, i.e.,
the quality rating of the received media is estimated directly from the watermark
degradation. However, the nature of the problem also suggests an implicit use of
the watermark signal — the watermark could carry information to be used as side
information for the quality evaluation system following an even closer approach to
reduced reference metrics, with the advantage of not requiring additional band-
width or extra channels. This possibility is addressed on the work by Holliman
et al. in [106]. In this paper, it is suggested the use of a watermark that com-
prises information regarding the maximum distortion allowed at each image point.
This is accomplished by using a set of quantizers, from whose output the water-
mark depends (the authors suggest that the quantizer set can be designed according
to the characteristics of the human visual system). During the extraction phase,
out-bounded local distortions will originate watermark extraction errors, and thus

allowing to localize those distortions.

In the watermarking-based quality assessment system described in this chapter,
image distortion is measured by estimating the error on the extracted watermark
signal. From this estimate, it is possible to measure the watermark’s MSE similarly
to what is done in [98-104], with a greater advantage: the proposed watermarking
scheme was designed in such a way that the differences between extracted and
reference watermark signals correspond to the difference between the distorted and

the original images.

It is also proposed to weight these differences as a function of the extraction bit error
rate or using image statistics in the frequency domain. These weighting strategies
aim to compensate watermark’s MSE underestimation as distortion increases. In
order to control watermark imperceptibility, while maximizing the watermark’s ro-
bustness to distortion, non-uniform and frequency adapted quantization functions
that consider the characteristics of the human visual system have also been derived.
Error estimates resulting from this step are also perceptually weighted, in order to
predict MOS values, which is also a novel and advantageous proposed feature, when
compared with other watermarking-based quality assessment algorithms found in
the literature.

This chapter is organized as follows: after the introduction, Section 5.2 describes
the proposed watermarking system. Section 5.3 explains how local error estimates
are computed based on the watermark’s extraction. Section 5.4 depicts the results
achieved by the algorithms and, finally, Section 5.5 draws the main conclusions from

the work presented along this chapter.
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Figure 5.2: Watermark embedding scheme.
5.2 Watermarking scheme

5.2.1 Watermark embedding

Consider that a reference binary watermark message, w,., is to be embedded into
the luminance component of a host image y (for the case of video, the watermark
is embedded in a frame-by-frame basis). Watermark embedding and extraction
are both performed in the 8 x 8 blockwise DCT domain of y, using a quantization-
based approach [95]. When used in conjunction with blockwise DCT-based encoding
standards (JPEG, MPEG, H.264), this scheme allows the watermarking processes
to work directly in the frequency domain, without the need for fully decoding the

images.

Figure 5.2 depicts the embedding scheme. Let x(7, j) represent the resulting DCT
coefficient located at frequency position (i, j) of the k-th block. Each DCT coefficient
is then quantized according to function ¢(.), resulting in value @);, which can assume
one out of 2L possible values, with [ € {—L,—1,1, ..., L}. Each coefficient used for
embedding is modified to the nearest quantization value whose least significant bit
(LSB) is equal to the watermark bit to be embedded. Note that this quantization
process is for watermark embedding purposes only and should not be confused with
the quantization process associated to lossy image encoding. Formally, assuming
that @, is the quantization value nearest to zx(i,j), the watermarked coefficient,

x,, (i,7), is obtained by:

o (i) = Q;, if mod(l,2) = w,,(4,7); (5.1)
h Qi+u, otherwise,

where w,, (7, j) is the reference watermark bit to embed, mod(n,m) is the remainder
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Figure 5.3: Watermark extraction scheme.

of the integer division of n by m, and u is defined as:

u = sgn(zg(i,7) — Q). (5.2)

To complete the process, the inverse DCT transform is computed, resulting in the
watermarked image y,. From this point, the watermarked image will be considered

as the reference image.

5.2.2 Watermark extraction

The input for the watermark extraction module, represented in Figure 5.3, is a wa-
termarked and possibly distorted image 1,. This image is subject to 8 x 8 block-wise
DCT and the resulting DCT coefficients, x4, (7, j), are quantized with the same func-
tion used for embedding. The extracted watermark, wy, is computed by inspecting

the LSB of the resulting quantization levels.

Formally, the extracted watermark bit at position (i,7) of the k-th block, can be
defined as:

wa,(i,§) = mod(l,2), (5.3)
where [ is the corresponding quantization level.

It is important to guarantee that the same quantization function is used both at
the embedding and at the extraction modules. A simple solution is to use uniform
quantization with a pre-defined value for the quantization step, as proposed in [103]
and in [96]. However, there is a major drawback when using this approach: the
pre-defined value for the quantization step must be too small in order to keep the
imperceptibility of the watermark signal. Since the watermark signal is lost if dis-
tortion is greater than the quantization step, this approach will only succeed in the

presence of relatively small distortions.
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In order to minimize this problem, a non-uniform quantization scheme was devel-
oped. The main objective is to assign larger quantization steps to locations of the
transform domain where greater modifications on the values of DCT coefficients are

allowed, without compromising the imperceptibility of the watermark signal.

In this Thesis, it is proposed to derive those non-uniform quantization functions by
considering the perceptual model developed by Watson in [8], already mentioned in
Section 4.4 of the previous chapter. Additional model details, as well as its appli-
cability in the derivation of the non-uniform quantization functions, are provided in

the following section.

5.2.3 Perceptually adapted quantization functions

The perceptual model proposed by Watson in [8], reviewed in Section 4.4.1, estimates
the perceptibility of modifications in individual DCT coefficients in terms of just
noticeable differences (JNDs) whose threshold values are called slacks. Each slack
measures the maximum allowed modification to a DCT coefficient value that is

possible to perform before resulting in one JND.

The model comprises two components, which account for luminance adaptation
and contrast masking. The luminance adaptation threshold for a given coefficient,
Ty, (i,7), is given by [8]:
o o [ @R(0,0)\
TLk (Zaj) = TB(%]) <— ) (54)

Too

where Tg(i, 7) is the frequency sensitivity of block coefficient at position (4, j) (typ-
ical values are depicted in Table 5.1), x(0,0) is the value of the DC coefficient of
block k, Ty is the average of the DC coeflicients’ values in the image, and ar is a

constant whose suggested value is 0.649.

The slack values are computed by also considering the effect of contrast masking,

according to [8]:
su(i ) = max { Ty, (i, ), |ow (i, )" Ty, (0,5) "9} (55)

where b(i, 7) is a tunning parameter between 0 and 1. Watson suggests b(7, j) = 0.7
for all (4,7) # (0,0) and b(7,j) = 0 for (i,5) = (0,0), ensuring that DC coefficients
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¢l 140 1.01 116 1.66 240 343 479 6.56
1.01 145 132 1.52 2.00 271 3.67 4.93
1.16 1.32 224 259 298 364 460 5.88
1.66 1.52 259 3.77 455 530 6.28  7.60
240 2.00 298 455 6.15 746 871 10.17
343 271 364 530 746 9.62 11.58 13.51
479 3.67 460 6.28 871 11.58 14.50 17.29
6.56 4.93 588 7.60 10.17 13.51 17.29 21.15

Table 5.1: DCT frequency sensitivity thresholds (from [94]).

are not subject to contrast masking. Equation (5.5) can be also rewritten as:

sling) = | 0 D) <TG d) o
kU, J) — . . .
|2k (4, 5) |b(l’j)TLk (i,7)17°09) otherwise,

An insight into the second case of equation (5.6) allows to conclude that slack
values increase with increasing magnitudes of the DCT coefficient’s values (which
resembles Weber’s law, mentioned in Section 2.2.2). Thus, for quantization-based
watermarking in the DCT domain, this conclusion suggests the use of non-uniform
quantization, where the quantization steps increase with the absolute values of DCT

coefficients.

One possible criteria for controlling the perceptibility of the error caused by wa-
termark embedding associated to a given coefficient is to make it proportional to
the corresponding slack value. Using this approach, the error due to watermark
embedding, €,, (i, 7), at coefficient (7, j) of the k-th block, can be expressed as:

Euwy, (1,7) = uy X Sk (1, 7), (5.7)

where «,, is a parameter that controls the watermark’s embedding strength.

For the purpose of deriving the quantization functions based on Watson’s model,
consider Figure 5.4, which represents three consecutive quantization points. Suppose
that the original coefficient value, (i, 7), is the value marked with a cross, and
that the corresponding watermark bit value to embed is 0. During the watermark
embedding procedure, this coefficient will be modified to match the value of ;1. In

these conditions, the watermark embedding error, €, (7, j), associated to coefficient
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Figure 5.4: Perceptually adapted distance between quantization points.

(i, ) is:
Ewy, <Z7j) - QH—I - I‘k(l,]) (58)
For simplicity purposes, let’s assume that x(7,7) > 71, (7, 7), a condition that cor-

responds to the second case of equation (5.6). Under this assumption, and consid-

ering (5.7), the embedding error can be written as:
Eu, (i) = awla (i, )BTy, (i, 5) 00 (5.9)
or, using (5.8):
Qur = wx(is ) = @wlwr(is )T, (5, 5)' 7. (5.10)

Attending to the above equation, a solution for relating ); with @, is to find
the worst case of embedding distortion for any coefficient located in the interval
[Q1, Q111]. A simple solution, although not optimal', is to consider the case where
xk(i,j) = Q. Substituting in (5.10), leads to:

Que1 = QT (i, )00 1 Q,, (5.11)

which relates ;41 with );, and thus defines the quantization functions recursively.
The initial point for the recurrence can be chosen by considering the first case
in (5.6). In this work, the value of a,, 77, (7, 7)/2 was selected to begin the recursive

definition of the quantization points.

The positive quantization values can then be defined as:

P b itl=1; (512
L= - . .
Qi1+ an?(_Zij)TLk (3,7)17009), otherwise

The quantization function can be completely defined by also considering the negative

'The proposed solution is not optimal, because there is a sub-set of points in the interval
[Q1, Qi+1] whose distance to Q;—1 is less than to Q41
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Figure 5.5: Sketch of the quantization function.

quantization points, i.e., the symmetric points that result from (5.12). A sketch of

the resulting function is depicted in Figure 5.5.

A brief analysis of equation (5.12) shows that the quantization functions depend on
the coefficient position (i, 7) within the block, as expected. It can also be concluded
that quantization functions depend on the values of the DC coefficients, 24 (0,0), due
to the luminance masking term, 77, defined in (5.4). Due to distortion, the DC coef-
ficient values at the receiver may become different from their original values. Thus,
at watermark extraction, this situation may lead to quantization functions different
from the ones used during embedding. Due to this issue, the luminance masking
component of Watson’s model was not considered, setting 77, (¢, j) = T(1, 7), for all
k. Nevertheless, the robustness of the watermark when considering contrast masking
only is substantially greater than when not considering any perceptual characteristic
at all.

5.2.4 Choosing the DCT coefficient set for watermark em-
bedding

The perceptibility of the watermark signal is strongly related to the watermark em-
bedding strength and with the number of DCT coefficients that carry the watermark
signal (the coefficients whose values have been modified for watermark embedding).
It is expected that the watermark imperceptibility increases if less DCT coefficients

are used for watermark embedding.
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Figure 5.6: Watermark embedding coefficient sets.

Thus, it should be possible to further improve the watermark’s imperceptibility,
while maximizing its embedding strength, if a smaller set of the 8x8 DCT coefficients
per block is selected for carrying the watermark’s information. The criteria for

choosing this set were as follows:

1. The error that could be measured using the selected coefficient set should be

representative of global image error.

2. Changing the values of the DC coefficients, as well as those of the AC coef-
ficients at low spatial frequencies, should be avoided, because it may lead to

the visibility of artifacts in homogeneous regions of the image.

3. Watermarking high frequency components is not very useful if the images are
to be subject to lossy encoding. Since the quantization steps associated to the
high frequencies have higher values, most of those coefficients will be quantized
to null values. Therefore, the recovery of the corresponding watermark bits

will likely result in errors.

In order to comply with these considerations, a few experiments were performed.
The evaluation of the first consideration (i.e., representativity of the coefficient’s
set for error prediction purposes) has been performed by JPEG encoding different
images at several compression rates. The true PSNR of each encoded image was then

measured and compared with the PSNR measured using only the coefficients located
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(a) Lenna. (b) House crop.

Figure 5.7: Test images used for DCT coefficient set selection.

within a given selection set. Note that, in accordance with Parseval’s theorem?, it is
indifferent to measure the PSNR in the pixel or in the frequency domain. In order

to deal with the above considerations 2 and 3, two different tests were performed:

e [ncreasing frequencies test — different coefficient sets were generated by using
the DCT coefficients located in first diagonals of an 8 x 8 block, as illustrated
in the example of Figure 5.6-a). The objective of this test is to check the
importance (or irrelevance) of the high frequency coefficients for PSNR com-

puting.

o Middle frequencies test — the goal of this experiment was to evaluate the
relevance of the middle frequencies when computing the PSNR. Different co-
efficient sets were generated by increasing the number of diagonals in both the
directions of low and high frequency, starting at the main diagonal of the 8 x 8

coefficient block — an example of this procedure is illustrated in Figure 5.6-b).

In the following, the images depicted in Figure 5.7 will be used to illustrate the

results of these tests.

Figure 5.8 depicts the results of the increasing frequencies experiment for the two
test images. As it can be observed from the plots, computing the PSNR based on
the first 12 diagonals (6 high frequency coefficients are discarded) result in values

quite close to the true PSNR values.

2If the transform is unitary (which is the case of the DCT) Parseval’s theorem states that the
sum (or integral) of the square of a signal is equal to the sum (or integral) of the square of its

transform.
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Figure 5.8: Increasing frequencies test results.
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Figure 5.9: Middle frequencies test results.

As for the second experiment, results are shown in Figure 5.9. It can be observed,
for instance, that the values attained for the PSNR using the coefficients located
in the diagonals 4 to 12 are close to the true PSNR values. This means that some
low frequency coefficients (including the DC coefficient) can be eventually discarded

when computing the PSNR.

The set of DCT coefficients’ positions used for watermark embedding was then cho-
sen by combining the results from these experiments. A potential DCT coefficient’s

set candidate for watermark embedding is the one depicted in Figure 5.10. In order
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Figure 5.10: DCT coefficient set used for watermark embedding.
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Figure 5.11: PSNR computed using the set of DCT coefficients represented in fig-
ure 5.10.

to test the behavior of the system when using this coefficient set, several test im-
ages have been subject to JPEG encoding with different quality factors. The error
associated with the PSNR values computed using this set of coefficients has been
compared with the true PSNR values. The results for PSNR measured using the co-
efficients located in the set represented in Figure 5.10 can be observed in Figure 5.11,

for two test images subject to JPEG encoding.

It has been verified that the average difference between the true and the estimated
PSNR values based on a coefficient’s subset was near 0.5 dB and the maximum value
for that difference was 1.1 dB.
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Figure 5.12: Error estimation in the presence of small distortion.

5.3 Error estimation

Using the watermark embedding and extraction algorithms derived in the previous
section, the goal is now to estimate the error between the reference and distorted

images, using the watermark signal.

The local error at position (i, j) of the k-th block, €4(7, j), is the difference between

the reference (watermarked) and distorted coefficient values, i.e.:

Sk(iaj) = |$Tk(zu7) - xdk(%])‘ (513>

Thus, for small distortions, where the error between the originally watermarked
and the distorted coefficients is smaller than the difference between two consecutive

watermark quantization levels, the following relation holds:

|xdk(2’j) _Ql|7 if Wy, = Wy}

(5.14)
min {|zq, (i, j) — Qi-1|,|za, (4,7) — Qi1|}, otherwise,

5!@(27]) =

meaning that the error estimated using the watermark and the distorted image
is the same as the error computed using the reference and the distorted images.

Figure 5.12 illustrates both cases of equation (5.14).

However, with increasing distortion, DCT coefficients may become distorted in such
a way that the extracted watermark bit is the same as the embedded one, but with
a quantization level (I) different from the one assigned during embedding. In such

cases, the error computed using (5.14) is underestimated.

Figure 5.13 shows an example of such an event: suppose that a watermark bit
with value ‘0’ was embedded by quantizing the DCT coefficient to the value Q)
(represented with a green cross). The image was then subject to distortion, which
caused the value of the DCT coefficient to be changed to the value represented

with a red circle, whose nearest quantization value assigned to bit ‘0’ is point ();_».
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Figure 5.14: False negative.

In this situation, the correct bit is extracted, but an incorrect distortion distance,
|Q1_2 — 4], is computed instead of the correct one, |@Q; — z4|. This situation will be

addressed to as false positive.

Similarly, a situation such as the one represented in Figure 5.13 will be addressed to
as a false negative occurrence. In this situation, despite the detection of a watermark
bit extraction error — bit ‘1’ was extracted instead of bit ‘0" — the distance computed

using (5.14) is lower than the true distortion distance.

False positive and false negative situations are also applicable for distorted coeffi-
cients values separated from the reference values by a larger number of quantization
levels. Let D represent the difference, measured in number of levels, between quanti-
zation values assigned during embedding and the ones retrieved during extraction. It
can be easily concluded that false positives occur when D is even and different from
‘0’, while false negatives occur when D is odd and different from ‘1’. Figure 5.15
illustrates this generalization: as distortion increases, the number of possibilities
for the reference (watermarked) coefficient values also increases. The error between
reference and distorted coefficient values can thus assume different values from the

one resulting from equation (5.14).

One possible solution to tackle the false positives/negatives problem would be to
increase the value of the watermark embedding strength (parameter ). False

positives and false negatives would become less frequent, since quantization steps



5.3 Error estimation 95

0 1 0 1 0
-4 QI—B )’C‘d Ql—z Ql—l Ql o
B — 7 | T? X
1

r“ 1

Figure 5.15: Different error possibilities.

used for watermark embedding would be larger. However, as the embedding strength
increases, the watermark may eventually become perceptible to a human observer.
This perceptibility is not acceptable in a quality assessment application. Due to this

restriction, two different error compensation procedures have been tested:

e Empirical distance weighting based on the watermark bit error rates — dis-
tances are weighted at the extraction according to estimated values for the
false negative/positive rates, P;. These estimates are based on watermark

extraction bit error rate, W,

e Distance weighting based on the distribution of the DCT coefficient values —
distance weights are computed using an estimate for the distribution of the
DCT coefficients and assuming that the distortion is bounded. For instance,
if the source of distortion is lossy encoding on the DCT domain, then the
error is due to quantization. The bounds for distortion can be derived since

quantization steps are available at the decoder.

In the following sections, both strategies are described.

5.3.1 Distance weighting based on watermark bit error rate

In order to improve the accuracy of the local error estimation, distances are weighted
at the extraction, by accounting for false negative/positive rates, P. Since these
rates are not known a priori, statistics were obtained from several images, by com-
puting Py as a function of the watermark extraction bit error rate, Wi, and the
value of D.

As an example, results for two test images are depicted in Figure 5.16, showing the
evolution of two false positives rate (for D = 2 and D = 4) and a false negative rate
(for D = 3). It can be observed that, as expected, Py increases with W, and that

the maximal amplitude of Py decreases with increasing D. It was also empirically
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Figure 5.16: False positive/negative rates as a function of the watermark extraction

bit error rate.

verified that the exponential decay of these rates is generally less accentuated if the

variance of DCT coefficients is larger, thus P also depends on image content.

Observing the evolution of the Py curves, and accounting for the previous conclu-
sions, one possible function type to approximate the rate, Pr(D), of false positives

(or negatives) for different values of D is in the form:

Py(D) = Coexp (= f1(Wher, D, 7)) f2(D), (5.15)

where o represents the standard deviation of the DCT coefficients. Cj is a con-
stant, function f; regulates the slope of the exponential decay and f5 regulates the
maximum amplitude of P;. Through curve fitting, it was found that the following
expressions for f; and f, conduct to estimations of Pr(D) which are close to the
measured ones:

(Wher — 0.5)*(D — 1)

202 '

fi(Wyer, D, o) = f2(D) = 0.5587; Co = 0.925.
(5.16)

Figure 5.16 also depicts a comparison between the estimated functions, using (5.15),

and the data measured from statistical tests. As can be observed from the plots,

reasonable approximations for Py(D) can be obtained.

The estimated values for false positive/negative rates can then be used for computing
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the weighted error, £x(i, 7), associated to the distortion, according to:

(i) — o Foeelind) + 220 Pr(at)d 2], if wa, (i, ) = wn, (i, )
Piep(i, 5) + Z}:Dfmm Pp(2t +1)ds(2t + 1), otherwise,
(5.17)
with
| g |2y
Po=1- Y Pi2) and Pi=1- Y Pp2t+1)
t=1 t=1
The summation at the upper term accounts for the probabilities of false positives
(even values of D) while the summation at the bottom term accounts for the prob-
abilities of false negatives. P, and P, are normalizing constants for even and odd
values of D, respectively. D,,q. is the maximum value for the error, measured in
number of quantization levels, that is to be accounted for. The distance d;(.) is

given by:

dy(D) = min {|zg, (7, j) — Quspl, |24,(3,7) — Qi-pl}, (5.18)

representing the distance between the distorted DCT coefficients to the nearest

possible quantization value distancing D levels.

5.3.2 Distance weighting based on DCT coefficient statistics

In this section, it will be assumed that distortion on the reference (watermarked)
image is due to linear quantization of the DCT coefficients, which is a realistic
assumption when considering the distortion due to lossy compression in the context
of the main DCT-based encoding standards. For simplicity purposes, the notation
that is being used for DCT block position and indexing will be dropped (e.g., xx (i, )

will be simply addressed to as xy).

The expected value of the local absolute error, €, between reference and distorted

coefficients in a given position, can be estimated by:

& = Zz P(Ql)’$dk - Ql| for Ql € [:Bdk — %’gjdk + %]

> P(Q) 7 LSB(l) = w,,, (519)

where P(Q);) is the probability of the reference coefficient value (after watermark
embedding) to be @; and ¢ is the quantization step used for image encoding at the

corresponding coefficient’s position. To illustrate (5.19), consider Figure 5.17, which
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Ji)

—

X, tq/2

Xa-q/2

Figure 5.17: Error estimation.

represents a set of reference coefficient values @); (small ticks labeled with ‘1’s and
‘0’s). Let’s admit that the embedded reference watermark bit at a given coefficient’s
position is ‘1’. £, is estimated by first computing the distances from the received
coefficient, z4,, to the reference points laying inside the interval [z4, — 2,24, + ]
and assigned to watermark bit ’1’. In the figure, those distances are represented by
dy, dg and do. Each distance is weighted by P4, Pg and Pg, respectively, which
are the probabilities of the reference coefficient value to be in each of the points

corresponding to w,, = 1.

However, knowledge about the probability P((Q);) is not available at the receiver, thus
it must be estimated based on the received coefficient data. In order to do so, the
original coefficient data is modeled using a Laplace probability density function [107]
with parameter \, which represents a reasonable trade-off between model accuracy
and simplicity. According to this model, the PDF for the original coefficient values,
fx(z), is given by:

AGij
Fx(@) = 222 exp (A |2, (5.20)

where ) is the distribution’s parameter at the corresponding DCT frequency.

For algebraic simplicity purposes, it will be considered that the statistics of the
watermarked DCT coefficients (the reference coefficients) are similar to those of the
original DCT values. This is a reasonable approach, since the distortion due to
watermark embedding is small. Thus, assuming that lossy encoding results from
linear quantization with step ¢, the probability for the original coefficient, xj, to be

quantized to value X, is:

EEN
P(Xy) = —e "ldz. (5.21)

Xp-1 2

If the quantization function is symmetric and includes the zero value, which is the
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case for JPEG and MPEG-2 encoding, (5.21) can be rewritten as:

1—e % if X, = 0;

_ Agq _ .
Le X2 (1 — e72), otherwise.

P(X;) = (5.22)

In order to estimate the parameter A of the original PDF using quantized coefficient
values, the mazimum likelihood (ML) method is used [108]:

N
AL = arg max {logH P(Xk)} . (5.23)

k=1

Substituting (5.22) in (5.23) leads to:

No Ny
Aur = arg max { Z log(1—e %) + Z log B(e—A|Xk1|+Az‘1)(1 — e_’\q)] } , (5.24)

ko=1 k=1
where Ny and N; represent the number of coefficients at a given frequency, quantized
to zero and non-zero values, respectively (with N = Ny + N;). The two summation
terms in (5.24) correspond to the two possible cases in (5.22) and the quantized
coefficient set, {X}}, has been split into sets { X, } and {Xj, }, according to those

cases. Using the substitution

Ny

k1=1

and after simple algebraic manipulations, (5.24) can be rewritten as:

Nl/\q

~ Agq
Ay = arg max {NO log(l—e"2)—=A\S+ + Nilog(1 — e_’\q)} . (5.26)

The solution can be found by looking for the zeros of the derivative of (5.26) with
respect to A, leading to:

(Ng+28)e™7 + Noge™ 3 + Nig — 25 = 0. (5.27)

Equation (5.27) can be viewed as a second order polynomial in 6_%, whose solution

1s:

" 2. —Noqg+ /N2g? — 4(Nq+ 25)(Nrq — 25)
Avr = ——log
q 2Nq + 45

. (5.28)

The parameter A retrieved by (5.28) can then be used to compute the values of
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P(Ql)l

Q+Qi41 »

P(Q,)) = 22 oxp (—Aarr|z|)de. (5.29)
The absolute value for the local error, £, can then be estimated by substituting
P(Q;) in (5.19), using the result from (5.29).
5.3.3 Quality estimation

Local error estimates resulting from the methods described in the previous section
can be used for quality estimation purposes. For instance, an estimate for the

distorted image PSNR can be computed according to:

2552
PSNReSt(dB) =10 lOglo m, (530)
M 2ek=1%k

where M is the number of DCT coefficients and éi is the error estimate associated

to the k-th coefficient, computed using equation (5.19).

However, it is far more interesting to use the estimated error with the purpose of
scoring the perceptual quality of the received images. A “no-reference” approach
for Watson’s model can be performed by computing estimates for slack values, s,
based on the received coefficient values. Attending to (5.6), these estimates can be
written as:
- Ty, A if 2] < T, (5.31)
|2, PT} %, otherwise,
where T}, is an estimate for Watson’s luminance threshold and #; is an estimate
for the original coefficient value, which are given by:
- ar
Ty, =Ty (ﬂ) D @ =2, + &) (5.32)
oo
£, 1s a signed estimate for the local error, computed similarly to (5.19), but using the
difference (x4, —@);) inside the summation, instead of the absolute value. This signed
error estimate is added to the received coefficient value, resulting in an estimate of
the original coefficient value, which is used in (5.31) for computing the corresponding

slack value. The perceptual error is then computed using the slack value and local
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perceptual error estimates:

Ek
il 5.33
§k7 ( )

Epp

To conclude, a global distortion measure for the whole image, ﬁw, is computed by

combining all local perceptual errors that result from (5.33) according to:

) A
Dy =} Mzzzépk<i7j)47 (5.34)

which is the L, error pooling procedure suggested in Watson’s model. Note that
the value resulting from (5.34) is an estimate for the Watson’s perceptual distortion

measurement, that is computed without using the reference image.

5.4 Results

5.4.1 PSNR estimation

In order to evaluate the performance of the algorithms for PSNR estimation pur-
poses, the reference images in LIVE database [109] have been watermarked and
JPEG encoded using quality factors from 10 to 100, using steps of 10. The result
is a set of 290 encoded images that span a wide range of content, resolutions and

quality.

Both error estimation strategies described in 5.3.1 and 5.3.2 have been used in the
experiments. For the first strategy, the watermark’s embedding strength, v, was
set to 1.0 and the watermark has been embedded only in the set of DCT coefficients
represented in Figure 5.10. In the second strategy, all DCT coefficients (except
the DC coefficients) have been watermarked and o, was set to 0.5. Note that the
strategy of error estimation based on the watermarking bit error rate requires a larger
embedding strength than the error estimation strategy based on DCT coefficient
statistics. The larger embedding strength is required for monotonically scale Wi,
values as distortion increases (otherwise the value of W, would saturate at 0.5 for

relatively small distortions).

After lossy encoding of the reference (watermarked) images, no-reference PSNR

estimates given by (5.30) have been compared with the true PSNR values.

Figure 5.18 depicts the results attained for two test images (from the LIVE data-
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(a) Image Monarch. (b) Image Dancers.
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Figure 5.18: Examples of PSNR estimation under JPEG encoding, using distance

weighting based on the watermark extraction bit error rate.

base), using the error weighting strategy based on the watermark bit error rates.
These examples illustrate the worst (image Monarch) and the best (image Dancers)
results that were obtained using this strategy. As Figure 5.18-c) shows, PSNR esti-

mates may not be accurate enough in some cases.

On the other hand, error weighting based on DCT coefficient statistics performs
much better, as can be observed in the plots depicted in Figure 5.19.

These considerations are confirmed in the plots shown in Figure 5.20, which represent
the true versus estimated PSNR values, for all JPEG encoded images used in the
experiments (290 images). As can be observed, PSNR estimates using the error
weighting strategy based on coefficient statistics clearly outperform those resulting

from the weighting based on the watermark’s bit error rate.

Table 5.2 synthesizes global statistics for the error between the true and the esti-
mated PSNR values resulting from these experiments. Again, it can be observed

that the results corresponding to error weighting based on DCT coefficient statistics
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Figure 5.19: Examples of PSNR estimation under JPEG encoding, using distance
weighting based on DCT coefficients’ statistics.
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Figure 5.20: Global PSNR estimation results for the two distance weighting meth-

ods.

are significantly better than those achieved with error weighting based on Wj,..

5.4.2 Quality scores

In the previous section, two different strategies for distortion estimation have been
tested. While both strategies have similar implementation costs, the results cor-

responding to the distance weighting strategy outperformed those corresponding

to distance weighting based on the watermark’s bit error rate.

Therefore, MOS



104 Image quality assessment using watermarking

Based on Based on
Wher coef. statistics
Average estimation error 2.123 dB 0.703 dB
Root mean squared error 2.686 dB 0.888 dB
Linear correlation (estimated vs. true PSNR)  0.883 0.984

Table 5.2: PSNR estimation accuracy.

predictions using the proposed watermark-based algorithm have been computed

considering the best error estimation strategy only.

The results for quality assessment have been evaluated by comparing the quality
scores computed by the algorithm with the ones that result from a subjective test.
LIVE database contains subjective scores for images subject to JPEG encoding
using different quality factors. The corresponding subjective scores are expressed by
their differential mean opinion scores (DMOS), which is the quality score difference
between the reference and the distorted image (i.e., image quality decreases with

increasing values of DMOS).

Figure 5.21-a) depicts the estimated Watson’s distance, using (5.34) and the per-
ceptual error estimates given by (5.33), versus the corresponding DMOS values.
Following a procedure similar to what is suggest by VQEG in [110], a logistic func-
tion was used in order to normalize the values that result from (5.34) into a linear

quality scale from 0 — 100. The logistic function has the form:

(431

Estimated DMOS = ag + = ,
1+ exp(agDw + a3)

(5.35)

where ag to asg are parameters that can be tuned for fitting. These parameters have
been computed in order to minimize the square differences between the estimated
DMOS scores given by (5.35) and the true DMOS values in a given training set.
The training set for finding the parameter values consists of DMOS scores given to
the JPEG encoded versions of 15 reference images randomly chosen from the LIVE
database. The a; parameters have been computed using the Levenberg-Marquardt
method for non-linear least squares minimization problems. The resulting logistic

function can be observed in Figure 5.21-a).

Figure 5.21-b) depicts the normalized no-reference quality scores versus their DMOS

values. As can be observed, objective quality scores resulting from the proposed
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Figure 5.21: DMOS estimation results.
Root mean square (RM.S) 6.430
Pearson’s correlation coefficient (p.)  0.975

Spearman’s rank order coefficient (ps) 0.955

Table 5.3: Evaluation of the proposed metric.

algorithm are well correlated with the subjective quality ranks, both in training
and validation sets (the latter consists of the JPEG encoded image versions of 14
reference images in LIVE database). The metric’s performance indicators suggested
by VQEG [110], described in Section 4.7 of the previous chapter, have been measured
and synthesized in Table 5.3, for the validation set, only. The results confirm the

good performance of the proposed algorithm.

5.5 Summary

The main achievement of this chapter was the development of a watermark-based no-
reference image quality assessment algorithm that resembles the JND-based quality
metric derived by A. B. Watson in [§].

The chapter started by describing the watermark embedding and extraction schemes.
For controlling the strength of watermark embedding, frequency adapted quantiza-

tion functions have been derived, aiming to maximize the watermark’s embedding
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strength while assuring the imperceptibility of the watermark. This derivation was
performed by considering the characteristics of the human visual system, using the

perceptual model by Watson.

Two different strategies that aim to compensate the distortion errors obtained di-
rectly by the watermark signal have been proposed: an empirical weighting strategy
based on the watermark’s extraction bit error rate and a strategy based on the
statistical distribution of the DCT coefficients. The former was not able to provide
accurate PSNR estimates while the latter showed good results for blindly computing

local error estimations in the presence of JPEG lossy encoding.

Using the most accurate error prediction strategy, error estimates resulting from
the watermark-based algorithm were then used for computing image quality scores,
following a close approach to the model derived by Watson. Using those error
estimates, slack values have been estimated and consequently, a prediction for local
perceived errors has been computed. By pooling those perceptual error predictions,
no-reference quality scores have been computed and compared with DMOS data
resulting from subjective quality assessments. The results have shown that there
is a strong relation between the quality scores given by human viewers and those

resulting from the proposed algorithm.



Chapter 6

Statistical image quality

assessment

6.1 Introduction

In the previous chapter, a no-reference image quality assessment algorithm based on
watermarking techniques was presented. It has been verified that the use of DCT
coefficients’ statistics, combined with the watermark signal, lead to a significant error
estimation improvement when compared with the use of the watermark signal only.
Furthermore, this fact suggests that it may be possible to design an error estimation
algorithm that relies only on the observed coefficient values at the decoder side.
However, estimates for the coefficient distribution parameters using the distorted
data, were not always accurate, especially at lower encoding bit rates — an inaccuracy
that was partially compensated due to the use of the watermark signal. In this
chapter, a no-reference quality assessment algorithm that overcomes this problem,
without using watermarks, is presented. It was designed to work with images subject

to quantization noise in the blockwise DCT domain.

In the work by Turaga et al. in [87], reviewed in Section 4.5.2, the PSNR of MPEG-2
encoded video is estimated based on the statistical properties of DCT coefficients.
The statistical distribution of the DCT coefficients is modeled according to a zero-
mean Laplace PDF, whose parameter is estimated at the decoder side. However, the
parameter estimation procedure proposed in [87] becomes inaccurate as the encoding
bitrate decreases. The reason for such inaccuracy is the increasing number of DCT
coefficients that are quantized to zero values during encoding, which is quite high

for low bitrates.

107
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This problem has been handled by Ichigaya et al. in [88], where the DCT coefficients
distribution is modeled using a weighted mixture of two Laplace PDFs. One of those
PDFs is computed by considering all quantized coefficient values while the other
is computed by considering the non-zero quantized values only. A considerable
improvement is reported in [88], when compared with [87]. However, the method is
inaccurate if all (or almost all) DCT coefficients at the same frequency are quantized
to zero, a situation which is quite common for high-frequency coefficients subject to
DCT-based encoding (even at average compression rates). The method in [88] was
further improved in [111] in order to deal with uncoded macroblocks that may occur
in P and B frames, increasing the accuracy of PSNR estimates for those frame types,

but the limitation regarding the “all coefficients quantized to zero” is still present.

One of the main goals of the work described in this chapter is to improve the
estimation of the DCT coefficients data distribution when compared with the above
mentioned works [87,88,111], using the quantized values available at the receiver

side. In order to accomplish this task, the following ideas have been considered:

e to explore the correlation between distribution parameters at adjacent DCT

frequencies;

e to combine the above prediction results with maximum likelihood (ML) pa-

rameter estimates.

In order to provide image quality scores, the proposed method is extended by con-
sidering perceptual characteristics of the human eye, in terms of just noticeable
differences. The objective is to estimate perceptual weights and distortion errors at
the receiver, in such a way that quality scores given to the distorted image resemble
the perceptual metric proposed by Watson in [8], already used in the previous chap-
ter. The results of the proposed algorithm are compared with those resulting from
other state-of-the-art algorithms presented in [21] and [80]. In [21], quality scores are
computed by measuring and combining specific JPEG compression artifacts; in [80],
quality scores result from combining the outputs of neural networks, whose input

data consists of block-based features taken from the image under evaluation.

The work described in this chapter has been evaluated using JPEG encoded images.
Nevertheless, it presents the main ideas that support the video quality assessment

algorithm described in the next chapter.

This chapter is organized as follows: after the introduction, Section 6.2 describes

the general architecture of the proposed algorithm. Section 6.3 provides the details
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Figure 6.1: General scheme of the proposed quality assessment algorithm.

related to DCT coefficient distribution modeling, using a Laplace PDF. Maximum-
ikelihood estimation of the Laplace distribution parameter from the original and
from the quantized coefficient values is also explained. Section 6.4 presents the pro-
posed method for estimating the distribution’s parameter, exploring the correlation
between adjacent coefficients distributions. The procedures to obtain quality scores
from the estimated DCT distributions are given in Section 6.5, and Section 6.6
depicts the results, which are compared with the methods proposed in [21, 80, 88].

Finally, the main conclusions of this chapter are synthesized in Section 6.7.

6.2 Algorithm overview

A general scheme of the proposed algorithm for assessing the quality of JPEG en-
coded images is represented in Figure 6.1. It consists of an error estimation block,
whose function is to compute local error estimates, and an error weighting block,
which weights those error estimates according to a perceptual model, and combines

them in order to compute the image’s quality score.

It is admitted that the image under evaluation is corrupted by quantization noise in
the DCT domain. More specifically, this assumption applies to images encoded (or
transcoded) using the JPEG standard. The inputs for the proposed quality assess-
ment algorithm are the quantized DCT coefficients” values and their corresponding

quantization steps.

Let us assume that the distribution of the original DCT coefficient data (i.e., before

lossy encoding) is known. In this case, an estimate for the local mean square error,
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€2 at the k-th coefficient, can be computed by observing its quantized value, Xj:

“+oo

£ = Ix (2] X3) (X — 2)2da, (6.1)

where fx(z|X}y) represents the probability density function of the original DCT

coefficient values, conditioned to the observed value of X,. According to Bayes rule,
it can also be written as:

P(Xy|z) fx (x)

P(Xe)

fx (2] Xy) = (6.2)

where P(Xj|x) is the probability of having quantizer’s output X} given the coeffi-
cient’s value x. This probability is 1 if = lies in the quantization interval centered
in X}, and 0 otherwise. Assuming uniform quantization with a constant step size ¢

(which is true for JPEG encoding), it can be formally written as:

L, ifze X, —L X+ 1)

P(Xg|x) = . (6.3)
0, otherwise.
Substituting (6.2) in (6.1), and considering (6.3), leads to:
2 1 Nt 2
£ = fx(2)( Xy — z)dz, (6.4)
Y P(X) /xkg *

where fx(z) is the density of the original coefficient data and P(X}) is the proba-

bility of a random coefficient to be quantized to value Xj:

Xp+2
PO = [ fela)da, (6.5)
Xp—4
From equations (6.4) and (6.5), it can be concluded that the squared error estimate
depends on the value of the quantized coefficient X}, on the quantization step, ¢, and
on the probability density function of the coefficient values, fy(x). In the context
of JPEG encoded images, both X, and ¢ can be extracted directly from the image

bitstream. A no-reference PSNR estimate can therefore be computed after finding
[x(z).
Based on the estimated values for €7, it is possible to estimate the PSNR of the
encoded image, using square error estimates, instead of their true values:

2552 al

: 1 .
PSNR.(dB) = 101log;, NSEL with MSEey = < 2 &, (6.6)
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where N is the number of DCT coefficients. Remember that, as already stated in
Section 5.2.4, it is indifferent to measure the PSNR in the pixel or in the DCT

domain (Parseval’s theorem).

Similarly to what was done in the previous chapter, the DCT coefficient error esti-
mates that result from the local error estimation module are then weighted according
to a perceptual model based on Watson’s work [8], adapted for no-reference qual-
ity assessment. Remember that the function of this model is to compute the local
perceptual weights, s;, which reflect the sensibility of the HVS to the corresponding
local errors. For a given image location, the more sensible the HVS is, the lower
will be the value of s;. The only inputs for the perceptual model are the DCT
coefficient values, which can be extracted from the encoded bitstream. Local errors
are weighted accordingly and pooled together, resulting in a global distortion metric

that acts as a non-normalized image quality score.

6.3 Modeling DCT coefficient data

Block-wise DCT coefficient data distribution of natural images can be well modeled
using a Laplace probability density function [107]. In this case, for a K x K block-
wise DCT transform (K = 8 in the case of JPEG encoding), the coefficient’s PDF
at each horizontal /vertical frequency pair, (i,7) € {0, ..., K —1} x {0, ..., K — 1} and
(1,7) # (0,0), is given by:

AGir
fx(a) = Z52 exp (=M la). (6.7)

where A ;) is the distribution’s parameter for frequency pair (7, 7) (for simplicity,

these indexes will be dropped along the text) and z is the coefficient value.

Other PDF models have been suggest in the literature: generalized Gaussian [112],
Gaussian mixtures [113] and generalized gamma [114] are probably the most relevant
examples. Nevertheless, the Laplacian model represents a good trade-off between
model accuracy and mathematical simplicity. As an example, Figure 6.2 depicts
a comparison between the histogram of coefficient values and the corresponding

Laplace PDF (at a given frequency).
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Figure 6.2: An example histogram of the DCT coefficients located at frequency (3,3)
of image Rapids.

6.3.1 Parameter estimation using original coefficient data

An estimate for A\, using the original coefficient data, is generally computed using the
maximum likelihood method [115]. Representing by x; the k-th original coefficient
value at a given frequency, an ML estimate for A is given by:

k=1

N
Ayrr = arg max {logH fX(xk)} , (6.8)

where N is the number of DCT coefficients at that frequency (which is the same as

the number of image blocks). The value of Ay, is computed by finding the zeros of

the derivative with respect to A, which leads to:

B N 1
Sy |zl Ellzll

where E[-] represents the expected value. In the context of this work, Ay, was used

AL (6.9)

as the benchmark for parameter estimation based on quantized data. Therefore, it

will be addressed to as the original \.

6.3.2 Parameter estimation using quantized coefficient data

Using the same procedure described in Section 5.3.2 of the previous chapter, an ML

estimate for the parameter A based on the quantized coefficient values, Yy L, 1s:

. 2. —Nog++/N2g® —4(Nq + 25)(Niq — 2S)
AML = —— log )
q 2Nq+4S

(6.10)
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where ¢ is the quantization step, Ny and N; are the the number of coefficients

quantized to zero and nonzero values, respectively, and S is defined as:

N1

k=1
where X}, are the nonzero quantized coefficient values.

Let us now take a deeper insight into equation (6.10), for the case where most of the
DCT coefficients have been quantized to value zero. As the number of coefficients
quantized to zero increases, Ny — N, and it is easy to conclude that Ny — 0
and S — 0. Under these conditions, the argument of the logarithm in (6.10) will
tend to zero and therefore Ay will tend to infinity, meaning that the estimated
distribution will approach a Dirac’s delta function. This situation will be common
in the presence of DCT-based compression, since high frequency DCT coefficients
are typically quantized to zero, even at average compression rates. As a consequence,

ML estimates for A based on the quantized data will be inaccurate for these cases.

This phenomenon has already been noticed in [88], where the authors propose to
compute the original DCT distribution as a mixture of two Laplace PDFs: one of
them is estimated by considering all the quantized coefficient values, while the other
is estimated by considering quantized non-zero values only. However, the proposed
algorithm does not deal with the case where all DCT coefficients at a given frequency
are quantized to zero. Due to its characteristics, the algorithm proposed in [88] will

be addressed to as the Laplacian compensation method, for the remainder of the
Thesis.

6.4 Parameter estimation using prediction

In order to tackle the problem described at the end of the previous section, a new
approach to improve the estimation of the Laplacian parameter is proposed: to

explore the correlation between A values at neighboring DCT frequencies.

Consider Figures 6.3-a) and b), which represent the original A values, computed
using equation (6.9), for all 8 x 8 DCT frequencies in two test images. The figures
show a strong correlation between A values at adjacent frequencies. Besides the
evidence shown in the figures, the average correlation between parameter values was
also measured using the set of reference (original) images in LIVE database [109].

Using a 4-connected neighborhood, the resulting value for the correlation between
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Figure 6.3: Original A values for each frequency.

the value of A at a given frequency and the values of A in adjacent frequencies was
0.971.

One possible way to explore this correlation, is to use a linear predictor. Represent-

ing the prediction result by jxp, it can be written:

K
Ap=wo+ > Ay wi, (6.12)

k=1

where A, is the k-th neighbor of the A value to predict, K is the number of neigh-
bors and wy, is the corresponding linear weight (which is found using a training

procedure). Equation (6.12) can also be written in matrix form as:

1 Wo
A= ATw,  with A, = Aoy and w = o (6.13)
p = MW, v = . = . . .
Avk Wi

The value of j\p that results from (6.13) can then be combined with Aurp in order to

improve the estimation accuracy for the original DCT distribution parameter.

Since ML estimates become more inaccurate as the rate of coefficients quantized to
zero increases, more trust should be given to the predictor in these situations. On the
other hand, if the number of coefficients quantized to zero is low, the ML estimator
will most likely get accurate results, so there is no real need for the predicted value.
Based on these premises, a simple criterion for combining 5\1, with Ay is to weight

them proportionally to the rate of DCT coefficients quantized to zero:

j\f :Toj\p—i-(l _TO)S\MM (614)
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where rg = % represents the rate of coefficients quantized to zero and A ¢ is the final

estimate for the distribution’s parameter.

6.4.1 Predictor training procedure

The objective of the training procedure is to find a weight vector w that is suitable
for the proposed linear prediction scheme, given by equation (6.12). One possible
way to compute w is by minimizing the square error between the original A and 5\p,
for all images in the training set. Admitting that L images are available for training,
then there will be L vectors A, and L values of A per DCT coefficient frequency.

Therefore, it can be written:

L L
W = arg min {Z()\(l) — S\S))2} = arg min {Z (AO — )\E(l)w)z} . (6.15)

=1 =1

Using matrix notation, the equation above can be rewritten as:
W = argmin {[A — Aw]|"[A — Aw]}, (6.16)

where A is an L x K matrix, with the neighborhood samples for image [, A&f,ﬂ ,

organized in rows and A is a vector with the original A values at the position to

predict, .e.:
1A Al A
1 A2 AR A®2)
A=| _ and A= ]
1A W AD)

The solution of equation (6.16) can be found by differentiating with respect to w:
Vw =0 AT(A - Aw) = 0. (6.17)
Finally, if ATA is non-singular, the unique solution for W is given by:
w = (ATA)'ATA (6.18)
The original (reference) images in LIVE database [109] have been randomly split
into two groups, one for training (15 images) and another for validation (14 images).

The neighborhood configuration used in the experiments is illustrated in Figure 6.4.

The criteria for choosing this structure were the minimization of neighborhood ele-
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Figure 6.4: Neighborhood configuration used for prediction.

ments required for an accurate parameter estimation and to allow the possibility of
recursively predict values for A, starting from the low frequency positions (since the
corresponding coefficients are less vulnerable to the effect of lossy encoding). The

procedure to obtain vector w can thus be described in the following steps:

1. for each image in the training set, the original values of A are computed for all

frequencies, using (6.9) and the original coefficient data;

2. for each frequency, the neighborhood matrix A and vector A are constructed

using the values that result from the previous step;

3. predictor weights are computed for each frequency, using equation (6.18).

6.4.2 Prediction accuracy

To evaluate the effectiveness of the prediction scheme, two experiments have been
performed using the validation image set. In a first experiment, 5\p was computed
using the original A values in the neighborhood. The main purposes of this ex-
periment were to evaluate the lowest prediction error that could be expect and to
validate the training procedure. The average relative prediction error (in percent-
age) is depicted in Table 6.1-a). From the table, it can be observed that the relative
error is generally low, which confirms that, due to high correlation of A values in
adjacent frequencies, prediction results are quite accurate. It can also be observed
that the error is higher for the cases where less neighborhood values are available

for the prediction (for instance, in the first row and the first column).
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1] - - 11.7 99 49 45 47 7.7
- 119 6.2 51 27 23 33 4.1

109 52 27 25 28 24 40 20

75 40 28 44 26 3.1 27 46

6.1 3.7 43 54 21 43 42 27

6.5 3.0 26 33 34 22 16 28

5.8 27 18 26 24 18 34 27

33 50 29 30 25 25 23 19

(a) Normal prediction.

il - - - - - 45 60 88
. - . - 27 36 T4 73

- - - 25 42 42 85 82

- - 28 45 55 65 11.0 183

- 37 47 61 57 66 85 139

65 60 73 75 7.8 87 102 13.9

122 10.0 10.6 85 114 100 12.0 14.8

191 12.8 109 11.2 13.0 140 165 18.3

(b) Recursive prediction.

Table 6.1: Average relative prediction error [%)].

A second experiment tried to make an approximation to what happens when images
are subject to lossy compression. Remember that, in the presence of lossy compres-
sion, most high frequency coefficients are quantized to zero, resulting in unreliable
ML parameter estimates. On the other hand, low frequency coefficients are less af-
fected by distortion, and thus more reliable parameter estimates can be performed.
To approximate this situation, the original values of A have been computed only for
the low frequency range (frequency pairs (i,7) with i + j < 5 and (i,5) # (0,0),
which correspond to the 14 frequencies marked with symbol ‘-’ in Table 6.1-b)).
The remaining values of A have been computed recursively from the values at those
frequencies, using equation (6.12). The average relative prediction error that has
result from this test is shown in Table 6.1-b). It can be observed that prediction
error increases with increasing frequency. This is due to error propagation in the

recursive algorithm: for lower frequencies, predictions are performed using the orig-
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(b) JPEG encoded image (QF=10).

(c) Original X values. (d) Aasr, estimates.

— Originai A ‘

H——2X M1 estimate
—— Ay estimate

20 30 40 50 60
Coefficient order

() Aarr combined with A, estimates. (f) Comparison.

Figure 6.5: A estimation results for a JPEG encoded test image (lighthouse).

inal values of A\, but with increasing frequency, predictions are based on previously

predicted values. Nevertheless, the results are quite satisfactory.

Additionally, Figure 6.5 illustrates A estimation results in the presence of lossy DCT-
based encoding. For this example, the image Lighthouse, shown in Figure 6.5-a),
has been subject to JPEG encoding, with the quality factor set to 10, resulting
in the image depicted in 6.5-b). Figure 6.5-c) shows the original values of A,
computed using equation (6.9). These values have been considered as an estimation
benchmark. Figure 6.5-d) depicts the estimated values for A\ using the quantized
coefficient data, computed through (6.10). Due to all data quantized to zero at

the medium-high DCT frequencies, the resulting estimates at those frequencies are
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infinite (for better visualization, A values in these conditions were not represented).
By combining ML estimates with the proposed prediction scheme, using equation
(6.14), it can be observed in Figure 6.5-¢) that the resulting A\ estimates are stable
(no infinite values are computed) and quite close to the estimates based on the
original coefficient data. For a better comparison, Figure 6.5-f) joins together on a

2-D plot the results presented in Figures 6.5-c), d) and e).

6.5 Perceptual quality estimation

In order to score the perceptual quality of the received images, Watson’s model [§]
was used, similarly to what was done in Section 5.3.3 of the previous chapter. In
short, a global perceptual distortion metric, DW, is computed by combining all the
ratios between estimated errors and the corresponding slack estimates, using Ly

error pooling, i.e.:

D = {| i(é’“y (6.19)
w Mk:l -§k ) .

where M is the number of coefficients under analysis.

An estimate for the local error, é;, can be computed similarly to the squared error
estimate given by equation (6.4), replacing the squared term inside the integral with

the absolute value of the error, i.e.:

~

1 /Xk—i-g )‘f .
£ = —exp(—A¢|z|)| Xy — z|dx, (6.20)
P(Xy) Jx,—1 2 !
with
Xp+2 5\ R
P(Xk):/ %exp(—/\f|m|)dx. (6.21)
Xp—1

The estimate for the slack value can be obtained similarly to what was described in
Section 5.3.3:

TLk, if |24] < TLk§
(6.22)

>
ol
I

A 1bl=b .
21”177, otherwise,

with
. 2\ . N
TLk = TB — and T = Xk + Ep- (623)

Z0o
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T L, 1s an estimate for Watson’s luminance threshold and 2, is an estimate for the
original coefficient value. The latter results from adding the received quantized
coefficient value to an estimate for the error, &), (which is signed). This error can be
computed similarly to (6.20), using the difference (X) — x) inside the summation,
instead of its absolute value. After estimating slack values, the global distortion

metric is computed using (6.19).

6.6 Results

6.6.1 PSNR estimation

In order to evaluate the accuracy of the PSNR estimation algorithm, all reference im-
ages in LIVE database have been subject to JPEG compression, with quality factors
in the range from 5 to 90 with increments of 5. The PSNR of each encoded image
has been computed using squared error estimates that result from (6.4) and (6.5).
Both equations use the value of A; obtained from (6.14). These values have been
computed recursively starting from the lower frequencies (zig-zag scan order [48]),

according to the following procedure:

1. Ay and ro are computed for each frequency;

2. jxp is computed by using previously estimated values of A ¢ in the neighborhood

(or by using the values of Az at the start of the recurrence).

The resulting no-reference PSNR values have been plotted in Figure 6.6 and con-
fronted with their true values. Figure 6.6-a) shows the results from the algorithm
described in this chapter, while Figure 6.6-b) depicts the results achieved by an im-
plementation of the Laplacian compensation algorithm proposed in [88]. Table 6.2
depicts global statistics of the error between true and estimated PSNR, that result

from this experiment, for both algorithms.

As can be observed from both the figures and the table, PSNR estimates based on
the described algorithm for A estimation are quite accurate, and better than the

ones resulting from the implementation of Laplacian compensation method.

Additionally, Figure 6.7 depicts the PSNR estimation results attained for two im-
ages, subject to JPEG compression, with quality factors in the range 10 —90. These
examples represent the best and the worst PSNR estimates for the images used in

the experiments.
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Figure 6.6: Global PSNR estimation results.

A prediction Laplacian

compensation
Average absolute error 0.660 dB 1.047 dB
Root mean square error 0.789 dB 1.324 dB
Linear correlation (estimated vs. true PSNR) 0.992 0.957

Table 6.2: PSNR estimation accuracy.

6.6.2 Quality scores

Similarly to what has been done in the previous chapter, the results for quality
assessment have been evaluated by comparing the quality scores retrieved by the
algorithm with those in LIVE database. In order to perform this evaluation, the
estimated Watson’s distance values, DW, have been computed for all images in the

database, using equation (6.19). The resulting values are depicted in Figure 6.8-a).

Afterwards, those values have been mapped into the interval [0;100], using the
same process described in Section 5.4.2, namely using the logistic function depicted
in equation (5.35). The training set used for this procedure consists of DMOS values
associated to the JPEG encoded images in LIVE database (125 out of 175). The
remaining 50 DMOS values have been assigned to the validation set. The resulting

logistic function can be observed in Figure 6.8-a).

Figure 6.8-b) depicts the normalized no-reference quality scores versus their DMOS
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Figure 6.7: Best and worst case PSNR estimates.

values. As can be concluded, the resulting objective quality scores using the pro-

posed algorithm are well correlated with the subjective quality scores.

The performance measurements described in Section 4.7 have been synthesized in
Table 6.3, where a comparison with the algorithms proposed in [21] and in [80] is
also depicted (only the results for the validation image set have been presented in
the table).

Remember that the algorithm proposed in [21] estimates quality scores based on
artifact measurements (more specifically, blurriness and blockiness effects). In order
to perform a fair comparison with the algorithm proposed in this paper, it has been
implemented following the description given in [21]. As for the algorithm proposed
in [80], quality scores result from combining the outputs of neural networks, whose
input values are block-based features extracted from the image under evaluation.
The comparison with this algorithm has been performed using the results given
in [80], which were also obtained through training and validation image sets taken
from LIVE database (with the same sizes as the mentioned in this work). The
results depicted in [80] have been scaled from the range [—1; 1] to the range [0; 100].

The measurements affected by this scaling have been signaled with ‘*’ in Table 6.3.

These results confirm the good performance of the algorithm proposed in this paper.
When compared with the performance of [21], the proposed scheme shows better
results for all the measurements, with more emphasis on the p; measurement. When
compared with the results depicted in [80], it shows slightly worse results for the
RMS and the average absolute error measurements. On the other hand, and con-

sidering that the ideal target value for p. is 1, the results for the p. measurement
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Figure 6.8: DMOS estimation results.
Wang [21] Gastaldo [80] Proposed
Average absolute error 7.558 5.5* 5.640
Root mean square error (RMS) 8.910 7.0% 7.393
Pearson correlation coefficient (p.) 0.960 0.95 0.974
Spearman rank order coefficient (ps) 0.967 N/A 0.978

Table 6.3: Evaluation of the proposed metric.

are noticeable better.

6.7 Summary

A new approach for estimating original DCT coefficient distribution parameters

from their quantized values has been proposed in this chapter. It explores the corre-

lation between coefficients distribution at adjacent DCT frequencies. The resulting

distribution estimates are then used for computing a no-reference quality score of

images subject to quantization noise. Two different approaches for quality scoring

have been considered: PSNR estimation and perceptual quality estimation, based
on a JND model by Watson.

For the PSNR values, results have shown that the proposed algorithm provides
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estimates that are more accurate than the ones provided by a state-of-the-art algo-
rithm [88]. The results concerning perceptual quality scores have also been quite
satisfactory, showing a high correlation with the human perception of quality. They
have also been compared with other no-reference metrics for evaluating the quality

of JPEG encoded images [21,80], generally exhibiting better results.



Chapter 7

Perceptual video quality

assessment

7.1 Introduction

In the previous chapter, an image quality assessment algorithm based on statistical
models of the DCT coefficients’ distribution has been presented. Since the proposed
metric belongs to the no-reference class, it was necessary to accurately estimate
the distribution of the original DCT coefficients using the received (corrupted by

quantization) coefficient data.

The work by Turaga et al. [87] and Ichigaya et al. [88,111], already mentioned in
the previous chapter, are both statistical based PSNR estimation algorithms that
are not accurate at low bitrate image or video encoding. This lack of accuracy is
mainly due to the increasing number of DCT coefficients that are quantized to zero

values as the encoding bitrate decreases.

In a more recent work [89], Eden proposed a PSNR estimation method for H.264
encoded video sequences. The coefficients’ distributions are modeled according to
Laplace densities, using a low complexity algorithm for the estimation of the den-
sity’s parameter. It tackles the “all coefficients quantized to zero” problem by impos-
ing bounds in the parameter’s value at the corresponding frequencies. The results
depicted in [89] show that this strategy provides good PSNR estimates for I-frames

but the results for P and B-frames still need to be improved.

All the above mentioned works estimate PSNR values, which is a rough quality

metric that does not correlate well with MOS values [62]. The algorithm presented in

125
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the previous chapter is a no-reference quality assessment method for images subject
to JPEG encoding that, besides producing PSNR estimates, also outputs MOS
estimates that were shown to be well correlated with the corresponding subjective
assessment data. The goal of this chapter, and also the main achievement of the
Thesis, is to extend the work presented in the previous chapter for assessing the

quality of encoded video sequences.

Since there are important differences between JPEG encoding and standard video
encoding methods, the effectiveness of the algorithm proposed in the previous chap-
ter is not automatically proven for encoded video sequences. At this point of the
Thesis, there is no strong guarantee that the prediction compensated PDF param-
eter estimation method, derived for the JPEG case, also works effectively in the
case of encoded video. In the JPEG case, quantization step sizes are the same for
all DCT coefficients located at the same spatial frequency; in the case of standard
video codecs, the quantization step sizes at a given spatial frequency may vary from
macroblock to macroblock. Accordingly, maximum likelihood parameter estimates
for the DCT coefficients’ distributions, based on the observed values of quantized
data, must consider this quantization step variation. Another difference from JPEG
to encoded video is as follows: in the JPEG case, the inputs for the DCT transform
are pixel values; in the encoded video case, the inputs of the DCT transform are
(or can be) prediction errors — the residuals — obtained during encoding. For in-
stance, in H.264 encoded video those residuals may result from spatial or temporal
predictions; in MPEG-2 the residuals result from temporal predictions only (spatial

prediction is not used in this case).

Considering those differences, this chapter generalizes the method described in the
previous chapter to the more challenging case of encoded video sequences. Although
the H.264 standard has been considered, the proposed method can be straightly
applied to other DCT-based video encoding schemes, such as MPEG-2. It starts
by estimating the DCT coefficient’s error, assuming that these are corrupted by
quantization noise only. Error estimates that result from this procedure are then
perceptually weighted, by considering characteristics of the human eye, namely its
sensitivity to spatio-temporal contrast. The spatio-temporal contrast sensitivity
function based on the work of Kelly and Daly, described in Section 4.4.1, is used.
In [69], Kelly devised an analytic model for the spatio-temporal CSF, based on data
collected from his experiments. His work was further extended by Daly in [41] by
considering movements of the eye, namely smooth pursuit, natural drift and saccadic

eye movements.
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Figure 7.1: Architecture of the proposed algorithm for video quality assessment.

The performance of the metric proposed in this chapter was evaluated using the
results of the subjective quality assessment tests described in Section 3.5. Remember
that these tests consisted on the evaluation of a set of video sequences encoded at
different bitrates, according to the degradation category rating (DCR) methodology
suggested in ITU-T Rec. P.910 [6].

This chapter is organized as follows: in Section 7.2, the no-reference quality estima-
tion framework is introduced and its modules are detailed in Sections 7.3 and 7.4.
Results are depicted in Section 7.5 and a summary of this chapter is provided in
Section 7.6.

7.2 Algorithm overview

The proposed algorithm for assessing the quality of an H.264 encoded video sequence
is represented in Figure 7.1. Its architecture resembles the one described in the
previous chapter. However, instead of dealing with JPEG encoded images, the
algorithm now deals with DCT-based encoded video, more specifically H.264 [54]
encoded video. The main new contributions that can be found with respect to the

algorithm presented in the previous chapter are as follows:

e Since H.264 allows variable quantization steps across macroblocks belonging
to the same frame, the parameter estimation method presented in this chapter
deals with the possibility that DCT coefficients at the same frequency are

quantized with different quantization steps.

e The local error weighting module accounts for a key perceptual factor in video:
motion. Therefore, the perceptual model used for error weighting is substan-

tially different from the one used in the previous chapter.
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Similarly to what has been performed in the previous chapter, let us start by con-
sidering that the probability density function of the original DCT coefficient data
is known. In this condition, an estimate for the local mean square error, &2, at the
k-th DCT coefficient, can be obtained by observing the value of its quantized value,

Xkl
+oo

Again, fx(x|Xj) represents the PDF of the original DCT coefficients values con-
ditioned to the observed value of Xj;. Using Bayes rule and considering that
P(Xy|z) = 1if x is in the quantization interval around Xj, and P(Xj|z) = 0,

otherwise, (7.1) can be rewritten as:

9 fbk fX Xk — l’)2d£€
9
G

where fx(z) is the original coefficient data distribution and a; and by are the limits

, (7.2)

of the quantization interval around Xj. For the H.264 encoding standard case (see
Section 2.3.5), they can be defined as:

ar = —Q ar = | X — (1 — «
g %X, =0 and e= Xl = =ade Ly Ly
b, = agq,, b = | Xi| + ag,,

(7.3)

Note that the quantization interval limits derived in the previous chapter, used in
equations (6.4) and (6.5), correspond to the case where v = 0.5 and ¢, is constant

for all DCT coefficients located at the same frequency position.

From (7.2), it can be concluded that the squared error estimate depends on the value
of the quantized coefficient X}, on the quantization step g (which determines ay
and by ) and on the coefficient distribution fx(x). X and g can be derived from the
encoded video bitstream. As for fx(x), it is estimated from the available quantized

data, through a procedure that will be described in Section 7.3.

At this point, it is possible to estimate the PSNR of the received sequence, using

square error estimates, instead of their true values:

2552 1
PSNRﬁddB)_lob&ONBE : NSE%t:}V &, (7.4)

est k=1
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where N is the number of DCT coefficients. The DCT coefficient error estimates
are then perceptually weighted using a spatio-temporal perceptual model based
on [41,69]. The function of this model is to compute local perceptual weights
pr, which reflect the sensibility of the HVS to the corresponding local errors. The
inputs for the model are the motion vectors, MV, and the video frame rate, f,,
both extracted from the encoded bitstream. From the weighted local errors, piéy, a

global perceptual distortion metric is obtained using error pooling.

7.3 Modeling DCT coefficient data

The distribution of block-based DCT coefficient data in H.264 is typically modeled
by zero-mean Laplace [107] or Cauchy [116,117] PDFs. In this chapter, both mod-
els have been considered. They require the estimation of a single parameter and
represent a reasonable trade-off between accuracy and simplicity. In the following,
the methodology for estimating the distribution’s parameter is described, using the

original and the quantized (corrupted) DCT coefficient data.

7.3.1 Cauchy model

Using K x K DCT blocks, for each horizontal/vertical frequency pair, (i,j) €
{0,..., K — 1} x {0, ..., K — 1}, the statistical distribution of the DCT coefficient’s

value, x, at spatial frequency (7, j) can be described as:

1 By
Fx(@)ig) = =2

_ ! , 75
T 6(21.7].) + 22 (7.5)

where [3(; ;) is the parameter of the zero-mean Cauchy PDF. For simplicity, the
indexes (i, 7) will be dropped along the text; however, it must be kept in mind that

there is a distinct parameter value at each spatial frequency (i, j).

Estimating 3 using the original coefficient values

If the original coefficient data is known, an estimate for parameter 3 can be computed

using the maximum likelihood method [115]:

N
Byt = arg m[z}x {logH fX(:ck)} , (7.6)
k=1



130 Perceptual video quality assessment

where x; is the k-th coefficient value and N is the number of coefficients at the

frequency under analysis. Using (7.5) in (7.6) leads to:
k=1

By, = arg mgx {Z (logﬁ — log(3* + xi))} . (7.7)

The value of 8 that maximizes (7.7) can be computed by finding the zeros of the

derivative with respect to 3. Therefore, it is solution of:

__2252+$k: , (7.8)

To solve (7.8), an iterative root finding algorithm can be used. On this work, the
Newton-Raphson’s method was used, starting with a small value (0.1) as the initial
guess for 3. Since [y, is obtained using knowledge of the original (unquantized)
DCT coefficient data, it can be seen as a reference value. Thus, it will be addressed

to as the “original” [ parameter value along this chapter.

Estimating ( using quantized coefficient values

Let us now suppose that the only data available for the estimation of 3 is the quan-
tized (corrupted) DCT coefficient data extracted from the encoded video bitstream.
In this case, the ML estimation method can still be used, similarly to what was done

before:

By = arg max {logHP (Xk) } (7.9)

k=1

where P(X}) represents the probability of having value X}, at the quantizer’s output,

b |
P(Xy) = / - 525 . (7.10)

The quantization interval limits — a; and by, — are given in (7.3). Since the algorithm
is designed for H.264 encoded video, it is assumed that the quantizer is linear with
a step size q,, whose value may be different from block to block. It also includes a

dead zone around 0, whose size is controlled by parameter a. Solving the integral
n (7.10) leads to:

1%k, if X, =0;

Tb (7.11)
(%) — tan™ (%’“)) , otherwise.

3= 2

tan
(tan
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Using (7.11) in (7.9) we get:

No
A 2
Bur = argmgx{ E log (% tan " (%)) +

ko=1

+ i log% <tan_1 (%) —tan~! (%))}

ki1=1

(7.12)

The two summation terms in (7.12) correspond to the two possible cases in (7.11):
quantized coefficients with zero and non-zero values, respectively. Accordingly, Ny
and NV; represent the number of coefficients (at a given frequency), that fall in those
cases. The value of  that maximizes (7.12) can be obtained by finding the zero of

the derivative with respect to (3, which corresponds to:

akl bkl

N1 NO

_ b _ a _ aqy,
fio1 tan™! <%) — tan™! (%) =1 tan™! <%) ((agi,)? + 52)
If Ng < N, asolution for (7.13) can be found numerically, similarly to what was done

for solving (7.8). If Ng = N, then § — 0, meaning that the estimated coefficient

distribution is a Dirac’s delta function centered in 0. Similarly to what what de-

=0. (7.13)

scribed in the previous chapter for the case of Laplace PDF applied to JPEG encode
images, the ML method fails if all coefficients at a given frequency are quantized to

Zero.

7.3.2 Laplace model

As already mentioned, the zero-mean Laplace PDF model for the block-wise DCT

coefficients’ distribution located at a given spatial frequency is:

A

fx(z) = §exp(—)\|xl), (7.14)

where ) is the distribution’s parameter and x is the coefficient value.
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Estimating )\ using the original coefficient values

Following a procedure similar to what has been done in Section 7.3.1, an ML esti-

mation for A, using the original coefficient data, is given by:

N
YV p—— (7.15)

N )
Zk:l ||

a result that was already seen in the previous chapter.

Estimating )\ using quantized coefficient values

Assuming that only quantized data is available for parameter estimation, A can be
computed using the ML method in the same way as in (7.9). For the Laplace PDF
case, the probability P(X}) can be written as:

br ) 1 — e Ao, if X =0;

P(X) = / —exp (—A|z|)dr = (7.16)
ar 2 le™ (e — 1), otherwise.

Using (7.9) for the Laplacian case, and substituting P(X}) by the result in (7.16)

leads to:

No
Ay = arg max {kzllog(l Ao ) 4 kzllog )\bkl} (7.17)
0= 1

Again, the value that maximizes (7.17) can be found by looking for the zeros of the

derivative with respect to A,

ek
qr, €71
E )\bko — E < Aqlkl — bk1> =0. (7.18)

ko=1

When compared with the results obtained in the previous chapters (equations (5.27)
and (5.28)), where the zeros of the derivative are given by closed form solutions,
finding the value of A,z is now a more complex task. This increase in complexity is
due to the possibility of multiple quantization step sizes in each frame. A solution

for equation 7.18 is now found by using an iterative root finding algorithm.

However, if all coefficients have been quantized to zero, i.e., N = Ny, only the first
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sum term of (7.18) stands, leading to:

N

by,
> o7 =0 (7.19)
k=1
whose solution is A — +o00. Thus, the estimated distribution is a Dirac’s delta

function, which is the same phenomena as previously described for the Cauchy case.

7.3.3 Improving estimation using prediction

In order to enable PDF parameter estimation at the frequencies where all DCT
coefficients were quantized to zero, the method described in the previous chapter
will be adapted for the H.264 case.

Figure 7.2 depicts the “original” # and A values, computed using equations (7.10)
and (7.15), of a test I-frame subject to H.264 encoding. The figures show that there
is a strong correlation between parameter values at adjacent frequencies. Although
these plots are related to a particular example, a similar evolution is verified on
other I frames, and also in P and B frames. The plots also show that a similar
evolution is verified in both possible H.264 transform sizes (4 x 4 and 8 x 8). In
order to support these statements, the correlation between neighboring parameter
values in a 4-connected neighborhood has been measured for all the frames used
in the experiments (described on Section 7.5). For instance, using the 4 x 4 sized
transform, those correlation measurements were of 0.92, 0.91 and 0.93 for I, P and

B frames, respectively.

Similarly to what has been presented in the previous chapter, a linear predictor can
be used in order to explore this correlation. Representing the predicted parameter
value by ép, where 6 can either be the Cauchy’s 3 or the Laplace’s A, it can be

written:
Ky

ép = wo + Z kak, (720)

k=1
where K, is the number of neighbors, 6, is the parameter value at the k-th neighbor
and wy, is the associated linear weight. Using matrix notation, equation (7.20) can

also be written as:

6, =0Tw, (7.21)
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(a) B parameter (Cauchy) — 4 x 4 (b) X parameter (Laplace) — 4 x 4

transform. transform.

(c) B parameter (Cauchy) — 8 x 8 (d) X parameter (Laplace) — 8 x 8

transform. transform.

Figure 7.2: Typical evolution of the H.264 coefficients” distribution parameter as a
function of the spatial frequency (original coefficient values taken from an I-frame

of sequence Stephan).

with
1 Wo
0 w
0= '1 and w = '1
9 Ky w Ky

Similarly to what was performed in Section 6.4, the prediction value, ép, that results
from (7.21) is combined with the parameter’s ML estimate, Orr.. However, it has
been verified that combining 01, with ép proportionally to the rate of DCT coeffi-
cients quantized to zero, as performed in the previous chapter, lead to an excessive
penalty on the ML estimates, when the value of 7 is low (i.e., ro < 0.3). In order to
account for this effect, the criterion for combining ép with 0y; was slightly modified

to:
éf = To’yép -+ (1 — To’y)éML, (722)

where éf is the final estimation for the distribution’s parameter and  regulates

how fast the confidence on the ML estimates decreases with increasing ry. The best
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results for video were obtained using v = 2. Using this value, as r( increases, the
trust on ML estimates decreases slowly for low values of ry and decreases faster as

ro approaches 1.

7.3.4 Predictor training

The goal of the training procedure is to find a weight vector w suitable for the linear
prediction scheme given in (7.21). One possible way is to compute w by minimizing
the square error between the “original” and predicted parameter values in a given
training set, as described in Section 6.4.1. However, and since the number of video
sequences available for the experiments is short, the variety of video content is rather
limited, increasing the variability of the training results. In order to consider this
effect, training has now been performed according to a procedure known as Ridge
regression [118]. Ridge regression is a shrinkage method that, while minimizing the
square error between the “original” and predicted values, also imposes a penalty
on the value’s size of the linear weights. By limiting the weight values, it prevents
unstable and variable results due to an an exaggerated value assigned to a particular

weight. According to this method, the linear weights can be found by solving:

N Ky
S = i 300+ . 72
i=1 k=1

where N is the number of video frames available for training, K, is the neighborhood
size and 7 is a positive value that controls the penalty applied to the value of the
weights (note that, for 7 = 0, this method falls in the pure least squares solution).
Since there are N video frames, there will also be N “original” parameter values
of # and their corresponding neighborhood vectors 0, per frequency. Using matrix

notation, (7.23) can be rewritten as:
Wridge = arg min {(9 - @W)T(G — Ow) + TWTW} , (7.24)

where © is an N x K, matrix, where each element, 6,;, is the k" neighbor of the

value to predict in video frame 7. © is a vector with the “original” parameter values



136 Perceptual video quality assessment

Figure 7.3: Neighborhood configuration used in the experiments.

at the position to predict, i.e.:

911 e 01KU 61
0 ... 0 0

oe=| = Hole=1] 7. (7.25)
(9N1 C. GNKU ‘9N

The solution that minimizes (7.24) can be found by differentiating with respect to

W
Ve =0& —207(0 — Ow) + 27w = 0, (7.26)
leading to
Wrigge = (07O + 71)7'@70. (7.27)

The neighborhood configuration used by the error estimation module is illustrated
in Figure 7.3. It is similar to the configuration used in the previous chapter (see
Section 6.4.1), with the inclusion of an additional element. This additional element
was used because it lead to better PDF parameter estimates in the case of H.264

encoded video.

The training procedure can be synthesized in the following steps:

1. for each original video frame in the training set, compute the “original” pa-
rameter values, using (7.8), if using Cauchy model, or (7.15), if using Laplace

model;

2. for each encoded video frame in the training set, compute ro and éML us-

ing (7.13) or (7.18) for all spatial frequencies;
3. for each DCT frequency, in zig-zag scan order:

(a) build the neighborhood matrix ©. The values of éf are computed using
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the values of ro and 6,7, that result from step 2, as well as previously

computed predictions (if not computed yet, assume that 0 = Orr L)
(b) build 8 using the values that result from step 1;

(¢) compute the weight vector w for the current frequency position, us-
ing (7.27);
(d) use the resulting values of w to perform predictions at that frequency

(which will be used in step (a) in posterior iterations).

7.4 Perceptual model

The function of the perceptual model is to weight and combine the local error
estimates that result from the module described in the previous section. It is based
on the CSF derived in [69] and extended in [41], accounting for the mechanics of
the human eye. Since the goal of the metrics proposed in this Thesis is to perform
no-reference video quality assessment, only video elements available at the decoder

are used, namely: the motion vectors, MV, and the video frame rate, f,.

In the following, a brief description of the model is provided, detailing the necessary

steps for computing the estimated video quality scores.

7.4.1 Spatio-temporal CSF model

A spatio-temporal CSF describes the evolution of the HVS sensitivity to luminance
changes and it depends on the spatial and temporal frequencies of the stimulus.
In the model by Kelly [69] and Daly [41], already presented in Section 4.4.1, the
spatio-temporal sensitivity is computed as a function of the spatial frequency, fs,

and the retinal velocity, vg, as:

(7.28)

CSF(vr, f3) = Seocyvr(2mer fo) exp (‘Wlfs)?

fmaa?
with the terms S and f,,q, defined by:

3
o (%51 [[) i e = 0
CoUR

S = (51+82

The constants s, s, and p; have been set to 6.1, 7.3 and 45.9, respectively [69]. The
parameters ¢y, ¢; and ¢y allow model tunning and have been set to the same values
as in [41]: ¢ = 1.14, ¢; = 0.67 and ¢, = 1.7.
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The spatial frequency f, can be computed as the euclidean norm of the spatial

fo=\ 12+ 15 (7.29)

In the K x K block-wise DCT domain, the spatial frequency components f,, and f,

frequency components:

(in cycles per degree), at location (i, ) of a DCT block are given by:

i J
pu— d T pu— y
2K« and f 2K o,

Iy (7.30)

where o, and o, are the observation angle of a pixel along the horizontal and vertical
directions, respectively. The observation angle of a pixel along a generic direction ¢

can be computed as:

L ly
= t ~ . 31
Qo = AN 9IN, T 24N, (7.31)

where [, is the height /width of the images displayed on the screen, d is the distance
from the observer to the screen and Ny is the vertical/horizontal resolution of the

displayed video sequence.

The object velocity on the retina plane is strongly related with the object velocity in
the image plane. However, the human eye has the ability to track objects, slowing
down the velocity of the object in the retina plane. This characteristic is called the
smooth pursuit eye movement (SPEM). Additionally, there are other movements of
the eye, namely the natural drift and saccadic eye movements. The former is a slow
eye movement that causes a little amount of motion in the retina plane, while the
latter are fast eye movements caused by changing the eye gaze to new image plane

locations.

According to [41], the retinal image velocity can be computed as:
Vr = Uy — Vg, (732)

where v; is the angular velocity of the object on the image plane and vg is a com-

pensation term associated to the eye movements, computed as:

VE = min{gs X vr + UMIN; UMAX}; (733)

where gg is the SPEM gain, set to 0.92; vyny and vy4x are the minimum and
maximum velocities associated to the eye natural drift and saccadic eye movements,

set to 0.15 and 80 deg/s, respectively.
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The angular velocity on the image plane, vy, is given by:

vr = foy/ (MVaa0)? + (MVyar, )2 (7.34)

where f, is the frame rate of the video sequence and (MV,, MV,) are the compo-
nents of the motion vector along the horizontal and vertical directions, respectively.
The components of the observation angle of a pixel, o, and «,, are those resulting
from (7.30).

7.4.2 Quality scores

Based on the result of the CSF computed at each location of the block-wise DCT
domain, a global distortion value for each video frame, ﬁf, is computed using L,

error pooling, as suggest in [46,47], according to:

Dy = {f Z ()", (7.35)

where py = CSF(v,,, fs,) is the result of the contrast sensitivity function at the k-th
DCT coefficient’s location and &; is the error estimate that results from the error
estimation module. As already discussed, the use of L, error pooling emphasizes
higher distortions perceived by the viewer, which may drawn his visual attention
from smaller distortions. To conclude, the same pooling process is applied along the

time axis in order to get a global distortion metric for the encoded video sequence:

Dy = a/> Di. (7.36)

Note that, for longer video sequences, a granularity period for computing Dg could

be defined (e.g., Dg could be computed every 10 seconds of video).

7.5 Results

The input video sequences used in the following experiments were the same used in

the subjective quality assessment tests, described in Section 3.5.
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Model
Frame type
Laplace Cauchy
I 0.647 0.402
P 0.450 0.618
B 0.507 0.522

Table 7.1: Mean PSNR estimation error (dB).

7.5.1 Prediction accuracy

Training has been performed separately for each frame type (I, P or B) and, since
there are two possible coefficient distribution models which can be used, the model
that has been selected for each frame type was the one leading to the highest PSNR
estimation accuracy. To evaluate this criterion, the PSNR was first estimated using
equations (7.1) and (7.4) and the distribution parameters have been estimated using
the original coefficient data (i.e., using the benchmarking 6,;; estimates). The
resulting mean PSNR estimation error is depicted in Table 7.1. Based on these
results, the Cauchy model was selected for the I frames, while the Laplace model

was selected for P and B frames.

The training of the parameter prediction module was performed using one half of
the available video sequences, following the procedure described in Section 7.3.4.
The effectiveness of the proposed prediction scheme has been evaluated using the

remaining sequences.

To illustrate the results, Tables 7.2-a) and b) depict the performance of the ML
estimation method, when used alone. Table 7.2-a) depicts the percentage of video
frames where the method fails, at each DCT coefficient frequency. As for Table 7.2-
b), it represents the relative error between “original” and ML estimated parameter
values for the I-frames, for the cases where a value is successfully estimated. It can
be observed that the ML method fails and becomes increasingly inaccurate as the

DCT frequency increases.

Table 7.2-c) represents the relative error ‘between ‘original” and prediction esti-
mates, when the trained predictor is used alone. Similarly, Table 7.2-d) represents
the relative estimation error that results after combining ML with prediction esti-
mates. It can be observed that the effectiveness of the prediction scheme increases

with increasing frequency. This is due to the higher rates of DCT coefficients quan-
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ER ER
il 0 0 1.8 146 il 11.7 27.6 37.1 53.7
0 0.7 6.2 354 174 34.5 451 53.7
04 3.7 164 500 25.6 43.8 48.8 584
10.0 28.8 46.4 75.9 45.6 51.8 581 715
(a) ML estimation failure rate [%). (b) ML only (estimation error [%]).
EN EN
1] - 236 257 21.3 1] 117 20.0 24.5 20.8
24.7 209 20.3 17.2 17.0 20.3 20.2 17.2
24.4 21.2 16.8 14.5 22.6 21.3 17.0 14.5
19.0 20.5 19.1 127 19.3 19.8 18.8 13.0
(c) Prediction only (estimation error [%]). (d) ML and prediction (estimation error [%]).

Table 7.2: Parameter estimation accuracy.

tized to zero that are associated to the higher frequencies (causing failure and in-
accuracy of the ML method). For low frequency coefficients, parameter estimates
that result from combining ML with prediction are substantially better than those

resulting individually from the ML method or from the prediction scheme.

In addition, Figure 7.4 depicts an example that illustrates the estimation of the
Cauchy parameter, (3, in the presence of H.264 encoding. Figure 7.4-a) shows the
“original” values of [ that result from solving (7.6), which can be seen as the no-
reference estimation benchmark. Figure 7.4-b) shows the results of ML parameter
estimation based on the quantized data. As can be observed from this plot, the
parameter could not be estimated at seven spatial frequencies, due to all DCT
coefficients quantized to zero at those frequencies. After using the predictor, the
missing parameter values are computed and the estimates are improved, as shown
in Figure 7.4-c). For a better comparison, Figure 7.4-d) depicts in a 2D plot the

information of the previous plots.

Note that, since all video sequences were encoded using the H.264’s Main Profile,
the results and corresponding plots were obtained for the 4 x 4 sized transform
only. Nevertheless, and considering the plots depicted in Figures 7.2-¢) and d),
the same process is expected to work in higher H.264 profiles, where the 8 x 8

transform is allowed. In such cases, distribution parameter predictors should be
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OO W o

(a) “Original” values. (b) ML estimates alone.

"original"
——o6—— ML alone
—+—— Prediction + ML

Q\n

0 5 10 15
Frequency position (zig—zag order)

(¢) Combining ML with prediction. (d) Comparison.

Figure 7.4: Example of parameter estimation (on an H.264 encoded I-Frame, using

Cauchy model).

trained separately for each transform size.

7.5.2 PSNR estimation

Using the full set of encoded video sequences, the PSNR has been estimated and
compared with its true value. Results are presented in Figures 7.5 and 7.6, for the
training and test sets, respectively, and separated according to the frame type. As
can be observed from the plots, the proposed method is quite accurate. Note that
a compensation procedure has been performed in order to consider the possibility
of skipped macroblocks, which become quite common in P and B frames as the

encoding bit rate decreases. This compensation procedure is given by:
MSEes = rs X MSE,ef + (1 — 75) x MSEL, (7.37)

where r, is the rate of skipped MBs within the frame under analysis, MSE,. is

the MSE of the reference frame(s) and MSE. is the mean square error estimate
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Figure 7.5: No-reference PSNR estimation vs. true PSNR — training set.

computed by the algorithm, considering the nonskipped MBs only.

Additionally, the plots depicted in Figure 7.7 show the temporal evolution of the
PSNR estimates in four video sequences with similar bitrates (about 512 kbit/s).
As can be observed, PSNR estimates closely follow their true values in spite of large

PSNR variations within the same video sequence.

The algorithm proposed by Eden in [89] has been implemented for comparison pur-
poses. This algorithm models coefficient distribution using a Laplace PDF, and uses

a low complexity parameter estimation method for computing A, which is given by:

. log(1 —r
/\Eden - _M; (738)
aq
where ¢ is the average quantization step used at a given DCT frequency within one
frame, rq is the the rate of DCT coefficients quantized to zero and « is the parameter
that controls the width of the quantizer’s dead zone around 0. Additionally, the

algorithm addresses the “all coefficients quantized to zero” problem by imposing
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Figure 7.6: No-reference PSNR estimation vs. true PSNR — test set.

a bound on the value of A in those situations. Based on information provided by
the author, these bounds have been set to the maximum value of A found in lower

frequencies, since it is not likely to get smaller values of A\ as frequency increases.

Table 7.3 compares the proposed method and the implementation of [89]. The
symbols €449, €rms and p represent, respectively, the average error, the root mean
square error and the correlation, between true and estimated PSNR values. As can
be observed from the table, the proposed method shows higher PSNR estimation

accuracy regardless of the frame type.

7.5.3 Quality assessment

The results for quality assessment have been evaluated by comparing the quality
scores retrieved by the algorithm with the ones that result from the subjective tests

described in Section 3.5.

~

Figure 7.8-a) depicts the the value of the propose perceptual distortion metric, Dy,
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Figure 7.7: Temporal evolution of PSNR estimates (all sequences encoded at 512
kbit/s).

that results from (7.36), versus the corresponding true MOS values. Similarly to
what has been performed in the results section of the previous chapters, a logistic
function was used in order to map the ﬁg values into the MOS range 1-5, used in

the subjective experiments. The estimated MOS values are therefore the result of:

a1

Estimated MOS = ag + (7.39)

1 + €a2+a3ﬁg ’

where ag to as are curve fitting parameters. In order to compute these parameters,
the available video sequences, in a total of 50 sequences, have been split into training
and validation sets, using one half of the sequences for each set. Parameter values are
those that result from minimizing the square differences between true and estimated
MOS scores in the training set, using the Levenberg-Marquardt method. A sketch

of the resulting curve is also depicted in Figure 7.8-a).

Figure 7.8-b) shows the resulting normalized MOS estimates versus their true values.
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Eden’s [89] Proposed
Frame Type | €wg Erms P | €avg Erms P
I 1.30 1.57 0.99 | 0.72 0.91 0.99
P 207 252 097082 1.09 0.98
B 2.79 322 097|087 1.12 0.98
All 250 396 097|084 1.10 0.98

Table 7.3: PSNR estimation accuracy.
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(a) Perceptual distortion metric vs. true MOS (b) Estimated vs. true MOS values.
values.

Figure 7.8: MOS estimation results.

As can be observed, the NR objective quality scores resulting from the proposed

algorithm are well correlated with the subjective quality assessment data.

7.5.4 Comparison and discussion

The performance indicators suggested by VQEG (see Section 4.7) have been com-
puted using the validation set. The results can be observed in Table 7.4. Pearson
correlation and Spearman rank order coefficients are both above 0.9, which are good
results for video. The RMS is smaller than 0.5, which means that most of the MOS

estimates computed by the metric are within the grades given by the observers.

Compared with other results found on the literature, the proposed method seems to

outperform the algorithms designed for similar purposes. In [28], Ries et al. propose
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Root mean square error (RMS) 0.432
Pearson correlation coefficient (p.)  0.939
Spearman rank order coefficient (ps) 0.921
Outlier ratio (O,) 0.020

Table 7.4: Evaluation of the proposed metric.

a no-reference video quality assessment metric where the quality scores result from
combining a set of motion features extracted at the decoder. The method is improved
in [29], where a different parametrization for estimating MOS is used according to
a previous classification of the video content. These methods were evaluated using
SIF (352 x 240 pixels) H.264 encoded video sequences, and the declared performance
in [28] and [29] are p. = 0.80 and p. = 0.86, respectively, which are below the results
of the method proposed in this paper.

In [27], Oelbaum and Diepold propose a reduced reference method for H.264 encoded
sequences where several features extracted from the video are combined (most of
them are artifact measurements and motion oriented features), and the results are
adjusted based on two parameter values sent through a side channel. The declared
performance of this method is p. = 0.84, ps = 0.80 and O, = 0.58, which are also
below the results achieved by the algorithm proposed in this paper.

A standard for reduced reference quality assessment of cable television signals is
given in Recommendation ITU-T J.246 [3]. This metric — Edge-PSNR — is based
on edge maps extracted from the original signals, which are sent to the receiver.
The performance of this metric increases has the side channel bandwidth increases
(i.e., as the number of points in the sent edge map increases). The resulting values
for p. are in the range 0.81 — 0.83. Again, our method shows better performance.
However, it must be kept in mind that the method proposed in this paper is adapted
to DCT-based video encoding while the standardized method [3] is not distortion

specific.

7.6 Summary

A no-reference quality assessment algorithm for H.264 encoded video sequences has
been proposed in this chapter. Similarly to the algorithm presented in the previous

chapter for still images, it comprises a local error estimation module followed by



148 Perceptual video quality assessment

an error weighting module. The error weighting model is based on a perceptual

spatio-temporal model adapted from the work of Kelly and Daly.

The error estimation module is able to compute PSNR estimates based on the
quantization steps and DCT coefficient values taken from an H.264 bitstream. The
results of this module outperform the state-of-the-art algorithm in [89]. The no-
reference quality scores are then computed based on the error estimates and on the
motion vectors extracted from the bit stream. These MOS estimates correlate well
with the human perception of quality and show better results than other algorithms

(derived for the same purpose) described in literature [27-29].



Chapter 8
Conclusion

In the past few years, image and video quality assessment has become an increasingly
important subject, as systems are moving from the analog to the digital world. In
the context of digital video delivery, the quality perceived at the receivers is mainly
associated to the lossy encoding method that is used and to transmission errors.
These two factors require the development of new quality metrics that are able to

produce automatic quality scores.

The algorithms proposed along the Thesis perform quality assessment of the encoded
images or videos by estimating the errors between the original and quantized DCT
coefficient values, and then weighting those errors using a perceptual model. This
approach is close to a typical full reference quality assessment algorithm based on
perceptual error weighting. However, the proposed algorithms do not require the
presence of a reference signal, belonging to the no-reference quality metrics class.
The perceptual impact of the distortion due to quantization of the DCT coefficients
is computed using elements extracted from the encoded image or video bitstream.
Two main approaches for this problem have been investigated: a watermarking-
based quality assessment algorithm and an algorithm that relies on the statistical

properties of the DCT coefficients of natural images.

In Chapter 2, the Thesis started by providing a brief insight into the image quality
assessment field and to the concepts that are directly related with its context. After
a brief discussion on the factors that influence the perception of quality, it presented
the most relevant characteristics of human visual system. The understanding of
the HVS plays an important role in the development of image quality assessment
algorithms. Since the work presented on the Thesis is focused on the quality resulting

from lossy encoding of media contents, this chapter also provided the basics of

149
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image and video coding, ending with a discussion about the artifacts caused by the

standardized encoding methods and their impact on image and video quality.

The main concepts associated with subjective quality assessment were presented
in Chapter 3: preparation of subjective quality assessment tests, a review of the
existing standardized procedures and procedures for computing MOS values from
the data collected in the subjective tests. The chapter ended with a short description
of the subjective quality assessment tests that were performed in the scope of the
Thesis.

An overview of the research work on objective quality assessment metrics was given
in Chapter 4. Quality assessment metrics have been organized according to two
criteria: by considering the use (or not) of the reference signal for computing the
quality score; and by considering the nature of the data used for computing the
metric’s result. After presenting these possibilities of classification, a state-of-the-
art on objective quality assessment metrics was presented. It emphasized the metrics
belonging to the no-reference quality assessment class and it also presented the recent

standardized procedures for objective assessment.

Chapter 5 is the first chapter focused on the work produced during the course of
the Thesis. It presented a new no-reference image quality assessment algorithm
based on watermarking techniques. The distortion associated to lossy encoding is
estimated from the extracted watermark signal, using two different strategies: an
empirical weighting strategy based on the watermark’s extraction bit error rate and
a strategy that is based on the statistical distribution of the DCT coefficients. The
former was not able to provide accurate PSNR estimates while the latter showed
good results for blindly computing local error estimations in the presence of JPEG
lossy encoding. Using the most accurate error estimation strategy, image quality
scores resulted from combining those error estimates with a perceptual model. The
resulting no-reference quality scores showed a strong relation with subjective quality

assessment data.

Following the work presented in Chapter 5, namely the strategy for distortion estima-
tion based on the statistics of DCT coefficients, Chapter 6 presented a no-reference
quality assessment algorithm that does not require the use of a watermark signal. In
short, the statistical distribution of the original DCT coefficients is estimated from
their quantized values, using a methodology that explores the correlation between
distribution parameters at adjacent DCT frequencies. The proposed parameter esti-
mation technique led to PSNR estimates that are more accurate than those provided

by [88]. Those estimates were then used for computing a no-reference quality score
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for images subject to JPEG encoding. Similarly to Chapter 5, error estimates were
weighted using a perceptual model by Watson. The proposed algorithm was able to
compute accurate PSNR estimates and image quality scores highly correlated with

the human perception of quality.

Finally, Chapter 7 presented the main achievement of the Thesis, an algorithm
that assesses the quality of H.264/AVC encoded video sequences without using a
reference signal. Similarly to the algorithm presented in the previous chapter for
still images, it also comprises a local error estimation module followed by an error
weighting module. The error weighting model is based on a perceptual spatio-
temporal model adapted from the work of Kelly and Daly. The error estimation
module is able to compute PSNR estimates based on the quantization steps and
DCT coefficient values taken from an H.264 bit stream. No reference quality scores
are then computed based on the error estimates and on the motion vectors extracted
from the bit stream. These MOS estimates correlate well with the human perception

of quality and have shown better results than other state-of-the-art algorithms.

The major topic for future work, where significant research can still be performed,
is to consider the case of video transmission errors. The results of the algorithm
presented in Chapter 7 could be combined with specific packet-based transmission
features (e.g., packet loss rate), in order to produce a quality score for the distortion
due to both the lossy encoding and the transmission processes. Another topic that
may be worth to investigate is to apply the ideas related with DCT coefficients
distribution estimation, presented in Chapters 6 and 7, for other applications, such

as image and video denoising and error concealment.
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