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Abstract

Image and video quality assessment has become an incredgimgportant subject
in digital video coding and transmission scenarios, such akgital television. In
this context, a special interest has been put on no-referenobjective quality as-
sessment metrics, since they are suitable for real-time gitgalmonitoring once the
video delivery system is settled. This Thesis proposes new-reference quality as-
sessment metrics for images and video. The main goal of theoppsed techniques
is to estimate the quality of lossy DCT-based encoded video.

The proposed metrics share the same key idea: based on eleésmextracted from
the bitstream of the encoded images or video arriving at thegint where quality
assessment has to be performed, an estimate of the quantieaterror associated to
each DCT coe cient is obtained. Those estimates are percepally weighted and
combined in order to obtain a quality score for the image or geo under analysis.
The Thesis starts by proposing a technique based on waternkarg, that evolves
to a technique based on natural image statistics only. The salts produced by the
metrics are close to and well correlated with subjective glity assessment data.

Keywords:

No-reference quality assessment, image and video coding, gegtual models, pa-
rameter estimation, DCT coe cient statistics, watermarking.
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Resumo

A avaliacao da qualidade de imagem e vdeoe um assunto guem tido uma im-
portancia crescente em cerarios que envolvem a codi cap e a transmissao de vdeo
em formato digital, comoe o0 caso da televisao digital. Derd deste contexto, sao
de especial interesse as netricas objectivas que avaliangaalidade de vdeo sem
recorrer a sinais de referéncia, pois permitem que sejadeima monitorizacao da
gualidade em tempo real, tanto nos receptores, como em pastoternedios da rede.
Nesta Tese sao propostos novos algoritmos para avaliazadonatica da qualidade
de imagens xas e de vdeo, sem utilizacao de sinais de eefncia. As ecnicas
propostas ttm como objectivo estimar a qualidade de uma igem ou um vdeo
codi cado com perdas e com base na transformada DCT.

As netricas propostas partilham a mesma ideia chave: usando uxo birario da
imagem ou vdeo codi cado que chega ao ponto da rede onde setpnde analisar
a qualidade, e feita uma estimativa do erro de gquantizeom associado a cada coe-
ciente DCT. Essas estimativas para o erro sao pesadas, tendm conta factores
perceptuais, e combinadas entre si, de modo a ser obtido untovade qualidade para
a imagem ou para o vdeo em aralise. Comeca-se por propor @recnica baseada
num sistema de marcas dagua, que evolui ao longo da Tese @arma ecnica que
se baseia exclusivamente num modelo estatstico asso@aal imagens naturais. Os
resultados obtidos exibem valores poximos e bem correlanados com dados prove-
nientes de avaliacees subjectivas.

Palavras-chave:

Avaliacao de qualidade sem referéncia, codi cacao dsmagem e vdeo, modelos per-
ceptuais, estimacao de parametros, estatstica dos exientes DCT, marcas dagua.



Vi

Resumo




Acknowledgments

During the course of the Thesis, several people contributed the work that is now
being presented. In the following lines, | wish to express ngratitude to them.

First of all, | would like to thank my supervisor, professor Miria Paula Queluz,
who was always available to discuss and propose new ideasjawed the Thesis and
provided several constructive suggestions, helped and peipated in the realization
of the subjective quality assessment tests, motivated merfavriting journal and
conference papers, and allowed me to become a co-supervisdvsc. Thesis in the
image quality assessment eld. For all that support, | am vey grateful.

| would also like to thank the elements of the Image Group at ITfor all their support
and knowledge exchange. | wish to give a special thanks to fessor Fernando
Pereira, for his support on the bureaucracy related with tp funding, for allowing
me to participate in the organizing committee of the PictureCoding Symposium,
and for giving me opportunities to present my work to expert adiences. | would
also like to give a special thanks to professor Paulo Correfar inviting me to submit
and present a paper in a special session on image quality awithe Eusipco 2007
conference.

To doctor Martijn Kuipers, for knowledge exchange about Lax, C++ and Matlab,
as well as company on many morning co ee breaks.

A big thanks to the people from Germany that helped or discuss ideas with me
during the Thesis period: doctor Tobias Oelbaum for providig me a set of video
bitstreams that have been subject to quality evaluation, fotesting my algorithms,

as well as for the good and pro table discussions during thehEsis time; doctor
Arnd Eden, for providing enough details for a correct implem#ation of his PSNR

estimation algorithm; and to master engineer Seren Sofkker the discussions about
DCT coe cient modeling on H.264.

| also thank doctor Ahmid Sheik from USA, for providing me acces® the LIVE

Vil



Viii Acknowledgments

image quality database.

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

To professor Manuel Sequeira, for providing me access to thiatlab toolbox \PSM
Tools" during the early stages of the Thesis. \PSM Tools" is &et of useful image
processing related Matlab scripts.

To Ricardo Ribeiro, Fernando Batista and Marco Ribeiro, fomutual Thesis moti-
vation. To Joao Ascenso and Catarina Brites, for useful digssions about software
and the H.264 standard, as well as company for many lunches.

To Lus Roque, for his help on obtaining subjective qualitydata, as well as all
the people (mostly students) who participated in the subjdtve 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: piessors Carlos S da
Costa and Francisco Cercas, who authorized periods of workctusively 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 reseah world.



Contents

Abstract iii
Resumo v
Acknowledgments Vil
1 Introduction 1
1.1 Context and motivation . . . . . ... ... ... 1
1.2 Main contributions . . . . . ... 4
1.3 Outlineofthe Thesis . . . . ... ... . ... ... .. ... ..... 6
2 Image quality overview 9
2.1 Whatisimage quality? . . . . . . . ... ... 9
2.2 Fundamentals of humanvision . . . . .. ... ... ... ....... pil
2.2.1 The mechanics oftheeye. . . .. ... ... ... .. ..... 12
2.2.2 Luminance adaptation and contrast sensitivity . . . . . . .. 13
223 Masking ... ... ... 16
224 Pooling . ... ... .. 18
2.3 Image andvideoencoding . .. ... ... ... ... ... 18
2.3.1 Compression of visual information . . . . ... ... ...... 18
2.3.2 JPEG . . . . . 20
2.3.3 JPEG2000 . . . . . . . . e 22
234 MPEG-2 . . .. . . . 23



Contents

235 H.264 . . ... 26
2.4 Compression artifacts . . . . . . .. ... .. o 2
24.1 Blockeect ... ... .. .. ... 29
242 Blur ... 30
243 RINGINg . . . . .. e 31
244 MosQUIto NOISe . . . . . . . 32
2.45 Jitterand jerkiness . . . . . .. ... oo 32
2.5 Transmission I0SSes . . . . . . . . .. 33
2.6 Summary ..o e e e e e 35
Subjective quality assessment 37
3.1 Introduction . . . . . . . . 37
3.2 Subjective test preparation . . . . .. ... ... L L. 38
3.2.1 Selection of test video sequences . . . . . . . ... ... ... 38
3.2.2 Selection of test participants . . . . ... ... ... L. 39
3.2.3 Environment conditions . . . . ... ... oL 40
3.3 Standardized methodologies . . ... ... ..............40
3.3.1 Double stimulusmethods . . . . .. ... ... ......... 40
3.3.2 Single stimulusmethods . . . . .. ... ............ 42
3.3.3 Comparisonmethods . . . . .. ... ... ... ........ 43
3.3.4 Continuous quality evaluationmethods . . . . .. ... .. .. 43
3.4 Computing mean opiNioN SCOIeS . . . . . . v v v v v v i e e e e 44
3.5 Subjective quality assessmenttests . .. ... ... .. ... ... 46
3.5.1 Methodology . ... ... ... . .. .. ... ... ... ... 46
3.5.2 Assessment conditions . . . ... ... ... 47
3.5.3 Selection of test material . . . . ... ... ... ... ... .. 47
3.54 MOS computation . . . .. ... ... 49

3.6 Summary . ... e 52



Contents Xi

4 Objective quality assessment metrics 53
4.1 Introduction . . . . . . . .. 53
4.2 Classifying objective quality metrics . . . . . . .. .. ... ... .. 53
43 DatametricCS. . . . . . . . . e 57
4.4 Picture MetriCs . . . . . ... e 60
4.4.1 Psychophysical-based metrics . . .. ... ... ........ 61
4.4.2 Artifact measurement metrics . . . . ... ... ... ... 63
4.4.3 Feature-based metrics . . . ... ... . ... ... 69
4.5 Bitstream-based metrics . . . ... ... oo oL 70
45.1 Packet-oriented metrics . . . . . .. ... 71
45.2 PSNR estimation algorithms . . . . . .. ... ... ...... 71
4.6 Standardization of objective metrics . . . . . ... ... ... .. .. 72
4.7 Performance of an objective metric . . . . . .. ... ... ... .. 74
4.8 SUMMANY . . . . o e e 76
5 Image quality assessment using watermarking 79
5.1 Introduction . . . . . . . ... 79
5.2 Watermarking scheme . . . ... ... ... ... ........... 83
5.2.1 Watermark embedding . . . . ... ... ... ... ... 83
5.2.2 Watermark extraction . . . ... .. ... ... ... ..... 84
5.2.3 Perceptually adapted quantization functions . . . . . . . .. 85

5.3

5.4

5.2.4 Choosing the DCT coe cient set for watermark embedding . 88

Error estimation . . . . . .. .. L 93
5.3.1 Distance weighting based on watermark bit error rate . .. . 95
5.3.2 Distance weighting based on DCT coe cient statistics . . . 97
5.3.3 Quality estimation . . . ... ... .. ... ... ... ..., 100
Results . . . . . . . . 101
541 PSNRestimation .. ... ... .. ... ............ 101



Xii Contents
55 Summary . ... 105
6 Statistical image quality assessment 107
6.1 Introduction . . . . . . . . .. ... 107
6.2 Algorithmoverview . . . . . . . . . .. . ... . 109
6.3 Modeling DCT coecientdata. . . . .. ... ... .. ........ 111
6.3.1 Parameter estimation using original coe cient data .. . . . . 112
6.3.2 Parameter estimation using quantized coe cient data . . . . 112
6.4 Parameter estimation using prediction . . . .. ... .. ... ... 113
6.4.1 Predictor training procedure . . . . . . ... ... ... 15
6.4.2 Predictionaccuracy . . . . . . . ... e 116
6.5 Perceptual quality estimation . . . .. ... ... .. ........ 119
6.6 Results. .. . ... . . . . 120
6.6.1 PSNR estimation . ... ... ... ... .. .......... 120
6.6.2 Qualityscores . . . . . ... .. 121
6.7 SUMMANY . . . . . e e e e e e 123
7 Perceptual video quality assessment 125
7.1 Introduction . . . . . . . . 125
7.2 Algorithmoverview . . . . . . . . . .. 127
7.3 Modeling DCT coecientdata. . . . .. ... ... .. ........ 129
7.3.1 Cauchymodel . . .. ... ... ... ... .. ... ... 129
7.3.2 Laplacemodel. ... ... ... ... ... 131
7.3.3 Improving estimation using prediction . . . .. .. .. ... 133
7.3.4 Predictortraining . . . . . .. ... 135
7.4 Perceptual model . . . ... ... ... 137
7.4.1 Spatio-temporal CSFmodel . . . ... ... ... ... ..., 137
7.4.2 Qualityscores . . . . .. . ... 139

7.5 Results . . . . . . . e, 139



Contents Xiii
7.5.1 Predictionaccuracy . . . . . . ... 140
7.5.2 PSNRestimation . .. ... ... ... .. ........... 142
7.5.3 Quality assessment . . . ... ... ... 0o 144
7.5.4 Comparisonanddiscussion. . . . .. ... ... ........ 146
7.6 SUMMANY . . . . . e e e 147
8 Conclusion 149
Bibliography 164



XV Contents




List

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

of Figures

A good quality image, ornot? . . . . .. ... ... .. 10
Diagram of the humaneye.. . . . . . . ... ... ... ... ..... 13
Sensitivity of the HVS to light intensity changes. . . . . .. ... .. 14
Spatial contrast sensitivity function. . . . . . . ... ... ... ... 15
Spatio-temporal contrast sensitivity function.. . . . . .. .. .. ... 16
Masking eectexample. . . . . . .. .. ... L o 17
Contrast masking and facilitation. . . . . . .. ... ... ... .. .. 17
JPEG encoder and decoder schemes. . . . ... ... ........ 12
Example JPEG quantizationtables. . . . . . .. ... ... ..... 22
MPEG-2 generic encoder and decoder schemes. . .. .. .. ..... 24
Default MPEG-2 quantization tables. . . . . . .. ... ... .. .. 25
H.264 generic encoding and decoding schemes. . . . ... ...... . 26
Blockingeect. . . ... ... . . ... 29
Blureect.. . . . . . . . 30
Ringingeect. . . . . . . . . . . . . . .. 31
Packet-oriented video transmission. . . . . . ... ... ... 33
Packetlosseect. . . . . . . . . . . . .. 34
Examples of typical test sequences. . . . .. ... ... ... ... 39
Subject screening tools. . . . . . . .. L 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 sequerxe . . . . . .. 50
3.9 MOS values resulting from the subjective quality assessnt tests. . . 50
4.1 Full reference quality assessment system. . . . . ... .. .. ... 54
4.2 No-reference quality assessment system. . . . . ... .. ... ... 55
4.3 Reduced reference quality assessment system. . .. .. ...... .. 56

4.4 Images with similar PSNR, but di erent perceptual qualiyy impact. . 58

4.5 Ideal block signal and the corresponding di erence sigha . . . . . . 64
4.6 Flatnesse ect caused by low bitrate JPEG encoding. . . . . .. ... 65
4.7 Blureectonimageedges. . . . . . . . . . .. .. e 67
4.8 Objective image quality assessment classication. . .... .. .. .. 77
5.1 Watermarking-based image quality assessment system. . .. . .. 80
5.2 Watermark embedding scheme. . . . ... ... .. ... ....... 83
5.3 Watermark extraction scheme. . . . . . .. ... ... ... ... 84
5.4 Perceptually adapted distance between quantization pas. . . . . . . 87
5.5 Sketch of the quantization function. . . . . . . ... ... ... ... 88
5.6 Watermark embedding coecientsets. . ... ............ 89
5.7 Test images used for DCT coe cient set selection. . . . .. .. ... 90
5.8 Increasing frequenciedestresults. . . . . . ... .. ... L. 91
5.9 Middle frequenciestestresults. . . . . .. ... ... ... ... ... 91
5.10 DCT coe cient set used for watermark embedding. . . . . . . . .. 92
5.11 PSNR computed using the set of selected DCT coecients. .... . . 92
5.12 Error estimation in the presence of small distortion. . . . . . . . .. 93

5.13 False positive . . . . . . . .. 94



List of Figures XVii

5.14 False negative. . . . . . . . .. 94
5.15 Dierent error possibilities. . . . . .. ... o o0 oL 95
5.16 False positive/negative rates as a function of thé/pe,. . . . . . . .. 96
5.17 Error estimation. . . . . . . . . . ... 98
5.18 PSNR estimation examples { error weighting based ONpe,. . . . . . 102
5.19 PSNR estimation examples { statistical error weighting . . . . . . . 103
5.20 Global PSNR estimationresults. . . . . . . ... ... ... ..... 103
5.21 DMOS estimationresults. . . . . . . .. ... ... L. kY]
6.1 General scheme of the proposed quality assessment atgor. . . . . 109
6.2 An example histogram of the DCT coecients.. . . . . ... ... .. 112
6.3 Original values for each frequency. . . ... ... ... ... .... 114
6.4 Neighborhood con guration used for prediction. . . . ... .. ... 116
6.5  estimation results for a JPEG encoded test imagdighthousg. . . . 118
6.6 Global PSNR estimationresults. . . . . . ... ... ... ...... 121
6.7 Best and worst case PSNR estimates. . . . . ... ... ... .... 22
6.8 DMOS estimationresults. . . . .. . ... ... ... ... ... .. 123

7.1 Architecture of the proposed algorithm for video qualityassessment. . 127

7.2 Typical evolution of the H.264 coe cients' distribution parameter. . . 134

7.3 Neighborhood con guration used in the experiments. . . ... ... 136
7.4 Example of parameter estimation on H.264. . . . . ... ... ... 142
7.5 No-reference PSNR estimatioms. true PSNR { training set. . . . . . 143
7.6 No-reference PSNR estimatious. true PSNR {testset. . ... ... 144
7.7 Temporal evolution of PSNR estimates. . . . . .. ... ... .. .. 145

7.8 MOS estimation results. . . . . . . . . .. 16



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. . . . . . ... &
Environmental viewing conditions. . . . . ... ... ... ... .. a7
Resulting bitrates and MOS values for the sequences usedhe tests. 51
DCT frequency sensitivity thresholds. . . . . . ... ... ... ... 86
PSNR estimation accuracy. . . . . . . . . . . . ... . 1w
Evaluation of the proposed metric. . . . .. ... ... ...... . 105
Average relative prediction error [%]. . . . . . . .. ... oL 117
PSNR estimation accuracy. . . . . . . . . . . ... ... . 12
Evaluation of the proposed metric. . .. .. .. ... ....... . 123
Mean PSNR estimation error (dB). . . . . . ... .. ... ...... 19
Parameter estimation accuracy. . . . .. ... .. ... ... ... 141
PSNR estimation accuracy. . . . . . . . . . . . .. . .. B
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 Di erential 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 Fast Fourier transform

FMO Flexible macroblock order

FR Full reference

HD High de nition

XXi



XXii

List of Acronyms

HDTV High de nition television

HVS Human visual system

IDCT Inverse discrete cosine transform
IPTV Internet protocol television

ISO International Organization for Standardization
ITU International Telecommunication Union
JND Just noticeable di erence

JPEG Joint Photographic Experts Group
JVT Joint Video Team

LCD Liquid crystal display

LIVE Laboratory for Image and Video Processing
LSB Least signi cant bit

ML Maximum likelihood

MOS Mean opinion score

MPEG Moving Picture Experts 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

XXlii

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 Experts Group



XXV List of Acronyms




List of Symbols

a; b

ML

ML

O
Ps

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 based on the original coe cient values
ML estimate for based on the quantized coe cient 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 di erence 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 coe cient (encoding)
Neighborhood matrix (used in the predictor training)
Zero-mean laplace probability density function parameter
ML estimate for based on the original coe cient values
ML estimate for based on the quantized coe cient values
Estimate for based on linear prediction

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

P Perceptual weight for thek-th DCT coe cient
" (i;J) Raw opinion score given by observerto impaired sequence
Gk Quantization step for thek-th DCT coe cient (encoding)
Q Value at the I-th quantizer level
ro Rate of DCT coe cients quantized to zero during encoding
c Pearson's correlation coe cient
s Spearman's rank order coe cient
Standard deviation
S Slack value

Control parameter in ridge regression

T, (i;j ) Luminance adaptation threshold for frequencyi(j ) of the k-th block
(Watson's model)

Tg(i;j ) Sensitivity threshold for frequency {;j ) (Watson's model)
Neighborhood matrix (used in the predictor training)
Zero-mean laplace probability density function parameter

ML ML estimate for based on the original coe cient values
"L ML estimate for based on the quantized coe cient values
N Estimate for based on linear prediction

values located in the neighborhood of the value to predict
VE Eye movement compensation term
V| Angular velocity of an object on the image plane
VR Retinal velocity
W, Reference watermark signal
Wy Distorted watermark signal
Wher Extracted watermark's bit error rate
Wuse  Watermark signal mean squared error
w Linear weights vector
W Linear weights vector obtained through regression
Xk(i;J) DCT coe cient located at frequency (i;j ) of the k-th block
Xy Watermarked DCT coe cient
Xd Distorted DCT coe cient
X00 Average of the DCT coe cients at frequency (Q0) (Watson's model)
Xk k-th quantized DCT coe cient
y Original image
\a Distorted image
Yd Watermarked and distorted image

Yr Watermarked reference image



List of Symbols XXVl

Yk k-th pixel of an original image
Yx k-th pixel of a distorted image



XXVIli List of Symbols




Chapter 1

Introduction

Image quality is a characteristic of an image that measures the perceivedage
degradation (typically, compared to an ideal or perfect imayjelmaging systems may
introduce some amounts of distortion or artifacts in the sigal, so quality assessment
is an important problem.

Wikipedia's de nition of image quality (October/2010).

1.1 Context and motivation

Over the last years, theimage quality topic has become an increasingly important
matter, especially due to the transmission of digital videmver the internet and

mobile networks [1,2]. The need of new methodologies for rsaang the quality of

image and video is increasing as analog systems are beindaegd by digital systems.
Television (TV) is perhaps the most relevant eld where numeasus examples of
digital video systems can now be found { cable and satelliteessices, 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 typally associated to
the correct tuning of the TV antenna, together with the assaated transmission's
power. As for the reproduction of video, quality was typicayl associated to the
storage support media (for instance, the age of the video tap Quality assessment
methodologies typically consisted of transmitting predened signals (\pilot" signals)

and measuring their power at the receiver location. Due to theharacteristics of



2 Introduction

analog systems, these measurements correlated well wittethuman perception of
quality.

However, the above mentioned methodologies are not adequatethe context of
digital video, where the perceived quality of video is maigilassociated to two factors:

Video encoding method { there are usually bandwidth and capacity con-
straints associated to the transmission and storage of videontents. These
constraints imply that the visual information must be compessed prior to

transmission or storage. Lossy video encoding methods arged in order to

achieve the desired compression ratios, which means thattbncoding process
is a source of distortion that a ects quality.

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

The importance of image and video quality assessment is alsgidenced 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 afew video quality
assessment procedures, providing input to the most relevastandardization bodies,
such asInternational Telecommunication Union (ITU), in an e ort that has already
led to the publishing of a few recommendations in the topic [3].

Image quality is a subjective measurement in the sense that di erent viewg may

rate the quality of the same image or video di erently. In fat several factors are
known to have an impact on the viewer concept of quality: fomstance, personal
interests and expectations, viewing conditions, delity 6the reproduction and even
the quality of the sound that comes with the video. Since hunmaviewers are the
target consumers for video communications products, theyrea naturally the most

reliable source for quality assessment. However, gatheriagleo quality assessment
data from the human viewers is not a straightforward task, sice it requires the

completion of subjective quality assessment test#\ standardization of the proce-
dures for conducting these type of tests is described in ITlcommendations [5, 6]
and the quality scores that result from such experiments anesually addressed to as
subjective scoreor mean opinion scores(MOS). Subjective tests must be carried

1The homepage of VQEG can be found awww.its.bldrdoc.gov/vgeg
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out in a controlled environment and they require quality judyments performed by
several viewers. Thus, subjective quality scores are hard get and they cannot be
used in real-time applications.

An alternative to subjective quality assessment is to autonieally score video qual-
ity using objective metrics Most of the research performed in this eld has been
focused on the development dull reference (FR) metrics, which require both the
original and the distorted video data to compute the qualityscores. FR metrics
are typically used for benchmarking image and video proc&sg algorithms, such as
lossy encoding or watermarking techniques, and media digtution networks during
the testing phases. However, FR metrics are not suitable foranitoring the quality
of received media once the distribution network is setup anstarts working, since
the original data is usually not available at the receiver.

It is thus desirable to have a quality measurement system thas able to provide
quality feedback without requiring the reference signalsThis has led to an increased
research e ort on no-reference (NR) quality metrics and reduced reference(RR)
guality metrics. NR metrics rely on the received media only. R metrics can be
placed between FR and NR metrics: information about the refence is sent through
a side information channel and is used at the receiver for cpuiting the objective
guality scores. RR and NR quality metrics for video may conthute to enabling
new services and applications, such as:

Branding protection  { in order to monitor the user's quality of experience
(QOE), content providers should be able to verify that theircustomers are
receiving multimedia content with adequate quality.

Scalable billing schemes { costumers should be billed according to the
guality of the received contents. This should bring fairnesin the multimedia
delivering scenariosi(e., users receiving poor quality media data should pay
less than those receiving the same media with higher qualjty

Quality-oriented adaptation of streaming services { streaming servers
could dynamically adjust some transmission parameters inraer to deliver
content with an adequate perceived quality, while optimizig resource usage.

At the present time, there are no standardized proceduresrfmo-reference video
quality assessment. The existing standards from ITU, relead in 2008 under the
designations ITU-T Recommendations J.246 [3] and J.247 [4hsdardize a reduced
reference and a set of full reference video quality assesehmaetrics, respectively.
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The closest standard that is related with no-reference imagguality assessment
is ITU-T Recommendation G.1070 [7], that presents a quality nael for video-

telephony applications. The model relies on features suck packet loss rate, end-
to-end delay, encoding bitrate and video frame rate, puttinghis standardized model

closer to classical networlquality of service(QoS) measurement than to image and
video quality measurement.

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

Classical approaches to no-reference metrics usually try &stimate artifacts that
result from lossy video encoding and/or from transmissiorosses. In this Thesis, a
di erent philosophy is followed: the main idea is to estima¢ the quality of encoded
image and video data by rstly estimating local errors betwen the original and the
distorted media, and then weighting those errors using a pegptual model. This
approach resembles a typical full reference quality assesnt algorithm that uses
error weighting; however, the algorithms proposed in this Aesis estimate the error
using the encoded image or video bitstream, without requirg the original image or
video data. Note that this Thesis deals with the distortion cased by lossy encoding
processes only, namely source coding and transcoding. Thece of transmission
losses ice., packet losses in IP networks) has not been considered. Ndhetess, the
ideas that are described in this document can be used in a maremplete system,
where transmission is also taken into account.

The Thesis proposes two main approaches for the implemeritat of the above
mentioned philosophy: a watermarking-based quality ass@sent algorithm and an
algorithm that relies on the statistical properties of thediscrete cosine transform
(DCT) coe cients of natural images.

1.2 Main contributions

Since literature on watermarking-based image quality assgsent techniques is not
common, this topic is, by itself, novel. Besides the noveltgssociated to the topic,
this Thesis makes the following contributions to this eld:



1.2 Main contributions 5

In order to improve the accuracy ofmean squared error(MSE) estimation in
the presence of large distortions, a set of procedures thatmpensate MSE
underestimation are proposed in the Thesis.

Non-uniform frequency adapted quantization functions, deved from the per-
ceptual model by Watson [8], were proposed. Such functionsciease the
robustness of the watermark and, consequently, also incesathe ability to
estimate the distortion errors. These functions can also hotentially used in
di erent watermarking applications.

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

As for the statistical-based no-reference error estimationgdrithm, a new method
for estimating the parameters of DCT coe cients distribution was proposed during
the course of this Thesis. It usesnaximum likelihood (ML) estimates combined
with linear prediction, and it has shown greater accuracy foestimating 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 refence H.264 software.
The modi ed version of this software has been independentliested by Dr. Ing.
Tobias Oelbaum, from the Institute for Data Processing at th&echnical University
of Munich, which con rmed the good performance, increasinthe reliability and
credibility of the algorithm. The work published in [12{14] emphasizes the error
estimation module based on the DCT coe cient's statistics.

Most of the work found in no-reference image quality assessmditerature has
been focused in measuring and combining a prede ned set ofceding artifacts
(see for instance [15{26]). The methodology for MOS estimah proposed in the
Thesis follows a rather di erent philosophy: to estimate ditortion and then to apply
human visual systen(HVS) perceptual modeling to those estimates. Since clasdica
algorithms for full reference quality assessment usuallely in measuring the true
distortion error followed by perceptual masking, the work gesented in this Thesis
allows to follow similar algorithms, using error estimatesstead of their true values.
In the context of MOS estimation, this Thesis o ers the folleving contributions:

When looking into the results for still images subject to JPE encoding, the
algorithms proposed in the Thesis have shown better resulisan those found
in literature and tested using the LIVE image database.
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For video, a fair comparison of the results is not easy to perim, mostly
because the reported results are obtained using di erent v sequences, en-
coded using di erent parameters. The algorithm proposed ithis Thesis for
video quality assessment seems to outperform the resultpogted in other
works [27{29].

These contributions are an important part of the work publibed in [30{33].

1.3 Outline of the Thesis

The Thesis is structured according to eight chapters, whos®ntents 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 characstics of the human
visual system are reviewed and the reasons for image and \ad#stortion are
discussed, with a greater focus on the standardized lossyceding methods.

3. Subjective quality assessment { a description of the standardized sub-
jective quality assessment procedures is provided in thikapter. Besides that,
the experimental subjective quality assessment tests perfed for supporting
the work in the Thesis are also described.

4. Objective quality metrics  { this chapter presents a classi cation for ob-
jective quality assessment and provides an overview of thesearch performed
on this eld.

5. Image quality assessment using watermarking { the rst technical
chapter, that provides an in-depth description of the propad watermark-
based image quality assessment algorithm and the corresplorg results for
still images.

6. Statistical image quality assessment { a detailed description of the
statistical based approach, and its application to JPEG eruded images, is
provided in this chapter. It presents the main ideas that wilbe the basis for
the generalization of the work to video.
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7. Perceptual video quality assessment  { this chapter describes the main
achievement of the Thesis. The technique described in thegwious chapter
is generalized in order to score video quality. The performae of the pro-
posed no-reference metrics are evaluated and compared withey algorithms
described in literature.

8. Conclusion { nal remarks, the main conclusions of the work presented
in the Thesis and guidelines for future research.
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Chapter 2

Image quality overview

2.1 What is image quality?

Image quality is the term associated to the rate given to the inherent quayi of an
image. In a wider perspective, image quality also applies the quality associated
to image sequencesq,e., video. It is a subjective measurement in the sense that
di erent people may rate the quality of an image di erently: for instance, when
looking into the image depicted in Figure 2.1, some people gnaonsiderer that the
image has high enough quality; on the other hand, an individud with an higher
guality sensitivity may notice that the image is noisy and laks sharpness, and thus
his quality rating would not be that great. In fact, several &ctors are known to have
an impact on the viewer concept of quality [34{36]:

Personal interests and expectations { the way an individual rates image
quality is in uenced by his personal interest on the contenthat is being dis-
played. For instance, when watching a soccer game, a socear &nd a non-fan
will probably have di erent quality requirements. The expetation associated
to an imaging service is also an important factor. For instate, the quality
that is expected from a movie at a high de nition cinema is prbably higher
than what is expected when the same content is displayed ongHPC. This
means that similar distortions would probably result in di erent quality scores
for both situations. Even if technology and viewing conditns are the same,
there are additional factors that cause expectation to varfrom individual to
individual. Let's suppose that two persons are both custome of the same
IPTV service, and one of them thinks that the service is soméwat expensive
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Figure 2.1: An image of a cat { is it a good quality image or not? f(om
http://photobucket.com ).

while the other was never concerned about the price. In thisase, quality
requirements for the rst user may be higher than those for ta second.

Viewing conditions  { when watching video content, there are numerous
factors related to the viewing conditions that contribute b the perception of
guality. Among those factors are the viewing distance, whicHirectly deter-
mines the e ective size and resolution of the image built orhe retina. Another
important factor is the lighting conditions: the sensibilty to contrast decreases
with increasing ambient light; light sources may re ect on he screen. The type
and resolution of the display is also important.

Interaction with the service { from a wider quality of experience(QoE)
perspective, the interface between the user and the contentsuch as the ex-
istence of program guides, additional features(g., video club) and technical
support may also contribute to the user perception of quakt Additionally,
quality of experience also depends on the con guration of éhconnection and
the equipment installed at the user's home. It may have an inuence on chan-
nel zapping time and it determines the number of di erent chanels allowed
to see when more than one display is present at home.

Sound { there are studies [37] supporting that the quality of the adio ac-
companying the video has a strong in uence on the perceptuglality of the
video. Subjective tests have shown that videos together withigh quality
sound usually get better quality scores even when the subfjeare asked to
evaluate the quality of video only.
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Fidelity of reproduction { the delity 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 topicThe viewer
sees an encoded and transmitted version of amiginal video, and it is quite
obvious that the amount of the distortion introduced by losg encoding and
transmission errors will strongly in uence the overall qubty of the video. On
the other hand, some distortion types may actually increaseontent's quality:
sharpened and colorful versions of the original image dataay in fact get
better quality scores than the original versions.

Most of the research on image and video quality assessmenfasused on the last
factor listed { delity of reproduction. The main applicati ons for image and video
guality assessment metrics are related with the encoding @rtransmission of vi-
sual content. Examples of such applications are performam@valuation of a new
video encoding scheme (codec) or automatic quality assegsinof the received video
signals in a digital television broadcasting network.

Measuring the quality of an imaging system can be carried oeither by performing

subjectivequality assessment experiments, or by usingpjective quality assessment
metrics. Quality scores in a subjective quality assessmeexperiment are those re-
sulting from an evaluation performed by human viewers; th@squality scores are
usually addressed to as thenean opinion scores(MOS). In order to obtain con-

sistent MOS values, quality assessment of image and videammts must consider
several viewers in a controlled environment. Standardizgafocedures for conducting
such experiments are described in ITU-R Rec. BT.500 [5] and ITU-Rec. P.910 [6]
(which will be reviewed in Chapter 3). Since the human viewes the target con-

sumer of image and video content, subjective quality scorese the most reliable
measurements assessing image quality. However, due to theolmed constraints {

a controlled test environment and a representative numberf wiewers { they are

not easy to obtain and they cannot be used for quality monitang in real-time

application scenarios.

The main goal of an objective metric is to automatically comgte quality scores
that match the MOS values given by the viewers. Thus, an idealbjective quality
metric should produce the same quality scores as the subjeetmeasurement. Since
objective metrics produce automatic quality scores, theydve greater potential,
especially for real time quality monitoring of video commuication systems.
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In order to develop an objective quality assessment metri@howledge and under-
standing about thehuman visual system(HVS) are very important factors. A brief

overview of the main HVS features is provided in Section 2.2 diis chapter. Since
the work developed on this Thesis is oriented to the image anddeo quality re-

sulting from lossy encoding of contents, Sections 2.3 and42Zdeal with the most
signi cant image and video encoding standards and with theisual artifacts that

result from lossy encoding according to those standards,spectively. Section 2.5
brie y discusses visual impairments caused by transmissicerrors. 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 understandingpf the HVS plays
an important role. The HVS is the system by which an observer wes, interprets
and responds to visual stimuli. This section provides a bifie@verview 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 compareda camera, when
considering its optical characteristics. A simpli ed diagam of the human eye ball is
represented in Figure 2.2. An image is focused in thetina surface using thdens
The ciliary muscle controls the shape of the lens, allowing focus of an object at
given distance. The light enters the eye through th@upil, whose size is controlled
by a set of muscles called theis. The amount of light that enters the eye depends
on the light levels in the exterior. The pupil can thus be condered one of the HVS
mechanisms responsible for light adaptation.

Images of the outside world are projected into the retina, # neural tissue located
in the back of the eye. The retina consists of an array of phateceptors, whose
function is to convert light energy into signals that can bernterpreted by the brain.

These photoreceptors can be classi ed into two types: th@nesand the rods. The

former are sensitive to color, under high light levels, wtel the latter are sensitive
to luminance at low light levels. Most cones are concentradan the foveg a small

area located near the center of the retina, which means thaidgh resolution color
vision is only achieved in a relatively small area of the elaf view.
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Figure 2.2: Diagram of the human eye (fronittp://en.wikepidia.org ).

The nerves connected to the retina leave the eye ball througihe optic nerve leading
the information captured by the eye to di erent parts of the brain. The brain pro-
cesses and interprets visual information based not only ime 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 ligintensities. How-
ever, once adapted to a given light intensity, the HVS can onlyiscriminate light
intensities whose values are within a range of 2{3 orders ofagnitude from the
adapted intensity [38]. This property is similar to the dynanic range of a camera.

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

Variation of the pupil's aperture { as already mentioned in 8ction 2.2.1, the
pupil's size is controlled by the iris.

Chemical processes in the photoreceptors { a mechanism thedn be found
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Figure 2.3: Sensitivity of the HVS to light intensity changes §dapted from [39]).

both in the cones and in the rods. If light is bright, the concatration of
photochemicals in the receptors decreases, thereby redigritheir sensitivity.
On the other hand, when the intensity of light is small, the poduction of those
chemicals is increased, thus sensitivity is increased.

Neural-level adaptation { the neurons located in the retina hae the ability of
increasing / decreasing their signal output in order to adafor light intensity.

Once adapted to a given light intensity, the response of the HV® visual stimuli
depends more on the relation of its local variations to the stounding luminance
rather than on the absolute luminance values. This propertys partially modeled
by Weber's lawt, which states that:

|_I = K; (2.1)

wherel is the adapted light intensity and | is the minimum amount of change in
the light level intensity that causes an observer to detecte change. This threshold
value is also known agust noticeable di erence (JND). However, Weber's law does
not hold for the full range of visible light intensities, as llustrated in Figure 2.3.
Nevertheless, it can be applied to the range of light intensés typically found in
most image processing applications.

Another characteristic of the HVS, evidenced in Figure 2.3, issi lower sensibility to
luminance changes under high and low light intensities. Irhe context of perceptual
modeling for image and video applications, this charactetic is usually explored by
means ofluminance maskingprocedures, which assign larger sensibility thresholds
in the brighter and in the darker image regions.

1Ernst Weber (1795{1878), a German physiologist, observed tat the threshold for a noticeable
di erence 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 (adapte from [40]).

Another important characteristic of the HVS s its ability to measure variations of
light intensity in the visual eld, with the purpose of discriminating and identifying
objects of the outside world. These variations in light intesity can be measured in
therms of contrast. Di erent de nitions of contrast exist, but the most commonly
used is probablyMichelson's contrast

I I mi
Chichelson = — - (2.2)

)
Imax + Imin

where | max and I i, are the maximum and minimum luminance values in a given
pattern. Contrast sensitivity can be de ned as the inversefaninimum contrast that
is necessary for an observer to detect a stimulus. The evatut of contrast sensitivity
with the frequency of the stimulus can be described by a so-led contrast sensitivity
function (CSF). This function is usually obtained by tting data from psychovisual
experiments where visual stimuli at di erent frequencies & displayed.

Figure 2.4 depicts the typical evolution of a contrast sensvity function with the
spatial frequency of the visual stimulus. As can be observetbin the gure, the
shape of a spatial CSF resembles a low pass (or \slightly bapdss") Iter response.
The sensibility of the HVS to visual stimuli reaches its peak Vae at mid-low frequen-
cies and, afterwards, has a fast decrease as the frequencthefstimulus increases.
There is no canonical CSF, since the contrast sensitivity vi@s according to the
adapted luminance level, the position of the retina with rgsect to the display and
the temporal frequency of the stimulus.

For the case of video, the temporal frequency of the visualistuli is also considered,
resulting in a spatio-temporal contrast sensitivity functon. This function can be



16 Image quality overview

[ e
o O O

[
o O

contrast!sensitivity
=
o

[
o
oo e O kN WA

=
o

10°

1
101 10

T
. 2 2 10 . .
spatiallfrequency 10 10 retinallvelocity

(deg./second) (cycles/deg.)

Figure 2.5: Spatio-temporal contrast sensitivity function(adapted from [41]).

graphically interpreted as a space-time surface, such as tp#t depicted in Fig-
ure 2.5. In this plot, the temporal frequency of the stimulusgs given in terms of the
retinal velocity, i.e., the object velocity in the retina plane.

The space-time separability of spatio-temporal contrast seitivity has been subject
of investigation, since this separability would simplify he 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 perceptible by itself,

becomes hidden due to the presence of another stimulus. Fostance, consider
Figure 2.6-a), depicting an original image fhouse{ to which a regular noise patch

(shaped as a sine wave) has been added, resulting in the imdgeicted in Figure 2.6-
b). It can be observed that the noise is clearly perceptiblenithe homogeneous
regions of the image, such as the sky and the water. On the othkand, due

to spatial masking e ects, noise is not very perceptible (oeven imperceptible) in

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

The e ect of masking is usually quanti ed by measuring the dection threshold for
a target stimulus embedded on a masker with varying contrastFigure 2.7 shows
the possible outcome of such an experiment, represents the contrast sensitivity
threshold in the absence of masking. In Figure 2.7-a), a ty@tmasking e ect is
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(a) Original image. (b) Corrupted image.

Figure 2.6: Masking e ect example.
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(a) Masking. (b) Facilitation.

Figure 2.7: Contrast masking and facilitation.

illustrated: the sensitivity threshold increases as the nsker contrast increases {
this e ect occurs if the masker and target stimulus have di eent characteristics.
The second e ect, illustrated in Figure 2.7-b), correspond® a situation where the
contrast sensitivity threshold starts by decreasing withncreasing masker contrast,
which means that the masker contrast actually increases theerceptibility of the
stimulus. In this case, there is dacilition phenomenon, which occurs when the
stimulus and the masker contrast have similar characterists.

In the case of video, the concept of masking applies both sgly and temporally.

For the latter case, if there are temporal discontinuitiesn image intensity values
(e.g, scene changes) an observer may not detect a visual stimylugich would be
otherwise detected, in a subsequent video frame [42]. Additial studies on this
subject [43{45] suggest that temporal masking e ects occum the temporal vicinity

before and after a scene change. These are usually addredseds backward and
forwarding masking, respectively.
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2.2.4 Pooling

As discussed in the previous sections, sensitivity and masgi models can be used
to provide an estimate for the perceptibility of distortiors associated to a given
spatial or temporal frequency. However, since distortion igsually spread across
multiple frequencies, the sensitivities associated to datrequency component must
be combined { this process is calledooling

The pooling process is usually performed using rules of padhlity or vector sum-
mation, which are typically expressed in the form of aMinkowski summation (or
L, norm). Therefore, a global distortion measurement) (y;¥), between a refer-
ence imagey, and its degraded versiony/’can be expressed as:
S
Dy;9=»  jd(y;PiP; (2.3)
k

where di(y;¥) represents the perceptibility of the distortion associad to the k-th
individual image component that is been accounted for. Siadhe pooling process is
usually performed along di erent dimensions, these indidual components can be,
for instance, spatial frequencies, pixel locations or teropal samples. The exponent
p is usually set to 4 [46,47], a value that emphasizes strongdistortions that may
capture the viewers attention.

2.3 Image and video encoding

Since this Thesis is focused on the quality of images and vidsubject to lossy
encoding, this section provides a brief coverage of todayisain image and video
encoding standards.

2.3.1 Compression of visual information

Images and video, together with the way HVS perceives visualfarmation, have
speci ¢ characteristics that led to the development of logscompression methods
suitable for this kind of information. Thus, besides explang statistical redundancies
as in typical data compression applications, the compressi of image and video data
achieves higher compression ratios by also exploring twoetent types of visual
information redundancy:
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Spatio-temporal information redundancy { the value of a pixeat a given
image location is often well correlated with the values in & surroundings
(spatial redundancy); similarly, two consecutive video imes are usually well
correlated (temporal redundancy).

Psychovisual redundancy or irrelevancy { as seen in the prieus section, the
human visual system is not equally sensible to all types of age content;
therefore, the compression algorithm tries to discard infmation that is not

perceptible by the HVS. The exploitation of this type of redundncy is the
cause of lossy compression.

Before encoding, color information is usually converted tthe YCbCr color spacé.
This conversion is performed in order to explore the lower aity of the HVS with
respect to color. In order to achieve higher data compressitn video broadcasting
applications, the chrominance signals are usually subsateg by a factor of two in
the horizontal and vertical directions (this type of subsarpling is denoted by 4:2:0).

Compression methods for images and video can be roughly ded into two cate-
gories: model-based method®(g. fractal compression) and waveform-based meth-
ods (e.g, DCT-based or wavelet-based compression). Today's image andeo en-
coding standards belong to the latter class { waveform-basedmpression methods.
Generally, today's standards achieve data compression ngithe following steps:

Transformation { pixel values in the spatial image or video dmain are trans-
formed into coe cients' values in the frequency domain. Themain purpose
of the transformation stage is to compact the signal's energn the lower
frequency coe cients. It decorrelates pixel values, thus»ploring spatial in-
formation redundancies. On the other hand, the representan of the visual
information in the frequency domain is suitable for exploihg psychovisual
redundancies in posterior encoding stages. The most popukaansform in
nowadays image and video encoding standards is the DCT. It itssa worth to
mention that this part of the encoding process is reversibleinless numerical
computation errors are introduced by the transform process

Quantization { the coe cients resulting from the previous gage are quan-
tized, in order to reduce the number of bits used for their repsentation. The

2Y denotes luminance, Cb and Cr are the chrominance componestof the image / video signal.
Cb is the dierence between the blue primary channel and the uminance; Cr is the di erence
between the red primary channel and the luminance.
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guantization stage explores psychovisual redundanciesy bonsidering basic
characteristics of the HVS: higher frequency coe cients are upntized with
coarser quantization steps. Note that quantization is the eroding step where
irreversible losses occur, and the reason behind the terno&lsy encoding”.

Entropy coding { the nal stage is the lossless encoding of ehvalues resulting
from the quantization stage and of the remaining informatio required for
correctly handling the bitstream during decoding €.g., quantization step sizes,
prediction modes,etc.).

For video, an additional, and probably the most important, @coding step to achieve
high data compression rates ismotion compensation The main purpose of this step
is to explore the temporal redundancy in successive videafnes. An estimate of the
motion vectors between a reference frame (or a set of refererirames) and the frame
under encoding is computed. These motion vectors, togethesith the associated
transformed and quantized prediction errors, are entropyocled and written into the

bitstream. Higher compression rates are achieved because #mount of information

necessary to describe the dierences between two successirames after motion
compensation is usually much less than to encode them indegently.

The following subsections give a brief overview of the maimage and video encoding
standards used during the course of this Thesis. Note that, rféhe case of video
standards, only the syntax and semantics of the output bitseam and the decoding
process are speci ed. Nevertheless, there are implicit deyiencies that lead to a
common encoder architecture.

2.3.2 JPEG

Despite its age, the JPEG standard is probably the most commbnused method
for lossy encoding of still images. The designation JPEG stds for the name of the
group responsible for the publication of the standard Joint Photographic Experts
Group. The rst version of standard was issued in 1992 as ITU-T Reconendation
T.81 [48] and in 1994 as ISO-IEC 10918-1.

A typical architecture of a JPEG encoder can be observed in giire 2.8-a). The
input image which is to be encoded is rstly split accordingd 8 8 blocks which
are independently encoded. Pixel values in each block areethsubtracted an o set
value which basically shifts the range of pixel values fron@]255]to [ 128;127]. The
pixel values at position (n; 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 thaliscrete cosine transform(DCT). This transform is
applied in a blockwise fashion according to:

ofi)e() X X
4

i (em+1) _j (2n+1)

16 6 0 @9

Xi(i;) ) = yi(m; n) cos

m=0 n=0

where xi(i;j ) are the resulting transformed coe cient values in thek-th block,
(m;n) and (i;j ) are the indexes within each block in the spatial and frequey
domain, respectively. As forc(i) and c(j ), they are de ned as:

8

.. Sé ifi=0orj=0;
ci);cj)=. 2 _

- 1; otherwise.
The values ofx(i;j ) are then quantized using uniform quantization. In the JPEG
standard, di erent quantization steps are assigned to coecients located at di erent
spatial frequencies i(e., the quantization step depends on theiyj ) position), but
they do not vary from block to block. Figure 2.9 depicts the gantization tables, for
the luminance and for the chrominance image components, prded in the standard
as examples. In the reference JPEG encoding/decoding sadte [49], the sizes of
the quantization steps are scaled versions of those matscevhere the scaling is
controlled by the quality factor (QF) parameter.

For simplicity, the indexes (;j ) will be dropped in the remaining of the text. Each
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ii 16 11 10 16 24 40 51 61 ii 17 18 24 47 99 99 99 99
12 12 14 19 26 58 60 55 18 21 26 66 99 99 99 99
14 13 16 24 40 57 69 56 24 26 56 99 99 99 99 99
14 17 22 29 51 87 80 62 47 66 99 99 99 99 99 99
18 22 37 56 68 109 103 77 99 99 99 99 99 99 99 99
24 35 55 64 81 104 113 92 99 99 99 99 99 99 99 99
49 64 78 87 103 121 120 101 99 99 99 99 99 99 99 99
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(a) Luminance. (b) Chrominance.

Figure 2.9: Example JPEG quantization tables (from [48]).

DCT coe cient, Xy, is quantized according to:
. Xk

ik =round — ; (2.5)
Ok

where ¢ is the quantization step andiy is the resulting quantization index. To
complete the process, the quantization indexes are entrompded, together with
additional data that will be required at the decoder side focorrectly handling the
encoded bitstream.

The JPEG decoder, represented in Figure 2.8-b), performs theverse operations
of the encoding process. The quantization indexes are entyodecoded and then
dequantized according to:

Xk = i G- (26)

The result is a reconstructed DCT coe cient, Xy, that generally di ers from its
original value. This di erence is mainly due to the quantizng process of the DCT
coe cients. The coe cients Xy are inverse transformed to the spatial domain and
the o set value is added, resulting in the decoded image.

2.3.3 JPEG2000

The JPEG2000 standard was developed by the JPEG committee gmwas published
in year 2000 under the name ISO/IEC 15444 [50], with the purge of replacing the
older JPEG standard. However, JPEG2000 was not been implented in the most
in uential web browsers, and thus its use has not been globglgeneralized up to
now. Although not considered in the work presented in the Thés a short overview
of the JPEG2000 standard is provided on this section.
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JPEG2000 encoding is based on ttaiscrete wavelet transform(DWT). In the lossy
encoding mode, the DWT is computed using th€ohen-Daubechies-FeauvedCDF)
9/7 wavelet, resulting in an m-level wavelet sub-band decomposition of the input
image.

The quantization of the resulting wavelet coe cients is peformed according to:

PR Xk .

ik = sign(Xg) 3 (2.7)
where the quantization step sizeg, depends on the sub-band where the DWT
coe cient to be quantized is located. The quantization indees are further organized
into blocks which are encoded in a process callechbedded block coding with optimal
truncation (EBCOT). This process starts by encoding the most signi canbits of
each block and progressively goes to the least signi canttbi The least signi cant
bit planes can be dropped in order to save bits, and thus, in ddion to coe cient
guantization, the EBCOT process can also introduce lossesirthg image encoding.

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

2.3.4 MPEG-2

MPEG-2 is the second audiovisual encoding standard from thdoving Picture Ex-
perts Group (MPEG) and it was developed in order to cover a wider range opalica-
tions than the previous MPEG-1 standard. The speci cation othe video codec used
in MPEG-2 was originally published in 1996 under the name of (FIEC 13818 [53]
part 2 (or ITU-T H.262). Nowadays, the main application of MPEG-2 &, probably,
DVD-video. It is also widely used in digital television broadcsting 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 v encoder (entropy
encoding is not represented). Let's admit that an input fram, Fi, , is to be encoded.
Fin is splitin 16 16 block-wise units callednacroblocks(MBs)3.

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

3Note that the 16 16 macroblock size is applied to the luminance component ofhie input
frame. The correspondent macroblock size for the chrominace 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 JPE, resulting
in a set of coe cients x. These coe cients are then quantized, resulting in the
corresponding quantization indexes.

As for the Inter mode, a prediction blockP is computed by motion-compensated
prediction from a set of previously encoded reference fram€,; . The di erence,
D, betweenP and the original MB pixel values is DCT transformed and quanted,
resulting in the quantization indexesi.

The indexesi and the motion vectorsM associated to the encoding process are
entropy coded and written into the bitstream.

The decoder, represented in Figure 2.10-b), starts by perfaing entropy decoding
of the input bitstream. The decoded elements are reordered order to produce a
set of quantized coe cient data, X, and, if in Inter mode, the associated motion
vectors. In Intra mode, the reconstructed MB results from aplying the inverse
DCT to the coe cients. In the case of an Inter MB, the reconstricted MB is the
result of the inverse transformed coe cients added to the pediction signalP that
results from motion compensation.

Transform and quantization

The transform operation used in MPEG-2 is an 8 8 block-wise DCT similar to
what is used in JPEG. Using matrix notation, this operation ca be written as:

x=TDT T; (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 andx are the
resulting DCT coe cients. The elements of T at row i and columnj can be de ned
as:

; if i =0;

2j+1)i
2N !

| (2.9)
otherwise

The quantization scheme used in MPEG-2 is slightly di erentfom what was de-
scribed for JPEG, because it includes a \dead zone" around dn practice, this

means that the quantization interval around O is larger thanthe remaining ones.
During decoding, the quantization stepsy are derived from the bitstream accord-
ing to:

8
% 23 DCprecision ) for DC Intra coe cients;
G = § [2 Qscale antra (|,] )]:32, for AC Intra coe cients; (2.10)

“ [2 Qscae Qinter (I;] )]=32 for Inter coe cients :

The parametersDC yrecision » Qscates Qinra and Qyner  are also derived from the bit-
stream. Qnra and Qner are given by the quantization tables for Intra and Inter
blocks, respectively (Figure 2.11 presents the default ths). DC coe cients are
those located at spatial frequencyifj ) = (0; 0) while AC coe cients are those where
(1) 6(0;0).

The decoded DCT coe cients X are reconstructed according to:

ik O, for Intra coe cients;
Xk = . (2.11)
- i O+ sign(iy)%  for Inter coe cients,
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Figure 2.12: H.264 generic encoding and decoding schemes.

whereiy, and g are, respectively, the quantization index and step size assated to
the k-th DCT coe cient.

2.3.5 H.264

H.264 [54] is the latest encoding standard developed by ITU-T gether with MPEG,
in a partnership e ort 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. Therst
version of the standard was published in May 2003. In the follving, a short descrip-
tion of a typical H.264 encoder/decoder architecture is pregted. This description
is strongly oriented to the H.264 features that are related t¢he work reported on
this Thesis, namely the transform and quantization scheme®eeper overviews of
the H.264 standard can be found in [55{57].

General architecture

A typical H.264 encoder is partially represented in Figure 22-a). Similarly to what
was described for the MPEG-2 standard, an input framer,, subject to encoding,
is split in 16 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, decl and reconstructed.
In Inter mode, P is computed by motion-compensated prediction from refereac
frame(s), Frf. The dierence betweenP and the original MB pixel values, D,
is transformed (using a block-wise transform) and quantizedesulting in the set
of quantized transform coe cients X, as well as the corresponding quantization
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indexes. These indexes, as well as the motion vectold,, that result from the
motion estimation block in Inter mode, are then re-ordered ahentropy encoded for
transmission.

As for the H.264 decoder, partially represented in Figure 2.48), it receives a com-
pressed bitstream, whose elements are entropy decoded aedrdered in order to
produce a set of quantized coe cient data,X. The quantized coe cients are then

rescaled and inverse transformed, resulting in a residuagsal, 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 vectsyM , and

macroblocks belonging to previously decoded frames. Thecdeded 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 approxirtian of the classical
block-wise DCT used in previous standards, such as JPEG and MBE2. The main

transform block size in H.264 is 4 4, although the use of an 8 8 transform is
also possible. LeD represent the di erences between the original and the preded

image values in a 4 4 block. The transformed coe cient 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 de ned as [57]:

2 3 2 3
11 1 1 Tk 5k
e |
T=g°2 *+ I ¢ s=f" 1 "5 . (g
1 1 1 15° ok 3 RS '
4 "5 4 5
122 1 bk b

The transform operation can be implemented using integer ilnmetic only (add
and shift operations). As for the post-scaling operation, theeference software [58]
implements it together with the quantization, using intege operations only.

The value of the quantized coe cient, Xy, is given by:

Xk = sign(xy) X 1 Gk (2.14)

| {izq‘ }
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mod(QP;6)

0 0.6250
0.6875
0.8125
0.8750
1.0000
1.1250

aa A W N B

Table 2.1: Base quantization steps.

whereg is the quantization step, is a parameter that controls the width of the dead
zone around 0 andy represents the quantization index that is actually transnited.
In the reference software [58], ' 2=3 for Intra blocks and ' 5=6 for Inter blocks.
The quantization step, g, can be derived from a H.264 parameter calle@P, which
may di er from macroblock to macroblock. The general rule tacompute gc from
QP is:

G = g Mod(QP;6) 2MP=6c; (2.15)

wheregg is a base quantization step (see table 2.1) amdod(m; n) is the remainder
of integer division ofm by n.

2.4 Compression artifacts

As seen in the previous section, unless a lossless encodinghoteis used, the pro-
cedure of encoding images or video using today's standard&ays produces a result
that is di erent from the original. Due to bandwidth or storage space constraints,
the bitrate of the encoded stream must be reduced in order t@present the visual
information using less bits. However, in such cases, the actmbwf information that
is lost due to encoding can be signi cant and thus distortiost may become visible.
These distortion e ects due to lossy encoding of images ord&o are generally called
coding artifacts

The types of artifacts introduced by a given encoder are stngly dependent on
the lossy encoding method that is used. This means that di ent image encoding
standards, for instance JPEG and JPEG2000, may cause the ibitity of di erent
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Figure 2.13: Blocking e ect { Oceanimage encoded using JPEG. Blocking patterns
are clearly visible in the sky.

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

In the following, the most common artifacts generated duriglossy encoding of visual
media are described. Their causes are discussed and theeas are illustrated using
examples.

2.4.1 Block e ect

The block e ect is characterized by the visibility of structured noise orgaized ac-
cording to small blocks and is due to a blockwise encoding rhetd associated to
coarse quantization.

Each block is encoded without considering the correlationebween pixel values be-
longing to adjacent blocks. When quantization is coarse, ¢éhrepresentation of the
pixels belonging to a block may be signi cantly di erent fran their neighbors and, in
that case, discontinuities become quite perceptible at thielocks' boundaries. This
e ect is typically visible at high compression rates (coaex quantization steps).

Due to the generalized use of blockwise image and video enocgdstandards, such
as JPEG, MPEG-2 or H.264, the block e ect is probably the most sitdied encoding
artifact. An example of this e ect can be observed in Figure 23, for a JPEG
encoded image.

A particularly annoying form of the block e ect is known as the mosaic pattern and
it applies to situations where a block does not blend with theurrounding blocks.
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(a) Original frame. (b) H.264 encoded frame.

Figure 2.14: Blur e ect { a frame taken from an H.264 encoded v&ion of the
Foreman sequence.

This phenomena typically occurs due to coarse quantizatian blocks located inside
textured objects.

2.4.2 Blur

Blur is characterized by loss of spatial detail in textured areand edges of an image;
it can have di erent sources; amongst them are: a badly foced camera, object
motion at the moment of the image capture, low-pass lItering blossy encoding.

Since the HVS is less sensible to changes in the higher spati@gtiency image
components, lossy encoding methods that operate in the fregncy domain usually
assign lower quantization steps to the low frequency coe ents, and larger quantiza-
tion steps to the high frequency coe cients. In such casessajuantization becomes
coarser, high frequency coe cients tend to be quantized to.0Consequently, high
frequency spatial details, such as edges or textures, ardgct to perceptible losses
and blur manifests itself.

In older image and video lossy encoding standards, such asEl® or MPEG-2,
blur is usually masked by the presence of the blocking e ectHowever, in recent
standards, such as JPEG2000 or H.264, blur is clearly percépe at the lower
bitrates. In JPEG2000, as the bitrate decreases, the numbef DWT coe cients
located in the detail sub-bands that are quantized to null vales also increases.
This situation means that spatial image details will be inaeasingly smoothed as the
bitrate decreases, causing blur.

The main reason for blur in H.264 is the presence of the deblanl Iter at the
encoding/decoding processes. It applies low-pass Iterirag the block's boundaries,



2.4 Compression artifacts 31

Figure 2.15: Ringing e ect { Lighthouseimage encoded using JPEG2000. Ringing
is visible around the lighthouse edges.

reducing the block e ect at the expense of adding blur to theetoded video frames.
At low bitrates, the overall blur artifacts are less annoyig than the block e ect
which would be present if the Iter was not used. An example oflar in H.264 is
illustrated in Figure 2.14.

2.4.3 Ringing

The ringing artifact is characterized by the appearance of spurious dkations
around edges or other image areas with an high local contrasMost image and
video encoding standards work in the frequency transform dwin by representing
the image as a sum of periodic signals, which are bandwidtimiited. Those signals
are suitable for representing smooth image transitions, bthey are not adequate to
represent fast transitions in image locations such as edge3ince lossy encoding in
the frequency domain tends to concentrate signal energy ihe low frequency com-
ponents, high frequency components can be cut-o, and thus gés will in practice
be represented as a sum of lower frequency signal compongogising small oscil-
lations to be visible around stronger image signal transdns (Gibbs phenomenon).

Figure 2.15 illustrates the presence of ringing in a JPEG200encoded image. In
block based encoding standards, ringing is usually maskey the blocking artifact
(which is more annoying), but sometimes it is also noticeab| especially in the
boundaries between smooth regions with high contrast betes them.
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2.4.4 Mosquito noise

The mosquito noiseis a video coding artifact that Rec. ITU-T P.930 [59] de nes as
a form of edge busyness distortion sometimes associated withvement, character-
ized by moving artifacts and/or blotchy noise patterns supmposed over the objects
(resembling a mosquito ying around a person's head and shdets).

In short, there are two possible causes for the mosquito neis The rst cause is
ringing e ect associated to motion. In the presence of a smiamount of motion,
the oscillations caused by ringing can be seen as a ickeriragtivity around the
edges separating two di erent smooth regions.

The other cause for mosquito noise can be explained by corgsidg that most video
encoding standards allow di erent macroblock encoding med. If they di er from
frame to frame (for instance, in the previous frame is Intra wde while in the
current is Inter mode), quantization errors introduced by acoarse quantizer may
lead to signi cantly dierent pixel values. In these conditions, the corresponding
reconstructed frames may exhibit ickering around the edge separating smooth
image regions.

2.4.5 Jitter and jerkiness

Jitter and jerkiness are temporal video artifacts that are not directly caused byhe
speci ¢ encoding standard which is being used. Rather tharhat, they are due to
temporal delays or the presence of transmission losses.

Jitter is characterized by an inconsistent frame freezing. Thisefezing may be due
to di erent reasons. For instance, in the presence of trangssion errors, instead of
trying to decode corrupted video frames, the decoder may dée to repeat previously
decoded frames until it receives error free content. In emdree communications,
jitter may also occur if the decoder is not e cient enough to decodeideo at the
desired rate, skipping some frames in order to recover tim#.the target application
requires a very low bitrate, the encoder may also decide toap frames in order to
save bits, thus \embedding" jitter in the video stream.

Jerkinessis usually caused by the encoder, as a result of regularly gking video
frames to reduce the amount of information that is transmited. This procedure
may resulting in a more or less \jumpy" video sequence whosew may resemble a
sequence of snapshots instead of reproducing a natural arahttnuous scene ow.
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Figure 2.16: Packet-oriented video transmission.

2.5 Transmission losses

Encoded video data is usually transmitted over a packet-svahed network, us-
ing a transport protocol such astransmission control protocol / internet protocol

(TCP/IP). The network adaptation layer splits the bitstream into packets, adding
an header to each packet. The header contains sequencingjitig and information

about the payload, which contains the actual encoded videath. This process can
be observed in Figure 2.16.

In packetized video transmission, losses typically occuud to delays caused by rout-
ing and queuing in the network elements (for instance, if theetwork is congested),
or caused by the detection of corrupted packets and subseqtieetransmission de-
lay. There is also the possibility of receiving a corruptedgrket 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 thug will produce the same

e ect as a missing packet.

The visual e ects that will appear in the decoded video vary ecording to the type

of information that was transmitted in a missing packet. Forinstance, and since
the major video encoding standards are based on the conceptprediction, the

loss of information related to a given macroblock will a ectall macroblocks that
depend on the corrupted macroblock. Thus, errors may propatg spatially, since
data of a given block may depend on its surroundings, or tempdly, since block
values may depend on blocks belonging to previously decodeames. In order to
deal with error propagation issues, resynchronization pus are usually included in
the bitstream. These ensure that subsequent data locatedi@f a resynchronization
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Figure 2.17: Packet loss e ect { a frame taken from an H.264 eoded version of
the Foreman sequence.

marker is decoded without using reference data located befothe marker, and
therefore error propagation is stopped.

The visual e ect of transmission errors also depends on theiéity of the decoder
to deal with bitstream syntax errors: some decoders may neavecover from certain
errors while other decoders may cause jitter until error feecontent is received. It
is also possible to use error concealment techniques in artte minimize the e ects
of transmission errors. The way the bitstream is encoded idsa important: for
instance, in the H.264 standard, an encoding procedure knowa exible macroblock
order (FMO) tries to minimize the susceptibility to transmission errors by putting
information of neighboring macroblocks in di erent packetsf the bitstream. The
bene tis that transmission errors may be spread more evencross the video frame.
However, the cost is coding e ciency, since dependent macriatks are not predicted
based on their neighbors, but from blocks that are probablyeks correlated.

Figure 2.17 depicts an example of the packet loss e ect on theahsmission of an
H.264 encoded version of th&oreman sequence. In this example, two di erent
e ects of transmission losses can be observed: errors duentssing slices below
the center of the frame (the correspondent packets were lodtiring transmission);

propagation errors due to coding dependencies are noticéaln the upper region

of the background. It can also be observed that the backgrodnof the region

corresponding to the missing slices has been quite e ectiyeecovered by the error
concealment algorithm.
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2.6 Summary

This chapter presented the basic aspects of human visual . Its understanding
is very important for image quality assessment algorithmsBesides that, the chapter
also presented the basics of image and video coding, relgtisome of the existing
methodologies with the characteristics of the human visualystem. It ended with a
description and discussion about the impact on image and \ed quality caused by
the artifacts associated to the use of lossy encoding mettod
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Chapter 3

Subjective quality assessment

3.1 Introduction

The subjective quality assessment procedures are those whéhe quality is evalu-
ated by human viewers. In a subjective test, a set of images\adeos is shown to the
observer and then he is asked to judge the quality of the comtts being displayed.
Di erent methodologies for performing subjective quality asessment tests of video
are described in Recommendations ITU-R BT.500 [5] and ITU-T P.@1[6]. The for-
mer describes the procedures for subjective quality evahian for digital television,
while the latter describes the procedures for evaluatingdeo quality in multimedia
applications. This chapter provides an insight on the subgive quality assessment
procedures.

Subjective quality assessment tests are also used for sugpy the development of
objective quality metrics. The data resulting from the subgctive assessment can be
used to train and validate objective quality assessment agthms. In the context
of this Thesis, subjective quality assessment tests wereganized in order to obtain
MOS data for H.264 encoded video sequences. This data was uf@dvalidation
of the no-reference video quality assessment algorithm thatill be presented in
Chapter 7.

This chapter is organized as follows: Section 3.2 discus$les most important de-
tails related to the preparation of a subjective quality assssment test. A brief
overview of the current standards for subjective video quiél assessment is given
in Section 3.3. Section 3.4 depicts the details for compugnMOS values based on
the raw opinion scores resulting from the subjective assessnt. The subjective

37
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experiments performed in the scope of this Thesis are debet 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 iadvisable to carefully
plan the subjective test session. First of all, it is necessato clearly de ne the
objectives of the test session. Once the objective is de ned proper selection of
the material to be used in the tests is performed; the test roo must be prepared
and the test participants must be screened for vision probies and limitations (e.g,
color blindness and lack of visual acuity).

3.2.1 Selection of test video sequences

Since video contents vary signi cantly from sequence to seence, the selection of
the video sequences used in the tests is an important mattefo illustrate this issue,
consider that the video sequences represented in Figure aré encoded at the same
bitrate and using the same parameters. Sequengdyo is a static video sequence
and the background is very smooth, while sequené®otball contains intense (and
chaotic) motion and a signi cant amount of texture. If both were encoded at an
average bitrate of 512 kbit/s (as an example), and using an H62 encoder, the
encoding would most likely produce annoying artifacts in t sequencd-ootball,
but sequenceAkyo would still look very similar to the original (uncoded) seqgence.
Thus, di erent content may lead to di erent quality scores when subject to the same
encoding procedure.

Ideally, all types of content should be considered in a sulgjive quality test. How-
ever, this variety is di cult to put in practice. An approxima tion can be performed
using criteria similar to those de ned in Rec. ITU-T P.910 [6]where the selection
of video sequences is performed based on their spatial anthferal activities. The
goal is to get a relatively small set of sequences that covexrsvide range of content
possibilities, avoiding long tests that could bother the pdicipants. Additionally,
the choice of the test material should be adequate for the tget application. For
instance, if the target application is video-conferencing would be very unwise to
choose sport or landscape video clips.
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Figure 3.1: Examples of typical test sequences. Sequerfdeyo has low spatio-
temporal activity, in contrast with sequencefFootball, where spatio-temporal activity
is high.

3.2.2 Selection of test participants

Candidates for participating in subjective quality assessent tests can be classi ed
as experts and non-experts observers. The experts are those familiar with image
processing algorithms while the non-experts are those whopresent the general
consumer of video products.

The use of expert observers may lead to faster and easier tpsbcedures, as pointed
out in [1]. However, both video quality standards [5, 6] recomend that at least 15
non-expert observers should be used for performing the asseent. Since the non-
expert observer is not familiar with image processing algtims, it is believed that

his judgment on quality will not be biased. On the contrary, a expert observer will

probably look for distortions in speci ¢ image locations, Wich would cause content
awareness.

Regardless of the observers that are selected as potentedt participants, it must be
ensured that each observer has a normal visual acuity (or eected to normal) and
that he is not a color blind person. Visual acuity can be testedsing aSnelleneye
chart, such as the one represented in Figure 3.2-a). To detaunibst color blindness
diseases, a set déhihara 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 de ned as the set consistirgf the display type
and settings, the ambient light and the layout of the room’'s guipment and furniture.

Several parameters can be set according to the ITU standar@s910 and BT.500.
In brief, the following guidelines should be followed: themabient light should be
set to low values €.g, 20 lux); no re exes should be seen on the screen(s); the
distance from the subject to the display should depend on th&arget application
and on the type of display used (typical values in the rangedm 4H to 8H, where

H represents the image's height in the display).

3.3 Standardized methodologies

Di erent methodologies for subjective quality assessmentadescribed in [5,6]. The
choice of the methodology to adopt depends on the objectives ned for the test. In
the following, an overview of the di erent methodologies prnoosed in the standards
is provided.

3.3.1 Double stimulus methods

In a double stimulusquality assessment test, video sequences are organized and
displayed in pairs. One of those sequences is called tieéerence an high quality
sequence which usually corresponds to the original videapctaptured by the cam-
era. The other sequence is the called thest or impaired video sequence, which
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Trial n+1

Ref. Test

ES N

%
Voting Voting
(a) Test session structure.
Imperceptible [] Excellent
Perceptible, but not annoying |:| Good
Slightly annoying [_] Fair 11
Annoying [] Poor
Very annoying [_] Bad 17
(b) Impairment scale. (c) Continuous quality scale.

Figure 3.3: Double stimulus quality assessment method.

usually is a distorted version of the reference. During a s&ss trial, the reference
is displayed in the rst place, with the purpose of acting as ®#enchmark. It follows
the display of the test sequence and nally the observer is leed to judge the delity
of the test with respect to the reference. An illustration of his procedure is depicted
in Figure 3.3-a).

The standard ITU-R BT.500 [5] de nes two classes of double stimus subjective
tests: thedouble stimulus impairment scal€DSIS) and thedouble stimulus continu-
ous quality scalgDSCQS). The main di erence between these methods is the qitgl

scale used by the viewers for voting. Possible scales areresented in Figures 3.3-b)
and c).

A methodology that is very similar to the DSIS method is desdoed in the ITU-T
P.910 standard [6] under the naméegradation category rating DCR). This method-
ology uses the categorical rating scale represented in FigB.3-b) and allows simul-
taneous display of both the reference and the test sequendet lower resolution
video formats (QCIF, CIF).
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|
) Trial n Trial n+1 Trial n+2 Excellent []
' Good []
Test Test Test Fair []
] i
' Poor
®. O
Ny— Bad []
Voting Voting Voting
(a) Test session structure. (b) Categorical quality rating scale

Figure 3.4. Single stimulus quality assessment method.

3.3.2 Single stimulus methods

In single stimulusmethods, a single video sequence is presented on each trial.
this class of methods, there is no concept of reference setpes and thus only
test sequences are presented to the observers. The struetwf a single stimulus
test session is represented in Figure 3.4-a). These methods generally used for
guantifying the quality of a system when no reference sigrsahre available. The type
of presentation on these methods is also very similar to whatippens 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] de nes two variants for single dtnulus test sessions:
one variant where the set of test sequences is presented qraxal another variant
where the entire set is presented three times (but test sequees are displayed in
di erent order on each presentation). The three-presentabin variant is obviously
more time consuming, but it's goal is to get more stabilizedpinion scores: the rst
run is used for observer judgment calibration, and the opion scores are computed
based on the results of the second and third runs.

A method that corresponds basically to the rst variant is abo described in the
ITU-T P.910 standard [6] using the designatiorabsolute category rating ACR).

In single stimulus tests, the observers express their opams using quality scales that
can be categorical, such as the one depicted in Figure 3.4-bj,continuous, such as
the one used for DSCQS quality assessment, represented inufey3.3-C).
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Much worse []
Trial n Trial n+1 worse []
Slightly worse []

The same []

Slightly better []
Better []

W N R O AN b

Much better []

Voting Voting

(a) Test session structure. (b) Comparison qual-
ity rating scale.

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; lvewehere is no explicit
use of a reference. Instead, two test sequences are directiynpared. This class of
methods can be used, for instance, to compare di erent videm@ders (or di erent
encoder parameters) with respect to their output's quality

The structure of a comparison test session is depicted in Fig 3.5-a). At the end
of each pair presentation, the participant is asked to judgéhe quality of sequence
A with respect to sequence B. In order to express their opims, the participants
use a relative quality scale such as the one depicted in Figu8.5-b).

3.3.4 Continuous quality evaluation methods

Unlike the methodologies described so far, where the parpeints are asked to ex-
press their opinions at the end of each trial, iwontinuous quality evaluatiormethods
the viewers continuously express their opinions along thergsentation of the test
video sequences.

In order to feed the measurement system with their judgmentshe subjects contin-
uously adjust the position of an hand held slider device, s@s the one represented
in Figure 3.6-a). An example layout for the equipment used in ik type of tests is
represented in Figure 3.6-b). The slider devices can be contesl to a PC which
is responsible for synchronizing the participants' qualt scores with the video se-
guence under display. Before obtaining the corresponding®$ values, judgment
delays due to the reaction time of the test participants musbe compensated.
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: Display
— Video signal
Excellent
Good
Fair 1<
Poor
AT e L
(a) Slider. (b) Setup.

Figure 3.6: Continuous quality evaluation.

The main motivation for these methods is the fact that the impirments found in
digitally encoded video are time-varying and scene-dependeiven in a short video
clip, the perceived quality of the encoded video may vary sigcantly.

Continuous quality evaluation methods can be further dividd into two classessin-
gle stimulus continuous quality evaluatio(SSCQE) andsimultaneous double stimu-
lus for continuous evaluation(SDSCE). As the designations suggest, in the rst only
test sequences are presented, while in the second a pair nefiee-test is presented
to the viewer at the same time (in the same display, or in aligrd displays).

3.4 Computing mean opinion scores

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

This standardized procedure starts by computing the averagand the standard
deviation of observers' scores for each test condition. Assing that L di erent test
conditions were presented for judgment during the subjes® quality assessment
test, and that each of them was evaluated bl observers, the average score for test
condition i, (i), and the corresponding standard deviation, (i), are de ned as:

V
X v X
=3 @) ad @=t T rGH OB @D
i=1 j=1

where' (i;j ) is the score given by the observegr to the test condition i. Note that
the resulting values for (i) 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 obseryeiit is veri ed if its voting
score,’ (i;j ), is in the interval:

[ @) @) )+ O (3.2)

where (i) is a margin that depends on the distribution of the score vaks and the
number of observers. In ITU-R Rec. BT.500, two possibilitiesof (i) are de ned,
depending on the statistical distribution of the individud scores given to each test
condition. The procedure analyses the shape of this distubon by computing
the \kurtosis" proper coe cient, 5, which is the ratio between the fourth central
moment and the square of the second central moment:

; X
2(i):%; with mn(i):Nij:1[s(i;j) (i (33)

Based on the outcome of the, test, (i) is de ned as:
8
< 2 (). - -
. 2 if 2 o(1) 4,
=" % _ (3.4)
+ ==, otherwise.
It is worth to mention that, for the normal distribution case, the theoretical outcome
of the , test would be equal to 3. Therefore, the rst possibility for (i) corresponds
to the case where the score's distribution for test conditioi is considered to be
normal. In such case, the value of(i) de nes an interval that is very close to the
95% con dence interval.

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

limit of the con dence interval, P(j), is accounted for. Formally, it can be written:
8
R . U N N (H DR ORI O
P(G)=  p(i;j) with  p(i;j)= ,
i=1 - 0; otherwise.

(3.5)

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

below the lower limit of the con dence interval:
8
X . o Syt Gg) ) (G);
Q@)= q(i;j)  with  q(i;j) =, ,
i1 - 0; otherwise.

(3.6)

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

—P(J)+ Q) > 0:05 and —P(J.) Q(J_) <
L P()+ Q()

The rst condition is related to the number of times that the quality scores given
by an observer were considered as outliers. If the rate of 5% exceeded, this
condition is met. The second condition is related to the outr's behaviour: it tends
to O if the scores are dispersed in both tails of the quality eces distribution. If
the outliers are concentrated only in one of the distributio's tails, it means that
the participant's quality judgements are biased, but not iconsistent. In practice
this procedure detects and rejects test participants that ated randomly, or didn't
correctly use the quality scale.

0:3: (3.7)

Finally, after rejecting participants with inconsistent quality scores, MOS values for
test condition i are computed according to:

Xy
() (3.8)

j=1

MOS(i) = Ni
\

whereN, is the number of valid test participants.

3.5 Subjective quality assessment tests

3.5.1 Methodology

The subjective quality assessment tests were performed incardance with Recom-
mendation ITU-T P.910 [6]. The method followed in this Thesis as thedegradation
category rating (DCR), which corresponds to thedouble stimulus impairment scale
(DSIS) method described in [5] { see Section 3.3.1 for additial details. In short,
the observer is presented with video sequences organizegairs, as illustrated in
Figure 3.3-a): the rst to be displayed is the reference sequee (the original se-
guence) while the second is the test or impaired sequence fliis case, the result of
lossy encoding); the ve grade impairment scale depicted iRigure 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 lux

Ratio of luminance of inactive screen to peak luminance 032

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 tooduce reliable re-

sults. In our case, 42 observers (mostly students) parti@ped in the subjective

experiments, and it was ensured that each impaired sequengas judge by at least

20 observers. The observers were screened for visual acaitg color blindness, using
a Snellen Eye Chart and Ishihara's plates, respectively. Bhduration of each session
was about 20 minutes with the room setup allowing two obserkg&to simultaneously

participate in each session.

As for the environmental viewing conditions, three factors ost be considered: the
lighting, the ambiance noise and the quality and calibratio of the display. Two
high quality LCD displays of the same model (ASUS VW193S 19" Widewith
native resolutions of 1440 900 pixels have been used and they were calibrated in
order to achieve the same test parameters. The display andom characteristics
used in the subjective tests, listed in Table 3.1, are withithe values recommended
in [6].

3.5.3 Selection of test material

In order to avoid boring the observers and get meaningful reks, a small, but rep-
resentative, set of video sequences should be used during thsts. In particular,
the spatial and temporal activities are important parametes which should be con-
sidered when choosing the test sequences { a set of sequeti@dsspan a wide range
of values for those activities should be chosen. The litetate provides several meth-
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ods of measuring a video spatial and temporal activity. In tis work, the methods
recommended in [6] have been used:

Spatial activity : the horizontal and vertical picture gradient are computed
using the well known Sobel Iters. The gradient norm (the sqgare root of
the sum of the vertical and horizontal gradient squares) ishen computed for
each pixel. The standard deviation of the gradient norm is deulated for each
frame, resulting in a time series of frame-by-frame spatial tties. In order

to achieve a global value for the spatial activity, the maxiram value in the
time series is selected.

Temporal activity : the temporal activity measure is obtained by computing
the di erence, pixel-by-pixel, between each pair of successiframes. After
this procedure has been carried out, the standard deviatioaf the frames
di erences is computed. Similarly to what happens in the spel activity
case, the global temporal activity value is computed as the amimum of these
standard deviations.

Due to changes of the camera perspective during video acqtisi or scene changes,
the global activity measurements could have a high value avéf the sequence has
a low temporal and/or spatial activity. In order to minimize this e ect, the global
activity values result from applying the 95% percentile to he temporal and spatial
activities series, instead of using its maximum.

Figure 3.7 represents the video sequences used in the sulijectests. They have
been selected based on their spatio-temporal activities, wée values are depicted
in Figure 3.8. These sequences are in CIF format (352288 pixels), with a frame
rate of 30 Hz.

The sequences were encoded using the reference H.264 [58ya@f tools. Each

sequence has been encoded at di erent bit rates, in the rangé 64 to 2048 kbit/s,

using the Main Pro le 1. The resulting bitrates at the encoder's output are summa-
rized in Table 3.2 (the upper row associated to each video s®mce). A GOP-15
structure with two B frames inserted betweeh=P frames (BBP BBP::: ) has been
used in all encoding runs. The result is a set of 50 encoded wewnces (impaired
sequences), whose qualities were judged by the test papiants. This set allows

1An H.264 pro le is basically a set of coding tools that are used for generatim a conforming
bitstream. The most relevant characteristics of the Main Pro le , in the scope of this Thesis, are:
the possibility of using B frames and the use of the 4 4 sized transform only.
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Figure 3.7: Video sequences selected for the subjective sestrom left to right:
City ; Coastguard Container; Crew; Football; Foreman; Mobile & Calendar, Silent;
Stephan Table-tennis, Tempete

to evaluate the human visual system perception to di erent kids of video qualities
and to indirectly force the observers to use all grades of thrating scale.

3.5.4 MOS computation

The mean opinion scores were computed at the end of the tesssiens, based on the
image quality assessment results given by all observers. drder to guarantee the
coherence and the consistency of the results provided by tkabjective tests, the
statistical analysis described in Section 3.4 was applied the assessment results.
For each test condition, MOS values were computed by averagithe quality scores
of the coherent observers, only.

The resulting MOS values, together with their associated ahdard deviation values,
are depicted in Figure 3.9 (for better display, MOS values ka been sorted). The
correspondence between the MOS values and the sequences use¢he subjective

tests, for the considered bitrates, is given in table 3.2 (thlower row associated to
each video sequence).

The resulting MOS values and the video sequences used in théjective quality
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Figure 3.8: Spatio-temporal activity of the selected videoegjuences.
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Figure 3.9: MOS values resulting from the subjective quajitassessment tests.
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Sequence Bitrates (kbit/s) / MOS
128.2 200.2 256.3 5124
3.26 3.63 421 4.90
65.7 100.2 131.3 2004 262.6 524.7

City

Coastguard
1.83 2.79 3.17 3.90 4.39 4.61
) 65.7 131.2 262.1 524.4
Container
3.67 372 478 4,94
127.9 200.0 400.2 1024.1
Crew
1.26 205 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 2625 5254 1051.0
Foreman
1.06 2.83 4.17 4.89
) 131.3 262.3 5245 1048.9
Mobile
1.28 1.44 3.94 4.67
) 64.2 200.5 400.6 1025.2
Silent
1.58 3.79 458 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
130.2 202.1 405.4 756.2
Tempete

258 353 442 4.95

Table 3.2: Resulting bitrates and MOS values for the sequess used in the tests.
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assessment tests (both the reference sequences and the @edditstreams) are
available online athttp://amalia.img.Ix.it.pt/ ~tgsb/H264 test/ .

3.6 Summary

This chapter presented the main concepts associated withlgactive quality assess-
ment. It started by discussing several aspects related togtpreparation of subjective
quality assessment tests. Afterwards, a brief overview of ¢hstandardized subjec-
tive test methodologies was provided. It also presented trstatistical computations

(suggested in the standards) required for obtaining MOS datfrom the opinion

scores collected in the test sessions.

Finally, the subjective quality assessment tests perforrdein the context of the
Thesis were presented. The aim of those tests was to obtain MQlata for video
sequences subject to H.264 encoding, which were used fordating the no-reference
video quality assessment method that will be presented in @pter 7.



Chapter 4

Objective quality assessment
metrics

4.1 Introduction

In the previous chapter, standardized subjective qualityssessment procedures have
been described. An alternative to subjective quality measements is the use of
objective quality metrics. As already mentioned, objectivenetrics aim to automat-
ically predict the viewers' MOS that would result from a subg¢ctive assessment.

This chapter categorizes objective quality assessment mes and provides an over-
view of the state-of-the-art on this topic. In Section 4.2, obive quality assessment
metrics are organized into classes. An overview of the algbms proposed in the

literature is then presented in Sections 4.3 to 4.5. The exisg standardized objec-

tive quality assessment metrics are reviewed in Section 4.8ection 4.7 presents the
indicators that are usually used for performance evaluatioof an objective quality

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

4.2 Classifying objective quality metrics

Objective quality assessment metrics can be classi ed acding to the amount of
information that is required for computing the quality scoes. Using this criterion,
three classes of objective metrics can be speci ed [60]:

53



54 Objective quality assessment metrics

-----
,,,,,

e

£ Systemor %y =
] :‘ condition > ; ’ l
*~s under test »* .
Maees = e Quiality
. Teeeet e , - A e score
Reference video Distorted video *

Figure 4.1: Full reference quality assessment system.

Full reference (FR) { the original media data is required at the quality
evaluation system;

No-reference (NR) {quality scores are computed using the distorted media,
only;

Reduced reference (RR) {the quality evaluation system uses the distorted
media and additional information about the original media dta.

Figure 4.1 depicts the general structure of a full referencpiality evaluation system.
Since the reference (original) media data is required, thgplicability of FR quality
metrics in video communication scenarios is very limited. &sides that, in order to
use a full reference metric, the reference and the distort@tbleo sequences must be
correctly aligned, in such a way that all pixels in a given frae of the reference match
their corresponding locations in the distorted frame. Thislignment operation is not
easy to implement if spatial and temporal video signal scdjdity is also considered
in the scenario.

Nevertheless, full reference metrics are playing an incréagly important role for

benchmarking image processing algorithms. For instance& tompare the quality of
video encoded with di erent codecs, to evaluate the perforamce of artifact reduction
algorithms or to con rm the imperceptibility of watermarks. In the context of video
broadcasting, they can also be applied for quality-orientetesting and planning.
However, they cannot be used for quality monitoring at the useend, since the
reference data is usually not available.

The classicapeak signal-to-noise ratidPSNR) metric, which is based on the squared
di erences between the reference and distorted images odgb sequences, is prob-
ably the most known example of a full reference quality meti

No-reference image quality assessment systems are those ttmhpute quality scores
without using any knowledge about the original signals. Tisi 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 andle® communication
systems, due to their ability to compute quality scores basgeon the distorted me-
dia only, as represented in Figure 4.2. The use of no-referenguality metrics
enables network-oriented applications such as automatic @anonitoring, real-time
adjustment of video streaming parameters as a function of ¢hperceived quality and
scalable billing schemesi.g., users paying in proportion to the quality they get).

However, since they use less information, the development @fiality metrics in
the NR class is more di cult than the development of FR metrics In order to
workaround this increased di culty, quality assessment ajorithms within the NR
class typically make some assumptions about the sources ddtdrtion. Since the
typical scenario for using NR metrics is a video communicationetwork, it is reason-
able to consider the lossy encoding methods that are used,vesll as the properties
of the transmission channel. Due to those assumptions, clasg approaches to this
class of metrics usually try to estimate artifacts that resli from lossy video encoding
(e.g, block e ect) and/or transmission errors .9, jitter).

Reduced reference metrics can be placed somewhere betwderafk NR metrics. In
a reduced reference metric scenario (see Figure 4.3), thatent provider also sends
additional information that depends on the original data umer transmission.

When compared with NR metrics, RR metrics require an additioa channel (or ad-

ditional bandwidth) to transmit the side information, and the presence of additional
algorithms for generating the side information data at theerver side. Generally, side
information data consists of video features, such as edge psaor spatio-temporal

activity measurements. These features are extracted frorhé original video, trans-

mitted through the side channel and compared with the same dtres extracted

from the degraded media, at the receiver. Quality scores pided 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. Similarlfo what happens in
the FR class, reduced reference metrics must also deal witlhgament issues, since
side information and received media data must be synchroeid. In transmission
scenarios, the possibility of losses in the side informatisequired for computing the
metric's score should also be considered.

Another possibility for classifying objective quality assesment algorithms is to con-
sider the type of data that is used for the quality measureménUsing this criterion,
objective metrics can be classi ed intalata metrics picture metrics and bitstream-
based metrics[61]:

Data metrics { quality scores are based on the pixel values of the image or
video, without explicitly considering its content;

Picture metrics  { the visual information in the image or video is explicitly
considered for quality assessment;

Bitstream-based metrics  { the quality assessment system uses information
extracted from the encoded bitstream, without fully decodig the image or
video.

Data metrics usually belong to the FR metrics class, since thare typically based
on the comparison of pixel values (thus requiring the refemee). Depending on the
approach that is followed, existing picture metrics can be ithin the three metric
classes { FR, RR and NR. As for bitstream-based metrics, sincedh are designed
for transmission scenarios, they usually fall into the NR or R metrics category.
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4.3 Data metrics

Quality scores resulting from data metrics are those comped without explicitly

considering the content of the image or video. Data metrics ually take pixel values
from the reference and the distorted signals, compare ther.§. by computing their

di erences) and then combine all pixel-by-pixel comparisonsito a single image or
video quality index.

The most commonly used data metric is the PSNR. In the contextfdmage pro-
cessing, PSNR is a popular full reference quality metric, esgally among the image
and video coding communities. Formally, it is de ned as:
Lz 1 X
PSNR (dB) = 10l0g,g —— , With MSE = — (kY% (4.1)
MSE N
wherey, and Yk represent the values of thé-th pixel on the reference and distorted
images, respectivelyL. is the maximum pixel value per color component (usually
255), N is the number of pixels, and MSE stands fomean squared error

The simplicity of equation (4.1) is one of the main reasonstfthe generalized use of
the PSNR; another reason for the popularity of the PSNR is its ear mathematical
meaning. Since it is based on the MSE, it can be easily appli@dminimization or
optimization problems (e.g, rate control). Besides that, another reason for using
PSNR is the fact that the existing standards for objective vido quality metrics are
very recent, and thus their use is not yet spread among the \@d 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 grception of
quality [62,63]. When looking into (4.1), it is easily undestood that PSNR treats
all errors in the same way, regardless their image context. hiis, the PSNR is
completely blind to the way the human visual system perceigemage errors.

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

Other quality metrics based on the di erence between pixel vaes have been pro-
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(a) Original House image.

(b) JPEG encoded with QF=15 (c) Corrupted with additive noise
(PSNR=24:33 dB). (PSNR=24:28 dB).

Figure 4.4: Images with similar PSNR, but di erent perceptualquality impact.

posed and tested [64]. In general, metrics based on pixel eiences may be e ec-
tive for a speci c distortion source, but they usually fail aross di erent distortion
sources. Since they also require the reference image or widéhe range of applica-
tions is also restricted.

In [65], it is pointed out that PSNR and the generality of data netrics aredistortion-
agnosticand content-agnostic Being distortion-agnostic, it means that data metrics
are blind to the distortion sources. For instance, they dealith noise resulting
from low-pass ltering the same way they deal with structurednoise such as the
block e ect. Being content-agnostic means that data metricdo not consider image
content such as textures and edges, or video content such astion.

A data metric that can be viewed as a possible exception is tih@creasingly popular
structural similarity index (SSIM). SSIM is a full reference metric that was originally
proposed by Wanget al. in [66,67], for assessing the quality of still images subjec
to di erent distortion sources. Although not considering image content explicitly,
image quality scores resulting from the SSIM metric have sivo a high correlation
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with MOS values. Besides that, SSIM works well across di erémmage distortion
sources.

MOS predictions computed by SSIM are based on three di erenheasurements,
computed across image blocks (or using a sliding window assothe image). Ba-
sically, these measurements are indicators for luminanceontrast and structure
comparison between the two image regions under analysis. gResenting byl; (y;¥),

G (y;¥) and s;(y;¥) the luminance, contrast and structural terms computed in e
j -th image block, they are de ned as:

R S = 2R @)

g+ Kz y 3t Kg’

2 + K 2
;9 = 52— gy = S
J(yy) §+ §2)+Kl Cl(yy) §+
where  and ¢ represent the mean of the pixel values at the¢-th block of the
reference imagey and of the distorted imagey? respectively; , and ¢ are the
corresponding standard deviations; yy is the standard deviation of the joint term
y¥. K1, K, and K3 are small valued constants add for stability (they avoid thaa

term goes to in nity).

For each image block, these three measurements are combimei a single local
measurement, according to:

SSIM(y;9) = li(y;9) a(v;)  s(y;9: (4.3)

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

X

SSIMyosar = 1 SSIM (¥:9); (4.4)
j=1

whereM is the number of individual block-wise SSIM measurements.

An extension of the SSIM metric to video was proposed in [68]. aBically, SSIM
indexes are computed on a frame-by-frame basis and then weigghtaccording to the
motion properties of the video sequence. The result of thiseighting is a quality
index for the whole video sequence. Since the video SSIM nietlso uses motion
features, it is closer to a picture metric than to a data meta.
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4.4 Picture metrics

Picture metrics are those which explicitly consider the cdants of an image or video.
According to the approach that is followed for deriving the migic, picture metrics
may be classi ed according to three classes:

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

Artifact measurement metrics { metrics within this class are usually
much simpler than those following the psychophysical appach. However,
they are designed for speci ¢ applications and must make asaptions about
the sources of distortion that will a ect the images or video Instead of mod-
eling the human visual system, the approach is to select a sa@tartifacts that
result from a speci ¢c encoding method or speci ¢ transmissh errors, measure
and combine them in order to t data collected from subjectie quality assess-
ment experiments. Most of the no-reference objective qualitnetrics found in
literature follow this approach.

Feature-based metrics  { similarly to artifact measurement metrics, feature-
based metrics are also simpler than those following the p$wphysical ap-
proach and designed for a specic distortion source. The rmaidi erence is

that feature-based metrics use image or video content chatagstics, such as
spatial activity measurements, edge maps, temporal acttyimeasurements or
motion vectors, and lower level data, such as video bitratend combine them
in order to t subjective quality data. Feature-based metrics can be found
within the FR, RR and NR classes, but most of the work found onterature

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 humasual system to a
visual stimulus, located at a given image pixel, strongly geends on the relation
between the luminance at that pixel and at its surrounding piels. A contrast
sensitivity function (CSF) quanti es the HVS response to local luminance changes,
both in space and in time. Contrast sensitivity can be de neds the inverse of the
minimum contrast that is necessary for an observer to deteet stimulus. The most
signi cant research on spatio-temporal CSFs is due to Kelly6p] and Daly [41]. In
their work, the spatio-temporal sensitivity is computed as dunction of the spatial
frequency,fs, and the retinal velocity, vg:

4 c f
CSF(Wa:fs) = SGVR(2 ¢ 1f )2 exp fcl s (4.5)
max
with the terms S and f ,ax de ned as:
VR 3 P1
S= + I —_ df = —
S S 09 3 an max GV + 2,

where s;, S, and p; are constants;cy, ¢; and ¢, are parameters that allow model
tunning. An illustration of the contrast sensitivity functi on by Kelly and Daly was
already depicted in Figure 2.5.

Spatial frequency depends on the observation angle of a dixehich is given by

parameters external to the video, such as the distance of tiodserver to the screen,
the resolution of the display or the size of picture on the seen. The object velocity
in the retina plane is related to the object velocity in the inage plane. In [41], the
object velocity in the retina plane is given by the angular Vecity of the object on

the image plane, compensated with a term associated to eyevaments.

Contrast sensitivity functions can be used for weighting ilmge errors. For instance,
since the CSF by Kelly and Daly operates on the frequency domait may be used
for weighting the di erences between reference and distedtl DCT coe cients.

Another important work that follows a psychophysical approah to image quality
assessment is the perceptual model proposed by Watson in. []his model lead
to the development of theDCTune [70] algorithm, which is a perceptually adapted
distortion metric for deriving optimized quantization matrices in the context of
JPEG encoding.



62 Objective quality assessment metrics

The model by Watson computes the perceptibility of modi caions in 8 8 DCT
coe cients in terms of just noticeable di erences(JNDs), whose threshold values are
calledslacks Each slack value is computed by considering luminance adapon and
spatial contrast masking.

After obtaining the slack values, the local errors between threference and distorted
coe cient values are computed. The perceptual error assatied to each quantized
DCT coe cient, ", (i;] ), is computed as the ratio between the error,,(i;] ), and
its corresponding slacksi(i; ] ):

k(i)
S(izj )’
Similarly to what was discussed in Section 2.2.4, local pemn%al errlors are combined
using a Minkowski summation (orL,-norm) in the form ( "P)r, resulting in a
global distortion measurement for the whole image. Studiédsom Watson [8,46] and
Lambretch [47] suggest that the exponenp may be set to 4 in order to emphasize
the fact that higher distortions may draw the viewer's attetion, having a stronger
impact on the global perception of quality. Thus, a global ditortion metric, Dy, IS
computed by combining all perceptual errors using 4 error pooling:

(i) = (4.6)

V
ﬁ 1 XXX
Dw = * M "o (1) (4.7)
k=1 i=0 j=0

where M is the total number of coe cients under analysis andN is the number
of coe cients per frequency (which is same as the number of 8 8 blocks in the
image).

Multi-channel metrics

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

Generally, multi-channel models operate on both the lumina® and chrominance
components of an image or video. After a color space conversistep (usually a
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conversion to the YCbCr color space), each color componentsabject to a \per-
ceptual” decomposition. Depending on the model, this decoragpition can either
be performed using Gabor Iters [74], steerable pyramid demposition [75, 76] or
Gaussian and Laplacian pyramid decompositions [72,73].

The result of the decomposition is a set of sub-band signalsr(ohannels) with
di erent resolutions and orientations that try to mimic the mechanisms of the human
visual system. These sub-band signals are subject to spatiléring and contrast
measurements in order to obtain a contrast masking map for @asub-band. If the
metrics are to be applied to video, temporal ltering proceses are also included in
the model. The resulting masking maps are used for error whting at each sub-
band. Weighted errors are combined in a pooling process thabmputes a global
guality measurement.

As can be concluded from this short description, quality meits based on multi-
channel models implement most known features of the HVS, thuteay have the
great potential in providing quality scores that correlatewell with the subjective
assessment scores. However, their complexity (both for ingphentation and for
computing) is very high, which may be a drawback for their gesralized use.

4.4.2 Artifact measurement metrics

Quality metrics based on artifact measurements are typidgldesigned for no-referen-
ce quality assessment of images and video. These metrics designed keeping in
mind that images or videos are subject to an encoding methodat may cause the
visibility of speci ¢ compression artifacts (such as thoséescribed 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 e ect measurement

Since most image and video encoding standards are block-lthgag., 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 e ect. Examples of du metrics are pub-
lished in [15,18,22,23].

Probably the rst quality metric that quanti es the block e ect is the work by Wu
and Yuen in [15]. It starts by computing the horizontal and vetical di erences
of pixel values located at the boundaries of 8 8 blocks. Then, it weights those
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Figure 4.5: Ideal block signal and the corresponding di eree signal (adapted
from [18]).

di erences considering the luminance and contrast maskingiodels given in [77].
Luminance masking is performed by assigning lower weights the di erences lo-
cated in the extreme dark or extreme bright image areas; caast masking is per-
formed by computing a spatial activity measurement in the lidcks adjacent to each
boundary, assigning lower weights to the di erences locadein busy regions of the
image. A similar algorithm can be found in [22], where the abibr also proposes to
measure block e ect using block boundaries di erences. Whatompared with [15],
the main di erence is that inter-block pixel di erences are weghted using a di erent

luminance masking model.

In [18], Wanget al. proposed to model a blocky image as the result of a non-blocky
image interfered with a blocky signal. Measurement of the &tk e ect can thus be
seen as an estimation of the blocky signal's power. In ordes tio so, the algorithm
starts by computing the dierence of consecutive pixel vakess along the vertical
and horizontal directions. Then, a one dimensiondhst Fourier transform (FFT)
is applied to those dierences (separately for both direatins). In the frequency
domain, a blocky image is characterized by the existence ajually spaced peaks
in the power spectrum. The concept is illustrated in Figure &. The power of the
blocky signal is computed as the di erence between the powef the blocky image
and an estimate of the power of the original, non-blocky, im&g This estimate is
computed by smoothing (removing the peaks) the power speatn of the blocky
image, using median Itering { the result is an estimate for he power spectrum of
the blocky signal, which is used as a block e ect measurement

All of the above mentioned methods are based in the premise tha blocky image
always contains discontinuities across the block's boudas. However, that is not
the case if coarse quantization is applied to an homogeneounsage region é.g,

part of an image representing a sky without clouds). In suchases, pixel di erences
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(a) Original image. (b) JPEG encoded.

Figure 4.6: Flatnesse ect caused by low bitrate JPEG encoding, the concept which
is explored by Panet al. in [23].

across block's boundaries may in fact be null, leading to anaccurate block artifact
measurement if only those di erences are considered. In ord® overcome this
issue, Panet al. proposed in [23] a block artifact measurement technique the the

result of two terms: blockinessand atness. The \blockiness" term is based on inter-
block di erences, considering the values of four pixels ontleer side of the block's
boundaries. As for the \ atness" term, it is basically the nunber of null di erences
between consecutive pixel values measured in the vicinity @ach blocks's boundary
(di erences are measured along directions orthogonal to ¢hboundary direction).

Figure 4.6 illustrates the concept: the original image in fgure 4.6-a) has been JPEG
encoded with a small quality factor in order to emphasize thkelock e ect, resulting
in the image depicted in Figure 4.6-b). When looking into theky of the encoded
image, it can be observed that several adjacent blocks exlithe same pixel values.
If artifact measurement was based on block di erences onlihose blocks would not
contribute for the measurement { that is the reason behind té \ atness" term,
which accounts for those situations.

Blur measurement

Blur is another typical artifact addressed by artifact measrement metrics. Although
di erent sources for blur exist, in the context of image qualy assessment these
metrics typically deal with blur caused by lossy encoding dhe 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" gight, with larger
weights located in the diagonal from the upper-left corner (D@oe cient) to the
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lower-right corner. This weighting grid can be justi ed becase it does not privilege
any blur direction. For each DCT frequency, if there are enougsmall valued coe -
cients, it accumulates the weight at the corresponding pdgin. After all frequencies
have been dealt with, the accumulated weight values are dded by the sum of all
values in the weighting grid.

Marziliano et al. proposed to quantify blur by measuring the thickness of imag
edges [19]. In their work, the process of measuring edge Kmess is performed for
vertical edges only, which are found using a Sobel lter. Foeach image row, the
algorithm determines the width of each edge that is found andfter processing all
image rows, the average edge width is computed and used as ar lsheasurement.
An illustration of the algorithm's main idea is depicted in Fgure 4.7: Figures 4.7-a)
and b) represent the originalCaps image and the corresponding gradient in the
horizontal direction, respectively; similarly, Figures 4-c) and d) depict a blurred
version of theCapsimage and the corresponding gradient in the horizontal diotion.
When comparing the gradient images, it can be observed thahé edges found in
the blurred image are wider than those of the original imageA measurement of
the average edge width can thus be used for measuring the ambof blur. The
algorithm as been tested in images corrupted by gaussian blnd in images subject
to JPEG2000 encoding. Results were good for the former cabet modest for the
latter case.

Wang et al. proposed in [21] an artifact oriented metric that measureslilr and
block e ect artifacts, combining them into a single qualityindex. The block e ect is
measured in the traditional way, by averaging the di erenceat block's boundaries,
while blur is measured by accounting for the signal activityn the image. The signal
activity is given by the average inter-pixel absolute di er@ces inside each block and
by accounting for zero-crossings in pixel di erences alonbé horizontal and vertical
directions (which in practice works as a count for local mamiums and minimums
along those directions). The three measurements (block etand the two blur
terms) are combined in the form of a product of powers, plus amset, using the
exponents of those powers as tunning parameters.

Related work that is close to blur estimation is due to Caviess and Gurbuz in [78].
Here, it is proposed to measure image and video sharpness @ahtan be seen as the
inverse of blur). The proposed method starts by computing # edges of the image
under evaluation. Then, it applies an 8 8 2D DCT centered at each pixel belonging
to an edge, and computes the kurtosis of the resulting AC DCT eccients. This
analysis is performed for all edge pixels and the average bétkurtosis values is used
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(a) Original Capsimage. (b) Horizontal direction gradient.

(c) Blurred image. (d) Horizontal direction gradient.

Figure 4.7: The e ect of blur on image edges, the concept exjped in the algorithm
proposed by Marzilianoet al. in [19].

as a sharpness metric. This work is further improved in [79hy also considering
spatial information of the edges and directional image engy in the DCT frequency
spectrum.

Ringing measurement

The main motivation for the measurement of the ringing artifict is image quality
assessment of JPEG2000 encoded images. As already mentioime8ection 2.4.3,
ringing is due to Gibbs phenomenon, and it is perceived by thdVS as spurious
oscillations in pixel values around image edges separatisgiooth regions. Thus,
most approaches for the measurement of ringing are based bt detection of image
regions around those edges [16, 24{26].

One of the rst techniques that quanti es the ringing artifact is due to the work of
Qqus et al. in [16]. Their work emphasizes a ringing artifact reductiortechnique
based on morphological operations, but they also propose a-reference objective
quality metric based on the ringing artifact measurement.rl order to compute this
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measurement, the algorithm starts by locating the image ass where the ringing
artifact is likely to be visible. Since these locations usllg correspond to transitions
between smooth image regions, the algorithm tries to nd tha using edge detection
techniques and morphological operations. Since ringingdbaracterized by spurious
oscillations in those areas, it is quanti ed by computing tle variance of pixel values
in 4 4 blocks located inside the regions detected in the previostep. Although
interesting ideas are presented in [16], the proposed methwas tested using cartoon
images, without texture, and thus not representative of natral images. Similar ideas
for ringing measurement in JPEG2000 encoded images are pospd 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] (alreadynentioned in this sec-
tion), for assessing the quality of images subject to JPEGQ0 encoding. In order
to quantify the ringing artifact, the algorithm starts by n ding the most signi cant
vertical edges in the image. This operation is performed byoBel Itering followed
by thresholding. Then, for each image row, a distortion angsis is performed at
both sides of each edge. The number of pixels that are analyzat each side of the
edge depend on the size of the wavelet decomposition Itersed in JPEG2000 and
on the e ects of blur in the edges (previously measured). Disttion analysis in the
vicinity of each edge is carried out by computing the errorsdiween the correspond-
ing reference and distorted pixel values. The di erence beeen the maximum and
the minimum error found on each edge side is then multipliedylthe number of ana-
lyzed pixels, resulting in a local ringing measurement. A gbal ringing measurement
is computed by averaging all local measurements.

In all the works mentioned above, natural textures presentni the images could
negatively in uence the detection of regions where ringingould be perceived, the
\ringing regions”. Thus, those algorithms also measure thenging artifact in re-
gions where it is not perceived by the human observer (such iastextured regions).
More recently, Liu et al. proposed a no-reference ringing metric in [26], where spécia
attention is given to the detection of the \ringing regions" This algorithm performs
a pre- ltering step in order to smooth textured regions of theimage. After this
pre- Itering process, it performs edge detection and, due tthe previous step, only
the stronger edgesd.g., object contours) are detected. The \ringing regions" arexe
tracted by inspection of the image regions in the vicinity ofhe stronger edges. Once
those regions are detected, ringing measurements are congausimilarly to [16], by
computing local pixel variances in 3 3 windows.
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4.4.3 Feature-based metrics

Feature-based quality assessment metrics are those thatleot a set of features from
the reference and distorted videos (or from the distorted @eo only, in the case of
a no-reference metric), and combine them in order to obtain auglity prediction.
These type of metrics can be seen as angineering approach1] to the HVS mod-
eling. The main motivation for the development of feature-bsed quality metrics
is that it does not require a deep knowledge about the mechanis of the human
vision. The HVS is implicitly modeled by the way the features @& combined, which
generally follows methodologies that are more familiar tongineers, such as neural
networks or regression models.

An example of a feature-based no-reference quality assessnmaetric for still im-
ages is the work by Gastaldeet al. in [80, 81], where several features based on
pixel values, correlation measurements, and DCT frequencyhain coe cients are
extracted from the distorted image. Those features are thegent to a circular back-
propagation neural network that combines them and computes quality score. The
use of neural networks was also proposed by Babu and Perkig82], who developed
a no-reference metric for quality assessment of JPEG encodethges. In their work,
the inputs of the neural network are block-based features wdii are measurements
of the background luminance, background activity, edge anifude and length.

Neural networks have also been used for video quality assessin In [28], Rieset al.
propose the use of motion-based features that are combinedngsneural networks.
The system has been trained for working in a mobile video saming context. The
same authors proposed in [29] a linear model for combiningae motion-based fea-
tures, as well as the video bitrate, in order to perform no-refence quality assessment
of H.264 encoded video sequences (without transmission es)o

In [27], Oelbaum and Diepold propose a reduced reference qyametric for H.264
video that is based on the extraction of a set of features. Itses temporal fea-
tures such as motion continuity and frame predictability, patial features such as
edge continuity, a color continuity feature, and combineshem linearly with artifact
measurements, namely blur and block e ect measurements.

Pinson and Wolf proposed a feature-based full reference goakhssessment metric
in [83]. In their model, quality scores result from combinig seven di erent features,
which are computed from both the reference and distorted vebs. Five of those
features are in fact measurements that provide an indicatioof artifacts present in
the video (blur, block e ect and color impairments). There $ also one feature that
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addresses spatio-temporal masking e ects and a feature that@unts for actual
improvements of quality in the distorted video (edge and cdrast enhancements).
The combination of these feature values follows a simple &ar model, where the
linear weights work as tunning parameters.

The edge{PSNR(E{PSNR) [84] by Leeet al. can be seen as a feature-based metric
for video that can either work in full reference mode or reded reference mode.
E{PSNR uses an edge map of the original image, where each pilk@tation is a
low-level feature. In full reference operation, the edge mdp extracted from the
reference and the PSNR is measured by accounting the pixel drences at edge
locations, only. In reduced reference operation mode, thelgee map is computed
before transmission and a selection of edge locations ancithluminance values is
sent as side information. At the receiver, the PSNR is compulieby considering the
received edge locations only. In order to account for the pmbility of jitter, the
reduced reference operation mode also compensates the B{fRSmeasurement by
considering the frame freezing time.

4.5 Bitstream-based metrics

For long, the network quality of service community has beensing metrics such as the
bit error rate (BER) or the packet loss ratgPLR) in order to quantify transmission

errors. Similarly to what was discussed in Section 4.3 for ¢hPSNR, those simple
measurements may be su cient to characterize data transmssons where all bits are
equally important, but they are not suitable for fully charecterizing transmission
losses in multimedia data. For instance, packet losses indeio transmissions may
lead to di erent subjective quality impacts depending on wich parts of the video
bitstream have been a ected.

Thus, bitstream-based quality assessment metrics may coder simple measure-
ments such as the packet loss rate, but that is clearly not swient. Generally,
additional information is extracted from the bitstream, usng partial decoding of
the bitstream elements. Other features extracted from theeceived packets can also
be used (for instance, packet numbers and timestamps).
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45.1 Packet-oriented metrics

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

Winkler and Mohandas proposed in [65] a no-reference metrictfie V{factor {
oriented to packetized transmission of MPEG-2 and H.264 vided’he metric uses
information collected from the packet headers, from the kstream and from the
decoded video, and combines the collected data in order totaim a quality score.
However, since the metric was developed for commercial puges, there are not
many details on its implementation.

4.5.2 PSNR estimation algorithms

A possible approach to no-reference quality assessment of@ted video, that uses
information collected from the bitstream, is to estimate tle PSNR of the received
encoded media with respect to its reference. Although PSNR israugh quality
metric when considering all possible distortion sourcess aiscussed in Section 4.3,
it may actually be a reasonable quality indicator when the ditortion is caused by
lossy image or video encoding. The motivation for using PSNRstamates in such
cases may also be justied by the absence of other e ective neference quality
assessment methods.

In [87], Turagaet al. were probably the rst authors to propose an algorithm that
estimates the PSNR of encoded video sequences based on thassitzal properties
of DCT coe cients. The distribution of the original (reference) DCT coe cient

data is estimated at the receiver. Using those statistical giributions, together
with knowledge about the quantization steps used for videoneoding, allows an
estimation of the quantization error produced during videaencoding, and thus it
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is possible to estimate the PSNR of encoded video by lookinganits bitstream.
However, the method described in [87] does not include a rolb@stimation of the
original DCT coe cients distribution, and thus PSNR estimati on accuracy decreases
as coding rate decreases. This is due to the increasing numb&DCT coe cients
guantized to zero values, which lead to inaccurate statistal parameter estimation.

Aware of the above mentioned problem, Ichigayat al. have proposed a method
for PSNR estimation [88] that models DCT coe cient distributions as a weighted
mixture of Laplaceprobability density functions(PDFs): one is computed by consid-
ering all quantized coe cient values and the other is compuwd by considering the
non-zero quantized values only. Although a considerable ingyement is reported
in [88] when compared with [87], the proposed method stillifa when all (or almost
all) DCT coe cients at the same frequency are quantized to zer.

In a more recent work [89], Eden proposes a PSNR estimation rhetd for H.264
encoded video sequences. Similarly to what was done in theeyious works, the
coe cients' distributions are modeled according to Laplae densities. The main
novelty is the use of a low complexity algorithm for the estiration of the probability
density's parameter and the ability to deal with the possiblity of all DCT coe cients
at a given frequency being quantized to zero. The results defed in [89] show that
this strategy provides good PSNR estimates for I-frames but ¢éhresults 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 di erence is that instead of using Laplace densitiest is suggested to use
Cauchy densities for modeling the DCT coe cients' distributions.

4.6 Standardization of objective metrics

The rst standardized full reference objective quality assssment metrics were pub-
lished in 2001 under ITU-T Recommendation J.144 [91]. Howevéehe performance

of those metrics was not satisfying enough for ITU: in the cohesion 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 modés video quality assess-
ment utilizing full reference methodology Nevertheless, it is worth to mention that
the full reference algorithm from Pinson and Wolf [83], oneféhe metrics present in
ITU-T Rec. J.144, was published in 2003 as part of the ANSI T1.803-2003 [92]
standard.
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Afterwards, another call for standardization of objective gality assessment met-
rics resulted in the publication, in 2008, of ITU-T Recommend#&ns J.246 [3] and
J.247 [4]. Recommendation J.246 standardizes a reducederehce metric while
Recommendation J.247 provides the necessary details foretimplementation of
four possible full reference metrics.

The full reference models described in ITU-T Rec. J.247 are tlellowing:

NTT full reference model{ a full reference metric developed bWippon Tele-
graph and TelephongNTT) Corporation, Japan. It consists in three main
modules: video alignment, temporal and spatial feature deation and qual-
ity estimation. This metric uses an edge related feature artd/o motion related
features. Besides those features, it also uses the PSNR betweeference and
distorted signal and a frame freeze measurement.

Opticom PEVQ { the perceptual evaluation video qualityPEVQ) metric, from

Opticom, Germany, is a metric based on the work of Hekstrat al. published
in [93]. Quality prediction result from combining ve features (four spatial fea-
tures and one temporal feature) extracted from both the origal and distorted
videos. All features are combined using a weighted sum of Istit functions
(one logistic function per feature).

Psytechnics model in the FR model from Psytechnics Ltd, U.K., spatio-
temporal features are extracted either directly from the ditorted video signal
or result from a comparison between the original and the distted videos. This
metric also uses artifact measurement algorithms focused the measurement
of blur, block e ect and distortion around edges (which impgctitly measures
ringing / mosquito noise artifacts). All features and artifact measurements are
then linearly combined in order to obtain a MOS prediction.

Yonsei model{ this metric, from Yonsei University, Korea, is probably the
most simple standardized FR model. It combines the full refence operation
of the E{PSNR metric [84] (already mentioned in Section 4.4)3with block
e ect and blur measurement metrics.

It is interesting to notice that the FR models standardizedn [4] use a wide mixture
of the ideas presented in the previous section. It is also viorto mention that all of
the above standardized metrics include sophisticated predures 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 re@&rce model which
is basically the E{PSNR algorithm from Leeet al. proposed in [84], already men-
tioned at the end of Section 4.4.3. It de nes di erent operabn modes on the side
information channel that depend on the video resolution andn the available band-
width.

Concerning the no-reference approach for objective quali#gsessment metrics of dig-
ital television content, there are no standardized procedes yet. The only standard
that is related with no-reference image quality assessmerst iTU-T Recommenda-
tion G.1070 [7], that standardizes a quality model for videtelephony applications.
This standard describes separate models for audio and vidas well as a multimedia
model, that joins both audio and video. The algorithm for vigéo quality assessment
uses packet and bitstream-oriented features such as packesd rate, end-to-end de-
lay, encoding bitrate and frame rate. The standard also stat that the applicability
of the model should be restricted for QoS/QoE planning purgses only.

4.7 Performance of an objective metric

The performance of an objective quality assessment metrecavaluated by comparing
the MOS predictions computed by the metric with those resuiihg from subjective

guality assessment tests. In order to quantify such compaon, VQEG suggests the
use of the performance indicators described in the follovgrtext.

Root mean squared (RMS) error

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

data. In other words, it measures the predictions' accuracyt is de ned as:
U

1 X
RMS = t o M A4S MOS))z (4.8)

S =1

whereNs is the number of assessed images or video sequeriktb@,s and MOS; are
the predicted and true MOS values for the-th image or video sequence, respectively.
An high value for the RMS error indicates a poor metric's perfonance.
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Pearson's correlation coe cient

When applied to the evaluation of an objective metric's pedgrmance, Pearson's
correlation coe cient , ., measures the degree of linear relation between MOS pre-
dictions and their true values. The ideal value of . = 1 means that such relationship
could be described by an a ne function. . can be computed as:

P
5 (MOS 1y e5)(MOSi wios)

TP T ; (4.9)
T (MOS  yes)? 1 (MOSi wos)?

where ,, 45 and mos represent the average values for MOS predictions and true
MOS values, respectively.

Spearman's rank correlation coe cient

The Spearman's rank order coe cient, ¢, is a form of correlation that measures
how well the relation between two variables can be describég a monotonic func-
tion. Thus it measures the monotonicity of the MOS predictios without making
assumptions about the functional form of the relationship étween those predictions
and their corresponding true values. It can be computed as:

6 X

=1 -
s N(N2 1)

( R)% (4.10)

with
Ri = rank(MOS) rank(MOS;));

whererank (Xx;) represents the statistical rank of value; (the relative position of x;
in a sorted list of all sample values). Similarly to Pearsoa’correlation coe cient,
the ideal value of 5 is 1, a condition that would be veri ed if the estimated valus
grow with the true values.

Outlier ratio

The outlier ratio evaluates how consistent is the accuracy of MOS predictiop®r-
formed by an objective metric. A small value for the outlier atio means that the
metric performs equally well for all assessed images or vwdsequences. An higher
value may indicate that the metric's predictions are inconistent, i.e., it does not
perform well in a subset of the assessed images or sequences.
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The outlier ratio, Oy, is given by the ratio between predictions considered as diets
and the total number of predictions:

Or — Noutliers : (4-11)
Ns

A MOS prediction is considered to be an outlier if it veri es he condition:
iMOS  MOS;j> 2 yos,; (4.12)

where yos, is the standard deviation of the valid scores given to the ingired
image or video sequencie(during the subjective assessment).

4.8 Summary

This chapter presented an overview of the research work onjebtive quality assess-
ment metrics. It started by performing a classi cation of these metrics. They can
be classi ed according to two possibilities: 1) considergnthe amount of informa-
tion about the reference signal that is required for computg the quality score; 2)
considering the type of image / video data used for computinthe metric's result.

These possibilities are depicted in the scheme of Figure 4.8

After presenting this classi cation, a state-of-the-art of theliterature on the topic
has been presented. It included relevant examples of propdsjuality metrics among
all their classes, with a greater emphasis on those belongito the no-reference qual-
ity assessment. It also presented the recent standardizedopedures for objective
assessment.
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Feature-based metrics

Bitstream-based metrics
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Packet-oriented metrics

<J

PSNR estimation metrics

Figure 4.8: Objective image quality assessment classi ¢ah.
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Chapter 5

Image quality assessment using
watermarking

5.1 Introduction

In the previous chapter, a brief overview of objective imagand video quality assess-
ment metrics has been presented. Objective quality metridsave been grouped into
classes and the most signi cant algorithms have been brie giescribed. As already
mentioned, most of the no-reference quality assessment altfons described in lit-

erature are oriented for measuring speci ¢ artifacts origated by the encoding of
visual contents. In this chapter, the possibility of using w&termarking techniques for
image quality assessment is investigated. More speci cglthis chapter proposes a
no-reference image quality assessment algorithm based onemnarking techniques.

Most of the research on watermarking techniques was perfoech during the sec-
ond half of the 90's. Watermarking techniques were initiaJi proposed as possible
solutions for audio, image and video copyright protectiorssues. Later, new water-
marking algorithms enabled applications such as identi d@on and authentication,
steganography and ngerprinting.

The main motivation for using watermarking on NR image and vido quality assess-
ment is as follows: an imperceptible reference signal, theatermark 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 thbost will be subject
to the same distortion sources. At the receiver, it is expeable that the quality
of the host signal is related with the distortion of the watemark signal. Thus, a

79
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Figure 5.1. Watermarking-based image quality assessmentssym.

guality score could be derived from a comparison between tiheference watermark
(i.e., the watermark embedded at the source) and the extracted watmark at the
receiver. This concept can be observed in Figure 5.1.

The characteristics of a watermarking-based quality assesent system place it be-
tween a reduced reference and a no-reference system. It rdsesra RR metric
system in the sense that the watermark signal can be viewedthg additional infor-

mation transmitted. However, this information is usually irdependent of the host
signal, which is not the case in a RR metric system. On the othdédand, and since
the transmission of the watermark information does not reqre the use of additional
bandwidth, such system is closer to a NR metric system.

In the context of this Thesis, the information carried by thewatermark does not
depend on the reference image. It is also assumed that theemreince watermark
signal is known at the receiver side. Since no additional bdwidth is required by
the quality assessment system, the proposed watermark-bdsguality assessment
techniques will be considered as no-reference metrics.

In general, watermarking for quality assessment of videoansmission 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 wibe consid-
ered as the reference (thus the invisibility of the waterm&rmust be assured).
The majority of watermarking algorithms follow a spread-spetrum [94] or a
guantization-based approach [95].

2. Encoding and transmission of the watermarked medfathis is the part of the
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communication process where the watermarked media is suttjéo distortion.
As already discussed, distortion is mainly due to lossy endad / 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 it it is assumed
that the reference watermark signal is known or can be repdited at the receiv-
ing side. The extracted watermark is compared with the refence watermark.
Since it is expectable that distortion in the extracted watemarked signal in-
creases with the host signal's distortion, image quality sces are based on the
result of such comparison.

Computing quality scores based on the comparison betweerierence and extracted
watermarking signals can be performed using di erent methadogies. The following
methods have been proposed in literature:

Watermark bit error rate { this is probably the most simple but also the
most inaccurate metric, since it correlates poorly with thdhuman perception
of quality. This is the metric proposed by Wanget al. in [96] and also by
Zhenget al. in [97]. As expected, the watermark bit error rate increases
with increasing distortion, but its direct use is not adequee for image quality
scoring.

Watermark signal mean squared errorWuse ) { the MSE between extracted
and reference watermark signals can provide a greater acacy than the ex-
tracted mark error rate, since it exhibits a better correlaibn with the MSE of
host image or video. This fact suggests that it is possible telate an image or
video PSNR withWyse , using a function in the form PSNRyage = f (Wuse ),

wheref (x) is usually a linear function approximation valid for a give range
of PSNR values. This measurement (or similar) is proposed by¢ majority

of the authors: Campisiet al. in [98{100], Fariaset al. in [101,102], Saviotti
et al. in [103] and Sugimotoet al. in [104].

Correlation between extracted and reference watermark sais { another pro-
posed alternative is to compute the correlation between exicted watermark
signal and the reference watermark signal. This is the metrused in the work
of Bossiet al. [105] and it is also one of the metrics analyzed by Hollimaet
al. in [106].
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All of the previously mentioned methods explicitly use the wrmark signal, i.e.,
the quality rating of the received media is estimated direty from the watermark
degradation. However, the nature of the problem also suggesin implicit use of
the watermark signal { the watermark could carry information to be used as side
information for the quality evaluation system following aneven closer approach to
reduced reference metrics, with the advantage of not reqing additional band-
width or extra channels. This possibility is addressed on thwork by Holliman
et al. in [106]. In this paper, it is suggested the use of a watermatkat com-
prises information regarding the maximum distortion allowd at each image point.
This is accomplished by using a set of quantizers, from whosetput the water-
mark depends (the authors suggest that the quantizer set cdoe designed according
to the characteristics of the human visual system). During ta extraction phase,
out-bounded local distortions will originate watermark extaction errors, and thus
allowing to localize those distortions.

In the watermarking-based quality assessment system desad in this chapter,
image distortion is measured by estimating the error on thex&racted watermark
signal. From this estimate, it is possible to measure the watmark's MSE similarly
to what is done in [98{104], with a greater advantage: the ppmsed watermarking
scheme was designed in such a way that the di erences betweexiracted and
reference watermark signals correspond to the di erence beten the distorted and
the original images.

It is also proposed to weight these di erences as a functioffi the extraction bit error
rate or using image statistics in the frequency domain. Thesweighting strategies
aim to compensate watermark's MSE underestimation as distion increases. In
order to control watermark imperceptibility, while maximizing the watermark's ro-
bustness to distortion, non-uniform and frequency adapteduantization functions
that consider the characteristics of the human visual syste have also been derived.
Error estimates resulting from this step are also perceptilg weighted, in order to
predict MOS values, which is also a novel and advantageousoposed feature, when
compared with other watermarking-based quality assessmeatgorithms found in
the literature.

This chapter is organized as follows: after the introductim Section 5.2 describes
the proposed watermarking system. Section 5.3 explains hdwcal error estimates
are computed based on the watermark’s extraction. Sectiondsdepicts the results
achieved by the algorithms and, nally, Section 5.5 draws th main conclusions from
the work presented along this chapter.



5.2 Watermarking scheme 83

Perceptual
model
q ot
Original image + Watermarked image
Yy [gx8| X o | | Watermark | X | 8x8 | ¥
— > DCT —»| Quantization mapping — -1 IDCT — >

Figure 5.2: Watermark embedding scheme.

5.2 Watermarking scheme

5.2.1 Watermark embedding

Consider that a reference binary watermark message;, is to be embedded into
the luminance component of a host imagg (for the case of video, the watermark
is embedded in a frame-by-frame basis). Watermark embeddingndh extraction
are both performed in the 8 8 blockwise DCT domain ofy, using a quantization-
based approach [95]. When used in conjunction with blockvei©CT-based encoding
standards (JPEG, MPEG, H.264), this scheme allows the wateranking processes
to work directly in the frequency domain, without the need fo fully decoding the
images.

Figure 5.2 depicts the embedding scheme. Lek(i;] ) represent the resulting DCT
coe cient located at frequency position (;j ) of the k-th block. Each DCT coe cient
is then quantized according to functiorg(:), resulting in value Q,, which can assume
one out of 2. possible values, withl 2f L; 1;1;::;Lg. Each coe cient used for
embedding is modi ed to the nearest quantization value whesleast signi cant bit
(LSB) is equal to the watermark bit to be embedded. Note that this gantization
process is for watermark embedding purposes only and shoulot be confused with
the quantization process associated to lossy image encaginFormally, assuming
that Q, is the quantization value nearest toxy(i;j ), the watermarked coe cient,
Xr, (i;] ), is obtained by:

8

<Q:;  if mod(; 2) = w, (i} );

Xr (5]) =, _ (5.1)
- Qi+u; Otherwise,

wherew;, (i;] ) is the reference watermark bit to embedmod(n; m) is the remainder
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Figure 5.3: Watermark extraction scheme.

of the integer division ofn by m, and u is de ned as:

u=sgn(xk(i;j) Q): (5.2)

To complete the process, the inverse DCT transform is computeresulting in the
watermarked imagey,. 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, representedn Figure 5.3, is a wa-
termarked and possibly distorted imagey. This image is subject to 8 8 block-wise
DCT and the resulting DCT coe cients, Xg, (i;] ), are quantized with the same func-
tion used for embedding. The extracted watermarkyy, is computed by inspecting
the LSB of the resulting quantization levels.

Formally, the extracted watermark bit at position (i;j ) of the k-th block, can be
de ned as:

Wy, (I;] ) = mod(l; 2); (5.3)
wherel is the corresponding quantization level.

It is important to guarantee that the same quantization fundion is used both at
the embedding and at the extraction modules. A simple soluth is to use uniform
guantization with a pre-de ned value for the quantization sep, as proposed in [103]
and in [96]. However, there is a major drawback when using thapproach: the
pre-de ned value for the quantization step must be too smalini order to keep the
imperceptibility of the watermark signal. Since the waterrark signal is lost if dis-
tortion is greater than the quantization step, this approah will only succeed in the
presence of relatively small distortions.
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In order to minimize this problem, a non-uniform quantizatim scheme was devel-
oped. The main objective is to assign larger quantization eps to locations of the
transform domain where greater modi cations on the valuesf@CT coe cients are
allowed, without compromising the imperceptibility of thewatermark signal.

In this Thesis, it is proposed to derive those non-uniform qurization functions by
considering the perceptual model developed by Watson in [8]ready mentioned in
Section 4.4 of the previous chapter. Additional model detai) 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 ir&ion 4.4.1, estimates
the perceptibility of modi cations in individual DCT coe ci ents in terms of just

noticeable di erences(JNDs) whose threshold values are calleslacks Each slack
measures the maximum allowed modi cation to a DCT coe cient \alue that is

possible to perform before resulting in one JND.

The model comprises two components, which account for lunaince adaptation
and contrast masking. The luminance adaptation thresholdof a given coe cient,
Ti, (i), is given by [8]:

Xk(0;0) T

T (i5)) = Te(is]) oo ; (5.4)

whereTg (i;] ) is the frequency sensitivity of block coe cient at position (i;] ) (typ-
ical values are depicted in Table 5.1)x«(0;0) is the value of the DC coe cient of
block k, Xqo is the average of the DC coe cients' values in the image, and+ is a
constant whose suggested value is649.

The slack values are computed by also considering the e ect contrast masking,
according to [8]:

s(i;i) = max To, (05 ) ixais )i T, () X9 (5.5)

whereh(i; ] ) is a tunning parameter between 0 and 1. Watson suggesis;j ) = 0:7
for all (i;j) 6 (0;0) and b(i;j ) = 0 for (i;j) = (0;0), ensuring that DC coe cients
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i# 140 101 116 166 240 343 479 6.56
101 145 132 152 200 271 367 493
116 132 224 259 298 364 460 588
166 152 259 377 455 530 6.28 7.60
240 200 298 455 6.15 746 871 10.17
343 271 364 530 746 9.62 1158 1351
479 3.67 460 6.28 871 11.58 1450 17.29
6.56 493 588 7.60 10.17 1351 17.29 21.15

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

are not subject to contrast masking. Equation (5.5) can be sb rewritten as:
8

STLGD:; it (i) T (),

. . . (5.6)
(i )IMEOTL (65 )T XD otherwise,

se(i;j) =
An insight into the second case of equation (5.6) allows to colude that slack
values increase with increasing magnitudes of the DCT coe ent's values (which
resembles Weber's law, mentioned in Section 2.2.2). Thusrfquantization-based
watermarking in the DCT domain, this conclusion suggests thase of non-uniform
guantization, where the quantization steps increase withhe absolute values of DCT
coe cients.

One possible criteria for controlling the perceptibility & the error caused by wa-
termark embedding associated to a given coe cient is to maké proportional to
the corresponding slack value. Using this approach, the errdue to watermark
embedding,"y, (i;] ), at coe cient ( i;j ) of the k-th block, can be expressed as:

"we (@)= w s ); (5.7)
where , is a parameter that controls the watermark's embedding streyth.

For the purpose of deriving the quantization functions bagseon Watson's model,
consider Figure 5.4, which represents three consecutiveagtization points. Suppose
that the original coe cient value, x(i;j ), is the value marked with a cross, and
that the corresponding watermark bit value to embed is 0. Dung the watermark
embedding procedure, this coe cient will be modi ed to matd the value of Q41 . In
these conditions, the watermark embedding errot,,, (i;]j ), associated to coe cient
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Figure 5.4: Perceptually adapted distance between quanditton points.

Xk (i;] ) is:
"w(5]) = Qe Xk(is)): (5.8)
For simplicity purposes, let's assume thaky(i;j ) > T, (i;] ), a condition that cor-

responds to the second case of equation (5.6). Under this asgtion, and consid-
ering (5.7), the embedding error can be written as:

"we (1) = wixic ()T G M (5.9)
or, using (5.8):
Qua Xi(is]) = wixiis] )X, (1)) X9 (5.10)

Attending to the above equation, a solution for relatingQ, with Q,,+; is to nd
the worst case of embedding distortion for any coe cient loated in the interval
[Qi; Qi+1]. A simple solution, although not optimat, is to consider the case where
Xk(1;] ) = Q. Substituting in (5.10), leads to:

Qi = wQMIT (i) M)+ Q; (5.11)

which relatesQy+; with Q;, and thus de nes the quantization functions recursively.
The initial point for the recurrence can be chosen by consideg the rst case
in (5.6). In this work, the value of T, (i;j )=2 was selected to begin the recursive
de nition of the quantization points.

The positive quantization values can then be de ned as:

< wTe, (i), if | = 1;

Q= 2 -~ (5.12)
CQ ot W QDT ()T ), otherwise

The quantization function can be completely de ned by alsoansidering the negative

1The proposed solution is not optimal, because there is a subet of points in the interval
[Qi; Qi+1 ] whose distance toQ; ; is less than to Q).+;
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Figure 5.5: Sketch of the quantization function.

guantization 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 quantizain functions depend on
the coe cient position (i;] ) within the block, as expected. It can also be concluded
that quantization functions depend on the values of the DC codents, X,(0;0), due
to the luminance masking term,T_, de ned in (5.4). Due to distortion, the DC coef-
cient values at the receiver may become di erent from their aginal values. Thus,
at watermark extraction, this situation may lead to quantization functions di erent
from the ones used during embedding. Due to this issue, the limance masking
component of Watson's model was not considered, settifig, (i;j ) = Tg(i;] ), for all
k. Nevertheless, the robustness of the watermark when considg contrast masking
only is substantially greater than when not considering angerceptual characteristic
at all.

5.2.4 Choosing the DCT coe cient set for watermark em-
bedding

The perceptibility of the watermark signal is strongly reléed to the watermark em-
bedding strength and with the number of DCT coe cients that cary the watermark
signal (the coe cients whose values have been modi ed for iermark embedding).
It is expected that the watermark imperceptibility increa®s if less DCT coe cients
are used for watermark embedding.
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Figure 5.6: Watermark embedding coe cient sets.

Thus, it should be possible to further improve the watermark imperceptibility,
while maximizing its embedding strength, if a smaller set dhe 8 8 DCT coe cients
per block is selected for carrying the watermark's inform&n. The criteria for
choosing this set were as follows:

1. The error that could be measured using the selected coeant set should be
representative of global image error.

2. Changing the values of the DC coe cients, as well as those tfie AC coef-
cients at low spatial frequencies, should be avoided, begse it may lead to
the visibility of artifacts in homogeneous regions of the iage.

3. Watermarking high frequency components is not very usdfii the images are
to be subject to lossy encoding. Since the quantization steassociated to the
high frequencies have higher values, most of those coe cisrwill be quantized
to null values. Therefore, the recovery of the correspondinwatermark bits
will likely result in errors.

In order to comply with these considerations, a few experimes were performed.
The evaluation of the rst consideration (.e., representativity of the coe cient's
set for error prediction purposes) has been performed by JBEencoding di erent
images at several compression rates. The true PSNR of eachadexd image was then
measured and compared with the PSNR measured using only theeaoents located
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(a) Lenna. (b) House crop

Figure 5.7: Test images used for DCT coe cient set selection.

within a given selection set. Note that, in accordance with Raeval's theoren, it is
indi erent to measure the PSNR in the pixel or in the frequencydomain. In order
to deal with the above considerations 2 and 3, two di erent tsts were performed:

Increasing frequenciegest { di erent coe cient sets were generated by using
the DCT coe cients located in rst diagonals of an 8 8 block, as illustrated
in the example of Figure 5.6-a). The objective of this test isot check the
importance (or irrelevance) of the high frequency coe ciets for PSNR com-
puting.

Middle frequenciestest { the goal of this experiment was to evaluate the
relevance of the middle frequencies when computing the PSNBI. erent co-
e cient sets were generated by increasing the number of diagals in both the
directions of low and high frequency, starting at the main @igonal of the 8 8
coe cient block { an example of this procedure is illustratel in Figure 5.6-b).

In the following, the images depicted in Figure 5.7 will be &sl to illustrate the
results of these tests.

Figure 5.8 depicts the results of thencreasing frequenciesexperiment for the two
test images. As it can be observed from the plots, computing ¢hPSNR based on
the rst 12 diagonals (6 high frequency coe cients are discaled) 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 (olintegral) of the square of its
transform.
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Figure 5.8: Increasing frequenciegdest results.
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Figure 5.9: Middle frequenciestest results.

As for the second experiment, results are shown in Figure 5.8.can be observed,
for instance, that the values attained for the PSNR using theae cients located
in the diagonals 4 to 12 are close to the true PSNR values. Thiseans that some
low frequency coe cients (including the DC coe cient) can be eventually discarded
when computing the PSNR.

The set of DCT coe cients' positions used for watermark embeding was then cho-
sen by combining the results from these experiments. A potigsd DCT coe cient's
set candidate for watermark embedding is the one depicted Figure 5.10. In order
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Figure 5.10: DCT coe cient set used for watermark embedding.
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Figure 5.11: PSNR computed using the set of DCT coe cients regsented in g-
ure 5.10.

to test the behavior of the system when using this coe cient &t, several test im-
ages have been subject to JPEG encoding with di erent qualitfactors. The error
associated with the PSNR values computed using this set of coents has been

compared with the true PSNR values. The results for PSNR measd using the co-
e cients located in the set represented in Figure 5.10 can babserved in Figure 5.11,
for two test images subject to JPEG encoding.

It has been veri ed that the average di erence between the tre and the estimated
PSNR values based on a coe cient's subset was near 0.5 dB andetmaximum value
for that di erence was 1.1 dB.
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Figure 5.12: Error estimation in the presence of small distioon.

5.3 Error estimation

Using the watermark embedding and extraction algorithms dared in the previous
section, the goal is now to estimate the error between the egénce and distorted
images, using the watermark signal.

The local error at position (;j ) of the k-th block, "(i;]j ), is the di erence between
the reference (watermarked) and distorted coe cient valus, i.e.:

k(i) = X (1) Xa (i) (5.13)

Thus, for small distortions, where the error between the gginally watermarked
and the distorted coe cients is smaller than the di erence ketween two consecutive

watermark quantization levels, the following relation hals:
8
< . .. . .
S Xa (i5)) Qi if Wg, = Wr,;
((jy=. " "0 o . PR R B
- minfixq (i5j) Qi ajijXq (i5])  Qiaajg;  otherwise,
meaning that the error estimated using the watermark and thealistorted image
is the same as the error computed using the reference and thistdrted images.
Figure 5.12 illustrates both cases of equation (5.14).

However, with increasing distortion, DCT coe cients may becone distorted in such
a way that the extracted watermark bit is the same as the embee@d one, but with
a quantization level () di erent 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 atexsmark bit
with value "0' was embedded by quantizing the DCT coe cient tothe value Q
(represented with a green cross). The image was then subjegtdistortion, which
caused the value of the DCT coe cient to be changed to the valueepresented
with a red circle, whose nearest quantization value assighéo bit 0" is point Q, ».
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Figure 5.13: False positive
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Figure 5.14: False negative

In this situation, the correct bit is extracted, but an incorect distortion distance,
jQi 2 Xgj, is computed instead of the correct ongQ, Xgj. This situation will be
addressed to agalse positive

Similarly, a situation such as the one represented in Figu 13 will be addressed to
as afalse negativeoccurrence. In this situation, despite the detection of a viermark
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 apgble for distorted coe -
cients values separated from the reference values by a larggmber of quantization
levels. LetD represent the di erence, measured in number of levels, besean quanti-
zation values assigned during embedding and the ones reied during extraction. It
can be easily concluded that false positives occur whBnis even and di erent from
"0', while false negatives occur wheb is odd and di erent from "1'. Figure 5.15
illustrates this generalization: as distortion increaseghe number of possibilities
for the reference (watermarked) coe cient values also ineases. The error between
reference and distorted coe cient values can thus assume éient values from the
one resulting from equation (5.14).

One possible solution to tackle the false positives/negags problem would be to
increase the value of the watermark embedding strength (p@meter ). False
positives and false negatives would become less frequeimcs quantization steps
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Figure 5.15: Di erent error possibilities.

used for watermark embedding would be larger. However, as tembedding strength
increases, the watermark may eventually become percepgiio a human observer.
This perceptibility is not acceptable in a quality assessnme application. Due to this
restriction, two di erent error compensation procedures ave been tested:

Empirical distance weighting based on the watermark bit ear rates { dis-
tances are weighted at the extraction according to estimadevalues for the
false negative/positive rates,P;. These estimates are based on watermark
extraction bit error rate, Wye.

Distance weighting based on the distribution of the DCT coe cent values {
distance weights are computed using an estimate for the didtution of the

DCT coe cients and assuming that the distortion is bounded. r instance,
if the source of distortion is lossy encoding on the DCT domairthen the

error is due to quantization. The bounds for distortion can b derived since
guantization 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 estimatio, distances are weighted
at the extraction, by accounting for false negative/positte rates, Ps. Since these
rates are not knowna priori, statistics were obtained from several images, by com-
puting P; as a function of the watermark extraction bit error rate, Wy, and the
value ofD.

As an example, results for two test images are depicted in Figu5.16, showing the
evolution of two false positives rate (foD = 2 and D = 4) and a false negative rate
(for D = 3). It can be observed that, as expected?; increases withWye, and that

the maximal amplitude of P; decreases with increasin®. It was also empirically
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Figure 5.16: False positive/negative rates as a function tiie watermark extraction
bit error rate.

veri ed that the exponential decay of these rates is geneftglless accentuated if the
variance of DCT coe cients is larger, thusP; also depends on image content.

Observing the evolution of theP; curves, and accounting for the previous conclu-
sions, one possible function type to approximate the raté; (D), of false positives
(or negatives) for di erent values ofD is in the form:

Pr (D)= Coexp( f1(Wper; D; ))f2(D); (5.15)

where represents the standard deviation of the DCT coe cients. C, is a con-
stant, function f; regulates the slope of the exponential decay arid regulates the
maximum amplitude of P;. Through curve tting, it was found that the following
expressions foif ; and f, conduct to estimations ofP; (D) which are close to the
measured ones:

(Wper 0:5)(D  1)%

52 ,  f2(D)=0:558;  Co=0:925

(5.16)
Figure 5.16 also depicts a comparison between the estimafedctions, using (5.15),
and the data measured from statistical tests. As can be obsexV from the plots,
reasonable approximations foPs (D) can be obtained.

f1(Wber; D; ) =

The estimated values for false positive/negative rates cahen be used for computing
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the weighted error,"{(i;j ), associated to the distortion, according to:
8

n (i) = < Po"(isj ) + zf’fl"‘“ Py (2t) 0 (21); if wa, (55 ) = w, (i3] );
CPM( )+ o TP (2t +1)dh (2t +1);  otherwise,
(5.17)
with
bg-c bg=-c
Po=1 Pi(2t) and P;=1 P (2t +1):
t=1 t=1

The summation at the upper term accounts for the probabilits of false positives
(even values of D) while the summation at the bottom term accaous for the prob-
abilities of false negatives.P, and P; are normalizing constants for even and odd
values of D, respectively. D is the maximum value for the error, measured in
number of quantization levels, that is to be accounted for. Ae distanced; (:) is
given by:

di (D) =min fjxq (i;j)  QuspjiiXa (i5j) Qi pig; (5.18)

representing the distance between the distorted DCT coe ciets to the nearest
possible quantization value distancing D levels.

5.3.2 Distance weighting based on DCT coe cient statistics

In this section, it will be assumed that distortion on the reérence (watermarked)
image is due to linear quantization of the DCT coe cients, whch is a realistic
assumption when considering the distortion due to lossy cgression in the context
of the main DCT-based encoding standards. For simplicity pumses, the notation
that is being used for DCT block position and indexing will be tbpped (.9, xk(i;] )
will be simply addressed to ax).

The expected value of the local absolute errofy*between reference and distorted
coe cients in a given position, can be estimated by:
8
P . . < g. q
 PEQDIXe, Qi i Qi 2 [Xg, 3: X4t 3]

A PQ) 7 T LsB() = wy,;

(5.19)

where P(Q)) is the probability of the reference coe cient value (after watermark
embedding) to beQ, and g is the quantization step used for image encoding at the
corresponding coe cient's position. To illustrate (5.19) consider Figure 5.17, which
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Figure 5.17: Error estimation.

represents a set of reference coe cient valugg, (small ticks labeled with "1's and
"0's). Let's admit that the embedded reference watermark bat a given coe cient's
position is "1'. "} is estimated by rst computing the distances from the receird
coe cient, Xq,, to the reference points laying inside the intervalXy, ~ 3;Xq, + 3]
and assigned to watermark bit '1". In the gure, those distaces are represented by
da, dg and dc. Each distance is weighted byP,, Pg and Pc, respectively, which
are the probabilities of the reference coe cient value to ben each of the points
corresponding tow;, = 1.

However, knowledge about the probability? (Q,) is not available at the receiver, thus
it must be estimated based on the received coe cient data. lrorder to do so, the
original coe cient data is modeled using a Laplace probahily density function [107]
with parameter , which represents a reasonable trade-o between model acaay
and simplicity. According to this model, the PDF for the origiral coe cient values,
fx (x), is given by:

fx(x)= 52 exp( )ixi); (5.20)
where is the distribution's parameter at the corresponding DCT frguency.
For algebraic simplicity purposes, it will be considered @t the statistics of the
watermarked DCT coe cients (the reference coe cients) are @milar to those of the
original DCT values. This is a reasonable approach, since thstortion due to
watermark embedding is small. Thus, assuming that lossy emding results from
linear quantization with step g, the probability for the original coe cient, X, to be
guantized to valueXy is:

Z Xk+g

P(X,) = i e M (5.21)
X 4

If the quantization function is symmetric and includes the ero value, which is the
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case for JPEG and MPEG-2 encoding, (5.21) can be rewritten as:
8
<1 e ?; if X, =0;

P(Xy) = : (5.22)

le XW*3(1 e 9); otherwise.
In order to estimate the parameter of the original PDF using quantized coe cient

values, themaximum likelihood (ML) method is used [108]:

( W )
“uL =argmax log P(Xy) : (5.23)
k=1
Substituting (5.22) in (5.23) leads to:
A Cxo RS T DU :
ML = arg max log(d e z)+ log E(e Xt 2)1 e %) ; (5.24)
ko=l k1=1

whereNg and N, represent the number of coe cients at a given frequency, quéized
to zero and non-zero values, respectively (witN = Ng+ N;). The two summation
terms in (5.24) correspond to the two possible cases in (5)2&2nd the quantized
coe cient set, fXg, has been split into setd X,g and f X, g, according to those
cases. Using the substitution

Wi
S= Xiad; (5.25)
k1=l

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

“wL =argmax Nplog(l e #) S +

leq +Nylog(l e 9) : (5.26)

The solution can be found by looking for the zeros of the destive of (5.26) with
respect to , leading to:
(Ng+2S)e @ + Noge = + N;q 2S=0: (5.27)

Equation (5.27) can be viewed as a second order polynomialénz , whose solution
¥

n_ 2, Nt  NZF A4NG+2S(Na 25)
L= g ONq+4S '

The parameterAML retrieved by (5.28) can then be used to compute the values of

(5.28)
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P(Q)):
ya Q|+(23|+1 A
PQ)= | .o 5 exp( “mixpdx: (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 the previous section
can be used for quality estimation purposes. For instancenaestimate for the
distorted image PSNR can be computed according to:

25%

PSNR.st(dB) = 101log,, 1—PM—V\2; (5.30)
M k=1 k

whereM is the number of DCT coe cients and "¢ is the error estimate associated
to the k-th coe cient, computed using equation (5.19).

However, it is far more interesting to use the estimated errawith the purpose of
scoring the perceptual quality of the received images. A \nmeference" approach
for Watson's model can be performed by computing estimatesrfslack values,s?
based on the received coe cient values. Attending to (5.6)these estimates can be

written as: 3

< if j2  T.,;

©jRgPTE % otherwise,

& (5.31)

where ﬂk is an estimate for Watson's luminance threshold and,is an estimate
for the original coe cient value, which are given by:
T = Rk ! . — 0.
L=Ts J— R = Xg + 7 (5.32)
00

") is a signed estimate for the local error, computed similarly (5.19), but using the
dierence (xg, Q) inside the summation, instead of the absolute value. Thisgned
error estimate is added to the received coe cient value, redting in an estimate of
the original coe cient value, which is used in (5.31) for corputing the corresponding
slack value. The perceptual error is then computed using th&ack value and local
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perceptual error estimates:

Y
Pk ék ’
To conclude, a global distortion measure for the whole imagBy,, is computed by

combining all local perceptual errors that result from (5.3) according to:
U
poaX XX

- v

w =
M k=1 i=0 j=0

(5.33)

"o (51)% (5.34)

which is the L4 error pooling procedure suggested in Watson's model. Noteath
the value resulting from (5.34) is an estimate for the Watsds perceptual distortion
measurement, that is computed without using the referencenage.

5.4 Results

5.4.1 PSNR estimation

In order to evaluate the performance of the algorithms for R$R estimation pur-
poses, the reference images in LIVE database [109] have beetewnarked and
JPEG encoded using quality factors from 10 to 100, using stewf 10. The result
is a set of 290 encoded images that span a wide range of conteasolutions and
quality.

Both error estimation strategies described in 5.3.1 and 5Bhave been used in the
experiments. For the rst strategy, the watermark's embedthg strength, ,, was
set to 10 and the watermark has been embedded only in the set of DCT coeients
represented in Figure 5.10. In the second strategy, all DCT eaients (except
the DC coe cients) have been watermarked and ,, was set to 05. Note that the
strategy of error estimation based on the watermarking bitreor rate requires a larger
embedding strength than the error estimation strategy baseon DCT coe cient
statistics. The larger embedding strength is required for anotonically scaleWye,
values as distortion increases (otherwise the value b, would saturate at Q5 for
relatively small distortions).

After lossy encoding of the reference (watermarked) imageso-reference PSNR
estimates given by (5.30) have been compared with the true RR values.

Figure 5.18 depicts the results attained for two test imagedrom the LIVE data-
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Figure 5.18: Examples of PSNR estimation under JPEG encodingsing distance
weighting based on the watermark extraction bit error rate.

base), using the error weighting strategy based on the wateark bit error rates.
These examples illustrate the worst (imag#&lonarch) and the best (imageDancers)
results that were obtained using this strategy. As Figure 58tc) shows, PSNR esti-
mates may not be accurate enough in some cases.

On the other hand, error weighting based on DCT coe cient staistics performs
much better, as can be observed in the plots depicted in Figai5.19.

These considerations are con rmed in the plots shown in Fige 5.20, which represent
the true versus estimated PSNR values, for all JPEG encoded ages used in the
experiments (290 images). As can be observed, PSNR estimatesing the error
weighting strategy based on coe cient statistics clearly atperform those resulting
from the weighting based on the watermark's bit error rate.

Table 5.2 synthesizes global statistics for the error betwa the true and the esti-
mated PSNR values resulting from these experiments. Again, dan be observed
that the results corresponding to error weighting based on DICcoe cient statistics
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Figure 5.19: Examples of PSNR estimation under JPEG encodingsing distance
weighting based on DCT coe cients' statistics.
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Figure 5.20: Global PSNR estimation results for the two distace weighting meth-
ods.

are signi cantly better than those achieved with error weigting based onW,y,.

5.4.2 Quality scores

In the previous section, two di erent strategies for distotion estimation have been
tested. While both strategies have similar implementatiorcosts, the results cor-
responding to the distance weighting strategy outperforngethose corresponding
to distance weighting based on the watermark's bit error r& Therefore, MOS
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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 (estimatedvs. true PSNR) 0.883 0.984

Table 5.2: PSNR estimation accuracy.

predictions using the proposed watermark-based algorithmatie been computed
considering the best error estimation strategy only.

The results for quality assessment have been evaluated byngmaring the quality
scores computed by the algorithm with the ones that result @m a subjective test.
LIVE database contains subjective scores for images subject JPEG encoding
using di erent quality factors. The corresponding subjeate scores are expressed by
their di erential mean opinion scores (DMOS), which is the quality score di erence
between the reference and the distorted image.€., image quality decreases with
increasing values of DMOS).

Figure 5.21-a) depicts the estimated Watson's distance, ug (5.34) and the per-
ceptual error estimates given by (5.33), versus the corrempding DMOS values.
Following a procedure similar to what is suggest by VQEG in 0], a logistic func-
tion was used in order to normalize the values that result fra (5.34) into a linear
guality scale from 0 100. The logistic function has the form:

a

Estimated DMOS = a5 + X
1+exp(aBw + a)

(5.35)

whereag to az are parameters that can be tuned for tting. These parametexr have
been computed in order to minimize the square di erences bed@n the estimated
DMOS scores given by (5.35) and the true DMOS values in a givenatning set.
The training set for nding the parameter values consists oDMOS scores given to
the JPEG encoded versions of 15 reference images randomlgssgn from the LIVE
database. Thea parameters have been computed using tHeevenberg-Marquardt
method for non-linear least squares minimization problemsThe resulting logistic
function can be observed in Figure 5.21-a).

Figure 5.21-b) depicts the normalized no-reference qualitgares versus their DMOS
values. As can be observed, objective quality scores resudfifrom the proposed
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Figure 5.21: DMOS estimation results.

Root mean square RMS) 6.430
Pearson's correlation coe cient ( ) 0.975
Spearman's rank order coe cient (s) 0.955

Table 5.3: Evaluation of the proposed metric.

algorithm are well correlated with the subjective quality anks, both in training
and validation sets (the latter consists of the JPEG encodennage versions of 14
reference images in LIVE database). The metric's performa@éndicators suggested
by VQEG [110], described in Section 4.7 of the previous chapt have been measured
and synthesized in Table 5.3, for the validation set, only. e results con rm the
good performance of the proposed algorithm.

5.5 Summary

The main achievement of this chapter was the development ofiamtermark-based no-
reference image quality assessment algorithm that resemblthe JND-based quality
metric derived by A. B. Watson in [8].

The chapter started by describing the watermark embeddingwa extraction schemes.
For controlling the strength of watermark embedding, freqency adapted quantiza-
tion functions have been derived, aiming to maximize the watmark's embedding
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strength while assuring the imperceptibility of the waternark. This derivation was
performed by considering the characteristics of the humarisual system, using the
perceptual model by Watson.

Two di erent strategies that aim to compensate the distorton errors obtained di-
rectly by the watermark signal have been proposed: an emmal weighting strategy
based on the watermark's extraction bit error rate and a stri@gy based on the
statistical distribution of the DCT coe cients. The former w as not able to provide
accurate PSNR estimates while the latter showed good resufts blindly computing
local error estimations in the presence of JPEG lossy encodi

Using the most accurate error prediction strategy, error eshates resulting from
the watermark-based algorithm were then used for computingniage quality scores,
following a close approach to the model derived by Watson. Wg those error
estimates, slack values have been estimated and conseqlyeat prediction for local

perceived errors has been computed. By pooling those periteg error predictions,

no-reference quality scores have been computed and compavdth DMOS data

resulting from subjective quality assessments. The resslhave shown that there
is a strong relation between the quality scores given by humaviewers 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 assesst algorithm based on
watermarking technigues was presented. It has been veri d@tiat the use of DCT

coe cients' statistics, combined with the watermark signd, lead to a signi cant error

estimation improvement when compared with the use of the watmark signal only.
Furthermore, this fact suggests that it may be possible to dggn an error estimation
algorithm that relies only on the observed coe cient valuesat the decoder side.
However, estimates for the coe cient distribution parametes using the distorted
data, were not always accurate, especially at lower encodihit rates { an inaccuracy
that was partially compensated due to the use of the watermlarsignal. In this

chapter, a no-reference quality assessment algorithm thavercomes this problem,
without using watermarks, is presented. It was designed toask 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 propies of DCT coe cients.
The statistical distribution of the DCT coe cients is modeled according to a zero-
mean Laplace PDF, whose parameter is estimated at the decod#te. However, the
parameter estimation procedure proposed in [87] becomeadnurate as the encoding
bitrate decreases. The reason for such inaccuracy is ther@asing number of DCT
coe cients that are quantized to zero values during encodig, which is quite high
for low bitrates.

107
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This problem has been handled by Ichigayet al. in [88], where the DCT coe cients
distribution is modeled using a weighted mixture of two Lagce PDFs. One of those
PDFs is computed by considering all quantized coe cient valas while the other
is computed by considering the non-zero quantized values gnl A considerable
improvement is reported in [88], when compared with [87]. Haw~er, the method is
inaccurate if all (or almost all) DCT coe cients at the same frequency are quantized
to zero, a situation which is quite common for high-frequenagoe cients subject to
DCT-based encoding (even at average compression rates). Thethod in [88] was
further improved in [111] in order to deal with uncoded maci@ocks that may occur
in P and B frames, increasing the accuracy of PSNR estimates for thosame types,
but the limitation regarding the \all coe cients quantized to zero" is still present.

One of the main goals of the work described in this chapter i timprove the
estimation of the DCT coe cients data distribution when compared with the above
mentioned works [87,88,111], using the quantized valuesadable at the receiver
side. In order to accomplish this task, the following ideasdve been considered:

to explore the correlation between distribution parametes at adjacent DCT
frequencies;

to combine the above prediction results with maximum likehood (ML) pa-
rameter estimates.

In order to provide image quality scores, the proposed mettas extended by con-
sidering perceptual characteristics of the human eye, inn@s of just noticeable
di erences. The objective is to estimate perceptual weights and distton errors at
the receiver, in such a way that quality scores given to the stiorted image resemble
the perceptual metric proposed by Watson in [8], already uden the previous chap-
ter. The results of the proposed algorithm are compared witthose resulting from
other state-of-the-art algorithms presented in [21] and [80]n [21], quality scores are
computed by measuring and combining speci ¢ JPEG compressi artifacts; in [80],
guality scores result from combining the outputs of neural etworks, whose input
data consists of block-based features taken from the imageden evaluation.

The work described in this chapter has been evaluated usin@HG encoded images.
Nevertheless, it presents the main ideas that support the ved quality assessment
algorithm described in the next chapter.

This chapter is organized as follows: after the introductim Section 6.2 describes
the general architecture of the proposed algorithm. Sechds.3 provides the details
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Figure 6.1: General scheme of the proposed quality assesshatgorithm.

related to DCT coe cient distribution modeling, using a Laplace PDF. Maximum-

ikelihood estimation of the Laplace distribution paramete from the original and

from the quantized coe cient values is also explained. Seicin 6.4 presents the pro-
posed method for estimating the distribution's parameterexploring the correlation

between adjacent coe cients distributions. The procedurs to obtain quality scores
from the estimated DCT distributions are given in Section 6.5and Section 6.6
depicts the results, which are compared with the methods pposed in [21, 80, 88].
Finally, the main conclusions of this chapter are synthesd in Section 6.7.

6.2 Algorithm overview

A general scheme of the proposed algorithm for assessing thality of JPEG en-
coded images is represented in Figure 6.1. It consists of amnoe estimation block,
whose function is to compute local error estimates, and anrer weighting block,
which weights those error estimates according to a perceptiumodel, and combines
them in order to compute the image's quality score.

It is admitted that the image under evaluation is corrupted ly quantization noise in
the DCT domain. More speci cally, this assumption applies tamages encoded (or
transcoded) using the JPEG standard. The inputs for the propsed quality assess-
ment algorithm are the quantized DCT coe cients' values and heir corresponding
guantization steps.

Let us assume that the distribution of the original DCT coe cient data (i.e., before
lossy encoding) is known. In this case, an estimate for thecll mean square error,
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"2, at the k-th coe cient, can be computed by observing its quantized vale, X y:
YA
"= Fx (X)X x)%dx; 6.1)
1
where fx (Xx]X) represents the probability density function of the origiml DCT
coe cient values, conditioned to the observed value oX. According to Bayes rule
it can also be written as:
P (Xkjx)fx (X)
P(Xk)

fx (XjXy) = (6.2)
where P (Xjx) is the probability of having quantizer's output X given the coe -

cient's valuex. This probability is 1 if x lies in the quantization interval centered
in X, and 0 otherwise. Assuming uniform quantization with a conait step sizeq

(which is true for JPEG encoding), it can be formally writtenas:
8
SLoifx2 Xe X+ 4l

P(Xijx) = . , (6.3)
- 0; otherwise
Substituting (6.2) in (6.1), and considering (6.3), leadsa:
" L ZXk+gf °d 6
o= X)(X X)“dx; A4
TR g, g OO ) (6.4)

wherefy (x) is the density of the original coe cient data and P (X) is the proba-
bility of a random coe cient to be quantized to value Xy:

Z g8
P(Xy) = fx (X)dx: (6.5)

Xk

NS

From equations (6.4) and (6.5), it can be concluded that thegsiared error estimate
depends on the value of the quantized coe cienX, on the quantization step,q, and
on the probability density function of the coe cient values, fx (x). In the context
of JPEG encoded images, botlX and g can be extracted directly from the image
bitstream. A no-reference PSNR estimate can therefore be couted after nding

fx (X).
Based on the estimated values fot2/ it is possible to estimate the PSNR of the
encoded image, using square error estimates, instead ofitheue values:

1 X

2 .
PSNRes(dB) = 10 Iogm%; with MSE ¢g; = N w (6.6)
€S k=1
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where N is the number of DCT coe cients. Remember that, as already stied in
Section 5.2.4, it is indi erent to measure the PSNR in the pixeor in the DCT
domain (Parseval's theorem).

Similarly to what was done in the previous chapter, the DCT coeient error esti-
mates that result from the local error estimation module aréhen weighted according
to a perceptual model based on Watson's work [8], adapted fap-reference qual-
ity assessment. Remember that the function of this model i®tcompute the local
perceptual weights sy, which re ect the sensibility of the HVS to the corresponding
local errors. For a given image location, the more sensiblee HVS is, the lower
will be the value of s,. The only inputs for the perceptual model are the DCT
coe cient values, which can be extracted from the encoded tstream. Local errors
are weighted accordingly and pooled together, resulting aglobal distortion metric
that acts as a non-normalized image quality score.

6.3 Modeling DCT coe cient data

Block-wise DCT coe cient data distribution of natural images can be well modeled
using a Laplace probability density function [107]. In thiscase, for aK K block-

wise DCT transform (K = 8 in the case of JPEG encoding), the coe cient's PDF
at each horizontal/vertical frequency pair, (;j) 2f0;::;; K  1g f 0;::;; K 1gand

(1;) 6 (0;0), is given by:

fx(x)= —JFexp( g)ixi); (6.7)
where (i) is the distribution's parameter for frequency pair ;j ) (for simplicity,
these indexes will be dropped along the text) and is the coe cient value.

Other PDF models have been suggest in the literature: genewdd Gaussian [112],
Gaussian mixtures [113] and generalized gamma [114] arelably the most relevant

examples. Nevertheless, the Laplacian model represents addrade-o between

model accuracy and mathematical simplicity. As an example,ifure 6.2 depicts
a comparison between the histogram of coe cient values andhé corresponding
Laplace PDF (at a given frequency).
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Figure 6.2: An example histogram of the DCT coe cients locatedt frequency (3,3)
of imageRapids

6.3.1 Parameter estimation using original coe cient data

An estimate for , using the original coe cient data, is generally computed 8ing the
maximum likelihood method [115]. Representing by, the k-th original coe cient
value at a given frequency, an ML estimate for is given by:
( w )
vL =argmax log fx(Xk) ; (6.8)
k=1

whereN is the number of DCT coe cients at that frequency (which is thesame as
the number of image blocks). The value ofy,_ is computed by nding the zeros of
the derivative with respect to , which leads to:

N 1
"N ixdg  EDOxiT

ML —

(6.9)

whereE[ ] represents the expected value. In the context of this work,, was used
as the benchmark for parameter estimation based on quantzelata. Therefore, it
will be addressed to as theriginal

6.3.2 Parameter estimation using quantized coe cient data

Using the same procedure described in Section 5.3.2 of thepoes chapter, an ML
estimate for the parameter based on the quantized coe cient values, . , is:

. 2 100 Nog+ " NZF  4(NG+2S)(Nig 25),

ML = a' NG+ A4S (6.10)
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where q is the quantization step, Ng and N; are the the number of coe cients
guantized to zero and nonzero values, respectively, agdis de ned as:
X1
S= I Xkebi (6.11)
ki=1

where X, are the nonzero quantized coe cient values.

Let us now take a deeper insight into equation (6.10), for thease where most of the
DCT coe cients have been quantized to value zero. As the numbeof coe cients
quantized to zero increasesNg ! N, and it is easy to conclude thatN; ! O
and S! 0. Under these conditions, the argument of the logarithm in (&0) will
tend to zero and therefore’\ML will tend to in nity, 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 frequeBCT coe cients
are typically quantized to zero, even at average compressimates. As a consequence,
ML estimates for based on the quantized data will be inaccurate for these case

This phenomenon has already been noticed in [88], where thetlzors propose to
compute the original DCT distribution as a mixture of two Laplace PDFs: one of
them is estimated by considering all the quantized coe ciehvalues, while the other
is estimated by considering quantized non-zero values onklowever, the proposed
algorithm does not deal with the case where all DCT coe cientst a given frequency
are quantized to zero. Due to its characteristics, the algahim proposed in [88] will
be addressed to as théaplacian compensationmethod, for the remainder of the
Thesis.

6.4 Parameter estimation using prediction

In order to tackle the problem described at the end of the préaus section, a new
approach to improve the estimation of the Laplacian paramet is proposed: to
explore the correlation between values at neighboring DCT frequencies.

Consider Figures 6.3-a) and b), which represent the original values, computed
using equation (6.9), for all 8 8 DCT frequencies in two test images. The gures
show a strong correlation between values at adjacent frequencies. Besides the
evidence shown in the gures, the average correlation betem parameter values was
also measured using the set of reference (original) imagaesLiIVE database [109].
Using a 4-connected neighborhood, the resulting value for tle®rrelation between
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(a) Rapids. (b) House

Figure 6.3: Original values for each frequency.

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

One possible way to explore this correlation, is to use a liaepredictor. Represent-
. . . N . .
ing the prediction result by ", it can be written:

X

"o = o+ W (6.12)

k
k=1

where | is the k-th neighbor of the value to predict, K is the number of neigh-
bors and w is the corresponding linear weight (which is found using a dming
procedure). Equation (6.12) can also be written in matrix fon as:

2 3 2 3

1 W,
W
"= Tw;  with :g :1 % andwzg :l %: (6.13)

The value of’\p that results from (6.13) can then be combined WithAML in order to
improve the estimation accuracy for the original DCT distrilution parameter.

Since ML estimates become more inaccurate as the rate of cagents quantized to
zero increases, more trust should be given to the predictorthese situations. On the
other hand, if the number of coe cients quantized to zero isdw, the ML estimator
will most likely get accurate results, so there is no real nddor the predicted value.
Based on these premises, a simple criterion for combiniﬁg with v is to weight
them proportionally to the rate of DCT coe cients quantized to zero:

AN

r=r0"p+ @ o) e (6.14)
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wherero = e represents the rate of coe cients quantized to zero and; is the nal
estimate for the distribution's parameter.

6.4.1 Predictor training procedure

The objective of the training procedure is to nd a weight vetor w that is suitable
for the proposed linear prediction scheme, given by equatiq6.12). One possible
way to computew is by minimizing the square error between the original and "p,
for all images in the training set. Admitting that L images are available for training,
then there will be L vectors and L values of per DCT coe cient frequency.
Therefore, it can be written:
( ) ( )
W = argmin (O "2 =arg min (0 TOW2 (6.15)

=1 =1

Using matrix notation, the equation above can be rewritten as
w=argmin [ w][ w]; (6.16)
w

where is anL K matrix, with the neighborhood samples for imagd, ,
organized in rows and is a vector with the original values at the position to

predict, i.e.:

21 n ... (1)3 2 (1)3
P K
2 ... 2
_gl @ (Ké and _g (2)%
L ... L
1 (1) (K) (L)

The solution of equation (6.16) can be found by di erentiatiig with respect tow:
re=0, ¢ w )=0: (6.17)
Finally, if T is non-singular, the unique solution fow is given by:
w=( T )t T (6.18)
The original (reference) images in LIVE database [109] haveeén randomly split
into two groups, one for training (15 images) and another foralidation (14 images).

The neighborhood con guration used in the experiments islilstrated in Figure 6.4.
The criteria for choosing this structure were the minimizabn of neighborhood ele-
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Figure 6.4: Neighborhood con guration used for prediction.

ments required for an accurate parameter estimation and tdlaw the possibility of
recursively predict values for , starting from the low frequency positions (since the
corresponding coe cients are less vulnerable to the e ectfdossy encoding). The
procedure to obtain vectorw can thus be described in the following steps:

1. for each image in the training set, the original values of are computed for all
frequencies, using (6.9) and the original coe cient data;

2. for each frequency, the neighborhood matrix and vector are constructed
using the values that result from the previous step;

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

6.4.2 Prediction accuracy

To evaluate the e ectiveness of the prediction scheme, twoceeriments have been
performed using the validation image set. In a rst experimet, ’\p was computed
using the original values in the neighborhood. The main purposes of this ex-
periment were to evaluate the lowest prediction error that @uld be expect and to
validate the training procedure. The average relative prection error (in percent-
age) is depicted in Table 6.1-a). From the table, it can be obs&d that the relative
error is generally low, which con rms that, due to high corration of values in
adjacent frequencies, prediction results are quite accuea It can also be observed
that the error is higher for the cases where less neighborhlibgalues are available
for the prediction (for instance, in the rst row and the rst column).
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i # - - 11.7 99 49 45 47 1.7
- 119 6.2 51 27 23 33 41

109 52 27 25 28 24 40 20

75 40 28 44 26 31 27 46

6.1 37 43 54 21 43 42 27

65 30 26 33 34 22 16 28

58 27 18 26 24 18 34 27

33 50 29 30 25 25 23 19

(a) Normal prediction.

i # - - - - - 45 6.0 88

- - 27 36 74 73

- 25 42 42 85 82

- 28 45 55 65 110 183
- 37 47 61 57 66 85 139

65 60 73 75 78 87 102 139

122 100 106 85 114 10.0 120 14.8

191 128 109 112 13.0 140 165 183

(b) Recursive prediction.

Table 6.1: Average relative prediction error [%].

A second experiment tried to make an approximation to what hgpens when images
are subject to lossy compression. Remember that, in the pegee of lossy compres-
sion, most high frequency coe cients are quantized to zeragsulting in unreliable
ML parameter estimates. On the other hand, low frequency cagents are less af-
fected by distortion, and thus more reliable parameter estiates can be performed.
To approximate this situation, the original values of have been computed only for
the low frequency range (frequency pairsi;f ) with i + j < 5 and (;j) 6 (0;0),
which correspond to the 14 frequencies marked with symbol id Table 6.1-b)).
The remaining values of have been computed recursively from the values at those
frequencies, using equation (6.12). The average relativeegiction error that has
result from this test is shown in Table 6.1-b). It can be obseed that prediction
error increases with increasing frequency. This is due torer propagation in the
recursive algorithm: for lower frequencies, predictiong@performed using the orig-
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(a) Original Lighthouse image. (b) JPEG encoded image QF =10).

(c) Original ~ values. (d) “mL estimates.
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Figure 6.5: estimation results for a JPEG encoded test imagdighthouse.

inal values of , but with increasing frequency, predictions are based on @riously
predicted values. Nevertheless, the results are quite sasstory.

Additionally, Figure 6.5 illustrates  estimation results in the presence of lossy DCT-
based encoding. For this example, the imageghthouse shown in Figure 6.5-a),
has been subject to JPEG encoding, with the quality factor $do 10, resulting
in the image depicted in 6.5-b). Figure 6.5-c) shows the origih values of |,
computed using equation (6.9). These values have been cdesed as an estimation
benchmark. Figure 6.5-d) depicts the estimated values for using the quantized
coe cient data, computed through (6.10). Due to all data quanized to zero at
the medium-high DCT frequencies, the resulting estimates ahbse frequencies are
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in nite (for better visualization, values in these conditions were not represented).
By combining ML estimates with the proposed prediction schmee, using equation
(6.14), it can be observed in Figure 6.5-e) that the resulting estimates are stable
(no in nite values are computed) and quite close to the estiates based on the
original coe cient data. For a better comparison, Figure 65-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 im&g, Watson's model [8]
was used, similarly to what was done in Section 5.3.3 of thegwious chapter. In
short, a global perceptual distortion metric,Dy , is computed by combining all the
ratios between estimated errors and the corresponding staestimates, usinglL 4
error pooling,i.e.:

v @
u

g, =t 2 ot
M

(6.19)

whereM is the number of coe cients under analysis.

An estimate for the local error,"§, can be computed similarly to the squared error
estimate given by equation (6.4), replacing the squared terinside the integral with
the absolute value of the errorj.e.:

1 Z X+ 3 A
2 A e ans .
- t X dx; 6.20
" PG x, ¢ > €XP( XX xjdx; (6.20)
with
Z gra n
P(Xy) = Efexp( A ixj)dx: (6.21)
Xk 4

The estimate for the slack value can be obtained similarly tavhat was described in
Section 5.3.3:

8
2L, if j2j T,
8 = (6.22)
“jRgeTL % otherwise,
with

k T
fL.=Ts — and % = Xy + % (6.23)
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‘ka is an estimate for Watson's luminance threshold an#"\is an estimate for the
original coe cient value. The latter results from adding the received quantized
coe cient value to an estimate for the error,”Y (which is signed). This error can be
computed similarly to (6.20), using the dierence K¢  X) inside the summation,
instead of its absolute value. After estimating slack valugghe 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 algithm, all reference im-
ages in LIVE database have been subject to JPEG compressionthwquality factors

in the range from 5 to 90 with increments of 5. The PSNR of each emded image
has been computed using squared error estimates that restriom (6.4) and (6.5).
Both equations use the value of'; obtained from (6.14). These values have been
computed recursively starting from the lower frequenciexzig-zag scan order [48]),
according to the following procedure:

1. “y. andrg are computed for each frequency;

2. ’\p is computed by using previously estimated values 0f in the neighborhood
(or by using the values of 'y at the start of the recurrence).

The resulting no-reference PSNR values have been plotted ingkre 6.6 and con-
fronted with their true values. Figure 6.6-a) shows the restd from the algorithm

described in this chapter, while Figure 6.6-b) depicts the sailts achieved by an im-
plementation of the Laplacian compensation algorithm progsed in [88]. Table 6.2
depicts global statistics of the error between true and estiated PSNR, that result

from this experiment, for both algorithms.

As can be observed from both the gures and the table, PSNR estates based on
the described algorithm for estimation are quite accurate, and better than the
ones resulting from the implementation of Laplacian compesation method.

Additionally, Figure 6.7 depicts the PSNR estimation resultsattained for two im-
ages, subject to JPEG compression, with quality factors ime range 10 90. These
examples represent the best and the worst PSNR estimates fdéretimages used in
the experiments.
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Figure 6.6: Global PSNR estimation results.

prediction Laplacian

compensation
Average absolute error 0.660 dB 1.047 dB
Root mean square error 0.789 dB 1.324 dB
Linear correlation (estimatedvs. 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, theesults for quality
assessment have been evaluated by comparing the quality esoretrieved by the
algorithm with those in LIVE database. In order to perform this evaluation, the
estimated Watson's distance valueddy, , have been computed for all images in the
database, using equation (6.19). The resulting values arepicted in Figure 6.8-a).

Afterwards, those values have been mapped into the intervaD;[100], using the
same process described in Section 5.4.2, namely using thgadtic function depicted

in equation (5.35). The training set used for this procedureonsists of DMOS values
associated to the JPEG encoded images in LIVE database (125ta@if 175). The

remaining 50 DMOS values have been assigned to the validatieat. The resulting

logistic function can be observed in Figure 6.8-a).

Figure 6.8-b) depicts the normalized no-reference quality @es versus their DMOS
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Figure 6.7: Best and worst case PSNR estimates.

values. As can be concluded, the resulting objective qualigcores using the pro-
posed algorithm are well correlated with the subjective quigy scores.

The performance measurements described in Section 4.7 haeen synthesized in
Table 6.3, where a comparison with the algorithms proposed {21] and in [80] is
also depicted (only the results for the validation image sdtave been presented in
the table).

Remember that the algorithm proposed in [21] estimates qul scores based on
artifact measurements (more speci cally, blurriness andlbckiness e ects). In order
to perform a fair comparison with the algorithm proposed inhis paper, it has been
implemented following the description given in [21]. As forhte algorithm proposed
in [80], quality scores result from combining the outputs ofieural networks, whose
input values are block-based features extracted from the irga under evaluation.
The comparison with this algorithm has been performed usinthe results given
in [80], which were also obtained through training and valiation image sets taken
from LIVE database (with the same sizes as the mentioned in thiwork). The

results depicted in [80] have been scaled from the rangel] 1] to the range [0; 100].
The measurements a ected by this scaling have been signaleith "*' in Table 6.3.

These results con rm the good performance of the algorithmrpposed in this paper.
When compared with the performance of [21], the proposed sthe shows better
results for all the measurements, with more emphasis on the measurement. When
compared with the results depicted in [80], it shows slightlworse results for the
RMS and the average absolute error measurements. On the atlend, and con-
sidering that the ideal target value for . is 1, the results for the . 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 coe cient ( ) 0.960 0.95 0.974
Spearman rank order coe cient ( ) 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 coe cient distribution parameters
from their quantized values has been proposed in this chaptdt explores the corre-
lation between coe cients distribution at adjacent DCT frequencies. The resulting
distribution estimates are then used for computing a no-refence quality score of
images subject to quantization noise. Two di erent approdtes for quality scoring
have been considered: PSNR estimation and perceptual qugligstimation, based
on a JND model by Watson.

For the PSNR values, results have shown that the proposed atgbm provides
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estimates that are more accurate than the ones provided by &ate-of-the-art algo-
rithm [88]. The results concerning perceptual quality sces have also been quite
satisfactory, showing a high correlation with the human peeption of quality. They
have also been compared with other no-reference metrics forkiating the quality
of JPEG encoded images [21,80], generally exhibiting beattesults.



Chapter 7

Perceptual video quality
assessment

7.1 Introduction

In the previous chapter, an image quality assessment algibwin based on statistical
models of the DCT coe cients' distribution has been presenté. Since the proposed
metric belongs to the no-reference class, it was necessaryaicurately estimate
the distribution of the original DCT coe cients using the received (corrupted by
guantization) coe cient data.

The work by Turaga et al. [87] and Ichigayaet al. [88,111], already mentioned in
the previous chapter, are both statistical based PSNR estirtian algorithms that
are not accurate at low bitrate image or video encoding. Thikck of accuracy is
mainly due to the increasing number of DCT coe cients that arequantized to zero
values as the encoding bitrate decreases.

In a more recent work [89], Eden proposed a PSNR estimation rhed for H.264
encoded video sequences. The coe cients' distributions @modeled according to
Laplace densities, using a low complexity algorithm for thestimation of the den-
sity's parameter. It tackles the \all coe cients quantized to zero" problem by impos-
ing bounds in the parameter's value at the corresponding fjeencies. The results
depicted in [89] show that this strategy provides good PSNR tawmates 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 augh quality
metric that does not correlate well with MOS values [62]. Thalgorithm presented in

125
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the previous chapter is a no-reference quality assessmentthoel for images subject
to JPEG encoding that, besides producing PSNR estimates, aloutputs MOS

estimates that were shown to be well correlated with the cagsponding subjective
assessment data. The goal of this chapter, and also the maiohgevement of the
Thesis, is to extend the work presented in the previous chagt for assessing the
quality of encoded video sequences.

Since there are important di erences between JPEG encodirend standard video
encoding methods, the e ectiveness of the algorithm propes in the previous chap-
ter is not automatically proven for encoded video sequencest this point of the
Thesis, there is no strong guarantee that the prediction copensated PDF param-
eter estimation method, derived for the JPEG case, also wake ectively in the
case of encoded video. In the JPEG case, quantization steges are the same for
all DCT coe cients located at the same spatial frequency; in he case of standard
video codecs, the quantization step sizes at a given spatiedquency may vary from
macroblock to macroblock. Accordingly, maximum likelihoogarameter estimates
for the DCT coe cients' distributions, based on the observedvalues of quantized
data, must consider this quantization step variation. Anotler di erence from JPEG
to encoded video is as follows: in the JPEG case, the inputs fithe DCT transform
are pixel values; in the encoded video case, the inputs of tiECT transform are
(or can be) prediction errors { the residuals { obtained dung encoding. For in-
stance, in H.264 encoded video those residuals may resulinfrgpatial or temporal
predictions; in MPEG-2 the residuals result from temporal pdictions only (spatial
prediction is not used in this case).

Considering those di erences, this chapter generalizesahmethod described in the
previous chapter to the more challenging case of encodededadsequences. Although
the H.264 standard has been considered, the proposed methaoh de straightly
applied to other DCT-based video encoding schemes, such as MRE. It starts
by estimating the DCT coe cient's error, assuming that theseare corrupted by
guantization noise only. Error estimates that result from his procedure are then
perceptually weighted, by considering characteristics @#he human eye, namely its
sensitivity to spatio-temporal contrast. The spatio-tempoal contrast sensitivity
function based on the work of Kelly and Daly, described in Seon 4.4.1, is used.
In [69], Kelly devised an analytic model for the spatio-tempal CSF, based on data
collected from his experiments. His work was further extendeby Daly in [41] by
considering movements of the eye, nameynooth pursuit natural drift and saccadic
eye movements.
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Figure 7.1: Architecture of the proposed algorithm for videgjuality assessment.

The performance of the metric proposed in this chapter was @uated using the
results of the subjective quality assessment tests descaftbin Section 3.5. Remember

di erent bitrates, according to the degradation category ratlng(DCR) methodology
suggested in ITU-T Rec. P.910 [6].

This chapter is organized as follows: in Section 7.2, the neference quality estima-
tion framework is introduced and its modules are detailed isections 7.3 and 7.4.
Results are depicted in Section 7.5 and a summary of this ctiep is provided in
Section 7.6.

7.2 Algorithm overview

The proposed algorithm for assessing the quality of an H.26da@ded video sequence
is represented in Figure 7.1. Its architecture resemblesedhone described in the
previous chapter. However, instead of dealing with JPEG ended images, the
algorithm now deals with DCT-based encoded video, more specally H.264 [54]
encoded video. The main new contributions that can be founditli respect to the
algorithm presented in the previous chapter are as follows:

Since H.264 allows variable quantization steps across maualacks belonging
to the same frame, the parameter estimation method preseutén this chapter
deals with the possibility that DCT coe cients at the same frequency are
quantized with di erent quantization steps.

The local error weighting module accounts for a key perceglfactor in video:
motion. Therefore, the perceptual model used for error wéiting is substan-
tially di erent from the one used in the previous chapter.
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Similarly to what has been performed in the previous chaptefet us start by con-
sidering that the probability density function of the original DCT coe cient data

is known. In this condition, an estimate for the local mean sere error, "%, at the
k-th DCT coe cient, can be obtained by observing the value of itsquantized value,

Xk:

w = fx (XX ) (X x)%dx: (7.1)
1

Again, fx (xjX) represents the PDF of the original DCT coe cients values con-
ditioned to the observed value ofXy. Using Bayes rule and considering that
P(Xkjx) = 1 if x is in the quantization interval around X, and P (Xjx) = 0,
otherwise, (7.1) can be rewritten as:

R
> Fx ()X x)%dx

"= R
o fx (x)dx

(7.2)

wheref x (X) is the original coe cient data distribution and ax and b are the limits
of the quantization interval around X. For the H.264 encoding standard case (see

Section 2.3.5), they can be de ned as:
8 8
< < . .
= = X 1
ST % ixe=0;  and | *TI T )4 iy, s0.
'bK:qk; 'bK:JXkJ-l_qk;

(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= 0:5 and ¢ is constant
for all DCT coe cients located at the same frequency position

From (7.2), it can be concluded that the squared error estim@ depends on the value
of the quantized coe cient Xy, on the quantization stepg (which determinesay
and by) and on the coe cient distribution fx (x). Xk and g« can be derived from the
encoded video bitstream. As fof x (x), it is estimated from the available quantized
data, through a procedure that will be described in Section.3.

At this point, it is possible to estimate the PSNR of the receigd sequence, using
square error estimates, instead of their true values:
25% 1 X

PSNRest(dB):lmoglom; MSE.g = szl < (7.4)
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where N is the number of DCT coe cients. The DCT coe cient error estimates

are then perceptually weighted using a spatio-temporal perptual model based
on [41,69]. The function of this model is to compute local pegptual weights
p«, which re ect the sensibility of the HVS to the correspondingdcal errors. The
inputs for the model are the motion vectorsMV , and the video frame rate,f,,

both extracted from the encoded bitstream. From the weightélocal errors,pc”x, a

global perceptual distortion metric is obtained using ernopooling.

7.3 Modeling DCT coe cient data

The distribution of block-based DCT coe cient data in H.264 is typically modeled
by zero-mean Laplace [107] or Cauchy [116,117] PDFs. In thisagier, both mod-
els have been considered. They require the estimation of agle parameter and
represent a reasonable trade-o between accuracy and singity. In the following,
the methodology for estimating the distribution's parameer is described, using the
original and the quantized (corrupted) DCT coe cient data.

7.3.1 Cauchy model

Using K K DCT blocks, for each horizontal/vertical frequency pair, j) 2
fO;::; K 1g f 0;:;; K 1g, the statistical distribution of the DCT coe cient's
value, X, at spatial frequency (;j ) can be described as:

fx (X)) = R (7.5)

where ;) is the parameter of the zero-mean Cauchy PDF. For simplicity, he
indexes (;j ) will be dropped along the text; however, it must be kept in rmd that
there is a distinct parameter value at each spatial frequendi;j ).

Estimating using the original coe cient values

If the original coe cient data is known, an estimate for paraneter can be computed
using the maximum likelihood method [115]:
( w )
mL =argmax log fx(xx) ; (7.6)
k=1
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where X is the k-th coe cient value and N is the number of coe cients at the
frequency under analysis. Using (7.5) in (7.6) leads to:
( X
ML = arg max log  log( 2+ x2) (7.7)
k=1
The value of that maximizes (7.7) can be computed by nding the zeros of th
derivative with respect to . Therefore, it is solution of:
N X
k=1 X
To solve (7.8), an iterative root nding algorithm can be usd. On this work, the
Newton-Raphsors method was used, starting with a small value (@) as the initial
guess for . Since . Is obtained using knowledge of the original (unquantized)
DCT coe cient data, it can be seen as a reference value. Thug, will be addressed
to as the \original" parameter value along this chapter.

Estimating using quantized coe cient values

Let us now suppose that the only data available for the estintian of is the quan-
tized (corrupted) DCT coe cient data extracted from the encoded video bitstream.
In this case, the ML estimation method can still be used, sirairly to what was done
before:

( . )

ve =argmax log P(Xy) ; (7.9)
k=1

whereP (X ) represents the probability of having valueX ¢ at the quantizer's output,

N

k

The quantization interval limits { ax and b, { are given in (7.3). Since the algorithm
is designed for H.264 encoded video, it is assumed that the qtiaer is linear with
a step sizeq , whose value may be di erent from block to block. It also incldes a
dead zone around 0, whose size is controlled by parameter Solving the integral
in (7.10) leads to:

pxg= B e 120 (7.12)
k)= . : )
- L tan Y(®%) tan (%) ; otherwise.
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Using (7.11) in (7.9) we get:

(
Xo 2
“wL = arg max log “tan ! ko 4
" ko=t ) (7.12)
1
+ log= tan ! B tan 1
ki=1

The two summation terms in (7.12) correspond to the two podde cases in (7.11):
guantized coe cients with zero and non-zero values, respacely. Accordingly, Ng
and N; represent the number of coe cients (at a given frequency),Hat fall in those
cases. The value of that maximizes (7.12) can be obtained by nding the zero of
the derivative with respect to , which corresponds to:

8k, b,

x LG e Ak,
by

=0: (7.13)

akl

d k
k=1 tan 1 tan ! k=1 tan 1 =2 (qy,)2+ 2

If No <N, a solution for (7.13) can be found numerically, similarlyd what was done
for solving (7.8). If No = N, then ! 0, meaning that the estimated coe cient
distribution is a Dirac's delta function centered in 0. Similarly to what what de-
scribed in the previous chapter for the case of Laplace PDF dpgd to JPEG encode
images, the ML method fails if all coe cients at a given freqency are quantized to
zero.

7.3.2 Laplace model

As already mentioned, the zero-mean Laplace PDF model for thedak-wise DCT
coe cients' distribution located at a given spatial frequency is:

f00= zexp( i) (7.14)

where is the distribution's parameter andx is the coe cient value.
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Estimating using the original coe cient values

Following a procedure similar to what has been done in Seati@.3.1, an ML esti-
mation for , using the original coe cient data, is given by:

ML = Py——— (7.15)
k=1 JXkJ

a result that was already seen in the previous chapter.

Estimating using quantized coe cient values

Assuming that only quantized data is available for parameteestimation, can be
computed using the ML method in the same way as in (7.9). For éhLaplace PDF

case, the probabilityP (X) can be written as:
8
o y <1 e by if Xy =0;
P(Xy) = Eexp( jxpdax = (7.16)

a - e Px(edc 1), otherwise.

Using (7.9) for the Laplacian case, and substitutind® (X ) by the result in (7.16)
leads to:
ML = argmax log(1 e Pxo)+ loge®: 1) by, (7.17)
ko=1 ki=1

Again, the value that maximizes (7.17) can be found by lookinfpr the zeros of the
derivative with respect to ,
Xo X1 Qkq
Bo G, © b, =0: (7.18)

bko CIkl 1
kOzle 1 k1 e 1

When compared with the results obtained in the previous chagrs (equations (5.27)
and (5.28)), where the zeros of the derivative are given byosed form solutions,
nding the value of . is now a more complex task. This increase in complexity is
due to the possibility of multiple quantization step sizesn each frame. A solution
for equation 7.18 is now found by using an iterative root ndig algorithm.

However, if all coe cients have been quantized to zerd,e., N = Ng, only the rst
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sum term of (7.18) stands, leading to:

X p
oh 1 =0 (7.19)
k=1
whose solutionis ! +1 . Thus, the estimated distribution is a Dirac's delta

function, which is the same phenomena as previously des@&tbfor the Cauchy case.

7.3.3 Improving estimation using prediction

In order to enable PDF parameter estimation at the frequencgewhere all DCT
coe cients were quantized to zero, the method described inhe previous chapter
will be adapted for the H.264 case.

Figure 7.2 depicts the \original® and values, computed using equations (7.10)
and (7.15), of a test I-frame subject to H.264 encoding. The ges show that there
is a strong correlation between parameter values at adjaddnequencies. Although
these plots are related to a particular example, a similar eltion is veri ed on
other | frames, and also in P and B frames. The plots also showdt a similar
evolution is veri ed in both possible H.264 transform sizes4( 4 and 8 8). In
order to support these statements, the correlation betweemeighboring parameter
values in a 4-connected neighborhood has been measured fortted frames used
in the experiments (described on Section 7.5). For instancasing the 4 4 sized
transform, those correlation measurements were 0f92, 091 and 093 for I, P and
B frames, respectively.

Similarly to what has been presented in the previous chaptea linear predictor can
be used in order to explore this correlation. Representindné predicted parameter
value by Ap, where can either be the Cauchy's or the Laplace's , it can be
written:

X
TEWo W (7.20)
k=1
whereK is the number of neighbors, i is the parameter value at thek-th neighbor
and wy is the associated linear weight. Using matrix notation, equn (7.20) can

also be written as:

b= w; (7.21)
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(@) parameter (Cauchy) {4 4 (b) parameter (Laplace) {4 4
transform. transform.

(c) parameter (Cauchy){8 8 (d) parameter (Laplace) {8 8
transform. transform.

Figure 7.2: Typical evolution of the H.264 coe cients' distibution parameter as a
function of the spatial frequency (original coe cient values taken from an I-frame
of sequencestephan).

with

Similarly to what was performed in Section 6.4, the prediabin value,’\p, that results
from (7.21) is combined with the parameter's ML estimate; v, . However, it has
been veri ed that combining "\, with ’\p proportionally to the rate of DCT coe -
cients quantized to zero, as performed in the previous chagst lead to an excessive
penalty on the ML estimates, when the value ofg is low (i.e., ro < 0:3). In order to
account for this e ect, the criterion for combining Ap with . was slightly modi ed
to:

AN

r =10 p+@ 1o ) wis (7.22)

where "} is the nal estimation for the distribution's parameter and  regulates
how fast the con dence on the ML estimates decreases with measingr,. The best
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results for video were obtained using = 2. Using this value, asrq increases, the
trust on ML estimates decreases slowly for low values of and decreases faster as
ro approaches 1.

7.3.4 Predictor training

The goal of the training procedure is to nd a weight vectomw suitable for the linear
prediction scheme given in (7.21). One possible way is to cpute w by minimizing
the square error between the \original" and predicted paraster values in a given
training set, as described in Section 6.4.1. However, and sinthe number of video
sequences available for the experiments is short, the vayief video content is rather
limited, increasing the variability of the training results. In order to consider this
e ect, training has now been performed according to a procace known asRidge
regression[118]. Ridge regression is a shrinkage method that, while mmizing the
square error between the \original" and predicted values,|so imposes a penalty
on the value's size of the linear weights. By limiting the weght values, it prevents
unstable and variable results due to an an exaggerated valassigned to a particular
weight. According to this method, the linear weights can be tomd by solving:
_ ( X R X )
W rigge = argmin (i )7+ we (7.23)
i=1 k=1

whereN is the number of video frames available for training€ is the neighborhood
size and is a positive value that controls the penalty applied to the &lue of the
weights (note that, for = 0, this method falls in the pure least squares solution).
Since there areN video frames, there will also beN \original" parameter values
of and their corresponding neighborhood vectors, per frequency. Using matrix
notation, (7.23) can be rewritten as:

Wridge =argmin ( w )'( w )+ wiw (7.24)

where isanN K matrix, where each element, ., is the k" neighbor of the
value to predict in video framei. is a vector with the \original" parameter values
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Figure 7.3: Neighborhood con guration used in the experimés

at the position to predict, i.e.:

2 3 2 3
11 11 1K 1
=§ s %; =§ _Z%: (7.25)
N1 +:+ NK N

The solution that minimizes (7.24) can be found by di erentating with respect to
w:

re =0, 2 T7( w)+2 w=0; (7.26)
leading to
Wridge :( T + I) T : (7-27)

The neighborhood con guration used by the error estimatioomodule is illustrated
in Figure 7.3. It is similar to the con guration used in the previous chapter (see
Section 6.4.1), with the inclusion of an additional elementThis additional element
was used because it lead to better PDF parameter estimates ihet case of H.264
encoded video.

The training procedure can be synthesized in the followingeps:

1. for each original video frame in the training set, comput¢he \original” pa-
rameter values, using (7.8), if using Cauchy model, or (7.15f using Laplace
model;

2. for each encoded video frame in the training set, computg and AML 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 't are computed using
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the values ofry and "\ that result from step 2, as well as previously
computed predictions (if not computed yet, assume thafy = "\ )

(b) build using the values that result from step 1,

(c) compute the weight vectorw for the current frequency position, us-
ing (7.27);

(d) use the resulting values ofw 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 combin¢he local error
estimates that result from the module described in the prewus section. It is based
on the CSF derived in [69] and extended in [41], accountingrfthe mechanics of
the human eye. Since the goal of the metrics proposed in thiddsis is to perform
no-reference video quality assessment, only video elemeansilable at the decoder
are used, namely: the motion vectordyV , and the video frame ratef,.

In the following, a brief description of the model is provide, 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 senisity to luminance
changes and it depends on the spatial and temporal frequeesiof the stimulus.
In the model by Kelly [69] and Daly [41], already presented ineStion 4.4.1, the
spatio-temporal sensitivity is computed as a function of thespatial frequency,fs,
and the retinal velocity, vg, as:

4les

CSF(Vg;fs) = SaCVr(2 C1fs)?exp : : (7.28)
max
with the terms S and f 5« de ned by:
CVR 3 P1
= + I —_— f = —
S s;+ s, log 3 and f ax v 72

The constantss,, s, and p; have been set to 4, 7:3 and 459, respectively [69]. The
parameterscy, ¢; and ¢, allow model tunning and have been set to the same values
asin [41]:co=1:14,¢, =0:67 andc, = 1:7.
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The spatial frequencyfs can be computed as the euclidean norm of the spatial

frequency components:
q
fo=  f2+f2 (7.29)

Inthe K K block-wise DCT domain, the spatial frequency components, and f
(in cycles per degree), at locationifj ) of a DCT block are given by:
| andfy = .
2K UK

fy= (7.30)
where , and  are the observation angle of a pixel along the horizontal ancrtical
directions, respectively. The observation angle of a pixalong a generic direction
can be computed as:

I

I 1 .
= arctan >dN 2N (7.31)

wherel is the height/width of the images displayed on the screem, is the distance
from the observer to the screen antl is the vertical/horizontal resolution of the
displayed video sequence.

The object velocity on the retina plane is strongly related #h the object velocity in
the image plane. However, the human eye has the ability to trkmbjects, slowing
down the velocity of the object in the retina plane. This chaacteristic is called the
smooth pursuit eye movementSPEM). Additionally, there are other movements of
the eye, namely thenatural drift and saccadiceye movements. The former is a slow
eye movement that causes a little amount of motion in the ratia plane, while the
latter are fast eye movements caused by changing the eye g&zaew image plane
locations.

According to [41], the retinal image velocity can be computeds:
VR =V, VEg; (7.32)

wherev, is the angular velocity of the object on the image plane ang: is a com-
pensation term associated to the eye movements, computed as

VE =minfgs Vv + Vmin ;Vmax O (7.33)

where gs is the SPEM gain, set to 0.92;,vyn and vyax are the minimum and
maximum velocities associated to the eye natural drift andagcadic eye movements,
set to 015 and 80 deg/s, respectively.
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The angular velocity on the image planey,, is given by:

q
vi =, (MVy x)2+(MVy y)z; (7.34)

wheref, is the frame rate of the video sequence and{/,; MV,) are the compo-
nents of the motion vector along the horizontal and verticadlirections, respectively.
The components of the observation angle of a pixel, and , are those resulting
from (7.30).

7.4.2 Quality scores

Based on the result of the CSF computed at each location of thdock-wise DCT

domain, a global distortion value for each video frame);, is computed usingL 4
error pooling, as suggest in [46,47], according to:
S x———

D= o« (™) (7.35)

k

wherepk = CSF(v,,;fs,) is the result of the contrast sensitivity function at thek-th
DCT coe cient's location and *y is the error estimate that results from the error
estimation module. As already discussed, the use bf, error pooling emphasizes
higher distortions perceived by the viewer, which may drawmis visual attention
from smaller distortions. To conclude, the same pooling pcess is applied along the
time axis in order to get a global distortion metric for the esoded video sequence:

(7.36)

Note that, for longer video sequences, a granularity periodrf computing Iﬁg could
be de ned (e.g, Iﬁg could be computed every 10 seconds of video).

7.5 Results

The input video sequences used in the following experimemere the same used in
the subjective quality assessment tests, described in Sect 3.5.
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Frame type Model
P Laplace Cauchy
| 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 P or B) and, since
there are two possible coe cient distribution models whichcan be used, the model
that has been selected for each frame type was the one leadiaghe highest PSNR
estimation accuracy. To evaluate this criterion, the PSNR w&a rst estimated using
equations (7.1) and (7.4) and the distribution parametersdwe been estimated using
the original coe cient data (i.e., using the benchmarking . estimates). The
resulting mean PSNR estimation error is depicted in Table 7.1Based on these
results, the Cauchy model was selected for the | frames, whithe Laplace model
was selected for P and B frames.

The training of the parameter prediction module was perfored using one half of
the available video sequences, following the procedure dased in Section 7.3.4.
The e ectiveness of the proposed prediction scheme has bemraluated using the
remaining sequences.

To illustrate the results, Tables 7.2-a) and b) depict the pdormance of the ML
estimation method, when used alone. Table 7.2-a) depicts tipercentage of video
frames where the method fails, at each DCT coe cient frequenc As for Table 7.2-
b), it represents the relative error between \original" andML estimated parameter
values for the I-frames, for the cases where a value is suctidgsestimated. It can

be observed that the ML method fails and becomes increasipghaccurate as the
DCT frequency increases.

Table 7.2-c) represents the relative error "between "origii and prediction esti-
mates, when the trained predictor is used alone. Similarlyfable 7.2-d) represents
the relative estimation error that results after combiningML with prediction esti-
mates. It can be observed that the e ectiveness of the predion scheme increases
with increasing frequency. This is due to the higher rates @CT coe cients quan-
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X X

i# O 0 1.8 146 i# 11.7 276 37.1 53.7
0 0.7 6.2 354 174 345 451 53.7
04 3.7 16.4 50.0 256 43.8 48.8 584
10.0 28.8 46.4 75.9 456 51.8 58.1 715
(a) ML estimation failure rate [%]. (b) ML only (estimation error [%0]).

X X
i# { 236 257 213 i# 11.7 20.0 245 20.8
247 209 203 17.2 17.0 20.3 20.2 17.2
244 212 16.8 145 226 213 17.0 145
19.0 205 191 12.7 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 frequenciesaysing failure and in-
accuracy of the ML method). For low frequency coe cients, peameter estimates
that result from combining ML with prediction are substantially better than those
resulting individually from the ML method or from the predicion scheme.

In addition, Figure 7.4 depicts an example that illustratesthe estimation of the
Cauchy parameter, , 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 wits of ML parameter
estimation based on the quantized data. As can be observedrrahis plot, the
parameter could not be estimated at seven spatial frequeersi due to all DCT
coe cients quantized to zero at those frequencies. After usg the predictor, the
missing parameter values are computed and the estimates angproved, as shown

in Figure 7.4-c). For a better comparison, Figure 7.4-d) dep in a 2D plot the
information of the previous plots.

Note that, since all video sequences were encoded using the@4.2 Main Pro le,
the results and corresponding plots were obtained for the 4 4 sized transform
only. Nevertheless, and considering the plots depicted in dtires 7.2-c) and d),
the same process is expected to work in higher H.264 pro leshere the 8 8
transform is allowed. In such cases, distribution parametepredictors should be
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15,
124

oo w o

(a) \Original" values. (b) ML estimates alone.

"original”
——— ML alone
—+— Prediction + ML

(\q

0 5 10 15
Frequency position (zigezag order)

(c) Combining ML with prediction. (d) Comparison.

Figure 7.4. Example of parameter estimation (on an H.264 emsed 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 bestimated and
compared with its true value. Results are presented in Figas 7.5 and 7.6, for the
training and test sets, respectively, and separated accangd to the frame type. As
can be observed from the plots, the proposed method is quitecairate. Note that
a compensation procedure has been performed in order to ddes the possibility
of skipped macroblocks, which become quite common in P and B frames aseth
encoding bit rate decreases. This compensation procedusegiven by:

MSEest = s MSEe+(L rs) MSE: (7.37)

whererg is the rate of skipped MBs within the frame under analysis, MSs is
the MSE of the reference frame(s) and MSEis the mean square error estimate
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Figure 7.5: No-reference PSNR estimatioms. true PSNR { training set.

computed by the algorithm, considering the nonskipped MBsniy.

Additionally, the plots depicted in Figure 7.7 show the tempmal evolution of the
PSNR estimates in four video sequences with similar bitratggbout 512 kbit/s).

As can be observed, PSNR estimates closely follow their truelwas in spite of large
PSNR variations within the same video sequence.

The algorithm proposed by Eden in [89] has been implementear ftomparison pur-
poses. This algorithm models coe cient distribution usinga Laplace PDF, and uses
a low complexity parameter estimation method for computing , which is given by:

A log(1 ro)

den = (7.38)

whereq is the average quantization step used at a given DCT frequengyithin one
frame, rq is the the rate of DCT coe cients 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 coe cients quantized to zero"problem by imposing
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Figure 7.6: No-reference PSNR estimatiows. true PSNR { test set.

a bound on the value of in those situations. Based on information provided by
the author, these bounds have been set to the maximum value offound in lower
frequencies, since it is not likely to get smaller values ofas frequency increases.

Table 7.3 compares the proposed method and the implementati of [89]. The
symbols” a4, "ims and represent, respectively, the average error, the root mean
square error and the correlation, between true and estimatePSNR values. As can
be observed from the table, the proposed method shows higleBENR estimation
accuracy regardless of the frame type.

7.5.3 Quality assessment

The results for quality assessment have been evaluated byngmaring the quality
scores retrieved by the algorithm with the ones that resultrdm the subjective tests
described in Section 3.5.

Figure 7.8-a) depicts the the value of the propose perceptudistortion metric, Iﬁg,



7.5 Results

145

40 40
o o
Z Z
@ 30 14
Z Z
n %)
ol ol
25 25
True PSNR True PSNR
Estimated PSNR Estimated PSNR
20 : : : : : 20 : : : : :
50 100 150 200 250 300 50 100 150 200 250 300
Frame Number Frame Number
(a) City. (b) Coastguard
. . 40 . .
True PSNR True PSNR
Estimated PSNR | 35 Estimated PSNR |
) )
Z Z
[0 [0
= Z
n n
o o
n n n n I 20 n n n n I
50 100 150 200 250 300 0 50 100 150 200 250 300
Frame Number Frame Number
(c) Mobile. (d) Stephan

Figure 7.7: Temporal evolution of PSNR estimates (all sequees encoded at 512
kbit/s).

that results from (7.36), versus the corresponding true MOSalues. Similarly to
what has been performed in the results section of the previ®ehapters, a logistic
function was used in order to map the!figl values into the MOS range 1{5, used in
the subjective experiments. The estimated MOS values aredfefore the result of:
a

T (7.39)

Estimated MOS = ay +

whereag to az are curve tting parameters. In order to compute these paraters,
the available video sequences, in a total of 50 sequencesjehideen split into training
and validation sets, using one half of the sequences for eaeth. Parameter values are
those that result from minimizing the square di erences beteen true and estimated
MOS scores in the training set, using thé.evenberg-Marquardtmethod. A sketch
of the resulting curve is also depicted in Figure 7.8-a).

Figure 7.8-b) shows the resulting normalized MOS estimatesngus their true values.



146 Perceptual video quality assessment

Eden's [89] Proposed
Frame Type | "ag "ms “avg rms

I 1.30 1.57 0.99 0.72 0.91 0.99
2.07 252 0.970.82 1.09 0.98
2.79 3.22 0.97 0.87 1.12 0.98
All 250 3.96 0.970.84 1.10 0.98

Table 7.3: PSNR estimation accuracy.
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Figure 7.8: MOS estimation results.

As can be observed, the NR objective quality scores resultingpi the proposed
algorithm are well correlated with the subjective quality asessment data.

7.5.4 Comparison and discussion

The performance indicators suggested by VQEG (see Sectior’ 4have been com-
puted using the validation set. The results can be observed iTable 7.4. Pearson
correlation and Spearman rank order coe cients are both abe 0.9, which are good
results for video. The RMS is smaller than 8, which means that most of the MOS
estimates computed by the metric are within the grades giveloy the observers.

Compared with other results found on the literature, the prposed method seems to
outperform the algorithms designed for similar purposesn|[28], Rieset al. propose
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Root mean square error (RMS) 0.432
Pearson correlation coe cient ( ) 0.939
Spearman rank order coe cient (s) 0.921
Outlier ratio ( Oy) 0.020

Table 7.4: Evaluation of the proposed metric.

a no-reference video quality assessment metric where the biyascores result from
combining a set of motion features extracted at the decodefhe method is improved
in [29], where a di erent parametrization for estimating M5 is used according to
a previous classi cation of the video content. These methasdwere evaluated using
SIF (352 240 pixels) H.264 encoded video sequences, and the declaerfiopmance
in [28] and [29] are . = 0:80 and . = 0:86, respectively, which are below the results
of the method proposed in this paper.

In [27], Oelbaum and Diepold propose a reduced reference nedtior H.264 encoded
sequences where several features extracted from the videe eaombined (most of
them are artifact measurements and motion oriented featus¢ and the results are
adjusted based on two parameter values sent through a sideacimel. The declared
performance of this method is . = 0:84, s =0:80 andO, = 0:58, which are also
below the results achieved by the algorithm proposed in thisaper.

A standard for reduced reference quality assessment of aali€levision 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 arerg to the receiver.
The performance of this metric increases has the side chahbandwidth increases
(i.e., as the number of points in the sent edge map increases). Thesulting values
for . are in the range 1 0:83. Again, our method shows better performance.
However, it must be kept in mind that the method proposed in tts paper is adapted
to DCT-based video encoding while the standardized method [& not distortion
speci c.

7.6 Summary

A no-reference quality assessment algorithm for H.264 encddedeo sequences has
been proposed in this chapter. Similarly to the algorithm pesented in the previous
chapter for still images, it comprises a local error estimain module followed by
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an error weighting module. The error weighting model is badeon a perceptual
spatio-temporal model adapted from the work of Kelly and Daly.

The error estimation module is able to compute PSNR estimatelsased on the
guantization steps and DCT coe cient values taken from an H.28 bitstream. The
results of this module outperform the state-of-the-art algotihm in [89]. The no-
reference quality scores are then computed based on the erestimates and on the
motion vectors extracted from the bit stream. These MOS estiates correlate well
with the human perception of quality and show better resultshan other algorithms
(derived for the same purpose) described in literature [229].



Chapter 8
Conclusion

In the past few years, image and video quality assessment lecome an increasingly
important subject, as systems are moving from the analog tdé digital world. In
the context of digital video delivery, the quality perceive at the receivers is mainly
associated to the lossy encoding method that is used and tcatrsmission errors.
These two factors require the development of new quality nats that are able to
produce automatic quality scores.

The algorithms proposed along the Thesis perform quality agsssment of the encoded
images or videos by estimating the errors between the originhand quantized DCT
coe cient values, and then weighting those errors using a peeptual model. This
approach is close to a typical full reference quality assessnt algorithm based on
perceptual error weighting. However, the proposed algoriths do not require the
presence of a reference signal, belonging to the no-refeeeguality metrics class.
The perceptual impact of the distortion due to quantizationof the DCT coe cients
is computed using elements extracted from the encoded imagevideo bitstream.
Two main approaches for this problem have been investigatec watermarking-
based quality assessment algorithm and an algorithm that lies on the statistical
properties of the DCT coe cients of natural images.

In Chapter 2, the Thesis started by providing a brief insighinto the image quality
assessment eld and to the concepts that are directly reladlewith its context. After
a brief discussion on the factors that in uence the percepin of quality, it presented
the most relevant characteristics of human visual system. he understanding of
the HVS plays an important role in the development of image qui&f assessment
algorithms. Since the work presented on the Thesis is focdsen the quality resulting
from lossy encoding of media contents, this chapter also pided the basics of

149
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image and video coding, ending with a discussion about thetidacts caused by the
standardized encoding methods and their impact on image amitleo quality.

The main concepts associated with subjective quality assesent were presented
in Chapter 3: preparation of subjective quality assessmertésts, a review of the
existing standardized procedures and procedures for contipg MOS values from

the data collected in the subjective tests. The chapter endavith a short description

of the subjective quality assessment tests that were perfoed in the scope of the
Thesis.

An overview of the research work on objective quality assessnt metrics was given
in Chapter 4. Quality assessment metrics have been orgardzaccording to two

criteria: by considering the use (or not) of the referencegnal for computing the

guality score; and by considering the nature of the data usefdr computing the

metric's result. After presenting these possibilities of aksi cation, a state-of-the-

art on objective quality assessment metrics was presenteldd emphasized the metrics
belonging to the no-reference quality assessment class a@ralso presented the recent
standardized procedures for objective assessment.

Chapter 5 is the rst chapter focused on the work produced dumg the course of
the Thesis. It presented a new no-reference image quality assment algorithm
based on watermarking techniques. The distortion assoc&t to lossy encoding is
estimated from the extracted watermark signal, using two derent strategies: an
empirical weighting strategy based on the watermark's exdction bit error rate and
a strategy that is based on the statistical distribution of he DCT coe cients. The
former was not able to provide accurate PSNR estimates whiléé latter showed
good results for blindly computing local error estimationsn the presence of JPEG
lossy encoding. Using the most accurate error estimation ategy, image quality
scores resulted from combining those error estimates withperceptual model. The
resulting no-reference quality scores showed a strong reédet with subjective quality
assessment data.

Following the work presented in Chapter 5, namely the stratgy for distortion estima-
tion based on the statistics of DCT coe cients, Chapter 6 presnted a no-reference
guality assessment algorithm that does not require the usé¢ @ watermark signal. In
short, the statistical distribution of the original DCT coe cients is estimated from
their quantized values, using a methodology that exploredhé correlation between
distribution parameters at adjacent DCT frequencies. The mposed parameter esti-
mation technique led to PSNR estimates that are more accuratkan those provided
by [88]. Those estimates were then used for computing a noaefnce quality score
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for images subject to JPEG encoding. Similarly to Chapter Srror estimates were
weighted using a perceptual model by Watson. The proposedyalithm was able to
compute accurate PSNR estimates and image quality scores Hiig correlated with

the human perception of quality.

Finally, Chapter 7 presented the main achievement of the Tlses, an algorithm
that assesses the quality of H.264/AVC encoded video sequesawithout using a
reference signal. Similarly to the algorithm presented inhie previous chapter for
still images, it also comprises a local error estimation mate followed by an error
weighting module. The error weighting model is based on a meptual spatio-
temporal model adapted from the work of Kelly and Daly. The ewr estimation
module is able to compute PSNR estimates based on the quantia steps and
DCT coe cient values taken from an H.264 bit stream. No referene quality scores
are then computed based on the error estimates and on the nativectors extracted
from the bit stream. These MOS estimates correlate well witthe human perception
of quality and have shown better results than other state-ofie-art algorithms.

The major topic for future work, where signi cant research an still be performed,
is to consider the case of video transmission errors. The uéis of the algorithm
presented in Chapter 7 could be combined with speci c packétased transmission
features .9, packet loss rate), in order to produce a quality score for ehdistortion
due to both the lossy encoding and the transmission processé\nother topic that
may be worth to investigate is to apply the ideas related withDCT coe cients
distribution estimation, presented in Chapters 6 and 7, foother applications, such
as image and video denoising and error concealment.
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