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Abstract 

In video broadcast systems, the principal objective is to obtain the best possible visual quality at 

a specific rate constraint and channel settings. Traditional methods for broadcasting multiple 

digital video bitstreams over a single-channel use a straightforward approach: they divide the 

existing capacity of a broadcasting channel equally among all programmes, and then they 

independently encode each video programme at a constant bit rate (CBR). In this dissertation, 

we focus on how to design efficient rate control schemes for the joint coding of video bitstreams 

using H.264/AVC video encoders in such a way that the sum of all the bit rates meets the 

negotiated connection parameters. A possible solution is to encode each video bitstream using 

VBR video encoding algorithms, guaranteeing that the permissible range of variation of the bit 

rate of each source is restricted by at least the capacity of the channel. In order to estimate the 

impact in terms of video quality of encoded video bitstreams, several issues have been studied: 

the criteria to allocate bandwidth between the different video programmes and how visual 

quality is assessed. 

The way video quality is measured is vital for designing video broadcast systems that 

potentially result in the degradation of the visual quality. Such metrics have the potential to 

allow designers to optimise video broadcast systems to deliver higher quality while decreasing 

system costs. For decades, the mean squared error (MSE) has been the dominant objective video 

quality metric. Nevertheless, on many occasions the MSE exhibits weak performance and has 

been extensively criticized for serious shortcomings, mainly when dealing with perceptually 

significant signals. Research on how perceptual video quality metrics, metrics that incorporate 

human visual perception, can be used in the coding process is rather important. In the present 

dissertation, two video quality metrics that use the structural properties of human vision were 

selected, the Structural SIMilarity (SSIM) index and the JND (Just Noticeable Distortion). A 

novel approach to a joint video source coding, based on perceptual distortion, is thus proposed. 

The H.264/AVC standard specifies the decoding process and the bit-stream syntaxes 

accordingly allowing research towards the optimization of the encoding process concerning 

coding performance improvement and complexity reduction. Rate-distortion (R-D) based 

methods are frequently used to enhance and smooth video quality. However the lack of R-D 

models for joint video encoders, using perceptual video quality metrics, confines their 

application to joint video coding. To provide a more accurate estimation, the rate distortion 
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relation based on the characteristics of the H.264/AVC coding to support the best video quality 

perception was researched and modeled. One important outcome is that the models deliver good 

performance in terms of quality prediction accuracy and strong correlation with subjective 

ratings. So, one can exploit the accuracy of quality prediction of existing perceptual video 

quality metrics to facilitate joint coding decisions. These results demonstrate that subjective 

metrics can be incorporated in joint source coding systems resulting in a perceived quality 

improvement. 

Experiments have been conducted to validate the performance of the proposed algorithms. 

Objective and subjective video quality results show that the proposed algorithms outperform 

current state-of-the-art methods in the simulations. With suitable bit rate allocation, the 

fluctuation of objective video quality is reduced in a joint video coding process. 

In summary, the main contributions of this thesis are as follows: modelling of R-D of 

H.264/AVC using perceptual means to assess the distortion; development of joint source coding 

algorithms for controlling a statistical multiplexing process of different streams into a fixed 

bandwidth channel that incorporate perceptual information; study how joint coding results 

correlate with subjective quality assessment. 
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Resumo 

Os sistemas de transmissão de vídeo comprimido tem como objetivo principal difundir um ou 

mais fluxos de vídeo digital codificados com a melhor qualidade visual possível, de acordo com 

as definições do canal de transmissão e requisitos da taxa de transmissão de bits (débito 

binário). Os métodos tradicionais de transmissão de um ou mais fluxos de vídeo comprimido 

num único canal utilizam uma abordagem direta: a capacidade do canal de transmissão é 

dividida de forma equitativa pelos diferentes fluxos de vídeo digital e posteriormente cada fluxo 

de vídeo digital é codificado a débito binário constante. 

Esta dissertação tem como objetivo o estudo de sistemas de controle de débito binário quando 

vários fluxos de vídeo digital são codificados simultaneamente e transmitidos num único canal, 

usando codificadores H.264/AVC. O valor da soma do débito binário de cada fluxo de vídeo 

comprimido deve respeitar os valores dos parâmetros da ligação negociada. Para a resolução 

deste problema é proposto e especificado um sistema que permite codificar vários fluxos de 

vídeo digital, usando algoritmos de codificação de débito binário variável. O sistema proposto 

limita a variação do débito binário de cada fluxo de vídeo comprimido de acordo com a 

capacidade do canal. É apresentado o desempenho da solução proposta para diferentes critérios 

de distribuição da largura de banda entre os diferentes fluxos de vídeo comprimidos. A 

avaliação da qualidade visual final é avaliada recorrendo a métodos de avaliação objetivos e 

subjetivos. 

A escolha do procedimento para avaliação da qualidade visual é determinante para o desenho de 

sistemas de transmissão de vídeo digital. Esta escolha condiciona o desenvolvimento de 

sistemas capazes de simultaneamente otimizar a qualidade visual e garantir a redução da 

complexidade do sistema. Durante décadas, o erro médio quadrado (MSE) foi a métrica de 

qualidade vídeo dominante. No entanto, em muitas situações, o MSE exibe um desempenho 

fraco e tem sido extensivamente criticado por falhas graves, principalmente quando se lida com 

sinais perceptualmente relevantes. Desta forma é relevante estudar métodos de incorporar as 

métricas de qualidade percetual de vídeo no processo de codificação, métricas estas que 

integram a perceção visual humana no processo de aferição da qualidade visual. Para este 

estudo, foram selecionadas duas métricas de qualidade de vídeo que utilizam as propriedades 

estruturais da visão humana, a similaridade estrutural (SSIM) e o índice de JND (Just 
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Noticeable Distortion). A proposta final consiste no desenvolvimento de métodos de codificação 

conjunta de fluxos de bits de vídeo, baseada na distorção percetiva. 

A norma H.264/AVC especifica somente o processo de descodificação, a sintaxe e semântica do 

fluxo de bits codificado, incidindo a investigação na otimização do processo de codificação 

relativamente ao desempenho e à redução da complexidade associada. Os métodos de Rate-

Distortion (RD) são frequentemente utilizados para melhorar e uniformizar a qualidade visual. 

No entanto, a ausência de modelos Rate-Distortion em cenários de codificação conjunta de 

fontes de vídeo, utilizando métricas de qualidade percetual de vídeo, limita o seu uso. Para 

ultrapassar esta limitação, procedeu-se à análise e modelação da relação entre o débito binário e 

a distorção associada a métricas de qualidade percetual usando fluxos de vídeo com base nas 

características de um codificador H.264/AVC. Os modelos Rate-Distortion obtidos apresentam 

um elevado desempenho em termos de precisão da predição da qualidade dos sinais de vídeo 

digital e uma forte correlação com processos de avaliação da qualidade usando metodologias de 

avaliação subjetiva. Com base nestes resultados, foram incorporadas métricas de qualidade 

percetual no processo de codificação conjunta de fluxos de vídeo. A análise do desempenho 

destes sistemas foi baseada num conjunto de simulações para cada um dos algoritmos propostos. 

Os resultados obtidos foram avaliados usando métricas objetivas e subjetivas de avaliação da 

qualidade, evidenciam um desempenho superior os atuais métodos. Uma melhor alocação do 

débito binário entre os diferentes fluxos de vídeo permite ainda reduzir a flutuação da qualidade 

de vídeo, num fluxo de vídeo e entre fluxos de vídeo. 

Em síntese, as principais contribuições desta dissertação são: a modelação Rate-Distortion de 

um codificador H.264/AVC utilização métricas de qualidade percetual, o desenvolvimento de 

algoritmos de codificação conjunta, que incorporem informação percetual, para controlar o 

processo de multiplexagem estatística de diferentes fluxos de vídeo num canal único de difusão, 

e o estudo da correlação entre os resultados da codificação conjunta e a avaliação subjetiva dos 

resultados. 
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Resumée 

En ce qui concerne les systèmes de diffusion vidéo, le principal objectif consiste à obtenir la 

meilleure qualité visuelle possible, à un taux de débit binaire spécifique et selon les définitions 

du canal. Les méthodes traditionnelles de diffusion de multiples trains de bits de vidéo 

numérique sur une seule chaîne ont recours à une approche directe : elles répartissent la capacité 

existante d’un canal de radiodiffusion de manière équitable entre tous les programmes, puis 

encodent chaque programme vidéo de manière indépendante à un débit binaire constant (CBR). 

Le présent exposé se concentre sur la conception de schémas efficaces de contrôle de débit pour 

le codage conjoint de trains de bits vidéo utilisant des encodeurs de vidéo H.264/AVC de sorte à 

ce que la somme de tous les débits binaires respecte les paramètres de la connexion négociés. 

Une solution consiste à encoder chaque train de bit vidéo au moyen d’algorithmes d’encodage 

vidéo au débit binaire variable (VBR), en assurant ainsi que la capacité du canal restreint 

l’intervalle de variation du débit binaire de chaque source. Afin d’estimer l’impact en termes de 

qualité vidéo des trains de bits vidéo encodés, nous avons analysé plusieurs points : les critères 

pour allouer la largeur de bande entre les différents programmes vidéo et la manière dont la 

qualité visuelle est évaluée. 

La manière dont la qualité de la vidéo est mesurée est essentielle pour la conception de systèmes 

de diffusion vidéo pouvant mener à la dégradation de la qualité visuelle. Ces métriques 

permettent aux concepteurs d’optimiser les systèmes de diffusion de vidéo afin d’offrir une 

meilleure qualité, tout en réduisant les coûts du système. Pendant plusieurs décennies, l’erreur 

quadratique moyenne (EQM) a été la métrique de qualité vidéo dominante. Néanmoins, l’EQM 

montre, à de nombreuses reprises, une faible performance et a été largement critiquée en raison 

de graves lacunes, notamment lors du traitement de signaux pertinents du point de vue 

perceptuel. La recherche sur la manière d'utiliser des métriques de qualité perceptuelle de vidéo 

(métriques intégrant la perception visuelle humaine) dans le processus de codage est importante. 

Dans le présent exposé, nous avons eu recours à deux métriques de qualité vidéo reposant sur 

les propriétés structurelles de la vision humaine : l’index de similitude structurale (SSIM) et la 

JND (Just Noticeable Distortion). Nous proposons ainsi une nouvelle approche pour un codage 

conjoint de flux de bits vidéo, reposant sur la distorsion. 

La norme H.264/AVC spécifie le processus de décodage et les syntaxes de trains de bits, 

permettant ainsi la recherche visant à optimiser le processus d’encodage quant à l'amélioration 
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de la performance de codage et à la réduction de la complexité. Nous avons fréquemment 

recours à des méthodes reposant sur le degré de distorsion (R-D) afin d’améliorer et 

d’uniformiser la qualité de la vidéo. Toutefois, le manque de modèles R-D pour les encodeurs 

vidéo conjoints, utilisant des métriques perceptuelles de qualité vidéo, limite leur application au 

codage vidéo conjoint. Ainsi, afin d’offrir une estimative plus précise et une meilleure 

perception de la qualité vidéo, nous avons analysé et modelé le rapport du degré de distorsion 

reposant sur les caractéristiques du codage H.264/AVC. D’après le résultat obtenu, les modèles 

offrent une performance correcte en termes de précision de prévision de qualité et une forte 

corrélation avec les classifications subjectives. Il est donc possible d’exploiter la précision de la 

prévision de la qualité des actuelles métriques perceptuelles de qualité de vidéo pour faciliter les 

décisions de codage conjoint. Ces résultats montrent que des métriques subjectives peuvent être 

intégrées aux systèmes de codage conjoint de sources, ce qui mène à une amélioration de la 

qualité perceptuelle. 

Des essais ont été effectués afin de valider la performance des algorithmes proposés. Les 

résultats objectifs et subjectifs des simulations de la qualité vidéo montrent que les algorithmes 

proposés présentent un résultat supérieur à celui des méthodes actuelles. Une distribution 

appropriée du débit binaire permet la réduction de la fluctuation de la qualité vidéo au moyen du 

processus de codage vidéo conjoint. 

En résumé, les principales contributions de cette thèse sont les suivantes : le modelage RD d’un 

encodeur H. 264/AVC en ayant recours à des moyens perceptuels afin d’évaluer la distorsion ; 

le développement d’algorithmes de codage conjoint de source pour le contrôle du processus de 

multiplexage statistique de différents trains de bits en un canal à largeur de bande fixe intégrant 

des informations perceptuelles ; l’analyse de la manière dont les résultats de codage conjoint ont 

un rapport avec l'évaluation subjective de la qualité. 
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He who becomes the slave of habit, who follows the same routes 

every day, who never changes pace, who does not risk and 

change the color of his clothes, who does not speak and 

does not experience, dies slowly. 

 

He or she who shuns passion, who prefers black on white, 

dotting ones ”i’s” rather than a bundle of emotions, 

the kind that make your eyes glimmer, 

that turn a yawn into a smile, that make the heart pound 

in the face of mistakes and feelings, dies slowly. 

 

He or she who does not turn things topsy-turvy, 

who is unhappy at work, who does not risk certainty 

for uncertainty, to thus follow a dream, those who do not forego 

sound advice at least once in their lives, die slowly. 

 

He who does not travel, who does not read, 

who does not listen to music, who does not find grace in himself, 

she who does not find grace in herself, dies slowly. 

 

He who slowly destroys his own self-esteem, 

who does not allow himself to be helped, 

who spends days on end complaining about his own bad luck, 

about the rain that never stops, dies slowly. 

 

He or she who abandon a project before starting it, 

who fail to ask questions on subjects he doesn’t know, 

he or she who don’t reply when they are asked something 

they do know, die slowly. 

 

Let’s try and avoid death in small doses, reminding oneself 

that being alive requires an effort far greater than the simple fact of 

breathing. 

 

Only a burning patience will lead  

to the attainment of a splendid happiness. 

 

 

Pablo Neruda 
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Chapter 1. Introduction  

 

Over the past twenty years, video signals have been the subject of considerable research. The 

advent of digital video technology has made it possible to process, broadcast, and store video 

streams. With the growing availability of digital transmission links, a wide range of emerging 

applications, such as digital TV/HDTV broadcasting, digital cinema, video conferencing or 

surveillance, have been developed. Currently, 48 hours of video are uploaded every minute onto 

YouTube databases, and over three billion videos are watched every-day on YouTube [1].  

With the growing commercial interest in these products and services, the need for international 

audiovisual standards has emerged. The standardisation process facilitates equipment 

interoperability from different manufacturers. When video is being broadcasted, its quality 

depends on the video encoding process and the allocated bandwidth. The encoding process is 

fundamental since it has a huge impact on the rate-distortion performance and also on the 

utilization of different resources such as processing power, transmission bandwidth, and end-to-

end delay of streaming service. The difficulty is even greater when the global performance over 

several streaming services is considered. 

Digital TV, one of the most popular digital video applications, is based on the success of 

MPEG-2 and the Digital Video Broadcasting (DVB) standard family (Digital Video 

Broadcasting Terrestrial – DVB-T, Digital Video Broadcasting Satellite – DVB-S, and Digital 

Video Broadcasting Cable – DVB-C standard) ([2],[3],[4],[5]). Following the success of 

MPEG-2, the ITU-T Video Coding Experts Group (VCEG) and the ISO/IEC Moving Picture 

Experts Group (MPEG) have jointly developed H.264/AVC, also known as Advanced Video 

Coding (AVC) ([6]). H.264/AVC has achieved considerable progress regarding coding 

efficiency, substantially enhanced error robustness, increased flexibility and scope of 

applicability relative to its predecessors ([7],[8]). It covers video applications ranging from 

mobile services and videoconferencing to IPTV, HDTV, and HD video storage ([8],[9]). 

Typical target applications include broadcasts over cable, satellite, cable modem, x (of any type) 

digital subscriber line (xDSL), and terrestrial channels, interactive or serial storage on optical 

and magnetic devices such as DVD, storage and distribution of professional film and video 

material for content contribution and distribution, studio editing, and processing and wireless 
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networks ([8]). The H.264/AVC standard ([6]) has been considered ‘highly recommended’ as 

the video coding format for DVB-H ([10]). It is generally accepted that H.264/AVC will have a 

higher impact in digital video systems (such as storage, broadcast and streaming), but there are 

still difficulties.  

According to [11] H.264/AVC compression efficiency tends to be insufficient for the wireless 

and wired transmission of the next-generation resolutions. As a result MPEG and VCEG have 

formed a Joint Collaborative Team on Video Coding (JCT-VC) to develop a successor to 

H.264/AVC. This standard is being referred to as High Efficiency Video Coding (HEVC) ([12], 

[13]). HEVC is focused on coding progressively scanned rectangular frames, and can scale from 

320 x 240 pixels up to 7680 x 4320 resolution. JCT-VC integrated features from some of the 

best-performing HEVC proposals ([14]). First results show a reduction in bit rate requirements 

by half with similar subjective perceptual quality when compared with H.264/AVC, at the 

expense of increased computational complexity ([13]). The time schedule of JCT-VC is to 

publish draft versions of HEVC in 2012 and the first version of the final draft standard in 

January 2013. Given that HEVC is still an ongoing process with many variable elements and 

open questions, this thesis focuses on the existing established standards, mainly in H.264/AVC.  

The video coding standards’ specifications provide only the bitstream syntax and allow flexible 

implementations of the encoding process. A video coding algorithm specifies how to combine 

standard tools to achieve efficient compression while maintaining video quality as high as 

possible. The combined selection of the video coding algorithm and encoding parameters has a 

strong impact on the quality and bit rate of the encoded video source. 

The core of this dissertation is on optimizing the video coding process to enhance coding 

performance when various video sequences are simultaneously encoded. In order to estimate 

impact in terms of image quality of jointly encoded video programmes, several issues need to be 

studied: the criteria to allocate bandwidth between the different video programmes and the used 

image quality metric. Perceptual quality metrics are used in this study. Several mathematic 

models are investigated in order to provide support for the joint coding of video sequences in 

such a way that the sum of all the bit rates meets the negotiated connection parameters. In 

particularly, we use rate-distortion (RD) models to estimate the relationship generated by the 

encoding process between bits needed to encode frames and the perceived image quality. These 

models can be obtained analytically or empirically. In analytical modeling, the RD model is 

obtained by combining the statistics of the source video signal with the properties of the video 

encoder. In empirical modeling, the RD model is generated by an interpolation process between 

a set of RD points, in an approximation of the RD curve. The RD model is then used in the 

control of the bandwidth allocated per video sequence. After the encode process ends, the model 
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is updated. Using valid models enables us to estimate these parameters. The prime theme 

underlying all of our work is the use of statistical modeling techniques to optimize the video 

coding process and the use of perceptual quality metrics. 

1.1 Video Coding and Rate Control  

The MPEG standards family specifies the decoding process and the bit-stream syntaxes 

allowing research towards the optimization of the encoding process regarding coding 

performance improvement and complexity reduction. The objective of a video encoder is to 

generate the optimum perceptual video quality, or to minimise distortion, under a certain set of 

requirements such as channel bandwidth or storage limitations. In general, for a specific bit 

budget, the video encoder should optimally determine a set of the best quantisation parameters 

by minimizing the value of the distortion D. It is known that the quantisation parameter plays a 

key role in the generation of bits and distortion coding. If a video sequence is encoded using all 

the different quantisation parameters, then rate and quantisation error can be obtained, and it is 

possible to plot the rate-quantisation (R-Q) or distortion-quantisation (D-Q) curves. R-Q and D-

Q functions characterise the rate-distortion (R-D) behaviour of video encoding that allows the 

improvement of bit allocation. 

There are two main approaches to solving the optimal bit allocation problem: Lagrange's 

optimization ([15],[16]) and dynamic programming (DP) ([17]). However, the computational 

complexity of these methods is very high due to the need to determine R-D characteristics of 

current and future video frames. Accordingly, to obtain an estimation of the bit rate without 

having to implement the whole encoding process, mathematical models can estimate the bit rate 

or the quantisation error. Many R-Q and D-Q functions have been reported in previous studies 

([18],[19],[20],[21],[22],[23],[24],[25],[26],[27],[28]). Some of these schemes were adopted in 

standard-compliant video coders, such as TM-5 ([19]), the test model for MPEG-2, TMN-8 

([20]), the test model for H.263, or VM-8 ([28]), the verification model for MPEG-4. The 

algorithms proposed in this dissertation will be implemented using the H.264/AVC standard. 

To provide an accurate bandwidth estimation for the different video programmes, the rate 

distortion relationship will be further investigated. In particular, it will be research how 

perceptual-based quality metrics for image and video can be incorporated in the joint coding of 

multiple video streams. The study will focus on two perceptual quality image metrics, the 

Structural SIMilarity (SSIM) index and the JND (Just Noticeable Distortion). With suitable bit 

rate allocation, the fluctuation in video quality can be reduced. 
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1.2 Problem Statement and Objectives 

Digital techniques are being used in a wide range of video applications, mainly in residential 

digital video services such as digital TV, Video on Demand, Internet video, etc. - each service 

having several programmes. A programme refers to one or more bitstreams that are used to 

represent the video and associated audio content. The use of digital techniques is frequently 

associated to the use of compression algorithms. High compression ratios are often achieved by 

using loss techniques while suffering minor decrease of picture quality. Thus, compression 

allows digitized video data to be represented in a much more efficient way and to broadcast 

programmes using only part of the bandwidth that would be necessary with raw video data. In 

broadcast applications, the simultaneous use of digital techniques and compression algorithms, 

such as the H.264/AVC standard, permits the reduction of transmission bandwidth while 

providing a service with a quality similar to or better than the previous analogue systems. 

Viewers receive video programmes from different video content providers via a transmission 

channel. Consider a basic broadcasting chain composed of a video coder connected to a video 

decoder via a multiplexer, a digital broadcast channel and a demultiplexer (Figure 1.1) ([29]). In 

a fixed multiplexing scheme, the channel bandwidth is divided into fixed parts between the 

different services so that the sum of the individual service's bandwidth is equal to or lower than 

the total available channel bandwidth. 

 

 

 

 

Figure 1.1 – A simplified digital broadcasting chain: encoder and decoder buffer diagram 

The major issue for broadcasters is to select a criterion to divide bandwidth between the various 

services. To obtain constant video quality, encoders need to generate variable bit rate (VBR) 

data. Video signals representing varied programme types intrinsically have very diverse 

complexities. For example, a soccer game is much more complex to encode than an interview or 

a talk show. One way to solve this problem is to allocate different bit rates to each encoder 

based on the expected video complexity of the signal to be encoded. A larger fraction of the 

total bandwidth of the channel would be allocated to the soccer game programme compared to 

the talk show. This would result in a reduction of the picture quality variation between the 

different video programmes. One criterion for allocating bandwidth is based on the peak bit rate 

requirements. This method is inefficient, as total bandwidth would seldom be used. An 
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alternative is to allocate bandwidth among different programmes dynamically, adjusted over 

time, according to a criterion such as the relative complexity of each video programme. This 

process is named joint coding or statistical multiplexing [30] and can be described as follows 

[31]: 

1. The bandwidth allocation process such that the aggregate instantaneous bit rate is not 

higher than the channel capacity, the minimum quality of service (QoS) requirements 

for all applications are met, and the quality is maximized for applications in the order 

of their importance. This allocation process depends on factors such as the 

complexity and relevance of each video programme. 

2. The control required in cases where the aggregate instantaneous bit rate is greater 

than the channel capacity, so that it is possible to minimise the loss in QoS in many 

applications. 

The way the bandwidth is allocated among programmes depends on the goal of the service. 

Several criteria have been used to allocate bandwidth within a joint coding process 

([32],[33],[34],[35],[36],[37],[38],[39],[40],[41],[42],[43],[44],[45],[46],[47],[48],[49],[50],[51],

[52],[53],[54]). Consider the case where bandwidth allocation is based on picture complexity. 

iX  denotes the picture complexity of programme i. A common allocation method is to allocate 

bandwidth, iR  for a video programme i, from the total bit capacity R, according to its coding 

complexity. 

Number_Programmes

1

i
i

j

j

X
R R

X





 (1.1) 

References in literature mention a lower threshold for bit rate allocation below which the quality 

of compressed image drops abruptly ([55]). To solve this problem a minimum bit rate allocation 

minR  needs to be guaranteed for each programme i, and to allocate the remaining bits linearly, 

using a method similar to the Equation (1.2).  

min min

i

i
i j

j
j

j

X
R R R R

X

 
   

 



 (1.2) 

Each video programme may have a different guaranteed minimum bit rate depending upon the 

anticipated overall complexity of the video transmitted through the channel and/or pricing of the 

channel to the providers of the video signals (Equation (1.2)).  
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A third method is to assign bandwidth proportionally to the value of a fee. The higher this value, 

the greater the fraction of the total bit rate of the transmission link allocated to that channel. 

Thus, better quality is obtained for the video programme with higher fee values. This approach 

would be represented by an equation similar to equation (1.1) where the complexity would be 

replaced by a weighting factor iF  associated with the pricing. A combined approach of pricing 

and complexity is also used and can be denoted as: 

1

i i

i

j j

j

F X
R R

F X





 (1.3) 

Another method is to guarantee a minimum allocation bandwidth per video programme and 

allocate the remaining bits using weighting factors that depend upon the anticipated overall 

complexity of the video signal transmitted over the channel and/or pricing of the channel to the 

provider of the video signals. This method can be formulated as follows.  

min min

i i

i
i j

j

j
j

j

F X
R R R R

F X

 
   

 



 (1.4) 

A common problem to all these methods is that usually the bit rate allocation for the next 

pictures is determined based on the complexity measures from preceding pictures. Thus, if there 

is a scene cut, the bits may not be enough to encode the new scene because the allocation was 

based on incorrect information. This problem can be avoided with a delay of one or two frames 

in the video encoding so that it is possible to detect a scene change. The ability to adapt the bit 

rate allocation of services sharing a multiplex is vital to a broadcaster for the following reasons:  

1. Addition of new services by reducing the video bit rate of existing services within the 

multiplex and thus obtaining additional bandwidth capacity. 

2. Removal of an inactive service, distributing the corresponding bandwidth and thus 

increasing the picture quality of the remaining video programmes. 

3. Alteration of the video bit rates of services sharing a multiplex, maintaining the 

number of programmes within a multiplex, periodically (e.g. whenever each TV 

programme start) or continually (e.g. on a frame-by-frame basis) according to 

programme content. The aim is to maintain overall picture quality high by controlling 

the video bit rate allocation assigned to services according to the complexity of 

encoded material. 
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For digital television broadcasting applications, different environment scenarios can be foreseen 

for the joint video coding (Figure 1.2).  

 

 

 

 
 

 

 

 

 

Figure 1.2 – Digital television environments 

Figure 1.2 consists of a hybrid configuration, with local transcoders establishing the connection 

between remote encoders or previously stored video signals and the dynamic multiplexer, and 

with local video encoders for locally acquired programmes ([29],[50]).  

Common to all though is the presence of stand-alone equipment implementing the joint video 

coding strategy. Scenarios will differ according to the location of video encoders relative to the 

multiplexer. For example, one interesting scenario for broadcasters should be to reassign bit 

rates while the multiplex is “on-air” and without causing the interruption of any service within 

the multiplex at a receiver. 

Research in joint bandwidth allocation methods has been focusing on how to handle video 

quality among multiple video sources when the overall sum of bit rates on the channel is 

constant. Two approaches have been followed: how to obtain a uniform distribution of 

distortions among the different sources ([32],[33],[35],[36],[37],[38],[39],[40],[41],[42], [43], 

[44],[45],[46],[56]), and how to minimise the sum of distortions for each source ([34],[47],[57]).  

In summary, the main contributions of this thesis are as follows: R-D Modelling of H.264/AVC 

using perceptual ways to assess the distortion; development of joint source coding algorithms 

for controlling a statistical multiplexing process of different streams into a fixed bandwidth 

channel that incorporates perceptual information; and study how joint coding results correlate 

with subjective quality assessment.  
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Additionally, the contributions of this Thesis include: 

1. A survey of existing subjective and objective quality assessment metrics. 

2. An overview of the main Digital Video Coding Standards. 

3. A survey of the state-of-the-art HRD Models and Standards Rate Control 

Standard algorithms. 

4. A bit rate variability study on H.264/AVC, coded using perceptual metrics. 

5. Performance comparison between several Joint Video Coding Algorithms. 

6. A two-pass video coding algorithm, incorporating perceptual metrics. 

1.3 Outline of the Dissertation 

The remainder of this dissertation is organized as follows: 

Chapter 2 introduces the basic concepts of digital video quality, presents objective and 

subjective state-of-art methodologies and describes recent trends in video quality assessment. 

Besides providing the relevant background information in digital video quality assessment, the 

need for perceptual quality metrics is justified. It introduces two perceptual metrics: JND and 

SSIM. 

Chapter 3 surveys the principal digital video coding standards. A detailed description of the new 

features of H.264/AVC standard is given. 

Chapter 4 considers fundamentals of HRD models and standard rate control schemes, which is 

the basic core of this work. Although rate control is not part of the video coding standards, the 

algorithms developed during the standardisation process are an important reference in the video 

coding field. 

Chapter 5 introduces rate control optimisation in H.264/AVC, and focuses on Rate-Distortion 

modelling for H.264/AVC. New Rate-Distortion models based on perceptual quality metrics are 

introduced and evaluated. In addition, the Bit Rate Variability-Distortion (VD) curve for 

H.264/AVC using perceptual quality metrics is proposed and analysed. 

Chapter 6 presents the architecture and performance analysis of joint video coding using 

different complexity criteria. 

Chapter 7 summarises the results and contributions of the Thesis.  

Finally, the Annex section of this dissertation presents auxiliary information as well as 

additional experimental results for the various techniques developed in the thesis. 
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Chapter 2. Digital Video Quality and its Assessment 

 

The assessment of video quality is a vital aspect for the effective designing, implementing, and 

monitoring of services by content providers. Digital video is being increasingly used in 

heterogeneous environments and applications, and thus subject to different types of distortions 

during acquisition, authoring, compression, transmission, and reproduction. One of the goals in 

the design of visual communication systems is to represent, broadcast and reproduce the 

information that the human eye can see and perceive ([58],[59],[60]). Failure to achieve this 

goal is a waste of resources (channel and terminal devices). Therefore, it is important to 

understand how pictures can be efficiently represented and assessed.  

There are two emerging approaches for assessing subjective video quality ([61]). The first is 

Quality of Experience (QoE). The concept of QoE is recent and different definitions of QoE can 

be found in the literature ([62]). ITU-T Recommendation P.10/G.100 defines QoE as “the 

overall acceptability of an application or service, as perceived subjectively by the end-user” 

([63]). The second approach is the concept of Quality of Perception (QoP), formally known as 

the user-perceived QoS (QoSE). ITU-T ([64],[65]) defines QoP (QoSE) as “a statement 

expressing the level of quality that customers/users believe they have experienced.” Both QoE 

and QoP are user-centred approaches. 

Quality assessment of digital video must be seen as an integral part of a complete compressed 

evaluation system. According to [66], a broad classification of the applications of quality 

assessment algorithms can be seen as applications that keep track of video quality for real-time 

applications, for assessing competing image and video processing algorithms, and to provide 

support to the optimisation of the design of image and video processing algorithms. The use of 

digital compression has expanded the types of distortions that can occur in a modern digital 

video system. Existing assessment methods for measuring video quality can be divided into two 

([67],[68]): subjective testing (human observers provide their opinion on video quality) and the 

objective measurement's methods. This latter method is performed with the aid of 

instrumentation, either manually with humans reading a calibrated scale or automatically using 

a mathematical algorithm ([59]). A reliable way of assessing the quality of an image or video is 

the subjective evaluation, as human beings are the final receivers in most applications ([59]). 
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Nevertheless, it is a rather complex process (wide variety of possible methods and test elements) 

and generates too much variability in the results. This chapter gives a brief summary of the 

video quality assessment methodologies. 

2.1 Subjective Assessment of Visual Quality  

The production of audio-visual programmes’ aims to satisfy human viewers so that their opinion 

of the video quality is relevant. Thus, regardless of the video quality metrics selected, it is rather 

important to ensure that it presents high correlation with subjective measurements. Indeed, 

controlled studies of how viewers assess quality must be regarded as the fundamental standard 

of performance for any video processing algorithm ([64]). Informal and formal subjective 

measurements have been used to evaluate system performance, from the design lab to the 

operational environment. This includes the psycho-visual assessment of video quality where 

video signals are viewed by human observers under restricted viewing conditions (fixed 

lighting, viewing distance, etc.) ([64]). In subjective tests, viewers (normally aged between 15 

and 30 years) are asked to view a set of video sequences and give a quality score on a numerical 

or qualitative scale. The average value of the scores, for a given video sequence, is known as the 

Mean Opinion Score (MOS). Given that each human observer has distinctive interests and 

expectations when watching a video sequence, the subjectivity and variability of observer 

judgments cannot be totally removed ([69]). Subjective tests try to diminish these factors by 

unambiguous instructions, training and controlled environments. Nevertheless, a quality score is 

a noisy assessment that is described by a statistical distribution rather than a precise number. 

There is a broad diversity of subjective testing methods. The perceptual performance of subjects 

can be assessed by tools provided by psychophysics, beginning with visibility thresholds and 

just-noticeable differences (JND’s), which are most appropriate for small impairments ([69]). 

Direct scaling methods have been standardised by the ITU through various recommendations 

([70],[71],[72],[73]). The recommendations contain information regarding viewing conditions, 

criteria for the selection of observers and test material, assessment procedures, and data analysis 

methods. Selection of a specific subjective testing method depends on the application, quality 

variation, and the observer’s duties ([69]). 

Two broad measurement techniques exist. In primary or explicit measurements of picture 

quality, a group of viewers examines a set of pictures and makes subjective decisions on their 

quality. In secondary or implicit measurements, characteristics of standardised waveforms are 

objectively measured and the results are then converted to quality measures through previously 

established relations (e.g. waveform testing used in analogue transmission links). Primary 

methods are more useful if the distortions introduced by processing are complex in appearance, 
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as in some methods of digital coding. Both the primary and secondary methods assume that 

quality can be represented on a linear, one-dimensional scale. Multidimensional evaluations, 

which have been successfully applied in scaling speech quality, are also applied to television 

images ([74],[75]). Primary subjective evaluations are based on two broad methods, Category-

Judgments methods (also referred to as Rating-Scale methods) and Comparison methods ([76]). 

2.1.1 Category-Judgments Methods 

In the case of category judgment's methods, viewers analyse a sequence of images processed 

according to a previously determined range of tests [58].  

5 – Excellent 5 – Imperceptible  3 – Much Better 

4 – Good 4 – Perceptible but not annoying  2 – Better 

3 – Fair 3 – Slightly annoying  1 – Slightly better 

2 – Poor 2 – Annoying  0 – Same 

1 – Bad 1 – Very annoying -1 – Slightly worse 

  -2 – Worse 

  -3 – Much worse 

(a) (b) (c) 

Table 2.1 – Quality and Impairment Ratings Commonly Used 

After viewing the video sequences, viewers classify each video sequence according to a 

previous selected category such as the overall quality or the visibility of impairments (Table 2.1 

a) and Table 2.1 b)). The subject's response usually depends on many factors such as the 

highlight luminance, contrast ratio, ambient room light, picture size, viewing distance, 

experience and motivation of the subjects, and the range of the picture material. Proper 

experimental design is necessary to avoid biases in the results due to factors such as the order of 

presentation of the processed pictures. In addition, variability among subjects may be minimised 

by using “expert” subjects who are familiar with principles of television, particularly the visual 

appearance of impairments. However, experts are also more sensitive to imperfections in a 

picture and may not be representative of general viewers. 

2.1.2 Comparison Methods 

In the comparison method, the subject compares an impaired or distorted test picture with a 

reference picture to which a standard-type impairment (e.g. white noise) has been added 

([58],[60]). The comparison may be on two monitors arranged side by side or on one monitor 

where both pictures are displayed sequentially in time. Impairment is added to the reference 

picture until both pictures appear to the subject to be of equal quality. The amount of this added 

impairment can be under the subject’s control or, alternatively, pictures with variable amounts 

of impairments can be computed in advance, stored and displayed in a given sequence. The 
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comparison between the test picture and the reference picture can usually be done reliably when 

the two types of distortions are visually similar, e.g. additive noise of different spectral 

characteristics. The distortion of the test picture can be assigned a quality (or category) using the 

previous category-judgment tests on the impaired reference picture ([58],[60]). In a variation of 

this method, the subject uses a comparison rating scale, for example Table 2.1 c), to compare 

test pictures with different levels of distortion with a reference picture. The subject replies to the 

question “how much better or worse is the test picture compared to the reference picture?". The 

resulting data is subsequently processed to determine the “point of subjective equality” between 

the distorted test and impaired reference picture. 

2.1.3 Subjective Standardisation Efforts 

Subjective testing is used for quality assessments, system performance under optimum 

conditions, and impairment assessment under non-optimum performance due to transmission 

limitations ([67],[68]). In a digital television system, picture quality is not a constant over time. 

Picture quality is a function of the complexity of the programme material. Considering this 

time-varying property and the number of new impairments, the number of assessment methods 

has grown in recent years. Other factors have been the focus of study such as viewing 

conditions, choice of observers, scaling method to score the opinions, reference conditions, 

signal sources for test scenes, timing of the presentation of the various test scenes, selection of a 

range of test scenes, and analysis of the resulting scores ([64],[69]). Selection of the parameters 

for each of these elements depends on the requirements of the television system. Typically, an 

assessment process starts with the selection of non-expert observers, by means of an 

examination of their visual capabilities. They then view a series of test scenes for about 10 to 30 

minutes in a controlled environment and are asked to score the quality of the scenes in one of a 

variety of manners. 

ITU has standardised methodologies for the subjective assessment of the visual quality of 

television pictures, in ITU-R Rec. BT.500 ([70],[71]), and multimedia systems in ITU-T Rec. 

P.910 ([72]). Experimental setup and viewing conditions diverge in the two recommendations 

([77]). Recommendation ITU-R BT.500 has been used in studies and field trials to assess the 

subjective quality of television pictures in large formats. It defines several subjective testing 

methods for television system that in some cases include two or more scoring procedures 

([70],[71]). A vast range of basic test methods has been used in television assessments. 

However, specialised methods should be used to deal with specific assessment problems. Table 

2.2 presents an overview of representative assessment problems and of the methods typically 

used to deal with these problems. A description of the methods will be provided in this section. 
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Assessment problem  Method used  Description  

Measure the robustness of systems (i.e. failure 
characteristics)  

DSIS  
Rec. ITU-R BT.500, § 4  

Measure the quality of systems relative to a reference  DSCQS  
Rec. ITU-R BT.500, § 5  

Measure the quality of stereoscopic image coding  DSCQS  
Rec. ITU-R BT.500, § 5  

Measure the fidelity between two impaired video sequences  SDSCE  
Rec. ITU-R BT.500, § 6.4  

Compare different error resilience tools  
SDSCE  

Rec. ITU-R BT.500, § 6.4  

Table 2.2 – Selection of test methods - Rec. ITU-R BT.500 ([71]) 

Recommendation P.910 has been targeted at multimedia applications such as 

videoconferencing, usually reduced picture's formats such as QCIF and CIF, and the new 

varieties of display screens such as LCD. 

Depending on whether a reference video is used in the subjective tests, the suggested test 

methods can be regarded as a double-stimulus or single stimulus scheme ([71]). In the case of 

double-stimulus methods, the observer can compare the reference and processed videos so that 

they can be more precise in their judgments. The disadvantage is that it requires more time to 

perform the assessments compared with the single stimulus methods. In this latter case, viewers 

only watch the video and then they have to assess its quality. This process allows more opinions 

to be gathered in a limited time, thus increasing the accuracy of the trial. These two assessments 

methods perform rather similarly in terms of precision ([71]). As mentioned previously, a short 

description of different subjective assessment schemes will be provided in order to give some 

insight. More information is available in [70],[71],[72]. 

Double Stimulus Impairment Scale (DSIS) – also referred to as Degradation Category Rating 

(DCR), where multiple reference-scene, degraded-scene pairs are shown to observers. First, an 

unimpaired reference is displayed, followed by the impaired version of same picture or 

sequence. Observers assess the amount of impairment in the test video compared with the 

reference video, on an overall impression scale of impairment, with the following qualifiers: 

imperceptible, perceptible but not annoying, slightly annoying, annoying, and very annoying 

([71],[77]). While DSIS has been used with limited ranges of impairments, it is more 

appropriately used with a full range of impairments [71]. 

Double Stimulus Continuous Quality Scale (DSCQS) - Multiple scene pairs with the 

reference and degraded scenes are randomly shown to observers Figure 2.1 in a pseudo-random 

order.  
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Figure 2.1 – Presentation structure of test material for DSCQS ([71]) 

Each scene pair is individually rated. Scoring is performed on a continuous five-grade quality 

scale, ranging from bad to excellent, as Figure 2.2 shows ([71],[77]). A grading scale is 

generated, in pairs, containing the double assessment of each test pair.  

 

Figure 2.2 – DSCQS grading scale ([71]) 

The duration of the trials should not exceed half an hour with explanations, and preliminaries 

included. The drawback of DSCQS is its redundancy that limits the extension of assessment 

sequences ([71]). 

Single Stimulus Method (SS) – this method is also named Absolute Category Rating (ACR). It 

is a category judgement where the video sequences are display one at a time without explicit 

references ([71]). After each presentation, observers evaluate the quality of the sequence shown 

on a category scale. 

 

Figure 2.3 – Stimulus presentation in the ACR method ([71]) 

Figure 2.3 indicates the time pattern for the sequence's presentation. Each test sequence should 

last about 10 seconds, and the viewer should rate it in a time less than or equal to 10 seconds. 
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In general, three types of SS methods have been used in television assessments: adjectival 

categorical judgement methods, numerical categorical judgement methods, and non-categorical 

judgement methods ([71]). In the first method, viewers evaluate test sequences according to one 

of a set of categories. These categories are defined typically in semantic terms such as Quality 

or Impairment. The other two methods consist of an 11-grade numerical categorical scale 

(useful if a reference is not available) and a continuous scale with no numbers or a large range, 

e.g. 0 – 100 ([71]). 

ACR is an effective method that allows a large number of test sequences to be assessed in a 

short period of time ([72],[78],[79],[80]). To prevent the assessment values from being affected 

by differences in the video content used in test sessions, a new method was defined that includes 

a reference version of each test sequence. The Absolute Category Rating with Hidden Reference 

(ACR-HR). It was formalised in ITU-T Recommendation P.910 ([72]). During the data analysis, 

assessment results are determined by computing the difference in scores between the test 

sequence and its corresponding (hidden) reference. This procedure is known as "hidden 

reference." Results are expressed as DMOS (differential quality scores). 

Simultaneous Double Stimulus for Continuous Evaluation (SDSCE) - in general, the time 

duration of video sequences under assessment is limited to 10 seconds ([71],[77]). However, 

this is not representative of the duration of sequences in a real service. The SDSCE approach 

was intended to assess longer sequences. Thus, viewers observe two sequences, reference and 

test version, side-by-side at the same time. Assessment is then performed by monitoring the 

differences between the two sequences and scoring the fidelity of the test video using a slider. In 

order to produce relevant statistical analysis, the time duration of a test sequence should be at 

least two minutes. The drawback of this approach is that viewers have to switch their attention 

between two images from time to time. 

Single Stimulus Continuous Quality Evaluation (SSCQE) - a programme is continuously 

evaluated over a long time period, 10 to 20 minutes, without a source reference. Data is sampled 

from a continuous scale every few seconds. Scoring is a distribution of the amount of time a 

particular score is given. 

Subjective Assessment Methodology for Video Quality (SAMVIQ) – the methods that have 

been presented so far have been developed by ITU. SAMVIQ was specified by the European 

Broadcasting Union (EBU) ([81]). Quality assessment is carried out scene after scene, including 

an explicit reference, a hidden reference and various algorithms (codec’s). SAMVIQ is based on 

random presentation of the video sequences. Video sequences are shown in multi-stimulus form, 

so that the observers can choose the order of tests and alter their scores. Due to the presence of 
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an explicit reference, observers can directly compare the impaired sequences among themselves 

and against the reference, thus giving the score accordingly. It is to be noted that SAMVIQ was 

the first method that has been developed mainly for multimedia, incorporating the differences 

on how multimedia content and television are watched. 

All these methods are extensively used and are generally considered trustworthy for video 

quality assessment. Nevertheless, the methods differ in several aspects such as the use of 

explicit or hidden reference sequences, the use of high and low anchors, the structure of the test 

organisation, the display of one or two videos simultaneously and the way viewers score test 

files such as continuous scoring compared to a single evaluation. 

Parameter DSIS DSCQS SSCQE SDSCE SAMVIQ 

Explicit reference  yes no no yes yes 

Hidden reference no yes no no yes 

High anchor no yes no no hidden reference 

Low anchor no yes no no yes  

Sequence length 10 s 10 s 5 min 10 s 10 s  

Two simultaneous 
stimuli 

no no no yes no 

Presentation of test 
material  

I: once 

II: twice in 
succession 

II: twice in 
succession 

once once several concurrent 

(multi-stimuli) 

Quality evaluation once once continuous continuous once 

Possibility of changing 
vote before proceeding 

no no no no yes 

Table 2.3 – A summary of the subjective quality methods ([82]) 

Kozamernik in [82] has summarised the different characteristics of the subjective methods 

(Table 2.3). This type of assessment presents several advantages. Results are expressed as a 

scalar mean opinion score (MOS), produced for both conventional and compressed television 

systems, and it works well over a broad range of still and motion picture applications. This type 

of test presents various weakness: the large variety of existing methods, the meticulous setup 

and control required, the high number of selected observers and screenings that can result in 

increased complexity and a very time-consuming process. A final note refers to the conceptual 

dissimilarities between the significance of the quality scale descriptors. It is known to vary 

between linguistic groups, cultural groups, and between individuals, to a non-negligible extent 

([83]). Results are analyzed on the assumption that conceptual discrepancy is uniform. 

2.2 Objective Assessment of Visual Quality  

Subjective quality assessment is the most important method of estimating the perceived quality. 

Nevertheless, it is time-consuming, quite complex, costly, and requires singular assessment 
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facilities to generate reliable and reproducible test results. Thus, much effort has been spent on 

designing algorithms that are able to characterise subjective quality and predict viewers’ 

opinion. In this section, classifications and characteristics of existing objective video quality 

metrics and assessment models will be addressed, and state-of-the-art metrics will be discussed. 

2.2.1 Objective Quality Assessment Models 

To deal with different requirements, distinctive types of quality estimation and prediction 

models have been developed for various domains of application and range of system or service 

conditions ([84],[85]). A universal quality model that can be applied in all conditions does not 

exist. It is possible to categorise models according to different criteria such as the application 

goals, input parameters, network components and configuration under evaluation, predicted 

quality features, etc ([84],[85],[86]).  

Objective quality assessment models are used in different contexts such as planning, lab-testing, 

and monitoring ([84]). In the first case, the goal is to predict the perceived quality of 

networks/systems’ services prior to implementation. In the second case, the aim is to estimate in 

the laboratory the quality of networks/systems’ services as the equipment is being developed. 

Finally, in the last case, the focus is on the quality prediction of networks/systems’ services that 

are already operational. In general, objective quality assessment methodologies can be 

categorised into five types. These are media-layer models, parametric packet-layer models, 

parametric planning models, bitstream layer models, and hybrid models (Table 2.4) ([85],[87]). 

 Media-layer model Parametric 

packet-layer 

model 

Parametric planning 

model  

Bitstream layer 

model  

Hybrid model 

Input 

information 

Media signal  Packet header 

information 

Quality design 

parameters 

Packet header 

and payload 
information  

Combination of 

any 

Primary 

application 

Quality 

benchmarking 

In-service non-

intrusive 

monitoring (e.g. 
network probe) 

Network planning, 

terminal/ 

application designing 

In-service 

nonintrusive 

monitoring 
(e.g.,terminal-

embedded 
operation) 

In-service 

nonintrusive 

monitoring 

Audio  ITU-R BS1387 ITU-T P.NAMS 

[IPTV] 

 

ITU-T G.1070 

[videophone]  

ITU-T G.OMVS 

[IPTV] 

 

ITU-T P.NBAMS 

[IPTV] 

— 

Video ITU-T J.144 [SD] 

ITU-T J.vqhdtv [HD] 

ITU-T J.mm**[PC] 

ITU-T J.bitvqm 
[IPTV] 

Multimedia  (ITU-T J.148)  — 

Speech  ITU-T P.862  ITU-T P.564  ITU-T G.107  —  ITU-T P.CQO 

Table 2.4 – Objective quality assessment models and corresponding standards and ongoing projects 

in ITU ([87]) 

Media-layer quality models use the knowledge of HVS to determine the quality of video. There 

are two steps to represent human visual processing: psychophysical models (low-level visual 
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information processing) and cognitive models (high-level functions) ([87]). Media-layer quality 

models do not require a-priori knowledge of the system under testing (e.g. codec type). Thus, 

they can be use in the assessment of unknown systems such as codec comparison/optimisation). 

 

Figure 2.4 – Packet-based Model ([84]) 

In a parametric packet-layer model, quality is predicted based only on packet-header 

information and performance criteria are provided in terms of quality estimation (Figure 2.4) 

This type of model allows real-time and detailed quality monitoring. In a parametric planning 

model, quality planning parameters for networks and terminals are used as input. Thus, prior 

information regarding the system under evaluation is needed. ITU-T Recommendation G.107, 

frequently named the E-model, is an example of a parametric planning model. It has been 

extensively used as a network planning tool for the PSTN and VoIP services) ([87]).  

 

Figure 2.5 – Bitstream-layer Model ([84]) 

Parametric packet-layer models are very efficient in terms of processing requirements as they do 

not analyse the payload information (Figure 2.5). On the other hand, it is more difficult for them 

to predict quality as no information regarding video content is available. Media-layer models 

have access to the video content information but processing video content requires additional 

computational power.  

 

Figure 2.6 – Example of Hybrid Model ([84]) 

The bitstream-layer model occupies an intermediate position between these two types of 

models. They use encoded bitstream information and packet-layer information that is used in 

parametric packet-layer models. The hybrid model is a combination of the technologies 

discussed so far, such as packet information, bitstream or even decoded video as input (Figure 
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2.6) ([77]). It is effective in terms of exploiting as much information as possible to estimate 

video quality ([88]). 

2.2.2 Visual Perception 

There are many theories of visual perception. They frequently differ in their style, content, and 

the level at which perception is described and explained. Some of these differences arise 

because they adopt starting points. Some theories have favoured possible physiological 

mechanisms, which could mediate certain aspects of seeing. Others, by contrast, have insisted 

that human perception is described by psychology. These differences also determine the relative 

importance attached to bottom-up versus top-down factors in perceiving terms. 

2.2.2.1 Sensory Thresholds 

Making sense of (or perceiving) the environment is a major achievement. Roth describes the 

process of visual perceptions as being “the means by which information acquired from the 

environment via the sense organs is transformed into experiences of objects, events, sounds, 

tastes, etc.” ([89]). Thus, perception stands for processing specifically sensory information 

instead of including the thoughts and behaviours resulting from detected stimulus ([90]). 

A distinction is sometimes drawn between perception and sensation, with sensation referring to 

the experience of the basic not interpreted information presented to the sense organs ([91]). It 

has been argued that sensation occurs before perception, but it is more realistic to assume that 

they generally overlap in time. Traditionally, some believe that the processes involved are so 

complex that there is a little value in trying to divide them up neatly into sensation and 

perception ([91]). 

To understand how the senses operate in protecting the human person and enriching their life 

requires an appreciation of sensory processes. Psychologists have been working towards 

distinguishing between sensation and perception ([92]). The starting point for both processes is 

a stimulus, a form of energy (for example, light waves) that affects sensory organs. Sensation is 

the process that detects stimuli from one’s body or environment. Perception is the process that 

organises sensations into meaningful patterns. Visual sensation lets you detect the black marks 

on this page; visual perception lets you organise the black marks into letters and words. 

Sensation depends on specialised cells called sensory receptors, which detect stimuli and 

convert their energy into neural impulses. This process is called sensory transduction ([91]). If a 

stimulus remains constant in intensity, one will gradually stop noticing it. This tendency of 

sensory receptors to respond less and less to an unvarying stimulus is called sensory adaptation. 
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Sensory adaptation let humans detect potentially important changes in their environment while 

ignoring unchanging aspects of it. 

2.2.2.2 Psychophysics  

One of the key questions in this area is how much change in light intensity must occur for us to 

notice it? Psychophysics has been developed as the study of the relationship between the 

physical characteristics of stimuli and the corresponding psychological response to them, 

addressing a question like this ([60],[91]). 

The minimum amount of stimulation that a person can detect is called the absolute threshold, or 

limen. Because the absolute threshold for a particular sensory experience varies, psychologists 

operationally define the absolute threshold as the minimum level of stimulation that can be 

detected 50 percent of the time when a stimulus is presented repeatedly. Besides detecting the 

presence of a stimulus, one must be able to detect changes in its intensity. The minimum amount 

of a change in stimulation that can be detected is called the difference (or relative) threshold. 

Formally, the definition of difference threshold is the minimum change in stimulation that can 

be detected 50 percent of the time by a given person. Weber referred to the difference threshold 

as the just noticeable difference (JND) ([60]). He found that the amount of change in intensity 

of stimulation needed to produce a JND is a constant fraction of the original stimulus.  

/I I
k

I


  (2.1) 

This became known as Weber’s law. In Equation (2.1) ∆I is the JND in the intensity of the 

stimulus, I is the original intensity (the standard stimulus) and k is a constant for a particular 

sensory modality ([60]). Other Weber fractions have been established in every sensory 

modality. Fechner’s work based on Weber’s work, led him to conclude that to produce 

incremental, arithmetic steps in sensation, the physical stimulus must grow geometrically. Thus, 

he reformulated Weber’s law as  

Sensation = K log (Stimulus intensity) (2.2) 

where K represents a weighting constant for each modality (and includes the relevant Weber 

fraction), and the logarithmic multiplier represents the exponential or geometric growth in 

stimulus intensity required to yield successive JND ([93]). 

Fechner’s contribution in this area was two-fold. First, he reinforced the idea that scales relating 

sensory sensitivity and stimulus intensity sensibility are compressed; magnitude of sensation 

does not grow in a linear form with stimulation. Secondly, he initiated the development of 

psychophysical methods for the exploration of sensation and perception. The essence of these 
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methods is that stimuli are presented in a systematic manner and that the observer’s task is 

simplified by requiring him or her to make one of a restricted set of responses.  

Researchers, inspired by Fechner’s work, have devised signal-detection theory (SDT) ([94]), 

which assumes that the detection of a stimulus depends on both its intensity and the physical 

and psychological state of the individual. One of the most important psychological factors is 

response bias – how ready the person is to report the presence of a particular stimulus. Signal-

detection researchers study four kinds of reports that a subject might make in response to a 

stimulus. A hit is a correct report of the presence of a target stimulus. A miss is a failure to 

report a target stimulus that is present. A false alarm is a report of the presence of a target 

stimulus that does not exist. A correct rejection is a correct report of the absence of a target 

stimulus. 

 Response ‘Yes’ Response ‘No’ 

Signal present Hit Miss 

Signal absent False alarm Correct rejection 

Table 2.5 – Stimulus/response matrix 

With the application of SDT to the psychological phenomena, a new model of the human 

perceiver was proposed. When applied to vision, the new model assumes the presence of a 

physiological process in the visual system, the value of which varies randomly according to a 

Gaussian distribution over time. However, in the approaches described in this section, the 

observer is viewed as an essentially passive receiver of stimulation. A paradigm shift occurred 

with the emergence of a different kind of model: an intuitive statistician following decision rules 

in a manner analogous to those used in testing scientific hypotheses. 

2.2.2.3 Vision Models 

Different assessment metrics for image and video quality are based on HVS models, in 

particular, in psychophysics. In psychophysics, it is possible to approach viewing by describing 

the visual system as a “black box” (an input-output system where visual stimuli are the input, 

and sensations the output) ([91],[93]). Thus, the transfer function defines the visual system. This 

approach could be used in the video coding field, primarily with the visibility of coding 

impairments. This section shall briefly describe experiments in threshold vision that are used to 

evaluate the visibility thresholds of some stimuli. 

Contrast Sensitivity Functions  

The response of HVS depends on the relation of its local variations to the surrounding 

luminance rather than on the absolute luminance ([59]). Contrast is a measure of the relative 
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variation of luminance. This property is known as the Weber-Fechner law and may be denoted 

as: 

W L
C

L


  (2.3) 

The threshold contrast is also defined as the minimum contrast necessary for an observer to 

detect a change in intensity. This value depends on stimulus characteristics, especially colour as 

well as its spatial and temporal frequency ([95]). Contrast sensitivity is defined as the inverse of 

the contrast threshold. The contrast sensitivity function (CSF) describes the sensitivity of the 

HVS to different spatial and temporal frequencies that are present in the visual stimulus. The 

CSF chart shows the contrast sensitivity for all spatial frequencies ([95]). Human observers are 

most sensitive to intermediate frequencies (~4 - 8 cpd) and less sensitive to lower and higher 

frequencies. In CSF measurements, Michelson contrast is defined as the contrast of periodic 

stimuli with varying frequencies and can be expressed by the following equation ([59]): 

max min

max min

M

L L
C

L L





 (2.4) 

where max min,L L  are the luminance extreme values of the pattern. The CSF shows the 

observer's window of visibility. Points below the CSF are visible to the observer as it displays 

even higher contrasts than the threshold level.  

Masking 

Masking is an important aspect of the HVS in modelling the interactions between different 

images components present at the same spatial location ([59],[60],[91]). Masking refers to the 

fact that the presence of one image component (called the mask) will decrease/increase the 

visibility of another image component (called the test signal). The mask generally reduces the 

visibility of the test signal in comparison with the case where the mask is absent. However, 

sometimes the opposite effect, facilitation, occurs when a stimulus that is not visible by itself 

can be detected due to the presence of another. Spatial masking effects are usually quantified by 

measuring the detection threshold for a target stimulus when it is superimposed on a masker 

with varying contrast ([96]). The visibility threshold of a particular stimulus depends on many 

factors. When restricting to achromatic stimuli, the principal factors are the average background 

(spatially and temporal constant) luminance level against which the stimulus is presented, the 

suprathreshold luminance changes (in space and time) near the test stimulus in space and time, 

and finally, the spatial shape and temporal variation of the stimulus. 
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It is useful to think, in a quality assessment context, how distortion or coding noise may be 

masked by the original image or sequence acting as background masking. This might explain 

why similar coding artefacts are disturbing in certain regions of an image while they are hardly 

noticeable elsewhere. Typically, the masking effect is strongest when the mask and the test 

signal have comparable frequency content and orientations. Most quality assessment methods 

incorporate one model of masking or the other, while some incorporate facilitation as well 

([97],[98]). Several vision models propose that masking occurs only between stimuli located in 

the same channel, between channels with distinct orientation ([99]), between channels of 

different spatial frequency, and between chrominance and luminance channels ([100],[101]).  

In the literature, two main forms of temporal masking have been identified: shot scene and the 

temporal contrast sensitivity function ([60],[91]). A shot scene occurs when there is a major 

change in the video programme content. This change induces a remarkable increase in the 

masking levels for a period of up to 100ms after a shot scene ([102]). Temporal masking is thus 

very important for interframe coding. However, temporal masking is difficult for at least two 

reasons: television cameras integrate the image of any object on the target (motion-related 

blurring and resolution loss), and the perception of a moving object heavily depends on whether 

or not the object is tracked by the eye. Temporal masking can occur before and after a 

discontinuity, respectively “backward masking” and “forward masking” ([103]). In the first 

case, it may be explained as the result of the variation of the latency of the neural signals in the 

visual system as a function of their intensity ([103]). Temporal facilitation, which is the opposite 

of temporal masking, can occur at low-contrast discontinuities ([104]). 

Pooling  

The pooling operation concerns the task of determining a single measurement of quality, or a 

decision regarding the visibility of the artefacts, from the outputs of the visual streams ([59]). It 

is not totally understood how the HVS performs pooling. In fact, there is no firm experimental 

evidence that the mathematical assumption general employed in the literature is a good 

description of a pooling mechanism in the HVS ([105],[106]). Clearly pooling involves 

cognition, where a perceptible distortion may be more annoying in some areas of the scene 

(such as human faces) than at others. Pooling can be computed as follows: 

1

,l k

l k

E e


 
  
 
   (2.5) 

where kle , is the normalised and masked error of the kth coefficient in the lth channel, and β is a 

constant typically with a value between 1 and 4 (values approximate to the number 2 produce 
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goods results ([107]), β=2.4 Lubin ([108]), β=2 Teo and Heeger ([98])). This form of error 

pooling is commonly called Minkowski error pooling. Minkowski pooling may be performed 

over space (index k) and then over frequency (index l), or vice-versa, with some non-linearity 

between them, or possibly with various β exponents. A spatial map showing the relative 

importance of each image region may also be used to provide spatially variant weighting to the 

different ,l ke  ([109],[110],[111],[112]). Minkowski pooling [Equation (2.5)] is used in several 

quality assessment metrics to pool the error signal from the different frequency and orientation 

selective streams, as well as across spatial coordinates. 

General Framework of Perceptual Image Quality Metrics  

Most of the proposed quality metrics that model the HVS share a similar structure as they are 

based on models of low-level HVS processing (optics, the retina, the lateral geniculate nucleus, 

and the striate cortex) [113]. They share a common paradigm: to determine the strength of the 

errors between the reference and the distorted signals in a perceptually meaningful way. 
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Figure 2.7 – Perceptual framework  

Figure 2.7 shows a general perceptual based quality assessment framework based on HVS 

modelling ([59],[60]). Most of the quality assessment algorithms that model the HVS can be 

explained with this framework, although they may differ in the specifics.  

Pre-processing usually involves operations such as alignment, colour space conversion; 

calibration and display model adaptation. The alignment guarantees a point-to-point 

correspondence between distorted and reference signals. Colour space conversion provides a 

representation of the signals in a linear perceptual space colour (example: CIE Luv and CIE Lab 

[114]). [115] is recommended for a deeper analysis of standardised colour spaces. In a digital 

system, it is necessary to convert digital images into physical luminance through non-linear 

transformations (images from different devices that may have gone through different 

transformations such as gamma correction) to be able to display images. Finally, an exact model 

of the display device may be employed as viewers can only see what the display can reproduce 

([116]).  

CSF may be implemented using linear filters that approximate the frequency responses of the 

CSF or are implemented as weighting factors for channels following frequency analysis. A 

model of the CSF for luminance, proposed by Mannos and Sakrison ([117]) is given by: 
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where 
0K , 

1K , a and α depend on parameters such as mean luminance, temporal frequency and 

orientation ([118],[119]). The CSF or other similar curves have been extensively used to design 

quantisation matrices for Hadamard, DCT ([120],[121],[122],[123]), or lapped orthogonal 

([124]) transforms. These approaches have been extended to incorporate image dependent 

components into the JND thresholds ([109],[125]). The CSF has been modelled for video 

quality assessment as simple temporal filters ([110],[126],[127]). An overview of the usage of 

visual models in compression is presented in [128]. 

Frequency analyses consist of a hierarchy of filters that decompose the image into several 

components or channels (usually called sub-bands) with distinct spatial frequencies and 

orientations. The channels allow the division of the visual stimulus into different spatial and 

temporal sub-bands. Several models have been proposed in the literature varying from 

sophisticated channel decompositions, such as the 2D Gabor or Cortex transform, to simpler 

transforms such as the wavelet transform or even the DCT. One reason for selecting a simpler 

transformation is their suitability for certain types of applications rather than their accuracy in 

representing the cortical neurons. A sophisticated approach, such as 2D Gabor functions, well 

represents the cortical receptive fields. Nevertheless, the Gabor decomposition is difficult to 

compute and lacks some of the mathematical characteristics that are considered necessary for 

good implementation, such as invertibility, reconstruction by addition, etc. Watson has proposed 

the cortex transform ([129]), which have equivalent profiles as 2D Gabor functions, but it is 

easier to implement. This balance between implementation requirements and conformity 

regarding HVS has led to the proposal of different models in the literature: Watson ([129]), 

Daly ([130]), Lubin ([97],[108]), and Teo and Heeger ([98],[131],[132]). Some examples of 

such decompositions are shown in Figure 2.8. Each axis varies from 2su  to 2su  cycles per 

degree, where su  is the sampling frequency. 

 
 a)  b) c) 

Figure 2.8 – Frequency decomposition for Watson (a), Daly (b) and Lubin (c) models 
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Figure 2.8 a) shows the Cortex transform proposed by Watson. The Cortex transform consists of 

two classes of filters applied sequentially that decompose the image, first into separate radial 

frequency bands, and then into different orientation bands. It attempts to approximate the radial 

and orientation selectivity of HVS. Several variations of the Cortex transform have been 

proposed: Figure 2.8 b) and Figure 2.8 c) shows, respectively, Daly ([130]) and Lubin ([108]) 

proposals. One of the differences in Daly’s proposal is the six orientation bands. Lubin ([108]) 

proposed the Laplacian pyramid ([133]) to decompose the image into seven radial frequency 

bands and the steerable filters ([134]) to decompose each pyramid level into four different 

orientations. All the radial filters of these decompositions have octave bandwidths. Teo and 

Heeger adopted the steerable pyramid transform by Simoncelli et al. ([135]), which also has 

octave radial bandwidths and six orientation bands.  
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Figure 2.9 – Implementation of masking effect for a channel  

Error normalisation and masking are usually implemented within each channel, normally 

through a gain-control mechanism that weights the error signal in a channel by a space-varying 

visibility threshold designed for that channel (Figure 2.9) ([136]).  

The energy of the original signal (or both the original and the distorted signals) in the 

surrounding area of each point determines the visibility threshold adjustment. Another important 

factor is the HVS sensitivity on that channel in the absence of masking effects (also called base-

sensitivity). As mention previously, masking is generally defined as any interference between 

two or more visual signals or stimuli that results in a modification of their visibility 

([59],[60],[91]). Several independent masking phenomena exist. 

Luminance masking corresponds to the process when the luminance of the original image signal 

masks the variations in the distortion signal ([109]). One method to account for luminance 

masking, also called light adaptation, is by including a modification of the base sensitivities. 

The luminance masking adjustment is a function of the local luminance. A possible 

simplification is to consider that it is independent of the k sub-band index. 

Spatial masking effects are usually quantified by measuring the detection threshold for a target 

stimulus when it is superimposed on a masker with varying contrast ([96]). For example, the 

edges in images can mask signals of much greater amplitude than a region of near-constant 

intensity ([58]). This phenomenon has a physiological explanation: lateral inhibition 
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([137],[138],[139]). The effect of spatial masking is rather limited and is concentrated in a 

location very close to the edge (only a few pixels in natural images). Furthermore, the masking 

effect of edges is only important when the masked signal has the same orientation as the edge.  

The term contrast masking is used to denote the case where both the target and the masker have 

the same frequency and orientation ([131]). The term texture masking is used to refer to the 

general case. Most of the quality metrics only proposes to model the Contrast Masking ([140]). 

Initial psycho visual tests have been performed on sinusoidal patterns of a single frequency and 

a single orientation. Extension of these results to introduce frequency and orientation 

dependencies has been successful ([99],[131],[136]). These models correctly predict the contrast 

detection threshold for a target signal, usually a sinusoid or Gabor patch, in the presence of a 

masking signal (a sinusoid or Gabor patch of different frequency, phase, and contrast).  

Existing perceptive models of human vision based on Physiology corroborate results from 

physiology studies ([119]). The retina divides the visual stimulus existing in an image into 

components with the following characteristics: the position in the visual field (in the image), the 

spatial frequency (in the Fourier domain: the amplitude in polar coordinates), and orientation (in 

the Fourier domain: the phase in polar coordinates). 

One perceptual channel can only be excited by the component of a signal that has similar 

characteristics. Furthermore, it appears that signals with the same components take the same 

visual pathways from the eye to the cortex. Masking models that only take account of the 

interactions inside one channel of the visual pathways are called intra-channel models. The 

models that take into account the interaction between different channels are called inter-channel 

models ([136]). 

Two different explanations are used for pattern masking ([136]). In the first explanation, the 

mechanism detecting the target has a nonlinear, compressive response. The mask activates this 

mechanism, and pushes its response into the compressive range. The differential between 

responses to mask alone and to target plus mask is thereby reduced, and threshold elevated 

([96],[141]). In the second explanation, the mask inhibits the target detection mechanism, either 

directly or through other mechanisms. Several psychophysical models, inspired by research of 

the response properties of single visual neurons in a primary visual cortex ([142],[143],[144]), 

have been proposed. These models incorporate both mechanisms within a process of contrast 

gain control ([98],[99],[145]). In this case, contrast gain control is a mechanism that serves to 

keep neural responses within their permissible dynamic range while retaining the information 

conveyed by the pattern of activity over the neural ensemble. In the normalisation model of 

Heeger ([144]), each neuron has an accelerating non-linearity. However, it is also inhibited 
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divisively by a pool of responses of other neurons. In the psychophysical model of Teo and 

Heeger that is closely based on this cortical normalisation theory, masking occurs through the 

inhibitory effect of this normalizing pool. Foley’s model of masking also incorporates a divisive 

inhibitory pool. The final step, error pooling, is the process of combining the error signals 

(normalised by the sensitivity thresholds) in different channels (computed for each spatial 

frequency, orientation band and each spatial location) into a single value or a distortion matrix. 

2.2.3 Classifications of Objective Quality Metrics 

According to Jacobson, image quality can be defined as ‘the subjective impression formed in 

the mind of the observer relating to the degree of excellence exhibited by an image’ ([146]). 

This subjective impression is then the result of a variety of contribution factors such as the 

physical properties of the observed image, the observer’s experience and future expectations, 

environmental conditions, context and pictorial content ([72],[147],[148]). The question that 

should be formulated is “How do we measure this subjective impression?” The existence of a 

functional relationship between the subjective impression of image quality and some aspect of 

the physical image that is observed can be assumed ([149]). Thus, it is possible to construct 

suitable psychophysical tests that measure subjective quality using a panel of observers. 

Nevertheless, this is a complex and time-consuming task that is hard to perform. So, the coding 

community typically favours objective methods that are usually more consistent and less 

complex to implement. A large number of measures for objective image quality can be found in 

the literature. Usually, based on the image properties, three categories of image quality 

measurements can be identified: image distortion measures (evaluation of physical properties in 

terms of differences in pixel values or differences in spectral power distribution), image fidelity 

measures (relate physical measures to the visual properties of the image), and image distortion 

measures (relate physical measures of an image (or a set of images) to the perceived subjective 

quality of that image). 
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Figure 2.10 – Image quality measurements and their location in a digital imaging system 

Figure 2.10 illustrates the three categories and their position in a digital imaging system. 

Distortion measurements assess the physical differences between images requiring a test or 
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control. Although useful, it cannot tell whether a particular physical difference is visible to an 

observer. Two commonly used metrics are the Mean Square Error (MSE) and Peak Signal-to-

Noise Ratio (PSNR). Formally, the MSE is defined as follows ([150],[151]): 
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 (2.7) 

where f(i,j) is the original video component at pixel (i,j), F(i,j) is the impaired video component 

at pixel (i,j), M is the picture width, and N is the picture height. PSNR is obtained by setting the 

MSE in relation to the maximum possible value of luminance (for a typical 8-bit value this is 

28-1=255), and is usually expressed in logarithmic units as follows 
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This type of metrics fails to predict the HVS perception because they take no account of where 

errors occur in the image, not every change in an image is noticeable or leads to distortion, no 

error is visually important. Other distortion measures have been published, some attempting to 

include the effects of the display and viewing systems. Examples include the mean square error 

after non-linearity (MSENL) and distortion contrast measures ([152]), and a measure based on 

differential Sobel filtering ([153]). However, various studies ([152],[153],[154]) have shown 

that these distortion measures correlate poorly with perceived image quality. In particular, the 

addition of a constant value to every pixel produces a large response from a distortion measure 

but has a very small visual effect, a slight increase in image brightness. 

Fidelity measures focus more in the visual threshold, the point at which the visual system 

detects a difference between the stimuli. Since it is impractical to measure the ‘visual image’, 

fidelity measurements operate by modelling the visual system to compute visual images based 

on the physical properties of the original scene and the associated viewing conditions. This 

enables the visibility of artefacts to be predicted under different display and viewing conditions. 

Fidelity metrics only predict visibility. The typical output is in the form of a just noticeable 

difference (JND) scaled visibility map ([130]). This means that, in general, the metrics are 

measuring the threshold of visual detectability, and using a multiplier of that threshold to 

indicate the magnitude of the fidelity loss. These types of metrics are less useful for predicting 

image quality since the proper scaling of supra-threshold distortions requires additional inputs 

from the cognitive system ([147]). Increased distortion, or decreased fidelity, does not 

necessarily involve a decrease in quality. Fidelity metrics are also particularly complex to 
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implement; the many observer-specific parameters result in conflicting implementations, 

making it harder for them to gain widespread acceptance and making it difficult to transfer 

results between tests. 

The third category is image quality (or true image quality). This describes the subjective 

impression of the excellence of the image. It is concerned with both the threshold points 

(whether a process causes a perceptible change in quality) and the supra-threshold magnitudes 

(whether a perceptible change is an increase or a decrease and its magnitude). It has expressed 

the difference between quality and fidelity more simply as the difference between the visibility 

of a factor and the degree to which that factor is annoying ([155]). Since quality is a subjective 

perception based on a variety of attributes, it can be assessed either as a comparison between 

two (or more) images, or independently with only one image. Using a single image, memory, 

experience and expectations become more dominant, and the relationship between physical 

properties and perceptions of quality becomes harder to measure or predict ([147],[149]). 

According to [69],[77],[156], the measurement of video distortions in a video communication 

system can be distinguished in two ways: data metrics and picture metrics. Data metrics 

evaluate the fidelity between original and processed videos, without taking into account the 

content of the video under analysis. Typical metrics in this category are the MSE and the PSNR. 

The main benefit of this type of metrics is that they are easy to compute, while the disadvantage 

is that the visual importance of the pixels is disregarded. 

In the case of Picture metrics, the quality assessment is oriented towards the content of the video 

under analysis. The impact of distortions and content on perceived quality is taken into 

consideration. Comparing with the Data metrics method, these metrics are closer to the human 

perceived quality. The Picture metrics can be classified in two groups, namely a vision 

modelling approach, also referred to in the literature as the psychophysical approach, and an 

engineering approach ([60]). The vision modelling approach is based principally on HVS. This 

type of approach seeks to include human vision characteristics that seem to be important to 

picture quality, like contrast sensitivity and pattern masking, colour perception, applying models 

and data from psychophysical experiments. According to Winkler ([69]), metrics based on HVS 

date back to the 1970s and 1980s. More recent metrics in this category are the Visual 

Differences Predictor (VDP) by Daly ([130]), the Sarnoff JND (just noticeable differences) 

metric by Lubin ([97],[108],[157]), or van den Branden Lambrecht’s Moving Picture Quality 

Metric (MPQM) ([110]).  

In the engineering approach, overall quality is predicted based on the extraction and analysis of 

special features, such as contours, or artefacts in the video, like block artefacts, introduced by a 
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specific video processing step, compression technology, or transmission link. This type of 

metrics does not automatically ignore the attributes of the HVS, as they frequently take into 

account psychophysical effects too. However, the conceptual basis for their design is the image 

content and distortion analysis, instead of fundamental vision modelling. This approach has 

become more popular in recent years ([66]). One example is Wang et al.’s Structural Similarity 

(SSIM) index ([69]). It determines the mean, variance and covariance of small areas within an 

image and combines the measurements into a distortion map. More information about SSIM 

will be provided in subsequent sections. 

A different way to classify metrics is based on the amount of information about the reference 

video required and available to predict the video quality. These approaches are classified in full-

reference (FR), no-reference (NR) and reduced-reference (RR) categories 

([60],[77],[158],[159]). They will be briefly reviewed. 

 

Figure 2.11 – FR Diagram Block ([84]) 

In the FR methods (Figure 2.11), an image-by-image comparison is performed between the 

reference video and the test video. Most of the objective metrics are categorised in this group 

([160]). MSE, PSNR and HVS-based metrics belongs to this class ([77]). It is assumed that the 

entire reference video is accessible, and that exact spatial and temporal alignment between the 

two videos sequences exists. This is a major constraint for applications since the reference video 

is not always available or transmission sometimes suffers frame drops. 

 

Figure 2.12 – RR Diagram Block ([84]) 

In NR methods (Figure 2.12), video quality is assessed without access to any information other 

than the impaired signal. Thus, no prior knowledge about the reference video is needed. In 
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addition, the mentioned alignment issues are avoided. This type of metrics has been 

concentrating the attention of the industry ([67]). For example, in a wireless cellular network, 

video signals suffer a wide variety of compression, channel, and processing distortions. The 

possibility of using FR methods in real-time in this type of scenarios is extremely remote as 

access to the reference sequence is very difficult. This would be an ideal scenario for NR 

methods. The principal problem of NR metrics is how to separate distortion from content. 

Human observers are able to make this distinction in a simple way. They are capable of 

assessing the quality of a video just by seeing the test video and without viewing its reference 

([161]). It is one of the “Holy Grails” of the image-processing field ([67]). As HVS knowledge 

is restricted, work in this area is limited ([162]). Usually, NR metrics has to make presumptions 

about the video content and the distortions. In general, NR metrics based their assumptions 

through the extraction of features such as blockiness, blurring, quantisation, or ring artefacts 

([77],[161],[162]). 

 

Figure 2.13 – NR Diagram Block ([84]) 

In RR metrics (Figure 2.13), algorithms work without the reference signal. Instead, they have 

access to the test video signal along with additional (side) information and/or extracted features, 

such as the localised spatio-temporal activity information, the amount of motion or spatial 

detail, detected edge locations, or embedded marker bits to estimate the distortion of the channel 

([77],[163],[164]). Assessment is made based on the comparison of those features that need to 

be aligned. This is a more flexible requirement compared with the reference alignment. The RR 

metrics are a compromise between FR and NR metrics. 

These three distinct approaches have different operational uses. In general, FR metrics are used 

for offline video quality measurement. One typical example is the adjusting of a video codec, 

where it is possible to control environment, and where a good analysis of the video is needed. 

NR and RR metrics are better tailored for monitoring in-service video systems. In these cases, it 

is essential to obtain real-time assessment ([77]). Comparing the distinctive metrics, it has been 

claimed that the best results are reached when the FR metrics are used ([162]). 
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2.2.4 Objective Standardisation Efforts 

In the beginning of the nineties, the fast progress of digital video technologies created a major 

challenge to the performance measurement field: the need for a new measurement methodology 

to assess the performance of digital video systems. With this objective, the ANSI Technical 

Subcommittee T1A1 approved a series of three standards: ANSI T1.801.01 ([165]), ANSI 

T1.801.02 ([166]), and ANSI T1.801.03 ([158]). These standards aimed to categorise key 

impairments in video signals and recommend ways for measuring those impairments 

([158],[165],[166],[167]).  

In the case of ANSI T1.801.3, the goal is to present methods for measuring principal video 

impairments in a practical system (mostly teleconferencing applications) ([158]). Different 

types of parameters known as scalar, vector and matrix parameters are described. Parameters 

typically measure a spatial (SI) or temporal (TI) perceptual property of the sequence ([168]). 

The Spatial perceptual Information feature, SI, describes the activity of image edges or spatial 

gradients. A digital video system can add edges (e.g. edge noise) or reduce edges (e.g. blurring). 

SI is based on the Sobel filter. First, the luminance component of each frame, at a time n, nY ,is 

filtered with a Sobel filter. Then the standard deviation over the pixels of the Sobel-filtered 

frame is computed. This procedure is repeated for each frame in the video sequence, and SI 

corresponds to the higher standard deviation value. The Sobel filter is implemented by 

convoluting two 3 × 3 kernels over a frame of a video sequence, and applying the square root of 

the sum of the squares to the results of these convolutions. hSI  and vSI  are the outputs from 

filtering a frame by a 3x3 horizontal and vertical edge-detecting Sobel filter, respectively. Let 

( , , )Y i j n  denote the pixel of the input image n at the ith row and jth column.  SI , ,v i j n  will 

be the result of the first convolution and is given by: 
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Similarly,  SI , ,h i j n will be the result of the second convolution and is given by: 
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The computations are performed for all 2 ≤ i ≤ N – 1 and 2 ≤ j ≤ M – 1, where N is the number 

of rows, and M is the number of columns. After computing hSI  and vSI  the next step is to 

compute rSI  and SI  using the following expressions: 

     2 2SI , ,  , , , ,r h vi j n SI i j n SI i j n   (2.14) 
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For each frame, 
stdevSI  is computed as the standard deviation of 

rSI   
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   varSI  SIstdev n n  (2.18) 

stdevSI  is the principal statistical metric for spatial information that is used in determining ANSI 

T1.801.3 spatial parameters ([158],[167]). Parameters based on spatial information can be 

understood as clues regarding added or lost edges in the destination video sequence compared to 

the original video sequence. Added edges are caused from impairments such as tiling, error 

blocks, and noise. Lost edges can result from impairments like blurring. SI is the maximum 

observed value of stdevSI  in all the video frames within the video sequence. 

The Temporal perceptual Information, TI, characterises the activity of temporal differences or 

gradients between consecutive frames. Increased levels of motion in adjacent frames will result 

in higher TI values. An encoding system can add motion (e.g. error blocks, jerkiness, or noise) 

or reduce motion (e.g. frame repeats). TI is based on the difference (motion) feature that is the 

difference between the luminance pixel values of two adjacent frames,  TI , ,i j n .  TI , ,i j n  

as a function of time (n) can be defined as: 
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     TI , ,  Y , ,  Y , , 1i j n i j n i j n    (2.19) 

Similar to Spatial Information, SI, Temporal Information, TI, is determined as the higher value 

over time of the standard deviation of  TI , ,i j n . 

   
1

TI  TI , ,mean

i j

n i j n
total number of pixels


  

  (2.20) 

      
2

var

1
TI  TI , , TImean

i j

n i j n n
total number of pixels

 
  

  (2.21) 

   varTI  TIstdev n n  (2.22) 

Figure 2.14 displays the spatial activity of the fourth frame of a video sequence of football, 

before and after being encoded by an H.264/AVC codec (CBR 256kbps, IPPP GOP1, JM rate 

control ([169],[170]), more information in the next Chapters. It also displays the image 

difference between the SI of the original and degraded version. To guarantee a clear 

visualisation of the effect of lost edges, the display range was adjusted by a factor of two. One 

of the steps in an H.264/AVC encoding algorithm is quantisation. Usually, high-frequency 

components of the image may be reduced or suppressed. As high-frequency components are 

associated with edges in the frame, the impact of quantisation can be observed. It is possible to 

verify that some edges are missing. The intensity of this effect depends on the nature of the 

video and the level of quantisation. 

     

Figure 2.14 – Football SI (from left to right: original image filtered with Sobel edge filter, encode 
image filtered with Sobel edge filter, image difference) 

Figure 2.15 illustrates the TI feature. To generate an impaired image an H.264/AVC codec with 

the previous settings of SI example was used. A football sequence is characterised by fast 

motion with a high level of variation between neighbouring frames. In the sequence, American 

football players try to advance the ball down the field by throwing the ball, attempting to catch 

the ball in order to advance down the football field with the ball as far as they can go. The video 

camera is focused on the ball, follows its movements through a pan (horizontal movement in 
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which the camera moves left to right). Figure 2.15 shows a greater pixel magnitude, centring in 

on the players that are going to start running. 

     

Figure 2.15 – Football TI (from left to right: original image, encoded image, image difference) 

IEEE Broadcast Technology Society Subcommittee on Video Compression Measurements 

started an approach to the problem of video quality assessment. The goal was to develop a scale 

of video impairment and unit of measurement to characterise video distortion from both a 

perceptual and engineering perspective ([171]). It was suggested that this study attempt to 

define a scale of video impairment in terms of several measurements of the just-noticeable 

difference (JND). The outcome of this recommended study was never reported. However, in 

reaction to the perceived necessity in the industry for standards, T1A1.1 decided in February 

2001 to develop a series of four Technical Reports (TRs). These reports, approved in October 

2001, provide full disclosure of VQMs currently used by industry, and an extensible framework 

into which properly documented VQM can be incorporated and quantitatively related to already 

disclosed VQMs. The quantitative relationship is established using a subjective dataset and set 

of videos (distorted and undistorted) that were viewed in the subjective-rating experiments. The 

dataset that was used is the VQEG set ([78],[79]). The first TR in the framework (TR A1 [172]) 

covers methods for specifying the accuracy and cross calibration of the video quality metrics. 

The second TR in the framework (TR A2 [173]) covers normalisation methods (e.g. spatial 

registration, temporal registration, and gain/level offset calibration). The third (TR A3 [174]) 

covers specification of one video quality metric that is commonly used by industry, namely 

peak-signal-to-noise-ratio (PSNR). The fourth (TR A4 [175]) specifies a JND-based VQM 

utilizing the full reference technique.  
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Figure 2.16 – System block diagram 
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A last method is a double-ended measurement identified as the PQR (Picture Quality Rating) 

(Figure 2.16). The PQR method specified in TR A4 is based on processing an 8-bit digital 

component video as defined by ITU-R Recommendation BT.601. Due to the perceptual nature 

of the measurement, various compression methods can be accommodated (MPEG, NTSC, PAL, 

etc.). In addition, the transmission system may include a concatenation of compression methods 

or be a simple pass-through for the evaluation of a codec. 

Video Quality Experts Group - VQEG 

To create a framework for the evaluation of new objective methods for video quality evaluation 

the Video Quality Experts Group (VQEG) was formed in 1997 as an informal subgroup of 

experts from three groups, ITU-R SG11, ITU-T SG9 and ITU-T SG12.  

The main goal of the VQEG is to provide input to the relevant standardisation bodies 

responsible for producing international recommendations regarding the definition of an 

objective Video Quality Metric (VQM) in the digital domain ([78],[79]). Under the VQEG 

umbrella, four groups were formed: Independent Labs and Selection Committee (ILSC), Classes 

and Definitions, Objective Test Plan, and Subjective Test Plan. The test plan defines the 

procedure for evaluating the performance of objective video quality models as submitted by the 

ITU. It allows for assessing and comparing correlations between objective and subjective 

methods ([78],[79]). 

During a first phase, FR-TV Phase I, from 1997 to 2000, VQEG designed and implemented 

extensive subjective and objective test plans. The goal was to evaluate a number of perceptually 

based proponent algorithms for the FR method, including the commonly used PSNR ([158]), 

focused on out-ofservice quality testing ([78],[79]). It opened a call for the submission of 

proposals for objective assessment models. It required that all models should accept as input an 

impaired sequence and the original sequence. With this input, the model was assumed to 

produce one distinctive value that correlated with the value achieved in the subjective tests. A 

set of test sequence was selected. Evaluation sessions were performed on a total of 287 viewers 

to gather the subjective data, while nine objective models were assessed using statistical 

analysis on three aspects of their capacity to predict subjective assessment of video quality, 

namely prediction accuracy, prediction monotonicity and prediction consistency. Prediction 

accuracy is the ability to predict the subjective quality ratings with low error (two metrics were 

employed, specifically the variance-weighted regression correlation and the non-linear 

regression correlation [78]). Prediction monotonicity corresponds to the degree to which the 

model’s predictions agree with the relative magnitudes of subjective quality ratings (Spearman’s 

rank order correlation [78]). And finally, prediction consistency is the degree to which the 
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model maintains prediction accuracy over the range of video test sequences (outlier ratio [78]). 

This results of these tests, named as full reference television (FR-TV) Phase I, yielded 

inconclusive results (none of the proposed models statistically out-performed any of the others 

nor were they statistically better than PSNR) ([78]). This gave VQEG increased motivation to 

look for more results that are consistent. One of the main accomplishments of this process was 

the particular data set gathered to support future development of objective models. 

In the period 2001-2003, VQEG performed FR-TV Phase II ([176],[177]). Many FR bidders 

made improvements to their original algorithms. The VQEG FR-Phase II tests focus on 

secondary distribution of digitally encoded television quality video (525-line video and 625-line 

video). Each experiment covered a vast range of quality, so the assessment criteria were better 

able to determine statistical differences in model performance. Furthermore, it contained a wide 

set of typical content (motion complexity, spatial detail, colour, etc.) and normal video 

processing conditions to evaluate the ability of models to perform consistently over a very broad 

set of video content. Several models of the VQEG FR-TV Phase II performed substantially 

better than the conventional PSNR. Therefore, four models (BTexact, CPqD, NTIA, and Yonsei 

University/Radio Research Laboratory) were proposed for inclusion in the normative section of 

the Recommendation ITU-R BT.1683 ([178]). However, it also recognised that objective video 

quality is still a developing technology and ITU-R WP 6Q encouraged the proposers of the 

recommended models to collaborate towards this goal. Substantial progress in the development 

of FR metrics was achieved from the test results of both phases, especially for quality metrics 

that targeted MPEG-2 coding distortions. 

On March 2004, the first official meeting of the Joint Rapporteurs Group (JRG) on Multimedia 

Quality Assessment (MMQA) took place during the ITU SG12 meeting. The JRG on MMQA 

brings together experts in audio quality assessment from SG12 and experts in video quality 

assessment from SG9. The JRG MMQA is responsible for co-coordinating activity associated 

with the development and testing of objective perceptual quality models for multimedia 

services. In September 2009, VQEG finished an assessment of metrics for multimedia 

applications that were focused on broadband Internet and mobile video streaming, at bit rates 

below four Mbps, with smaller frame sizes (QCIF, CIF, VGA). This project, VQEG Multimedia 

Phase I (MM-I), was used to validate full-reference, reduced-reference, and no-reference 

objective models ([79],[179]). Based on this report, two new standards for multimedia quality 

assessment were published, namely ITU-T Rec. J.247 ([180]), which defines four FR models 

(OPTICOM, Psytechnics, Yonsei University, and NTT), and ITU-T Rec. J.246 ([23]), which 

defines one new RR model for multimedia, that of Yonsei University ([79],[181]). These 

standards have been intended for telecommunications services broadcast at four Mb/s or less. 
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In August 2009, VQEG completed the RR and NR tests for SDTV (RRNR-TV) ([182]). These 

tests were an extension to the tests on FRTV, Phase I and II ([78],[176]). H.264/AVC and 

MPEG-2 codecs were used in the tests. All NR models were withdrawn. The final report 

describes the performance of seven RR models. The ITU decided that the accuracy of some RR 

models was sufficient to justify standardisation.  

Project  FRTV_I FRTV_II  MM_I NRRRTV HDTV 

Timeline 1997-2000  2000-2003  2004 -2008 2000-2009 2004 -2010 

Proponents 9 + PSNR 6 + PSNR, 25 + PSNR 7 + PSNR 8 + PSNR 

Focus  FR TV videos Secondary 
distribution 
of digital 
encoded TV 

Mobile and 
broadband internet 
communication 

SDTV HDTV application 

Model 
Types 

FR  FR  FR, RR, and NR NR 
(withdrawn) 
and RR 

FR, RR, and NR 
(withdrawn) 

Subjective 
Test 

DSCQS, 

 5 scale 
DMOS 

DSCQS, 

 5 scale 
DMOS 

5-scale ACR-HR 
DMOS 

5-scale ACR-
HR DMOS 

5-scale ACR-HR 
DMOS 

Evaluation 
Metrics 

4 metrics 
(after 
polynomial or 
logistic 
mapping) 

7 metrics 
(after 
logistic 
mapping) 

Pearson 
Correlation, RMSE, 
Outlier Ratio (after 
polynomial 
mapping) 

Pearson 
Correlation, 
RMSE, Outlier 
Ratio (after 
polynomial 
mapping) 

Pearson 
Correlation, RMSE 
(after polynomial 
mapping) 

HRCs 
Considered 

16 HRCs,  

MPEG2 

H.263 

bit rate 
768kbps/ 

50 mbps 

analogue 
videos, 625/50 
and 525/60, 
with 
transmission 
errors. 

10 HCR for 
625/50  

14 HCR for 
525/60, 

MPEG2 

H.263  

bit rate  

768 kbps/  

5 mbps 

VGA/CIF/QCIF 

H.264/H.263/ 

MPEG2/MPEG4. 

compression 
artefacts, 

transmission error, 
prepost- 

processing effects, 

live network 
conditions, 

interlacing 
problems, 

bit rates  

16kpbs- 

4 mbps, 

variable frame 
rates 

MPEG2 

H.264,  

transmission 
error,  

bit rate  

1 - 5.5 mbps 

1080i/p, 

MPEG2 

 H.264,  

compression 
artefacts, 
transmission error, 
pre- and 
postprocessing, 
frame rate 
25/30fps 

bit rate  

1-30Mbps, 

Table 2.6 – Summary of VQEG projects 

In 2004, VQEG started a project to evaluate models for HDTV ([183]). The H.264/AVC and 

MPEG-2 video codec were used. Furthermore, distortion types like transmission error, pre- and 

post- video processing were included, and the bit rate was ranged from 1 Mbps up to 30 Mbps. 

The test plan comprised FR, RR and NR objective video quality models. Models were 

submitted in 2009 and VQEG's Final Report was approved in 2010 ([183]). All NR models 

were withdrawn. The ITU determined that the accuracy of one FR model and one RR model 
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were satisfactory to support standardisation. Table 2.6 presents an overview of completed 

VQEG projects.  

Currently, VQEG have several active projects: 3DTV, HDTV Phase II, Hybrid 

Perceptual/Bitstream, JEG-Hybrid, Multimedia Phase II, and Quality Recognition Tasks 

(QART). The 3DTV Project aims to evaluate 3DTV subjective video quality. The HDTV Phase 

II project proposes to complete a second round of validation of HDTV objective video quality 

models using the available datasets from HDTV Phase I. The aim is to foster the development 

of more accurate models. The Joint Effort Group (JEG) Hybrid project aims to produce a robust 

Hybrid Perceptual/Bit-Stream model. The JEF is a recent idea of VQEG. It offers an alternative 

collaborative action instead of the competitive traditional process. Results will increase 

knowledge regarding objective quality assessment for video using bitstream and decoded video 

information. The Multimedia Phase II project is researching topics regarding audio and visual 

subjective quality. Finally, the QART project’s goal is to study the effects of resolution, 

compression and network effects on the quality of video used for recognition tasks in order to 

foster the standardisation of the quality assessment model for image recognition. 

Observing VQEG outcomes, from the different closed and active projects, it is possible to 

extract some conclusions regarding the tendencies in the development of objective video quality 

assessment. Although there has been substantial progress, it is still impossible to replace, in all 

the cases, subjective quality metrics for objective quality metrics. Relevant progress has been 

accomplished in the development of FR metrics. More research is needed in NR and RR 

algorithms. Soon research will focus on quality assessment of audio-visual content. 

2.2.5 Just Noticeable Distortion (JND) 

With the fast development of visual applications there is increasingly significant demand to 

incorporate perceptual characteristics into applications to improve performance. In [128],[184] 

Jayant described a major concept of perceptual coding, namely, just noticeable distortion (JND). 

The perfect JND should provide, for each video signal that is going to be encoded, a threshold 

level of the error visibility, below which reconstruction errors are imperceptible. According to 

Jayant ([128],[184]), the JND profile of an image is a function of local signal properties. Thus, it 

derives from various masking effects in the HVS. The mapping of these characteristics to a 

unique value requires an efficient perceptual model derived from wide subjective testing.  

A good JND model can considerably improve the performance of video encoding applications. 

Some techniques for computing JND have been proposed, from the discrete cosine transform 

(DCT) and wavelet domain ([109],[185],[186],[187]), to the image-domain ([187],[188]). 
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Approaches in literature mainly focus on computing the quantisation step sizes in sub-band JND 

([109],[185],[186],[187],[188]). A small number of experiences have been made in non-

standard video encoding systems. Chou and Li ([187]) have presented a model for luminance 

components only, and the model has been used in rate control techniques (e.g. H.263 [189] and 

MPEG-4 [190]. The following expressions describe the perceptual model for estimating the 

JND profile, according to Chou and Li ([187]): 

    1 2JND max bg,mg , bg ,f f  (2.23) 

     1 bg,mg mg· bg bg ,f     (2.24) 

 

 

0.5
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 (2.25) 

 bg bg 0.0001 0.115,     (2.26) 

 bg bg 0.01     (2.27) 

where 1f  and 2f  model the spatial masking effect and luminance adaptation respectively, bg 

and mg correspond to the average background luminance and the maximum weighted average 

of luminance differences around the pixel at (x,y) coordinates, respectively, and 0T , γ and λ are 

17, 3/128 and 1/2, respectively. All the parameters were empirically determined by fitting the 

model with subject test results ([187]). The average background luminance, bg, is calculated by 

the following equation 
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( , ) ( 3 , 3 ) ( , )

32
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i j

bg x y p x i y j B i j

x H Wy

 

 

  

   




 (2.28) 

where  , ,  for ,  1,2, ,5B i j i j    is a weighted low-pass operator, shown in Figure 2.17, 

and ( , )p x y  denotes the pixel at (x,y).  

1 1 1 1 1 

1 2 2 2 1 

1 2 0 2 1 

1 2 2 2 1 

1 1 1 1 1 

B 

Figure 2.17 – Matrix B for determining average background luminance 
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To obtain ( , )mg x y  across a pixel ( , )p x y  it is necessary to compute the weighted average of 

luminance changes around the pixel ( , )p x y  in four directions ([187]): 

 1,2,3,4( , ) max ( , )k kmg x y grad x y  (2.29) 

with 

5 5

1 1

1
( , ) ( 3 , 3 ) ( , )

16
k k

i j

grad x y p x i y j G i j
 

       (2.30) 

Figure 2.18 presents the four operators, ( , )kG x y , that are used to perform the computation, 

where the weighting coefficient decreases as the distance away from the central pixel increases. 

0 0 0 0 0  0 0 1 0 0 

1 3 8 3 1  0 8 3 0 0 

0 0 0 0 0  1 3 0 -3 -1 

-1 -3 -8 -3 -1  0 0 -3 -8 0 

0 0 0 0 0  0 0 -1 0 0 

G1  G2 

0 0 1 0 0  0 1 0 -1 0 

0 0 3 8 0  0 3 0 -3 0 

-1 -3 0 3 -1  0 8 0 -8 0 

0 -8 -3 0 0  0 3 0 -3 0 

0 0 -1 0 0  0 1 0 -1 0 

G3  G4 

Figure 2.18 – Four directional high-pass filters for calculating the weighted average of luminance 

changes in four directions: 1: vertical, 2: diagonal (upper-left to lower-right), 3: horizontal, 4: 
diagonal (upper-right to lower-left) 

In order to evaluate the perceptible visual quality, Chou and Li ([187]) have proposed a new 

metric, integrating human visual characteristics, called peak signal-to-perceptible-noise ratio 

(PSPNR). PSPNR only takes account of the perceptible noise as follows: 

2
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10 log
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PSNR is a particular case of PSPNR ( ( , ) 0JND x y  then PSPNR equals PSNR). Only errors 

higher than the JND profile are taken into account for calculating PSPNR. Yang et al. ([191]) 

extended Chou and Li’s model to account for multiple channels and the combined effect of 

contrast masking and luminance adaptation. Thus, the spatial JND threshold for a pixel can be 

expressed as follows 

   

    

( , ) , ,

min , , ,

S l t

lt l t

JND x y T x y T x y

C T x y T x y

 

 

 

 
 (2.35) 

where    , and ,l tT x y T x y  represents the background luminance adaptation and texture 

masking, respectively, at a colour channel Ө, and tlC
reflects the overlapping effect in masking. 

Regarding texture masking Yang et al. ([191]) propose to incorporate in  ,tT x y  the edge 

information as follows: 

 , ( , ) ( , )tT x y mg x y W x y     (2.36) 

where   is an empirical parameter for each colour channel ([191]), and ( , )W x y  is an edge-

related weight of the pixel at (x,y), and its corresponding matrix W  is computed by edge 

detection followed by a Gaussian low-pass filter: 

W E h    (2.37) 

where E  is the edge matrix of the original video frame for each colour component, detected by 

a Canny detector ([192]) with the sensitivity threshold of 0.5, 0.175 and 0.175 for Y, Cb and Cr 

respectively, and h is a k×k Gaussian low-pass filter (kernel size=7; σ. = 0.8) ([191]). The 

temporal effect on JND can be incorporated as the scaled amplitude of the spatial JND ([188]). 

JND can thus be calculated as  

  ( , , ) , , ( , )SJND x y t f ild x y t JND x y    (2.38) 

where   , ,f ild x y t  represents the average inter-frame luminance difference between the 

( )t th  and ( 1)t th  frame [188]. 
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  (2.39) 

where bg is the average intensity and  3f  is the empirical function defined in [188]. 

Figure 2.19 provides three examples of the estimation of local JND thresholds, for each pixel, in 

the first image of the encoded sequences of Akiyo, Foreman and Football (these sequences will 

be described in more detail in Chapter 5). The difference between decoded and original images 

are computed and transformed into JND units. Figure 2.19 displays the maximum weighted 

average of luminance difference, ( , )mg x y , the average background luminance, ( , )bg x y , and 

the JND profile according to the (2.23). The resulting picture provides a good description of 

image quality. The coding algorithm used was H.264/AVC (CBR=256kbps, IntraPeriod=4, 

NoBFrames, JM rate control [169],[170], more information in next Chapters). Black pixels 

denote parts of the image where distortion is at JND level 1 or less. Thus, areas of the image 

that have errors in the magnitude of one JND unit display small or no visible degradation, while 

regions of the image with higher amplitudes correlate well with the regions where coding 

degradation is visible. 

     

     

     

Figure 2.19 – JND Maps (from left to right: mg, bg and JND profile; from top to bottom: Akiyo 

sequence, Foreman sequence, Football sequence) 
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Thus, bright areas correspond to particularly visible distortions predicted with the JND profile, 

whereas dark areas represent the predicted invisible distortions. The JND Profile is valuable 

since it illustrates not only the magnitude, but also the location of noticeable differences. 

2.2.6 Structural Approach 

HVS-based metrics present various problems that have been well documented in the literature 

([64],[67],[112],[163],[164]). One of the most difficult problems is the limited understanding of 

HVS, and the true meaning of the term visual quality ([67]). The continuous increase of 

knowledge regarding the way HVS works, should support the improvement of better HVS-

based metrics. Meanwhile, research concerning the non-HVS-based algorithm has evolved. A 

new scheme for a class of quality metrics, known as structural similarity (SSIM), has been 

proposed to implicitly model perception by taking into account the fact that HVS is adapted for 

extracting structural information (relative spatial covariance) from images ([193],[194]). SSIM 

is an objective evaluation metric that attributes perceptual degradations to structural distortions. 

The SSIM index is an effective measurement of perceptual global degradations in natural 

images ([193]). It is also a comparable metric to conventional error-based perceptual quality 

metrics. In essence, the SSIM index is a measurement of deviations in luminance l, contrast c, 

and structure s between the reference and the distorted image. Figure 2.20 show the block 

diagram of SSIM. 

 

 

 

 

Figure 2.20 – Diagram of image similarity measurement system ([164]) 

Let  1,...,ix x i N   and  1,...,iy y i N   denote vectors from corresponding image 

patches in the reference and test images X and Y, correspondingly. From each patch, luminance, 

contrast and structural degradations are defined, respectively, by the equations ( , )l x y  ( , )c x y , 

( , )s x y : 
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with 
x  and 

y  the average of each x and y, 
xy  the covariance of x and y, 2

x  and 2

y  the 

variance of each x and y, 
1 2,C C  and 

3C  constants to avoid instability when 2 2

x y   is very 

close to zero ([164]). The SSIM measure is a combination of these three distortion components 

between signals x and y as shown below: 

     ( , ) ( , ) ( , ) ( , )SSIM x y l x y c x y s x y
  

    (2.41) 

where  ,   and   are positive parameters and are used to regulate the relative importance of 

each of the components. Typically, the values of these parameters are set to one. The SSIM 

index is computed as follows: 
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with  
2

1 1C k L ,  
2

2 2C k L , 
3 2 2C C , L  corresponds to the dynamic range of the pixels 

(usually 2 1bits per pixel    ), 
1 0.01k  , and 

2 0.03k   ([164]). The images can be examined as a 

whole or on a sliding windows basis. In [195], a 11 × 11 circular-symmetric Gaussian weighting 

function  1,...,iw w i N   was adopted with a standard deviation of 1.5 samples, normalised 

to sum to unity  1
1

N

ii
w


 . In [196], it is referred a 7 × 7 circular-symmetric Gaussian 

weighting function with standard deviation of 1.5 samples. If weighting is used, then the 

estimates of 
x , 

x , and xy  are adapted as follows: 
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Non-uniform weighting can be required for certain applications ([193]). For example, if some 

previous knowledge about the relevance of different regions in the image is accessible, then this 

information can be used as a weighting function ([197]). In the final step, the quality map is 

converted into a single quality index for the whole image. One solution is by computing the 

mean value of local SSIM values or using other pooling methods (fixation-based pooling [198], 
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percentile pooling [199], information-content-based pooling [200], perceptually pooling [201]). 

Local values are combined into the frame-level quality index as follows ([202]): 
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where 
SR  is the number of sampling windows used, i the ith video frame, j the jth sampling 

window, 
ijw  the weighting value used for the ith frame, and 

ijSSIM  the summation of the 

weighted SSIM values calculated for the signal components in the jth sampling window in the ith 

frame. The overall quality measure for the video sequence is then calculated as defined: 
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where F is the total number of frames, 
iw  the weighting value used for the ith frame, and 

iQ  the 

quality index calculated for the ith frame. Thus, for example, it is possible to allocate a smaller 

weight to blurred images caused by camera movement as global blur does seem to be perceived 

as less disturbing than the local blur ([202]). 

SSIM was extended to the complex wavelet domain, known as the complex wavelet structural 

similarity index (CW-SSIM) ([195],[203]). CW-SSIM is given by: 
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where  , 1,...,x x ic c i N   and  , 1,...,y y ic c i N   are two sets of complex wavelet 

coefficients in the same position in the reference and test images. Spatial domain SSIM 

algorithm is highly sensitive to translation, scaling, and rotation of images ([204]). In CW-

SSIM, because structural similarity is measured in the complex wavelet domain, it achieves 

high performance and a degree of translation-invariance ([67]). CW-SSIM has been used in face 

recognition ([205]). The SSIM has also been extended to multiple scales ([206]). However, the 

multi-scale SSIM does not always yield better results than its single-scale version ([207]). More 

extensions of SSIM have been proposed such as a gradient based approach ([208]). In [209] an 

image coding quality assessment is proposed based on fuzzy integral. An image is divided into 
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different parts (edges, textures and flat regions), after applying SSIM on the images. A weighted 

sum of the SSIM scores, from each of the regions, is combined to generate a content-based 

metric value for the image. Kandadai have extended the SSIM concept to audio structure 

similarity ([210]). 

Figure 2.21 displays the SSIM index map of the first image of the Football video sequence. The 

coding algorithm used was H.264/AVC (CBR=256kbps, IntraPeriod=4, NoBFrames, JM rate 

control ([169],[170]), more information in Chapter 3 and Chapter 4). The absolute error map is 

included for comparison. Both distortion maps have been adapted to be more comprehensible. 

Thus, brighter areas always indicate better quality regarding a given quality/distortion measure. 

It can be seen that the compressed image shows variable quality across space. Nevertheless, 

there is no direct association between the distortion in the absolute error map and the underlying 

image structures (Figure 2.21 d). By contrast, the SSIM index map, Figure 2.21 c), gives 

perceptually uniform prediction. 

  

 a) b)  

  

 c) d)  

Figure 2.21 – Football Distorted Image and its quality/distortion maps (a) original image; (b) 

H.264/AVC compressed image; (c) SSIM index map; (d) absolute error map 
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The characteristic artefacts of MPEG compression are visible in Figure 2.21 c). Typically, data 

compression algorithms generate smoother areas of detailed image structures. For example, the 

texture information of the grass of the football stadium is reduced. The SSIM index map 

predicts this phenomenon very well, but the absolute error map fails to predict it. The SSIM 

index map demonstrates the efficiency of SSIM in identifying the loss of quality in the image, 

by successfully predicting image quality variations across space. The Absolute Error Map does 

not represent the distortion existing in the different regions of the image. 

2.3 Summary  

This chapter discusses the prime ideas concerning video quality and its assessment. Following 

an introduction and background on quality assessment, the concept of quality metrics is 

introduced. There are two distinct classes of methods available to perform video quality 

assessment ([67],[68]): subjective and objective measurement's methods.  

Subjective quality assessment seeks to capture, based on ratings given by human observers, the 

users’ opinions regarding video quality. It is a particular reliable way of evaluating video 

quality. As a result, it is also the most efficient method to test the performance of human vision 

models and objective quality assessment metrics. ITU has formalised several methodologies for 

the subjective assessment of the visual quality of television pictures, in ITU-R Rec. BT.500 

([70],[71]), and multimedia systems in ITU-T Rec. P.910 ([72]). In this chapter, the following 

ITU methods were briefly described: DSIS, DSCQS, SS, SDSCE, and SSCQE. The SAMVIQ, 

specified by EBU, was also addressed ([81]). The methods differ, in general, in the use of 

different rating scales and in displaying or not a reference.  

In the objective method, a metric is based only on mathematical methods without human 

intervention. The goal is to design quality metrics that can predict perceived video quality 

automatically. To deal with different requirements, distinctive objective quality assessment 

models have been developed, and five models have been described herein: media-layer model, 

parametric packet-layer model, parametric planning model, bitstream layer model, and hybrid 

model. 

Evaluation of perceived video quality is a hard task due to the complexity of HVS. A general 

overview of the main characteristics of Visual Perception is provided in this Chapter. Increased 

knowledge in these areas fostered the development of better Vision Models and Video Quality 

Assessment Metrics based on HVS. 

A summary of the different methods to classify objective quality metrics was presented giving 

particular emphasis to their main characteristics. One of the methods is the amount of 
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information on the reference video that is available ([60],[77],[158],[159]). In this case, 

objective video quality metrics can be categorised in three classes: Full Reference (FR), 

Reduced Reference (RR) and No Reference (NR) ([108],[130],[131],[211],[212]). If both the 

reference and the impaired videos are totally available, the objective metrics are classified as 

FR. If the reference is not available, the metric is classified as NR. If some characteristics of the 

reference and the impaired video are available, the objective metrics is referred as RR metric.  

Various organisations stimulate the development and standardisation of the technology needed 

for evaluating the performance of digital video processing and communication systems. In 

particular, VQEG was established with the goal of studying objective video quality metrics and 

to provide input to ITU-T Study Groups 9 and 12 and ITU-R Study Group 6 ([78],[79]). VQEG 

promoted independent validation tests to assess different models. Most of the models proposed 

for objective quality assessment were FR. It was found that FR methods outperform RR and NR 

methods. Although NR models present several advantages in the industry’s perspective, more 

research of NR methods is still required to reach the same level of prediction accuracy as the FR 

and RR methods ([212]). Traditional FR metrics, such as MSE and PSNR, are based solely on 

the differences between frames. It is a simple and fast way to predict video quality. Two 

different FR approaches for quality assessment, based on JND and on structural similarity 

(SSIM), have been presented regarding their concept, implementation and meaning. In contrast 

with traditional metrics, they used mechanisms to incorporate HVS or the perceptual effects of 

video degradation. As a result, they allow a more refined prediction of the level of degradation 

that a signal can suffer until a human observer notices it ([212]). 

The work presented in this dissertation has been planned considering the use of subjective and 

objective quality assessment metrics. The subjective tests have been performed in order to 

gather the opinion of human observers regarding the quality of a number of representative (in 

terms of spatial features, motion and coding artefacts) compressed video sequences. One 

compression standard, the H.264/AVC, has been considered. Different objective metrics were 

also used, including SSIM, PSNR and PSPNR. The next chapter will introduce video coding 

standards. 
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In the last twenty years, several video coding standards have been developed to guarantee an 

efficient usage of visual information along the entire chain that covers the production, 

distribution, and reception of video material. Standardising allows independent implementations 

and guarantees that those implementations will be interoperable. This effort was mostly 

motivated by the need to decrease the vast quantities of data generated by a video source due to 

constraints in the capacity of broadcast channels and in storage space. Every standard describes 

the bitstream syntax and decoder semantics. Therefore, manufacturers of video hardware have 

the stability needed to invest in developing their products. Standardising the decoder bitstream 

allows the interoperability of products developed by different manufacturers. Content producers 

have the guarantee that their audio-visual material works with any product, and that it is not 

necessary to produce and manage numerous copies to satisfy the requirements of different 

manufacturers. As a result, it drove innovation around software and hardware encoding 

solutions. This strategy has played a key role in the global spread of digital video 

communication. Standards offer comprehensive guidance to guarantee content delivery and 

interoperability.  

Internationally, two working groups lead the video coding standardisation processes, 

specifically, the ITU-T Video Coding Experts Group (VCEG) and the ISO/IEC Moving Picture 

Experts Group (MPEG). VCEG has targeted low bit rate video coding and their corresponding 

applications. Typically, for this type of application, there is a demand for high compression 

rates and error resilience tools. MPEG focus on higher bit rates for entertainment-quality 

broadcasting applications. Both institutions have generated well-known standards. 

VCEG continued the work of the "Specialists Group on Coding for Visual Telephony" of the 

ITU-T (previously named CCITT). VCEG is associated with the standardisation process of the 

"H.26x" family of video coding standards. CCITT was responsible for the publication, in 1989, 

of the H.120 Recommendation ([213]) and, in 1993, the H.261 Recommendation ([214]). Both 

Recommendations were designed for video conference services. Aiming at higher compression 

ratios, the ITU-T started activities in 1993 with the objective of issuing a recommendation for 

the video coding of narrow telecommunication channels. After finalizing the H.263 Standard for 

http://en.wikipedia.org/wiki/CCITT
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video telephony ([215]), the ITU-T VCEG started work on two further development areas: a 

“near-term” effort to add extra features to H.263 (resulting in Version 2 of the standard) and a 

“long-term effort" to develop a new standard for low bit rate visual communications. This last 

approach led to the draft “H.26L” standard, offering significantly better video compression 

efficiency than the previous ITU-T standards. 

The ISO/IEC is responsible for standards such as the ISO/IEC 10918 standards (JPEG) for still 

picture compression, published in 1984 ([216]). In 1988, ISO/IEC established the Moving 

Picture Experts Group (MPEG) working group with the goal of the “development of 

international standards for compression, decompression, processing, and coded representation of 

moving pictures, audio, and their combination, in order to satisfy a wide variety of applications” 

([217]). The MPEG standard families are generic standards. This means that each standard is 

independent of any particular application and of delivery media. However, it does not ignore the 

requirements of the possible applications ([218]). These generic standards are extremely 

important as they allow the development of VLSI and several of the basic blocks required for a 

large number of applications. They are the result of joint development efforts of audio and video 

compression experts considering the requirements of all applications. The toolbox approach, 

bounded by the one feature, the one tool principle, is one of the reasons for the success of the 

MPEG standards family. 

In the first phase of MPEG standardisation, called "divergence phase," the requirements for 

specific applications or fields of applications are identified. Independent laboratories, 

universities and commercial companies, present their algorithms to fulfil specified requirements 

and the different approaches are compared ([219],[220]). The second phase, "convergence 

phase," the process continues with the selection of the most relevant coding techniques from 

among the techniques presented in the first phase. With the joint effort of all MPEG 

participants, the selected coding techniques are further refined and optimised. In the last phase, 

"verification" or "validation," software simulations/hardware tests are used to validate the 

results obtained in the previous phases. 

In 1993, ISO and IEC published the MPEG-1 standard (ISO/IEC 11172) ([217],[218],[221]). 

The MPEG-1 standard was planned for storage applications of audio-visual information on 

compact disc. Its successor, MPEG-2 standard (ISO/IEC 13818), was designed for the generic 

coding of audio-visual information. MPEG-2 is used in DVD and for digital broadcasting ([2]). 

The MPEG-4 (ISO/IEC 11496) started activities in 1993, aiming not only for higher 

compression ratios but also the incorporation of multimedia functionalities. MPEG-4 supports 

additional tools for communication, access and manipulation of digital audio-visual data 

([222]). In 2001, the ISO/IEC MPEG group recognised the potential benefits of H.26L and 
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created the Joint Video Team (JVT), including experts from MPEG and VCEG ([223]). JVT’s 

main task was to develop the draft H.26L “model” into a full international standard. In fact, the 

outcome is two identical standards: ISO MPEG-4 Part 10 of MPEG-4 and ITU-T H.264/AVC. 

The “official” title of the standard is Advanced Video Coding (AVC); however, it is widely 

known by its ITU document number, H.264/AVC ([6]).  

While MPEG-1, MPEG-2, and MPEG-4 were aimed at digital content coding, following MPEG 

standards evolved towards content description (MPEG-7) ([224]) and transactions (MPEG-21) 

([225]). MPEG-1 and MPEG-2 provide interoperable ways of representing audiovisual content, 

commonly used on digital storage media and broadcast media. MPEG-4 extends this to many 

more application areas through features like its extended bit rate range, scalability, error 

resilience, seamless integration of different types of ‘objects’ in the same scene, interfaces to 

digital rights management systems and powerful ways to build interactivity into content. 

MPEG-7 aims to provide tools for describing all forms of multimedia content delivered by the 

broadest possible range of networks and terminals ([224]). MPEG-7 has descriptive elements 

that range from very ‘low-level’ signal features like colours, shapes and sound characteristics, to 

high-level structural information about content archives. However, automatic feature extraction 

is not within the scope of the MPEG-7 project. The focus is on standard description elements of 

multimedia data designated by Descriptor and Description Scheme (DS). A language was 

standardised to specify Description Schemes and Descriptors in MPEG-7. It is referred to as 

Description Definition Language (DDL) ([224]). A hierarchical structure of Descriptors and 

Description Schemes is used to describe the multimedia data. With MPEG-7, it is possible to 

exchange information about multimedia content in interoperable ways, making it easier to find 

content and identify just what end-users wanted to find. MPEG-7 information can be added by 

broadcasts or personal video recorders so that managing multimedia content in large content 

repositories can be facilitated ([224]). It is important to guarantee interoperability when there is 

a solution for protecting the existing digital assets. Digital Rights Management (DRM) is 

becoming a necessity to protect the value of content and to guarantee services' viability. 

Existing systems are using non-standardised protection mechanisms. The MPEG-21 Multimedia 

Framework initiative aims to enable the transparent and augmented use of multimedia resources 

across a wide range of networks and devices ([225],[226]). MPEG-21 is based on two essential 

concepts: the definition of a fundamental unit of distribution and transaction (the Digital Item) 

and the concept of Users interacting with Digital Items. The Digital Items can be considered the 

“what” of the Multimedia Framework (e.g. a video archive, a music album) and the Users can 

be considered the “who” of the Multimedia Framework ([225]). The goal of MPEG-21 can thus 

be understood as the defining of the technology needed to provide support to users in order to 
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access, exchange, consume and manipulate Digital Items in an efficient, transparent and 

interoperable way ([225]). The MPEG-21 multimedia framework identifies the key elements 

needed to support the multimedia delivery chain and record the relationships between, and the 

operations supported by them ([225]). 

To confirm whether the standard satisfies the identified requirements it has to be evaluated and 

checked against the identified requirements in the same way a product is tested against the 

product specifications. Two operational tools are used for verification: the working model and 

core experiments. For MPEG-1 and MPEG-2, the verification tests consisted of formal 

subjective tests aimed at evaluating the quality of either audio or video signals processed using 

the MPEG algorithms. In MPEG-4, new types of tests were undertaken using optimised 

assessment methods ([225]). 

This Chapter provides a brief introduction to some of the most well-known international video 

coding standards (MPEG-1 [221], MPEG-2 [2], MPEG-4 [227], and H.264/AVC [6]). These 

standards allow the efficient broadcast and storage of different video sources in a diverse 

environment. They are based on a hybrid motion-compensated predictive video coding approach 

obtaining high compression ratios by removing both spatial and temporal redundancies existing 

in video sources. 

3.1  The MPEG 1 Video Standard 

The MPEG-1 video coding algorithm, although flexible, was optimised to give its best 

performance at bit rates around 1.2 Mbps working with a picture spatial resolution of 350 pixels 

per 250 lines and frame repetition rates between 24 and 30 images per second ([218],[221]). As 

it is a generic standard, MPEG-1 was developed in response to the need for a common format 

for representing compressed video on different Digital Storage Media (DSM) such as CDs, 

DATs, Winchester disks and optical drives ([218]). Applications using compressed video on 

DSM need to be able to perform a number of operations in addition to normal forward playback 

of the video sequence. In order to meet the needs of these application's several features were 

identified ([218],[221]): 

 Random Access. 

 Fast Search (Forward/Reverse).  

 Reverse Playback.  

 Error Robustness.  

 Coding/decoding delay.  
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Two key techniques are used to encode video data: spatial and temporal techniques. The first 

technique is accomplished by removing redundant information within a picture. The second 

technique involves exploiting the similarities between successive frames of a video signal by 

only encoding the difference. The process by which the amount of movement contained 

between pictures is computed is traditionally known as motion estimation prediction. The data 

gathered from this method is then used in the motion compensating prediction. The MPEG-1 

video algorithm can produce three types of encoded pictures, by using the following three 

different coding modes ([218],[221]): 

 Intra mode (I-pictures), pictures encoded individually without using temporal 

prediction (without reference to any other picture). 

 Predicted mode (P-pictures), pictures encoded using motion compensated 

prediction from the previous picture as a result of containing a reference to the 

previous picture.  

 Bi-directional mode (B-pictures), generating inter-coded pictures that use bi-

directional temporal prediction. 

B-frames may be encoded using either forward prediction where reference is made to a picture 

in the past, backward prediction where reference is made to a future picture, or to an image in 

the past and an image in the future. 

Video Sequence

Group Of Pictures (GOP)

Frame
1Frame kFrame

1GOP 2GOP

1VS 2VS

NVSVS ...2

NGOPGOP ...2

11 ... kFrameFrame mkk FrameFrame ...

 

Figure 3.1 – Hierarchical structure of the MPEG-1 video bitstream 

The encoded data is organised into a layered structure that permits the integration of the 

different coding modes. This structure comprises six hierarchical layers: Video Sequence, 

Group of Pictures (GOP), Picture, Slice, Macroblock and Block. The first three layers are 

displayed in Figure 3.1. One sequence contains one or more Group of Pictures (GOP) 

([218],[221]). A GOP is composed of one or more encoded pictures. It is used as a random 

access unit. The GOP length is the period (frequently expressed in frames) at which an Intra-
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frame occurs. The GOP length may be dictated by the random access requirements. A picture is 

divided into slices, macroblocks and blocks. A block is a picture area of eight pixels by eight 

lines either of the luminance or the chrominance components (used as a DCT unit). A 

macroblock (MB) associates four blocks of luminance with the spatially corresponding block of 

each chrominance component. Motion compensation uses macroblocks as its unit. A slice is a 

collection of an integer number of macroblocks, in raster-scan order. Usually, a slice is a 

horizontal stripe within a frame. The first slice of a picture must start with the upper-left macro 

block of that picture, and the last slice must end with the lower-right macro block. 

The use of temporal interpolation implies a rearrangement of the order of the coded pictures 

before broadcasting. I and P pictures must be transmitted before interpolated (B) frames. A 

typical GOP in display order might be as in (3.1) whereas the bitstream order would be as in 

(3.2). 

0 1 2 3 4 5 6 7 8 9 10 11 12I B B P B B P B B P B B I
 

 (3.1) 

0 3 1 2 6 4 5 9 7 8 12 10 11I P B B P B B P B B I B B
 

 (3.2) 

The MPEG-1 Video compression algorithm is a hybrid of motion compensation and the 

transform coding algorithm. Figure 3.2 (a) shows the major components of a MPEG-1 video 

encoder. Video source data is encoded on a block-by-block basis. The first picture is usually 

encoded without motion compensation. The DCT transforms a block by converting the spatial 

domain pixels into transform domain coefficients. The quantisation block uses a quantiser to 

diminish the number of levels of the transformed coefficients. The difference between the 

original block and the predicted block, called the prediction error, is then encoded. 

The quantised transform coefficients are de-quantised and the inverse DCT is applied producing 

a decoded picture. This picture can be used as a reference for the encoder and the decoder. Thus, 

the following pictures can use motion compensation to reduce temporal redundancies. It is 

possible to find, using motion estimation techniques, a motion vector that gives a best match for 

a source picture block between the source picture and a reference picture from the picture store. 

The motion compensation uses the motion vector and generates a predicted error block from the 

reference picture. 
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Figure 3.2 – (a) Motion-compensated DCT coder; (b) motion compensated DCT decoder 

In an MPEG-1 Video Decoder (Figure 3.2 (b)), the first step of the inverse process is to 

reconstruct the quantised DCT coefficients. The reconstructed coefficients are subsequently 

added to the prediction error. 

3.2  The MPEG 2 Video Standard 

In 1991, MPEG started a second phase of work with the goal of developing a standard to cover 

a wider range of applications rather than just storage and retrieval in DSM, offering much 

higher picture resolutions and bit rates (MPEG-2) ([2]). From the early stages, the main 

application of MPEG-2 was the all-digital transmission of broadcast TV quality video at coded 

bit rates between four and nine Mbps (Mega bits per second). However, the MPEG-2 syntax 

was adapted to be suitable to other applications such as those at higher bit rates and sample 

rates. The most significant enhancement over MPEG-1 is the addition of syntax for the efficient 

coding of interlaced video (e.g. 16x8 block size motion compensation, Dual Prime, et al). 

Several other more subtle improvements (e.g. 10-bit DCT DC precision, non-linear 

quantisation, VLC tables, and improved mismatch control) are included, which provide a clear 

improvement to coding efficiency, even progressive video. Other key features of MPEG-2 are 
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the scalable extensions which permit the division of a continuous video signal into two or more 

coded bitstreams representing the video at different resolutions, picture quality (i.e. SNR), or 

picture rates. 

3.2.1 Scalability 

The MPEG-2 toolkit includes tools for 'scalable' coding. As mentioned before, useful video can 

be reconstructed from parts of the full bitstream. The entire bitstream is organised in layers, 

beginning with a base layer (that can be decoded by itself) and added enhancement layers to 

reduce quantisation distortion or improve resolution. Scalability is also a useful tool for error 

resilience on prioritised media ([228]). The drawback of scalability is that some coding 

efficiency is lost because of the extra overhead. 

MPEG-2 video has several scalable modes, which include spatial scalability, temporal 

scalability, SNR (signal-to-noise ratio) scalability, and data partitioning. The MPEG-2 support 

incorporates combinations of these basic scalability tools.  

Spatial scalability allows multi-resolution coding. A single video source is divided into a base 

layer (lower spatial resolution) and an enhancement layer (higher spatial resolution). Figure 3.3 

displays the encoding and decoding process of an MPEG-2 Video Encoder that supports spatial 

scalability. For example, a CCIR 601 video can be down-sampled to SIF format using spatial 

decimator. The SIF bitstream can be encoded independently from the enhancement layer and 

thus serve as the base layer video. The enhancement layer bitstream corresponds to additional 

spatial information. The prediction image in the enhancement layer encoder is the weighted sum 

of the temporal prediction image of the enhancement encoder and the spatial prediction image, 

up sampled from the base layer encoder (Figure 3.3 - WT – Weighter; STA – Spatio-Temporal 

Analyser). Weights may be adapted on a MB level. Spatial scalability is a suitable tool for 

applications where the interworking of video standards is required as well as for simultaneous 

broadcast. The drawback is that there exists some bit rate penalty due to the overhead and there 

is a moderate increase in complexity. 



3.2. The MPEG 2 Video Standard 59 

 

 

Base Encoder

Spatial Enhancement Encoder

S
y
s
 M

u
x

Motion Compensated

DCT Encoder

WT STA

Spatial

Interpolator

Motion Compensated

DCT Encoder

Spatial

Decimator

Base Decoder

Spatial Enhancement Decoder

S
y
s
 D

e
m

u
x

Motion Compensated

DCT Decoder

WT

Spatial

Interpolator

Motion Compensated

DCT Decoder

Out 2

Out 1

W

 

Figure 3.3 – Block diagram for MPEG-2 codec with spatial scalability 

The SNR scalability provides a mechanism for transmitting two-layer service with the same 

spatial resolution but different quality levels. Figure 3.4 illustrate the encoding and decoding 

process with SNR scalability. 
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Figure 3.4 – Block diagram for MPEG-2 codec with SNR scalability 

The encoding of the lower layer uses a coarse quantisation step size typically for low-capacity 

channels. The enhancement layer corresponds to the difference between the original and the 

coarse-quantised signals. It is encoded with a finer quantiser to generate an enhancement 

bitstream for high-quality video applications. SNR scalability can be used in scenarios where 

SDTV/HDTV or in video services with multiple qualities. 
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In temporal scalability, the base layer corresponds to encode at a lower frame rate, and the 

intermediate frames encoded in a second bitstream using the first bitstream reconstruction as a 

prediction (Figure 3.5).  

 

Figure 3.5 – Block diagram for MPEG-2 codec with temporal scalability 

The Temporal Demux sends alternating frames to the base encoder and the enhancement 

encoder. The Temporal Enhancement Encoder uses a motion estimation/compensation 

technique (Interlayer Motion Estimator - IME; Interlayer Motion Compensated Predictor - 

IMCP). 

Data partitioning is a frequency-domain method that breaks the block of 64 quantised transform 

coefficients into two bitstreams (Figure 3.6).  
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Figure 3.6 – Block diagram for MPEG-2 codec with data partitioning scalability 

The first, higher-priority bitstream contains the more critical lower frequency coefficients and 

side information (such as headers, DC values, motion vectors). The second, inferior priority 

bitstream carries higher-frequency AC data. It is appropriate when two transmission channels 

are available. Unlike the other scalable tools, both layers are needed to reconstruct the original 

3.2.2 MPEG-2 Profiles and Levels 

MPEG-2 is a generic standard. Different algorithmic elements or 'tools, developed for distinct 

uses, are combined into a single syntax to meet the requirements of various applications ([229]). 
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However, to prevent all codecs from having to support the implementation of the full syntax, the 

concept of "Profiles" was introduced. A Profile is a defined subset of the entire bitstream syntax 

([2]). MPEG-2 specifications define two non-scalable profiles, Simple Profile (SP) and Main 

Profile (MP), and three scalable profiles: SNR Profile, Spatial Profile and High Profile (HP) 

([2]). The profile's definition process guarantees that a higher profile is a superset of a lower 

one. It is still possible to observe a large variation in the performance of encoders/decoders 

depending on the values taken by parameters in the bitstream, within the limits imposed by the 

syntax of a given profile. A solution was defined within each Profile with the concept of levels. 

A level is a defined set of constraints imposed on parameters in the bitstream (Low Level, Main 

Level, High 1440 Level, and High Level). 

Profile  Simple 

(I, P) 

4:2:0 

Main 

(I, P,B) 

4:2:0 

SNR 

(I, P,B) 

4:2:0 

Spatial 

(I, P,B) 

4:2:0 

High 

(I, P,B) 

4:2:2;  

4:2:0 

Multiview 

(I, P,B) 

4:2:0 

4:2:2 

(I, P,B) 

4:2:2; 

4:2:0 

High 
Level 

Pels/line 

Lines/frame 

Frame/s 

Mbps 

 1920 

1152 

60 

80 

  1920 

1152 

60 

100 

1920 

1152 

60 

130 

1920 

1152 

80 

300 

High-
1440 
Level 

Pels/line 

Lines/frame 

Frame/s 

Mbps 

 1440 

1152 

60 

60 

 1440 

1152 

60 

60 

1440 

1152 

60 

80 

1440 

1152 

60 

100 

 

Main 
Level 

Pels/line 

Lines/frame 

Frame/s 

Mbps 

720 

576 

30 

15 

720 

576 

30 

15 

720 

576 

30 

15 

 720 

576 

30 

20 

720 

576 

30 

25 

720 

576 

30 

50 

Low 
Level 

Pels/line 

Lines/frame 

Frame/s 

Mbps 

 352 

288 

30 

4 

352 

288 

30 

4 

  352 

288 

30 

8 

 

Table 3.1 – Profiles and levels in MPEG-2 

Not all profiles support all the levels. Table 3.1 indicates the allowable picture types (I, P, B), 

pels/line and lines/picture, picture format and maximum bit rate (for all layers in case of 

scalable bitstreams), for each profile/level pair. For example, SP uses no backward or 

interpolated prediction. Therefore, in this case, no picture reordering is required. This makes SP 

suitable for low-delay applications such as video telephone or video conferencing. MP adds 

support for B pictures. Thus, picture quality may be increased and a higher degree of 

compression may be achieved. The MP decoder should also decode MPEG-1 video bitstreams. 

The SNR profile adds support for two levels of picture quality. The addition of an extra 

quantisation stage does not essentially change its nature and the codec works like an MP codec. 
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The error introduced by the first quantisation is itself quantised, run-length and VLC coded, and 

transmitted as the enhancement layer. Two additional profiles, developed after the final 

approval of MPEG-2, are included in Table 3.1. The first, the 4:2:2 profile, is capable of 

working with pictures that have a colour resolution of 4:2:2 and a higher bit rate. The 4:2:2 

profile was approved in January 1996. The other is the Multiview Profile (MVP). It is possible 

using existing MPEG-2 video coding tools to efficiently encode two video sequences issued 

from two cameras shooting the same scene with a small angle between them. 

3.3  The MPEG 4 Video Standard 

The development of MPEG-4 reflects new trends in the standardisation of multimedia 

information resulting from the merging of three worlds: telecommunications, audio-visual, and 

computing ([222],[230]). Initially, MPEG defined MPEG-4 as a standard centred on Very Low 

Bit Rates or on Very High Compression Efficiency. The main goal was to considerably improve 

the video compression efficiency of the existing hybrid DCT-based coding schemes. At the 

same time, the ITU-T Low Bit rate Coding (LBC) group started producing the first results on 

the near-term hybrid coding solution (the ITU-T H.263 standard [231]). In July 1994, the 

Grimstadt MPEG meeting marked an important modification in the direction of MPEG-4. 

Firstly, it conducted an in-depth analysis of trends in the audio-visual world based on the 

convergence of the TV/film/entertainment, computing, and telecommunications worlds. After 

this analysis, a new goal was established. The MPEG group redefined MPEG-4 as an “emerging 

coding standard that supports news ways (notably content-based) for communications, access, 

and manipulation of digital audio-visual data” ([222],[232]). Thus, MPEG-4 became the first 

standard that understands an audio-visual scene as a composition of objects (audio, visual, or 

audio-visual), in accordance with a script that describes their spatial and temporal relationship 

([233]). Users have the possibility of interacting with the audio-visual content of a scene and 

mixing synthetic and natural audio and video information. The MPEG-4 Proposal Package 

Description (PPD) describes eight new or improved functionalities clustered in three main 

groups ([233],[234]): 

 content-based interactivity, addressing the ability to interact with meaningful 

objects in an audio-visual scene (four key functionalities: content-based 

multimedia data access tools, content-based manipulation and bitstream editing, 

hybrid natural and synthetic data coding, and improved temporal random 

access), 

 high compression efficiency, important not only to enable low bit rate 

applications, but also to provide the ability to efficiently code multiple views of 
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a scene (two key functionalities: improving coding efficiency and coding of 

multiple concurrent data streams), 

 universal accessibility, meaning that access to audio-visual data should be 

available for a wide range of storage and transmission media (two key 

functionalities: robustness in error-prone environments and content-based 

scalability). 

The MPEG-4 provides functionalities included in existing standards such as MPEG-1 or 

MPEG-2. In addition, some of the features referred to above, namely content-based 

interactivity, not only represent additional features but also a major evolution in the way that 

audio-visual information has been represented. Structures, like the region or the object that 

represents the visual information in MPEG-4 are more complex than the pixel. These structures 

must be easily associated with meaningful semantic units. The next section will describe some 

of the most important coding innovations. 

3.3.1 MPEG-4 Parts 

MPEG-4 provides a standardised way to represent the content of audio-visual objects, describe 

the composition of these objects in compound media scenes, encode, multiplex and synchronise 

the data associated with the media objects, transport the media presentation over different 

channels, and interact with the audio-visual scene at the receiver's end. The multi-part ISO/IEC 

14496 series, “Information technology – Coding of audio-visual objects," defines the set of 

technologies for compression, encoding and delivery of complex audio-visual scenes composed 

of distinctive media objects: video objects (natural or synthetic video), audio objects, still 

images, text and vector graphics, computer-animated images ([235]). Each part covers a limited 

segment of the whole specification. The most known parts are MPEG-4 part 2 and the MPEG-4 

part 10 (MPEG-4 AVC/H.264). The MPEG-4 Standard consists, at the time of writing, of 28 

parts, under the general title “Information technology — Coding of audio-visual objects”, and 

briefly described in the next paragraphs. 

Part 1: Systems. 

The System specification describes synchronization and multiplexing of video and audio 

([236],[237]). 

 

 

 

http://en.wikipedia.org/wiki/MPEG-4_Part_2
http://en.wikipedia.org/wiki/H.264/MPEG-4_AVC
http://en.wikipedia.org/wiki/H.264/MPEG-4_AVC
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Part 2: Visual. 

The Visual specification contains definitions of the bitstream syntax, bitstream semantics and 

the related decoding process. It does not specify the encoders that can be optimised in different 

implementations ([238],[239]). 

Part 3: Audio. 

The Audio specification integrates many different types of audio coding: natural sound with 

synthetic sound, low bit rate delivery with high-quality delivery, speech with music, complex 

soundtracks with simple ones, and traditional content with interactive and virtual-reality content 

(e.g. Advanced Audio Coding (AAC), Audio Lossless Coding (ALS), Scalable Lossless Coding 

(SLS), Structured Audio, Text-To-Speech Interface (TTSI), and others) ([240],[241]). 

Part 4: Conformance testing. 

The Conformance part describes procedures to verify whether bitstreams and decoders meet 

requirements specified in other parts (ISO/IEC 14496 (parts 1, 2 and 3) and for ISO/IEC 14496-

6:2000) ([242]). 

Part 5: Reference software. 

The Reference software specification provides software implementations of the ISO/IEC 14496 

(parts 1, 2, 3, and 6) including normative and non-normative tools ([243]). 

Part 6: Delivery Multimedia Integration Framework (DMIF). 

DMIF stipulates a session protocol for the management of multimedia streaming over generic 

delivery technologies ([244]). 

Part 7: Optimised reference software for coding of audio-visual objects. 

It specifies the encoding tools that improve both the execution and the quality for the coding of 

visual objects as defined in ISO/IEC 14496-2 ([245]). 

Part 8: Carriage of ISO/IEC 14496 contents over IP networks. 

It specifies a framework for the carriage of MPEG-4 contents over IP networks ([246]). It also 

provides guidelines to design payload format specifications for the detailed mapping of MPEG-

4 content into several IP-based protocols. 

Part 9: Reference hardware description. 

It provides hardware designs of the principal video tools for demonstrating how to implement 

the other parts of the standard ([247]). 
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Part 10: Advanced Video Coding (AVC). 

It provides a compression format for video signals ([6]). It is technically identical to the ITU-T 

H.264 standard. The ISO/IEC 14496-10:2010 standard includes the description of advanced 

video coding (AVC) and associated extensions to support scalable video coding (SVC) and 

multiview video coding (MVC). 

Part 11: Scene description and application engine. 

It specifies a coded representation of interactive audio-visual scenes and applications ([248]). 

Part 12: ISO base media file format. 

It provides a file format for storing time-based media content ([249],[250]). It is a general 

format forming the basis for a number of other more specific file formats. 

Part 13: Intellectual Property Management and Protection (IPMP) Extensions. 

It provides a common Intellectual Property Management and Protection (IPMP) processing, 

syntax and semantics for carry IPMP tools in the bitstream ([251]).  

Part 14: MP4 file format. 

It specifies the MP4 file format that defines the storage of MPEG-4 content in files 

([252],[253]). 

Part 15: Advanced Video Coding (AVC) file format. 

It provides a file format for the compressed video streams using any of the coding tools defined 

in MPEG-4 part 10 (e.g. AVC, SVC or MVC) ([254],[255]). 

Part 16: Animation Framework eXtension (AFX). 

It describes MPEG-4 Animation Framework eXtension (AFX) model for representing 3D 

Graphics content ([256],[257]).  

Part 17: Streaming text format.. 

It provides a method for the coding of text at very low bit rate as one of the multimedia 

components within an audiovisual presentation ([258]). 

Part 18: Font compression and streaming. 

It specifies font data representation, compression and streaming, providing an efficient 

mechanism to embed font data in MPEG-4 encoded presentations ([259]). It also defines 

MPEG-4 Text profiles and levels. 
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Part 19: Synthesised texture stream. 

It specifies the broadcast of synthesized texture data ([260]).  

Part 20: Lightweight Application Scene Representation (LASeR) and Simple Aggregation 

Format (SAF). 

This part defines a scene description format (LASeR) and an aggregation format (SAF) 

respectively adequate for describing and producing rich-media services to resource-constrained 

devices such as mobile phones ([261],[262]). 

Part 21: MPEG-J Graphics Framework eXtensions (GFX). 

It specifies a lightweight programmatic environment for advanced interactive multi-media 

applications oriented for limited resource's devices such as mobile phones ([263]). 

Part 22: Open Font Format. 

It defines the Open Font Format (OFF) specification, the TrueType™ and the Compact Font 

Format (CFF) outline formats, and the TrueType hinting language ([264],[265]). 

Part 23: Symbolic Music Representation (SMR). 

It specifies Symbolic Music Representation (SMR) ([266]). 

Part 24: Audio and systems interaction. 

It specifies the desired joint behaviour of MPEG-4 File Format and MPEG-4 Audio codecs 

([267]). 

Part 25: 3D Graphics Compression Model. 

It describes a model for connecting 3D Graphics compression tools defined in MPEG-4 to 

graphics primitives defined in any other standard, specification or recommendation ([268]). 

Part 26: Audio Conformance. 

It describes how tests can be designed to verify whether compressed data and decoders meet 

requirements specified by MPEG-4 Audio ([269],[270]). 

Part 27: 3D Graphics conformance. 

3D Graphics Conformance summarises the requirements, and defines how conformance can be 

tested ([271],[272]). Guidelines are given on creating tests to verify decoder conformance. 
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Part 28: Composite font representation. 

It specifies the Composite Font Representation – an XML-based document format that allows 

combining individual component font resources into a single virtual font ([273]). This part, at 

the time of writing, is under development. 

3.3.2 MPEG-4 Visual Coding Innovations 

An important goal of MPEG-4 was the integration of different types of media objects. An 

efficient coded representation of these objects was a pre-requisite, so each type of object in the 

scene has its own optimal representation. This is in contrast with, for example, MPEG-2 Video 

where all objects are merged together, transformed into pixels, and coded using hybrid DCT 

coding. Consider the example of Figure 3.7 where a MPEG-2 encoder is receiving rendering 

images in real time. The graphics engine would compute the appearance of any virtual objects, 

from the selected viewpoint. If the viewpoint or one of the objects were to move, each video 

frame would be different, and the MPEG-2 encoder would use its coding tools to encode the 

image differences. 
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Figure 3.7 – MPEG-4 versus MPEG-2 encoding process 

An MPEG-4 encoder can directly handle graphic instructions. Thus, after the object is decoded 

the scene is composed according to the scene description. MPEG-4 defines efficient coded 

representations for the following types of objects ([233],[274],[275],[276]): 

 Natural audio (including special speech codecs); 

 Synthetic sound; 

 A text-to-speech interface; 

 Arbitrarily shaped video and stills; 
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 Facial and body animation; 

 Generic 2-D and 3-D “computer generated objects.”  

By using shape in the coding process, it is possible to achieve better subjective quality, 

increased coding efficiency as well as an object-based video representation [277]. MPEG-4 

visual allows the transmission of arbitrarily shaped video objects (VO’s) 

([233],[274],[275],[276]). Figure 3.8 shows the complete hierarchy of an MPEG-4 video 

bitstream.  
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Figure 3.8 – Hierarchical structure of the MPEG-4 video bitstream 

A MPEG-4 bitstream contains one or more visual sequences (VS) ([275]). The input video 

source can be segmented into a number of arbitrarily shaped image regions (video objects 

planes - VOP) ([232]). This process of segmentation is outside the scope of the MPEG-4 

standard. Usually, video is segmented according to its use. The shape and location of each VOP 

can vary from frame to frame. Consecutive VOP’s belonging to the same region in a scene are 

referred to as video objects (VO’s) ([233],[274],[275],[276]). The shape, motion, and texture 

information of VOP’s belonging to the same VO are encoded and transmitted, or encoded into a 

separate video object layer (VOL). If the VO is scalable, it may be divided and sent in two or 

more video object layers (VOL). One of these VOL’s is the base layer and the remaining VOL’s 

are the enhancement layers. Each layer corresponds to a certain spatial resolution or image 

quality. Furthermore, a set of successive VOP’s can be clustered in order to form a group of 

VOPs (GOV). The GOV carries header information, which is useful for random access and 

resynchronisation. 
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For coding purposes, each VOP (rectangular size or not) is encoded using a block-based hybrid 

DPCM/transform coding technique ([275]). A VOP is a snapshot in time of a video object layer 

and is composed of luminance and chrominance components plus shape information. The 

encoder contains two parts: shape coding and the traditional motion and texture coding applied 

to the same VOP. Shape information is represented by alpha masks. An alpha mask defines the 

level of transparency of a VOP, corresponding to zero value for completely transparent pixels. 

Texture coding as well as motion estimation and compensation are similar to MPEG-2 encoding 

techniques. For an arbitrary shaped VOP, shape is first encoded and then texture information is 

partitioned into no overlapping macroblocks. MPEG-4 extends the types of macroblocks 

supporting different types: transparent (macroblocks completely inside the VOP), opaque 

(macroblocks completely outside the VOP) and boundary (macroblocks at the boundary of the 

VOP).  

Although the usage of shape and thus the possibility of content-based functionalities is a major 

innovation, it is not the only one. For example, the frame-based parts of the video coding 

algorithms are improved regarding efficiency and error resilience. ,Some of the most important 

new tools for video encoding are now listed ([227],[233],[274],[275],[276]): 

 A wider selection of block sizes and the flexibility to dynamically select motion 

compensation block size.  

 Improved prediction of motion vectors to more efficiently support the 

representation of complicated motion information. 

 Advanced prediction of AC and DC intra-coefficients so that the encoder can 

represent more efficiently texture data.  

 Multiple reference frame selection, allowing the encoder to find the best match 

across multiple video frames.  

 Quarter pixel motion estimation, rendering motion with a higher degree of 

accuracy, even for non-translational slowly moving objects. MPEG-4 

H.264/AVC further improves motion rendition by using high-quality 

interpolation filters.  

 A finer quantiser step resolution for chrominance blocks than for luminance 

blocks, thus reducing colour-smearing problems occasionally visible with 

MPEG-2.  

 The MPEG-4 AVC entropy coder, that is context-adaptive and uses an 

arithmetic coder rather than MPEG-2’s Huffman coder. 
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3.3.3 MPEG-4 Visual Profiles 

MPEG-4 presents a toolbox using profiles with distinct solutions for various application 

settings. Like in MPEG-2, MPEG-4 defines different levels of complexity: specifications of the 

constraints (e.g. bit rate, sampling rate, object to memory size, etc.) that are associated with a 

profile. One major difference is the object-based audio-visual representation model that is 

supported by MPEG-4. In addition, while MPEG-2 provides profiles only for video, MPEG-4 

extends to other types of media ([227]): 

 Visual profiles are defined as the visual object types that can be used in the 

scene. 

 Audio profiles do the same for audio. 

 Graphics profiles are defined as the BIFS nodes that specify the graphical 

elements that can be composed in the scene. 

 Scene graph profiles define the supported scene composition capabilities, such 

as 2 or 3 dimensionality, interaction capabilities, and support for e.g.: 

translation, rotation, scaling. 

 Object descriptor profiles define the capabilities of the synchronization layer 

and the object descriptors tools. 

Different profiles support multiple application environments. They allow manufacturers to use a 

subset of the rather large MPEG-4 toolbox ([227]). Profiles have been defined for two main 

reasons: to ensure interoperability between MPEG-4 implementations and to allow conformance 

to the standard to be tested. In MPEG-4, several profiles have been defined. Only some visual 

profiles will be introduced in this section. There are 19 visual profiles, defined for different 

applications and for different classes of visual object types: rectangular video, arbitrarily shaped 

video, still visual, and synthetic visual object types. The MPEG-4 Visual profiles for coding 

‘natural’ video scenes are listed in Table 3.3 (rectangular video, arbitrarily shaped video, and 

still visual object types). These profiles range from the so-called Simple Profile (coding of 

rectangular video frames) through profiles for arbitrarily-shaped and scalable object coding to 

profiles for the encoding of studio-quality video ([275],[278]). Table 3.2 presents the profiles 

for coding ‘synthetic’ video (animated meshes or face/body models) and the hybrid profile 

(incorporates features from synthetic and natural video coding) ([278]).  
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MPEG-4 Visual Profile Main features 

Basic Animated Texture  2D mesh coding with still texture 

Simple Face Animation  Animated human face models 

Simple Face and Body 
Animation  

Animated face and body models 

Hybrid  Combines features of Simple, Core, Basic Animated Texture and Simple 
Face Animation profiles 

Table 3.2 – MPEG-4 Visual profiles for coding synthetic or hybrid video ([278]) 

 

MPEG-4 Visual profile  Main features Video Object 
Types 

Simple  Low-complexity coding of rectangular video frames. Rectangular Video 

Advanced Simple Coding rectangular frames with improved efficiency and 
support for interlaced video. 

Rectangular Video 

Advanced Real-Time 
Simple (ARTS) 

Coding rectangular frames for real-time streaming. Rectangular Video 

Core  Basic coding of arbitrarily-shaped video objects. Arbitrarily Shaped 
Video 

Main Feature-rich coding of video objects. Arbitrarily Shaped 
Video 

Advanced Coding 
Efficiency 

Highly efficient coding of video objects. Arbitrarily Shaped 
Video 

N-Bit Coding of video objects with sample resolutions other 
than 8 bits. 

Arbitrarily Shaped 
Video 

Simple Scalable  Scalable coding of rectangular video frames. Rectangular Video 

Fine Granular Scalability Advanced scalable coding of rectangular frames. Rectangular Video 

Core Scalable Scalable coding of video objects. Arbitrarily Shaped 
Video 

Scalable Texture  Scalable still texture with improved efficiency and 
object-based features. 

Still Visual  

Advanced Scalable 
Texture  

Scalable still texture with improved efficiency and 
object-based features. 

Still Visual 

Simple Studio Object-based coding of high-quality video sequences. Arbitrarily Shaped 
Video  

Core Studio Object-based coding of high-quality video with 
improved compression efficiency. 

Arbitrarily Shaped 
Video  

Table 3.3 – MPEG-4 Visual profiles for coding natural video ([278]) 

The simple profile and advanced simple profile have been considerably used by the industry for 

mobile applications and streaming on networks. The simple profile has been used to encode 

rectangular video with intra (I) and predicted (P) VOPs. The simple profile allows the use of 

three compression levels with bit rates from 64 kbits/s in level 1 to 384 kbits/s in level 3. The 

advanced simple profile is also used to encode rectangular video with intra (I) and predicted (P) 

VOPs. However, it is enhanced to add bidirectional (B) VOPs for better coding efficiency. 

Furthermore, it supports six compression levels (0 –5). The bit rate from the first four levels 

ranges from 128 to 768 kbits/s. Interlaced coding is associated with levels 4 and 5, with bit rates 

from 3 to 8 Mbits/s. 
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Table 3.4 – MPEG-4 Visual profiles and objects ([278]) 

Table 3.4 lists each of the MPEG-4 Visual profiles (left-hand column) and visual object types 

(top row) ([278]). The table entries specify which object types are contained within each profile. 

For example, a codec compatible with Advanced Simple Profile must be capable of coding and 

decoding Simple and Advanced Simple objects. 

3.4 The H.264/AVC Video Standard 

The H.264/AVC Standard is the outcome of a joint research initiative of the ITU-T VCEG and 

the ISO/IEC MPEG standardisation committee ([6]). It builds on the same concepts of previous 

standards such as MPEG-1, MPEG-2, MPEG-4 part 2, H.261, H.263. VCEG started the 

standardisation project in 1998, originally called H.26L. The aim was to improve coding 

efficiency in comparison with existing video coding standards for an extensive range of 

applications. A Call for Proposals was issued in 1998 by VCEG, and a first draft was available 

in 1999. In 2001, VCEG and MPEG formed a JVT with the goal of developing a standard and 

the reference software. The reference software was named joint model (JM). In 2003, the first 

phase of the standard was completed and submitted for formal approval. ISO/IEC adopted the 

standard under the name of MPEG-4 Part 10 AVC, and ITU-T adopted the standard with the 

name of H.264 ([6]). An overview of the first phase of H.264/AVC is presented in ([8]), and a 
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comprehensive introduction, including all the extensions and amendments, can be found in 

([6],[7],[8],[9],[278],[279],[280],[281],[282],[283],[284],[285],[286],[287]). The first phase of 

H.264/AVC ([6]) was essentially aimed at supporting entertainment-quality video. Professional 

applications have more requirements such as the support of higher video resolutions. Thus, an 

extension of the joint project was initiated to include new extensions to the H.264/AVC 

standard and support. In 2005, these extensions were concluded and designated as fidelity range 

extensions (FRExt) ([6]). In 2007, the number of the high profiles increased to eight profiles 

([6]). More information on H.264/AVC FRExt can be found at [284] and [288] for the 2005 and 

2007 versions, respectively. In recent years, scalable video coding (SVC) ([285],[289],[290]), 

and multiview video coding (MVC) ([6],[291],[292],[293]) were developed as two amendments 

to H.264/AVC. It is still unsure if this effort to standardise these extensions will be successful in 

practical and professional applications. For example, scalable bitstreams have the advantage of 

allowing straightforward adaptation, but they experience a loss in rate-distortion performance 

when evaluated with single-layer coding ([294]).  

Section  What it describes 

0. Introduction  It contains a brief summary of the goals and main features of the 
standard. 

1–5. Scope, References, 
Definitions, Abbreviations, 
Conventions 

How H.264 fits with other published standards; terminology and 
conventions used in the document. 

6. Data formats and 
relationships 

It defines the essential formats assumed for video and coded data; main 
ways of deriving relationships between coded units. 

7. Syntax and semantics  It describes the syntax or bitstream formats, in tables, and provides an 
explanation regarding the meaning and allowed values of each syntax 
element (semantics). 

8. Decoding process It describes, in detail, all the stages of processing required to decode a 
video sequence from H.264 syntax elements. 

9. Parsing process  It explains the processes required to extract syntax elements from a 
coded H.264 bitstream. 

A. Profiles and levels  Profiles define subsets of video coding tools; levels define limits of 
decoder capabilities. 

B. Byte stream format  The syntax and semantics of a stream of coded NAL units. 

C. Hypothetical reference 
decoder 

A hypothetical decoder ‘model’ that is used to determine performance 
limits. 

D. Supplemental 
enhancement information 

Information that may be associated in an H.264 bitstream that is not 
essential for decoding. 

E. Video usability information Information about display of the coded video that is not essential.  

G. Scalable Video Coding  A self-contained extension to the H.264/AVC standard that supports 
Scalable Video Coding (SVC).  

Table 3.5 – Overview of the H.264 standard document ([279]) 

The most recent version of Recommendation H.264 ([6]) is a document of over 550 Pages. It 

includes normative content; that is, important instructions that must be conformed by H.264 

codecs. It also contains informative content. At the time of writing this document, it is organised 

as shown in Table 3.5. Note that as amendments or updated versions of the standard are 
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published, further sections or annexes may be added ([278],[279]). H.264/AVC has achieved 

important progress in coding efficiency due to its different encoding modes such as flexible 

block size motion estimation, quarter pixel motion compensation, spatial intra prediction, 

approximate DCT, variable block size partition, multiple reference frames, in-loop de-blocking 

filters and context-based adaptive binary arithmetic coding, etc ([279],[295]). A concise review 

of the H.264/AVC standard is given in this section. 

3.4.1 Technical Description of H.264/AVC Coding Tools 

The H.264/MPEG-4 design covers a Video Coding Layer (VCL), and a Network Abstraction 

Layer (NAL). The VCL defines the efficient representation of the video. The NAL converts the 

VCL representation of the video into a format suitable for transport layers or storage media 

([7]). All data are contained in NAL units (NALU). Each NALU contains an integer number of 

bytes, where the first byte is a header, and the remaining bytes contain the payload data. The 

main NALU types and their corresponding payload are shown in Table 3.6. NALUs are divided 

into two categories, VCL and non-VCL. The first consist of the data representing the values of 

the samples in the video images; the second contains any associated supplementary information 

that improves the usability of the decoded video signal but does not influence the normative 

decoding process ([283]). 

NAL unit type  Content of NALU  NALU type class 

1  Coded slice of a non-IDR picture  VCL 

2  Coded slice data partition A  VCL 

3  Coded slice data partition B  VCL 

4  Coded slice data partition C  VCL 

5  Coded slice of an IDR picture  VCL 

6  Supplemental enhancement information (SEI)  non-VCL 

7  Sequence parameter set (SPS)  non-VCL 

8  Picture parameter set (PPS)  non-VCL 

9  Access unit delimiter  non-VCL 

10  End of sequence  non-VCL 

11  End of stream  non-VCL  

Table 3.6 – Types of NAL units 

NAL abstracts the VCL data in a generic format for use in both packet-oriented and bitstream 

systems, defining byte-stream and packet-based formats ([286]). In the first case, the NAL 

specifies the precise pattern of the start code prefix. This allows the encoded video to be 

delivered as an ordered stream of bytes containing start codes. Thus, circuit-switched transport 

layers, such as H.320, H.324M or MPEG-2, and the decoder, can identify the structure of the 

bitstream ([7]). In the second case, the data packets that are framed by the system transport 
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protocol are specified. The waste of data is avoided due to carrying the prefix for applications 

RTP/UDP/IP ([7]). A NAL unit is divided in non-VCL and VCL NAL units.  

The non-VCL NAL unit includes extra information like parameter setting. Earlier standards 

contained header information about slice, picture, or sequence. This information was encoded at 

the beginning of the element ([286]). In H.264/AVC, two types of parameter sets can be used: 

sequence parameter sets (SPS) that apply to the coded video sequence, and picture parameter 

sets (PPS) that apply to the decoding of one or more individual pictures within a coded video 

sequence. If a packet containing this type of information is lost, then all associated data with the 

header information is useless. To prevent this problem, packets are broadcast synchronously as 

self-contained, in a real-time multimedia environment ([286]).  

 

Figure 3.9 – Syntax overview ([279]) 

The VCL NAL unit contains the video coded data ([286]). The coding layers are the coded 

video sequence, picture, slice, and macroblock layers ([6]). Higher layers include lower layers. 

Figure 3.9 illustrates the syntax organisation of H.264/AVC, consisting of five levels of 

information: SPS, PPS, Slice level, MB and Block ([279],[282]). A coded video sequence starts 
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with an Instantaneous Decoder Refresh (IDR) Access Unit, formed by one or more IDR slices (a 

special type of Intra coded slice). The following video pictures are coded as slices. The video 

sequence finishes when the broadcast ends or a new IDR slice is received (a new coded 

sequence is going to start). 
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Figure 3.10 – The block diagram of H.264 Video Encoder (a) and Decoder (b) ([286]) 

Similar to previous coding standards, H.264 does not clearly specify a codec. Instead, it defines 

the syntax of an encoded video bitstream and the method of decoding this bitstream. Figure 3.10 

exemplifies a typical H.264/AVC encoder and decoder. The majority of the basic functional 

blocks (prediction, transform, quantisation, entropy encoding) could already be found in 

previous standards (MPEG-1, MPEG-2, MPEG-4, H.261, H.263). The exception is the 

deblocking filter. Nevertheless, significant differences are found in the details of the various 

functional blocks. 

Every picture of a video sequence is divided into fixed-size macroblocks. Each of the 

macroblocks covers a rectangular area of 16x16 samples of the luminance component. The 

number of chrominance samples depends on the chrominance sampling. For example, in the 
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case of 4:2:0 it corresponds to 8x8 samples of each for the two chrominance components 

([285]).  

In H.264/AVC, the macroblocks are processed in so called slices where a slice is typically a 

group of macroblocks processed into a raster scan order ([7]). Slices correspond to regions of a 

given picture that can be decoded independent of each other. The slice is the main concept in 

H.264/AVC. The information of two higher layers over slice is in the sequence parameters and 

picture parameters. Note that those parameters are set to be used either directly or indirectly by 

each slice. 

Five different slice-types are supported: I-, P-, B-, SI,- and SP-slices. In I slices all macroblocks 

are coded without referring to any other pictures of the video sequence (Intra mode). In a P-

slice, all macroblocks are predicted using a motion compensated prediction with one reference 

frame and in a B-slice with two reference frames. The remaining two slice types are SP 

(switching P) and SI (switching I) slices that are used for an efficient switching between two 

different bitstreams. 

The H.264/AVC encoder may choose between intra and inter coding. Intra coding can generate 

access points to the encoded sequence. Different spatial prediction modes are available to 

decrease spatial redundancy in the source signal, for a single picture ([286]). Inter coding 

decreases temporal redundancy among different pictures using motion vectors for block-based 

inter prediction. Prediction is obtained from deblocking the filtered signal of preceding 

reconstructed pictures. The deblocking filter decreases the blocking artefacts at the block 

boundaries. Different motion vectors and intra prediction modes may be selected. A transform is 

used to reduce spatial correlation of the prediction residual before it is quantised. The prediction 

residual is the difference between the original input samples and the predicted samples for the 

block. Lastly, motion vectors or intra prediction modes are combined with the quantised 

transform coefficient information and encoded using an entropy code such as context-adaptive 

variable length codes (CAVLC) or context adaptive binary arithmetic coding (CABAC) ([286]). 

The H.264/AVC standard introduces several new functionalities such as intra prediction in the 

spatial domain, hierarchical transform with (4x4, 8x8) integer DCT transforms and (2x2, 4x4) 

Hadamard transforms, multiple reference pictures in inter prediction, deblocking filter, CAVLC 

or CABAC entropy coding. This section will briefly present an overview of H.264/AVC coding 

tools. More detailed information on H.264/AVC can be found at ([6],[7],[8],[285],[289],[290], 

[291],[292],[293],[295],[296],[297],[298]). 
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3.4.2  Intra Prediction 

One of the key features of the H.264/AVC standard is combining the transform coding with the 

intra-prediction in the spatial domain ([279]). Intra-coding, coding a macroblock by itself and 

without temporal prediction has been used in previous standards. This technique increases the 

quantity of encoded bits and therefore, the bit rate. For a typical block, there is quite a high 

correlation between samples in the block and samples that have a common border to the block. 

Thus, Intra prediction can reduce bit rate by using samples from contiguous, previously 

reconstructed (but unfiltered for deblocking) blocks to predict the values in the current block. 

The residual signal between the original and the predicted block is coded by using a transform 

coding technique. H.264/AVC supports, for luminance samples, nine intra-prediction modes for 

4 × 4 blocks, four intra-prediction modes for 8 × 8 blocks, and four intra-prediction modes for 

16 × 16 blocks. It is also supported by four modes for each chrominance block. The modes are 

selected according to the picture's characteristics. In regions of a picture that contain small 

details it is appropriate to use the intra 4 × 4 mode and in parts of a picture with smooth content 

the intra 16 × 16 mode is appropriate ([286]). Another prediction mode for the luminance 

component is called I-PCM. It is provided primarily for coding anomalous picture content. In 

this mode, pixels are sent with no prediction or transformation. 

 

Figure 3.11 – Nine modes for 4x4 Intra Prediction ([281]) 

The nine modes for Intra Prediction for 4 x 4 blocks are illustrated in Figure 3.11. The shaded 

area is the 4x4 luminance block that is to be predicted, and above and to the left of the 

previously reconstructed samples [A, B, …, M] are the reference pixels in the neighbouring 

coded blocks. Each mode indicates prediction direction except the DC mode, in which the 

predicted value is the average of all the available reference pixels. Since an extensive 

description of the Intra prediction process in H.264/AVC is not the main topic of this 

dissertation, [279],[287] can be consulted for further details. 
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3.4.3  Inter Prediction 

Inter prediction is the technique of predicting a block of luminance and chrominance samples 

from a reference picture, for exploiting the temporal redundancies that exist between successive 

frames. The process requires selecting a prediction region, generating a prediction block and 

computing the residual error of the prediction by subtracting the prediction from the original 

block of samples. The residual is then encoded and transmitted. In H.264/AVC, the pictures can 

be partitioned into macroblocks of 16 x 16 luminance samples that can be partitioned into 

smaller blocks sizes up to 4 x 4. 

 

Figure 3.12 – Inter-frame prediction modes (dividing a MB into sub-blocks) ([281]) 

H.264/AVC allows a total of seven different block prediction sizes, including 16x16, 16x8, 

8x16, 8x8, 4x8, 8x4, and 4x4 (Figure 3.12). Smaller motion compensation blocks have the 

potential to improve the quality of the prediction. In particular, it allows better handling of fine 

motion details and the motion compensated residual data can be reduced. The occurrence of 

blocking artefacts is avoided and the subjective video quality improved ([281]). Nevertheless, 

reducing the size of the block requires a larger number of bits to signal the motion vectors and 

extra data for the type of partition. The selection of the partition size depends on the 

characteristics of the input source. Normally, a big partition size is suitable for homogeneous 

areas of the image, and a short partition size may be more appropriate for detailed areas. 

The motion compensation algorithm may be substantially enhanced by allowing motion vectors 

to be determined with higher spatial accuracy, compared to the previous coding standards 

([281]). A motion vector corresponds to a two-dimensional vector, used for inter prediction, that 

provides an offset from the coordinates in the decoded picture to the coordinates in a reference 

picture. Each motion vector is differentially coded from the motion vectors of neighbouring 

blocks ([279]). The motion vector may point to integer, half- or quarter-sample positions in the 
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luminance component of the reference picture. Half- or quarter-sample positions are generated 

by interpolating the samples of the reference picture ([279]). Preceding standards have been 

based mainly on half-pixel accuracy, with quarter-pixel accuracy only available in H.264/AVC. 

The process is described in sub–section 8.4.2.2 "Fractional sample interpolation process" of the 

H.264/AVC standard and it will be briefly explained. 

As shown in Figure 3.13, the positions referred with upper-case letters A – U, within shaded 

blocks represent reference picture samples at integer sample positions, and the positions labelled 

with lower-case letters a-o, within un-shaded blocks represent reference picture samples at 

fractional sample positions ([299]). The values of half-sample positions for the luminance 

prediction are obtained by applying a 6-tap filter, horizontally and vertically, with tap values (1, 

-5, 20, 20, -5, 1). The values of the luminance prediction values at quarter-sample positions are 

interpolated by averaging samples at integer and half-sample positions. 
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Figure 3.13 – The sub-position pixels to be interpolated and the supporting integer pixels ([299]) 

First, the intermediate values b1 and h1 are determined by applying the 6-tap filter in equation 

(3.3) and equation (3.4), respectively. 

 b1  E  5F  20G  20H  5I  J       (3.3) 

 h1  A  5C  20G  20M  5Q  S       (3.4) 

The values of the half-pixel b and h are obtained by equation (3.5) and equation (3.6), 

respectively. 
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 b  b1  16   5    (3.5) 

 h  h1  16   5    (3.6) 

The value of the half-pixel position j is obtained according equation (3.7), 

 j  cc  5dd  20h1  20ee  5ff  gg  512   10         (3.7) 

where the intermediate values, denoted as cc, dd, ee, ff and gg, are obtained in a similar 

approach to h1. The values of the 1/4-pixel positions, a, c, d, f, i, k, l, and n, are computed by 

averaging with upward rounding of the two nearest samples at integer and half-pixel positions. 

For example, to determine the value of a it is computed as follows. 

 a  G  b  1   1     (3.8)  

The values of quarter-samples positions, e, g, m, and o, are determined by averaging with 

upward rounding of the two nearest samples at half-pixel samples positions in the diagonal 

direction. The quarter-sample e is calculated by the following equation (3.9). 

 e  b  h  1   1     (3.9) 

The sub-positions in between chrominance pixels are interpolated by bilinear filtering.  

Another difference regarding previous MPEG standards, is the support of multiple reference 

frames. Thus, more than one previously coded picture can be used as a reference in inter-frame 

picture coding ([281]). Any picture type can be selected for reference. B-slices differ from P-

slices as blocks can be estimated by a weighted average of two distinct MCP blocks. The 

Decoded Picture Buffer (DPB) is a buffer containing decoded pictures that can be used as a 

reference, output reordering, or output delay ([6]). Two lists of reference pictures, list 0 and list 

1, are maintained at both the encoder and decoder. List 1 is only used by B-slices, while list 0 

can be used by both P-slices and B-slices. These two lists contain short-term and long-term 

reference frames. A reference picture is short-term by default. It is identified by its frame 

number. Its behaviour is similar to that observed in previous standards. A picture, after being 

encoded, is decoded and marked as a short-term picture, meaning that is available for 

prediction. A long-term picture normally corresponds to older pictures that may be used for 

prediction. It is particularly valuable when a specific pattern is constantly used as background or 

in a video sequence with repeated transitions, such as interviews. The number of short-term and 

long-term reference frames store in DPB cannot exceed 16 pictures. 
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Figure 3.14 – Multiple Reference Frame Selection for Motion Compensation 

Figure 3.14 ([279]) displays a prediction structure with an Intra frame and multiple P frames in 

which all the earlier encoded slices are accessible as reference frames. Slice P4 is predicted 

from slices I0, P1, P2 and P3. Slice P3 is predicted from slices I0, P1 and P2. Slice P2 is 

predicted from slices I0 and P1. Slice P1 is predicted from slice I0. The use of multiple 

reference frames might reinforce the error-resilience of the H.264 coded bitstream. 

Nevertheless, from an implementation perspective on both the encoder and decoder side, the use 

of multiple reference frames corresponds to an additional processing delay, increased 

implementation complexity, and higher memory requirements ([281]).  

3.4.4  Transform and Quantisation 

The Discrete Cosine Transform (DCT) has represented the typical approach for transform 

coding for both image and video coding in recent years ([2],[214],[215],[221]). DCT is typically 

performed on 8 × 8 blocks so that the energy of a transform block in the frame to be coded is 

compacted into a smaller number of frequency coefficients. One of the drawbacks of the 8 × 8 

DCT is that it is intrinsically a floating point operation and as a result can be approximated in 

different ways in an integer format ([300]). Various alternatives have been proposed for 

replacing DCT. For example, the JPEG2000 standard uses wavelets.  

In the case of H.264/AVC, three transforms are employed for different applications ([7]): 4x4 

integer transform on 4x4 blocks for the luminance residual data, 2x2 transform on 2x2 of 

chrominance DC coefficients in any macroblock, and 4x4 Hadamard transform on the 4x4 

luminance DC coefficients in intra macroblocks predicted in 16x16 mode ([280]). 

The most important transform is the 4x4 integer transform. This transform is usually referred to 

as high correlation transform (HCT) ([301],[302]). The 4x4 HCT is applied to 4x4 predicted 

residual blocks of the luminance component and for all blocks of chrominance components. The 

forward ( H ) and inverse ( vH ) transform are represented in matrix format, as follows ([280]): 
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 (3.10) 

This matrix is an integer approximation of 4x4 DCT. The second transform, is a 4x4 Hadamard 

transform with matrix Ĥ . 

1 1 1 1

1 1 1 1
ˆ

1 1 1 1

1 1 1 1

H

 
 

 
 
  
 

  

 
 (3.11) 

This is used in addition to the first one when the macroblock is predicted in mode Intra 16x16. It 

transforms all 16 DC coefficients of the already transformed blocks of the luminance signal. 

The third and last transform is a 2x2 Hadamard transform. It transforms the 4 DC coefficients of 

each chrominance component. Its matrix Ĥ  is shown in equation (3.12). 

1 1
ˆ

1 1
H

 
  

 
 

 (3.12) 

After transform, quantisation is applied. The H.264 uses a scalar quantiser. By default, the 

coefficients in a macroblock are quantised by the quantisation step. The quantisation step 
stepQ , 

is a function of the quantisation parameter, QP, an integer ranging from 0 to 51. The 

quantisation step increases two times for every increment of 6 in QP and can be represented as 

follows 

     6
%6 2

floor QP

step stepQ QP Q QP 
 

 (3.13) 

H.264/AVC also provides support for perceptual-based quantisation. Besides the default 

quantisation matrix, an H.264/AVC encoder can specify customised quantisation matrices. 

These matrices are encoded at the sequence or picture level. 

3.4.5  Deblocking Filter 

In the H.264/AVC codec the deblocking filter is part of the recommendation while in MPEG-4 

Visual it is an optional part of the recommendation ([278],[299]). It is applied within the motion 

prediction loop. As the name suggests, it is used to decrease the blockiness introduced by the 

discontinuity of motion and block-based transform and quantisation, usually appearing as a 
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high-frequency noise ([281]). As a result, better subjective and objective quality is achieved and 

the capacity to predict other pictures improved. 

The deblocking filter is applied to the vertical and horizontal edges of 8×8 and 4×4 transform 

blocks. For each edge, the strength of the filter varies with the coding type of the two 

neighbouring blocks, the quantisation parameters, the presence of non-zero coefficients, and in 

the case of motion-compensated blocks, the values of their corresponding motion vectors.  

Filtering one block involves these steps ([299]). The first step is to determine the value of the 

boundary strength (BS) between neighbouring 4x4 luminance blocks. This parameter is used to 

choose an appropriate filter. It varies from 0 (no filtering) to 4 (strongest filtering), and assess 

the potential degree to which the two neighbouring blocks suffer from blockiness. 

 

Figure 3.15 – Flow chart for determining the BS ([299]) 

Figure 3.15 displays the process for computing the BS for the block boundary between two 

neighbouring blocks p and q, where V1(p,x), V1(p,y) and V2(p, x), V2(p, y) are the horizontal 

and vertical components of the motion vectors of block p for the first and second reference 

frames or fields ([299]). The condition equal or superior than 1 signifies that the horizontal 

distance of the P and Q target blocks in the same reference image is greater than or equal to one 

integer pixel. 
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Figure 3.16 – Pixels on either side of a vertical boundary of adjacent blocks P and Q ([299]) 

The second step is to determine if the filtering operation should be applied ([283],[299]). The 

filter decision is determined by computing the threshold values α(x) and β(x). Sets of samples 

across this edge are only filtered if the condition, 

0 and | 0 0 | ( ) and | 1 0 | ( ) and | 1 0 | ( )BS p q x p p x q q x           (3.14) 

is true. The index x is by default the mean value of the QPs used in P and Q. The average QP 

value for the two blocks is computed by QPav = (QPp+QPq)>>1. The fundamental idea is that a 

relatively high absolute variation between pixels near a block boundary implies blockiness and 

should as a result be decreased ([299]). Nevertheless, if the degree of that difference is so large 

that it cannot be justified by the coarseness of the quantisation, then the boundary is more likely 

to display the actual edge in the original picture and should be maintained.  

The third step is filtering. Where the filtering conditions are met, filtering occurs. The filter is 

adapted according to the BS values, pixel positions, and colour components. Further 

information can be found at ([278],[279],[283],[299],[303]). 

3.4.6  Entropy Coding 

The final step of the video coding process, after all the transform coefficients have been 

quantised, is entropy coding. The entropy coding algorithm maps the generated syntax elements 

into binary variable-length binary strings (called codewords), according to a fixed table (called 

coding table) that can be sent to the NAL Unit in order to be broadcasted. The efficiency of this 

process depends on whether the length of the binary strings allocated to the syntax elements is 

matched with their probabilities. The least probable values should be assigned long strings and 

vice-versa. Although this method has proven to be efficient in terms of computational cost, quite 

often the compression gain is restricted because the algorithm is not able to adjust the length of 

the codewords to the varying statistics of the input data. Consequently, researchers have focused 

on adaptive approaches, in particular the study of adaptive codes that adapt according to the 

characteristics of the probability distribution of the coded source ([304]).  

This is another main difference between H.264/AVC and preceding versions of MPEG. While 

previous versions use fixed VLC tables that are ‘hard coded’ into the standard, H.264/AVC uses 

either context-adaptive VLC (CAVLC) tables or context-adaptive binary arithmetic coding 

(CABAC) for entropy coding ([287],[300],[305]). By integrating context modelling into their 
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entropy coding framework, both methods offer a high degree of adjustment to the underlying 

source, though with a different complexity-compression trade-off ([7]). 

The CAVLC algorithm is a VLC method with reduced computational complexity. It is applied 

to the zigzag scanned 4 × 4 block of the transformed coefficients ([299]). The probability that 

the level of coefficients is zero or +/-1 is very high. CAVLC handles the zero and +/-1 

coefficients in a different way to other coefficients. For every block of quantised transform 

coefficients, the encoder begins by specifying the number of coefficients different to zero and 

whether there are coefficients equal to ±1 at the end of the scan. Then, based on the number of 

coefficients, couples (r, l) are coded by writing all the l values first and then the r values 

afterwards ([279],[286]). It is an effective way of coding the quantised coefficients, adaptively 

selecting the coding table among a set of possible ones in order to match the signal statistics. 

This enhances the coding efficiency of the entropy-coding process ([300]). 

CABAC is only supported in Main and higher profiles. The CABAC approach is typically more 

efficient compared to CAVLC but has larger computational complexity. This mode is based on 

binary arithmetic coding. The efficiency is primarily due to three aspects ([283]). TThe first is 

that arithmetic coding allows a non-integer number of bits to be allocated per symbol. This is 

rather advantageous for symbol probabilities higher than 0.5 as variable length codes impose a 

lower limit of 1 bit/symbol ([305]). This limitation prevents the usage of coding symbols with a 

reduced alphabet size for coding the residual data. A condensed alphabet would allow a more 

suitable construction of contexts for exchange among the model probability distributions. A 

second aspect is that context modelling lets each syntax element have more than one probability 

model to estimate the conditional probability distributions for distinct local activities. The final 

aspect is related to the updating process of the probability models. The update process can be 

performed during the encoding process and thus keeps track of the actual statistics. 

 

Figure 3.17 – CABAC encoder block diagram ([305]) 

Figure 3.17 shows the generic block diagram for encoding a single syntax element in CABAC.1 

The encoding process consists of three steps: 1) binarisation; 2) context modelling; and 3) 
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binary arithmetic coding ([305]). Firstly, a non-binary syntax element is processed to produce a 

unique binary string. This procedure precedes the arithmetic coding step. Next, a probability 

model is selected for every binary symbol of the binarised string. This model depends on the 

statistics of recently-coded data symbols. Finally, based on the binary string and the probability 

model, a binary arithmetic encoder generates the coded bitstream. 

3.4.7 H.264/AVC Profiles and Levels 

The H.264/AVC standard defines several profiles. There are three Profiles in the first version: 

Baseline, Main, and Extended. Table 3.7 lists the features supported by the different Profiles of 

H.264/AVC ([279]). 

Feature CBP BP XP MP HiP Hi10P Hi422P Hi444PP 

Chroma formats 4:2:0 4:2:0 4:2:0 4:2:0 4:2:0 4:2:0 4:2:0/4:2:2 4:2:0/4:2:2/4:4:4 

Sample depths (bits) 8 8 8 8 8 8 to 10 8 to 10 8 to 14 

Flexible macroblock 
ordering (FMO) 

No Yes Yes No No No No No 

Arbitrary slice ordering 
(ASO) 

No Yes Yes No No No No No 

Redundant slices (RS) No Yes Yes No No No No No 

Data Partitioning No No Yes No No No No No 

SI and SP slices No No Yes No No No No No 

B slices No No Yes Yes Yes Yes Yes Yes 

Interlaced coding (PicAFF, 
MBAFF) 

No No Yes Yes Yes Yes Yes Yes 

CABAC entropy coding No No No Yes Yes Yes Yes Yes 

8×8 vs. 4×4 transform 
adaptivity 

No No No No Yes Yes Yes Yes 

Quantisation scaling 
matrices 

No No No No Yes Yes Yes Yes 

Separate Cb and Cr QP 
control 

No No No No Yes Yes Yes Yes 

Monochrome (4:0:0) No No No No Yes Yes Yes Yes 

Separate color plane 
coding 

No No No No No No No Yes 

Predictive lossless coding No No No No No No No Yes 

Table 3.7 – Features supported in the Profiles of H.264/AVC ([279]) 

The Baseline profile is aimed at low delay applications, low processing power platforms, and 

high packet loss environments. The Main profile includes all tools for achieving greater coding 

efficiency for high bit rate applications (digital storage media and television broadcasting). The 

Extended profile is geared for error-resilient streaming applications. In addition, there are four 

High Profiles defined in the Fidelity Range Extension (FRExt) ([279],[295]) which further 

extend to applications such as content-contribution, content-distribution, and studio editing and 

post-processing ([285]). The High profile (HP), supporting 8-bit video with 4:2:0 sampling, is 
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aimed at applications using high resolution such as broadcast and storage applications. The High 

10 profile (Hi10P), supporting 4:2:0 video with up to 10 bits of representation accuracy per 

sample, is also aimed at applications using high resolution, but with a higher bit resolution 

(higher-quality requirements). The High 4:2:2 profile (H422P), supporting up to 4:2:2 chroma 

sampling and up to 10 bits per sample, is aimed at professional video applications that use 

interlace video. Lastly, the High 4:4:4 profile (H444P) that supports up to 4:4:4 chroma 

sampling at up to 12 bits per sample, additionally includes support of efficient lossless region 

coding ([286]).  

Level 

No. 

Max 

macroblock 

processing 

rate 

MaxMBPS 

(MB/s) 

Max 

frame 

size 

MaxFS 

(MBs) 

Max 

decoded 

picture 

buffer 

size 

MaxDPB 

(1024 

bytes) 

Max 

video 

bit rate 

MaxBR 

(1000 

bits/s or 

1200 

bits/s) 

Max 

CPB size 

MaxCPB 

(1000 

bits or 

1200 

bits) 

Vertical MV 

component 

range 

MaxVmvR 

(luma frame 

samples) 

Min 

compression 

ratio 

MinCR 

Max number 

of 

motion vectors 

per two 

consecutive 
MBs 

MaxMvsPer2

Mb 

1 1,485 99 148.5 64 175 [-64,63.75] 2 - 

1b 1,485 99 148.5 128 350 [-64,63.75] 2 - 

1.1 3,000 396 337.5 192 500 [-128,127.75] 2 - 

1.2 6,000 396 891.0 384 1,000 [-128,127.75] 2 - 

1.3 11,880 396 891.0 768 2,000 [-128,127.75] 2 - 

2 11,880 396 891.0 2,000 2,000 [-128,127.75] 2 - 

2.1 19,800 792 1,782.0 4,000 4,000 [-256,255.75] 2 - 

2.2 20,250 1,620 3,037.5 4,000 4,000 [-256,255.75] 2 - 

3 40,500 1,620 3,037.5 10,000 10,000 [-256,255.75] 2 32 

3.1 108,000 3,600 6,750.0 14,000 14,000 [-512,511.75] 4 16 

3.2 216,000 5,120 7,680.0 20,000 20,000 [-512,511.75] 4 16 

4 245,760 8,192 12,288.0 20,000 25,000 [-512,511.75] 4 16 

4.1 245,760 8,192 12,288.0 50,000 62,500 [-512,511.75] 2 16 

4.2 522,240 8,704 13,056.0 50,000 62,500 [-512,511.75] 2 16 

5 589,824 22,080 41,400.0 135,000 135,000 [-512,511.75] 2 16 

5.1 983,040 36,864 69,120.0 240,000 240,000 [-512,511.75] 2 16 

Table 3.8 – H.264/AVC Levels and Limitations ([279]) 

There are several levels for each of the profiles. Each level limits the video resolution, frame 

rate, HRD bit rate, HRD buffer requirements, and the motion vector range. These limitations are 

defined in Table 3.8. Entries marked "-" in Table 3.8 denote the absence of a corresponding 

limit. Levels with non-integer level numbers in Table 3.8 are referred to as “intermediate 

levels.”  

3.5 Summary 

This chapter introduces the principal video coding standards. Special attention is devoted to 

H.264/AVC that adopts many new video coding tools such as intra prediction, integer 

transform, enhance inter prediction, context-based entropy coding, and deblocking filter. These 
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new technical developments mean that H.264/AVC achieves a key breakthrough on Rate-

Distortion performance. In this work, H.264/AVC is the platform where the proposed 

techniques will be integrated.  

The core of this work focuses on algorithms for controlling the rate control of multiple video 

sources. Thus, after this overview, the next chapter will be devoted to introducing the non-

normative rate control techniques of the major video coding standards. 
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Chapter 4. HRD Models and Standard Rate Control 

 

Recent video standards such as MPEGx or H.26x standards aim to facilitate interoperability and 

data exchange among different products or services ([2],[6],[214],[215],[221]). In order to 

achieve these goals, they specify the requirements imposed on the complete bitstream syntax 

and decoders.  

The standardisation of the decoders enabled independent implementations, from different 

software and hardware manufacturers, and ensured that those implementations will be 

interoperable. Flexibility on the decoding side is rather limited while a great deal of flexibility is 

allowed on the encoding side. This flexibility includes different combinations of picture types in 

the bitstream, a variable number of reference pictures, buffer size, coding and decoding delay, 

picture rates and rate control algorithms ([306]). The freedom for determining different 

parameters on the encoding side allows them to be tuned according to application requirements 

such as the visual quality for specific channel capacity, random access, or the capacity of a 

battery in a portable player. These parameters impact on coding efficiency and services such as 

commercial insertions and multi-channel multiplexing performed in a head-end or a storage 

server of a digital TV system ([307]). As a result, it is vital to select and recommend procedures 

for the use of those parameters in order to satisfy the user's expectation regarding the digital 

television system. 

Video standards do not normally define how to perform rate control. Nevertheless, during its 

development process, algorithms were verified through tests, simulations, and verification 

models. To allow testing and to perform simulations using a common set of encoder routines, 

both MPEGx and H.26x set up a sequence of test models as an informative tool (non-normative 

tool). Each test model normally suggests a rate control method during its development phase, 

e.g. TM5 for MPEG-2 ([19]), TMN8 for H.263 ([20]), and VM8 for MPEG-4 ([308]), etc. An 

improved rate control method based on VM8, supporting rate distortion optimisation (RDO), 

has been adopted by H.264/AVC JM test model ([169],[170]). 

Standardising the bitstream syntax and decoding process gives the guarantee that all decoders 

conforming to the standard will be able to decode any conforming compressed video bitstream 

according to profile and level capabilities supported by the decoder ([2],[6],[214], 
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[215],[221],[309]). To accomplish this, it is essential to limit how fast the bitstream data can be 

sent to a decoder, and the capacity of buffering in the decoder. This is achieved by defining a set 

of guidelines that takes the form of a flow of the bitstream through a mathematical or 

hypothetical model of the decoder. This "virtual" decoder is conceptually connected to the 

output of an encoder and receives the bitstream from the encoder. This model of the decoder is 

known as the hypothetical reference decoder (HRD) in some standards or recommendations, or 

the video buffer verifier (VBV) in other standards or recommendations (e.g. MPEG2 Video 

Buffering Verifier – VBV, H264/AVC- Hypothetical Reference Decoder, etc.) ([307],[310]). 

Note that contrary to the rate control algorithms, HRD is usually a normative part of video 

coding standards. These constraints must be enforced by the encoder, and can be assumed by a 

real decoder or multiplexor to be true. This Chapter reviews HDR models and rate control 

algorithms associated with the main video standards ([2],[6],[214],[215],[221]).  

4.1 HRD Models 

A HRD model is composed of a pre-decoder buffer (or VBV Buffer), with size B (in bits), 

through which compressed data flows with a precisely specified arrival and removal timing 

schedule, as shown in Figure 4.1 ([311]).  

Pre-decoder

Buffer

Compressed

Bit stream

Coded

Pictures

Instantaneous

Decoder

Decoded

Pictures

 

Figure 4.1 – A Hypothetical Reference Decoder 

Two additional parameters are important: the channel’s peak rate R (in bits per second) and the 

initial start-up delay δ (in seconds). δ can also be represented by the initial decoder buffer 

fullness BF (in bits), since δ = BF/R ([311],[312],[313]). These parameters characterise resource 

levels (transmission capacity, buffer capacity, and delay) used to decode a bitstream. The pre-

decoder buffer overflows if the buffer becomes full, and more bits are arriving. The buffer 

underflows if the removal time for a picture occurs before all compressed bits representing the 

picture have arrived. Initial buffering is fundamental in handling bit rate variations produce by 

encoding, storing and broadcasting. Otherwise, a streaming system would be susceptible to any 

type of delay or bit rate variations. 

HRDs differ in their means to specify the arrival schedule and removal times, and the rules 

regarding overflow and underflow of the buffer. The series of removal time and picture size 

pairs {(tr(n), d(n)), n=0,1,…} is identified as the schedule of a bitstream. The schedule of a 
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bitstream is inherent to the bitstream, and entirely describes the instantaneous coding rate of the 

bitstream over its lifetime ([311],[313]).  
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Figure 4.2 – Example of an Encoder-Decoder system buffer 

Figure 4.2 (a), exemplifies schedules for the points A, B, C, D, E, and F ([311],[312],[313]). 

First, a video sequence is encoded and broadcast. It arrives into the pre-decoder buffer at 

schedule C. The compressed pictures entered the decoder at schedule D. After being decoded 

the pictures are placed into the post-decoder buffer at schedule E. The pictures are re-ordered 

and then the uncompressed pictures leave the post-decoder buffer to be displayed (schedule F) 

([311],[312],[313],[314]).  

In Figure 4.2, the encoder, according to the “encoding” times t’0, t’1, …, instantly place into the 

post-encoder buffer d0, d1, … bits corresponding to the pictures 0, 1, … (in bitstream order), 

respectively (schedule A). Bits are removed from the post-encoder buffer, at rate R bits per 

second (schedule B). The occupancy of the post-encoder buffer (measure in bits) corresponds to 

the vertical distance between schedules A and B. Bits arrive in the pre-decoder buffer, at 

schedule C. Then the decoder instantaneously removes the d0, d1, … bits from the pre-decoder 

buffer, at “decoding” times t0, t1, …, and queues them for decoding (schedule D). The 
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occupancy of the pre-decoder buffer corresponds to the difference in the buffer between 

schedule C and schedule D. Schedule D can be shifted in time to avoid the underflow of the 

buffer, thus minimising the pre-decoder start up delay. The pre-decoder start up delay can still 

be further minimised by controlling the initial pre-decoder buffer fullness. When the pictures are 

decoded, they are stored in the post-decoder buffer at schedule E. The maximum computational 

delay limits the total time that a picture can be stored in the decoder buffer. This parameter also 

affects the delay between the decoding time of the first picture and its actual presentation time; 

designated by presentation start up delay (Figure 4.2 (c)). 

4.1.1 Buffering Model in H.263, MPEG-2 and MPEG-4  

The MPEG-2 buffering operation is defined by the VBV (Video Buffer Verifier) and can 

operate in VBR or CBR modes (Annex C, MPEG-2 [2]). This is a virtual buffer system that 

allows the encoder to emulate the behaviour of the input buffer in the decoder, during the 

encoding process. Therefore, the rate control algorithm can have access to relevant information 

regarding buffer resources. At the decoder, current buffer behaviour follows the completed 

VBV precisely so that any assumption made at the encoder is exactly adapted at the decoder. 

During bitstream creation, the VBV fullness must be examined to guarantee that it does not 

overflow or underflow. There are two key parameters in the VBV model: vbv_buffer_size and 

vbv_delay. The vbv_buffer_size is the minimum buffer size that has to be allocated at a decoder 

to decode the corresponding bitstream. The vbv_delay is the time to fill up the VBV buffer to be 

able to decode without buffer underflow. In MPEG-2 VBV, the removal times are generated 

considering a fixed frame rate. The exception is film content captured as video (3:2 pull-down). 

In this circumstance, the removal time of specific pictures is delayed by one field period. The 

MPEG-2 VBV also defined a low-delay mode. When operating in this mode, no B frames are 

used and variable frame rate encoding is allowed. 

The MPEG-2 VBV supports two operation modes, depending on whether a removal delay (the 

vbv_delay) is being broadcasted (mode A) or not (mode B) ([2]). In mode A, the rate of arrival 

in the VBV buffer is calculated for each picture using picture sizes and vbv_delays. An encoder 

working at CBR can use this mode. Nevertheless, unless the video stream is analysed it is 

impossible to guarantee that is had been encoded at CBR. An additional drawback is the 

difficulty of determining the initial rate. In Mode A, the goal is to avoid both buffer underflow 

and overflow. 

In Mode B, no explicit removal delays are broadcasted (vbv_delay is not generated). The arrival 

rate is constant unless the buffer is full. This approach determines the initial rate. Nevertheless, 

the arrival schedule may not be causal regarding the real generation of bits. This restricts its use 
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as support data for a multiplexer. Video encoded data flows into the VBV buffer at the peak rate 

of the buffer until the buffer is filled, and then it stops. This corresponds to the initial removal 

time. The following removal times are deferred, with respect to the first, by a fixed frame or 

field periods. In Mode B, it is impossible for the buffer to overflow, as compressed data inflow 

stops when the buffer becomes full. Still, it is the encoder’s responsibility to prevent underflow. 

The Mode B model is sometimes referred to as a leaky bucket. This expression derives from the 

similarity of the encoder to a system that “dumps” water in discrete chunks into a bucket that 

has a hole in it ([311]). The removal of bits from the encoder buffer relates to the water leaking 

out of the bucket. A leaky bucket with leak rate R1, bucket size B1, and initial bucket fullness 

B1–F1 is said to contain a bitstream with schedule {(tr(n), d(n)), n=0,1,…} if the bucket does 

not overflow under the specific conditions ([311]). 
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Figure 4.3 – Example of the leaky bucket concept 

Consider the example illustrated in Figure 4.3 ([311]). At time t0, d0 bits are placed in the leaky 

bucket. The bucket starts to pump out video data at the rate R1 bits per second. If the bucket 

becomes empty, it will stop pumping bits out until more bits are placed into the bucket. At the 

time ti, i≥ 1, di bits are pumped into the bucket. The bucket keeps on draining bits at a rate of 

R1 bits per second. The state of the bucket just prior to time ti can be denoted as follows: 

0 1 1  –b B F   (4.1) 

  1 1 1  max 0,     –  –i i i i ib b d R t t     (4.2) 

The leaky bucket does not overflow if bi + di  B1 for all i ≥ 0. In other words, the leaky bucket 

holds the bitstream if the graph of the schedule of the bitstream is between two parallel lines 

with slope R1. The distance between these two lines, measured vertically, is B1 bits (blue line in 

Figure 4.3). It is possible for the same bitstream to be contained in more than one leaky bucket 

(red line in Figure 4.3).  
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The HRD in H.263 was planned for low-delay operation (Annex B, H.263 [215]). At first, the 

HRD is empty. The encoder and the HDR operate synchronously, at the same clock and picture 

clock frequency. The HRD buffer is checked at picture clock intervals. If at least one entire 

coded picture is in the buffer, then all the data for the earliest picture in bitstream order is 

instantaneously removed (e.g. at tn1 in Figure 4.4).  
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Figure 4.4 – H.263 HRD buffer model ([215]) 

In H.263, a complete coded picture is one normal I- or P-picture, or a PB-frame or Improved 

PB-frame (unless the optional Temporal, SNR, and Spatial Scalability mode is in use). 

Immediately after withdrawing the data, the buffer occupancy must be less than B. The value of 

B is defined as follows: 

maxB  4  R PCF    (4.3) 

where PCF is the effective picture clock frequency, and Rmax is the maximum video bit rate 

during the connection in bits per second ([215]). To meet this requirement the number of bits for 

the (n+1)th coded picture dn+1 must satisfy the following condition: 

1

1 ( )
n

n

t

n n

t

d b R t dt B


      (4.4) 

where bn is the buffer occupancy just after time tn, tn is the time the nth coded picture is 

removed from the HRD buffer, and R(t) is the video bit rate at time t. This process differs from 

removing data associated with a picture at a time explicitly transmitted in the bitstream. It is 

thus difficult to design systems that display video sequences with precise timing based on this 

model. 

In MPEG-4, VBV (Annex D, MPEG-4 [227]) is defined as a rate buffer model, a complexity 

model, and a reference memory model. MPEG-4 VBV limits the memory requirements of the 

coded bit-stream buffering, the processing speed requirements needed for a compliant video 
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decoder, and the memory requirements of the reconstructed pixel data buffering. If the visual 

scene is composed of multiple video objects, and if each object contains one or more video 

objects layers, then the MPEG-4 VBV defines that the video rate buffer model shall be applied 

independently to each video object layer. An additional requirement is also defined: the total of 

the sum of the buffer size of each video object layer must not exceed the maximum value 

defined for the given profile and level ([227]). The question of how to allocate bit rate and 

buffer size among the various video objects, and, for each video object, among the several video 

object layers, is outside the scope of the standard. 

In MPEG-4 VBV, the buffer is empty in the beginning. Vbv_buffer_occupancy level describes 

a process to fill the buffer at a data rate to a certain occupancy level before the process of 

removing data from the buffer starts ([227]). The combination of profile and level define the 

maximum data rate limit. A picture is instantaneously removed from the VBV buffer at its 

decoding time and placed in the Video Complexity Verifier (VCV) buffer. The VCV buffer 

capacity is defined according to the profile and level in use. MPEG-4 VBV and VCV aim to 

model a real decoder ([227]). VBV denotes buffering prior to decoding, as VCV denotes the 

decoding process itself.  

4.1.2 HRD Model in H.264/AVC 

Compared with preceding MPEG standards, MPEG-4 establishes some limits on the variability 

of the number of decoded MB/s, and their complexity ([227]). MPEG-4 video encoders produce 

bitstreams with a higher variation of the number of macroblocks per second. In MPEG-4, a 

video scene may be composed of objects whose size varies over time and may be encoded at 

different video object planes rates. These aspects suggest a higher decoding complexity, 

compared with previous standards. As a result, MPEG-4 defines a fixed decoding delay (the 

VCV latency) in order to set some minimum acceptable limits in terms of the decoding capacity 

of the decoder ([315]).  

An MPEG-2 model assumes instantaneous picture decoding at the time of picture decoding. 

Thus, MPEG-2 decoder implementations can be set to add an arbitrary, non-normative, fixed 

delay to the decoding process to satisfy the application constraints. The VBV can operate in two 

modes: CBR and VBR. While MPEG-4 only supports the CBR mode, MPEG-2 supports both 

modes. The HRD model for H.263 operates in low-delay mode. It resembles the CBR mode of 

MPEG’s VBV, although there are some differences. All these models operate at only one single 

leaky bucket (R,B,F). H.264/AVC supports multiple leaky buckets in the range 1 to 32 ([310]). 
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In Annex C of the H.264/AVC standard, the HRD specifies a coded picture buffer (CPB), an 

instantaneous decoding process, a decoded picture buffer (DPB), and output cropping as shown 

in Figure 4.5 ([313]). The HRD Coded Picture Buffer represents a means to communicate how 

the bit rate is controlled in the process of compression ([311],[313]). The arrival and removal 

time of the coded bits is modelled by CPB. Different from MPEG-2, the H.264/AVC specifies 

that multiple frames can be used for reference, either from the past or the future in display order. 

Therefore, the HRD also defines a model of DPB control to guarantee that sufficient memory 

capacity is used in a decoder for the pictures used as references ([313]).  

 

Figure 4.5 – HRD buffer model 

The HDR model starts with a video bitstream flow from the HSS into the CPB according to a 

determined arrival schedule. Second, the video bitstream is removed and decoded 

instantaneously into the DPB by the decoding process, at CPB removal times. A picture stored 

in the DPB is removed from the DPB at the DPB output time or when it is marked as "unused 

for reference." The kth CPB of the HRD is characterized by the pre-decoder peak rate R (in bits 

per second), the buffer size cpb_size[k] (in bits), the initial CPB removal delay sequence (in 

seconds), and the picture removal delays for each picture ([313]). 

These parameters represent levels of resources (transmission capacity, buffer capacity, and 

delay) used to decode a bitstream ([311],[313]). In this leaky bucket model, the arrival times of 

all pictures, after the initial image, are constrained to enter the buffer input at a time interval 
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greater than the difference regarding the hypothetical encoder processing times between that 

picture and the first picture. 

The operating mode and its main parameters will now be described. The HRD input buffer has a 

capacity of cpb_size[k] bits (B bits). At the initial stage, the buffer is empty. The lifetime of the 

coded bits of the picture k in the buffer is represented by the arrival interval, {tai(k), taf(k)} and 

the removal time tr(k). The arrival interval is defined by the initial arrival time tai(k) and the 

final arrival time taf(k). The removal time can be computed by (4.5) ([313]): 
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where clock tick tc be specified by  
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  (4.6) 

Due to the arrival time constraint, the initial arrival time of picture n is equal to the final arrival 

time of the picture n-1, unless that time precedes the earliest arrival time, denoted by the 

following expression: 
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where  

   

 

ai,earliest c 0 cpb_removal_delay –

initial_cpb_removal_delay_offset
 

90000
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 (4.8) 

Let b(n) be the number of bits associated with picture n. The length of the picture arrival 

interval can be determined by the time-equivalent of the picture size in bits, at the rate R. 

     af ai

( )
     

b n
t n t n te b n

R
       (4.9) 

In general, the curve of buffer fullness vs. time is given by the following expression 

([311],[313]): 
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              af r ai af ai  ( )   
n

BF t I t n t t n b n I t n t t n be t t n            (4.10) 

Let I(·) denote indicator functions such that I(x) is equal to 1 if x is true and equal to 0 otherwise 

([311],[313]).  

HRD can also be used to test conformance. ITU-T Recommendation H.264.1 defines 

conformance specification ([316]). A conformance bitstream needs to be decoded by the 

reference software decoder specified in ITU-T Rec. H.264.2 ([317]). Furthermore, it needs to 

satisfy all the requirements for the video layer defined in H.264/AVC, including HRD 

conformance (based on Annexes C, D and E) ([318]).  

Several conformance constraints need to be guaranteed regarding the coded bitstreams ([313]). 

The first is removal time consistency regarding the precision of the clocks used (90 kHz clock 

used for initial removal time, tc clock used for subsequent removal time calculations, and 

bit_rate[k] used for arrival times).  

      r r aiinitial_cpb_removal_delay  90000 t n   t n 1  t n      (4.11) 

A second constraint depends on the coding mode. If the encoder is working at CBR, then data 

should enter constantly at the CPB such that  

   af ai,earliestt 1   tn n    (4.12) 

This time constraint puts a lower boundary on b(n). From (4.12) and (4.8), it follows 

      , 1ai earlist aib n t n t n R      (4.13) 

Thus, the lower bound can be computed by 

       ,max 1 ,0underflow ai earlist aiB n t n t n R     (4.14) 

A third constraint and one of the most important is that the buffer must not be allowed to 

underflow or overflow. Moreover, all pictures, apart from some isolated pictures, must be 

entirely in the buffer before their removal times. In CBR mode, no gaps in the bit arrival are 

allowed ([313]). The underflow constraint, BF(t) ≥ 0 for all t, is guaranteed if the final arrival 

time of each picture precedes its removal time. 

   af r t n t n   (4.15) 

As a result, picture size should be equal to or below the bit-equivalent of the time interval 

between the start of arrival and the removal time. 
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        r ai=be   b  b n te b n e t n t n      
  (4.16) 

where be(t) and te(b) denote the bit equivalent of a time t and the time equivalent of a number of 

bits b respectively, and 

( ) ; ( )
b

be t t R te b
R

     (4.17) 

The upper boundary for the picture n is 

      r ai=  overflowB n t n t n R    (4.18) 

As the initial arrival time tai(n) is a function of the sizes and removal delays of previous 

pictures, the constraint on the b(n) will change over time ([313]). Overflow can be avoided if the 

buffer fullness curve BF(t) does not exceed buffer size B. The initial pre-decoder removal delay 

is limited to the maximum value of the time-equivalent of the buffer size, tr(0) ≤ te(B). 

Furthermore, in normal operation modus, removal delay should not exceed its first values to 

ensure that no overflow occurs. Regarding the isolated picture size, overflow can be avoided if 

   ai  b  b n e B t n      (4.19) 

Rate control must ensure conformance with the Coded Picture Buffer ([313]). In a VBR CPB, 

the buffer must not overflow or underflow, but gaps may appear in the arrival rate. In order to 

meet these constraints, the encoder must ensure that for all t, the following inequalities remain 

true: 

 0    ,  for all .BF t B t    (4.20) 

Using Equation (4.10), this becomes: 
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 (4.21) 

The buffer fullness BF(t) is a piecewise non-decreasing function of time ([313]), with each non-

decreasing interval bounded by two consecutive removal times. Thus, it is enough to guarantee 

conformance at the interval endpoints ([313]). So, by avoiding underflow at the start of an 

interval (just after removal of a picture), underflow is fully prevented. The same applies for 

overflow at the end of the interval, just before picture removal.  
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4.2 Rate Control Algorithms in Standard Test Models  

In recent years, rate control has been one of the main research areas in the field of video coding. 

Several algorithms and standards have been developed in the field, e.g. MPEG-2, MPEG-4, 

H.263, and H.264. Rate control usually does not belong to the normative part in video coding 

standards. Nevertheless, it is the fundamental component for a video encoder to achieve good 

results, especially when the channel bandwidth and video buffer are limited. Therefore, the 

video coding standards usually develop rate control algorithms during the standardisation 

process, like the TM5 (Test Model 5) in MPEG-2 ([19]), TMN8 (Test Model Near-term 8) in 

H.263 ([20]), VM8 (Verification Model 8) in MPEG-4 Visual ([308]), or JM (Joint Model) in 

H.264/AVC ([169],[170]). These four rate control schemes will be examined in this section. 

4.2.1 H.263 TMN8 Rate Control Algorithm 

This section presents the TMN8 rate control model, associated to ITU-T H.263, Version 2, the 

coding standard for low bit rate communication. H.263 Version 2 is designated herein by its 

working name of H.263+. The test model TMN is a document that describes an effective 

implementation of an encoder compliant with H.263+. The TMN8 rate control algorithm was 

designed for low-delay video communications ([20]). The goal was to encode video with good 

quality for transmitting over a constant bit rate channel while maintain a low buffer delay. In 

TMN-8, two rate control algorithms are described. Both methods use a buffer regulation scheme 

in which a target bit rate is chosen, and pictures are skipped until the buffer reaches a limit 

below the number of bits required to transmit the next picture. Since encoding delays are 

directly related to buffering fullness, large variations in buffer content will produce undesirable 

varying delays. 

One rate control method works on two levels: frame-layer and macroblock layer. In the frame-

layer, a target number of bits per frame is computed. In the macroblock-layer, the quantisation 

parameter (QP) is adapted to achieve that target. Underlying theory can be found in ([319]). 

First, the variances of all macroblocks in the motion-compensated picture are computed. Based 

on these variances, and the remaining bits available for encoding the current picture, model 

parameters are updated. These parameters are then used to find an “optimal” quantiser for each 

macroblock. One of the model parameters allows for the weighting of macroblocks based on 

perceptual importance. The RD model can be described as follows 

2
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where B is the target number of bits, QP is the quantisation parameter step for the k_th 

macroblock, A is the number of pixels in a macroblock, K and C are constants, and  k

2
 is the 

variance of the luminance and chrominance values in the k_th macroblock. 

The test model describes a simple method to calculate this parameter where a macroblock with 

high spatial activity (higher variance) is assigned a finer quantiser. 

An alternate rate control method, described in previous test models, TMN-5, TMN-6, and 

TMN-7, uses a simpler technique for adapting the quantiser ([320],[321]). In this method, the 

quantiser is fixed for each macroblock line. The quantiser step size is “manually” adjusted so 

that the average bit rate for all pictures in the sequence is as close as possible to the one of the 

target bit rate (8,16 or 32 kb/s) ([20]). When dealing with existent applications, with limited 

buffer and coding delay, the output bit rate is regulated by adjusting the step size on a 

macroblock level. The first image is coded as intra, with a fixed quantiser parameter (QP=16). 

After encoding the picture is finished, the buffer content is adjusted as follows. 

arg 1/ 3 and .t et i

R
R f x B B

FR
   (4.23) 

with 
1iB 
 the number of bits used in the preceding picture, B  the target number of bits per 

picture, R the target bit rate, 
argt etf  the target frame rate, and FR the frame rate of the source 

material. (typically 25 or 30 Hz). For the remaining pictures, at the beginning of each new 

macroblock line, a new quantiser parameter is determined as follows: 
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with 
1i

QP


 the mean quantiser parameter from the previous picture, mb the current macroblock 

number, MB the number of macroblocks in a picture, and 
,i mbB  the number of bits spent until 

the macroblock mb. Only the third term in the formula varies during the picture encoding 

process. After encoding the entire picture, the buffer content is updated according to: 
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The variable frame_incr indicates the next picture from the source to be encoded. To adjust 

frame rate, 
argt etf  and a new B  are determined at the start of each frame: 

1
arg arg
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4

i
t et t et

t et
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f

   



 (4.26) 

This process is based on the assumption that encoding is temporarily stopped when the physical 

transmission buffer is nearly at maximum capacity to avoid buffer overflow. Thus, no minimum 

frame rate and delay can be guaranteed ([20]). This method is simpler to implement than the one 

previously described. Nevertheless, it does not provide an accurate quantiser selection making it 

less effective. 

The development of a Lagrangian coder control and parametric choice has led to the creation of 

a new test model TMN-10 ([322],[323]). TMN-10 has two different methods for determining 

motion vectors and macroblock coding modes: a low complexity mode using a fast block-

matching algorithm, and a high-complexity/high-performance mode using a rate-distortion 

optimisation algorithm ([322],[323]). In the latter case, first the rate-distortion cost (RDCost) for 

all possible motion vectors is determined to select the best one having the minimum RDCost 

(Rate-Constrained Motion Estimation). Thus, the effect of choosing different motion vectors on 

the overall bit rate and reconstruction distort is assessed. Then, using the best motion vector, the 

RDcost is determined for all possible modes to select the one that minimizes RDcost (Rate-

Constrained Mode Decision). These techniques have been adopted in others test models. They 

will be briefly described in this section ([324],[325]).  

First, for each block or macroblock, a full search on integer-pixel positions is performed to find 

the “best” motion vector ([322],[323],[324]). The search is further refined by half-pixel 

refinement. The integer-pixel search is conducted over a window of ±16 pixels, in both the 

horizontal and vertical directions, relative to the position of the block or macroblock in the 

current frame. A larger window size is also possible. A Lagrangian formulation is used where 

distortion is weighted against rate using a Lagrange multiplier. The motion search returns the 

motion vector that minimizes the following condition 

( , ) ( , ( )) ( )MOTION MOTIONJ m SAD s c m R m p      (4.27) 
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with ( , )T

x ym m m  the motion vector, ( , )T

x yp p p  the prediction for the motion vector, and 

MOTION  the Lagrange multiplier. The rate term ( )R m p  refers the motion information only 

and is determined by a table-lookup. SAD  is given by  

,

1, 1

( , ( )) [ , ] [ , ] , 8,16.
B B

x y

x y

SAD s c m s x y c x m y m B
 

      (4.28) 

where s is the original block or macroblock and c is the predicted block or macroblock. The 

Lagrangian multiplier 
MOTION  is given by 

0.92MOTION QP    (4.29) 

where QP  is the macroblock quantisation parameter. The second step is the Rate-Constrained 

Mode Decision. The constrained optimization problem can be solved by minimizing ([322]). 

( , , | , ) ( , , | ) ( , , | )MODE MODEJ s c MODE QP SSD s c MODE QP R s c MODE QP     (4.30) 

where QP  is the macroblock quantiser, 
MODE  is the Lagrange multiplier for mode decision, 

MODE  indicates a mode chosen for a particular macroblock from the set of potential 

prediction modes available in the standard H.263, and ( , , | )R s c MODE QP  is the number of 

bits associated with selecting ( ,MODE QP ) including the bits for the macroblock header, the 

motion, and all six DCT blocks. SSD  is the sum of the squared differences between the original 

block s  and its reconstruction c  given by 
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   (4.31) 

and  , , |c x y MODE QP  and  ,s x y  represent the reconstructed and original luminance 

values. The Lagrangian multiplier 
MODE  is given by 

20.85MODE QP    (4.32) 

where QP  is the macroblock quantisation parameter. 

This second rate control mode aims to solve the problem of optimum bit allocation to the 

motion vectors and the residual coding. The problem is divided into two parts: motion 

estimation and code decision. This is, the motion for the INTER is performed first. Then, given 

the motion vectors, for the rate-constrained mode decision, the overall rate-distortion costs for 

all the considered macroblocks modes is computed. Regarding rate control, TMN-10 extends 
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TMN-8 to allocate bits according to picture type: P and B frames. The frame-level in TMN-8 

assigns a near-constant target number of bits per P frame. This is a good and useful approach for 

low-delay video communications. Nevertheless, in scenarios where B frames are used additional 

techniques are needed, as B frames require fewer bits. 

4.2.2 MPEG-2 Video TM5 Rate Control Algorithm 

The rate control used in the MPEG-2 Simulation Test Model is TM version 5b, known as TM5 

([19]). This model is an improvement of the corresponding algorithm used in the MPEG 1 

(Simulation Model 3 - SM 3). The TM5 model is general used throughout research for 

comparison purposes. The document describes some techniques that were not a matter of 

standardisation. Some of these techniques were of arguable value but were included to provide a 

common basis for comparisons ([19]). The Test Model worked as a cookbook for generating 

bitstreams throughout the collaborative co-experimental phase of MPEG-2 video. The numerous 

documented tests were an effort to validate the utility of different proposed coding techniques. 

The last major update of the Test Model document, version 5, took place at the Sydney, 

Australia meeting of the MPEG working group (WG11) in March 1993. 

Video sequences are segmented into GOP units. Within each GOP, a target bit rate is computed, 

for each frame, using a frame-level bit allocation scheme. On the frame level, the local bit 

allocation is based on two measurements: deviations from estimated buffer fullness for the 

macroblock to be encoded and the normalised spatial activity. If the trend of bits generated 

begins to drift from the estimation, a compensation factor is used to adjust the macroblock 

quantisation scale (mquant). Thus, the quantisation parameters and output buffer content create 

a closed loop on the macroblock level ([19]). Rate control algorithm determines dynamically the 

coding parameters. The TM5 rate control algorithm consists of three steps to compute the 

mquant parameter ([19]): 

 Bit Allocation: in this step, the number of bits available to code the next picture 

is estimated. It is performed before coding the picture. 

 Rate Control: this step set, using a "virtual buffer," the reference value of the 

quantisation. 

 Adaptive Quantisation: This step modulates the reference value of the 

quantisation parameter according to the spatial activity in the macroblock to 

derive the value of the quantisation parameter, mquant. This value is used to 

quantise the macroblock. 
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In the first step, global complexity measures are determined according to the picture type: Intra, 

Predicted and Interpolated. For each frame type, there is a complexity model to estimate the 

number of bits needed to encode a frame of a given type using a specific quantisation parameter. 

This model is defined by the following expression 

, ,I I I P P P B B BB Q X B Q X B Q X         (4.33) 

where 
IX , 

PX , and 
BX  denote the complexity estimation of a certain type of picture (I, P, or 

B), whose values are initialized as  160* _ /115IX bit rate ,  60* _ /115PX bit rate , 

and  42* _ 115BX bit rate  respectively. Similarly 
IB , 

PB , and 
BB  are the number of bits 

used for each frame type. 
IQ , 

PQ , and 
BQ  are the quantisation parameters used for each frame 

type. The complexity model is updated after encoding each frame, based on the average 

quantisation parameter and the number of bits used for that frame. These measures allow 

different relative weights to be assigned to each picture. The allocation of bits depends also on 

the buffer fullness and the available bit budget. The bit budget, for a frame, within a GOP, 

directly depends on the target bit rate, the number of frames of the GOP and depends inversely 

on the frame rate (Equations (4.34), (4.35) and (4.36)).  
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where IT , PT , and BT  are the target number of bits for the corresponding frame type, Np and Nb 

are the numbers of P pictures and B pictures remaining in the current GOP in the encoding 

order respectively, Kp and Kb are constants with default values 1.0 and 1.4 respectively, and R 
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is the remaining number of bits assigned to the GOP. After encoding a picture, R is updated by 

subtracting the number of bits used from the bit budget of the GOP, as follows 

R = R - Bi,p,b , (4.37) 

where Bi,p,b is the number of bits generated in the picture just encoded (picture type may be I, P 

or B). Before start encoding the first picture in a GOP, considering the exceeding bits Rprev of 

previous GOP, initial value of R is given by 

R = G + Rprev (4.38) 

where G = bit_rate*N/picture_rate, and N is the number of pictures in the GOP. For the first 

GOP Rprev= 0.  

The second step is the rate control. Within a picture, it is estimated the number of bits needed to 

encode a macroblock and the quantisation step size adjusted. If a significant difference occurs 

between the target bits (computed before beginning encoding the picture) and the generated bits 

when data is coded, then rate control adjusts the bit allocation process. If the virtual buffer 

begins to overflow, the macroblock quantisation step size is increased. This will result in a 

decrease of the number of coded bits in subsequent coded macroblocks. Likewise, if the level of 

the virtual buffer approaches the underflow level, a reverse process takes place, and the 

quantisation step size is decreased. The buffer fullness, dm
n, is estimated by 

( 1)
,   ,  ,  ,

0 1 _
n

mn nd d B T n i p b
m m MB CNT


   


 (4.39) 

dm
i, dm

p, and dm
b are the virtual buffer’s occupancy at macroblock m for each picture type. The 

final fullness of the virtual buffer when a picture is completly encoded (dm
i, dm

p, dm
b

 : 

m=MB_CNT) is used as the initial value for the next picture. Bm-1 is the number of bits 

generated by encoding all macroblocks in the picture up to an including macroblock m-1. 

MB_CNT is the number of macroblocks in a frame. Next, the quantisation step size for the 

macroblock m, 
mQ , is computed as follows 

31m
m

d
Q

r

 
  
 

 (4.40) 

where the "reaction parameter" r is given by 

_
2

_

bit rate
r

picture rate
   (4.41) 

According to the Equation (4.40), the quantisation parameter is proportional to virtual buffer 

fullness. Note that this virtual buffer has no relation with the HRD buffer. It is a virtual buffer, 
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at the encoder side, used to compute values of the quantisation parameter linearly ([282]). This 

procedure is illustrated in Figure 4.6 ([19]).  

 

Figure 4.6 – Rate Control for P-pictures 

The fullness of the virtual buffer for the last MB is used for encoding the next picture of the 

same type as the initial fullness. In experiments of the TM5 development process, the maximum 

size of the virtual buffer was taken as “two times” the average picture bit budget ([282]). The 

initial value for the virtual buffer fullness is given by: 

10 , ,
0 0 0 0 031

r pi i b id d K d d K d
p b

         (4.42) 

In the final step, the macroblock quantisation step size is modulated by a local activity measure. 

For example, consider a macroblock with very complex and strong spatially-varying intensities. 

In this case, a given stimulus will be harder to notice (spatial masking effect). On the other 

hand, in very smooth areas, equivalent changes may be quite visible. The local activity of a 

macroblock corresponds to the minimum value of the luminance variances of the four 8x8 

blocks that compose the macroblock. 

 1 min , ,...,1 2 8act vblk vblk vblk
j
   (4.43) 

where 
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 (4.44) 

and n

kP  are the samples values in the nth original 8x8 block. The value of the macroblock 

spatial activity is normalised as follows: 



110 Chapter 4. HRD Models and Standard Rate Control 

 

 

 
 

2 _
_

2 _

act avg actj
N act

j act avg actj

 


 
 (4.45) 

where _avg act  is the average value of act
j

 in the last encoded frame. For the first frame, 

_avg act  is set to 400. TM5 finds the value of the quantisation parameter mquant
j

 of MB
j

 

as follows: 

_mquant Q N act
j j j
   (4.46) 

The value of mquant
j

 is clipped to the range [1,31]. The TM5 is based on the following 

assumptions: 

1. The distortion D increases linearly with the quantisation parameter q; 

2. To maintain constant video quality, mquant values for I, P, and B frames 

(mquantI, mquantP, mquantB), are related by constant kP and kB; 

3. The coding bit rate R is inversely proportional to the distortion D. In other words, 

R x D = constant. 

Human vision is not so sensitive to the quantisation noise in pictures with a high amount of 

movement or spatial detail, while the degree of sensibility increases in uniform areas. TM5 aims 

to allocate more bits in the smooth areas and fewer bits for the active areas. Note that the third 

assumption is based on an extremely simplified RD model. Thus, the performance of the TM5 

rate control algorithm suffers from accuracy problems. 

4.2.3 MPEG-4 VM8 Rate Control Algorithm 

In 1996, the MPEG meeting that took place at Munich defined the first MPEG-4 Video 

Verification Model (VM). The MPEG-4 VM presented a novel approach on content based data 

representation ([275]). In this approach, a scene is viewed as a composition of Video Objects 

(VO), an arbitrarily shaped time-variable visual entity that can be individually manipulated and 

combined with other similar entities to produce a scene ([326],[327]). Each object in the scene 

is coded independently, and a coded scene corresponds to the multiplexing of the different video 

bitstreams resultant of the video objects (VOs) that composed the scene. When encoding an 

object, the amount of bits necessary to encode the shape information also needs to be 

considered. Additionally, each VO may be encoding at a different frame rate. VM8 provides 
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support scalable rate control (SRC) for diverse bit rates, spatial resolutions and temporal 

resolutions and various coders (e.g. DCT and wavelet) ([308],[328],[329]). 

The image sequences in MPEG-4 that are to be encoded in each VOP layer are, in general, 

considered to be entries of arbitrary shape. A single VOP layer is supported as a special case. At 

the core of object-based video, coding is the question on how to allocate efficiently bits among 

different objects in a scene. VM has evolved through time by core experiments ([327]). This 

algorithm became stable in the MPEG-4 Video VM 8.0 (VM8) ([308],[315]). VM provides 

informative description of a rate control scheme composed of three algorithms: Frame Rate 

Control, Multiple Video Object Rate Control, and Macroblock Rate Control. Thus, a rate 

control algorithm can be applied to single video object (SVO) and independent multiple video 

object (MVO) encoding ([315]), and rate control is implemented in both the picture and 

macroblock level where a second-order rate-distortion model is used for target bit allocation 

([327],[330]). The rate control model is formulated as ([308]): 

  1 2 2 2

1 1 a b
R Q X X Ec

Q Q Q Q

 
       
 

 (4.47) 

where R is the bit rate, Ec the encoding complexity expressed by the mean absolute difference 

(MAD) between the VOP being encoded and its reference, Q the quantisation parameter, and 

1X  and 
2X , or a and b, the model parameters. Using coding statistics such as the average 

quantisation parameter and the total coding bit rate from previous frames, for each type of 

picture, model parameters can be estimated for the current frame by a linear regression. Model 

parameters a and b can be determined as follows: 

1

1 1 1

2

2 1

1 1

n n n

i i i i

i i i

n n

i i

i i

n R Q Q R

b

n Q Q



  

 

 

  
   
  

 
  
 

  

 

 (4.48) 

1

1

n

i i k i

i

Q R b Q

a
n










 (4.49) 

where n is the number of frames encoded, iQ and iR  the values of the current average 

quantisation parameter and bit count in the past ([282]). 

There are four steps in the MPEG-4 VM8 frame rate control algorithm ([315],[327],[331]). The 

first step is initialization. It consists of determining the model parameters, the number of bits 
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remaining for encoding the sequence (or segment), 
rR , and the average number of bits to 

remove from the encoder buffer per encoding time instant
pR . These parameters are computed 

as follows 

1 2, 0
2

S SR N
X X


   (4.50) 

, r
r S S f p

r

R
R T R R R

N
      (4.51) 

with 
ST  the number of seconds remaining to encode the sequence (or segment), 

SR  the target 

bit rate for the sequence (or segment), fR  the number of bits used to encode for the first frame, 

SN  the distance between encoded frames, and 
rN  the number of P frames remaining for 

encoding.  

In the second step, target bit allocation is performed before encoding. The target number of bits 

to be used during the encoding of the current frame, T, depends on the bits available and the last 

encoded frame bits, and is determined by 

max ,(1 )
30

S r

r

R R
T S

N
 

 
     

 
 (4.52) 

with S the number of bits used for encoding the previous frame, and 0.05  . If the last frame 

was complex, then it used a high number of bits. Thus, the current frame should be assigned 

more bits but fewer bits are available for encoding. A weighted average ( )reflects the trade-

off between these two factors. To guarantee minimal quality, a lower target bit rate is used 

30SR . The target bit rate is adjusted according to the buffer status to avoid both overflow and 

underflow. 
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with B the current video buffer level, and SB  the buffer size. If, even after this adjustment, the 

number allocated can still lead to a potential violation of the VBV constraints, a more extreme 

adjustment is performed. 
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where 0.9  . 

In the third step, the value of the quantisation parameter 
cQ , before encoding the current frame 

is estimated. First, T is further tuned to guarantee that more bits are used to encode the residual 

texture data than the number of header and motion vector bits used in the previous frame (
pH ). 

T  Max ,
3

p

p

R
H T

 
  

 
 (4.55) 

Using Equation (4.55) in Equation (4.47), 
cQ  can be solved based on the model parameters as 

follows (Equation (4.56)) 
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with 
11X  the model parameter for the fall back first-order model ([315],[327]). The quantisation 

parameter must remain in the range of 1 and 31. Furthermore, 
cQ  can only vary within 25% of 

the previous 
cQ  to maintain a VBR quality ([327]). Thus, the value of the quantisation 

parameters is clipped to satisfy these conditions. After this step, the image is encoded. 

The fourth and final step, is designated as post encoding. In this step, model parameters are 

updated based on the statistics generated during the encoding of the current frame. The level of 

buffer fullness is updated by adding to it, the number of bits used during the encoding process, 

and by subtracting 
pR . The value of the remaining bits is updated by deducting from it, the 

number of bits that were spent. The rate distortion model is updated based on the encoding 

results of the current frame. A first estimate of the model parameters is computed using a sliding 

window to select the number of data points used to estimate the model parameters ([308]). The 

value of w  is computed as follows    maxmin _ _ ,w i total data number w  

     

   

1

1

1

1 :

1 :

k
k k

k

k

k

MAD
w k ceil k if MAD MAD

MAD

MAD
w k ceil w k otherwise

MAD







  
     

  


 
   

 

 (4.57) 



114 Chapter 4. HRD Models and Standard Rate Control 

 

 

with k  the time instant basic unit, 
maxW  the maximum value of sliding-window (default value 

is 20). If the encoding frame complexity varies significantly, the window size can be reduced 

with more recent data points. One example is after a scene change occurs. In order to improve 

the estimation of the model parameters, the outlier data points are rejected by using a statistic's 

measurement as follows. 

2
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with w  the number of past basic unit, and 
kR  the actual coded bits of the k-th basic unit. If 

 e   stdk  , basic unit k is rejected, and thus not included in model parameters estimation of 

1X  and 
2X . A second estimate is then performed using a linear regression technique. 

Extensions to multiple VO (MVO) and other improvements were addressed in the Core 

Experiment Q2 and were presented in VM8 ([332]). For I-frame and first P-frame coding, 

macroblock-based quantisation parameters are determined according to an algorithm based on 

human visual sensitivity (HVS) ([333]). For the remaining P-frames, solutions have been 

proposed in the literature ([334],[335]). In VM8 MVO rate control, each object maintains its 

own set of parameters ([308]). First, an initial target estimate is made for each object. Based on 

the buffer fullness, the total target is adjusted and then distributed in proportion to the size of the 

object, the motion that the object is experiencing, and the value of the metric MAD (mean 

absolute difference). New quantisation parameters, with the individual targets and the quadratic 

rate-distortion model, are computed for each video object. In addition, an algorithm is described 

to control shape rate. 

The target bit allocation and rate control algorithm in MPEG-4 VM8.0 is similar to the rate 

control mechanism proposed in the TM 5. The main difference is that TM5 uses a linear rate-

distortion model, and VM8 uses a quadratic model. The VM8 rate control algorithm often 

suffers from severe performance degradation at scene changes, because VM8 is based on the 

assumption that adjacent pictures of equal type have the same rate and distortion characteristics. 

Likewise, the VM8 algorithm also suffers from relatively large control error due to the limited 

accuracy and robustness of its rate model (Eq. (4.47)) ([21],[319]). A more detailed description, 

containing advances and trends in terms of rate control for object-based video coding can be 

found ([336],[337],[338]). 
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4.2.4 H.264/AVC JM Video Rate Control 

Existing studies indicate that H.264/AVC brings major improvement in coding performance 

compared with preceding coding standards ([298]). H.264/AVC presents many new features 

that represent challenges to operative encoder control. Like previous standards, rate control is 

not a part of the H.264 standard. Similar to preceding standards, non-normative guidance has 

been issued, and is known as the Joint Model (JM) ([169],[170],[339],[340]). The rate control in 

JM incorporates a Rate Distortion Optimized motion estimation and mode decision (also 

referred to as RDO). This is a major contribution to the high coding efficiency of H.264/AVC 

compared with previous video compression standards. Nevertheless, this innovation increases 

the complexity of the rate control process due to the inter-dependency between the RDO and 

rate control. The rate control algorithm can access the exact coding characteristics only after 

completing the intra/inter prediction process. With this information, it determines the 

quantisation parameter. Thus, rate control cannot access the exact coding characteristic in 

advance. This problem of deciding which parameter should be first determined is sometimes 

referred in the literature as the “chicken and egg” dilemma ([341],[342],[343]). To avoid this 

dilemma, a two-pass scheme was proposed in JVT-D030 ([344]). In each pass, a TM-5-alike 

method is used. Because of the simplified R-D function that was selected, this approach fails to 

achieve an accurate and robust rate control ([339]). In addition, the level of complexity is 

increased due to the two-pass strategy. To overcome these drawbacks, JVT-G012 ([339]) was 

proposed and selected to be include in the JM. In JVT-G012, a linear MAD model predicts the 

coding complexity, and a MPEG-4 Q2 function employed to estimate the quantisation 

parameter.  

The rate control in JM is based on the hypothesis that a GOP is formed. We should be aware 

that a GOP is not a mandatory concept in H.264. In fact, there is no formal GOP structure since 

referencing order is decoupled from coding order in H.264 ([282]). A coded video sequence in 

H.264/AVC consists of a series of access units. It starts with an Instantaneous Decoding Refresh 

(IDR) access unit composed of one or more IDR slices, a special type of Intra coded slice. The 

presence of an IDR access unit indicates that all the following coded pictures, in decoding order, 

can be decoded without inter prediction from any picture decoded preceding the IDR picture. 

The next video frames or fields are coded as slices. The size of the slices varies according to the 

encoding applications. The most common slice size is one slice per coded picture. A second 

scenario is to divide a picture in N slices, with each slice having roughly the same number of 

bits. In this case, the number of macroblocks will vary. This could be useful if, for example, 

each slice is mapped to a fixed-size network packet. A third scenario is to divide a picture in N 
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slices, each containing the same number of macroblocks. In this case, the number of bytes will 

vary depending on the picture area characteristics (amount of motion and detail). 

primary_pic_type slice_type values that may be present in the primary coded picture 

0 I 

1 I, P 

2 I, P, B 

3 SI 

4 SI, SP 

5 I, SI 

6 I, SI, P, SP 

7 I, SI, P, SP, B 

Table 4.1 – Meaning of primary_pic_type ([6]) 

Slice_type Contains macroblocks 
types 

Notes 

I (I slice) I only Intra prediction only. 

P (P slice) I and/or P Intra prediction (I) and/or prediction from one reference per 
macroblock partition (P). 

B (B slice) I, P and/or B Intra prediction (I), prediction from one reference (P) or 
biprediction, i.e. prediction from two references (B) 

SP (SP slice) P and/or I Switching P slice 

SI (SI slice) SI Switching I slice 

Table 4.2 – Name association to slice_type ([6]) 

Compared to previous standards, H.264/AVC does not specify the picture's type as picture type 

I/P/B since each picture is composed of slices with different slice types (Table 4.1, Table 4.2) 

([6],[282]). Nevertheless, in the literature, these names have been used ([307]). Typically, an I-

picture has been associated with a picture containing only intra coded slices and whose 

macroblocks do not use inter prediction. A “special” type of Intra pictures is defined in 

H.264/AVC: the IDR picture. The P-picture, also referred to as predicted pictures, have been 

associated to pictures composed of macroblocks coded as Intra or coded as Inter but with only 

one motion vector. This type of “P-picture” differs from MPEG-2 as the reference frames can be 

from either the past or the future relative to the current frame. Pictures designated as “B-

pictures” refer to pictures that support both Intra and Inter coding mode. In the case of Inter 

code mode, macroblocks can be encoded with up to two motion vectors. They also differ from 

classic MPEG-2 B picture type. H.264/AVC supports the prediction where both references can 

be in the future or in the past. In addition, parts of the image coded as B macroblocks can be 

used as a reference for temporal prediction by other pictures in the past or in the future. In the 

standard, the characteristics of each coded picture are declared with primary_pic_type whose 

value specifies the kind of slices are in the coded picture (Table 4.1) ([6]). For example, a coded 

picture can be constituted by I, P and B Slices, and a coded B slice can be composed of I, P and 
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B macroblocks. As mentioned before, JM uses a quadratic R-D model with a linear regression 

method similar to MPEG-4. As pictures are composed of slices with varied slice types, a signal 

deviation measure, 
signal , is introduced to represent the distortion measure instead separately 

tuned model parameters for different picture type. Thus, the number of target bits can be 

adjusted according to picture characteristics using the signal deviation 
signal . Pictures with 

lower values of signal deviation should receive fewer bits, and pictures with higher values of 

signal deviation should be allocated more bits. At slice level, a similar approach is followed to 

obtain uniform rate control. In the JM model, 
signal  is determined using MAD, similar to the 

Encoding Complexity, in MPEG-4, also expressed in MAD. 

The video sequence ends when the transmission is complete, or when a new IDR slice is 

generated. The JM model consists of three components: a GOP level rate control, a picture level 

rate control and the optional basic unit level rate control (when the basic unit is not defined as a 

frame). A basic unit is defined as a group of successive macroblocks in the same frame. For 

example, a basic unit can be a macroblock, a slice, a field, or a frame. GOP level rate control 

computes the initial quantisation parameter of the instantaneous decoding refresh (IDR) of the 

picture and that of the first stored picture, and the total bits for the remaining frames in the GOP. 

In H.264/AVC, the IDR picture is the first coded picture of the video sequence to be coded 

([339],[340]). It contains only I or SI slices. Notice that the GOP level rate control allows the 

restraining of the variation of the quantisation parameters to a smaller scale between 

neighboring GOPs. Thus, the difference in quality is not very noticeable. The picture layer rate 

control consists of two stages: pre-encoding and post-encoding stages. The goal of the pre-

encoding stage is to calculate the quantisation parameter for each picture. In the post-encoding 

stage, model parameters and the coefficients in the quadratic R-Q model, are updated. The basic 

unit-layer rate control is similar to the rate-control of the frame-layer ([169],[170],[339],[340]). 

This algorithm is now presented in more detail. 

4.2.4.1 GOP level rate control 

In this phase, it is estimated, for each GOP, the total number of remaining bits for the remaining 

frames of the GOP and it is initializes the QP of the instantaneous decoding refresh (IDR) frame 

([339]). After encoding the jth picture in the ith GOP, the sum of the bits for the remaining 

pictures in the ith GOP can be computed as follows 
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where f is the predefined coding frame rate. Ni is the total number of pictures in the ith GOP. 

Ri(j) and Vi(j) are the instant available bit rate and the occupancy of the virtual buffer, 

respectively, when the jth picture in the ith GOP is coded, and bi(j-1) is the actual generated bits 

in the (j-1) th picture ([339]). In the case of the dynamic channels, Ri(j) may vary at different 

frames and GOPs. Nevertheless, in the case of constant bit rate, Ri(j) is always equal to Ri(j-1) 

and the equation can be simplified as follows 

( ) ( 1) ( 1)i i iB j B j b j      (4.61) 

After encoding a picture, the virtual buffer level Vi(j) is updated as 
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 (4.62) 

For the first GOP, an initial quantisation parameter 
1(1)QP  is set for the IDR picture using 

Equation (4.63)  
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where 

1(1)

pixel

R
bpp

f N



 (4.64) 

and Npixel is the number of pixels in a picture. 1 0.15, 2 0.45, 3 0.9l l l    are the values 

recommended for QCIF/CIF images, and 1 0.6, 2 1.4, 3 2.4l l l    are the values 

recommended for picture size greater than CIF ([169],[170],[339]). For the other GOPs, the 

quantisation parameter is updated with Equation (4.65): 
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 (4.65) 

where NP(i-1) is the total number of stored pictures in the (i-1)th GOP, and SumPQP(i-1) is the 

sum of the average value of the picture quantisation parameters for all stored pictures in the (i-

1)th GOP. This value can be further adjusted by: 
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1 1(1) (1) 1 (1) ( ) 2i i i i iQP QP if QP QP N L       (4.66) 

where )( 11 LNQP ii 
is the quantisation parameter of the last stored picture in the previous 

GOP, and L is the number of successive unstored pictures between two stored pictures 

([169],[170]). 

4.2.4.2 Picture level rate control 

In the picture level rate control, two stages are involved: pre-encoding and post-encoding. In the 

pre-encoding stage, the quantisation parameter of each picture is calculated applying different 

methods for stored and unstored pictures. In the second case, a quantisation parameter is 

computed with a linear interpolation of the quantisation parameters between two adjacent stored 

pictures. Consider the case of two pictures, jth and (j+L+1)th, in the ith GOP. When there is only 

one unstored picture between these two stored pictures (L=1), the quantisation parameter for the 

(j+1)th unstored picture, ( 1)iQP j   is computed by the following expression: 

( ) ( 2) 2
 if ( ) ( 2)
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( ) 2 Otherwise
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When L>1, the quantisation parameter for the  ( ) 1thj k k L    unstored picture is 

computed by the following expression 

( ) ( )

( ( 1) ( )
max min , 2( 1) , 2( 1) , 1,..,

1
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 (4.68) 

In the above equation, α is a function of the difference between the quantisation parameter of 

the first unstored picture and ( )iQP j , and is given by 
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 (4.69) 

In the final step, the quantisation parameter ( )iQP j k  is bound to a value between 0 and 51. 

In the case of the stored pictures, the value of the target bits for each stored picture in the current 

GOP is computed. This value depends on several factors such as the target buffer level, the 
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frame rate, the available bandwidth, and the actual buffer occupancy. A target buffer level is 

predefined for each stored picture according to the average picture complexity, and the value of 

the coded bits of the first IDR picture and the first stored picture. After having coded the first 

stored picture in the ith GOP, the initial value of target buffer level is set to (2) (2)i iS V  (the 

occupancy of the virtual buffer). The target buffer level for the subsequent stored picture is 

obtained by 

,

, ,
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( ) 1 ( ( ) ( ) )

p i ii i
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 (4.70) 

where the average complexity weight of stored pictures is 
, ( )p iW j , and 

, ( )b iW j  is the average 

complexity weight of the unstored pictures. To obtain their values the following expressions are 

used: 
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, ,( ) ( ) ( )p i p p iW j b j QP j    (4.73) 
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where ( )pb j  and ( )bb j  are the number of bits generated by encoding the corresponding frame, 

, ( )p iQP j  and 
, ( )b iQP j  are the corresponding quantisation parameters in the jth frame, and 

, ( )p iW j  and 
, ( )b iW j  are the weight of the current/previous stored picture and unstored 

picture. When the number of non-stored pictures between two stored pictures is zero, then 

Equation (4.70) can be simplified as follows 
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  (4.75) 

Based on the value of the target buffer, the target bits for the jth stored picture in the ith GOP is 

determined based on the target buffer level, Equation (4.70), the frame rate, the available 

channel bandwidth, and the actual buffer occupancy of (4.70) as follows: 

( )
( ) ( ( ) ( ))i

i i i
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T j S j V j

f
       (4.76) 
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In Equation (4.76),  is a constant, and its typical value is 0.5 when there is no unstored picture 

(B frames) and 0.25 otherwise. The remaining bits can be computed as follows:  

,
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where 
,p rN  and 

,b rN  are the number of the remaining stored pictures and the number of the 

remaining unstored pictures, respectively. Thus, the target bits can be computed as a weighted 

combination of ( )iT j  and ˆ ( )iT j : 

ˆ( ) ( ) (1 ) ( )i i iT j T j T j         (4.78) 

where β is a constant (a typical value is 0.5 when there is no non-stored picture and 0.9 

otherwise [169],[170],[339]). Analysing Equation (4.78) it can be observed that tight buffer 

regulation can be accomplished by selecting small values of β. In the same way, a large value of 

β should be selected when the goal is to improve video distortion caused by a scene change. To 

conform with the virtual buffer constrains, the target bits are bounded by 
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where Zi(j) and Ui(j) are determined by 
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 (4.81) 

where 
,1(1)rt  is the removal time of the first picture from the coded picture buffer and   is a 

constant with typical value of 0.9 ([169],[170],[339]).  

In the next step, quantisation parameter is determined and RDO is performed. After calculating 

the target bits for the stored picture, the quantisation parameter can be determined according to 

the following quadratic model: 

1 2 ,2

, ,
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( ) ( )

i i
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step i step i

j j
T j c c m j

Q j Q j

 
      (4.82) 
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where 
1c  and 

2c  are two coefficients, 
, ( )h im j  is the total number of header bits and motion 

vector bits, and ( )i j  is the complexity. Typically, the mean absolute difference (MADs) is 

used as the distortion measure, and it should be the actual MAD of the current stored picture. 

The MAD of the current stored picture, the value of ( )i j , is predicted with a linear model 

using the actual MAD of the previous stored picture, ( 1 )i j L    by the following equation 

1 2( ) ( 1 )i ij a j L a        (4.83) 

where 
1a  and 

2a  are two coefficients. The initial values of the coefficients is set to 0 and 1 

(respectively, 
1a  and 

2a ). After encoding a frame, these parameters are updated by a linear 

regression method similar to that of MPEG-4 Q2. To update the model coefficients 
1c  and 

2c , a 

least square estimation is performed using a set of actual data on the target bits, complexity, and 

quantisation steps as stated in [23].  

The corresponding quantisation parameter ( )iQP j  is then determined by using the relationship 

between the quantisation step and the quantisation parameter of H.264/AVC. To preserve the 

smoothness of visual quality among consecutive frames, the quantisation parameter ( )iQP j  is 

further adjusted by 

         min 1 2,max 1 2,i i i iQP j QP j L QP j L QP j        (4.84) 

The final quantisation parameter is further bounded to the interval between 0 and 51. RDO is 

performed for each macroblock, in the current frame, using the quantisation parameter. 

Consider macroblock s  to be encoded. This process can be summarized in the following 

algorithm for motion estimation and mode decision ([325]): 

1. Given the last decoded frames, MODE , MOTION , and the macroblock quantiser QP . 

2. Select intra prediction modes for the INTRA 4x4 macroblock mode that minimise: 

( , , | , ) ( , , | ) ( , , | )MODE MODEJ s c IMODE QP SSD s c IMODE QP R s c IMODE QP     (4.85) 

with  , , , , _ , _IMODE DC HOR VERT DIAG DIAG RL DIAG LR . 

3. Find the best 16 16INTRA x  prediction mode by selecting the mode that generates the 

minimum SATD. 

4. For each 8x8 sub-partition 
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 (4.86) 

5. Perform motion estimation and reference frame selection for 16x16, 16x8, and 8x16 modes 

by minimizing 

( , ( ) | ) ( ) ( , ( , ( )))

( ( ( ) ( )) ( ))
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6. B-frames: Determine prediction direction by minimizing 

( | ) ( , ( , ( )))

( ( ( ) ( )) ( ( )))
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 (4.88) 

7. Select the macroblock prediction mode that minimises 

( , , | , ) ( , , | ) ( , , | )MODE MODEJ s c MODE QP SSD s c MODE QP R s c MODE QP     (4.89) 

given QP  and 
MODE  when varying MODE . MODE  indicates a mode out of the set of 

potential macroblock modes 
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 (4.90) 

It should be noted that the SKIP  mode refers to the 16x16 mode where no motion and residual 

information is encoded. SSD  is the sum of the squared differences between the original block 

s  and its reconstruction c  given as 
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and ( , , | )R s c MODE QP  is the number of bits associated with choosing MODE  and QP  

including the bits for the macroblock header, the motion, and all DCT blocks. 

 QPMODEyxcY |,,  and  yxsY ,  represent the reconstructed and original luminance values; 

Uc ,
Vc  and Us ,

Vs  the corresponding chrominance values. The Lagrangian multiplier 
MODE  

is given by ([325]): 
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 (4.92) 

If the picture is P or B ([325]) and the SAD is adopted as the criterion, the lambda in motion 

estimation is give by 

MOTION MODE    (4.93) 

When the basic unit is not defined as a frame, an additional basic unit level rate control needs to 

be added to the process. A basic unit (BU) is defined as a group of continuous MBs. It is used to 

provide a trade-off between the overall coding efficiency and the bit's variation. A basic unit 

consists of Nmbunit MBs, where Nmbunit is a fraction of Nmbpic. The total number of basic units in a 

frame, Nunit, is computed by 

mbpic

unit

mbunit

N
N

N
   (4.94) 

If Nmbunit is equal to Nmbpic, it corresponds to picture level rate control, and if Nmbunit is equal to 1, 

then to macroblock level rate control. The basic unit level rate control is similar to the picture 

level rate control, including MAD prediction, bit allocation, and quantisation parameter decision 

in basic unit level ([331]). Further information about this process is available at ([339],[340]). 

4.3 Summary 

There are two key research issues in the rate control algorithms: the buffer occupancy and the 

rate distortion model ([282]). A rate control strategy based on buffer occupancy targets to avoid 
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buffer overflow and underflow. The rate control can be based on the current encoder buffer or 

on a virtual model of an encoder buffer. In this case, the HRD behavior is often described only 

at the picture level. To be able to operate at the macroblock level, in some rate control 

algorithms, such as MPEG-2 TM5, an additional “imaginary” buffer of the encoder is defined. 

This approach also allows the tuning of the buffer parameter's values, like buffer occupancy, at 

any time. Rate distortion models allow control of the bit rate according to a specific target bit 

rate that can define even at the frame level, and models have been used in video coding models. 

Video coding standards have their own recommendation on rate control as an informative part 

based on the work developed during the development phase. These rate control algorithms do 

not aim to deliver an optimal solution. The adopted rate control algorithms are competitive in R-

D performance, with acceptable computational complexities, and are flexible in terms of 

adaptation capacities regarding different video sources. Thus, it is valuable to review rate 

control algorithms as they incorporate the progresses obtained in recently developed rate control 

techniques. Moreover, the level of performance obtainable by these methods serves as a point of 

comparison for future research and the development of rate control methods. Most rate control 

algorithms studied in video coding standards are designed for both CBR and VBR applications. 

Rate control schemes were developed for the simulation models of the different video coding 

standards, e.g. test model 5 (TM5) for MPEG-2 ([48]), test model near-term (TMN) for H.263 

([53]), verification model (VM) for MPEG-4 ([49]), and joint model (JM) for H.264 ([97]). In 

this section, the background ideas of these rate control schemes is reviewed, representing the 

state-of-the-art technology of hybrid video coding. 

The MPEG-2 TM5 proposes a rate control algorithm for CBR encoding. The algorithm employs 

a simple first-order RD model (R =X/Q) and a virtual buffer for each type of picture. First, a bit 

budget is allocated to a GOP. Within the GOP, bits are allocated to frames regarding the 

available bit budget, the average bit rate and relative complexity of the frame type. The fullness 

of the virtual buffer is updated after each macroblock has been encoded. Then, the quantisation 

parameter is determined for the next macroblock. This value is modulated based on buffer 

occupancy and on a special activity measure. The H.263 TMN8 describes a rate control 

algorithm composed of two levels: frame and macroblock level. The development of a 

Lagrangian coder control and parametric choice has led to the creation of the test model TMN-

10 ([322],[323]). TMN-10 has two different methods for determining motion vectors and 

macroblock coding modes: a low complexity mode using a fast block-matching algorithm, and a 

high-complexity / high-performance mode using a rate-distortion optimisation algorithm 

([322],[323]). The MPEG-4 VM8 presents a rate control algorithm based on the quadratic R-Q 

model. This model is used for the different type of frames. A sliding window mechanism is 
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introduced to adjust the parameters of the model. The MPEG-4 VM8 algorithm uses a measure 

of encoding complexity based on MAD that is easier to determine compared with the empirical 

variance of the H.263 TMN8 model. This algorithm also differs from H.263 TM8 as it aims to 

achieve a target bit rate over a set of frames. Thus, it can provide a uniform visual quality. 

The H.264/AVC JM describes a rate control algorithm that employs a rate-distortion (RD) 

optimisation technique and is compliant to the H.264/AVC standard HRD. Although the rate 

control in H.264/AVC JM works well in controlling the rate, there are some aspects that could 

make rate control more effective and accurate, which are worth studying. The next chapter will 

focus on this topic. 
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The main goal of rate control is to provide the proper coding parameters to achieve optimal 

video quality and compression performance within constricted boundaries such that the buffer 

does not overflow or underflow, or limited storage capacity or channel bandwidth ([18],[331]).  

In Chapter 3, various video compression standards were introduced, with an ever-increasing 

number of coding parameters. Rate control algorithms adjust these parameters in order to satisfy 

the requirements of different applications. Chapter 4 introduced various rate control algorithms, 

developed during the standardisation of recent video coding standards. In general, a rate control 

algorithm has two steps: resources allocation and computing of the quantisation parameter. The 

first step can be performed among different video objects (the rate control of multiple video 

objects), different frames (the rate control of single sequence) or different sequences (the rate 

control of joint sequences, which is the focus of the present work). In the second step, the 

coding mode is selected and the quantisation parameter computed, usually based on a R-D 

(Rate-Distortion) model and RDO (Rate Distortion Optimization) process.  

In this chapter, previous research conducted in the field of R-D modelling is examined and R-D 

functions for the rate control of joint video sequences, appropriate to real video applications, are 

developed. 

5.1 Introduction to Rate Control Optimization 

Rate control manages the process of bit allocation within a video sequence and thus the quality 

of the encoded bitstream. Regarding rate control, encoders can operate at Constant Bit Rate 

(CBR) or at Variable Bit Rate (VBR). In CBR, the video encoder maintains the average bit rate 

stable. Likewise, the quality of the video sequence varies due to the changes in scene 

complexity. VBR reduces the variation in the picture quality by allocating more bits to complex 

images. A common use of VBR is Open-Loop Variable Bit Rate (OL-VBR), where the 

quantisation scale is fixed for all the images of the video sequence. Another VBR scheme is 

Constant Quality - Variable Bit Rate (CQ-VBR) that aims to maintain the objective video 

quality unvarying. A generic bit rate control tries to solve the following challenge: given an 
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input video signal and a desired bit rate, constant or variable, what should be the encoder 

settings to maintain the picture quality as high and stable as possible? (Figure 5.1) 

 

Figure 5.1 – Rate Control in Video Coding System 

In MPEG encoding, a quantisation scale controls the trade-off between picture quality and the 

bit rate. This parameter is used to compute the step size of the uniform quantisers used for the 

different transform coefficients ([19]). As MPEG does not specify how to control the bit rate, 

various approaches can be found in the literature ([19],[345],[346]).  

One way to approach rate control is to analyse the type of feedback information available: the 

‘feed forward bit rate control’ and the ‘feed backward bit rate control’. In the first approach, 

after performing a pre-analysis, the optimum settings are computed. This process will increase 

the computational complexity and time needed while yielding better results. In the second 

approach, there is limited knowledge of the sequence complexity. Bits are allocated on a picture 

basis and spatially uniform distribution throughout the image. Thus, too many bits may be spent 

at the beginning of the picture while the end of the picture may present a higher degree of 

complexity. The ‘feed backward bit rate control’ is suitable for real time applications and ‘feed 

forward bit rate control’ for applications where the quality is the main goal, and time is not a 

constraint.  

In several rate control algorithms, R-D models are used to select the coding mode and the 

quantisation parameter is computed. The goal of rate-distortion theory is to determine a lower 

bound on the rate so that a known source is characterised with a given fidelity, or conversely 

([347],[348]). Thus, rate-distortion theory aims to determine what is the fewest numbers of bits 

necessary to represent a source, subject to a fidelity criterion. One can differentiate between two 

classes of bounds, models based on Shannon Rate-Distortion theory ([347],[348],[349],[350]) 

and those derived from high-rate quantisation theory ([347],[351]). The first presents asymptotic 

results as the sources are encoded with longer and longer blocks. The second presumes fixed 

input block sizes. Performance is estimated as the encoding rate becomes arbitrarily large. 
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These two approaches are complementary ([347],[350]), and converge to the same lower bound 

RD e  when the input block size increases to infinity, as shown in [351]. More information 

and an assessment between these two approaches can be found in [352]. There are two main 

concerns with the R-D theoretical approach to determine bounds: complexity (is it possible to 

implement the algorithm to determine the bound? How much delay or computational resources 

are needed?), and model mismatch ([350]).  

Two approaches to solve the optimal bit allocation problem are the Lagrange’s optimization 

([15],[16]) and the Dynamic Programming (DP) ([17]). The optimal bit allocation was first 

addressed in [353] where the Lagrange multiplier approach for R-D analysis in transform 

coding was used. Further improvements have been reported in [354] for source quantisation and 

coding. Lagrangian method has been used to solve the constrained optimization problem in a 

continuous setting ([355]). In the case of the discrete optimization problem, it has also been 

used to relax the original constrained problem into an easier unconstrained problem. The 

optimal solution can be obtained by iteratively searching for the Lagrangian multiplier that 

generates the closest results that satisfy the constraint. Lagrange's multiplier method suffers 

from problems, such as having negative bits and real numbers ([356]), and the computational 

complexity is very high because it needs to determine R-D characteristics of current and future 

video frames. DP is a robust tool in solving optimization problems. DP has been used to achieve 

the minimum overall distortion through a tree or trellis with known quantisers and their R-D 

characteristics ([15],[18],[357]). One interesting application of DP is when a set of optimization 

problems can be broken down into sub-problems. Then, each sub-problem should contain three 

states (a past, the current and a future state). DP will efficiently produce a globally optimal 

solution if the future problem solution does not depend on the past problem solution ([355]). 

Rate control algorithms can also be classified according to the criteria used for determining how 

to allocate resources and to compute the quantisation parameter: buffer-based approaches, 

analytic modelling approaches, and the operational rate-distortion (R-D) modelling approach 

([358]). In the first approach, estimation is based on the buffer occupancy, local scene activity, 

and bit count of the previous frame. It is used in real-time and low-complexity applications, but 

if a scene change takes place, then quality degradation occurs as decisions are made based on 

past information. In the second approach, estimation is based on a set of “rate-quantisation” and 

“distortion-quantisation” functions. These functions are obtained using analytic models with 

parameters computed from coding statistics generated by the recoding of input video. To 

increase the model's accuracy, different techniques for data fitting can be used at the expense of 

computational complexity. Therefore, this approach is generally not used in real-time 

applications. In the last approach, allocation is based on prediction of the signal statistics from 
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already processed pictures. In this case, computational complexity is reduced at the cost of 

prediction accuracy. 

RD modelling has also been divided into empirical approaches, analytical approaches and 

operational R-D model ([24],[25],[359],[360]). The first approach, as explained above, 

estimates the R-D model by mathematical processing of the statistical information, such as 

interpolating between (R-D) samples of a given encoder ([24],[25],[361],[362],[363]). The 

second approach generates R-D models based on rate-distortion or quantisation theory with 

certain assumptions of source statistical properties ([21],[22],[23],[360]).  

Usually, they are based on the assumption that video source statistics are stationary. In this case, 

video source statistics correspond to some form of a probability model such as Gaussian 

distribution ([22],[364]), generalized Gaussian and Laplacian distributions ([21],[23]), the p 

domain analysis ([365],[366]), and centralized Cauchy's density ([367]). The third approach will 

be described with more detail. An R-D model should be simple enough so that it achieves good 

performance at reasonable cost, but presents a sufficient degree of complexity that enables it to 

describe the principal characteristics of the source. To obtain a practical solution, firstly the 

coding algorithm and a set of test sequences are selected. Then, one must search the best 

operating points for that particular system. When both R and D are quantified, the maximum 

value of distortion or fidelity can be varied, and the corresponding bound R is determined. 

Following this procedure a pair (R,D) is obtained. This corresponds to a mode of operation of 

the encoder, for a particular set of parameters and for a given set of test data. These pairs may 

be represented by a curve in the R–D space, defined as the operational rate-distortion (ORD) 

curve.  

 

Figure 5.2 – Operational rate-distortion and rate-distortion model curves 
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The ORD function presents the convex curve of the specific compression scheme such that the 

optimal solution of rate control, i.e., optimal quantiser achieving minimum distortion at a given 

bit rate, can be obtained ([356]) (Figure 5.2). The set of coding parameters that result in the 

ORD function can be formally defined as 

        : , ,ORDFQ q q Q R q R p D q D p q Q        (5.1) 

where  R q and  D q  are the rate and distortion generated by a particular coding mode with 

the quantiser q. The bound obtained this way allows differentiating between the best feasible 

operating points and those that are suboptimal or unattainable ([350]). Efficiency problems in 

many practical video coding applications may occur due to the high computational complexity 

in this approach ([368]). Thus, simpler methods, such as the so-called model-based R-D 

functions, are frequently adopted ([23],[24],[32],[369],[370]). In some cases, this alternative 

approach may experience considerable estimation errors, as shown in Figure 5.2 where the solid 

curve represents an approximation of the ORD curve by a model-based R-D function. 

In practical video coding applications, the rate and the coding distortion depend on the 

quantisation step-size. The rate or distortion versus quantisation parameter (Q) curve can be 

produced by encoding for all the possible quantisers to obtain the bit rate and the quantisation 

error. In order to know how to select a quantisation parameter under a specific constraint, e.g. 

the target bit-budget or distortion, it is important to model or estimate the rate in terms of the 

quantisation parameter, namely rate-quantisation (R-Q) functions. Together with the distortion-

quantisation (D-Q) function, R-Q function characterises the rate-distortion (R-D) behaviour of 

video encoding, which is the key to obtaining an optimum bit allocation. Many R-Q and D-Q 

functions have been reported in previous studies ([18],[19],[20],[21],[22],[23],[24],[25],[26], 

[27],[28]). Some of these schemes were adopted in standard-compliant video coders, as 

described in Chapter 4. Some rate control schemes incorporate spatio-temporal correlations to 

improve the accuracy of R-D models, by using statistical regression analysis for dynamical 

model parameters’ updates. Representative of this approach is the MPEG-4 VM8 and 

H.264/AVC JM, where model parameters are updated by the linear regression method from 

previous coded parameters. The H.264/AVC rate-control uses the Lagrange approach to 

determine the motion vectors and mode decisions ([169],[170],[323]).  

Over the past few years, extensive research has been conducted on optimizing a video encoder 

with R-D considerations including mode decision ([296],[371]), motion estimation 

([372],[373]), optimal bit allocation and rate control in video coding field, etc ([15],[18],[287], 

[298],[374],[375],[376],[377],[378],[379],[380],[381]). In this work, H.264/AVC JM is the 

platform where the proposed techniques are integrated. Thus, its performance is the benchmark 
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against which the proposed techniques are compared. The next section will discuss several ways 

to optimize the H.264/AVC algorithm. 

5.2 Rate Control Optimization in H.264/AVC JM Model 

The JM rate control algorithm consists of three levels, including: GOP level, picture level and 

an optional basic unit-level rate control when the basic unit is not defined as a frame. In the 

GOP level rate control, the number of available bits for the uncompressed pictures in the GOP is 

computed based on the picture type, the total number of pictures in the GOP, the instant bit rate, 

the occupancy of the virtual buffer, and the actual generated bits by the encoded pictures. The 

picture level rate control is performed in two stages: pre-encoding and post-encoding. In the 

pre-encoding stage, the quantisation parameter is computed, and in the post-encoding stage, 

parameters are updated. Every macroblock, in the same basic unit, share a common quantisation 

parameter. To determine its value, a quadratic R-D model is used. A linear model was selected 

to estimate the value of MAD of the current stored picture by using the MAD value of the 

previous stored pictures. The basic unit layer rate control adjusts the values of the quantisation 

parameters of the basic units in a frame, so that the sum of generated bits does not exceed the 

frame target bits.  

The H.264/AVC JM model experiences other performance difficulties because MAD is 

predicted through a linear model in contrast to MPEG-4 VM8 that uses the actual value of 

MAD. Several alternatives have been proposed to overcome this problem. Authors in 

[382],[383] proposed an alternative that is the ratio between the predicted MAD of the current 

frame and the MAD average value of all previously encoded P frames in the GOP. Based on this 

work, a normalised MAD has been proposed ([384],[385]). A normalised MAD is the ratio of 

the enhanced predicted MAD for the current frame i, MADEPi, to the average value of MAD 

for all the previously encoded P frames in a GOP ([384],[385]). Zhao Min in [386] proposes an 

improvement of the MAD prediction model by using a model based on the variance of two 

models: a temporal MAD model and a spatial MAD model. Comparing variances of these 

models allows the selection of which model should be chosen when predicting the next basic 

unit. Do-Kyoung Kwon in [387] suggests replacing MAD by the SATD of coded 4x4 blocks. 

This proposal aims to provide a better characterisation of the complexity of the residual signal. 

Furthermore, Do-Kyoung Kwon in [387] suggests dropping the second-order term in Equation 

(4.82) resulting in a simplified source model. 

,

( )
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i
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step i
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T j

Q j
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Simultaneously, the use of look-ahead processing techniques allow exploring the complexity of 

the frames to be encoded and gather their R-D statistics for joint video coding. Dong et al. 

([388]) found that the linear R-D model has better predictability and is faster to estimate than 

the quadratic R-D model, especially for timing-sensitive applications. With good predictability, 

the linear R-D model may have a better rate-distortion performance than the quadratic R-D 

model. Dong improves the method of updating the model parameters of X as follows 
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k k
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  (5.3) 

where MADk, Ak, and Qstep,k denote the MAD, actual texture bits, and Qstep for a basic unit k 

in the sliding window, respectively.  

To improve coding efficiency, a rate-distortion (RD) optimization technique is used. An 

exhaustive search is performed to find the best coding mode and the best motion vector that 

optimize the rate-distortion among all possible coding modes and among all possible motion 

vectors, respectively. The best coding mode decision for an Intra macroblock is obtained after 

assessing 22 possible modes (nine modes for the 4x4 block, nine modes for the 8x8 block and 

four modes for the 16x16 block). In the case of a P macroblock, the search space includes the 

Intra modes and the additional Inter prediction modes. For a macroblock in a B-slice, an 

encoder has a great number of coding options, such as all the intra modes, all the inter partition 

sizes, all the possible motion vectors, all the available reference frames and the choice of one-

directional or bi-predicted motion compensation. Performing a complete search through all 

possible modes and motion vectors to find the best combination of mode and prediction type is 

a highly computationally intensive task. In a real encoding scenario, it requires the following 

steps. First, the predicted block is determined, and then the residual block. Afterwards, the 

integer and scale transform is applied to the residual block. The next step is to quantise the 

transformed residual block followed by entropy coding of the quantised and transformed 

residual block. The inverse process is then performed: inverse quantize the quantized and 

transformed residual block, inverse integer and scale transform the dequantized block, compute 

the reconstructed image block. Finally, SSD between the original block and reconstructed block 

is determined, and the value of the RD cost function is calculated. 

The computational cost makes it very difficult to perform RDO in real-time applications. This 

process is more highly complex than in previous MPEG standards. For example, Equation (5.4) 

displays the different ways that a macroblock belonging to a P-slice can be encoded ([298]). 
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It should be noted that even if the names are the same in some cases, the modes differ regarding 

the standard. Notice that when a P-slice macroblock is coded in INTER-8×8 mode, then 

H.264/AVC specifies a set of sub-macroblock types for each 8×8 sub-macroblock: INTER-8×8, 

INTER-8×4, INTER-4×8, and INTER-4×4. 

Decreasing the computation cost for RDO techniques has become one of the principal research 

tasks in video compression now. Several proposals that explore fast algorithm in motion 

estimations, intra mode predictions and inter mode predictions for H.264/AVC video coding 

have been made ([389]). One of the popular proposed approaches is to reduce the number of 

mode decisions. Meng at al. ([390]) compute only a partial cost for down-sampled pixels instead 

of a 4x4 block. Chun-Ling Yang et al. ([391]) present a fast 16x16 intra mode decision based on 

macroblock properties. Feng Pan et al. ([392]) describe an approach based on the use of the 

edge map of the whole frame in order to obtain the best interpolation direction. This proposal 

demands high computational resources as every pixel in the frame needs to be evaluated. To 

reduce the complexity of intra mode decision, SAD and SATD have also been proposed as cost 

functions, in JM 6.1 (Equation (5.5) and Equation (5.6)).  

1( , ) 4 intra 4 4 mode

( , )
SAD

SAD S P K if x
J

SAD S P otherwise

   
 


 (5.5) 

1( , ) 4 intra 4 4 mode

( , )
SATD

SATD S P K if x
J

SATD S P otherwise

   
 


 (5.6) 

where SAD(S,P) is the sum of absolute differences between the original block S and the 

predicted block P, SADT(S,P) is the sum of absolute Hadamard transformed differences 

between the original block S and the predicted block P. The value of 1  is also approximate by 

an exponential function of the QP, and the K is equal to 0 for the probable mode and 1 for the 

other modes. These functions manage to reduce the computation complexity at a cost of a 

degradation of performance. Notice that the Lagrangian optimization technique can be 

expressed as 

 min D where J D R       (5.7) 
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where J is named the Rate Distortion (RD) Cost, D is the distortion, R is the number of bits per 

pixels, and   is known as the Lagrange multiplier. If the R-D curve is convex, and both rate 

and distortion are differentiable everywhere, the minimal value of J, for an access unit is 

obtained by setting its derivative to zero as follows 

0
J D

R R


 
  

 
  (5.8) 

Solving Equation (5.8), the value of   is computed by 

D

R



 


  (5.9) 

In JM, the rate-distortion function is derived as follows ([323]): 

  log
b

R D a
D

 
  

 
  (5.10) 

with the parameters a and b whose values depend on the content. Using a uniform distribution to 

estimate the source probability within each quantization interval, one can determine the 

Lagrange multiplier  

 12 3
2

QPD
c

R



   


  (5.11) 

where c is a constant equal to 0.85 ([323]). This value was proposed based on empirical results 

and typical RD models ([27],[323]). In these papers, it is also proposed that λ is a function of 

QP only, and as a result is independent of the content properties. Although this hypothesis 

simplifies the problem, in some cases, it may not yield the optimal λ as macroblocks have 

different perceptual relevance. This has inspired research on how to adapt λ according to video 

content, at sequence, frame and macroblock levels. 

To improve the R-D performance in both mode decision and rate control, the sum of absolute 

integer transform difference (SAITD) have been proposed by Tseng ([393]). The main 

disadvantage of this approach is the bit estimation method whose performance decreases. 

Mohammed in [389] proposes a method for estimation rate cost of the intra and inter mode 

decision, based on the properties of CAVLC and observations of VLC tables. 

Shuijiong Wu et al. describe, in [394],[395],[396], a multi-stage rate control scheme for R-D 

optimized H.264/AVC encoders under CBR video transmission. A frequency-domain 

parameter, designated by mean-absolute-transform-difference (MATD), is introduced to 

represent frame and macroblock (MB) residual complexity (Equation (5.12)), 
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 (5.12) 

with _ 4 4SATD   the value of SATD of each 4×4 block using Hadamard transform, 

_MATD mb  and _MATD f  the MATD values of each macroblock and frame, respectively, 

mbN  the number of macroblocks in one frame, and η is an adaptive coefficient depending on 

the sequence features. MAD is replaced by MATD in the estimation of complexity. This change 

occurs both at frame and macroblock layer because of its slightly better performance in the 

source rate model. In [397], Chen et al. propose an adaptive λ estimation algorithm using a R-D 

model in ρ domain, where ρ is defined as the percentage of zero coefficients among quantised 

transform residuals ([375]). Chen uses R and D models defined as follows 
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D e
 

  

 
 

  

 
  (5.13) 

where   and   are coding constants, 2  is the variance of transformed residuals. Thus, the 

value of   is 

2

ln
D

D R



  

  
     

  
  (5.14) 

where   and   are both coding constants. In [398], Xiang et al. presents a Laplace distribution 

based on a Lagrangian RDO algorithm for one-pass coding. Accurate rate and distortion models 

are first obtained based on Laplace's distribution of transformed residuals. The Lagrange 

multiplier is subsequently computed from the models. A special designed escape method was 

developed when the statistical properties of input sequences cannot be well captured by the 

models. This approach presents good results, but the formula for λ is rather complex and may 

not be easy to implement in practice. Xiang el al. also propose, in [399], a one-pass multi-layer 

RDO algorithm for quality scalable video coding. The goal is to improve the coding efficiency 

while keeping reasonable computational complexity. Xiang proposes to estimate the impact of 

the base layer on the enhancement layer after real coding instead of computing the value. This 

method avoids the heavy computational multi-pass process. 
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Wang and Yang, in [400], and Jiang and Ling in [401] proposed estimating λ at the macroblock 

level instead of using the same value for all macroblocks in an access unit. Following this 

concept, Zhang et al. in [402] introduced the Context Adaptive Lagrange Multiplier (CALM) 

selection method. En-hui Yang and Xiang Yu proposed a Soft Decision Quantization (SDQ) 

algorithm based on the CABAC method ([403],[404],[405]). The SDQ algorithm is used in 

conjunction with the general RDO framework to jointly design motion prediction and residual 

coding for the H.264/AVC main profile coding. The approach presents a high level of 

computational complexity because it uses a full Trellis. It is directed at off-line applications 

such as video delivery. In [406],[407], Marta K. et al. proposed a rate-distortion optimized 

quantization (RDOQ) scheme that aims to estimate a solution for finding the quantised 

coefficients that minimize the RD Cost function for each transform block. The process consists 

of two steps: a Trellis-based optimization process of the quantization operation for transform 

coefficients, and quantizing and coding a block with multiple quantizer step-sizes. The method 

works with both entropy coding methods employed in H.264/AVC, and includes a fast 

algorithm for macroblock level QP decision. Recently, Fu-Chuang Chen and Yi-Pin Hsu, 

proposed in [408] a joint RDO with a novel analytically derived equation for the prediction of 

distortion and a new method for the optimization of QP selection. The distortion prediction 

method avoids the traditional linear regression, reduces prediction error and decreases 

computation costs. Thus, it can be implemented for real-time applications. To further improve 

the performance of block-based transform coding, Xin Zhao et al., in [409], propose the design 

of rate-distortion optimized transform (RDOT) and a fast RDOT, which contributes to both intra 

frame and inter frame coding. In RODT, the transform is implemented with multiple transform 

basis functions (TBF) candidates. These functions are obtained from off-line training. The 

encoder is thus capable of choosing the optimal set of TBF, when coding each residual block, in 

terms of R-D performance, and obtaining better energy compaction in the transform domain. 

The proposal was successfully adopted into the key technical area (KTA) software ([410]). 

However, all these methods ignored the perceptual aspect of the RDO method. A recent line of 

work has focused RDO research towards the distortion metric and its correlation with HVS. 

Although SSD, SAD; SATD, have been extensively adopted as distortion metrics because of 

their simplicity, they do not correlate well with HVS. Thus, they cannot measure the pictures’ 

perceptual distortions very well. As presented in Chapter 2, several perceptual image/video 

quality assessment metrics have been proposed ([64],[109],[112],[128],[163],[164],[184],[185], 

[186],[187],[188],[189],[190],[193],[194],[197],[198],[199],[200],[201],[202]). Recent studies 

show progress in HVS-based video coding methodologies. 
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In [411],[412], Yang et al. explore a perceptually-adaptive video coding (PVC) scheme by 

incorporating a derived image-domain JND profile into the motion prediction loop, and the 

filtering process on the motion compensated residues before DCT coding. Perceptual coding 

quality, measured by peak signal-to-perceptual noise ratio (PSPNR) is improved. In [413], 

Zhongjie Zhu et al. propose to improve JM rate control algorithm, modifying the quadratic RD 

model and incorporating into the rate control algorithm some of the main characteristics of the 

HVS such as contrast sensitivity, multichannel theory, and masking effect. Thus, the QP for 

each macroblock is adjusted according to its visual sensitivity. The quadratic RD model is 

improved based on both empirical observations and theoretical analysis and adapted to be 

2
,

a b
R c

QQ
     (5.15) 

where a, b, and c are model parameters, and they can be computed based on the linear 

regression method. The method still uses the MAD prediction method and presents a higher 

computational load compared with the original algorithm. A foveated JND (FJND) model has 

been proposed by Chen and Guillemot, in [414], in which the spatial and temporal JND models 

are enhanced by taking into account the foveation properties of the HVS. Given that perceptual 

acuity increases with decreased distance, the visibility threshold of the pixel of the image 

increases when the distance between the pixel and the fixation point increases. The FJND model 

is used for macroblock quantization adjustment in an H.264/AVC encoder. For each 

macroblock, the QP is optimized based on its FJND information. The Lagrange multiplier is 

determined to minimise the noticeable distortion of the macroblock. Z. Li et al. present a visual 

attention-based bit allocation strategy for video compression ([415]). Four different categories 

of subjective quality-based video coding methods, according to the way of obtaining attention 

regions, are identified: human-machine interaction methods, machine vision algorithms, 

methods based on knowledge of human psychophysics, and computational neuroscience 

models. Z. Li’s proposal uses a neurobiological model of visual attention that automatically 

predicts high saliency regions in unconstrained input frames to generate an attention map 

(usually called saliency map). The saliency map contains information regarding the location and 

intensity of relevant parts of the image, allowing resources to be allocated in a non-uniform 

manner. Results were assessed using an eye-tracking-weighted PSNR (EWPSNR) measure of 

subjective quality. Sequences were encoded with the JM9.8 encoder, intra period = 30, 

Hadamard transform, UVLC, no fast motion estimation, no B frames, high complexity RDO, no 

restriction on search range, four baseline QPs (24, 28, 32 and 36), and the bit rates range from 

260 kbps to 10Mbps. Fifty video clips (1920x1080) were collected for this experience, and all 

the raw material is available for download. The majority of the encoded video clips achieved 
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better subjective quality compared with standard encoding. Nevertheless, the proposed attention 

prediction model purely depends on the bottom-up low-level features. Naccari and Pereira, in 

[416], have proposed an H.264/AVC-based PVC integrating a decoder side ST-JND (Spatial 

Temporal) model to perceptually modulate the quantization steps for each DCT coefficient. The 

model allows rate allocation to be perceptually performed at the finest level of granularity and 

to avoid extra associated rates to code the varying quantization steps.  

As HVS is very complex, it is hard to achieve perfect perceptually reliable results during rate 

control and video coding ([413],[417]). Thus, because of its performance and simplicity, SSIM 

has been adopted in several RDO proposals. In general, expression (5.7) is rewritten as follows 

   min 1 SSIMJ where J SSIM R        (5.16) 

The Lagrange multiplier can be obtained by determining the derivative of J with respect to R 

and set the result to zero (Equation (5.17)).  

    1
0

SSIM

SSIM

SSIM R SSIMJ

R R R




    
    

  
 (5.17) 

The value of the Lagrange parameter is then obtained by solving the equation (Equation (5.18)). 

   
SSIM

SSIM SSIM Q

R R Q


  
 

  
  (5.18) 

Mai et al. in [418] proposed the use of the SSIM index as a distortion metric for an H.264/AVC 

I-frame encoder. A new Lagrangian multiplier is proposed 

 60 5
1.11 2

QP

Mode


    (5.19) 

where QP denotes the quantization parameter. Results show a small bit rate and perceived 

quality reduction, with a reduced increase in computation complexity. Babu et al., in [419], 

implemented using the same Lagrange multiplier. Simulations were performed integrating the 

algorithm in JM 92 software, QP (10, 20 and 30), and using the first 30 frames of several video 

sequences. A bit rate reduction of between 0.7% and 3% was obtained. Chun et al. in [420] 

proposed an Improved Rate-Distortion Optimization method based on SSIM (IRDO-SSIM) for 

the RDO Inter mode selection process. Motion estimation is performed using SAD to reduce the 

computational complexity, and then RD Cost is computed using SSIM. A new Lagrange 

multiplier is derived as follows 

 11.804 6.8652
2.39

QP

MODE e


    (5.20) 
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Because SAD is used in the motion estimation process, the gain from the RD performance is 

limited for high- or low-motion complexity sequences. A recent approach is to develop R-D 

models to characterize the relationship between rate and distortion in terms of the SSIM index 

([421],[422],[423],[424]). A new R-D model which employs the SSIM index as the quality 

metric can be used in RDO and an optimum bit allocation and rate control scheme developed for 

video coding. One solution is to model using a power function based upon the MSE-RD curve 

([423]). The RD curve can thus be represented by 

 SSIMD R R     (5.21) 

where 1SSIMD SSIM  , and   and    are content-dependent parameters ([422],[423]). With 

the parameters, and a R-D point p of the former encoded picture as a prediction  

v h
SSIM

v h

D D

R R



 


  (5.22) 

where (Rv, Dv) and (Rh, Dh), respectively, are the vertical and horizontal projections of p to the 

MSE-based R-D curve. The algorithm was implemented in JM 15.1 with the following 

simulation conditions for Intra evaluation: Baseline Profile, all frames coded as intra, CAVLC, 

RDO enabled, QP (24, 28, 32, and 36). Results are presented for 12 video test sequences (five 

CIF, three D1, two 720p, two 1080p). Subjective evaluation were performed using the DSCQS 

method. This method has outperformed the JM model. Simulations were also conducted for 

Inter macroblock mode decision. The simulation conditions were as follows: High Profile, GOP 

pattern IPPP, CABAC, RDO enabled, QP (16, 20, 24, 28, 32, and 36). Results are presented for 

24 video test sequences (sixteen CIF, three D1, five 720p). Preliminary results show that for P 

frames, at the same SSIM index, an average value of 10% bit rate reduction was obtained. 

Nevertheless, for B frames, the R-D characteristic varied significantly between frames and the 

model showed prediction difficulties. In [424], Tao-Sheng et al. a RD model using SSIM as the 

quality metric is used, as follows: 

  RD R e      (5.23) 

This model is used for RDO. For QP determination, the authors have adopted the quadratic R-Q 

model employed in the JM model. The Lagrange multiplier follows the slope scheme defined in 

[422],[423]. 
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with   and   the model parameters, and the RD data  ,f fr d  of the previous encoded frame. 

The Lagrange multiplier is determined frame by frame and is used for macroblock mode 

decisions. All the experiments use the JM reference software as the baseline, and the results are 

compared with the MSE based RDO adopted in the JM reference software and also with the 

perceptual-based RDO described in [422],[423]. The proposals were integrated in JM15.1 with 

only the rate control module changed. The experimental configurations were the following: 

High profile, the first 150 frames of 13 video sequences (eleven CIF and two D1), RDO 

enabled, search range ±32, fast motion estimation EPZS on, CABAC on, GOP pattern IPPP, 11 

macroblocks per basic unit for CIF sequences and 15 for D1 sequences, a key frame every 30 

frames. The SSIM gain is positive while the PSNR varies between positive and negative values. 

This result is normal as the encoders do not optimize decision mode against PSNR. The level of 

computational complexity is reported to increase. 

In a very recent paper (not published at the time of writing), Shiqi Wang et al. proposed an RDO 

scheme based on a novel reduced-reference statistical SSIM (RR-SSIM) ([417],[425]). The idea 

is to use an assessment method that requires only a set of RR features extracted from the 

reference frame for SSIM estimation. The RR-SSIM metric was first proposed in [426] and it 

has been reported to achieve high SSIM estimation accuracy. Nevertheless, it is based on a 

multi-scale multi-orientation Divisive Normalization Transform (DNT), which implies high 

computational complexity. The authors proposed an adaptation of the approach presented in 

[426] by instead extracting features from the DCT coefficients ([427]). Channappayya et al. 

([427]) introduced the FR DCT domain SSIM index as follows. 
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where X(k) and Y (k) represent the DCT coefficients for the input signals x and y, respectively. 

The new RR-SSIM is thus defined as 
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where σi is the standard deviation of the ith subband and N is the block size ([417]). Di 

represents the MSE between the original and distorted frames in the ith subband, and is 

calculated as follows 
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where γ is the rounding offset in the quantization. A new rate model that combines the side 

information with the entropy of the transformed residuals is proposed and reported to present 

good results with the exception being at low bit rates. At the macroblock level, the Lagrange 

parameter is further adjusted based on a spatiotemporal weighting factor. Simulations were 

performed by integrating the mode selection scheme in JM15.1 with the following coding 

configurations ([420]): all available inter and intra modes enabled, five references frames, one I 

frame followed by 99 inter frames, high complexity RDO, the fixed QP are set from 28 to 40, 

and two GOP structures IPP and IBP. Rate reduction is 14% for IPP GOP pattern and 8% for 

IBP GOP pattern. The reason for this difference could be that the parameter estimation scheme 

is not very accurate for this type of GOP pattern. The lower results with B frames need further 

research. 

In the majority of the current and emerging practical real-world visual communication 

environments, FR methods have a limited application as reference signals are not accessible at 

the receiver side (or in some cases not at all) ([428]). Thus, a solution based on the use of RR 

and NR image quality assessment metrics that operate with little or no reference signal 

information at all; is rather interesting. VQEG experience shows that progress in this field has 

been slow. RR metrics based on the SSIM index ([429],[430]) or NR metrics such as NORM 

(NO-Reference Video Quality Monitoring) ([431],[432]) are some of the examples of current 

proposals for Image Quality Assessment. The integration of these metrics within a video 

encoder is still a difficult challenge. In summary, to optimize a video encoder, the rate-distortion 

optimization techniques play a very important role. R-D models are functions that predict the 

expected distortion at a given bit rate. This is very important for joint video coding applications 

that attempt to optimize quality, e.g. minimize distortion, in environments where the channel 

conditions vary dynamically or the number of broadcast programmes varies through time. Most 

of the work presented focuses on the frame and macroblock layer. For the joint coding of video 

sequences it is important to compare different R-D models, using traditionally fidelity criterion 

and perceptual image quality metrics. 
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5.3 Rate-Distortion Modelling 

In this section, several R-D models will be presented and evaluated. The next section will focus 

on the bit rate variability as a function of video quality ([433],[434]). This type of analysis is 

characteristic of a communication network perspective. The goal is to find an R-D model that 

can be use to support the allocating of video bandwidth when different video programmes are 

jointly encoded. 

5.3.1 Source Materials and Test “Methodology” Configurations 

This section will describe the source material used in all the simulations conducted in Chapter 5 

and Chapter 6. Next, brief comments will be presented on how GOP structures can be 

“produced” in H.264/AVC, quality metrics and encoder configurations. 

5.3.1.1 Test Video Sequences  

Selecting a representative set of video sequences is a crucial step in evaluating and analysing the 

performance of R-D models. A homogeneous set of video sequences may generate biased 

comparison results, because some models may perform especially well under certain sequences. 

Two key features are used to characterise video sequences: spatial complexity and temporal 

complexity  

 

 a) Akiyo  b) Coastguard c) Deadline d) Flower Garden 

 

 e) Football f) Foreman g) Hall h) Mobile & Calendar 

 

 i) News j) Paris k) Silence l) Mother & Daughter 

Figure 5.3 – Video Test Sequences 
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Usually, the first feature is measured by averaging all neighbourhood differences in the same 

frame while the second by averaging neighbourhood differences between adjacent frames 

([435]). The set of test video sequences is composed of twelve CIF video sequences, frame rate 

of 30 pictures per second, with a duration of 10 seconds (Figure 5.3) ([436]). The set of video 

sequences ranges from sequences with low complexity (low spatial and temporal complexity 

values) to sequences with higher complexity values. It follows a brief description of the 

sequences. 

In seven video sequences, the position of the camera is fixed: Akiyo (aki), Deadline (dea), Hall 

(hal), Mother and Daughter (mad), News (new), Paris (par) and Silence (sil). In the Akiyo 

sequence, the camera is centered on a human subject with a synthetic background (a female 

anchor reading the news). The movements are very limited, mainly head movements in front of 

a fixed camera. In the Deadline, Mother and Daughter and Paris sequences the camera is still 

fixed but there is more movement of the bodies and heads. This is typical videoconferencing 

content. In the News sequence two reporters, a male and a female anchor, read the news in front 

of a fixed camera in a newsroom while in the background, two dancers execute movements. 

Hall’s sequence is an example of a video supervision, with a stationary camera and two moving 

persons: one person entering from the left with a briefcase and then leaving the hall. In the 

middle of the sequence a second person enters the hall from the right and then grabs a monitor. 

In the Silence sequence, one can observe a fast-moving subject executing deaf gesture language.  

The Foreman sequence (for) contains the head of a person talking and geometric shapes. Fast 

camera movement and content motion with a pan to a construction site at the end characterise 

this sequence. The main characteristics of the Flower Garden sequence (flg) is the slow and 

steady camera panning over the landscape; the spatial and the colour detail. Coastguard 

sequence (cgd) was shot as pan movements. The camera follows the movement of two boats 

(the first starting from right and moving to the left and the second boat moving in the opposite 

direction). The Mobile and Calendar (mcl) sequence is characterised by the slow panning and 

zooming of the camera, complex motion, high spatial and colour detail. The Football sequence 

(fot) is also characterised by fast and complex motion movements of the camera and the level of 

detail of the scene. This is a very diverse set of video sequences in terms of spatial and temporal 

complexity.  

5.3.1.2 GOP Structure  

To study the performance of a rate control algorithm, a comprehensive set of simulations needs 

are run on different video sequences with various encoding parameters. Two relevant 

parameters in the MPEG video standards family are the selection of GOP length and GOP 
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pattern. These parameters can have a huge effect on a video network. In a short GOP, a small 

number of frames occurs between consecutive I frames. The shortest GOP is composed of one I-

frame. Thus, if a GOP is very short then the encoded video sequence will have a high number of 

Intra pictures. As I pictures are not as efficient at encoding data as are P pictures or B pictures, 

quality will be reduced and more channel bandwidth will be necessary. A short GOP is used 

when the video sequence contains a huge amount of motion, or when the video stream is 

broadcasted in a noisy environment ([437]). In a long GOP, fewer I-frames are used so fewer 

bandwidth is required, and more video streams can be broadcasted. GOP length and GOP 

pattern have a considerable impact on the visual quality of a coded video programme. However, 

as mentioned previously, the AVC/H.264 Standard does not define GOP. Thus, although the 

expression GOP in relation to H.264/AVC is widely used by the video coding community, it 

remains as a loosely specified expression of the key concept similar to the one provided in 

previous MPEG standards ([307],[437]).  

In addition, the length or the pattern of a GOP is not fixed. Usually, a GOP contains one Intra 

coded picture (an IDR or I picture), and an arbitrary number of inter coded pictures. The 

selection of these parameters depends on application requirements.  

Random access is vital in compressed video delivery systems such as DBV or IPTV for 

changing channel, bitstream splicing or trick modes ([307]). As a result, recommended 

procedures on how to use these parameters is central for the success of digital video 

applications. When a user selects a new channel, one enters the video bitstream at a random 

location. Pictures that use prediction based on previous broadcasted pictures cannot be correctly 

decoded. This problem continues until the next picture coded as Intra. Thus, encoding a picture 

in Intra mode at regular intervals is recommended. The distance between two Intra coded (I or 

IDR) pictures defines the channel-changing time. Typically, in broadcast environments, the 

GOP length is selected corresponds to half a second or one second. Half of a second is equal to 

12 frames in Europe and 15 frames in USA (standard digital television frame rate in Europe is 

25 fps, and in USA 30 fps). In DVD playback or Video on Demand services, a longer distance 

between I frames is used as fast channel change is not a priority. 

Nevertheless, not all the pictures arriving after an Intra coded picture can be decoded properly. 

In some cases, pictures in one GOP use pictures in the preceding GOP as a reference. Thus, 

each GOP cannot be decoded fully and displayed as an independent entity. This type of GOP 

structure is called Open GOP. Another type of GOP structure is the Closed GOP. In this case, it 

can be decoded as an independent entity. A closed GOP may be obtained when only pictures 

that arrive after the Intra coded picture are used as reference, and if the last picture in a GOP is 

encoded in predicted mode similar to P type of pictures. Note that in H.264/AVC, both P and B 



146 Chapter 5. Rate Distortion Modeling for H.264/AVC 

 

 

slices can use multiple pictures as references, so this problem is more complex than in previous 

standards like MPEG-2. It has been proposed, as a solution to this problem, that P slices should 

not be allowed to be used as reference pictures that precede the Intra coded picture ([307]). This 

constrain will result in a small loss of coding efficiency for those P slices that are next to the 

Intra coded pictures ([438]).  

Another difference regarding the previous standards is that B slices can be used as reference, 

and thus improve the motion estimation in those pictures. Generally, B slices are used as local 

references (by neighbouring B pictures), so that they can be quantised to a higher degree than 

the P pictures ([307]). In this type of GOP pattern, more B pictures can be used. Thus, a wider 

motion search range is used for P pictures as they are farther apart. 

As above mentioned, in some cases a low delay structure for real-time applications is required. 

In those cases, a GOP structure based on Intra coded slices and P coded slices is used. B slices 

can also be used if their references are limited from pictures in the past. A vast number of GOP 

structures can be formed by using different combinations of the different types of pictures. It is 

impossible to cover all possible combinations in this section. In our simulation the Open GOP 

variable was disabled. In a simple application, such as reading from a DVD, this issue is not 

relevant. However, in a real application environment such as digital TV, where bitstream 

splicing, random access, special effects (fast forward, reverse etc.) and transcoding may be 

performed, Close GOP is preferred. 

5.3.1.3 Codec Configuration 

Simulations were performed with the H.264/AVC JM version 11.0 reference software 

([169],[170]). Source code was compiled with Microsoft Visual C++. Changes in the source 

code were performed to extract data from the input video sequence, including the computation 

of perceptual metrics, permitting synchronization of the different video encoders so that rate 

control can be performed together. Chapter 6 methods were implemented, in Matlab. 

GOP Pattern IntraPeriod Number of B Frames Pattern 

IBBP_GOP1 10 2 IBBPBBPBBPBBPBBPBBPBBPBBPBBPBB 

IBBP_GOP2 4 2 IBBPBBPBBPBB 

IPPP_GOP1 4 0 IPPP 

IPPP_GOP2 10 0 IPPPPPPPPP 

Table 5.1 – Evaluated GOP Patterns 

Table 5.1 presents the four GOP structure used in simulations. Each video test sequence was 

encoded with common parameters defined in Table 5.2.  
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Testing Platform JM reference software encoder, version 11.0 

Profile/Level IDC (77,40) Main Profile  

MV resolution  1/4 pixel 

Search range  ±32 

Intra prediction mode  All 

Inter prediction mode  All 

RD-Optimization  Enabled 

Hardamard  ON 

Symbol Mode  CABAC 

UseFME UMHexagonS 

Table 5.2 – Test Coding Conditions 

The NumberReferenceFrames was set to one in the case of IPPP simulations and two in the case 

of IBBP simulations. Each video test sequence was encoded in two modes: Open loop 

(RateControlEnable Disabled, fixed QP with values ranging from 10 up to 42) and Constant Bit 

Rate (RateControlEnable Enabled with values of 64kbps, 128kbps, 256kbps, 384kbps, 512kbps, 

640kbps, 768kbps, 1024kbps, 1536kbps, and 2048kbps). The goal was to build R-D curves (R-

QP, D-QP, and R-D). During the simulations, several quality metrics were used on different 

occasions: Peak signal-to-noise ratio (PSNR) and the Mean Square Error (MSE), Sum of 

Squared Differences (SSD), Mean Absolute Difference (MAD), and Sum of Absolute 

Differences (SAD) 
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where H and W are the height and the width of the image frame, and p(x, y) and  ˆ ,p x y  

represent the “original” and the reconstructed image frame pixels at (x, y). These metrics have 

been subject to a large amount of criticism for not correlating well with HVS ([193],[439]) as 

they cannot signify the exact perceptual quality, since they are based on a pixel to pixel 
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difference calculation and ignore human perception and viewing conditions. A similar study 

based on SSIM and on JND is presented in the following sections. 

5.3.2 Rate-Distortion Modelling based on PSNR  

The first R-D model to be assessed was the R-D model using PSNR as the fidelity criterion. The 

R-D graphs obtained for the video sequences Akiyo, Foreman and Football, in an open loop, are 

shown in Figure 5.4 (bit rate axis is in a logarithm scale). It can be seen that a proportional 

relationship exists between Bit Rate and Picture Quality, and that quality depends on the video 

nature: for the same bit rate, low complexity sequences present higher values of quality and 

vice-versa. This behaviour occurs in all the different GOP patterns. Figure 5.5 provides graphic 

representation for R-D data at Constant Bit Rate for the same three video sequences using JM 

rate control. In this case, a relationship between bit rate and quality can be observed.  

Annex A provides additional information regarding bit rate and picture quality as a function of 

the quantisation parameters (varying from 10 to 42) and temporal data (the chart is plotted for 

the 300 frames). First observations point to a linear relationship between the quality and 

quantisation parameters and a non-linear relationship between the bit rate and quantisation 

parameters. Nevertheless, the next step is to validate these assumptions and find the best ways 

to represent these relationships using mathematical models. 

Frequently, data can be noisy in its nature. Thus, recognizing trends in the data is important 

([440]). One of the available methods for data analysis and identifying existing trends in 

physical systems is curve fitting. The concept of curve fitting is rather simple: to use a function 

to describe a trend by minimizing the error between the selected function to fit and a set of data 

([440]). The principle of least squares is applied to the fitting of a line to (x, y) data.  

This principle has been used to estimate the quantiser and it is incorporated into the process of 

building rate-quantisation (R-Q) models using mathematical functions such as polynomial 

(including linear and quadratic) ([23],[25],[57],[441]), spline ([442]), logarithmic ([22],[443]), 

power ([24],[444]), etc. Yang et al. ([445]) proposed a more complex model that combines a 

logarithmic and a quadratic model. Most of the models only consider the rate function, and 

often implicitly assume that distortion is a linear function of the quantisation scale. This work 

has been extended to include D(QP) implementing several methods in order to compare their 

results. In fact, the goal is to model the quality versus quantisation step relationship and then to 

evaluate the different approaches to quality metric. It is presumed that there is an inverse 

relationship between quality and distortion.  
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Figure 5.4 – R-PSNR curve (Akiyo, Foreman, Football; OpenLoop) 

 

   

Figure 5.5 – R-PSNR curve (Akiyo, Foreman, Football; FixeRate) 
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Before fitting data into a function that models the relationship between two measured quantities, 

it is normal procedure to determine if a relationship exists between these quantities. It was 

decided to use the correlation method to assess the degree of probability that a relationship 

exists between two measured quantities ([440]). In the case of no correlation between the two 

quantities, then there is no tendency for the values of one quantity to increase or decrease with 

the values of the second quantity. To evaluate the quality of the fit, the sample correlation is 

used that represents the normalised measure of the strength of the linear relationship between 

variables ([440]): 
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where r is a matrix of correlation coefficients [440]. The sample correlation always lies in the 

interval from -1 to 1. A value of r near to positive one or negative one is interpreted as 

indicating a relatively strong relationship and r near to zero is inferred as indicating a lack of 

relationship. The sign of r indicates whether y tends to increase or decrease with the increase of 

x. 

Correlation coefficients between Bits Frames and Quality Metric (PSNR)  

 IBBP GOP1 IBBP GOP2 

Sequence I Type P Type B Type I Type P Type B Type 

Aki 0,8380 0,8470 0,9016 0,8645 0,8447 0,9034 

Cgd 0,9210 0,9136 0,9595 0,9180 0,9139 0,9609 

Dea 0,8853 0,8909 0,9303 0,8943 0,8878 0,9318 

Flg 0,9137 0,9035 0,9349 0,9147 0,8962 0,9342 

For 0,8964 0,8881 0,9197 0,8968 0,8836 0,9197 

Fot 0,9588 0,9557 0,9691 0,9567 0,9550 0,9695 

Hal 0,8154 0,7972 0,8589 0,8003 0,7936 0,8628 

Mad 0,8797 0,8666 0,9124 0,8653 0,8645 0,9129 

New 0,9554 0,9081 0,9511 0,9091 0,9128 0,9524 

Par 0,9455 0,9435 0,9638 0,9461 0,9434 0,9651 

Sil 0,9451 0,9412 0,9567 0,9419 0,9421 0,9576 

Mcl 0,9356 0,9272 0,9470 0,9329 0,9250 0.9488 

Table 5.3 – Correlation coefficients between Bits Frames and Quality Metric (PSNR) for different 
H.264/AVC video sequences (IBBP GOP1 and IBBP GOP2) 
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Correlation coefficients between Bits Frames and Quality Metric (PSNR)  

 IPPP GOP1 IPPP GOP2 

Sequence I Type P Type I Type P Type 

Aki 0.8962 0.9170 0.9107 0.9065 

Cgd 0.9608 0.9617 0.9615 0.9609 

Dea 0.9304 0.9406 0.9354 0.9348 

Flg 0.9555 0.9586 0.9567 0.9572 

For 0.9268 0.9333 0.9326 0.9289 

Fot 0.9659 0.9686 0.9649 0.9665 

Hal 0.8540 0.8848 0.8598 0.8646 

Mad 0.9019 0.9200 0.9225 0.9121 

New 0.9353 0.9492 0.9526 0.9391 

Par 0.9609 0.9668 0.9627 0.9630 

Sil 0.9605 0.9662 0.9613 0.9621 

Mcl 0.9584 0.9715 0.9615 0.9636 

Table 5.4 – Correlation coefficients between Bits Frames and Quality Metric (PSNR) for different 

H.264/AVC video sequences (IPPP GOP1 and IPPP GOP2) 

Equation (5.34) was computed for all the twelve sequences, and results were obtained according 

to the different Picture Type and GOP pattern (Table 5.3 and Table 5.4). Hence, the hypothesis 

of a relationship between PSNR and Rate was assessed. Results are very high for all the video 

sequences and GOP patterns, near to positive one, clearly indicating that a strong positive linear 

relationship is evident. The next step is thus to select which curve fitting functions should be 

assessed. Due to its simplicity, the first to be selected is one of the most commonly used 

techniques: the fitting of a straight line to a set of bivariate data generating a linear equation 

such as (5.35) ([440]): 

0 1Linear y x    (5.35) 

A natural generalization of equation (5.35) is the polynomial equation (5.36) 

2

0 1 2Polynomial ... k

ky x x x         (5.36) 

The goal is thus to minimise the function of k + 1 variables 
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by selecting the coefficients 0 1 2, , ,..., k     ([440]). On setting the partial derivatives of S(

0 1 2, , ,..., k    )equal to zero and doing some simplifications, the normal equations for this 

least square’s problem is obtained: 
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Solving the system of k+1 linear equations presented in (5.38) it is typically possible to obtain a 

single set of values S(
0 1 2, , ,..., kb b b b ) that minimises S(

0 1 2, , ,..., k    ). Polynomials are 

often used when a simple empirical model is required. One of the most known polynomial 

models is the quadratic model (also included in the study) (5.39): 

2

0 1 2Quadratic y x x      (5.39) 

It was decided, to compare with the solution available in the literature, to extend the models and 

thus include the logarithmic (5.40), the exponential(5.41), the power (5.42) and the linear with 

nonpolynomial model (LNP) (5.43). 

0Logarithmic logy x   (5.40) 

1

0Exponential xy e  (5.41) 

2

0 1Power y x    (5.42) 

0 1 2Linear with nonpolynomial x xy e xe       (5.43) 

After selecting these six models, the average absolute error was computed when trying to model 

the relationship between the bit rate and quantisation parameter (QP), PSNR and quantisation 

parameters, and bit rate and PSNR regarding the picture type using each of the six models for all 

the GOP patterns. The procedure described in Figure 5.6 was implemented. Results are 

presented in Table 5.6 and Table 5.6. Annex B presents results for all video sequences. 

Fit Method 
IPPP GOP1 IPPP GOP2 IBBP GOP1 IBBP GOP2 

I Type P Type I Type P Type I Type P Type B Type I Type P Type B Type 

Linear fit 1285 1110 2114 807 4290 1166 965 2453 1264 1051 

Quadratic fit 231 154 361 128 1002 328 196 614 363 200 

Exponential fit 542 505 864 358 1584 410 396 872 442 436 

Logarithmic fit 996 762 1603 590 3329 980 740 1976 1065 782 

Power Regression 1023 1045 1712 712 3255 747 780 1725 778 880 

LNP fit 1606 2344 2998 1389 6326 802 1377 2830 856 1760 

Table 5.5 – Mean Absolute Error for Rate-QP curve fitting 
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Fit Method 
IPPP GOP1 IPPP GOP2 IBBP GOP1 IBBP GOP2 

I Type P Type I Type P Type I Type P Type B Type I Type P Type B Type 

Linear fit 0.05 0.03 0.08 0.03 0.18 0.06 0.04 0.11 0.06 0.04 

Quadratic fit 0.02 0.01 0.03 0.01 0.06 0.02 0.01 0.04 0.02 0.01 

Exponential fit 0.05 0.03 0.08 0.03 0.15 0.05 0.03 0.10 0.06 0.04 

Logarithmic fit 0.08 0.04 0.12 0.04 0.20 0.07 0.05 0.13 0.08 0.05 

Power Regression 0.14 0.08 0.22 0.07 0.35 0.12 0.08 0.22 0.13 0.08 

LNP fit 0.77 0.45 1.23 0.41 2.10 0.70 0.47 1.31 0.76 0.47 

Mean Absolute Error for PSNR-QP curve fitting 

Fit Method 
IPPP GOP1 IPPP GOP2 IBBP GOP1 IBBP GOP2 

I Type P Type I Type P Type I Type P Type BI Type I Type P Type B Type 

Linear fit 9789 13947 10153 11387 11411 9470 11659 10344 9421 12543 

Quadratic fit 1548 1845 1576 1652 2045 1976 1914 1908 2013 1970 

Exponential fit 6954 11853 7034 8854 9265 6966 9087 8261 6726 10193 

Logarithmic fit 11497 17611 12097 13859 13586 10704 13852 12030 10613 15178 

Power Regression 4541 7258 4312 5525 5788 4655 5934 5321 4616 6574 

LNP fit 25074 50461 27787 35324 33094 19738 32635 26451 19489 38917 

Mean Absolute Error for Rate-PSNR curve fitting 

Table 5.6 – Mean Absolute Error for PSNR-QP and Rate-PSNR curve fitting 

 

1. for each method do 

2. square error R(QP)(Picture Type) = 0; 

3. square error D(QP)(Picture Type) = 0; 

4. for each frame in the sequence do 

5.  for each QP do 

6.   Extract Statistics [Bits, PSNR, Picture Type]; 

7.  endfor 

8.  Estimate the parameters of the model for R(QP) (Picture Type); 

9.  Compute the square error R for each D value (Picture Type); 

10.  Update the accumulative squared error R(Picture Type); 

11.  Estimate the parameters of the model for D(QP) (Picture Type); 

12.  Compute the square error D for each D value (Picture Type); 

13.  Update the accumulative squared error D(Picture Type); 

14.  Estimate the parameters of the model for R(D) (Picture Type); 

15.  Compute the square error R for each D value(Picture Type); 

16.  Update the accumulative squared error R_D(Picture Type); 

17. endfor 

18. endfor 

Figure 5.6 – Pseudo code for R-D model fitting 
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Several observations can be made from the results. Firstly, regarding accuracy, the lowest and 

highest results are obtained with the linear with nonpolynomial model and the quadratic 

approach respectively. The second observation is that the accuracy of all models varies with the 

level of complexity of the video source data. The accuracy of the results increases in video 

sequences with low complexity levels while it decreases for sequences with higher complexity 

values. Third observation: GOP pattern has an impact on the average of the absolute error for 

the different type of pictures. Nevertheless, this value, for most of the models except for the 

linear with nonpolynomial model, is rather small. 

Sequence Fit Method Rate-QP PSNR-QP Rate - PSNR 

I Type P Type I Type P Type I Type P Type 

Akiyo Linear fit 237 406 0.03 0.02 2128 6295 

Quadratic fit 65 62 0.01 0.01 635 1175 

Exponential fit 79 46 0.07 0.04 761 718 

Logarithmic fit 185 269 0.11 0.07 2369 7386 

Power Regression 91 211 0.16 0.10 1024 1751 

LNP fit 329 856 0.75 0.44 5755 22485 

Foreman Linear fit 1052 1076 0.05 0.03 8368 13411 

Quadratic fit 288 209 0.01 0.01 1917 2238 

Exponential fit 320 449 0.05 0.03 2658 10807 

Logarithmic fit 866 780 0.08 0.04 9314 16117 

Power Regression 317 831 0.12 0.07 3151 7614 

LNP fit 930 1872 0.70 0.41 19274 44875 

Football Linear fit 1864 1393 0.07 0.04 13364 15256 

Quadratic fit 324 194 0.02 0.01 1931 2186 

Exponential fit 394 377 0.04 0.02 8330 15092 

Logarithmic fit 1370 981 0.05 0.03 15922 19000 

Power Regression 1191 1007 0.10 0.05 4711 9574 

LNP fit 2831 2481 0.68 0.39 38402 55186 

Table 5.7 – Absolute error for Rate-QP, PSNR-QP and Rate-PSNR curve fitting (IPPP GOP1) 
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Sequence Fit Method Rate-QP PSNR-QP Rate - PSNR 

I Type P Type I Type P Type I Type P 
Type 

Akiyo Linear fit 462 228 0.03 0.01 2620 3879 

Quadratic fit 108 43 0.02 0.01 671 828 

Exponential fit 111 39 0.10 0.04 627 687 

Logarithmic fit 339 157 0.17 0.06 2985 4504 

Power Regression 212 112 0.25 0.09 974 1252 

LNP fit 791 451 1.18 0.40 8110 13199 

Foreman Linear fit 1776 717 0.09 0.03 8771 10188 

Quadratic fit 460 169 0.02 0.01 1804 2044 

Exponential fit 434 277 0.07 0.02 2585 6455 

Logarithmic fit 1444 550 0.11 0.04 9857 11844 

Power Regression 542 450 0.19 0.06 2680 5056 

LNP fit 1707 1045 1.11 0.37 21255 29684 

Football Linear fit 3043 1068 0.11 0.04 13687 13833 

Quadratic fit 532 179 0.03 0.01 2111 2059 

Exponential fit 664 250 0.07 0.02 8938 10504 

Logarithmic fit 2212 774 0.09 0.03 16452 16704 

Power Regression 1974 711 0.16 0.05 5008 6378 

LNP fit 4872 1722 1.09 0.36 40679 43617 

Table 5.8 – Absolute error for Rate-QP, PSNR-QP and Rate-PSNR curve fitting (IPPP GOP2) 

Sequence Fit Method 
Rate-QP PSNR-QP Rate - PSNR 

I Type P Type B Type I Type P Type B Type I Type P Type B Type 

Akiyo 

Linear fit 1063 115 221 0.05 0.02 0.01 3554 1101 3211 

Quadratic fit 190 46 51 0.04 0.02 0.01 787 467 821 

Exponential fit 218 56 44 0.17 0.06 0.04 689 561 694 

Logarithmic fit 707 99 163 0.28 0.10 0.07 4164 1173 3649 

Power Regression 605 37 96 0.42 0.14 0.10 1134 683 1129 

LNP fit 2269 65 368 2.04 0.68 0.46 12646 2065 9806 

Foreman 

Linear fit 2736 726 767 0.14 0.04 0.03 8112 6506 9608 

Quadratic fit 894 312 209 0.06 0.02 0.01 2140 2286 2200 

Exponential fit 1123 389 286 0.11 0.05 0.03 2798 2561 5044 

Logarithmic fit 2175 634 605 0.19 0.08 0.04 9144 7028 10961 

Power Regression 1132 265 428 0.32 0.12 0.07 3557 3533 4228 

LNP fit 3396 414 970 1.92 0.66 0.43 22550 12363 25987 

Football 

Linear fit 5893 1564 1368 0.21 0.07 0.05 14309 12830 15554 

Quadratic fit 1038 289 241 0.07 0.03 0.02 2248 2243 2346 

Exponential fit 1779 558 369 0.12 0.04 0.03 12625 8303 11469 

Logarithmic fit 4261 1179 991 0.15 0.06 0.04 17668 15125 18796 

Power Regression 4411 1254 962 0.28 0.10 0.06 7311 4577 6842 

LNP fit 9912 2162 2207 1.95 0.67 0.43 45468 33470 47853 

Table 5.9 – Absolute error for Rate-QP, PSNR-QP and Rate-PSNR curve fitting (IBBP GOP1) 
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Sequence Fit Method 
Rate-QP PSNR-QP Rate - PSNR 

I Type P Type B Type I Type P Type B Type I Type P Type B Type 

Akiyo 

Linear fit 467 120 296 0.04 0.03 0.02 2452 1056 4331 

Quadratic fit 109 49 58 0.03 0.02 0.01 644 447 939 

Exponential fit 118 59 48 0.12 0.07 0.04 606 547 740 

Logarithmic fit 328 104 206 0.19 0.12 0.07 2835 1124 5009 

Power Regression 247 38 142 0.27 0.16 0.10 897 664 1358 

LNP fit 915 67 568 1.29 0.75 0.46 8218 1961 14468 

Foreman 

Linear fit 1559 768 861 0.08 0.04 0.03 7387 6307 10540 

Quadratic fit 565 331 206 0.04 0.02 0.01 2144 2255 2173 

Exponential fit 677 430 342 0.09 0.05 0.03 2361 2753 6879 

Logarithmic fit 1297 671 652 0.15 0.09 0.05 8159 6801 12310 

Power Regression 544 296 575 0.23 0.14 0.08 3318 3672 5214 

LNP fit 1517 431 1315 1.24 0.72 0.44 17604 11880 31947 

Football 

Linear fit 3228 1714 1428 0.12 0.07 0.05 13308 12846 15837 

Quadratic fit 547 328 237 0.04 0.03 0.02 2263 2280 2469 

Exponential fit 1047 609 398 0.08 0.05 0.03 10027 8032 12944 

Logarithmic fit 2368 1295 1024 0.11 0.06 0.04 16052 15114 19319 

Power Regression 2510 1357 1031 0.20 0.11 0.06 5714 4359 7924 

LNP fit 5049 2352 2398 1.27 0.73 0.44 38424 33451 51582 

Table 5.10 – Absolute error for Rate-QP, PSNR-QP and Rate-PSNR curve fitting (IBBP GOP2) 

The video sequence results can be analysed individually, according to model fit, picture type, 

and GOP pattern for the different rate-distortion-quantisation models (full data in Annex B). 

Of the twelve video sequences, quadratic approach presents the best results for nine and ten 

video sequences when modelling respectively Intra and P pictures using IPPP GOP patterns. As 

for IBBP1 GOP1 and IBBP GOP2 results, quadratic approach also presents the smallest error in 

most cases (regarding I, P and B slice-coding, of the twelve video sequences, quadratic 

approach is the best results in respectively 11, 6 and 8 video sequences for IBBP GOP1 and 10, 

6 and 10 for IBBP GOP2). Therefore, quadratic approach, for most cases, presents the smallest 

error regarding Rate-QP curve fitting.  

Exponential fit and power regression present also good results, particularly for GOP patterns 

containing B images and for video sequences containing low to medium level of spatial and 

temporal complexity. In these cases, the quadratic approach is usually the second best approach. 

In addition, quadratic approach presents, on average, the best results when modelling Rate-

PSNR. Of the twelve video sequences encoded with IPPP GOP1 pattern, quadratic performance 

is the best in eleven cases, for both I and P frame types. Similar results can be observed for IPPP 

GOP2 pattern, IBBP GOP1 and IBBP GOP2. Thus, quadratic approach is the best approach, 

particularly for video sequences encoded with IPPP GOP pattern.  
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Very good results were obtained, for all the different methods, when one analyse quality versus 

the quantisation parameter. Linear fit results are quite interesting, as absolute error is rather 

small, particularly for low complex video sequences, and the approach presents a low 

complexity. These results indicate that aggregate video results might be represented by the 

following equations: 

2

0 1 2R QP QP      (5.44) 

2

0 1 2PSNR QP QP          (5.45) 

2

0 1 2R PSNR PSNR          (5.46) 

5.3.3 Rate-Distortion Modelling based on JND 

This section will analyse the R-QP, D-QP, and R-D using as the fidelity criterion 
JNDSAD , 

JNDSSD  and PSPNR. 
JNDSAD  and 

JNDSSD  are determined using the following equations:  

1 1
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JND JND

x y

SAD e x y
 

 

  (5.47) 
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  (5.48) 

where H and W are the height and the width of the image frame, and ( , )JNDe x y  is defined by 

Equation (2.33) and ( , )x y  by Equation (2.34). Tests were performed using the same set of 

test video sequences (twelve CIF video sequences), with a duration of 10 seconds. 

Simulations were performed with the JM reference software for the H.264/AVC Main profile 

([317]). The JND module was implemented in Matlab. In order to be able to compare results 

simulations were run for all the four GOP patterns. Global simulations parameters are defined in 

section 5.3.1. Each video test sequence was encoded in two modes:simulation's(fixed QP with 

values ranging from 10 up to 42) and Constant Bit Rate (Fixed Rate - 64kbps, 128kbps, 

256kbps, 384kbps, 512kbps, 640kbps, 768kbps, 1024kbps, 1536kbps, and 2048kbps).  

First results are presented as R-D charts for each of three quality metrics: JNDSAD  (Figure 5.7), 

JNDSSD  (Figure 5.8) and PSPNR (Figure 5.9), for all GOP Patterns and Fixed QP.  

Although simulations were performed for all the twelve sequences, results are represented for 

Akiyo, Football and Foreman (a sequence with low spatial and temporal complexity, a sequence 
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with high spatial and temporal complexity and a sequence with levels in between) in order to 

avoid an overflow of data. 

The first observations point to a non-linear relationship between the quality and the quantisation 

parameter. Regarding 
JNDSAD  (Figure 5.7) this relation is monotonically, strictly decreasing, 

regardless of the GOP pattern or video sequence. Similar behaviour is observed for 
JNDSSD  

(Figure 5.8). Regarding PSPNR, the relationship is monotonically, strictly increasing (Figure 

5.9). It is worth noting that the relationship between PSPNR and 
JNDSAD  and 

JNDSSD  is 

inversely proportional. Therefore, PSPNR measures the quality, while 
JNDSAD  and 

JNDSSD   

measure distortion. As observed in previous sections, Akiyo for the same quantisation parameter 

presents the highest quality level, the lowest distortion level and generated number of bits. 

The next step is to determine if a relationship exists between these quantities. It was decided to 

use the correlation method to confirm the degree of probability that a relationship exists 

between two measured quantities ([440]) as described in more detail in Chapter 2. Average 

values of the correlation coefficient for rate-distortion and distortion-quantisation, regarding the 

three quality metrics 
JNDSAD , 

JNDSSD  and PSPNR, for all the twelve video test sequences, 

and according to each picture type, are presented in Table 5.11, Table 5.12, Table 5.13 and 

Table 5.14. 
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Figure 5.7 – Rate-distortion curve (SAD_JND; Akiyo, Foreman, Football) 

 

Figure 5.8 – Rate-distortion curve (SSD_JND; Akiyo, Foreman, Football) 
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Figure 5.9 – Rate-distortion curve (PSPNR; Akiyo, Foreman, Football) 

There are two ways of viewing independent variation. One is that the less distinct and related 

the covariation is then the greater dependence will be. Then, a value of -1.00 or 1.00 indicates 

full dependence, and zero correlations represent complete independence. Independence viewed 

in this way is called statistical independence. Two variables are then statistically independent if 

their correlation is zero. There is another view of independence, called linear independence that 

looks at dependence or independence as a matter of presence or absence, no more or less. From 

this point of view, two variables ranging perfectly together are linearly dependent. Hence, 

variables that present correlation values of -1.00 or 1.00 are linearly dependent. Otherwise, the 

variables are linearly independent. The first approach was followed. Table 5.11 and Table 5.12 

present results regarding R-D correlation coefficients for the three quality metrics. The signal of 

the PSPNR results is the opposite of the JNDSAD  and JNDSSD .  
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SAD_JND IPPP GOP1 IPPP GOP2 

Sequence I Type P Type I Type P Type 

aki -0.7308 -0.7654 -0.7535 -0.7475 

cgd -0.8504 -0.8468 -0.8491 -0.8480 

dea -0.7662 -0.7831 -0.7776 -0.7743 

flg -0.8100 -0.8176 -0.8132 -0.8149 

for -0.7939 -0.8037 -0.8025 -0.7971 

fot -0.8665 -0.8669 -0.8647 -0.8667 

hal -0.6841 -0.7263 -0.6916 -0.6980 

mad -0.7405 -0.7712 -0.7665 -0.7555 

new -0.7740 -0.7965 -0.8014 -0.7797 

par -0.8166 -0.8252 -0.8215 -0.8203 

sil -0.8592 -0.8678 -0.8599 -0.8614 

mcl -0.8145 -0.8425 -0.8207 -0.8258 

 

SSD_JND IPPP GOP1 IPPP GOP2 

Sequence I Type P Type I Type P Type 

aki -0.6334 -0.6724 -0.6560 -0.6514 

cgd -0.7512 -0.7471 -0.7485 -0.7480 

dea -0.6708 -0.6902 -0.6826 -0.6797 

flg -0.7023 -0.7108 -0.7052 -0.7077 

for -0.7053 -0.7173 -0.7136 -0.7083 

fot -0.7668 -0.7684 -0.7649 -0.7677 

hal -0.5806 -0.6252 -0.5887 -0.5951 

mad -0.6483 -0.6829 -0.6730 -0.6640 

new -0.6772 -0.7028 -0.7053 -0.6833 

par -0.7165 -0.7259 -0.7222 -0.7206 

sil -0.7728 -0.7829 -0.7734 -0.7755 

mcl -0.7051 -0.7379 -0.7118 -0.7181 

 

PSPNR IPPP GOP1 IPPP GOP2 

Sequence I Type P Type I Type P Type 

aki 0.9393 0.9530 0.9502 0.9470 

cgd 0.9791 0.9786 0.9792 0.9786 

dea 0.9628 0.9679 0.9663 0.9655 

flg 0.9788 0.9781 0.9800 0.9792 

for 0.9580 0.9615 0.9624 0.9591 

fot 0.9858 0.9873 0.9854 0.9860 

hal 0.8775 0.9052 0.8820 0.8870 

mad 0.9367 0.9490 0.9526 0.9442 

new 0.9655 0.9742 0.9783 0.9680 

par 0.9851 0.9875 0.9859 0.9859 

sil 0.9827 0.9863 0.9828 0.9836 

mcl 0.9809 0.9877 0.9831 0.9838 

Table 5.11 – Correlation coefficients R-D (SAD_JND; SSD_JND; PSPNR; IPPP GOP) 
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SAD_JND IBBP GOP1 IBBP GOP2 

Sequence I Type P Type B Type I Type P Type B Type 

aki -0.6627 -0.6691 -0.7406 -0.6919 -0.6636 -0.7420 

cgd -0.7596 -0.7419 -0.8559 -0.7539 -0.7383 -0.8592 

dea -0.7029 -0.7051 -0.7717 -0.7109 -0.6971 -0.7727 

flg -0.7215 -0.7004 -0.7872 -0.7197 -0.6874 -0.7871 

for -0.7591 -0.7505 -0.7863 -0.7632 -0.7429 -0.7850 

fot -0.8573 -0.8478 -0.8743 -0.8495 -0.8445 -0.8742 

hal -0.6397 -0.6111 -0.6966 -0.6178 -0.6046 -0.7035 

mad -0.7135 -0.6923 -0.7605 -0.6928 -0.6891 -0.7616 

new -0.8111 -0.7441 -0.8009 -0.7443 -0.7456 -0.8015 

par -0.7846 -0.7780 -0.8249 -0.7840 -0.7743 -0.8266 

sil -0.8346 -0.8262 -0.8499 -0.8269 -0.8254 -0.8480 

mcl -0.7416 -0.7226 -0.8081 -0.7388 -0.7173 -0.8120 

 

SSD_JND IBBP GOP1 IBBP GOP2 

Sequence I Type P Type B Type I Type P Type B Type 

aki -0.5680 -0.5733 -0.6465 -0.5965 -0.5670 -0.6481 

cgd -0.6492 -0.6291 -0.7615 -0.6423 -0.6253 -0.7667 

dea -0.6043 -0.6061 -0.6784 -0.6125 -0.5988 -0.6801 

flg -0.6078 -0.5852 -0.6793 -0.6055 -0.5735 -0.6813 

for -0.6706 -0.6609 -0.6960 -0.6750 -0.6529 -0.6944 

fot -0.7543 -0.7450 -0.7679 -0.7467 -0.7412 -0.7677 

hal -0.5414 -0.5122 -0.6012 -0.5188 -0.5049 -0.6082 

mad -0.6187 -0.5991 -0.6710 -0.6013 -0.5966 -0.6741 

new -0.7162 -0.6475 -0.7054 -0.6493 -0.6503 -0.7073 

par -0.6801 -0.6731 -0.7266 -0.6792 -0.6686 -0.7286 

sil -0.7429 -0.7326 -0.7603 -0.7338 -0.7324 -0.7578 

mcl -0.6307 -0.6082 -0.7037 -0.6257 -0.6015 -0.7092 

 

PSPNR IBBP GOP1 IBBP GOP2 

Sequence I Type P Type B Type I Type P Type B Type 

aki 0.8873 0.8975 0.9435 0.9118 0.8990 0.9446 

cgd 0.9366 0.9294 0.9795 0.9332 0.9312 0.9800 

dea 0.9218 0.9296 0.9632 0.9313 0.9281 0.9636 

flg 0.9352 0.9272 0.9638 0.9349 0.9234 0.9616 

for 0.9341 0.9308 0.9488 0.9376 0.9294 0.9480 

fot 0.9811 0.9814 0.9858 0.9814 0.9816 0.9861 

hal 0.8352 0.8148 0.8828 0.8176 0.8114 0.8863 

mad 0.9161 0.9070 0.9440 0.9030 0.9075 0.9439 

new 0.9808 0.9416 0.9775 0.9438 0.9474 0.9780 

par 0.9717 0.9713 0.9877 0.9727 0.9720 0.9884 

sil 0.9726 0.9701 0.9800 0.9713 0.9723 0.9814 

mcl 0.9444 0.9391 0.9758 0.9429 0.9386 0.9753 

Table 5.12 – Correlation coefficients R-D (SAD_JND; SSD_JND; PSPNR; IBBP GOP) 
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SAD_JND IPPP GOP1 IPPP GOP2 

Sequence I Type P Type I Type P Type 

aki 0.9440 0.9424 0.9471 0.9442 

cgd 0.9782 0.9733 0.9767 0.9760 

dea 0.9460 0.9429 0.9482 0.9460 

flg 0.9595 0.9527 0.9576 0.9574 

for 0.9640 0.9621 0.9659 0.9639 

fot 0.9743 0.9726 0.9728 0.9742 

hal 0.9416 0.9393 0.9421 0.9409 

mad 0.9525 0.9515 0.9546 0.9530 

new 0.9372 0.9349 0.9400 0.9371 

par 0.9460 0.9429 0.9468 0.9453 

sil 0.9792 0.9789 0.9793 0.9791 

mcl 0.9608 0.9561 0.9594 0.9594 

 

SSD_JND IPPP GOP1 IPPP GOP2 

Sequence I Type P Type I Type P Type 

aki 0.8803 0.8778 0.8837 0.8802 

cgd 0.9267 0.9175 0.9231 0.9225 

dea 0.8842 0.8799 0.8868 0.8842 

flg 0.8939 0.8818 0.8901 0.8900 

for 0.9139 0.9111 0.9165 0.9132 

fot 0.9167 0.9142 0.9142 0.9169 

hal 0.8725 0.8692 0.8732 0.8714 

mad 0.8946 0.8931 0.8967 0.8951 

new 0.8684 0.8658 0.8720 0.8685 

par 0.8782 0.8729 0.8793 0.8769 

sil 0.9340 0.9335 0.9341 0.9338 

mcl 0.8949 0.8874 0.8925 0.8928 

 

PSPNR IPPP GOP1 IPPP GOP2 

Sequence I Type P Type I Type P Type 

aki -0.9950 -0.9950 -0.9943 -0.9947 

cgd -0.9896 -0.9897 -0.9900 -0.9899 

dea -0.9935 -0.9933 -0.9931 -0.9932 

flg -0.9898 -0.9905 -0.9904 -0.9902 

for -0.9925 -0.9918 -0.9917 -0.9922 

fot -0.9897 -0.9878 -0.9898 -0.9889 

hal -0.9996 -0.9996 -0.9995 -0.9996 

mad -0.9945 -0.9941 -0.9936 -0.9940 

new -0.9954 -0.9952 -0.9947 -0.9951 

par -0.9927 -0.9924 -0.9928 -0.9927 

sil -0.9875 -0.9864 -0.9877 -0.9872 

mcl -0.9893 -0.9899 -0.9897 -0.9895 

Table 5.13 – Correlation coefficients D-Q (SAD_JND; SSD_JND; PSPNR; IPPP GOP) 
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SAD_JND IBBP GOP1 IBBP GOP2 

Sequence I Type P Type B Type I Type P Type B Type 

aki 0.9460 0.9449 0.9463 0.9437 0.9414 0.9433 

cgd 0.9740 0.9735 0.9835 0.9750 0.9716 0.9838 

dea 0.9482 0.9463 0.9489 0.9462 0.9433 0.9468 

flg 0.9531 0.9556 0.9625 0.9580 0.9534 0.9623 

for 0.9683 0.9681 0.9647 0.9677 0.9656 0.9626 

fot 0.9769 0.9732 0.9756 0.9729 0.9726 0.9753 

hal 0.9394 0.9397 0.9430 0.9399 0.9380 0.9427 

mad 0.9545 0.9530 0.9566 0.9527 0.9497 0.9539 

new 0.9408 0.9383 0.9399 0.9384 0.9355 0.9381 

par 0.9464 0.9454 0.9479 0.9457 0.9431 0.9469 

sil 0.9786 0.9786 0.9778 0.9783 0.9776 0.9762 

mcl 0.9584 0.9590 0.9717 0.9628 0.9569 0.9714 

 

SSD_JND IBBP GOP1 IBBP GOP2 

Sequence I Type P Type B Type I Type P Type B Type 

aki 0.8821 0.8812 0.8845 0.8794 0.8763 0.8803 

cgd 0.9179 0.9171 0.9382 0.9198 0.9140 0.9395 

dea 0.8854 0.8836 0.8890 0.8834 0.8796 0.8863 

flg 0.8828 0.8869 0.8975 0.8912 0.8841 0.8980 

for 0.9211 0.9200 0.9129 0.9201 0.9159 0.9092 

fot 0.9197 0.9148 0.9129 0.9139 0.9135 0.9121 

hal 0.8706 0.8710 0.8792 0.8710 0.8678 0.8784 

mad 0.8954 0.8957 0.9018 0.8959 0.8914 0.8991 

new 0.8729 0.8699 0.8723 0.8709 0.8669 0.8705 

par 0.8774 0.8766 0.8810 0.8767 0.8728 0.8796 

sil 0.9316 0.9316 0.9303 0.9315 0.9304 0.9275 

mcl 0.8931 0.8934 0.9148 0.8993 0.8889 0.9146 

 

PSPNR IBBP GOP1 IBBP GOP2 

Sequence I Type P Type B Type I Type P Type B Type 

aki -0.9941 -0.9942 -0.9939 -0.9947 -0.9945 -0.9946 

cgd -0.9899 -0.9902 -0.9826 -0.9900 -0.9899 -0.9822 

dea -0.9931 -0.9934 -0.9926 -0.9936 -0.9933 -0.9930 

flg -0.9917 -0.9911 -0.9871 -0.9907 -0.9905 -0.9869 

for -0.9908 -0.9908 -0.9930 -0.9915 -0.9906 -0.9937 

fot -0.9859 -0.9871 -0.9899 -0.9878 -0.9858 -0.9900 

hal -0.9996 -0.9996 -0.9994 -0.9997 -0.9997 -0.9995 

mad -0.9933 -0.9938 -0.9937 -0.9942 -0.9943 -0.9946 

new -0.9945 -0.9948 -0.9948 -0.9947 -0.9948 -0.9950 

par -0.9926 -0.9927 -0.9913 -0.9929 -0.9925 -0.9913 

sil -0.9872 -0.9870 -0.9872 -0.9867 -0.9858 -0.9862 

mcl -0.9903 -0.9901 -0.9795 -0.9894 -0.9900 -0.9795 

Table 5.14 – Correlation coefficients D-Q (SAD_JND; SSD_JND; PSPNR; IBBP GOP) 
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The highest results are obtained for PSPNR (typically 0.96 IPPP and 0.94 IBBP) followed by 

JNDSAD  (typically -0.8 IPPP and -0.75 IBBP) and finally 
JNDSSD  (typically -0.7 IPPP and -

0.65 IBBP). PSPNR coefficients’ values with the exception of the news sequence are above 0.9. 

Thus, the corresponding variables, Rate and PSPNR, closely vary together in the same direction, 

the higher the rate, the higher the quality. 

GOP Patterns has an influence on R-D results. A reduction in average correlation, roughly from 

0.05 up to 0.1, in absolutes terms, can be observed in frames of the type Intra and Predicted in 

IBBP GOP video programmes when compared with IPPP GOP video programmes. This fact is 

observed in all quality metrics.  

The D-Q correlation coefficients results, per video test sequence, and for all the different type of 

GOP Patterns, are presented in Table 5.13 and Table 5.14. The correlation values are very high 

for all the metrics, especially for PSPNR (values ranging between -0.98 and -0.99). 
JNDSSD  

presents the lowest values, although in absolute the values are still high (ranging between 0.86 

and 0.94). In all the cases, the effect of GOP pattern is rather small.  

The correlation regarding PSPNR is negative (the higher the quantisation, the lower the quality) 

and for 
JNDSSD  and 

JNDSAD  it is positive (the higher the quantisation the higher the 

distortion). The direction results are as expected due to the nature of the quantisation process 

(the higher the value of the quantisation step size, the coarser the signal is encoded and fewer 

bits are necessary to encode data). PSPNR results are very promising for both R-D and D-Q).  

The next step is to evaluate how the different curve fitting approaches model the rate-distortion 

relationship (
JNDSAD ,

JNDSSD  and PSPNR). Simulations followed the proceedings defined in 

previous section and thus six methods were selected and assessed: linear (Equation (5.35)), 

quadratic (Equation (5.39)), exponential (Equation (5.41)), logarithmic (Equation (5.40)), power 

(Equation (5.42)) and linear with nonpolynomial model (Equation (5.43)). Tests were performed 

for all 12 sequences and four GOP patterns, and the results are presented according to picture 

type. 
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SAD_JND 
IPPP GOP1 IPPP GOP2 IBBP GOP1 IBBP GOP2 

I Type P Type I Type P Type I Type P Type BI Type I Type P Type B Type 

Linear fit 19365 36488 21165 26128 25005 16576 23741 20700 16444 27528 

Quadratic fit 11300 20539 12295 14921 15103 10879 13241 12794 10948 15003 

Exponential fit 13667 26086 14950 18538 19189 13636 16291 16210 13733 18858 

Logarithmic fit 5843 6810 5812 6152 7631 7223 6786 7366 7089 7240 

Power Regression 14537 25721 15411 18970 18082 12403 19993 15398 12111 22155 

LNP fit 34970 73764 39254 50626 46102 25499 45822 35929 25087 55396 

SSD_JND 
IPPP GOP1 IPPP GOP2 IBBP GOP1 IBBP GOP2 

I Type P Type I Type P Type I Type P Type BI Type I Type P Type B Type 

Linear fit 23805 46542 26257 32846 30783 19337 29735 25010 19123 34875 

Quadratic fit 17066 32176 18719 23036 22324 15045 20562 18542 14971 23665 

Exponential fit 21159 40639 23223 28847 28198 18900 25943 23440 18772 30151 

Logarithmic fit 6797 8012 6813 7239 8493 7989 7716 8192 7865 8203 

Power Regression 12576 22268 13337 16405 15487 10362 17884 13032 10110 19862 

LNP fit 34970 73764 39254 50626 46102 25499 45822 35929 25087 55396 

PSPNR 
IPPP GOP1 IPPP GOP2 IBBP GOP1 IBBP GOP2 

I Type P Type I Type P Type I Type P Type BI Type I Type P Type B Type 

Linear fit 6797 8012 6813 7239 8493 7989 7716 8192 7865 8203 

Quadratic fit 1357 2327 1424 1709 2062 1562 2233 1722 1585 2555 

Exponential fit 12576 22268 13337 16405 15487 10362 17884 13032 10110 19862 

Logarithmic fit 9424 13123 9740 10838 11478 9882 10830 10606 9737 11700 

Power Regression 7744 13685 8003 10064 9016 5861 11626 7488 5788 12960 

LNP fit 29377 61170 32663 42138 38845 22655 37941 31009 22690 45692 

Table 5.15 – Average Absolute Error R-D (PSPNR; Picture Type; GOP Pattern) 

Table 5.15 shows the average absolute error, for the complete set of video test sequences, when 

modelling R-D data. Regarding 
JNDSAD  the best method is logarithmic followed by quadratic, 

power and exponential methods with similar results. GOP pattern has an impact on picture type 

error, but the impact depends on the method and GOP pattern. As for 
JNDSSD  the best method 

is also the logarithmic followed by power regression (a clear second best). Results differ 

regarding PSPNR. With PSPNR, the best method is the quadratic method. The second best for 

PSPNR is the linear approach, but the difference to the quadratic method is huge. The difference 

is larger than that observed for the second best methods of JNDSAD  and JNDSSD . PSPNR 

regarding R-D presents a similar behaviour that has been observed in Chapter 2 with PSNR. As 

for JNDSAD  and JNDSSD , perceptual versions of the SAD and SSD metrics, their performance 

is within that found in the literature concerning SAD and SSD metrics ([446]).  
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SAD_JND 
IPPP GOP1 IPPP GOP2 IBBP GOP1 IBBP GOP2 

I Type P Type I Type P Type I Type P Type B Type I Type P Type B Type 

Linear fit 9767 5738 16057 5256 26576 8770 5851 16120 9553 5744 

Quadratic fit 1176 725 1866 638 3038 1008 774 1847 1183 820 

Exponential fit 12028 7175 20256 6556 33877 11020 7897 20179 12234 7506 

Logarithmic fit 12341 7180 20295 6626 33478 11042 7474 20338 11949 7309 

Power Regression 6506 3910 11018 3561 18589 6010 4534 11037 6747 4282 

LNP fit 27993 15897 46074 14944 75377 24832 17443 45955 26440 16909 

SSD_JND 
IPPP GOP1 IPPP GOP2 IBBP GOP1 IBBP GOP2 

I Type P Type I Type P Type I Type P Type B Type I Type P Type B Type 

Linear fit 268941 151361 455867 144622 724372 235126 172493 429653 245274 164271 

Quadratic fit 70150 41828 118293 38139 190467 61942 44504 111742 67165 43527 

Exponential fit 273677 154472 473965 148610 749208 240234 195279 438715 254548 180204 

Logarithmic fit 308781 172922 523158 165837 829917 269445 199103 492935 280230 189370 

Power Regression 120095 67185 208182 65182 327147 104535 96241 192779 111944 88390 

LNP fit 531149 292663 898379 284079 1417192 460506 349004 845644 474328 330705 

PSPNR 
IPPP GOP1 IPPP GOP2 IBBP GOP1 IBBP GOP2 

I Type P Type I Type P Type I Type P Type B Type I Type P Type B Type 

Linear fit 0.30 0.18 0.48 0.16 0.86 0.29 0.20 0.53 0.32 0.20 

Quadratic fit 0.05 0.03 0.08 0.03 0.15 0.05 0.04 0.09 0.06 0.05 

Exponential fit 0.13 0.08 0.21 0.07 0.39 0.13 0.10 0.24 0.15 0.10 

Logarithmic fit 0.13 0.08 0.22 0.07 0.40 0.13 0.10 0.24 0.15 0.10 

Power Regression 0.12 0.08 0.19 0.07 0.35 0.11 0.08 0.21 0.13 0.08 

LNP fit 1.36 0.81 2.17 0.73 3.79 1.27 0.82 2.38 1.42 0.82 

Table 5.16 – Average Absolute Error D-QP (Picture Type; GOP Pattern) 

Table 5.16 contains the aggregate results for the full video test sequence of the average absolute 

error, per frame type, for the six models. The best method to model D-QP in the case of 

JNDSAD , JNDSSD  and PSPNR, is the quadratic method.  

Results depend on GOP pattern: in an IBBP GOP video sequence, the error is higher in the Intra 

frames, and lower in the Interpolated frames. Interpolated frames present higher quality for the 

same quantisation step due to the use of motion estimation techniques.  

Results from R-Q and D-QP show that PSPNR can be modelled by a quadratic function while 

for JNDSAD  and JNDSSD  quadratic is the best approach for D-QP and logarithmic for R-D. 

Additional information regarding the results of the individual video sequences Akiyo, Foreman 

and Football are presented in Annex C. These sequences provide an excellent example of how 

the results vary within the twelve video test sequences. 
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5.3.4 Rate-Distortion Modeling based on SSIM  

In this section, it will be characterised the rate-distortion (R-D) and distortion-quantisation (D-

Q) functions using SSIM picture quality metric. All simulations have been performed using JM 

H.264/AVC reference software ([169],[170]). Teste sequences and encoder configurations are 

defined in Section 5.3.1. Before starting the RD modeling, it will be provided some information 

regarding the use of SSIM metric within H.264/AVC coding for open loop and CBR coding. An 

SSIM value is between 0 and 1, with 1 meaning perfect quality. SSIM results have been scaled 

to make it more readable using the following equation: 

8100 SSIM  (5.49) 

Table 5.17 presents the average SSIM for three of the sequences (Akiyo, Foreman and Football) 

encoded Open Loop (fixed QP) regarding the four GOP Patterns.  

Akiyo QP12 QP18 QP24 QP30 QP36 QP42 

IBBP_GOP1 95.18 90.54 85.29 76.20 61.47 42.28 

IBBP_GOP2 95.20 90.53 85.34 76.26 61.61 42.32 

IPPP_GOP1 95.26 90.48 85.21 75.93 60.93 41.99 

IPPP_GOP2 95.17 90.41 85.10 75.76 60.75 41.77 

Foreman  

IBBP_GOP1 94.90 87.61 75.28 57.39 36.99 20.08 

IBBP_GOP2 94.99 87.85 76.05 58.41 38.29 20.74 

IPPP_GOP1 95.33 88.38 75.92 58.18 38.43 21.17 

IPPP_GOP2 95.10 88.03 75.34 57.45 37.55 20.48 

Football  

IBBP_GOP1 94.95 86.34 70.37 44.76 20.57 9.55 

IBBP_GOP2 95.02 86.52 71.15 46.07 21.43 9.88 

IPPP_GOP1 95.32 87.43 72.53 48.51 24.68 11.78 

IPPP_GOP2 95.06 86.91 71.30 47.02 23.39 11.17 

Table 5.17 – Average SSIM in Open Loop for different GOP Patterns 

Results are relatively independent of the GOP Pattern. One can observe that quantisation 

parameters have a major impact on the final quality of the encoded video test sequence. 

Although it can be observe that quality variations with the quantisation depend very much on 

the content itself, it is possible to infer the variation of perceived quality. For example, consider 

Football sequence coding distortions at fixed quantisation (QP42). In terms of subjective 

quality, distortion is perceptible during all the sequence. Nevertheless, average SNRY is 27.5 

dB with higher values in the beginning of the sequence (Figure 5.10). SSIM offers a better 

representation of how a typical viewer would assess this sequence. 
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a) Frame 40 

   
b) Frame 80 

   
c) Frame 120 

   
d) Frame 160 

   
e) Frame 200 

Figure 5.10 – Original and Reconstructed Frames – Open Loop (QP42 - IPPP GOP1) 
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Akiyo 256kbps 512kbps 768kbps 1024kbps 1536kbps 2048kbps 

IBBP_GOP1 85.04 87.86 92.92 93.78 94.84 96.56 

IBBP_GOP2 83.89 87.76 92.01 93.32 94.71 96.34 

IPPP_GOP1 72.45 83.75 88.08 90.08 92.65 94.49 

IPPP_GOP2 82.67 87.84 91.30 92.87 94.74 96.17 

Foreman  

IBBP_GOP1 50.40 65.18 74.08 78.09 85.39 88.07 

IBBP_GOP2 47.49 62.92 75.60 76.78 84.48 87.44 

IPPP_GOP1 34.11 51.64 62.20 69.15 77.53 82.41 

IPPP_GOP2 45.22 62.03 71.47 76.62 82.34 85.91 

Football  

IBBP_GOP1 17.53 31.75 45.14 53.85 65.46 72.69 

IBBP_GOP2 16.68 31.39 45.06 53.98 64.19 72.57 

IPPP_GOP1 14.02 25.47 35.21 44.40 58.79 67.64 

IPPP_GOP2 16.36 29.64 42.14 51.02 63.73 71.93 

Table 5.18 – Average SSIM in CBR mode for different GOP Patterns 

Table 5.18 illustrates the average SSIM value, for Akiyo, Foreman and Football video 

sequences, encoded at Constant Bit Rate using JM software, with four different GOP patterns. 

The impact of the GOP pattern in terms of quality is more visible than in PSNR; IBBP GOP 

patterns present higher levels of quality. It is also possible to infer the coding complexity from 

results (football is the most complex spatial and temporal sequence obtaining and the hardest to 

encode). 

Regarding R-D modeling, each video test sequence was encoded in two modes: Open loop 

(fixed QP with values ranging from 10 up to 42) and Constant Bit Rate (Fixed Rate - 64kbps, 

128kbps, 256kbps, 384kbps, 512kbps, 640kbps, 768kbps, 1024kbps, 1536kbps, and 2048kbps).  

Figure 5.11 plots R-D curves, using SSIM, for all GOP Patterns and Fixed QP. It was selected 

three video sequences, Akiyo, Football and Foreman (a sequence with low spatial and temporal 

complexity, a sequence with high spatial and temporal complexity and a sequence with levels in 

between), to illustrate typical R-D charts, although simulations for the twelve video test 

sequences have been performed.  
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Figure 5.11 – Rate-Distortion Curve (SSIM; Akiyo, Foreman; Football) 

As it can be seen from the Figure 5.11, the shape of the R-D curve starts by a sharp increase of 

the quality until it reaches a high value. After this point, the ratio between the quality variation 

and bit rate variation decreases significantly. This behaviour can be observed regardless of the 

GOP Pattern. This fact is less observable in higher spatial and temporal complexity, such as 

football. At the same time, this behaviour can be exploited in joint video coding scenarios. As 

an example, one can analyse the bit rate for one of the GOP Patterns charts when the level of 

SSIM quality equals 80. One can observe that the required number of bits to obtain this quality 

level varies extensively depending on the content nature. In a joint video coding scenario, this 

means that redistributing bandwidth among video sources can be use to maximize the minimum 

level of quality of the broadcast programmes.  
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 IPPP GOP1 IPPP GOP2 

Sequence I Type P Type I Type P Type 

aki 0.8382 0.8662 0.8538 0.8509 

cgd 0.9591 0.9546 0.9619 0.9583 

dea 0.8812 0.8945 0.8888 0.8874 

flg 0.9058 0.9119 0.9133 0.9111 

for 0.9170 0.9226 0.9233 0.9186 

fot 0.9756 0.9757 0.9755 0.9759 

hal 0.8070 0.8452 0.8113 0.8191 

mad 0.8527 0.8762 0.8751 0.8646 

new 0.8922 0.9101 0.9129 0.8968 

par 0.9397 0.9462 0.9426 0.9421 

sil 0.9545 0.9595 0.9558 0.9560 

mcl 0.9120 0.9333 0.9199 0.9214 

Table 5.19 – Correlation coefficients R-D (SSIM; IPPP GOPs) 

 IBBP GOP1 IBBP GOP2 

Sequence I Type P Type B Type I Type P Type B Type 

aki 0.7670 0.7767 0.8398 0.7975 0.7764 0.8435 

cgd 0.9017 0.8895 0.9618 0.8975 0.8854 0.9612 

dea 0.8237 0.8290 0.8824 0.8330 0.8242 0.8838 

flg 0.8408 0.8214 0.8849 0.8330 0.8077 0.8797 

for 0.8867 0.8761 0.9075 0.8849 0.8715 0.9060 

fot 0.9738 0.9688 0.9807 0.9687 0.9657 0.9799 

hal 0.7649 0.7425 0.8012 0.7466 0.7428 0.8075 

mad 0.8242 0.8078 0.8635 0.8065 0.8085 0.8656 

new 0.9164 0.8621 0.9111 0.8622 0.8668 0.9131 

par 0.9178 0.9143 0.9426 0.9178 0.9137 0.9439 

sil 0.9335 0.9287 0.9466 0.9288 0.9283 0.9457 

mcl 0.8520 0.8357 0.8960 0.8437 0.8333 0.8949 

Table 5.20 – Correlation coefficients R-D (SSIM; IBBP GOPs) 

Table 5.19 and Table 5.20 assess the correlation between Rate and SSIM. All the sequences 

from the video test set were analysed, and simulations for all the GOP patterns were performed. 

Results show a strong relation between Rate and SSIM metric. Concerning the results of video 

sequences with IPPP GOP patterns, they vary between 0.80 and 0.98 and in the case of IBBP 

GOP pattern results vary between 0.74 and 0.98. These results are only exceeded by PSPNR 

(0.96 for IPPP GOPs and between 0.93 and 0.96 for IBBP GOPs). Intra and Predicted frames 

decrease their results in sequences encoded with a GOP pattern IBBP. This observation is in line 

with the results of using JND based quality metrics. 
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 IPPP GOP1 IPPP GOP2 

Sequence I Type P Type I Type P Type 

Aki -0.9901 -0.9900 -0.9905 -0.9901 

Cgd -0.9946 -0.9967 -0.9935 -0.9948 

Dea -0.9938 -0.9934 -0.9943 -0.9939 

Flg -0.9951 -0.9940 -0.9954 -0.9950 

For -0.9985 -0.9986 -0.9981 -0.9986 

Fot -0.9900 -0.9916 -0.9892 -0.9895 

Hal -0.9901 -0.9909 -0.9900 -0.9904 

Mad -0.9949 -0.9949 -0.9956 -0.9952 

New -0.9928 -0.9926 -0.9934 -0.9928 

Par -0.9981 -0.9980 -0.9982 -0.9981 

Sil -0.9978 -0.9979 -0.9975 -0.9978 

Mcl -0.9961 -0.9955 -0.9964 -0.9961 

Table 5.21 – Correlation coefficients D-QP (SSIM; IPPP GOP1, IPPP GOP2) 

 IBBP GOP1 IBBP GOP2 

Sequence I Type P Type B Type I Type P Type B Type 

Aki -0.9896 -0.9895 -0.9895 -0.9892 -0.9891 -0.9889 

Cgd -0.9948 -0.9953 -0.9912 -0.9950 -0.9963 -0.9919 

Dea -0.9940 -0.9936 -0.9943 -0.9935 -0.9931 -0.9939 

Flg -0.9945 -0.9947 -0.9962 -0.9948 -0.9938 -0.9956 

For -0.9983 -0.9983 -0.9982 -0.9985 -0.9986 -0.9985 

Fot -0.9862 -0.9886 -0.9849 -0.9892 -0.9903 -0.9865 

Hal -0.9897 -0.9900 -0.9867 -0.9900 -0.9907 -0.9868 

Mad -0.9948 -0.9946 -0.9948 -0.9944 -0.9941 -0.9943 

New -0.9926 -0.9925 -0.9929 -0.9926 -0.9923 -0.9928 

Par -0.9982 -0.9981 -0.9982 -0.9981 -0.9979 -0.9980 

Sil -0.9984 -0.9985 -0.9981 -0.9986 -0.9987 -0.9984 

Mcl -0.9956 -0.9952 -0.9978 -0.9956 -0.9949 -0.9972 

Table 5.22 – Correlation coefficients D-QP (SSIM; IBBP GOP1, IBBP GOP2) 

Correlation coefficients between SSIM and quantisation are very high; near negative one 

(average value for all the video sequences is about -0.994). This fact points to a strong relation 

between these two variables. Negative correlation results due to the nature of the quantisation 

process. Higher quantisation parameters imply larger coding errors that result in smaller values 

of quality. This is the case where it can be observed the strongest correlation detected through 

the study. In addition, results are independent of the spatial and temporal complexity of the 

video sequences. The impact of picture type or GOP pattern is very small, and results are very 

homogeneous. After these results, next step is the evaluation of the best function that allows 

modelling R-D and D-QP. 
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Fit Method 
IPPP GOP1 IPPP GOP2 IBBP GOP1 IBBP GOP2 

I Type P Type I Type P Type I Type P Type BI Type I Type P Type B Type 

Linear fit 12229 20024 12817 15193 15356 11850 14400 13605 11829 16330 

Quadratic fit 4306 6517 4432 5094 5857 5028 5193 5380 5130 5769 

Exponential fit 5006 7977 4921 6022 6898 5808 7749 6422 5838 8491 

Logarithmic fit 18192 32453 19657 23767 22490 15664 22399 18987 15454 25735 

Power Regression 11328 19351 12122 14393 15007 11730 13806 13216 11650 15683 

LNP fit 29150 59576 32446 41329 39075 22463 37512 31025 22324 45048 

Table 5.23 – Average Absolute Error (Rate-SSIM; Picture Type; GOP Pattern) 

Fit Method 
IPPP GOP1 IPPP GOP2 IBBP GOP1 IBBP GOP2 

I Type P Type I Type P Type I Type P Type B Type I Type P Type B Type 

Linear fit 0.64 0.37 1.03 0.34 1.81 0.60 0.41 1.11 0.65 0.41 

Quadratic fit 0.25 0.14 0.41 0.13 0.68 0.22 0.16 0.41 0.23 0.15 

Exponential fit 1.86 1.08 3.03 0.99 5.06 1.69 1.14 3.12 1.84 1.13 

Logarithmic fit 0.91 0.53 1.44 0.48 2.54 0.85 0.56 1.59 0.94 0.57 

Power Regression 2.45 1.42 4.00 1.31 6.68 2.23 1.51 4.12 2.42 1.49 

LNP fit 4.16 2.44 6.63 2.22 11.39 3.82 2.55 7.15 4.20 2.55 

Table 5.24 – Average Absolute Error (SSIM-QP, Picture Type; GOP Pattern) 

Table 5.23 and Table 5.24 present the combined results of the fit methods regarding the 

different GOP patterns and picture type. Individual results per video sequence are available at 

the Annex B according to the distinct fit methods, GOP pattern and picture type. Regarding 

Rate SSIM, average results from Table 5.23 point to quadratic approach as the best method. 

Good results are obtained with the exponential method. In fact, for one in each four sequences 

exponential method performs better than quadratic function. This occurs in sequences with 

average spatial complexity and high temporal complexity or high spatial complexity and 

average temporal complexity.  

As for SSIM-QP, the results converge into one function: quadratic function. Quadratic function 

obtained the lowest value for all the individual sequences, regardless of picture type or GOP 

Pattern. For SSIM-QP, the second best choice is linear fit. This is an interesting result. Linear 

approach is the least complex model of the selected set of function and is widely used when 

computational power is a limited resource.  

From Table 5.25 to Table 5.28, it can be observe R-D and D-QP results for Akiyo, Foreman and 

Football, for the different GOP Patterns. These examples illustrate the impact of the different 

approaches on the absolute error, particularly in Rate-SSIM, regarding picture type, GOP 

pattern and content complexity.  
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Sequence Fit Method SSIM-QP Rate - SSIM 

I Type P Type I Type P Type 

Akiyo Linear fit 0.66 0.39 2860 9658 

Quadratic fit 0.08 0.05 1303 3705 

Exponential fit 1.15 0.67 1760 5025 

Logarithmic fit 1.02 0.60 3348 11833 

Power Regression 1.51 0.88 2420 7778 

LNP fit 3.37 1.96 6771 27294 

Foreman Linear fit 0.37 0.20 8973 15467 

Quadratic fit 0.21 0.12 2815 4171 

Exponential fit 1.58 0.94 3053 7355 

Logarithmic fit 0.55 0.33 12730 27411 

Power Regression 2.16 1.27 9211 15722 

LNP fit 3.78 2.22 20668 49943 

Football Linear fit 1.01 0.55 11442 13959 

Quadratic fit 0.44 0.25 4043 4858 

Exponential fit 2.03 1.16 10007 13079 

Logarithmic fit 0.70 0.37 24529 33171 

Power Regression 2.86 1.65 12886 16915 

LNP fit 3.92 2.32 44254 62171 

Table 5.25 – SSIM-QP and Rate-SSIM average absolute error for Akiyo, Foreman, Football (IPPP 

GOP1) 

Sequence Fit Method SSIM-QP Rate - SSIM 

I Type P Type I Type P Type 

Akiyo Linear fit 1.04 0.35 3720 5806 

Quadratic fit 0.12 0.04 1567 2291 

Exponential fit 1.82 0.61 2062 3109 

Logarithmic fit 1.61 0.54 4455 7059 

Power Regression 2.39 0.80 3024 4713 

LNP fit 5.35 1.79 9680 15955 

Foreman Linear fit 0.66 0.19 9344 11398 

Quadratic fit 0.36 0.12 2731 3339 

Exponential fit 2.47 0.86 2583 4804 

Logarithmic fit 0.85 0.29 13684 18684 

Power Regression 3.42 1.16 9332 11754 

LNP fit 5.93 2.02 22778 32713 

Football Linear fit 1.71 0.55 11815 12077 

Quadratic fit 0.70 0.23 4425 4291 

Exponential fit 3.15 1.05 9932 10930 

Logarithmic fit 1.19 0.38 25615 26846 

Power Regression 4.51 1.49 13410 13906 

LNP fit 6.11 2.06 46990 49344 

Table 5.26 – SSIM-QP and Rate-SSIM average absolute error for Akiyo, Foreman, Football (IPPP 
GOP2) 
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Sequence Fit Method 
SSIM-QP Rate - SSIM 

I Type P Type B Type I Type P Type B Type 

Akiyo 

Linear fit 1.86 0.62 0.42 5491 1343 4664 

Quadratic fit 0.18 0.06 0.04 2177 772 1992 

Exponential fit 3.16 1.06 0.72 2943 1001 2636 

Logarithmic fit 2.84 0.95 0.64 6685 1476 5556 

Power Regression 4.13 1.38 0.94 4428 1226 3833 

LNP fit 9.19 3.08 2.08 15265 2280 11719 

Foreman 

Linear fit 1.13 0.37 0.26 8743 6943 10749 

Quadratic fit 0.59 0.23 0.17 2923 3100 3618 

Exponential fit 3.84 1.45 1.08 3439 3667 4637 

Logarithmic fit 1.34 0.51 0.37 11966 8698 16600 

Power Regression 5.40 1.99 1.45 7597 7111 10961 

LNP fit 9.85 3.46 2.40 23804 13009 27620 

Football 

Linear fit 3.23 1.01 0.76 12107 10684 12339 

Quadratic fit 1.11 0.39 0.32 4235 3425 5692 

Exponential fit 4.77 1.76 1.33 12779 10666 13899 

Logarithmic fit 2.19 0.68 0.53 28060 21627 29266 

Power Regression 7.08 2.54 1.90 12973 10083 15190 

LNP fit 10.29 3.55 2.37 53589 38445 54153 

Table 5.27 – SSIM-QP and Rate-SSIM average absolute error for Akiyo, Foreman, Football (IBBP 

GOP1) 

Sequence Fit Method 
PSNR-QP Rate - PSNR 

I Type P Type B Type I Type P Type B Type 

Akiyo 

Linear fit 1.19 0.70 0.43 3676 1277 6564 

Quadratic fit 0.11 0.06 0.04 1543 734 2651 

Exponential fit 2.00 1.17 0.73 2046 954 3601 

Logarithmic fit 1.81 1.05 0.65 4432 1402 7932 

Power Regression 2.62 1.52 0.94 2994 1167 5377 

LNP fit 5.80 3.37 2.08 9881 2161 17445 

Foreman 

Linear fit 0.61 0.35 0.23 7966 6745 12567 

Quadratic fit 0.40 0.21 0.15 3078 3037 3987 

Exponential fit 2.54 1.56 1.07 3514 3786 5246 

Logarithmic fit 0.94 0.56 0.39 10417 8392 20353 

Power Regression 3.50 2.13 1.43 7515 6922 12925 

LNP fit 6.43 3.81 2.42 18621 12534 34639 

Football 

Linear fit 1.84 1.03 0.72 11650 11197 13148 

Quadratic fit 0.73 0.45 0.33 3928 3630 5946 

Exponential fit 3.30 2.03 1.39 10797 9568 13794 

Logarithmic fit 1.26 0.70 0.50 24457 21847 31480 

Power Regression 4.73 2.88 1.95 11741 10509 16693 

LNP fit 6.68 4.03 2.42 44929 38346 57902 

Table 5.28 – SSIM-QP and Rate-SSIM average absolute error for Akiyo, Foreman, Football (IBBP 
GOP2) 
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5.4 Bit Rate Variability-Distortion for H.264/AVC  

The broadcast of video streams over networks has become a popular service in the last years. In 

order to ensure high network utilization, the video streams are typically transported with some 

sort of statistical transport scheme ([447]). According to S. K. Srinivasan et al. ([448]) statistical 

multiplexing of encoded video sequences can be performed with or without coordinating the 

encoders of the multiplexed streams. On the one hand, statistical multiplexing is performed 

using interconnected video encoders. In this case, encoding video parameters of the individual 

streams are altered such that the combined video traffic conforms with the available network 

bandwidth. On the other hand, no coordination between encoders is performed and thus 

encoding parameters are kept constant (for example, frames may be dropped). Several studies 

have focused on the analysis and modeling of video traffic and video network transport 

mechanisms ([449],[450]). The study of the video encoder’s statistical characteristics and 

compression performance from a communication network perspective has received considerable 

attention ([447],[451],[452],[453],[454]). One of the reasons is the potential to improve the 

efficiency of video transport over communication networks using statistical multiplexing 

([447],[451]). In general, these studies focused on VBR encoded video with fixed QP. In this 

section, the relationship between the variability of the bit rate of the video sequences will be 

analysed as a function of the quality level (PSNR) when video is encoded in an open loop with a 

fixed quantization scale. Patrick Seeling and Martin Reisslein [451] introduced the bit rate 

variability-distortion (VD) curve. One of the findings was that the VD curve exhibits a 

characteristic “hump” behavior. The VD curve relates the bit rate variability of an encoded 

video sequence to its average quality level measured by PSNR. The bit rate variability is usually 

characterised by the Coefficient of Variation (CoV) of the size of the frame (in bits). CoV is 

defined as the ratio between the standard deviation of the frame sizes normalized by their mean 

([433],[434]): 

CoV
X


  (5.50) 

where X  is mean of the frames size (in bits), M the number of frames 
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It is also possible to find in the literature, the peak-to-mean frame size ratio, that is, the ratio 

between the largest encoded frame and the average encoded frame size ([451]). In contrast to 

the existing studies, we also investigate the impact of replacing PSNR by perceptual quality 

metrics in the VD curve. Simulations were conducted using 12 video sequences, open-loop 

coding setup, and QP ranging from 10 to 40. The H.264/AVC JM reference software encoder, 

version 11.0, was used in the Main Profile, CABAC, Hardamard On, RDO On, with two 

reference frames from the past and the future (Table 5.2).  

5.4.1 Bit Rate Variability as a function of PSNR 

Results were grouped into two video sub-sets. The first video subset, left side of Figure 5.12, 

contains video sequences with a medium to high level of spatial detail or temporal complexity 

(Foreman, Football, Coastguard, Flower Garden, and Mobile and Calendar). The second video 

subset, right side of Figure 5.12, contains video sequences with a fixed camera and low to 

medium spatial detail and motion activity (Akiyo, Deadline, Hall, Mother and Daughter, News, 

Paris, and Silence). Analysing the R-D charts, video sequences encoded with B slices achieved 

higher RD efficiency than video sequences encoded only with I and P slices. Nevertheless, the 

substantial increment in compression efficiency with B slices occurred at the expense of 

increased video traffic variability, as indicated by the significantly higher CoV values. For 

example, the maximum value of CoV in sequences with B slices (2.9) occurred with IBBP 

GOP1 pattern and the minimum value occurred with (approximately 1.5). This GOP structure 

corresponds to video sequences with the highest and lowest number of Intra coded slices, 

respectively. The cause for this great difference in bit rate variability is the enhanced 

compression performance of the H.264/AVC encoder. Particularly, the advanced motion 

compensated prediction results compared with the enhancement of the I-frame because of the 

spatial intra prediction. Therefore, the mixture of all the new compression tools is responsible 

for the higher bit rate variability for the H.264/AVC encoder. A sharp drop of the bit rate 

variability for the sequences encoded with B slices is also observed. Bit rate variability is lower 

for sequences containing high spatial detail or motion activity than for sequences with lower 

spatial and temporal complexity. In the next section this analysis will be repeated for different 

quality metrics. 
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Figure 5.12 – Rate Variability-distortion (VD) Curves (PSNR) 
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5.4.2 Bit Rate Variability as a function of Perceptual Metrics 

We have modelled the bit rate variability-distortion (VD) curves for the twelve video sequences 

and the different GOP patterns (Figure 5.13 to Figure 5.15). Instead of using PSNR as the 

quality metric, metrics based on JND (PSPNR and 
JNDSAD , and 

JNDSSD .) and SSIM metrics 

were selected. The PSPNR and SSIM metrics assess picture quality and the remaining two 

perceptual distortions. To provide a better reading of the results, they were aggregated into two 

video subsets according to spatial and temporal complexity. One subset composed of the video 

sequences Foreman, Football, Coastguard, Flower Garden, and Mobile and Calendar. Another 

sub-set composed of the video sequences Akiyo, Deadline, Hall, Mother and Daughter, News, 

Paris, and Silence.  

There is an inversely proportional relationship between PSPNR and 
JNDSAD , 

JNDSSD . This 

can be observed directly in the different charts. For higher values of PSPNR, the variability 

decreases whereas for higher values of 
JNDSAD , 

JNDSSD .the variability increases. Video 

sequences with lower spatial-temporal complexity present higher values of bit rate complexity. 

This is in line with H.264/AVC new prediction tools: inter prediction is more effective and thus 

requires a lower number of bits. Again, sequences with better RD performance present higher 

values of bit rate variability. Similar behaviour is observed in relation to the GOP pattern 

influence on bit rate variability. Sequences encoded with B slices present much higher values of 

CoV. Longer size GOP present higher values of bit rate variability. 

It can be noted that 
JNDSSD .VD curves present a very sharp variation for video sequences with 

low complexity up to a certain value. After this threshold, the level of bit rate variability 

increases at a lower rate. This phenomenon is also observed in VD 
JNDSAD , curves but it is not 

as severe. VD curves for PSPNR and SSIM are, in general, smoother compared with VD curves 

for the distortion metrics. 

Results vary with content nature and GOP pattern. When sequences are more complex to 

encode, the relationship between texture bits and motions bits is more balanced and bit rate 

variability decreases. Nevertheless, H.264/AVC global results indicate high bit rate variability 

when using perceptual image quality metrics. This is a good result for statistical multiplexing. 

Nevertheless, it should be noted that the peak of CoV varies greatly with content and coding 

parameters. 
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Figure 5.13 – Rate Variability-distortion (VD) Curves (SAD_JND) 
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Figure 5.14 – Rate Variability-distortion (VD) Curves (SSD_JND) 
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Figure 5.15 – Rate Variability-distortion (VD) Curves (PSPNR) 
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Figure 5.16 – Rate Variability-distortion (VD) Curves (SSIM) 
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5.5 Summary  

As was mentioned at the beginning of this Chapter, the main goal of rate control is to present 

high-quality video to end users by setting the proper coding configurations within constrained 

bounds such that the buffer does not overflow or underflow, at limited storage capacity or 

channel bandwidth ([18],[331]). Rate-distortion (R-D) based methods are often implemented to 

enhance and stabilize video quality. The MSE and PSNR are the most used video quality 

metrics, given their little computational complexity, regardless of their limitations. In fact, MSE 

and PSNR do not correlate well with perceived quality. While MSE measures the image 

difference, PSNR measures image fidelity. A number of alternatives have been proposed in 

recent years. Two different FR approaches for quality assessment, based on JND and on 

structural similarity (SSIM), have had their concept, implementation and meaning presented in 

Chapter 2. In contrast with traditional metrics, they use mechanisms to incorporate HVS or the 

perceptual effects of video degradation. As a result, they allow a more refined prediction of the 

level of degradation that a signal can suffer until a human observer notices it ([212]). 

In this chapter, previous research conducted in the field of Rate Control optimization was 

examined, particularly R-D modeling and the developing of R-D functions for the rate control 

of joint video sequences using perceptual quality metrics. In particular, extensive experiments 

on a large number of video sequences were performed, their statistics studied and a Rate-

Quantization (R-Q) model and Distortion-Quantization (D-Q) model derived for modeling the 

R-D relation in H.264/AVC. 

Experimental results show that quadratic function is a good solution in most cases for SSIM and 

PSPNR. In most cases, quadratic approach is the best solution regarding Rate and SSIM and 

Rate and PSPNR, while logarithmic and power methods are better for JNDSAD  and JNDSSD  

metrics. Results have been verified for different GOP Patterns, video test sequences, and coding 

setup. By using perceptual models, average perceptual quality improvement can be achieved 

when the proposed model is exploited in predicting the rate of the rate-control scheme. The 

proposed models can be applied to Intra and Inter prediction frames. In the last section, a bit rate 

variability study was conducted in order to assess the level of variability of an H.264/AVC 

video stream. High values of CoV were observed particularly for video sequences encoded with 

B slices. Based on improved R-D models, a novel proposal for jointly coding of multiple video 

sequences will be proposed using perceptual image quality metrics, implemented into the H.264 

reference software JM reference software version 11.0 and studied in Chapter 6. 
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Chapter 6. Joint Video Encoding of H.264/AVC 

bitstreams 

 

This chapter examines how several encoders can operate together to enhance global picture 

quality. This theme is an extension of rate control of the independent video encoding of several 

programmes. First, the concepts of statistical multiplexing and joint video coding are introduced 

followed by a review of current systems available in the literature ([280],[300],[455],[456], 

[457],[458]). Their limitations are addressed, and potential improvements to the algorithms are 

discussed. Secondly, joint coding algorithms are presented and assessed using objective and 

subjective image quality metrics. They attempt to allocate the existing bandwidth, according to 

the coding complexities of video sources, measured by perceptual metrics, and to uniformize the 

level of perceptual quality of the encoded video. Each encoder uses an independent rate 

controller to allocate bit rate within each picture. The algorithms work with a look ahead 

window of one GOP size. Results point to a reduction in the amplitude of quality variation 

among programmes compared with the CBR scenario and a decrease of the bit rate variability 

along the bitstreams. Subjective evaluation was conducted with a panel of 15 viewers and using 

SAMVIQ methodology. Thirdly, a two-pass encoding strategy that incorporates perceptual 

information is presented and discussed.  

6.1 Statistical Multiplexing and Joint Video Encoding 

When H.264/AVC encoders work in CBR mode, the picture quality varies depending on the 

complexity of the video signal. Usually, viewers assess picture quality based on the pictures 

with the highest amount of impairment. Thus, to guarantee that even the most critical pictures 

are encoded at an acceptable quality level, the bit rate should be set at a high value. However, 

for most of the duration of a video programme, a lower bit rate would be entirely sufficient. In 

order to generate a constantly high picture quality, the bit rate should be allowed to vary in 

accordance with the complexity of the video signal. For example, the DVD specification 

supports MPEG-2 video encoding, where the bit rate changes from scene to scene from about 1 

Mbps up to 9.8 Mbps, at an average video bit rate from 3.5 up to 6 Mbps. An equivalent idea 

can be applied when several programmes are encoded in VBR mode and transmitted 
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simultaneously by sharing the total available bandwidth between them. Thus, critical video 

signals requiring higher bit rates can obtain a larger part of the total bandwidth than non-critical 

video signals. In general, bit rate is allocated among programmes according to the statistics of 

the video signals, and so these systems are named ‘statistical multiplexing systems’ (also 

designated by StatMux) ([280],[300],[455],[456],[457]). Usually, when the number of channels 

is reduced, picture quality can be increased by preventing the worst impairments during difficult 

scenes. When the number of channels is larger, besides an increment in picture quality, these 

systems can also make the reduction of the overall bandwidth possible.  

In statistical multiplexing systems, a constant bandwidth communication channel is virtually 

segmented into different variable bandwidth channels. The channel's bandwidth can be altered 

according to the instantaneous traffic requirements of the programmes that are being sent over 

the channel. An increment in the allowed variation in the bit rate corresponds to an increment in 

the initial buffering delay. H.264/AVC supports the use of larger buffers than previous 

standards, such as MPEG-2, so that it can absorb momentary peaks in bit rate, during a short 

period of time, without altering QP. Larger buffer size corresponds to a greater end-to-end 

delay. Although this value is minimised when programmes are encoded in CBR mode, a 

moderate delay lets full advantage be taken of encoding in VBR mode. To control bit rate 

variations a joint rate control algorithm may be used. Joint video encoding is a special case of 

statistical multiplexing systems. In this scenario, statistical multiplexing is performed in 

conjunction with encoding so that a common bit budget is divided between the bitstreams, 

giving their temporal complexities. 

Statistical multiplexing systems differ from single VBR channel's capacity. A VBR channel, for 

short periods of time, can absorb peak bit rate requests. Nevertheless, the scene duration may 

last longer than the channel capacity to absorb bit rate variations. In addition, during network 

congestion, this capacity is further reduced and may result in a decrease of picture quality. In a 

StatMux system, the goal is to reallocate bandwidth as and where it is needed. This concept 

differs from the initial example of the DVD. When video is encoded for storage, the rate control 

algorithm decides when and how to vary bit rate to obtain uniform picture quality and thus 

performs a kind of statistical multiplexing in the time domain. In the case of StatMux, the 

multiplexing is performed across numerous video channels. 

The different time scales regarding bit rate control within a programme should be noted. For 

example, in Europe, a picture is encoded in 40 ms, and a macroblock from about 100µs (CIF) 

up to 5µs (HDTV) ([300]). Usually, a GOP structure corresponds to 500 ms. Within a 

programme, temporal activity, either from a camera movement (such as a zoom or a pan), video 

editing (such as a transition or a special effect) or content itself, can last from a few seconds to 
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several minutes. Depending on the programme nature (talks, sports, cinema, etc.), a scene 

change can occur in a couple of seconds (sports) up to many minutes (cinema). The rate control 

algorithm of an encoder should focus on short-term variations resulting from macroblock coding 

up to picture coding, whereas a joint rate controller should operate on the longer time scale. In 

most cases, existing joint rate controller schemes operate based on the time scale corresponding 

to a GOP structure. As discussed in the previous chapter, GOP pattern is associated with the 

minimum decoder refresh delay to enable channel switching. Preceding standards of 

H.264/AVC used GOP structure to define random access but also to avoid decoder drift as DCT 

and inverse DCT are defined with only a certain accuracy. As referred in Chapter 3, H.264/AVC 

defines a forward and inverse transformation with full accuracy so this problem is solved. Thus, 

the coding of an intra-slice picture is associated with random access requirements. Whenever 

numerous programmes are transmitted at the same time two main approaches should be 

considered: independent video encoding and joint video encoding. The major difference is 

whether or not programmes share a common bit budget and the way this budget is shared. The 

next section will discuss both scenarios. 

6.1.1 Independent Video Encoding of Multiple Programmes 

Each programme in this scenario is encoded independently without using any information from 

the remaining programmes. 

 

Figure 6.1 – Block Diagram of Independent Video Coding 

Figure 6.1 displays a block diagram for this scenario. Each video encoder has a separate rate 

controller. After encoded the video source the bitstream is sent to the Multiplexer. A programme 

can be encoded in CBR or VBR mode. If the programmes are encoded at CBR, the multiplexed 

video stream will occupy a bandwidth that corresponds to the sum of the individual bandwidth 
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of the programmes. This method is a simple process and is known as deterministic multiplexing. 

The major drawback is that a large amount of bandwidth is wasted for bursty programmes. This 

is special relevant as H.264/AVC due to its compression efficiency, generates traffic, which is 

extremely burst over a wide range of time scales ([447],[449],[450],[451],[452],[453], 

[454],[459],[460]). This is not an efficient way to use resources. If the programmes are encoded 

in VBR mode, then instead of the average, one solution is to use the peak bit rate of each 

programme that needs to be used. An alternative to deterministic multiplexing is to use 

statistical multiplexing. In this case, a statistical multiplexing gain is obtained by allocating to 

the multiple programme's streams a lower bandwidth value compared with the sum of the peak 

bit rates. Therefore, more programmes may be broadcasted and thereby a better utilization of the 

resources is achieved. Although the instantaneous joint bandwidth resulting from multiplexing 

all the different programmes may exceed the channel capacity, the aggregated bandwidth may 

generate smoother video traffic.  

Several VBR rate control strategies have been presented in the literature. One possible solution 

is to maintain the QP constant. This strategy is also known as open-loop ([51],[280],[455]). The 

goal is to obtain uniform quality level by introducing the same level of distortion in the encoded 

video stream. In this scenario, the encoder may use as many bits as needed to achieve a 

predetermined quality level. Thus, when the rates of all the VBR encoders are combined, they 

may exceed the channel capacity. In particular, if the burst of bits take place at the same time. In 

this case, the buffer will overflow and data will be lost. With open-loop VBR it is hard to 

achieve both good channel utilization and very limited data loss ([280]). Another approach is to 

control the variation of VBR in order to obtain constant quality (CQ-VBR) ([51]) and to 

guarantee that the buffering delay does not exceed a pre-define threshold value. This approach 

is also designated in the literature as close-loop ([280],[455]). In this scenario, feedback 

information from the encoder process regarding the video source is used in the rate control 

algorithm. Feedback may be used according to different approaches: "feed forward rate control" 

and "feed backward rate control" (Figure 6.2 ). In the feed backward, there is limited knowledge 

of the sequence complexity. The encoders gather statistical information during the encoding 

process. This information can be used to determine the video complexity of the programme. Bits 

are allocated on a picture basis and spatially uniform distributed throughout the image. This 

approach assumes that neighbouring frames share an equivalent coding characteristic. Thus, this 

approach often suffers from performance degradation at scene changes. 



6.1. Statistical Multiplexing and Joint Video Encoding 191 

 

 

 

 

Figure 6.2 – Block Diagram for Feed-Forward and Feed-Backward rate control 

In the "feed forward rate control," a pre-analysis is performed on “future” frames to be encoded 

in order to collect R-D statistics. The collected statistic's information is used for rate allocation. 

A good R-D model for video encoders with a mathematical framework for joint coding allows 

to obtain an increase in performance. For off-line applications, without time constraint, two-pass 

VBR rate control techniques are often used to optimize video quality. In this case, part or the 

entire video sequence is first encoded using a fixed quantisation step size in order to extract R-D 

statistics ([461],[462],[463],[464],[465],[466],[467]). In the second-pass, the quantisation 

parameters are adjusted, in order to obtain stable video quality or superior coding performance. 

In one of the early examples ([461],[462],[463],[464],[465]), the author proposes a two-pass 

rate control strategy based on obtain the Bit Usage Profile. The pre-analyser (first step) 

generates a histogram of the number of bits, the quantisation parameter and the PSNR for each 

macroblock (both for a particular position and regardless of the spatial position). The Bit Usage 

Profile allows determining how, when and where the complexity varies. Thus, in the second-

pass, the result will present an improvement of the perceptual picture quality ([462],[463]).  

Modeling VBR video programmes have been extensively studied in the literature. Proposals 

include first-order auto regressive (AR) models, discrete AR (DAR) models, Markov renewal 

processes (MRP), MRP transform-expand-sample, finite-state Markov chain, Gamma-beta-auto-

regression (GBAR) models, discrete-time semi-Markov processes (SMP), wavelets, multifractal 
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and fractal methods, Log-normal, Gamma, and hybrid Gamma/ Lognormal distribution model 

([468],[469]). Recently, Aggellos in [468] proposed the simple Discrete Autoregressive model 

(separately for I, B, and P frames) to capture the behaviour of multiplexed H.264/AVC video 

conference sources. These models are obtained by analysing the bit rate characteristics of the 

encoded programmes (the histogram, in general, converge towards a probability density 

function (PDF)). An example of a histogram and the corresponding Gamma PDF is presented in 

Figure 6.3 ([51]). 

 

Figure 6.3 – Histogram of bit rate for Bond sequence 

When several programmes are statistically multiplexed, their combined bit rate PDF can be 

obtained by convolution of the individual PDFs. To determine the statistical multiplexing gain 

first it is computed the cumulative distribution function (CDF). Bit rate is selected depending on 

the requirements of picture quality. The major drawback in this approach is that the bit rate in 

H.264/AVC suffers from a high variability, and long programmes are not stationary in time 

([448],[452],[453],[460]). According to Auwera et al. this variability is magnified in 

H.264/SVC due to the improved number of motion estimation modes (H.264/AVC) and 

hierarchical B-frames (H.264/SVC). In the paper, different levels of smoothing that give 

(bufferless) statistical multiplexing performance close to an optimal off-line smoothing 

technique are identified. Nevertheless, the method still lacks the integration of collaborative 

smoothing strategies with active buffer managements. Geert and Reisslein in [460] examined 

the statistical multiplexing behaviour of H.264/SVC, H.264/AVC, and MPEG-4 Visual with 

long video sequences. The levels of smoothing that give (bufferless) statistical multiplexing 

performance close to an optimal off-line smoothing technique and the size of the multiplexer 

buffer are identified. The next steps will promote the integration of collaborative smoothing 

strategies with active buffer managements. Mehdi proposed a StatMux technique in conjunction 

with the time-slicing transmission scheme by the IP encapsulator in a DVB-H network 

([470],[471],[472]). This method result in a decrease of the end-to-end delay of DVB-H services 

compared with a deterministic approach. Vladimir Vukadinovic et al. in [450] examine the 

potential statistical multiplexing gains with and without the coordination in the encoders, in 

0

50

100

150

200

250

300

0 40000 80000 120000 160000 200000

I Frame Size [bits]

A
b

s
o

lu
te

 F
re

q
u

e
n

c
y

0

0,000002

0,000004

0,000006

0,000008

0,00001

0,000012

0,000014

0,000016

0,000018

Frequency

Gamma pdf

0

100

200

300

400

500

600

0 20000 40000 60000 80000 100000 120000 140000 160000 180000 200000

P Frame Size [bits]

A
b

s
o

lu
te

 F
re

q
u

e
n

c
y

0

0,000005

0,00001

0,000015

0,00002

0,000025

Frequency

Gamma pdf



6.1. Statistical Multiplexing and Joint Video Encoding 193 

 

 

Multimedia Broadcast and Multicast Service (MBMS) and enhanced MBMS (E-MBMS) of 

3GPP. E-MBMS supports the mapping of multiple MBMS services on the same multicast 

channel (MCH) ([473]). In [473] one mobile TV channel is reported to be around 300kbps 

(H.264/MPEG4), and the audio encoder outputs 32~64kbps stream according to different 

configurations (AAC). Results also showed that in the case of coordinated encoding, channel 

allocation updates do not contribute significantly to the gains in terms of average PSNR/bit rate, 

but may reduce the PSNR variations within a stream and thus provide gains in terms of visual 

quality.  

Cheng-Hsin Hsu et al. studied the problem of broadcasting multiple VBR programmes over a 

broadcast network to many mobile devices, in close-loop and open-loop 

([474],[475],[476],[477]). In close-loop, each video stream is controlled by a joint video coder. 

In open-loop, there is no joint video coder and thus video streams may occasionally overload the 

broadcast network. Two performance metrics for video streaming over wireless networks have 

been defined: energy saving and goodput, from mobile users’ and network operators’ point of 

view, respectively. The problem has been mathematically formulated as a burst scheduling 

problem for multiple TV channels with arbitrary bit rates. To solve this problem, Cheng-Hsin 

Hsu et al. proposed an algorithm to perform the scheduling of the programmes: the Statistical 

Multiplexing Scheduling (SMS). Experimental and simulation outcomes show that the resulting 

schedule performs well, and that results are inline with most practical networks. 

Martin Fleury et al. ([478],[479]) proposed a system that combines a bank of bit rate transcoders 

and a statistical bandwidth manager. The system uses two metrics to measure the content 

complexity: the temporal complexity index (TI) and the Scene Complexity Index (SCI). Using a 

fuzzy logic controller the metrics are combined. Both metrics are determined across a GOP. 

Experimental results were obtained using the H.264/AVC JM reference software version 14.2, 

RDO ON, and three CIF video streams (30 fps). Each of three video streams contained 900 

frames consisting of FNS (Foreman + News + Stefan), NMF (News +Mobile + Foreman) and 

WHB (Flower + Highway + Bus). An IPPP... GOP structure was set with Instantaneous 

Decoder Refresh (IDR) frames configured, and the intra frame refresh was set to 15. Results 

show a reduction in quality fluctuations compared with independent video coding. Nevertheless, 

global results show a decrease in overall picture quality.  

Mehdi proposed a fuzzy joint encoding and statistical multiplexing scheme for streaming over 

DVB-H ([472],[480],[481]). The goal was to decrease the end-to-end delay in a broadcast 

system by decreasing the buffering delays. The rate control algorithm uses several fuzzy 

controllers to control the bit rate of each encoded bitstream and also the bit rate of the 

aggregated bitstream. Simulation's results were conducted for a group of four video sequences, 
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with duration of 60 seconds, a frame rate of 15fps, QVGA, and a target bit rate of 300kbps. The 

proposed algorithm provided a 38% reduction in the required decoder buffer size and 62% 

reduction in the decoder buffering delay at the expense of 0.02dB degradation in quality. 

Nevertheless, these results are obtained without reducing the variations in picture quality 

between different programmes.  

6.1.2 Joint Video Encoding of Multiple Video Programmes 

In this scenario, a common bit budget is divided between different programmes that share the 

same transmission bandwidth by a joint rate control algorithm. Figure 6.4 shows the diagram 

block of a typical system ([467]).  

 

Figure 6.4 – Diagram Block of a Joint Rate Control System  

The Multiplexer controls the bit rate of the different video streams (Joint Video Rate 

Controller). Two connections are set between each Video Encoder and the Multiplexer: the 

Coded Data Link and the Rate Control Link. The first connection is unidirectional, from the 

Video Encoder to the Multiplexer, and is used to send the bitstream. The flow of data can vary 

between tens of kbps up to ten of Mbps depending on the type of programme and the selected 

encoder (videoconference up to HDTV). The second connection is a bi-directional link of 

moderately low data-rate. The types of messages are the control type (request bit rate, allocate 

new bit rate, start adaption to the new bit rate, etc.). Another type of information can be 

exchanged such as the complexity of encoded bitstreams or the buffer level of the Video 

Encoder. In a practical implementation, it will be possible to carry rate control information 

within the bitstream on the Coded Data Link. Thus, the delay between time-critical messages, 

generated by the Video Encoder, is equal in all video programmes. After receiving information 
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from the different Video Encoders, the Multiplexer needs to decide how to allocate bandwidth 

between the Video Encoders. A typical criterion is the complexity of the encoded programmes. 

A short dialogue takes place over the Rate Control Link.  

The Video Encoder needs to adapt the buffer size before change to a new value of the bit rate. 

The way the buffer is controlled differs when working in CBR or VBR mode ([51],[52]). For 

CBR coding, changing the number of bits allocated to each picture requires the existence of a 

buffer in the decoder to store the extra bits. The degree to which an encoder can vary the 

amount of bits allocated to each picture, depends on the size of this buffer. If the buffer is large, 

the encoder can use greater variations and thus improve the picture quality at the cost of 

increasing the decoding delay. The delay is the time taken to fill the input buffer from empty to 

its current level. A Video Encoder needs to know the size of the decoder’s input buffer in order 

to determine to what extent it can vary the distribution of coding bits among the pictures in a 

programme. In the case of a constant data transfer rate between a CBR encoder and a decoder, 

there is a complementary relationship between coder and decoder buffer occupancy: if the 

encoder buffer is β% full at time δ, the decoder buffer will be (100 - β)% filled at time (t + δ). 

( ) ( )e dB t B t T B     (6.1) 

where the occupancy of the coder buffer at time t is ( )eB t , and the occupancy of the decoder 

buffer at a time t plus δ is ( )dB t  . This complementary relationship is very important. It 

means that if the encoder buffer is prevented from over or under-flowing, then the decoder 

buffer is guaranteed never to over or underflow. This fact is frequently used to synchronise the 

decoder. For the decoder and encoder to remain synchronised, the delay through the encoder 

and decoder, δ, also known as the “codec delay,” must remain constant (  B r   where B is 

the coder and decoder buffer size and r is the data transfer between coder and decoder buffers 

([311],[312],[313]). The complimentary relationship is not valid if the data transfer rate between 

coder and decoder is altered. Thus in order for the codec delay to maintain valid the following 

equation must hold 

max

max min min

c d
c d

rB B
B B

r r r
       (6.2) 

where cB  and dB correspond to the size of the coder and decoder buffer (in bits), 
max

r and 
min

r  

are the maximum and minimum value of the bit rate at which the system can function. When 

working at constant bit rate, r, the upper and lower limit for encoder buffer occupancy, 

respectively  maxB r  and  minB r , must be fulfilling, and can be expressed as: 
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During an interval of time immediately before a change in bit rate, corresponding to the codec 

delay, equation (6.3) is not valid. For the duration of this period, δ, new limits need to be 

computed by the following expression: 
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 (6.4) 

where t is the time, 
newr  and prevr correspond to the bit rate after and before the period of 

adaptation start, and      max max min, ,new prev newB r B r B r  and  min prevB r  are computed using 

Equations (6.3). The Video Encoder needs to adjust the encoder buffer occupancy to new limits 

and then alters the bit rate. The initiative for changing the bit rate may be forced by the 

Multiplexer or a request from one of the Videos Encoders. In the second case, the Video 

Encoder forwards a message requesting the alteration of the bit rate to a new value. This request 

needs to be authorized and depends on the overall system. If approved, a message is sent to the 

Video Encoder to start the adjustment of the occupancy limits of the video coder buffer 

(Equation (6.4)). After receiving the previous message, the Multiplexer waits a set time δ before 

applying the new bit rate. Figure 6.5 illustrates an example of bit rate adaptation, from 1500 to 

2000 kbps, for the coastguard video sequence, in a MPEG 2 Video Encoder ([54]). 

  

Figure 6.5 – Coder buffer occupancy (left); Address decoder buffer evolution (right) 

The Multiplexer and the Video Encoder have a “master-slave” relationship. The Multiplexer 

monitors all the different Video Encoders and must decide the best way to allocate bandwidth 
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considering several aspects, including channel capacity or bit rate limits. A similar analysis can 

be performed when working in VBR mode (Figure 6.6) ([51]). 

encoder decoder
decoder

buffer

encoder

buffer

x(t) e t( ) e t( )

 

Figure 6.6 – Encoder and Decoder Buffer Diagram  

The encoder places bits in the encoder buffer, at the non-uniform rate e(t). Bits are then 

transferred between encoder and decoder buffers at the rate x(t). If we are encoding in CBR 

mode, then x(t) is a constant, but in the case of statistical multiplexing x(t) is a time function. 

Let E be the encoder buffer occupancy, D the decoder buffer occupancy and Bd the decoder 

buffer. The encoder buffer occupancy (fullness) is described by the following pair of equations: 

(0) 0E   and 

0

( ) ( ( ) ( ))

t

E t e x d     (6.5) 

The decoder waits for an amount of time, before removing the first bit from its buffer. This time 

is the buffer delay, T (in seconds). The information is retrieved from the decoder buffer in a 

FIFO order. Let us now consider the decoder buffer occupancy: 

(0) 0D   and 

0

( ) ( )

t

D t x d if t T    (6.6) 

( )

0 0

( ) ( ) ( )

t Tt

D t x d e d if t T   


     (6.7) 

( )

0 0

( ) ( ) ( )

t T t

D t T x d e d if t T   


      (6.8) 

By adding the expressions for ( )E t and ( )D t T  we obtain, for t T , the following equation: 

( )

( ) ( ) ( )

t T

t

E t D t T x d 


     (6.9) 

In order to prevent decoder buffer overflows and underflows, the rate control algorithm must 

guarantee that 

0 ( ) dD t T B    (6.10) 

Using equation (6.9) in expression (6.10) we obtain: 
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Conditions (6.11) and (6.12) give the constraints on the encoder buffer fullness to avoid decoder 

buffer overflows and underflows in the decoder.  

Several joint video encoding methods have been presented in the literature. A brief review is 

presented here. L. Wang et al. propose a dynamic bit allocation strategy for joint coding that 

dynamically allocates the available coding bits among the programmes according to the 

programme related complexities ([35],[36],[37],[38],[56]). In this case, complexity has been 

defined as the product of a quantisation parameter and the number of bits generated for the 

frame using the respective quantisation parameter as specified in MPEG-2 TM-5. Mahesh 

Balakrishnan et al. in [482] discuss the complexity involved in implementing statistical 

multiplexing proposing a model that defines picture quality. Few results are presented. 

Boroczky et al. propose an algorithm that dynamically allocates the channel bandwidth among 

the MPEG-2 programme encoders according to the relative complexities of the programmes 

using picture and coding statistics ([33],[39]). Jun Xin et al. in [40] presents, for joint 

transcoding systems of MPEG-1 video sources, a joint bit-allocation approach where the target 

number of bits for each GOP is proportional to its square-root complexity (complexity is 

determined following the TM-5 method). Li et al. ([41]) have developed an adaptive joint rate 

control scheme in which the total bandwidth is, firstly, assigned to each programme according 

to its complexity so that equal picture quality of the video programmes is maintained. In a 

second step, for each programme, the corresponding quantisation parameters are then computed 

by using an adaptive rate control algorithm. The complexity of the programme is determined by 

its size (number of macroblocks), motion (the sum of motion vector components), and a 

variable–like measure, like the square of total mean absolute difference (MAD). Simulations 

have taken place with the MPEG-2 video programme and rate control follows the method 

presented in [32]. Vincent et al. present a model to calculate the coding gain of resulting joint 

coding by comparing the bit rates required to achieve a given probability of low picture quality 

([42]). The model uses empirical data from MPEG-2 simulations to derive relationships. The 
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statistical distribution of programme complexity was modelled as a Gamma distribution. Jordan 

et al. presented methods for the modelling and performance prediction of MPEG-2 video 

statistical multiplexing of programmes ([43]). Bit rate Cumulative Distribution Function (CDF) 

data from each channel type were characterised and modelled, the higher part of the CDF by an 

exponential function, whereas the lower part is better described by a polynomial. The PDF can 

then be calculated by differentiation. Gu and Lin in [483] outline an approach to R-D optimal 

solutions, for joint rate control for multiple H.263 video sources, under several common types 

of distortion measures. These approaches are mainly based on the MPEG-2 coding platform 

using the same complexity measure as that specified in TM5. However, the TM5 bit rate 

algorithm was conceived for the MPEG-2, and not H.264/MPEG-4. Work in this area applied to 

codec’s such as H.264/AVC has been the target in the last few years. J. Yang et al. propose in 

[45],[46] an approach where the mean absolute difference (MAD) of the residual components is 

used as the complexity measure to adapt to the characteristics of H.264/AVC video coding. 

Joint allocation concept has been extended to support priorities between different sources being 

multiplexed. This could be important to video-on-demand servicing. Soon-kak Kwon’s has 

proposed a joint bit rate allocation by using model parameters for MPEG-2 coding. Soon-kak 

Kwon proposal can be extended to H.263, H.264/AVC and MPEG-4 ([484]).  

Tiwari in [485],[486] proposed and compared various methods for allocating bit rate for 

multiple video streams using dual-frame video coding. Motion activity is used to select if a 

frame should be encoded as a Long Term Reference (LTR) frame. As no information from 

future frames is used, this method will fail at a scene cut. A simple RD model (D=a+b/R) is 

used (MSE is used to measure distortion). Simulations were performed using the H.264/AVC 

reference software JM 10.1 (baseline profile). The video sequences used for the simulations 

were are QCIF, 30 fps and of length 300 frames. The first frame is an I-frame and the remaining 

were coded as P frames. Two reference frames were used. Results for multiplexing two 

programmes (Akiyo and Foreman) at 60kbps, and four video programmes (Akiyo, Carphone, 

Coastguard, Grandma) at a combined bit rate of 120 kbps were presented. Proposed methods 

improve average PSNR quality. Tiwari et al. in [487],[488] described an approach based on a 

competitive equilibrium bit rate allocation scheme to improve the quality of all the video 

streams by finding trades between programmes across time. A central rate controller gathers 

rate-distortion information, at every slot, from each programme and allocates bit rate using an 

Edgeworth box solution. All computational calculus is performed in the central rate controller. 

The final bit rate allocation is a Pareto optimal solution. The key aspect of the algorithm is how 

to estimate the future RD information for a programme. MSE is used to measure distortion, and 

can be estimate using the following RD curve: D = a + b/(Rate + c) where a,b and c are curve-
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fitting coefficients. Simulations were performed using the baseline profile of H.264/AVC JM 

reference software version 11.0. The GOP size is 15 frames without B-slices. Twelve video SIF 

sequences, at 30 fps, with duration of 250 seconds were used. The test video sequences were 

obtained from travel documentaries. For assessing picture quality it was selected the PSNR 

picture quality metric. Reference bit rate for each programme varied between 190–290 kbps. 

Results showed an increment in picture quality but the algorithm does not minimise the average 

distortion. Tiwari et al in [489],[490] proposed a decentralised process based on a pricing 

mechanism that does not require a heavy computational burden on a central controller. Each 

user independently is responsible for computing his bit rate demand for the current slot based on 

current price, available money, and relative video complexity for the current slot compared to 

the estimated average complexity for future slots. The rate allocator receives the request, 

normalises the total demand and sends the bit rate price for the next slot based on the total 

demand and total available bit rate. Various methods of price-based decentralised bit rate 

allocation are discuused. Results are reported to provide an improve in picture quality for all 

users. Although centralized allocation slightly outperforms the decentralized allocation, this 

approac has the advantage of reducing the amount of information shared by the users, and 

removing the computational burden imposed on the allocator in the centralized approach. The 

computational complexity grows exponentially with the number of users in the centralized 

allocation. 

Nesrine Changuel ([491],[492],[493],[494],[495],[496]) proposed a statistical multiplexer where 

a closed-loop control of both video encoders and buffers is performed jointly using a PID 

feedback. The key idea is to update the encoding rate for each video unit according to the 

average level of the buffers, to maximize the quality of each programme and effectively use the 

available channel rate. PSNR was selected to control the video quality. Two RD models were 

used: a linear RD model for PSNR as a function of QP and an exponential model for rate as a 

function of QP. To evaluate the performance of the proposed joint encoder and buffer controller, 

four CIF programmes, 30 fps, were encoded with an H.264/AVC encoder in baseline profile. 

Intra refresh frame was set to 15, and no B-slices were used (no information regarding number 

of reference frames, entropy encoding, or RDO is available). To use predictive control, it was 

selected a window of 1 second. Two scenarios were analysed: a constant channel rate (1Mbps) 

and a time-varying channel rate. Results show a decrease the intra-programme quality variations 

compared to the non predictive control.  

Zhihai He et al. ([497]) proposed a linear rate model and a linear rate control scheme for 

H.264/AVC video coding. Based on the linear relationship between the overall bit rate encoding 

and the fraction of zeros among quantized transform coefficients, it was proposed a linear rate 
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control for video encoders. The bit rate of the different programmes was controled by a linear 

scheme using a look-ahead scheme to collect the RD statistics of future frames for joint rate 

allocation. MSE was selected to measure distortion of the different programmes. Simulations 

were performed using H.264/AVC JM reference software (version 9.5), CABAC for entropy 

coding, motion search range of ±16 pixels with up to five reference frames, five TV video clips 

(CIF size, 30 fps). No B frames and a period of Intra frames of 90 frames. Intra frames of 

different videos were not synchronized. The total network bandwidth is set to be 7.5 Mbps. The 

start-up delay is 1 second, and the look-ahead window size is 15 frames (0.5 seconds). Results 

indicate an average quality improvement about 2-3 dB (PSNR). As video sequences are not 

available, it is no possible to replicate the experience.  

Valenzise et al ([458],[498],[499],[500],[501]) proposed an algorithm to achieve the same 

distortion for video sequences, using the ρ-domain model. Bandwidth is allocated according to 

different criteria: minimising the average object distortion (MINAVE) or minimising the 

variance of the object distortions (MINVAR) under some rate constraint. In both cases, rate-

distortion characteristics are described by an exponential model using MSE to measure 

distortion. To obtain model parameters, input sequences were encoded at a fixed QP=20. Four 

tests CIF video sequences were used: Foreman, Hall monitor, Soccer and Coastguard. Each 

sequence contains 300 frames and were encoded at 30fps. The first frame is intracoded (I 

slices), and the remaining frames were all interframe coded (P slices). No information regarding 

motion search range, number of reference frames, entropy coding or RDO is available. In the 

different papers, the bit budget for each sequence is varied between 1.2 bpp, 0.5 bpp and 1/3 

bpp (channel bandwidth equals to bpp x number of sequences). Results have shown that, on 

average, the coding efficiency loss incurred by MINVAR allocation compared with MINAVE is 

on the order of a fraction of dB, using a PSNR distortion metrics. A similar scheme was 

presented in [502],[503] for the case of multiple H.264/AVC video sequences (MVS): the 

frames of the different sequences at a given time instant are grouped in a “multiframe” 

(MFRM), and a group of multiframes constitutes a “multi-GOP” (MGOP). The coding 

complexity of each frame is computed using a rho-domain model. No look-ahead window is 

used. Bits are allocated in such a way that the quality fluctuations between adjacent MGOPs and 

among the frames inside the MGOPs are minimized. The performance of MVS was analysed 

using three CIF test sequences at 30 Hz (Foreman, News, Mobile) and with 300 frames. The 

GOP size was set to 15 and the GOP pattern was IBBPBB... No information regarding motion 

search range, number of reference frames, entropy coding or RDO is available. Four values for 

the channel bandwidth were selected: 750 kbps, 1500 kbps, 3000 kbps and 6000 kbps. Results 

show a major reduction in PSNR variation. 
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In summary, a wide array of joint video coding / statistical multiplexing schemes have been 

developed. The results have shown this is an efficient method to obtain uniform picture quality 

among video programmes, while maintaining the aggregate bit rate of the various video 

programmes conforming to the channel capacity. Nevertheless, the algorithms use mainly PSNR 

and MSE picture quality metrics to assess picture quality. As mention in Chapter 2, this type of 

metrics fails to predict the HVS perception because they take no account of where errors occur 

in the image, not every change in an image is noticeable or leads to distortion, no error is 

visually important. In the present work, two perceptual video quality metrics were selected, the 

Structural SIMilarity (SSIM) index and the JND (Just Noticeable Distortion). A novel approach 

to a joint video source coding, based on perceptual distortion, is thus proposed. The final aim of 

an encoding system is to ensure that as many viewers as possible are satisfied with the quality of 

the programme, they have selected. In the present joint video encoding studies, no subjective 

video quality assessment of the results has been performed yet.  

6.2 Methods for Joint Video Encoding  

Among existing solutions for implementing joint video coding, one of the most popular 

allocation methods is based on the complexity defined in the rate control of MPEG-2 TM5 

([48],[49],[50],[51],[52],[53],[54],[504],[505]). Most of the existing solutions that can be found 

in the literature are oriented to joint coding of MPEG-2 video streams, in the majority of cases, 

using a feed-forward strategy (Figure 6.7). In a first stage, video pictures of the different video 

programmes are encoded using a fixed quantisation parameter. Statistics from the first stage, 

such as the bit rate and distortion, are extracted. 

 

 

 

 

 

 

 

Figure 6.7 – Block Diagram for Joint Coding of Video Programmes 

In the second stage, these statistics are used to estimate the video programme’s complexity and 

improve the bit rate control process. Coding parameters, such as spatial and temporal resolution, 

GOP pattern and motion estimation techniques, are kept constant in both the first and the second 
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stage. Usually, the value of the quantisation parameter in the first stage varies between 15 and 

25.  

In the literature, this approach has been extended into some of the current H.264/AVC 

proposals, based on picture quality metrics. The MPEG-2 joint video coding and statistical 

multiplexing algorithm is composed of four steps. In the first step, the reference bandwidth 

refBW  of each video programme is calculated. It consists of the bandwidth that would be 

necessary to encode a frame of a GOP when each video programme is encoding at CBR and 

independently of the other’s video programmes. The reference bandwidth is determined based 

on the total available transmission bandwidth, the picture coding complexity and picture type, 

GOP pattern and the current state of the total virtual buffer. It can be determined as follows, 

depending on the picture type: 

,
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where _ ,ref I pBW , _ ,ref P pBW  and _ ,ref B pBW  are the bandwidth references for I, P and B 

pictures for the pth video programme, , 1.0p pK   and , 1.4b pK   are constants for P and B 

pictures of the pth video programme that depend on the quantisation matrices; ,p pN  and ,b pN  

are the number of P and B pictures remaining for pth video programme in the current GOP in 

encoding order and pR  is the transmission bandwidth for the pth video programme allocated to 

the channel during one GOP being computed as in Equation (6.16) 

, _GOP p p

p

p

N bit rate
R

f


  (6.16) 
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where ,GOP pN , pf  and _ pbit rate  are respectively the total numbers of pictures in the current 

GOP, the frame rate and the bit rate for the pth video source. X variables refer to the overall 

complexity of the different picture types and are updated by calculating the product of the 

number of bits generated by encoding a picture and the average quantisation parameter 

(computed with the actual quantisation values used during the encoding of all macroblocks) for 

each of the various picture types (Equation (6.17)). 

X R Q     (6.17) 

Initial values of X variables are computed according to the next equation: 

160 _ 60 _ 42 _
, , ,
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The goal in the second step is to obtain a measure of the complexity of the different video 

programmes. This can be achieved by coding a complete GOP or just a simple frame of each 

video programme using a fixed quantisation parameter. Using Equation (6.17) the estimated 

bandwidth, 
pEstBW , for each pth video programme can be determined as 
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In the third step, the reference bandwidth is allocated to each video programme proportionally 

to the value estimate in the second step 
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where M is the number of video sources. As the quantisation parameter is equal for all video 

programmes, the final equation can be simplified, and bandwidth is allocated proportionally to 

programme complexity. Finally, in the fourth and last step, a reference value for the 

quantisation parameter is determined for each picture. The reference value of the quantisation 

parameter is then independently modulated in each video encoder, according to the spatial 

activity in the macroblock, to obtain the quantisation parameter, mquant, used to quantise each 

macroblock ([19]). 
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6.2.1 Joint Video Encoding and TM5 Complexity Metric (Mux Bit) 

A first approach to the joint coding of H.264/AVC video programmes is to extend the algorithm 

based on the TM5 definition of complexity (Equation (6.17)). This algorithm uses a feed 

forward rate control and is composed of four steps: 

 First-pass coding using a fixed quantisation parameter. 

 Calculation of reference bandwidth. 

 Reallocate bandwidth per video programme according to its needs. 

 Encode the frame and update statistics. 

Before performing the first-pass, it is necessary to select the common quantisation parameter 

value. Two methods are possible: to select a unique value for all the sequence or to select an 

initial value and define an update method. The first method is usually used when the GOP 

pattern is not known in advance or when video programmes do not have the same size or are not 

GOP aligned. The possibility of updating the fixed quantisation parameter allows better 

statistics to be obtained. In the present method, an update method is defined based on the 

assumption that GOP size is equal in all video programmes, and that GOP are aligned. 

Quantisation parameters are defined for each picture type, based on previous quantisation 

parameters values and GOP pattern.  

For GOP patterns without B frames, the quantisation parameter is determined as the average 

value of the previous quantisation parameter’s values of the preceding GOP. Otherwise, for 

GOPs containing B frames, the average quantisation parameter from the previous GOP, from all 

video programmes, is first determined and then subtract one for the I and P frames. For B 

frames, instead of subtracting the value of one is added. 

In the second step, the reference bandwidth is estimated as the value that would be allocated in 

case of independent coding. Let 
,gop pN  designate the total number of frames in a GOP for the 

pth video programmes, , , ,( 1,2, , 1,2, , , 1,2, )i j p gop pn i j N p M    refer to the jth 

frame in the ith GOP of the pth video programme, and 
, ,( )c i j pB n  represent the occupancy of 

virtual buffer of the pth video programme after encoding the jth frame in the ith GOP. To 

determine the value of the virtual occupancy of the buffer the following expression can be used 
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where 
, ,( )i j pb n  is the number of bits generated by the j

th
 frame in the i

th
 GOP of the p

th
 

video programme, 
, ,R( )i j pn  is the available bit rate at the j

th
 frame in the i

th
 GOP of the 

p
th

 video programme, and f   is the frame rate (it is assumed an equal value for all video 

programmes). In the beginning of the ith GOP of the pth video programme, the total number of 

bits allocated for the GOP is determined by  

,1,

,0, 1, ,

( )
( ) ( )

gop

i p

r i p gop c i N p

R n
T n N B n

f
    (6.22) 

rT  is updated on a frame basis according to Equation (6.23) 
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Therefore, the aggregate bandwidth of all the video programmes when starting encoding the jth 

frame of the ith GOP can be determined as follows: 
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Equation (6.24) is used as reference bandwidth. It corresponds to the total number of remaining 

bits when starting encoding the jth frame of the ith GOP of all video programmes.  

The next step is to calculate the new value of the bandwidth for each video programme. The 

criterion for allocating bandwidth is to be proportional to the ratio complexity between 

programme complexity and overall video programmes’ complexity. Thus, the available 

bandwidth at the beginning of the jth frame of the ith GOP of the pth video programme can be 

expressed as follows: 
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where , , |i j p Q fixedX   and , , |i j p Q fixedT   are, respectively, the complexity and the bit rate obtained 

when coding using a fixed quantisation parameter, and M the number of video programme that 

are jointly encoded. This approach is denominated as “Mux Bit” from this point forward. Mux 

Bit Joint Video Coding can be summarizing in the following steps: 
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Step 1) Initialization: At the beginning of the video encoding session, define the number of 

video programmes, channel bandwidth, reference video bit rate per video programme, and 

encoder parameters such as GOP pattern, motion parameters, buffer size. 

Step 2) Look-ahead process. The quantisation parameter is determined according to the GOP 

pattern. Compute the average value of the quantisation parameter of the previous GOP. If the 

sequence is encoded with a GOP pattern without B frames, then use this value to encode I and P 

pictures. Otherwise, if GOP pattern has B frames then subtract value one from the average value 

of the quantisation parameter, for I and P frames, or if frame type is B add value one to the 

average value of the quantisation parameter. For the first GOP, use Equation (4.63).  

Step 3) Encode a frame of each video programme using the fixed quantisation parameter. Store 

statistics.  

Step 4) Determine the reference bandwidth per video programme (Equation (6.24)). 

Step 5) Determine the joint coding bandwidth per video programme (Equation (6.25)). Check if 

the allocate bandwidth generate a potential buffer overflow/underflow.  

Step 5) Encode one frame of each video programme used according to picture level rate control 

as explained in section 4.2.4.2. 

Step 6) Loop until encode GOP: Increase the frame number by one and go to step 3. 

Step 7) Loop until encode the sequence: Increase the GOP number by one and go to 2. 

6.2.2 Joint Video Encoding with R-D Models 

In the previous Chapter, several R-D models were analysed using traditional objective picture 

quality metrics and perceptual quality metrics. It was found that regarding PSNR, PSPNR and 

SSIM, the quadratic function presented good results in modelling R-D. In this section, a new 

approach will be presented for joint video coding based on these results. H.264/AVC JM 

encoders use a quadratic rate-distortion model to calculate the corresponding quantisation 

parameter, which is then used for rate-distortion optimization for each macroblock in the current 

basic unit. Analysing how the microscopic control inside a codec is performed, it can be noted 

that, within a frame, the relationship between the quantisation parameter, distortion and the bit 

rate of a macroblock i is determined by the following rule: 

1 2 1 2

2 2

i
i i

i i i i i

Rc c c c
R D

Q Q D Q Q

 
      
 

 (6.26) 
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In relation to H.264/AVC JM, the distortion metric used is MAD and in the case of MPEG-4 

VM8, the distortion is SAD. When encoding a frame, the sum of the bits generated by all the 

macroblocks should not exceed the number of allocated bits of the frame. The problem 

regarding rate control is how to distribute the available bits per each macroblock. If it is 

considered that all macroblocks in a frame are equally important, then each macroblock should 

be quantised with the same quantisation parameter (
1 nQ Q  ). As a result, 

1 2

2 1

1

1

i

i
i i i

i
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D Q Q
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i frame

i

R T  (6.28) 

where 
iR , 

iD , 
iQ  are respectively the number of bits, the distortion and the quantisation 

parameter of macroblock i, 
1c  and 

2c  are coefficient parameters and 
frameT  is the number of 

bits available to encode the frame. Solving equation (6.28) by using equation (6.27) it follows 

that  
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Thus, bits should be allocated, on a macroblock basis, proportionally to the impact of the 

macroblock distortion regarding the overall distortion resulting from all the macroblocks. When 

performing joint rate video allocation, all video programmes are equally important. In the case 

of the PSNR, PSPNR and SSIM picture quality metrics, rate distortion can be modelled by the 

quadratic function with good results. Therefore, in the first pass, using a fixed quantisation 

parameter it follows that (Equation (6.30)): 

| ,1 ,2

1 2

|

p Q fixed p p

M fixed

p Q fixed fixed fixed

R c c
Q Q Q

D Q Q





       (6.30) 

where 
|p Q fixedR 

 and 
|p Q fixedD 

 are, respectively, the bit rate and the distortion of the pth video 

programme using the fixed quantisation parameter, and 
,1pc  and 

,2pc  are two coefficients for 

p
th

 programme that depend on the nature of the video programme. When the goal is to 

obtain uniform distortion among video programmes, it follows: 
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By combining Equation (6.30) and Equation (6.31), Equation (6.32) is obtained 
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Solving in order of D   
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In order to simplify equation (6.33) 
p  is defined as  
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then distortion can be determined as follows 

p pD R   (6.35) 

Note that 
p  can be further simplified if it is considered that 

,1 ,2p fixed pc Q c   
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  (6.36) 

Equation (6.35) is valid for any image in the video programme so that it can be written as a 

function of the jth frame of the ith GOP of the pth video programme (equation (6.37)):  

, , , , ,i j i j p i j pD R   (6.37) 

Considering the goal of making distortion uniform, then  
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The allocation process is constrained by the channel capacity. Thus, the sum of the allocated 

bandwidth for all video programmes cannot exceed the channel bandwidth  
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Combining Equation (6.38) with Equation (6.39) results in 
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In order to simplify the equation (6.41) let 
, ,i j p  be the inverse of 

, ,i j p  
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Replacing 
, ,i j p  by 

, ,i j p  in Equation (6.41) it is obtained 
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To compute Equation (6.43) it is necessary to use data from first pass (rate, distortion and 

quantisation parameter) and 
pQ . As was shown in previous Chapter, it is possible to model the 

perceptual picture quality metrics such as PSNR, SSIM or PSPNR as a function of the 

quantisation parameter (D-QP model). As a result, for a specific picture quality value, the 

quantisation parameter can be obtained using the D-QP function. To estimate the picture quality 

it must be considered that the variation of the quality between neighbouring frames should be 
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reduced. Thus, it is proposed that its value be obtained as a weighted average of the picture 

quality values of the previous GOP frames. From Chapter 5, the best functions to model D-QP 

are the quadratic and the linear approach. The linear regression process can be represented by: 

1 2i iD l Q l    (6.44) 

and 
1l  nd 

2l  are parameters obtained using the least square method by setting its value to zero 

(E) after partially differentiating with regard to 
1l  nd 

2l  (Equation (6.45)).  
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Thus, the solution is 
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In the case of the quadratic approach, by applying the linear regression it follows: 

2

1 2 3i i iD l Q l Q l      (6.47) 

Thus by partially differentiating E according to 1l , 2l , and 3l  respectively and setting to zero: 
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By solving the equation system of (6.48) the following solution is obtained. 
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Due to its simplicity and lower complexity compared with the quadratic approach, it was 

decided to use a linear function to model D-QP. 
pQ  is used as a reference for the allocation 

process between video programmes. During the linear regression process, as more and more 

images are encoded and used to update the model parameters, the sensitivity to new data is 

progressively reduced. Thus, a threshold value regarding the number of images that should be 

used in the update process needs to be defined. In addition, at the start of the linear regression 

process, the update model parameters can be unstable due to the lack of available data. To deal 

with these conditions, it is proposed that the update process only be started after having finished 

encoding the first GOP and the data from one GOP used. For each video programme, it is 

necessary to compute a linear function to model D-QP for each picture type (Equation (6.52))  
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i j p i j p
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 (6.52) 

where 1 2 1 2 1, , , ,li li lp lp lb  and 2lb  are coefficients of the least square’s method. Note that in 

Equation (6.52), the D-QP functions refer to the ith image of a specific type (I – intra; P – 

predicted and B - interpolated) of the jth GOP of the pth video programme.  

To obtain 
, ,i j pQ  a value for the target distortion is needed. PSNR, PSPNR, and SSIM were used 

as a distortion metric giving origin to three joint video coding algorithms: Mux PSNR based on 

PSNR, Mux PSPNR based on PSPNR, and Mux SSIM based on the SSIM picture quality 

metric. These enhanced Joint Rate Video control algorithms can be described in the following 

steps: 
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Step 1) Initialization: identify the number of video programmes, channel bandwidth, the 

reference bit rate per video programme, and encoder parameters such as GOP pattern, motion 

parameters, buffer size. 

Step 2) Look-ahead processing: Encode one GOP of each video programme with fixed quantise 

parameter. The quantisation parameter is selected as follows. 

 If it is the first GOP then use Equation (4.63).  

 For the remaining GOPs, compute the average value of the quantisation 

parameter of the previous GOP. Use this value if the GOP structure has no B 

frames. Otherwise, for I and P frames, add value one to the average quantisation 

parameter, and for B frame, subtract value one from the average quantisation 

parameter. 

 Store statistic 

Step 3) Compute the aggregate bandwidth of all the video programmes when starting encoding 

the jth frame of the ith GOP (Equation (6.24)). 

Step 4) Compute average picture quality from previous GOP frames of video programmes and 

use it to estimate a quantisation parameter per video source, 
pQ  (Equation (6.52)).  

Step 5) Compute 
, ,i j p  (Equation (6.42)).  

Step 6) Allocate bandwidth for each video programme according to Equation (6.43).  

Step 7) Encode one frame of each video programme using the rate control at the picture level as 

explained in section 4.2.4.2. 

Step 8) Loop: Update parameters. Increase the frame number by one. Go to step three and repeat 

steps until all frames in the GOP are encoded. 

Step 9) Loop: Increase the GOP number by one. If last GOP stop, otherwise go to step two. 

6.3 Objective Video Quality Assessment  

In the literature, joint video rate coding algorithms have been assessed using different video 

sequences, number of video programmes, video resolutions and coding parameters such as bit 

rate or GOP pattern. Jiang ([45],[46]) evaluates its proposal of a joint rate allocation algorithm 

for H.264/AVC by using two groups of video sequences. The first group contains four CIF 

sequences, and the second group contains six QCIF sequences. All the sequences are well-

known and available on the web ([436]). For each group, the sequences were encoded 
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independently and jointly at 15Hz with no B frames. The total channel bandwidth for group one 

was 1024 kbps (256 kbps per sequence) and 288kbps (48 kbps per sequence) for group two. 

Information regarding GOP size is not reported. Zhihai ([497]) proposes an H.264/AVC joint 

rate allocation algorithm. Zhihai simulations used five television clips with CIF resolution, 

encoded at 30 fps, with a GOP size of 90 frames and a total network bandwidth of 7.5 Mbps. 

Both Jiang and Zhihai use, in their simulations, CIF sequences but use different values for the 

channel bandwidth (Jiang 256kbps and Zhihai 1.5Mbps per CIF video programme). Zhihai also 

proposed a linear rate control for the H.264/AVC coder to be used with the joint rate allocation 

method ([497]). To evaluate the performance of the new linear rate control, Zhihai used GOP 

patterns without B frames in the simulations. Section 6.1 includes an analysis to current 

simulation's scenarios that can be found in the literature. This variation in encoding parameters 

also occurred in MPEG-2. Soon-kak Lwon ([484]) and Lilla ([39]), evaluate their algorithms 

using four video programmes with CCIR 601 spatial resolution and varying the channel 

bandwidth from 16 up to 32 Mbps. Soon-kak Lwon proposes to encode sequences using a GOP 

structure of 15 pictures with no B-pictures. Lilla has selected for GOP length values of 13 and 

16 pictures with two B pictures located between anchor pictures ([39]). 

To evaluate the performance of the proposed joint rate allocation methods, Mux Bit, Mux 

PSPNR, Mux SSIM and Mux PSPNR, several experiments were carried out via simulation. 

Four scenarios were identified: independent coding and three joint rate-coding algorithms that 

combine two video sources, three video sources and six video sources. For each scenario, 

different channel bandwidth was defined (512 kbps and 1024 kbps for two video programmes; 

768 kbps and 1536 kbps for three video programmes; and 1536 and 3072 kbps for six video 

programmes). These scenarios correspond to a bit rate reference per video programme of 

256kbps and 512kbps (from this point forward the reference bit rates will be used to distinguish 

the two-channel bandwidth scenarios).  

Cernak et al. in [506] addressed the relationship between video quality, screen resolution, and 

bit rate. Using the data obtained during two VQEG projects (MM Test and HD Test Phase I) 

they have plotted, for different screen resolutions (QCIF, CIF, VGA, and HD), MOS as a 

function of bit rate. Preliminary results show that relation is regular, suggesting that 

interpolation across screen resolution might be reasonable.  
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Figure 6.8 – CIF results from VQEG MM project (H.264, no packet loss) ([506]) 

Looking at Figure 6.8, sequence’s results with MOS values between Fair and Good correspond 

to bit rates between 200kbps and roughly 600 kbps. Although results are based on the largest 

and broadest video quality testing (for each screen resolution, a set of 30 video sequences was 

evaluated across all 13 or 14 labs participating in the test), some limitations exist in its analysis. 

The assessment process was conducted in lab viewing conditions so the VQEG data should 

represent viewers’ judgments at their most critical. Thus, the bit rate value for a given MOS 

may, in fact, represent an upper bound.  

Before selecting the video sequences for the different scenarios, each video sequence was 

encoded individually using H.264/AVC JM 11.0 baseline-profile encoder ([169],[170]), at two 

different constant bit rates (256 kbps and 512 kbps) and using 4 different GOP patterns (IPPP 

GOP1, IPPP GOP2, IBBP GOP1, IBBP GOP2) (section 6.3.1). Sequences were encoded 

according to the parameters defined in Table 5.2. After analysing the performance of video 

programmes according to picture quality (PSNR, PSPNR and SSIM) and CoV, it was selected 

three sequences for the first two multiplexing scenarios (two and three sources) (section 6.3.2) 

and a group of six video sources for the third multiplexing scenario (section 6.3.3). 

6.3.1 Independent Video Encoding Performance Analysis 

Three different picture quality metrics were used to assess results: PSNR, PSPNR and SSIM. 

For each picture quality metric, the mean, the standard deviation and Coefficient of Variation 

(CoV) of the different picture quality metrics for each video programme are presented. CoV, 

also known as “relative variability,” is the ratio of the standard deviation to the mean. It is a 
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helpful descriptive statistic since the standard deviation of data can only be properly understood 

in the context of the mean of the data. 

 IPPP_GOP1 IPPP_GOP2 IBBP_GOP1 IBBP_GOP2 

Video Mean Std CoV Mean Std CoV Mean Std CoV Mean Std CoV 

aki 37.9 0.58 0.02 41.2 1.09 0.03 42.6 1.87 0.04 41.7 1.55 0.04 

cgd 27.9 0.76 0.03 29.0 0.94 0.03 30.3 0.96 0.03 29.9 0.96 0.03 

dea 28.9 0.86 0.03 33.0 1.00 0.03 37.2 1.57 0.04 35.0 1.22 0.03 

flg 22.2 1.58 0.07 25.0 1.12 0.04 27.3 1.17 0.04 26.1 1.14 0.04 

for 31.1 2.21 0.07 33.1 1.84 0.06 33.9 1.62 0.05 33.3 1.67 0.05 

fot 28.5 3.86 0.14 29.2 3.57 0.12 29.2 3.67 0.13 29.1 3.48 0.12 

hal 33.2 0.50 0.01 36.2 0.44 0.01 38.2 0.88 0.02 37.5 0.79 0.02 

mad 34.7 0.70 0.02 37.3 1.50 0.04 39.0 2.26 0.06 38.1 1.63 0.04 

mcl 20.6 1.55 0.08 23.6 1.05 0.04 26.8 0.89 0.03 25.0 1.23 0.05 

new 32.4 0.80 0.02 36.2 0.75 0.02 38.0 1.13 0.03 36.6 1.12 0.03 

par 25.2 1.44 0.06 29.0 0.79 0.03 31.9 1.09 0.03 29.8 0.79 0.03 

sil 30.9 0.56 0.02 33.2 0.71 0.02 36.3 1.05 0.03 34.8 0.98 0.03 

Table 6.1 – Mean, standard deviation and CoV (PSNR;CBR=256kbps) 

Table 6.1 presents results for the PSNR metric when video test sequences are encoded 

individually, at 256 kbps, using four GOP patterns (IBBP GOP1, IBBP GOP2, IPPP GOP1, and 

IPPP GOP2). PSNR variability within each video sequence, for the different video programmes, 

is in most cases quite small. The average value of CoVs, according to GOP pattern, varies 

between 0.04 (IPPP GOP2 and IBBP GOP2) and 0.05 (IPPP GOP1 and IBBP GOP1). With the 

exception of football video sequence, all CoV values are bellow 0.10.  

It is important to assess the impact of the spatio-temporal video characteristics on the final 

picture quality. The impact can be measured by analyzing how the picture quality of video 

programmes varies when the only parameter that changes is the source video, and all the 

encoding parameters are kept fixed. One way is to measure the relationship between the 

maximum variation in picture quality for the test video sequences and the minimum value of 

picture quality for the same set of video sequences. The smallest value of the ratio is obtained 

for IBBP GOP1 simulations with the value of 59%, and the highest ratio occurs for IPPP GOP1 

simulations, with the value of 84%. One can conclude that there is a high range in picture 

quality variation due to the characteristics of the video sequences. Higher values of picture 

quality variations are observed in video sequences with IPPP GOP patterns. 

The selection of the GOP pattern affects the picture quality of twelve video sequences in a 

different way. The average value of the picture quality of the video set, for a value of the 

reference bit rate of 256 kbps, ranges from 29.46 dB (IPPP GOP1) up to 34.21 dB (IBBP 

GOP1). Thus, the changing GOP pattern may lead to a variation of up to 16% in the value of the 
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mean picture quality. The impact that the selection of GOP pattern has on the picture quality of 

a video sequence is not identical in all video sequences. Picture quality ranges from 2% up to 

30%. 

 

IPPP_GOP1 IPPP_GOP2 IBBP_GOP1 IBBP_GOP2 

Video Mean Std CoV Mean Std CoV Mean Std CoV Mean Std CoV 

aki 41.8 0.99 0.02 44.1 1.55 0.04 44.4 2.54 0.06 44.1 2.47 0.06 

cgd 30.4 0.87 0.03 31.3 1.03 0.03 32.6 1.25 0.04 32.3 1.23 0.04 

dea 33.1 0.72 0.02 37.1 1.24 0.03 40.7 2.14 0.05 39.0 2.01 0.05 

flg 25.7 0.93 0.04 28.4 1.22 0.04 30.4 1.24 0.04 29.5 1.20 0.04 

for 34.4 2.39 0.07 36.2 1.84 0.05 36.6 1.76 0.05 36.2 1.83 0.05 

fot 31.4 3.50 0.11 31.9 3.39 0.11 32.1 3.37 0.10 32.0 3.41 0.11 

hal 36.9 0.58 0.02 38.5 0.74 0.02 39.7 1.29 0.03 39.2 1.31 0.03 

mad 38.3 0.91 0.02 40.2 1.51 0.04 41.1 2.34 0.06 40.8 2.04 0.05 

mcl 23.9 1.00 0.04 26.9 0.70 0.03 29.4 1.11 0.04 28.3 0.96 0.03 

new 37.0 0.84 0.02 40.1 1.13 0.03 41.1 1.97 0.05 40.2 1.74 0.04 

par 29.5 0.50 0.02 33.1 0.95 0.03 35.4 1.55 0.04 33.8 1.06 0.03 

sil 33.8 0.54 0.02 36.5 0.97 0.03 40.0 1.88 0.05 38.3 1.70 0.04 

Table 6.2 – Mean, standard deviation and CoV (PSNR ;CBR=512kbps) 

Table 6.2 presents independent coding simulation results, at 512 kbps, for all the video test 

sequences. Four GOP patterns were evaluated (IBBP GOP1, IBBP GOP2, IPPP GOP1, and 

IPPP GOP2). The variability of the PSNR metric at 512 kbps is small, similar to results of 

simulations made at 256 kbps. The value of the average CoV, aggregated by GOP pattern, 

varies between 0.04 (IPPP GOP1 and IPPP GOP2) and 0.05 (IBBP GOP1 and IBBP GOP2). 

Comparing the results obtained at 512 kbps with the results at 256kbps, there is a decrease of 

the average value of COV for video sequences encoded with the IPPP pattern, and an increase 

of the mean value of the COVs for sequences encoded with the IBBP pattern. However, looking 

into the absolute values, CoVs values are low and their variation is small. Again, except for 

football programmes, CoV values are below 0.10. 

To assess the impact of the spatio-temporal characteristics the ratio between the maximum 

variation of the picture quality among video sequences and the minimum value of picture 

quality for a video sequence was computed. The smallest value of this ratio occurs for IBBP 

GOP1 simulations with the value of 51% (59% for 256kbps), and the highest ratio value occurs 

for IPPP GOP1 simulations, with the value of 75% (84% for 256kbps). Although the measured 

values of this ratio, for the bit rate 512 kbps, are lower than the values measured for the bit rate 

256 kbps, the variation in picture quality remains at high values. Regarding the influence of 

GOP pattern on picture quality, coded at 512 kbps, the average value of the picture quality 

varies between 33.02 dB (IPPP GOP1) and 36.97 dB (IBBP GOP1). This corresponds to a 
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relative variation of 12% of the mean value of the picture quality (16% for 256kbps, 17% for 

512 kbps). Analyzing how the picture quality of each video sequence varies with different GOP 

patterns, a variation from 2% to 23% can be noted.  

The variation in picture quality depends strongly on the spatial-temporal characteristics of video 

sequences. Doubling the bit rate (256 kbps up to 512 kbps) corresponds to an increase, on 

average, of 10% in the picture quality of video sequences. The variation of picture quality 

within the encoded video sequences for a certain GOP pattern shows a slight variation compared 

to the 10% value (8% for IBBP GOP1 up to 12% for IPPP GOP1). A similar impact is seen in 

the picture quality of video sequences, when the bit rate is doubled without changing the GOP 

pattern. Hal and Par video sequences present, respectively, the lowest and the highest growth of 

the average picture quality (6% and 14%). Variation of the picture quality is relatively small 

within each video programme.  

Video sequence's with a longer GOP, display an increase in picture quality, particularly for 

GOPs that contain a higher number of B pictures. Several video programmes achieve better 

picture quality results when encoded with the pattern, IBBP GOP1, at 256 kbps, than when 

encoded at a superior bit rate (512kbps), but the GOP pattern is without B pictures (IPPP 

GOP1). Thus, the presence of B pictures in a GOP can have a higher effect than other 

parameters such as bit rate. This is why it is important to evaluate results for both short and long 

GOPs. 

 IPPP_GOP1 IPPP_GOP2 IBBP_GOP1 IBBP_GOP2 

Video Mean Std CoV Mean Std CoV Mean Std CoV Mean Std CoV 

aki 48.0 1.34 0.03 56.2 3.12 0.06 61.6 5.97 0.10 58.2 4.69 0.08 

cgd 32.4 1.14 0.04 34.0 1.62 0.05 36.0 1.60 0.04 35.4 1.65 0.05 

dea 33.6 1.30 0.04 40.4 2.00 0.05 48.7 4.05 0.08 43.9 2.74 0.06 

flg 24.7 2.11 0.09 28.5 1.57 0.06 31.8 1.77 0.06 29.9 1.65 0.06 

for 36.2 3.08 0.08 39.4 2.77 0.07 40.9 2.74 0.07 39.8 2.66 0.07 

fot 33.1 6.08 0.18 34.1 5.99 0.18 34.1 5.76 0.17 33.9 5.56 0.16 

hal 40.2 0.93 0.02 46.0 1.01 0.02 50.7 1.97 0.04 48.8 1.91 0.04 

mad 42.9 1.39 0.03 48.3 3.32 0.07 53.1 5.48 0.10 50.7 3.85 0.08 

mcl 22.9 2.06 0.09 26.6 1.46 0.05 31.3 1.36 0.04 28.6 1.77 0.06 

new 39.4 1.43 0.04 46.6 1.99 0.04 50.4 3.02 0.06 47.2 2.71 0.06 

par 28.6 1.99 0.07 34.1 1.38 0.04 38.8 2.09 0.05 35.2 1.42 0.04 

sil 35.9 0.86 0.02 39.7 1.21 0.03 45.6 2.15 0.05 42.6 1.92 0.04 

Table 6.3 – Mean, standard deviation and CoV (PSPNR ;CBR=256kbps) 
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IPPP_GOP1 IPPP_GOP2 IBBP_GOP1 IBBP_GOP2 

Video Mean Std CoV Mean Std CoV Mean Std CoV Mean Std CoV 

aki 58.2 2.81 0.05 66.5 5.38 0.08 70.2 9.99 0.14 67.8 9.16 0.14 

cgd 36.4 1.60 0.04 37.7 1.98 0.05 40.0 2.35 0.06 39.4 2.37 0.06 

dea 40.8 1.39 0.03 49.1 2.99 0.06 57.8 6.54 0.11 52.8 5.46 0.10 

flg 29.4 1.30 0.04 33.5 1.94 0.06 36.9 2.17 0.06 35.3 2.02 0.06 

for 41.8 3.74 0.09 45.3 3.13 0.07 46.3 3.53 0.08 45.3 3.43 0.08 

fot 37.9 6.62 0.17 38.9 6.65 0.17 39.1 6.38 0.16 38.9 6.51 0.17 

hal 47.7 1.28 0.03 51.3 1.63 0.03 54.2 2.89 0.05 53.1 2.90 0.05 

mad 50.8 2.17 0.04 55.7 3.99 0.07 59.6 6.62 0.11 58.5 5.51 0.09 

mcl 27.1 1.38 0.05 31.5 1.04 0.03 35.6 2.00 0.06 33.6 1.60 0.05 

new 48.8 1.98 0.04 56.6 3.28 0.06 59.8 5.89 0.10 56.8 5.02 0.09 

par 35.0 0.85 0.02 41.3 2.08 0.05 46.0 3.40 0.07 42.5 2.29 0.05 

sil 40.7 0.95 0.02 46.1 2.03 0.04 55.2 4.88 0.09 50.5 4.04 0.08 

Table 6.4 – Mean, standard deviation and CoV (PSPNR ;CBR=512kbps) 

Table 6.3 and Table 6.4 present the PSPNR independent coding simulation results, at 256 kbps 

and 512 kbps respectively, for the complete test video sequences. Four GOP patterns were 

evaluated (IBBP GOP1, IBBP GOP2, IPPP GOP1, and IPPP GOP2). 

The variability of the PSPNR metric presents similar behaviour to the PSNR metric. The mean 

value CoV in simulations with the bit rate of 256kbps and 512kbps, is 0.065 and 0.074, 

respectively. The highest values of CoV are observed in video sequences encoded with the 

pattern IPPP GOP1, and the video sequence with the highest values is the football video 

sequence, with values of 0.184 (256kbps) and 0.175 (512 kbps). Although the mean value of 

CoV decreases when the value of the bit rate increases, the variation of the average CoV differs 

according to the type of GOP pattern. The average value of CoV decreases for video sequences 

encoded with the IPPP pattern and increases for video sequences encoded with an IBBP GOP 

pattern. These variations are small in absolute terms. The variation of the mean value of CoV, 

using PSPNR as the metric to assess picture quality, aggregating the results according to the 

four patterns of GOP, is higher than that observed in PSNR. In PSNR, the relative variation of 

the CoV is 17% (256kbps) and 42% (512kbps), while for PSPNR, the variation is 21% 

(256kbps) and 70% (512kbps). This ratio is computed between the range of CoV variation with 

the minimum value of CoV, bearing in mind that the values of CoV used in this calculation are 

the mean values of CoV of video sequences encoded for a particular GOP pattern and bit rate 

values. 

The mean value of PSPNR of video sequences is 39.8 dB (256 kbps) and 46.3 dB (512 kbps). In 

relative terms, the increase of the bit rate corresponds to an average growth of 17% of the 

PSPNR. This increase is higher than the increase observed in the PSNR metric (10%). 
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Computing the average value of PSPNR according to the GOP pattern, the variation is 25% for 

the video sequences encoded at 256 kbps, and 21% for the video sequences encoded at 512 

kbps. The lowest value of PSPNR is obtained for the pattern IPPP GOP1 (34.8 dB / 256 dB and 

41.2 kbps / 512 kbps) and the highest value for the pattern IBBP GOP1 (43.6 dB / 50.1 dB and 

256 kbps / 512 kbps). 

Maintaining the encoding parameters used in the simulations fixed, it can be seen that the 

differences in picture quality of encoded video sequences are meaningful, particularly in 

sequences encoded with the IPPP pattern (no images of type B). For example, for the pattern 

IPPP GOP1, at 256 kbps, the picture quality of the video programmes varies between the value 

of 22.9 dB (MCL) and the value of 48 dB (Akiyo). Analyzing the results according to the GOP 

pattern, the video programmes encoded with the IBBP GOP pattern, present the lowest values 

for the interval at which picture quality varies, and the lowest values for the ratio between this 

interval and the minimum value quality picture. However, these values are quite high and 

actually higher than those observed when the PSNR metric is used. 

When the bit rate is doubled (IPPP GOP1, 512 kbps), the interval of picture quality variation 

increases its value (ranges from 27.1 dB, MCL, to 58.2 dB, Akiyo). The ratio between the 

interval of variation of picture quality and the minimum value of picture quality, while 

maintaining the coding parameters fixed, is greater than that observed for the PSNR metric (on 

average, 110% when coded at 256kbps and 115% when coded at 512kbps for PSPNR). 

 

IPPP_GOP1 IPPP_GOP2 IBBP_GOP1 IBBP_GOP2 

Video Mean Std CoV Mean Std CoV Mean Std CoV Mean Std CoV 

aki 72.5 2.21 0.03 82.7 3.11 0.04 85.0 4.96 0.06 83.9 4.39 0.05 

cgd 14.1 3.58 0.25 20.6 5.55 0.27 28.7 5.78 0.20 26.8 6.03 0.22 

dea 36.1 5.34 0.15 60.2 4.68 0.08 76.8 5.55 0.07 69.1 4.88 0.07 

flg 11.0 8.81 0.80 26.4 8.96 0.34 41.0 10.52 0.26 32.4 9.73 0.30 

for 34.1 12.76 0.37 45.2 9.54 0.21 50.4 7.97 0.16 47.5 7.78 0.16 

fot 14.0 11.85 0.84 16.4 12.54 0.77 17.5 12.18 0.69 16.7 12.04 0.72 

hal 52.6 1.69 0.03 61.9 1.34 0.02 67.9 2.35 0.03 66.2 2.12 0.03 

mad 54.7 3.80 0.07 68.4 5.97 0.09 74.4 7.68 0.10 71.7 6.07 0.08 

mcl 9.3 7.08 0.76 15.7 6.10 0.39 38.4 4.44 0.12 26.0 6.84 0.26 

new 48.5 4.61 0.10 68.4 3.04 0.04 75.2 4.47 0.06 69.8 4.71 0.07 

par 20.0 6.49 0.32 39.7 3.83 0.10 56.4 5.32 0.09 44.3 3.95 0.09 

sil 26.1 3.51 0.13 42.1 4.23 0.10 61.1 6.32 0.10 52.7 5.94 0.11 

Table 6.5 – Mean, standard deviation and CoV (SSIM;CBR=256kbps) 
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IPPP_GOP1 IPPP_GOP2 IBBP_GOP1 IBBP_GOP2 

Video Mean Std CoV Mean Std CoV Mean Std CoV Mean Std CoV 

aki 83.7 2.86 0.03 87.8 3.85 0.04 87.9 5.69 0.06 87.8 5.83 0.07 

cgd 30.4 5.12 0.17 36.4 6.81 0.19 46.3 7.18 0.16 44.5 7.46 0.17 

dea 60.4 3.45 0.06 76.8 4.44 0.06 86.4 6.13 0.07 82.4 6.31 0.08 

flg 29.2 7.98 0.27 48.0 8.76 0.18 58.3 8.36 0.14 54.0 8.58 0.16 

for 51.6 12.63 0.24 62.0 7.63 0.12 65.2 6.93 0.11 62.9 6.98 0.11 

fot 25.5 14.83 0.58 29.6 14.23 0.48 31.7 15.25 0.48 31.4 14.72 0.47 

hal 64.0 1.61 0.03 68.1 2.19 0.03 71.7 3.55 0.05 70.8 3.68 0.05 

mad 71.7 3.56 0.05 78.4 5.01 0.06 80.2 7.21 0.09 79.7 6.77 0.08 

mcl 16.9 5.31 0.32 36.8 3.25 0.09 55.1 4.76 0.09 48.3 3.90 0.08 

new 71.4 3.29 0.05 82.0 3.96 0.05 83.7 6.49 0.08 81.9 5.88 0.07 

par 42.1 2.69 0.06 61.9 3.72 0.06 72.3 7.08 0.10 65.4 4.60 0.07 

sil 45.7 3.52 0.08 62.2 5.82 0.09 78.6 9.45 0.12 71.8 9.31 0.13 

Table 6.6 – Mean, standard deviation and CoV (SSIM;CBR=512kbps) 

Table 6.5 and Table 6.6 contain the mean, standard deviation and CoV values of the SSIM 

picture quality metric, for the independent video coding scenario. Results are presented 

according to bit rate (256kbps and 512kbps) and GOP patterns (IBBP GOP1, IBBP GOP2, and 

IPPP GOP1, IPPP GOP2). CoV behaviour differs very much according to the nature of the 

sequence. Video sequences with low spatial detail and movement present CoV values inferior to 

0.10. Video sequences with medium to high levels of spatial and temporal complexity, present 

very high values of CoV. Examples of these sequences are football, flower garden or mobile 

and calendar. The average value of the mean CoV is 0.218 for 256 kbps and 0.135 for 512 kbps. 

CoV variation is affected by GOP pattern. The highest values of CoV variation are obtained for 

IPPP GOP1 (0.32 and 0.16 for 256 kbps and 512 kbps) and the lowest values for IBBP GOP 1 

(16.3% and 12.8% for 256 kbps and 512 kbps). Comparing the three metrics, SSIM metric is the 

most sensitive to GOP pattern and video characteristics while PSNR the least sensitive. SSIM 

proposes to be more correlated with the way the human visual system works, thus it is better 

able to translate how a viewer would perceive picture quality variations. 

The average value of SSIM for video sequences encoded at 256kbps is 46.3 and 60.9 for video 

sequences encoded at 512kbps. By aggregating results by GOP pattern, the average value of 

SSIM varies between 32.7 and 56.1 for the bit rate of 256kbps, and between 49.4 and 68.1 for 

the bit rate of 512 kbps. Lowest values are obtained for IPPP GOP1 and higher values for IBBP 

GOP1. Using these figures, the next step is to compute the ratio between the interval of picture 

quality variation and the minimum value of picture quality. For encoding at 256kbps, the value 

of the ratio is 0.71 and for encoding at 512kbps, the value of the ratio is 0.38. The ratio 

decreases when the bit rate increases. This performance is also observed for PSNR and PSPNR. 
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Values are high and far exceed those obtained for PSNR and PSPNR. It is thus clear that the 

SSIM metrics are more sensitive to the choice of the GOP pattern.  

Analyzing how the picture quality varies when the coding parameters are fixed (same bit rate 

and GOP pattern); there are significant differences in the values of SSIM of video sequences. 

The largest variations occur for IPPP GOP1 [681% and 397% of 256kbps and 512kbps]. The 

limits of the SSIM values for the IPPP GOP1 pattern are between 9.3 and 72.5 for 256kbps, and 

between 16.9 and 83.7 for 512kbps. 

The selection of GOP pattern has an impact on picture quality that depends also on the 

spatiotemporal characteristics of each video sequence. For example, Mobile and Calendar video 

sequence presents the greatest variation (313% for 256kbps and 227% for 512kbps), and the 

Akiyo video sequence the lowest variation (17% for 256kbps and 5% for 512kbps). The impact 

of the selection of GOP pattern decreases for higher values of the bit rate. This behaviour is also 

observed for the PSNR and PSPNR. 

Larger variations of picture quality occur in two cases: sequences with high levels of spatial and 

temporal complexity, and sequences with B pictures in the GOP pattern. The use of B frames 

originates an important increase of the perceived picture quality of the video sequence. When 

the bit rate is doubled, the average SSIM obtained in all simulations increases 48%. This rise is 

greater than the one measured by PSNR or PSPNR (10% for PSNR, and 17% for PSPNR). 

Moreover, if one compares how growth occurs according to the GOP pattern, it can be found 

that the video sequences encoded with the IPPP GOP1 pattern presents an increase much higher 

than with other GOP patterns. In addition, IPPP GOP1 coded video sequences have the lowest 

values of picture quality regardless of the picture quality metric used. 

The goal of this section is to explore joint video coding methods with enhanced rate distortion 

models based on picture quality metrics. After having analysed independent coding results for 

the entire set of video sequences, a sub-set was selected to be used in the different joint video 

coding simulations. 

In the first scenario of joint video coding, the number of video programmes that are 

simultaneously coded is two, and in the second scenario, the number of video programmes is 

three. For these scenarios, the Akiyo, Foreman and Football video sequences were selected 

(Figure 5.3). These video sequences represent different levels of spatial and temporal 

complexity. 

The Akiyo video sequence presents the highest levels of picture quality regardless of picture 

quality metrics (PSNR, SSIM and PSPNR). Akiyo is one of the video sequences where the 

variation of picture quality is lower due to the choice of the GOP pattern. When varying the 
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pattern of the GOP, while maintaining a constant bit rate at 256kbps, PSNR can vary up to 

4.67dB, PSPNR can vary up to 13.61dB and SSIM can vary up to 12.59. Analyzing the results 

when the GOP pattern varies, maintaining a constant bit rate at 512kbps, PSNR values can vary 

up to 2.61dB, PSPNR values may vary up to 12.03 dB and SSIM values can range up to 4.11. In 

all cases, the variation is smaller for 512kbps than 256kbps. By doubling the bit rate while 

keeping the GOP pattern, picture quality can improve by up to 10.3% for PSNR, 21.4% for 

PSPNR and 15.6% for SSIM. The largest increase in picture quality for the Akiyo video 

sequence is observed when it is coded with the IPPP GOP1 pattern. Regarding the variability of 

picture quality in the Akiyo video sequence, the observed values are low. For example, the 

maximum value for the Akiyo sequence CoV is 0.06 (PSNR), 0.07 (SSIM) and 0.14 (PSPNR) 

for 512kbps and the IBBP GOP pattern. 

Analyzing the impact that the GOP pattern has on the picture quality of the simulations for the 

Foreman video sequence, several observations can be made. One can observe that PSNR can 

vary up to 2.78 dB (256 kbps), and 2.23 dB (512 kbps), PSPNR can vary up to 4.62 dB (256 

kbps), and 4.43 dB (512 kbps), and SSIM can vary up to 16.28 (256 kbps) and 13.54 (512 

kbps). Comparing the picture quality results of the Foreman video sequence with the results of 

the Akiyo video sequence, the degree of variation due to the GOP pattern is higher for SSIM. 

Average picture quality at reference bit rate of 256kbps can vary up to 17.4% and 47.7% for 

Akiyo and Foreman, respectively, and at the reference bit rate 512kbps, average picture quality 

can vary up to 4.9% and 26.2% for Akiyo and Foreman, respectively. As for the results 

measured by PSNR and PSPNR metrics, the variation in picture quality due to GOP pattern is 

lower for the Foreman video sequence in comparison with the results obtained for the Akiyo 

video sequence. At 256kbps, the picture quality for the Akiyo video sequence can vary up to 

12% (PSNR) and 28% (PSPNR), and picture quality for the Foreman video sequence can vary 

up to 9% (PSNR) and 13% (PSPNR). When bit rate is altered to 512 kbps, the picture quality of 

the Akiyo video sequence can vary up to 6% (PSNR) and 21% (PSPNR), and image quality for 

the Foreman video sequence can vary up to 6% (PSNR) and 11% (PSPNR). Picture quality 

increases, for IPPP GOP1, up to 10% for PSNR, 15 % for PSPNR, and 51 % for SSIM, when 

the bit rate is doubled. The mean increase in the value of picture quality for all GOP patterns is 

9% for PSNR, 14% for PSPNR, and 38% for SSIM. The variation of the SSIM metric is higher 

compared to that observed for the Akiyo sequence (16% to 51% for Akiyo and Foreman). 

Comparing these results with those obtained for the Akiyo video sequence, the average increase 

in picture quality, as measured by SSIM and PSNR, is superior at the Foreman video sequence 

(38% versus 7%), and (9% versus 7%). In the case of the PSPNR results, the average variation 

in picture quality when the bit rate is doubled is higher for the Akiyo video sequence compared 
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with the Foreman video sequence (18% versus 14%). The highest values of variation in picture 

quality when the value of the bit rate is changed are observed for the SSIM. 

The coefficient of variation for the Foreman video sequence presents high values for the SSIM 

metric (the average value is 0.23 for simulations at 256kbps, and the average value is 0.15 for 

simulations at 512 kbps) and lower values for PSNR and PSPNR (the average CoV is 0.06 for 

PSNR, and the average value is 0.07 for PSPNR). Typically, the values of CoV for PSNR and 

SSIM, comparing Foreman and Akiyo video sequences, are higher for simulations with identical 

encoding parameters. For values of CoV related with PSPNR, this relationship is reversed: the 

CoV values are usually lower for Foreman compared with Akiyo (the difference is too small at 

256kbps, but increases in 512kbps). 

The last selected video sequence is the football video sequence. It presents the smallest interval 

in picture quality within the video sequences when changing the GOP pattern. However, when 

the bit rate is doubled and the GOP pattern is maintained, there is a high increase in picture 

quality, particularly in SSIM (the average increase in picture quality is 9.8%, 14.6% and 83.0% 

respectively for PSNR, PSPNR, and SSIM). The threshold value of the coefficients of variation, 

for PSPNR and PSNR, is 0.18. This value for SSIM is much higher: 0.47 (512 kbps and IBBP 

GOP2) and 0.84 (256kbps and GOP1 IPPP). Analysing SSIM results, the CoV values suggest 

that the variability in picture quality within the video sequence is very high. This behaviour 

contrasts with the small variability in the picture quality of the Akiyo and Foreman video 

sequences. The Football video sequence is a sequence with a high degree of temporal and 

spatial complexity.  

In summary, the Akiyo video sequence has the highest picture quality of the set of video 

sequences. The Football video sequence has one of the lowest picture quality levels and a high 

level of spatio-temporal complexity, and the Foreman video sequence presents values of picture 

quality and spatio-temporal complexity in between Akiyo and Football. For the first and second 

joint video coding simulation scenarios, different combinations of Akiyo, Foreman and Football 

were assessed according to Table 6.7 and Table 6.8. The Akiyo, Foreman and Football video 

sequences are represented by letter A, B and C respectively.  

Group Name Sequence Name Sequence Name 

AB Akiyo Foreman 

AC Akiyo Football 

BC Foreman Football 

Table 6.7 – Composition of Group of Two Video Programmes 
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Group Name Sequence Name Sequence Name Sequence Name 

AAB Akiyo Akiyo Foreman 

ABB Akiyo Foreman Foreman 

ABC Akiyo Foreman Football 

BBC Foreman Foreman Football 

BCC Foreman Football Football 

ACC Akiyo Football Football 

AAC Akiyo Akiyo Football 

Table 6.8 – Composition of Group of Three Video Programmes 

Regarding the third scenario, containing six video programmes, the main criterion was to 

represent different digital video services. Thus, Akiyo and Football were selected as typical 

broadcast programmes (news and sports programmes), and Hall as an example of a video 

surveillance application. To represent video telephone service two video sequences: Mother and 

Daughter and Silence were selected . The Silence sequence represents a video telephone call 

using gesture language. Mobile and calendar was also selected to represent a natural movie. 

Video programmes were selected from the video test sequences defined in the previous Chapter. 

Each video sequence has a duration of 10 seconds, 30 frames per second, and CIF resolution. 

Encoding parameters are specified in Table 5.2. For each scenario, it was considered two 

references bit rate (256 kbps and 512 kbps). Thus in the first joint coding scenario the 

bandwidth of the transmission channel is 512kbps and 1024kbps, in the second joint coding 

scenario the bandwidth of the transmission channel is 768kbps and 1536kbps, and in the third 

joint coding scenario, the bandwidth of the transmission channel is 1536kbps and 3072kbps. 

For first two scenarios, simulations were performed using four different GOP Patterns (Table 

5.1), and video programmes were grouped according to Table 6.7 and Table 6.8. Simulations in 

the third scenario were performed for 2 GOP patterns: IBBP GOP1 and IPPP GOP1. This 

differs from observed results in the literature regarding H.264/AVC as usually results are 

presented for GOP structures without B-slices. B-slices may use both past and future frames for 

referencing. As it is needed to buffer future frames, the input delay buffer will increase.  

6.3.2 Joint Video Encoding of Two and Three Programmes  

Picture quality results are presented as the average of the picture quality gain, for the various 

video programme's combinations, and using the value of the picture quality for the independent 

coding scenario as a reference. Simulation results for the first two scenarios are displayed in 

Table 6.9 up to Table 6.16, for the different joint coding methods (Mux Bit, Mux PSNR, Mux 

PSPNR and Mux SSIM). Picture quality gain is measured for the three picture quality metrics 

(PSNR, PSPNR and SSIM), at two reference bit rates (256kbps and 512kbps) and with four 
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different GOP patterns (IBBP GOP1, IBBP GOP2, IPPP GOP1, IPPP GOP2). Complete results 

for the simulations of the first and second scenarios are available in Annex C. 

Bit Rate Metric Mux Bit Mux PSNR Mux SSIM Mux PSPNR 

256 PSNR 1.55 1.30 1.27 0.44 

256 PSPNR 5.35 4.71 5.22 1.56 

256 SSIM 11.10 10.48 10.87 3.57 

512 PSNR 1.41 1.32 1.36 0.62 

512 PSPNR 3.27 2.43 2.87 0.15 

512 SSIM 6.30 6.03 5.85 1.45 

Table 6.9 – Joint Coding Average Picture Quality Gain (IBBP GOP1; 2SRC) 

Bit Rate Metric Mux Bit Mux PSNR Mux SSIM Mux PSPNR 

256 PSNR 1.91 1.93 1.84 1.18 

256 PSPNR 9.44 9.52 9.68 2.10 

256 SSIM 13.05 13.46 13.56 3.86 

512 PSNR 1.83 1.76 1.75 0.80 

512 PSPNR 3.86 3.01 2.94 1.25 

512 SSIM 10.72 11.21 11.98 3.40 

Table 6.10 – Joint Coding Average Picture Quality Gain (IBBP GOP1; 3SRC) 

Table 6.9 and Table 6.10 show performance results of joint coding algorithms (Mux Bit, Mux 

PSNR, Mux SSIM and Mux PSPNR) for the first and second joint coding scenario when the 

GOP pattern is IBBP GOP1. All methods present positive average gains. Unless explicitly 

stated otherwise, average gain will refer to average gain of picture quality. Average gain 

increases in the second joint coding scenario (jointly coding of three video sources). These are 

the best results among the tested GOP patterns. IBBP GOP1 is the GOP pattern that contains the 

higher number of B-slices. B-slices is the most efficient H.264/AVC slice type regarding a bits-

quality ratio, and typically require the least amount of bits for a specific picture quality when 

comparing with I and P slices. The Mux Bit joint coding algorithm records, in general, the best 

results. However, the Mux PSNR and Mux SSIM joint coding algorithm results are close to the 

Mux Bit results. The fourth algorithm, Mux PSPNR, presents the lowest picture quality results.  

Bit Rate Metric Mux Bit Mux PSNR Mux SSIM Mux PSPNR 

256 PSNR 0.31 -0.07 -0.04 -0.08 

256 PSPNR -1.92 -2.84 -2.89 -2.88 

256 SSIM 1.41 1.35 1.10 1.10 

512 PSNR 0.50 0.05 0.16 0.03 

512 PSPNR -1.21 -2.34 -2.11 -2.42 

512 SSIM 2.81 1.75 1.88 1.64 

Table 6.11 – Joint Coding Average Picture Quality Gain (IBBP GOP2; 2SRC) 
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Bit Rate Metric Mux Bit Mux PSNR Mux SSIM Mux PSPNR 

256 PSNR 0.61 0.56 0.57 0.06 

256 PSPNR -1.15 -2.02 -1.98 -1.98 

256 SSIM 1.38 1.27 1.35 0.39 

512 PSNR 0.43 0.48 0.29 0.03 

512 PSPNR -1.07 -2.54 -1.58 -1.90 

512 SSIM 2.01 1.46 1.90 0.53 

Table 6.12 – Joint Coding Average Picture Quality Gain (IBBP GOP2; 3SRC) 

Table 6.11 and Table 6.12 present IBBP GOP2 results for the first and second joint encoding 

scenario. Picture quality measured by PSNR presents low picture quality gains. SSIM average 

gain is repeatedly positive regarding the different combinations. On the other hand, PSPNR 

results are always negative. Results improve when the bit rate increases. In general, Mux Bit, 

Mux PSPNR and Mux SSIM present similar results. Mux PSPNR results are below the other 

three joint video coding strategies. This type of behaviour of the different joint coding 

algorithms is also observable in IBBP GOP1 results.  

Bit Rate Metric Mux Bit Mux PSNR Mux SSIM Mux PSPNR 

256 PSNR -0.19 -0.21 -0.22 -0.65 

256 PSPNR -0.41 -0.44 -0.45 -1.34 

256 SSIM 0.69 0.62 0.67 -0.03 

512 PSNR 0.05 0.02 0.00 -0.25 

512 PSPNR -0.45 -0.54 -0.59 -1.42 

512 SSIM 2.53 2.52 2.56 1.33 

Table 6.13 – Joint Coding Average Picture Quality Gain (IPPP GOP1; 2SRC) 

Bit Rate Metric Mux Bit Mux PSNR Mux SSIM Mux PSPNR 

256 PSNR -0.01 -0.06 -0.03 -0.41 

256 PSPNR -0.29 -0.40 -0.36 -1.06 

256 SSIM 0.72 0.64 0.70 -0.91 

512 PSNR 0.17 0.10 0.16 -0.07 

512 PSPNR -0.08 -0.16 -0.20 -0.87 

512 SSIM 1.88 1.86 1.89 1.11 

Table 6.14 – Joint Coding Average Picture Quality Gain (IPPP GOP1; 3SRC) 

Table 6.13 and Table 6.14 show IPPP GOP1 picture quality values for the average gain. In 

general, this is the least favourable scenario regarding the mean value of joint coding gain. It is 

important to observe that looking at the independent coding results, IPPP GOP1, corresponds to 

the lowest picture quality values when comparing with other GOP patterns and the range of 

variation is the smallest. 

If IBBP GOP1 is the GOP pattern that contains the highest number of B frames, IPPP GOP1 

contains the highest number of Intra frames. Intra frames usually present the worst bits/quality 
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ratio demanding more bits than P and B frames in order to achieve a certain level of quality. 

Results improve with the increase of the reference bit rate from 256 kbps to 512 kbps. Once 

again, the lowest results are obtained by Mux PSPNR. 

Bit Rate Metric Mux Bit Mux PSNR Mux SSIM Mux PSPNR 

256 PSNR 0.10 0.00 0.00 -0.01 

256 PSPNR -0.08 -0.32 -0.29 -0.33 

256 SSIM 1.67 1.56 1.57 1.56 

512 PSNR 0.31 0.28 0.28 0.28 

512 PSPNR 0.02 -0.22 -0.21 -0.23 

512 SSIM 3.74 3.85 3.80 3.83 

Table 6.15 – Joint Coding Average Picture Quality Gain (IPPP GOP2; 2SRC) 

Bit Rate Metric Mux Bit Mux PSNR Mux SSIM Mux PSPNR 

256 PSNR 0.21 0.13 0.15 0.12 

256 PSPNR 0.00 -0.21 -0.18 -0.24 

256 SSIM 1.41 1.23 1.29 1.27 

512 PSNR 0.26 0.24 0.24 0.24 

512 PSPNR 0.04 -0.12 -0.12 -0.13 

512 SSIM 3.00 3.15 3.14 3.13 

Table 6.16 – Joint Coding Average Picture Quality Gain (IPPP GOP2; 3SRC) 

Table 6.15 and Table 6.16 present results for the fourth and last GOP pattern: IPPP GOP2. 

Average gain is near zero for PSNR but from 1.23 up to 3.85 for SSIM. Average gain achieves 

its lowest results when the PSPNR picture quality metric is used. Mean picture quality results 

improve when bit rate increases from 256 kbps to 512 kbps. 

To provide a better understanding of Mux Bit, Mux PSNR, Mux SSIM and Mux PSPNR, Figure 

C.1 up to Figure C.8, in Annex C, show picture quality, PSNR and SSIM, for the first 150 

frames of the video programme of Akiyo, Foreman and Football, for the first and second joint 

coding scenarios. GOP pattern is IPPP GOP2 and bit rate reference is 256 kbps. In all the 

figures, the independent coding scenario (CBR) results are also included as a reference. 

In all the different combination cases, for the first and second scenario, the picture quality of 

Akiyo decreases when combined with the Foreman and Football video sequences and the 

picture quality of football always increases when combined with Akiyo or Foreman. This is 

expected, as Akiyo is the sequence with higher quality picture values in independent coding and 

Football the video sequence with the lower picture quality results in independent coding. 

Results from using joint rate control show that the picture quality gap between different video 

programmes decreases, and a higher uniform picture quality among sequences is achieved. 

Furthermore, the picture quality variation within a sequence has a tendency to be much 

smoother in joint coding than in independent coding. The degree to which picture quality can be 
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uniform depends on the nature of the video sequence. For example, picture quality in the 

football video sequence, especially when it is measured using SSIM, presents a high variability 

when coded individually. Psychological studies advise that human observers favour a video 

sequence with consistent visual quality to a video sequence with varying visual quality ([95]). 

Thus reducing variability of picture quality within a video sequence can increases perceived 

picture quality. 

6.3.3 Joint Video Encoding of Six Programmes 

The first two scenarios provide some important clues that are further exploited in the third 

scenario. From the first and the second joint coding scenarios it is possible to conclude that 

sequence characteristics, GOP pattern and reference bit rate play an important role in joint 

coding. Simulation results such as the picture quality gain depend on the picture quality metric. 

Thus, in some cases, according to one picture quality metric, the value of the average gain is 

positive and according to another picture quality metric, the value of the average gain is 

negative. Nevertheless, in both cases the lower picture quality is always increased. Results also 

show that the use of perceptual metrics, particularly SSIM, provide results equivalent to the 

results obtained by traditional approaches such as is the case with Mux Bit. 

Before performing an analysis of the simulation results of the third joint video coding scenario, 

independent coding results are presented (Table 6.17 and Table 6.18). To ensure a more 

complete study of the simulation results, it is necessary to estimate the values of certain 

parameters in order to complement the description of the data set. The parameters selected 

should allow the assessment of how similar the different observations are (measures of central 

tendency) and how different the different observations are (measures of dispersion). Max, 

Mean, Min and Stdev values correspond respectively to the maximum, the average, the 

minimum, and the standard deviation values of the picture quality of the six video programmes. 

Range is the difference between the maximum and the minimum picture quality value of the six 

video programmes and CoV is the Coefficient of Variation of the six video programmes as 

defined in Equation (5.50).  



230 Chapter 6. Joint Video Encoding of H.264/AVC bitstreams 

 

 

 

IPPP GOP1 IPPP GOP2 IBBP GOP1 IBBP GOP2 

 

PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM 

Max 37.90 47.95 72.45 41.21 56.15 82.67 42.57 61.56 85.04 41.70 58.24 83.89 

Mean 30.98 37.14 38.19 33.45 41.83 47.86 35.33 46.06 57.40 34.37 43.80 52.86 

Min 20.63 22.86 9.28 23.57 26.65 15.74 26.78 31.28 17.53 25.00 28.64 16.68 

Stdev 5.99 8.73 25.37 6.30 10.58 27.88 6.09 11.61 25.02 6.22 11.06 26.55 

CoV 0.19 0.23 0.64 0.18 0.25 0.54 0.16 0.24 0.39 0.17 0.24 0.45 

Range 17.3 25.1 63.2 17.6 29.5 66.9 15.8 30.3 67.5 16.7 29.6 67.2 

Table 6.17 – Statistical results of independent video coding (6SRC; 256 kbps) 

 

IPPP GOP1 IPPP GOP2 IBBP GOP1 IBBP GOP2 

 

PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM 

Max 41.80 58.21 83.75 44.06 66.51 87.84 44.41 70.24 87.86 44.08 67.84 87.76 

Mean 34.08 43.74 51.24 36.41 48.32 60.50 37.91 52.31 67.55 37.09 50.41 64.96 

Min 23.91 27.11 16.85 26.89 31.47 29.64 29.43 35.57 31.75 28.27 33.59 31.39 

stdev 5.68 10.90 26.52 5.51 12.44 22.98 5.09 12.96 20.73 5.25 12.58 21.07 

CoV 0.16 0.25 0.48 0.15 0.26 0.35 0.13 0.24 0.28 0.14 0.24 0.30 

Range 17.9 31.1 66.9 17.2 35.0 58.2 15.0 34.7 56.1 15.8 34.3 56.4 

Table 6.18 – Statistical results of independent video coding (6SRC; 512 kbps) 

Analysing Table 6.17 and Table 6.18, the highest mean picture quality results are obtained for 

IBBP GOP1 and the lowest picture quality are obtained for IPPP GOP1. It is to be noted that 

IBBP GOP1 and IPPP GOP1 present respectively the lowest and the highest picture quality 

variation when the reference bit rate changes from 256kbps to 512kbps. These two GOP 

patterns were selected for the third joint coding scenario.  

For IBBP GOP1 results, when the value of the bit rate is doubled, the mean value of the picture 

quality of the video sequences increases its value (7% for PSNR, 14% for PSPNR and 18% for 

SSIM). The value of the range, in IBBP GOP1, is reduced 5% for PSNR and 17% for SSIM, 

and the value of the range is increased 15% for PSPNR. The standard deviation displays a 

similar behaviour regarding the performance of the range parameter (when bit rate increases, 

stdev decreases (6% for PSNR and 17% for SSIM, and stdev increases 12% for PSPNR). 

Regarding CoV, its value decreases for all the three picture quality metrics when bit rate 

increases (12% for PSNR, 2% for PSPNR and 29% for SSIM).  

An increment in the bit rate has a distinct impact on the picture quality of the different video 

programmes. In particular, in the parameters Min and Max. For example, when doubling the bit 

rate, the minimum value increases 10% for PSNR, 14% for PSPNR, and 81% for SSIM, and the 

maximum value increases 4% for PSNR, 14% for PSPNR, and 3% for SSIM. When bit rate is 

doubled, the amplitude of parameters variation, such as Max, Min or CoV, is higher for IPPP 

GOP1 simulations results when compared with IBBP GOP1 simulation results. The variability 



6.3. Objective Video Quality Assessment 231 

 

 

within sequences and between sequences decreases when the value of bit rate is doubled. The 

only statisrical parameter that decreases its value when the bit rate increases its value is CoV. 

All the remaining parameters increase their values when bit rate is increased.  

The greatest increase of the mean value of the picture quality among the six video sequences, 

when the bit rate is doubled, occurs in simulations with the pattern of IPPP GOP1 (11% for 

PSNR, 18% and 34% for PSPNR SSIM). However, when analysing the absolute values, the 

mean values of picture quality are the lowest values that were obtained (the highest value occurs 

with IBBP GOP1). As for the maximum values, considering both reference bit rates of 256kbps 

and 512kbps, IPPP GOP1 maximum values are the lowest values compared with the values 

obtained in simulations with other patterns of GOP. However, when compared with the relative 

growth of its value when bit rate is doubled, they present the highest relative growth (10% for 

PSNR, 21% for PSPNR, and 16% for SSIM). As for the minimum value, IBBP GOP1 presents 

the lowest values and one of the highest increases. However, the difference is not as substantial 

as in the case of the maximum (16% for PSNR, 19% for PSPNR, and 82% for SSIM). The 

lowest values for the parameters max, mean and min were obtained for simulations with the 

pattern IPPP GOP1, at both 256 kbps and 512 kbps. The highest variation of the parameters 

max, mean and min occurs for SSIM and the lowest variation for PSNR. As for range and stdev, 

the highest values of variations take place for PSPNR and the lowest values of the variations 

occur for PSNR.  

We will now look at the individual results from each video sequence. One of the video 

sequences that presents a high level of spatio-temporal complexity and whose results show that 

it is a difficult sequence to encode is the Mobile and Calendar sequence. For example, the value 

of SSIM of the Mobile and Calendar video sequence encoded at 1024kbps with IPPP GOP1, is 

roughly half the value of the SSIM value for the Akiyo video sequence when encoded at 

256kbps and IPPP GOP1. 

 

PSNR PSPNR SSIM 

Video IBBP GOP1 IPPP GOP1 IBBP GOP1 IPPP GOP1 IBBP GOP1 IPPP GOP1 

aki 1.84 3.90 8.68 10.26 2.82 11.30 

fot 2.91 2.87 5.08 4.85 14.22 11.45 

hal 1.44 3.67 3.44 7.55 3.81 11.39 

mad 2.17 3.60 6.43 7.87 5.82 17.05 

mcl 2.65 3.27 4.29 4.25 16.77 12.57 

sil 3.76 2.89 9.63 4.80 17.47 19.55 

Table 6.19 – Picture Quality Increment when bit rate is doubled for the independent coding 

Table 6.19 shows the increase in picture quality for each video sequence, when the bit rate is 

doubled, in the independent coding scenario. From Table 6.19 it can be seen that the extent of 
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the increase in image quality depends on the sequence characteristics and the GOP pattern. In 

sequences with low spatial and temporal resolution, such as Akiyo, Hall or Mother and 

Daughter, the increment in picture quality, in general, is higher for IPPP GOP1 compared with 

IBBP GOP1. In sequences with medium to high spatial and temporal resolution, such as 

Football or Mobile and Calendar, the increment in picture quality, in general, is higher for IBBP 

GOP1 compared with IPPP GOP1. From Table 6.19 the difference between the maximum value 

and the minimum value of the increase in image quality according to GOP pattern can also be 

analyzed. Hence, it can be seen that the variation interval is smaller for IPPP GOP1 (PSNR: 1.0 

dB, PSPNR: 6.0 dB, SSIM: 8.3) when compared to IBBP GOP1 (PSNR: 2.3 dB, PSPNR: 6.2 

dB, SSIM: 14.7). The difference of the interval of variation is particularly large for the SSIM 

picture quality metric. 

After this brief analysis of the simulation results when the six video programmes are encoded 

independently, an analysis of results for the third joint video coding scenario follows. As 

mentioned earlier, in the third scenario corresponding to the joint encoding of six video sources, 

simulations were performed for two different reference bit rates (256 kbps and 512 kbps) and 

two GOP patterns (IBBP GOP1 and IPPP GOP1). Thus, each video sequence was encoded four 

times with different coding settings for each joint video coding algorithm. From Table 6.20 to 

Table 6.23, several statistical parameters are displayed (Max, Average, Min, Stdev, CoV and 

Range) concerning the simulation results of the third coding scenario. Individual results of the 

simulations are available in Annex C (Table C.9 to Table C.12). 

 

Mux Bit Mux PSNR Mux SSIM Mux PSPNR 

 PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM 

Max 40.59 57.98 77.65 41.28 60.06 80.50 40.18 59.03 75.35 40.77 59.72 77.21 

Mean 35.33 45.92 58.29 35.47 46.18 58.13 35.35 46.35 58.55 35.43 46.38 58.47 

Min 29.09 34.00 17.03 27.75 32.79 21.12 28.21 33.23 29.24 28.20 33.57 23.93 

stdev 4.50 8.81 21.25 5.18 10.51 21.85 4.74 9.52 17.66 4.97 10.01 19.92 

CoV 0.13 0.19 0.36 0.15 0.23 0.38 0.13 0.21 0.30 0.14 0.22 0.34 

Range 11.50 23.98 60.62 13.53 27.27 59.38 11.97 25.80 46.11 12.57 26.15 53.28 

Table 6.20 – Max, Mean, Min, stdev, CoV, Range (6SRC; IBBP GOP1; 256 kbps) 

 

Mux Bit Mux PSNR Mux SSIM Mux PSPNR 

 PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM 

Max 41.46 60.31 84.92 43.61 66.40 86.72 43.61 66.41 86.73 42.97 63.88 85.71 

Mean 37.54 50.43 67.88 37.96 52.11 68.30 37.82 51.76 69.24 37.85 51.73 69.07 

Min 31.58 38.97 27.56 31.21 37.05 36.42 29.91 36.01 44.09 30.44 37.45 40.53 

stdev 3.91 8.11 20.50 4.82 10.99 17.65 5.09 11.05 14.98 4.78 10.31 16.06 

CoV 0.10 0.16 0.30 0.13 0.21 0.26 0.13 0.21 0.22 0.13 0.20 0.23 

Range 9.88 21.34 57.36 12.40 29.35 50.30 13.70 30.40 42.64 12.53 26.43 45.18 

Table 6.21 – Max, Mean, Min, stdev, CoV, Range (6SRC; IBBP GOP1; 512 kbps) 
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Mux Bit Mux PSNR Mux SSIM Mux PSPNR 

 PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM 

Max 34.25 44.88 66.93 37.12 46.47 70.51 36.33 47.21 69.70 36.74 45.16 70.15 

Mean 30.11 36.86 37.47 31.06 37.23 37.68 31.02 37.12 38.11 30.99 37.06 37.65 

Min 24.30 28.96 13.99 21.90 24.45 8.37 21.77 24.26 7.63 22.42 25.81 7.20 

stdev 3.46 5.45 20.21 5.24 7.69 24.59 5.09 7.76 23.86 4.95 6.82 24.56 

CoV 0.11 0.15 0.54 0.17 0.21 0.65 0.16 0.21 0.63 0.16 0.18 0.65 

Range 9.95 15.92 52.94 15.22 22.02 62.14 14.56 22.95 62.07 14.32 19.35 62.95 

Table 6.22 – Max, Mean, Min, stdev, CoV, Range (6SRC; IPPP GOP1; 256 kbps) 

 

Mux Bit Mux PSNR Mux SSIM Mux PSPNR 

 PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM 

Max 37.76 47.57 71.55 40.81 56.92 80.63 40.52 56.56 79.78 40.05 53.73 78.69 

Mean 33.24 41.21 49.78 34.08 43.50 51.21 34.08 43.45 52.61 34.02 42.92 49.75 

Min 27.59 34.38 24.98 24.78 28.44 19.77 24.54 28.34 21.99 25.12 29.27 21.97 

stdev 3.66 5.01 16.94 5.52 9.89 23.66 5.52 9.72 22.32 5.18 8.65 22.66 

CoV 0.11 0.12 0.34 0.16 0.23 0.46 0.16 0.22 0.42 0.15 0.20 0.46 

Range 10.17 13.19 46.57 16.03 28.48 60.86 15.98 28.22 57.79 14.93 24.46 56.72 

Table 6.23 – Max, Mean, Min, stdev, CoV, Range (6SRC; IPPP GOP1; 512 kbps) 

Usually the highest Mean parameter results are obtained by the algorithms Mux PSNR and Mux 

SSIM. The lowest results are obtained with the algorithm Mux Bit. The Mean parameter 

presents minor variations for the different algorithms used to jointly encode the video sequences 

(up to 3.2% for PSNR, 5.5% for PSPNR, and 5.8% for SSIM). The difference between Mean 

values is higher in simulations using the IPPP GOP1 pattern compared to simulations using 

IBBP GOP1 pattern. In addition, the relative difference between the results of the Mean 

parameter, due to the use of different encoding schemes, is smaller when using the IBBP GOP1 

pattern than when using the IPPP GOP1 pattern. 

Regarding the parameters associated with the boundary values of picture quality, Min and Max; 

their relative variation is higher than in the case of the Mean parameter. The highest values of 

the Max parameter are achieved with the algorithms Mux PSNR (256kbps) and Mux SSIM 

(512kbps). The lowest results of the Max parameter are obtained with the algorithm Mux Bit. 

The differences between the values for the parameter Max in the different simulations is below 

20%. The largest differences occur for PSPNR (19.7%) and the smallest for PSNR (8.4%). 

Simulations with the IBBP GOP1 pattern present higher Max parameter values compared with 

simulations with the IPPP GOP1 pattern.  

The best results of the Min parameter are obtained mainly with the algorithm Mux Bit and the 

lowest values of the Min parameter with the algorithms Mux PSNR and Mux SSIM. The 

relative variation of the value of the Min parameter due to the joint coding algorithms is greater 
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than the variation of the values of the Mean and the Max parameters. The greatest variation of 

the value of the parameter Min takes place when the SSIM metric is used, and the lowest 

variation occurs with PSNR as the picture quality metric. The parameter Min presents higher 

values for simulations with the pattern IBBP GOP1 than in simulations with IPPP GOP1. 

An analysis of the parameters Min, Mean and Max makes it possible to identify similarities in 

the way the parameters vary. The highest values of the parameters are always obtained for 

simulations with IBBP GOP1 pattern. On the other hand, the variation of the parameters’ value, 

due to the different joint coding algorithms, is higher for simulations with the IPPP GOP1 

pattern. Analyzing the picture quality metrics, regardless of bit rate or the pattern of the GOP, 

PSNR always shows the lowest variation among its values for the different joint coding 

algorithms. At the other extreme, SSIM displays the highest variation among its values for the 

simulations resulting from the different joint coding algorithms. SSIM is generally associated 

with perceptual image quality. Thus the greater variability of picture quality due to the use of 

different strategies for the joint coding of video sources, measured by the SSIM metric, can be 

understood as a signal that the perceived image quality can suffer variations greater than what 

would be expected if only PSNR was used as picture quality metric. In the next section, the 

results of a subjective assessment test with a panel of human viewers are presented. The goal of 

next section is to study how the video simulation results, in the current joint coding scenario, are 

perceived by an observer. A second goal is to study how the picture quality metrics (PSNR, 

PSPNR, and SSIM) translate the opinion of an observer regarding the picture quality of the set 

of video programmes. Video subjective quality tests are too costly in terms of time and human 

resources, so the tests were limited only to the current joint coding scenario. 

Several observations can be made on the parameters that measure how different the different 

observations are (stdev, CoV and range). In general, the lowest values of the parameters stdev, 

CoV and Range, are obtained with the Mux Bit joint video coding algorithm. The variation of 

the values of the stdev parameter, the CoV parameter and the range parameter is higher in video 

sequences encoded with the IPPP GOP1 pattern for the image quality metrics PSNR and 

PSPNR. Regarding the SSIM metric, the relationship of GOP pattern is reversed (the relative 

difference is generally higher for video sequences encoded with the IBBP GOP1 pattern). The 

value of the CoV parameter differs considerably according to the selected image quality metric.  

When PSNR is used to evaluate the quality of the video sequences, the values of the CoV 

parameter are always below 0.17, for both the two different patterns of GOP and for the two 

reference bit rates. These low values indicate a low variability of image quality within the video 

sequences (the mean value of CoV for PSNR is 0.140). The mean value of the CoV parameter 

of PSPNR, during the simulations, is 0.197. Typically, the values of the CoV for SSIM are 



6.3. Objective Video Quality Assessment 235 

 

 

higher than PSNR and PSPNR values: the mean value of the Coefficient of Variation of SSIM 

results is 0.409 and the highest value goes up to 0.65. The mean values of the CoV parameter 

for SSIM show a high variability of perceived image quality. These observations about the 

relationship between the variability of image quality and choosing a metric to assess the image 

quality are in line with earlier observations (analysis of Max, Mean and Min parameters). 

One of the aims of this section is to compare the results obtained using algorithms for joint 

coding of video sources with the results obtained for independent coding of video sources. 

Table 6.17 and Table 6.18 contain results of simulations for independent coding, and simulation 

results for joint coding are available from Table 6.20 to Table 6.23. To allow a better reading, 

the difference between the value of each parameter obtained for joint coding and the value of 

the same parameter obtained for independent coding was computed (Table 6.24 to Table 6.27). 

 

Mux Bit Mux PSNR Mux SSIM Mux PSPNR 

 

PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM 

vMax -1.98 -3.58 -7.39 -1.29 -1.50 -4.54 -2.39 -2.53 -9.69 -1.80 -1.84 -7.83 

vMean 0.00 -0.14 0.89 0.14 0.12 0.73 0.02 0.29 1.15 0.10 0.32 1.07 

vMin 2.31 2.72 -0.50 0.97 1.51 3.59 1.43 1.95 11.71 1.42 2.29 6.40 

vstdev -1.59 -2.80 -3.77 -0.91 -1.10 -3.17 -1.35 -2.09 -7.36 -1.12 -1.60 -5.10 

vCoV -0.03 -0.05 -0.03 -0.01 -0.01 -0.01 -0.03 -0.03 -0.09 -0.02 -0.02 -0.05 

vRange -4.30 -6.32 -6.88 -2.27 -3.03 -8.12 -3.83 -4.50 -21.39 -3.23 -4.15 -14.22 

Table 6.24 – Difference between joint coding and independent coding simulation results (6SRC; 

IBBP GOP1; 256 kbps) 

 

Mux Bit Mux PSNR Mux SSIM Mux PSPNR 

 

PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM 

vMax -2.95 -9.93 -2.94 -0.80 -3.84 -1.14 -0.80 -3.83 -1.13 -1.44 -6.36 -2.15 

vMean -0.37 -1.88 0.33 0.05 -0.20 0.75 -0.09 -0.55 1.69 -0.06 -0.58 1.52 

vMin 2.15 3.40 -4.19 1.78 1.48 4.67 0.48 0.44 12.34 1.01 1.88 8.78 

vstdev -1.18 -4.85 -0.23 -0.27 -1.97 -3.08 0.00 -1.91 -5.75 -0.31 -2.65 -4.67 

vCoV -0.03 -0.08 0.02 0.00 -0.03 -0.02 0.00 -0.03 -0.06 0.00 -0.04 -0.05 

vRange -5.12 -13.36 1.26 -2.60 -5.35 -5.80 -1.30 -4.30 -13.46 -2.47 -8.27 -10.92 

Table 6.25 – Difference between joint coding and independent coding simulation results 

(6SRC;IBBP GOP1; 512kbps) 
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Mux Bit Mux PSNR Mux SSIM Mux PSPNR 

 

PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM 

vMax -3.65 -3.07 -5.52 -0.78 -1.48 -1.94 -1.57 -0.74 -2.75 -1.16 -2.79 -2.30 

vMean -0.87 -0.28 -0.72 0.08 0.09 -0.51 0.04 -0.02 -0.08 0.01 -0.08 -0.54 

vMin 3.67 6.10 4.71 1.27 1.59 -0.91 1.14 1.40 -1.65 1.79 2.95 -2.08 

vstdev -2.53 -3.28 -5.16 -0.75 -1.04 -0.78 -0.90 -0.97 -1.51 -1.04 -1.91 -0.81 

vCoV -0.08 -0.08 -0.10 -0.02 -0.02 0.01 -0.03 -0.02 -0.01 -0.03 -0.05 0.01 

vRange -7.35 -9.18 -10.26 -2.08 -3.08 -1.06 -2.74 -2.15 -1.13 -2.98 -5.75 -0.25 

Table 6.26 – Difference between joint coding and independent coding simulation results 

(6SRC;IPPP GOP1; 256 kbps) 

 

Mux Bit Mux PSNR Mux SSIM Mux PSPNR 

 

PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM 

vMax -4.04 -10.64 -12.20 -0.99 -1.29 -3.12 -1.28 -1.65 -3.97 -1.75 -4.48 -5.06 

vMean -0.84 -2.53 -1.46 0.00 -0.25 -0.03 0.00 -0.30 1.37 -0.06 -0.82 -1.49 

vMin 3.68 7.27 8.13 0.87 1.33 2.92 0.63 1.23 5.14 1.21 2.16 5.12 

vstdev -2.02 -5.89 -9.58 -0.16 -1.01 -2.86 -0.16 -1.18 -4.20 -0.50 -2.25 -3.86 

vCoV -0.05 -0.13 -0.14 0.00 -0.02 -0.02 0.00 -0.03 -0.06 -0.01 -0.05 -0.02 

vRange -7.73 -17.91 -20.33 -1.87 -2.62 -6.04 -1.92 -2.88 -9.11 -2.97 -6.64 -10.18 

Table 6.27 – Difference between joint coding and independent coding simulation results 

(6SRC;IPPP GOP1; 512kbps) 

From Table 6.24 to Table 6.27, all the parameters start with the prefix “v”. When placed in front 

of a parameter, the prefix "v" indicates the variation of the parameter value between the results 

for joint coding of video sources and the results obtained for independent coding of video 

sources. The simulation results show an increase in the value of the parameter that measures the 

minimum value of the image quality, and the reduction of the value of the range parameter for 

all the joint coding experiments. Thus, the results show that through a process of joint coding of 

video sequences, the available bandwidth can be reallocated between the different video 

programmes resulting in a uniform "distribution" of the image quality for the set of test video 

sequences. Additionally, there is also an increase in the minimum value of the image quality 

concerning the set of test video sequences. 

The amplitude of the variation of the Mean parameter is reduced, and depending on the 

algorithm, picture quality metrics, and coding settings can be positive or negative. When the 

results are analyzed according to the pattern of GOP, the highest values of the Mean parameter 

variation are obtained for the pattern of IBBP GOP1. The use of the B-slices frame provides a 

more efficient way to encode a frame compared to other types of images, such as the I- or P-

slices. Therefore, when the bandwidth is changed, the slices encoded as B-slices offer a better 

adaptation to the new value of the bandwidth. This fact is important because most of the 

existing studies reported in the literature do not analyze the impact of B-slices. 
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It is clear that the performance levels of each joint coding algorithm depend on the selection of 

the image quality metric. For example, comparing the different strategies of joint coding, the 

algorithm Mux SSIM has the best results for the SSIM metric, but poor results for the PSNR 

metric and the PSPNR metric. 

The Mux SSIM algorithm has the best set of results, for the parameters vMin, vMean and 

vRange, for the IBBP GOP1 pattern, when the SSIM metric is used to evaluate the image 

quality. Regarding the IPPP GOP1 pattern, the Mux SSIM algorithm has the best results for the 

vMean parameter, and among the best results for the vMin parameter and the vRange parameter, 

when the SSIM metric is used to evaluate image quality. For both GOP patterns, the 

performance of the Mux SSIM algorithm improves when the bit rate is increased, when the 

SSIM metric is used to evaluate the image quality. If the results of simulations are analysed 

using the values of PSNR or the values of PSPNR as an image quality indicator, then the 

analysis differs from the previous one that uses SSIM values. The Mux SSIM performance, 

when PSNR and PSPNR are used to assess image quality, is lower and decreases when the bit 

rate is increased. As the algorithm is based on the use of the SSIM metric, this result is 

expected. The association between SSIM and the perception of image quality has the potential 

to help ensure a better image quality that is perceived by an observer. Subjective quality 

assessment tests should allow the validity of this hypothesis to be assessed. 

In general, the Mux PSNR algorithm presents the best results for the vMax and vMean 

parameters when PSNR or PSPNR are used to evaluate image quality. However, for the vMean 

parameter, the differences are rather small between the different joint coding algorithms. For the 

Mux PSNR algorithm, the values of the vMean parameter are low, near to zero, for simulations 

with the IPPP GOP1 pattern. In simulations using the Mux PSNR algorithm but with the IBBP 

GOP1 pattern, the value of the vMean parameter is higher, and increases significantly when the 

bit rate is doubled. In addition, the Mux PSNR algorithm presents the lowest set of values of the 

dispersion measuring parameters (vStdev, vCoV and vRange). The results of the Mux PSNR 

algorithm when compared with the remaining joint coding algorithms show a slight increase in 

the average value of the image quality of the video sequences, and a greater variability in image 

quality between the video sequences. 

The Mux PSPNR algorithm presents results that are half way between the best and worst 

results. The Mux PSPNR algorithm performs better in simulations with IBBP GOP1 than in 

simulations with the IPPP GOP1 pattern. For the IPPP GOP1 pattern, the results of the vMean 

parameter are in third position (in a group of four algorithms). However, for IPPP GOP1, the 

Mux PSPNR algorithm displays good results for the dispersion measuring parameters, when 

PSNR or PSPNR are used to evaluate image quality. For the IBBP GOP1 pattern, one can 
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observe that the performance improves in comparison with other algorithms for the different 

parameters, particularly for the vMean parameter. In general, the Mux PSPNR algorithm 

achieves better performances at higher bit rates. 

The Mux Bit algorithm has the worst results in relation to the vMax and vMean parameters and 

the best results regarding the vMin parameters and the dispersion measuring parameters (vstdev, 

vCoV, and vRange). In order to better understand the behavior of the Mux Bit algorithm, a 

closer analysis of the rate-distortion performance of each video sequence is needed. The Mux 

Bit algorithm is performed in a two pass encoding. The first pass estimates the complexity of 

video sequences using a first set of fixed quantisation parameters. Complexity in a video 

sequence is defined as the product of the effective number of bits used to encode an image and 

the average quantiser parameter over the whole picture. The second pass encodes the video 

sequences by redistributing the bandwidth among the video sequences according to the 

complexity of each video sequence obtained in the first pass. As the quantisation parameter is 

the same for all video sequences then the complexity depends mainly on the effective number of 

bits used to encode an image in the first pass. Analyzing the amount of bits generated during the 

first pass, for different video sequences, there is a wide discrepancy between the Mobile and 

Calendar video sequence and the remaining video sequences. Mobile and Calendar is the 

sequence that in the first pass requires more bits to be encoded, followed by the video sequences 

Football and Silence. The sum of the number of bits needed to encode these three video 

sequences, in the first pass, goes up to 72% of the total number of bits that it is necessary to 

encode for all six video sequences. Mobile and Calendar generates in the first pass 2.57 times 

more bits than the Football video sequence and 2.81 times more bits than the Silence video 

sequence. Due to the combination of the criteria for allocation of bandwidth in the Mux Bit 

algorithm and the characteristics of the set of video sequences, one can see that the Mobile and 

Calendar video sequence is the only sequence whose value of bandwidth is increased compared 

with the independent coding scenario. The Mobile and Calendar video sequence globally 

present the lowest values of image quality for all the three image quality metrics (PSNR, 

PSPNR and SSIM). Thus, as Mobile and Calendar receives more bits than in the remaining joint 

coding methods, the vMin and vRange parameters are strongly improved compared with the 

remaining joint coding algorithms.  

Looking at Table 6.19 it can be seen how differently the image quality of the video sequence 

varies with bit rate due to the GOP pattern. For example, the Akiyo sequence varies for the 

PSNR metric 1.84dB (IBBP GOP1) and 3.9dB (IPPP GOP1) when bit rate is doubled, and, for 

the same coding settings, Mobile and Calendar varies 2.65dB (IBBP GOP1) and 3.27dB (IPPP 

GOP1). The Mux Bit algorithm can obtain better results for the vMean parameter when the 
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video sequences with the highest levels of complexity correspond to sequences with the highest 

ratio between image quality and bit rate. Nevertheless, the Mobile and Calendar video sequence 

does not present the best quality-rate ratio for all the picture quality metrics. 

One way to improve the performance of the Mux Bit algorithm regarding the vMean parameter 

would be to limit the bandwidth relocation among video programmes by establishing an 

additional threshold value.  

In general, for the different joint coding algorithms, the value of the vMean parameter is 

positive for the IBBP GOP1 pattern and in most cases when the SSIM is used. These results 

suggest an average increase in the image quality perceived by the viewers. The following 

section presents the results of the subjective evaluation of image quality. Comparing simulation 

results between the two different GOP patterns, IBBP GOP1 presents better overall results than 

IPPP GOP1. The observation of the R-D behaviour of video sequences provides additional 

information to understand this. Consider, as an example, the Akiyo and Mobile and Calendar 

video sequences’ performance when coded individually, at a constant bit rate (256kbps and 512 

kbps) and with both GOP patterns. In the case of Akiyo, the image quality when the bit rate is 

reduced by half, from 512 kbps to 256 kbps, decreased 3.90 dB (PSNR) and 11.30 (SSIM) for 

IPPP GOP1 and 1.84 dB (PSNR) and 2.82 (SSIM) for IBBP GOP1. Thus, the same level of 

reduction in bit rate of Akiyo video sequence will generate a larger reduction for picture quality 

in sequences encoded with the IPPP GOP1 pattern compared with video sequences encoded 

with the IBBP GOP1 pattern. This reduction is even greater in the case of SSIM. 

Another important issue is the nonlinearity of picture quality variation. For the Mobile and 

Calendar video sequence, SSIM increases 12.57 (IPPP GOP1) and 16.77 (IBBP GOP1) when 

bit rate increases from 256kbps to 512 kbps. Let us consider an intermediate value for the bit 

rate, 384kbps. When the bit rate changes from 256kbps to 384kbps, SSIM increases 5.85 (IPPP 

GOP1) and 10.51 (IBBP GOP1), and when the bit rate changes from 384 kbps to 512kbps, 

SSIM increases 6.72 (IPPP GOP1) and 6.26 (IBBP GOP1). Although in this last case the 

increase in SSIM is approximately the same value for both GOP patterns, when the bit rate 

changes from 256kbps to 384kbps, the variation in picture quality according to the SSIM metric 

is quite different with the two GOP patterns. Thus, it is very important to properly estimate a 

new R-D operation point. As a brief final remark, overall results support the use of SSIM as a 

viable metric in joint rate coding processes, particularly if using SSIM as the reference picture 

quality metric. Mux PSNR presents good results if PSNR. Mux PSPNR results are below SSIM 

results. Nevertheless, Mux PSPNR also achieves the goal of increasing the uniformization level 

of picture quality. PSPNR only takes into account the perceptible noise, that is, only distortion 

that exceeds the JND profile is taken into consideration ([187]). Changing the bit rate can affect 
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also the visibility of error in parts of the images. One way to improve Mux PSPNR performance 

would be to incorporate information such as the number of macroblocks that are in the boundary 

of visibility. Mux Bit presents good results for all the parameters when the complexity as 

defined by TM5 does not differ much among video sequences. When the complexity is quite 

heterogeneous, the performance of Mux Bit is characterised by the decrease of the differences in 

picture quality of the video sequences and a sharp increase of the minimum value. This is an 

interesting result if the goal is to maximize the minimum value of picture quality. 

6.4 Subjective Video Quality Assessment 

In the previous section, objective video quality assessment was used to evaluate the perceptual 

quality of video sequences. Objective assessment is a fast and cost-efficient way to evaluate 

visual quality, generating always the same output ([82]). Another advantage of objective 

assessment is that the result is independent of the context in which the quality of a video 

sequence is assessed. A single processed video sequence (PVS) can be evaluated by an 

objective quality metric, but it cannot be evaluated by a human viewer. A human viewer decides 

how to evaluate a video sequence by measuring it against a set of sequences. For example, a 

video sequence that can be assessed as ’excellent’ in an internet video streaming scenario, may 

be assessed as ’poor’ when assessed in a high-definition broadcast subjective test scenario. 

Objective assessment is very helpful for evaluating the progress in codec design of a specific 

algorithm.  

At the same time, there are some problems as objective assessment is dependent on the type of 

codec used and the parameters defined. An objective assessment metric is not capable of 

providing the full truth about video codec quality ([82],[507]). Since the interest is in human 

opinions regarding video quality, subjective assessment is a reliable and a useful method of 

performing video quality assessment. However, subjective studies have to be conducted in a 

carefully controlled environment, and it is a time-consuming and expensive task because of the 

number of observers that need to be involved and the viewing conditions such as ambient 

illumination, display device, or viewing distance.  

There are various methodologies that can be used by multimedia producers and television 

broadcasters to subjectively assess the quality of video programmes. By subjective video quality 

assessment, it is meant any methodologies in which several persons (or "observers") are 

involved in a process to assess video sequences under controlled conditions ([81],[507]). Note 

that subjective video quality assessment methodologies are different from the "expert viewing" 

methodologies. The "expert viewing" schemes are usually not suited to provide conclusive 

judgments on codec quality but rather for a fast evaluation or a first indicator of the level of 



6.4. Subjective Video Quality Assessment 241 

 

 

quality. Several methodologies were introduced in Chapter 2. A typical process of the subjective 

evaluation of the video codec performance can be resumed in the following phases 

([81],[82],[507]): 

 Select algorithms under evaluation (codec’s with a particular set of encoding 

parameters such as pre-filtering, buffering, key frame distance, etc.). 

 Select video test sequences (also frequently called SRC or Source Reference 

Channel or Circuit). Video sequences should vary motion and spatial detail 

characteristics and be available in uncompressed form. 

 Define the settings of the system that is going to be evaluated (often called 

HRC or Hypothetical Reference Circuit). In broadcast applications, a HRC is a 

system composed of a video coder and a video decoder and sometimes includes 

a transmission distortion block. In the current case, it corresponds to defining 

the coding conditions such as bit rates and GOP patterns. 

 Encode the video test sequences to generate coded representations of the test 

sequences. 

 Select the assessment methodology and set up a reproducible environment (how 

sequences are display to viewers and how their opinion is gathered, for 

example: ACR, DSCQS, SSCQS, or SAMVIQ). 

 Organize test sessions. Invite the panel of subjects (also called “observers,” 

"assessors" or "evaluators"). The number of observers to invite should be large 

enough to guarantee that results are statistically relevant (depending on the 

assessment methodology, there could be a minimum of valid subject’s 

participation). Carry out testing. 

 Gather the assessment results, perform statistical analysis on gathered data and 

eliminate inconsistent subjects. 

 Compute average marks for each HRC based on subjects' opinion. 

Selecting the assessment methodology is a hard task. There are many ways of displaying video 

sequences to observers to gather their opinion and score. Some methods have been standardized 

and have been presented in Chapter 2. Two popular methods used to gather opinion scores are 

Absolute Category Rating (ACR) and Subjective Assessment Methodology for Video Quality 

(SAMVIQ). The ACR test method presents stimuli in a random order and uses a coarse 

resolution rating scale for evaluation. The SAMVIQ test method allows observers to view 
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several stimuli multiple times and uses a fine resolution rating scale for evaluation. Comparison 

studies between ACR and SAMVIQ have shown that ACR, and SAMVIQ provide correlated 

results for CIF sequences ([80]) and for an equal number of observers, SAMVIQ scores have 

greater accuracy than ACR scores (for an identical level of accuracy, on average, SAMVIQ 

required 30% fewer observers than ACR) ([508],[509]). Thus, SAMVIQ was selected for 

assessment. 

6.4.1 SAMVIQ Interface 

The underlying principle for the SAMVIQ methodology is explained by the considerable 

difference between the broadcast television and multimedia domains ([81],[82],[507]). 

Multimedia offers a wide-range of options over the rigid television domain architecture. While 

the television domain is quite specific, the multimedia domain consists of an array of options 

regarding codecs, image formats, frame rates and display types.  

 

Figure 6.9 – SAMVIQ User Interface 
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Figure 6.10 – SAMVIQ Administration Interface 

These features associated with the possibility of multiple viewing distances have fostered the 

development of assessment methods dedicated to multimedia. SAMVIQ is a multi stimuli 

continuous quality scale method using explicit and hidden references ([81]). It generates a 

measure of the subjective video codec quality, which can be compared directly with the 

reference, i.e. the original video signal. Each test session is organized such that each participant 

evaluates scenes sequentially ([510]). For each scene under quality evaluation test, observers 

interact with the SAMVIQ graphical user interface for displaying and rating, any sequence in 

any order (Figure 6.9). The interface contains a series of command buttons that allow the user to 

play, pause and restart the viewing of a sequence, to assess a sequence and to select the next 

scene. On the left-hand bottom of the interface, there is a button, marked as Ref, that visibly 

identifies the explicit reference sequence (the original video signal). Buttons with letter labels 

(for example, A, B, C ...) give access to the remaining sequences for each scene. Except for the 

explicit reference sequence, the presentation order of each sequence in a scene is randomized. 

Through the graphical user interface, Figure 6.9, the observer can compare all coded versions of 

the scene as well as with the video reference, regulating the quality rating for each video 

sequence accordingly.  

The observer can express their judgments by dragging a slider on a quality scale ranging from 

zero to one hundred. The highest quality should be marked "100" (top of the scale), and the 

lowest quality perceived should be marked "0" (bottom of the scale). The quality scale was 
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marked into sections. In addition, the quality scale was divided into five equal sections labelled 

with the adjectives: “Bad," “Poor," “Fair," “Good," and “Excellent." After the observers vote, 

the position of the slider was converted into a numeric mark by linearly mapping the scale to the 

interval [1, 100]. The observer can select the order by which videos are displayed and to alter 

the quality rating as many times as they want. Only the final opinion score is saved. Observers 

can only give a score after viewing the complete clip. The access to the next scene is obtained 

when the observer has successfully given his opinion score on all video clips at least once. The 

SAMVIQ interface was implemented in Java, and it consists of two applications: runAdmin (to 

specify the test organization and joint MOS results from different labs - Figure 6.10) and 

runObserver (the observer interface Figure 6.9 ).  

6.4.2 Test Organization 

Organization of test sessions is crucial for the success of the quality assessment experiments. In 

particular, the number and duration of each of the sessions for a given number of test sequences 

should be minimised. First, a set of reference video sequences must be selected. Source video 

sequences according to VQEG terminology, are referred to as Source Reference Channel or 

Circuits (SRC). Selected SRCs should vary in the amount of temporal information and spatial 

detail. These parameters affect the level of video compression of a sequence and as a result, the 

level of impairment that video sequences can suffer. When choosing SRCs, it can be helpful to 

compare the relative spatial information and temporal information of the different sequences. 

Usually, the compression difficulty is directly related to the spatial and temporal information of 

a sequence ([72]). One way to compare sequences is described in ITU-T Rec. P.910 which is to 

plot a xy-chart of the Spatial Information (SI) and Temporal Information (TI). When using a 

small set of video sequences, in a given test, it may be important to choose sequences that span 

a large part of the spatial-temporal information plane ([72]). On the other hand, if one were 

trying to select test sequences with similar coding difficulty, then sequences with similar SI and 

TI values should be selected. Figure 6.11 presents the spatio-temporal plot for the video test set 

sequences presented in previous Chapter. SI and TI were computed using formulas introduced 

in Chapter 2. Analysing the Temporal Information metric, video sequences can be divided into 

two groups: one containing the sequences Akiyo, Mother and Daughter, Hall, Silence, Paris e 

Deadline, and a second group with News, Mobile and Calendar, Coastguard, Foreman, Flower 

Garden and Football. Using spatial information, this last group can be divided into two sub-

groups: News, Foreman and Football, with SI varying between 80 and 120, and a second sub-

group composed of Coastguard, Mobile and Calendar and Flower Garden with SI varying 
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between 140 and 180. Akiyo presents the lowest values of TI and Football the highest value of 

TI. As for SI, Akiyo again presents the lowest value and Flower Garden the highest value. 

 

Figure 6.11 – Spatial-temporal plot for video test sequence set 

After selecting the video test sequences, it is necessary to define the settings of the system to be 

assessed. VQEG suggests using a matrix of SRC×HRC, so that each SRC is processed by each 

HRC. 

HRCSRC PVS

 

Figure 6.12 – SRSs, HRCs, and PVSs 

The application of a HRC to a SRC generates a Processed Video Sequence (PVS) (Figure 6.12). 

A PVS is obtained by encoding a reference video through a specific coding setup (in the current 

case the joint coding algorithm, reference bit rate and GOP Pattern). Each SAMVIQ session 

consists of PVSs and explicit reference (high anchor), hidden reference (high anchor) and low 

anchor. High and low anchors are used to show observers what are the limits of the quality scale 

([81]). The hidden and explicit references are identical and are the uncompressed version of the 

sequence. The explicit reference is visibly labelled as the reference for the observer, while the 

other sequences are not labelled. The low anchor corresponds to a low-end codec. Quality 

anchors are included to stabilize the results ([510]). Explicit reference to minimised standard 

deviations of scores, and the hidden reference assesses the intrinsic quality of the reference. 
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Without an explicit reference, the standard deviation would be dramatically increased ([510]). A 

test session organization is as follows (Figure 6.13) ([82]). 

 

Figure 6.13 – Test organization example for SAMVIQ method ([510]) 

The number of SRCs and HRCs is limited by the duration of the subjective test. SAMVIQ has a 

limit of 10 HCR for each scene, excluding the explicit and hidden references ([81],[507]). 

SAMVIQ also specifies that the limit duration of a session is 30 minutes due to the drop of 

concentration of observers ([81]). Nevertheless, SAMVIQ allows an unlimited number of views. 

Quan reports in [507] that as observers may want to view some of the SRCs more than one time, 

for a SRC with eight seconds duration, it is not possible to run much more than 90 PVS in any 

single SAMVIQ test session. For SRCs with 10 seconds duration, the equivalent maximum 

number of PVS is 72 PVS per session. In previous sections, the simulation results from the joint 

video coding of two, three and six video sources were analysed. For each scenario, several 

parameters were altered: video sources, reference bit rates (256kbps and 512kbps), GOP 

patterns (four different GOP patterns), and five different encoding methods (independent 

coding, Mux Bit, Mux PSNR, Mux SSIM and Mux PSPNR). As a result, 240 PVS were 

generated in the first joint coding scenario (two video programmes), 600 PVS in the second 

joint coding scenario (three video programmes), and 120 PVS in the third joint coding scenario 

(six video programmes). Considering that a session should not exceed 72 PVS, then to assess all 

the simulation results 14 sessions and a minimum of 210 different observers would be needed. 

SAMVIQ suggests that in order to obtain stable results, the minimum number of scenes should 

be four ([81],[507]). It was decided to perform the subjective test only on the third joint coding 
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scenario. Therefore, the number of sessions was reduced from 14 to 2 sessions, and the 

minimum number of different observers from 210 to 30. In the first session, all the PVS were 

encoded with IBBP GOP1 and in second session with IPPP GOP1. 10 HRC per SRC were 

selected, corresponding to the five coding algorithms and the two reference bit rates (256kbps 

and 512kbps). 

HRC nr Codec Bit rate Frame Rate Spatial 
Resolution 

GOP 
Pattern 

other 

0 None none 30 fps CIF none reference 

1 H.264.JM11 256 kbps 30 fps CIF IBBP GOP1  

2 H.264.JM11 512 kbps 30 fps CIF IBBP GOP1  

3 H.264.Mux Bit 256 kbps 30 fps CIF IBBP GOP1  

4 H.264.Mux Bit 512 kbps 30 fps CIF IBBP GOP1  

5 H.264.Mux PSNR 256 kbps 30 fps CIF IBBP GOP1  

6 H.264.Mux PSNR 512 kbps 30 fps CIF IBBP GOP1  

7 H.264.Mux SSIM 256 kbps 30 fps CIF IBBP GOP1  

8 H.264.Mux SSIM 512 kbps 30 fps CIF IBBP GOP1  

9 H.264.Mux PSPNR 256 kbps 30 fps CIF IBBP GOP1  

10 H.264.Mux PSPNR 512 kbps 30 fps CIF IBBP GOP1  

11 H.264.QP42 -- 30 fps CIF IBBP GOP1 low anchor 

Table 6.28 – List of HCR for IBBP GOP1 

Table 6.28 shows the different HRCs for the first session (IBBP GOP1). In the second session 

the GOP pattern was altered from IBBP GOP1 to IPPP GOP1. HRC0 refers to the hidden 

reference condition in the SAMVIQ method and HRC11 to the low anchor. In this case, the low 

anchor corresponds to encoding SRC with a fixed quantisation parameter (QP = 42). All video 

sequences were converted and stored in uncompressed AVI- RGB24 format. 

SRC nr SRC1 SRC2 SRC3 SRC4 SRC5 SRC6 

Video Sequence Name Akiyo Football Hall MAD MCL Silence 

Table 6.29 – List of SRC  

Table 6.29 shows the list of SRC used in the first and second sessions. Testing took place using 

a Microsoft Windows computer. The video sequences were displayed on a LCD monitor (HP 

L2045w). Table 6.30 summarizes the viewing conditions and the monitor specifications. 
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Parameter Setting 

Display technology LCD display / TFT active matrix 

Reference name of the display RB145AA - HP L2045w 

Viewing distance  Not constrained: front of display 

Image Brightness  300 cd/m² 

Image Colour Temperature  6500K 

Image Contrast ratio  800:1 

Display size (diagonal in inches) 20.1” in 

Screen Resolution  1024x768 

Refresh rate  60 Hz 

Dot Pitch / Pixel Pitch 0.258 mm 

Response time  5 ms 

Table 6.30 – Viewing conditions and monitor specifications 

The computer was in an office environment with normal indoor illumination levels. Viewing 

distance was not fixed, as SAMVIQ does not require any specific viewing distance range ([81]). 

Each observer was allowed to adjust his own optimal viewing distance according to his 

preference for comfortable viewing. Nevertheless, during the training phase, subjects were 

asked to maintain their back in contact with the chair. The chair was initially positioned at a 

distance of 4H from the screen (where H is the picture height). In total, 30 observers, aged 18-

22 participated in the tests. Observers were university students from the Portuguese Catholic 

University, School of Arts, with experience in using a computer and with Smartphones and 

mobile phones with a video camera. No expert observers participated in the evaluation. Often, 

expert observers have preconceived judgements of video artefacts, resulting in somewhat biased 

scoring ([82]). None of the subjects had taken part in any subjective testing or had previous 

experience in fields related to video coding or assessing picture quality.  

  

Figure 6.14 – Ishihara colour plates 

In a subjective assessment session, observers should be evaluated for their visual acuity. Before 

the session began, the observers were screened for normal visual acuity on the Snellen chart and 

for normal colour vision using Ishihara colour plates (Figure 6.14). All observers were reported 

to have a normal vision.  
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The subjective assessment session started with a brief introduction, reading out the instructions, 

to explain the goals of the test and a short demonstration to present the voting method 

([72],[81]).  

“Welcome. In this session, you will be asked to assess the overall quality of a set of short video 

sequences by inserting a slider mark on a vertical scale. The grading scale is continuous and is 

divided in five equal parts, as follows: Excellent (80 to 100 points), Good (60 to 80 points), Fair 

(40 to 60 points), Poor (20 to 40 points) and Bad (0 to 20 points). Observe carefully the entire 

video sequence before making your judgment. Please do not support your judgment based on 

the content of the scene. Keep in mind the various aspects of the video quality and develop your 

opinion based upon your total idea of the video quality. You can only assess a video sequence 

after having viewed the entire video sequence. You can only proceed to the next sequence after 

having assessed all video clips.”  

Both ITU-R BT.500 and EBU SAMVIQ recommends that observers should be carefully 

initiated into the method of assessment, the types of impairment or quality factors likely to take 

place, the grading scale, timing, etc. One way to minimise the learning effects is to include a 

few “dummy presentations” at the beginning of each test session. These training sequences 

should demonstrate the range and the type of the impairments that the observers are going to 

assess during the session. Training presentations must not be including in the statistical analysis 

of test results.  

6.4.3 Statistical Analysis 

Depending on the selected assessment method, the first step before performing the statistical 

analysis of results is to determine the normalised opinion scores. The normalization process is 

based on the opinion score of the video references. VQEG’s multimedia group in their 

multimedia tests plan ([511]) defines a normalization process for each observer and for each 

PVS.  

, , , ,

, ,, ,

, ,

1 a s ref a s h

a s ha s h

a s ref

if V V

VV
otherwise

V

 


  



 (6.53) 

Equation (6.53) presents the method to normalize the opinion scores, where 
, ,a s hV  designates 

the opinion score given by the observer a to the 
,s hPVS  (corresponding to SRC s and HRC h); 

, ,a s refV

 

is the opinion score given by the same observer a to the reference video of the SRC s; 

and 
, ,a s hV   is the normalised opinion score of the observer regarding 

,s hPVS . The normalised 
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process should be applied for all PVSs and all observers prior to any other analysis. After the 

normalization process, opinion scores will be in the interval 
, ,0 1a s hV   . Another 

normalization process is DMOS (Differential Mean Opinion Score) that is reported to present 

similar results ([72],[511]). Differential observer opinion scores are calculated on a per subject 

per processed video sequence basis. The corresponding hidden reference is used to calculate 

DMOS using the following formula where K corresponds to the scale. 

, , , , , ,a s h a s h a s refV V V K     (6.54) 

After the normalization and before the statistical analysis, all the participants in the subjective 

assessment session must be examined in order to determine the consistency of their scores; this 

is, to guarantee that the observer did not vote randomly. This occasionally happens because the 

objective of the assessment was not properly explained or understood. SAMVIQ specifies a 

rejection criterion that verifies the level of consistency of the opinion scores of one observer 

according to the mean opinion score (MOS) of all observers for a given test session ([81]). If the 

relationship between the quality scale and score range of observers is supposed to be linear, then 

SAMVIQ proposes to use Pearson’s correlation (Equation (6.55)) 
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 (6.55) 

where ix  is the mean score of all observers for the triplet (algorithm-bit rate-scene), iy  the 

individual score of one observer for the same triplet, n the product between the number of 

algorithms and the number of scenes, and i corresponds to the index {codec number, bit rate 

number, scene number} ([81]). The hidden reference can be considered as a high quality anchor. 

If the low and high anchors are included, they increase the correlation score, conversely the 

correlation offsets between the observers are decreased ([81]). If the relationship between the 

quality scale and score range of observers is not supposed to be linear than Spearman rank 

correlation should be used as follows: 
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where R(xi or yi) corresponds to the ranking order. Final rejection criteria for discarding an 

observer from a test is defined in Equation (6.57) and Equation (6.58). 

   

   

IF mean r  –  std r   MCT

Rejection threshold  MCT

ELSE Rejection threshold  mean r   std r

   

 

    

 (6.57) 

 IF r Observer    Rejection threshold

THEN observer “i” of the test is not discarded

ELSE observer “i” of the test is discarded

i
   



 (6.58) 

 

 

 

where :

MCT (Max Correlation Threshold) = 0.85

r  min Pearson correlation,  Spearman rank correlation

mean r  is the average of the correlations of all the observers of a test

std r     is the standard deviati



on of all observers '  correlations of a test

 

As SAMVIQ does not specify the use of a normalization process, it was decided to perform the 

Pearson correlation analysis both on raw data and on normalized MOS using equation (6.53). 

The average of all observer’s opinion scores was determined for each PVS and for all PVSs of a 

single HRC, resulting in the mean value of SRCs of each HRC. For each observer, the 

correlation to the mean of all observers was determined for SRC and HRC distributions. 

 

a1 a2 a3 a4 a5 a6 a7 a8 a9 a10 a11 a12 a13 a14 a15 

HRC 0.96 0.93 0.88 0.90 0.87 0.95 0.90 0.92 0.86 0.88 0.86 0.87 0.90 0.91 0.86 

SRC 0.97 0.92 0.95 0.95 0.98 0.96 0.99 1.00 0.97 0.97 0.90 0.99 0.93 0.94 0.96 

Table 6.31 – Pearson Correlation Analyses per Observer (IBBP GOP1) 

 

a1 a2 a3 a4 a5 a6 a7 a8 a9 a10 a11 a12 a13 a14 a15 

HRC 0.96 0.95 0.93 0.94 0.98 0.97 0.95 0.95 0.94 0.97 0.98 0.97 0.95 0.98 0.93 

SRC 0.95 0.92 0.93 0.98 0.98 0.99 0.99 0.99 0.98 0.98 0.93 0.99 0.93 0.94 0.96 

Table 6.32 – Pearson Correlation Analyses per Observer (IPPP GOP1) 

Table 6.31 and Table 6.32 show respectively the correlation between each observer’s individual 

opinion scores and the mean value of all other observers’ opinion scores, both per HRC and per 
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SRC for the first and second sessions. Results for all the observers are above the SAMVIQ 

correlation threshold limit (0.85). No observer’s opinion scores were discarded.  

 

a1 a2 a3 a4 a5 a6 a7 a8 a9 a10 a11 a12 a13 a14 a15 

HRC 0.96 0.92 0.89 0.90 0.87 0.95 0.90 0.92 0.85 0.87 0.85 0.87 0.90 0.91 0.86 

SRC 0.94 0.92 0.96 0.89 0.98 0.98 0.98 0.99 0.92 0.94 0.86 0.99 0.95 0.94 0.97 

Table 6.33 – Pearson Correlation Analysis per Observer (IBBP GOP1, normalised opinion score) 

 

a1 a2 a3 a4 a5 a6 a7 a8 a9 a10 a11 a12 a13 a14 a15 

HRC 0.96 0.95 0.93 0.94 0.98 0.97 0.95 0.95 0.94 0.97 0.98 0.97 0.95 0.98 0.93 

SRC 0.93 0.92 0.91 0.98 0.98 0.99 0.99 0.99 0.96 0.98 0.93 0.97 0.92 0.94 0.97 

Table 6.34 – Pearson Correlation Analysis per Observer (IPPP GOP1, normalised opinion score) 

Normalised opinion score per observer regarding each SRC and HRC are shown in Table 6.33 

and Table 6.34. Comparing Pearson correlation analysis results applied to raw data with results 

applied to normalised opinion score, it is observed that the differences found are rather small, 

with both methods generating similar results. So it was decided to present in this section 

normalised opinion score results and in Annex C, the non-normalised results.  

After discarding the outliers, the next step is to analyse results using the MOS measure. ITU-R 

Rec. BT.500 defines MOS as the mean of the observers’ opinion scores ([71]). The MOS can be 

calculated for each PVS, each HRC or each SRC. The MOS of a PVS, 
shMOS , is the mean of 

the opinion scores attributed by all observers to a particular PVS (corresponding to HRC h and 

SRC s). It can be determined as follows: 

, ,

1

1 N

p sh a s h

a

MOS MOS V
N 

    (6.59) 

where 
, ,a s hV   is the normalised opinion score of an observer a, for a given test condition h 

(HCR=h), and video sequence s (SRC = s) and N is the number of observers. In the same way, 

overall mean opinion scores, sMOS  and hMOS , are computed for each test video sequence and 

for each test condition. The sMOS  shows the mean quality of each source video, while the 

hMOS  is important to assess the mean quality perceived in each variation applied to the video 

sources. SAMVIQ specifies that all mean opinion scores should have an associated confidence 

interval (CI). In the case of shMOS , sh  is the associated confidence interval so results should 

be presented as follows: 

 ,sh sh sh shMOS MOS    (6.60) 
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SAMVIQ proposes 95% confidence intervals given by 

0.05
sh

sh

std
t

N
    (6.61) 

where 
0.05t  is the t-value associated for the desired significance level of 95% with N − 1 degrees 

of freedom, and 
shstd  is the standard deviation of each presentation. Table 6.35 and Table 6.36 

present results for all SRC per HRC for both sessions (IPPP GOP1 and IBBP GOP1). MOS 

results per observer for SRC and for HRC are also available in Annex C. Figure 6.16 shows a 

plot of normalised MOS obtained for each of the SRCs of both assessment sessions (IBBP 

GOP1 and IPPP GOP1) and for each of the HRC. Blue bars represent the MOS and the vertical 

blue segments the associated 95% confidence interval. 

 

IBBP GOP1 IPPP GOP1 

HRC µ CI σ CoV µ CI σ CoV 

SRC1 0.888 0.045 0.089 0.100 0.736 0.057 0.114 0.155 

SRC2 0.397 0.096 0.189 0.476 0.325 0.100 0.197 0.606 

SRC3 0.724 0.064 0.127 0.175 0.569 0.072 0.141 0.248 

SRC4 0.812 0.060 0.119 0.147 0.690 0.072 0.142 0.206 

SRC5 0.675 0.083 0.164 0.243 0.278 0.092 0.183 0.658 

SRC6 0.676 0.071 0.140 0.207 0.479 0.097 0.192 0.401 

Table 6.35 – Mean (µ), Confidence Interval at 95% (CI) and Standard Deviation (σ) for 
sMOS  

(IBBP GOP 1 and IPPP GOP1) 

 

IBBP GOP1 IPPP GOP1 

HRC µ CI σ CoV µ CI σ CoV 

HRC1 0.653 0.121 0.239 0.366 0.418 0.135 0.266 0.636 

HRC2 0.748 0.101 0.200 0.267 0.601 0.128 0.252 0.419 

HRC3 0.610 0.115 0.227 0.372 0.423 0.102 0.201 0.475 

HRC4 0.727 0.107 0.212 0.292 0.563 0.088 0.174 0.309 

HRC5 0.649 0.111 0.219 0.337 0.436 0.120 0.238 0.546 

HRC6 0.751 0.093 0.185 0.246 0.617 0.100 0.197 0.319 

HRC7 0.665 0.094 0.186 0.280 0.438 0.116 0.229 0.523 

HRC8 0.771 0.077 0.153 0.198 0.634 0.099 0.195 0.308 

HRC9 0.637 0.105 0.208 0.327 0.407 0.124 0.244 0.600 

HRC10 0.743 0.092 0.182 0.245 0.592 0.094 0.186 0.314 

Table 6.36 – Mean (µ), Confidence Interval at 95% (CI) and Standard Deviation (σ) for hMOS  

(IBBP GOP1 and IPPP GOP1) 
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 a) 
sMOS (IBBP GOP1) b) 

hMOS (IBBP GOP1) 

 
  

 
 

 c) 
sMOS (IPPP GOP1) d) 

hMOS (IPPP GOP1) 

Figure 6.15 – 
sMOS  and 

hMOS  values with 95% CI (IBBP GOP1, IPPP GOP1) 

Analyzing the 
sMOS  results (Table 6.35) it can be seen that the IPPP GOP1 SRCs present 

lower mean scores and higher standard deviation values compared to IBBP GOP1 SRCs. The 

mean picture quality and the mean standard deviation for the PVSs processed using the IBBP 

GOP1 pattern is 0.695 and 0.138 respectively, while for the IPPP GOP1 pattern the values are 

correspondingly 0.513 and 0.162. Furthermore, for IBBP GOP1 the higher the picture quality of 

the SRC, the lower is the value of the standard deviation. This type of relationship is not 

observed for IPPP GOP1. Thus, to allow a better comparison of the “relative variability,” it was 

decided to compute CoV for both cases, IPPP GOP1 and IBBP GOP1. In both cases, the lower 

the mean picture quality of the SRC, the higher is the CoV. Best results regarding picture 

quality are obtained with sequences of lower complexity, such as Akiyo (SRC1). On the other 

extreme, the worst results are observed in more spatio-temporally complex sequences such as 

Football (SRC2) or MCL (SRC5). This can be interpreted as a difficulty of the observers to 

assess the picture quality of the SRCs with inferior picture quality or a stronger disagreement of 

opinions among observers when picture quality decreases. These SRCs present higher spatio-

temporal complex characteristics. 
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Analyzing the 
hMOS  results (Table 6.36) corresponds to examine the different joint coding 

strategies (Table 6.28). Results show, in both GOP patterns, that the mean values of standard 

deviation and CoV are lower for video sequences encoded at 512kbps than for video sequences 

encoded at 256kbps. Thus, for higher bit rates, observers seem to agree more easily. On average, 

Mux SSIM and MUX PSNR present the best subjective picture quality results. Furthermore, the 

results of subjective image quality of the Mux PSNR algorithm and the Mux SSIM algorithm 

exceed, on average, the values of subjective image quality for the H.264 video encoder, using 

JM rate control, working at constant bit rate, in both the subjective assessment sessions. 

Typically, the Mux Bit algorithm presents, on average, the lowest results of subjective image 

quality, regardless of the GOP pattern or bit rate. 

As for the IBBP GOP1 pattern, the standard deviation decreases when the reference bit rate 

increases for each joint coding algorithm. The Mux SSIM algorithm presents the highest 

average values of subjective quality of image, and the lowest values of standard deviation and 

CI. The joint coding algorithms can be sorted in decreasing order according to the subjective 

image quality scores, when the reference bit rate is 512 kbps, as follows: Mux SSIM, Mux 

PSNR, H.264 JM, Mux PSPNR, and Mux Bit. For 256kbps, the order is as follows: Mux SSIM, 

H.264 JM, Mux PSNR, Mux PSPNR, and Mux Bit. The interval of variation of the average 

values of the subjective image quality scores, regarding the IBBP GOP1 pattern, varies from 

0.727 to 0.771 (512kbps), and from 0.610 to 0.665 (256kbps). 

It can be seen for the IPPP GOP1 pattern that the HRCs have the lower mean scores and scores 

are further from the mean score, when compared with IBBP GOP1 results. Thus, the mean 

standard deviation for the PVSs processed using the IPPP GOP1 pattern is higher. This can be 

understood as a difficulty of the viewers in evaluating the quality of the videos or different 

opinions about them. Otherwise, the HRCs with higher scores (IBBP GOP1) are generally 

closer to the mean. These statements show that viewers have more agreement on the quality 

assessment of video’s sequences when the value of the quality is higher than video sequences 

with lower values of the quality. The Mux SSIM algorithm displays again the highest average 

values of the subjective quality of image, and lower values of the standard deviation and CI 

parameters. The joint coding algorithms can be sorted in decreasing order according to the 

subjective image quality scores, when the reference bit rate is 512 kbps, as follows: Mux SSIM, 

Mux PSNR, H.264 JM, Mux PSPNR, and Mux Bit (the same order as IBBP GOP1). As for 

256kbps, the order is as follows: Mux SSIM, Mux PSNR, Mux Bit, H.264 JM, and Mux PSPNR 

(the order differs from IBBP GOP1). The interval of variation of the average values of the 

subjective image quality scores, regarding the IBBP GOP1 pattern, varies from 0.563 to 0.634 

(512kbps), and from 0.407 to 0.438 (256kbps). 
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Finally, results are analyzed for the different video sources, according to GOP pattern and bit 

rate. The normalised MOS values and their confidence intervals, at 95%, for each SRC, are 

shown in Figure 6.16 (IBBP GOP1) and Figure 6.17 (IPPP GOP1). In each plot, the centre of 

the bars indicates the value of the MOS observation, and the blue line segments represent the 

confidence interval around it. The numerical values of the mean (μ), confidence interval 95% 

(CI) and standard deviation (σ) for PVSs are available in Table 6.37 (IBBP GOP1) and Table 

6.38 (IPPP GOP1).  

In the two testing sessions, each video sequence was encoded with the H.264 JM algorithm 

(HRC1 and HRC2). Thus, it is possible to identify when joint coding algorithms present higher 

score compared to independent coding.  

Regarding IBBP GOP1 (512kbps), three video sources present better subjective scores than 

when video sources are independently encoded: SRC2 (fot), SRC5 (mcl) and SRC6 (sil). In 

detail, SRC5 improves its performance for HRC4 (Mux Bit - 512kbps), HRC6 (Mux PSNR - 

512kbps), HRC8 (Mux SSIM - 512kbps), and HRC10 (Mux PSPNR - 512kbps); SRC2 obtains 

better results for HRC6, HRC8 and HRC10; and SRC6 improves its performance for HRC6 and 

HRC8. As for IBBP GOP1 (256kbps), the results are quite similar regarding the joint coding 

algorithms. The main difference occurs in SRC6. While at 512kbps, scores improve with Mux 

PSNR and Mux SSIM, for 256kbps, scores only improve with Mux PSNR. 

Besides the numeric score given by the observers, the quality scale was also divided into five 

equal intervals with the following adjectives from top to bottom: "Excellent" 100-80, "Good" 

79-60, "Fair" 59-40, "Poor" 39-20 and "Bad" 19-0. 
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Figure 6.16 – Normalised MOS values and 95% CI for SRC Akiyo (a), Football (b), Hall (c), 
Mother and Daughter (d), Mobile and Calendar (e) and Silence (f)  (IBBP GOP1) 

SRC SRC1 (Akiyo) SRC2 (Fot) SRC3 (Hall) SRC4 (MAD) SRC5 (MCL) SRC6 (SIL) 

HRC µ CI σ µ CI σ µ CI σ µ CI σ µ CI σ µ CI σ 

HRC1 0.90 0.04 0.07 0.28 0.10 0.19 0.71 0.06 0.12 0.82 0.04 0.08 0.59 0.09 0.18 0.62 0.06 0.11 

HRC2 0.96 0.02 0.04 0.44 0.08 0.16 0.80 0.05 0.10 0.88 0.03 0.07 0.67 0.08 0.15 0.74 0.05 0.11 

HRC3 0.80 0.04 0.08 0.24 0.09 0.18 0.63 0.06 0.11 0.68 0.05 0.10 0.70 0.11 0.21 0.60 0.08 0.15 

HRC4 0.89 0.04 0.07 0.37 0.09 0.18 0.74 0.06 0.12 0.85 0.05 0.10 0.77 0.09 0.17 0.74 0.07 0.13 

HRC5 0.87 0.05 0.10 0.31 0.09 0.17 0.70 0.05 0.10 0.77 0.07 0.13 0.62 0.07 0.15 0.63 0.07 0.13 

HRC6 0.93 0.03 0.07 0.47 0.08 0.15 0.77 0.05 0.10 0.87 0.04 0.09 0.72 0.07 0.14 0.75 0.06 0.13 

HRC7 0.85 0.05 0.10 0.42 0.07 0.15 0.70 0.07 0.14 0.77 0.07 0.13 0.64 0.07 0.13 0.62 0.06 0.12 

HRC8 0.95 0.02 0.05 0.58 0.07 0.14 0.78 0.05 0.10 0.86 0.04 0.08 0.69 0.06 0.12 0.75 0.05 0.10 

HRC9 0.83 0.05 0.09 0.35 0.08 0.17 0.67 0.08 0.16 0.75 0.07 0.13 0.62 0.09 0.17 0.60 0.07 0.15 

HRC10 0.90 0.03 0.07 0.49 0.08 0.15 0.75 0.07 0.14 0.87 0.06 0.12 0.73 0.08 0.15 0.72 0.07 0.14 

Table 6.37 – Mean (µ), Confidence of Interval at 95% (CI) and Standard Deviation (σ) of all SRCs 
per HRC (IBBP GOP1) 
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Figure 6.17 – Normalised MOS values and 95% CI for SRC Akiyo (a), Football (b), Hall (c), 

Mother and Daughter (d), Mobile and Calendar (e) and Silence (f) (IPPP GOP1) 

SRC SRC1 (Akiyo) SRC2 (Fot) SRC3 (Hall) SRC4 (MAD) SRC5 (MCL) SRC6 (SIL) 

HRC µ CI σ µ CI σ µ CI σ µ CI σ µ CI σ µ CI σ 

HRC1 0.74 0.05 0.10 0.18 0.09 0.17 0.48 0.06 0.12 0.63 0.09 0.18 0.09 0.03 0.07 0.39 0.07 0.14 

HRC2 0.83 0.04 0.07 0.42 0.07 0.14 0.72 0.06 0.11 0.81 0.07 0.13 0.24 0.08 0.17 0.57 0.08 0.17 

HRC3 0.67 0.05 0.09 0.16 0.08 0.15 0.45 0.05 0.10 0.56 0.07 0.14 0.35 0.05 0.11 0.35 0.06 0.13 

HRC4 0.72 0.05 0.09 0.38 0.06 0.12 0.59 0.04 0.09 0.72 0.06 0.11 0.49 0.08 0.15 0.48 0.08 0.16 

HRC5 0.70 0.06 0.12 0.21 0.08 0.16 0.51 0.05 0.09 0.64 0.07 0.14 0.18 0.06 0.13 0.38 0.08 0.15 

HRC6 0.79 0.06 0.12 0.52 0.07 0.14 0.68 0.05 0.09 0.77 0.05 0.09 0.36 0.08 0.15 0.58 0.08 0.17 

HRC7 0.69 0.06 0.12 0.24 0.06 0.13 0.47 0.06 0.12 0.65 0.06 0.11 0.17 0.06 0.12 0.42 0.08 0.15 

HRC8 0.80 0.05 0.10 0.55 0.06 0.11 0.67 0.06 0.11 0.76 0.05 0.09 0.37 0.08 0.17 0.65 0.10 0.20 

HRC9 0.68 0.06 0.11 0.17 0.07 0.14 0.48 0.06 0.11 0.63 0.06 0.12 0.13 0.05 0.10 0.35 0.09 0.17 

HRC10 0.75 0.05 0.10 0.41 0.07 0.14 0.63 0.05 0.09 0.73 0.05 0.10 0.41 0.08 0.15 0.62 0.08 0.16 

Table 6.38 – Mean (µ), Confidence Interval at 95% (CI) and Standard Deviation (σ) of all SRCs per 

HRC (IPPP GOP1) 
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If one considers the grading system based on the five-point scale, then, for IBBP GOP1, two 

sequences maintain the "quality category" regardless of the reference bit rate: SRC1 (Akiyo) 

with "Excellent," and SRC6 (sil) with "Good." Analyzing SRC2 (fot), regarding 512kbps, 

HRC4 ("Mux. Bit - 512kbps") the scores are "Poor" and the remaining HRCs scores are "Fair" 

(HRC2, HRC6, HRC8, and HRC10). As for 256kbps results (SRC2), the scores of HRC7 ("Mux 

SSIM - 256kbps") are "Fair" and the rest of the HRCs scores (HRC1, HRC3, HRC5, and HRC9) 

are "Poor”. Regarding SRC3, all results are "Good", for 256kbps and 512kbps, with the 

exception of HRC2 (H.264 JM - 512kbps) that is "Excellent”. For the last two SRCs, SRC4 and 

SRC5, at 512kbps, the score is equal for all HRCs, and respectively "Excellent” and "Good”. As 

for SRC4 and SRC5 scores at 256kbps, almost all HRCs show a "Good" score. The exception is 

HRC1 whose score is "Excellent" for SRC4, and "Fair" for SRC5. Using the five-point scale, it 

can be seen the effect of joint coding to obtain a higher degree of uniformization of the image 

quality of the video sequences. 

Finally, let us analyse the results of the various SRCs for the IBBP GOP1 test session. The 

interval of variation of the scores, for the distinct PVSs, grouped by SRC, differs quite a lot. 

This range is smaller when encoding video sequences with a lower spatio-temporal complexity. 

As an example, this result was observed in the Akiyo and Mad sequences. As for the video 

sequences with higher spatio-temporal complexity characteristics, the range of deviation is 

much higher (for example, Mcl or Fot video sequences). The degree of differences is bigger 

between HRC associated with 256kbps than with HRC that are associated with 512kbps. As for 

the sequences, the Akiyo sequence presents the scores nearest its mean value, and the Fot 

sequence presents scores more distant from its mean value. 

For the test session IPPP GOP1, five video sources have better subjective scores compared with 

the independent coding: SRC2 (HRC5, HRC6, HRC7, HRC8), SRC3 (HRC5), SRC4 (HRC5, 

HRC7), SRC5 (HRC3 to HRC10) and SRC6 (HRC6, HRC7, HRC8, HRC10). Comparing the 

scores of HRCs, in the two test sessions, in both cases, best results were obtained for Mux 

PSNR and for Mux SSIM. The number of SRC that has improved is slightly higher in the test 

session IPPP GOP1: HRC5 (Mux PSNR - 256kbps) and HRC7 (Mux SSIM - 256kbps). 

Using the five-point scale, for IPPP GOP1, no sequence displays the same "quality category" for 

all the HRCs. The results of the different video sources can be analyzed by grouping the HRC 

according to the value of the reference bit rate. For 256kbps, it can be seen that two SRCs kept 

the same evaluation for the five HRCs (HRC1, HRC3, HRC5, HRC7, and HRC9): SRC1 

("Good"), and SRC3 ("Fair"). For 256kbps, SRC4 and SRC5, most of the HRCs have the same 

category: "Good" and "Bad" respectively. The exception is HRC3 (Mux Bit) whose results are 

balanced: SRC4 ("Fair") and SRC5 ("Poor"). Finally, in the 256kbps analysis, SRC2 and SRC6 
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are generally classified as "Bad" and "Poor.” Exceptions to this classification are HRC5 (SRC2 

“Poor") and HRC7 (SRC2 "Poor" and SRC6 "Fair"). 

Regarding the results of the test session "IPPP GOP1," for 512 kbps, they differ greatly from the 

results observed so far. The scores of independent coding (HRC2) are quite diverse: SRC1 and 

SRC4 are "Excellent," SRC3 is classified as "Good," SRC2 and SRC6 are classified as "Fair" 

and SRC5 as "Poor." Comparing HRC4 (Mux Bit) with HRC2, it is found that it presents the 

highest number of changes in the classification: four SRC have their classification decreased by 

one level (SRC1, SRC2, SRC3, and SRC4), and SRC5 increases its classification one level, 

from "Poor" to "Fair." These results confirm the observations made during the analysis of 

objective results regarding Mux Bit. The best results are presented in HRC8 (Mux SSIM) and 

HRC10 (Mux PSPNR). As for the results of HRC8, SRC6 increases its classification from 

"Fair" to "Good," four SRCs maintain the classification value (SRC1, SRC2, SRC3, SRC5) and 

SRC4 lowers its rating from "Excellent" to "Good." As for the results of HRC10, two SRCs 

increase their classification one level (SRC5 from "Poor" to "Fair," and SRC6 from "Fair" to 

"Good"), two SRCs maintain their classification (SRC2, and SRC3), and two SRCs decrease 

their classification one level (SRC1 and SRC4, from "Excellent" to "Good"). Finally, regarding 

the results of HRC6, four SRCs maintain their classification (SRC2, SRC3, SRC5, and SRC6), 

and two SRCs decrease their classification one level (SRC1 and SRC4, from "Excellent" to 

"Good"). 

Finally, the dispersion of the scores is greater during the test session IPPP GOP1 compared with 

the test session IBBP GOP1. In each of the test sessions, the dispersion of the scores varied 

according to the characteristics of video sequence and the value of the bit rate reference. The 

scores tend to be more deviated from the mean, in PVSs with the reference bit rate of 256kbps. 

Analyzing the dispersion in each sequence, there is a higher concentration of scores in the 

sequences Akiyo, Hall or MAD, and a higher dispersion in the sequences Mcl and Fot. This 

information shows that observers have more agreement on the quality assessment of video 

sequences with lower spatio-temporal complexity than on videos with higher spatio-temporal 

complexity. 

6.5  Two-pass Video Coding incorporating Perceptual Metrics 

For non-real time applications, such as digital storage applications, it can be desirable to achieve 

better visual quality by allowing larger bit rate variation in adjacent frames, at the cost of higher 

computational complexity. One solution is to implement a multi-pass strategy. The fundamental 

principle of this approach is in the first pass to encode the whole or part of the sequence using a 

fixed quantisation parameter or to encode at CBR. In this first passage, the encoder generates 
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data about the encoding statistics such as the coding complexity of the frames. Next, a coding 

model incorporating the collected coding statistcs of the first passage is built. This model is used 

to determine the quantisation parameters in the second passage in order to improve the picture 

quality of the video bitstream. In this section, a proposal for a two-pass algorithm will be 

presented that could be further developed in future research. 

Teixeira et al. introduced a two-step MPEG-2 video system taking variance as the scene 

complexity measure ([462],[463]). Westerink et al. ([461]) introduced a two-pass rate control 

algorithm using the quantisation scale, spatial activity and temporal activity of each frame to 

build an R-Q model. Yu et al. ([466]), proposed to compute for each frame the R-Q function for 

all possible quantisation parameters. Analyzing results from first-pass, three optimal 

quantisation factors for the three different picture types are determined based on the MPEG2 

TM5 rate control model. Then, for each frame, the quantisation parameter is tuned based on the 

R-Q function. As all quantisation parameters for encoding the second pass are previously 

determined, the encoder cannot make an adjustment according to the actual consumption of bits 

in the second encoding pass. Thus, a large gap between the bit rate and bit rate target may occur. 

The Lie et al. ([512]) method is based on analyzing window segments of the video sequence. 

The analysis of the first-pass statistics is performed so that models of Rate versus Lagrange’s 

multiplier and Distortion versus Lagrange multiplier are built. These models are used to adjust 

the quantisation parameter for each macroblock. Given that the two-pass encoding is based on 

limited window segment, there is partial knowledge of the future video frame’s characteristics. 

Thus, it is impossible to accurately distribute the bit rate according to the characteristic of the 

complete video sequence. Kwon et al. ([513]) propose a GOP-level based two-pass rate control 

algorithm. Results show a higher coding efficiency and smoother video quality compared to JM 

H.264/AVC CBR rate control. Again, constant quality video coding is not achieved for the 

complete video sequence. Que et al. [514] propose a method to extract statistics in the first-pass, 

such as intra-mb distribution information, to detect scene cuts and allow performing GOPs 

regrouping. This method employs "global complexity measure" and PSNR information in the 

bit rate allocation. Although it is targeting global optimization, the complexity metric is still 

based on the old TM5 definition and the traditional PSNR. Furthermore, he proposes a method 

without a mechanism to examine, in the second-pass encoding, the bit control status and uses 

the preset quantisation parameter for each frame. Huang et al. propose in ([515]) an approach to 

extract and perform a statistical analysis of the integer transform coefficients, obtained in the 

first-pass. With this information, a R-D model is built so that quantisation parameters can be 

optimized for all the frames. The aim is to enhance the consistency of video quality during the 

entire video sequence. Still, this approach experiences high bit rate variance because it employs 
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an R-D model obtained in the first passage to compute the quantisation parameters in the second 

passage without taking care in the second pass of the bit rate dynamics. Consequently, each 

frame will spread the bit rate divergence as no control mechanism exists to verify the actual 

status of the second-pass encoding buffer. 

All the above proposals are based on traditional image quality metrics. The incorporation of 

perceptual metrics in a two-pass or multi-pass strategy improves the perceptually uniform 

distortion within an image, allowing the smoothing of temporal fluctuations in image quality 

and to enhance the image quality among video programmes. In this section, a proposal will be 

presented that benefits from work describe in this thesis and that could improve overall 

perceptual image quality results. The algorithm allows the quantisation parameter to be varied 

locally based on the subjective quality criterion. The cost of image coding is distributed 

according to a subjective criterion making it possible to allocate more bits to the areas most 

sensitive to coding errors from the perspective of the viewer. 

1st Video Encoder

2nd Video Encoder

Analysis

Delay

Processing

 

Figure 6.18 – Block Diagram for Two-pass Video Coding 

The original image is sent simultaneously to a Delay Block, the entry of a first video encoder, 

and the entry of a processing block (Figure 6.18). The first video encoder sends a local decoded 

image to the processing block, and data relating to the performed compression to an analysis 

block. The output of the analysis block and the processing block are connected with the second 

video encoder. The first video encoder compresses the source image using a fixed quantiser. 

The output of the first video encoder provides a local decoded image. The processing block 

compares the source image with the degraded image results from the first-pass. The processing 

block provides the second video encoder with a visual distortion sensitivity gray image, where 

the intensity of the each pixel is proportional to the visibility of the error in the original image. 

The second video encoder also receives the information generated from the analysis block. The 

delay block allows controlling when an original image is sent to the second video encoder. The 

delay time is a function of the number of images that need to be analysed before the second 

video encoder starts working. The second video encoder, therefore, encodes these delayed 

images as a function of the information generated from the analysis block and the processing 

block. Thus, the second video encoder can efficiently allocate bits to address different demands 

such as to allocate bits to encode the motion information or to encode the texture information. 
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Rate control needs to decide how to allocate available bits such that one parameter may benefit 

at the cost of another parameter. For example, to allocate more bits to provide accurate motion 

information versus allocating more bits to provide texture information. With information about 

which areas in the current frame are particularly important, or worth more bits, the encoder can 

allocate of the available bits more efficiently.  

The goal of the rate control algorithm is to modulate the quantisation parameter according to a 

subjective quality criterion. For a given bit rate, the overall quality of the image should be 

improved, by degrading areas where viewers are less sensitive to the quality of the image and by 

improving the areas where the viewers are more sensitive to image quality. A psycho-visual 

model gives subjective quality criterion. Typically, this type of model carries out a subjective 

evaluation on a degraded image in relation to a reference image, typically the source image, and 

determines the position of the most sensitive areas to errors. The degraded image is usually a 

local decoded image obtained during the first encoding pass. After obtaining the two images, the 

degraded and the reference image, one possible psycho-visual model is a JND type, mapping the 

error into a subjective perception map with values representing the level of perception of the 

error by the human eye. The subjective perception map can be determined on a macroblock 

basis as follows: 
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where Nlines is the number of lines of the macroblock, Ncol is the number of pixels per line, k 

and j respectively represent the column number and the line number of the macroblock MB(k,j) 

in the image i. A similar JND Map has been presented in Figure 2.19. A mean value of the JND 

over the image i, iJND , is determined to measure the overall image quality after quantisation: 
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where MB is the number of macroblocks per slice, and SI is the number of slices in an image. 

To determine the scene changes of the complete sequence it is enough just to compute the JND 

difference map as follows: 
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To detect scene cuts we only need to compare 
iJND with the mean value of the differences of 

all coded images 
JND

  as follows: 

iJND JND
     (6.65) 

where   is a constant (typical value should be above 3.0). As scene changes are relevant for 

images of type P and B, evaluating this type of image is enough. Next, the average value of the 

JND  over a group of images is determined. The number of images, D, is an input parameter 

and associated with the delay block. 
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  (6.66) 

If the purpose is to increase the uniformity of image quality during the entire video sequence, 

then D should be equal to the number of frames in the video sequence. In a near real time 

scenario, D can be set to the number of image in a GOP, to avoid frequent changes in the 

quantisation parameter. After having calculated the value of 
DJND , a comparison is made by 

determining the ratio between the JND of each macroblock in the image with the mean value of 

JND for the D images.  

( , )MB

D

JND k j

JND
    (6.67) 

If the value MBJND  of the macroblock (k,j) is near to the value JND , then it is not necessary 

to perform an adjustment. If the value MBJND  is bigger than the average value of JND then 

viewers will be more sensitive to coding error in this area, and the value of the quantification 

parameter should be lowered. Otherwise, if MBJND  is lower than 
DJND , then the viewer will 

be less sensitive to coding errors in this area and thus we may increase the quantisation 

parameter. 

The last step is to bind the coefficient α between the lower and upper bound limits, min  and 

max , to avoid big changes of the quantisation parameter. In fact, great changes can cause 

instability in the rate control algorithm. Thus, the quantisation parameter should be adjusted as 

follows: 

min maxmax( ,min( , ))
MB

Q
Q

  
   (6.68) 
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where 
MBQ  is the adjusted quantisation parameter to the macroblock MB taking in 

consideration the perceptual weighting criterion and Q is the initial quantisation parameter that 

was calculated by the rate control algorithm.  

When the goal is to increase the uniformity of the image quality during the entire video 

sequence then, for each GOP, an adjustment in the GOP-level bit allocation step is proposed 

regarding Equation (4.60). After encoding the jth picture in the ith GOP, the total bits for the 

remaining pictures in the ith GOP can be computed as follows 
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where f is the predefined coding frame rate. Ni is the total number of pictures in the ith GOP. 

Ri(j) and Vi(j) are the instant available bit rate and the occupancy of the virtual buffer, 

respectively, when the jth picture in the ith GOP is coded, and bi(j-1) is the actual generated bits 

in the (j-1) th picture ([339]). GOP

iJND  is the average value of JND for the ith GOP.  

This is just a proposal for future research. This proposal considerably avoids alterations of the 

quantisation parameter, and at the same time it promotes the increase of subjective quality in the 

sensitive areas. The integration of this proposal in the different joint coding systems that were 

presented in this Chapter could additionally enhance the video quality within each video 

sequence. 

6.6 Summary 

In this Chapter, the concepts of statistical multiplexing and joint video encoding were 

introduced. In joint video encoding systems, a common bit budget is divided between video 

programmes according to a criterion by a joint rate controller. The principal difficulty of these 

systems is how to share the bandwidth between the video programmes that use the same channel 

bandwidth. Numerous solutions have been presented in the literature and are described in 

section 6.2. A popular approach is to use a look-ahead scheme to collect statistics about the 

coding complexity of the video programmes. After, when the coding process starts, bandwidth 

is allocated based on the statistics obtained in the first step. These systems use a look-ahead 

window, and thus the system delay is increased. Another current alternative, based on a RD 

model, is to model the video encoder performance and the coding complexity. Then, based on 

the RD models bandwidth is shared. A linear model or an exponential RD model have been 
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used. Typically, MSE or PSNR is used to assess distortion / picture quality. As no standard 

methodology exists, simulation's settings differ quite a lot (video spatial and temporal 

resolution, GOP structure, motion parameters, etc). Thus, it is difficult to compare results.  

Based on the bit rate modelling of previous Chapter, rate-quantisation functions are exploited 

for allocating bandwidth between the different programmes and to estimate quantisation 

parameters. A look-ahead process is used with a window of size one GOP. Distortion is 

measured using perceptual metrics and frames coded with I-slices, P-slices and B-slices pictures 

are modelled using perceptual metrics. In general, in the literature, simulation results are 

presented with only Intra and Predicted slices. In the present work, GOP structures using B-

slices were also used. Based on results regarding the best ways to model D-QP, R-QP and R-D 

using perceptual metrics, a joint encoding scheme is proposed. The goal is to obtain uniform 

picture quality. It should be noted that the process is more complex than a normal CBR channel 

with CBR video programmes being sent or a joint video encoding system using SAD as SSIM 

requires more calculations. A full integration of SSIM in the video encoder could improve the 

video encoder coding performance. In recent years, several proposals have been made to replace 

SAD by SSIM in RDO process in the motion estimation and mode decision process (Chapter 5). 

A full SSIM video encoder implies a higher complexity as the number of operations to compute 

SSIM are higher than to compute SAD (Table 6.39). For example, SSIM needs more than 5 

times more operations than SAD to perform motion estimation on a 8×8 block. 

Operation SAD SSIM 

Add 2×N² - 1 7 ×N² + 3 

Multiply 0 3 ×N² + 17 

Total operations per block 2×N² - 1 10 ×N² + 20 

Table 6.39 – Numbers of Operations of SAD and SSIM for Motion Block Size (N×N) 

The performance of the proposed algorithm was evaluated through simulations over 2, 3 and 6 

video programmes. From video quality perspective, the proposed scheme has been compared 

with independent video rate control (more constant quality than independent rate control over 

the programmes and in some cases a higher average picture quality value). Figure 6.19 and 

Figure 6.20 illustrate the gain in perceptual image quality when three sources are jointly 

encoded, and SSIM is used in the joint encoding process. Improvement in image quality is clear 

for the Football sequence while Akiyo suffers a small decrease in picture quality.  
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Figure 6.19 – Akiyo (frame 35), AAC, 256 kbps (from left to right - independent coding, joint 
coding SSIM) 

  

Figure 6.20 – Football (frame 35), AAC, 256 kbps (from left to right - independent coding, joint 

coding SSIM) 

Generally, a uniform distribution of distortion in the different video sequences was obtained. 

Overall results of image quality differed when measured by PSNR or SSIM. Thus, tests were 

carried out, using the SAMVIQ method to assess subjective image quality. Again, results 

confirm that joint coding methodology based on perceptual metrics can obtain a higher degree 

of uniform image quality among encoded video sequences, and that the mean perceived quality 

improves. Finally, a proposal is made, in terms of future research, for a two-pass rate control 

algorithm. In the first-pass, a JND psycho-visual model is used to represent the error as a 

subjective perception map and thus assess scene complexity. In the second-pass the quantisation 

parameter is modulated according to the subjective quality criterion. The integration of this 

proposal is on-going. 
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Chapter 7. Conclusions 

 

The main goal of this dissertation was the development of novel techniques that allow to 

incorporate perceptual picture quality metrics into joint video encoding systems. In order to 

achieve this goal the work described in this thesis focused on the development of techniques in 

two areas: RD modeling using perceptual picture quality metrics (Chapter 5) and joint video 

encoding techniques (Chapter 6).  

In Chapter 2, an introduction to digital video quality was provided. There are two distinct 

classes of methods available to perform video quality assessment ([67],[68]): subjective and 

objective measurement's methods. A summary of the different methods to classify objective 

quality metrics was presented giving particular emphasis to their main characteristics. Objective 

video quality metrics can be categorised in three classes: Full Reference (FR), Reduced 

Reference (RR) and No Reference (NR) ([108],[130],[131],[211],[212]). In this work, the 

objective metrics used are Full Reference only. It was found that FR methods outperform RR 

and NR methods. However, it is hard to have full access to the source programme all time. The 

field of NR image quality metrics still remains largely unexplored to date and has received 

increasing attention ([516],[517]). A very recent NR metric, based on the concept of structural 

activity (SA) together with a model of SA indicator in a new framework for NR image quality 

assessment have been recently proposed ([516]). According to the authors, there are still a 

number of topics that need further research such as how to incorporate the appropriate HVS 

properties at acceptable complexity or the development of other effective implementations of 

SA indicator or hybrid quality measures to extend the scope to more distortion types and 

multiple distortions. Although NR models could solve this problem, more research of NR 

methods is still required to reach the same level of prediction accuracy as the FR and RR 

methods ([212]). Traditional FR metrics, such as MSE and PSNR, are a simple and fast way to 

predict video quality. Besides PSNR, two FR approaches for quality assessment, based on JND 

and on structural similarity (SSIM), were presented and discussed regarding their concept, 

implementation and meaning. In contrast with traditional metrics, they used mechanisms to 

incorporate HVS or the perceptual effects of video degradation. As a result, they allow a more 

refined prediction of the level of degradation that a signal can suffer until a human observer 

notice it ([212]).  
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The Chapter 3 provided a brief introduction to some of the most well-known international video 

coding standards (MPEG-1 [221], MPEG-2 [2], MPEG-4 [227], and H.264/AVC [6]). Special 

attention is devoted to H.264/AVC that adopts many new video coding tools such as intra 

prediction, integer transform, enhance inter prediction, context-based entropy coding, and 

deblocking filter. These new technical developments mean that H.264/AVC achieves a key 

breakthrough on Rate-Distortion performance. In this work, H.264/AVC is the platform where 

the proposed techniques will be integrated. Video coding standards have their own 

recommendation on rate control as an informative part based on the work developed during the 

development phase. The H.264/AVC JM describes a rate control algorithm that employs a rate-

distortion (RD) optimisation technique and is compliant to the H.264/AVC standard HRD.  

Recent video standards such as MPEGx or H.26x standards aim to facilitate interoperability and 

data exchange among different products or services ([2],[6],[214],[215],[221]). In order to 

achieve these goals, they specify the requirements imposed on the complete bitstream syntax 

and decoders. The standardisation of the decoders enabled independent implementations, from 

different software and hardware manufacturers, and ensured that those implementations will be 

interoperable. Video standards do not normally define how to perform rate control. 

Nevertheless, during its development process, algorithms were verified through tests, 

simulations, and verification models. To allow testing and to perform simulations using a 

common set of encoder routines, both MPEGx and H.26x set up a sequence of test models as an 

informative tool (non-normative tool). Each test model normally suggests a rate control method 

during its development phase, e.g. TM5 for MPEG-2 ([19]), TMN8 for H.263 ([20]), and VM8 

for MPEG-4 ([308]), etc. An improved rate control method based on VM8, supporting rate 

distortion optimisation (RDO), has been adopted by H.264/AVC JM test model ([169],[170]). 

The Chapter 4 focused in this rate control algorithms.These rate control algorithms do not aim 

to deliver an optimal solution. The adopted rate control algorithms are competitive in R-D 

performance, with acceptable computational complexities, and are flexible in terms of 

adaptation capacities regarding different video sources. Thus, it is valuable to review rate 

control algorithms as they incorporate the progresses obtained in recently developed rate control 

techniques. Moreover, the level of performance obtainable by these methods serves as a point of 

comparison for future research and the development of rate control methods. In general, a rate 

control algorithm has two steps: resources allocation and computing of the quantisation 

parameter. The first step can be performed among different video objects (the rate control of 

multiple video objects), different frames (the rate control of single sequence) or different 

sequences (the rate control of joint sequences, which is the focus of the present work). In the 
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second step, the coding mode is selected and the quantisation parameter computed, usually 

based on a R-D (Rate-Distortion) model and RDO (Rate Distortion Optimization) process.  

In Chapter 5, previous research conducted in the field of Rate Control optimization was 

examined, particularly R-D modeling and the developing of R-D functions for the rate control 

of joint video sequences using perceptual quality metrics. Extensive experiments on a large 

number of video sequences were performed, their statistics studied and a Rate-Quantization (R-

Q) model and Distortion-Quantization (D-Q) model derived for modeling the R-D relation in 

H.264/AVC. Rate-distortion (R-D) based methods are often implemented to enhance and 

stabilize video quality. The MSE and PSNR are the most used video quality metrics, given their 

little computational complexity, regardless of their limitations. In our experiences, the image 

quality metrics was extended to include SSIM and PSPNR as MSE and PSNR do not correlate 

well with perceived quality. Experimental results show that quadratic function is a good solution 

to model R-D using SSIM or PSPNR. Simulations were performed for different GOP Patterns, 

video test sequences, and coding setup.  

In Chapter 6, novel joint video encoding schemes based on perceptual RD models are 

introduced. The key idea behind joint video encoding is to allocate bits to every programme 

according to their time-varying content complexity. The impact on picture quality has been 

measured by three different criteria: PSNR, PSPNR and SSIM. This differs from traditional 

analysis where the visually impact of the encoded test video sequences is frequently measured 

only by PSNR or MSE metrics. Four joint coding algorithms have been implemented and 

assessed. In two of the propose algorithms, it was integrated perceptual metrics (SSIM and 

PSPNR). Results show that by transferring bits between streams with less coding complexity 

into video programmes with high coding complexity that the maximum level of distortion can 

be decreased, more homogeneous video quality sequences can be obtained. Reallocation of bits 

is obtained without compromising the overall quality of video programmes. This proposal can 

be easily being extended to support encoded video stream with different frame rates, spatial 

resolutions, or other's formats.  

As video programmes are in the end to be view by human beings, the most consistent way of 

assessing the quality of video is a subjective evaluation. This assessment technique is can be 

rather complex, time consuming, uncertain (when a subjective test session is design for the first 

time, frequently results cannot be exploited due to errors in the test design) and costly (because 

of the human resources involved) task. However, we felt that it was rather important to correlate 

the obtained results with a subjective metrics and human evaluation system. ITU-R Rec. 500 

[70] identifies the need to translate the quality adjectives into the language of the country where 

each subjective test session is performed (Excellent, Good, Fair, Poor, Bad). Nevertheless, 
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according to ITU-R, it is also accepted that the translation to different languages presents a 

small bias due to the diverse connotation that each language gives to the translated terms. 

Results from subjective test sessions validate objective results of Mux SSIM and Mux PSNR 

results. In summary, the main contributions of this thesis are as follows: Modelling of R-D of 

H.264/AVC using perceptual metrics to assess the distortion; development of joint source 

coding algorithms for controlling a statistical multiplexing process of different streams into a 

fixed bandwidth channel that incorporate perceptual information; and study how joint coding 

results correlate with subjective quality assessment. 

Current work involves the integration of the presented full two-pass algorithm with a 

H.264/AVC SSIM-RDO encoder. To limited the expected complexity, fast SSIM 

implementations and early termination techniques are being evaluated to reduce complexity and 

simulations time. 
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A.1 Frame Size and Picture Quality (SNR) versus QP 

 
a) 

 
b) 

 
c) 

 
d) 

Figure A.1 – Bits and SNR for H.264 Akiyo video stream encoded with fixed QP and with different 
GOP Patterns: IBBP GOP1 (a), IBBP GOP2 (b), IPPP GOP1 (c), and IPPP GOP2 (d) 
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a) 

 
b) 

 
c) 

 
d) 

Figure A.2 – Bits and SNR for H.264 Foreman video stream encoded with fixed QP and with 
different GOP Patterns: IBBP GOP1 (a), IBBP GOP2 (b), IPPP GOP1 (c), and IPPP GOP2 (d) 
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a) 

 
b) 

 
c) 

 
d) 

Figure A.3 – Bits and SNR for H.264 Football video stream encoded with fixed QP and with 
different GOP Patterns: IBBP GOP1 (a), IBBP GOP2 (b), IPPP GOP1 (c), and IPPP GOP2 (d) 
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A.2 Picture Quality Metrics (PSNR, PSPNR, SAD JND and SSIM) as a function of 
Quantisation 

 

 
 a) b) 

 
 c) d) 

Figure A.4 – Picture quality metrics (PSNR, PSPNR, SAD JND and SSIM) as a function of 

quantisation for video H.264 video sequence Foreman with different GOP structures: IPPP GOP1 

(a), IPPP GOP2 (b), IBBP GOP1 (c), and IBBP GOP2 (d) 
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 a) b) 

 
 c) d) 

Figure A.5 – Picture quality metrics (PSNR, PSPNR, SAD JND and SSIM) as a function of 

quantisation for video H.264 video sequence Football with different GOP structures: IPPP GOP1 

(a), IPPP GOP2 (b), IBBP GOP1 (c), and IBBP GOP2 (d) 
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 a) b) 

 
 c) d) 

Figure A.6 – Picture quality metrics (PSNR, PSPNR, SAD JND and SSIM) as a function of 

quantisation for video H.264 video sequence CoastGuard with different GOP structures: IPPP 

GOP1 (a), IPPP GOP2 (b), IBBP GOP1 (c), and IBBP GOP2 (d) 
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 a) b) 

 c) d) 

Figure A.7 – Picture quality metrics (PSNR, PSPNR, SAD JND and SSIM) as a function of 

quantisation for video H.264 video sequence Deadline with different GOP structures: IPPP GOP1 

(a), IPPP GOP2 (b), IBBP GOP1 (c), and IBBP GOP2 (d) 
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 a) b) 

 c) d) 

Figure A.8 – Picture quality metrics (PSNR, PSPNR, SAD JND and SSIM) as a function of 

quantisation for video H.264 video sequence Flower Garden with different GOP structures: IPPP 

GOP1 (a), IPPP GOP2 (b), IBBP GOP1 (c), and IBBP GOP2 (d) 
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 a) b) 

 c) d) 

Figure A.9 – Picture quality metrics (PSNR, PSPNR, SAD JND and SSIM) as a function of 

quantisation for video H.264 video sequence Hall with different GOP structures: IPPP GOP1 (a), 

IPPP GOP2 (b), IBBP GOP1 (c), and IBBP GOP2 (d) 
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Figure A.10 – Picture quality metrics (PSNR, PSPNR, SAD JND and SSIM) as a function of 

quantisation for video H.264 video sequence Mother and Daughter with different GOP structures: 

IPPP GOP1 (a), IPPP GOP2 (b), IBBP GOP1 (c), and IBBP GOP2 (d) 
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Figure A.11 – Picture quality metrics (PSNR, PSPNR, SAD JND and SSIM) as a function of 

quantisation for video H.264 video sequence Mobile and Calendar with different GOP structures: 

IPPP GOP1 (a), IPPP GOP2 (b), IBBP GOP1 (c), and IBBP GOP2 (d) 
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Figure A.12 – Picture quality metrics (PSNR, PSPNR, SAD JND and SSIM) as a function of 

quantisation for video H.264 video sequence News with different GOP structures: IPPP GOP1 (a), 

IPPP GOP2 (b), IBBP GOP1 (c), and IBBP GOP2 (d) 

  



Annex A. Picture Quality Metrics as a function of Quantisation 289 

 

 

 

 
 

 

 a) b) 
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Figure A.13 – Picture quality metrics (PSNR, PSPNR, SAD JND and SSIM) as a function of 

quantisation for video H.264 video sequence Paris with different GOP structures: IPPP GOP1 (a), 

IPPP GOP2 (b), IBBP GOP1 (c), and IBBP GOP2 (d) 
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Figure A.14 – Picture quality metrics (PSNR, PSPNR, SAD JND and SSIM) as a function of 

quantisation for video H.264 video sequence Silence with different GOP structures: IPPP GOP1 (a), 

IPPP GOP2 (b), IBBP GOP1 (c), and IBBP GOP2 (d)
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B.1 Rate-QP and PSNR-QP Curve Fitting Tables (PSNR) 

 

Sequence Fit Method Rate – QP PSNR - QP 

I Type P Type I Type P Type 

AKI Linear fit 316138390 8142380519 3.8 11.2 

Quadratic fit 23581411 188549137 1.1 3.1 

Exponential fit 35306889 103151127 28.8 87.8 

Logarithmic fit 192484905 3559204542 72.0 218.2 

Power Regression 46364825 2189559228 149.3 456.2 

LNP fit 609908216 36133794248 3167.0 9652.9 

CGD Linear fit 26008897898 112462062075 43.2 119.2 

Quadratic fit 585359589 1896756313 1.3 2.7 

Exponential fit 8043865683 27720522656 5.0 12.0 

Logarithmic fit 15757840576 59020728044 3.9 9.2 

Power Regression 29400473278 113810263889 36.8 110.4 

LNP fit 35294250611 338070552302 2924.1 8726.8 

DEA Linear fit 1771679472 34412261174 2.2 8.1 

Quadratic fit 75884267 318443433 1.1 2.4 

Exponential fit 105112426 5453291471 20.1 57.0 

Logarithmic fit 1006745465 12792358396 48.9 139.6 

Power Regression 613168514 30541753756 153.6 460.0 

LNP fit 4375087816 225292411418 3883.0 11927.7 

FLG Linear fit 40686289539 147408210693 32.7 78.1 

Quadratic fit 832587842 2837470712 2.7 6.3 

Exponential fit 14523704076 77813397217 6.1 28.6 

Logarithmic fit 24409027591 69865661346 15.9 62.5 

Power Regression 48078626034 251822397776 117.3 414.4 

LNP fit 64792014449 953870789507 4374.2 13753.0 

FOR Linear fit 6219640621 57111540802 13.0 42.9 

Quadratic fit 466558379 2162484746 1.3 3.6 

Exponential fit 575823717 9933072106 12.4 33.7 

Logarithmic fit 4213737991 30019379112 33.0 91.7 

Power Regression 564203111 34053053450 85.2 246.1 

LNP fit 4861392720 172626139988 2772.2 8408.7 

FOT Linear fit 19542599661 95609567725 26.3 98.2 

Quadratic fit 590433976 1852386625 1.5 5.2 

Exponential fit 873581083 6996706647 8.2 27.8 

Logarithmic fit 10553059689 47417633966 16.0 40.0 

Power Regression 7979314692 49982622328 53.3 131.4 

LNP fit 45086335695 303468828812 2621.3 7629.5 

Table B.1 – Cumulative squared error for Rate-QP and Rate-PSNR curve fitting for video 

sequences Akiyo, Coastguard, Deadline, Flower Garden, Foreman and Football (IPPP GOP1) 
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Sequence Fit Method Rate – QP PSNR - QP 

I Type P Type I Type P Type 

HAL Linear fit 6421227565 33091240461 13.9 42.9 

Quadratic fit 877753324 2906884675 1.0 3.1 

Exponential fit 801758795 2375481769 53.2 169.3 

Logarithmic fit 4745931609 19794960118 103.4 322.1 

Power Regression 131149862 3434261289 190.8 602.8 

LNP fit 2265366676 70287684059 3062.1 9570.6 

MAD Linear fit 1320578714 19508155689 2.3 12.9 

Quadratic fit 110359104 565468248 1.1 3.4 

Exponential fit 120757330 1095749001 10.1 27.0 

Logarithmic fit 837711664 9192562196 37.5 102.9 

Power Regression 248877986 9072091130 96.2 275.1 

LNP fit 1791418338 71973233586 2857.5 8658.3 

NEW Linear fit 851274117 16232750495 1.8 5.6 

Quadratic fit 46538975 300739416 0.9 3.3 

Exponential fit 28062726 585393380 31.7 90.6 

Logarithmic fit 460795608 6362410631 71.5 206.5 

Power Regression 198335635 7602875943 173.9 516.3 

LNP fit 2244375452 92661493972 3732.8 11331.2 

PAR Linear fit 3457765992 51396522491 3.2 12.2 

Quadratic fit 59890473 349321308 1.3 3.0 

Exponential fit 439301132 9366277576 23.4 62.5 

Logarithmic fit 1768503402 17338883171 49.6 135.1 

Power Regression 2443859060 52165341324 171.7 500.2 

LNP fit 11040992102 404169690073 4195.2 12786.9 

SIL Linear fit 2038463813 68647065039 27.6 96.4 

Quadratic fit 78669438 1249645659 0.7 2.8 

Exponential fit 68016596 2962418320 2.7 12.3 

Logarithmic fit 1138300764 35026233214 2.9 6.6 

Power Regression 675550081 30297776753 29.8 79.0 

LNP fit 4080282984 185860921452 2507.7 7494.3 

MCL Linear fit 70394604395 226247141523 39.3 101.9 

Quadratic fit 990985900 1833042216 3.6 9.3 

Exponential fit 17872180054 141258841502 6.1 29.2 

Logarithmic fit 42502904311 105434188189 14.2 56.8 

Power Regression 72150914710 451556762437 112.8 406.3 

LNP fit 104800616387 1324706646442 4343.7 13808.9 

Table B.2 – Cumulative squared error for Rate-QP and Rate-PSNR curve fitting for video 
sequences Hall, Mother and Daughter, News, Paris, Silence and Mobile and Calendar (IPPP GOP1) 
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Sequence Fit Method Rate – QP PSNR - QP 

I Type P Type I Type P Type 

AKI Linear fit 192169644 3720726797 0.9 12.5 

Quadratic fit 10403026 129580964 0.5 4.0 

Exponential fit 11088120 108490879 9.1 99.6 

Logarithmic fit 103582965 1759976877 24.8 251.6 

Power Regression 40311178 889765984 54.4 528.6 

LNP fit 563103677 14491637527 1262.2 11402.3 

CGD Linear fit 10535325650 105349761492 17.1 147.5 

Quadratic fit 224611047 2166411298 0.6 4.2 

Exponential fit 2847437665 27820297441 1.8 15.5 

Logarithmic fit 6265084326 60510610835 1.8 14.2 

Power Regression 11089138906 109041938061 17.2 141.7 

LNP fit 16303110085 210401325247 1230.4 10640.2 

DEA Linear fit 939596443 16753588643 1.4 10.3 

Quadratic fit 31019582 304190075 0.6 4.3 

Exponential fit 84242232 2170918610 7.4 67.9 

Logarithmic fit 472336026 7105579361 18.4 167.7 

Power Regression 497423293 12334202079 59.6 540.6 

LNP fit 3581713188 91234347923 1555.6 13962.7 

FLG Linear fit 16361896120 156306280442 11.1 107.5 

Quadratic fit 352702345 3067591789 1.3 10.9 

Exponential fit 5051133172 67196109447 4.8 31.5 

Logarithmic fit 9528185131 86116330836 9.5 70.6 

Power Regression 17725726251 218131815405 60.3 475.1 

LNP fit 33086984332 519204525984 1896.9 16243.2 

FOR Linear fit 2839848317 36648355357 7.0 47.0 

Quadratic fit 190396327 2037148116 0.5 4.6 

Exponential fit 169627973 5478786700 4.7 38.9 

Logarithmic fit 1876654641 21571206873 11.7 108.5 

Power Regression 264815307 14418460056 31.2 293.9 

LNP fit 2621052629 77840831984 1114.6 10006.0 

FOT Linear fit 8335921614 81280376983 11.5 105.2 

Quadratic fit 255106913 2276738488 0.8 5.9 

Exponential fit 397366410 4471263321 4.1 31.3 

Logarithmic fit 4404729120 42709623827 7.6 52.2 

Power Regression 3507001058 36001404207 23.1 174.6 

LNP fit 21361305694 211378169935 1071.5 9249.4 

Table B.3 – Cumulative squared error for Rate-QP and Rate-PSNR curve fitting for video 
sequences Akiyo, Coastguard, Deadline, Flower Garden, Foreman and Football (IPPP GOP2) 
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Sequence Fit Method Rate – QP PSNR - QP 

I Type P Type I Type P Type 

HAL Linear fit 2358018150 27184843441 4.7 46.9 

Quadratic fit 322857807 3145676002 0.3 3.6 

Exponential fit 271897667 2841343408 20.2 188.7 

Logarithmic fit 1699237974 18382566679 39.9 366.8 

Power Regression 66140036 1605104769 75.6 686.6 

LNP fit 1344864677 30937452740 1252.5 11136.9 

MAD Linear fit 659628775 10371830098 2.1 13.1 

Quadratic fit 36447899 487301824 0.5 3.5 

Exponential fit 40473489 683025696 2.3 28.8 

Logarithmic fit 380940213 5436830032 10.7 116.4 

Power Regression 191561596 3889715338 32.2 317.3 

LNP fit 1361167558 30388582414 1141.4 10192.2 

NEW Linear fit 521508547 7848486467 0.5 6.2 

Quadratic fit 21786838 220684714 0.5 3.7 

Exponential fit 14678250 288224825 9.8 106.4 

Logarithmic fit 258963985 3385732466 24.0 243.7 

Power Regression 161790554 3228968315 62.7 605.9 

LNP fit 1808622953 38608466589 1479.2 13336.1 

PAR Linear fit 1692059648 27235558327 1.4 12.5 

Quadratic fit 27924709 281539732 0.5 4.4 

Exponential fit 240079965 4508012203 9.6 81.9 

Logarithmic fit 784162075 10685240348 19.8 173.1 

Power Regression 1334634313 25021076378 69.9 612.0 

LNP fit 7539050741 173766852885 1702.2 15115.5 

SIL Linear fit 1415923951 29661882353 11.8 104.7 

Quadratic fit 43226318 652918411 0.3 2.8 

Exponential fit 55897715 1216298944 1.2 11.3 

Logarithmic fit 765714259 15374485429 1.0 9.7 

Power Regression 546285637 12453856019 11.6 103.0 

LNP fit 3185015382 76895389211 1010.9 8977.8 

MCL Linear fit 27378965768 256290267717 14.4 135.0 

Quadratic fit 294490739 2700907131 1.7 14.0 

Exponential fit 8398297109 104459306617 3.6 28.9 

Logarithmic fit 15963785772 141961110090 7.4 60.5 

Power Regression 32125369757 364234389419 53.0 444.4 

LNP fit 52671567659 755529014877 1825.8 16010.3 

Table B.4 – Cumulative squared error for Rate-QP and Rate-PSNR curve fitting for video 
sequences Hall, Mother and Daughter, News, Paris, Silence and Mobile and Calendar (IPPP GOP2) 
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Sequence Fit Method Rate – QP PSNR - QP 

I Type P Type B Type I Type P Type B Type 

AKI Linear fit 113032240 104629732 1914924637 0.3 3.5 7.3 

Quadratic fit 3593926 16937450 102178656 0.2 1.9 3.7 

Exponential fit 4752348 24818651 77619573 2.7 27.2 61.7 

Logarithmic fit 49978276 78211553 1037341081 7.8 73.9 166.7 

Power Regression 36557508 10681821 358367067 17.3 159.8 362.2 

LNP fit 514718212 33090819 5323564632 414.8 3698.4 8342.9 

CGD Linear fit 4979130334 38714565021 128752998313 10.7 99.8 185.9 

Quadratic fit 331874792 3400345940 3199734359 0.5 5.6 8.1 

Exponential fit 698348940 3193262703 55551309712 2.9 31.6 50.5 

Logarithmic fit 3392787603 28816352492 78964716182 1.1 12.8 28.5 

Power Regression 2976302093 14790633756 190085897798 2.5 19.1 83.1 

LNP fit 5295150656 9661894571 191421754384 362.8 3021.0 7553.9 

DEA Linear fit 560215597 1426912364 9446689408 0.8 4.9 9.3 

Quadratic fit 16249573 121270527 329785989 0.1 1.6 3.6 

Exponential fit 84996655 67693662 823827456 1.6 18.7 47.7 

Logarithmic fit 243015563 998673817 4817502972 4.7 49.5 120.2 

Power Regression 434189930 222186146 4927821833 17.0 165.0 389.0 

LNP fit 3121432743 737406384 34327682994 503.5 4508.6 10213.4 

FLG Linear fit 6740930781 60664726335 138620763081 7.5 80.3 101.9 

Quadratic fit 461717991 4726023574 5956695287 0.5 5.0 9.7 

Exponential fit 1577323987 9394908159 40950535309 1.0 9.8 32.1 

Logarithmic fit 4597261566 44422858660 84017111245 1.5 9.6 55.2 

Power Regression 4905799007 24581901198 126023712402 12.9 81.5 322.0 

LNP fit 12226028090 19435108651 299844228074 584.6 4756.0 11557.0 

FOR Linear fit 748436144 4173102291 23057174504 1.9 15.6 41.1 

Quadratic fit 80004930 768604419 1715618486 0.4 3.7 5.9 

Exponential fit 126094031 1197363808 3213167124 1.3 18.8 30.6 

Logarithmic fit 472892722 3181939681 14341593277 3.5 45.3 78.8 

Power Regression 128131344 558246396 7183000691 10.0 114.6 211.7 

LNP fit 1153163599 1360759232 36874278650 368.9 3439.9 7367.3 

FOT Linear fit 3473243593 19365082161 73335352238 4.5 35.9 89.0 

Quadratic fit 107694492 661571010 2269428173 0.5 5.0 11.1 

Exponential fit 316632732 2466360191 5329018828 1.6 15.9 33.9 

Logarithmic fit 1815270596 11017768673 38525449853 2.2 27.7 50.0 

Power Regression 1945602221 12447561810 36293570052 7.8 87.0 157.5 

LNP fit 9825471612 37038061298 190954848452 379.0 3518.6 7372.0 

Table B.5 – Cumulative squared error for Rate-QP and Rate-PSNR curve fitting for video 

sequences Akiyo, Coastguard, Deadline, Flower Garden, Foreman and Football (IBBP GOP1) 
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Sequence Fit Method Rate – QP PSNR - QP 

I Type P Type B Type I Type P Type B Type 

HAL Linear fit 677109131 5585474140 17631101454 2.1 16.8 40.1 

Quadratic fit 115783875 1322944283 2493496336 0.2 3.8 5.0 

Exponential fit 99122711 1283259122 1976088707 7.3 56.7 142.4 

Logarithmic fit 466652996 4506524706 12391322799 14.0 111.3 273.8 

Power Regression 58623441 407711636 855462763 25.4 202.7 499.9 

LNP fit 878796023 498504045 13619435587 402.8 3401.8 7997.8 

MAD Linear fit 340158053 545284355 6629301761 1.2 8.3 15.5 

Quadratic fit 13743938 65159804 389426501 0.5 4.0 6.5 

Exponential fit 30270119 74705572 375254564 1.3 11.2 23.5 

Logarithmic fit 170137176 386819300 3825858788 4.2 39.5 87.2 

Power Regression 185686392 185019397 2091907713 11.7 104.4 238.5 

LNP fit 1127171543 288426484 13566238445 392.2 3360.4 7703.7 

NEW Linear fit 261369462 472504774 4840804918 0.4 3.1 5.2 

Quadratic fit 7309210 29735877 195361161 0.3 2.0 3.3 

Exponential fit 20037800 57982789 151043136 4.2 37.4 75.6 

Logarithmic fit 106709873 277182366 2395382896 9.3 83.7 175.2 

Power Regression 153218852 240370296 1597936042 23.5 205.3 439.6 

LNP fit 1411303474 811251578 16753483131 514.7 4448.2 9861.9 

PAR Linear fit 1004795745 3578055517 17150742261 1.1 8.2 11.1 

Quadratic fit 20973072 134414417 264318473 0.2 1.9 3.1 

Exponential fit 175051531 773162649 3167666529 2.0 20.3 56.3 

Logarithmic fit 440743212 2244865014 7899596597 4.8 46.2 120.9 

Power Regression 934723439 3116045101 15458316766 19.7 182.1 440.3 

LNP fit 5628858163 3940464802 76161179039 553.6 4948.9 11145.1 

SIL Linear fit 1126547378 782231723 11929046770 3.6 33.0 75.8 

Quadratic fit 26209752 57550554 313547274 0.1 0.8 1.6 

Exponential fit 59668167 29000951 560538200 0.3 3.1 7.5 

Logarithmic fit 592141787 509524602 6274057124 0.6 4.6 8.3 

Power Regression 525448726 191283641 5123427791 4.8 39.7 80.8 

LNP fit 2812454796 707394231 29829272435 353.6 3111.6 6782.3 

MCL Linear fit 13375089560 117216770544 224798507539 17.9 163.6 214.9 

Quadratic fit 806433238 7260602811 9412518531 0.8 8.4 14.5 

Exponential fit 1817350638 10425949187 32542138313 4.3 36.9 47.7 

Logarithmic fit 9235259397 84831695299 144286428926 2.7 20.7 44.6 

Power Regression 9318545454 61301260242 149807979864 5.5 30.7 195.9 

LNP fit 18303407248 39620749419 345521972654 505.2 4232.0 10424.5 

Table B.6 – Cumulative squared error for Rate-QP and Rate-PSNR curve fitting for video 

sequences Hall, Mother and Daughter, News, Paris, Silence and Mobile and Calendar (IBBP 

GOP1) 
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Sequence Fit Method Rate – QP PSNR - QP 

I Type P Type B Type I Type P Type B Type 

AKI Linear fit 136240990 78555139 3437312704 1.2 4.6 10.1 

Quadratic fit 7368257 12965770 130867510 0.5 1.5 3.5 

Exponential fit 8711222 18908914 88607756 8.6 29.7 75.0 

Logarithmic fit 67060809 58823052 1667425916 22.3 73.0 188.3 

Power Regression 37993772 7861339 794104666 47.1 149.0 393.0 

LNP fit 523492100 24634651 12650595166 1042.6 3114.4 8433.1 

CGD Linear fit 11377243024 31152037638 133407341729 28.0 79.2 189.0 

Quadratic fit 829229541 2640488365 3157455160 1.4 5.4 8.4 

Exponential fit 1565234180 2445052735 55273742228 8.4 26.0 53.1 

Logarithmic fit 8104162297 23151687512 80064594984 3.2 10.8 29.2 

Power Regression 6391518251 11065849361 191520910989 5.1 16.5 80.4 

LNP fit 7184914753 7780236919 232198682035 860.6 2444.2 7488.5 

DEA Linear fit 821456262 1174657988 15388256647 1.5 3.1 7.8 

Quadratic fit 37378871 106701973 326126796 0.5 1.1 3.2 

Exponential fit 90804228 57457678 1980508193 5.1 17.6 51.9 

Logarithmic fit 425262134 825224618 6735700891 13.7 44.5 126.5 

Power Regression 471373569 146328541 11149316213 46.0 144.5 405.6 

LNP fit 3253811843 592119767 79892597559 1270.1 3807.6 10407.6 

FLG Linear fit 18078373065 47325384748 138899282945 26.2 61.5 109.9 

Quadratic fit 1203051026 4067581815 6156300376 1.1 5.2 11.4 

Exponential fit 2681089039 7499608572 46646909283 3.2 10.8 31.3 

Logarithmic fit 12828640409 35026916542 81307790133 2.2 11.0 51.2 

Power Regression 8966079354 15725064717 140828415674 19.0 67.0 291.6 

LNP fit 16032945479 13361870465 439675158161 1314.6 3756.8 11174.1 

FOR Linear fit 1519557865 3226492867 29082326660 4.0 10.6 35.7 

Quadratic fit 199510421 598489824 1668858240 1.1 3.2 6.5 

Exponential fit 286217984 1012963527 4576229488 5.5 16.4 34.0 

Logarithmic fit 1051666714 2464665203 16645858387 13.4 40.3 87.3 

Power Regression 184880576 481166427 12980222372 33.1 100.3 228.2 

LNP fit 1439142792 1015322239 67825065486 961.2 2863.5 7430.8 

FOT Linear fit 6510684103 16087975645 79983028513 9.3 30.0 88.8 

Quadratic fit 186827659 588990082 2202595507 1.1 5.2 10.3 

Exponential fit 684726957 2032935442 6205411744 3.6 12.8 32.9 

Logarithmic fit 3506026832 9188084500 41125708510 7.0 22.0 49.3 

Power Regression 3936921021 10090735155 41658953963 24.0 69.6 157.4 

LNP fit 15932499070 30300847172 225492074753 1000.8 2881.2 7425.7 

Table B.7 – Cumulative squared error for Rate-QP and Rate-PSNR curve fitting for video 

sequences Akiyo, Coastguard, Deadline, Flower Garden, Foreman and Football (IBBP GOP2) 
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Sequence Fit Method Rate – QP PSNR - QP 

I Type P Type B Type I Type P Type B Type 

HAL Linear fit 1614408488 5524144188 21506066582 4.9 16.6 44.6 

Quadratic fit 341559506 1340482984 2782235894 1.0 4.3 6.4 

Exponential fit 340289631 1293448794 2212494156 16.2 50.8 150.4 

Logarithmic fit 1225712833 4477489375 14318173000 31.7 96.8 284.0 

Power Regression 143942615 390793739 1556375931 57.4 172.6 513.7 

LNP fit 950111415 445530602 27278768806 953.5 2803.4 8047.7 

MAD Linear fit 432117391 440212704 9759894163 2.1 4.4 11.4 

Quadratic fit 25962183 50613061 427065435 1.0 3.3 6.2 

Exponential fit 42236700 52729916 629256645 3.2 13.6 32.1 

Logarithmic fit 237649108 309075661 5126371865 11.3 42.7 106.2 

Power Regression 208953252 138541192 4050179654 29.9 103.5 270.4 

LNP fit 1158921583 253161893 27997562207 952.9 2865.1 7849.6 

NEW Linear fit 329427955 403171226 7632317254 0.8 2.9 5.4 

Quadratic fit 11797137 27209924 223169605 0.5 1.6 3.3 

Exponential fit 23600766 53368863 257807332 10.1 34.2 78.7 

Logarithmic fit 148973192 235217594 3392978104 23.0 74.4 180.2 

Power Regression 173729899 210748080 3014173722 56.8 178.9 449.0 

LNP fit 1500778146 709934947 34753295891 1244.4 3742.4 9934.0 

PAR Linear fit 1608322721 2895592580 25459747209 2.4 6.1 11.1 

Quadratic fit 39559464 106115675 273813617 0.6 1.5 3.3 

Exponential fit 331667669 568940040 4752975763 5.7 17.8 58.2 

Logarithmic fit 814745105 1813046598 10223231375 13.0 40.0 123.7 

Power Regression 1511680504 2382765926 24633942562 51.1 154.4 447.9 

LNP fit 6349194185 3231981022 155163737991 1391.4 4133.8 11266.5 

SIL Linear fit 1204152780 693871717 25300180634 9.0 28.5 79.0 

Quadratic fit 33330147 48789704 515556464 0.3 0.8 2.2 

Exponential fit 62329821 23891082 1289764811 0.9 2.7 8.5 

Logarithmic fit 645759367 448756199 12945281096 1.3 3.8 7.9 

Power Regression 530550537 174262137 11706796033 10.9 33.9 79.9 

LNP fit 2856888765 640296716 68621270275 857.5 2656.5 6859.1 

MCL Linear fit 32722261895 93941886717 221549376107 50.5 126.0 217.0 

Quadratic fit 2017151324 6067856492 9189069911 2.4 8.3 15.5 

Exponential fit 3471442822 7771635282 36444777828 13.5 31.6 52.7 

Logarithmic fit 23240896166 68150684595 136790433359 8.0 18.6 45.9 

Power Regression 18805769088 46033975604 162382588425 8.7 30.9 191.3 

LNP fit 24608454822 30781005499 536476772610 1164.4 3430.4 10267.9 

Table B.8 – Cumulative squared error for Rate-QP and Rate-PSNR curve fitting for video 

sequences Hall, Mother and Daughter, News, Paris, Silence and Mobile and Calendar (IBBP 

GOP2) 
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B.2 Rate-PSNR Curve Fitting Tables (PSNR) 

 

Sequence Fit Method IPPP GOP1 IPPP GOP2 

I Type P Type I Type P Type 

AKI Linear fit 339704889 8796244965 205988745 4017395398 

Quadratic fit 30200413 306626785 13508910 182848495 

Exponential fit 43482700 114544393 11804693 126048302 

Logarithmic fit 420962419 12109825080 267230256 5415213718 

Power Regression 78696839 680375741 28488902 418510037 

LNP fit 2484099855 112237484165 1973201334 46512410837 

CGD Linear fit 16821012235 65746896716 6743059150 66429490022 

Quadratic fit 117193593 633721831 56277245 536848578 

Exponential fit 22613301866 94195503847 8508089006 84284115494 

Logarithmic fit 23238063112 100915928085 9474686760 95577933914 

Power Regression 10199129456 39562020848 3627693746 35698377317 

LNP fit 107855874746 676287171870 46264759132 517328302919 

 
DEA 

Linear fit 1632104886 28590764159 832741314 14359971604 

Quadratic fit 75188585 265935643 30546751 288646286 

Exponential fit 158272463 8977200277 140926246 3493415020 

Logarithmic fit 2251184255 48242742633 1231492270 22930193593 

Power Regression 122655605 1123433351 49129789 679992156 

LNP fit 10545259017 372369622558 7089795820 159132562923 

FLG Linear fit 30373569572 99488794398 12678235586 113472375671 

Quadratic fit 373597766 1619947645 201703664 1636483893 

Exponential fit 25151836031 136582659756 7965178400 113275458375 

Logarithmic fit 43962923259 176858382831 18783620069 177285707065 

Power Regression 8139024849 42796748445 2087522116 35862609072 

LNP fit 201650364694 1508989890230 91469676274 1076705086732 

FOR Linear fit 5251843198 39927993567 2307745613 27714527403 

Quadratic fit 275753138 1111865314 97678322 1115655386 

Exponential fit 529781112 25926483849 200504240 11126514699 

Logarithmic fit 6505782289 57664290310 2914541252 37457933965 

Power Regression 744436520 12870353134 215486585 6825676374 

LNP fit 27861161359 447065222469 13553532520 235264092549 

FOT Linear fit 13395214258 51669093589 5619927704 51089191747 

Quadratic fit 279646152 1060869810 133668955 1131768650 

Exponential fit 5204341376 50566771436 2396511190 29461669273 

Logarithmic fit 19014446862 80138936717 8120245089 74502890699 

Power Regression 1664700663 20349465141 752545971 10861940711 

LNP fit 110603896960 676103551212 49643075788 507949955743 

Table B.9 – Cumulative squared error for Rate-PSNR curve fitting (IPPP GOP1; IPPP GOP2) 
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Sequence Fit Method IPPP GOP1 IPPP GOP2 

I Type P Type I Type P Type 

HAL Linear fit 7338039622 41505140430 2714180289 32267472030 

Quadratic fit 1230960499 4604365754 459295404 4587565174 

Exponential fit 1529576368 5383202060 521565942 5569915247 

Logarithmic fit 8341355285 51562382447 3127572762 38317888005 

Power Regression 2552830831 11065995223 896030728 10035317565 

LNP fit 24697031523 279113554689 10456072523 160108808824 

MAD Linear fit 1187977024 15117907823 535966417 8513322084 

Quadratic fit 104338691 422689579 28673827 401781344 

Exponential fit 153852828 3005308414 78566432 1355072085 

Logarithmic fit 1471466869 21645691683 702785209 11612240904 

Power Regression 185798863 723304835 47147288 639384917 

LNP fit 8479448117 232048726026 5347042290 105294046787 

NEW Linear fit 878195916 16020862383 520472718 7861691078 

Quadratic fit 54277517 412597268 23517162 274455774 

Exponential fit 32451604 592319534 15915322 283325520 

Logarithmic fit 1178843849 24311362109 729856469 11553484311 

Power Regression 82420317 471419054 28390828 361718809 

LNP fit 8426206244 269295147913 6136876567 116604799377 

PAR Linear fit 3117039910 40910125593 1486163009 22566475887 

Quadratic fit 56330220 215166259 25728655 229896302 

Exponential fit 584473602 16767981217 350556152 7542281094 

Logarithmic fit 4615040641 74970918367 2332212969 38625281569 

Power Regression 61375936 1460604684 32813272 689862418 

LNP fit 24171836202 634450446064 14277201676 289750789941 

SIL Linear fit 1213808369 36401430003 789887463 16205638640 

Quadratic fit 24001814 131212631 11619480 110721586 

Exponential fit 631308838 29598098934 549142172 11858095729 

Logarithmic fit 1715594918 55370554570 1148923518 24304878472 

Power Regression 223993903 10525823324 204903952 4140230653 

LNP fit 9543226722 527032201207 6973033268 215686829934 

MCL Linear fit 51001973321 148642109387 20075738208 180105744654 

Quadratic fit 329486337 888663438 124010704 1067888412 

Exponential fit 37191641431 247326781254 15519298941 191692405346 

Logarithmic fit 74437525279 268812940150 30112387806 283370752245 

Power Regression 9338080607 79263965020 3703193443 55959092712 

LNP fit 338854804146 2201791734017 147657802214 1659689677857 

Table B.10 – Cumulative squared error for Rate-PSNR curve fitting (IPPP GOP1; IPPP GOP2) 
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Sequence Fit Method IBBP GOP1 IBBP GOP2 

I Type P Type B Type I Type P Type B Type 

AKI Linear fit 1,26E+08 1,08E+08 2,04E+09 1,50E+08 8,25E+07 3,71E+09 

Quadratic fit 6,20E+06 1,94E+07 1,33E+08 1,04E+07 1,48E+07 1,75E+08 

Exponential fit 4,75E+06 2,80E+07 9,52E+07 9,18E+06 2,22E+07 1,08E+08 

Logarithmic fit 1,73E+08 1,22E+08 2,64E+09 2,01E+08 9,35E+07 4,97E+09 

Power Regression 1,29E+07 4,15E+07 2,52E+08 2,01E+07 3,27E+07 3,65E+08 

LNP fit 1,60E+09 3,80E+08 1,90E+10 1,69E+09 2,84E+08 4,14E+10 

CGD Linear fit 3,01E+09 2,52E+10 7,60E+10 7,13E+09 2,03E+10 7,70E+10 

Quadratic fit 7,74E+07 6,67E+08 4,66E+08 1,60E+08 4,76E+08 4,98E+08 

Exponential fit 3,75E+09 2,20E+10 1,84E+11 8,27E+09 1,71E+10 1,87E+11 

Logarithmic fit 3,98E+09 3,13E+10 1,07E+11 9,12E+09 2,51E+10 1,10E+11 

Power Regression 1,59E+09 8,49E+09 9,36E+10 3,49E+09 6,66E+09 9,53E+10 

LNP fit 1,71E+10 9,41E+10 5,30E+11 3,31E+10 7,60E+10 5,89E+11 

DEA Linear fit 4,65E+08 1,35E+09 8,49E+09 7,10E+08 1,12E+09 1,33E+10 

Quadratic fit 1,30E+07 1,14E+08 3,25E+08 3,27E+07 1,01E+08 3,18E+08 

Exponential fit 1,47E+08 5,52E+07 1,22E+09 1,52E+08 4,64E+07 3,09E+09 

Logarithmic fit 7,48E+08 1,65E+09 1,24E+10 1,05E+09 1,37E+09 2,10E+10 

Power Regression 3,35E+07 1,42E+08 4,42E+08 5,22E+07 1,36E+08 6,41E+08 

LNP fit 5,36E+09 4,73E+09 6,97E+10 6,22E+09 3,88E+09 1,42E+11 

FLG Linear fit 4,91E+09 4,44E+10 1,03E+11 1,26E+10 3,50E+10 9,81E+10 

Quadratic fit 1,75E+08 1,61E+09 2,49E+09 3,40E+08 1,47E+09 2,58E+09 

Exponential fit 3,39E+09 2,12E+10 6,92E+10 7,90E+09 1,54E+10 8,28E+10 

Logarithmic fit 6,84E+09 5,72E+10 1,51E+11 1,69E+10 4,44E+10 1,49E+11 

Power Regression 1,30E+09 9,89E+09 2,50E+10 2,92E+09 8,45E+09 3,06E+10 

LNP fit 3,12E+10 1,75E+11 7,56E+11 6,35E+10 1,31E+11 8,91E+11 

FOR Linear fit 6,58E+08 3,77E+09 1,83E+10 1,36E+09 2,94E+09 2,20E+10 

Quadratic fit 4,58E+07 4,65E+08 9,58E+08 1,15E+08 3,76E+08 9,35E+08 

Exponential fit 7,83E+07 5,84E+08 5,04E+09 1,39E+08 5,61E+08 9,37E+09 

Logarithmic fit 8,36E+08 4,40E+09 2,38E+10 1,66E+09 3,42E+09 3,00E+10 

Power Regression 1,27E+08 1,11E+09 3,54E+09 2,75E+08 9,98E+08 5,38E+09 

LNP fit 5,09E+09 1,36E+10 1,34E+11 7,75E+09 1,04E+10 2,02E+11 

FOT Linear fit 2,05E+09 1,46E+10 4,79E+10 4,43E+09 1,22E+10 4,97E+10 

Quadratic fit 5,05E+07 4,48E+08 1,09E+09 1,28E+08 3,85E+08 1,21E+09 

Exponential fit 1,59E+09 6,14E+09 2,60E+10 2,51E+09 4,77E+09 3,32E+10 

Logarithmic fit 3,12E+09 2,04E+10 6,99E+10 6,44E+09 1,69E+10 7,39E+10 

Power Regression 5,35E+08 1,86E+09 9,27E+09 8,16E+08 1,41E+09 1,24E+10 

LNP fit 2,07E+10 9,97E+10 4,53E+11 3,69E+10 8,28E+10 5,27E+11 

Table B.11 – Cumulative squared error for Rate-PSNR curve fitting (IBBP GOP1; IBBP GOP2) 
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Sequence Fit Method IBBP GOP1 IBBP GOP2 

I Type P Type B Type I Type P Type B Type 

HAL Linear fit 8,15E+08 5,99E+09 2,06E+10 1,81E+09 5,93E+09 2,59E+10 

Quadratic fit 1,47E+08 1,41E+09 3,26E+09 3,79E+08 1,40E+09 3,65E+09 

Exponential fit 1,64E+08 1,67E+09 3,60E+09 4,57E+08 1,66E+09 4,10E+09 

Logarithmic fit 9,65E+08 6,58E+09 2,40E+10 2,05E+09 6,50E+09 3,09E+10 

Power Regression 2,79E+08 2,51E+09 6,32E+09 7,09E+08 2,51E+09 7,53E+09 

LNP fit 4,08E+09 1,47E+10 8,74E+10 6,50E+09 1,43E+10 1,34E+11 

MAD Linear fit 2,56E+08 5,08E+08 5,80E+09 3,43E+08 4,27E+08 8,36E+09 

Quadratic fit 1,15E+07 6,62E+07 3,65E+08 2,32E+07 5,67E+07 4,00E+08 

Exponential fit 7,39E+07 7,74E+07 5,78E+08 8,83E+07 5,30E+07 1,18E+09 

Logarithmic fit 3,60E+08 5,96E+08 7,52E+09 4,60E+08 5,02E+08 1,13E+10 

Power Regression 2,23E+07 7,78E+07 3,66E+08 3,88E+07 6,08E+07 4,95E+08 

LNP fit 3,67E+09 2,33E+09 5,42E+10 4,01E+09 1,96E+09 9,81E+10 

NEW Linear fit 2,58E+08 4,95E+08 4,88E+09 3,28E+08 4,28E+08 7,64E+09 

Quadratic fit 8,33E+06 3,56E+07 2,33E+08 1,38E+07 3,29E+07 2,84E+08 

Exponential fit 2,06E+07 4,44E+07 1,36E+08 2,30E+07 3,87E+07 2,46E+08 

Logarithmic fit 3,88E+08 6,39E+08 6,78E+09 4,76E+08 5,53E+08 1,11E+10 

Power Regression 6,19E+06 3,62E+07 2,57E+08 1,09E+07 3,26E+07 3,30E+08 

LNP fit 4,14E+09 3,70E+09 5,68E+10 4,60E+09 3,21E+09 1,08E+11 

PAR Linear fit 8,23E+08 3,19E+09 1,48E+10 1,36E+09 2,60E+09 2,11E+10 

Quadratic fit 1,42E+07 9,49E+07 2,11E+08 2,75E+07 7,53E+07 2,03E+08 

Exponential fit 3,18E+08 1,06E+09 4,68E+09 5,20E+08 7,70E+08 7,76E+09 

Logarithmic fit 1,36E+09 4,26E+09 2,33E+10 2,08E+09 3,47E+09 3,57E+10 

Power Regression 3,65E+07 2,44E+08 6,22E+08 9,10E+07 1,64E+08 8,50E+08 

LNP fit 9,72E+09 1,57E+10 1,46E+11 1,24E+10 1,28E+10 2,63E+11 

SIL Linear fit 6,00E+08 5,76E+08 6,95E+09 6,57E+08 5,07E+08 1,39E+10 

Quadratic fit 6,46E+06 2,60E+07 7,89E+07 9,53E+06 2,01E+07 8,94E+07 

Exponential fit 5,45E+08 1,10E+08 4,40E+09 5,50E+08 1,05E+08 1,09E+10 

Logarithmic fit 8,97E+08 7,34E+08 1,02E+10 9,67E+08 6,51E+08 2,10E+10 

Power Regression 2,12E+08 3,13E+07 1,50E+09 2,15E+08 2,81E+07 3,91E+09 

LNP fit 1,01E+10 3,11E+09 9,93E+10 1,04E+10 3,19E+09 2,32E+11 

MCL Linear fit 8,20E+09 7,31E+10 1,49E+11 1,95E+10 5,95E+10 1,42E+11 

Quadratic fit 1,19E+08 1,11E+09 1,87E+09 2,58E+08 9,55E+08 1,78E+09 

Exponential fit 1,04E+10 7,84E+10 1,12E+11 2,46E+10 5,90E+10 1,22E+11 

Logarithmic fit 1,17E+10 9,73E+10 2,15E+11 2,67E+10 7,86E+10 2,14E+11 

Power Regression 3,08E+09 2,39E+10 2,79E+10 7,91E+09 1,82E+10 3,17E+10 

LNP fit 5,40E+10 3,34E+11 1,02E+12 1,07E+11 2,66E+11 1,21E+12 

Table B.12 – Cumulative squared error for Rate-PSNR curve fitting (IBBP GOP1) 
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B.3 Curve Fitting Tables (SAD_JND; SSD_JND; PSPNR) 

 

Sequence Fit Method SAD_JND-QP Rate - SAD_JND 

I Type P Type I Type P Type 

Akiyo Linear fit 4591 2685 3967 14452 

Quadratic fit 857 493 2485 8532 

Exponential fit 3612 2200 3327 11532 

Logarithmic fit 5560 3243 1312 2460 

Power Regression 1291 827 1222 5283 

LNP fit 11288 6531 6771 27294 

Foreman Linear fit 8179 4775 13980 30381 

Quadratic fit 1213 711 8176 16513 

Exponential fit 9714 6295 11075 21172 

Logarithmic fit 10565 6131 5832 7531 

Power Regression 5394 3694 6678 23278 

LNP fit 25447 14536 23495 62379 

Football Linear fit 8111 4457 27699 37685 

Quadratic fit 794 401 14704 19338 

Exponential fit 14491 8689 17711 23905 

Logarithmic fit 10918 5983 5999 6201 

Power Regression 8844 5507 21006 33678 

LNP fit 28680 15608 57947 82739 

Table B.13 – D-QP and R-D Mean Absolute Error (SAD_JND; IPPP GOP1, Akiyo, Foreman, 

Football) 
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Sequence Fit Method SAD_JND-QP Rate - SAD_JND 

I Type P Type I Type P Type 

Akiyo Linear fit 7215 2441 5391 8565 

Quadratic fit 1278 448 3225 5108 

Exponential fit 6150 1986 4374 6880 

Logarithmic fit 8790 2958 1379 1711 

Power Regression 2410 741 1898 3093 

LNP fit 18140 6014 9680 15955 

Foreman Linear fit 12838 4382 15269 20532 

Quadratic fit 1915 637 8722 11467 

Exponential fit 16992 5450 11712 14958 

Logarithmic fit 16741 5658 5911 6401 

Power Regression 9956 3081 7782 14107 

LNP fit 41290 13591 26267 40071 

Football Linear fit 13167 4218 29258 30458 

Quadratic fit 1501 441 15603 16003 

Exponential fit 23774 7810 18917 19411 

Logarithmic fit 17700 5691 6175 6057 

Power Regression 14634 4836 22504 24796 

LNP fit 46467 15031 61786 65077 

Table B.14 – D-QP and R-D Mean Absolute Error (SAD_JND; IPPP GOP2, Akiyo, Foreman, 
Football) 

Sequence Fit Method 
SAD_JND-QP Rate - SAD_JND 

I Type P Type B Type I Type P Type B Type 

Akiyo 

Linear fit 12111 4075 2761 8274 1624 6466 

Quadratic fit 2126 731 483 4831 1185 3921 

Exponential fit 10807 3508 2370 6645 1488 5214 

Logarithmic fit 14720 4943 3358 1452 837 1802 

Power Regression 4404 1388 936 2966 358 2057 

LNP fit 30170 10080 6897 15265 2280 11719 

Foreman 

Linear fit 19066 6672 5254 15252 9424 18110 

Quadratic fit 2934 880 798 8923 6399 10162 

Exponential fit 29506 10123 6060 12209 8232 13354 

Logarithmic fit 25157 8789 6797 5490 5022 6752 

Power Regression 18072 6053 3253 5055 2369 10715 

LNP fit 63678 22085 16438 26648 14159 33715 

Football 

Linear fit 20395 7149 5722 32940 24908 33501 

Quadratic fit 2393 807 843 17019 13344 18081 

Exponential fit 41919 13775 10295 20550 15427 21237 

Logarithmic fit 27656 9608 7692 6612 5723 7143 

Power Regression 27047 8707 6299 31440 22894 25130 

LNP fit 73997 25232 20211 71067 49603 71825 

Table B.15 – D-QP and R-D Mean Absolute Error (SAD_JND; IBBP GOP1, Akiyo, Foreman, 
Football) 
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Sequence Fit Method 
PSNR-QP Rate - PSNR 

I Type P Type B Type I Type P Type B Type 

Akiyo 

Linear fit 7712 4532 2802 5435 1550 9349 

Quadratic fit 1466 871 523 3237 1133 5516 

Exponential fit 6272 3752 2216 4400 1427 7463 

Logarithmic fit 9332 5463 3389 1175 793 2226 

Power Regression 2364 1436 803 1895 324 3023 

LNP fit 18907 10944 6853 9881 2161 17445 

Foreman 

Linear fit 11939 7394 5260 12378 9132 22193 

Quadratic fit 1512 972 844 7600 6238 12086 

Exponential fit 16552 11014 5450 10209 8078 15993 

Logarithmic fit 15678 9608 6727 5336 4819 7330 

Power Regression 9594 6607 2761 3950 2058 13397 

LNP fit 39089 23426 15829 20610 13580 42883 

Football 

Linear fit 13680 7688 5704 28448 24960 35502 

Quadratic fit 1597 780 803 15085 13636 19009 

Exponential fit 25752 15871 10277 17963 15725 22500 

Logarithmic fit 18259 10288 7648 6070 5508 7235 

Power Regression 16242 10298 6288 25916 23263 26909 

LNP fit 47299 26722 19957 58754 49410 77004 

Table B.16 – D-QP and R-D Mean Absolute Error (SAD_JND; IBBP GOP2, Akiyo, Foreman, 

Football)  

Sequence Fit Method SSD_JND-QP Rate - SSD_JND 

I Type P Type I Type P Type 

Akiyo Linear fit 84457 48424 4682 17743 

Quadratic fit 26673 15370 3440 12482 

Exponential fit 54143 31993 4354 15987 

Logarithmic fit 95438 54634 1439 3199 

Power Regression 11316 7090 1065 4326 

LNP fit 155595 88552 6771 27294 

Foreman Linear fit 195692 111717 16426 38229 

Quadratic fit 44971 25410 11722 25985 

Exponential fit 206399 132877 15181 32649 

Logarithmic fit 229413 130534 6225 8045 

Power Regression 103483 69635 5651 20453 

LNP fit 422963 237905 23495 62379 

Football Linear fit 231366 120503 36336 50434 

Quadratic fit 50121 26184 24669 33490 

Exponential fit 262700 152103 30770 42404 

Logarithmic fit 270847 140987 8187 8110 

Power Regression 126858 78847 17363 28847 

LNP fit 496574 257967 57947 82739 

Table B.17 – D-QP and R-D Mean Absolute Error (SSD_JND; IPPP GOP1, Akiyo, Foreman, 
Football)  
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Sequence Fit Method SSD_JND-QP Rate - SSD_JND 

I Type P Type I Type P Type 

Akiyo Linear fit 137962 45221 6470 10462 

Quadratic fit 42680 14255 4617 7402 

Exponential fit 95853 30006 5903 9465 

Logarithmic fit 156253 51101 1570 2115 

Power Regression 24052 6763 1638 2513 

LNP fit 256796 83311 9680 15955 

Foreman Linear fit 317087 105074 18039 25364 

Quadratic fit 69496 24030 12670 17533 

Exponential fit 373107 114420 16359 22183 

Logarithmic fit 373648 123004 6340 6846 

Power Regression 199940 57623 6604 12295 

LNP fit 700159 225607 26267 40071 

Football Linear fit 380297 120833 38582 40289 

Quadratic fit 82212 26047 26219 27140 

Exponential fit 438797 141329 32774 33997 

Logarithmic fit 445239 141556 8281 8162 

Power Regression 215730 70013 18700 20892 

LNP fit 816931 260187 61786 65077 

Table B.18 – D-QP and R-D Mean Absolute Error (SSD_JND; IPPP GOP2, Akiyo, Foreman, 
Football) 

Sequence Fit Method 
SSD_JND-QP Rate - SSD_JND 

I Type P Type B Type I Type P Type B Type 

Akiyo 

Linear fit 220074 73249 51602 9982 1816 7822 

Quadratic fit 68968 23029 15884 7008 1476 5554 

Exponential fit 160820 51589 37560 9010 1796 7109 

Logarithmic fit 248943 82818 58471 1824 882 2031 

Power Regression 43462 13281 10593 2406 342 1713 

LNP fit 407388 135302 96259 15265 2280 11719 

Foreman 

Linear fit 472941 165700 134357 17773 10678 21993 

Quadratic fit 88681 32116 31511 12371 8361 15110 

Exponential fit 674960 219834 130173 15992 10339 19369 

Logarithmic fit 561262 195924 157408 5714 5273 7326 

Power Regression 382945 119450 61947 4922 2086 9550 

LNP fit 1072588 370288 289905 26648 14159 33715 

Football 

Linear fit 568307 197659 192710 44019 32007 45060 

Quadratic fit 119985 43337 45876 29435 21902 30818 

Exponential fit 756576 247944 206895 37092 27021 38308 

Logarithmic fit 667787 231602 224180 8018 7575 10206 

Power Regression 406202 128879 96113 27210 19391 20233 

LNP fit 1240117 426282 403311 71067 49603 71825 

Table B.19 – D-QP and R-D Mean Absolute Error (SSD_JND; IBBP GOP1, Akiyo, Foreman, 
Football) 
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Sequence Fit Method 
PSNR-QP Rate - PSNR 

I Type P Type B Type I Type P Type B Type 

Akiyo 

Linear fit 138491 79596 51735 6525 1730 11363 

Quadratic fit 44340 25853 16347 4630 1407 8021 

Exponential fit 90994 52871 34085 5920 1715 10249 

Logarithmic fit 156377 89695 58456 1390 839 2604 

Power Regression 20734 11890 8046 1540 307 2504 

LNP fit 254329 144825 95277 9881 2161 17445 

Foreman 

Linear fit 284502 175224 129649 14290 10316 27380 

Quadratic fit 57556 37047 32879 10341 8105 18512 

Exponential fit 345996 231222 110191 13225 10033 23793 

Logarithmic fit 335974 205717 150875 5567 5049 8155 

Power Regression 182412 124931 48617 3614 1922 11964 

LNP fit 632557 380696 272198 20610 13580 42883 

Football 

Linear fit 374850 202814 189570 37255 31949 48007 

Quadratic fit 84490 44399 45216 25268 22055 32642 

Exponential fit 463217 278921 203649 31563 27075 40760 

Logarithmic fit 437905 237276 220239 7754 7309 10395 

Power Regression 238426 151673 94171 22117 19846 21781 

LNP fit 798407 434374 394325 58754 49410 77004 

Table B.20 – D-QP and R-D Mean Absolute Error (SSD_JND; IBBP GOP2, Akiyo, Foreman, 

Football) 

Sequence Fit Method PSPNR-QP Rate - PSPNR 

I Type P Type I Type P Type 

Akiyo Linear fit 0.26 0.15 1439 3199 

Quadratic fit 0.05 0.03 338 597 

Exponential fit 0.09 0.05 1065 4326 

Logarithmic fit 0.07 0.04 1847 5144 

Power Regression 0.14 0.08 681 1790 

LNP fit 1.43 0.85 5953 23453 

Foreman Linear fit 0.27 0.17 6225 8045 

Quadratic fit 0.06 0.04 902 1688 

Exponential fit 0.14 0.09 5650 20453 

Logarithmic fit 0.13 0.09 7743 11738 

Power Regression 0.10 0.06 3147 13462 

LNP fit 1.17 0.70 21121 53402 

Football Linear fit 0.34 0.22 8187 8110 

Quadratic fit 0.06 0.05 1644 3380 

Exponential fit 0.18 0.13 17363 28847 

Logarithmic fit 0.16 0.12 12247 13420 

Power Regression 0.08 0.05 10565 19096 

LNP fit 1.24 0.73 50256 71242 

Table B.21 – D-QP and R-D Mean Absolute Error (PSPNR; IPPP GOP1, Akiyo, Foreman, 
Football) 
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Sequence Fit Method PSPNR-QP Rate - PSPNR 

I Type P Type I Type P Type 

Akiyo Linear fit 0.44 0.14 1571 2115 

Quadratic fit 0.08 0.03 373 420 

Exponential fit 0.17 0.05 1637 2513 

Logarithmic fit 0.14 0.04 2189 3207 

Power Regression 0.19 0.07 800 1088 

LNP fit 2.24 0.76 8412 13756 

Foreman Linear fit 0.45 0.15 6340 6846 

Quadratic fit 0.10 0.03 899 1182 

Exponential fit 0.25 0.08 6604 12295 

Logarithmic fit 0.22 0.07 8069 9172 

Power Regression 0.15 0.05 3460 7943 

LNP fit 1.83 0.62 23488 34676 

Football Linear fit 0.53 0.19 8281 8162 

Quadratic fit 0.10 0.04 1886 2210 

Exponential fit 0.28 0.10 18699 20892 

Logarithmic fit 0.26 0.10 12511 12517 

Power Regression 0.13 0.04 11404 13316 

LNP fit 1.96 0.65 53407 56279 

Table B.22 – D-QP and R-D Mean Absolute Error (PSPNR; IPPP GOP2, Akiyo, Foreman, 
Football) 

Sequence Fit Method 
PSPNR-QP Rate - PSPNR 

I Type P Type B Type I Type P Type B Type 

Akiyo 

Linear fit 0.79 0.26 0.18 1824 882 2031 

Quadratic fit 0.13 0.05 0.04 421 274 409 

Exponential fit 0.30 0.10 0.07 2406 342 1713 

Logarithmic fit 0.25 0.08 0.06 2888 1018 2781 

Power Regression 0.33 0.11 0.07 1101 432 757 

LNP fit 3.95 1.32 0.87 13119 2143 10194 

Foreman 

Linear fit 0.82 0.28 0.16 5714 5273 7326 

Quadratic fit 0.18 0.06 0.04 1336 1394 1834 

Exponential fit 0.46 0.15 0.08 4923 2086 9550 

Logarithmic fit 0.41 0.14 0.07 7315 6101 9354 

Power Regression 0.22 0.07 0.07 3224 2215 6220 

LNP fit 3.13 1.07 0.72 23455 12995 29515 

Football 

Linear fit 1.09 0.35 0.21 8018 7575 10206 

Quadratic fit 0.27 0.08 0.04 3294 1660 2444 

Exponential fit 0.66 0.21 0.11 27211 19392 20233 

Logarithmic fit 0.62 0.19 0.10 12239 11101 15389 

Power Regression 0.26 0.08 0.07 18060 12711 11815 

LNP fit 3.28 1.14 0.79 61337 43434 61898 

Table B.23 – D-QP and R-D Mean Absolute Error (PSPNR; IBBP GOP1, Akiyo, Foreman, 
Football) 
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Sequence Fit Method 
PSNR-QP Rate - PSNR 

I Type P Type B Type I Type P Type B Type 

Akiyo 

Linear fit 0.47 0.28 0.17 1390 839 2604 

Quadratic fit 0.10 0.06 0.04 349 255 523 

Exponential fit 0.17 0.11 0.06 1540 307 2504 

Logarithmic fit 0.14 0.09 0.05 2037 969 3754 

Power Regression 0.23 0.13 0.08 755 407 1045 

LNP fit 2.48 1.47 0.88 8530 2042 15027 

Foreman 

Linear fit 0.50 0.32 0.15 5567 5049 8155 

Quadratic fit 0.10 0.07 0.04 1228 1311 2329 

Exponential fit 0.27 0.18 0.07 3615 1922 11964 

Logarithmic fit 0.24 0.16 0.07 6755 5854 10757 

Power Regression 0.13 0.08 0.07 2337 2251 7846 

LNP fit 1.99 1.19 0.74 18384 12486 37135 

Football 

Linear fit 0.65 0.42 0.21 7754 7309 10395 

Quadratic fit 0.14 0.10 0.04 2344 1683 2678 

Exponential fit 0.37 0.26 0.11 22117 19847 21781 

Logarithmic fit 0.35 0.24 0.10 11622 10808 15914 

Power Regression 0.14 0.10 0.07 14412 13147 12855 

LNP fit 2.15 1.27 0.79 51068 43356 66449 

Table B.24 – D-QP and R-D Mean Absolute Error (PSPNR; IBBP GOP2, Akiyo, Foreman, 

Football) 
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B.4 SSIM-QP curve fitting Tables (SSIM) 

 

Sequence Fit Method IBBP GOP1 IBBP GOP2 

I Type P Type B Type I Type P Type B Type 

AKI Linear fit 345.4 3082.9 6980.4 887.3 2657.1 7296.9 

Quadratic fit 3.2 30.6 77.5 7.3 18.9 60.1 

Exponential fit 996.5 8840.3 20197.7 2511.6 7469.8 20646.2 

Logarithmic fit 804.4 7155.5 16178.9 2038.8 6078.2 16618.3 

Power Regression 1709.8 15152.7 34525.4 4285.0 12718.2 35003.7 

LNP fit 8452.5 74907.1 169153.7 20994.6 62203.0 169038.4 

CGD Linear fit 533.1 4161.5 16612.8 1237.3 2748.1 15098.6 

Quadratic fit 258.6 1914.4 2725.8 554.1 1422.1 2442.9 

Exponential fit 8438.5 63526.1 93131.4 18021.8 50739.9 85232.6 

Logarithmic fit 335.3 2688.6 6152.9 726.0 2276.3 5501.3 

Power Regression 14344.2 109773.8 180753.7 31160.0 87034.3 166600.1 

LNP fit 17882.5 153404.8 276188.5 42524.0 131080.1 274409.4 

DEA Linear fit 376.8 3546.7 7215.8 1007.3 3177.6 7699.9 

Quadratic fit 13.8 105.7 316.0 26.7 71.1 293.4 

Exponential fit 2632.5 23324.1 53554.0 6578.6 19864.1 54397.0 

Logarithmic fit 1079.2 9892.6 21068.2 2799.7 8623.9 21893.3 

Power Regression 4302.3 37957.7 87458.5 10689.6 32110.9 88335.8 

LNP fit 15058.6 133234.0 301101.4 37427.8 111883.9 302460.9 

FLG Linear fit 411.0 3442.1 5756.6 926.9 3225.2 6324.5 

Quadratic fit 67.0 588.0 1347.5 144.6 386.7 1099.4 

Exponential fit 4295.2 36381.9 82340.9 9370.6 27981.7 74321.3 

Logarithmic fit 1183.7 10129.2 18942.3 2768.9 9053.2 20046.2 

Power Regression 6857.5 58426.8 133869.2 15134.5 44775.6 120606.9 

LNP fit 18456.8 161217.8 356163.5 43869.9 131034.4 343746.5 

FOR Linear fit 127.5 1075.4 2572.1 236.1 654.4 2042.5 

Quadratic fit 35.0 429.1 1112.1 98.7 237.9 937.9 

Exponential fit 1475.1 16666.7 45307.5 4019.4 13377.0 44943.7 

Logarithmic fit 178.7 2053.8 5291.9 555.8 1727.4 5813.6 

Power Regression 2919.3 31359.8 82533.6 7672.3 24943.0 80533.4 

LNP fit 9697.0 94901.4 225613.3 25809.5 79582.5 230203.6 

FOT Linear fit 1046.2 8018.2 22824.1 2106.0 5821.5 20530.8 

Quadratic fit 123.9 1192.1 3953.5 330.3 1119.6 4290.6 

Exponential fit 2276.6 24609.8 69436.7 6802.5 22483.7 75421.0 

Logarithmic fit 479.7 3682.9 10950.7 995.0 2677.6 9800.9 

Power Regression 5019.7 51254.8 141997.4 14007.5 45397.0 149778.0 

LNP fit 10579.5 99716.4 220447.3 27911.8 89012.1 230349.6 

Table B.25 – Cumulative squared error for SSIM-QP curve fitting for video sequences Akiyo, 

Coastguard, Deadline, Flower Garden, Foreman and Football (IBBP GOP1 and IBBP GOP2) 
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Sequence Fit Method IBBP GOP1 IBBP GOP2 

I Type P Type B Type I Type P Type B Type 

HAL Linear fit 221.6 1860.7 5186.6 515.1 1464.3 5042.9 

Quadratic fit 9.7 83.4 226.0 24.7 79.4 233.4 

Exponential fit 603.2 5076.3 12609.8 1394.7 4123.4 12253.1 

Logarithmic fit 507.5 4313.9 10920.8 1192.7 3481.1 10656.6 

Power Regression 1034.3 8773.8 20852.8 2412.3 7208.8 20315.0 

LNP fit 5404.6 46827.0 102213.2 12905.2 39407.8 100215.0 

MAD Linear fit 277.0 2552.0 5520.5 744.2 2290.2 6031.5 

Quadratic fit 40.4 322.1 1143.0 100.9 266.5 1190.0 

Exponential fit 1935.8 16967.1 38720.2 4812.1 14193.9 39209.8 

Logarithmic fit 833.9 7544.8 16371.7 2158.5 6553.4 17205.8 

Power Regression 3295.3 28826.1 66106.1 8151.7 23994.8 66477.9 

LNP fit 12804.0 112583.5 254408.5 31671.5 93837.5 254498.9 

NEW Linear fit 403.8 3501.1 7735.0 982.0 2997.9 7866.9 

Quadratic fit 21.9 142.9 438.1 37.8 114.5 411.5 

Exponential fit 2136.4 17741.5 42778.0 5026.9 14790.4 42759.3 

Logarithmic fit 1064.6 9199.3 20678.8 2587.1 7790.8 20874.2 

Power Regression 3522.3 29376.8 70516.9 8317.2 24454.5 70394.7 

LNP fit 13548.1 115968.3 268371.1 32685.8 96641.4 268021.6 

PAR Linear fit 119.7 1157.6 2572.8 323.9 1025.4 2698.5 

Quadratic fit 27.9 242.1 633.4 66.8 200.3 615.1 

Exponential fit 2176.4 19314.3 48280.8 5392.9 15705.6 47492.4 

Logarithmic fit 600.7 5580.4 12593.8 1563.6 4778.8 12884.2 

Power Regression 3886.7 34382.0 84873.0 9605.2 28008.0 83525.6 

LNP fit 14705.3 130874.5 302895.6 36626.4 108624.6 302058.0 

SIL Linear fit 117.4 1001.6 2884.8 256.9 739.4 2479.7 

Quadratic fit 63.1 549.2 1561.1 141.3 420.4 1498.5 

Exponential fit 2481.3 22201.2 53224.1 6121.5 18691.4 54478.2 

Logarithmic fit 156.8 1377.4 3227.1 389.4 1217.4 3543.1 

Power Regression 4770.9 42641.9 101705.4 11764.8 35755.3 103306.8 

LNP fit 13877.1 124050.2 280543.8 34706.9 104939.7 287722.8 

MCL Linear fit 369.7 3571.2 3857.4 872.6 3154.7 4674.7 

Quadratic fit 62.0 402.4 954.3 116.9 311.5 780.7 

Exponential fit 4772.1 41875.3 86596.7 9927.6 33308.2 79423.1 

Logarithmic fit 1168.3 10909.3 16128.6 2762.0 9327.9 17514.4 

Power Regression 7503.4 65500.4 140863.3 15891.8 52224.8 129198.4 

LNP fit 19220.0 170326.1 364710.6 45230.5 140903.9 356522.4 

Table B.26 – Cumulative squared error for SSIM-QP curve fitting for video sequences Hall, 

Mother and Daughter, News, Paris, Silence and Mobile and Calendar (IBBP GOP1 and IBBP 

GOP2)  
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Sequence Fit Method IPPP GOP1 IPPP GOP2 

I Type P Type I Type P Type 

AKI Linear fit 2482.5 7429.5 967.7 8877.6 

Quadratic fit 33.2 102.2 13.2 106.8 

Exponential fit 7421.9 22049.9 2967.8 26609.7 

Logarithmic fit 5891.3 17564.7 2328.3 21068.5 

Power Regression 12805.7 38010.3 5141.0 45877.6 

LNP fit 63775.1 189115.3 25728.8 228078.4 

CGD Linear fit 3966.0 6955.1 1949.7 13582.7 

Quadratic fit 1565.4 3431.2 776.0 5535.1 

Exponential fit 48395.9 136519.2 23404.7 181249.2 

Logarithmic fit 2067.2 5816.1 1012.1 7872.5 

Power Regression 85719.0 236066.9 40797.5 317491.8 

LNP fit 121921.9 377931.8 50200.5 444678.6 

DEA Linear fit 2915.4 9203.7 1093.3 10255.6 

Quadratic fit 94.1 267.7 45.2 341.9 

Exponential fit 20371.3 61107.9 8190.1 72864.7 

Logarithmic fit 8280.1 25521.1 3204.3 29346.3 

Power Regression 33091.4 98894.7 13363.6 118475.3 

LNP fit 113912.2 340536.4 45839.8 407346.5 

FLG Linear fit 2677.3 9803.2 1071.2 9940.2 

Quadratic fit 445.7 1203.1 242.2 1806.4 

Exponential fit 30129.5 91326.3 14056.2 113207.3 

Logarithmic fit 8195.1 27704.0 3296.7 29985.8 

Power Regression 48519.1 145073.7 22466.8 181530.6 

LNP fit 134569.4 404916.7 56963.8 490195.3 

FOR Linear fit 749.9 1994.4 390.2 2526.0 

Quadratic fit 256.0 714.6 113.8 986.7 

Exponential fit 14056.9 43182.2 5509.5 52222.5 

Logarithmic fit 1720.8 5289.0 645.4 6033.7 

Power Regression 26203.9 79521.3 10499.1 96746.5 

LNP fit 80371.7 241975.3 31656.4 290285.8 

FOT Linear fit 5793.9 15022.3 2618.4 21542.7 

Quadratic fit 1111.7 3118.7 441.7 3799.1 

Exponential fit 23072.6 66364.8 8917.5 78232.9 

Logarithmic fit 2770.9 6848.6 1282.0 10187.2 

Power Regression 46140.0 133456.0 18273.9 158740.9 

LNP fit 86415.2 264255.5 33649.8 303623.7 

Table B.27 – Cumulative squared error for SSIM-QP curve fitting for video sequences Akiyo, 
Coastguard, Deadline, Flower Garden, Foreman and Football (IPPP GOP1 and IPPP GOP2) 
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Sequence Fit Method IPPP GOP1 IPPP GOP2 

I Type P Type I Type P Type 

HAL Linear fit 1543.4 4350.7 634.0 5443.0 

Quadratic fit 75.1 249.8 26.1 264.2 

Exponential fit 4263.1 12548.9 1768.3 15319.4 

Logarithmic fit 3587.4 10423.1 1474.7 12792.3 

Power Regression 7359.8 21940.9 3047.4 26553.1 

LNP fit 38989.1 119279.0 15990.9 141467.1 

MAD Linear fit 2015.0 5974.1 723.3 6890.8 

Quadratic fit 317.5 914.1 121.0 1056.6 

Exponential fit 14108.1 40791.4 5924.9 50716.1 

Logarithmic fit 6096.1 18069.4 2331.3 21356.9 

Power Regression 24121.1 70054.4 10150.2 86889.8 

LNP fit 94396.5 279113.4 38748.1 338901.8 

NEW Linear fit 2973.8 8975.0 1109.2 10511.3 

Quadratic fit 125.8 330.7 55.3 460.4 

Exponential fit 15971.0 46660.8 6432.2 56963.1 

Logarithmic fit 7897.3 23613.6 3048.3 28023.8 

Power Regression 26319.8 76899.2 10655.4 93924.1 

LNP fit 100828.2 297034.3 40735.2 359896.7 

PAR Linear fit 972.6 2971.5 375.2 3466.5 

Quadratic fit 229.7 618.1 95.8 797.2 

Exponential fit 16738.2 48512.7 7089.9 60314.4 

Logarithmic fit 4697.7 14178.6 1858.2 16793.8 

Power Regression 29730.4 86339.7 12515.2 106915.9 

LNP fit 111290.4 329499.7 45227.1 398045.9 

SIL Linear fit 1262.1 3487.1 576.1 4491.3 

Quadratic fit 462.4 1275.0 201.6 1626.3 

Exponential fit 18346.7 53411.2 7528.8 65402.0 

Logarithmic fit 833.7 2445.5 334.8 2949.9 

Power Regression 36013.8 105156.3 14779.2 128406.2 

LNP fit 100309.3 300613.2 40013.8 357974.9 

MCL Linear fit 2607.8 9062.1 1001.5 9489.9 

Quadratic fit 464.3 1401.0 229.4 1841.6 

Exponential fit 42113.1 126301.0 18635.7 153566.4 

Logarithmic fit 8649.3 28056.7 3413.3 31168.8 

Power Regression 65528.9 195796.5 28805.2 238740.9 

LNP fit 151569.1 459234.3 62122.0 545774.3 

Table B.28 – Cumulative squared error for SSIM-QP curve fitting for video sequences Hall, 
Mother and Daughter, News, Paris, Silence and Mobile and Calendar (IPPP GOP1 and IPPP 

GOP2) 
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B.5 Rate-SSIM Curve Fitting Tables (SSIM) 

 

Sequence Fit Method IBBP GOP1 IBBP GOP2 

I Type P Type B Type I Type P Type B Type 

AKI Linear fit 3,01E+08 1,61E+08 4,31E+09 3,38E+08 1,21E+08 8,53E+09 

Quadratic fit 4,74E+07 5,30E+07 7,85E+08 5,95E+07 3,99E+07 1,39E+09 

Exponential fit 8,66E+07 8,93E+07 1,38E+09 1,05E+08 6,74E+07 2,57E+09 

Logarithmic fit 4,47E+08 1,94E+08 6,11E+09 4,91E+08 1,45E+08 1,25E+10 

Power Regression 1,96E+08 1,34E+08 2,91E+09 2,24E+08 1,01E+08 5,73E+09 

LNP fit 2,33E+09 4,63E+08 2,72E+10 2,44E+09 3,46E+08 6,03E+10 

CGD Linear fit 4,18E+09 3,41E+10 6,57E+10 9,52E+09 2,84E+10 6,77E+10 

Quadratic fit 4,20E+08 3,67E+09 3,98E+09 8,65E+08 3,03E+09 3,91E+09 

Exponential fit 5,47E+08 3,00E+09 1,49E+11 1,71E+09 1,71E+09 1,49E+11 

Logarithmic fit 1,21E+10 7,18E+10 2,86E+11 2,37E+10 5,85E+10 3,01E+11 

Power Regression 6,37E+09 4,52E+10 6,19E+10 1,31E+10 3,78E+10 6,31E+10 

LNP fit 2,35E+10 1,23E+11 7,55E+11 4,47E+10 9,95E+10 8,37E+11 

DEA Linear fit 1,40E+09 2,17E+09 1,88E+10 1,80E+09 1,81E+09 3,42E+10 

Quadratic fit 1,80E+08 4,85E+08 2,62E+09 2,69E+08 4,25E+08 4,17E+09 

Exponential fit 2,18E+08 6,06E+08 2,83E+09 3,22E+08 5,48E+08 4,35E+09 

Logarithmic fit 2,71E+09 3,17E+09 3,65E+10 3,28E+09 2,60E+09 7,05E+10 

Power Regression 1,13E+09 1,84E+09 1,58E+10 1,46E+09 1,55E+09 2,88E+10 

LNP fit 9,93E+09 6,91E+09 1,24E+11 1,12E+10 5,61E+09 2,61E+11 

FLG Linear fit 1,10E+10 8,36E+10 2,09E+11 2,66E+10 6,68E+10 2,30E+11 

Quadratic fit 2,03E+09 1,78E+10 2,81E+10 5,09E+09 1,59E+10 3,13E+10 

Exponential fit 2,47E+09 2,49E+10 2,81E+10 6,51E+09 2,46E+10 3,36E+10 

Logarithmic fit 1,85E+10 1,25E+11 4,23E+11 4,17E+10 9,50E+10 4,73E+11 

Power Regression 1,08E+10 8,68E+10 1,86E+11 2,63E+10 6,95E+10 2,04E+11 

LNP fit 4,90E+10 2,31E+11 1,12E+12 9,24E+10 1,75E+11 1,38E+12 

FOR Linear fit 7,64E+08 4,29E+09 2,29E+10 1,59E+09 3,37E+09 3,13E+10 

Quadratic fit 8,54E+07 8,55E+08 2,59E+09 2,37E+08 6,82E+08 3,15E+09 

Exponential fit 1,18E+08 1,20E+09 4,26E+09 3,09E+08 1,06E+09 5,45E+09 

Logarithmic fit 1,43E+09 6,73E+09 5,46E+10 2,71E+09 5,21E+09 8,20E+10 

Power Regression 5,77E+08 4,50E+09 2,38E+10 1,41E+09 3,55E+09 3,31E+10 

LNP fit 5,67E+09 1,51E+10 1,51E+11 8,67E+09 1,16E+10 2,38E+11 

FOT Linear fit 1,47E+09 1,02E+10 3,01E+10 3,39E+09 9,28E+09 3,42E+10 

Quadratic fit 1,79E+08 1,04E+09 6,41E+09 3,86E+08 9,75E+08 7,00E+09 

Exponential fit 1,63E+09 1,01E+10 3,82E+10 2,91E+09 6,77E+09 3,77E+10 

Logarithmic fit 7,87E+09 4,16E+10 1,70E+11 1,50E+10 3,53E+10 1,96E+11 

Power Regression 1,68E+09 9,05E+09 4,57E+10 3,45E+09 8,17E+09 5,52E+10 

LNP fit 2,87E+10 1,32E+11 5,81E+11 5,05E+10 1,09E+11 6,64E+11 

Table B.29 – Cumulative squared error for Rate-SSIM curve fitting for video sequences Akiyo, 

Coastguard, Deadline, Flower Garden, Foreman and Football (IBBP GOP1 and IBBP GOP2) 
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Sequence Fit Method IBBP GOP1 IBBP GOP2 

I Type P Type B Type I Type P Type B Type 

HAL Linear fit 1,11E+09 7,42E+09 3,04E+10 2,34E+09 7,19E+09 3,99E+10 

Quadratic fit 2,53E+08 2,50E+09 7,26E+09 6,76E+08 2,41E+09 8,41E+09 

Exponential fit 4,23E+08 3,88E+09 1,27E+10 1,10E+09 3,68E+09 1,54E+10 

Logarithmic fit 1,46E+09 8,64E+09 3,83E+10 2,89E+09 8,38E+09 5,21E+10 

Power Regression 7,88E+08 6,09E+09 2,21E+10 1,82E+09 5,87E+09 2,82E+10 

LNP fit 5,42E+09 1,65E+10 9,71E+10 8,15E+09 1,62E+10 1,51E+11 

MAD Linear fit 6,37E+08 7,89E+08 1,13E+10 7,68E+08 6,50E+08 1,79E+10 

Quadratic fit 1,02E+08 2,03E+08 2,30E+09 1,38E+08 1,63E+08 3,45E+09 

Exponential fit 8,30E+07 2,03E+08 2,28E+09 1,25E+08 1,65E+08 3,30E+09 

Logarithmic fit 1,13E+09 1,11E+09 1,90E+10 1,30E+09 9,22E+08 3,14E+10 

Power Regression 4,17E+08 5,64E+08 8,50E+09 5,18E+08 4,64E+08 1,33E+10 

LNP fit 4,31E+09 2,58E+09 6,02E+10 4,69E+09 2,16E+09 1,11E+11 

NEW Linear fit 6,61E+08 8,75E+08 9,93E+09 7,81E+08 7,46E+08 1,71E+10 

Quadratic fit 9,77E+07 1,59E+08 1,55E+09 1,19E+08 1,43E+08 2,51E+09 

Exponential fit 1,27E+08 1,52E+08 1,94E+09 1,51E+08 1,29E+08 3,34E+09 

Logarithmic fit 1,19E+09 1,36E+09 1,77E+10 1,37E+09 1,16E+09 3,16E+10 

Power Regression 5,10E+08 5,48E+08 7,84E+09 5,89E+08 4,59E+08 1,39E+10 

LNP fit 4,64E+09 4,01E+09 6,27E+10 5,13E+09 3,48E+09 1,19E+11 

PAR Linear fit 1,69E+09 4,78E+09 2,63E+10 2,51E+09 3,92E+09 4,14E+10 

Quadratic fit 1,54E+08 5,65E+08 2,41E+09 2,43E+08 4,65E+08 3,62E+09 

Exponential fit 4,25E+07 1,48E+08 6,53E+08 7,48E+07 1,21E+08 1,04E+09 

Logarithmic fit 3,97E+09 8,52E+09 6,34E+10 5,44E+09 6,91E+09 1,07E+11 

Power Regression 1,21E+09 2,41E+09 1,91E+10 1,62E+09 2,00E+09 3,29E+10 

LNP fit 1,77E+10 2,45E+10 2,49E+11 2,20E+10 2,00E+10 4,74E+11 

SIL Linear fit 7,71E+08 7,02E+08 9,90E+09 8,41E+08 6,35E+08 2,08E+10 

Quadratic fit 3,72E+07 7,74E+07 7,62E+08 4,53E+07 6,91E+07 1,45E+09 

Exponential fit 1,77E+08 3,48E+07 7,53E+08 1,80E+08 2,86E+07 1,74E+09 

Logarithmic fit 2,90E+09 1,62E+09 3,23E+10 3,05E+09 1,46E+09 7,02E+10 

Power Regression 7,17E+08 5,80E+08 9,66E+09 7,83E+08 5,17E+08 2,02E+10 

LNP fit 8,89E+09 3,77E+09 9,41E+10 9,20E+09 3,40E+09 2,09E+11 

MCL Linear fit 1,94E+10 1,62E+11 3,01E+11 4,57E+10 1,30E+11 3,21E+11 

Quadratic fit 3,53E+09 3,06E+10 3,48E+10 8,46E+09 2,58E+10 3,77E+10 

Exponential fit 2,76E+09 2,85E+10 2,15E+10 7,22E+09 2,46E+10 2,77E+10 

Logarithmic fit 3,41E+10 2,50E+11 6,15E+11 7,36E+10 1,98E+11 6,83E+11 

Power Regression 1,97E+10 1,65E+11 2,89E+11 4,37E+10 1,28E+11 3,12E+11 

LNP fit 7,87E+10 4,37E+11 1,27E+12 1,59E+11 3,69E+11 1,55E+12 

Table B.30 – Cumulative squared error for Rate-SSIM curve fitting for video sequences Hall, 

Mother and Daughter, News, Paris, Silence and Mobile and Calendar (IBBP GOP1 and IBBP 

GOP2) 
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Sequence Fit Method IPPP GOP1 IPPP GOP2 

I Type P Type I Type P Type 

AKI Linear fit 613473388 20707794920 415092949 9002022307 

Quadratic fit 127297508 3047888918 73668532 1401881644 

Exponential fit 232439444 5606145433 127498323 2581468800 

Logarithmic fit 840719008 31082809444 595367424 13304165730 

Power Regression 439208757 13431156922 274385961 5930714565 

LNP fit 3438165192 165379107560 2811032072 67964689040 

CGD Linear fit 18229867587 92314822430 7065143729 78208975418 

Quadratic fit 1231841802 6427244511 529878546 5465990489 

Exponential fit 10054563686 27659706746 3856472759 33316574702 

Logarithmic fit 65343482859 372800519067 27926530810 297942079209 

Power Regression 18176966131 123435780295 8554435593 92653978118 

LNP fit 150702256491 950242027780 64491561006 719042057104 

DEA Linear fit 3372260310 85736918172 2005688172 39058837635 

Quadratic fit 516666876 9286972100 272264569 4531465213 

Exponential fit 661567070 9909579785 324502473 5131165055 

Logarithmic fit 5905579111 179480922162 3753987736 79013926035 

Power Regression 2792686918 70431795513 1641322618 32207873613 

LNP fit 18021360396 699103587039 12695503614 294534435908 

FLG Linear fit 65014197385 323045229512 26564469176 278150019353 

Quadratic fit 8366853301 41428223153 3420755488 35041712063 

Exponential fit 4290171237 30439360333 1575639394 20243607189 

Logarithmic fit 120462553753 736981040279 52492205022 577447491453 

Power Regression 45981236341 286898505754 20569033259 218808153325 

LNP fit 303889417534 2467034298954 137185734463 1667539035528 

FOR Linear fit 6039087836 53107969049 2619151790 34687045565 

Quadratic fit 594496123 3862827094 223832004 2977495454 

Exponential fit 699101874 12007842129 200107878 6161290425 

Logarithmic fit 12153398136 166806545398 5617666663 93209387258 

Power Regression 6363355938 54877367941 2612596186 36886609280 

LNP fit 32039016674 553736835541 15564683509 285732671902 

FOT Linear fit 9818632608 43256349336 4187542067 38943522169 

Quadratic fit 1225726656 5240157944 587513641 4915863749 

Exponential fit 7509860991 37978239014 2959054613 31895893340 

Logarithmic fit 45124691509 244275006152 19684322086 192430485244 

Power Regression 12453524156 63517725387 5395127371 51633874368 

LNP fit 146882389706 858076978653 66242431323 650103497582 

Table B.31 – Cumulative squared error for Rate-SSIM curve fitting for video sequences Akiyo, 
Coastguard, Deadline, Flower Garden, Foreman and Football (IPPP GOP1 and IPPP GOP2) 
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Sequence Fit Method IPPP GOP1 IPPP GOP2 

I Type P Type I Type P Type 

HAL Linear fit 9538834718 60062458899 3619366025 44377452434 

Quadratic fit 2279018795 8343308829 855273376 8503823034 

Exponential fit 3952643739 16694857324 1433603149 15537497711 

Logarithmic fit 11789367661 86371196539 4567662753 59349905986 

Power Regression 7034236812 39076682731 2609714691 30992782366 

LNP fit 27974235748 368978311459 12257903520 196356316534 

MAD Linear fit 2061700134 36333245069 1079290656 18330104394 

Quadratic fit 447896611 5543919826 192912607 3109392286 

Exponential fit 562003282 4815356505 203373345 3098214396 

Logarithmic fit 3220696578 67514857289 1815444327 32691637101 

Power Regression 1612611822 25315911058 789873214 13311974449 

LNP fit 9564234579 266889819323 6131022588 120136728184 

NEW Linear fit 1718905536 40296939747 1128259443 18557971400 

Quadratic fit 298434509 5235608981 174763713 2562358615 

Exponential fit 417483183 7753723054 243045060 3759675887 

Logarithmic fit 2862210497 74802039818 1972236831 33534976387 

Power Regression 1368074055 32219734376 907153363 14736475485 

LNP fit 9231061879 299083797426 6754811461 129118893299 

PAR Linear fit 5217904403 90038407371 2719140584 45353483319 

Quadratic fit 474932244 7240745522 241922684 3766809810 

Exponential fit 144340206 2285333102 76738097 1133238864 

Logarithmic fit 11213854617 240824847958 6287366136 115160793252 

Power Regression 3505371990 72573200296 1984562608 34944138274 

LNP fit 42278772255 1192209900695 25293761140 537136875068 

SIL Linear fit 1443506402 48776623911 946977088 21281338990 

Quadratic fit 101614673 2260051126 54586640 1098821935 

Exponential fit 235614355 7892045543 209547777 3218394492 

Logarithmic fit 4894828182 183787587939 3484742464 78470429024 

Power Regression 1392402446 48171446455 918393768 21116988451 

LNP fit 14266160840 568735158433 10558100979 239485078073 

MCL Linear fit 106586315230 456365198116 41944450709 428641851422 

Quadratic fit 11988999358 50461120174 4384832556 46300223060 

Exponential fit 4360661602 33583455443 1079902494 20887773662 

Logarithmic fit 215953724052 1175260310112 91155030869 974493290466 

Power Regression 93216543824 462685399217 38041123795 395885313929 

LNP fit 420629953492 2809815466379 182681118300 2099757222355 

Table B.32 – Cumulative squared error for Rate-SSIM curve fitting for video sequences Hall, 
Mother and Daughter, News, Paris, Silence and Mobile and Calendar (IPPP GOP1 and IPPP 

GOP2) 
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C.1 Joint Coding Results (Charts) 

 

 

 

 

Figure C.1 – Joint Coding Mux Bit (IPPP GOP2; 256kbps; 2SRC)  

 

 

 



324 Annex C. Joint Coding Results 

 

 

 

 

 

 

 

Figure C.2 – Joint Coding Mux Bit (IPPP GOP2; 256kbps; 3SRC)  
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Figure C.3 – Joint Coding Mux PSNR (IPPP GOP2; 256kbps; 2SRC) 
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Figure C.4 – Joint Coding Mux PSNR (IPPP GOP2; 256kbps; 3SRC) 
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Figure C.5 – Joint Coding Mux PSPNR (IPPP GOP2; 256kbps; 2SRC) 
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Figure C.6 – Joint Coding Mux PSPNR (IPPP GOP2; 256kbps; 3SRC) 
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Figure C.7 – Joint Coding Mux SSIM (IPPP GOP2; 256kbps; 2SRC) 
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Figure C.8 – Joint Coding Mux SSIM (IPPP GOP2; 256kbps; 3SRC) 

 



Annex C. Joint Coding Results 331 

 

 

C.2 Joint Coding Results (Tables) 

 

Bit Rate Group 

Name 

Metric mux_bit mux_psnr mux_ssim mux_pspnr 

256 AB PSNR 0.09 0.08 0.07 -0.05 

256 AB PSPNR -0.20 -0.25 -0.27 -1.30 

256 AB SSIM 1.49 1.43 1.38 0.15 

256 AC PSNR -0.79 -0.83 -0.87 -1.88 

256 AC PSPNR -1.13 -1.16 -1.22 -2.71 

256 AC SSIM -0.28 -0.30 -0.30 -0.57 

256 BC PSNR 0.13 0.11 0.15 -0.01 

256 BC PSPNR 0.11 0.10 0.14 -0.02 

256 BC SSIM 0.87 0.74 0.92 0.34 

512 AB PSNR 0.15 0.12 0.12 -0.03 

512 AB PSPNR -0.24 -0.35 -0.39 -1.35 

512 AB SSIM 2.69 2.65 2.71 0.72 

512 AC PSNR -0.13 -0.18 -0.23 -0.70 

512 AC PSPNR -1.19 -1.35 -1.49 -2.88 

512 AC SSIM 3.64 3.76 3.57 2.60 

512 BC PSNR 0.12 0.11 0.12 -0.02 

512 BC PSPNR 0.09 0.08 0.10 -0.04 

512 BC SSIM 1.26 1.15 1.39 0.67 

Table C.1 – Joint Coding Simulation Gain (IPPP GOP1; 2SRC) 

Bit Rate Group 

Name 

Metric mux_bit mux_psnr mux_ssim mux_pspnr 

256 AB PSNR 0.31 0.21 0.22 0.18 

256 AB PSPNR 0.16 -0.13 -0.11 -0.21 

256 AB SSIM 2.68 2.66 2.65 2.73 

256 AC PSNR -0.19 -0.38 -0.39 -0.39 

256 AC PSPNR -0.6 -0.98 -0.93 -0.97 

256 AC SSIM 2.3 2.15 2.14 2.11 

256 BC PSNR 0.18 0.17 0.16 0.19 

256 BC PSPNR 0.21 0.15 0.17 0.19 

256 BC SSIM 0.02 -0.12 -0.07 -0.16 

512 AB PSNR 0.26 0.2 0.2 0.22 

512 AB PSPNR 0.11 -0.25 -0.21 -0.2 

512 AB SSIM 2.58 2.49 2.48 2.61 

512 AC PSNR 0.41 0.36 0.35 0.35 

512 AC PSPNR -0.43 -0.77 -0.78 -0.81 

512 AC SSIM 6.06 6.48 6.43 6.49 

512 BC PSNR 0.26 0.27 0.28 0.26 

512 BC PSPNR 0.37 0.36 0.36 0.33 

512 BC SSIM 2.57 2.58 2.48 2.39 

Table C.2 – Joint Coding Simulation Gain (IPPP GOP2; 2SRC)  
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Bit Rate  Group 

Name 

Metric mux_bit mux_psnr mux_ssim mux_pspnr 

256 AB PSNR 2.02 1.36 1.33 0.56 

256 AB PSPNR 6.56 5.23 6.50 1.97 

256 AB SSIM 13.41 13.31 13.34 3.16 

256 AC PSNR 0.90 0.80 0.78 0.61 

256 AC PSPNR 2.44 1.84 2.16 1.44 

256 AC SSIM 10.43 9.38 10.14 5.34 

256 BC PSNR 1.73 1.73 1.71 0.15 

256 BC PSPNR 7.05 7.05 6.99 1.27 

256 BC SSIM 9.47 8.76 9.12 2.21 

512 AB PSNR 2.13 2.07 2.03 0.38 

512 AB PSPNR 3.57 1.61 1.44 1.60 

512 AB SSIM 7.57 6.13 6.08 2.24 

512 AC PSNR 0.61 0.36 0.53 0.65 

512 AC PSPNR -0.88 -1.57 -0.08 -1.09 

512 AC SSIM 3.32 3.73 3.16 0.76 

512 BC PSNR 1.49 1.52 1.52 0.82 

512 BC PSPNR 7.12 7.25 7.25 -0.05 

512 BC SSIM 8.02 8.24 8.32 1.36 

Table C.3 – Joint Coding Simulation Gain (IBBP GOP1; 2SRC) 

Bit Rate Group 

Name 

Metric mux_bit mux_psnr mux_ssim mux_pspnr 

256 AB PSNR 0.22 0.13 0.16 0.02 

256 AB PSPNR -0.48 -1.87 -1.81 -2.13 

256 AB SSIM 3.41 1.93 2.02 1.55 

256 AC PSNR 0.04 -0.60 -0.61 -0.64 

256 AC PSPNR -4.60 -5.35 -5.67 -5.35 

256 AC SSIM -1.13 -1.64 -2.05 -1.64 

256 BC PSNR 0.67 0.27 0.34 0.37 

256 BC PSPNR -0.68 -1.30 -1.19 -1.15 

256 BC SSIM 1.96 3.75 3.32 3.40 

512 AB PSNR 1.04 0.68 0.76 0.59 

512 AB PSPNR 0.42 -0.89 -0.66 -1.15 

512 AB SSIM 3.82 3.32 3.40 3.11 

512 AC PSNR -0.23 -1.11 -0.88 -1.10 

512 AC PSPNR -4.18 -6.09 -5.65 -6.09 

512 AC SSIM 2.33 0.28 0.52 0.15 

512 BC PSNR 0.68 0.58 0.60 0.60 

512 BC PSPNR 0.13 -0.04 -0.01 -0.03 

512 BC SSIM 2.29 1.65 1.73 1.65 

Table C.4 – Joint Coding Simulation Gain (IBBP GOP2; 2SRC) 
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Bit Rate Group 

 Name 

Metric mux_bit mux_psnr mux_ssim mux_pspnr 

256 AAB PSNR 0.15 0.11 0.12 -0.36 

256 AAB PSPNR -0.21 -0.25 -0.29 -1.75 

256 AAB SSIM 1.45 1.44 1.26 -2.32 

256 ABB PSNR 0.1 0.07 0.09 -0.31 

256 ABB PSPNR -0.13 -0.24 -0.23 -0.84 

256 ABB SSIM 1.16 1.33 1.07 -0.62 

256 ABC PSNR -0.18 -0.32 -0.25 -0.94 

256 ABC PSPNR -0.76 -1.07 -0.9 -1.91 

256 ABC SSIM 2.17 1.84 2.02 1.61 

256 ACC PSNR -0.23 -0.34 -0.27 -0.83 

256 ACC PSPNR -0.78 -0.94 -0.88 -1.74 

256 ACC SSIM -1.43 -1.77 -1.25 -3.18 

256 BBC PSNR 0.08 0.07 0.08 -0.01 

256 BBC PSPNR 0.06 0.04 0.06 -0.05 

256 BBC SSIM 0.67 0.65 0.74 0.21 

256 BCC PSNR 0.05 0.04 0.07 0.01 

256 BCC PSPNR 0.08 0.07 0.09 -0.05 

256 BCC SSIM 0.31 0.32 0.37 -1.18 

512 AAB PSNR 0.22 0.18 0.2 -0.21 

512 AAB PSPNR -0.26 -0.35 -0.33 -1.66 

512 AAB SSIM 2.4 2.47 2.42 1.27 

512 ABB PSNR 0.17 0.13 0.14 -0.15 

512 ABB PSPNR 0.07 -0.1 -0.16 -0.64 

512 ABB SSIM 2.47 2.55 2.56 1.59 

512 ABC PSNR 0.32 0.12 0.27 -0.43 

512 ABC PSPNR -0.33 -0.45 -0.64 -0.97 

512 ABC SSIM 2.87 2.78 3.02 2.22 

512 ACC PSNR 0.09 -0.03 0.12 0.37 

512 ACC PSPNR -0.18 -0.21 -0.24 -1.97 

512 ACC SSIM 1.65 1.57 1.52 0.49 

512 BBC PSNR 0.13 0.11 0.12 0.03 

512 BBC PSPNR 0.14 0.1 0.13 0.03 

512 BBC SSIM 1.44 1.35 1.35 0.8 

512 BCC PSNR 0.09 0.08 0.09 0.01 

512 BCC PSPNR 0.06 0.03 0.07 -0.03 

512 BCC SSIM 0.47 0.41 0.49 0.27 

Table C.5 – Joint Coding Simulation Gain (IPPP GOP1; 3SRC) 
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Bit Rate Group  

Name 

Metric mux_bit mux_psnr mux_ssim mux_pspnr 

256 AAB PSNR 0.29 0.13 0.17 0.11 

256 AAB PSPNR 0.2 -0.26 -0.18 -0.34 

256 AAB SSIM 2.91 2.44 2.55 2.38 

256 ABB PSNR 0.28 0.23 0.22 0.23 

256 ABB PSPNR 0.16 -0.02 -0.04 -0.05 

256 ABB SSIM 2.36 2.51 2.49 2.57 

256 ABC PSNR 0.17 0.04 0.04 0.03 

256 ABC PSPNR -0.31 -0.63 -0.64 -0.67 

256 ABC SSIM 1.66 1.46 1.38 1.35 

256 ACC PSNR 0.18 0.11 0.13 0.08 

256 ACC PSPNR -0.4 -0.6 -0.55 -0.62 

256 ACC SSIM 1.46 1.16 1.27 1.37 

256 BBC PSNR 0.16 0.13 0.15 0.15 

256 BBC PSPNR 0.19 0.13 0.17 0.16 

256 BBC SSIM 0.15 0.02 0.08 0.01 

256 BCC PSNR 0.16 0.14 0.17 0.09 

256 BCC PSPNR 0.16 0.15 0.17 0.07 

256 BCC SSIM -0.09 -0.2 -0.05 -0.09 

512 AAB PSNR 0.27 0.18 0.18 0.17 

512 AAB PSPNR 0.2 -0.2 -0.23 -0.27 

512 AAB SSIM 2.77 2.56 2.55 2.48 

512 ABB PSNR 0.19 0.17 0.17 0.17 

512 ABB PSPNR -0.01 -0.2 -0.19 -0.2 

512 ABB SSIM 1.94 2.11 2.03 2.1 

512 ABC PSNR 0.31 0.29 0.29 0.29 

512 ABC PSPNR -0.22 -0.44 -0.43 -0.42 

512 ABC SSIM 4.36 4.74 4.75 4.79 

512 ACC PSNR 0.31 0.32 0.31 0.3 

512 ACC PSPNR -0.39 -0.47 -0.44 -0.48 

512 ACC SSIM 4.7 4.94 4.94 4.91 

512 BBC PSNR 0.26 0.28 0.29 0.29 

512 BBC PSPNR 0.38 0.39 0.37 0.38 

512 BBC SSIM 2.47 2.64 2.65 2.67 

512 BCC PSNR 0.19 0.19 0.18 0.19 

512 BCC PSPNR 0.29 0.22 0.21 0.22 

512 BCC SSIM 1.73 1.92 1.9 1.82 

Table C.6 – Joint Coding Simulation Gain (IPPP GOP2; 3SRC) 
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Bit Rate Group  

Name 

Metric mux_bit mux_psnr mux_ssim mux_pspnr 

256 AAB PSNR 1.33 1.27 1.17 0.21 

256 AAB PSPNR 4.13 5.49 5.13 1.80 

256 AAB SSIM 14.06 15.56 15.44 6.00 

256 ABB PSNR 2.16 2.85 2.44 1.41 

256 ABB PSPNR 7.64 7.66 7.69 1.65 

256 ABB SSIM 16.02 16.50 16.32 4.72 

256 ABC PSNR 2.19 1.71 1.48 0.03 

256 ABC PSPNR 7.41 6.48 7.36 3.48 

256 ABC SSIM 14.05 14.62 13.91 4.52 

256 ACC PSNR 2.21 2.35 2.40 2.59 

256 ACC PSPNR 8.45 8.78 8.90 3.55 

256 ACC SSIM 21.29 21.69 22.48 6.54 

256 BBC PSNR 2.13 2.01 2.12 1.00 

256 BBC PSPNR 17.09 16.89 17.05 0.89 

256 BBC SSIM 6.38 6.29 6.67 1.33 

256 BCC PSNR 1.44 1.39 1.46 1.87 

256 BCC PSPNR 11.92 11.81 11.94 1.24 

256 BCC SSIM 6.48 6.10 6.52 0.06 

512 AAB PSNR 1.59 2.05 1.86 0.59 

512 AAB PSPNR 9.18 4.61 4.40 0.83 

512 AAB SSIM 5.10 5.75 5.34 1.84 

512 ABB PSNR 2.70 2.65 2.65 1.26 

512 ABB PSPNR 3.75 3.75 3.66 0.54 

512 ABB SSIM 7.27 10.12 10.15 1.64 

512 ABC PSNR 3.61 3.28 3.26 1.33 

512 ABC PSPNR 2.09 1.84 1.81 0.66 

512 ABC SSIM 10.79 9.87 11.40 2.94 

512 ACC PSNR 0.93 0.66 0.70 0.29 

512 ACC PSPNR 0.88 0.72 0.59 0.66 

512 ACC SSIM 16.13 16.98 18.63 2.76 

512 BBC PSNR 1.13 1.10 1.03 0.81 

512 BBC PSPNR 3.94 3.91 3.88 3.12 

512 BBC SSIM 21.94 21.19 22.08 7.89 

512 BCC PSNR 1.01 0.81 0.98 0.55 

512 BCC PSPNR 3.30 3.23 3.31 1.70 

512 BCC SSIM 3.07 3.37 4.30 3.31 

Table C.7 – Joint Coding Simulation Gain (IBBP GOP1; 3SRC) 
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Bit Rate Group  

Name 

Metric mux_bit mux_psnr mux_ssim mux_pspnr 

256 AAB PSNR 1.17 1.13 1.16 0.48 

256 AAB PSPNR 0.47 -1.26 -1.28 -1.28 

256 AAB SSIM 2.84 1.27 1.37 1.21 

256 ABB PSNR 0.87 0.91 0.89 0.39 

256 ABB PSPNR -0.03 -1.16 -1.06 -1.15 

256 ABB SSIM 3.69 2.25 2.43 1.29 

256 ABC PSNR 0.45 0.43 0.48 0.16 

256 ABC PSPNR -3.13 -4.09 -4.28 -4.19 

256 ABC SSIM 2.31 4.52 5.07 1.61 

256 ACC PSNR -0.57 -0.69 -0.65 -0.64 

256 ACC PSPNR -3.16 -3.42 -3.35 -3.34 

256 ACC SSIM -1.41 -1.77 -1.56 -1.55 

256 BBC PSNR 1.13 1.00 0.97 -0.01 

256 BBC PSPNR -0.58 -1.16 -0.96 -0.97 

256 BBC SSIM 1.68 2.97 2.31 1.35 

256 BCC PSNR 0.60 0.58 0.59 -0.05 

256 BCC PSPNR -0.44 -1.02 -0.96 -0.97 

256 BCC SSIM -0.82 -1.63 -1.53 -1.55 

512 AAB PSNR 0.88 0.86 0.83 0.60 

512 AAB PSPNR 0.18 -2.14 -1.11 -1.19 

512 AAB SSIM 2.75 1.42 2.40 1.65 

512 ABB PSNR 1.11 0.97 0.90 0.72 

512 ABB PSPNR 0.58 -0.59 -0.09 -1.27 

512 ABB SSIM 4.26 3.40 3.96 1.77 

512 ABC PSNR 0.01 0.82 -0.37 -0.51 

512 ABC PSPNR -2.85 -5.03 -3.72 -3.36 

512 ABC SSIM 1.99 1.56 1.02 0.63 

512 ACC PSNR -0.35 -0.11 -0.68 -0.67 

512 ACC PSPNR -3.76 -5.92 -4.3 -3.55 

512 ACC SSIM 0.46 0.51 0.14 -0.36 

512 BBC PSNR 0.51 0.04 0.48 -0.05 

512 BBC PSPNR -0.2 -1.05 -0.23 -0.98 

512 BBC SSIM 1.31 0.82 1.21 -0.60 

512 BCC PSNR 0.39 0.28 0.58 0.08 

512 BCC PSPNR -0.34 -0.53 -0.01 -1.05 

512 BCC SSIM 1.27 1.02 2.65 0.07 

Table C.8 – Joint Coding Simulation Gain (IBBP GOP2; 3SRC) 
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 Mux Bit Mux PSNR Mux SSIM Mux PSPNR 

 

PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM 

Aki 40.59 57.98 77.65 41.28 60.06 80.50 40.18 59.03 75.35 40.77 59.72 77.21 

Fot 29.09 34.00 17.03 30.72 35.40 21.12 30.95 38.06 29.24 30.50 36.32 23.93 

Hal 37.95 48.35 63.62 38.16 50.28 67.23 37.94 50.16 66.78 38.04 50.11 67.04 

mad 37.72 51.78 70.13 38.73 53.06 74.02 38.72 52.36 72.57 38.75 52.94 73.96 

Mcl 30.68 38.19 61.24 27.75 32.79 44.98 28.21 33.23 46.40 28.20 33.57 47.51 

Sil 35.95 45.24 60.06 36.15 45.50 60.95 36.09 45.24 60.97 36.30 45.60 61.15 

Table C.9 – Picture Quality Results for 6SRC (IBBP GOP1; 256 kbps) 

 Mux Bit Mux PSNR Mux SSIM Mux PSPNR 

 

PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM 

Aki 41.46 60.31 84.92 43.61 66.40 86.72 43.61 66.41 86.73 42.97 63.88 85.71 

Fot 31.58 38.97 27.56 32.97 41.42 36.42 33.51 42.28 44.09 33.62 41.11 40.53 

Hal 38.74 52.52 69.32 39.36 53.78 70.91 39.40 53.98 71.51 39.42 54.02 71.06 

mad 39.76 54.49 77.15 40.91 58.99 78.60 40.92 58.90 77.36 40.79 58.88 79.29 

mcl 33.84 42.28 71.23 31.21 37.05 61.91 29.91 36.01 60.51 30.44 37.45 62.23 

sil 39.87 54.02 77.10 39.71 55.01 75.24 39.55 53.00 75.27 39.86 55.02 75.58 

Table C.10 – Picture Quality Results for 6SRC (IBBP GOP1; 512kbps) 

 

Mux Bit Mux PSNR Mux SSIM Mux PSPNR 

 

PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM 

aki 34.25 44.88 66.93 37.12 46.47 70.51 36.33 47.21 69.70 36.74 45.16 70.15 

fot 28.42 33.62 13.99 29.25 34.06 15.46 29.51 34.43 16.52 29.10 33.86 14.89 

hal 30.40 38.28 50.55 33.03 40.07 52.19 32.90 39.53 51.64 32.88 39.86 52.04 

mad 32.44 39.66 45.79 34.14 42.41 53.43 34.09 41.52 52.69 33.94 41.65 52.79 

mcl 24.30 28.96 21.81 21.90 24.45 8.37 21.77 24.26 7.63 22.42 25.81 7.20 

sil 30.86 35.76 25.75 30.93 35.90 26.12 31.53 35.77 30.50 30.86 36.02 28.83 

Table C.11 – Picture Quality Results for 6SRC (IPPP GOP1; 256 kbps) 

 

Mux Bit Mux PSNR Mux SSIM Mux PSPNR 

 

PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM PSNR PSPNR SSIM 

aki 37.76 47.57 71.55 40.81 56.92 80.63 40.52 56.56 79.78 40.05 53.73 78.69 

fot 30.73 37.15 24.98 31.63 38.31 29.53 31.82 38.61 30.79 31.79 38.39 26.58 

hal 34.67 43.53 58.72 36.00 47.24 62.97 36.07 46.95 61.23 35.91 46.71 60.79 

mad 35.76 44.99 60.80 37.39 49.29 68.70 37.40 49.05 68.91 37.17 48.56 66.17 

mcl 27.59 34.38 40.30 24.78 28.44 19.77 24.54 28.34 21.99 25.12 29.27 21.97 

sil 32.95 39.65 42.35 33.86 40.77 45.66 34.12 41.16 52.97 34.08 40.86 44.29 

Table C.12 – Picture Quality Results for 6SRC (IPPP GOP1; 512kbps) 
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C.3 SAMVIQ Sessions Results 

 

HRC a1 a2 a3 a4 a5 a6 a7 a8 a9 a10 a11 a12 a13 a14 a15 

HRC1 52 54 60 75 67 67 71 53 69 62 61 55 59 63 67 

HRC2 66 62 69 80 77 76 78 62 77 73 68 63 67 74 76 

HRC3 47 45 49 68 57 61 64 47 69 64 62 57 55 58 70 

HRC4 59 55 60 77 77 77 74 58 81 73 72 67 64 68 77 

HRC5 50 55 61 74 58 66 65 51 73 61 64 57 62 61 72 

HRC6 62 61 73 79 74 73 74 62 81 75 78 68 65 71 78 

HRC7 51 51 65 78 62 69 67 60 69 61 62 57 58 68 73 

HRC8 62 63 77 83 71 76 75 66 77 76 72 67 75 76 83 

HRC9 50 51 58 68 61 64 64 52 66 67 55 61 54 66 73 

HRC10 62 59 73 80 71 74 72 61 77 73 69 68 66 73 83 

SRC1 71 84 90 94 89 93 85 80 90 87 85 84 91 86 91 

SRC2 36 29 40 55 30 44 42 20 47 38 49 26 20 26 38 

SRC3 56 64 66 74 70 77 74 59 71 74 60 63 71 68 78 

SRC4 64 68 72 85 85 78 84 74 84 73 73 81 74 88 85 

SRC5 60 45 55 81 71 61 68 55 80 71 61 58 47 80 82 

SRC6 49 43 62 67 60 69 69 56 71 68 71 60 72 60 77 

Table C.13 – MOS for SRC and HRC per Observer (IBBP GOP1) 

HRC a1 a2 a3 a4 a5 a6 a7 a8 a9 a10 a11 a12 a13 a14 a15 

HRC1 26 25 40 51 41 41 51 30 50 44 43 35 37 39 47 

HRC2 47 42 54 67 59 58 62 44 68 58 64 54 58 58 68 

HRC3 29 31 38 50 41 41 44 31 46 40 41 41 42 41 52 

HRC4 46 39 48 59 56 59 59 46 62 53 55 51 54 54 65 

HRC5 28 29 40 47 40 45 42 33 58 43 42 38 44 40 56 

HRC6 46 43 61 67 65 56 62 49 68 59 65 57 56 57 70 

HRC7 34 29 49 55 44 44 49 36 48 46 37 33 34 39 51 

HRC8 47 43 63 70 60 61 64 48 68 60 67 59 60 62 73 

HRC9 29 32 34 42 38 40 46 35 48 41 37 34 31 40 57 

HRC10 44 44 57 61 59 54 62 45 64 53 61 54 62 53 76 

SRC1 56 63 74 80 82 78 79 64 77 72 70 68 75 72 82 

SRC2 29 14 39 40 27 22 34 16 41 35 35 21 22 19 36 

SRC3 41 54 52 57 53 59 58 44 58 54 53 54 60 53 68 

SRC4 51 53 55 74 71 64 70 59 74 58 62 67 53 70 73 

SRC5 20 13 21 39 29 24 28 18 41 28 27 21 19 35 49 

SRC6 29 16 49 51 41 52 55 37 57 52 62 42 57 41 62 

Table C.14 – MOS for SRC and HRC per Observer (IPPP GOP1) 
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HRC a1 a2 a3 a4 a5 a6 a7 a8 a9 a10 a11 a12 a13 a14 a15 

HRC1 0.58 0.57 0.63 0.76 0.69 0.68 0.75 0.56 0.72 0.67 0.62 0.59 0.61 0.65 0.71 

HRC2 0.73 0.65 0.72 0.81 0.80 0.77 0.82 0.65 0.80 0.79 0.69 0.68 0.70 0.77 0.81 

HRC3 0.52 0.47 0.51 0.68 0.60 0.62 0.67 0.50 0.73 0.70 0.62 0.62 0.57 0.60 0.74 

HRC4 0.65 0.58 0.64 0.78 0.80 0.79 0.78 0.62 0.85 0.79 0.73 0.72 0.66 0.71 0.81 

HRC5 0.55 0.58 0.65 0.75 0.60 0.68 0.68 0.54 0.76 0.66 0.65 0.61 0.65 0.63 0.76 

HRC6 0.69 0.63 0.77 0.80 0.77 0.74 0.79 0.65 0.85 0.81 0.79 0.74 0.68 0.74 0.82 

HRC7 0.56 0.54 0.69 0.79 0.64 0.70 0.70 0.64 0.72 0.66 0.63 0.62 0.61 0.71 0.77 

HRC8 0.68 0.66 0.82 0.84 0.73 0.78 0.79 0.70 0.81 0.82 0.73 0.73 0.79 0.80 0.88 

HRC9 0.56 0.54 0.61 0.69 0.63 0.66 0.68 0.55 0.69 0.73 0.56 0.66 0.56 0.69 0.77 

HRC10 0.68 0.62 0.77 0.82 0.74 0.76 0.76 0.64 0.81 0.79 0.70 0.74 0.69 0.75 0.88 

SRC1 0.79 0.88 0.90 0.95 0.89 0.93 0.90 0.80 0.90 0.92 0.86 0.89 0.91 0.86 0.95 

SRC2 0.43 0.32 0.43 0.61 0.32 0.44 0.44 0.21 0.55 0.42 0.51 0.29 0.25 0.29 0.44 

SRC3 0.64 0.71 0.71 0.74 0.74 0.79 0.77 0.65 0.75 0.82 0.60 0.68 0.71 0.72 0.82 

SRC4 0.72 0.72 0.76 0.85 0.85 0.83 0.89 0.78 0.84 0.77 0.73 0.85 0.80 0.91 0.89 

SRC5 0.63 0.45 0.58 0.81 0.75 0.63 0.68 0.60 0.85 0.78 0.61 0.62 0.51 0.80 0.82 

SRC6 0.52 0.43 0.69 0.67 0.65 0.69 0.77 0.59 0.75 0.75 0.71 0.70 0.74 0.65 0.83 

Table C.15 – Normalised MOS for SRC and HRC per Observer (IBBP GOP1) 

HRC a1 a2 a3 a4 a5 a6 a7 a8 a9 a10 a11 a12 a13 a14 a15 

HRC1 0.27 0.26 0.41 0.52 0.42 0.44 0.53 0.31 0.52 0.50 0.44 0.38 0.38 0.41 0.48 

HRC2 0.50 0.44 0.56 0.69 0.60 0.61 0.65 0.46 0.71 0.65 0.66 0.59 0.61 0.60 0.70 

HRC3 0.30 0.32 0.40 0.51 0.42 0.44 0.45 0.32 0.48 0.44 0.42 0.45 0.44 0.43 0.54 

HRC4 0.49 0.41 0.50 0.61 0.57 0.62 0.60 0.49 0.64 0.60 0.56 0.55 0.56 0.57 0.67 

HRC5 0.29 0.30 0.41 0.48 0.41 0.48 0.43 0.34 0.61 0.49 0.44 0.41 0.45 0.41 0.58 

HRC6 0.49 0.45 0.63 0.69 0.67 0.59 0.65 0.51 0.71 0.66 0.67 0.61 0.59 0.60 0.72 

HRC7 0.37 0.31 0.50 0.56 0.45 0.47 0.50 0.37 0.50 0.52 0.38 0.35 0.35 0.41 0.52 

HRC8 0.50 0.46 0.65 0.72 0.62 0.65 0.66 0.50 0.71 0.68 0.69 0.64 0.63 0.66 0.75 

HRC9 0.31 0.34 0.36 0.42 0.39 0.42 0.47 0.37 0.49 0.46 0.38 0.37 0.32 0.42 0.59 

HRC10 0.46 0.46 0.59 0.62 0.61 0.58 0.64 0.47 0.67 0.59 0.63 0.59 0.64 0.56 0.78 

SRC1 0.56 0.64 0.74 0.80 0.82 0.80 0.81 0.66 0.77 0.75 0.71 0.68 0.75 0.73 0.82 

SRC2 0.34 0.18 0.43 0.45 0.30 0.23 0.38 0.17 0.47 0.41 0.37 0.23 0.27 0.22 0.40 

SRC3 0.44 0.54 0.56 0.60 0.53 0.64 0.63 0.44 0.58 0.62 0.53 0.58 0.63 0.54 0.68 

SRC4 0.55 0.59 0.56 0.74 0.73 0.75 0.70 0.62 0.82 0.68 0.67 0.80 0.56 0.78 0.80 

SRC5 0.20 0.14 0.21 0.39 0.29 0.24 0.28 0.19 0.41 0.31 0.27 0.22 0.20 0.35 0.49 

SRC6 0.30 0.16 0.51 0.51 0.43 0.52 0.55 0.39 0.57 0.57 0.62 0.45 0.57 0.43 0.62 

Table C.16 – Normalised MOS for SRC and HRC per Observer (IPPP GOP1) 
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SRC SRC1 (Akiyo) SRC2 (Fot) SRC3 (Hall) SRC4 (MAD) SRC5 (MCL) SRC6 (SIL) 

HRC µ CI σ µ CI σ µ CI σ µ CI σ µ CI σ µ CI σ 

HRC1 73.1 4.7 9.4 16.3 7.6 15.0 45.7 5.5 10.8 57.9 8.2 16.2 8.5 3.5 6.8 38.2 7.0 13.9 

HRC2 81.9 3.5 7.0 37.2 6.5 12.8 69.5 5.9 11.7 75.1 5.5 10.8 23.9 8.5 16.9 56.1 8.3 16.3 

HRC3 66.1 4.5 8.9 11.3 9.3 18.4 43.1 5.1 10.1 51.2 6.0 11.9 34.8 3.8 7.4 34.1 6.4 12.6 

HRC4 70.8 4.7 9.4 33.0 5.9 11.6 56.9 4.1 8.0 66.1 4.4 8.7 47.8 7.7 15.3 47.3 8.1 16.0 

HRC5 68.8 6.0 11.9 17.5 8.6 17.0 48.9 4.3 8.4 58.9 6.0 11.9 18.3 5.0 9.9 36.9 7.9 15.6 

HRC6 77.8 6.2 12.2 46.0 5.9 11.7 65.1 4.5 8.9 71.3 4.4 8.6 35.5 7.8 15.5 56.9 8.1 16.1 

HRC7 68.5 6.0 11.9 21.6 4.3 8.5 44.5 5.4 10.6 59.6 5.6 11.1 16.5 5.9 11.7 40.9 7.8 15.3 

HRC8 79.5 5.1 10.0 48.2 5.3 10.4 64.4 4.8 9.5 69.7 4.5 8.9 36.4 8.5 16.8 63.9 10.0 19.8 

HRC9 66.8 5.6 11.0 15.1 7.9 15.5 46.0 5.5 11.0 58.3 5.4 10.6 12.6 4.8 9.6 34.3 8.5 16.7 

HRC10 74.5 5.3 10.4 36.1 6.3 12.5 60.6 4.5 8.8 67.5 4.7 9.2 40.3 7.7 15.2 60.1 8.4 16.6 

Table C.17 – Mean (µ), Confidence of Interval at 95% (CI) and Standard Deviation (σ) of all SRCs 

per HRC (IPPP GOP1) 

SRC SRC1 (Akiyo) SRC2 (Fot) SRC3 (Hall) SRC4 (MAD) SRC5 (MCL) SRC6 (SIL) 

HRC µ CI σ µ CI σ µ CI σ µ CI σ µ CI σ µ CI σ 

HRC1 87.3 4.3 8.5 25.3 9.0 17.8 66.6 6.1 12.0 79.1 4.7 9.2 56.5 10.2 20.1 58.1 5.1 10.1 

HRC2 93.7 2.9 5.8 40.1 7.6 15.1 74.9 4.7 9.2 83.9 3.5 6.9 64.0 9.2 18.2 69.7 4.8 9.6 

HRC3 78.1 4.5 8.9 22.0 8.0 15.8 59.9 6.0 11.8 66.2 4.0 7.9 67.7 12.0 23.7 56.2 7.2 14.3 

HRC4 86.3 4.1 8.0 33.9 8.2 16.2 69.8 6.2 12.3 81.4 5.7 11.3 75.1 9.8 19.4 69.6 6.3 12.4 

HRC5 84.5 5.0 9.8 27.7 8.0 15.8 65.5 5.0 9.9 74.2 6.4 12.7 58.3 8.8 17.4 59.6 6.6 13.0 

HRC6 91.2 3.9 7.7 43.1 7.4 14.5 72.6 5.2 10.2 83.3 4.8 9.5 69.1 8.7 17.2 70.2 5.8 11.5 

HRC7 82.6 5.1 10.0 37.7 6.9 13.6 66.0 7.0 13.8 74.3 6.7 13.2 60.7 8.0 15.8 57.8 5.3 10.6 

HRC8 92.9 2.9 5.7 52.8 6.1 12.1 75.1 3.9 7.6 82.1 4.1 8.0 66.6 7.4 14.6 70.8 4.4 8.6 

HRC9 81.3 4.6 9.1 32.1 7.9 15.6 63.3 7.4 14.6 71.6 6.7 13.2 59.6 10.1 20.0 56.0 6.8 13.4 

HRC10 87.7 4.0 7.8 44.8 7.1 14.0 70.8 6.6 13.1 82.9 5.8 11.4 70.5 9.0 17.8 67.5 6.2 12.3 

Table C.18 – Mean (µ), Confidence of Interval at 95% (CI) and Standard Deviation (σ) of all SRCs 

per HRC (IBBP GOP1) 
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Figure C.9 – MOS values and 95% CI for the content Akiyo (IPPP GOP1) 

 

Figure C.10 – MOS values and 95% CI for the content Fot (IPPP GOP1) 

 

Figure C.11 – MOS values and 95% CI for the content Hall (IPPP GOP1) 
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Figure C.12 – MOS values and 95% CI for the content MAD (IPPP GOP1) 

 

Figure C.13 – MOS values and 95% CI for the content MCL (IPPP GOP1) 

 

Figure C.14 – MOS values and 95% CI for the content SIL (IPPP GOP1) 
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Figure C.15 – MOS values and 95% CI for the content Akiyo (IBBP GOP1) 

 

Figure C.16 – MOS values and 95% CI for the content Fot (IBBP GOP1) 

 

Figure C.17 – MOS values and 95% CI for the content Hall (IBBP GOP1) 
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Figure C.18 – MOS values and 95% CI for the content MADo (IBBP GOP1) 

 

Figure C.19 – MOS values and 95% CI for the content MCL (IBBP GOP1) 

 

Figure C.20 – MOS values and 95% CI for the content SIL (IBBP GOP1) 
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