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Abstract 
 
 
Visual Quality Assessment has been so far one of the most intriguing challenges on the 
media environment. Progressive evolution towards higher resolutions while increasing 
the quality needed (e.g. high definition and better image quality) aims to redefine 
models for quality measuring. Given the growing interest in multimedia services 
delivery, perceptual quality measurement has become a very active area of research. 
 
First, in this work, a classification of objective video quality metrics based on their 
underlying methodologies and approaches for measuring video quality has been 
introduced to sum up the state of the art. 
 
Then, this doctoral thesis describes an enhanced solution for full reference objective 
quality measurement based on mathematical morphology, texture features and visual 
similarity information that provides a normalized metric that we have called 
PARMENIA (PArallel Ratios MEtric from iNtrInsic features Analysis), with a high 
correlated MOS score. 
 
The PARMENIA metric is based on the pooling of different quality ratios that are 
obtained from three different approaches: Beucher’s gradient, local contrast filtering, 
and contrast and homogeneity Haralick’s texture features. The metric performance is 
excellent, and improves the current state of the art by providing a wide dynamic range 
that make easier to discriminate between very close quality coded sequences, especially 
for very high bit rates whose quality, currently, is transparent for quality metrics. 
 
PARMENIA introduces a degree of novelty against other working metrics: on the one 
hand, exploits the structural information variation to build the metric’s kernel, but 
complements the measure with texture information and a ratio of visual meaningful 
points that is closer to typical error sensitivity based approaches. We would like to point 
out that PARMENIA approach is the only metric built upon full reference ratios, and 
using mathematical morphology and texture features (typically used in segmentation) 
for quality assessment. On the other hand, it gets results with a wide dynamic range that 
allows measuring the quality of high definition sequences from bit rates of hundreds of 
Megabits (Mbps) down to typical distribution rates (5-6 Mbps), even streaming rates (1-
2 Mbps). Thus, a direct correlation between PARMENIA and MOS scores are easily 
constructed. PARMENIA may further enhance the number of available choices in 
objective quality measurement, especially for very high quality HD materials. 
 
All this results come from validation that has been achieved through internationally 
validated datasets on which subjective tests based on ITU-T BT.500 methodology have 
been carried out. Pearson correlation coefficient has been calculated to verify the 
accuracy of PARMENIA and its reliability. 
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Resumen 
 
Métrica de calidad de video de alta definición construida a partir de ratios de referencia 
completa. 
 
La medida de calidad de video, en inglés Visual Quality Assessment (VQA), es uno de 
los mayores retos por solucionar en el entorno multimedia. La calidad de vídeo tiene un 
impacto altísimo en la percepción del usuario final (consumidor) de los servicios 
sustentados en la provisión de contenidos multimedia y, por tanto, factor clave en la 
valoración del nuevo paradigma denominado Calidad de la Experiencia, en inglés 
Quality of Experience (QoE). 
 
Los modelos de medida de calidad de vídeo se pueden agrupar en varias ramas según la 
base técnica que sustenta el sistema de medida, destacando en importancia los que 
emplean modelos psicovisuales orientados a reproducir las características del sistema 
visual humano, en inglés Human Visual System, del que toman sus siglas HVS, y los 
que, por el contrario, optan por una aproximación ingenieril en la que el cálculo de 
calidad está basado en la extracción de parámetros intrínsecos de la imagen y su 
comparación. 
 
A pesar de los avances recogidos en este campo en los últimos años, la investigación en 
métricas de calidad de vídeo, tanto en presencia de referencia (los modelos 
denominados de referencia completa), como en presencia de parte de ella (modelos de 
referencia reducida) e incluso los que trabajan en ausencia de la misma (denominados 
sin referencia), tiene un amplio camino de mejora y objetivos por alcanzar. Dentro de 
ellos, la medida de señales de alta definición, especialmente las utilizadas en las 
primeras etapas de la cadena de valor que son de muy alta calidad, son de especial 
interés por su influencia en la calidad final del servicio y no existen modelos fiables de 
medida en la actualidad. 
 
Esta tesis doctoral presenta un modelo de medida de calidad de referencia completa que 
hemos llamado PARMENIA (PArallel Ratios MEtric from iNtrInsic features Analysis), 
basado en la ponderación de cuatro ratios de calidad calculados a partir de 
características intrínsecas de la imagen. Son: 

 El Ratio de Fidelidad, calculado mediante el gradiente morfológico o gradiente 
de Beucher. 

 El Ratio de Similitud Visual, calculado mediante los puntos visualmente 
significativos de la imagen a través de filtrados locales de contraste. 

 El Ratio de Nitidez, que procede de la extracción del estadístico de textura de 
Haralick contraste. 

 El Ratio de Complejidad, obtenido de la definición de homogeneidad del 
conjunto de estadísticos de textura de Haralick 
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PARMENIA presenta como novedad la utilización de la morfología matemática y 
estadísticos de Haralick como base de una métrica de medida de calidad, pues esas 
técnicas han estado tradicionalmente más ligadas a la teledetección y la segmentación 
de objetos. Además, la aproximación de la métrica como un conjunto ponderado de 
ratios es igualmente novedosa debido a que se alimenta de modelos de similitud 
estructural y otros más clásicos, basados en la perceptibilidad del error generado por la 
degradación de la señal asociada a la compresión. 
 
PARMENIA presenta resultados con una altísima correlación con las valoraciones 
MOS procedentes de las pruebas subjetivas a usuarios que se han realizado para la 
validación de la misma. El corpus de trabajo seleccionado procede de conjuntos de 
secuencias validados internacionalmente, de modo que los resultados aportados sean de 
la máxima calidad y el máximo rigor posible. 
 
La metodología de trabajo seguida ha consistido en la generación de un conjunto de 
secuencias de prueba de distintas calidades a través de la codificación con distintos 
escalones de cuantificación, la obtención de las valoraciones subjetivas de las mismas a 
través de pruebas subjetivas de calidad (basadas en la recomendación de la Unión 
Internacional de Telecomunicaciones BT.500), y la validación mediante el cálculo de la 
correlación de PARMENIA con estos valores subjetivos, cuantificada a través del 
coeficiente de correlación de Pearson. Una vez realizada la validación de los ratios y 
optimizada su influencia en la medida final y su alta correlación con la percepción, se ha 
realizado una segunda revisión sobre secuencias del hdtv test dataset 1 del Grupo de 
Expertos de Calidad de Vídeo (VQEG, Video Quality Expert Group)  mostrando los 
resultados obtenidos sus claras ventajas. 
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1. Introduction 

Visual Quality Assessment (VQA) has been so far one of the most intriguing challenges 
on the media environment. The progressive evolving to higher resolutions while 
increasing the quality needed (e.g. high definition and better image quality) aims to 
obtain redefined models for quality measuring [1]. The focus has been set in objective 
quality assessment, where the aim is to provide computational models that can 
automatically predict perceptual image quality. Although the topic of quality assessment 
has been around for more than four decades, there has been relatively little published on 
the topic. Nevertheless, the last 10 years have seen a sudden acceleration in progress 
and interest in the area. 
 
A visual data may go through many stages of processing before being presented to a 
human observer, and each stage of processing may introduce distortions that could 
reduce the quality of the final display. VQA deals with the entire signal processing in 
order to achieve a reliable measure following different technical approaches. 
 
The reliable assessment of video quality plays an important role in meeting the 
promised quality of service (QoS) and in improving the end user’s quality of experience 
(QoE) [2]. The early years of 21st century have witnessed a tremendous growth in the 
use of digital images as a means for media communications. The ubiquity of digital 
images and videos on the Internet, driven by technological advances, has stimulated 
advances in quality assessment. 
 
The rising use of multimedia applications has been paralleled by a rising increase in the 
quality of experience that people demand from such applications. While significant 
strides are being made in offering new and improved multimedia services, the value of 
such services can only be assessed by the quality of experience that they offer to the end 
user, so determining the human’s opinion of quality, or getting by means of 
mathematical algorithms as close as possible, is critical in the design and deployment of 
a multimedia service. 
 
“Quality” can be defined in a number of ways, depending on the application of the 
multimedia service and the end-user of the audiovisual content. The definition of 
“quality” in applications where the end-user is a human observer needs to consider 
perception of the signal by human sensory systems. Even within the application realm 
of human users, the interpretation of “quality” can depend on the multimedia service 
and the task defined for the human user. In the overwhelming majority of digital 
multimedia entertainment applications, the main interest is focused in defining “quality” 
as the overall QoE derived by the user from the service. This overall QoE is often a 
function of how good the image or video component of the multimedia signal looks or 
how good the audio component sounds, as well as the interactions between sensory 
perceptions. 
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Images are subject to distortion during acquisition, compression, transmission, 
processing, and reproduction; and it is important to be able to identify and quantify 
image quality degradations. Solving the problem requires matching image quality to 
human perception of quality [3]. The development of effective automatic image quality 
assessment systems is a necessary goal for this purpose. Clearly, the successful 
development of such objective quality assessment measures has great potential in a 
wide range of application environments. 
 
Subjective video quality assessment methods are able to reliably measure the video 
quality that is perceived by the Human Visual System (HVS) and are crucial for 
evaluating the performance of objective visual quality assessment metrics. Though 
tedious, when conducted properly, the subjective video quality assessment approaches 
are more accurate than the objective ones. However, subjective video quality evaluation 
methods, while being able to capture the perceived video quality, are not able to provide 
instantaneous measurement of video quality and they are, contrarily, time consuming, 
laborious and expensive. However, such subjective evaluations are not only time 
consuming and expensive, but they also cannot be incorporated into systems that adjust 
themselves automatically based on the feedback of measured output quality. 
 
Accounting for various degradations and other important factors is a challenging task 
for objective video quality models. Thus, in the recent years, there has been a growing 
interest in the development of advanced objective video quality models that can closely 
match the performance of subjective video quality evaluation. 
 
The goal of objective quality assessment research is to design computational models 
that can predict perceived image quality accurately and automatically. Since the 
numerical measures of quality that an algorithm provides should correlate well with 
human subjectivity. And this is the goal that the thesis aims to achieve, to provide an 
engineering approach metric for high definition (HD) video quality assessment that will 
be suitable for the evaluation of very high quality materials from very high bit rates 
compressions. 
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2. Objectives 
Although data metrics such as peak signal to noise ratio (PSNR) are still widely used 
today, significant improvements in prediction performance and/or versatility can only 
be achieved by quality metrics based on the new VQA trends. While a lot of work has 
focused on full-reference (FR) metrics for television (TV) and broadcast applications, 
much remains to be done in the areas of no-reference and reduced-reference quality 
assessment. The same can be said for the quality evaluation of low-bitrate video and 
transmission error artifacts. 
 
All these trends are clearly influenced by the aim of looking for the best quality at the 
best price or how the bandwidth can be optimized to provide a media service with 
enough quality. Nevertheless, a further analysis may show that the first stages of content 
processing are the most important in order to ensure a good quality through the 
transmission chain[4]. And again, there is a gap in quality metrics while dealing with 
high quality materials of high definition resolution both for ingest and contribution 
links. In these applications the quality of the material is so high that the metrics 
published so far fall short in providing good discrimination range. 
 
Thus, the development of reliable metrics is still at the beginning, and many issues 
remain to be solved. Applications for reliable perceptual quality measurement can be 
found in all video systems. Some of them are compiled in chapter 3 (background and 
advances over the state of the art), showing interesting improvements and approaches 
that have been proposed in different ways. 
 
Nonetheless, there is still a long way from universally accepted and standardized video 
quality metrics. 
 
The purpose of this thesis is to design algorithms whose quality prediction is in good 
agreement with subjective scores from human observers for different kinds of visual 
information, especially for high definition resolution and contribution quality. 
 
Traditionally, researchers have focused on measuring signal fidelity as the means of 
assessing visual quality. Signal fidelity is measured with respect to a reference signal 
that is assumed to have “perfect” quality. 
 
In this thesis, FR quality assessment methods are adopted to assess visual quality of the 
high definition material. During the design and the evaluation of the system, the 
reference signal is processed to yield a distorted visual data, which can then be 
compared to the reference using a FR method. 
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This is achieved by means of calculating a set of quality ratios that came from the 
comparison between different values measured both in the reference and the distorted 
sequence as it will be further explained in the book. 
 
The work methodology will consist of applying different image processing techniques 
(mathematical approach) on a set of relevant sequences internationally validated to 
construct a plural metric. To analyze the accuracy of the measures subjective test will be 
carried out to get the Mean of Scores (MOS) from a good representative set of 
observers. These results will be correlated to the values that will be obtained from the 
objective metric. From this information, a refined adjustment in the weighting of the 
different measures involved will be done, and the global metric will take shape. Finally, 
a random selection of Visual Quality Expert Group (VQEG) High Definition Television 
(HDTV) video quality subjective will be used to make a last verification on the 
proposed solution. 
 
According to the goals of the thesis, the book is organized as follows: first, to make a 
brief but necessary review of the state of the art concerning video quality assessment,  
presented in chapter 3; second, to present the basis of the proposed algorithm for a 
novel high definition metric that is explained in chapter 4; then compile the results and 
their analysis, and finally to discuss about its reliability and accuracy , describing the 
experimental results and evaluation  in chapter 5. The book will be closed with a 
proposal of future research lines and conclusions that are drawn in chapter 6. 
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3. Background and over state of the art 
Creating algorithms capable of predicting the perceived quality of a visual stimulus 
defines the field of objective visual quality assessment (VQA). The field of objective 
VQA has received tremendous attention in the recent past, with many successful 
algorithms being proposed for this purpose. Much of the research on VQA builds upon 
image QA algorithms with additional components to handle the temporal aspects of 
video. 
 
This chapter gives a brief overview of the current state of the art of video quality 
metrics, taking a look at recent trends and developments in video quality research, in 
particular the emergence of new generations of quality metrics; and discusses their 
achievements as well as shortcomings. It then reviews the usual methods for evaluation 
and benchmarking of VQA metrics and procedures, providing a performance 
comparison. It also summarizes the main standardization efforts by the Video Quality 
Experts Group (VQEG). 
 
The review includes the top-performance methods from the VQEG assessments, which 
have been incorporated as normative models in ITU recommendations for objective 
video quality measurements. 
 
There are three categories of VQA algorithms: Full-Reference (FR) QA, Reduced 
Reference (RR) QA and No-Reference (NR) QA, also known as blind QA. 
 
Full-Reference QA algorithms operate on distorted media signals while having an ideal 
“reference” signal (of the same content) available for comparison. FR QA algorithms 
are widely used because of the relative simplicity of making quality judgments relative 
to a reference or standard. 
 
Reduced-Reference QA algorithms operate without the use of a reference, and instead, 
use additional information along with the distorted signal. They use features from the 
reference signal while avoiding the use of the entire reference signal. 
 
No-Reference QA algorithms attempt to assess signal quality without using any other 
information than the distorted signal. 
 

3.1 Engineering approach and VQA trends 
 
Recent trends in QA have seen a shift toward mathematically-based QA algorithms that 
take an engineering approach to the problem. The engineering approach has gained 
popularity in recent years, and several metrics that fall into this category will be 
discussed in Chapter 3. 
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The engineering approach is based primarily on the extraction and analysis of certain 
features or artifacts in the video. These can be either structural elements such as 
contours, or specific distortions that are introduced by a particular video processing 
step, compression technology or transmission link. 
 
The metrics look for the strength of these features in the video to estimate overall 
quality. This does not necessarily mean that such metrics disregard human vision, as 
they often consider psychophysical effects as well, but image analysis rather than 
fundamental vision modeling is the conceptual basis for their design. 
 
However, the VQA can be related to different research trends that use several 
approaches to achieve the final goal. The most important trends that are under research 
nowadays are briefly commented following.  
 

 Preference and Image Appeal 
 
An important shortcoming of existing metrics is composed by those that measure image 
fidelity instead of perceived quality. The accuracy of the reproduction of the original on 
the display, even considering the characteristics of the human visual system, is not the 
only quality benchmark. For example, colorful, welllit, sharp pictures with high 
contrasts are considered attractive, whereas low-quality, dark and blurry pictures with 
low contrasts are often rejected [5][6]. Especially sharpness and colorfulness have been 
identified as relevant features. Quantitative metrics of this “image appeal” were indeed 
shown to improve quality prediction performance [7]. 
 
Another example of this approach is the perceptual video quality measure (PVQM) by 
Hekstra et al. [8]. 
 

 Structural Information 
 
Under the assumption that human visual perception is highly adapted for extracting 
structural information from a scene, this trend introduces an alternative complementary 
framework for quality assessment based on the degradation of structural information. 
 
Wang et al. [9] presented a video quality assessment method based on structural 
similarity (SSIM). Despite the relative simplicity of the metric, it performed well on the 
public VQEG FR-TV Phase I database. One strong point of SSIM is that it also has also 
been show to work for some artifacts that are not directly related to compression, such 
as added noise. 
 
Wolf and Pinson [10] designed a Video Quality Metric (VQM) that uses effective low-
level video features, which were selected empirically from a pool of candidate features. 
The test sequences are divided into spatio-temporal blocks, and a number of features 
measuring the amount and orientation of activity in each of these blocks are computed 
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from the spatial luminance gradient. The features are then compared with the reference 
using a process similar to masking. The VQM was among the best metrics in the VQEG 
FR-TV Phase II evaluation. 
 

 Attention 
 
Studies of visual attention and eye movements have shown that people generally attend 
to only a few areas in typical scenes. These areas are commonly referred to as regions of 
interest (ROIs). When scenes are viewed with the same context and motivation, these 
ROIs are often highly correlated amongst different people, motivating the development 
of computational models of visual attention. 
 
Outside of the region of interest, our sensitivity is significantly reduced. Most quality 
assessment systems ignore this and weight distortions equally over the entire frame. 
Some recent metrics attempt to model the focus of attention and consider it for 
computing the overall video quality [11] [12] [13]. 
However, understanding and modeling attention in video is still a challenge. Due to the 
idiosyncrasies of viewer attention, there is always the risk of viewers looking at regions 
that were not predicted by the metrics. 
 

 Delivery Quality 
 
While a lot of effort in video quality measurement has been devoted to compression 
artifacts and decoded video, there is also a growing interest in metrics specifically 
designed to measure the impact of network losses on video quality. Because losses 
directly affect the encoded bitstream, such metrics are often based on parameters that 
can be extracted from the bitstream with no or only partial decoding. This has the added 
advantage of lower data rates and thus lower processing power and speed requirements 
compared to metrics looking at the decoded video. 
 
Pair of metrics based on this criterion are Verscheure et al. [14] investigated the joint 
impact of packet loss rate and MPEG-2 (Motion Picture Expert Group) bitrate on video 
quality. Kanumuri et al. [15] used various bitstream parameters such as motion vector 
length or number of slice losses to predict the visibility of packet losses in MPEG-2 
video. 
 

 Audiovisual Quality 
 
Comprehensive audiovisual quality metrics that analyze parts, both audio and video, of 
the multimedia presentation are needed. Audiovisual quality actually comprises two 
factors. One is the synchronization between the two media, and the other is the 
interaction between audio and video quality. Various studies have been conducted 
regarding audio and video synchronization [16] [17]. 
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One of the most complete studies on audio-video quality interactions, subjective 
experiments on audio, video and audiovisual quality, was carried out by S.Winkler [18] 
for mobile very low bitrates MPEG-4 AVC (Advanced Video Coding)/H.264 and 
MPEG-4 AAC (Advanced Audio Coding) coded audiovisual materials. The results 
show that both, audio and video quality, contribute significantly to perceived 
audiovisual quality. The product of audio quality and video quality is an effective model 
of audiovisual quality, and so is the linear combination of the two. 
Other experiments have been focused on non-reference artifact metrics for audio and 
video to predict audiovisual MOS, like this [19]. The predictions from the video metrics 
achieve correlations of above 90% with video MOS; the audio metrics reach 95%. 
When audio and video metrics are combined according to the models mentioned above; 
audiovisual MOS can be predicted with good accuracy (about 90% correlation). 
 
In this chapter, focus will be held on FR QA algorithms for multimedia, which is an 
area that is of considerable practical significance especially for the higher resolutions. 
 
The objective quality measurement methods have been classified into the following five 
main categories depending on the type of input data that is being used for quality 
assessment [20]. This information is shown graphically in Figure 1. 

 

 
 
 

 Media-layer models. These models use the video signal to compute the Quality 
of Experience. These models do not require any information about the system 
under testing. 

 Parametric packet-layer models. These models predict the QoE only from the 
packet-header information and do not have access to media signals. 

Figure 1: Objective Quality Measurement Methods
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 Parametric planning models. These models make use of quality planning 
parameters for networks and terminals to predict the QoE. As a result they 
require a priori knowledge about the system that is being tested. 

 Bitstream-layer models. These models use encoded bitstream information and 
packet-layer information that is used in parametric packet-layer models for 
measuring QoE. 

 Hybrid models. These models mainly combine two or more of the preceding 
models. 

Anyway, a survey of QA methods can be found in [21], which references studies 
methods developed in the 90’s when interest in QA was primarily driven by display 
applications. A discussion of QA methods can also be found in several recent books as 
[22], [23], [24], [25] and [3].  
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3.2 Coding artifacts and visual distortion 

Many factors can affect and/or impaired the quality of visual media. Most of the 
contemporary video coding standards use motion compensation and block-based coding 
schemes for compression. As a result, the decoded video suffers from one or more of 
the compression artifacts, such as blockiness, blurriness, color bleeding, ringing, false 
edges, jagged motion, chrominance mismatch, and flickering. Transmission errors such 
as damaged or lost packets can further degrade the video quality. Furthermore, the pre- 
or post-processing stages in the video transmission system, such as domain conversion 
(analog to digital or vice-versa), frame rate conversion, and de-interlacing degrade the 
video as well. 
 
In this section a comprehensive characterization is presented of the numerous coding 
artifacts which are introduced into decoded video sequences through the use of the 
hybrid MC (Motion Compensated)/DPCM (Differential Pulse Code Modulation)/DCT 
(Discrete Cosine Transform) algorithm. 
 
It has been also shown that the perceived quality heavily depends upon the viewing 
distance, display size, resolution of video, brightness, contrast, sharpness, color, content 
(faces versus other objects), and naturalness [26]. Other studies [27] show that test 
scenes accompanied by good audio quality masked to some extent the perceived video 
degradation. Moreover, adverse environmental conditions, such as turbulence, 
atmospheric particles and fog, as well as motion and vibrations, can degrade the 
perceived video quality. 

3.2.1 Compression Artifacts 

The compression algorithms used in various video coding standards are quite similar. 
Most of them rely on motion compensation and block-based DCT with subsequent 
quantization of the coefficients [28]. In such coding schemes, compression distortions 
are caused by the quantization of the transform coefficients. 
 
A variety of artifacts can be distinguished in a compressed video sequence: 
 

 Blockiness. The blocking effect refers to a block pattern in the compressed 
sequence. It is due to the independent quantization of individual blocks (usually 
of 8x8 pixels) in block-based DCT coding schemes, leading to discontinuities at 
the boundaries of adjacent blocks. The blocking effect is often the most 
prominent visual distortion in a compressed sequence due to the regularity and 
extent of the pattern; and, perhaps, the most widely studied distortion. Visually, 
the effect is seen as a discontinuity between adjacent blocks in a picture. The 
blocking effect is usually defined as the discontinuities found at the boundaries 
of adjacent blocks in a reconstructed picture [29], since it is common to reduce 
the measure by only taking into account the pixels at the block boundaries [30]. 
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 Blur consists of a loss of spatial detail and a reduction of edge sharpness in 
moderate to high spatial activity regions of pictures, such as in roughly textured 
areas or around scene objects edges. It is due to the suppression of the high-
frequency coefficients by coarse quantization for intraframe coded macroblocks; 
since, for interframe coded macroblocks, is mainly a consequence of the use of a 
predicted macroblock with a lack of spatial detail. 

 Color bleeding is the effect of blurring over the chrominance information. It 
results in the smearing of colors between areas of strongly differing 
chrominance. It is due to the suppression of high frequency coefficients of the 
chroma components, and in addition to chroma subsampling, color bleeding 
extends over an entire macroblock.  

 Staircase effect is due to the fact that DCT basis images are best suited to the 
representation of horizontal and vertical lines, not diagonal edges and features. 
After coarse quantization, the truncation of the contributions results in the 
failure to reconstruct diagonal edges but converting them in horizontal or 
vertical ones. The typically strong quantization of these coefficients causes 
slanted lines to appear jagged. 

 Ringing is fundamentally associated with Gibb’s phenomenon and is thus most 
evident along high-contrast edges in otherwise smooth areas. It is a direct result 
of quantization leading to high-frequency irregularities in the reconstruction. 
Ringing occurs with both luminance and chrominance components. 

 Mosaic pattern effect is the apparent mismatch between all, or part, of the 
contents of adjacent blocks; this has a similar effect to visually ill-fitting square 
tiles in a mosaic. The mosaic pattern, typically, coincides with the blocking 
effect, but not all the blocking effects results in a mosaic pattern effect. 

 False contouring results from the direct quantization of pixel values. It occurs 
in smoothly textured areas of pictures containing a gradual transition in the 
value of the pixels over a given area. This artifact is directly attributed to either 
an inadequate number of quantization levels for the representation of the area, or 
their inappropriate distribution [31]. 

 False edges are a consequence of the transfer of block-boundary discontinuities 
from reference frames into the predicted frame. False edges are mainly visible in 
smooth areas of predictive coded pictures. 

 Jagged motion is produced by the poor performance of the motion estimation. It 
comes from large residual error of motion prediction. 

 Motion compensation mismatch is an artifact caused by the limited search 
window of the motion compensation full-search block-matching technique used 
in the coding scheme. It is most evident around the boundaries of moving scene 
objects. 

 Mosquito effect is a temporal artifact seen mainly in smoothly textured regions 
as fluctuations of luminance/chrominance levels around high contrast edges, or 
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moving objects, in a video sequence [32]. It is a consequence of the coding 
differences for the same area of a scene in consecutive frames of a sequence. 

 Flickering appears when a scene has high texture content. Texture blocks are 
compressed with varying quantization factors over time. 

 Other important source of impairments is the transmission of the bitstream over 
a noisy channel. Two different types of impairments may occur. Packets can be 
corrupted and discarded, or can be delayed and lost the slice for decoding. The 
losses can affect either the content, causing a kind of error that can be 
propagated over consecutive frames; or global data which is even more 
damaging. 

 Aside from compression artifacts and transmission errors, the quality of digital 
video sequences can be affected by any pre- or post-processing stage in the 
system like conversions between the digital and the analog domain; chroma 
subsampling; frame rate conversion or de-interlacing. 

3.3 Data metrics 

The simplest and most obvious techniques for image comparisons are point by point 
ones. The mean squared error (MSE) and the peak signal-to-noise ratio (PSNR) are the 
most popular difference or fidelity metrics in image and video processing. However, 
these metrics are not in accordance with human perception of images [33]. 
 
There are a number of reasons for the popularity of these two metrics. The formulas for 
computing them are as simple to understand and implement as they are easy and fast to 
compute. Technically, MSE measures image difference, whereas PSNR measures image 
fidelity, how closely an image resembles the reference. MSE and PSNR are well 
defined only for luminance information. 
 
The MSE is the mean of the squared differences between the gray-level values of pixels 
in two pictures of sequences I and Î: 
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for pictures of size YxX  and T  frames in the sequence. 

The root mean squared error is simply: MSERMSE  (2). 
 
The PSNR in decibels is defined as: 
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where m is the maximum value that a pixel can take (e.g. 255 for 8-bit images). 
 
Over the years, video researchers have developed a familiarity with PSNR that allows 
them to interpret the values immediately. Minimizing MSE is also very well understood 
from a mathematical point of view, minimizing MSE is equivalent to least-squares 
optimization in a minimum energy sense. Last but not least, there are no other metrics 
as widely recognized as these two, and the lack of video quality standards does not help 
either. 
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Despite their popularity, MSE and PSNR only have an approximate relationship with 
the video quality perceived by human observers, simply because they are based on a 
byte-by-byte comparison of data without knowing what the data actually represents. 
They are completely oblivious to things as basic as pixels and their spatial relationship, 
or things as complex as the interpretation of images and image differences by the human 
visual system. 
 
As a resume it can be said that data metrics are both, distortion-agnostic and content 
agnostic. Distortions may be more or less apparent to the viewer depending on their 
type and properties. Viewer perception varies based on the part of the image or video 
where the distortion occurs. 
 
Using MSE and various modifications as a basis, a number of additional pixel-based 
metrics have been proposed and tested [34]. It was found that although some of these 
metrics can predict subjective ratings quite successfully for a given compression 
technique or type of distortion, they are not reliable for evaluations across techniques. 
MSE was found to be a good metric for additive noise, but is outperformed by more 
complex HVS-related techniques for coding artifacts [35]. 
 
The network quality-of-service community has equally simple metrics to quantify 
transmission error effects, such as packet loss rate or bit error rate. The reasons for their 
popularity are similar to those given for PSNR above. Problems arise when relating 
these measures to perceived quality; they were designed to characterize data fidelity, but 
again they do not take into account the content, i.e. the meaning and thus the importance 
of the packets and bits concerned. The same number of lost packets can have drastically 
different effects depending on which parts of the bitstream are affected. 
 
Somewhat better are low-level human perception models (e.g. Perceptual PSNR), that 
incorporate low-level human vision characteristics. These models try to penalize error 
according to how visible are them. The effect of incorporating contrast sensitivity 
function (CSF), luminance masking and contrast masking juxtaposed to the traditional 
MSE metrics can be seen in [36]. 
 
Due to the problems with simple data metrics outlined above, much effort has been 
spent on designing better visual quality metrics that specifically account for the effects 
of distortions and content on perceived quality. 
 

3.4 Perceptual (Human Visual System) based metrics 

By perceptual are meant metrics which have been modelled based on Human Visual 
System (HVS) characteristics, both in the frequency as well as pixel domains. 
Perceptual (HVS) quality metrics quantify the effects of distortions and content on 
perceived quality. The approaches in metric design can be classified in two groups, 
namely a vision modeling approach and an engineering approach [37]. 
 
Most psycho-physically based methods for image QA construct a computational model 
of the response or sensitivity of the visual system as a function of the stimulus. Stimuli 
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that best enable study of visual sensitivity to the stimulus characteristic of interest are 
carefully designed and displayed to human observers in psychophysical experiments. 
There are various techniques used for determining image similarities. They exist both in 
the spatial domain, and in the transform domain (wavelet transforms, DCT, Gabor 
filters, Fourier Transform, etc.). However, since the goal is to acquire a system that 
would perform similarly to how people see, the best techniques are the ones that utilize 
the properties of human vision. Nowadays, the methods that have proven to relate fairly 
well to characteristics of human vision are Structure Similarity Metrics (SSIM) [38] and 
its variation. Due to their generality, these metrics can in principle be used for a wide 
range of video distortions. 

Method Approach Subjective 
Model 

Performance 

Frequency Domain 
Lukas and Budrikis Visual thresholds NA coeff. quadr. regr: 

raw=0,69; filtered=0,80; 
masked=0,88.  

MPQM 
Lambrecht & 
Verscheure 

Contrast Sensitivity -  

DVQ 
Watson & al. 

Visual thresholds using 
DCT transform 

DSCQS RMSE=14,61 

Xiao et al. JNDs with spatial contrast 
sensitivity function 

 better than Data Metrics 

Lee and Kwon DWT, segmenting frame to 
plane, edge and textured 
region 

DMOS correlation=0,94 

MOVIE 
Seshanidarathan & 
Bovik 

Gabor filter bank DMOS PCC=0,81. 
SROCC=0,833. 
OR=0,644. 

Pixel Domain 
PVQM 
Hekstra et al. 

Edginess, color error, 
temporal decorrelation 

DMOS Correlation of 0,934 

PQSM 
Lu et al. 

Visual distortion  PCC and SROCC up to 
0,83 and 0,81, resp. 

Ong et al. Distortion invisibility, 
blockiness and content 
fidelity 

DSIS PCC, SROCC within 
95% confidence interval 

Nya et al. Block and blur error DMOS  

VSNR 
Chandler & Hemami 

Visual masking and visual 
summation 

 PCC=SROCC=0,889, 
RMSE=7,39. 

PEVQ Edginess in lumin, and 
chromin, temporal 
variability, frame 
delay/loss/freezing 

ACR-HR, 
DMOS 

avg. PCC=0,808, 
RMSE=0,562, 
OR=0,513. 

Psytechnics Analysis of spatial 
frequency, blur, edge 
distortion, spatial/temporal 
distortion, block distortion,  

ACR-HR, 
DMOS 

avg. PCC=0,836, 
RMSE=0,526, 
OR=0,507. 

Table 1: HVS metrics summary 



29 
 

Table 1 offers a summary of the main HVS metrics and their performance. 
HVS-based metrics try to incorporate aspects of human vision deemed relevant to 
picture quality, such as color perception, contrast sensitivity and pattern masking, using 
models and data from psychophysical experiments [39]. The approach taken by most 
psycho-visual based models is to determine how the lower level physiology of the 
visual system limits visual sensitivity. Lower order processing occurs in the optics, 
retina, lateral geniculate nucleus, and striate cortex of the visual system [40]. Higher 
level processing, such as recognition and segmentation is either too local in their effect, 
or not well enough understood to be effectively utilized. However, there have been 
attempts to model higher level motion processing in the extra-striate cortex in video 
QA. In general, psycho-visual modelling based QA systems incorporate modelling of 
three types of processes that introduce sensitivity variations: light level, spatial 
frequency and signal content. 
 
These models are often very closely related to computational models of how the human 
vision system processes the visual input, which is a wide open area of research in the 
field of neuro-science and visual psychology. A QA model is then constructed by 
passing the reference and test images through such a cognitive model to obtain a 
perceptually meaningful measure of quality. An extremely simplified block diagram of 
a generic psychovisually-based image QA system is illustrated in Figure 2. 
 

 
Figure 2: Block diagram for HVS based image quality metric 

HVS-based metrics date back to the 1970’s and 1980’s, when Mannos and Sakrison 
[41] and Lukas and Budrikis [42] developed the first image and video quality metrics, 
respectively. Later well-known metrics in this category are the Visual Differences 
Predictor (VDP) by Daly [43], the Emmy award winning Sarnoff JNDMetrix (just 
noticeable differences) technology based on the Lubin model [44], van den Branden 
Lambrecht’s Moving Picture Quality Metric (MPQM) [45], and Winkler’s Perceptual 
Distortion Metric (PDM) [46], builds upon MPQM. 
Other metrics are DCTune [47], Teo and Heeger model [48], a scalable wavelet-based 
index [49] and the Visual Signal-to-Noise Ratio (VSNR) [50]. 
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Typically, VQA systems utilize a temporal filtering stage in cascade with a spatial one. 
This is equivalent to filtering the videos using a spatio-temporal filterbank that is 
separable along the spatial and temporal dimensions. Temporal filtering typically 
models two kinds of temporal mechanisms that exist in the early stages of processing in 
the visual cortex that are often modeled using linear lowpass and bandpass filters 
applied along the temporal dimension of the videos [51]. 
Psycho-visually based VQA systems that utilize this approach include the 
aforementioned MPQM, PDM; a scalable wavelet based video distortion metric, and the 
Digital Video Quality (DVQ) metric [52]. 
 
VQA needs to account for the spatio-temporal contrast sensitivity function of human 
vision that measures the sensitivity of vision to different spatial and temporal 
frequencies of the stimulus. Spatio-temporal contrast sensitivity was first studied in 
early work on visual psychophysics [53]. A spatio-temporal model of contrast 
sensitivity was created using measurements of the contrast sensitivity function as a non-
separable function of spatial and temporal frequencies using psychophysical 
experiments in [54]. 
 
Several psycho-visually based video QA systems have also been implemented in 
commercial products such as the Sarnoff JNDMetrix technology, the Picture Quality 
Analyzer (PQA) 200/500 systems from Tektronix1, the Cheetah V-Factor Quality of 
Experience2 (QoE) platform (formerly Symmetricom) and the Video Quality Analyzer3 
(VQA) from AccepTV. 

3.4.1 Frequency domain metrics 

In the frequency domain, transforms such as DCT, wavelets, and Gabor filter banks are 
used to measure the impairments in different frequency regions. In these models, 
perceptual features motivated from computational models of low level vision are 
extracted to provide a reduced description of the image. 
 
Most image QA algorithms include a frequency analysis stage that decomposes the 
reference and test images into different channels (usually called subbands) tuned to 
different spatial frequencies and orientations using a set of linear filters. This stage is 
intended to mimic similar processing that occurs in the human vision system: neurons in 
the visual cortex respond selectively to stimuli with particular spatial frequencies and 
orientations [55]. Different decompositions have been used in the literature including 
the Gabor decomposition, Cortex transform, steerable pyramid, wavelet transform and 
so on [56], [57], [58] and [59]. 
 
While certain decompositions such as the Gabor and Cortex transforms are perceptually 
motivated, certain other transforms such as the wavelet transform are chosen for reasons 
of computational efficiency. Psycho-visually based quality metrics then model different 
properties of low level vision such as Weber’s law or luminance masking, contrast 
masking and contrast sensitivity. 

                                                 
1 http://www.tek.com/products/video_test/pqa500/ 
2 http://www.cheetahtech.com/products/products-v-factor.html 
3 http://www.acceptv.com/ 
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3.4.1.1 DCT domain metrics 

One of the earliest video quality metrics based on a vision model was developed by 
Lukas and Budrikis [60]. In this quality prediction, the first stage of the model 
constitutes a nonlinear spatio-temporal model of a visual filter describing threshold 
characteristics on uniform background fields. The second stage incorporates a masking 
function in the form of a point-by-point weighting of the filtered error based on the 
spatial and temporal activity in the immediate surroundings in order to account for the 
non-uniform background fields. The processed error, averaged over the picture, is then 
used as a prediction of the picture quality. The model attempted to predict the subjective 
quality of moving monochrome television pictures containing arbitrary impairments. 
 
The MPQM by van den Branden Lambrecht and Verscheure [61] simulates the spatio-
temporal model of the human visual system with a filter bank approach. The perceptual 
decomposition of the filter accounted for the key aspects of contrast sensitivity and 
masking. Since the eye’s sensitivity varies as a function of spatial frequency, 
orientation, and temporal frequency, and the perception of a stimulus is a function of its 
background, the authors jointly modelled the contrast sensitivity function and the 
masking function to explain visual detection. The metric also accounted for the 
normalization of cortical receptive field responses and intra-channel masking. Pooling 
of the prediction data from the original and coded sequences in the multi-channel model 
justifies higher levels of perception. The authors present a global quality measure and 
also metrics for the performance of basic features, such as uniform areas, contours, and 
textures in a video sequence. The metrics were tested for applications of high bitrate 
broadcasting using the MPEG-2 coder and low bit rate communication using H.263. 
The sequences used were Mobile, Calendar, Flower Garden, and Basket Ball for 
MPEG-2 and Carphone and LTS Sequence for H.263. Conducting encoding 
experiments, the metric’s saturation effect is compared with PSNR and found to be in 
correlation with aspects of human vision. 
 
The DigitalVideo Quality (DVQ) model described by Watson et al. [62] incorporates 
the discrete cosine transform to gauge the objective video quality. The model considers 
aspects of luminance and chromatic channels, spatial and temporal filtering, spatial 
frequency channels, contrast masking, and probability summation for quality 
evaluation. After calibration and pre-processing of both the original and processed video 
sequences, a block DCT is applied, using a block size of 8 x 8 pixels. The ratio of DCT 
amplitude to DC component for the corresponding block is computed to estimate the 
local contrast. Using a suitable recursive discrete second-order filter, temporal filtering 
is conducted to compute temporal contrast sensitivity. From the local contrast 
information, just-noticeable differences (JNDs) are estimated for both sequences. The 
difference between the DCT coefficients of the original and test sequences is computed 
over local regions and converted into JND units by dividing it by the local JNDs. Using 
the original sequence, after JND conversion, a first order low-pass IIR (Infinite Impulse 
Response) filter is applied to estimate the degree of temporal masking. Finally, using 
the Minkowski metric, the JND-weighted differences are first pooled over each video 
frame and then over all the sequence of video frames in order to estimate the visual 
quality of the video sequence. Sixty-five test sequences (five original and 60 processed) 
of ITU-T BT.601 PAL Format were used for testing the metric. The quality ratings 
obtained were found to have RMS error of 14.61 when compared with scores from the 
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double stimulus continuous quality scale (DSCQS) subjective test. However, it was 
observed that, the metric was not a good fit for sequences at very low bit rates. 
As an extension of Watson’s DVQ, Xiao [63] proposed a modification which made use 
of the fact that the human eyes’ sensitivity to spatio-temporal patterns decreases with 
high spatial and temporal frequencies. The method is similar to Watson’s model, except 
that the local contrast achieved with the DC components is further converted to just 
noticeable differences using a spatial contrast sensitivity (SCS) matrix for static frames 
and a matrix (for e.g., the SCS matrix raised to a power) which accounts for the 
temporal property for dynamic frames. This DCT based video quality metric also called 
VQM (but different to NTIA VQM) was defined in terms of a weighted mean distortion 
D , and a maximum distortion Dmax as follows: 

]005,0[ maxDDVQM   (4) 

where the mean and maximum distortions were obtained based on the absolute 
differences between the original and compressed video sequences. The metric’s 
performance was compared to the Root Mean Squared Error (RMSE) with tests 
involving addition of spatial frequency noise to images and block-based distortions. It 
performs better than RMSE in terms of correlation with subjective scores. 
 

3.4.1.2 DWT domain metrics 

Lee and Kwon [64] proposed an objective video quality model based on the wavelet 
transform. The model uses a multi-level wavelet transform to compute the spatial 
frequencies based on the resulting subbands[65][66]. For each subband of the frame, the 
difference squared error between the original and processed wavelet coefficients is 
computed and summed, resulting in an error vector for each frame. These error vectors 
only capture the spatial frequency degradation. For capturing the temporal degradation, 
a modified 3-D wavelet transform is applied on the 2-D array formed by arranging the 
error vectors for each frame as a column. Finally, an average of the resulting vectors is 
computed to account for both the spatial and temporal degradation. From the generated 
difference vectors, the quality rating is derived as a weighted sum of the vector 
elements. The weights are derived using a training data set, based on maximizing the 
degree of correlation between the given subjective scores and the predicted objective 
scores. The testbench comprised of 10 input video sequences on two video formats 
(525/60 Hz and 625/50 Hz), with coding methods H.263 and MPEG-2. The validation 
tests were performed and it was found that the quality ratings showed a high correlation 
of 0.94 with the DMOS (Differential Mean Opinion Scores) subjective quality 
prediction scores. 
 
More recently, a full reference video quality metric called MOtion-based Video 
Integrity Evaluation (MOVIE) index was proposed by Seshadrinathan and Bovik [67]. 
The MOVIE model, which is not standardized, strives to capture the characteristics of 
the middle temporal (MT) visual area of the visual cortex in the human brain for video 
quality analysis. Neuroscience studies indicate that the visual area MT is critical for the 
perception of video quality [68]. The response characteristics of the visual area MT are 
modelled using separable Gabor filter banks. The model described two indices, namely 
a Spatial MOVIE index that primarily captures spatial distortions and a Temporal 
MOVIE index that captures temporal distortions. 
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After applying the Gabor filter banks on both the reference and distorted video 
sequences, the spatial distortion is captured as a function of difference squared between 
Gabor coefficients. The error measure is normalized by a masking coefficient, which is 
defined as a function of the local energy content. For capturing low frequency 
distortions, a Gaussian filter operating at DC is used and the error measure is computed 
similar to the one for the Gabor coefficients. Both, the Gabor and Gaussian errors are 
pooled together to give the spatial error measure for a given pixel. 
 
The motion information from optical flow fields of the reference video along with the 
spatio-temporal Gabor decompositions help in measuring the temporal distortions at 
each pixel. The frame-level spatial distortion is measured as the ratio of standard 
deviation to mean of the spatial error over all pixels. Similarly, the frame-level temporal 
distortion is pooled using the temporal error of all pixels. The spatial error indices are 
averaged across all frames to provide the Spatial MOVIE index. Similarly, the average 
of all frame-level temporal error indices is computed, the square-root of which gives the 
Temporal MOVIE index. The final MOVIE index for the video sequence is computed 
as the product of these two indices. The performance of the model on the VQEG FRTV 
Phase 1 dataset was Pearson Correlation Coefficient 821,0PCC , Spearman Rank 
Order Correlation Coefficient 833,0SROCC , and Outlier Ratio 644,0OR . 

3.4.2 Pixel domain metrics 

In the pixel domain, the impairments are measured using change in local gradient 
strength around a pixel or based on perceptually significant visual features. In these 
models, perceptual features motivated from computational models of low level vision 
are extracted to provide a reduced description of the image. 
 
The HVS feature of sensitivity to edges and local changes in luminance is exploited by 
Hekstra et al. [69] to propose the objective video quality model called Perceptual Video 
Quality Metric (PVQM; also known as the Swisscom/KPN metric). PVQM operates in 
the spatial domain (directly on the video frames) and uses both local and global features 
for quality measurements. 
The local features include colour masking, spatial-textural masking, and temporal 
masking. The global features include content-richness fidelity and block-fidelity. The 
local masking features are combined into a visibility threshold value and together with 
sequence difference and global features are pooled to give an objective video quality 
rating. 
 
By using a local gradient filter for the luminance signal of both the reference and 
processed video signal edginess is computed. The normalized change in edge 
information is used to account for loss or introduction of sharpness. Theoretical 
approach is based on that the perceived spatial distortion is more meaningful for frames 
with low motion content, than for frames with high motion content. 
The edge error is compensated with the temporal decorrelation factor to account for the 
perceived spatial distortion. The temporal masking is added by means of a temporal 
variability indicator that is computed by subtracting the correlation between the current 
and previous frame from the one for the reference video luminance frames. 
The processed video signal is not considered in computing the temporal variability as it 
might be influenced by errors. The normalized color error is computed based on the 
maximum color saturation of the original and processed video signal. 
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Finally, the video quality rating is obtained as a weighted linear combination of these 
indicators. The PVQM performance results were based on tests over 26,000 subjective 
scores generated on 20 different video sequences and processed by 16 different video 
systems. The results of PVQM were based on training on a medium to high quality 
video database that comprised various digital codec distortions. The Pearson correlation 
between subjective quality score (DMOS) and objective quality score produced by the 
PVQM was observed to be 934,0 . In the validations done by VQEG in their Phase 1 
study on the objective models of video quality assessments, PVQM was observed to 
show the highest correlation between subjective and objective quality scores [70]. 
 
Lu et al. [71] proposed saliency-weighted reduced reference and no reference metrics to 
measure visual distortions based on visual attention, eye fixation/movement, and the 
path of vision/retina which are considered the three aspects of perception. It pays more 
attention to certain area/regions of visual signal due to one or more of the following 
factors: salient features in image/video, cues from domain knowledge, and association 
of other media (e.g., speech or audio). For this purpose, a perceptual quality significance 
map (PSQM) is estimated to model visual attention and eye fixation/movement, while 
existing visual quality metrics are adopted to simulate the retina. PQSM is an array 
whose elements represent the relative perceptual-quality significance levels for the 
corresponding area/regions for images or video. Due to its generality, PQSM can be 
incorporated into any visual distortion metrics: to improve effectiveness or/and 
efficiency of perceptual metrics; or even to enhance a PSNR-based metric. 
 
Three steps are used to estimate PQSM, namely feature extraction, stimuli integration, 
and post processing. 
The feature extraction creates a visual stimuli map from visual attention related features 
from an input video sequence. The extracted visual features include relative and 
absolute motion, luminance, contrast, texture and skin/face features. 
The stimulus integration compiles the various visual stimuli into one PQSM by the 
means of a nonlinear additive model. 
Post-processing enhances the the eye fixation and movement model by representing the 
saliency locations as localized regions rather than isolated points. 
 
The PQSM-based metrics tested for VQEG data sets using the Spearman and Pearson 
Correlation coefficients resulted on a 10% increase in the PCC and SROCC when 
integrating the PQSM with existing visual quality metrics. 
 
In the video quality model proposed by Ong et al. [72], [73], the perceptual quality is 
measured as a function of distortion-invisibility, blockiness, and content fidelity factor. 
The visibility threshold gives a measure of the maximum amount of distortion that a 
particular pixel can undergo and still be imperceptible by the human vision. 
 
The distortion-invisibility feature is measured as a function of luminance masking, 
spatial-textural masking, and temporal masking at a particular pixel. The luminance 
masking factor is deduced based on HVS characteristics to accept distortion when 
background luminance is above or below a threshold value. Based on the strength of 
gradients around a pixel in four different directions, the spatial-textural masking factor 
is deduced. The temporal masking factor is derived as a function of motion content, 
based on the ability of the HVS to tolerate distortions at a particular pixel location due 
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to large motion. The blockiness is measured as a function of the MSE of 4 x 4 blocks 
between the original and distorted video frames. Finally, the content fidelity factor is 
computed based on the frequencies of pixel values appearing in the original and 
distorted video frame. The content fidelity factor provides a measure of content 
richness, based on the tendency of the HVS to provide higher subjective scores for vivid 
content. 
The video quality for a given frame is expressed as a product of distortion- invisibility 
measure, blockiness, and color fidelity. The final video score for the sequence is 
obtained by computing a weighted sum of scores considering each color component.  
 
The test was done using ninety test video sequences and the Pearson correlation 
coefficient and Spearman rank-order correlation values were found to lie within a 
confidence interval of 95%. 
 
From Ong et al. proposal, Nya et al. [74] proposed an improved full-reference video 
quality model. One of the suggested modifications includes using a Sobel filter to 
approximate the gradient of local luminance compared to the complex equations 
previously used. Additionally, the contrast loss detection was improved by including a 
macroblock grid matching in order to avoid ignoring major structural. 
 
Nya et al. modified the feature point selection method. The improvements consist of a 
different macroblock size ( 	 	  was assumed), and a new binary mask that defined 
regions of interest. As a result, the model was found to account for both tiling effects 
and distortions effecting block boundaries. 
 
The performance assessment was done using MPEG and Fraunhofer Heinrich-Hertz 
Institute (HHI) data sets which were used to benchmark the performance of MPEG-2 
and H.26L. The clip contents consisted of news, sports, monochrome, cartoon, and 
color movies. The obtained objective quality scores were compared with existing 
objective video quality metrics, including the NTIA Video Quality General Model [75], 
and the earlier model proposed by Ong et al. in terms of correlation with available 
DMOS subjective scores. For both the MPEG and HHI videos, the Pearson correlation 
coefficient was observed to be almost the same as for the NTIA (National 
Telecommunications and Information Administration) Video Quality General Model, 
but higher than the ones obtained for the Ong et al. model and the PSNR. Furthermore, 
the Spearmen correlation coefficient was observed to be higher for the proposed model 
compared to the others. 
 
The VSNR metric presented by Chandler and Hemami [76], is essentially a full-
reference still-image quality metric but has also shown a promising performance in 
assessing video quality when applied on a frame-by-frame basis and then averaged. The 
metric aimed at minimizing the suprathreshold problem in the HVS modeling. The 
model uses visual masking and visual summation concepts to identify the perceptually 
detectable distortions. In the case that the distortions are above the threshold of 
detection, a second stage is applied which operates on properties of perceived contrast 
and global precedence. These properties are modeled as Euclidean distances of 
distortion and contrast and the metric is defined as a simple sum of the distances. 
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Opticom4, a company specializing in developing perceptual voice, audio, and video 
quality testing products, introduced a proprietary full-reference objective video quality 
metric called Perceptual Evaluation of Video Quality (PEVQ) based on the PVQM 
model aforementioned. The quality evaluation consists of five main stages. 
The first stage pre-processes both the original and distorted video signals by extracting 
the region of interest (ROI). The ROI is derived by cropping the actual frame, with a 
cropping size defined by the video format. These ROI-derived frames are used in 
subsequent stages. 
The 2nd stage consists of the spatially and temporally alignment of the pre-processed 
video signals. 
During the 3rd and 4th stages, four spatial distortion measures, edginess in luminance, 
edginess in chrominance, and two temporal variability indicators, are computed besides 
a temporal distortion measure. In particular, a gradient filter is applied on both the 
luminance and chrominance part of the video signals to obtain the edge information. 
From the edge information for each frame, the normalized change in edginess for the 
distorted video signal with respect to the original video signal is computed and averaged 
over all frames to obtain the edginess in luminance and chrominance. The temporal 
variability of a frame is defined as the difference of, first, the absolute difference 
between the current and previous frame of the original signal, and, second, the absolute 
difference between the current and previous frame of the distorted signal. The negative 
part of the temporal variability measures the new spatial information introduced in the 
signal, and the positive part of the temporal variability measures the effect of spatial 
information lost in the signal. The temporal distortion is computed from the amount of 
frame freezing as well as frame delay or loss information. 
Stage five uses a sigmoid approach to map the distortions to the DMOS video quality 
measure, with the mappings defined based on the input video format (Quarter Common 
Intermediate Format QCIF, Common Intermediate Format CIF, or Video Graphic Array 
VGA). 
 
PEVQ was one of the two best performing methods in the VQEG Multimedia Quality 
Assessment, Phase I [77], and included as normative model in International 
Telecommunications Union ITU-T Recommendation J.247 [78]. 
 
The other one of the two best performing methods in [77] is a proprietary full-reference 
metric developed by Psytechnics5. The Psytechnics method consists of three main 
stages. First, the video registration phase matches frames in the distorted video to 
frames in the reference video. Second, the perceptual features of the comparison 
between distorted and reference frame are extracted through several analysis methods, 
including spatial frequency analysis, edge distortion analysis, blur analysis, block 
distortion analysis, as well as spatial and temporal distortion analysis. Third, the 
individual perceptual feature measures are linearly combined with weights determined 
through an extensive training set to obtain an overall quality prediction DMOS. The 
model performed well in the VQEG tests, as summarized in Table 1, and was included 
as a normative model in ITU-T Recommendation J.247 [78]. 
 

                                                 
4 www.opticom.de 
5 www.psytechnics.com 
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3.5 Natural visual oriented metrics 

Recent years have seen a paradigm shift in VQA from algorithms that are based on 
models of the HVS to algorithms that utilize certain statistics or features computed from 
the reference and test videos in predicting visual quality. 
They used to be classified in two groups: feature based and signal statistic based VQA 
algorithms. Features such as average brightness, contrast, edges, textures, color, 
blockiness and blur are computed from the reference and test videos and difference 
measures between feature values computed from the reference and test videos serve as 
indicators of visual quality. 

Method Approach Subjective 
Model 

Performance 

Natural Visual Statistics 
Wang et al.SSIM Structural distortion measurement   

Wang et al. 
VSSIM 

Structural distortion measurement 
based on SSIM 

 PCC= 0,864 weight. regr. 
= 0,849 non-lin. Regr 
SROCC=0,812 
OR=0,578 

Wang et al. 
MS-SSIM 

Structural distortion measurement 
based on SSIM 

 PCC=0,969 
SROCC=0,966 
RMSE=4,91 
OR=1,16 

Sheik and Bovik 
VIF 

Statistical visual model in wavelet 
domain, distortion and HVS 
modeling, visual information 

 SROCC= 0,949 
RMSE=5,08 
OR=0,013 

Lu et al. Block.DCT and region 
classification (plane, edge, and 
textured) 

 95% confidence interval 
error 

Tao & Eskecioglu Singular value decomposition 
(SVD) 

  

Natural Visual Features
Pessoa et al. Segments image/frame to plane, 

edge and textured region 
DSIS MAE less than 4% for 

each one 
Pinson and Wolf 
VQM 

Edge impairment filter DSCQS 525 lines 
PCC= 0,938 
OR= 0,46 
625 lines 
PCC= 0,886 
OR= 0,31 

Okamoto et al 
NTT FR method 

PSNR, edge energy difference, 
moving energy of blocks 

DSCQS; 
ACR-HR; 
DMOS 

95% confidence interval  
avg. PCC= 0,777 
RMSE= 0,604 
OR= 0,31 

Lee and Sim Degradation feature values of 
edges, boundary and blur 

DSCQS Sum of absolute errors= 
5,09 for training vid. 
11,50 for test vid. 

Bath et al. MSE, edge information  PCC= 0,947, 
OR= 0,402 

Table 2: Natural visual metrics summary 
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Table 2 offers a summary of the main natural visual metrics and their performance. 
The statistical models use statistical measures, such as mean, variance, covariance, and 
distributions, in modeling their respective quality metrics. The visual features based 
models employ measurements of blurring and blocking in video as well as image 
segmentation for extracting significant visual features, and edge detection to capture the 
edge, plane, and texture properties. 

3.5.1 Statistics based metrics 
As it has been said, these metrics use statistical measures in modeling their respective 
quality metrics. Several popular algorithms utilize a signal statistic based approach to 
VQA. However, signal statistic based VQA algorithms suffer from similar drawbacks as 
HVS-based VQA systems and do not do an adequate job in capturing temporal aspects 
of human vision and distortion perception. 
 
Wang et al. [79] proposed the Video Structural Similarity (VSSIM) index which uses 
structural distortions to estimate perceptual distortions. The VSSIM technique intends to 
exploit the strong dependencies between samples of the signal. The degradations are 
considered to be due to perceptual structural information loss in the human visual 
system. The authors base the VSSIM metric on their previously proposed Structural 
Similarity Index (SSIM) [80] which was specific to still image quality assessment. 
SSIM defines the luminance comparison  
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where µx and µy denote the mean luminance intensities of the compared image signals 
and . For an image with a dynamic range , the stabilizing constant is set to C1=(K1L)2 
where K1 is a small constant such that C1 takes effect only when (µ2

x+µ2
y) is small. 

Similarly, SSIM defines a contrast comparison function 
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with σx and σy denoting the standard deviations of the luminance samples of the two 
images and C2 is a stabilizing constant similar to C1. Further, a structure comparison 
function is defined with the covariance of the luminance samples σxy as 
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The SSIM index is defined as 

 )],([)],([)],([),( yxsyxcyxlyxSSIM  (8) 
whereby the positive parameters α, β, and γ adjust the relative importance of the three 
comparison functions. Setting and gives the specific form 
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The overall quality of the image is defined as the average of the quality map, i.e., the 
mean SSIM (MSSIM) index. 
 
For video sequences, the VSSIM metric measures the quality of the distorted video in 
three levels, namely the local region level, the frame level, and the sequence level. The 
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local quality index is obtained as a function of the SSIM indices for the Y, Cb, and Cr 
components as 

Cr
ijCr

Cb
ijCb

Y
ijYij SSIMWSSIMWSSIMWSSIM   (10) 

where YW , CbW , and CrW are weights for the Y, Cb, and Cr components. 

Based on the reasoning that the luminance distortion measure has more impact on the 
video quality than the chroma distortion, Wang et al. fix 8,0YW  and, 1,0 CbCr WW . 

At the second level, to obtain the overall quality of the video sequence, the local level 
quality values are weighted to give a frame level quality measure which is weighted 
again. 
 
The metric was tested on the VQEG Phase 1 test data set with the Pearson correlation, 
the Spearman correlation, and the Outlier ratio. VSSIM provides reasonably good 
results as compared to the PSNR, the KPN/Swisscom CT (the best metric of VQEG 
Phase 1 in terms of performance [81], [82]). 
 
In addition to the SSIM and the VSSIM, the MultiScale-SSIM (MS-SSIM) [83] and the 
Speed SSIM [84] metrics have been proposed. 
 
The MS-SSIM is an extension of the single-scale approach used in SSIM and provides 
more flexibility by incorporating the variations of the image resolution and viewing 
conditions. 
The MS-SSIM method applies a low pass filter to the reference and distorted images 
and downsamples the filtered images by a factor of two at every stage. 
At the th scale, contrast and structure comparisons are evaluated according to Eqns. (6) 
and (7) and denoted as ),( yxcm  and, ),( yxsm , respectively. The luminance comparison 

(5) is computed at scale M (i.e., the highest scale obtained after iterations) and denoted 
as ),( yxlM . Compiling: 
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which has been shown to outperform the SSIM index and many other still image quality 
assessment algorithms [85]. 
 
The MS-SSIM index can be extended to video by applying it frame-by-frame on the 
luminance component of the video and the overall MS-SSIM index for the video is 
computed as the average of the frame level quality scores. The Speed SSIM is the VQA 
model proposed in [86] and uses the SSIM index in conjunction with statistical models 
of visual speed perception described in [87]. 
 
The Visual Information Fidelity (VIF) [88] is based on visual statistics combined with 
HVS modeling. VIF models natural images as realizations of Gaussian Scale Mixtures 
in the wavelet domain. VIF first models the distorted image through signal attenuation 
and additive Gaussian noise in the wavelet domain. Then, the masking and sensitivity 
aspects of the HVS are modeled through a zero mean, additive white Gaussian noise 
model in the wavelet domain that is applied to both the reference image and the 
distorted image model. The visual information of both images is quantified by the 
mutual information between the input natural image and the respective images at the 
output of the HVS model. The ratio of the visual information of the distorted image to 
the visual information of the reference image is defined as the VIF measure. 
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Similar to the VSSIM, Lu et al. [89] proposed a full reference video quality assessment 
model based on structural distortion measurements. The first stage selects localized 
areas and computes statistical features, such as mean and variance, to obtain the local 
quality and the frame quality measure (as in VSSIM). The authors then adjust the frame 
quality value by measuring the blockiness and blurriness as well as the motion factor. 
Blocking and blurring, which are measured from the power spectrum of the signal, as 
well as the relative motion, which is measured using a block-based motion 
compensation algorithm, are incorporated adaptively based on the quality index of the 
frame. The final frame quality index is obtained as a weighted sum of the results for Y, 
Cr, and Cb. Averaging over all frames gives the overall quality value for the test 
sequence. The metric was tested with the VQEG Phase 1 data set and showed 
consistency with subjective measurements when evaluated using the Spearman and the 
Pearson coefficients. Applications such as low bit rate MPEG coding suit the metric. 
 
Shnayderman et al. [90] developed a distortion measure called M-SVD (Mean Singular 
Value Decomposition) for image quality assessment based on the concept of singular 
value decomposition. Singular Value Decomposition is a way of factoring matrices into 
a series of linear approximations that expose the underlying structure of the matrix. The 
M-SVD measures distortion as a function of the distance between the original and 
distorted image block singular values, given by  
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where is and is represent the singular values of the original and distorted block, and n

represents the block size. Once the distance measures are computed for all blocks, a 
global measure is derived by averaging the differences between the distance measure for 
each block and the median of all block distance measures. This global error is used to 
derive the M-SVD measure. 
 
Using this concept of distortion measure, Tao and Eskicioglu [91] developed a full-
reference objective video quality model. Initially, both the original and degraded video 
sequences are converted to the 4:4:4 YCbCr format, and the frames are decomposed 
into 8 x 8 blocks. Then, the distance measures are computed for all the blocks in each 
frame. To account for the HVS sensitivity to high frequency regions, edge detection for 
each block is conducted using a local gradient filter, such as Sobel. Each block is 
assigned an edge index based on the degree of edge content. 
 
The M-SVD is derived as a function of distance measures of each block and their 
respective edge indices. The error index for a frame is expressed as a linear weighted 
sum of M-SVDs computed for both the luminance and chroma components, with 
weights derived experimentally from test video sequences. The overall quality of the 
video sequence is expressed as an average of the error indices across all frames. The 
performance evaluation for this method was performed using video sequences from the 
VQEG Phase I test data set for FT-TV video quality measurement. A variance-weighted 
regression analysis correlation score of 0.893, non-linear regression analysis correlation 
score of 0.877, SROCC of 0.799 and OR of 0.486 were observed, when objective video 
quality was measured using both the luma and chroma components with edge detection. 
The performance of the model was observed to be better when both the luma and 
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chroma components were used with edge detection, as compared to using only the luma 
component, or both the luma and chroma components without edge detection. 
 

3.5.2 Feature based metrics 

Pessoa et al. [92] presented a video quality model that segments images into plane, 
edge, and texture regions. The region segmentation helps in capturing the degree of 
perceived distortion. For example, blockiness is more noticeable in plane (flat) regions, 
and blurriness is more noticeable in edge and textured regions. The authors evaluated 
the model using three different segmentation algorithms: 

(i) segmentation based on edge detection using recursive filtering and a median 
filter. 

(ii) fuzzy image segmentation based on spatial features. 
(iii) a watershed algorithm. 

 
After segmentation,for each region, error measures including the Mean Square Error 
(MSE), Positive Sobel Difference (PSD), Negative Sobel Difference (NSD), and 
Absolute Sobel Difference (ASD) are computed for both the luminance and 
chrominance components from the reference and processed video signal. 
The ASD is the sum of PSD and NSD. For a given region, if R(x,y) is the pixel value of 
the original frame and D(x,y) is the pixel value of the distorted frame, and Rm(x,y) and 
Dm(x,y) are the corresponding pixel values after median filtering, then the PSD and 
NSD are given by: 
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For each impairment objective parameter, weights are computed such as to satisfy a 
statistical reliability constraint. The statistical reliability is defined to be inversely 
proportional to the mean squared error between the objective parameter and the 
normalized subjective score. The final objective score is obtained as a weighted linear 
combination of all these objective parameters. 
 
Five 2-second clips of MPEG-2 coded natural scenes and the DSIS subjective quality 
test were used for the performance evaluation. The objective test results showed a mean 
absolute error (MAE) of less than 4% for each individual scene and a global MAE of 
1.8%, when the first segmentation algorithm was used. The second and third 
segmentation methods resulted in no significant drop in objective quality estimation 
accuracy. The results could be improved if temporal details are also considered as the 
method does not use any temporal information for video quality evaluation. 
 
The Video Quality Metric (VQM) software tools [93] developed by the Institute for 
Telecommunication Services (ITS), the research and engineering branch of the National 
Telecommunications and Information Administration (NTIA), provide standardized (for 
digital cable TV applications) as well as non-standardized (expanded) methods to 
measure the perceived video quality of digital video systems. The expanded methods 
can be used to measure the perceived video quality for various video applications, 
including direct broadcast satellites (DBS), standard definition television (SDTV), high 
definition television (HDTV), video teleconferencing (VTC), and wireless or IP-based 
video streaming systems [94]. 
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The NTIA VQM provides several quality models, such as the Television model, the 
General Model, and the Video Conferencing Model and provides objective video highly 
efficient quality ratings for video sequences. 
 
A block diagram of the NTIA General Model is illustrated in Figure 3.   
 

 

Figure 3 VQM Model 

The main impairments considered in the General Model include blurring, block 
distortion, jerky/unnatural motion, noise in luminance and chrominance channels, and 
error blocks. The blurring information is computed using a 13-pixel information filter 
(SI13). The SI13 is a perceptually significant edge impairment filter defined in [95], 
with a peak response around 4’5 cycles/degree and that makes use of 13 x 13 horizontal 
and vertical filter masks. Jerky/unnatural motion is detected by considering the shift of 
horizontal and vertical edges with respect to diagonal orientation due to high blurring. 
The output of the SI13 filter is used to measure this unnatural motion by considering 
edge angles. Also, using the SI13 filter, the shift of edges from the diagonal to 
horizontal and vertical orientations due to tiling or blocking artifacts is considered.  
 
Then, the distribution of chroma spaces is computed to consider the color impairments 
by dividing both the chroma planes into 8 pixels x 8 lines x 1 frame spatio-temporal 
regions. In addition, the model also considers a quality improvement parameter that 
might result from edge sharpening or enhancements. The amount of perceived temporal 
impairment is influenced by the amount of spatial detail. Using the features derived 
from the product of contrast information and amount of spatial detail, the temporal 
distortion is computed. Finally, using the same color features as used in computing the 
chroma spread earlier, localized color impairments such as those caused by digital 
transmission errors are accounted for. A weighted linear combination of all the 
impairments metrics is used to arrive at the VQM rating. 
 
The NTIA VQM General Model was the only model that broke the 0’9 threshold of the 
Pearson correlation coefficient on the VQEG FRTV Phase II test database [96] and, as a 
result, was standardized by ANSI (American National Standards Institute) in July 2003 
(ANSI T1.801.03-2003) and included as normative model in ITU Recommendations 
ITU-T J.144 and ITU-R BT.1683 (both adopted in 2004). 
 
Okamoto et al. [97] proposed a video quality metric that considers visual distortions 
including blurring of the edge sections, generation of new edges, and deterioration in 
the temporal direction. Using the Average Edge Energy Difference metric presented in 

Parameters 
VQM 
Rating 

Feature 
Extraction 

Feature 
Extraction 

Calibration 

Calibration 

Reference 

Distorted 
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ANSI T1.801.03 [98], Okamoto et al. investigate the quality prediction accuracy of this 
metric in relation to the prediction of deteriorations in edge regions. The Average Edge 
Energy Difference metric is the difference in the number of edges between the original 
and degraded video per frame divided by the number of edges in the original video 
frame. This metric is found to be insufficient to account for deteriorations, such as 
mosquito noise and blurring in the edge regions, and degradations in the temporal 
domain, and is also found to treat the entire frame uniformly without accounting for the 
local nature of deteriorations. To account for mosquito noise and blurring distortions 
around the edge regions, a minimum edge ratio metric is used. To identify blocking 
distortions, the amount of distortion between the horizontal/vertical edges and the other 
edges is calculated. The average moving energy of blocks is computed to account for 
the temporal and local nature of degradations. 
 
A weighted sum of these measures is used to predict the video quality, with weighting 
coefficients arrived at using dual regression analysis using a subjective training dataset. 
When compared with the DSCQS subjective quality prediction scores, the RMSE is 
found to be 6’43 which falls within the 95% confidence interval. The tests were done 
using 36 videos selected from ITU-R BT.802 and BT.1210 recommendations. All the 
test videos were 640 x  480 in spatial resolution, with the Windows Media 8 Encoder 
used as the codec. Based on the good performance in [77], as summarized in Table 2, 
this NTT full reference method was included as normative model in [78]. 
 
Lee and Sim [99] measure visual features at the edges and the block boundary regions. 
Their proposed KVQM metric computes feature values that indicate the visual 
degradation of the image, namely the edginess, blockiness, and the blurriness. The final 
quality metric score is obtained by a weighted linear combination of the three feature 
metrics as: 

offsetfGwMwMwKVQM difblockedge  321  (15) 

where 1w , 2w , and 3w represent the weights that are derived based on linear regression 

analysis on a training test video set of 50 clips. The performance of the model is 
evaluated by comparing the Sum of Absolute Error (SAE) values between the 
subjective model (DSCQS) and the KVQM using a training data set. The aim of the 
KVQM was to assess the objective quality of digital mobile videos. 
 
More recently, Bhat et al. [100] presented a method exploiting the correlation between 
objective and subjective results. Bhat et al. determine the correlation between the 
predicted Mean Opinion Score MOSP and the MSE using the linear correlation model 

)(1 MSEkMOSp   (16) 

where k  is the slope of the regression line. The authors train this MOSp model with a 
variety of video sequences. Since the visibility of artifacts is low in highly detailed 
regions, the spatial edge information is extracted using edge filters and is fit into the 
linear model to determine as follows: 

)02439'0(exp03585'0 geStrenghtSequenceEdk   (17) 
Similar to VSSIM, the MOSp metric is calculated first at the macroblock level, and 
subsequently the macroblock level MOSp scores are averaged out to obtain the frame 
level quality measure and then the overall quality of the video sequence. 
 
The metric is evaluated using the Pearson correlation coefficient and the Outlier ratio 
for a variety of video sequences with low and high levels of detail. Compared to the 
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PSNR, SSIM, and PSNRplus [101], it was reported that the MOSp metric performs 
better in terms of both subjective results as well as speed on the tested video sequences. 
 

3.6 Bitstream and hybrid metrics 

While a lot of effort in video quality measurement has been devoted to evaluating 
compression artifacts from decoded “base-band” video, there is also a growing interest 
in quality metrics specifically designed to measure the impact of network losses on 
video quality. This development is the result of increasing video service delivery over 
IP networks, for example Internet streaming or IPTV. 
 
Because losses directly affect the encoded bitstream, such metrics are often based on 
parameters that can be extracted from the transport stream and the bitstream with no or 
little decoding. This has the added advantage of much lower data rates and thus lower 
bandwidth and processing requirements compared to metrics looking at the fully 
decoded video. Using such metrics, it is thus possible to measure the quality of many 
video streams/channels in parallel. At the same time, these metrics have to be adapted to 
specific codecs and network protocols. 
 
On the other hand, “hybrid” metrics use a combination of packet information, bitstream 
or even decoded video as input. 
 
Figure 4 illustrates the different classes of metrics and their inputs. 

 
Figure 4 Classification of packet-based, bitstream-based, picture and hybrid metrics 

Some examples of packet- and bitstream-based metrics are Verscheure et al. [102], who 
investigated the joint impact of packet loss rate and MPEG-2 bitrate on video quality, or 
Kanumuri et al. [103], [104], who used various bitstream parameters such as motion 
vector length or number of slice losses to predict the visibility of packet losses in 
MPEG-2 and H.264 video. 

V-Factor is a real-time video quality metric that uses the transport stream and the 
bitstream as input. The method does not require a reference and works at the packet 
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level. It combines network impairments with information obtained from the video 
stream. The algorithm is focused mainly on MPEG-2 and H.264 video streaming over 
IP networks, but it can be adapted to other codecs and other applications such as video 
conferencing as well. 

A compressed video stream can be viewed as a sequence of packets that are carrying 
video and audio information along with data. De-multiplexing such streams is required 
in order to identify the packets that carry video information. 

 
Figure 5 V-Factor metric block diagram 

The V-Factor metric is based on deep packet inspection of the video stream. A block 
diagram of the system is shown in Figure 5. It analyzes the bitstream in real time to 
collect static parameters such as picture size and frame rate as well as dynamic 
parameters such as the variation of quantization steps. V-Factor inspects different 
sections of the video stream, namely the transport stream (TS) headers, the packetized 
elementary stream (PES) headers, and the video coding layer (VCL), in addition to the 
decoded video signal. 

Video quality prediction by the metric is based on the following: 

 The impact of video impairments due to the content characteristics, the 
compression mechanism and bandwidth constraints. 

 The impact of network impairments such as jitter, delay and packet loss on the 
video, including spatial and temporal loss propagation. 

The underlying model used for the objective measurement of video impairments is 
based on a paper by Verscheure et al. [102], who proposed models for the impact of 
packet loss rate, MPEG-2 quantizer scale and data rate on quality using the moving 
picture quality metric (MPQM). 

Winkler [105] generalized these models to state-of-the-art codecs such as H.264, and 
further enhanced them to take into account the complexity of the video content. 
Networks impairments were also analyzed in real time in order to provide the model 
with packet loss probability ratio (single loss, bursty loss) through a series of hidden 
Markov models. The models were optimized for realtime multi-channel assessment of 
video quality. 
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3.7 Benchmarking and performance comparison 

Subjective video models serve as a benchmark for the performance evaluation of 
objective models. The perceptual video quality predicted by objective models is always 
compared for degree of closeness with the perceptual quality measured with traditional 
subjective models. 

The prominent subjective tests used from ITU-R Rec. BT.500-11[106] and ITU-T 
Rec.P.910 [107] are: 
 

 Double Stimulus Continuous Quality Scale (DSCQS) [ITU-R Rec. BT.500-
11]—In this test, the reference and processed video sequence are presented twice 
to the evaluators in alternating fashion, with randomly chosen order (Example: 
reference, degraded, reference, degraded). At the end of the screening, the 
evaluators are asked to rate the video quality on a continuous quality scale of 0–
100 (with 0 being Bad and 100 Excellent). Multiple pairs of reference and 
processed video sequences and of rather short durations (around 10 seconds) are 
used. The evaluators are not told which video sequence is the reference and 
which is the processed. 

 Double Stimulus Impairment Scale (DSIS) [ITU-R Rec. BT.500-11]—Unlike 
the DSCQS, in the DSIS, the evaluators are aware of the presentation sequence, 
and each sequence is showed only once. The reference video sequence is shown 
first followed by the processed video sequence. (In DSIS variant II, this 
presentation sequence is repeated once.) The evaluators rate the sequences on a 
discrete five-level scale ranging from very annoying to imperceptible after 
watching the video sequences. ITU-T Rec.P.910 has an identical method called 
Degradation Category Rating (DCR). 

 Single Stimulus Continuous Quality Evaluation (SSCQE) [ITU-R 
Rec.BT.500-11]—The evaluators are only shown the processed video sequence, 
usually of long duration (typically 20–30 minutes). The evaluators rate the 
instantaneous perceived quality on the DSCQS scale of bad to excellent using a 
slider. 

 Absolute Category Rating (ACR) [ITU-T Rec.P.910]—This is a single 
stimulus method similar to SSCQE with only the processed video being shown 
to the evaluators. The evaluators provide one rating for the overall video quality 
using a discrete five-level scale ranging from Bad to Excellent. 

 Pair Comparison (PC) [ITU-T Rec.P.910]—In this method, test clips from the 
same scene but under varying conditions, are paired in all possible combinations 
and screened to the evaluators for preference judgment about each pair. 

Subjective test scales have been extensively studied. For instance, a general 
methodology for creating valid scales is examined in [108]. The DSCQS and DSIS II 
scales have been compared in [109], revealing that the DSCQS scale is robust with 
respect to the level of video impairment, while the DSIS II scale exhibited high 
sensitivity to the impairment level. 
A multiple reference impairment scale (MRIS) that overcomes the impairment 
sensitivity of the DSIS II scale is proposed and examined in [110]. 
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For all these methods, the perceptual video quality ratings obtained from the evaluators 
are averaged to obtain the Mean Opinion Score (MOS). In the case of DSCQS, the 
Difference Mean Opinion Score (DMOS) is used. The DMOS consists of the mean of 
differential subjective scores. For each subject and each video sequence, a differential 
subjective score is computed by subtracting the score assigned by the subject to the 
processed video sequence from the score assigned by the same subject to the 
corresponding reference video sequence. The differential scores of a given subject can 
be further normalized using the mean and the standard deviation of all the differential 
scores given by the considered subject to obtain Z-scores. The DMOS can then be 
computed by averaging the obtained Z-scores. 
 
One of the responsibilities of the VQEG is to provide standardized test data and 
evaluation methodologies to test new video quality metrics. The performance of a 
perceptual quality metric depends on its correlation with subjective results. The 
performance of the objective models is evaluated with respect to the prediction 
accuracy, the prediction monotonicity, and the prediction consistency in relation to 
predicting the subjective assessment of video quality over the range of the considered 
video test sequences. In addition, by choosing a set of video sequences that include 
various impairments that are of interest, the robustness of an objective quality 
assessment metric can be tested with respect to a variety of video impairments. 
 
As described in [111], there are four commonly used metrics that are used for 
evaluating the performance of objective video quality metrics. These include the 
following: 
 

 The Pearson correlation coefficient (PCC) is the linear correlation coefficient 
between the predicted MOS (DMOS) and the subjective MOS (DMOS). It 
measures the prediction accuracy of a metric, i.e., the ability to predict the 
subjective quality ratings with low error. For data pairs , with and being the 
means of the respective data sets, the PCC is given by: 









22 )()(

))((

yyxx

yyxx
PCC

ii

ii  (18) 

Typically, the PCC is computed after performing a nonlinear regression using a 
logistic function, as described in [112], in order to fit the objective metric quality 
scores to the subjective quality scores. 

 • The Spearman rank order correlation coefficient (SROCC) is the 
correlation coefficient between the predicted MOS (DMOS) and the subjective 
MOS (DMOS). It measures the prediction monotonicity of a metric, i.e., the 
degree to which the predictions of a metric agree with the relative magnitudes of 
the subjective quality ratings. The SROCC is defined as: 
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where iX  is the rank of ix  and iY  the rank of iy  for the ordered data series and 

'X  and 'Y  denote the respective midranks. 

 The Outlier Ratio (OR) is defined as the percentage of the number of 
predictions outside the range of ±2 times the standard deviations of the 
subjective results. It measures the prediction consistency, i.e., the degree to 
which the metric maintains the prediction accuracy. If N  is the total number of 
data points and 'N  is the number of determined outliers, the outlier ratio is 
defined as: 

N

N
OR

'
 (20) 

 The Root Mean Square Error (RMSE) for N  data points ix , Ni ,1 , with 

x  being the mean of the data set, is defined as: 

  2)(
1
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N
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The fidelity of an objective quality assessment metric to the subjective assessment is 
considered high if the Pearson and Spearman correlation coefficients are close to 1 and 
the outlier ratio is low. Some studies use the Root Mean Square Error (RMSE) to 
measure the degree of accuracy of the predicted objective scores. For the 95% 
confidence interval, it is desirable that the RMSE be less than 7’24 [3]. 

PERFORMANCE COMPARISON 

To obtain a representative performance of video quality metrics, stress tests through a 
set of research video databases should be done. 
Currently, the publicly available video databases include the VQEG FRTV Phase I 
database [113] and the LIVE (Laboratory for Image and Video Engineering) Video 
Quality Database [114]. The VQEG FRTV Phase I database was built in 2000. There 
have been significant advances in video processing technology since then. The LIVE 
Video Quality Database was released in 2009, and includes videos distorted by H.264 
compression, as well as videos resulting from simulated transmission of H.264 
packetized streams through error prone communication channels. Thus, LIVE video 
database has been chosen to perform the test in this work. 
 
The LIVE Video Quality Database includes 10 reference videos. The first seven 
sequences have a frame rate of 25 frames per second (fps), while the remaining three 
(Mobile and Calendar, Park Run, and Shields) have a frame rate of 50 fps. In addition, 
for each reference video, there are 15 corresponding test sequences that were generated 
using four different distortion processes, namely simulated transmission of H.264 
compressed bit streams through error-prone wireless networks and IP networks, H.264 
compression, and MPEG-2 compression. All video files have planar YUV 4:2:0 formats 
and do not contain any headers. The spatial resolution of all videos is 768 x  432 pixels. 

For the different quality metrics which have been summarized in this state of the art, a 
surveyed quantitative evaluation can be found in [115] and [116]. 
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Results from the comparison of performance of video metrics on LIVE database are 
listed in Table 3. The still-image quality metrics shown in Table 3 are used to assess the 
visual video quality by applying these metrics on each video frame separately and then 
averaging the resulting frame scores. 

Class Metric PCC SROCC OR RMSE 

Data metrics PSNR 0’5489 0’5233 0’0200 9’1755 

Natural Visual Statistics SSIM 0’5423 0’5251 0’0333 9’2228 

Natural Visual Statistics MS-SSIM 0’7387 0’7321 0’0067 7’3982 

Natural Visual Statistics VSSIM 0’6058 0’5924 0’0200 8’7337 

Natural Visual Statistics VIF 0’5701 0’5565 0’0400 9’0185 

Natural Visual Features VQM 0’7236 0’7026 0’0133 7’5767 

Frequency Domanin HVS MOVIE 0’8116 0’7890 -- -- 

Pixel Domain HVS VSNR 0’6884 0’6725 0’0000 7’9616 

Table 3: Video metrics comparison 

All these results of all metrics that include all 150 test sequences in the performed 
evaluation were independently conducted by Chikkerur et al., except for MOVIE for 
which the results from [117] were included. 
The ASU Image and Video QUality Evaluation SofTware (IVQUEST6) [118], [119] 
was used to test and compare the performance of these metrics using the LIVE Video 
Quality Database except for VSSIM. 
 
The IVQUEST software takes as input the 150 test video sequences from the LIVE 
Video Quality Database in addition to their corresponding subjective DMOS scores. It 
enables the user to select the objective quality metrics to be applied to the selected input 
video sequences. The software can then compute, in a batch processing mode, the 
results for the selected objective metrics using the input videos. The software can also 
perform nonlinear regression and correlation analysis on the obtained objective metric 
results, as recommended in [112], using the input DMOS scores in order to evaluate the 
performance of the chosen objective quality metrics. 
 
The IVQUEST software supports several performance evaluation tools, including the 
Pearson correlation coefficient (PCC), the Spearman rank order correlation coefficient 
(SROCC), root-mean-squared error (RMSE), mean absolute error (MAE), and outlier 
ratio (OR). 
 
The PCC and SROCC were computed after performing nonlinear regression on the 
objective metrics’ scores using a four-parameter logistic function as recommended in 
[112]. In addition, linear rescaling was applied to the SSIM [80], MS-SSIM [83], 
VSSIM [9], and VIF [120] metrics to facilitate numerical convergence of the nonlinear 
regression. The obtained PCC, SROCC, OR, and RMSE performance results are shown 
in Table 3. 
                                                 
6 IVQUEST Software Package Release 1.0. 
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From Table 3, it can be shown that the MS-SSIM, VQM, and MOVIE metrics result in 
the highest PCC and SROCC values as compared to the other metrics, which indicates 
higher correlation with subjective scores. In addition, the MS-SSIM and VQM metrics 
have the smallest OR and RMSE values as compared to the other metrics. Therefore, 
MS-SSIM, VQM, and MOVIE are the best performing image/video quality assessment 
methods among these six objective quality metrics for the LIVE Video Quality 
Database. VSSIM has a significantly higher performance when applied to the VQEG 
Phase 1 video data set but has poor performance using the more recent LIVE Video 
Quality Database. 
 
In addition, from Table 3, it can be observed that the full reference still-image quality 
metric MS-SSIM achieves a performance that is comparable to the state-of-the-art full-
reference video quality metrics, such as VQM and MOVIE, while outperforming the 
others, such as VSSIM. Consequently, improved spatio-temporal modeling is needed 
for video quality assessment as current video quality metrics do not offer improved 
performance as compared to some existing still-image quality metrics that are applied to 
video. 
 

3.8 Video quality measurement standards 

With the wide-spread use of digital video, quality considerations have become essential, 
and industry demand for video quality measurement standards is rising. Various 
organizations are working on such standards. This section reviews some of the existing 
standards documents, on-going work and future trends in this space. 
The Video Quality Expert Group is the principal forum that validates objective video 
quality metric models that result in International Telecommunication Union 
recommendations and standards for objective quality models for both television and 
multimedia applications [121]. 
Standards address a growing number of issues related to video quality measurement. 
These include definitions and terms of reference, requirements, recommended practices, 
test plans, and many more. 
For objective quality assessment, it can be distinguished loosely between Quality of 
Service (QoS) and Quality of Experience (QoE). QoS focuses on network performance 
and data transmission[122]. QoE on the other hand is still an active area of research and 
standards work and thus less well-defined; the term is meant to describe quality from 
the perspective of the user or consumer (i.e. viewer), with a focus on perceived quality 
of the content (or more comprehensively, user experience). 

SUBJECTIVE QUALITY ASSESSMENT 

Subjective testing for visual quality assessment has been formalized in ITU-R Rec. 
BT.500 [106] and ITU-T Rec. P.910 [107], which suggest standard viewing conditions, 
criteria for the selection of observers and test material, assessment procedures, and data 
analysis methods. The former has a longer history and was written for television 
broadcasting, whereas the latter is intended for multimedia applications. The 
experimental setup and viewing conditions differ in the two recommendations, but the 
procedures from both should be considered for test realizations. The outcomes of any 
subjective experiment are quality ratings from viewers, which are then averaged for 
each test clip into Mean Opinion Scores (MOS). 
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These recommendations define some of the most commonly used procedures for 
subjective quality assessment. Some examples include: 

 Double Stimulus Continuous Quality Scale (DSCQS), where subjects rate 
short sequence pairs, consisting of a test and corresponding reference video. 

 Double Stimulus Impairment Scale (DSIS), also referred to as Degradation 
Category Rating (DCR), where subjects rate the amount of impairment in the 
test video with respect to the known reference video. 

 Single Stimulus Continuous Quality Evaluation (SSCQE), where subjects 
watch a program of typically 20-30 minutes duration and continuously rate the 
instantaneously perceived quality on a slide. 

 Absolute Category Rating (ACR), a single-stimulus method, where subjects 
rate each test video individually without comparison to an explicit reference. 

 Pair Comparison (PC), where test videos from the same scene but different 
conditions are paired in many possible combinations and subjects make a 
preference judgment for each pair. 

The testing procedures mentioned above generally have different applications [3]. There 
are also a variety of different rating scales, continuous and discrete, numerical or 
categorical, from 5 levels to 100 – see [123] for an analysis and more details. 

OBJECTIVE QUALITY ASSESSMENT 

The purpose of objective quality measurement standards is three-fold: 

 Defining the meaning of MOS for a given application. 
 Defining a method for MOS prediction that is reliable. 
 Defining a method for MOS prediction that is reproducible. 

Existing standards have achieved some, but not all of these objectives. 

Various standards bodies, industry forums and other groups are working on video 
quality assessment in one form or another. In this section, the most active ones will be 
reviewed as far as objective quality measurement algorithms and their evaluation are 
concerned.  

3.8.1 Video Quality Experts Group 

The Video Quality Experts Group (VQEG) was founded in 1997 by a group of ITU-T 
and ITU-R study group members. The group is composed of experts in the field of 
video quality assessment from industry and academia. The general goal of VQEG is to 
advance the field of video quality assessment by evaluating objective quality metrics 
and investigating new subjective assessment methods [122]. 
 
VQEG brings together algorithm developers and users to plan and execute validation 
tests of objective perceptual quality metrics, with the help of independent labs. 
VQEG’s approach to validation testing includes creating video databases and 
conducting subjective experiments. The test videos are largely unknown to the model 
developers. The subjective ratings are then to be predicted by the objective quality 
metrics under consideration. Model evaluation is based on prediction performance 
according to a number of statistical criteria. 
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An approximate timeline of past and present VQEG projects is shown in Figure 6. 

 
Figure 6 Approximate timeline of VQEG projects 

 
VQEG FR-TV 1 and FR-TV 2 [124] were the basis for ITU-T Rec. J.144 [125] and 
ITU-R Rec. BT.1683 [126], which comprise the four top-performing algorithms from 
these tests. 
 
At the end of 2008 VQEG completed an evaluation of metrics in a “multimedia” 
scenario (MM Phase I), which is targeted at lower bitrates and smaller frame sizes 
(QCIF, CIF, VGA) as well as a wider range of codecs and transmission conditions [77]. 
This comprises video services delivered at 4 Mb/s or less, with a focus on broadband 
Internet and mobile video streaming. The MM Phase I set of tests was used to validate 
full-reference, reduced-reference, and no-reference objective models. Subjective video 
quality was assessed using the ACR method. Based on this test, two new standards for 
multimedia quality assessment were published, namely ITU-T Rec. J.247 [78], which 
defines four FR models, and ITU-T Rec. J.246 [127], which defines three RR models. 
NR models did not achieve satisfactory performance in this test. 
 
VQEG’s current project is an evaluation of models for high-definition television 
(HDTV). The test will comprise full-reference, reduced-reference, and no-reference 
objective models. Currently, the test video database is being compiled, and the 
subjective tests are being prepared. Model submission was scheduled for September 
2009, and first results were available by the end of 2010. It is also planned to release a 
subset of the annotated test sequences after test completion. Thus far, VQEG has 
examined only models that consider only decoded video frames, as seen by the viewer. 
 
The next VQEG project, termed “Hybrid”, is evaluating objective models capable of 
using packet and bitstream information together with decoded video data. VQEG is 
currently working on this project. This activity is related to some projects of ITU-T 
Study Group 12. Finally, VQEG is planning another multimedia test, MM Phase II, 
which will be aimed at models that can predict audiovisual quality. 
VQEG has also begun a joint effort to develop objective quality assessment models that 
combine the best parts of existing models. This effort may lead to the establishment of a 
reference implementation of an objective metric. 
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3.8.2 International Telecommunication Union 

ITU-T Study Group 9 issues many of the recommendations based on the results and 
reports compiled by VQEG. Additionally, it develops standards for subjective quality 
assessment, as well as other related issues, such as the calibration and alignment of 
video sequences [128]. 
ITU-T Study Group 12 is working on a non-intrusive parametric model for the 
assessment of multimedia streaming (P.NAMS for short), which uses packet and codec 
information as inputs, but explicitly excludes any payload information. A follow-up 
project called P.NBAMS (B for bitstream) has similar goals, but will allow models to 
take payload information into account. The group also standardized an opinion model 
for videophone applications [129], and is extending the work to a planning model for 
audiovisual applications (G.OMVAS). 
Furthermore, there is an ITU IPTV Global Standards Initiative (GSI [130]), whose task 
is to coordinate existing IPTV standardization activities. Among other things, it is 
working on recommendations for performance monitoring and quality of experience 
requirements for IPTV. 

3.8.3 Other committees 

ATIS IIF 

The ATIS IPTV Interoperability Forum (IIF) has a QoS Metrics (QoSM) committee 
that deals with QoS and QoE issues for IPTV. Among others, it has issued ATIS-
0800008 [131], a standard for QoS metrics for linear broadcast IPTV. 
The list includes video, audio, and audiovisual MOS, but it does not specify how they 
are to be computed. Some of the most interesting work currently being done in this 
committee is the creation of a test plan and a test process for the evaluation of quality 
metrics. In contrast to the VQEG test plans, each of which are tailored for a specific 
test, this test plan is intended as a basis for anyone who conducts an evaluation of 
objective quality models by subjective tests. The test plan is nearing completion and 
should become available as an ATIS standard later this year. 
The test process complements the test plan and proposes a standardized process for the 
evaluation of quality metrics, rather than the standardization of the quality measurement 
algorithms. The premise is that it is sufficient for an algorithm to be validated and to 
perform well, but the algorithm itself does not need to be standardized. Parallels to this 
can be found in the voice over IP (VoIP) application space, for example, ITU-T Rec. 
P.564 [132], which includes a conformance test plan for VoIP quality models. The 
process enables on-demand validation of metrics at any time, thus encouraging 
innovation and more rapid advancement of the state of the art. Furthermore, the 
standardized test process and test plan provide opportunities for independent entities 
that conduct subjective tests on demand. 
Other current work items of the ATIS IIF QoSM committee are an implementer’s guide 
for QoS metrics and an IPTV QoE requirements document. 
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Other Committees 

Some other groups also look at video QoE from various angles. The Broadband Forum7 
(formerly known as the DSL Forum), for example, has published a report on QoE 
requirements [133]. 
The Video Services Forum8 (VSF) has recommended transport-related metrics for video 
over IP [134]. It also started a QoE Activity Group last year, which is working on 
expanding the IP metrics defined in its existing report to taking into account the payload 
in terms of video and audio content. 

                                                 
7 http://www.broadband-forum.org/ 
8 http://www.videoservicesforum.org/ 



55 
 

4. High Definition Visual Quality Assessment 
algorithm development 

4.1 Introduction 
Compression and transmission of visual signals over communication networks require 
automatic measurement of the perceived quality of distorted video, as both lossy 
compression schemes and transmission through error-prone networks can degrade the 
quality of a video signal. Therefore, measuring and improving the perceived quality 
play a key role in the whole chain from generation, compression, transmission, and 
finally displaying the video. From further studies, quality degradation from the early 
stages of the broadcast chain results on the most meaningful causes of the final 
perceived quality loss. 
 
Anyway, evolution to high definition becomes a top challenge for audiovisual quality 
assessment. A challenge that is not completely solved so far while different metrics and 
solutions have been provided. Video Quality Expert Group (VQEG) was founded to 
advance the field of video quality assessment. VQEG has focused, in the last few years, 
its effort on the validation of new objective quality metrics for standardization purposes, 
submitting to relevant ITU Study Groups (e.g. ITU-T SG9, ITU-T SG12, ITU-R 
WP6C) results of objective quality metrics and measurement techniques. Nevertheless, 
these studies are far to achieve a universal solution, and all of them can’t find 
meaningful differences in very high quality materials. 
 
Subjective assessment is usually considered to be the most accurate and reliable means 
to evaluate the perceived video quality. However, it is expensive in terms of time and 
cost, and cannot be performed in real time. Thus, a lot of attention has been paid to the 
development of objective video quality models, which attempt to predict the video 
quality with high correlation with the subjective judgment by human subjects. 
 
To support these concepts, this doctoral thesis describes an enhanced objective full 
reference metric called PARMENIA which offers a new solution to measure video 
impairments for high definition content and that will be detailed in this chapter.  The 
metric is based on morphological gradient (Beucher’s gradient), Haralick texture 
features and contrast visual information of the image. All of them collaborate on the 
global metric PARMENIA that is generated by weighting different quality ratios 
extracted from the features obtained. The impact of the different ratios within the video 
quality assessment has been calculated to maximize the correlation to subjective scores. 
The aim is to provide an objective metric that can support high quality contents [135]; 
contents for the early stages of the broadcast chain. 
 
The proposed full reference algorithm, as further described below, is made up of 
different modules that must work in a cooperative manner, bringing different quality 
ratios from video analysis, and producing a consistent cooperative metric among 
modules. 
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In this proposal of visual quality assessment for high definition video, image 
morphology, edge detection and region analysis have been considered as part of the 
basic approaches to feature extraction and analysis of an image to have a set of features 
which are appropriate to human perception of visual quality. Texture is the low-level 
visual features which reflect the basic properties of the physical surface. Features 
extraction from texture analysis has been done following a statistical approach. Among 
the statistical methods, gray level co-occurrence matrix (GLCM) is the most well-
known and widely used methods to extract texture features [136]. 
 
The description of the global algorithm is found in Fig.7, where the complete end-to-
end system schematic is shown. 
 

 
 

Figure 7 Flowchart of PARMENIA 
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In the presented system, three parts can be distinguished: 
 

 First, global image feature extraction, where contrast, homogeneity, energy loss 
and distribution, correlation, fidelity and complexity measures are taken. Co-
occurrence matrix and Haralick features besides image morphology are used. 

 Second, visual subjectivity is added by filtering the image by a standard 
deviation filter in order to get a human visual correlated print of the image. This 
mask will be later used to weight the visual relevance of the pixels in the score. 

 Last, quality ratio measure calculation where optimized parameters previously 
got are applied to calculate four quality ratios: sharpness, fidelity, complexity 
and visual similarity, and finally where data are combined to provide feedback 
through a global normalized quality metric. 

The work plan development consists of applying the mathematical approach 
aforementioned on a set of relevant sequences [137]. The selected sequences are 
compiled in table 4. 
 
To analyze the accuracy of the measures subjective test have been carried out to get 
MOS scores from a good representative set of observers that have been then correlated 
to the values that were obtained from the objective metric. From this information, a 
refined adjustment in the weighting of the different measures involved has been done, 
and the global metric takes shape. Finally, a random selection of VQEG HDTV video 
quality subjective test number 1, vqeghd1, has been used. Subjective scores (MOS) are 
available in the VQEG HDTV Final Report [138]. 
 
PARMENIA development can be included in the engineering approach concept, 
assessing how much impact a detected artifact has on the perceived quality based on the 
analysis of video quality features or artifacts. The image content and distortion analysis 
are the conceptual basis in its design as opposed to fundamental vision modeling. 
 
The bases of PARMENIA are detailed in next sections: 4.2 morphology, 4.3 Haralick’s 
texture features and 4.4 local contrast based visual similarity. Finally, 4.5 deals with the 
full reference global metric. 
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Nº Name Format History Thumbnail 
1 CrowdRun 720p50 conversion 

from 2K 
version 
scanned from 
65mm film 
50fps 

2 Ducks 720p50 conversion 
from 2K 
version 
scanned from 
65mm film 
50fps 

3 IntoTree 720p50 conversion 
from 2K 
version 
scanned from 
65mm film 
50fps 

4 OldTown 720p50 conversion 
from 2K 
version 
scanned from 
65mm film 
50fps 

5 ParkJoy 720p50 conversion 
from 2K 
version 
scanned from 
65mm film 
50fps 

 
Table 4: SVT sequences used in PARMENIA development 
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4.2 Mathematical Morphology 
Morphological image processing (or morphology) describes a range of image 
processing techniques that deal with the shape (or morphology) of features in an image. 
The value of each pixel in the output image is based on a comparison of the 
corresponding pixel in the input image with its neighbors. By analyzing the conditions 
around the pixels within the image, the neighborhood, it is possible to construct a 
morphological operation that is sensitive to specific information, for this purpose, to 
structural complexity. 
 
Morphological gradients are operators enhancing variations of pixel intensity in a given 
neighborhood. The classical definition of the morphological gradient of a greyscale 
image is [139]. 
 
f δ f δ f  (22) 

 
for a structuring element g. 
 
The classical morphological gradient operator for greyscale images is the difference 
between dilation and erosion operators enhancing variations of pixel intensity in a 
neighbourhood determined by a structuring element. Beucher gradient or morphological 
gradient is defined to be the arithmetic difference between dilation and erosion response 
of the morphological gradient is similar with traditional filtering approaches, like Sobel 
or Canny. 
 
Notice that both the erosion and the dilation are rank filters when B is considered as a 
filtering window (and if B is a flat SE) and the rank parameter is t = 1 or t = 2k + 1 
 

	 , 	 	 ,  (23) 
 
Simple operators of this type are over-sensitive to image noise and some alternatives for 
practical morphological edge detection were proposed by Lee et al. [140]. 
  

4.2.1 Fidelity Ratio 
As seen, mathematical morphology [141] is a methodology for extracting shape and size 
information from an image based on set theory, lattice theory, topology, and random 
functions. It involves configuration of a set of nonlinear operators that act on images by 
using structuring elements. Morphological operations produce an output image in which 
each pixel is based on the comparison of the input image and neighborhood. In 
grayscale morphology, images are functions mapping a Euclidean space or grid E into R 
U {∞,-∞}. 
 
Grayscale structuring elements are also functions of the same format, called "structuring 
functions". A structuring element is a matrix containing only 0’s and 1’s that can take 
any arbitrary shape and size. For our algorithm a 9x9 block, as close as possible to 8x8 
blocks of DCT transform has been used as structuring shape. 
 
The two basic morphological operators are dilation and erosion. For grey-scale image f 
and structuring element B, dilation and erosion are defined as follows: 
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Dilation: , max	 , , | , ∈  (24) 
 
Erosion: ∈ , min	 , , | , ∈  (25) 
 
where for image f and structuring element B, (x, y) and (s, t) are the respective co-
ordinate sets and Df and DB are the respective domains. 
 
Morphological gradients [142] are operators enhancing variations of pixel intensity in a 
given neighborhood. In our method, morphological gradient or Beucher [143] gradient 
is used. This gradient is defined as the arithmetic difference between the dilated and the 
eroded of the image with the elementary structuring element B of the considered grid: 
 

 (26) 
 

 represents the maximum variation of the grey level intensities within an 
elementary neighborhood. 
 
In the bounded, discrete case (E is a grid and B is bounded), the supremum and infimum 
operators can be replaced by the maximum and minimum. Thus, dilation and erosion 
are particular cases of order statistics filters, with dilation returning the maximum value 
within a moving window (the symmetric of the structuring function support B), and the 
erosion returning the minimum value within the moving window B. 
 

Crowd QP10 

 
Crowd QP50 

 
Figure 8 Beucher’s gradient from the original and QP50 coded Crowd sequence 

From the values obtained, the mean of the morphological gradient is calculated. The 
ratio is then obtained from the means division, and called Fidelity Ratio: 
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	 		  (27) 

Ratio values has been preferred through this work as they allow to obviate the need of 
regularize absolute values and, automatically, normalize the results obtained. 
 

4.3 Harlick’s Image Feature Extraction 
 
Texture is one of the important perceptual characteristics based on which image content 
can be characterized. A popular texture recognition technique relates to Grey Level Co-
occurrence Matrix (GLCM), proposed by Haralick [144] and subsequently used in a 
number of research works. 
A co-occurrence matrix, GLCM, or co-occurrence distribution, also called Grey Tone 
Spatial Dependency Matrix, is a matrix or distribution that is defined over an image to 
be the distribution of co-occurring values at a given offset, a tabulation of how often 
different combinations of pixel brightness values (grey levels) occur in an image. 
Mathematically, a co-occurrence matrix C is defined over an n x m image I, 
parameterized by an offset (Δx,Δy), as: 

(28) 
 
The 'value' of the image originally referred to the grayscale value of the specified pixel. 
The value could be anything, from a binary on/off value to 32-bit color and beyond. 
Any matrix or pair of matrices can be used to generate a co-occurrence matrix, though 
their main applicability has been in the measuring of texture in images, so the typical 
definition, as above, assumes that the matrix is in fact an image. 
 
For a digital image f of size M×N, which is denoted as I(x,y). Its gray level is defined as 
P (i, j |d ,θ ) . The GLCM is defined as: 
 
P i, j|d, 0 # x1, y1 , x2, y2 ∈ MxN	|	I x1, y1 	i, I x2, y2 	j, |x1 x2|
	0, |y1 y2| d  | (29) 
P i, j|d, 45 # x1, y1 , x2, y2 ∈ MxN	|	I x1, y1 i, I x2, y2 j, x1 x2
d, y1 y2 d 	or	 x1 x2 d, y1 y2 d  (30) 
P i, j|d, 90 # x1, y1 , x2, y2 ∈ MxN	|	I x1, y1 i, I x2, y2 j, |x1 x2|
d, |y1 y2| 0  (31) 
P i, j|d, 135 # x1, y1 , y1, y2 ∈ MxN	|	I x1, y1 i, I x2, y2 j, x1 x2
d, y1 y2 d 	or	 x1 x2 d, y1 y2 d  (32) 
 
Where the #{ } is the number of occurrences of the pair of gray level i and j ,which are a 
distance d apart. The angle is denoted as θ between the pair of gray level and the axis.(θ 
=0°,45°,90°,135° four directions).So this GLCM is defined as P(i, j d,θ ) according to 
the distance d and the angle θ. 
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4.3.1 Sharpness Ratio 
 

Authors like Tamura [145] made an attempt at defining a set of visually relevant texture 
features. This includes coarseness, contrast, directionality, line-likeness, regularity, 
roughness. 

 
Usually, contrast refers to the difference in luminance between an object and its 
surrounding region. In psychovisual studies, the contrast C is defined by [146]: 
  

 (33) 

where y is the object luminance and ys is the surrounding luminance. 
 
In optical studies, the contrast C is defined by  
 

 (34) 

where Ymax is the maximum luminance of the image and Ymin is the minimum 
luminance of the image. 
 
Other contrast calculation has been defined in terms of the relative difference between a 
central object and a surrounding region of the given pixel. Other definitions have been 
analyzed as [147] and [148]. 
Finally, the contrast has been calculated as a measure of the intensity contrast between a 
pixel and its neighbor over the whole image. Mathematically, 
 

	∑ 	 ,  (35) 
 
From contrast analysis, a sharpness quality ratio has been developed. Sharpness is 
arguably the most important image quality factor because it determines the amount of 
detail an imaging system can reproduce and an observer can perceive. Contrast is 
calculated through Haralick texture features typically used for image classification.  
 
These features capture information about the patterns that emerge in the image texture 
and are calculated by construction a co-occurrence matrix9.  
 
Contrast is a measure of intensity contrast between a pixel and its neighbor over the 
entire image. If the image is constant, contrast equal 0 while the biggest value can be 
obtained when the image is a random intensity image and that pixel intensity and 
neighbor intensity are very different. The equation of the contrast is as follows: 
 
Contrast 	∑ |i j| p i, j,  (36) 

                                                 
9 Note that the (Δx,Δy) parameterization makes the co-occurrence matrix sensitive to rotation. We choose 
one offset vector, so a rotation of the image not equal to 180 degrees will result in a different co-
occurrence distribution for the same (rotated) image. This is rarely desirable in the applications co-
occurrence matrices are used in, so the co-occurrence matrix is often formed using a set of offsets 
sweeping through 180 degrees (i.e. 0, 45, 90, and 135 degrees) at the same distance to achieve a degree of 
rotational invariance. 
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By comparing contrast from reference to the distorted sequence a sharpness ratio has 
been adopted. 

Sharpness	Ratio 		  (37) 

 

4.3.2 Complexity Ratio 
Homogeneity is mainly related to the local information of an image and reflects how 
uniform an image region is [149]. 
In the same way the complexity ratio is obtained, by using the feature extraction a 
homogeneity measure is calculated by Haralick texture features through the GLCM 
matrix as well. 
 
Homogeneity measures the spatial closeness of the distribution of the co-occurrence 
matrix. Homogeneity equal 0 when the distribution of the co-occurrence matrix is 
uniform and 1 when the distribution is only on the diagonal of the matrix. The equation 
of the homogeneity is as follows: 
 

∑ ,

| |,  (38) 

By comparing homogeneity from reference to the distorted sequence a complexity ratio 
has been adopted. 
 

	 		  (39) 

4.3.3 Entropy, Energy and other Haralick’s features 
 
Haralick defined a set of 14 statistics attributes, statistical and structural approaches to 
texture, extracted from the grey level co-occurrence matrix, that are useful for getting 
and image characterization. While it is difficult to directly provide a relatively small set 
of features that sufficiently describe the structural information in an image, it can’t be 
added any kind of parameter that add some degree of difference from a computational 
cost view. 
For the purpose of this thesis, other statistics has been used and analyzed and finally 
discarded as the increased complexity were predominant over the extra information 
obtained. Nevertheless, there are other two Haralick’s features that can provide some 
useful information: energy and entropy. 
In a close future, both can be aligned to provide fine adjustment to the global metric by 
incorporating new quality ratios to the pool. 
 
Energy, also known as uniformity, uniformity of energy, and angular second moment, is 
calculated from the sum of the squared elements in the co-occurrence matrix. 

	 ∑ ,,  (40a) 
Entropy can also be used to describe the distribution variation in a region. Entropy of 
pixel pij can be calculated as [149]  

	
	
∑  (40b) 
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where Pk is the probability of the kth gray level, which can be calculated as nk/d
2, nk is 

the total number of pixels with the kth gray level, and L is the total number of gray 
levels in the window. 

4.4 Visual Similarity. Ratio of meaningful points 
 
For each group of pixels in the input map, a standard deviation filter calculates the 
standard deviation and assigns this value to the center pixel in the output map.  
Standard deviation filters can be useful for radar images. The interpretation of radar 
images is often difficult: you cannot rely on spectral values because of back scatter 
(return of the pulse sent by the radar). This often causes a lot of 'noise'. By using a 
standard deviation filter, you may be able to recognize some patterns. 
 
The formula to calculate the standard deviation reads: 

	
∑ ̅

∗
 (41) 

where:  

 are the individual pixel values of the input map considered by the filter 
̅ is the mean of the pixel values considered by the filter 
 is the size of the filter in rows 
 is the size of the filter in columns 

 
Standard deviation describes the dispersion within a local region. It can be calculated as 
 

∑ ∑  (42) 

 
where i≥0, j≥0, p≥M-1, q≥N-1 and µij is mean of the gray levels within window wij. 
 
The value of µij can be formulated as (43) 
 

	 ∑ ∑  (43) 

 
As seen, texture analysis refers to the characterization of regions in an image by their 
texture content. To make a different approach to complement the results, a more related 
visual impact measure has been added to the pool. 
 
Regions that have high contrast to their local surroundings and large objects usually 
attract more visual attention. To calculate the attention map a standard deviation filter 
has been used in order to provide a set of visually important pixels.  
For each group of pixels in the input map, a standard deviation filter calculates the 
standard deviation and assigns this value to the center pixel in the output map. The 
equation of the stddev is (41) providing the result from a 3-by-3 neighborhood around 
the corresponding pixel in the input image. 
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Different filter sizes will greatly affect the quality of processed images. If the filter is 
too small, the noise filtering algorithm is not effective. If the filter is too large, subtle 
details of the image will be lost in the filtering process. A 7x7 filter usually gives the 
best results. 
 
Results of applying the standard deviation filter to the original and distorted sequences 
are shown in the next figure.  
 

Crowd reference 

 
Crowd QP10 

 
Crowd QP50 

 
Figure 9 Standard deviation filter image from reference, QP10 and QP50 coded Crowd sequence 

 
Taking the loss of meaningful pixels from the distorted to the reference frame, a visual 
similarity ratio has been adopted. 
 

	 	 		 	

	
 (44) 
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4.5 PARMENIA 
 
From the combination of the different information provided by the image processing 
techniques aforementioned, a computational model that can predict perceived image 
quality accurately and automatically aims to be constructed. 
 
From the pooling of the quality ratios the global metric PARMENIA (PArallel Ratios 
MEtric from iNtrInsic features Analysis) is composed. Inherited from the ratios, 
PARMENIA keeps normalized, where value 0 represents the worst quality and value 1 
is the reference quality. The combination of the quality ratios aims to build the best 
correlation metric. 
 
PARMENIA is built following an engineering approach based primarily on the 
extraction and analysis of certain features or artifacts in the video. These are either 
structural elements, analyzed through morphology, or contours, studied by Haralick’s 
contrast or specific distortions that are introduced by a particular video compression 
technology, such blurring that is measured by means of both, local contrast filtering and 
Haralick’s homogeneity. 
 
This measures and the consequently ratios obtained from them are chosen in order to 
provide a good approach to the structural and visual degradation that image suffers 
through compression schemes. Though PARMENIA will respond to noticeable 
distortion from severe compression, its major novelty consists of being able to 
discriminate between sequences of very high quality that use to be transparent for other 
currently used metrics. 
This capability turns PARMENIA in a very valuable tool for ingested contents and 
contribution materials. Fine variations on the bit rates of this media have a severe 
impact on the quality after post-processing or multigeneration. 
 
As structural similarity or fidelity seems to be a proved as an alternative design 
philosophy for objective image quality assessment methods, the Fidelity Ratio has a 
predominant weight in PARMENIA. HVS is highly adapted to extract structural 
information from the visual field, and therefore a measurement of structural similarity 
(or distortion) should provide a good approximation to perceived image quality. 
So the Fidelity ratio that prove to be a good score of how the image preserves almost all 
of the important information that reflects the structure of the objects represented, 
becomes an excellent core for the global metric. 
Nevertheless, just one ratio proved to be not accurate enough to improve over other 
quality metric, so new features and sensibility are provided by the three other detailed 
ratios. 
 
The second in importance turns to be the visual similarity ratio, as the gradual loss of 
visual information, while not being as crucial as the fidelity one, address a nice 
complementary quality measure on energy loss and blur that correlates with detail loss 
caused by compression and turns to be a very good index of how quality loss is 
gradually perceived. 
 
Contrast and homogeneity become complementary ratios that contribute to a fine 
adjustment of the final PARMENIA score. Basically, contrast and homogeneity can 
provide with an estimation of the complexity of the image and how the distortion will 
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affect to its quality (or how robust will be the image to distortion). These values are 
used to give a slight correction of the other two ratios. 
 
Contrast information determines the amount of detail that is perceptible by the observer 
and it is one of the most influential characteristics of an image. As visible differences 
may necessarily imply lower perceptual quality, contrast has a heavier weight than 
homogeneity. It is used to validate an extra or not, perceptual degradation on the 
distorted image based on the appearance or loss of the detail within the image. It is more 
useful as larger the number of the borders in the image is. 
 
Homogeneity, in opposite to dissimilarity, provides itself with a nice estimation of 
image complexity. The less the complexity is, the best the accuracy obtained by the 
compression algorithms, so the value from this ratio is used to slightly improve or get 
worse the PARMENIA final value. 
It may be noticed than compression effects are extremely more influential than 
complexity, so severe coding settings will end in a very poor quality though the 
complexity will allow to give a last degree of difference. 
 
The metrics look for the strength of these features in the video to estimate overall 
quality. Coming from an engineering approach, this does not necessarily mean that such 
metrics disregard human vision, as they are directly related to psychophysical effects as 
well, but image analysis rather than fundamental vision modeling is the conceptual basis 
for PARMENIA design. 
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5. Testing, validation and result analysis 
Method validation is the process used to confirm that the analytical procedure employed 
is suitable for its intended use. Results from method validation can be used to judge the 
quality, reliability and consistency of analytical results. 
 
For video quality assessment, obviously the method validation is built upon the 
correlation between objective metric results and the subjective MOS scores. So, we first 
conducted a study to assess the subjective quality of videos. The set of sequences 
showed in table 4 has been processed to join a complete amount of meaningful material 
to be analyzed and then compared to the MOS scores obtained from the subjective test 
developed. 
By coding them with fixed (Quantization Parameter) QP’s from 20 to 45, a wide variety 
of qualities and distortions have been generated. Mainconcept professional coding 
software has been used to code the sequences [150]. These results serve as a benchmark 
for the performance evaluation of the objective models that made up PARMENIA. 
 
A subjective BT.500 [106] based test has been developed to acquire the aforementioned 
MOS values. Each video was assessed by 86 human subjects in a single stimulus 
method. The MOS results from the subjective tests are showed in table 5. Standard 
deviation and confidence intervals are provided as well. Two of the observers’ results 
were discarded (according to the BT.500 methodology), so the mean values are from 84 
scores. 
 

Sequence QP20 QP25 QP30 QP35 QP40 QP45 

Crowd 

MOS 4,5 4,5 4,4 4 3 2 
STD 
DEV 0,69 0,57 0,64 0,68 0,76 0,65 

CON 
INT 0,51 0,42 0,47 0,51 0,56 0,48 

Ducks 

MOS 4,8 4,7 4,6 4,2 3,3 2,5 
STD 
DEV 0,72 0,46 0,61 0,70 0,79 1,05 

CON 
INT 0,53 0,34 0,45 0,52 0,59 0,78 

Intotree 

MOS 4,6 4,3 4,1 3,6 2,1 1,4 
STD 
DEV 0,59 0,76 0,85 0,82 0,73 0,71 

CON 
INT 0,44 0,56 0,63 0,61 0,54 0,53 

Oldtown 

MOS 4,7 4,4 4,1 3,9 2,6 1,4 
STD 
DEV 0,73 0,69 0,76 0,75 0,78 0,59 

CON 
INT 0,54 0,51 0,56 0,55 0,58 0,44 

Parkjoy 

MOS 4,6 4,6 4,4 3,8 2,7 1,7 
STD 
DEV 0,53 0,55 0,64 0,82 0,94 0,71 

CON 
INT 0,39 0,41 0,48 0,61 0,69 0,52 

Table 5: MOS results from subjective BT.500 test 
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5.1 Ratio results for the test dataset 
 
Hereinafter the results from the ratio analysis for the test dataset are provided. 
Systematically, all the metrics that have been detailed in chapter 4 has been applied to 
the test dataset. All the numeric values coming from the equations are compiled in the 
following tables though aiming to make it as clear as possible, just a reduced set of 
them, reference, QP10, QP30 and Qp50 have been printed in the figures that show 
graphically the behaviour of the quality ratios. 
 
Following, red colour lines correspond with reference, blue ones with QP10 coded 
sequences, black ones with QP30 coded sequences, and, finally, green lines corresponds 
with QP50 coded sequences. 
 
Figures and tables are next shown in a different section for each sequence following the 
same order that have been used in the algorithm description. Thus, results coming from 
morphology are shown first, second are the ones coming from Haralick’s texture 
features and last, the ones coming from the visual similarity. 

5.1.1 Crowd 
 
Morphology has been used to get a fidelity mark between the reference and the distorted 
sequence. The values shown in figure 10 correspond with the mean of the Beucher’s 
gradient (morphological gradient) and table 6 adds the standard deviation value of the 
gradient and the proposed Fidelity ratio. 
 

 
Figure 10 Crowd mean of the morphological gradient 
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CROWD Mean f  Std Dev Fidelity Ratio 
Reference 0.3297 0.2128 1 

QP10 0.3268 0.2132 0.991 
QP15 0.3248 0.2136 0.985 
QP20 0.3216 0.2153 0.975 
QP25 0.3162 0.2178 0.959 
QP30 0.3076 0.2217 0.933 
QP35 0.2914 0.2265 0.884 
QP40 0.2650 0.2303 0.804 
QP45 0.2256 0.2181 0.684 
QP50 0.1600 0.1712 0.485 

Table 6: Crowd mean of Beucher’s gradient and fidelity ratio 

Figure 11 shows the Haralick’s contrast values. Then in the table 7, the contrast value 
corresponds with the mean of the whole sequence as contrast is, as seen, calculated for 
each frame individually. The table includes also the standard deviation of the contrast 
and the proposed sharpness ratio. 
 

 
Figure 11 Crowd contrast from Haralick’s texture features 

 
CROWD Contrast Std Dev Sharpness ratio 
Reference 91.40 10.70 1 

QP10 89.73 10.33 0.982 
QP15 88.42 10.13 0.967 
QP20 86.45 9.83 0.946 
QP25 83.12 10.09 0.909 
QP30 77.41 11.34 0.847 
QP35 69.24 15.61 0.757 
QP40 57.60 16.90 0.630 
QP45 40.10 11.65 0.439 
QP50 17.17 4.36 0.188 

Table 7: Crowd contrast and sharpness ratio 
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Figure 12 shows the Haralick’s homogeneity values. Identically, the table 8 includes the 
homogeneity mean values and the proposed Complexity ratio. 

 
Figure 12 Crowd homogeneity from Haralick’s texture features 

 
CROWD Homogeneity Std Dev Complexity Ratio 
Reference 0.3623 10-5 1 

QP10 0.3713 10-5 0.976 
QP15 0.3790 10-5 0.956 
QP20 0.4036 10-5 0.898 
QP25 0.4381 10-4 0.827 
QP30 0.4696 10-4 0.772 
QP35 0.5129 10-5 0.706 
QP40 0.5658 10-5 0.640 
QP45 0.6155 10-5 0.589 
QP50 0.6791 10-5 0.533 

Table 8: Crowd homogeneity and complexity ratio 

Meaningful points are locally obtained by filtering the image and provide with 
information about degradation around the regions of richer visual stimuli. This 
information is obtained from local contrast differences. Figure 13 show the evolution of 
the response of the filtering through the degradation of the sequence. 
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Local Contrast Filtered 
Crowd Reference 

Local Contrast Filtered 
Crowd QP10 

Local Contrast Filtered 
Crowd QP50 

Figure 13 Crowd meaningful points extracted from local contrast filtering 

CROWD Sum FSTD VISUALSIM_RATIO  
Reference 4.5104 1 

QP10 4.4553 0.988 
QP15 4.4162 0.979 
QP20 4.3394 0.962 
QP25 4.2116 0.934 
QP30 3.9995 0.887 
QP35 3.6792 0.816 
QP40 3.2098 0.712 
QP45 2.5931 0.575 
QP50 1.6680 0.370 

Table 9: Crowd local contrast and visual similarity ratio 
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5.1.2 Ducks  

 
Figure 14 Ducks mean of the morphological gradient 

 
DUCKS Mean f  Std Dev Fidelity Ratio 

Reference 0.3672 0.1578 1 
QP10 0.3633 0.1579 0.989 
QP15 0.3606 0.1578 0.982 
QP20 0.3565 0.1582 0.971 
QP25 0.3506 0.1596 0.955 
QP30 0.3410 0.1602 0.928 
QP35 0.3230 0.1609 0.880 
QP40 0.2915 0.1610 0.794 
QP45 0.2460 0.1574 0.670 
QP50 0.1787 0.1391 0.486 

Table 10: Ducks mean of Beucher’s gradient and fidelity ratio 
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Figure 15 Ducks contrast from Haralick’s texture features 

 
DUCKS Contrast Std Dev Sharpness ratio 

Reference 28.035 130 1 
QP10 26.587 120 0.948 
QP15 25.635 113 0.914 
QP20 24.277 103 0.866 
QP25 22.123 89 0.789 
QP30 19.204 67 0.685 
QP35 15.505 37 0.553 
QP40 10.209 8.67 0.364 
QP45 6.007 1.03 0.214 
QP50 3.10 0.56 0.110 

Table 11: Ducks contrast and sharpness ratio 
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Figure 16 Ducks homogeneity from Haralick’s texture features 

DUCKS Homogeneity Std Dev Complexity Ratio 
Reference 0.3918 0.0015 1 

QP10 0.4038 0.0017 0.970 
QP15 0.4106 0.0018 0.954 
QP20 0.4315 0.0021 0.908 
QP25 0.4723 0.0031 0.830 
QP30 0.5033 0.0031 0.778 
QP35 0.5360 0.0020 0.731 
QP40 0.5845 7.41*10-4 0.670 
QP45 0.6490 2.17*10-4 0.604 
QP50 0.7457 4.08*10-4 0.525 

Table 12: Ducks homogeneity and complexity ratio 
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Local Contrast Filtered 
Ducks Reference 

Local Contrast Filtered 
Ducks QP10 

Local Contrast Filtered 
Ducks QP50 

Figure 17 Ducks meaningful points extracted from local contrast filtering 

DUCKS Sum FSTD VISUALSIM_RATIO  
Reference 4.9161 1 

QP10 4.8534 0.987 
QP15 4.8111 0.979 
QP20 4.7395 0.964 
QP25 4.6190 0.940 
QP30 4.4253 0.900 
QP35 4.1299 0.840 
QP40 3.6347 0.739 
QP45 2.9673 0.604 
QP50 1.9528 0.397 

Table 13: Ducks local contrast and visual similarity ratio 
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5.1.3 Intotree 
 

 
Figure 18 Intotree mean of the morphological gradient 

 
INTOTREE Mean f  Std Dev Fidelity Ratio 
Reference 0.1728 0.1092 1 

QP10 0.1698 0.1097 0.983 
QP15 0.1679 0.1100 0.972 
QP20 0.1645 0.1158 0.952 
QP25 0.1550 0.1200 0.897 
QP30 0.1401 0.1209 0.811 
QP35 0.1194 0.1212 0.691 
QP40 0.0834 0.1120 0.483 
QP45 0.0533 0.0980 0.308 
QP50 0.0366 0.0785 0.212 

Table 14: Intotree mean of Beucher’s gradient and fidelity ratio 
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Figure 19 Intotree contrast from Haralick’s texture features 

INTOTREE Contrast Std Dev Sharpness ratio 
Reference 22.021 6.08 1 

QP10 21.117 5.74 0.959 
QP15 20.524 5.52 0.932 
QP20 19.447 5.33 0.883 
QP25 17.199 5.15 0.781 
QP30 14.321 3.84 0.650 
QP35 11.033 2.07 0.501 
QP40 7.436 0.56 0.338 
QP45 4.909 0.24 0.223 
QP50 2.621 0.15 0.119 

Table 15: Intotree contrast and sharpness ratio 
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Figure 20 Intotree homogeneity from Haralick’s texture features 

INTOTREE Homogeneity Std Dev Complexity Ratio 
Reference 0.4215 10-4 1 

QP10 0.4336 10-4 0.972 
QP15 0.4410 10-4 0.956 
QP20 0.4656 10-4 0.905 
QP25 0.5715 0.0012 0.737 
QP30 0.6740 0.0018 0.625 
QP35 0.7402 0.0014 0.569 
QP40 0.8197 10-4 0.514 
QP45 0.8809 10-4 0.478 
QP50 0.9118 10-5 0.462 

Table 16: Intotree homogeneity and complexity ratio 
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Local Contrast Filtered 
Intotree Reference 

 

Local Contrast Filtered 
Intotree QP10 

Local Contrast Filtered 
Intotree QP50 

Figure 21 Intotree meaningful points extracted from local contrast filtering 

INTOTREE Sum FSTD VISUALSIM_RATIO  
Reference 2.3206 1 

QP10 2.2575 0.973 
QP15 2.2171 0.955 
QP20 2.1321 0.919 
QP25 1.8590 0.801 
QP30 1.5319 0.660 
QP35 1.2003 0.517 
QP40 0.8070 0.348 
QP45 0.5521 0.238 
QP50 0.3927 0.169 

Table 17: Intotree local contrast and visual similarity ratio 
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5.1.4 Oldtown 

 
Figure 22 Oldtown mean of the morphological gradient 

 
OLDTOWN Mean f  Std Dev Fidelity Ratio 

Reference 0.1852 0.1442 1 
QP10 0.1814 0.1449 0.979 
QP15 0.1791 0.1455 0.967 
QP20 0.1736 0.1487 0.937 
QP25 0.1622 0.1548 0.876 
QP30 0.1556 0.1524 0.840 
QP35 0.1468 0.1478 0.798 
QP40 0.1301 0.1381 0.702 
QP45 0.1032 0.1191 0.557 
QP50 0.0654 0.0845 0.353 

Table 18: Oldtown mean of Beucher’s gradient and fidelity ratio 
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Figure 23 Oldtown contrast from Haralick’s texture features 

OLDTOWN Contrast Std Dev Sharpness ratio 
Reference 23.329 0.4530 1 

QP10 22.473 0.3876 0.963 
QP15 21.942 0.3699 0.941 
QP20 20.929 0.3802 0.897 
QP25 19.176 0.4138 0.822 
QP30 16.864 0.4763 0.723 
QP35 14.106 0.5048 0.605 
QP40 10.133 0.5101 0.434 
QP45 5.797 0.4074 0.248 
QP50 2.022 0.0997 0.087 

Table 19: Oldtown contrast and sharpness ratio 
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Figure 24 Oldtown homogeneity from Haralick’s texture features 

OLDTOWN Homogeneity Std Dev Complexity Ratio 
Reference 0.4499 10-5 1 

QP10 0.4681 10-5 0.961 
QP15 0.4812 10-5 0.935 
QP20 0.5481 10-4 0.821 
QP25 0.6609 10-5 0.681 
QP30 0.6904 10-5 0.652 
QP35 0.7119 10-5 0.632 
QP40 0.7432 10-5 0.605 
QP45 0.7915 10-5 0.568 
QP50 0.8601 10-5 0.523 

Table 20: Oldtown homogeneity and complexity ratio 
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Local Contrast Filtered 
Oldtown Reference 

Local Contrast Filtered 
Oldtown QP10 

Local Contrast Filtered 
Oldtown QP50 

Figure 25 Oldtown meaningful points extracted from local contrast filtering 

OLDTOWN Sum FSTD VISUALSIM_RATIO  
Reference 2.6150 1 

QP10 2.5483 0.974 
QP15 2.5058 0.958 
QP20 2.3801 0.910 
QP25 2.1631 0.827 
QP30 2.0157 0.771 
QP35 1.8286 0.699 
QP40 1.5182 0.581 
QP45 1.1017 0.421 
QP50 0.6283 0.240 

Table 21: Oldtown local contrast and visual similarity ratio 
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5.1.5 Parkjoy 

 
Figure 26 Parkjoy mean of the morphological gradient 

 
PARKJOY Mean f  Std Dev Fidelity Ratio 
Reference 0.4436 0.2634 1 

QP10 0.4413 0.2632 0.995 
QP15 0.4398 0.2630 0.991 
QP20 0.4372 0.2630 0.986 
QP25 0.4321 0.2655 0.974 
QP30 0.4228 0.2718 0.953 
QP35 0.4085 0.2816 0.921 
QP40 0.3792 0.2921 0.855 
QP45 0.3276 0.2873 0.739 
QP50 0.2375 0.2407 0.535 

Table 22: Parkjoy mean of Beucher’s gradient and fidelity ratio 
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Figure 27 Parkjoy contrast from Haralick’s texture features 

PARKJOY Contrast Std Dev Sharpness ratio 
Reference 140.812 823 1 

QP10 138.347 797 0.982 
QP15 136.421 777 0.969 
QP20 133.398 747 0.947 
QP25 128.433 697 0.912 
QP30 120.002 620 0.852 
QP35 107.804 527 0.766 
QP40 89.367 412 0.635 
QP45 61.626 245 0.438 
QP50 26.658 56 0.189 

Table 23: Parkjoy contrast and sharpness ratio 
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Figure 28 Parkjoy homogeneity from Haralick’s texture features 

PARKJOY Homogeneity Std Dev Complexity Ratio 
Reference 0.3263 0.0026 1 

QP10 0.3334 0.0030 0.979 
QP15 0.3403 0.0039 0.959 
QP20 0.3595 0.0071 0.908 
QP25 0.3835 0.0076 0.851 
QP30 0.4127 0.0073 0.791 
QP35 0.4549 0.0065 0.717 
QP40 0.5154 0.0051 0.633 
QP45 0.5834 0.0036 0.559 
QP50 0.6693 0.0021 0.487 

Table 24: Parkjoy homogeneity and complexity ratio 

  
  

0 50 100 150 200 250
0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1



88 
 

  

Local Contrast Filtered 
Parkjoy Reference 

Local Contrast Filtered 
Parkjoy QP10 

Local Contrast Filtered 
Parkjoy QP50 

Figure 29 Parkjoy meaningful points extracted from local contrast filtering 

Parkjoy Sum FSTD VISUALSIM_RATIO  
Reference 5.8410 1 

QP10 5.7834 0.990 
QP15 5.7410 0.983 
QP20 5.6601 0.969 
QP25 5.5261 0.946 
QP30 5.2932 0.906 
QP35 4.9349 0.845 
QP40 4.3475 0.744 
QP45 3.4797 0.596 
QP50 2.2050 0.377 

Table 25: Parkjoy local contrast and visual similarity ratio 
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5.2 Ratio analysis 
 
This section will review the PARMENIA ratios results and their behavior. The first 
analysis will be done in the Crowd sequence, and then the results will be extended to the 
complete dataset. 

5.2.1 Fidelity Ratio results 

The fidelity ratio calculation is based on the Beucher’s gradient (as aforementioned) as 
a measure of image shape fidelity. Picture (Fig. 30) shows the mean of morphological 
gradient results. Fig. 31 shows the results for the fidelity ratio, where the fidelity ratio 
keeps on close to the reference to decrease abruptly for QP35 and larger. Gradient 
values get further from QP30 doubling the predecessor values, as image shape fidelity is 
gradually lost. The fidelity ratio presents a similar behavior. 

The complete results for Crowd sequence are shown in Table 26. The results are 
coherent and show a good correlation with the typical perceptual curves for humans as 
seen in Fig 31. 

 
Figure 30 Beucher’s gradient for Crowd sequence 

Sequence Morpho Grad ∆Grad FIDELITY RATIO ∆Ratio 
CROWD 0.3297 ≈ Original = 1 ≈ 

QP10 0.3268 0.0029 0.991 0.009 
QP15 0.3248 0.0020 0.985 0.006 
QP20 0.3216 0.0032 0.975 0.010 
QP25 0.3162 0.0054 0.959 0.016 
QP30 0.3076 0.0086 0.933 0.026 
QP35 0.2914 0.0162 0.884 0.049 
QP40 0.2650 0.0264 0.804 0.080 
QP45 0.2256 0.0394 0.684 0.120 
QP50 0.1600 0.0656 0.485 0.199 

Table 26: Fidelity ratio results for Crowd sequence 
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From table 26 it can be seen that till QP30 the ratio is kept in the same tenth, while 
perceptual degradation is almost unnoticeable. The drop is significant from QP30 that 
corresponds extremely faithfully with subjective opinions.  

 
Figure 31 Crowd Fidelity Ratio 

5.2.2 Sharpness Ratio results 
Contrast has proved to be one of the more meaningful properties of an image while 
talking about quality. From Haralick texture features and gray level co-occurrence 
matrix capabilities, a coherence and sensitive contrast measure that has been converted 
to a sharpness ratio later is provided. Figure 32 shows the absolute values of contrast 
calculated for crowd reference and the complete generated dataset from QP10 to QP50. 
Contrast evolution is more aggressive than the morphological gradient’s one. The 
values decrease close to the 10% of the reference, and consequently the ratio goes 
through the entire scale. 
This behavior is more noticeable in sequences with a high number of borders, as edge 
blurring is the most sensible consequence to video degradation in terms of contrast. 

 
Figure 32 Contrast from for Crowd sequence 
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The sharpness ratio calculated from contrast is shown in table 27. Values are coherent 
and provide with a good measure of image blurring. From table 27 it can be seen that 
till QP25 the ratio is kept in the same tenth, while perceptual degradation is almost 
unnoticeable. The drop is significant from QP30 where contrast loss begins to be 
slightly visible. 

Sequence Contrast ∆Contrast SHARPNESS RATIO ∆Ratio 
CROWD 91.40 ≈ Original = 1 ≈ 

QP10 89.73 0.67 0.982 0.018 
QP15 88.42 1.31 0.967 0.015 
QP20 86.45 1.97 0.946 0.021 
QP25 83.12 3.33 0.909 0.037 
QP30 77.41 5.71 0.847 0.062 
QP35 69.24 8.17 0.757 0.090 
QP40 57.60 11.64 0.630 0.127 
QP45 40.10 17.50 0.439 0.191 
QP50 17.17 12.93 0.188 0.251 

Table 27: Sharpness ratio results for Crowd sequence 

Fig 33 shows the sharpness ratio evolution from reference till QP50 coded sequence that 
keeps a perceptual-like curve. 

 
Figure 33 Sharpness Ratio 

5.2.3 Homogeneity Ratio results 

Homogeneity provides additional information on the image degradation. Results from 
Haralick’s homogeneity are shown in figure 34. The values and the consecutive ratio 
proved to be coherent but too much linear, so homogeneity has been used just for fine 
adjustments in the global metric, as would trend to introduce a deviation on the global 
metric. As it can be seen, homogeneity is inversely proportional to quality, as images 
get more homogeneous while losing details by coding effect. 

The complexity ratio calculated is compiled in Table 28 and shown in figure 35.  
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Figure 34 Homogeneity for Crowd sequence 

Sequence Homogeneity ∆Homogen COMPLEXITY RATIO ∆Ratio 
CROWD 0.3623 ≈ Original = 1 ≈ 

QP10 0.3713 0.0090 0.976 0.024 
QP15 0.3790 0.0077 0.956 0.020 
QP20 0.4036 0.0246 0.898 0.058 
QP25 0.4381 0.0345 0.827 0.071 
QP30 0.4696 0.0315 0.772 0.055 
QP35 0.5129 0.0433 0.706 0.066 
QP40 0.5658 0.0529 0.640 0.066 
QP45 0.6155 0.0497 0.589 0.051 
QP50 0.6791 0.0636 0.533 0.056 

Table 28: Complexity ratio results for Crowd sequence 

 
Figure 35 Complexity Ratio for Crowd sequence 
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5.2.4 Visual similarity ratio 

Visual attention plays a key role in the human perception. Aiming to weigh the 
influence of the regions that have a higher impact in the final result of the quality 
assessment, the global metric incorporate a visual similarity ratio based as a 
“meaningful points ratio”. 

Meaningful points are locally obtained by filtering the image and provide with 
information about degradation around the regions of richer visual stimuli. This 
information is obtained from local contrast differences. 

 
Figure 36 Meaningful points for Crowd sequence 

The visual similarity ratio values are shown in Table 29. Values are coherent and 
provide with a good measure of image degradation. The values are well correlated to 
visual perception as seen in Fig. 37.  

Sequence Sum FSTD ∆SumFSTD VISUALSIM_RATIO ∆Ratio 
CROWD 4.5104 ≈ Original = 1 ≈ 

QP10 4.4553 0.0551 0.988 0.012 
QP15 4.4162 0.0391 0.979 0.009 
QP20 4.3394 0.0768 0.962 0.017 
QP25 4.2116 0.1248 0.934 0.028 
QP30 3.9995 0.2121 0.887 0.047 
QP35 3.6792 0.3203 0.816 0.071 
QP40 3.2098 0.4694 0.712 0.104 
QP45 2.5931 0.6167 0.575 0.137 
QP50 1.6680 0.9251 0.370 0.205 

Table 29 Visual similarity ratio results for Crowd sequence 
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Figure 37 Crowd Visual Similarity Ratio 

5.3 PARMENIA analysis 

Following the same scheme, the global values and their corresponding ratios have been 
calculated. The global results for the complete dataset used are compiled in the next 
tables (Table 30, Table 31, Table 32 and Table 33). 

And from the pooling of the quality ratios the global metric PARMENIA (PArallel 
Ratios MEtric from iNtrInsic features Analysis) is composed. Inherited from the ratios, 
PARMENIA keeps normalized, where value 0 represents the worst quality and value 1 
is the reference quality. The combination of the quality ratios aims to build the best 
correlation metric as seen in 4.5. 

Table 34 shows PARMENIA values for all the sequences used as development dataset. 
Following in 5.4, the Pearson correlation has been calculated for all five of them in 
order to validate the accuracy of the values obtained. All the correlations are above 
0’98, so the metric does really provide a good reference of the quality level of the 
sequence. 
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Parameter Sequence  QP10  QP15  QP20  QP25  QP30  QP35  QP40  QP45  QP50 

FIDELITY 
RATIO 

CROWD  0,991  0,985  0,975  0,959  0,933  0,884  0,804  0,684  0,485 

DUCKS  0,989  0,982  0,971  0,955  0,929  0,880  0,794  0,670  0,487 

INTOTREE  0,983  0,972  0,952  0,897  0,811  0,691  0,483  0,308  0,212 

OLDTOWN  0,979  0,967  0,937  0,876  0,840  0,793  0,702  0,557  0,353 

PARKJOY  0,995  0,991  0,986  0,974  0,953  0,921  0,855  0,739  0,535 

Table 30 Fidelity ratio results for the test dataset 

 

Parameter Sequence  QP10  QP15  QP20  QP25  QP30  QP35  QP40  QP45  QP50 

SHARPNESS 
RATIO 

CROWD  0,982  0,967  0,946  0,909  0,847  0,757  0,630  0,439  0,188 

DUCKS  0,948  0,914  0,866  0,789  0,685  0,553  0,364  0,214  0,110 

INTOTREE  0,959  0,932  0,883  0,781  0,650  0,501  0,338  0,223  0,119 

OLDTOWN  0,963  0,941  0,897  0,822  0,723  0,605  0,434  0,248  0,087 

PARKJOY  0,982  0,969  0,947  0,912  0,852  0,766  0,635  0,438  0,189 

Table 31 Sharpness ratio results for the test dataset 

 

Parameter Sequence  QP10  QP15  QP20  QP25  QP30  QP35  QP40  QP45  QP50 

COMPLEXITY 
RATIO 

CROWD  0,976  0,956  0,898  0,827  0,772  0,706  0,640  0,589  0,533 

DUCKS  0,970  0,954  0,908  0,830  0,778  0,731  0,670  0,604  0,525 

INTOTREE  0,972  0,956  0,905  0,737  0,625  0,569  0,514  0,478  0,462 

OLDTOWN  0,961  0,935  0,821  0,681  0,652  0,632  0,605  0,568  0,523 

PARKJOY  0,979  0,959  0,908  0,851  0,791  0,717  0,633  0,559  0,487 

Table 32 Complexity ratio results for the test dataset 
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Parameter Sequence  QP10  QP15  QP20  QP25  QP30  QP35  QP40  QP45  QP50 

VISUAL 
SIMILARITY

CROWD  0,988  0,979  0,962  0,934  0,887  0,816  0,712  0,575  0,370 

DUCKS  0,987  0,979  0,964  0,940  0,900  0,840  0,739  0,604  0,397 

INTOTREE  0,973  0,955  0,919  0,801  0,660  0,517  0,348  0,238  0,169 

OLDTOWN  0,975  0,958  0,910  0,827  0,771  0,699  0,581  0,421  0,240 

PARKJOY  0,990  0,983  0,969  0,946  0,906  0,845  0,744  0,596  0,377 

Table 33 Visual similarity results for the test dataset 

 
 

Parameter Sequence  QP10  QP15  QP20  QP25  QP30  QP35  QP40  QP45  QP50 

PARMENIA

CROWD  0,989  0,981  0,968  0,947  0,911  0,851  0,759  0,627  0,421 

DUCKS  0,984  0,974  0,958  0,934  0,896  0,835  0,735  0,605  0,422 

INTOTREE  0,978  0,963  0,935  0,857  0,750  0,620  0,428  0,279  0,190 

OLDTOWN  0,976  0,962  0,925  0,856  0,808  0,746  0,639  0,485  0,293 

PARKJOY  0,992  0,986  0,977  0,959  0,929  0,883  0,800  0,666  0,453 

Table 34 PARMENIA (global metric) results for the test dataset 
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Figure 38 Parmenia results for the complete test dataset 

 

5.4 Validation 
 
To analyze the correlation of PARMENIA with subjective MOS, the Pearson (as Eq. 
18) correlation has been calculated for the five sequences. The results are shown in the 
next tables. 
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In the same way, the correlation has been calculated for PSNR, VQM and SSIM values, 
obtained form Elecard Video Quality Estimator (which is a part of Elecard StreamEye 
Studio [151], a set software tools for video compression analysis). 

Sequence  MOS 
Parmenia 

Global Metric 
PSNR  VQM  SSIM 

CROWD QP10    0,989  49,505  0,295  0,997 

CROWD QP15    0,981  44,981  0,498  0,993 

CROWD QP20  4,5  0,968  40,617  0,824  0,981 

CROWD QP25  4,5  0,947  36,941  1,260  0,965 

CROWD QP30  4,4  0,911  33,235  1,916  0,930 

CROWD QP35  4  0,851  29,970  2,750  0,868 

CROWD QP40  3  0,759  27,115  3,755  0,778 

CROWD QP45  2  0,627  24,505  4,952  0,670 

CROWD QP50    0,421  22,172  6,400  0,533 

PEARSON    0,989  0,877  ‐0,963  0,988 

Table 35 PARMENIA results and Pearson correlation for Crowd 
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Parmenia for Crowd (red), Ducks (blue), Tree (green), Town (black) and Pjoy (cyan)
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Sequence  MOS 
Parmenia 

Global Metric 
PSNR  VQM  SSIM 

DUCKS QP10    0,984  49,443  0,267  0,998 

DUCKS QP15    0,974  44,899  0,453  0,996 

DUCKS QP20  4,8  0,958  40,229  0,776  0,988 

DUCKS QP25  4,7  0,934  36,496  1,200  0,976 

DUCKS QP30  4,6  0,896  32,956  1,799  0,951 

DUCKS QP35  4,2  0,835  29,893  2,524  0,906 

DUCKS QP40  3,3  0,735  27,173  3,366  0,831 

DUCKS QP45  2,5  0,605  24,691  4,366  0,719 

DUCKS QP50    0,422  22,262  5,611  0,547 

PEARSON    0,994  0,900  ‐0,971  0,994 

Table 36 PARMENIA results and Pearson correlation for Ducks 

 

Sequence  MOS 
Parmenia 

Global Metric 
PSNR  VQM  SSIM 

INTOTREE QP10    0,978  49,650  0,307  0,996 

INTOTREE QP15    0,963  45,246  0,511  0,989 

INTOTREE QP20  4,5  0,935  40,982  0,832  0,970 

INTOTREE QP25  4,3  0,857  37,567  1,242  0,932 

INTOTREE QP30  4,1  0,750  34,606  1,768  0,880 

INTOTREE QP35  3,6  0,620  31,996  2,389  0,797 

INTOTREE QP40  2,1  0,428  29,713  3,087  0,673 

INTOTREE QP45  1,4  0,279  27,950  3,828  0,564 

INTOTREE QP50    0,190  26,536  4,539  0,513 

PEARSON    0,981  0,906  ‐0,968  0,988 

Table 37 PARMENIA results and Pearson correlation for Intotree 

 

Sequence  MOS 
Parmenia 

Global Metric 
PSNR  VQM  SSIM 

OLDTOWN QP10    0,976  49,749  0,267  0,995 

OLDTOWN QP15    0,962  45,275  0,451  0,987 

OLDTOWN QP20  4,7  0,925  40,967  0,744  0,964 

OLDTOWN QP25  4,4  0,856  38,303  1,026  0,943 

OLDTOWN QP30  4,1  0,808  35,889  1,370  0,927 

OLDTOWN QP35  3,9  0,746  33,294  1,826  0,897 

OLDTOWN QP40  2,6  0,639  30,520  2,454  0,839 

OLDTOWN QP45  1,4  0,485  27,849  3,270  0,746 

OLDTOWN QP50    0,293  25,362  4,326  0,628 

PEARSON    0,987  0,940  ‐0,983  0,994 

Table 38 PARMENIA results and Pearson correlation for Oldtown  
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Sequence  MOS 
Parmenia 

Global Metric 
PSNR  VQM  SSIM 

PARKJOY QP10    0,992  49,529  0,328  0,998 

PARKJOY QP15    0,986  44,945  0,558  0,997 

PARKJOY QP20  4,6  0,977  40,433  0,928  0,992 

PARKJOY QP25  4,6  0,959  36,458  1,432  0,981 

PARKJOY QP30  4,4  0,929  32,338  2,235  0,953 

PARKJOY QP35  3,8  0,883  28,716  3,310  0,894 

PARKJOY QP40  2,7  0,800  25,586  4,641  0,790 

PARKJOY QP45  1,7  0,666  22,822  6,220  0,639 

PARKJOY QP50    0,453  20,451  8,026  0,447 

PEARSON    0,992  0,905  ‐0,982  0,995 

Table 39 PARMENIA results and Pearson correlation for Parkjoy 

 
The results are always better in terms of correlation than PSNR and VQM, and they are 
always equal or better than SSIM, but for Intotree and Oldtown sequences. This is due 
to the conception of the metric, designed to work with very high bit rate compression, 
where it allows a better discrimination of video quality than SSIM, even while carrying 
on a very good performance for all the bit rates analyzed from over 300 Mbps down to 
2’5 Mbps. 
 
Further validation has been carried out when working with VQEG HDTV video quality 
subjective test number 1, vqeghd1 [5]. Video sequences from VQEG HDTV test, which 
represent the only database of HDTV video clips annotated with subjective ratings that 
is publicly available, are used to analyze the correlation of PARMENIA. 
 

 
Figure 39 vqeghd1_csrc12 

 
VQEG Sequence MOS DMOS PARMENIA 

vqeghd1_csrc12_chrc01.avi 
 

4,290 4,333 0,768 
vqeghd1_csrc12_chrc03.avi 

 

3,125 3,167 0,673 
vqeghd1_csrc12_chrc07.avi 

 

3,000 3,042 0,648 
vqeghd1_csrc12_chrc10.avi 

 

1,708 1,75 0,538 
vqeghd1_csrc12_chrc11.avi 

 

4,625 4,667 0,821 
PEARSON 0,996 

Table 40 PARMENIA results for vqeghd1_csrc12 
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Figure 40 vqeghd1_csrc13 

 
VQEG Sequence MOS DMOS PARMENIA 

vqeghd1_csrc13_chrc01.avi 
 

1,167 1,625 0.346 
vqeghd1_csrc13_chrc02.avi 

 

4,333 4,792 0.775 
vqeghd1_csrc13_chrc05.avi 

 

3,083 3,542 0.5104 
vqeghd1_csrc13_chrc08.avi 

 

2,583 3,042 0.4908 
vqeghd1_csrc13_chrc11.avi 

 

3,792 4,25 0.6347 
PEARSON 0.968 

Table 41 PARMENIA results for vqeghd1_csrc13 

For both sets of distortions PARMENIA provides a very good performance. 
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6. Conclusion and future research lines 
This chapter discusses the motivation, the general idea, and PARMENIA algorithm 
built upon FR quality ratios. It is worthwhile to look into the relationship between this 
method and traditional video quality assessment algorithms. 
 
Nowadays, several models have already been proposed and implemented, and the 
results are quite promising. Nevertheless, some issues regarding several aspects of QA 
like the human visual system characterization have not yet been resolved satisfactorily. 
VQEG effort to compare and analyze the performance of objective video quality metrics 
is currently the main driving force in this field. A variety of groups and organizations 
are working on QoS and QoE standards today, and significant progress has been made, 
both in terms of standardized approaches to QoE, as well as our understanding of the 
evaluation and performance of quality metrics. This approach to QoE is the key to 
understand complex media processes concerning the new trends in the media 
environment [152] [153].  
 
PARMENIA introduces a degree of novelty against other working metrics: on the one 
hand, exploits the structural information variation to build the metric’s kernel but 
complements the measure with texture information and a ratio of visual meaningful that 
is closer to typical error sensitivity based approaches.We would like to point out that 
PARMENIA approach is the only constructed based on FR ratios and using 
mathematical morphology and texture features (typically used in segmentation) for 
quality assessment. On the other hand, it gets results with a high dynamic range that 
allows measuring the quality of high definition sequences from bit rates of hundreds of 
bits till typical distribution rates (5-6 Mbps), even streaming rates (1-2 Mbps). Thus, a 
direct correlation between PARMENIA and MOS scores are easily constructed. 
PARMENIA may further increase the number of available choices in objective quality 
measurement, especially for very high quality HD materials. As a hybrid method it 
combines to provide improved results and can be used in developing new metrics in the 
future [154]. 
 
PARMENIA has been pioneer in using mathematical morphology in VQA. The use of a 
morphological approach is based upon the analysis of a two-valued image in terms of 
some predetermined geometric shape known as a structuring element. Essentially, the 
manner in which the structuring element fits into the image is studied. PARMENIA 
exploit the ability of morphological operations to generate a large class of perceptually 
intuitive parameters, indeed, one of the most powerful capabilities of this technique. 
Applying Digital Minkowski Algebra for morphological operations provide for the 
systematic alteration of the geometric content of an image while maintaining the 
stability of important geometric characteristics that has proved to be excellent in terms 
of been applied to VQA. 
 
PARMENIA algorithm is quite encouraging not only because it supplies good quality 
prediction accuracy in the current tests, but also because of its simple formulation and 
low complexity implementation, in contrast with many complicated HVS-based quality 
assessment systems. Even more, it shows great potential to be evolved to a NR metric 
for high definition, a field that lacks of solution nowadays. This makes it much more 
powerful in the context of media services evaluation and QoE approaches. 
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Finally, with the advent of highly efficient image and video codecs, there is a strong 
need for metrics being able to measure and quantify transmission and coding quality as 
perceived by the end-user. This need is more urgent for HDTV. 
 
There are many challenges remaining to be resolved in the field of FR, RR and NR 
objective video quality assessment methods. There is a wide scope for the development 
of improved reliable video quality metrics. For instance, post-processing effects and 
scaling the video in the temporal, spatial, or SNR dimension in conjunction with display 
on a wide range of devices, call for new video quality assessment methods. Moreover, 
the emerging three-dimensional (3D) video will require the design and evaluation of an 
entirely new class of objective video quality assessment methods. Furthermore, the 
notion of video quality is currently being broadened to the notion of Quality of 
Experience (QoE), which encompasses the complete context of the video consumption 
experience. Objective assessment of the QoE will require a broadening of the video 
quality assessment methods to capture related parameters influencing the viewer 
experience. 
 
Future research lines foreseen from this thesis work are: 
 

 To optimize the dimension of the structuring element used in the morphology 
operations aiming to fit it with the estimated size of the macroblocks used during 
compression. 

 To extend PARMENIA to deal with 3D contents, both left and right views and 
image plus depth. 

 To enhance PARMENIA accuracy by a dynamic adjusting of weights through 
global features extracted from the image. Previous work has been done in this 
direction using the number of borders in the image. 

 To enhance PARMENIA accuracy by a dynamic adjusting of weights through 
determining ROIs. 

 To adapt PARMENIA to the measure of scalable content in the temporal, 
spatial, or SNR dimension in conjunction with display on a wide range of 
devices. 

 To transform PARMENIA’s ratios approach to a non-reference metric using the 
absolute values of the morphological gradient and Haralick’s texture features. 
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