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Abstract

With more and more visual signals being received by human observers, an important aspect
of the quality of experience of such stimuli is the perceived visual quality. In this thesis, new
techiques to assess this perceived visual quality of natural videos without a pristine refer-
ence video, referred to as no-reference video quality assessment (NR-VQA), are presented,
in order to evaluate the performance of existing devices for video capturing or video com-
pression. These techniques adopt a two-stage NR-VQA framework, in which the two stages
are distortion measurement and quality prediction. Three NR-VQA metrics are designed
to evaluate the performance of video imaging systems, while two computational NR-VQA
models are proposed to assess the quality of compressed videos. An optimizing strategy is
also designed for feature pooling and prediction models of NR-VQA algorithms.

Loss of texture is one particularly annoying distortion in videos captured by consumer-
level camcorders. Three NR-VQA metrics, viz., texture preservation ratio (TPR), physical
texture distortion (PhTD), and perceived texture distortion (PeTD), are designed to evalu-
ate the performance of a camcorder system in terms of compression bitrates and the speed of
the object’s motion. The three metrics first quantify to what extent texture structures are
distorted, then a perceptual weighting strategy is adopted for quality prediction. Assuming
the distortion is radially symmetric, the TPR is based on 1-D radial power spectral den-
sity (PSD) and 1-D contrast sensitivity function of the human visual system, while PhTD
and PeTD measure radially asymmetric texture distortion based on 2-D PSD and a 2-D
spatio-velocity contrast sensitivity function. Experimental results of six camcorders confirm
that all three metrics are useful indicators for evaluating a camcorder’s performance.

Most artifacts encountered in a video are a direct result of lossy compression, thus
predicting the quality of compressed videos is of great interest. Two NR-VQA models are
proposed: a DCT-based model, and a Laplacian-pyramid based model. In each model,
six features are extracted from each frame of a video sequence to measure the distortion,
considering the statistical features of natural videos and the extraneous artifacts due to
lossy compression. In the stage of quality prediction, both models adopt a temporal pooling
strategy to transform frame-level features to video-level features, and a trained multilayer
neural network to map the video-level features to a score as the predicted video quality.
Both models are trained and evaluated on the LIVE video database and the LIVE mobile
video database. The results show that the predicted quality scores are well correlated with
the mean opinion scores from subjective assessments.

However, the neural-network based quality prediction has many parameters, and thus
is prone to overfitting when the training database is small. In order to circumvent the
intractable problem of overfitting, a mapping strategy is proposed to optimize the feature
pooling and prediction models of NR-VQA algorithms. Based on iterative optimization,
the proposed mapping strategy is composed of a global linear model for pooling extracted
features, a simple linear model for local alignment in which local factors depend on source



videos, and a non-linear model for quality calibration. In the IRCCyN/IVC video database
of content influence and the LIVE mobile video database, the performance of VQA algo-
rithms is improved significantly by local alignment. This suggests that predicting the local
factors for a local alignment based on video content will be a promising new approach for
NR-VQA.



Zusammenfassung

In der heutigen Zeit, in der der menschliche Betrachter immer mehr visuelle Reize zu
verarbeiten hat, ist es ein wichtiger Aspekt, dass die erlebte Qualität dieser Reize der
wahrgenommenen Qualität entspricht. In dieser Doktorarbeit werden neue Techniken zur
Bewertung der wahrgenommenen Qualität von natürlichen Filmsequenzen ohne verfügbare
Referenzsequenzen, im folgenden als no-reference video quality assessment (NR-VQA) ge-
nannt, präsentiert um die Leistungsfähigkeit von Geräten zur Erfassung und Kompression
von Filmsequenzen auszutesten. Die vorgestellten Techniken basieren auf einem in zwei
Phasen unterteilbaren NR-VQA Algorithmus, in dem die erste Phase die Messung von
Bildverzerrrungen und die zweite Phase die Vorhersage der Bildqualität ist. Es werden
drei NR-VQA Metriken entwickelt um die Leistungsfähigkeit von Bildverarbeitungssyste-
men auszutesten und weitere zwei NR-VQA Berechnungsmodelle werden vorgestellt, um
die Qualität von komprimierten Filmsequenzen zu bewerten. Weiterhin wird eine Strate-
gie zur Optimierung der Merkmalsextraktion und von Vorhersagemodellen der NR-VQA
Algorithmen entwickelt.

Ein spezielles Bildverzerrungsartefakt in Bildaufnahmen handelsüblicher Camcorder ist
dabei der Verlust von Objekttexturen. Deshalb werden drei NR-VQA Metriken entwick-
elt um die Leistungsfähigkeit von Camcorder-Systemen in Bezug auf deren Kompressions-
Bitraten und auf die Bewegungen in der jeweils aufgenommenen Szene zu bewerten, na-
mentlich texture preservation ratio (TPR), physical texture distortion (PhTD), and per-
ceived texture distortion (PeTD). Diese drei Metriken messen zunächst in welchem Umfang
Textur-Strukturen verzerrt werden; anschliessend wird eine Gewichtungsstrategie auf der
Basis menschlicher Wahrnehmung angewendet um die Bildqualität vorherzusagen. Wenn
man animmt, dass die Verzerrung rotationsinvariant ist, dann basiert die TPR auf einer
1-D spektralen Leistungsdichte, welche rotationsinvariant ist, und einer 1-D contrast sen-
sitivity function des menschlichen visuellen Systems; PhTD und PeTD messen andernfalls
die nicht rotationsinvariante Verzerrung von Texturen, indem sie eine 2-D spektrale Leis-
tungsdichte und eine 2-D contrast sensitivity function zur Wahrnemmung von räumlichen
Geschwindigkeiten anwenden. Die Untersuchungsergebnisse mit sechs Camcordern be-
stätigen die These, dass alle drei Metriken nützliche Indikatoren zum Austesten der Leis-
tungsfähigkeit der Camcorder sind.

Die meisten Bildartefakte in den Filmsequenzen resultieren direkt aus nicht-verlustfreier
Kompression, deshalb is es von Bedeutung, die Qualität von komprimierten Filmsequenzen
vorherzusagen. Es werden in der Doktorarbeit zwei NR-VQA Modelle vorgeschlagen: ein
Model basierend auf der DCT und ein Ansatz basierend auf Laplace-Bildpyramiden. In bei-
den Modellen werden pro Frame sechs Merkmale aus den Filmsequenzen extrahiert um die
Verzerrung zu messen unter Berücksichtigung der statistischen Eigenschaften natürlicher
Filmsequenzen und der Artefakte aus nicht-verlustfreier Kompression. In der Phase der
Vorhersage der Bildqualität verwenden beide Modelle eine Strategie zur zeitlichen Auslese



von Frames, um konsistente Bildmerkmale über den Verlauf eines Videos zu erhalten; weit-
erhin wird ein trainiertes Neuronales Netzwerk, welches aus mehreren Ebenen besteht,
angewendet um aus den konsistenten Bildmerkmalen eine Bewertung der Gesamtqualität
der Filmsequenz voherzusagen. Die beiden Modelle wurden trainiert mit und ausgewertet
anhand der LIVE-Datenbank für Filmsequenzen und der LIVE-Datenbank für mobile Film-
sequenzen. Die Ergebnisse zeigen eine gute Korrelation von vorhergesagten Bewertungen
der Gesamtqualität einer Filmsequenz und ihrer Bewertung durch Betrachter.

Da aber die Bewertung anhand neuronaler Netzwerke viele Parameter besitzt, welche
fehlgerichtet gelernt werden können, wenn die Trainingsdatenbank einen geringen Umfang
hat, wird in dieser Doktorarbeit eine Abbildungsstrategie vorgeschlagen, welche die Mer-
malsextraktion und die Vorhersagemodelle der NR-VQA Algorithmen optimiert. Auf der
Basis iterativer Optimierung wird die Abbildungsstrategie aus einem global linearen Mod-
ell zur Verwaltung extrahierter Merkmale, einem einfachen linearen Model für lokale An-
passungen, wobei die Faktoren der lokalen Anpassungen von den jeweiligen Fimsequenzen
abhängen, und einem nichtlinearen Modell zur Qualitätskalibrierung zusammengesetzt. Die
Leistungsfähigkeit von VQA Algorithmen konnte bei den Filmsequenzen der IRCCyN/IVC
Datenbank und der LIVE-Datenbank für mobile Filmsequenzen durch das lineare Model
für lokale Anpassungen signifikant gesteigert werden. Daraus lässt sich schliessen, dass die
Vorhersage von lokalen Faktoren für lokale Anpassungen in Abhängigkeit von der jeweiligen
Filmsequenz ein vielversprechender neuer Ansatz für NR-VQA Algorithmen ist.
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Chapter 1

Introduction

Video services have been widely adopted in both mobile and fixed networks. To provide
better service, the capability of digital cameras, smartphones, and tablet computers to ac-
quire and display high-resolution images and videos continues to advance rapidly. However,
the human appetite for electronic visual content is apparently insatiable, and consumer
demand is increasing rapidly [1]. Thus, content providers are interested in evaluating the
performance of their services from the final users’ perspective, i.e., their quality of experi-
ence (QoE). The QoE of the visual signal is of fundamental importance for numerous image
and video processing applications, such as 3-D TV systems, surveillance systems, mobile
video systems, conferencing systems, and so on.

Before multimedia data reach the final users, they pass through three main stages:
generation by a capture device, compression with a codec, and transmission via a com-
munication channel. Any of these stages can produce degradation in the visual quality
perceived by human users. To evaluate the performance of a video imaging system, it is
important to assess the quality of the output video. The most reliable way of assessing
video quality is subjective evaluation, where a number of human users are asked to evaluate
the perceived quality, summarized in mean opinion scores (MOS). However, this approach
is too cumbersome, slow, and expensive for most applications.

1.1 Motivation

Given that increasingly knowledgeable users demand better quality image and video acquisi-
tion and display, it is highly desirable to be able to automatically and accurately predict the
visual signal quality as it would be perceived and reported by these users. Such a predictive
capability can be used to evaluate the performance of imaging system, monitor image and
video traffic, and to improve the perceptual quality of visual signals via quality-aware pro-
cessing, computing, and networking. Quality assessment algorithms can be used to improve
picture quality, e.g., by perceptually optimizing the process of image or video acquisition,
by modifying video transmission rates, by reallocating resources to geographically balance
video quality across a network, by postprocessing, or by combining these kinds of quality
aware ideas [1].

The goal of image quality assessment (IQA) or video quality assessment (VQA) is to

3



4 1. INTRODUCTION

automatically, accurately and objectively predict the visual quality of an image or a video
in agreement with humans. A great deal of effort has been expended on objective quality
evaluation. Objective IQA and VQA metrics (or algorithms) can be classified into full
reference (FR) if a reference is available for quality assessment, reduced reference (RR) if
only partial information about a reference is available, and no reference (NR) if no reference
is available. Without a priori knowledge about the pristine image or video, no-reference
image quality assessment (NR-IQA) or no-reference video quality assessment (NR-VQA) is
the most useful but also the most difficult way to accurately predict visual quality.

This thesis concentrates on NR-VQA as a means of automatically evaluating the per-
formance of electronic imaging systems. The video is distorted by the imaging system
including a lens, sensors, and an image signal processing pipeline. The basic idea is to take
one stage of the video imaging system or the whole system as a black box, and analyze
the output video to objectively assess the quality of videos without a reference. Feature
extraction, models of human visual system (HVS), machine learning methods, and iterative
optimization are combined to predict the output video’s quality as seen by humans. Such an
objective quality assessment naturally should have a strong correlation with the subjective
assessment, but it also should be fast, efficient, and economical in applications.

1.2 Contributions

This dissertation is divided into two major parts. The first part applies NR-VQA to the
evaluation of consumer-level camcorder systems. An experimental setup is designed to
measure the texture distortion caused by camcorder systems, and three metrics are proposed
to quantify the texture distortion in terms of motion speed and compression bitrate. The
second part deals with predicting the quality of compressed videos without reference. Two
NR-VQA models and one mapping strategy are presented. One model is based on the
DCT and the other on the Laplacian pyramid decomposition. Both measure compression
artifacts and extract the statistical features of natural scenes. The mapping strategy is based
on iterative optimization, aiming to transform a group of extracted features to the predicted
quality with a small number of parameters. The content of each part is summarized below.

1.2.1 Application of NR-VQA to camcorder systems

Videos captured by a consumer-level HD camcorder usually have a high quality. The quality
difference between two videos from two different camcorder models is tiny and sometimes
only perceptible when the object is moving at high speed. Three NR-VQA metrics are
proposed to quantify the tiny quality degradation caused by the camcorder system. Also,
an experimental setup is designed for motion capture, when the camcorder is available and
thus the content of the videos could be designed.

Texture preservation ratio

The method evaluates the performance of camcorders in terms of texture preservation, us-
ing 1-D PSD and the 1-D contrast sensitivity function (CSF) of the HVS. The texture
preservation ratio (TPR) metric is the outcome of the method. It quantifies to what extent
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texture structures are preserved in a video recorded by a camcorder with respect to com-
pression bitrates and the motion speed of the object. In the experiments, the dead leaves
chart is used to simulate a scene with textures of different scales. The dead leaves chart is
known as a good target for testing purposes because it is invariant to scaling, translation,
rotation, and contrast (exposure) adjustment. Experimental results have shown the follow-
ing for the five tested camcorders from three different vendors: the TPR value decreases
monotonically with respect to the motion speed and increases monotonically with respect
to the lossy compression bitrates. Thereby, our study has confirmed that the TPR is a
useful indicator for measuring a camcorder’s performance in terms of preserving textures
when the distortion is radially symmetric.

Physical and perceived texture distortion

This method is designed to evaluate the performance of HD camcorders in terms of tex-
ture distortion when the distortion of a camcorder system is not radially symmetric. The
physical texture distortion (PhTD) gives the objective texture distortion with respect to
motion speed and lossy compression, based on a bank of Garbor filters with eight orienta-
tions and three scales. The PhTD is extended to perceived texture distortion (PeTD) by
adopting the spatio-velocity contrast sensitivity function (SV-CSF) of the HVS. The PeTD
measures the perceived distortion of texture structures with respect to motion speed and
lossy compression. The dead leaves chart, invariant to scaling, translation, rotation, and
contrast, was selected as a target texture in an experiment. The experimental results for
six HD consumer-level camcorders from three vendors showed: the PhTD value increases
monotonically with respect to the motion speed, and decreases monotonically with respect
to the lossy compression bitrate; the PeTD value increases monotonically with respect to
the motion speed, but stays almost constant with respect to the lossy compression bitrate.
The experiment gives a reasonable result when the distortion is not radially symmetric.
However, some subjective tests should be done in future work to validate the performance
of the PeTD.

1.2.2 Application of NR-VQA to video compression

Most artifacts encountered in a video are a direct result of lossy compression. Thus, predict-
ing the quality of compressed videos is of great interest and two NR-VQA are proposed to
achieve this goal. The two models are the DCT-based prediction model and the Laplacian-
pyramid based prediction model.

DCT-based NR-VQA model

The DCT-based model is proposed to blindly predict the quality of compressed natural
videos. In the first stage, each decoded frame of the video sequence is decomposed into six
feature maps based on the DCT coefficients. Six efficient frame-level features, i.e., kurtosis,
smoothness, sharpness, mean Jensen–Shannon divergence, and blockiness, are extracted to
quantify the distortion of natural scenes due to lossy compression. In the second stage, each
frame-level feature is averaged across all frames (temporal pooling); a trained multilayer
neural network takes the six features as inputs and outputs a single number as the predicted
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video quality. The DCT-based model was trained and tested on the H.264 videos in the
LIVE video database and the LIVE mobile video database. The results show that the
objective assessment of the proposed model has a strong correlation with the subjective
assessment. However, the model is computationally expensive due to applying the 4 × 4
DCT on a sliding window of size 4× 4 in the decoded image.

Laplacian-pyramid based NR-VQA model

The Laplacian-pyramid based prediction model is designed to reduce the computational
expense of the DCT-based model. The new model also predicts the quality of compressed
videos of natural scenes. The method is focused on measuring the distortion of a com-
pressed video without using a reference. There are two main steps of the proposed method:
measuring the distortion and predicting the video quality. Each frame of the distorted video
sequence is first decomposed to an N -subband Laplacian pyramid, then their intra-subband
and inter-subband statistical features are fully exploited. Three intra-subband features and
three inter-suband features are taken as the inputs of the prediction model. Its output is
a single score as the predicted video quality. The performance of the proposed method is
evaluated on the LIVE video database and the LIVE mobile video database. The results
show that the predicted quality scores are well correlated with mean opinion score (MOS)
associated to the subjective assessment.

Optimization of prediction models

When the database for training contains only a small number of videos, neural-network
based methods are prone to overfitting, resulting in poor performance. In order to cir-
cumvent the intractable problem of overfitting, a strategy is proposed to optimize feature
pooling and prediction models of VQA algorithms with a much smaller number of param-
eters. Based on iterative optimization, the proposed mapping strategy is composed of a
global linear model for pooling the extracted features, a simple linear model for local align-
ment in which the local factors depend on the source videos, and a non-linear model for
quality calibration. Also, an algorithm is proposed to predict the local factors from the
source video. In the IRCCyN/IVC video database of content influence and the LIVE mo-
bile video database, the performance of VQA algorithms is improved significantly by local
alignment. Thus predicting the local factors in local alignment based on video content is a
promising new approach for VQA.

1.3 Organization

The rest of this thesis is organized as follows.

Chapter 2 studies the previous work on NR-VQA. Reviews of existing NR-VQA algo-
rithms according to the application, a general two-stage framework, and the state-of-the-art
research at each stage of the framework are introduced.

Chapter 3 proposes three metrics for evaluating the performance of a camcorder system
with respect to motion speed and compression bitrate: TPR, PhTD and PeTD. The
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generation of a test chart, the experimental setup, and the results are presented together
with discussions.

Chapter 4 proposes two NR-VQA model for predicting the quality of a compressed video
without using a reference: a model based on the DCT and a model based on a Laplacian
pyramid. The extraction of statistical features and compression artifacts are described in
detail. The performance evaluations, comparisons, and discussions conclude the chapter.

Chapter 5 presents a mapping strategy for NR-VQA algorithms. The problem of map-
ping from distortion measurements to perceptual quality is first stated. An iteratively
optimized mapping strategy and an algorithm that predicts the local factors are described,
and the experimental results are presented.

Chapter 6 concludes this thesis. In addition, avenues for future research are indicated.





Chapter 2

Literature review

No-reference quality assessment generally reduces the storage requirements of an algorithm
due to the absence of any need for references. This leads to considerable savings, especially
in the case of video signals. Also, in certain applications, such as evaluating the perfor-
mance of digital camera and camcorder systems, the original uncorrupted images or videos
are often unavailable because the imaging (sensing) and recording system is a black box
into which one cannot probe. Due to the lack of any information about the distortion-
free references, NR-VQA is the most useful but also the hardest among the three VQA
paradigms, which are full-reference video quality assessment (FR-VQA), reduced-reference
video quality assessment (RR-VQA), and no-reference video quality assessment (NR-VQA).

This chapter studies the state-of-the-art algorithms of NR-VQA and special attention
is drawn to NR quality assessment of compressed videos.1 The rest of this chapter is
organized as follows. In Section 2.1, the research on NR-VQA is reviewed in terms of its
applications to video systems. Section 2.2 introduces a general two-stage framework of
NR-VQA algorithms: distortion measurement and quality prediction. Section 2.3 studies
the recent work on distortion measurement, then Section 2.4 focuses on research on quality
prediction. Figure 2-1 illustrates the structure of the chapter.

2.1 Applications of NR-VQA

The NR-VQA has a wide range of applications, and can be applied to almost any situation
concerned with videos; for example, to detect image forgery [2] and to estimate blurriness [3].
Most NR-VQA algorithms have been designed and developed to evaluate the performance
of video systems. A video system, generally speaking, is composed of four stages: video
acquisition, processing, transmission and reproduction. All of the above stages are potential
sources of video distortion. The video quality needs to be measured at any one or multi-
ple stages of the video system, thus an NR-VQA algorithm usually is designed for videos
degraded by one, multiple, or all stages of the video system. The algorithms of NR-IQA
and NR-VQA are reviewed according to their applications to the performance evaluation
of video systems in this section. Section 2.1.1 describes the applications to whole video

1Algorithms of NR-IQA are also included, since most of them can be directly applied to video sequences
frame by frame to predict the perceived video quality.

9
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Figure 2-1: The structure of the literature review of NR-VQA
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systems, and Section 2.1.2 covers the applications to one stage of a video system.

2.1.1 System-level applications

Displays of stereo images are widely used to enhance the viewing experience of three-
dimensional imaging and communication systems. An NR video quality perception model
was designed for stereoscopic videos by studying the factors that affect human percep-
tion [4]. The local distortion, blockiness, and zero crossing rate of stereoscopic pair images
were measured to quantify the artifacts and disparity of the JPEG coded stereoscopic im-
ages [5] [6].

To assess the quality of broadcast HD television videos without reference, Boujut et al.
proposed detecting the macro-block error first, then weighting the error by saliency maps
computed at the decoder side [7]. In their subsequent publication, the authors enhanced the
bottom-up spatio-temporal saliency map model by considering the semantics of the visual
scene, and proposed a saliency map model based on face detection and a fusion method to
merge the bottom-up saliency map with the semantic saliency map [8].

Video surveillance systems generally suffer from conditions of low lighting or conditions
of extremely high lighting. A no-reference metric was developed to continuously monitor
the level of exposure in [9]. Also, an NR-IQA method was proposed for video conferenc-
ing systems. In the method, an support vector machines (SVM) classifier is employed to
distinguish the image sequences of poor quality from the good ones [10].

A framework was proposed to measure the sharpness of natural images captured by
digital cameras [11]. The framework uses reference images captured by a high-quality
reference camera to find image areas with appropriate structural energy for the quality
attribute. In another recent paper, an automatic quality assessment and improvement
system was proposed to optimize the digitizing process of print media collections [12].

2.1.2 Stage-level applications

Acquisition

In the stage of acquisition, the degradation of videos is introduced mainly through lens
distortion, imperfections of the acquisition sensors, analog to digital conversion, and de-
mosaicing. The de-mosaicing operation converts a raw image acquired with a single sensor
array, overlaid with a color filter array, into a full-color image. Given the lack of a reference
image or ground truth, several NR quality evaluation methods have been proposed for the
performance evaluation of de-mosaicing algorithms.

NR-IQA algorithms have been designed for a relative comparison of two images de-
mosaiced from the same color filter array (CFA) data by measuring the sharpness of the
edges and determining the presence of false colors [13]. Zipper is the most prominent artifact
generated by de-mosaicing algorithms, thus NR-IQA was adopted to identify these patterns
and measure their visibility, in order to estimate the perceived of rendered images [14].
Meanwhile, a no-reference quality evaluation method based on a scheme of double interpo-
lation was designed for CFA de-mosaicing to locate interpolation artifacts [15].
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Processing

The stages of video processing include quantization, storing, compression, sharpening, de-
blurring, enhancement, and so on. Most artifacts encountered in videos are a direct result
of lossy compression, thus a large amount of work has been done on assessing the quality
of compressed images and videos. This section introduces NR-IQA for denoising and de-
blurring, and research on NR quality assessment for compressed images and videos will be
intensively reviewed in Section 2.2.

Denoising algorithms generally have various parameters which need to be set in order
to yield good results. The choice of such parameters is, in general, made empirically when
no ground truth reference is available. To set the parameters automatically with respect to
the image content, Zhu et al. proposed an NR metric based upon the singular value decom-
position (SVD) of a local image gradient matrix [16]. The metric provides a quantitative
measure of the true image content in the presence of noise and other disturbances. In the
application of enhancing images degraded by uniform motion blur, an NR-IQA model was
used to achieve the highest quality of the enhanced image [17]. The model is learned by
training a radial basis function neural network from a collection of representative training
images simulated with different types of motion blur.

Transmission

Increasingly widespread mobile communication systems and increasing data transmission
rates have led to a variety of multimedia services. Taking into account human perception
characteristics, an NR video quality estimation method with low computational complexity
was developed based on the H.264/AVC video stream structure [18]. The method is suitable
for implementation in mobile devices with low processing power.

Singh et al. developed an NR-VQA for personal mobile television to automatically mon-
itor the QoE of the end-users [19]. Another NR QoE monitoring module was proposed for
adaptive HTTP/TCP video streaming system [20]. The model is based on random neural
networks and considers the distortion due to playout interruptions and lossy compression.

Massidda et al. presented an NR model to improve the perceptual quality of 2.5G and
3G devices [21]. The index measures the distortion effects caused by a wireless noisy channel
and lossy compression in mobile communication systems. An NR-IQA metric was proposed
for fiber optic transmission lines and applied to videos frame by frame. The metric is
based on conventional neural networks and gives a continuous time scoring of the video
stream [22].

Reproduction

Video reproduction involves video decoding, color and size adjustment, display, restoration,
image fusion, 3D reconstruction, and so on. Callet et al. developed an NR-VQA approach
aiming to control the quality perceived by the end user [23]. The approach employed a
convolutional neural network, and only limited computation is needed, thus it could be
integrated into a real-time application. To evaluate the performance of color reproduction
algorithms, an NR-IQA metric was proposed based on modeling the HVS [24]. Meanwhile,
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an automatic method for visual quality assessment was proposed using an automatic color
equalization algorithm in the field of digital film restoration [25].

Restoration algorithms usually have fixed parameters whose values are not easily settable
and depend on the image content. A bio-inspired framework was proposed for automatic
image quality enhancement, by correlating no-reference visual quality values with specific
parameter settings [26]. In another paper, a ringing metric was presented to evaluate the
quality of images restored using iterative image restoration algorithms [27]. This ringing
metric was applied to the quality assessment of restored images based on the Gabor filter.

Image fusion refers to combining information originating from several sources in order
to improve the decision making process. To reconstruct an image that will be as sharp as
possible by preserving in-focus areas while discarding blurred areas, NR image fusion quality
assessment procedures were proposed based on the mutual information theory [28] [29].
They can be used to compare different image fusion methods, or to optimize the parameter
settings for a given fusion algorithm.

The synthetically generated images and video frames of complex 3D scenes are often
prone to artifacts. Herzog et al. exploited information about the underlying synthetic scene
and designed a method to detect the noise and clamping bias due to insufficient virtual
point light sources, and shadow map discretization artifacts [30].

2.2 Two-stage NR-VQA framework

As mentioned in Section 2.1.2, a large amount of research has been done to assess the
quality of compressed images and videos, for most of the artifacts encountered in videos are a
direct result of lossy compression. Most of the popular video coding standards have adopted
motion compensation and block-based coding schemes for compression. The decoded video,
thus, suffers from one or more compression artifacts, such as blockiness, blurriness, color
bleeding, ringing, false edges, jagged motion, chrominance mismatch, and flickering [31].

Such artifacts degrade the quality of the video, but the measurement of artifacts in a
decoded video does not necessarily reflect the quality perceived by the end-users. Winkler
has shown that the perceived quality depends heavily on the viewing distance, display size,
resolution of the video, brightness, contrast, sharpness, color, content, and naturalness of
the video content [32]. To develop a no-reference video quality model, it is important to
know how the perceived strengths of the artifacts are related to their physical strengths
and to the perceived annoyance. When more than one artifact is present, it is important to
know whether and how its corresponding perceived strength depends on the presence of the
other artifacts and how perceived strengths combine to determine the overall annoyance.

To answer these questions, several objective video quality models have been developed
and have achieved a close match between the predicted quality and subjective video quality
evaluations. Each of the models consists of several stages. Hemami described a three-stage
framework for NR quality estimators that encompasses the range of potential use scenar-
ios for the NR quality estimators and allows knowledge of the HVS to be incorporated
throughout [33]. A two-step framework for NR-IQA was proposed based on natural scene
statistics (NSS) [34] [35]. The framework does not require any knowledge of the distor-
tion process and the framework is modular in that it can be extended to any number of
distortions.
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Figure 2-2: The general two-stage framework of NR-VQA

In this thesis, the aforementioned NR-VQA models are generalized to a two-stage frame-
work that consists of distortion measurements followed by a model of quality prediction, as
shown in Figure 2-2. A distortion measurement in the first stage quantifies the difference
between the distorted data and the corresponding reference. But the measurement is not
necessarily the quality perceived by the end-users, thus quality prediction intends to predict,
based on a group of distortion measurements, the quality perceived by users.

A representative example of the two-stage model was presented in [36] to assess image
quality without reference. Two features are extracted as distortion measurements. The two
features are the amplitude fall-off curves of textured blocks based on natural scene statistics,
and the positional similarity based on projections of wavelet coefficients between adjacent
scales with the same orientation. In the stage of quality prediction, a general regression
neural network was adopted to conduct quality prediction according to the distortion mea-
surement.

Both of the stages are of great importance for the design of an NR-VQA model. However,
it has been found most of the research has focused on either distortion measurement or on
quality prediction. Thus, the previous research will be reviewed in the following stage by
stage. Section 2.3 and Section 2.4 focus on the recent research on NR-VQA in the stage of
distortion measurement and of quality prediction, respectively.
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2.3 Distortion measurement

Distortion measurement refers to quantifying the difference between the distorted data
and the corresponding reference. Due to the lack of references in NR-VQA, a distortion
measurement quantifies the features that exist in distorted data but not in the original data:
for example, ringing [37], packet loss [38], and frame freezing [39].

Algorithms for distortion measurement are further divided into three categories: artifact
measurement, statistical analysis, and parametric analysis of bitstreams, which will be
reviewd in Section 2.3.1, Section 2.3.2, and Section 2.3.3, respectively.

2.3.1 Artifact measurement

Assuming the compression algorithm is known, for example, MPEG-4 and H.264/AVC,
distortion-specific NR-VQA algorithms measures the artifacts that exist in the decoded
video. Information about the whole system under testing is not required, hence this method
can be applied to scenarios such as codec comparison and codec optimization. By far the
most popular compression schemes are based on motion compensation and block-based cod-
ing, which introduce extraneous artifacts. Among these artifacts, blockiness and blurriness
are the most annoying artifacts, which has led to great interests in blockiness measurement
and blurriness/sharpness measurement. In the following, we study blind quality assessment
algorithms that measure one or more types of artifacts in decoded videos or images, and
put special attention on the measurements of blockiness and blurriness.

Blurriness measurement

Blurriness appears as a spread of edge width. Thus researchers have modeled the edge
spread and related it to the perceived quality. Marziliano et al. measured the average width
of edges in an image and presented an NR blur metric for images and videos [40]. The
metric is near real-time, has low computational complexity, and is shown to perform well
over a range of image content.

The edge gradients of a degraded image also reflect blurriness. Taking into account the
HVS, an NR perceptual sharpness metric was presented based on a statistical analysis of
local edge gradients [41]. Chen et al. modeled the gradient image of the given image as
a Markov chain [42]. The authors first computed the transition probabilities for selected
pairs of gradient values and then combined these probabilities, using a pooling strategy, to
formulate the blurriness measure. Liang et al. studied the image gradients along local image
structures and proposed a new perceptual blur metric [43]. In their metric, the gradient
profile sharpness of an image edge was calculated along the horizontal or vertical direction,
then the sharpness distribution histogram was rectified by a just noticeable distortion (JND)
threshold to evaluate the blurring artifacts and assess the image quality.

Blurriness has also been modeled as a loss of energy at high frequencies by using a
variety of techniques, such as the local power of the high-frequency coefficients of the wavelet
transform [44], the log-energy of the discrete wavelet transform subbands [45], comparing
the high frequency coefficients of the coded image [46], and measuring the image efficient
bandwidth [47].
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Researchers have explored ways to measure blurriness in the transform domain. A
metric was proposed to measure the sharpness in the complex wavelet transform domain
and the sharpness was identified as a strong local phase coherence [48]. In another metric,
blurriness is measured through block-based DCT statistics and linear prediction [49].

While human beings are the end-users, the model of HVS is exploited for NR blurri-
ness measurement. A semantic level NR image sharpness/blurriness metric was presented
under the guidance of a top-down & bottom-up saliency map, and the saliency map was
learned based on eye-tracking data by SVM [50]. Du et al. only use the distortion located
in “fixation-point” as an estimate of the perceived visual distortion, instead of using infor-
mation from the entire image [51]. They considered that the perceived blur distortion is
determined not only by the edge sharpness level but also by the length of this edge and the
length of fixating on it. In Dardi et al., [52], the estimation of blurriness was performed
first through a global and simple measure over the whole picture, then through a finer, local
analysis of the sharpness of the objects’ borders. The region of interest (ROI) was selected
using an existing measurement of the saliency of each pixel as well as a simple method to
detect human faces. In the so selected parts, an objective measurement of the blurriness
artifact was performed, based on the presence of fine detail and on the local edge width.

Other techniques have been adopted for blurriness measurement as well. Chen and Bovik
adopted multi-resolution decomposition methods to extract reliable features for quality
assessment [53]. In their paper, a probabilistic SVM was applied as a rough image quality
evaluator, then the details of the image were used to refine and form the final blur metric.
An NR blur metric for images and videos used information contained in the image itself,
assuming the sharpest edges contain information of blurriness but not the image content [54].
Vu et al. in [55] utilized both the spectral and the spatial properties of the image to quantify
the perceived sharpness. In the metric, the slope of the magnitude spectrum and the total
spatial variation of each image block are measured. These measures are then adjusted to
take into account visual perception and yield a perceived sharpness map.

Blockiness measurement

Blockiness is an impairment originating in the block-based encoding phase. Blocking arti-
facts may be noticeable in the decoded image and video frame under low bit-rate conditions,
thus measuring blocking artifacts is of great significance in the quality assessment of com-
pressed images and videos.

Many NR blockiness measurement techniques model the blocky image as a non-blocky
image interfered with by a pure blocky signal in the spatial domain, and then the power
of the pure blocky signal is detected and evaluated differently [56, 57, 58, 59]. They can
accurately assess the blockiness in images or videos compressed by JPEG, H.261, H.263,
MPEG-1, MPEG-2 and MPEG-4.

Some psycho-visual experiments have shown that the perception of distortions is influ-
enced by the amount of detail in the image, and this influence is coherent with the known
masking effects of the HVS. Hence, to consider the effect of the video content on the vis-
ibility of the artifacts, a “content weighting factor” based on the properties of the HVS
is needed. An NR blocking artifact metric was proposed based on a model of luminance
and texture masking of the HVS [60]. The blocking artifacts were measured with differ-



2.3. DISTORTION MEASUREMENT 17

ent weighting coefficients in flat regions and edge regions. Marini et al. used the masking
model and setup a series of experiments applying regression trees to measure the blocking
distortion of JPEG compressed images without references [61]. Zhai et al. first measured
the difference on block boundaries to generate the block discontinuity map, then integrated
the effects of luminance adaptation and texture masking on the blocking to form a masking
map [62]. The masking map is then incorporated with the discontinuity map to generate a
noticeable blockiness map, which can be used to guide perceived quality assessment.

Besides the HVS model of luminance and texture masking, other HVS models have
been employed for blockiness measurement. Liu et al. used a simplified model of visual
masking to measure the local pixel-based blockiness [63]. To further improve the compu-
tational efficiency and the accuracy of the metric for applications to real-time processing,
a grid detector was employed to identify the exact location of the blocking artifacts and
the blocking artifacts were then measured only at the detected locations. Employing the
multi-neural channel aspect of the HVS, Sutha et al. altered the outputs of these sensory
channels independently using statistical “standard score” formulas in the Fourier domain,
and used the bit patterns of the least significant bits to extract blocking artifacts [64].

In more recent work, blockiness has been measured based on the transform domain,
information theory, and so on, in order to improve efficiency and accuracy. A metric with
low complexity was proposed in both the spatial domain and the gradient image domain [65],
and that metric can provide a blocking visibility map for adaptive filtering of blocking
artifacts. Lee et al. characterize the blocking artifacts based on the observation that the
pixel values near the block boundary change abruptly across the boundary, and the same
pixel value usually spans the entire length of the boundary [66]. Abate et al. proposed
integrating information-theoretic measures with models of human perception in order to
detect blocking artifacts in video frames [67].

Hybrid measurements

The distortion introduced to images or videos in a wide range of applications is varied. A
decoded image or video, in general, contains two or more types of compression artifacts,
thus it is difficult for one algorithm to assess the perceived quality by measuring only one
type of artifact. The hybrid measurement technique aims at comprehensively quantifying
as many types of distortion as possible by combining two or more artifact measurements,
depending on the specific application.

When a compressed image is transmitted, the compression of the image data leads to
blurriness, and the transmission over a communication channel results in channel noise.
Hence, estimating the level of noise and blur is of great importance. Shen et al. studied the
properties of NSS and the curvelet transform, and found that the peak coordinates of the
transformed coefficient histogram of filtered natural images occupy well-defined clusters in
the peak coordinate space [68]. Based on this finding, they proposed an NR-IQA method to
estimate the levels of noise, blur, and JPEG 2000 compression in natural images. Zhu et al.
proposed an NR metric based upon the SVD of a local image gradient matrix. The metric
provides a quantitative measure of sharpness and contrast, as manifested in visually salient
geometric features such as edges, in the presence of noise and other disturbances [16].
Cohen et al. proposed an NR method for the identification of image distortions and the
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quantification of their impacts on image quality, considering additive white noise, Gaussian
blur and de-focus blur [69] [70].

Blocking and blurring effects are the most annoying distortion in compressed images.
Many NR-IQA algorithms have been developed based on the measurement of blurriness
and blockiness. Jeong et al. proposed new blur and blocking metrics and then presented an
NR-IQA method using these blur and blocking metrics [71]. A computational and memory-
efficient NR-IQA model was presented for JPEG and JPEG2000 coded color images based
on local regions [72]. The extracted features of local regions include blockiness around
the block boundary, average absolute difference between adjacent pixels within the block,
and zero crossing rate within the block. To estimate the color image quality in relation
to compression and transmission, blockiness, blurriness, and colorfulness were measured
in [73].

As blurring and ringing effects are the principal disturbance for human observers in
JPEG2000 compressed images, an NR-IQA scheme was proposed based on the measurement
of blocking and ringing artifacts [74]. The related features were extracted in JPEG gray
scale images, including average absolute difference between in-block image sample and zero-
crossing rate, measures of spatial frequency and spatial activity, and a properly trained back
propagation artificial neural network with MOS as target was also employed for quality
prediction. Barland et al. generated an importance map using a region-based attention
model to locally weight the measurement of ringing and burring effects [75] [76]. They
measured the blurring effect using spatial information contained in the whole image, and
the ringing effect using only the local information localized around strong edges. Tong et al.
indicated blurring and ringing effects, using principal component analysis (PCA) to extract
the local feature of a given edge point, and labeling all edge points in JPEG2000 compressed
images as either “distorted” or “un-distorted” [77].

When compressed videos are transmitted via noisy channels, the perceptual video quality
is degraded by several types of artifacts, such as noise, blocking, ringing, and blur. Farias et
al. performed two psycho-physical experiments to independently measure the strength and
overall annoyance of these artifact signals, and proposed a model for the overall annoyance
based on combinations of the perceptual strengths of the individual artifact signals [78].
Rather than measuring the strengths of the four types of artifacts, Chetouani et al. adopted
a linear discriminant analysis classifier to detect and identify the type of the degradation
contained in the image first, then an NR-IQA metric is selected according to the degradation
type [79].

When a networked video is compressed by hybrid block-based motion compensated
predictive video codecs such as the MPEG-4 standard and the H.264/AVC standard, typical
artifacts include blocking, blurring, ringing, flickering, moving artifacts, packet loss, and so
on. The basic idea of predicting the quality of networked videos is to extract a VQA
feature vector which reflects the level of the existing artifacts, then establishing a hybrid
NR-VQA function of the feature vector to obtain the predicted quality [80]. Ceresi et
al. have used the artifact measurement of blocking, ringing, and corner outliers to create
a combined impairment metric [81]. In Barland et al., [82], distortion measurement for
blocking, blurring and ringing effects in MPEG-4 coded videos were computed using the
frequency and space features of each video frame, and a pooling model was designed to
produce the final quality score. Massidda et al. evaluated the blockiness, blurriness, and
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the moving artifacts, considering luminance masking, contrast sensitivity and temporal
masking of the HVS, and obtained a global quality index using a multi-dimensional pooling
algorithm on the levels of block, temporal window, frame, and sequence [83].

In the H.264/AVC standard, different coding modes are used for the same macroblock
along the video sequence, which leads to temporal flickering artifacts. In a recent paper,
the temporal flickering and blockiness are evaluated for quality assessment of H.264/AVC
compressed videos [84]. For the same purpose, Sugimoto et al. extracted quantizer-scale
information from the bit-stream of H.264/AVC coded videos and two spatiotemporal image
features from the baseband signal, and obtained the overall video quality from the extracted
features using the weighted Minkowski metric [85]. In an earlier paper, [86], Yang et al.
took account of the temporal dependency between adjacent images of the videos and the
characteristics of the HVS. The spatial distortion of a video frame was predicted using
the differences between the corresponding translational regions of high spatial complexity
in two adjacent frames, and the overall video quality is measured by pooling the spatial
distortion of all images in the video.

2.3.2 Natural scene feature extraction

Natural undistorted images are considered to possess certain statistical properties that hold
across different image contents. The phrase “natural scenes” here refers to real environ-
ments, as opposed to laboratory stimuli, and may include human-made objects[87, 88], thus
any image or video that can be obtained from a camera or camcorder is considered to be
natural. A great effort has been made based on these properties, especially the statistical
properties of natural images [89, 87, 90].

Based on the hypothesis that the presence of distortions in natural images alters the
natural statistical properties of the images [91], many researchers have attempted to de-
velop general purpose NR-IQA algorithms without the knowledge of the specific types of
distortion [92] [93] [94]. There are mainly two approaches: analyzing the natural scene
statistics (NSS), and estimating the PSNR of the distorted signal. The research involved
in these two approaches is surveyed in the following.

Natural scene statistics

In the literature, information theoretic analysis has been performed for NR-IQA by char-
acterizing its un-naturalness using NSS, based on the hypothesis that the natural scenes
possess certain statistical properties which are altered in the presence of distortion, render-
ing them un-natural [91]. The laboratory for image and video engineering (LIVE) at the
University of Texas at Austin [95] have been exploring several NSS-based NR-IQA models
in the spatial domain and in the DCT domain.

The first NSS-based NR-IQA method was proposed by Sheikh, Bovik, and Cormack in
2005 [96]. The authors claimed that natural scenes contain nonlinear dependencies that are
disturbed by the compression process, and that this disturbance can be quantified in the
spatial domain and related to human perceptions of quality. The Natural Image Quality
Evaluator (NIQE) uses a simple and successful spatial domain NSS model to construct a
quality aware collection of statistical features [97], while the Distortion Identification-based
Image Verity and INtegrity Evaluation (DIIVINE) index is based on a two-stage framework
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involving distortion identification followed by distortion-specific quality assessment [98].
The blind/referenceless image spatial quality evaluator (BRISQUE) uses the scene statistics
of locally normalized luminance coefficients to quantify possible losses of naturalness [99].
The underlying features used derive from the empirical distribution of the locally normalized
luminances and products of locally normalized luminances under a spatial natural scene
statistic model.

Another two NSS-based models were proposed in the DCT domain. One model, which
is a computationally convenient approach, is based on three statistical features extracted
in the DCT domain and one SVM [100]. Another model, named the BLIINDS index
(BLind Image Integrity Notator using DCT Statistics), requires only minimal training, and
predicts image quality based on observing the statistics of the local DCT coefficients [101].
While supervised training is needed in those two models, an unsupervised, training free,
NR-IQA model was proposed based on the hypothesis that distorted images have certain
latent characteristics that differ from those of natural or pristine images [102]. These latent
characteristics were uncovered by applying a topic model to visual words extracted from
an assortment of pristine and distorted images. A quality measure was obtained from the
similarity between the probability of occurrence of the different topics in an unseen image
and the distribution of the latent topics averaged over a large number of pristine natural
images.

Other researchers have also attempted to develop statistical algorithms for NR-IQA of
natural scenes. Lu et al. proposed an NSS model based on the contourlet transform. The
authors found that the variation of image quality was indicated by the statistics of the con-
tourlet coefficients [103]. The image quality was then evaluated by nonlinearly combining
the extracted statistical features in each subband. It has also been observed that natural
images exhibit certain common joint statistical characteristics in the nonsubsampled con-
tourlet domain [104], and these statistical characteristics can be disturbed by a wide variety
of distortions. An improved NR-IQA, which has the properties of shift invariance, multi-
scale expansion, and multidirection expansion, was proposed based on that observation.
Chu et al. applied the divisive normalization transform (DNT) to simulate the behavior of
visual cortex neurons, and extracted the independent components of natural images [105].
Based on the analysis of the statistics of the neighboring DNT coefficients of the distorted
images, an NR-IQA metric was proposed.

PSNR estimation

The PSNR of a distorted signal is the most straightforward index for quantifying distortion
in the case of full-reference image quality assessment (FR-IQA) and FR-VQA. Due to the
lack of references, the PSNR can’t be directly applied to NR quality assessment, hence many
researchers have attempted to estimate the PSNR according to prior knowledge of natural
scenes. To estimate the PSNR of a compressed picture of a natural scene without the original
picture on the decoder side, one popular approach is to model the statistical distribution
of the transform coefficients. To accurately model the distribution, the Laplacian and
Cauchy distribution have been widely used and considered as effective models in several
applications [106] [107] [108] [109]. For the distributions of the transform coefficients of
H.264/AVC bitstreams, it has been shown that the generalized Gaussian distribution is
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more appropriate than the Laplacian and Cauchy distribution [110]. Once the distribution
model of the coefficients has been chosen, the next step of PSNR estimation is to accurately
estimate the parameters of the selected distribution model.

A Laplacian distribution was selected to model the motion statistics of video sequences
in [111]. Taking into account the spatial and temporal characteristics of video signals, two
independent components (ICs) were extracted from the optical flow field. Then it was
shown that each of the extracted ICs follows a Laplacian distribution, and the video with
low quality has a high root-mean-square error between the maximum-likelihood Laplacian
fits of the two ICs. Brandão et al. proposed a method composed of two main steps: coding
error estimation and perceptual weighting of this error [108] [109]. The error estimates are
computed in the transform domain, assuming that the DCT coefficients are corrupted by
quantization noise. The distribution of the DCT coefficient are modeled using Cauchy or
Laplace probability density functions. Then a maximum-likelihood estimation method is
combined with linear prediction to estimate the parameters. For the perceptual weighting
module, a spatiotemporal CSF of the HVS is applied to the DCT domain for the compen-
sation of image plane movement.

Other statistical models have also been selected in the literature. For example, to predict
image quality, a simple Bayesian inference model was chosen for feature extraction based
on the DCT coefficients of the image [101] [112] [113]. The estimated parameters of the
model were used to form the features indicative of perceptual quality. In a more recent
paper, the von Mises distribution of the image entropy was introduced for NR-IQA [114].
The parameters of the von Mises distribution are determined by the local Rényi entropy in
four equally spaced orientations. It was shown that the best in-focus and noise-free images
are associated with the highest parameters of the von Mises distribution.

2.3.3 Parametric analysis of bitstreams

It is known that the encoded bitstream contains plenty of information about the video
contents and it is easy to extract coding parameters from the bitstream. Approaches based
on a parametric analysis of the bitstream became popular, for they do not need to access the
pixel-level information of the decoded video. As no pixel-level decoding is needed, NR-VQA
methods, based on parametric analysis in general, have low computational complexity and
consequently it is possible to analyze several bitstreams simultaneously in real time [115].

The property of low computational complexity is more important for NR-VQA than
NR-IQA because the size of video data usually is much larger than that of image data.
Moreover, the H.264/AVC has become the standard for video compression, thus a many
methods have been proposed based on the parametric analysis of H.264/AVC compressed
video bitstream in the last few years. The basic idea is to first extract the coding parameters,
then predict the video quality from these parameters based on machine learning methods.

Park et al. extracted two coding parameters from H.264/AVC compressed video bit-
streams: a quantization parameter and a block mode [116]; Lin et al. considered three key
factors: the quantization parameter, the motion, and the bit allocation factor [117]; Sug-
imoto et al. extracted quantiser-scale, slice type, and transformed coefficients from each
macroblock [118]. After extracting parameters from the coded bitstream, the partial least
squares regression [119], a trained neural network [120], and an SVM classifier [38], have
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been adopted, depending on the specific application, to predict the objective video quality
from the extracted parameters.

2.4 Quality prediction

As the HVS is the ultimate assessor of video quality, video-based applications and services
at some stage usually require a reliable VQA method that can estimate the human-perceived
video quality. However, the distortion measurement is not necessarily the perceived degra-
dation of the HVS, since the artifacts introduced by the coding process can be more or
less pronounced and differ in how much they affect the perceived quality of the video. In
addition, depending on the video content, more than one type of distortion is present in gen-
eral, and their strengths combine in a complicated way to determine the overall perceived
degradation.

To address the mismatch between the distortion measurement and the perceived quality
of the HVS, quality prediction, as the second stage of the two-stage frame work introduced
in Section 2.2, is highly necessary. It maps the strength of all types of distortion obtained
in the stage of distortion measurement to the overall perceived video quality. In this thesis,
the algorithms of quality prediction are categorized into two groups: HVS-based perceptual
weighting and training-based prediction. The two groups of algorithms are surveyed in the
following.

2.4.1 HVS-based perceptual weighting

Research work on the measurement of distortion has employed some simple models of the
HVS, for example, the luminance and texture masking [60], temporal masking [83], and the
contrast sensitivity function [108] [109]. Current research on the design of NR-VQA models
tends to include another important feature of the HVS, namely, visual attention. Visual
attention models estimate the perceptually important areas using the key elements that
attract attention. Many metrics for image or video quality prediction have been extended
by weighting the distortion measurement with a computational model of visual attention.

Various visual attention models have been introduced in the last few years to gener-
ate a so-called saliency map [50]. Opera et al. considered the key elements that attract
one’s attention, such as color contrast, object size, orientation, and eccentricity, and pro-
posed a bottom-up visual attention model to estimate the perceptually important areas
in their NR-VQA metric [121]. Dardi et al. in their NR VQA method used an existing
measurement of the saliency of each pixel and a simple method to detect human faces to
estimate the perceptual important area, as human faces are an especially attracting con-
tent for the viewer [52]. In the estimated area, an objective measurement of the blurriness
artifact was performed to assess the presence and the strength of the blurring artifact in
video frames. Boujut et al. followed the same philosophy but generated a spatio-temporal-
semantic saliency map for the quality assessment of HD videos broadcast over IP net-
works [8]. Culibrk et al. took into account salient motion and proposed a new scheme for
the quality assessment of coded video streams [122]. They extracted additional features
to describe the intensity of the salient motion in a frame and the intensity of the coding
artifacts in the region of salient motion, subsequently developing an automatic procedure
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for feature selection to determine the subset of features that are most highly correlated with
video quality.

Based on recent developments in brain theory and neuroscience, particularly the free-
energy principle, Zhai et al. proposed a psychovisual quality metric for images [123]. They
model the perception and understanding of an image as an active inference process, in which
the brain tries to explain the scene using an internal generated model. The psychovisual
quality is thus closely related to how accurately visual sensory data can be explained by the
generative model. The upper bound of the discrepancy between the image signal and its
best internal description is given by the free energy of the cognition process. The perceptual
quality of an image is then quantified using the free energy.

2.4.2 Training-based prediction

The HVS is a sophisticated machine where millions of neurons work in unison to accomplish
complicated tasks such as depth perception, object recognition, motion computation, and
so on. Due to the extreme complexity of the HVS, although there has already been a rapid
and remarkable development in the computational modeling of the HVS, there is still a
long way to go in order to accurately model the real HVS. Motivated by machine learning
applications, researchers have developed training-based methods to learn how human ob-
servers predict the quality of images and videos, instead of explicitly modeling the HVS. In
training-based algorithms, the HVS is taken as a black box rather than explicitly modeled,
and the quality of the distorted video is automatically predicted in a manner that agrees
well with human subjective judgments of quality. Distortion features and the corresponding
subjective MOSs are used to learn the unknown relationship between an image or a video
and its perceived quality.

Three NR metrics based on different machine learning approaches have been presented
to assess the quality of JPEG-coded images [124, 125, 126]. In the three metrics, the fea-
tures for distortion measurement are extracted in the same way by considering the key
human visual sensitivity factors, such as edge amplitude, edge length, background activity,
and background luminance. In the stage of prediction, however, a multi-layer perceptron
neural network was used in [124]; the problem of quality estimation is transformed into
a classification problem and solved using extreme learning machine algorithm in [125]; a
sequential learning algorithm for growing and pruning radial basis function network is em-
ployed in [126].

The neural network has become the first choice of many researchers [127, 128, 129, 120,
130, 74]. In their research, a number of extracted features are taken as the input to the
neural network, and the output of the neural network is the predicted quality of the video
or image. In a two-stage general framework designed for NR-IQA, visual components are
detected based on face detection in the first step, then quality prediction in the second
stage is performed using radial basis function networks [131]. Kukolj et al. presented an
NR-VQA model based on non-linear statistical modeling [132]. In the model, an ensemble
of neural networks is adopted, and each neural network is allocated to a specific group of
video content and features based on artifacts.

Regression has been widely exploited to determine the unknown transformation from the
extracted features to the subjective quality. A trained Epsilon support vector regression



24 2. LITERATURE REVIEW

model was used in an NR-VQA algorithm proposed by Dimi et al., in order to predict
the quality from the joint and marginal distributions of the local wavelet coefficients of
the corresponding video [133]. A partial least squares regression was used to calculate
the weights of the extracted features from H.264/AVC encoded bitstreams [119]. Li et al.
developed an NR-IQA algorithm that deploys a general regression neural network. The
extracted features include the mean value of phase congruency image, the entropy of phase
congruency image, the entropy of the distorted image, and the gradient of the distorted
image [134].

In some applications, the process of quality assessment is transformed into a classification
process. Yu et al. employed an SVM classifier to distinguish the image sequences of poor
quality from the good ones [10]. In Tong et al., [135], some training images are prepared
for both high-quality and low-quality classes; then a binary classifier is built on the training
set: the quality of an un-labeled image is predicted as being of low or of high quality by the
trained binary classifier. To avoid the error pooling step of many factors (in frequential and
spatial domain) commonly applied to obtain a final quality score, Charrier et al. designed
a classification process based on the SVM to obtain the final quality class in terms of the
standard quality scale provided by the International Telecommunication Union [136].

However, the performance of an algorithm is usually over-optimistic with the so-called
resubstitution method, where the performance of the algorithm is evaluated in the data
set used for training [137]. Therefore, statistical evaluation is necessary for training-based
NR-VQA algorithms. Minimum guidelines of such evaluations can be divided into how to
select training and test data and how to statistically evaluate such experiments.

First, it is necessary to use different sets of data for training and testing. The most
common used methods of dividing the available data into one training set and one testing
set are holdout method [137], K-fold cross-validation, leave-one-out [138], bootstrap or
jackknife [139]. Second, multiple runs are necessary to statistically evaluate the performance
of training-based NR-VQA algorithms. The mean over all those runs and the corresponding
variance should be reported. The corresponding confidence interval can be computed from
the variance, assuming the distribution of predicted quality of a video is normal. If the
number of runs is small, the t-values have to be used for computation of the confidence
intervals.

These requirements are necessary but not sufficient. If an experiment does meet them,
there are still other things to go wrong, for example, the number of data for training is too
small, the dimensionality of the input feature vectors is too high, and so on [137].



Chapter 3

NR-VQA for camcorder systems

3.1 Introduction

Digital camcorders are camcorders producing digital video files as their output. A digital
camcorder is normally composed of three main components: the lens system, the image
sensor, and the recorder. All three components of a camcorder can cause quality losses in
recorded digital videos. Their influences on the final visual quality of the recorded video
are often mixed in a complicated way, thus making it a challenging task to assess the
performance of camcorders based on the final visual quality of the recorded videos.

Among all the visual quality performance factors, blurring and noise have been widely
studied. These two factors are closely related. Improving one factor often leads to compro-
mising the other. Another related visual quality factor is how well the texture regions in
a video are preserved. As important local structures in digital videos, they can be heavily
blurred if denoising filtering is applied to them, which will normally cause a clearly visible
deterioration of visual quality. Motion can also cause loss of texture due to the averaging
effect of neighboring pixels in both the spatial and temporal domains. Therefore, it is im-
portant to assess to what extent textures are distorted by a camcorder when we evaluate
its overall performance in terms of producing high-quality videos.

Like the performance evaluation of digital still cameras [140, 141, 142, 143, 144, 145,
146], the object and lighting condition can be well controlled and the scenes in captured
videos can be manipulated when evaluating the performance of camcorders. Many tech-
niques used for measuring digital still cameras can be applied to digital camcorders in
exactly the same way by taking each video frame as a still picture. Thus, the quantitative
performance evaluation of digital camcorders has been less studied in the literature. How-
ever, since an object’s motion and video compression play a key role in the visual quality of
recorded videos, a good measurement of the performance of a camcorder should relate the
quality measurement to the level of motion and video compression. Generally speaking, a
camcorder that can still maintain a high quality for digital videos with fast moveing objects
and a low bitrate is considered a good camcorder. The need for including object motion and
lossy compression in the loop calls for performance evaluation methods tailored to digital
camcorders.

In some previous research, several methods of evaluating the texture preservation capa-
bility of still cameras were developed based on a special test target, called the dead leaves
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chart [140, 141, 143]. The model of the dead leaves chart was originally proposed by Math-
eron in 1968 for mathematical morphology [147, 142]. The dead leaves chart was chosen
because it simulates a scene with textures of different scales and its statistics are invariant
to many image processing operations. The main idea behind those methods is to measure
the level of texture preservation by analyzing the spatial frequency response (SFR) of the
images produced by digital still cameras. The SFR was computed by first computing the
two-dimensional Fourier transform of an image of the dead leaves chart produced by the
camera under study, and then comparing its radial PSD with that of the chart itself, as-
suming the distortion of the digital still camera system to be radially symmetric. The dead
leaves chart was generated by a computer and then printed out with a calibrated printer,
so its PSD can be considered as known.

Combining the PSD analysis of the dead leaves chart and the two-stage NR-VQA frame-
work in Chapter 2, NR-VQA is applied to evaluate the performance of camcorder systems
in terms of texture distortion. In this chapter, three NR-VQA metrics, which are TPR,
PhTD and PeTD, will be presented. The three metrics all follow the two-stage NR-VQA
framework. More specifically, the texture distortion is measured in the stage of distortion
measurement, and the HVS-based perceptual weighting strategy is adopted in the stage of
quality prediction.

The TPR metric extends SFR-based methods used in the performance evaluation of
still cameras by taking into consideration both motion and compression, and it quantifies
to what extent texture structures are preserved in a video with respect to motion speed
and compression bitrate. The SFR of a video sequence is first computed by averaging the
SFR of all the frames, then weighted by a 1-D CSF of the HVS to obtain a scalar. It is
expected that a distorted video with a low compression bitrate or a fast moving object has
a low TPR.

For digital camcorder systems, often the texture distortion is not radially symmetric,
so the TPR metric, which is based on radial PSD analysis, is not sufficient to fully capture
the distortion. The PhTD improves the TPR metric so as to cover asymmetric texture
distortion, for example, the distortion introduced by motion. Rather than analyzing the
radial PSD of the dead leaves chart, the PhTD metric extracts Gabor energy features for
8 orientations and 3 scales from the 2-D PSD. The Euclidean distance between the Gabor
energy features of the distorted video and of the dead leaves chart is a scalar, and is taken to
be the PhTD measurement. Considering the HVS, the PeTD metric introduces the SV-CSF
of the HVS to the PhTD metric, aiming to measure the perceived texture distortion with
respect to motion speed and compression bitrate. A high PhTD and PeTD for a video is
expected to be associated with a low compression bitrate or a fast moving object.

The rest of this chapter is organized as follows. Section 3.2 reviews the related work.
The three metrics for measuring texture distortion are presented in Section 3.3. The experi-
mental setup, the process of video recording, and the video analysis are given in Section 3.4,
Section 3.5 and Section 3.6, respectively. Section 3.7 presents the experimental results and
their interpretation. A short discussion in Section 3.8 concludes this chapter.
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3.2 Related work

3.2.1 Dead leaves chart

The dead leaves chart is generated by a stochastic image model simulating overlapped and
occluded objects as commonly found in natural scenery. Following the model, an image is
generated by placing shapes of the same kind (called leaves, but not necessarily looking like
real leaves) with random radii and random gray scales at random positions onto a canvas
until the entire canvas is fully covered.

For the dead leaves chart that will be used in the experiment, we follow the specifications
of Cao et al. [143]:

• Leaves are disks.

• The disk radius r is a random variable whose probability distribution is proportional
to 1/r3 in the interval from the minimum radius to the maximum one.

• The disk centers are uniformly distributed on the canvas.

• Each disk is filled by gray scale as a uniformly distributed random variable on the
interval [0.25× 255, 0.75× 255].

An image generated by the above dead leaves model has the following important prop-
erties:

• statistical rotation invariance,

• statistical scale invariance,

• statistical shift invariance,

• having all levels of contrast up to the maximal difference on the selected gray scale
interval [0.25× 255, 0.75× 255],

• the power spectral density following a power law,

• having many sharp edges (caused by occlusions).

In the above list of properties, the phrase “statistical invariance” means that the sta-
tistical properties of the image (in terms of the PSD) do not change under those geometric
operations (which happens very often in the process of video capturing and recording).

The dead leaves chart has been widely used to evaluate the image quality of a digital
camera [140, 141, 143] due to its invariance to scale, rotation, shift, and contrast (exposure).
It is very close to images of nature in some elementary statistics, such as gradient distri-
bution, wavelet coefficients, co-occurrence values, and power spectrum. In particular, its
power spectral density follows a power law. It is generated by computer and then printed
out on a calibrated printer, so its PSD can be considered as known.
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3.2.2 Linearization

When evaluating the performance of an imaging system or image capture subsystem, it is
necessary to transform the observed output image data into an equivalent input exposure.
The transformation is usually done by measuring the input–output characteristic, called the
opto-electronic conversion function (OECF) [148]. The OECF is nonlinear in general, so the
contrast will be amplified or reduced in a nonlinear way, which causes a loss of gray tones.
It is expected that the input of an imaging system will be distorted due to the nonlinear
OECF, even if the other parts of the system are perfect and lead to no extra distortion.
Therefore, the inverted OECF is usually applied to the output of an imaging system to
obtain linear data. This step is called linearization.

The flexibility of digital systems complicates the determination and presentation of the
functional relation between a camera’s optical input and its digital output signal level. Thus,
the OECF curve is usually unknown when evaluating a digital image or video acquisition
system, and it can be changed in an unknown way due to the adaptive nature of image
processing. To ensure that the relation between the optical input and the digital output of
a digital image or video acquisition system is obtained accurately, a test chart with patches
of different gray levels is necessary for OECF measurement. The patches of an OECF chart
can be aligned in a straight line, a circle around the center, or in any other fashion, as long
as the luminance values (relative to paper white) are known for each patch. In our case, we
chose an OECF chart with 21 patches aligned in one line, and the gray levels are graduated
linearly, since we are most interested in linearizing the midtones in the captured images.

3.2.3 Gabor filters

A two dimensional Gabor function can be written as [149]:

gλ,Θ,γ(x, y) = exp

(
−x
′2 + γ2y′2

2σ2

)
· exp

(
j2π

x′

λ

)
(3.1a)

x′ = x cos (Θ) + y sin(Θ) (3.1b)

y′ = −x sin (Θ) + y cos(Θ) (3.1c)

A bank of Gabor filters consisting of several filters of M scales and N orientations is
generated from a 2-D filter by appropriate dilations and rotations [150], i.e.,

λ = 2Sm (3.2a)

Θ =
nπ

N
(3.2b)

where Sm is nonnegative for m = 0, ...,M−1 and n = 0, ..., N−1. Typically, an input image
I(x, y), (x, y) ∈ Ω (Ω is the set of image points), is convolved with a 2-D Gabor function
gλ,Θ,γ(x, y), (x, y) ∈ Ω to obtain a Gabor feature image rλ,Θ(x, y) as follows[149]:

rλ,Θ(x, y) =

∫∫
Ω

I(ξ, η)gλ,Θ,γ(x− ξ, y − η)dξdη (3.3)
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The output of the Gabor kernel filter rλ,Θ(x, y) at each image point can be combined in a
single quantity that is called the Gabor energy.

3.2.4 Contrast sensitivity function

The HVS’s contrast sensitivity function (CSF) is used to consider different contributions of
different frequency components to the overall visual quality perceived by human eyes. The
CSF describes the sensitivity of the HVS in recognizing patterns as a function of their spatial
frequency. It has been extensively measured by many psychological experiments since the
1960s [151, 152]. Experiments have revealed that the CSF depends on both spatial and
temporal frequencies, and the chrominance CSF differs from the luminance one. The CSF
also changes according to the background illumination level, but it remains fairly stable
under photonic lightening conditions. Here, two luminance CSFs are introduced because
the test chart in the experiment is colorless.

The 1-D CSF

In many applications, the variation caused by temporal frequencies is ignored to simplify the
HVS model, meaning that the temporal velocity is assumed to be zero. Then the luminance
CSF is degraded to a 1-D function. The experimentally measured 1-D CSF curves are not
easy to use in computer algorithms due to the need for both interpolation and extrapolation,
so we chose an analytic model for the TPR metric. It was proposed in [153] and has the
form

A(f) = 75 · f0.8 · e−0.2f , (3.4)

where f is the spatial frequency of the visual stimuli given in cycles/degree on the human
retina. The function has a maximal value of 102 at about f = 4.0 cycles/degree, and is
almost zero for frequencies above 60 cycles/degree, indicating the spatial frequency limit of
the HVS.

The spatio-velocity CSF

The CSF which is measured with moving stimuli is called spatio-velocity contrast sensitivity
function (SV-CSF). Kelly in 1979 proposed an SV-CSF model as a function of spatial and
temporal frequency [154]. Daly in 1998 modified this model by taking into account the
natural drift, smooth pursuit, and saccadic eye movements [155]. Daly’s SV-CSF model,
which is also called the unconstrained eye movement SV-CSF, is given in Eqs. (3.5) to (3.6):

CSF(ρ, vR) = k · c0 · c2 · vR · (c12πρ)2 · exp

(
−c14πρ

ρmax

)
(3.5a)

k = s1 + s2 ·
∣∣∣log

(c2vR
3

)∣∣∣3 (3.5b)

ρmax =
p1

c2vR + 2
(3.5c)
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where ρ is the spatial frequency of the visual stimulus in cycles/degree. The variable vR
is the retinal velocity in deg/sec. s1 = 6.1, s2 = 7.3, p1 = 45.9 are the original constants
provided by Kelly. The scale factor k and ρmax are responsible for the vertical shift and
horizontal shift of the peak sensitivity, respectively. The constants c0, c1, c2 are modifications
to the model that allow fine tuning.

For practical applications, it is important to take into account the observer’s eye move-
ments during the presentation of moving objects in a video sequence. The model of the eye
velocity vE as a function of the target velocity vI is given in Eq. (3.6)(a). The image plane
velocities are converted to the retinal velocity in Eq. (3.6)(b), so that the retinal spatio-
velocity model can be used to determine the sensitivity to image plane spatio-velocities.

vE = min ((gSP · vI) + vMIN , vMAX) (3.6a)

vR = vI − vE (3.6b)

where gSP is the gain of the smooth pursuit eye movements, vMIN is the minimum eye
velocity, and vMAX is the maximum eye velocity. The values of gSP , vMIN and vMAX are set
to 0.82, 0.15, and 80.0, respectively.

3.3 Texture distortion measurement

The SFR-based methods for the performance evaluation of still cameras are based on the
analysis of the radial PSD, assuming that the distortion is radially symmetric. The TPR
metric extends SFR-based methods to evaluate the performance of camcorders by taking
into consideration motion and compression. It intends to quantify to what extent texture
structures are preserved in a video with respect to motion speed and compression bitrate.
However, the texture distortion may not be radially symmetric due to motion and lossy
compression in digital camcorders. Therefore, the PhTD and PeTD have been proposed,
with the aim of improving the SFR-based methods by applying a bank of Gabor filters of
M scales and N orientations. The proposed three metrics are detailed in the rest of this
section.

3.3.1 Texture preservation ratio

The texture preservation ratio (TPR) quantifies the preserved texture in a video with respect
to motion speed and compression bitrate. It is calculated by

1) shooting the printed test chart,

2) calculating the PSD of each frame relative to the PSD of the original printed test
chart,

3) weighting the relative PSD with the 1-D CSF of the HVS to get a scalar value, and
finally

4) pooling the results of all frames into a single value.
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Here, the 1-D radial PSD of a video frame is calculated by summing the normal PSD with
the same radius. The range of the radial frequencies is from 0 to 0.5 cycles per pixel.

Given a video recording of the dead leaves test chart, we define the spatial frequency
response (SFR) of the video as

SFR(f) =
s(f)

s0(f)
, (3.7)

where s(f) is the average PSD of the recorded dead leaves chart in selected frames of the
video1 and s0(f) is the reference PSD of the computer-generated dead leaves image that
was printed to create the physical chart.2 In this chapter we mainly consider the distortion
of texture details due to object or camera motion and lossy compression. Therefore, we add
two more variables to s(f) to get s(f |b, v), where b denotes the compression bitrate and v
denotes the average motion of the dead leaves chart in the video. In this case, the relevant
spatial frequency response becomes

SFR(f |b, v) =
s(f |b, v)

s0(f)
, (3.8)

where s(f |b, v) is the PSD of the test video compressed with bitrate b and the average
motion speed of the chart in the video is v pixels/second.

Finally, we introduce the texture preservation ratio (TPR) as the normalized mean
spectral frequency response, weighted by the 1-D CSF model A(f) in Eq. 3.4. The TPR
metric is defined by

TPR(b, v) =

∫
SFR(f |b, v)A(f) df∫

A(f) df
. (3.9)

When the spatial frequency is discrete, the integrals are replaced by weighted sums
of the integrands evaluated at the discrete sample frequencies {fi}, thus giving a discrete
version of the TPR:

TPR(b, v) ∼=
∑

i SFR(fi|b, v)A(fi)∑
iA(fi)

. (3.10)

The range of the TPR values is [0, 1] since SFR(fi|b, v) is always between 0 and 1. The
single scalar TPR reflects the quantity of preserved textures of the dead leaves chart region
recorded in the video under study. A larger TPR value corresponds to a better ability to
preserve textures. The TPR value is expected to decrease as the motion speed increases
and/or the compression bitrate decrease.

1Each video frame normally covers a larger scene, not only the dead leaves chart. So to calculate the
PSD, we first extract the recorded dead leaves chart from a number of selected video frames, then calculate
the PSD for each extracted region, and finally do the pooling (averaging). To simplify our discussion, in
the following part of this chapter when we talk about a video, we actually mean the averaged dead leaves
chart recorded in all frames. Note that the averaging is not done for all frames because in some frames the
geometric distortion of the recorded dead leaves chart is relatively high.

2In principle, we should use the PSD of the incident light reflected by the printed dead leaves chart
illuminated by the environmental lighting. But this is difficult to measure, so we decided to use the PSD of
the computer generated dead leaves image (as if we used a perfectly linear printer, perfectly linear paper,
an environmental illuminance with a uniform PSD, and the dead leaves chart was perfectly illuminated in a
uniform manner).
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3.3.2 Physical texture distortion

Let I(x, y; v, b) be a video frame of the target object moving at speed v, compressed with
bitrate b. x and y are the horizontal and vertical spatial coordinates. The Gabor energy
image in the frequency domain is defined as

Rλ,Θ(ξ, η; v, b) = O(ξ, η; v, b) ·Gλ,Θ,γ(ξ, η) (3.11)

where O(ξ, η; v, b),Gλ,Θ,γ(ξ, η) are the PSD of I(x, y; v, b), gλ,Θ,γ(x, y) respectively. To merge
the Gabor energy image Rλ,Θ(ξ, η; v, b) into a single value, the Gabor energy feature is
defined as

Ev,b(m,n) = log10

∑
ξ

∑
η

Rλ,Θ(ξ, η; v, b)

 (3.12)

where m = 0, ...,M − 1, n = 0, ..., N − 1 are indices for the M scales and N orientations in
Eq. (3.2). These numbers are collected in a matrix of Gabor features,

Ev,b =


Ev,b(0, 0) Ev,b(0, 1) · · · Ev,b(0, N − 1)
Ev,b(1, 0) Ev,b(1, 1) · · · Ev,b(1, N − 1)

...
...

. . .
...

Ev,b(M − 1, 0) Ev,b(M − 1, 1) · · · Ev,b(M − 1, N − 1)


M×N

(3.13)

The physical texture distortion (PhTD) is finally defined as the squared Euclidean dis-
tance between the Gabor energy features of the undistorted image3 and the distorted camera
image,

PhTDv,b =
∑
m

∑
n

(E0,0(m,n)− Ev,b(m,n))2 (3.14)

where E0,0(m,n) is the Gabor energy feature of the undistorted image at orientation n and
scale Sm. It is a single and non-negative value.

3.3.3 Perceptual texture distortion

To take the HVS into consideration, the unconstrained eye movement SV-CSF model in
Eqs. 3.5–3.6 is introduced to filter the two-dimensional PSD of the object:

O′(ξ, η; v, b) = O(ξ, η; v, b) · CSFfilter(ξ, η; v) (3.15)

where O′(ξ, η; v, b) is referred to as the “perceptual PSD” of the object image moving at
speed v in a video with compression bitrate b. The CSFfilter(ξ, η; v) is a 2-D filter generated

from CSF(ρ, v) in Eq. (3.5) with ρ =
√
ξ2 + η2, i.e.:

CSFfilter(ξ, η; v) = CSF(
√
ξ2 + η2, v). (3.16)

3Note that the undistorted image in our experiment is the ideal dead leaves chart generated by computer
without motion.
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The PSD O(ξ, η; v, b) in Eq. (3.11) is replaced by O′(ξ, η; v, b) to get the perceptual texture
distortion, thus Eqs. (3.11)–(3.14) are modified:

R′λ,Θ(ξ, η; v, b) = O′(ξ, η; v, b) ·Gλ,Θ,γ(ξ, η) (3.17)

E′v,b(m,n) = log10

∑
ξ

∑
η

R′λ,Θ(ξ, η; v, b)

 (3.18)

E′v,b =


E′v,b(0, 0) E′v,b(0, 1) · · · E′v,b(0, N − 1)

E′v,b(1, 0) E′v,b(1, 1) · · · E′v,b(1, N − 1)
...

...
. . .

...
E′v,b(M − 1, 0) E′v,b(M − 1, 1) · · · E′v,b(M − 1, N − 1)


M×N

(3.19)

PeTDv,b =
∑
m

∑
n

(
E′0,0(m,n)− E′v,b(m,n)

)2
, (3.20)

where E′0,0(m,n) is the perceptual Gabor energy feature of the undistorted image at ori-
entation n and scale Sm. PeTDv,b is a single and non-negative value, and represents the
perceptual texture distortion of the object at speed v in a video with compression bitrate
b. This value increases with the perceptual distortion.

3.4 Experimental setup

3.4.1 Dead leaves chart generation

The disks for the dead leaves chart were generated following [143], initially for a large square
image of linear size N = 215 = 32768. This large image was lowpass filtered using a box
filter of size s×s and subsampled to yield an anti-aliased dead leaves image of size L = N/s.
The lower bound for the radii of the disks in the dead leaves image was set such that the
resulting disks, printed on paper and recorded by a digital camcorder, are smaller than one
pixel of the camcorder image sensor array. Here, rmin = N/4096. The maximal radius is
set such that the corresponding maximal disks are about the size of the entire image. We
followed the choice of McElvain et al. [140] to choose rmax = 497rmin. An image of the dead
leaves chart and the corresponding PSD are presented in Fig. 3-1. All the PSDs of charts
with various image sizes roughly follow the power law.

The resulting L×L image was printed out on a calibrated high-resolution printer (Epson
Stylus Photo R3000 Inkjet) to make a test chart with a physical size of 21 cm× 21 cm. The
printing resolution was 300 DPI (dots per inch). The printer was calibrated to behave
linearly in the range of the gray scale selected to produce the dead leaves image. A gray
scale consisting of 21 patches with linear exposure levels (labeled 0–20) was also printed out
for the purpose of printer calibration and OECF measurement. The gray scale of length 21
cm was put next to the dead leaves chart. Thus, the whole chart contains two sub-charts:
the dead leaves chart and the gray scale chart.
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(a) An L× L image

0.05 0.1 0.2 0.3 0.4 0.5

10
7

10
8

10
9

10
10

10
11

Spatial Frequency (cycles/pixel)

Po
w

er
 S

pe
ct

ra
l D

en
si

ty

 

 

L=2048

L=1024

L=512

L=256

(b) The PSD with size L× L

Figure 3-1: The generated dead leaves chart

3.4.2 Tested camcorders

Six camcorder models from three vendors were tested with interlacing mode in our experi-
ments, and the video compression format of all tested camcorders was MPEG-4 AVC/H.264.

• Four Panasonic camcorder models: HDC SD800, HDC SDX1, and HDC TM80 with
four recording (quality) modes (all with full HD resolution 1920 × 1080) HA 1920
(17 Mbps VBR), HG 1920 (13 Mbps VBR), HX 1920 (9 Mbps VBR), and HE 1920
(5 Mbps VBR); HC-V100EG with three recording (quality) modes (all with full HD
resolution 1920×1080) HA 1920 (17 Mbps VBR), HG 1920 (13 Mbps VBR), and HX
1920 (9 Mbps VBR).

• One Sony camcorder model: HDR-CX250E with four recording (quality) modes FX
(1920 × 1080, 24 Mbps VBR), FH (1920 × 1080, 17 Mbps VBR), HQ (1440 × 1080,
9Mbps VBR), and LP (1440× 1080, 5Mbps VBR).

• One Canon camcorder model: HFM46, with five recording (quality) modes MXP
(1920× 1080, 24 Mbps VBR), FXP (1920× 1080, 17 Mbps VBR), XP (1440× 1080,
12 Mbps VBR), SP (1440×1080, 7 Mbps VBR), and LP (1440×1080, 5 Mbps VBR).

3.5 Video recording

To study how the TPR, PhTD and PeTD change with respect to both motion speed and
compression bitrate, we designed our experiments to record a number of videos by fixing all
other settings of the camcorders under study, only changing the object’s motion speed and
the compression bitrate. We chose to move the camcorders to create uniform global motion.
This was achieved by fixing the camcorder on a tripod and rotating the camcorder by an
electronic motor with a speed control. The compression bitrate was changed by switching
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between the different quality modes supported by the camcorders. To make object detection
and tracking in our data analysis phase easy and fast, the dead leaves chart was fixed on a
white wall in a stable lighting condition.

In our experiments, the camcorders and the motor were both mounted on a tripod at a
shooting distance of about 1.5 meters from the printed test chart, and the camcorders were
focused on the dead leaves chart. The illumination on the chart was 168K LUX. The videos
were made so that the test chart occupied no more than 30% of the whole video field to
reduce the possible negative influence of any geometric non-uniformity of the camcorders.
The motor does not have an accurate speed control, but only a continuous voltage adjuster.
Therefore, the actual speed was estimated in the video analysis stage from the distance the
pattern moved from frame to frame. To have sufficient videos to get the relation between
the TPR, the PhTD, and the PeTD with respect to motion speed, we recorded 30 to 40
videos for each compression bitrate (recording/quality mode) with each camcorder model.
All recording/quality modes supported by the six camcorders were tested.

To minimize the influence of the automatic components on the results, we switched off
all such functions, including auto focus, auto white balancing, auto iris control, auto image
stabilizer, wind cut (for reducing the noise caused by wind), auto brightness adjustment,
and backlight compensation. The shutter time was also fixed to have a uniform exposure
time so that the comparison between the different settings would be in order.

For each tested camcorder in a stable lighting condition, the video recording process
proceeded as follows:

• Step 1: Set the lighting condition to be stable.

• Step 2: Capture a video of the printed dead leaves chart under each recording mode
when the camcorder is still.

• Step 3: Switch on the motor to let the camcorder rotate with a particular speed on
the tripod.

• Step 4: Capture a video under each recording mode by starting the recording when
the dead leaves chart appears in the field of view of the lens until it starts moving out
of the scene. A remote control was used to avoid shaking when the recording process
was started. For camcorders without remote control, the video started a few seconds
earlier to make sure the motion was stable when the chart appeared in the field of
view.

• Step 5: Adjust the voltage of the motor to change the rotation speed of the camcorder
and repeat step 3 until the videos were made for all desired rotation speeds.

• Step 6: Change the recording mode of the camcorder and repeat Steps 4 and 5 until
all recording modes are tested.

3.6 Video analysis

The analysis of these videos includes preprocessing to obtain the linearized ROI, and the
computation of the TPR, PhTD, and PeTD.
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Figure 3-2: Flowchart of the preprocessing for the linearized ROI
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Figure 3-3: The OECF of Panasonic SD800 with recording mode HA1920

3.6.1 Video preprocessing

Since all the videos were recorded in interlacing mode, the two fields in each frame were
not recorded at the same time. Therefore, if we take the whole frame as a single shot to
calculate the TPR, the PhTD or the PeTD, the mismatch between the two fields can cause
an inaccuracy. As a result, we decided to handle the two fields separately as if they were
independently recorded. As the texture in each field of the video sequence is our focus, the
RGB images of all fields were transformed to gray tone images before any further analysis.
Figure 3-2 describes the video preprocessing to obtain the linearized ROI. The steps of
obtaining the OECF, the ROI and the linearized ROI are as follows.

OECF measurement

To get the linearized ROI, the OECF curve of each recording mode in each lighting condition
was measured from the still video that was collected in Step 2 (Section 3.5). The average
gray values of all patches were computed. For the accuracy, the region of the gray scale
chart was selected manually. The measured OECF curve is the plot of these average gray
values with respect to the corresponding exposure levels. Figure 3-3 is the measured OECF
for one tested camcorder Panasonic SD800 with recording mode HA1920.
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(a) Original ROI (b) Linearized ROI

Figure 3-4: An example of linearization.

Object extraction

An efficient method of object extraction in our case is simple thresholding. The gray level
distribution is clearly bimodal, allowing the segmentation of the object (i.e., the dead leaves
chart) from the background (i.e., the white wall). The Matlab function kmeans was used to
determine the threshold from the histogram of the current field.

After extracting and localizing the object in the field, the center region of the object with
size of 300× 600 was taken as the ROI. Those ROIs near the center of their corresponding
fields were selected as valid ROIs for further analysis. Figure 3-4 (a) shows an example
of the original ROI. The original ROI was extracted from one field of the video without
motion taken by the Panasonic SD800 with recording mode HA1920. Note that the vertical
resolution was halved.

Linearization

The original ROI was linearized by mapping each pixel value to the exposure level in the
range [0, 20] according to the measured OECF curve. Next, the exposure level was mapped
linearly from [0, 20] to [0, 255] to obtain the linearized ROI. Figure 3-4 compares the ROI
before and after the linearization. The image in this example was captured by a Panasonic
SD800 in recording mode HA1920 while the object was not moving. The linearized ROI,
obviously, has higher contrast than the original ROI. This could be easily explained by the
mapping of pixel values from [25, 165] in the original ROI to [0, 255] in the linearized ROI.

3.6.2 Computation of TPR

As we handled the two fields separately, as if they were independently recorded, for accuracy,
the vertical resolution of each field thereby is halved, so the ratio between the horizontal and
vertical frequencies becomes two. The ratio is also considered when the radial frequency is
calculated. The PSDs of all fields are calculated to get the TPR of one video according to
Eqs. 3.4–3.10. Note that the 1-D radial PSD of the dead leaves chart as prior knowledge is
computed only once. The computation of TPR of one field is shown in Figure 3-5. Once
the TPRs of all valid fields are computed, the mean of these TPRs is taken as the TPR of
the video sequence.
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Figure 3-5: Flowchart of computing TPR of one filed

The process of computing the TPR of one field can be described by the following steps:

• Step 1: Localize and linearize the ROI (i.e., the dead leaves chart) in the field.

• Step 2: Compute the 1-D radial PSD of the ROI , i.e., s(fi|b, v) for frequencies {fi}
between 0 and 0.5 cycles/pixel.

• Step 3: Compute the relative SFR using Eq. 3.8, i.e., s(fi|b, v)/s0(f).

• Step 4: Multiply the relative SFR by the 1-D CSF, then sum and normalize the
resulting values over all frequencies {fi}, yielding the TPR value (see Eq. 3.10).

Figure 3.4 gives an example of a weighted SFR. In this example the camera used was the
Panasonic HDC TM80 in recording mode HA1920, and the resulting texture preservation
ratio is 0.2083 at a speed of 1471 pixels/second. Note that the frequencies in the 1-D CSF
of the HVS are given in cycles/degree but the frequencies of the PSD of digital videos are
given in cycles/pixel. To weight the PSD by the CSF, we need to align the units. To
this end, we assume the recorded video is viewed on a 20.4-inch computer monitor with a
resolution of 1920× 1200. The viewing distance is assumed to be 50 cm. Based on such a
setting, 1 cycle/degree on a human observer’s retina is equivalent to 0.0618 cycles/pixel on
the monitor. The peak of the 1-D CSF in Eq. 3.4 is around the frequency 0.25 cycles/pixel.

3.6.3 Computation of PhTD and PeTD

Instead of computing the 1-D radial PSD, the PhTD and PeTD are obtained based on the
analysis of the 2-D PSDs of the linearized ROI and the dead leaves chart. The steps of
computing the PhTD and PeTD of one field are illustrated in Figure 3-7. The Euclidean
distance between the Gabor features is the measured PhTD if the 2-D PSDs of the linearized
ROI and the dead leaves chart are not weighted by the SV-CSF. Otherwise, we get PeTD
measurement of the field. Also, the means of PhTD and PeTD of all frames are the PhTD
and PeTD of the video sequence, respectively. The computation of the PhTD and PeTD of
one field is performed as follows:

• Step 1: Localize and linearize the ROI (i.e., the dead leaves chart) in the field.



3.6. VIDEO ANALYSIS 39

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5
0

0.5

1

1.5

Spatial Frequency (cycles/pixel)

SF
R

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5
0

50

100

150

Spatial Frequency (cycles/pixel)

C
SF

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5
0

10

20

30

Spatial Frequency (cycles/pixel)

W
ei

gh
te

d 
SF

R
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(bottom). In this example, the camera used was the Panasonic HDC TM80 in recording
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Figure 3-8: A plot of Daly’s SV-CSF model
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• Step 2: Compute the speed vI of the object according to the location in Step 1, and
compute the 2-D PSD of the linearized ROI.

• Step 3: Perform the SV-CSF weighting on the the 2-D PSD of the linearized ROI.

First, set c0 = 1.14, c1 = 0.67, c2 = 1.92 in Eq. (3.5), which yields a peak sensitivity
of the SV-CSF of about 250 at ρ = 3.05 cycles/degree, vR = 5.18 deg/sec. This is
plotted as a 2-D surface in Figure 3-8. The SV-CSF function is first normalized to the
range of [0, 1] by dividing by the peak sensitivity. The normalized SV-CSF function
at a certain velocity of the image plane, vI , is a 1-D function, as shown in Figure 3-9.

The velocity of the image plane, vI , in units of pixels/sec was obtained from the
location of the ROI in each field in Step 2. It is then transformed from pixels/sec to
deg/sec. In our experiments, the number of vertical lines in the image is 1920, and the
viewing distance is 3 picture heights. Thus, one degree corresponds to 100.5 pixels.

Last, for each given velocity vI , a 2-D CSF filter with circular symmetry as shown
in Figure 3-10 is generated from the corresponding 1-D CSF following Eq. (3.16) to
weight the PSD of the linearized ROI in the frequency domain. The result of this step
is called the perceptual PSD of the linearized ROI.

• Step 4: Extract the Gabor energy features.

The Gabor filter bank of 8 orientations and 3 scales (Sm = 1.50, 2.75, 4.00) is generated
from Eq. (3.1) and Eq. (3.2). The PSDs of all these 8× 3 filters are shown in one plot
in Figure 3-11. The PSD in Step 2 and perceptual PSD of linearized ROI in Step 3
are both filtered by all the Gabor filters in the frequency domain to obtain the Gabor
energy features and the perceptual Gabor energy features, as described in Eq. (3.12)
and Eq. (3.13), Eq. (3.18) and Eq. (3.19), respectively.

• Step 5: Compute the Euclidean distance between the Gabor features.
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Figure 3-10: A 2-D CSF filter with circular
symmetry in frequency domain

Figure 3-11: Gabor filters of 8 orientations
and 3 scales in frequency domain.

The PhTD and PeTD are the squared Euclidean distances between the Gabor features
of the ROI and those of the undistorted dead leaves chart, computed by employing
Eq. (3.14) and Eq. (3.20). Note that E0,0 and E′0,0 are computed by following Step 3
and 4 but taking the distortion-free dead leaves chart as the linearized ROI and setting
the velocity of the image plane to 0. As prior knowledge illustrated in Figure 3-7, the
E0,0 and E′0,0 are only computed once.

3.7 Experimental results

3.7.1 Results of TPR measurement

Figure 3-12 shows the 1-D radial PSDs of four videos recorded with the Panasonic SD800
camcorder without motion. The PSDs in the four recording modes are plotted for the full
range of frequencies. They significantly differ from each other for frequencies above 0.25
cycles/pixel, as shown in the right sub-figure. Similar patterns of the 1-D radial PSDs
are observed for all the other five tested camcorders. Thus, the radial PSD drops when
the bitrate decreases for all the tested camcorders. This confirms the expected monotonic
relation between the TPR measurement and the lossy compression bitrate.

Also, the TPR measurements of the six camcorders with respect to the compression
bitrate and motion speed are shown in Figure 3-13. For all tested camcorders and all
recording modes, the TPR measurements are plotted with variable object motion speed
from about 400 to 2500 pixels/second. We could not make any video with a motion speed
below 400 pixels/second because the motor used in the experiment has a dead zone of the
driving voltage. A quadratic curve is fitted to match each recording mode of each camcorder.

All these fitted curves monotonically decrease with respect to the motion speed, and the
rate of decrease also drops while the motion speed becomes high. The TPR measurement
increases with respect to the compression bitrate for most of the camcorders. However, the
TPR difference between two recording modes is very small, especially for the Sony CX250E
camcorder. Thus, we conclude that motion and compression both lead to severe loss of
texture. Moreover, the motion of the object has more influence on texture distortion than
lossy compression for consumer-level camcorders.
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Figure 3-12: The radial PSD of the still object captured by a Panasonic SD800 (a) and the
close-up of the high-frequency part of the PSD (b).

3.7.2 Results of PhTD measurement

Figure 3-14 shows the star plots of the physical Gabor energy features of 8 orientations and
3 scales. Features of the dead leaves chart are plotted in dashed blue lines and those of the
distorted video in solid red lines. The distorted video was taken by a Panasonic SD800 in
recording mode HA 1920 at a speed of 1459.8 pixels/sec. Each circle is symmetric about
the origin and stands for features at all 8 orientations of one scale. The scales S1, S2, and
S3 correspond to low, medium and high frequencies, respectively.

The Gabor energy features in Figure 3-14(a) and (b) show that the texture loss suffered
by the distorted video appears in the horizontal and diagonal directions, and there is almost
no vertical texture distortion. This indicates for this example that the optical system and
the compression do not degrade the texture quality at low and medium frequency: only the
horizontal motion of the camcorder system causes some loss of texture quality.4

In Figure 3-14(c), the loss of texture at high frequency is observed in all orientations,
and more horizontal texture is lost than vertical texture. Here, we attribute the loss of
vertical texture at high frequency to the optical system and signal processing (including
lossy compression) of the camcorder system; the loss of horizontal texture is the joint
contribution of the motion, the signal processing, and the optical system. In summary, the
loss of physical texture quality at low and medium frequencies is caused mainly by motion;
the texture distortion introduced by the optical system and compression mainly appears at

4Note that the distortion introduced by the optical system is known to be radially symmetric. We assume
that the distortion introduced by the signal processing including lossy video compression is also radially
symmetric at the moment, though it is still unknown. The horizontal motion is assumed to have no influence
on the vertical texture. Thus the texture distortion introduced by the motion is not radially symmetric.
Furthermore, the camcorder system is assumed to be a linear time-invariant system after linearization.
Therefore, the three portions of the distortion can be analyzed separately.
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Figure 3-13: TPR measurement for all six tested camcorders. A quadratic function is used
for fitting. All these fitted curves monotonically decrease with respect to the motion speed.
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(c) S3 = 4.00

Figure 3-14: Star plots of physical Ga-
bor energy features at 8 orientations and
3 scales. Dashed blue lines stand for the
dead leaves chart and solid red lines for the
distorted video.
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Figure 3-15: Star plots of perceptual Ga-
bor energy features at 8 orientations and
3 scales. Dashed blue lines stand for the
dead leaves chart and solid red lines for the
distorted video.
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high frequencies.

Figure 3-16(a)–(f) presents all PhTD measurements of all six camcorders. First, we
observe that the PhTD measurement monotonically increases when the motion speed goes
up, so there is more texture distortion at larger speeds. This confirms our expectation that
high motion speed causes more texture distortion.

Secondly, the PhTD measurement monotonically decreases with respect to the compres-
sion bitrate for all tested camcorders. For the first four camcorders (Figure 3-16(a)–(d)),
the differences between the fitted curves for all recording modes (with corresponding com-
pression bitrates) are very clear. For the last two camcorders (Figure 3-16(e)–(f)), the
differences between the fitted curves are also observed at high speeds, though they are over-
lapping at low speeds. Thus, the expectation that compression to a lower bitrate causes
more texture distortion is confirmed as well.

Also, for all six camcorders, the differences between the fitted curves tend to increase
when the speed increases to the maximum, i.e., the fitted curves are divergent with re-
spect to speed. The divergence at high speed hasn’t been observed from the corresponding
TPR measurement in Figure 3-13. As with the TPR, the PhTD difference associated with
recording modes is small compared to the difference associated with different motion speeds
in the range of the speeds considered. Therefore, we draw the conclusion again that the
lossy compression has a smaller impact on texture quality than the speed of the motion.
Meanwhile, the impact tends to increase slightly when the motion speed becomes high.

3.7.3 Results of PeTD measurement

For the perceptual energy features in Figure 3-15, the feature distance between the dead
leaves chart and the distorted video is observed in all orientations at all frequency bands,
while the horizontal distance is even larger than the vertical distance. This indicates that
perceptual distortion appears at all frequencies, and there is even more perceptual distortion
in the horizontal direction, due to the horizontal motion of the camcorder system.

Figure 3-17 shows the PeTD measurements for all tested camcorders. The PeTD mea-
surements in all figures monotonically increase when the motion speed increases. We ob-
served the same pattern for the TPR and PhTD measurements with respect to speed and
the observation is in agreement with our expectation. But, surprisingly, the perceptual
texture distortion seems to be almost independent of the compression bitrate, as the fitted
curves for all recording modes are almost on top of each other at all motion speeds. So, ob-
ject motion plays the main role in the PeTD, and lossy compression has almost no influence
on perceptual texture quality.

3.8 Discussion

Three metrics, TPR, PhTD and PeTD, have been presented based on the two-stage NR-VQA
framework to evaluate the performance of camcorders. Texture distortion was measured
with respect to motion speed and lossy compression bitrate in the stage of distortion mea-
surement, and the HVS-based perceptual weighting was adopted in the stage of quality
assessment.
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Figure 3-16: PhTD measurement of the six tested camcorders. A quadratic function is used
for fitting. All the fitted curves monotonically increase with respect to motion speed and
compression ratio.
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Figure 3-17: PeTD) measurement of the six tested camcorders. A quadratic function is
used for fitting. All the fitted curves monotonically increase with respect to motion speed,
and have almost no change with respect to compression ratio.
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The TPR metric measured the preserved texture by analyzing 1-D radial PSD of the
object and using a 1-D CSF of the HVS for weighting. The results for the six tested
camcorders have confirmed that the TPR metric to some extent quantified the quality of
the distorted videos in terms of the preserved texture. On the one hand, it was easy to
implement and had low computational expense due to employing 1-D signal processing. On
the other hand, it was not effective in some cases, for example, when the distortion was not
radially symmetric.

The PhTD metric was designed for the purpose of efficiently quantifying the texture
distortion which in most cases is not radially symmetric. Applying a bank of Gabor filters
to the 2-D PSD of the object, the PhTD metric extracted energy features at 8 orienta-
tions and 3 scales. The physical texture distortion was quantified by the squared Euclidean
distance between the Gabor features of a distortion-free test chart and those of the dis-
torted object in the video. The PhTD metric was further extended to the PeTD metric
to measure the perceptual texture distortion. The 2-D PSDs of distortion-free chart and
the distorted object were weighted by the SV-CSF of the HVS before extracting the Gabor
energy features.

The experimental results on six camcorders from three vendors show that (1) the PhTD
value monotonically decreases with respect to the motion speed, and monotonically increases
with respect to the lossy compression bitrate; (2) the PeTD value monotonically decreases
with respect to the motion speed, but stays almost constant with respect to the lossy
compression bitrate; (3) the difference between the fitted curves tends to increase when the
speed becomes high.

In contrast to the TPR metric, the PhTD and PeTD have dealt with asymmetric tex-
ture distortion, and sufficiently evaluated the performance of camcorders at various levels
of motion and compression. However, this efficiency was obtained at the cost of high com-
putational complexity. All the tests in the experiment have been in a stable medium level
of lighting condition. In fact, the lighting conditions affect the performance of camcorder
systems significantly. Thus, in our future work, we plan to evaluate the performance of
camcorders by measuring texture distortion with respect to varying illuminations of the
target. Some subjective tests should also be done in the future to confirm and validate the
performance of the PeTD metric.



Chapter 4

NR-VQA for lossy compression

4.1 Introduction

The video compression standard H.264/AVC, which is also known as MPEG-4 Part 10/AVC
for advanced video coding, has become the video standard of choice. It is jointly defined by
standardization organizations in the telecommunications and IT industries, and has been
more widely adopted than previous video compression standards, such as motion JPEG and
MPEG-4 Part 2.

H.264/AVC has already been widely accepted in mobile phones, digital video players, HD
camcorders, video surveillance systems, online video storage, and so on. Though H.264/AVC
provides savings in network bandwidth and storage costs, the increasing demands for video
capture, transmission, and storage are still not satisfied by the limited bandwidth. The
increasing demands also lead to the occurrence of information loss and extraneous artifacts.
This chapter aims to present a novel NR model for the objective quality assessment of
H.264/AVC coded videos.

A great effort has been made for NR-IQA based on artifact measurement, including
measurements of blurriness [40, 49], blockiness [56, 58, 59], ringing [76], and so on. There
also has been increasing interests in applying the analysis of NSS [89, 90] to NR-IQA, aiming
to develop general-purpose algorithms [97, 99].

The Distortion Identification-based Image Verity and INtegrity Evaluation (DIIVINE)
index is an NR-IQA algorithm that popularized image quality assessment based on NSS [98].
It is capable of assessing the quality of a distorted image across multiple distortion cate-
gories, in contrast to most NR-IQA algorithms, which are distortion-specific. However, the
DIIVINE is tailored for NR-IQA, and thus is not suitable for NR-VQA. Meanwhile, an in-
teresting method was proposed in the DCT domain for digital video subject to H.264/AVC
encoding [109]. Assuming that the DCT coefficients of natural scenes are corrupted by
quantization noise, the coding error was estimated first, then an SV-CSF of the HVS was
applied to the DCT domain to perceptually weight the estimated coding error.

Inspired by previously proposed models for NR-IQA and VQA, in this chapter we
combine both artifact-based and NSS-based methods to objectively predict the quality of
H.264/AVC coded videos based on the DCT or Laplacian pyramids. Two NR-VQA models
will be presented to blindly predict the quality of encoded video sequences frame by frame.
The proposed two models follow the two-stage framework illustrated in Fig. 2-2. In the

49
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stage of distortion measurement, six features are extracted in each model for artifact mea-
surement and NSS analysis. The stage of quality prediction employs a temporal pooling
strategy and a multilayer neural network.

In the DCT-based model, six feature maps of each frame are generated from the DCT
coefficients of all 4 × 4 subblocks, then three frame-level features (sharpness, smoothness,
and blockiness) are extracted to quantify the artifacts introduced by compression, and
three other frame-level features (kurtosis, histo-noise, and mean Jensen–Shannon diver-
gence (MJSD)) are calculated for the statistical analysis. In the Laplacian-pyramid based
model, each frame of the distorted video sequence is first decomposed into a five-subband
Laplacian pyramid, then their intra-subband and inter-subband statistical features are fully
exploited. We extract three intra-subband statistics (energy, entropy and kurtosis) and
three inter-subband statistics (MJSD, mean structural similarity (MSSIM), and smooth-
ness) for distortion measurement. The two models have the same procedure for the quality
prediction. Temporal pooling transforms the frame-level features of all frames to six corre-
sponding video-level features. Finally, from these six features, a trained multilayer neural
network computes a single numerical value to be the predicted video quality.

In the proposed models, many fewer features are extracted than in [98], and the undis-
torted reference videos used in [109] for training are not required. Moreover, the training
procedures in [98, 109] are complex. We simplify the training procedure by adopting a
two-layer neural network. The performance of the DCT-based NR-VQA model and the
Laplacian-pyramid based NR-VQA model will be evaluated on the LIVE video databases,
and compared with four leading FR-VQA algorithms.

The rest of this chapter is organized as follows. Section 4.2 analyzes the frequency
features of compressed natural videos. The distortion measurement and quality prediction
of the two proposed models are presented in Section 4.3 and Section 4.4, respectively. The
flowcharts of the two NR-VQA models are given in Section 4.5 In Section 4.6, we present
the experimental results on the LIVE video database and LIVE mobile video database, and
a short discussion in Section 4.7 concludes the chapter.

4.2 Frequency analysis of compressed natural video

Lossy video compression leads to unavoidable distortion of a natural video, which usually
manifests itself as a loss of texture and other high frequency image features [156]. This can
be seen by comparing the radial PSD of distorted object in a compressed video with that
of the distortion-free object to quantify the preserved texture. Consider the radial PSD of
the “Miss America” video, shown in Fig. 4-1. The closeup of the reference video and its
four compressed versions with different H.264/AVC quantization parameters suggests that
the PSD curves overlap at low frequencies, but diverge for higher frequencies.

We may conclude from Fig. 4-1 that relative decay of power in spatial frequency decom-
positions is a useful predictor of compressed image quality. Indeed, this is relatively easy
to do in the FR context where the true rate of PSD decay can be measured. The main
challenge of developing NR-VQA is to detect changes in the statistics of high frequency
image features without direct access to the reference.
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(c) PSD closeup

Figure 4-1: Power spectral density of a compressed natural video
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4.3 Distortion measurement

4.3.1 DCT-based model

Characteristics of compressed natural scenes

The appearance of power laws in the power spectral densities of natural scenes [87] suggests
that it is reasonable to assume that there exist statistical relations between the high-pass
responses of natural images and their band-pass counterparts. Lossy video compression
leads to distortion of the natural video, which usually manifests itself as a loss of texture
and other image features in the high frequency domain. Thus, lossy compression decreases
the similarity between the different frequency bands of a natural image.

In the spatial domain, the loss of texture caused by compression appears as an increase
of the smooth image area in which pixel values have almost no change, and a decrease of
the sharp image area in which pixel values vary significantly from each other. In the DCT
domain, lossy compression typically sets many AC coefficients to zero, thereby modifying
the natural distributions which were conjectured to be Gaussian, Laplacian, or Cauchy
distributions [157]. In particular, the zero coefficients appear with a much higher probability.

An in-loop deblocking filtering technique has been adopted (e.g., [158]) to reduce block-
ing artifacts in H.264 compressed videos, but blockiness remains visible in the low-textured
area. A new blockiness metric is needed to measure H.264 compressed videos due to the
failure of existing blockiness measurements. We have found that blocking artifacts can be
easily quantified based on the analysis of the horizontal and vertical DCT components.

In summary, the lossy compression of videos of natural scenes leads to an increase of
the smooth image area, a decrease of the sharp image area, to the occurrence of blocking
artifacts, a peaky AC coefficient distribution, and a dissimilarity between the bands of
different frequencies.

Generation of image bands

To measure the distortion, a sliding window of size 4× 4 is moved over the decoded image
pixel by pixel. Only the luminance is considered in our analysis, since the HVS is more
sensitive to luminance than to chrominance (color). From the sixteen DCT coefficients of
the sliding window, we derive six features per pixel per frame, yielding a band per frame.
Suppose, for example, that the frame size is (M + 3)× (N + 3). The generation of the six
bands is described in the following four steps.

1) Generation of the DCT coefficient matrix

The sixteen DCT coefficients of the sliding window are referred to as c1 to c16 in raster
order, as shown in Fig. 4-2. Letting the sliding window go over the whole frame, each
coefficient yields a matrix Ci, i = 1, . . . , 16 of size M × N . The matrix C1 contains DC
coefficients, while the other fifteen matrices contain the AC coefficients. As discussed in the
above section, a lossy compression mainly affects the AC coefficients and further leads to
the degradation of the quality of the compressed videos, thus only {Ci}16

i=2 are involved in
the following calculation.

2) Generation of an unsigned AC band
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c1 c2 c3 c4

c5 c6 c7 c8

c9 c10 c11 c12

c13 c14 c15 c16

Figure 4-2: Coefficient names of a 4× 4 DCT

Adding up the absolute values of the fifteen AC coefficients of a block, we get its unsigned
AC band B1,

B1(m,n) =

16∑
i=2

|Ci(m,n)| , (4.1)

where m = 1, · · · ,M , and n = 1, · · · , N . It will be used to measure smoothness, sharpness
and peakiness.

3) Normalization of the AC coefficients

To normalize the DCT coefficients of a block, we divide each of its AC coefficients by
its corresponding AC feature obtained in Step 2, and get 15 matrices {C̃i}16

i=2, where

C̃i(m,n) =
Ci(m,n)

B1(m,n)
, (4.2)

m = 1, · · · ,M , and n = 1, · · · , N .

4) Generation of the frequency and orientation bands

From these 15 matrices we obtain three frequency bands B2, B3, B4 to quantify the
dissimilarity and noise in their histograms, and two orientation bands B5, B6 to quantify
their blockiness. They are defined by

B2(m,n) =
∑
i

C̃i(m,n), i = 2, 5, 6 (4.3)

B3(m,n) =
∑
i

C̃i(m,n), i = 3, 7, 9, 10, 11 (4.4)

B4(m,n) =
∑
i

C̃i(m,n), i = 4, 8, 12, 13, 14, 15, 16 (4.5)

B5(m,n) =
∑
i

|C̃i(m,n)|, i = 2, 3, 4 (4.6)

B6(m,n) =
∑
i

|C̃i(m,n)|, i = 5, 9, 13 (4.7)

where m = 1, · · · ,M , and n = 1, · · · , N . Note that the bands B5 and B6 are unsigned.
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Table 4.1: List of bands

Band Name Range Description Index

Unsigned AC band B1 [0,∞]
∑

i |Ci|, i = 2, · · · , 16

low B2 [−1, 1]
∑

i C̃i, i = 2, 5, 6

Frequency medium B3 [−1, 1]
∑

i C̃i, i = 3, 7, 9, 10, 11

high B4 [−1, 1]
∑

i C̃i, i = 4, 8, 12, · · · , 16

vertical B5 [0, 1]
∑

i |C̃i|, i = 2, 3, 4
Orientation

horizontal B6 [0, 1]
∑

i |C̃i|, i = 5, 9, 13

Figure 4-3: A decoded frame.

Compare with Fig. 4-2.

An example of a decoded frame is shown in Fig. 4-3 and the six bands of the correspond-
ing frame are illustrated in Fig. 4-4. As demonstrated by Fig. 4-4, the six bands contain
different information about the frame: band B1 ∈ [0,∞] contains all the information of
the image except the DC components of local regions; bands B2,B3,B4 ∈ [−1, 1] contain
low, medium, and high frequency components, respectively; bands B5,B6 ∈ [0, 1] contain
vertical and horizontal components, respectively. Table 4.1 lists the six generated bands.

Frame-level feature extraction

Based on the six bands, six frame-level features are extracted to quantify the distortion
of compressed natural videos: kurtosis, smoothness, sharpness, MJSD, histo-noise, and
blockiness. The features of kurtosis, smoothness, and sharpness quantify the distortion
based on the statistical properties of band B1. Histo-noise and MJSD quantify the similarity
between frequency bands based on the probability density functions of B2,B3,B4. To
quantify the blocking artifacts, the blockiness measurement is proposed based on B5 and
B6. These features are listed in Table 4.2, and presented in more detail as follows.

1) Feature extraction from the AC band

The histograms of the summed unsigned AC band, B1, extracted from an original frame
and the corresponding distorted frame are illustrated in Fig. 4-5. Compared with the original
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(a) B1 (b) B2

(c) B3 (d) B4

(e) B5 (f) B6

Figure 4-4: The six bands B1 to B6 of the frame shown in Fig. 4-3. Shown are the sums of
normalized magnitudes of (a) all 15 AC coefficients, (b) low frequency AC coefficients, (c)
medium frequency AC coefficients, (d) high frequency AC coefficients, (e) AC coefficient for
vertical structures, and (f) AC coefficient for horizontal structures.
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Table 4.2: Features of frame t in the DCT-based model

Name Feature Range Description

f1(t) peakiness (0, 1] inverse of the kurtosis of unsigned AC band B1

f2(t) smoothness [0, 1] relative sharp area of the current frame

f3(t) sharpness [0, 1] relative edge area of the current frame

f4(t) MJSD [0, 1] filtered distribution distance between B2, B3 and B4

f5(t) histo-noise [0, 1] the average histogram noise of B2, B3 and B4

f6(t) blockiness (0, 1] measurement of blocking artifacts
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Figure 4-5: Histogram of the band B1 (summed unsigned AC coefficients) for intensities up
to 300 and bin size equal to 0.5: (a) the original frame; (b) the distorted frame. This is an
extreme example for videos with average quality. The compression rates of the two videos
are 5 Mbps and 200 Kbps, respectively.

frame, the histogram for the distorted frame has a sharper main peak, an additional peak
at near zero, and lower frequency at high intensities.

In probability theory and statistics, kurtosis measures the peakiness of the probability
distribution of a real-valued random variable. Let p1(x) be the probability density functions
of B1. We choose the inverse of the kurtosis as a feature: its value is within (0, 1] and it is
defined by

f1(t) =
σ4
x

E(x− µx)4
∈ (0, 1], (4.8)

where x is the intensity, µx is the mean of x, and σx is its standard deviation.

For each block, if the sum of the absolute AC coefficients is less than a given threshold
TL, it is considered to be a smooth block. The degree of smoothness is quantified by the
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relative area of the smooth region in the frame, which is defined as

f2(t) =
1

MN
|{(m,n) | B1(m,n) < TL}| ∈ [0, 1], (4.9)

where |A| denotes the number of elements of the set A. The smoothness is expected to grow
monotonically with respect to the compression ratio.

If the sum of the AC coefficients is greater than a given threshold TH, the corresponding
block is considered to be a sharp block. Sharpness is quantified as the relative area of the
sharp region in the frame, defined by

f3(t) =
1

MN
|{(m,n)|B1(m,n) > TH}| ∈ [0, 1]. (4.10)

A compressed video with higher compression is expected to have a smaller sharp area.

2) Feature extraction from the frequency bands

The bands B2, B3, and B4 correspond to the low, medium, and high frequency com-
ponents. We assume that the frequency components of natural scenes are dependent and
statistically smooth, and that a lossy compression reduces their dependency and statistical
smoothness. Figure 4-6 depicts the histograms of the three bands B2, B3, and B4 of an
undistorted natural video frame (a–c) and the corresponding compressed video frame (d–f).
The uncompressed frame exhibits a relatively smooth statistical distribution for each band,
and there is some similarity in the distribution between bands, while the distribution for
the compressed frame is noisier and shows less similarity between bands. Hence two fea-
tures, histo-noise and MJSD, are extracted to quantify the noise in the histograms and the
dissimilarity between bands of different frequencies.

Write ψi(x) for the noisy histogram of band Bi, and ψ̄i(x) for the filtered version of
ψi(x), where the median filter is adopted. The histogram noise of band Bi is defined by

εi(x) =
|ψi(x)− ψ̄i(x)|∑

x ψi(x)
, i = 2, 3, 4. (4.11)

The histogram noise of the tth frame is defined as the mean of εi(x),

f4(t) =
1

3

∑
x

[ε2(x) + ε3(x) + ε4(x)] ∈ [0, 1]. (4.12)

Define p(x) and q(x) as two probability mass functions. The Kullback–Leibler divergence
(KLD) is a measure of the difference between two probability distributions and is given by

DKL(p||q) =
∑

p(x) log
p(x)

q(x)
. (4.13)

The KLD is non-symmetric. The symmetrized version of KLD is the Jensen–Shannon
divergence (JSD) which is a symmetric measure of the distance between two probability
distributions [159]. The JSD is defined as

DJS(p||q) =
1

2
(DKL(p||r) +DKL(q||r)), (4.14)
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Figure 4-6: Histograms of band B2,B3,B4: (a–c) the undistorted video frame and (d–f)
the compressed video frame.
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where r(x) = (p(x) + q(x))/2.

In Fig. 4-6, it can be observed that the similarity between two adjacent frequency bands
of a natural video is decreased due to lossy compression. To measure the decrease of their
similarity, the mean JSD of B2,B3, and B4 is defined as

f5(t) =
1

2
(DJS(p2||p3) +DJS(p3||p4)) ∈ [0, 1], (4.15)

where

pi(x) =
ψ̄i(x)∑
x ψ̄i(x)

, i = 2, 3, 4, (4.16)

i.e., p2(x), p3(x), and p4(x) are the smoothed probability density functions of B2,B3, and
B4, respectively. In general, a high value of the MJSD means a low quality of the frame.

3) Feature extraction from the orientation bands

Due to the deficiencies of the existing blockiness metrics for H.264/AVC compressed
videos, we propose a new metric to measure the blockiness in H.264/AVC compressed
natural videos. In the new metric, the blocking artifacts are measured based on the two
orientation bands of the decoded frame, while the previous methods were based on the
decoded frame itself. The horizontal and vertical blockiness are measured in the same way,
based on B5 and B6, respectively. The overall blockiness measurement is defined as the
mean of the horizontal and vertical blockiness measurements. Empirically, the smaller the
measurement is, the worse the quality of the video will be.

Assume the macroblock size of the codec is S×S. We measure the horizontal blockiness
by applying a sum operation along each row in band B6. This results in a 1-D array of
length M , denoted by φH, where

φH(m) =

N−1∑
n=0

B6(m,n), m = 0, ...,M − 1. (4.17)

It is difficult to directly derive the blockiness power from φH. Fortunately, more clues can be
obtained in the frequency domain [56]. We take the 1-D discrete Fourier transform (DFT)
of φH and consider the magnitude of the DFT coefficients, which can be expressed as

ΦH(l) =

∣∣∣∣∣
M−1∑
m=0

φH(m) exp

(
−j2πml

L

)∣∣∣∣∣ , (4.18)

where l = 0, . . . , L− 1 and L is the smallest power of 2 less than or equal to the upper limit
M .

Due to the nature of the DFT, ΦH(l) has peaks at l = (L/S) ·s, for s = 1, 2, · · · , S/2−1.
The values at those peaks are closely related to the horizontal blockiness of the image. The
horizontal blockiness measurement is then computed as

PH =
1

S/2− 1

S/2−1∑
s=1

log10

(
ΦH

(
L

S
· s
)

+ 1

)
∈ [0,∞). (4.19)
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Figure 4-7: The DFT coefficients for the horizontal blockiness measurement.

To scale the blockiness measurement to the interval (0, 1], PH is transformed to PLKH by

PLKH =
1

1 + PH

∈ (0, 1]. (4.20)

Figure 4-7 illustrates the DFT coefficients of a reference frame and its correspond-
ing distorted frame. A 512-point DFT was taken and the macroblock size was 16 × 16.
No periodic peak is observed in the top subfigure, while periodic peaks appear at l =
32, 64, 96, 128, 160, 192, 224 in the bottom subfigure. The values at these peaks are chosen
for computing PH in (4.19). Note that due to the symmetry of the DFT for real-valued
signals, fourteen peaks rather than seven are marked in each subfigure, but only the first
seven peaks are used in the computation.

By taking the sum along each column in band B5, the vertical blockiness PLKV is then
measured accordingly. Finally, the overall blockiness is defined as

f6(t) =
1

2
(PLKH + PLKV) ∈ (0, 1]. (4.21)

4.3.2 Laplacian-pyramid based model

In practice, the DCT-based model is computationally expensive because of its applying the
DCT with a sliding window. The canonical frequency decomposition of image and video
signals such as the Fourier transform is quick, but ignores spatial locality. For this reason,
the Laplacian pyramid can be employed as a compromise between frequency and spatial
decomposition [160]. Let I(m,n) be an image or a video frame function represented in the
spatial domain, where (m,n) ∈ Z2 is the pixel index. Then we denote by

I 7→ {L0,L1, . . . ,LK−1} (4.22)

the Laplacian pyramid decomposition of the image I(m,n) represented as a series of quasi-
bandpassed images, each sampled at increasingly sparse densities. As shown by Fig. 4-8,
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the fine details are captured in L0(m,n) while progressively coarser features are prominent
in the higher levels. Each subband image Ln(m,n) is the size of the original image I(m,n).

With access to high frequency image details via the subband decomposition, one can
assess the distortion caused by lossy compression by extracting its statistical features. To
meet the objective of assessing the relative decay of power in the spatial frequency decom-
position, we propose two approaches to model the Laplacian pyramid coefficients. The first
one is the computation of intra-subband statistics, which will be compared across subbands
to gauge the rate of decay (which is influenced by compression). The second one is the
incorporation of inter-subband features aimed at directly assessing the degree of persistence
across scale [161].

Intra-subband features

Intra-subband statistics that reflect the statistical properties of one single subband can be
useful for predicting the rate of decay across frequency. In our study, the mean, variance,
skew, energy, entropy, and kurtosis of the empirical Laplacian pyramid coefficients were
considered. In particular, we found that the energy, entropy, and kurtosis of coarse scale
subbands were less subject to compression distortions than were the finer scale subbands
(for details, see Section 4.3.2). Moreover we claim that the fine-scale to coarse-scale ratio
of subband statistics is a good proxy for the rate of decay across spatial frequency and is
stable for all frames in compressed videos. Hence we conclude that the ratio of intra-subband
statistics offers a stable prediction of the degradation due to compression.

Let us assume that the subband coefficients Lk form a stationary random process, where
the random variable X = Lk(m,n) is drawn from a probability mass function pk(x). The
statistics considered in this model are the energy, entropy, and kurtosis of all the subbands,
which are defined as follows:

1) The energy of the kth subband is defined by

Ek = log10

(∑
m

∑
n

L2
k(m,n)

)
, k = 0, · · · ,K − 1. (4.23)

2) The entropy of the kth subband is defined by [159]

Hk(X) = −
∑
x

pk(x) log pk(x), k = 0, · · · ,K − 1. (4.24)

3) The kurtosis of a histogram quantifies the degree of its peakiness and tail weight,
thus it is computed in this model to capture the statistical traits of the histogram of Lk. It
is given by [100]:

κk(x) =
E(x− µx)4

σ4
x

, k = 0, · · · ,K − 1, (4.25)

where µx is the mean and σx the variance of the random variable X.
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(a) Decoded image I (b) L0

(c) L1 (d) L2

(e) L3 (f) L4

Figure 4-8: One frame of a video sequence and 5 subbands of the corresponding expanded
Laplacian pyramid
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Inter-subband features

Apparent power laws in the PSD in [87] and persistence across scale in space-frequency
decompositions in [160] suggest that it is reasonable to assume that there exist elegant
relations between the statistical properties of the high-pass responses of natural images and
their band-pass counterparts. Indeed, in our studies, we found that such a relation exists
for natural images and this relation is distorted by compression. To quantify the persistence
across scale, we consider the following inter-level features.

1) The Jensen–Shannon divergence (JSD) is a measure of the “distance” between two
probability distributions which can be generalized to measure the distance (dissimilarity)
between a finite number of distributions. It is the symmetrized version of the KLD. The
KLD and JSD of two probability mass functions p(x) and q(x) are defined in Eq. 4.13 and
Eq. 4.14, respectively. Assume the corresponding probability mass functions of subband Lk
and Lm are pk(x) and pm(x), respectively. The dissimilarity between the two subbands is
quantified by computing the JSD of pk(x) and pm(x), and denoted as JSD (Lk,Lm).

JSD (Lk,Lm) = DJS(pk||pm) ∈ [0, 1], k,m = 0, · · · ,K − 1. (4.26)

Due to the symmetry of DJS(pk||pm), JSD (Lk,Lm) is also symmetric, hence:

JSD (Lk,Lm) = JSD (Lm,Lk) , k,m = 0, · · · ,K − 1. (4.27)

2) The structural similarity (SSIM) index was first proposed by Wang in 2003 based on
luminance/contrast/structure similarities, and has quickly become one the most popular
FR-IQA [162]. Several variants of the algorithm have been developed for IQA and VQA.
However, all these applications are limited to FR quality assessment. In this Laplacian-
pyramid based model, we extend its application to the NR-VQA metric by quantifying the
dependency between two Laplacian subbands.

Let x′ and y′ be two non-negative signals that have been aligned with each other (e.g.,
two image patches extracted from the same spatial location from two levels being compared,
respectively), and let and µx′ , µy′ , σ

2
x′ , σ

2
y′ and σx′y′ be the mean of x′, the mean of y′, the

variance of x′, the variance of y′, and the covariances of x′ and y′, respectively. The SSIM
of the two image patches is given by

SSIM(x′,y′) =
(2µx′µy′ + C1)(2σx′y′ + C2)

(µ2
x′ + µ2

y′ + C1)(σ2
x′ + σ2

y′ + C2)
(4.28)

where C1 and C2 are stabilizing constants that prevent instabilities from arising when the
denominator tends to 0, and are given by [163]:

C1 = (K1L)2, (4.29)

C2 = (K2L)2, (4.30)

where L is the dynamic range of the pixel values, and K1 and K2 are two constants whose
values must be small enough so that C1 or C2 will take effect only when (µ2

x′ + µ2
y′) or

(σ2
x′ + σ2

y′) is small. Throughout the experiments in this thesis, we set K1 = 0.01 and
K2 = 0.03[163].
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In practice, one usually requires a single overall quality measure of the entire image. We
use an mean structural similarity (MSSIM) index to evaluate the overall image quality.

MSSIM(X,Y ) =
1

N

N∑
n=1

SSIM(x′n,y
′
n) ∈ [0, 1] (4.31)

where X and Y are the reference and the distorted images, respectively; x′n and y′n are the
image contents at the nth local window; and N is the number of local windows of the image.

In this model, we use the aforementioned MSSIM to assess the persistence across scale.
Instead of computing the MSSIM index of the reference and the distorted images as in
Wang’s original work, we compute the MSSIM of the Laplacian subbands Lk and Lm as a
way to quantify the dependency between the two subbands, denoted by MSSIM(Lk,Lm).
The MSSIM is also symmetric, thus:

MSSIM (Lk,Lm) = MSSIM (Lm,Lk) , k,m = 0, · · · ,K − 1. (4.32)

3) Smoothness is a measurement of the relative size of the flat area in an image. Although
absolutely flat regions do not occur in natural scenes, they exist in compressed images and
videos due to aggressive quantization. In the literature, the blurriness and sharpness are
measured to access the quality degradation in this context. Most of the existing methods
were designed in the spatial domain and the transform domain, as surveyed in Chapter 2.3.1.
Using any of these methods will increase the computational cost of the Laplacian-pyramid
based model. An optimal solution for the measurement of quality degradation is combining
the Laplacian pyramid with the SSIM index.

In the Laplacian pyramid, the subband LK−1 in the highest level preserves the coarsest
features of the image I. Meanwhile, the flat region is the lack of fine details, so almost all the
features in the flat region are preserved in the highest level subband. Therefore, the image
I has a high similarity with the subband LK−1 in flat regions. To identify flat regions based
on the Laplacian pyramid, the SSIM index map between I and LK−1 is a reasonable option.
When the SSIM index in a local region is greater than T0, the local region is considered to
be a flat region. The smoothness of the frame is defined as the proportion of flat regions,
which is given by:

Ssmooth =
1

N

∣∣{n|SSIM(x′n,y
′
n) > T0

}∣∣ ∈ [0, 1], (4.33)

where |A| denotes the number of elements of the set A; x′n and y′n are the image contents at
the nth local window of I and LK−1, respectively; and N is the number of local windows.
In the experiment in Section 4.6, T0 is set to 0.95, and the size of the local region in the
computation of SSIM(x′n,y

′
n) is set to 9× 9.

Frame features selection

To choose the most efficient features, we further studied the intra- and inter-subband fea-
tures. Figure 4-9 shows the intra-subband features and Fig. 4-10 shows the inter-subband
features of the same frame in the reference video and four H.264/AVC distorted videos.
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“Reference” refers to the distortion-free video. “Distortion 1” has the lowest compression
ratio while “Distortion 4” has the highest compression ratio. The frame is decomposed into
a 5-subband Laplacian pyramid, viz., L0,L1,L2,L3,L4.

It can be seen that the intra-subband features of L0, the JSD and MSSIM between L0

and L3, and the smoothness are the most sensitive to H.264/AVC compression. It can be
seen that the energy and entropy of L0 decrease, and the kurtosis increases with respect
to the compression ratio, while the corresponding features of L2, L3, and L4 stay roughly
constant. The JSD and MSSIM generally increase with respect to the compression ratio,
but the JSD between the distributions in L0 and L3, and the MSSIM between L0 and L3

change dramatically with respect to the compression ratio. The same relation is observed
between the smoothness and the compression ratio.

For the sake of computational efficiency, only the intra- and inter-subband features of L0

and L3 are considered in the prediction model. To normalize the intra-subband features, the
energy and entropy of L0 are divided by the corresponding features of L3, and the kurtosis
of L3 is divided by the kurtosis of L0. The selected features of frame t, fj(t), j = 1, ....6, in
a video sequence are listed in Table 4.3.

Table 4.3: Features of frame t in the Laplacian-pyramid based model

Feature name expression range description

f1(t) E0/E3 [0, 1] Energy ratio of L0 and L3

Intra-subband f2(t) H0/H3 [0, 1] Entropy ratio of L0 and L3

f3(t) κ3/κ0 [0, 1] Kurtosis ratio of L3 and L0

f4(t) JSD(L0,L3) [0, 1] JSD between L0 and L3

Inter-subband f5(t) MSSIM(L0,L3) [0, 1] MSSIM between L0 and L3

f6(t) Smoothness [0, 1] Relative size of flat area

4.4 Quality prediction

To predict the video quality from the frame-level features of all the frames of a video
sequence, we non-linearly map the features to a score of the perceptual video quality. It is
composed of a temporal pooling of the frame-level features and a multilayer neural network
for combining the video-level features.

4.4.1 The temporal pooling

In the step of temporal pooling, all frame-level features in a video sequence are pooled
into video-level features along the time axis. For a video sequence, each frame-level feature
yields a vector

(fj(1), fj(2), · · · , fj(t), · · · , fj(T0)), j = 1, 2, · · · , 6, (4.34)
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Figure 4-9: Intra-subband features
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Figure 4-10: Inter-subband features
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Figure 4-11: A simple multilayer perceptron

where T0 is the total number of frames. The vector is then transformed to a video-level
feature by Minkowski pooling,

Qj = 4

√√√√ 1

T0

T0∑
t=1

f4
j (t), (4.35)

where j = 1, 2, · · · , 6 [164].

4.4.2 The neural network

The video-level features Q1, . . . , Q6 are then treated as inputs to a neural network trained
to predict the subjective video quality score. Neural networks have been used with com-
puters since the 1950s. Through the years, many different models have been presented.
The perceptron is one of the earliest neural networks. It was an attempt to understand
human memory, learning and cognitive processes. For the task of predicting video quality,
a multilayer feed forward network is used.

In a feed forward neural network, the neurons are only connected forwards. Each layer
of the neural network contains connections to the next layer, but there are no connections
back. Typically, the network consists of a set of sensory units (source nodes) that constitute
the input layer, one or more hidden layers of computation nodes, and an output layer of
computation nodes. As commonly used, most neural networks will have one hidden layer,
and it is very rare for a neural network to have more than two hidden layers. The input
signal propagates through the network in the forward direction, on a layer by layer basis.
These neural networks are commonly referred to as multilayer perceptrons (MLPs). Shown
in Fig. 4-11 is a simple MLP with three inputs, one output, and one hidden layer.

In our implementation, the MLP neural network comprises six inputs, one output, and
one hidden layer with twenty nodes. The six inputs are the video-level features Q1, . . . , Q6,
while the output is the predicted video quality. It is trained in a supervised manner with an
algorithm known as the error back-propagation algorithm, which is by far one of the most
commonly used algorithms of learning. The function newff, which creates a feed-forward
back propagation network, in Matlab Neural Network Toolbox is used in the experiment.
The predicted quality given by the trained MLP should be as close as possible to the
subjective assessment.
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Figure 4-12: Flowchart of the DCT-based NR-VQA model

4.5 Flowcharts of the NR-VQA models

Figure 4-12 gives the high level organization of the proposed DCT-based NR-VQA model,
and Fig. 4-13 gives that of the Laplacian-pyramid based NR-VQA model. In both models,
there are two stages: the distortion measurement and the quality prediction.

For the distortion measurement in the DCT-based model, six feature maps of each frame
are generated from the local DCT coefficients, then six frame-level features are extracted.
In the Laplacian-pyramid based model, five subbands are obtained by implementing an
expanded Laplacian decomposition, and six frame-level features are extracted from the six
subbands. The frame-level features of these models have been listed in Tables 4.2 and 4.3.

In the second stage, both models have the same steps. Each extracts a frame-level
feature as a vector, which is then taken as an input to the temporal pooling. A single score
results as the corresponding video-level feature along the time axis. An objective video
quality score is then predicted by the trained MLP neural network from the six video-level
features.

4.6 Performance evaluation

The performance of the two models was evaluated on two video quality databases: the
LIVE video database[165] and the LIVE mobile video database [166, 167]. A scatter plot
is presented to display the values of the objective quality and the subjective quality for
one database. Moreover, four numerical indices that quantify the extent of the statistical
dependence between the objective and the subjective assessments.

4.6.1 Video quality databases

The LIVE video database (LIVE VDB) consists of 10 reference videos and 150 distorted
videos, each with a resolution of 768 × 432 pixels and a length of 10 seconds. A total of
15 test sequences were generated from each of the reference sequences using four different
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Figure 4-13: Flowchart of the Laplacian-pyramid based NR-VQA model

distortion processes: MPEG-2 compression, H.264/AVC compression, lossy transmissions of
H.264/AVC compressed bitstreams through simulated IP networks, and lossy transmissions
of H.264/AVC compressed bitstreams through simulated wireless networks.

Each distorted video was evaluated by 38 human observers. The subjective evaluation
was performed using a single-stimulus paradigm with hidden reference removal [168], where
the observers were asked to provide their opinion of the video’s quality on a continuous
scale. An mean opinion score (MOS) in the range of [0, 100] is provided as the subjective
quality assessment of each distorted video.

The LIVE mobile video database consists of 10 raw HD reference videos and 200 dis-
torted videos, each of resolution 1280×720 at a frame rate of 30 fps, and with a duration of
15 seconds. Each of the reference videos were subjected to a variety of distortions, includ-
ing: compression, wireless channel packet-loss, frame-freezes, rate adaptation, and temporal
dynamics.

A single-stimulus continuous quality evaluation study with hidden reference removal was
conducted [168]. The videos were displayed on two devices, the Motorola Atrix smartphone
for a mobile phone study and the Motorola Xoom tablet for a tablet study. A total of
36 subjects participated in the mobile phone study to rate 200 distorted videos, and 17
subjects participated in the tablet study to rate 100 distorted videos generated from 5 raw
HD reference videos. The subjects were asked to rate the videos as a function of time,
i.e., provide instantaneous ratings of the videos, as well as provide an overall rating at the
end of each video. The quality ratings were in the range of [0, 5]. We refer to the quality
evaluation smartphone study as LIVE MVDB, and the tablet study as LIVE TVDB.

4.6.2 Training and testing

Since our method aims to objectively assess the quality of a compressed video and the most
popular compression model is H.264/AVC, only the H.264/AVC compressed videos in the
database were used to evaluate its performance. We employed 40 videos generated from
the 10 raw HD reference videos in each database, thus we divided them into 10 sets in
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such a way that the 4 videos in each set were generated from the same reference and the
MOS increases or decreases with respect to the video index. We set TL = 1 in Eq. 4.9
and TH = 300 in Eq. 4.10. We found that all the features of each video in the two video
databases increased or decreased monotonically with respect to the MOS in each video set.
Therefore, all features to some extent quantify the quality degradation of videos with the
same content. However, no single feature can reflect the degradation accurately for videos
with varied video contents. The leave-one-out strategy was applied for training and testing.
If there are in total N sets of distorted video sequences generated from N row reference
videos, N−1 sets of distorted video sequences, i.e., 4(N−1) videos in total, were chosen for
the neural network training and validation, the remaining distorted video set is for testing.
The training and testing process was performed N times with a different set of distorted
videos each time.

Let the array a = (a1, · · · , a40) be the predicted video quality, and let b = (b1, · · · , b40)
be the corresponding MOSs of the subjective quality assessment. Figure 4-14 shows the
scatter plot of the predicted quality vs. the MOS in the two video databases. The data
is displayed as a collection of points, each having the value of a determining the position
on the horizontal axis and the value of b determining the position on the vertical axis.
This indicates a good match between the predicted objective quality and the subjectively
assessed quality.

Four statistical indexes were used to numerically evaluate the performance. They are the
usual linear correlation coefficient (LCC), also known as Pearson’s correlation coefficient,
the Spearman’s rank ordered correlation coefficient (SROCC), the root mean squared error
(RMSE), and the mean absolute error (MAE) between the predicted scores a and the MOSs
b. A value close to 1 for the SROCC or LCC and a value close to 0 for the RMSE or the
MAE indicates superior correlation with the subjective assessments. The four indexes are
defined as follows: [169]

LCC(a,b) =

∑K
k=1(ak − ā)(bk − b̄)√∑K

k=1(ak − ā)2

√∑K
k=1(bk − b̄)2

, (4.36)

SROCC(a,b) =

∑K
k=1(uk − ū)(vk − v̄)√∑K

k=1(uk − ū)2

√∑K
k=1(vk − v̄)2

, (4.37)

RMSE(a,b) =

√√√√ 1

K

K∑
k=1

(ak − bk)2, (4.38)

MAE(a,b) =
1

K

K∑
k=1

|ak − bk| , (4.39)

where ā and b̄ are the mean values of a and b, respectively, uk is the rank of ak in the array
a, and vk is the rank of bk in the array b.

The performance of the DCT-based model in terms of the four indexes is tabulated in
Table 4.4, and Table 4.5 gives the results for the Laplacian-pyramid based model.
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Figure 4-14: Scatter plot for the DCT-based
model
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Table 4.4: Performance of the DCT-based model

Database LIVE VDB LIVE MVDB LIVE TVDB

LCC 0.9260 0.9287 0.9110
SROCC 0.9235 0.9230 0.8992
RMSE 4.0973 0.4224 0.4571
MAE 3.3083 0.3158 0.3345

Table 4.5: Performance of the Laplacian-pyramid based model

Database LIVE VDB LIVE MVDB LIVE TVDB

LCC 0.9112 0.9353 0.9227
SROCC 0.9396 0.9281 0.8947
RMSE 4.4884 0.4041 0.4305
MAE 3.7670 0.3334 0.3441

4.6.3 Performance comparison

The performance of the proposed model is compared with those of the four leading FR-VQA
algorithms in terms of the LCC, SROCC, and the RMSE in Table 4.6. In the table, the
performances of PSNR 1, MS-SSIM [170], VQM [171], V-VIF [172], and MOVIE [173] were
evaluated based on the H.264/AVC videos. Ref. [165] gives the results for the LIVE Video
Database (LIVE VDB), and [166] [167] provides the results for the LIVE mobile video
database. Here, LIVE MVDB is short for mobile phone study and LIVE TVDB is short
for tablet study.

It is clear that the proposed two models outperform the four “general-purpose” FR-VQA
algorithms in terms of the LCC, SROCC, and the RMSE. However, the proposed metrics are
distortion-specific. Their performance for other types of distortion has not been evaluated
yet. The state-of-the-art algorithm proposed by Brandão and Queluz [109] is the only one
we have found so far with the same purpose as our algorithm, but the results of their
evaluation, published in [109], are not comparable to our results since they used a different
database.

4.7 Discussion

Video quality assessment by subjective user studies is time-consuming and expensive, and
may be replaced by a suitably designed objective no-reference video quality assessment
(NR-VQA). To assess the quality of H.264 coded videos, two NR-VQA models were pre-
sented, one based on analyzing the local DCT coefficients of compressed video frames, and
the other, the Laplacian pyramid of the compressed video frames. Based on the properties
of natural scenes and the different types of distortion in compressed videos, the proposed

1PSNR (peak signal to noise ratio) is a simple function of the mean squared error between the reference
and test videos and provides a baseline for objective VQA algorithm performance [165].
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models combine the existing artifact-based and NSS-based approaches. They outperformed
leading VQA methods according to the evaluation results for the LIVE video database and
the LIVE mobile video database.

The two models follow the philosophy of the two-stage NR-VQA framework in Chapter 2.
The proposed models can quantify the distortion of a video sequence by extracting a few but
efficient features for distortion measurement and adopting a simple neural network for the
quality prediction. In both models, six features were extracted to measure the compression
artifacts and statistically quantify other types of quality degradation.

The performance evaluation was conducted on the LIVE video database and on the
LIVE mobile video database. The results for H.264 coded videos show a strong correla-
tion between the predicted quality and the subjectively assessed quality. It is also clear
that the proposed models outperform four leading full-reference VQA algorithms in terms
of Pearson’s correlation coefficient, Spearman’s rank order correlation coefficient, and the
root mean squared error. However, the proposed metric is distortion-specific. Their perfor-
mances for other types of distortion have not yet been evaluated.

The proposed model is designed for compression-distorted videos and aims at evaluating
the performance of imaging systems based on the H.264 compression standard, such as
mobile phone cameras, HD camcorders, and video surveillance systems. Thus its application
is limited to compressed videos. The luma component was used for measuring the distortion
frame by frame during the video analysis. Hence, the distortion in the temporal domain
and the chroma components cannot be obtained using the proposed method. To include
these effects, further study of the properties of natural scenes and the influence of various
compressions on these properties is required. In addition, it may be possible to identify the
most efficient features among the extracted ones to simplify the non-linear mapping model
and to decrease the complexity of the model, while preserving or improving its performance.



Chapter 5

Optimization of prediction models

5.1 Introduction

In the two-stage framework of NR-VQA, both stages are of great importance for the design
of NR-VQA algorithms. However, it has been found that there has been less research
focused on quality prediction than on distortion measurement. This is not surprising,
because the interpretation of the content and quality of an image or a video by the HVS
depends on high-level features, such as attentive vision, cognitive understanding, and prior
experience viewing similar patterns, hence the relation of the distortion measurement to the
perceptual quality is extremely complicated. Methods based on machine learning usually
take the relation as a black box and provide a decent solution when the database for training
contains a large number of videos with various video contents and all types of distortion. If
the database is small, the method is prone to overfitting, resulting in poor performance in
general [174]. Unfortunately, the existing public video databases are too small for training-
based methods to obtain a robust non-linear function.

The focus of this paper is on optimizing feature pooling and the prediction model of a
VQA algorithm, especially of an NR-VQA algorithm. Rather than taking the non-linear
mapping as a black box, we intend to decompose it into several linear or non-linear functions
with only a few parameters, in order to circumvent the intractable problem of overfitting
in methods based on machine learning. In the proposed mapping strategy, we study the
mismatch of existing objective assessments to the subjective assessments, pool a number of
extracted features for distortion measurement by a global linear function, and then perform
a local alignment for each video set1 based on a local linear function. We finally apply a
non-linear function for quality calibration. In addition, an algorithm is proposed to predict
the two local factors. With only a small number of parameters, the proposed model provides
a good quality prediction.

The rest of this paper is organized as follows. In Section 5.2, we state the problem
of mapping from distortion measurements to perceptual quality. An iteratively optimized
mapping strategy and an algorithm that predicts the local factors are proposed in Sec-
tion 5.3, and the experimental results are presented in Section 5.4. Finally we draw some

1A video set refers to a group of videos in a video database for subjective assessment. They are generated
from one source video with different levels of distortion.

75
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conclusions in Section 5.5.

5.2 Statement of the mapping problem

In practice, the mapping in this two-stage framework is designed to map/match the ex-
tracted features for a distortion measurement with the corresponding mean opinion score
(MOS) of a subjective assessment. Understanding the reasons for a divergence between
the subjective results and the objective predictions is necessary in order to improve the
objective quality assessment. For the distortion measurement, we extract features as in our
NR-VQA algorithm that was proposed based on a Laplacian decomposition [175]. For each
video sequence, we extract three intra-subband features: energy, entropy, and kurtosis; and
also extract three inter-subband features: the Jensen–Shannon divergence, the structural
similarity index between two subbands, and the smoothness.

Figures 5-1 (a) and (b) give an example of objective and subjective assessments in the
LIVE mobile video database [167]. There are ten video sets with four compressed videos in
each one. The x-axis is the video index and the y-axis is the distortion indicator, which is
entropy in (a) and MOS in (b). The entropy of the videos in a video set differs significantly,
depending on their content. In contrast to the entropy, the MOSs of all the video sets
roughly start at the same value and are uniformly distributed in the same interval. The
scatter plot of the entropy and the MOS in Fig. 5-1 (c) for all videos shows no linear
correlation. However, a very clear linear correlation is observed in the scatter plot of the
entropy and the MOS for individual video sets, as shown for the second video set in Fig. 5-1
(d). The same phenomenon is observed for all other features (indicators). Therefore, the
poor performance of the indicator in Fig. 5-1 (c) is related to the variance of the source
content over all video sets.

The accuracy of the quality prediction can be significantly improved if the entropy in
each video set is aligned individually to the corresponding MOS via a simple linear function.
Moreover, only an offset and a scale for one video set are required for this alignment. In
this paper, we analyze the influence of specific video properties, such as the content, on
the performance of an NR-VQA algorithm during the parameter training or optimization.
As this corresponds to local adaptations of the fitting function, we will call the associated
fitting coefficients local factors.

5.3 The proposed mapping strategy

Based on the study in Section 5.2, we decompose the stage of the mapping into linear
combination, local alignment, and quality correction. We also propose to predict the local
factors first, then the MOS in a subjective assessment. The diagram of the proposed
mapping strategy is illustrated in Fig. 5-2. The dashed box, which is considered as a black
box in machine-learning based methods for pooling features and predicting MOSs with a
large number of parameters, is the focus of this paper. The proposed mapping strategy
with a few parameters and the prediction of local factors are presented in the following.



5.3. THE PROPOSED MAPPING STRATEGY 77

0 10 20 30 40

0.4

0.5

0.6

0.7

0.8

Video index

In
d
ic

a
to

r

(a) Entropy of all videos

0 10 20 30 40
0

1

2

3

4

Video index

M
O

S

(b) MOSs of all videos

0.4 0.5 0.6 0.7 0.8
0

1

2

3

4

M
O

S

Indictator

 

 

(c) Scatter plot of all videos

0.6 0.65 0.7
0

0.5

1

1.5

2

2.5

3

3.5

M
O

S

Indicator

 

 

(d) Scatter plot of the 2nd set

Figure 5-1: Example of mismatch between objective and subjective assessment in LIVE
mobile video database

5.3.1 Mapping model

For the nth video in the mth video set, let us denote by ŷ(m,n) its predicted quality. The six
extracted video-level features are denoted by fi(m,n), i = 1, . . . , 6, wherem = 1, . . . ,M, n =
1, . . . , N , and M and N are, respectively, the total number of video sets in the database,
and the number of videos in one set. The proposed non-linear mapping strategy includes a
global linear function, a local alignment, and a quality calibration, described as follows.

Global linear function combines the six video-level features using a linear function:

y′(m,n) = Σiwifi(m,n), (5.1)

where wi is the weight of the ith feature. The linear mapping is applied to the videos, so
we consider it as a global factor.

Local alignment is a local linear function within one video set. For a set of videos with the
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Figure 5-2: Diagram of the proposed iterative mapping strategy

same content but different levels of distortion, the locally aligned objective video quality
is

y′′(m,n) = s(m)y′(m,n) + o(m), (5.2)

where s(m) and o(m) are the scale and offset of the mth set of videos, respectively. Note
that both s(m) and o(m) are determined separately for each video set, thus they are local
factors, and depend on the video content.

Quality calibration uses a non-linear function to align the objective quality measurement
with the subjective quality. It is known that subjective results are not linear over the
whole quality range, e.g., subjective ratings saturate before they reach the extremes [174].
For this reason, a non-linear regression is proposed to align the prediction. The usual
logistic function g(·) transforms the aligned objective video quality y′′ to the predicted
quality [176],

ŷ(m,n) = g(y′′(m,n)), (5.3)

g(x) =
β1 − β2

1 + exp(−(x− β3)/|β4|)
+ β2. (5.4)

5.3.2 Prediction of local factors

A supervised alignment is applied to obtain the two parameters s(m), o(m) of each video
set. We propose to predict the two local parameters of each video set rather than predicting
the corresponding MOS directly. As shown above, the two local parameters for a video set
are determined by the content of the source video, hence analyzing the source video is the
first option. Based on the study of source videos and their local parameters in public video
databases, we propose the following algorithm to predict the two local parameters2.

1) Prediction of the offset. A linear relation exists between offsets and scales, obtained

2A more detailed discussion of the relation between the offsets and the scales, and the reason for their
linear relation here, will be discussed in more detail in a later paper.
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Algorithm 1 Video quality prediction

Require: f0, a1,w1, . . . , w5, α0, . . . , α3, β0, . . . , β3

1: a0 = 0 and w6 = 1− Σ5
i=1wi

2: compute f1, . . . , f6

3: s = q(f0)⇐ α0, . . . , α3

4: y = s ·
(
Σ6
i=1wifi + a1

)
+ a0 ⇐ a1, w1, . . . , w5

5: ŷ = p(y)⇐ β0, . . . , β3

f3 w3
Σ · g(·) ŷ

f0

f1 w1

f2 w2

f4 w4

f5 w5

f6 w6

f6 w6

Features Weights Bias
a1

q(·)

α0 α1 α2 α3

β0 β1 β2 β3
Video

1

Figure 5-3: Flow chart of the VQA algorithm

by supervised alignment (see Fig. 5-4), so the offset can be predicted from the scale by

ô(m) = a1s(m) + a0, m = 1, . . . ,M. (5.5)

2) Prediction of the scale. The video-level feature f0 = H0(X)/H3(X), called the
entropy ratio of the source video, is found to be highly related with the scale. H0 and H3

are the entropies of two Laplacian subbands, averaged over all frames of the video [175].
The relation is modeled by a third-order polynomial, and the predicted scale value is

ŝ(m) = q (f0(m)) , m = 1, . . . ,M, (5.6)

q(x) = α3x
3 + α2x

2 + α1x+ α0. (5.7)

All the parameters are determined after the optimization. We set w6 = 1−Σ5
i=1wi and

a0 = 0 to reduce the redundancy of offsets in Eq. 5.1–Eq. 5.7. The VQA algorithm based on
the proposed mapping strategy and the prediction of the local parameters are summarized
in Algorithm 1, and the corresponding flow chart in Fig. 5-3.

5.4 Experimental results

In order to demonstrate how the local alignment of Section 5.3 improves the performance of
a VQA algorithm, tests the proposed process of an iterative optimization strategy, and pre-
dicts the local factors in a local alignment, we carried out experiments on the IRCCyN/IVC
video database (available in [177]) with various video contents, in which there are M = 60
video sets with N = 5 videos in each one, and the associated subjective results [178]. The
experiment was designed as follows.

Step 1: Feature extraction. We extract six features for each video sequence as in [175].
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Figure 5-5: Scatter plots of MOS vs. predicted MOS

Step 2: Supervised local alignment. The linear least squares fitting technique is first
used to create the global linear model of MOSs to the six extracted video-level features in
Eq. 5.1. Then the local linear model of MOSs within each video set is created, see Eq. 5.2.
The two local parameters s and b are plotted in Fig. 5-4(a). In Fig. 5-5, we compare the
scatter plots of the predicted MOSs and the MOSs before and after the local alignment.
The performance is improved significantly after the local alignment. It is worth mentioning
that the performance of VQA algorithms based on the proposed iterative mapping strategy
is limited by the result after supervised alignment.

Step 3: Prediction of local parameters. The scatter plot of scale and offset and scatter
plot of scale and entropy for all video set are illustrated in Fig. 5-4. Obviously, there is a
clear linear relation between the scale and the offset, and a non-linear relation between the
scale and the entropy ratio. The linear least squares fitting technique is again used to create
a linear model of the scale to the offset in Eq. 5.5. Then an unconstrained optimization
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Table 5.1: Optimized parameters for IRCCyN/IVC VD

w1 w2 w3 w4 w5 a1

0.2068 0.6474 0.0108 -0.0237 0.0974 -0.1939

α0 α1 α2 α3 β1 β2 β3 β4

53.608 -81.354 17.499 18.903 4.7432 1.3946 3.3246 0.1373

Table 5.2: Performance comparison in IRCCyN/IVC VD

Metrics LCC SROCC RMSE MAE

NR-VQA 0.5195 0.4804 0.9722 0.8110
Proposed 0.8868 0.8704 0.5279 0.4218

based on the basic quasi-Newton method [179] determines the parameters of the third-order
polynomial in Eq. 5.7.

Step 4: One-step optimization. The unconstrained nonlinear optimization is executed
according to Eqs. 5.1–5.7 in a combined step optimizing all parameters at once. The initial
values of all parameters are set to the values we obtained in the above steps, otherwise,
it might become trapped in a local minimum. The number of parameters in the mapping
model is 14, which is less than 5% of the number of videos in the database, thus overfitting
is circumvented in the proposed model, in contrast to the multilayer neural network adopted
in [175] with more than 150 parameters. The optimized parameters for the IRCCyN/IVC
video database are listed in Table 5.1. They are suitable for VQA using Algorithm 1 for
videos of the same resolution and degradation type as in the training database.

To numerically evaluate and compare the performance of the proposed algorithm with
other VQA metrics, we employed four statistical indexes: Pearson’s correlation coefficient
(LCC), Spearman’s rank ordered correlation coefficient (SROCC), the root mean squared
error (RMSE), and the mean absolute error (MAE), between the predicted MOS and the
MOS. The performance comparison was done for the IRCCyN/IVC video database (IRC-
CyN/IVC VD) and LIVE mobile video database (LIVE MVD) [167].

We performed 200 runs for IRCCyN/IVC VD. For each run, we randomly chose one-half
of the video sets for training and the other one-half for testing. The mean prediction of all
runs is taken to be the predicted MOS for each video. Table 5.2 gives the performance of the
proposed algorithm and the NR-VQA [175] method. In the LIVE mobile video database,
the leave-one-set-out strategy was applied to 40 compressed videos as in [175] for training
and testing. Table 5.3 illustrates the performance comparison with NR-VQA [175] and three
popular FR-VQA metrics. The results of VIF [180], MS-SSIM [170] and MOVIE [173] were
taken from [167].

5.5 Discussion

A non-linear mapping strategy was proposed in the present chapter to circumvent the over-
fitting problem in machine-learning based methods, while maintaining accuracy, efficiency
and consistency. After studying the mismatch between distortion measurements and the
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Table 5.3: Performance comparison in LIVE MVD

Metrics LCC SROCC RMSE MAE

VIF 0.8826 0.8613 0.5354 —
MS-SSIM 0.7664 0.8044 0.7316 —
MOVIE 0.8103 0.7738 0.6674 —
NR-VQA 0.9353 0.9281 0.4041 0.3334
Proposed 0.9395 0.9193 0.3901 0.3079

perceptual quality, and the influence of this mismatch on the performance of NR-VQA al-
gorithms, the extracted features for the distortion measurement were first combined via a
linear function, then a local alignment within each individual video set was designed to im-
prove the performance. Finally, a 4-parameter logistic function was adopted for the quality
calibration. The local parameters in the local alignment were predicted by analyzing the
content of the source video.

The experimental results on the IRCCyN/IVC influence content video VGA database
indicated that this local alignment improved the performance of the NR-VQA method sig-
nificantly, and only 14 parameters were required in the proposed algorithm. The proposed
algorithm outperformed three FR-VQA metrics in one database, and one NR-VQA in two
databases, with many fewer parameters. In conclusion, we believe that objectively iden-
tifying missing indicators by searching for (local) influence factors, such as content in our
example, may be a promising approach for training NR-VQA models. The prediction of
local factors without reference is the subject of further research. This approach can also be
extended by identifying the type of perceptually distinguishable artifacts.



Chapter 6

Conclusion

6.1 Summary

This thesis has presented various contributions to the field of no-reference video quality
assessment (NR-VQA). First, the TPR metric has been designed to evaluate the perfor-
mance of camcorders in terms of texture preservation. It quantifies to what extent texture
structures are preserved in a video recorded by a camcorder based on the 1D PSD and
1D CSF of the HVS, assuming the distortion is radially symmetric. In the experiments,
the dead leaves chart was used to simulate a scene with textures of different scales, for it
is invariant to scaling, translation, rotation, and contrast (exposure) adjustment, and the
TPR was measured with respect to compression bitrates and motion speed of the dead
leaves chart. Experimental results on six tested camcorders from three different vendors
have shown that the TPR value decreases monotonically with respect to the motion speed
and increases monotonically with respect to the lossy compression bitrate.

Second, the PhTD has been proposed, based on a bank of Gabor filters to to evaluate the
performance of HD camcorders with respect to motion and lossy compression. It quantifies
the objective texture distortion even when the distortion is not radially symmetric. It has
been extended to PeTD for the measurement of perceived texture distortion by employing
the SV-CSF of the HVS. The dead leaves chart was selected as a target texture in this
experiment. The experiment for six HD consumer-level camcorders from three vendors
gave a reasonable result when the distortion is not radially symmetric.

Third, a DCT-based NR-VQA model has been proposed to blindly predict the perceived
quality of compressed natural videos. In the first stage, each decoded frame of the video
sequence was decomposed into six feature maps based on the DCT coefficients. Six efficient
frame-level features (kurtosis, smoothness, sharpness, histo-noise, mean Jensen–Shannon
divergence, and blockiness) were extracted to quantify the distortion of natural scenes due
to lossy compression. In the second stage, a temporal pooling strategy was used to average
the frame-levels across all frames; then a trained multilayer neural network took the resulting
six features as inputs and produced a single number as the predicted video quality score. The
DCT-based model was trained and tested on the H.264 videos in the LIVE Video Database
and LIVE Mobile Video Database. The results showed that the objective assessments of
the proposed model had a strong correlation with the subjective assessments.

Fourth, another NR-VQA model has been presented based on a Laplacian pyramid de-
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composition with lower computational expense than the aforementioned DCT-based model.
There were two main steps of the proposed model: measuring the distortion and predicting
the video quality. Each frame of the distorted video sequence was first decomposed into
an N -subband Laplacian pyramid, then their intra-subband and inter-subband statistical
features were fully exploited. Three intra-subband features and three inter-suband features
were taken as inputs of the prediction model. Its output was a single score as the pre-
dicted video quality. The performance of the proposed method was evaluated on the LIVE
video database and the LIVE mobile video database. The results showed that the predicted
quality scores were well correlated with the MOS associated to the subjective assessments.

Finally, a mapping strategy has been designed to optimize feature pooling and prediction
models of VQA algorithms, in order to circumvent the intractable problem of overfitting in
machine-learning based algorithms. The mapping strategy was composed of a global linear
model for pooling extracted features, a simple linear model for local alignment in which
local factors depend on the source videos, and a non-linear model for quality calibration.
Also, an algorithm was proposed to predict the local factors from the source video with a
much smaller number of parameters, while maintaining accuracy, efficiency and consistency.
Experiments were carried out on the IRCCyN/IVC video database of content influence and
the LIVE mobile video database. The performance of VQA algorithms was improved sig-
nificantly by local alignment, suggesting that predicting the local factors in local alignment
based on video content would be a promising new approach for VQA.

6.2 Future work

The previous work has shown that most NR-VQA metrics are customized to certain systems,
and suffer from the variable content of videos. For one thing, the distortion introduced by
various video systems appears differently even when the content of the video is the same.
For another, the interpretation of the content and quality of an image or a video by the
HVS depends on high-level features such as attentive vision, cognitive understanding, and
prior experiences with viewing similar patterns. To make progress in this challenging task,
there are two possible ways to expand the research: extracting novel low-level features for
the distortion measurement of various video systems, and extracting semantic features for
generating spatial and temporal saliency maps.

Low-level feature extraction

A video system, such as an HD camcorder, usually possesses certain properties but also
produces certain types of distortion. The extracted low-level features in general are not
suitable for other video systems, such as mobile imaging systems. To quantify the distortion
of a given video system, a set of customized low-level features are required. The low-level
features will be extracted in a creative and efficient way for mobile imaging systems. Also,
there are possible applications to surveillance systems, network systems, and 3-D production
systems. Future work will also include designing new image or video quality metrics to
evaluate the performance of algorithms of image enhancement, image registration, and
super-resolution, since they are important post-processing steps of certain video systems.
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Semantic features extraction

As mentioned, the ultimate receiver of various video systems is a human, hence understand-
ing and incorporating HVS properties in an algorithm is essential. As we understand the
HVS better, quality assessment algorithms that incorporate these mechanisms will surely
result in better performance. Semantic features extraction refers to extracting high-level
features for visual saliency and scene understanding. The generated spatial and temporal
saliency maps give weights to the low-level features to predict the video quality as perceived
by the HVS. In the short term, the spatial saliency will be detected based on the features
of color and luminance. In the long term, temporal saliency will be detected based on scene
understanding in a computationally efficient manner.

Non-linear mapping

This refers to transforming a set of extracted features for distortion measurement to a single
score as the predicted video quality. Machine-learning based methods are very popular and
efficient for NR-VQA. However, the existing public video quality database still have only a
very small number of all the possible videos, thus, training with a small number of samples
can lead to over-fitting. Methods based on machine learning will be designed when the
video database for training is large enough, and methods based on iterative optimization
will be developed when there are a small number of videos in the database.
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