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Abstract 

Multimedia contents (including image/video, speech, audio, graphic and so on) can be 

affected by a wide variety of distortions during the process of acquisition, compression, 

processing, transmission, and reproduction which generally leads to loss of perceptual 

quality. As a result, signal quality assessment is an important component in today’s 

multimedia communication systems. In this thesis, perceptual quality assessment 

algorithms are proposed for three important types of multimedia signals, namely image, 

video, and speech. This involves two crucial stages: (a) feature extraction/detection, and 

(b) feature pooling.  

The first stage calls for investigation and analysis into appropriate and effective signal 

features to extract meaningful information and provide a compact representation of the 

signal with the regard of quality. This is crucial because the selected features form the 

basis of the resultant quality metric. In this thesis, we discuss and provide detailed 

analysis of features based on Singular Value Decomposition, 2D mel-cepstrum and phase 

of Fourier Transform for visual quality assessment. We analyse the advantages and 

disadvantages of these features with regards to prediction accuracy and complexity. We 

also investigate into mel filter bank energies as features for evaluating quality of noise-

suppressed speech and provide justification for their effectiveness via theoretical and 

experimental analysis.  

On the other hand, the second stage requires the determination of appropriate weights 
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for fusing the features into a single score that can accurately reflect the human judgement 

of perceptual quality. We tackle this by using machine learning techniques which have 

been successfully employed in numerous research areas (for example in computer vision 

tasks such as object localization/tracking/recognition) but have not been adequately 

addressed in the literature within the realm of objective quality evaluation. Their major 

advantage is the introduction of a more systematic pooling methodology thereby 

avoiding unrealistic assumptions imposed in existing pooling methods. In this thesis, we 

demonstrate that machine learning can be effective in quality assessment if proper signal 

features are detected. We also provide insights into machine learning based feature 

pooling by analyzing the system trained on subjective scores which quantify human 

perception. 

The proposed algorithms have been validated on a large number of subjectively rated 

databases which are publicly available. We have performed careful experimental analysis 

(including within database and cross database tests) and demonstrated that the proposed 

schemes overall perform better than several relevant methods. The better alignment with 

human perception confirms the effectiveness of the algorithms proposed in this thesis.  
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Chapter 1  

Introduction 

1.1 Background and Motivation 

The explosion in the number of computers and digital systems connected by networks 

such as the Internet has brought a flow of instant information into a large and increasing 

number of homes and businesses. Most of the information is in the form of digital 

multimedia signals as intuitive and faithful depiction of things in life and work. As a 

result, products (e.g. phone cameras) and services (e.g. windows media players, 

YouTube) based upon multimedia signals have grown at an explosive rate. Where low-

cost telephony is concerned, VoIP has been gaining grounds rapidly. Recent technologies 

include cable VoIP, mobile VoIP (also known as wireless-VoIP), as well as conventional 

VoIP, where service providers, such as Skype and Vodafone, have gained wide 

popularity.  

An important issue in multimedia communications is that of ensuring proper 

delivery/transmission of the multimedia contents from the producer to the consumer. 

However, the nature of transmission channels (e.g. lossy transmission networks) and the 

constraints arising out of limited resources (for instance, this prompts the need for 

compression) usually lead to loss of perceptual quality. This in turn will lower the 
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satisfaction and enjoyment level of the viewers/consumers for whom these multimedia 

contents are meant. Therefore signal quality assessment plays an important role in 

multimedia content delivery. Subjective viewing tests are the most reliable way of 

assessing perceptual quality. However they are time-consuming, cumbersome, 

expensive, and tend to be non-repeatable. As a result, they cannot be easily and routinely 

performed for many scenarios involving in-service or real-time applications (e.g. on-line 

monitoring of video quality in TV broadcasting). Therefore, objective quality assessment 

using computational models is an important part of today’s multimedia communication 

systems. We consider three practical scenarios to demonstrate how quality metrics are 

useful. 

First, consider the case of signal compression. In general, multimedia signals in 

uncompressed formats require excessive storage capacity and a huge transmission bit rate. 

For example, a single digital television signal in Consultative Committee of International 

Radio 601 format [1] requires a transmission rate of 216 Mega-bits per second. This is 

unacceptably high in bit rate for most practical purposes. Thus there is a need to reduce 

the data rate via coding, before digital television and video can be fed into the storage 

systems and communication networks. While coding ensures efficiency in terms of the 

information required to be transmitted, on the downside it will degrade the quality of the 

received/decoded signals as perfect signal reconstruction is usually not possible at the 

decoder side. To ensure a trade-off between the coding efficiency and perceptual quality, 

a quality metric forms an invaluable tool. Currently, the PSNR is widely used as the 

optimization criterion in video coding algorithms. 

Second, we consider the area of information hiding [225], [229] where secret messages 

are embedded into images so that an unauthorized user cannot detect the hidden 
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messages. Because such an embedding process will degrade image quality, an image 

quality assessment (IQA) metric can help in guiding the optimization process between 

the desired quality and the strength of the message to be embedded. 

Thirdly, regarding speech, additive noise is one of the most common factors that affects 

speech quality. Hence noise-suppression is employed frequently. For e.g., in mobile 

voice communication devices [105] which are used in an environment with a high level 

of ambient noise or in pay phones located in noisy environment (e.g., airports, busy 

street). Further, to benchmark the performance of different speech enhancement 

approaches [104], [224], a metric to assess the impact of the noise-suppression on the 

perceptual quality is necessary [4], [106]. 

Due to the widespread applications, a number of quality assessment algorithms for 

image, video and speech signals have been proposed and used over the past years. The 

Mean Squared Error/Peak Signal to Noise Ratio (MSE/PSNR) continues to enjoy wide 

acceptability as a quality metric due to its mathematical simplicity and ease of 

implementation. However, it is well known that the PSNR may not be always in 

accordance with the Human Visual System (HVS)’s perception [14], [230]. Consider the 

two images shown in Figure 1.1 which have the same PSNR (25.24 dB). Clearly, (a) 

looks much better than (b) to the human eye and this highlights the limitations of simple 

pixel based quality measures like PSNR.  

To overcome the shortcomings of PSNR, many visual quality metrics have been 

proposed in the literature. However, no single visual quality assessment algorithm can 

perform best in all test cases (i.e. distorted images from multiple databases with varying 

image and distortion types/levels). Furthermore, some algorithms perform better for 

near-threshold distortions while others are good for supra-threshold distortions. 
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(a) 

 

(b) 

                        Figure 1.1 Two images with the same PSNR (25.24 dB). 

 

For example VIF metric [44] usually has excellent performance for supra-threshold 

distortions while VSNR [45] is more suitable for near-threshold distortions.  

Computational complexity is another issue which plays a key role in the practical use of 

a visual quality metric. For example, although the metric MAD [118] achieves good 

prediction accuracy it has relatively higher computational burden. Computational costs in 

particular can be the major factor in determining the suitability of a VQA method for 

practical deployment. Lastly, a scalable algorithm i.e. whose performance can gracefully 

adjust according to the reference image information will be more useful. Most of the 
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existing FR algorithms are not scalable.   

For speech quality assessment, the ITU has released P.862 PESQ [3] as the current 

standard for intrusive (it will be soon replaced by P.863 or POLQA [4]) and P.563 [5] as 

the current standard for nonintrusive speech quality assessment. However quality 

assessment of noise-suppressed speech is challenging for intrusive (i.e. FR) metrics due 

to the following reasons: 

• They assume that the reference signal is of perfect quality. 

• The test (i.e. processed) signal is of quality no better than the input (i.e. reference) 

signal. 

The above assumptions are violated in case of noise-suppression: test signal is usually 

has higher quality, the reference signal (i.e. noisy signal) is of not perfect quality. 

Therefore nonintrusive assessment is the obvious alternative. However, it is found that 

the current ITU standard for nonintrusive speech quality assessment (P.563) is not 

accurate [9] in estimating quality of noise-suppressed speech. Therefore, more research 

effort is needed to develop a stand alone metric for assessing the perceptual effects of 

noise-suppression. 

In summary, although the existing quality metrics have been found to be useful in many 

applications, they suffer from drawbacks and there still exists room for further 

improvement which can be explored in order to make the related products and services 

more effective, as well as enabling new functionalities. In this thesis, we attempt to 

address some of limitations of the existing visual and speech quality metrics.   
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1.2 Objective and Scope of This Work 

The objective of this study is to develop new methods for quality evaluation of image, 

video and speech. To that end, we focus on the two crucial aspects in quality metric 

design, namely, feature detection and feature pooling. Both aspects are not 

straightforward given the complexities and intricacies involved in the way humans 

perceive signal quality. Moreover, the human brain comprises of sophisticated 

mechanisms which work in conjunction (rather than independently) to produce 

perception and our current knowledge of these is limited. In other words, direct and 

complete modeling of human perception is difficult. Therefore for a more effective and 

feasible solution, it is beneficial to exploit the relevant high and low level properties of 

the human perception system by employing signal processing techniques and fusing the 

resultant features via data-driven methods.  

1.3 Thesis Contributions 

As mentioned, quality evaluation can be modeled as a two-stage (for feature detection 

and feature pooling) process. The key contributions in this work are towards these two 

stages, and are briefly summarized as follows: 

a) For the first stage (i.e., signal feature detection), we first investigate into features for 

visual signals (image and video), based on Singular Value Decomposition (SVD), the 

phase of Fourier Transform (FT) and the two-dimensional (2D) mel-cepstrum. We 

provide analysis and justification for their use in assessing visual quality. In 

particular, these features are effective as they account for relevant high level 

properties of the HVS (like sensitivity to structural changes). Furthermore, based on 

theoretical and experimental analysis, mel filterbank energies (FBEs) are employed 
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as features for evaluating the quality of noise-suppressed speech. They can capture 

the effects of noise injection and suppression reasonably well and can be exploited to 

quantify the effects of noise-suppression on speech quality. Our contributions to 

feature detection in signal quality evaluation are original. 

b) To address the second stage (i.e., feature pooling), we employ machine learning 

based feature pooling because it is more systematic and the required weights are 

determined via training with substantial ground truth (i.e. subjective scores). As a 

result, it helps in avoiding unrealistic assumptions currently imposed in the existing 

feature pooling methods. It is therefore an attractive alternative to bridge the gap 

between the psychophysical ground truth and the realistic engineering solution. We 

believe it is beneficial due to following reasons: (1) the actual feature pooling 

mechanisms in the HVS are not well understood and quite complex to be 

implemented; (2) the training process uses the subjective viewing/listening results as 

the target scores, and as a result, we can  expect to mimic the human perception 

indirectly, given a sufficiently large training set; (3)  in-depth analysis of the model 

developed as result of training  provides insights into how the system predicts quality. 

Our attempts are among the early ones to exploit machine learning in signal quality 

evaluation. 

1.4 Organization of the Thesis 

This thesis has been divided into 9 chapters as outlined as follows. Chapter 1 (this 

chapter) gives a brief introduction about the thesis, including the background and 

motivation, objective and scope, thesis contributions and thesis organization. 

Chapter 2 describes the major related existing work and algorithms for assessing the 
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perceptual quality of image, video and speech. We survey the state-of-the-art quality 

assessment methods and outline their advantages and shortcomings. More specific 

literature survey to each proposed technique in this thesis will be further introduced 

whenever appropriate in Chapters 3-8. 

Chapter 3 discusses the benefits of using SVD for visual quality assessment. With SVD, 

one can account for the structural changes better and hence achieve more accurate quality 

prediction. 

Chapter 4 investigates feature pooling based on machine learning technique. Such 

pooling technique is more systematic as compared to existing methods which tend to be 

somewhat ad-hoc. It is also more convincing since the required weights are determined 

via proper training with ground truth (i.e. subjective scores). 

Chapter 5 describes our new visual quality assessment metric using 2D mel-cepstrum. 

The relevant and useful properties of 2D mel-cepstrum for visual quality assessment are 

discussed and exploited for more efficient quality prediction. 

Chapter 6 focuses on developing a FT based scalable quality measurement algorithm 

for image and video. The proposed metric accounts for the masking effects and unequal 

sensitivity of the HVS to changes in different frequency components. 

In Chapter 7, a low complexity but effective approach for VQA is introduced and 

described. It uses the variation of quality along the temporal axis as a measure of the 

temporal quality.  

In Chapter 8, we propose a new method for quality assessment of noise-suppressed 

speech. This approach uses mel FBEs as the speech features. We exploit their sensitivity 

to noise injection and suppression and provide theoretical analysis as ground for their use 

in the said task.    
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Lastly, Chapter 9 closes the thesis with a summary of the main research work 

performed and directions for further studies. 

The Appendix provides the details of the subjectively rated image and video databases 

used in the experimental verifications. 



 

Chapter 2  

Literature Survey 

In this chapter, we give a brief overview of the major relevant existing work in image, 

video and speech quality assessment. We also introduce the two-stage procedure for 

developing quality metrics and provide brief description of the developments regarding 

these two stages. In addition, we outline the disadvantages of the existing methods in 

order to provide the motivation for the remaining thesis. For better organization, we have 

divided this chapter into 3 separate sections: one for image, one for video and the last one 

for speech quality assessment (we also discuss the specific issues in quality assessment 

of noise-suppressed speech).   

2.1 Image Quality Assessment  

The rapid proliferation of digital imaging and communications technologies has given 

rise to a growing number of applications which yield images. In many cases, the end-user 

receives a distorted version of the original digital image (e.g., due to lossy compression, 

digital watermarking, packet loss), and it is, therefore, necessary to quantify the visual 

impact of the distortion by way of quality evaluation. Generally speaking, an image 

quality metric has three kinds of applications: First, it can be used to monitor image 

quality for quality control. For example, an image and video acquisition system can use a 
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quality metric to monitor and automatically adjust itself to obtain the best quality image 

and video data. A network video server can use it to examine the quality of the digital 

video transmitted on the network and control video streaming. Second, it can be 

employed to benchmark image processing systems and algorithms. Suppose we need to 

select one algorithm for a specific task, then a quality metric can help to evaluate which 

of them provides the best quality images. Third, it can be embedded into an image 

processing system to optimize the algorithms and the parameter settings.  

Image quality can be measured in two different ways. The first, known as subjective 

quality assessment, consists of the use of human observers who should score image 

quality during experiments. The second one is called objective quality assessment which 

means the use of a computational model to predict image quality.  

2.1.1 Subjective Image Quality Assessment 

Subjective viewing tests are performed for various model design, tuning and 

verification. The ITU has standardized methods to conduct subjective viewing tests [8], 

[10]-[13], [109], [161]. This promotes acceptance and facilitates sharing of data among 

various laboratories, researchers and users. The standardized test methods are briefly 

described below:  

a) Double Stimulus Impairment Scale (DSIS) Method: The reference (unimpaired image) 

is displayed before the test stimulus (impaired image), and each subject rates the test 

stimulus keeping in mind of the reference. The Mean Opinion Score (MOS) consists 

of a five-level impairment scale: 5- imperceptible, 4- perceptible but not annoying, 3- 

slightly annoying, 2- annoying, 1- very annoying. The DSIS is usually used in 

evaluating clearly visible impairments.  

b) Double-Stimulus Continuous Quality-Scale (DSCQS) Method: The subject rates each 
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of the reference and impaired images separately without prior knowledge of which 

image is the impaired one. Each subject is provided with a vertical scale on which 

he/she marks the scores, which are normalized to a range of 0 to 100. Then, the 

difference between the results of the reference and the impaired ones are calculated 

as Difference Mean Opinion Scores (DMOS). This method is often used when the 

quality of test and reference stimuli are rather similar. 

c) Single Stimulus (SS) Method: A single image or sequence of images is presented. The 

evaluation is based on either categorical or numerical scale. For the former, an image 

or image sequence is assigned to one set of categories that are defined in semantic 

terms; e.g., excellent, good, fair, poor, and bad for image quality and imperceptible, 

perceptible (but not annoying), slightly annoying, annoying, and very annoying for 

image impairment. For the latter (numerical scale), a value is used to describe each 

shown image or image sequence. 

Even though subjective assessment remains as the most accurate way of assessing 

image quality, it suffers from various drawbacks that limit its applicability. Firstly, it is 

time-consuming, laborious and expensive, since the resultant MOSs need to be obtained 

by many observers through repeated viewing sessions. Moreover, incorporation of 

subjective viewing tests is not feasible for on-line visual signal manipulations (such as 

encoding, transmission, relaying, etc.). Secondly, even in situations where human 

examiners are allowed (e.g., visual inspection in a factory environment) and the 

manpower cost is not a problem, the assessment results still depend upon viewers’ 

physical conditions, emotional states, personal experience, and the context of preceding 

display [17]-[19].  

As a result of these limitations, it is necessary to build computational models to predict 

the evaluation of an average observer in a consistent and objective manner. 
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2.1.2 Objective Image Quality Assessment 

The simplest and most widely used objective quality metrics are the MSE and PSNR; 

however, they can be poor predictor of visual quality [14], [230], especially when the 

noise is not additive. The major reason for the overall poor performance of MSE (or 

PSNR) is its assignment of equal importance to all the changes in a visual signal (image 

or video) regardless of their perceptual significance. Objective evaluation of picture 

quality in line with the human perception is a difficult task [15]-[19] due to the complex, 

multi-disciplinary nature of the problem (related to physiology, psychology, vision 

research, and computer science) and the limited understanding of the HVS mechanisms. 

There has not been a clear-cut and general scheme so far which can account for all the 

related characteristics of the HVS (please refer to [16]-[19] for recent reviews).  

Objective IQA algorithms can be classified into 3 categories based on the amount of 

information used for predicting quality: (1) Full reference (FR) metrics which use 

complete reference image information, (2) Reduced reference (RR) metrics which use 

only partial information from the reference image and (3) No reference (NR) metrics 

which do not use any reference image information. FR metrics are generally more 

accurate while NR metrics although less accurate and usually distortion specific can be 

used when the reference image is not available. RR algorithms are essentially a trade-off 

between these two because only partial information of the reference image is required.  

With regards to developing an IQA algorithm, it can be handled [16]-[19] by two broad 

approaches: i) the vision modeling approach and ii) the signal processing based or 

engineering approach. These two approaches and their advantages/disadvantages are 

discussed next. 
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2.1.2.1 Vision Modeling Approach  

The vision modeling approach, as the name implies, is based on modeling various 

components of the HVS. The HVS-based metrics aim to simulate the processes of the 

HVS from the eye to the visual cortex. These metrics are intuitive and appealing since 

they attempt to account for the properties of the HVS relevant to perceptual quality 

assessment. The first image and video quality metrics were developed by Mannos et al. 

[20] and Lukas et al. [21]. Later the well-known HVS-based metrics are the Visual 

Differences Predictor (VDP) [22], the Sarnoff JND metric [23], Moving Pictures Quality 

Metric (MPQM) [24], and Perceptual Distortion Metric (PDM) [25].  

Although the HVS-based metrics are attractive in theory, they may suffer from some 

drawbacks. The HVS comprises of many complex processes which work in conjunction 

rather than independently, to produce visual perception. However, the HVS-based 

metrics generally utilize results from psychophysical experiments which are typically 

designed to explore a single dimension of the HVS at a time. In addition, these 

experiments usually use simple patterns such as spots, bars, and sinusoidal gratings 

which are much simpler than those occurring in real images. For instance, 

psychophysical experiments characterize the masking phenomenon of the HVS by 

superposing a few simple patterns. In essence, these metrics suffer from drawbacks 

which mainly stem from the use of simplified models describing the HVS. Moreover 

these metrics generally depend on the modeling of the HVS characteristics which are not 

yet fully understood. While our knowledge about the HVS has been improving over the 

years, we are still far from a complete understanding of the HVS and its intricate 

mechanisms.  

Furthermore, due to the complex and highly non-linear nature of the HVS, these 
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metrics can be complicated and time-consuming to be used in practice. The complexity 

of these models usually leads to high computational cost and memory requirement, even 

for images of a moderate size. In addition, the psychophysical experiments that underlie 

many error sensitivity models are specifically designed to estimate the threshold at which 

a stimulus is just barely visible. These measured threshold values are then used to define 

visual error sensitivity measures, such as the CSF and various masking effects. However, 

very few psychophysical studies indicate whether such near-threshold models can be 

generalized to characterize perceptual distortions significantly larger than threshold 

levels, as is the case in a majority of image processing situations. As it turns out, many of 

the IQA metrics based on vision modeling approach are less effective for suprathreshold 

distortions [16]-[19]. Owing to these limitations, the second approach namely the 

engineering approach has gained popularity during recent years and is described next. 

2.1.2.2 The Engineering Approach 

The engineering approach is based primarily on the extraction and analysis of certain 

features or artifacts in the video. These can be either structural image elements such as 

contours, or specific distortions that are introduced by a particular processing step, 

compression technology or transmission link, such as blocking artifacts. These metrics 

look at how pronounced these features are in the image/video to estimate overall quality. 

This does not necessarily mean that such metrics disregard human vision, as they often 

consider psychophysical effects as well, but image content and distortion analysis is the 

conceptual basis for their design rather than fundamental vision modeling. The metrics 

developed with this approach attempt to quantify visual quality based on the premise that 

a high-quality image is one whose structural content [2] most closely matches that of the 

reference image.  
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Figure 2.1: Representative diagram of the engineering approach to developing IQA/VQA 

algorithms (FR and RR) 

 

These metrics do not use low-level properties of vision, but instead operate based on 

hypotheses of what the HVS attempts to achieve when shown a distorted image.  

With the engineering approach, assessment of image quality can be considered as a 

two-stage process: (a) feature detection, (b) feature pooling. A representative diagram is 

shown in Figure 2.1. As for the first stage, the selected features have to be an effective 

representative of visual quality variations, while the second stage determines the 

relationship among different features and the perceived visual quality. Pertaining to the 

issue of feature extraction, in [26] a study was conducted to investigate and analyze the 

distortion criteria of the human viewing. It was found that for pictures where distortion is 

greater at edges, the MSE (or one of its relatives) is less satisfactory. Similar results have 

been also demonstrated in [27]-[28], where distortions at the edges have been 
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differentiated. As a result, image structure needs to be accounted for effective visual 

quality assessment. Therefore, during the recent years there has been a growing interest 

to take image structure into account for picture quality evaluation, because structural 

properties play a big role in the human perception [15], [29]-[31] as well as image 

content recognition [32]. Evaluating the loss of structure is therefore expected to give 

good estimate of visual quality degradation.  

A well known FR metric is the SSIM [2], [33], which is mainly based on the idea of 

equating the perceived image distortion to the measurement of structural distortion. In 

SSIM, the mean of quality scores of individual image blocks gives the overall image 

quality score. Some other IQA metrics [34]-[51], [62]-[63], [236], [239]-[242] have also 

been proposed. The metric known as MSVD [37] evaluates quality of each image block 

based on the error in singular values.  

A NR metric using the SVD of local image gradients has been proposed in [40] and 

used for proper selection of the parameters of image denoising algorithms. The authors in 

[41] proposed an SVD based method in which the difference between the reflection 

coefficients (obtained by projecting the two images onto the right singular vectors) of the 

original and distorted images are used for quality assessment. The method proposed in 

[42] also projects the distorted image on the singular vectors of the original image and 

uses a referee matrix of the distorted image to assess quality. In [36], the Harris response 

has been used to describe the geometric structure on a pixel-by-pixel basis with the 

overall quality score being computed by a simple averaging over all the image pixels. 

The algorithm proposed in [43] extracts structural features from the images. The overall 

quality score is then computed as a weighted sum of the features where the weights have 

been determined by subjective experiments.  

Another FR IQA scheme known as the VIF index [44] has also been developed. It 
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equates perceptual quality to the amount of information regarding the reference image 

that can be extracted from the distorted image (images are modeled using Gaussian scale 

mixtures to measure the amount of image information). The VSNR proposed in [45] 

deals with both detectability of distortions (low level property of vision) and structural 

degradation based on the global precedence (mid-level visual property). Several other 

transform based FR methods have also been proposed in literature in various domains: 

frequency domain transforms like DCT and wavelets [39], discrete orthogonal transforms 

[46], contourlet transform [34], [47], wave atoms transform [62], Riesz transform [63], 

etc. The base idea of these methods is to compare the transformed image signal 

components (of reference and distorted images) because the transformation will usually 

help in better representation of the image signal. Another class of FR schemes employs 

image gradient ([48]-[49] for instance) to quantify image quality and is based on the idea 

that edges play an important role in perceiving image structure. The authors in [50]-[51] 

have explored the combination of multi-scale SSIM, VIF and R-SVD [41] algorithms to 

assess image quality. 

As for the issue of feature pooling (also known as error pooling), literature survey 

shows that scant research effort has been directed to develop effective cognitive models 

to map the features into a quality score, with the major reason being the complexity and 

limited knowledge about the HVS. Researchers have employed techniques like simple 

summation based fusion, Minkowski combination, linear (i.e. weighted) combination, etc. 

to fuse the visual features into a quality score, and some examples have been already 

given above. These pooling techniques, however, impose constraints on the relationship 

between the features and the quality score. A simple summation or averaging of features 

implicitly constraints the relationship to be linear. Problems also arise with the simple 

average approach when the distortion is highly non-uniform over the image space. For 
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example, when only a small region in an image is corrupted with extremely annoying 

artifacts, but all other regions have high quality, human subjects tend to pay more 

attention to the low quality region and give an overall quality score lower than the 

average of the quality/distortion map. A weighted summation requires the determination 

of appropriate weighting coefficients and there is no general method available for this. 

Subjective experiments may be used to compute the weights [43] but such a method is 

less consistent and unsuitable for real-time applications. The use of Minkowski 

summation for spatial pooling of the features/errors implicitly assumes that errors at 

different locations are statistically independent. In addition, there is no systematic 

method to determine the proper/optimal value of the Minkowski summation exponent 

and is generally determined experimentally. Another method has been developed [52], 

[235] which involves weighting quality scores as a monotonic function of quality. The 

weights are determined by local image content, assuming the image source to be a local 

Gaussian model and the visual channel to be an additive Gaussian model. However, there 

is lack of convincing ground for these assumptions.  

Recently, two pooling strategies have been proposed [53] for the SSIM. Instead of 

using a simple mean as the overall quality score, these approaches attempt to weigh the 

quality scores of different blocks based on visual importance. The first strategy is based 

on the idea that lower quality regions in images attract more attention than the ones with 

higher quality; the second strategy uses VA to provide weighting [54]-[58] which is 

based on the idea that certain regions attract more human attention than the others. The 

strategy of feature pooling using VA while intuitive may suffer from drawbacks due to 

the fact that it is not always easy to find regions that attract visual attention. Furthermore, 

improvement in quality prediction by using VA is not yet clearly established and still 

open to further investigations [54], [58]. One reason for this is that the perception in still 
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images varies with allowed observation time [17]. That is, if an observer has time long 

enough to perceive an image, every point of the image can become the attention center 

eventually. This may render direct VA based pooling less effective for perceptual IQA.  

In summary, the existing feature pooling techniques tend to suffer from one or more 

drawbacks and there is a need for a more systematic and effective feature pooling 

strategy. This is one of the objectives of this study. 

2.2 Video Quality Assessment 

Like IQA, the most accurate approach to VQA is subjective assessment. The prominent 

subjective tests used for video from ITU-R Rec. BT.500-11 [13] and ITU-T Rec.P.910 

[12] are: 

a) Double Stimulus Continuous Quality Scale (DSCQS) [ITU-R Rec. BT.500-11] - In 

this test, the reference and processed video sequences are presented twice to the 

evaluators in alternating fashion, with randomly chosen order (Example: reference, 

degraded, reference, degraded). At the end of the screening, the evaluators are asked 

to rate the video quality on a continuous quality scale of 0–100 (with 0 being Bad and 

100 Excellent). Multiple pairs of reference and processed video sequences and of 

rather short durations (around 10 seconds) are used. The evaluators are not told 

which video sequence is the reference and which is the processed. 

b) Double Stimulus Impairment Scale (DSIS) [ITU-R Rec. BT.500-11] - Unlike the 

DSCQS, in the DSIS, the evaluators are aware of the presentation sequence, and each 

sequence is showed only once. The reference video sequence is shown first followed 

by the processed video sequence. The evaluators rate the sequences on a discrete 

five-level scale ranging from very annoying to imperceptible after watching the video 
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sequences. ITU-T Rec.P.910 has an identical method called Degradation Category 

Rating (DCR). 

c) Single Stimulus Continuous Quality Evaluation (SSCQE) [ITU-R Rec. BT.500-11] - 

As the name suggests, the evaluators are only shown the processed video sequence, 

usually of long duration (typically 20–30 minutes). The evaluators rate the 

instantaneous perceived quality on the DSCQS scale of bad to excellent using a slider. 

d) Absolute Category Rating (ACR) [ITU-T Rec.P.910] - This is also a single stimulus 

method similar to SSCQE with only the processed video being shown to the 

evaluators. The evaluators provide one rating for the overall video quality using a 

discrete five-level scale ranging from Bad to Excellent. 

e) Pair Comparison (PC) [ITU-T Rec.P.910] - In this method, test clips from the same 

scene but under varying conditions, are paired in all possible combinations and 

screened to the evaluators for preference judgment about each pair. 

Due to the previously mentioned drawbacks associated with subjective tests, objective 

VQA has attracted significant research attention in recent years [64]-[72], [74]-[83]. A 

straightforward and convenient approach to VQA is to use an IQA method on a frame-

by-frame basis. The global quality score is then usually determined by simple average or 

Minkowski summation. Indeed, the widely used FR quality assessment metric the PSNR 

is applied on frame-by-frame basis. However, as already pointed out, it can be a poor 

predictor of visual quality [14], [230] especially when the distortion is non-additive in 

nature.  

Unlike images, video signals carry information over spatial as well as the temporal 

domain. Therefore, the frame-level averaging of spatial quality alone may be insufficient 

since the temporal factors crucial to VQA are disregarded. As has been noted by many 

researchers, considering quality along the temporal axis is an important factor for VQA 
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[64]-[71], [74]-[79], [237]-[238]. Use of temporal factors for VQA has therefore been 

explored in the existing works. Like IQA, VQA methods are also usually either vision 

model based or signal processing based. Popular HVS-based VQA algorithms include 

the MPQM [24], PDM [25] and the Sarnoff JND vision model [23]. All of these explore 

the temporal dimension for VQA. As already highlighted in Section 2.1.2.1, the HVS 

based methods are less effective [16]-[19], [30], [66], [84]-[85] for supra-threshold 

distortions, i.e., the case when artifacts in the video sequences are clearly visible. Due to 

this limitation, another class of VQA algorithms have been explored which directly 

attempt to account for features associated with loss of visual quality (like blur, blockiness 

etc.). Such algorithms have been found to be better for supra-threshold distortions and as 

a result have received more research attention in recent years and we mention some of 

them below.  

The PVQM proposed in [74] combines 3 factors which can characterize quality namely 

'edginess' of the luminance, the normalized color error and the temporal decorrelation. 

The authors in [79] proposed a VQA algorithm called VQM. Due to its excellent 

performance in the VQEG Phase II validation tests, the VQM was adopted as a national 

standard by the American National standards Institute ANSI. In [67], temporal 

distortions such as mosquito noise were modeled as a temporal evolution of a spatial 

distortion in a scene, and visual attention mechanism was used for VQA. In [68], the 

method TetraVQM was proposed where motion estimation algorithm was used to take 

into account temporal errors. In this method, a degradation duration map is generated for 

each frame by analyzing the motion trajectory, and serves as a weighting matrix for 

spatial pooling.  

The well-known IQA scheme SSIM has also been extended for VQA. In [77], SSIM 

was employed for VQA with the use of a weighting scheme that took into account 
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motion information using a block motion estimation algorithm. The method described in 

[78] also used SSIM with an alternate weighting scheme based on human perception of 

motion information. The scheme presented in [75] uses SSIM scores between the motion 

compensated blocks as a measure of the temporal distortions and this scheme is referred 

to as Motion Compensated SSIM or MC-SSIM. The VSSIM algorithm has also been 

proposed [76] which extends SSIM for VQA by estimating an optical flow field and 

calculating similarities along the trajectories. The authors in [82] extended the VIF [44] 

(an IQA scheme) criterion for VQA by using temporal derivatives. Another method 

known as MOVIE [66] uses Gabor filter to decompose the reference and distorted videos 

into spatio-temporal bandpass channels. Motion information is computed from the 

reference video sequence in optical flow fields. The set of Gabor filters used to compute 

the spatial quality is also used to calculate optical flow from the reference video. 

Although significant research effort has been spent in recent years for objective VQA, 

we are still far from a practically useful VQA scheme. The reason is that most VQA 

schemes have very high complexity making them unsuitable for practical applications 

(this is in fact the reason why PSNR continues to enjoy wide popularity despite its 

limitations [16]-[19]). So a low complexity VQA method which can accurately mimic 

HVS’s perception would be invaluable.    

2.3 Speech Quality Assessment 

The rapid increase in usage of speech processing algorithms in multi-media and 

telecommunications applications raises the need for speech quality evaluation. Accurate 

and reliable assessment of speech quality is thus becoming vital for the satisfaction of the 

end-user or customer of the deployed speech processing systems (e.g., cell phone, speech 
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synthesis system, etc.). Like visual signal cases, assessment of speech quality can be 

done using subjective listening tests or using objective quality measures. Subjective 

evaluation involves comparisons of original and processed speech signals by a group of 

listeners who are asked to rate the quality of speech along a pre-determined scale. 

Objective evaluation involves a mathematical comparison of the original and processed 

speech signals. Objective measures quantify quality by measuring the numerical 

“distance” between the original and processed signals. Objective speech quality 

assessment can be done intrusively (i.e. FR) or nonintrusively (i.e. NR). Contrary to the 

area of visual quality assessment, research into FR speech quality assessment has 

resulted in methods with acceptable prediction performance. The ITU-T released P.862 

PESQ [3] as the standard for intrusive speech quality assessment. Because PESQ cannot 

tackle noise-suppression case, it will be soon replaced by P.863 POLQA [4]. However, 

nonintrusive (i.e. NR) quality assessment of speech quality has been a more active 

research area. Although P.563 [5] has been standardized by the ITU-T as the standard for 

nonintrusive speech quality assessment, it does not perform well specifically for noise-

suppression induced distortions. Therefore, in Section 2.3.2, we first analyze the specific 

issues pertaining to quality assessment of noise-suppressed speech and propose new 

solution to tackle this in Chapter 8. As a result, our proposed method can fill the gap in 

current nonintrusive speech quality assessment. 

2.3.1 Objective Quality Assessment 

Early intrusive methods (similar to the FR case of IQA) include SNR and segmental 

SNR [86]. More sophisticated measures (e.g., [87]) were proposed once low bitrate 

speech coders, which may not preserve the original signal waveform, were introduced. 
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More recently, quality measurement research has focused on algorithms that exploit 

models of human auditory perception. Representative algorithms include bark spectral 

density (BSD) [88], perceptual speech quality measure (PSQM) [89], measuring 

normalized blocks (MNB) [90]-[91], and statistical model-based quality measurement 

[92]-[93]. The ITU-T P.862 standard, also known as PESQ represents the current state-

of-the-art double-ended algorithm [3]. Recent research, however, has suggested 

decreased PESQ performance for VoIP communications and algorithm sensitivity to 

connection parameters such as speech codec, packet size, packet loss rate, and packet 

loss pattern (e.g., [94]-[95]).  

The main limitation of intrusive metrics is the requirement of the reference signal.  In 

many practical situations like wireless communications, voice over IP and other in-

service networks requiring speech quality monitoring, an intrusive approach is not 

applicable because the input speech signal is unavailable. In such cases a non-intrusive 

(similar to the NR case of IQA) measurement which depends only on the altered speech 

signal is desirable. 

Non-intrusive evaluation, which is also termed as no-reference, single-ended or output 

based evaluation, is a more challenging problem since the measurement of speech quality 

has to be performed with only the output speech signal of the system under test, without 

using the original signal as a reference. As opposed to intrusive measurement, non-

intrusive measurement is a more recent research field. An early attempt towards 

nonintrusive speech quality measurement, based on the spectrogram of the perceived 

signal, is presented in [97]. In [98] vector quantization codebooks were replaced by 

Gaussian mixture probability models to improve quality measurement performance. 

Other proposed schemes have made use of vocal tract models [100] for single-ended 

quality measurement. The method described in [99] uses Gaussian Mixture Models 
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(GMMs) to create an artificial reference model to compare the degraded speech; while in 

[102], speech quality is predicted by Bayesian inference, and MMSE estimation, based 

on a trained set of GMMs. A perceptually motivated speech quality assessment algorithm 

based on temporal envelope representation of speech is presented in [101]. In [103] a low 

complexity, non-intrusive speech quality assessment scheme has been proposed based on 

features computed from commonly used speech coding parameters (e.g. spectral 

dynamics).  

2.3.2 Specific Issues in Quality Assessment of Noise 

Suppressed Speech 

Literature survey shows that the problem of assessing quality of speech corrupted due 

to codecs and transmission networks has received more research attention [3], [5], [97]-

[103] over the past years. Most of the existing speech quality metrics were developed for 

evaluating the distortions introduced by speech codecs and/or communication channels. 

As mentioned, the ITU-T has also released P.862 PESQ [3] as the current standard for 

intrusive (it will be soon replaced by P.863 POLQA [4]) and P.563 [5] as the current 

standard for nonintrusive quality assessment. By contrast, scant research has been done 

[104] to develop algorithms (intrusive or nonintrusive) that assess quality of noise-

suppressed speech. Furthermore, only a few studies have examined the correlation 

between objective measures and the subjective quality of noise-suppressed speech. The 

reader is referred to [104] which reports the performance of several intrusive methods for 

assessing quality of noise-suppressed speech. 

A metric for assessing quality of noise-suppressed speech is important since distortion 

of speech signals with additive noise is one of the most common factors that affect 
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speech quality and hence, noise-suppression is employed frequently. With advances in 

speech communication technology, noise suppression has become essential for 

applications such as human-machine interfaces like automatic speech recognition, 

hearing aids, video conferencing, and voice-controlled systems. Often mobile voice 

communication devices employ noise-suppression since they are used in an environment 

with a high level of ambient noise. Some other examples where severe speech quality 

degradation occurs due to noise include air-ground communication systems in which 

aircraft cockpit noise corrupts the pilot’s speech, military voice communication systems 

which operates in noisy environment created by fighter aircrafts, machine guns, tanks, 

etc., in-car communication systems which suffers from car noise, teleconferencing 

systems where multi-talker babble noise comes into play. In all these scenarios, noise-

suppression is employed and therefore, a metric to assess the impact of the noise-

suppression scheme(s) with regards to quality is necessary. Furthermore, such a metric 

will also be useful in benchmarking the performance of speech enhancement approaches 

which are widely used [104]. In addition, many current speech coders use noise 

suppression algorithms and thus, it is crucial to assess the impact of noise-suppression on 

the perceived quality. In general, noise suppression has applications [105] in virtually all 

fields of communications (channel equalization, radar signal processing, etc.) and other 

fields (pattern analysis, data forecasting, and so on). Due to its practical significance, 

quality assessment of noise-suppressed is an important research problem but less 

investigated. 

Quality assessment of noise-suppressed speech is a bi-dimensional problem (includes 

both signal and noise distortion components) as outlined by the ITU-T Recommendation 

P.835 [106]. This is because the goal of noise suppression is to reduce the noise or the 

background component without adversely affecting the speech or signal component of 
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the waveform. This is difficult to be realized in practice especially for higher levels of 

noise suppression. In such cases, there is an increasing degradation in the quality of the 

speech or signal component as more of the noise or background component is suppressed. 

This can lead to a situation where although the noise or background component has been 

reduced the speech signal component has been degraded. In such scenarios subjects can 

often become confused [106] as to what they should be responding to in their ratings of 

the overall quality of the waveform: while the background may have been improved 

because there is less noise present in the waveform, the speech signal may have been 

degraded in the process. This is the reason why P.835 was standardized and is based on  

triple notations consisting of signal quality rating, background quality rating and the 

overall quality rating. It aims to reduce the listener's uncertainty by requiring him to 

successively attend to and rate the waveform on: the speech signal, the background noise, 

and the overall effect: speech + background. The ETSI has also released ETSI EG 202 

396-21 [107] which describes a recording and reproduction setup for realistic simulation 

of background noise scenarios in lab-type environments for the performance evaluation 

of terminals and communication systems. 

As mentioned, most existing metrics were developed for the purpose of evaluating the 

distortions introduced by speech codecs and/or communication channels. Therefore, their 

use in assessing perceptual quality of noise-suppressed speech is not obvious. The ITU-T 

Recommendation P.862.3 [96] states that “the use of the current intrusive algorithm 

P.862 (PESQ) with systems that include noise suppression algorithms is not 

recommended.” The reason for this is that most existing intrusive algorithms (including 

PESQ) assume that the input is undistorted and that the processed signal (i.e. signal 
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under test) is of quality no better than the input. Clearly these assumptions are violated in 

case of noise-suppression or speech enhancement. It is due to this that the ITU-T is in the 

process of introducing a new standard namely ITU-T Recommendation P.863 or POLQA 

[4] which will replace PESQ. The scope of POLQA which is an intrusive metric includes 

quality assessment of noise suppressed signals. Another intrusive method described in 

ETSI EG 202 396-31 [108] objectively determines the signal or speech quality, the 

background noise quality and combines the two via regression to obtain the overall 

quality.  

It may be pointed that the metrics discussed here determine speech quality intrusively, 

i.e., requiring a reference signal which may not be always available. Usually when noise 

suppression algorithms are used, only the noise corrupted signal is available, along with 

its enhanced counterpart. In such cases, since the original clean signal is unavailable, 

intrusive methods cannot be used. By contrast, nonintrusive algorithms will naturally 

avoid these problems since they do not require a reference signal. However, it has been 

found that the current nonintrusive ‘state-of-art’ algorithm ITU-T P.563 [5] yields low 

correlation with subjective quality of noise-suppressed speech [9]. As a result of these 

limitations, there is need for research into methods for quality assessment of noise-

suppressed speech. 



 

Chapter 3  

Visual Quality Assessment Using 

Singular Value Decomposition 

3.1 Introduction 

The SVD is a useful and widely used tool of linear algebra for matrix factorization. It 

has been used in many applications such as matrix approximation, noise reduction (by 

using truncated SVD), data compression, analysis of numerical algorithms, computing 

pseudo inverse, to list a few (the reader is referred to [110] for a tutorial on SVD). The 

SVD can be employed for image processing tasks by assuming images as 2D matrices 

(i.e. 2D collection of pixel values). In this chapter, a new SVD based visual quality 

assessment algorithm is presented. The SVD of a matrix yields singular vectors (these 

define a set of basis images) and values (these correspond to the weights assigned to the 

basis images). The singular vectors and values can be respectively used to characterize 

structural and luminance changes in the visual signal (as elaborated in Section 3.2). The 

presented scheme uses changes in singular vectors and values as a more comprehensive 

measure of the structural and luminance changes respectively. Accordingly, it achieves 

significantly better performance than the existing SVD based method [37] which 
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employs only singular values. In addition, since structural changes have larger impact on 

the perceived visual quality, singular vectors alone can also be used for quality 

measurement with small prediction accuracy loss (to be demonstrated in this chapter).    

   The remainder of this chapter is organized as follows. Section 3.2 discusses the 

theoretical and experimental aspects of characterization of images by SVD. Section 3.3 

describes the proposed method. In Section 3.4, we describe the image and video 

databases used in this thesis. The performance of the proposed method is evaluated in 

Section 3.5 while Section 3.6 concludes the chapter.   

3.2 Feature Extraction with SVD  

Visual features must be extracted effectively for objective perceptual quality 

assessment. Various transforms like DFT, DCT, DWT, contourlet transforms etc. can be 

used. In general, any 2-D transform decomposes the image into several basis images 

weighted by transformation coefficients. Visual quality can be assessed by measuring the 

changes in transformation coefficients [34]-[37], [39]. For example, in [39], image 

quality was predicted by computing the difference between frequency-domain 

coefficients of the original and distorted images. For the frequency-domain transforms 

like DFT and DCT, the basis images (accounting for image structure) are same for all the 

images, so the changes in visual signal can be captured only by the transformation 

coefficients. On the contrary, the basis images for SVD are unique for each image, and 

are expected to be able to represent the structure of an individual image better. Hence 

any change caused in the image structure is reflected in the individualized basis images 

with SVD. Due to this, SVD is more advantageous for capturing structural components 

in the visual signal. As stated before, effective differentiation of structural changes is the 
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prerequisite for its deserved treatments in visual quality evaluation, in order to remedy 

the mistake in MSE/PSNR and other existing metrics.  

The SVD [110] of an image matrix X (size r × c) yields the left singular vector 

matrixU , the right singular vector matrix V and the diagonal matrix of singular valuesσ : 

                                                         TVσUX =                                            (3.1) 

such that 

                                                          ]...[ ruuuU 21=  

                                                           ]...[ cvvvV 21=  

                                                         ),...,( tdiag σσσ 21=σ  

where iu  and jv  are column vectors while kσ is a singular value (i = 1,2,…,r, j = 

1,2,…c, k = 1,2,…t, and t = min(r,c)). The singular values appear in descending order, i.e. 

tσσσ ...>> 21 . 

3.2.1 Analysis of singular vectors 

Any row of X can be expressed as 

                                                        ∑=
k

T
kkiki u vp σ                                               (3.2) 

Similarly, any column of X can be expressed as  

                                                        ∑=
k

jkkkj vσuq                                                      (3.3) 

Therefore, ip  is a linear combination of the right singular vectors kv  and jq  is a linear 

combination of the left singular vectorku . 

The matrix TUV  can be interpreted as the ensemble of the basis images while the 

singular values σ are the weights assigned to these basis images. The image structure can 

be therefore be represented as 
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                                                        ∑
=

=
z

i

T
iiz

1

vuX                                                           (3.4) 

where z (z ≤ t) is the number of iu and iv  pairs used.  

Each basis image (i.e. T
ii vu ) specifies a layer of the image geometry and the sum of 

these layers denotes the complete image structure. The first a few singular vector pairs of 

iu  and iv  account for the major image structure while the subsequent pairs account for 

the finer details in the image. We illustrate this point through an example shown in 

Figure 3.1 where the image size is 512 × 512 and thus, t = 512. We can see that the first 

20 pairs of iu  and iv  (i.e. z = 20 in Eq. (3.4)) capture the major image structure and the 

subsequent pairs of iu  and iv  signify the finer details in image structure. As an increasing 

number of iu  and iv  pairs are used, the finer image structural details appear. U and V can, 

therefore, be used to represent the structural elements in images. 

Because V is square, and also row-orthogonal, we can write the SVD of X as 

                                                    ∑∑ ==
k

T
jkik

T
jkk

k

ikji vcvu σ,X                                      (3.5) 

We can compare this with the DFT, which decomposes the original data into an 

orthogonal basis that can be expressed as follows 

                                                             ∑=
k

rjk
ikji eb /

,
π2iX

                                       (3.6)  

We can see from Eqs. (3.5) and (3.6) that SVD is similar to the DFT in the sense that 

the cyclical term rjke /2πi is replaced by the normalized vector term T
jkv . Although the 

coefficient matrix C = { ikc } of SVD is orthogonal (since U is orthogonal), the coefficient 

matrix G = { ikb } of the DFT is not orthogonal in general. Nevertheless this demonstrates 

that the SVD is similar to the DFT, where the basis images are determined in a very 

specific way from image data rather than being given at the outset as for the DFT. 
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            Original image                          (a) z = 10                                 (b) z = 20                                                     

     

             (c) z = 30                              (d) z = 100                                (e)  z = 512  
 

Figure 3.1: Xz  as defined by Eq. (3.4) for different z values 

 

 In view of the analogy between SVD and DFT, the first a few singular vectors denote 

the low frequency components of the image while the subsequent vectors account for the 

higher frequency, as can be seen from Figure 3.1. We can see that using the first 10 or 20 

vectors, mainly the low frequency components are visible. The high frequency 

components appear as the number of vectors is increased. The major advantage of using 

SVD in comparison with DFT is that the basis images adaptively defined in Eq. (3.4) 

leads to the possibility of representing the image structure better. 

We would also like to point out that the image structure represented by Eq. (3.4) is 

different from the one in SSIM. The image structure defined by us in Eq. (3.4) is more 

intuitive and with a physical meaning in that it relates to edges and other salient parts of 

the image (for example with small value of z in Eq. (3.4) one can only the basic structure 
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and finer details appear with increasing z). On the other hand, the term structure in SSIM 

refers to the fact that pixels in natural images are correlated or there exists  statistical 

similarity between nearby pixels. Accordingly in SSIM the structure has been defined as 

the correlation coefficient between the reference and distorted image patches (i.e. a 

higher value indicates lower damage to structure). In essence, SSIM works on the idea 

that any distortion will disturb this correlation or in other words damage the structural 

relationship between neighbouring pixels. Thus, the term structure in SSIM has more to 

do with statistical properties rather than the actual image structure (which comprises of 

say edges). As a result of its definition, the SSIM structure comes into picture only when 

one compares two image patches (so for a single image patch structure is not defined). 

On the other hand, the SVD based structure in Eq. (3.4) is defined for each image (or 

image patch) individually. From the perturbation analysis theory [111]-[112], U  and 

V are found to be sensitive to perturbations. Therefore, any changes introduced in the 

image (due to distortion) affect the singular vectors significantly. The sensitivity of 

singular vectors can be exploited to assess the visual quality since the changes in visual 

quality are characterized by structural changes. For example, blur affects image structure 

by damaging edges and high frequency regions. The commonly-used JPEG image 

compression scheme damages structure by introducing blockiness; JPEG-2000, which is 

a more recent compression standard based on the wavelet transform, makes images 

blurry along the edges and in high frequency areas. As shown in Figure 3.2, different 

types of distortions (added noise, blurring, and JPEG/JPEG-2000 compression) affect the 

structure of visual signal represented by U and V . Since the changes in adaptively 

determined U and V account for such structural changes, they provide an effective basis 

for assessing visual quality. 
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             (a) Original image              (b) Noisy image                    (c) Blurred image 

     
              (a1) Original UVT               (b1) Noisy UVT                    (c1) Blurred UVT                           

      
              (d) Original image                (e) JPEG image                  (f) JP2K image 

     
                 (d1)Original UVT                 (e1) JPEG UVT                  (f1) JP2K UVT 

 
Figure 3.2: Structure denoted by the singular vectors i.e. UVT in images 
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                   . 

                 (a)                           (b)                                (c)                               (d) 

                      
                  (e)                               (f)                               (g)                            (h) 

                 
                  (i)                                (j)                              (k)                              (l) 

                    
                   (m)                              (n)                             (o)                              (p) 
 

Figure 3.3: Effect of changing σ in images 

Images (i) to (o) are constructed from U, V of original ‘Lena’ image (h) and the σ 

matrices of images from (a) to (g) respectively. Image (p) is constructed from U, V of 

original ‘Lena’ image (h) and the average of σ matrices of images from (a) to (g) 

 

3.2.2 Further analysis with singular values 

The σ values are mainly related to the luminance changes in images, as shown in 

Figure 3.3: (a) to (h) show eight test images; (i) to (o) show the ‘Lena’ image (h) 

constructed with its own U  and V , but using the σmatrices of the other images (a) to (g) 



Chapter 3. Visual Quality Assessment Using Singular Value Decomposition 
 

 38  

respectively; in  (p), we also show the ‘Lena’ image constructed with its own U  and 

V and the average σ of images (a) to (g).  

We can observe the luminance changes in the reconstructed ‘Lena’ images (i) to (p). A 

closer examination of Figure 3.3 reveals that the images (e) and (f) are with much 

brighter and much darker luminance respectively, compared to other images. The 

corresponding luminance changes can be seen in (m) and (n) which are formed from the 

σmatrices of images (e) and (f) respectively. 

In the MSVD metric [37], σ  was used on the basis that it denotes the activity level in 

an image block. Activity level is defined as the luminance variation in pixels of an image 

block. A high activity level represents roughness or strong texture. Similarly, a low 

activity level corresponds to smoothness or weak texture. Due to its ability to 

characterize luminance changes,σ  has also been used for image texture classification 

[113]. To illustrate this point further, we show two 8 × 8 blocks taken from ‘bikes’ image 

(shown in Figure 3.3 (a)) of the LIVE image database [115], one with a larger pixel 

intensity variation (denoted by BH) and the other with a smaller variation in pixel 

intensities (denoted by BL). 

                                           

                                    BH                                                      BL 

 

The singular values of BH and BL are as follows: 

diag (σH) = [478.75, 129.22, 64.71,40.68, 26.4, 15.42, 4.84, 1.05],   

diag (σL) = [791.68, 10.42, 4.25, 2.17, 0.69, 0 ,0 , 0] 
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               Figure 3.4: Behavior of singular values for noise and blur distortion 

The ratio of the largest to the second largest singular value can be used to indicate the 

activity level [37]. In this example, this ratio is 3.70 for BH (with high pixel variation) 

and it is 75.97 for BL (with low pixel variation). The extreme case of BL is a block in 

which all the pixel values are equal to, say q (i.e. no variation in pixel intensity); for such 

a block, the first singular value will be 8 × q and the rest will be all zero. In this case, the 

said ratio is infinite, indicating no variation in pixel luminance. Different types of 

distortions bring about different changes in image luminance (with the related textural 

changes) which are captured reasonably well by the changes in singular values. 

As mentioned in Section 3.2.1, singular values are the weights for the basis images 

which can also be related to the changes in the frequency components of the image. 

Consider an 8 × 8 block of the “rapids’ image (shown in Figure 3.3 (b)) of the LIVE 

image database. This block is then distorted by noise and blur. We show the singular 

values of the original, noisy and blurred blocks in Figure 3.4. One can notice that σ  of 

the noisy block has higher values than that of the original block and they decay slower. 

We can interpret σ  to denote the effect of change in frequency because the noise 

increases the frequency and this is captured in the increased σ  values. On the other hand, 
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blur reduces the frequency and the reader will notice thatσ of blurred block have lower 

values as compared to the original block and it decays very fast implying loss of 

frequency. In view of these, σ  also reflects the changes induced in images due to the 

distortion and thus provide useful information to characterize the quality. This is the 

reason why σ  can be used for quality evaluation [37]. 

3.2.3 The Proposed SVD-Based Metric   

Based on the analysis and reasoning in the previous section, we observe the following: 

• U  and V denote the “building blocks” (or basis images) while σ determines how 

much (i.e. the weight) of each basis image is needed for image formation.  

• In general any distortion will affect U  and V and σ . This has been illustrated by 

visual examples shown in Figures 3.2 and 3.4. U  and V can capture structural 

changes better. However, for the special case of luminance change only (for example 

multiplying the image by a constant), U  and V remain unchanged (this is similar to 

gradient of the image which is not affected due to simple luminance changes) but 

σ can reflect such luminance changes.  

• The changes in U  and V are more important because they can account for the major 

factor in quality degradation. On the other hand, changes in σ can be used to 

characterize luminance changes. As a result, changes in U  and V and σ together 

provide a more comprehensive basis for visual quality assessment. 

In summary of the analysis in the section above, the SVD transform has two major 

advantages over the other transforms for visual quality evaluation: (a) the adaptively 

derived singular vectors allow better representation of image structure, (b) the separation 

of structure and luminance components enables more effective differentiation of their 
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effects on perceptual quality (while in other transforms, all changes are reflected in the 

transform coefficients). We now describe the proposed scheme. 

We decompose the original image (or video frame) X  of the original video using (3.1) 

and the distorted image (or video frame) (d)X  as 

                                                         Tdddd )()()()( VσUX =  

where (d)U , (d)V and (d)
σ denote the left, right singular vectors and singular value 

matrices respectively for )(dX  .We then measure the change in singular vectors as 

                                                            
)(uu d

jjj .=α                                                    (3.7)                                  

                                                            
)(vv d

jjj .=β                                                      (3.8)                   

where jα  (j = 1 to t) represents the dot product between the unperturbed (i.e. reference) 

and the perturbed (i.e. distorted) j th left singular vectors (ju and (d)
ju ) and jβ  denotes that 

for the right singular vectors (jv and (d)
jv ). 

To illustrate the meaning of Eq. (3.7) (and also for Eq. (3.8)), we take a further look at 

the dot product between two vectors ju and (d)
ju (angle between them is θu) which is 

defined as  

                                                       )(||||. u
)( θcosd

jjj uuuu (d)
j =                      (3.9) 

In the case of singular vectors, the magnitude of each vector is unity, i.e. 1== |||| )(d
jj uu . 

Thus the dot product between the unperturbed and the perturbed singular vectors (as 

given by Eqs. (3.7) and (3.8)) directly measures the cosine of the angle between the two 

singular vectors, and 1,1 ≤≤− jj βα . 

We then define the feature vector jΓ  for representing the change in U  and V as follows 

                                                       || jjj βα +=Γ                                (3.10) 
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Note that in the above Eq. we could also use |jα | + | jβ | instead of | jα  + jβ |. However, 

we found that the two yield largely similar results. The reason is that there are many jα  

and βj which are positive (i.e. 0 ≤ jα  , jβ  ≤ 1) in which case |jα | + | jβ | = | jα  + jβ |. We 

can see that Eq. (3.10) defines a t-dimensional vector }{ jj γ=Γ (j = 1 to t).  We then use 

Minkowski summation and logarithmic scale to obtain the quality score 
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where p (> 1) is the pooling exponent. A larger p puts more emphasis on large jγ values. 

We used p = 2 for the experiments. SQ defined above can be used to quantify the 

structural modifications. For measuring the change in singular values, we use the existing 

MSVD metric in which the difference between the singular values of the reference and 

distorted image blocks is computed. We denote the overall quality based on change in 

singular values as LQ  

                                                                 

total

B

j

midj

L N

DD

Q
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=

−
= 1

||
                            (3.12) 

where for each  j th block we calculate  

                                                            ∑
=

−=
B

i

p
iijD

1

2}{ )(σσ                                       (3.13) 

where B defines the block size (in an image with size of r × c), Ntotal = r/B × c/B, and 

midD represents the midpoint of the sorted jD ’s.  

We now combine SQ  and LQ  to obtain the overall quality score. If a linear combination 

is used, the overall composite quality metric CQ  can be defined as  
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                                                           LSC QQQ µ−=                                                  (3.14) 

where µ is a user-defined parameter (we used 5=µ ) to cater for the different valuation 

between the two. The negative sign has been introduced in the definition of CQ  to 

accommodate the opposite trend of change in SQ  and LQ (note that higher SQ  means 

better visual quality while higherLQ  implies lower quality). Note that when 0=µ , we 

have SC QQ =  i.e. the contribution from singular values is ignored and quality prediction 

depends only on the degradation of singular vectors. As µ  value will be increased, 

obviously the contribution from LQ will increase. We also note that the existing MSVD 

method is a special case of Eq. (3.14) when the value of µ is made significantly large 

(due to this there will be no contribution from SQ to the overall quality). The composite 

metric CQ accounts for the changes in singular vectors and values through a simple linear 

combination. The database description and the experimental results for SQ , LQ  and CQ  

are presented in the next section. We also compare the proposed scheme with three other 

schemes, namely SSIM [2], VSNR [45], IFC [114] and MSVD [37].    

3.3 Experimental Results 

3.3.1 Performance Evaluation 

Following the Video Quality Experts Group (VQEG) validation methodology [81], a 

nonlinear mapping between the objective model outputs and the subjective quality 

ratings was also employed. This is to remove any nonlinearity due to the subjective 

rating process and to facilitate the comparison of the metrics in a common analysis space. 

For the experimental results reported in this chapter, we fitted the objective scores to 
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subjective scores via a four-parameter cubic polynomial a1x
3+a2x

2+a3x+a4 where a1, a2, a3 

and a4 are determined by using the subjective scores and the objective outputs. We used 

three databases namely LIVE, TID and Toyama for evaluating and comparing the 

prediction accuracy. The reader is referred to the Appendix for a description of the 

databases. The Pearson correlation coefficient (CP) , Spearman correlation coefficient (CS) 

and Root Mean Square Error (RMSE) are shown in Figure 3.5 for SSIM [2], IFC [114], 

LQ (i.e. MSVD metric [37]), VSNR [45], SQ and CQ . Further Table 3.3 reports the CP for 

individual distortion types. For the codes of SSIM, IFC and VSNR, we have used the 

publicly accessible Matlab package that implements a variety of visual quality 

assessment algorithms [170]; they are the original codes provided by the IQA algorithm 

designers. The MSVD method was implemented by us. 

We can see that CQ  generally performs better than the other metrics. We also observe 

that the prediction performance of SQ and CQ is close ( CQ  being slightly better). The 

reason is that structural changes account for the major factor affecting visual quality. 

To assess the statistical significance of each metric’s performance relative to the other 

metrics, an F-test was performed on the prediction residuals between the objective 

predictions (after non-linear mapping) and the subjective scores. Obviously smaller the 

residuals, the better the metric is. The test is based on an assumption of Gaussianity of 

the residual differences. Suppose proposedQ  denotes the proposed metric and X denotes the 

other metrics to be compared. 
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 Table 3.1: Implications of different ranges of F values. 

F  >  Fcritical 1 < F < Fcritical 1/Fcritical < F < 1 F < 1/Fcritical 

X has significantly larger 

residuals than proposedQ , 

so proposedQ  is 

statistically better than X. 

Although proposedQ  

performs better than X since 

F>1, both proposedQ  and X 

are statistically 

indistinguishable. 

Although X performs better 

than proposedQ  since F<1, 

both proposedQ  and X are 

statistically 

indistinguishable. 

X has significantly smaller 

residuals than proposedQ , 

so proposedQ  is 

statistically worse than X. 

 

Table 3.2: F-statistics of different metrics with respect to the proposed method 

Database/ 

Metric 

LIVE Toyama TID 

SSIM 1.28 1.75 1.07 

IFC 0.91 1.42 1.69 

MSVD ( LQ ) 1.55 1.61 1.50 

VSNR 1.09 1.17 1.48 

SQ  1.12 1.14 1.11 

CQ  1 1 1 

Fcritical 

 

1/ Fcritical 

1.18 

 

0.84 

1.41 

 

0.70 

1.12 

 

0.89 

 

Table 3.3: Performance comparison on individual distortion types 

Metric JP2K JPEG White noise Blurring Fastfading 

SSIM 0.956 0.943 0.970 0.945 0.948 

IFC 0.957 0.932 0.976 0.969 0.963 

VSNR 0.953 0.943 0.978 0.934 0.902 

MSVD ( LQ ) 0.941 0.926 0.979 0.919 0.891 

CQ  0.952 0.951 0.984 0.962 0.949 
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Figure 3.5: Performance comparison on 3 image databases 

(a) Comparison of Pearson correlation coefficients, (b) Comparison of Spearman 

correlation coefficients (c) Comparison of Root Mean Square Error for Toyama and TID 

databases (d) Comparison of Root Mean Square Error for LIVE database 

 

 

Let 2
Xσ and 2

proposedQσ  denote the variances of the residuals from metrics X and proposedQ  

respectively, and then the F-statistic with respect to metric proposedQ  is given by 

22

proposedQXF σσ /= . The F value is then compared with the critical F-statistic (denoted as 

Fcritical) which is computed based on the number of residuals and the desired confidence 

level, to judge if proposedQ and X are statistically indistinguishable. Table 3.1 lists the 
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implications of different ranges of F values. For the experimental results, we have used a 

99% confidence level for the calculation of Fcritical values. The values of F > Fcritical 

indicated by boldfaced letters in Table 3.2 denote that the proposed CQ  has significantly 

smaller residuals than the corresponding metric and so CQ  performs statistically better 

than that metric. Since the MSVD metric (i.e.LQ ) uses only σ, it is worth pointing out 

that CQ  is statistically better than MSVD with all databases; this demonstrates the 

effectiveness of incorporating U and V. We can also see that there is big margin for F to 

be compared with 1/Fcritical (even for the three cases in Table 3.2, in which F < Fcritical). 

The experimental results and the related statistical analysis therefore confirm that the use 

of U and V along with σ improves the quality prediction performance significantly. 

3.4 Concluding Remarks 

In this chapter, we have investigated SVD based features for visual quality assessment. 

The major advantage of SVD over other transforms is that the adaptively determined 

singular vectors lead to a better structural representation of the signal while singular 

values can be used to measure luminance changes. The proposed method has been tested 

using three databases and has been found to be better or very competitive with the 

existing popular and relevant methods like SSIM, VSNR, IFC and MSVD.  

Although the linear combination as the fusion rule in this chapter is computationally 

simpler, it may not be optimal. Further, both SQ  and LQ themselves are computed using 

simple Minkowski summation (this has its own drawbacks as discussed in Section 

2.1.2.2). The pooling exponent p in Eqs. (3.11) and (3.13) has been set to 2 but this again 

may be sub-optimal. The parameterµ in Eq. (3.14) is also determined empirically. We 

believe that these issues can be tackled better by employing machine learning based 
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feature pooling. Therefore more sophisticated method for feature pooling using machine 

learning will be explored in the next chapter (Chapter 4).   



 

Chapter 4  

Machine Learning Based Visual Feature 

Pooling  

4.1 Introduction 

As pointed out in Chapter 2, there are two important issues in objective quality 

assessment: (1) feature extraction for representing the visual signal appropriately, (2) 

pooling of the features for the result to be consistent with the HVS’s perception of visual 

quality. In the previous chapter (Chapter 3), we have discussed SVD based features for 

assessing image and video quality. However, the pooling was still done using existing 

simplistic methods which may impose undesirable constraints on the relationship 

between feature changes and the visual quality.  

As mentioned in Section 2.1.2.2, the existing pooling techniques implicitly make 

assumptions on the relative importance of distortion statistics, and there is lack of 

convincing ground for these assumptions. Even the more recent methods such as those 

based on VA have their drawbacks as detailed in Section 2.1.2.2. Overall, feature pooling 

is done largely using ad-hoc methods and therefore calls for further investigation and 

analysis. Appropriate feature pooling is an essential step for perceptual quality 
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assessment but there is lack of physiological and psychological knowledge for the 

convincing modeling (the psychophysical studies that have been conducted in the related 

field are for a single or at most two visual stimuli (e.g., in frequency, orientation, etc.), 

while real-world images are with many stimuli simultaneously).  

Therefore, we propose to use machine learning to tackle the complex issue of feature 

pooling. It is an attractive alternative for feature pooling because such an approach is 

general, more systematic and reasonable, and the related model parameters (weights) are 

estimated via training from the sufficient, available data (i.e., the substantial ground 

truth). Given the strong theoretical foundations and proven success of machine learning 

techniques in numerous applications (such as face detection [157], handwriting/signature 

verification [158], video surveillance [159], robot tutoring [160], speech quality 

assessment [7] and so on), we believe that it can be exploited for perceptual quality 

assessment.  

In contrast to the existing pooling methods, a machine learning technique in visual 

quality evaluation helps in avoiding assumptions on the relative significance and 

relationship of different distortion statistics (i.e. feature changes). There has been some 

early work in applying machine learning techniques for visual quality evaluation. In 

[162]-[163], objective VQA using Neural Networks (NNs) has been reported while the 

use of NNs has been demonstrated in [164]-[165] for image cases. Overall, machine 

learning in visual quality evaluation remains as a largely uninvestigated area.  

The rest of this chapter is organized as follows. In Section 4.2, we first describe SVD 

based feature preparation for quality assessment and introduce the notations. A brief 

overview of SVR which we have employed for feature pooling is provided in Section 4.3. 

Extensive experimental results and related analysis are then reported in Section 4.4. We 
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give the concluding remarks in Section 4.5. 

4.2 SVD Based Feature Preparation 

Features can be detected globally with large blocks or locally with small blocks. We 

found that global SVD gives better prediction performance than local SVD. One reason 

for this is that when small blocks are employed in SVD based feature detection they are 

assumed to be completely independent which may not always be true. A global SVD, on 

the other hand, can tackle the interaction/dependencies between the blocks better. 

Furthermore, local SVD is also disadvantageous when used with machine learning: it 

will mean much larger number of features. For instance, for block size of 16 × 16 (image 

size 512 × 512) one would need 32768 dimensional vector (16384 features each for 

singular vectors and values). A large feature vector may contain redundant information 

which leads to performance degradation. Therefore, a global SVD is more effective for 

our purpose. However with the global SVD approach the feature vector dimension will 

depend on the image size and this will result in feature vectors of unequal dimensions for 

the images in different databases. This will lead to mismatch in the dimension of the 

training and test feature vectors in case of cross database evaluation (i.e. training with 

images from one database and test set comes from the other databases as detailed later in 

Section 4.5).  

There are two ways to tackle the aforementioned problems. The first way to make the 

feature vector dimension equal for all images is to resize them to a common size. This is 

a straightforward solution but such an approach may introduce or remove some 

distortions and so the original subjective scores may not be valid. To tackle the drawback 

associated with image resizing, we use an approach in between. We divide an image into 
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blocks of size B × B and compute the SVD for each block. Then we use the average of 

the feature values of these blocks to define the final feature vector which will be 2B 

dimensional (B features for singular vectors and B features for the singular values). The 

only requirement is that image size should be greater than or equal to B × B. For images 

with smaller size, we must use smaller block size and proceed in a similar way. We now 

outline the feature detection procedure. 

First, the original and distorted images are divided into non-overlapping blocks of size 

B × B. Let us denote the kth (the total number of blocks is denoted asblockN ) block in the 

original image as kA and that in the distorted image as)(d
kA . We then obtain the respective 

singular values and singular vectors by applying SVD. The change in singular vectors is 

measured as: 

                                                       (d)
jkjkjk uu .=α                                                           (4.1) 

                                                      
(d)
jkjkjk vv .=β                                                           (4.2) 

where jkα  (j = 1 to B and k = 1 to Nblock) represents the dot product between the 

unperturbed and the perturbed j th left singular vectors (ju and (d)
ju ) and jkβ  denotes that 

for the right singular vectors (jv and (d)
jv ) of the kth block. The reader can notice that Eqs. 

(4.1) and (4.2) are the same as Eqs. (3.7) and (3.8) respectively but the former use the 

additional subscript k to indicate the kth block.  

Note that 11 ≤≤− jkjk βα , . We then define the feature vector kΓ for the kth block for 

representing the change in U  and V as follows, after the absolute-valuation (for the 

reason explained at the end of this section) and normalization (for the values to range 

between 0 and 1):    
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2

|||| jkjk
k

βα +
=Γ            (j = 1 to B)                    (4.3) 

To measure the change in singular values (letkσ and )(d
kσ denote the original and 

distorted singular value matrices), we let )(σs diag= and )( (d)
k

(d)
k σs diag= . We then define the 

feature vector for representing the change in singular values as 

                                                          ( )2)(d
kkk ssτ −=                                                      (4.4) 

The length of kΓ and kτ will be B. From Eq. (4.4), it is easy to see that all the elements 

of  kτ  are greater than or equal to 0. It is found that for natural images the dynamic range 

of kτ is very large. Therefore, we divide each element in kτ by the maximum value in 

kτ for normalization to the range [0, 1], and define the resultant vector kλ as 

                                                          )(/ kkk max ττλ =                                          (4.5) 

The feature vector for the kth block is then defined as 

                                                         { }kkk λΓx ,=                                                        (4.6) 

It follows that vector kx will be of length 2B. The final feature vector for the image is 

then obtained by averaging out the features over all the blocks  

                                                        ∑
=

=
blockN

k

k
blockN 1

1
xx                                                (4.7) 

  We found that the prediction errors were reduced significantly when we used the 

absolute values of jkα and jkβ in Eq. (4.3) (instead of using the actualjkα and jkβ ), with the 

explanation as follows. By definition, 11 ≤≤− jkjk βα , and so )( jkjk βα +  can be positive or 

negative. Thus, two coefficients next to each other can be of similar magnitude but 

opposite sign to cause a large swing in the input data. This may affect the generalization 

performance of a machine learning algorithm. Therefore, we have used the absolute 
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values as the feature input for the machine learning stage. A similar conclusion can be 

found in [233] which discusses the application of SVR for image coding when the 

absolute magnitudes of DCT coefficients were used as the input to the SVR. The reader 

may also note that Eq. (4.3) is also slightly different from Eq. (3.10) but the two yield 

largely similar results as explained in Section 3.2.3 of the previous chapter.  

In our case, we used a block size of 128 (i.e. B = 128) and thus the feature vector for an 

image will be 256 dimensional. We also experimented with smaller block sizes 64 × 64, 

32 × 32, etc., but the prediction performance especially for cross database evaluation is 

better at a bigger block size. There are two reasons for this observation:  

 (a) As already mentioned, smaller blocks may not take into account the dependencies 

or interactions among them because features are extracted for each block independent of 

other blocks. 

 (b) With smaller block size say 8 × 8 there will be 16 features for each block and there 

will be a total of 4096 blocks. It is quite possible that in such a case the useful 

information about change in quality may be suppressed due to averaging over a large 

number of blocks. In fact we use a machine learning technique in the first place to avoid 

such direct averaging/pooling methods. Nevertheless, with a larger block size such as 

128 × 128, the average of features is computed over fewer blocks and therefore more 

reasonable for the purpose. 

The reader will note that the chosen block size of 128 × 128 can handle almost all the 

existing image and video resolutions. For example, the typical resolution for DVD, 

miniDV and Digital8 is 720 × 480 while newer technologies use higher resolutions (for 

instance, Blue ray uses 1280 × 720, 2K digital cinema uses 2048 × 1080, and so on); the 

other  commonly used video resolution are CIF (352 × 288), QCIF (176 × 144), 4 CIF 
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(704 × 576), QVGA (320 × 240), VGA (640 × 480), XVGA (1024 × 768), DVD NTSC 

(720 × 480), DVD Pal (720 × 576), HDTV 720p (1280 × 720), etc. Note that for image 

sizes which are not multiples of the chosen block size, one can use overlapping blocks 

(or zero padding) to compute the averaged feature vector as outlined. We found that 

overlapped blocks (or zero padding) do not have any significant effect on the prediction 

accuracy. 

4.3 Feature Pooling using SVR  

Our aim is to represent the quality score Q as a function of the proposed feature vector 

x: 

                                                                   Q = f (x)                                          (4.8) 

where f is a function relating the elements of x to the final quality score and is difficult 

to be determined apriori. To estimate f we use a machine learning approach. In this work, 

we use SVR to map the high dimensional feature vector into a perceptual quality score, 

by estimating the underlying complex relationship among the changes inU , V ,σ and the 

perceptual quality score. Although other choices of machine learning techniques are 

possible, we have used SVR because it is popular and well established. Furthermore, 

with SVR one can obtain the SVs which are critical datapoints for the SVR learning; 

their analysis can provide additional insights about the learning problem in hand, as will 

be shown later in the chapter. 

The goal of SVR is to find f, based on training samples. Suppose that xi is the feature 

vector of the i th image in the training image set (i = 1, 2… l; l is the number of training 

images). In the ε -SV regression [166]-[167] the goal is to find a function f(xi) that has 

the deviation of at most ε  from the targets si (being the corresponding subjective quality 
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score) for all the training data, and at the same time is as flat as possible [167]. The 

function to be learned is f(x) = T W φ(x) + b; where φ(x) is a non-linear function of x, W  is 

the weight vector and b is the bias term. We find the unknowns W  and b from the 

training data such that the error 

                                                          |si-f (xi)| ≤ ε                                                       (4.9) 

for the i th training sample {xi,si }. In SVR, a kernel function )( xφ is employed to map 

the data into a higher dimensional space. We solve the following optimization problem  

                                               ( )∑
=

++
l

i

ii
T

bW
Cmin

12

1 *
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WW                                      (4.10) 
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where
iξ is the upper training error (*iξ is the lower training error) ε being a threshold; 

WW T

2

1 is the regularization term to smooth the function T W φ(x) + b in order to avoid 

overfitting; 0>C , being the penalty parameter of the error term. Eq. (4.10) can be solved 

using the dual formulation to obtain the solution( )b,W . 

It has been shown in [166] that   

                                            W  = )( *
ii

i

svn
ηη −∑

=1

 φ( xi)                                               (4.11) 

where *
iη and iη  (0 ≤ *

iη , iη  ≤ C) are the Lagrange multipliers used in the Lagrange 

function optimization, C is the trade off error parameter and svn  is the number of SVs. 

For data points for which inequality (4.9) is satisfied, i.e. the points which lie within the 
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ε  tube, the corresponding *iη and iη  will be zero so that the Karush Kuhn Tucker (KKT) 

conditions are satisfied [166]. The samples that come with nonvanishing coefficients (i.e. 

non zero *
iη and iη ) are SVs, and the weight vector W  is defined only by the SVs (not all 

training data). The function to be learned then becomes  

                           f(x)  = T W φ(x) + b = )( *
ii

i

svn
ηη −∑

=1

 φ( xi)
T φ(x) + b 

                                                          = )( *
ii

i

svn
ηη −∑

=1

K(xi, x) + b                               (4.12) 

where K(xi, x) = φ(xi)
Tφ(x) is the kernel function. In SVR, the actual learning is based 

only on the critical points (i.e., the SVs). In this chapter, we have used the Radial Basis 

Function (RBF) as the kernel which is of the form K (xi, x) = exp (-ρ ||xi – x||2) where ρ is 

a positive parameter controlling the radius. 

4.4 Performance Evaluation 

For the image case we used LIVE, TID, Toyama, IVC, watermarked image database, 

WIQ, CSIQ and A57 while for video case we used EPFL and LIVE video databases 

(Refer to the Appendix for details). Most of the existing visual quality metrics work only 

with the luminance component of the image/video. Therefore, all experimental results 

reported in this dissertation are for the luminance component only (because the 

luminance component plays a more significant role in human visual perception than 

color components).We now outline the training and test procedure. 

4.4.1 Test procedure 

We evaluate the performance of the proposed scheme in two different ways. Firstly, we 
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have employed the k-fold CV strategy [168] for each database separately: the data was 

split into k chunks, one chunk was used for test, and the remaining (k-1) chunks were 

used for training. The experiment was repeated with each of the k chunks used for testing. 

The average accuracy of the tests over the k chunks was taken as the performance 

measure. The splitting of the data into k chunks was done carefully so that the image 

contents present in 1 chunk did not appear in any of the remaining chunks (and this 

chunk is used as the test set). One image content is defined as all the distorted versions of 

an original image. As an example, consider the CSIQ database which consists of 30 

original images. In this case, the first chunk included all the distorted versions of the first 

3 original images. The second chunk consisted of distorted versions of the next 3 original 

images and so on. Thus, for the CSIQ database there were a total of 10 chunks each of 

which comprised different image contents. In the same way, the Toyama database (with 

14 original images) was split into 7 chunks with each chunk comprising of 2 image 

contents. The LIVE database with 29 original images was split into 10 chunks with the 

first 9 chunks consisting of 3 image contents each while the last chunk included 2 image 

contents. Similar splitting procedure was followed for the other databases as well. In this 

way, it was ensured that images appearing in the test set are not present in the training set. 

In this chapter, the symbol fullQ  has been used for the proposed method to indicate the 

results for k-fold CV.  

Since the proposed metric involves training, we need to further examine the feasibility 

and robustness of such machine learning based system to untrained image and distortion 

types. To that end, we use the cross database validation: one database is used for training 

and others are used for validation. In this thesis, we use the notation Qdatabase to denote 

training with a particular database. So QCSIQ, QLIVE and QTID denote that training is done 
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with the CSIQ, LIVE and TID databases respectively, and similar notation has been 

followed for other databases as well. However, some databases have a few images in 

common, e.g., LIVE, TID and Toyama. Therefore, we have reported the cross database 

evaluation results for the cases when none of the images in the training set has appeared 

in the test set. This is again to ensure that the system is trained and tested on entirely 

different sets of images. We have also used the symbol Qvector to denote the metric that 

uses only singular vectors as the features (introduced in [179]) and we will compare its 

performance with fullQ  which uses both singular vectors and values as a more 

comprehensive method. Note that for Qvector we have reported only the best results 

among those obtained on training with different databases.  

A 5-parameter logistic mapping between the objective outputs (x) and the subjective 

scores was employed before performance comparison. The used logistic function has the 

following form 

                                     ( )( ) 54
32

1 1

1
50 ββ

ββ
β ++









−+
−= x

xexp
xm .  

The parameters 51~β are determined by minimizing the sum of squared differences 

between the mapped scores mx and the subjective scores. The experimental results are 

reported in terms of CP, CS and RMSE, (similar to Section 3.3.2) between the subjective 

score and the objective prediction (after logistic transformation). A better quality metric 

has higher CP, CS and lower RMSE. 

We have also compared the performance of the proposed fullQ  (with k-fold CV) with the 

following existing visual quality estimators:  PSNR, SSIM [2], MSVD [37], VSNR [45], 

IFC [114], VIF [44], Qvector and the method proposed in the previous chapter (we refer to 

it as Ref. [73] in the figures for the experimental results). The publicly available LibSVM 
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software package [171] was used to implement the SVR algorithm. As we already 

mentioned in Section 3.3.1 we have used the publicly accessible Matlab package [170] to 

obtain the codes for SSIM, VSNR, IFC and VIF while the MSVD method was 

implemented by us. Similar to the previous chapter, we also carried out statistical 

analysis to examine the statistical reliability of results obtained. 

4.4.2 Visual quality prediction test 

To demonstrate that the proposed method properly accounts for the distortion in 

different image areas, we show 4 images in Figure 4.1. First we consider the “hat” part 

and the “shoulder” part of the “Lena” image as indicated by the boxes in Figure 4.1 (a) 

and (b). Note that the amount of noise in the two blocks in Figure 4.1 (a) and (b) is the 

same. Because the effect of white noise is uniformly distributed, it can be observed that it 

does not cause too much damage to the edge in the “hat” and the structure is largely 

preserved. 

As a result, noise in the “hat” part is less annoying. Of course, there will be loss of 

visual quality. On the other hand, the reader will notice that the shoulder in “Lena” image 

is smooth due to which the added noise is clearly visible and therefore more annoying to 

the human eye. This leads to a higher level of annoyance in the shoulder as compared to 

the hat in spite of the same amount of distortion introduced in the two portions. We have 

indicated the objective quality scores from PSNR and the proposed QTID (which means 

that TID database is used as the training set). Note that QTID will predict scores in the 

form of MOS because the training database (TID) comprises of MOS. Therefore, a 

higher QTID means better quality.  
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                                                     (a)                                                                  (b) 

            PSNR = 32.0705, QTID = 3.4677                     PSNR = 32.1293, QTID = 3.3173                     

         

                                                     (c)                                                                 (d) 

            PSNR = 33.8977, QTID = 4.7885                     PSNR = 33.1732, QTID = 5.4665 

                                            

Figure 4.1: Perceptual effect of noise in different image areas 

(a) White noise distorted hat part, (b) White noise distorted shoulder part, (c) White noise 

distorted building part and (d) White noise distorted plants part. The objective 

predictions from PSNR and QTID have been indicated below each image. For reference 

QTID = 5.7966 for the image with no distortions. The images have been cropped for better 

visibility. 

 

One can see that PSNR predicts higher score for the image which has noise in the 
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smooth part (more annoying) as compared to the other image which is not consistent 

with HVS. In contrast, QTID predicts lower score for the image with distortion in the 

smooth part (shoulder) and higher score for the other image. Next, we consider the 

images shown in Figure 4.1 (c) and (d). We have indicated two portions in this image by 

boxes. We added the same amount of WGN to these two portions. As can be seen, the 

distortion in the “building” part is more visible and thus more annoying to the human eye. 

On the other hand, the area with “plants” is textured and can tolerate such distortions 

[27]. In fact, the white noise in that part cannot be easily noticed by the human eye. It can 

be noted that PSNR gives higher score for image in Figure 4.1 (c) while lower score to 

the image in (d) where most of the noise is not visible due to masking. We have already 

mentioned that this happens because PSNR assigns equal importance to all the errors 

independent of their perceptual impact. On the other hand, the proposed approach is able 

to capture the effect of noise masked due to texture and assigns higher score to Figure 4.1 

(d) and lower score to the image in Figure 4.1 (c). It may be mentioned that in the four 

images shown in Figure 4.1, the distortion (in this case white noise) has been added in 

different parts of the image. In (a) mainly the edge part is distorted, in image (b) smooth 

portion has been corrupted, in image (c) a visually more salient region has been distorted 

and in image (d) textured portion is distorted. 

It may be further mentioned that according to QTID scores given in Figure 4.1, noise in 

smooth portion causes largest perceptual annoyance (QTID is smallest) followed by noise 

in edge regions while the perceived loss of visual quality is the least in the textured 

region (QTID is the largest). This confirms that the perceptual impact of distortion in 

different portions is reasonably well handled by the proposed scheme. This demonstrates 

the effectiveness of the proposed SVD based features and their proper pooling via SVR.   
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The foregoing discussion and analysis was meant to provide a visual illustration of the 

effectiveness of the proposed method and how it can handle distortions according to their 

perceptual significance. In the following sections we provide the test results using a large 

number of images and distortion types for a more thorough and comprehensive metric 

validation. 

4.4.3 Performance evaluation on image databases 

In Figure 4.2, the results for the proposed fullQ  and other existing metrics are presented. 

The CP values of different metrics are shown in Figure 4.2 (a), where we can see that 

fullQ  performs well in general. We can also see that the existing metrics do not perform 

well for all the test databases. For example, we note that the performance of PSNR, VIF, 

VSNR, SSIM, MSVD and IFC is worse on WIQ database since these metrics generally 

perform better for images containing single artifact in image [44]. As aforementioned, 

the images in the WIQ database can contain more than one artifact (like blocking and 

ringing together in a same image) due to the complex nature of a wireless 

communication link. Similarly, for the A57 database, the performance of PSNR, VIF, 

SSIM, MSVD and IFC is relatively poor. As can be also seen, VSNR which performs 

well for A57 database does not perform as well on the other databases. The IFC metric 

performs well for LIVE and IVC databases but its prediction performance is worse on 

the remaining databases. By contrast to the existing metrics, the performance of fullQ  is 

more consistent across all the databases and generally better than all the other metrics 

being compared. Recall that for fullQ  none of the images in the training set appear in the 

test set. Therefore, the proposed metric exhibits robustness and training with specific 

image contents is not necessary.  
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Figure 4.2: Performance comparison on 7 image databases 

(a) CP comparison on different image databases, (b) RMSE for CSIQ, IVC, A57 and TID 

databases and (c) RMSE for LIVE and WIQ databases 

 

It has been also found that, in general, the prediction performance of the proposed 

scheme is consistent over all the test chunks. We illustrate this through the performance 

on the TID database which consists of 25 original images. Following the splitting 

procedure detailed in Section 4.4.1, we obtained 5 chunks each with 340 images. The CP 

values of different metrics for each TID test chunk are shown in Figure 4.3 (b).  
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Figure 4.3: Performance comparison 

(a) Average ∆CS values over the 7 image databases for different metrics (b) CP values for 

5 chunks of TID database 
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Figure 4.4: Performance comparison for 5 distortion types and video databases 

(a)  CP values for the 500 images from TID database with 5 distortion types (see text for 

further explanation), (b) CP and CS values for LIVE and EPFL video databases 
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The proposed system performs well consistently for all the test chunks and is better 

than the other metrics. The consistency in prediction performance was similarly observed 

for all the other databases. This indicates that the proposed system performs well across 

varied images and distortions and does not show any dependency on any specific 

image/distortion content. We further present the results of the F-test in Figure 4.5. 

According to Table 3.1, the points which lie above the Fcritical boundary denote the cases 

for which the proposed scheme is better and also statistically distinguishable than the 

existing metric under comparison. We can see from the figure that a large number of 

points (about 70% of them) are above the Fcritical boundary, indicating that the proposed 

fullQ  is statistically better in comparison with the other metrics. The points which lie 

between the Fcritical curve and the line F = 1 (i.e. 1 < F < Fcritical) denote that the cases for 

which the proposed fullQ is still better than the corresponding metric since F>1, but 

statistically indistinguishable.  

We note that only two points (2.8% of the cases) fall below the F = 1 boundary. In 

these two cases, the proposed scheme performs worse than the corresponding metric 

since F < 1, and is statistically indistinguishable from those two metrics (VIF and VSNR 

for CSIQ and A57, respectively). There is no single case for which F < 1/Fcritical, i.e., the 

proposed method has not been statistically worse than any existing metric with any 

database under comparison. 

Since CP and CS exhibit similar trends, we only show the average difference in CS 

values (with respect tofullQ ) over the 7 image databases for the 8 existing metrics in 

Figure 4.3 (a). As can be seen, all the ∆CS are positive, indicating the better performance 

of fullQ . Figure 4.2 (b) and (c) also indicate that fullQ  outperforms other metrics in terms of 

RMSE. 
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Figure 4.5: F-test plot for different image and video databases (the points above the 

Fcritical boundary denote the cases for the proposed scheme to be statistically better than 

the corresponding metric 

 

4.4.4 Cross-database validation 

For the cross database evaluation, we selected the 3 biggest image databases available, 

namely TID (1700 images), CSIQ (866 images) and LIVE (779 images), for training. As 

can be seen from Table 4.1 with different databases as training and test sets, the proposed 

method performs well across all the databases similar to the k-fold CV tests. We have 

reported only the CP values in Table 4.1 since CS and RMSE show similar results as CP. 

We can also see from Table 4.1 that QCSIQ gives CP value of 0.7550 for TID database 

which is comparable to other metrics like SSIM and VIF and better than PSNR, VSNR, 

IFC and MSVD. This is significant since in this case, the training set (866 images) is 

only about a half of the size of the test set (1700 images of different visual contents). The 

proposed metric also performs better than all the other metrics as indicated by higher CP 

values achieved by QCSIQ, QLIVE and QTID for the WIQ database.  
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Table 4.1: CP values for cross-database validation 

Test 
database/ 
Metric 

LIVE CSIQ IVC Toyama A57 TID WIQ 

QCSIQ 

QLIVE 

QTID 

Qwatermark 

Qvector 

0.9086 

-- 

-- 

0.9004 

-- 

-- 

0.8581 

0.8831 

0.8267 

0.8525 

0.8828 

0.8877 

0.8755 

-- 

0.7884 

0.8327 

-- 

-- 

0.8782 

-- 

0.8843 

0.8807 

0.8854 

0.8064 

0.8223 

0.7550 

-- 

-- 

0.7219 

-- 

0.7764 

0.7314 

0.7580 

0.7202 

0.7573 

 

Overall, we can see from Table 4.1 that the proposed metric is consistent and gives 

good prediction performance for the cross database evaluation. We have also shown the 

scatter plot for LIVE image database with QCSIQ as the objective metric in Figure 4.6. 

The data points corresponding to the 5 types of distortions present in this database are 

highlighted using different notations/colors. As can be seen, the plot is compact around 

the logistic fitting curve and shows low scattering around it. Therefore the prediction 

performance of the proposed metric is good for all the distortions as none of the data 

points scatter too much around the logistic fitting curve. Note that a large scatter would 

imply poorer performance. 

As mentioned Section 4.4, we also use the image database in which images are 

distorted due to watermarking (please refer to the Appendix for details). This type of 

distortion is different from other commonly occurring distortions (like JPEG, blur, white 

noise distortion etc.) due to the specific processing that images undergo. We used this 

database only as a training set to further confirm the robustness of the proposed scheme 

to new and untrained distortions. Similar to the previous notations, Qwatermark denotes the 

training with watermarked image database. However, out of 5 we only used 3 original 

images and their distorted versions as the training set. This again ensures that images 

used for training are excluded from the test sets. Note that we excluded two images 
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namely ‘monarch’ and ‘rapids’ which are present in many other databases. As can be 

seen from Table 4.1, Qwatermark performs quite well. This further confirms that quality 

degradation due to different distortion types can be assessed by exploiting the underlying 

common patterns characterized by the structure loss. Note that for Qwatermark the training 

set which consists of 126 images and their corresponding subjective scores is relatively 

small as compared to test databases like TID, LIVE and CSIQ. Thus, the results obtained 

for Qwatermark are significant because the system is trained on a completely different 

distortion to those in the test databases. 

It is also worth pointing out that the subjective quality score range is different for all the 

databases. For instance, LIVE includes subjective scores as DMOS in the range 0-100 

while TID gives subjective results in the form of MOS in the range 0-9. The IVC 

database consists of MOS in the range 0-5 while the CSIQ database reports DMOS in the 

range 0-1. The A57 database includes subjective scores as DMOS in the range 0-1. Thus, 

QTID, before the logistic fitting, gave CP value of -0.8755 for the CSIQ database, -0.7656 

for the WIQ database and -0.8752 for the A57 database. All the resulting correlations 

here are negative due to the fact that the system was trained with MOS while it was 

tested with DMOS, which has opposite range of valuation in quality specification. 

Another aspect of note is the robustness to untrained distortions. For the cross database 

tests, since the training and test sets come from different databases, many of the 

distortion types appearing in the test set are not represented in the training set. The good 

performance of QCSIQ, QLIVE, QTID and Qwatermark for WIQ database shows the robustness 

of the proposed method to complex distortions which are not present in the training set.  
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Figure 4.6: Scatter plot for the LIVE image database with QCSIQ as the objective metric  

 

Similarly, many of the distortion types present in the TID database do not occur in the 

CSIQ database and hence the CP value of 0.7550 given by QCSIQ is noteworthy. Similar 

observations hold for QLIVE, QTID and Qwatermark. In order to further test the robustness to 

untrained distortions, we tested the images from the TID database which were distorted 

by 5 types (from the total of 17 types) of distortions: image denoising, non eccentricity 

pattern noise, local block-wise distortions of different intensity, mean shift (intensity 

shift) and contrast change. These 5 distortions were chosen since they do not appear in 

any other database and also form a challenging set of distorted images to be assessed for 

visual quality. For example, consider the case of denoised images. The PSNR for a 

denoised image is generally higher than that of the original noisy image but at the same 

time, the denoised image may visually look worse than the corresponding original noisy 

image [120]. Hence, quality assessment of such images is not straightforward. The next 

distortion type considered is the local block-wise distortions of different intensity. For 

the first level of distortion, 16 image blocks (block size is 32 × 32) were distorted in each 
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image, for the second level of distortion 8 blocks were distorted, for the third level of 

distortion 4 blocks and for the fourth level 2 blocks were distorted. Recall that for TID 

database, the first distortion level corresponds to the highest PSNR while the fourth level 

of distortion corresponds to the lowest PSNR. It has been found that [120] an image in 

which two blocks have been corrupted (i.e. the fourth distortion level) is perceived as 

having a better visual quality (although it has smaller PSNR) than the image in which 16 

blocks have been corrupted (i.e. the first distortion level). This suggests that a lower 

amount of distortion spread over a larger area is likely to cause more quality degradation 

than a higher amount of distortion spread over a smaller area. Therefore, quality 

assessment of such images can be tricky for the metrics. Likewise, contrast and intensity 

changes (up to a certain level) generally do not affect the visual quality substantially (in 

spite of the presence of pixel errors) although the PSNR may change considerably.  

Hence, images with these 5 distortion types are indeed challenging for metrics. We 

have tested these 500 images (100 images for each of the 5 distortion types) with the 

training sets being CSIQ (QCSIQ), IVC (QIVC), WIQ (QWIQ) and A57 databases (QA57). By 

training with these databases, it is ensured that the training and test images are different. 

We have also computed the results for the other metrics for comparison. We can see 

from Figure 4.4 (a) that metrics like VIF, VSNR, PSNR and MSVD do not perform well 

(CP < 0.6 for these metrics), while the proposed scheme performs better than the other 

metrics. It may be noted that QCSIQ, QIVC, QWIQ, and QA57 all perform quite well. This 

result is significant since the IVC, WIQ and A57 databases contain significantly less 

number of images than the number of test images. 
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4.4.5 Performance evaluation on video databases 

The performance of the proposed method has been evaluated on the video databases 

using the cross database evaluation. The trained system is used to predict the quality 

score of each individual frame. The same procedure was also adopted for evaluating the 

other metrics. In this study, the overall quality score of the video is determined as the 

average of the scores all the frames in the video. We present the CP and CS values of 

different metrics for the two video databases in Figure 4.4 (b). As can be seen, QCSIQ, 

QLIVE and QTID all perform better than the existing metrics under comparison. One can 

also note that the CP and CS values lead to similar conclusion regarding metric 

performance. The RMSE values (not shown here to save space) were also found to be 

consistent with CP and CS. Since the training is done with image databases only, the good 

performance of our method is indicative of its generalization ability to new 

visual/distortion content. The F-test results for video have also been indicated in Figure 

4.5. For the video databases, the F values were calculated against residuals of QTID.  

The two video databases used in this study (LIVE and EPFL) represent different visual 

contents since they use different original video sequences and thus provide diverse visual 

contents for testing the robustness of the proposed algorithm. Interestingly, we can see 

from Figure 4.4 (b) that all the metrics give relatively better performance for EPFL video 

database than for the LIVE video database. One reason for this is that LIVE video 

database includes 4 distortion types as compared to the EPFL video database in which 

the sequences are impaired only by packet loss. Another reason is that in the LIVE video 

database the distortion strength has been adjusted perceptually [172]. As an example of 

the perceptual adjustment, consider four labels for visual quality (“Excellent”, “Good”, 

“Fair” and “Poor”) and one reference video sequence ‘Tractor’ from the LIVE video 
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database. Four MPEG-2 compressed versions of ‘Tractor’ are chosen to approximately 

match the four labels for visual quality. Similar procedure is applied to select H.264 

compressed, wireless and IP distorted versions. The “Excellent” MPEG-2 video and 

“Excellent” H.264 video are designed to have the approximately same visual quality and 

similar perceptual adjustment has been made for other distortion categories and quality 

labels. On the other hand, for EPFL database, the packet loss rates have been fixed 

apriori. It has been argued [172] that adjusting the distortion strength perceptually, as 

done for LIVE video database, is far more effective towards challenging and 

distinguishing the performance of visual quality metrics than, for instance, fixing the 

compression rates/packet loss rates across sequences. Due to these two reasons, LIVE 

video database is more challenging for visual quality metrics.  

The adopted procedure of assessing video quality by using the average quality scores of 

frames takes into account the spatial information in the video but the temporal 

information is disregarded in this case. Nonetheless, in this part of the work, our aim is to 

demonstrate the performance of the proposed system to untrained visual/distortion 

contents. 

4.4.6 Computational Complexity 

In this section, we provide an indication of the execution time of different metrics i.e. 

time required for predicting quality of an image. We measured the average execution 

time required per image in the A57 database (image resolution is 512 × 512) on a PC 

with 2.40 GHz Intel Core2 CPU and 2 GB of RAM. Table 4.2 shows the average time 

required per image (in seconds), with all the codes implemented in Matlab.  
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Table 4.2: Average execution time for different metrics (in sec.). 

Metrics SSIM MSVD VIF VSNR PSNR IFC Ref. [73] Qvector Proposed 

Time 0.0454 0.6036 3.4829 0.4452 0.0037 4.4490 5.0333 5.1723 1.03 

 

We note that the proposed method is computationally more expensive than metrics like 

PSNR and SSIM due to the fact that SVD is computationally intensive. The exact SVD 

of a r × c matrix has time complexity O(min{rc2,r2c}). However, the computational cost 

and time are reduced due to the fact that we use block based SVD (although block size is 

large but still smaller than the full image). Furthermore, many fast and efficient 

implementations of SVD are available which can lead to decrease in SVD computation. 

Training the SVR is of higher computational requirement but the model training can be 

done off-line.  

To give more precise estimates of the time required for training and testing, we present 

an example below with TID as the training database and A57 being the test database. 

First we extract the features for the images in the TID database for training the system, 

and the time taken is about 1306 sec (totally there are 1700 images in TID database) 

which means about 0.7687 sec. per image (note that image size is 512 × 384 in TID 

database). Next we train to obtain the model QTID by training with the features extracted. 

It took about 2.5776 sec. to obtain the trained model QTID. So the total time for 

developing QTID is approximately 1309 seconds. This of course can be developed off-line. 

Note that training time is directly proportional to the number of training samples used. 

For testing, the time required for feature extraction per image is about 1 sec. per image 

(note that image size is 512 × 512 in A57 database) as measured from the 54 images of 

the A57 database (it took 53.7765 sec. for extracting the feature vectors of the 54 images 

in the database). The time required for the prediction of quality (after extracting the 
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features) using QTID is negligible (only about 0.03 sec. per image). Because the 

prediction model (in this example QTID) is developed off-line, it takes approximately 1 

(feature extraction) + 0.03 (for prediction) = 1.03 seconds to predict the quality of a 512 

× 512 image. The proposed method is however has lower complexity than more 

sophisticated metrics like VIF and IFC which employ wavelet decomposition. 

4.4.7 Further observations 

As aforementioned, SVs are the samples for which inequality (4.9) is not satisfied, i.e., 

they lie outside the ε -tube. They are the critical datapoints which can be considered as 

the representative of the whole training set. In our experiments, we observed that the 

SVR algorithm tends to select the images which either have near-threshold distortions 

(i.e. low distortion level) or images with much higher distortion levels as the SVs. For 

example, consider the CSIQ database for which DMOS is in the range [0, 1]: a DMOS 

close to 0 implies low distortion while that close to 1 means high distortion as perceived 

by the subjects. We have found that samples which were chosen as the SVs for the CSIQ 

database corresponded to either DMOS less than 0.056 or DMOS greater than 0.846. 

Similarly for the other databases, the selected SVs corresponded to either relatively low 

or high distortion levels. This appears to be a reasonable and intuitive selection of SVs 

for visual quality assessment, because images with very low and very high distortions are 

the representative of the overall visual quality range variations. The significance of this 

can be explained based in the fact that the term K(xi,x) represents the similarity between 

the SVs xi and the test image x. Obviously if the test image is of higher quality, it will 

yield greater kernel similarity value (i.e. K(xi,x) will be bigger) with the SVs which 

represent higher quality signal. On the other hand, it will have lower similarity ((i.e. 
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K(xi,x) will be smaller) with the SVs representing low quality signals.  

To illustrate this point further we considered two distorted images: (a) image with white 

Gaussian noise, (b) Blurred image. The noisy image was of higher visual quality than the 

blurred image. We denote the feature vector of noisy image as xn while xb denotes that 

for the blurred image. We then computed the kernel similarity scores K(xi,xn) and K(xi,xb) 

by measuring their distances from the SVs xi. Note that K(xi,xn) and K(xi,xb) will be nsv 

(the number of SVs) dimensional vectors and their elements denote the similarity scores 

of the respective image feature vectors with the SVs (0 indicates no similarity and 1 

means complete similarity). We show the kernel similarity of the feature vectors for 

noisy and blurred images in Figure 4.7 where the plot in (a) are the similarity scores with 

the SVs corresponding lower quality images (MOS < 2) while the plot in (b) shows the 

similarity with the SVs corresponding higher quality images (MOS > 6.5). We chose 

MOS < 2 and MOS > 6.5 because in TID database 0 < MOS < 9 with 0 denoting worse 

quality and 9 indicating best quality.  

One can observe from Figure 4.7 that the noisy image tends to have higher similarity 

with SVs corresponding to higher quality images and lower similarity with SVs 

corresponding to lower quality images. On the other hand, blurred image shows the 

opposite trend. Examination of the corresponding scaling factors )( * ii ηη −  (see Eq. (4.12)) 

reveals that they are generally large and positive for the SVs corresponding to higher 

quality images. In contrast, they are either small or negative for the SVs corresponding to 

the lower quality images. Because the final quality score is a summation (as given by Eq. 

(4.12)) of the similarity scores scaled by the corresponding factor (the bias is same), this 

results in a higher quality score for noisy image and lower quality score for the blurred 

image.  
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                                         (a)                                                               (b) 
 

Figure 4.7: Plot of kernel similarity scores 

(a) Kernel similarity scores of the noisy and blurred images with the SVs corresponding 

to lower quality images (MOS<2), (b) Kernel similarity scores of the noisy and blurred 

images with the SVs corresponding to lower higher images (MOS>6.5) 

 

Therefore the selection of SVs provides an insightful explanation of how the system 

predicts quality. This also highlights the effectiveness of the proposed SVD features 

since they enable proper selection of the SVs by allowing adequate distinction between 

images of different perceived qualities. We also observed that the number of SVs was 

much smaller compared to the number of training samples. This is advantageous from 

point of view of computational requirement. The number of SVs was found to decrease 

with increasing ε  value which is expected since more samples fall within the ε -tube, 

and the associated performance changes were graceful. For example, the experiments 

with the LIVE image database show that the number of SVs decreases from 295 for 

which CP = 0.9677 to as low as 54 (i.e., only 7% of datapoints) for which CP = 0.9579. 

We have a few additional remarks for the feature selection. First of all, the smaller 

number of SVs as a result of SVR training indicates the efficiency of the proposed 

feature selection and SVR formulation. Secondly, as we know, metrics MSVD, Qvector 
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and fullQ  use singular values, singular vectors and their combination, respectively; as 

demonstrated consistently in Figures 4.2-4.5, the performance of these three increases in 

the aforementioned order with each performance assessment criteria, namely, CP, Cs, 

RMSE, and F-test. It can be concluded that as analyzed and expected, singular vectors 

and singular values together provide a more comprehensive basis for visual quality 

assessment.   

4.5 Concluding Remarks 

In this chapter, to tackle effective feature fusion in visual quality evaluation, we have 

proposed an SVR based metric which operates with SVD based features as the input (we 

have demonstrated the effectiveness of SVD even with a simpler fusion rule in the 

previous chapter). The feature selection based on comprehensive SVD analysis is novel, 

since adaptively determined singular vectors allow the capturing of structural 

information for each image (or a frame in video) and the separation of luminance and 

structural information enables their differentiation toward the assessment of perceptual 

quality.  

We have used SVR to result in a model for combining the SVD features to predict the 

perceptual quality score. Note that we also adopted the following modifications (as 

compared to the previous chapter) in implementing our method: (1) block-based feature 

extraction so that feature vector does not depend on image size, (2) weight of SVD 

values for normalization in the range [0,1] and (3) different summation method in 

comparison to Eq. (3.10) for reasons already given in Section 4.2. With the proposed 

model, we have avoided apriori assumptions on the distortion statistics (as an important 

advantage over the existing pooling methods) and exploited the underlying common 
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patterns associated with visual quality degradation characterized by structural and 

luminance/textural changes (that is, training with specific visual and/or distortion content 

is not necessary). Each high dimensional feature vector was mapped into a perceptual 

quality score which is better aligned with the subjective viewing ground truth.  

We have devoted a significant portion of this chapter for the experimental results and 

the related analysis to provide thorough and convincing ground for the proposed scheme. 

The proposed scheme is found to be consistently better in its prediction accuracy than the 

eight existing metrics across all the ten public databases which span a wide variety of 

visual and distortion content. It performs well for visual and distortion content which do 

not appear in the training set (within a same database and also across different databases). 

The robustness to untrained images and distortions is crucial since in practice the visual 

and distortion contents are generally unknown. The chapter also provides more insights 

regarding the SVs and their role in visual quality prediction. Finally, as expected, the 

experimental results in this chapter demonstrate improvement in prediction accuracies as 

compared to non machine learning based feature pooling (employed in Chapter 3).  

 

 

 

 

 

 

 



 

Chapter 5  

Visual Quality Assessment with 2D Mel-

cepstrum  

5.1 Introduction 

In this chapter we present a new method based on the engineering approach to evaluate 

visual quality objectively. To that end, we use visual features based on 2D mel-cepstrum 

and machine learning for feature pooling. The 2D mel-cepstrum features are derived 

from 2D cepstrum which has been used in the past in image registration and filtering 

applications [234]. We first investigate and provide justification for the use of the said 

features in assessing visual quality. It is shown that they can be exploited to capture the 

loss of important structural information which in turn is used to quantify the loss of 

visual quality. Furthermore, these features also account for the supra-threshold [193] 

effect that plays a role in visual quality assessment (as further elaborated in Section 

5.2.1).  

Similar to the previous chapter (Chapter 4), we use SVR for feature pooling due to the 

advantages outlined earlier. Extensive experiments conducted using six publicly 

available image databases (totally 3,211 images with diverse distortions) and one video 
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database (with 78 video sequences) demonstrate the effectiveness and efficiency of the 

proposed metric, in comparison with seven relevant existing metrics. We also compare 

the proposed algorithm with the SVD-based method proposed in the previous chapter. It 

is found to be overall slightly better with regards to prediction accuracy and as an added 

advantage the new method takes less time for predicting the quality of an image (or 

video). As a result, the scheme presented in this chapter is more efficient than many 

existing schemes as well as our SVD-based scheme. 

The remainder of this chapter is organized as follows. Section 5.2 discusses the 

proposed visual quality metric detailing the feature extraction and pooling procedure 

with proper analysis and justification. Substantial experimental results and the related 

analysis are presented in Section 5.3. Section 5.4 provides a comparison with SVD-based 

algorithm (proposed in the previous chapter). Finally, Section 5.5 gives the concluding 

remarks. 

5.2 New Visual Quality Metric using 2D Mel-

cepstrum 

In this section, we describe the details of the proposed metric whose block diagram is 

shown in Figure 5.1. The first step is to extract the 2D mel-cepstral features from both 

the reference and distorted images. Then, the difference vector between the two feature 

vectors is computed to measure the loss of structural information. Finally, machine 

learning is used to fuse the elements of the difference vector.  
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Figure 5.1: Block Diagram of the proposed scheme 

5.2.1 Feature extraction based on 2D mel-cepstrum 

An error (or distortion) in different contexts may not have the same perceptual impact 

on quality. For example, low pass filtering (i.e. blurring) has lesser effect on the smooth 

areas in an image while it has a higher impact on edges. Due to this, it is important to 

distinguish/differentiate error in different image components. This is the reason why the 

PSNR (or related metrics like MSE) is less effective: it does not separate/differentiate the 

signal components because it assigns equal weights to all the pixel errors irrespective of 

their perceptual impact. Therefore, the motivation behind feature extraction is to 

separate/differentiate the image signal into its components since their contribution to the 

perceived quality is different. This is a crucial step towards more effective quality 

assessment because the separation of the components will then allow us to treat (i.e., 

weigh) them appropriately according to their perceptual significance. In this chapter, we 

use the mel-cepstral analysis for images to extract meaningful components from the 

image signal. 

Mel-cepstral analysis is one of the most successful and widely used feature extraction 
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techniques in speech processing applications including speech and sound recognition 

[173]. Inspired by its success in various areas of audio/speech processing, we propose its 

exploitation to assess the quality of images objectively. The 2D mel-cepstrum has been 

proposed recently [151] and the proposed scheme is the first attempt in the existing 

literature to explore the 2D mel-cepstrum for visual quality assessment. 

The 2D cepstrum ĉ(p,q) of a 2D image y(n1,n2) is defined as  

                                            ĉ(p,q)= ))|),((|( 21
2 vuYlogF −                                                (5.1) 

where (p,q) denote 2D cepstral quefrency [174] coordinates, ),( vuY  is the 2D DFT of the 
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and 1
2
−F denotes the 2D Inverse DFT given by 
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Direct use of frequency coefficients as features will be less effective in determining the 

visual quality, due to the following two reasons. Firstly, energy of natural images drops 

at high frequencies (i.e. natural images have stronger low frequency components as 

compared to high frequency ones). Due to this, the effect of high frequency components 

is suppressed as the bigger values of low frequency coefficients will tend to dominate. 

Furthermore, the number of coefficients for the whole image is very large (equal to 

image size). Instead of direct use of frequency coefficients, we use 2D mel-cepstrum in 

which non-uniform weighting is employed to group the frequency coefficients. 
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 Specifically, in 2D mel-cepstrum the DFT domain data are divided into non-uniformly 

in a logarithmic manner and the energy of each bin is computed as 

                                                  ∑
∈

=
),(,

),(),(),(
nmBlk

lkYlkwnmG                                           (5.4) 

where ),( nmB is the thnm ),(  cell of the logarithmic grid corresponding to weight w(k,l) 

(bigger weight is assigned to high-frequency coefficients) [151].  

This approach is similar to the mel-cepstrum computation in speech processing where 

the weights are assigned using a mel scale in accordance with the perception of the 

human ear. Like speech signals, most natural images contain more low frequency 

information. Therefore, as mentioned, there is more signal energy at low-frequencies 

compared to high frequencies. So non-uniform weighting is employed to emphasize high 

frequencies. Finally, the 2D mel frequency cepstral coefficients ĉ(p,q) are computed 

using the inverse DFT (IDFT) as 

                                                    ĉ(p,q)= ))|),((|( 21
2 nmGlogF −                                (5.5) 

Note that in Eq. (5.5) we have used the absolute value of the bin energy G(m,n) (i.e. 

magnitude) and discarded phase for reasons given later in Section 5.3.4.  

We now analyze why the 2D mel-cepstrum features form a good image representation 

for visual quality assessment. Psychovisual studies have shown that edges, texture and 

smooth components in images have different influence on quality. Apart from the 

distortion in smooth areas (mainly the low frequencies), the HVS is also sensitive to 

image areas containing edges [175]-[176] and image structure in general (these usually 

correspond to higher frequency components). Further, image content recognition is 

widely believed to rely on the perception of image details, such as sharp edges, which are 

conveyed by higher spatial frequencies [177]-[178].  
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                    (a)                                           (b)                                            (c) 

       

                    (d)                                            (e)                                            (f) 

Figure 5.2: Effect of distortions on 2D mel-cepstrum: (a) Original Lena image, (b) 

blurred image, (c) JPEG compressed image, (d) 2D mel-cepstrum of (a), (e) 2D mel-

cepstrum of (b) and (f) 2D mel-cepstrum of (c). White indicates a value of 1 (the highest 

strength) while black corresponds to 0 (zero strength). 

 

Therefore edges and other higher frequency components also play a role [180]-[182] in 

quality evaluation. For instance, the SSIM metric has been improved [183] by 

incorporating edge information. Some other IQA metrics based on edge information can 

be found in [48]-[49], [184]-[186]. Recently image contours/edges have also been 

explored for image utility assessment [187] which is related to IQA. As outlined, the 2D 

mel-cepstrum uses unequal weights for different frequency. As a result, high frequency 

components can be further emphasized. This is also the reason why the 2D mel-cepstrum 
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representation is suitable for face recognition [151] (since it highlights edges and other 

facial features in a face image).  

To give an illustration, we show the original ‘Lena’ image, it’s blurred version and 

JPEG compressed version in Figure 5.2 (a), (b) and (c) respectively. The corresponding 

2D mel-cepstrum of the images is shown below the respective images. We observe that 

blurring mainly damages the high frequency components. This can be visualized through 

its 2D mel-cepstrum where the strength of high frequency components is reduced. We 

can also see that the strength of lower frequency components is increased since blur 

makes the image more uniform. In the extreme case, if all pixels have the same value 

then we will see only one white spot exactly in the centre of the 2D mel-cepstrum (i.e. 

the DC component). The case of JPEG compression is different in that it causes 

blockiness and can introduce false structure or edges in the image. This can again be 

captured from the 2D mel-cepstrum features because the strength/magnitude of 

frequency components changes due to JPEG compression. Therefore, of the difference 

between the 2D mel-cepstrum features of the reference and the distorted images is 

expected to give a good indication of change in image spatial content (or structural 

change). 

To summarize, the followings are the major advantages of the 2D mel-cepstrum which 

can be exploited for visual quality assessment: 

• Because it is possible to emphasize the high frequency components apart from 

retaining the lower frequency ones, a more informative and comprehensive 

representation can be obtained. Specifically, it provides more details about features 

like edges and contours which are important for the HVS’ perception of visual 

quality. Therefore, it is more effective as compared to other transforms since more 
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discriminatory and meaningful image signal components can be extracted. 

• The resultant 2D mel-cepstrum sequence computed using the IDFT has smaller 

dimensions than the original image. It can therefore be viewed as a perceptually 

motivated dimension reduction tool which can preserve image structure. That is, it 

can be considered as a good trade-off between retaining important image information 

and achieving dimensionality reduction. For an N by N image, using the 2D mel-

cepstrum we can obtain the dimension reduced data M by M with M < N. 

• We obtain decorrelated features, so the redundant information is discarded. This 

results in a more compact numerical representation of the visual signal to characterize 

its quality. Thus, the advantage of 2D mel-cepstrum features is that they produce 

representations that lie in an orthogonal space (due to using IDFT as shown in Eq. 

(5.5)). 

• Another advantage of 2D mel-cepstral features is that small change in the features 

corresponds to small change in perceptual quality and vice-versa. This property is 

especially crucial for quality prediction of images with near threshold (i.e. just 

noticeable) distortions as will be demonstrated later in Section 5.3.1.  

• The reader will notice from Eq. (5.5) that 2D mel-cepstrum involves the logarithms 

of the squared bin energies denoted by |G(m,n)|2. This reduces the dynamic range of 

the values and is consistent with the so-called suprathreshold or the saturation effect. 

This means that the ability to perceive variations in the distortion level decreases as 

the degree of distortion increases [44]-[45], [188]-[189]. The logarithm operation 

essentially accomplishes this desirable property as elaborated later in Eq. (5.7) and 

illustrated graphically in Figure 5.3.  
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• The 2D mel-cepstrum is also associated with clearer physical meaning because it 

essentially works in the Fourier (frequency) domain which is a well established 

method for image analysis. However, in the Fourier or DCT domain one usually 

discards the higher frequency components (for example JPEG compression) in order 

to achieve dimension reduction. By contrast in 2D mel-cepstrum, the high frequency 

DFT and DCT coefficients are not discarded in an ad-hoc manner. Instead the high 

frequency component cells of the 2D DFT grid are multiplied with higher weights as 

compared to the low frequency component bins in the grid, thus resulting in more 

suitable image representation for quality assessment. 

 

Let xr and xd denote the 2D mel-cepstral features of the reference and distorted images 

respectively. The vectors xr and xd can be thought to represent the timbral texture space 

[190] of the two image signals and we use them to quantify perceived similarity between 

them. This is similar at the conceptual level to tasks, like computing music similarity 

[191], genre classification [192], etc. in the field of audio/speech processing. Because our 

aim is to compute quality of the distorted image with respect to the reference image, we 

use the absolute difference between the two feature vectors for computing quality of the 

distorted image and define  

                                                              x = | xr – xd |                                                 (5.6) 

We can see that the elements of x represent the absolute difference between the 2D mel-

cepstrum coefficients of the reference and distorted images. This lends x a better physical 

meaning since its elements can be thought as the change in frequency components of the 

reference image due to distortion, i.e., it accounts for the loss of spatial information. 
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Figure 5.3: Illustration of the suprathreshold or saturation effect 

 

As aforesaid, suprathreshold effect implies that the same amount of distortion becomes 

perceptually less significant as the overall distortion level increases. Researchers have 

previously modeled suprathreshold effect using visual impairment scales [193] that map 

error strength measures through concave nonlinearities. The definition of feature vector 

in Eq. (5.6) accounts for this effect and can be explained as follows. Eq. (5.6) can be 

written as 

                                                      x = | xr – xd |  

                                                         = ))|),((|(| 21
2 nmGlogF r
−  – |))|),((|( 21

2 nmGlogF d
−  
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where ),( nmGr and ),( nmGd denote the bin energies from reference and distorted images 

respectively. We can observe from Eq. (5.7) that the ratio of the absolute bin energies can 

be regarded as the distortion measure on which suprathreshold function (logarithm) has 

been applied.  

For a simple intuitive explanation, consider the two quantities 

Sensitivity to perceived 

variations decreases at 

high distortion levels 
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
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 . As we can see, the difference between the 

numerator and denominator in the two cases is the same (it is 20). However, the 

perceived change is smaller in the second case. This saturation effect is visually 

exemplified in Figure 5.3.  

As mentioned before, the feature vector x is effective in characterizing the loss of image 

structure. To illustrate this point further, we show 7 images in Figure 5.4. In this Figure, 

image (a) is the original image taken from the LIVE image database [115], while the 

images (b), (c) and (d) have been obtained by blurring the original image with increasing 

blur levels;  images (e), (f) and (g) have been generated by JPEG compression of the 

original image with increasing compression levels. As can be seen, the increasing 

blurring reduces the high frequency content of the original image and destroys its spatial 

information. Similarly in JPEG compression the high-frequency components are largely 

removed owing to non-uniform quantization and this leads to loss of visual quality as 

shown in the second row of Figure 5.4. We also computed the difference vector x for 

each distorted image with respect to the original image; next, we obtained the sum of the 

elements of the respective feature vector for each image and the same has been indicated 

below each respective image. We find that the sum is large for the heavily blurred image 

(Figure 5.4 (d)), i.e., indicating higher loss of spatial information, while it is small for the 

less blurred image. A similar trend can be seen for the JPEG distorted images. That is, 

we get an indication of the loss of spatial information due to artifacts like blur and JPEG 

compression which can damage image structure. Of course, a simple summation of the 

elements of feature vector alone will be insufficient for determining overall quality 

especially in case of complex and diverse distortion types.  
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 (a) 

     

 (b)                                          (c)                                          (d)   

                   11.0165                                 19.8260                                   21.634                                                                                                                                

     

(e)                                          (f)                                           (g)   

   6.4457                                    8.8806                                   18.4224 

Figure 5.4: Indication of the amount of spatial information lost  

(a) Original image, (b) low blurring, (c) medium blurring, (d) high blurring, (e) low 

JPEG compression level, (f) medium JPEG compression level and (g) high JPEG 

compression level. The number below each respective image denotes the sum of the 

elements of the feature vector defined in Eq. (5.6). A bigger number denotes more loss of 

spatial information i.e. higher distortion. 

 

Nevertheless, this analysis indicates that the feature vector x defined in Eq. (5.6) can be 

expected to be effective for assessing the extent of structure damage or the change in 

image spatial information because of the external perturbation (distortion). Furthermore, 

x can be used to assess quality independent of the distortion or image content and the 
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reason is as follows. Different types of distortions affect visual quality in a largely 

similar fashion: by introducing structural changes (or change in spatial contents) that lead 

to different extents of perceived quality degradation. That is, even though x does not take 

into account the effects of different distortions explicitly, the perceptual annoyance 

introduced by them is expected to be captured reasonably well. Due to the existence of 

the underlying common patterns associated with quality degradation, machine learning 

can be exploited to develop a general model by learning through examples. Like Chapter 

4, we have used SVR to fuse the feature vector x into a perceptual quality score. 

5.3 Experimental Results and Discussions 

We used the same notations as Chapter 4 i.e. symbol Q to indicate the results for the k-

fold CV tests, and the symbol Qdatabase to denote the algorithm trained using that database. 

For instance, QCSIQ means that CSIQ database has been used for training (refer to the 

Appendix for database details). 

5.3.1 Performance evaluation 

The results for the k fold CV tests (denoted by Q) for the individual image databases are 

presented in Table 5.1. We can see that the proposed Q performs better than the other 

schemes. Recall that for Q we made sure that the images used for training did not appear 

in the test set. It was also found that in general, the proposed scheme performed well for 

individual distortion types. Furthermore, for an overall comparative performance, the 

averaged results over the 5 image databases are given in Table 5.2.  
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Table 5.1: Experimental results for the image databases. The 3 best metrics have been 

highlighted in boldface. 

Criteria Metric LIVE A57 WIQ IVC TID 

 

 

 

 

 

CP 

SSIM 

MSVD 

VIF 

VSNR 

PSNR 

PSNR-HVS-M 

Ref. [46] 

Q 

QTID 

QLIVE 

QIVC 

Qwatermark 

0.9473 

0.8880 

0.9655 

0.9520 

0.9124 

0.9432 

0.9253 

0.9684 

0.9519 

-- 

0.9554 

0.9552 

0.8033 

0.7099 

0.6139 

0.9210 

0.6273 

0.8896 

0.6799 

0.9021 

0.9019 

0.8944 

0.9008 

0.9011 

0.7876 

0.7433 

0.7559 

0.7623 

0.7601 

0.8191 

-- 

0.9048 

0.8489 

0.8473 

0.8472 

0.8480 

0.9018 

0.7975 

0.8966 

0.8025 

0.7196 

0.8902 

0.8776 

0.9511 

0.8772 

0.8784 

-- 

0.8794 

0.7756 

0.6423 

0.8049 

0.6820 

0.5677 

0.5784 

-- 

0.8092 

-- 

0.7859 

0.7840 

0.7881 

 

 

 

 

 

CS 

SSIM 

MSVD 

VIF 

VSNR 

PSNR 

PSNR-HVS-M 

Ref. [46] 

Q 

QTID 

QLIVE 

QIVC 

Qwatermark 

0.9500 

0.9102 

0.9735 

0.9400 

0.9056 

0.9372 

0.9216 

0.9599 

0.9383 

-- 

0.9442 

0.9433 

0.8103 

0.6485 

0.6223 

0.9355 

0.6189 

0.8962 

0.7255 

0.8586 

0.8561 

0.8532 

0.8496 

0.8551 

0.7261 

0.6362 

0.6918 

0.6558 

0.6257 

0.7568 

-- 

0.8064 

0.8410 

0.8396 

0.8420 

0.8389 

0.9017 

0.7734 

0.8964 

0.7993 

0.6885 

0.8832 

0.8952 

0.9171 

0.8677 

0.8690 

-- 

0.8688 

0.7792 

0.6520 

0.7491 

0.7000 

0.5773 

0.5952 

0.6740 

0.7848 

-- 

0.7732 

0.7645 

0.7690 

 

 

 

 

 

RMSE 

SSIM 

MSVD 

VIF 

VSNR 

PSNR 

PSNR-HVS-M 

Ref. [46] 

Q 

QTID 

QLIVE 

QIVC 

Qwatermark 

8.0553 

10.6315 

6.0174 

7.0804 

9.0864 

8.0564 

-- 

5.5731 

7.0830 

-- 

6.8303 

6.8430 

0.1914 

0.1731 

0.1940 

0.0957 

0.6189 

0.1156 

-- 

0.0988 

0.1062 

0.1099 

0.1068 

0.1066 

13.8160 

15.3228 

14.9964 

14.8864 

14.8856 

13.1412 

-- 

7.6384 

12.1058 

12.1305 

12.1688 

12.1658 

0.5303 

0.7739 

0.5239 

0.7269 

0.8460 

0.5550 

-- 

0.3649 

0.5849 

0.5823 

-- 

0.5800 

0.8511 

1.0285 

0.7945 

0.9851 

1.1047 

1.0947 

-- 

0.7930 

-- 

0.8296 

0.8331 

0.8261 
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Table 5.2: Average performance of different algorithms over 5 images databases. The 3 

best metrics have been highlighted in boldface. 

Type of 

Average 

Criteria SSIM MSVD VIF VSNR PSNR PSNR-

HVS-M 

Q Qwatermark 

 

Direct 

Averaging 

CP 

 

CS 

 

RMSE 

0.8431 

 

0.8335 

 

4.6888 

0.7562 

 

0.7241 

 

5.5839 

0.8074 

 

0.7866 

 

4.4988 

0.8240 

 

0.8061 

 

4.7547 

0.7174 

 

0.6832 

 

5.3083 

0.8241 

 

0.8145 

 

4.5926 

0.9071 

 

0.8654 

 

2.8936 

0.8744 

 

0.8550 

 

4.1043 

 

Weighted 

Averaging 

CP 

 

CS 

 

RMSE 

0.8404 

 

0.8418 

 

3.5225 

0.7362 

 

0.7435 

 

4.5175 

0.8584 

 

0.8279 

 

2.8547 

0.7842 

 

0.7877 

 

3.3182 

0.6961 

 

0.6936 

 

4.0592 

0.7290 

 

0.7369 

 

3.6430 

0.8743 

 

0.8522 

 

2.5008 

0.8520 

 

0.8356 

 

3.0691 

 

Table 5.3: CP values for the 4 distortion levels in TID database. Level 1 indicates the 

lowest distortion while Level 4 corresponds to the highest distortion. The 3 best metrics 

have been highlighted in boldface. 

Metric Level 1 Level 2 Level 3 Level 4 

SSIM 

MSVD 

VIF 

VSNR 

PSNR 

PSNR-HVS-M 

Q 

Qwatermark
 

0.7564 

0.4811 

0.5355 

0.6180 

0.5742 

0.4232 

0.7649 

0.7579 

0.6102 

0.5844 

0.5197 

0.6402 

0.3241 

0.5036 

0.6464 

0.6376 

0.6326 

0.3869 

0.8146 

0.4687 

0.3601 

0.4657 

0.6882 

0.6723 

0.6766 

0.6050 

0.8851 

0.6492 

0.3601 

0.5114 

0.7655 

0.7401 

 

We computed the average values for two cases. In the first case, the correlation scores 

were directly averaged, while in the second case, a weighted average was computed with 

the weights depending on the number of distorted images in each database (similar to 

[235]).  
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Table 5.4: Experimental results for EPFL video database. The 3 best metrics have been 

highlighted in boldface. 

Criteria/ 

Metric 

CP CS RMSE 

SSIM 

MSVD 

VIF 

VSNR 

PSNR 

PSNR-HVS-M 

QTID 

QLIVE 

QIVC 

Qwatermark 

0.6878 

0.8554 

0.7519 

0.8838 

0.6910 

0.8865 

0.9390 

0.9426 

0.9411 

0.9394 

0.7080 

0.8508 

0.7524 

0.8631 

0.6869 

0.8760 

0.9293 

0.9321 

0.9311 

0.9304 

0.9790 

0.6987 

0.8892 

0.6310 

0.9750 

0.6240 

0.4640 

0.4502 

0.4562 

0.4626 

 

We can observe from Table 5.2 that the proposed metric gives better overall 

performance in both averaging cases for the three evaluation criteria.  

As mentioned in Section 4.4.4, we can again see from Table 5.1 that some existing 

metrics are less consistent since they do not perform well for all the databases. For 

instance, VSNR does well on A57 but its performance is relatively low for other 

databases; VIF performs well on 3 databases but performs rather poorly on A57. By 

contrast, the proposed scheme is more consistent in its performance. To gain more 

insights into such behaviour of quality metrics, we perform additional analysis using the 

TID database. In our opinion, the variation in performance of quality metrics over the 

different databases is partly because of the distortion levels. For instance, A57 database 

mainly contains images with near-threshold distortions i.e. image quality degradation is 

just noticeable. On the other hand, databases like LIVE and IVC consist of images with 

supra-threshold distortions i.e. image quality degradation could be severe and more 

noticeable to the human eye. We conducted further tests to verify this. We observed the 



Chapter 5. Visual Quality Assessment with 2D Mel-cepstrum 

 96  

performance of different metrics for the 4 distortion levels of the TID database. The first 

level (Level 1) denotes just noticeable or near threshold distortion while the fourth level 

(Level 4) indicates higher distortion levels.  

With a total of 1700 distorted images and 4 distortion levels, there are 425 images for 

each distortion level. Table 5.3 presents the CP values for the prediction performance of 

different metrics on the 4 distortion levels. The CS and RMSE values are not presented 

here since they lead to similar conclusion as CP values. We can see that MSVD, VIF, 

VSNR and PSNR-HVS-M perform relatively better for the fourth distortion level (i.e. 

higher amount of distortion) while they are relatively poor for lower distortion levels. 

Also we find that there is large variation in prediction accuracies for MSVD, VIF and 

PSNR-HVS-M as we go from Level 1 to Level 4. On the other hand, SSIM, VSNR and 

Q are more consistent for the 4 levels with Q being better than the two. Therefore, Q, in 

general, not only performs better for each distortion level but is also more stable and 

consistent for the 4 levels. We believe this to be a reason for the better performance of 

the proposed metric for all the databases. That is, it achieves a better trade-off for the 

performance on near-threshold and supra-threshold distortions.  

5.3.2 Cross Database Validation 

We further present the results for the cross-database evaluation in Table 5.1 where QTID, 

QLIVE, QIVC and Qwatermark denote that training is done with TID, LIVE, IVC and 

watermarked image databases respectively while the remaining databases form the test 

sets. Since the training and testing sets come from different databases, the cross database 

evaluation helps to evaluate the robustness of the proposed scheme to untrained data. We 

can again see that the proposed scheme performs quite well with all the 3 test criteria (CP, 
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CS and RMSE). It is also worth pointing out that QIVC achieves good results for the TID 

database since in this case the training set size (185 images) is relatively smaller than the 

test set (1700 images). Similar comments can also be made for Qwatermark where training 

set consists of 210 images. 

As the last test in cross database evaluation, we test the performance of the proposed 

scheme for a video database. The trained system is used to predict the quality score of 

each individual frame and the overall quality score of the video is determined as the 

average of the scores all the frames in the video. The same procedure was also adopted 

for evaluating the other metrics. We present the results in Table 5.4. We can see that QTID, 

QIVC, QLIVE and Qwatermark all perform better than the existing metrics under comparison. 

Note that the videos in this database have been distorted due to H.264/AVC compression 

which is obviously not presented in the image databases. Since the training is done with 

image databases, the good performance of the proposed metric is again indicative of its 

generalization ability to new visual/distortion content.  

The better performance of the proposed metric for this video database is also important 

since H.264/AVC is a recent video coding standard which is fast gaining industry 

appreciation. Although VQA may also involve temporal factors for quality estimation, 

the aforesaid procedure of using the average of frame level quality as the overall video 

quality score is still a popular and widely used [17]. Further, similar to the previous 

chapter, we used the video databases primarily to evaluate the proposed metric’s 

performance to untrained contents. 
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Table 5.5: Average execution time for different metrics (in sec.). 

Metrics SSIM MSVD VIF VSNR PSNR PSNR-HVS-

M 

Proposed 

Time (sec.) 0.0454 0.6036 3.4829 0.4452 0.0037 2.5586 0.3268 

 

5.3.3 Metric Efficiency Evaluation 

An important criterion to judge the performance of a visual quality metric is its 

efficiency in terms of computational time required. The practical utility of a metric will 

reduce significantly if it is slow and computationally expensive. In this section, we 

compare the efficiency (i.e., computational complexity) of different metrics. We 

measured the average execution time required per image in the A57 database (image 

resolution is 512 × 512) on a PC with 2.40 GHz Intel Core2 CPU and 2 GB of RAM. 

Table 5.5 shows the average time required per image (in seconds), with all the codes 

implemented in Matlab. We can see that the proposed metric takes less time than all the 

existing metrics except PSNR and SSIM. This is because the feature extraction stage in 

the proposed metric takes the advantage of the Fast FT (FFT) algorithm during the DFT 

computation. Note that DFT normally requires O(N 2) operations to process N samples 

but for FFT this number is only O(N log(N)). The proposed metric is therefore 

reasonably efficient in terms of execution time required (in addition to better prediction 

accuracy) and more suitable for real time applications. 

5.3.4 Further Discussion 

We have three points which deserve further discussion and are explained in what 

follows. The first point is regarding the use of multiple databases (throughout the thesis). 

It ensures that the proposed system is tested for its robustness to a wide variety of image 
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and distortion contents on which the proposed system is not trained. Besides, it also helps 

in more comprehensive metric testing since a metric performing well for one database 

may not do well on another. In addition, it facilitates the cross database evaluation which 

provides a strong and convincing demonstration of the proposed system’s ability to 

predict the quality for untrained data. It may be mentioned here that for the cross 

database evaluation, we did not do any parameter optimization towards the test database. 

For instance consider Qwatermark. In this case, once we learn the model using all the 

images and associated subjective scores of the watermarked image database, we use the 

same model for testing LIVE, A57, TID, WIQ, IVC and EPFL (video database) 

databases. That is, we used the same kernel function namely RBF and the other 

parameters (i.e., radius of Gaussian function, the trade-off error parameter and regression 

tube width) were all kept constant when testing other image databases. Similar comments 

can be made for QTID, QLIVE, and QIVC. The performance improves further if we train a 

model specifically for each test database separately. It is also worth pointing out that the 

proposed metric is pretty robust to the different SVR parameters in that small changes in 

them do not cause large change in the prediction performance.   

Secondly, as demonstrated the proposed scheme is more consistent and stable in its 

performance across multiple databases than the existing metrics. This highlights that the 

selected features based on the 2D mel-cepstrum are effective. In addition, they convey a 

clearer physical meaning. The exploitation of 2D mel-cepstral features for quality 

assessment is novel and interesting since originally mel-cepstrum analysis was 

formulated for speech/audio signals. Since audio and visual signals have certain 

similarity as natural signals, it is not surprising that a similar approach can be used for 

analyzing them. The theory of natural signal statistics [228] also confirms that natural 
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signals (including images and sounds) share statistical properties (for instance natural 

signals are highly structured). These features are also of interest for pattern recognition 

applications since they allow representing the spectra by points in a multidimensional 

vector space.  

Lastly, the reader will recall that we used only the magnitude of the bin energy G(m,n) 

in Eq. (5.5). Note that G(m,n) will be a complex number in general which we denote 

as
αjAe with magnitude A and phaseα . The 2D mel-cepstrum computation involves the 

logarithm of G(m,n), so we have log((G(m,n)) = log(
αjAe ) = log(A) + αj . Now both A 

and α should be continuous functions for them to have a valid FT. However, 

since ],[ ππα −∈  we must first unwrap the phase so that it becomes continuous. The major 

problem is that unwrapping the phase in 2-D is difficult [152] due to two reasons. First, a 

typical image may contain thousands of individual phase wraps. Some of these wraps are 

genuine, while others may be false and are caused by the presence of noise and 

sometimes by the phase extraction algorithm itself. The process of differentiating 

between genuine and false phase wraps is extremely difficult and this adds complexity to 

the phase unwrapping problem. A second reason that complicates the phase unwrapping 

problem is its accumulative nature. The image is processed sequentially on a pixel-by-

pixel basis. If a single genuine phase wrap between two neighboring pixels is missed due 

to noise, or a false wrap appears in the phase map, an error occurs in unwrapping both 

pixels. This kind of error then propagates throughout the rest of the image. In addition, 

phase unwrapping will be a computationally expensive step and potentially a major 

bottleneck in the use of the proposed metric for real-time applications. 

Although the 2D mel-cepstrum representation is beneficial due to being perceptually 

relevant (as explained in Section 5.2.1), we cannot use the phase information for reasons 
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given above. However, phase has been known to convey signal information. There have 

been several studies examining the role played by phase and magnitude in images (see 

for instance [124]-[125]). The phase of FT corresponds to the relative locations of events 

such as lines and edges while magnitude determines the strength of such features. In 

addition, numerous studies have concluded that phase generally contains more image 

information and the so called phase dominance in images has been long established. The 

early study in [126] highlighted the importance of phase in image processing filters. The 

work of Oppenheim and Lim [127] demonstrated that exchanging the magnitude or phase 

spectrum of two images tends to produce a hybrid image more closely resembling the 

image that contributed the phase spectrum. This means that phase conveys more crucial 

information than magnitude. Further statistical evidence in favor of this has been 

presented in [128] where it has shown that random re-assignment of phase has severer 

effect on image quality as compared to random re-assignment of the magnitude. The 

image denoising method proposed in [129] also relies on preserving the perceptually 

important phase information in the signal. The study in [130] concludes that while both 

phase and magnitude convey information regarding the signal, it is the phase information 

that provides more significant details. The authors in [131] have justified that edges can 

be detected more efficiently at points of maximum phase congruency. A recent work 

reported in [150] employed Fourier analysis for the task of ranking data and it was 

concluded that the phase is much more important to matching the appearance of the data 

than the magnitude. In addition, psychophysical studies [132]-[133] also provide 

evidence in favour of the importance of phase to understanding scenes in images. These 

studies primarily examine the effect of phase and magnitude manipulations on the 

interpretability of images. The studies in [134]-[135] explore the relative importance of 
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spectral amplitude and phase errors on reconstructed images in terms of the expected 

MSE in the image. Ref. [136] investigates the human visual sensitivity to phase 

perturbations (namely phase quantization and randomization) by examining the global 

image statistics (skewness and kurtosis). In light of the importance of phase, we believe 

that it would be interesting to investigate its effectiveness for visual quality assessment 

(this is done in the next chapter).  

5.4 Comparison with SVD based algorithm 

In Chapter 4, we have proposed an SVD based metric. For comparison, we present the 

results (CP values) for the methods based on 2D mel-cepstrum and SVD in Figure 5.5. 

Note that both employ SVR based feature pooling and so this comparison helps evaluate 

the prediction accuracy of the features used in the respective schemes. As can be seen, 

the method based on 2D mel-cepstrum is slightly better than the one based on SVD, and 

the more important point is regarding computational complexity. As pointed out 

previously, SVD based metric is computationally more expensive than some of the 

existing schemes. This is because of the fact that SVD is computationally more 

challenging especially for larger image blocks. Note that SVD of a N × N matrix has time 

complexity O(N3) i.e. increases cubically (exponent 3) with increasing N. On the other 

hand, feature extraction based on 2D mel-cepstrum is much more efficient with 

complexity O(N log(N)) (due to the use of FFT) as mentioned in Section 5.3.3. 
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Figure 5.5: Performance comparison for SVD and 2D mel-cepstrum based methods (CP 

values). The parenthesis in the legend with 10, TID, IVC and LIVE are respectively used 

to indicate 10 fold CV results and respective the training databases.  

 

Regarding the computation time for an image of size 512 × 512, the 2D mel-cepstrum 

based method takes about 0.32 seconds (as indicated in Table 5.5) while SVD based 

scheme requires about 1.03 seconds (refer to Table 4.2). Therefore, the method based on 

2D mel-cepstrum is faster and more efficient. 

5.5 Concluding Remarks  

In this chapter, we have explored the 2D mel-cepstrum features and provided analysis 

and justification for their use in visual quality evaluation. We employed machine 

learning based (SVR) feature pooling because of its advantages. A thorough 

experimental validation using 7 independent and publicly available image/video 

databases with diverse distortion types provides strong ground for the usefulness of the 

proposed metric. The experimental results confirm the effectiveness of the proposed 
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feature selection and pooling method towards more effective and consistent quality 

valuation. We have also compared the performance of the proposed metric with seven 

relevant existing metrics and shown that the proposed metric performs consistently better 

across all the databases. 

However as pointed out in Section 5.3.4, phase is not readily available for the 2D mel-

cepstrum representation. In order to overcome this problem and exploit phase (which is 

known to convey important signal information) for more effective visual quality 

evaluation, we develop a new algorithm in the next chapter. Further, the proposed 

method can be extended to video quality assessment in the following ways:    

• Using the simple frame level averaged scores. This is probably the most 

straightforward method to extend 2D mel-cepstrum for video quality assessment. 

This of course has its drawbacks but incorporating better pooling schemes (like 

worst case pooling) will help over some of those limitations.  

• We could use motion estimation based analysis to account for the temporal 

information. For instance assigning lower weighting in case of a large global 

motion. This is based on the idea that in case of large motion the distortion is 

not as apparent as it is in case of still images or slowly moving video. Another 

possible approach to incorporating motion information is to use the similarity 

between motion vectors as the temporal factor. One can also use 2D mel-

cepstrum to estimate the quality between motion compensated blocks as the 

measure of temporal quality (as in [75]). 

 



 

Chapter 6  

Fourier Transform Based Scalable Visual 

Quality Measure 

6.1 Introduction 

As mentioned in Section 2.1.2, objective visual quality evaluation algorithms can be 

classified into 3 categories based on the amount of information used for predicting 

quality: (1) FR, (2) RR and (3) NR. FR algorithms are generally more accurate while NR 

methods although less accurate and usually distortion specific can be used when the 

reference image is not available. RR algorithms are essentially a trade-off between these 

two because only partial information of the reference image is required.  

As pointed out in Section 5.3.4, it is difficult to obtain the phase using the 2D mel-

cepstrum representation. In this chapter we present a new visual quality assessment 

algorithm based on the FT (which is generic transform and the phase is readily available 

for further processing). The base idea is to compare the phase and magnitude of the 

reference and distorted images to compute the quality score. However, it is well known 

that the HVS’ sensitivity to different frequency components is not the same. We 

accommodate this fact via a simple yet effective strategy of non-uniform binning of the 
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frequency components. This process also leads to reduced space representation of the 

image thereby enabling RR prospects of the proposed scheme. We then employ linear 

regression to integrate the effects of the changes in phase and magnitude to evaluate the 

overall quality. Lastly, using the fact that phase usually conveys more information than 

magnitude, we use only phase for RR quality assessment. This provides the crucial 

advantage of further reduction in the amount of reference image information required. 

The proposed method is therefore further scalable for RR scenarios. Extensive 

experiments show that the proposed method is overall better than the relevant existing 

FR and RR algorithms. There is a graceful degradation in prediction performance as the 

amount of reference image information (for the RR case) is reduced thereby confirming 

its scalability prospects.  

Because the phase can capture perceptually important features (such as edges and 

contours) it has been used in many image processing applications. For example, phase 

has been used in measuring image sharpness [137], image registration [138]-[140], 

palmprint recognition [141], visual saliency detection [142] and face recognition [143]-

[144], to list a few. There also exist a few works (e.g. [145]-[146]) which have exploited 

phase for IQA. Even though several studies have pointed out (as mentioned here and also 

in Section 5.3.4 of the previous chapter) that phase plays a bigger role, the magnitude 

information cannot be completely ignored. This is obvious because both phase and 

magnitude are required for perfect image reconstruction. In this chapter, we propose a 

new scheme for visual quality assessment by utilizing the phase and magnitude of the FT. 

The proposed method is different from existing works based on phase in the following 

ways: 

1. We take into account the human sensitivity to different frequency components: in 
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general, the HVS can tolerate more error in higher frequency components while the 

distortion in lower frequency components has a larger impact on the visual quality. 

We achieve this via binning of the higher frequency components leading to reduced 

space. This provides the additional advantage of scalability associated with the 

proposed scheme: only a fraction of the total amount of information is required 

from the reference image to determine the quality.  

2. We employ a regression based method for combining the quality scores from phase 

and magnitude changes leading to more convincing integration of the two. 

3. A thorough set of experimental results is presented which provide evidence in 

favour of the proposed scheme. To that end, we have used a total of 9 publicly 

available subjectively rated databases: 7 image databases (with a total of 3832 

distorted images having diverse distortions) and 2 video databases (totally 228 

distorted videos). We also compare the performance of the proposed scheme with 

several existing and well known FR quality assessment methods. 

4. We also explore and demonstrate the scalability of the proposed method by using 

only the phase information. This helps in significantly reducing the amount of 

reference information needed and renders scalability of the proposed method. 

 

The remaining sections are organized as follows. Section 6.2 introduces the relevant 

work pertaining to the phase and magnitude of the FT. We then describe the proposed 

scheme with proper analysis and reasoning. Extensive experimental validation and 

related analysis is then reported in Section 6.3 while concluding remarks are given in 

Section 6.4.      
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6.2 The Proposed Method Using Phase and 

Magnitude of 2D DFT 

6.2.1 Phase and Magnitude characterization 

In this section, we present visual examples to illustrate the roles that phase and 

magnitude play. First, we consider the ‘Boat’ image shown in Figure 6.1 (a) and obtain 

its phase and magnitude spectra. Similar to [137], we distorted the magnitude spectra by 

adding a random shift S.α  where α  is a constant and S is made of i.i.d. random variables 

uniformly distributed on( )ππ ,− . The reconstructed image from distorted magnitude and 

original phase is shown in Figure 6.1 (b). Next, we distorted the phase with the same 

energy in a similar way and the reconstructed image from original magnitude and 

distorted phase is shown in Figure 6.1 (c). As can be observed, for a same distortion, 

phase has a bigger impact on the image structure and hence its quality. However, it is 

important to note that magnitude distortion still provides some information regarding 

quality loss.  

The second visual example is shown in Figure 6.2 which involves image reconstruction 

using interchanged phase and magnitude. The two original images are shown in Figure 

6.2 (a) (‘Tiffany’) and (b) (‘Cameraman’). By interchanging the phase and magnitude, 

we obtained the two images in (c) and (d) as {phase of (a) and magnitude of (b)} and 

{phase of (b) and magnitude of (a)}, respectively. It can be noticed that phase conveys 

more information regarding the perceived image content. 
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                              (a)                                           (b)                                           (c)  
 

Figure 6.1: Effect of random phase and magnitude perturbations 

(a) Original image, (b) image reconstructed with original phase and distorted magnitude 

and (c) image reconstructed with distorted phase and original magnitude. 

 

     

                        (a)                              (b)                               (c)                               (d) 
 

Figure 6.2: Interchanging phase and magnitudes in images 

(a) Original ‘Tiffany’ image, (b) Original ‘Cameraman’ image, (c) image constructed 

from phase of (a) and magnitude of (b) and (d) image constructed from phase of (b) and 

magnitude of (a). 

 

  The Fourier phase determines the locations of perceptually-significant features such as 

edges, and has a bigger contribution than magnitude in determining the appearance. 

It has been pointed out [142], [147] that the magnitude spectrum specifies how much of 

each sinusoidal component is presented and the phase information specifies where each 

of the sinusoidal components resides within the image. The authors in [142] used 1D 

signals and demonstrated that when the waveform is a positive or negative pulse, its 
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phase-only reconstruction contains the largest spikes at the jump edge of the input pulse. 

This is because many varying sinusoidal components locate there. On the other hand, 

when the input is a single sinusoidal component of constant frequency, there is no 

distinct spike in the reconstruction. Thus, phase of the signal carries information 

regarding edges and other salient parts. This is also true for a 2D signal (image/video 

frame), and due to this phase has been used [142], [148] to obtain the image saliency map 

and also in edge detection [149]. We conducted experiments in which we reconstructed 

the image using constant magnitude and original phase (and vice-versa i.e. original 

magnitude and a constant phase). Figure 6.3 shows three images and their reconstructed 

versions. The first row of Figure 6.3 shows (a) original, (b) blurred and (c) JPEG 

compressed images. The second row shows the images reconstructed from their 

respective phases but constant magnitude spectra, while the third row in Figure 6.3 

shows the images reconstructed using their respective magnitude but a constant phase. 

As can be seen, the images in Figure 6.3 (d), (e) and (f) capture the most important 

features such as edges and contours. One can also notice the damage that is caused to the 

image structure due to blurring and JPEG compression. Therefore, phase similarity (or 

difference) between the reference and a distorted image is expected to give a reasonable 

estimate of structural degradation (provided that signal contents are properly 

discriminated as will be explained in Section 6.2.2). On the other hand, the images in 

Figure 6.3 (g), (h) and (i) convey less information although some changes can be noticed 

due to the blurring and JPEG distortions. 
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                                 (a)                                           (b)                                            (c) 

   

                                (d)                                         (e)                                            (f) 

   

                    (g)                                          (h)                                           (i) 
 
Figure 6.3: Image reconstruction with constant phase (or magnitude). (a) Original image, 

(b) Blurred image, (c) JPEG compressed image, (d) image constructed using constant 

magnitude and phase of (a), (e) image constructed using constant magnitude and phase of 

(b), (f) image constructed using constant magnitude and phase of (c), (g) image 

constructed using constant phase and magnitude of (a), (h) constructed using constant 

phase and magnitude of (b) and (f) constructed using constant phase and magnitude of 

(c). 
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6.2.2 Non-uniform binning of 2D DFT coefficients for 

visual quality assessment  

Non-uniform binning of frequency coefficients has been explored previously [151] for 

face recognition. In this chapter, we provide analysis and justification for binning the 

frequency coefficients towards more accurate and efficient (in terms of RR prospects) 

visual quality assessment.  

As mentioned in the introduction of this chapter, we propose the use of phase and 

magnitude to compute the image quality. A natural (and intuitive) way of determining 

the quality of distorted images (compared with the reference image) is to measure the 

similarity (or difference) between the phases and magnitude of the reference and 

distorted images. Conceptually, this would be similar to MSE (or PSNR) which directly 

computes the difference between the pixels of the reference and distorted images. 

However, like MSE, such an approach would be less effective because it does not 

account for the HVS’ characteristics and signal contents. In other words, it fails to 

consider the unequal sensitivity of the HVS to distortions in different frequency 

components.  

It is known that natural images are characterized by a fair amount of redundancy. A 

common characteristic of most images is that the neighboring pixels are correlated. 

Exploiting this, there have been image compression techniques aiming to reduce the 

number of bits needed to represent an image by removing the spatial and spectral 

redundancies. It can therefore be argued that for perceptual quality assessment, it would 

be more effective to focus on changes/distortion in perceptually important components. 

For example, it is well known that textured regions can usually tolerate more distortion 

(error) than smooth regions. 
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                        (a)                (b) DMOS = 0.031     (c) DMOS = 0.267      (d) DMOS = 0.509 

    

                      (e)                (f) DMOS = 0.015       (g) DMOS = 0.056     (h) DMOS = 0.179 
 

Figure 6.4: Effect of distortion on image with relatively more smooth areas and more 

textured areas (these images are from CSIQ image database). 

 First Row: (a) Original image ‘lady_liberty’, (b) JPEG 2000 distorted image for the first 

distortion level, (c) JPEG 2000 distorted image for the second distortion level and (d) 

JPEG 2000 distorted image for the third distortion level. Second Row: (a) Original image 

‘foxy’, (b) JPEG 2000 distorted image for the first distortion level, (c) JPEG 2000 

distorted image for the second distortion level and (d) JPEG 2000 distorted image for the 

third distortion level. The respective subjective scores in the form of Difference MOSs 

(DMOS) have been indicated below each distorted image. 

 

 

This is because the distortion in textured regions is usually masked (texture masking). 

Masking effect refers to the reduction of the visibility of image distortion due to the 

presence of the original content in the reference image. Stated differently, the JND in 

textured regions is higher than that in smoother areas of the image [27]. Psycho-visual 

experiments have also shown that the HVS has reduced sensitivity for patterns with high 

spatial frequencies and therefore their distortion/perturbation is less annoying. 
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                                          (a)                                                (b) 
                                                                                              SSIM =0.8124, PSNR = 21.5090, QPhase = 0.9495, Qmag = 0.9776 

  

                                                                 (c)                                               (d) 
SSIM =0.7948, PSNR = 23.1508, QPhase = 0.9511, Qmag = 0.9801   SSIM = 0.6785, PSNR = 18, 5705, QPhase = 0.9292, Qmag = 0.9629 

 

Figure 6.5: Illustration of masking effect due to high texture.  

(a) Original ‘baboon’ image, (b) Noisy image, (c) JPEG compressed image and (d) JPEG 

image in (c) distorted by the same amount of Gaussian noise that was used to obtain (b). 

Objective predictions from SSIM, PSNR and proposed method are also indicated below 

each image. 

 

The reduced sensitivity of the HVS to higher frequencies has therefore been used in 

JPEG compression where the higher frequency signals are largely discarded using non-

uniform quantization.  

As an illustration, we have shown 4 images in the first row of Figure 6.4 (image (a) is 

the original image which is relatively smooth) and 4 images in the second row (image (e) 

is the original image which has more texture). These images have been taken from the 
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CSIQ database [118]. The two original images were compressed by JP2K technique to 

obtain the distorted images shown in (b), (c), (d) and (f), (g), (h) respectively. The 

compression level along each row increases from left to right and equally for both 

images. We have also indicated the respective subjective scores (in the form of DMOS 

with a lower value indicating better subjective quality) for the distorted images. As can 

be seen, for a same compression, the DMOS scores are higher for the images in the first 

row as compared to those in the second row. This means that the textured image can 

tolerate more distortion than the relatively smooth image.  

Another example is shown in Figure 6.5. As can be observed, the ‘Baboon’ image is 

highly textured and the increased amount of distortion (or error) does not necessarily 

imply the same loss of perceived quality. This is because a large amount of distortion is 

masked because of texture and its visibility is reduced.  

Based on the foregoing discussion and analysis, it is evident that for assessing visual 

quality, the unequal sensitivity of the HVS to distortions should be taken into 

consideration. We divide the spectrum into non-uniform bins such that the bin size is 

bigger for higher frequency and smaller at lower frequency. A representative diagram is 

shown in Figure 6.6 where each red dot represents a DFT coefficient. In this figure, the 

DC component at the centre is indicated by a bigger red dot and higher frequency 

components lie away from the centre as indicated. Next, we obtain the average of 

frequency coefficients in each bin. With the said procedure, we obtain a reduced space 

representation of the spectrum in which the higher frequency components are represented 

by the average of the components in each bin. This can also be taken as a special case of 

down sampling wherein the frequency components in each bin are represented by just 

one sample (the average).  
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Figure 6.6: A representative diagram of the non-uniform binning of the DFT coefficients. 

Notice that the bin sizes are bigger for higher frequency components. 

 

The smaller bin size for lower frequency means that we analyze them at a finer 

resolution. On the other hand, the higher frequency components are analyzed at coarser 

resolution because more components are averaged out due to larger bin size. As an 

illustration of the effectiveness of this, we have indicated in Figure 6.5 the objective 

quality scores from SSIM, PSNR and the proposed QPhase and Qmag (defined later in Eqs. 

(6.7) and (6.8) respectively). Note that SSIM, QPhase and Qmag predict scores in the range 

[0, 1] with 1 denoting best quality and 0 indicating worst quality. The reader will notice 

that the images shown in Figure 6.5 (b), (c) and (d) are of similar visual quality as the 

original image (a). Therefore, objective predictions should be close to 1 in case of SSIM, 

PhaseQ and magQ and a large number in case of PSNR. However, both PSNR and SSIM tend 

to overestimate the error. On the other hand, PhaseQ and magQ are better (both predict scores 

Frequency components in each bin are 

averaged out 

Q 

P

Qred 

Pred 

Phase and magnitude at each point is used 
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closer to 1) because of higher emphasis on the distortion in lower frequency components. 

The details of the proposed method are given next.  

The 2D DFT ),( vuY of the image ),( 21 nny  (size N by N) is defined as:
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where n1 and n2 denote the spatial coordinates, and u and v are the frequency coordinates. 

),( vuY is in general a complex number consisting of the real and imaginary parts. Using 

Euler’s formula we can express ),( vuY as 

                                          
),(|),(|),( vujevuYvuY φ=                                                            (6.2) 

where | ),( vuY | represents the magnitude and ),( vuϕ denotes the phase such that 
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with (.)re  and (.)im  denoting real and imaginary parts respectively.  

We now describe the procedure of determining the quality of a distorted image 

compared with the reference image. We first divide the image into non-overlapping 

blocks of size P × Q. Next, we obtain the 2D DFT coefficients of each block. We then 

group the DFT coefficients via non-uniform binning as demonstrated in Figure 6.6. In 

this chapter, we assumed square blocks, i.e. P = Q. Finally, the phase and magnitude are 

extracted (for both reference and distorted images) from the reduced space representation 

and their similarity scores is computed. 

Let )(ref
ijP , )(ref

ijM  respectively denote the phase and magnitude at the i th point (as 
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illustrated in Figure 6.6 there will be totally Pred × Qred  such points) in j th block of the 

reference image while )(dis
ijP , )(dis

ijM denote that for the distorted image. The phase and 

magnitude similarity scores for j th block are then obtained as                                         
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where C is a constant used to avoid division by zero and redN = Pred × Qred.  The phase 

(and magnitude) similarity score for the whole image is obtained by averaging the scores 

over all the image blocks (letblockN be the number of blocks) to obtain the two overall 

scores as 
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Note that 10 ≤≤ magPhase QQ ,  with 0 indicating no similarity (worst quality) and 1 

implying perfect similarity (highest quality). 

As mentioned in the introduction of this chapter, a few existing works use the phase 

information directly and one such method has been proposed in [146]. We denote it as 

DPS (direct phase similarity) in the remaining sections. In this method, image quality is 

computed by measuring the Pearson correlation coefficient between the phase of the 

reference and distorted images. Therefore, DPS scores are in the range [0, 1] with 0 

denoting worst quality and 1 denoting perfect quality. To demonstrate the effectiveness 

of the proposed method (denoted as combinedQ and defined in Eq. (6.9)) in comparison to 
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DPS, we show 4 distorted images in Figure 6.7 which are taken from A57 database [119]. 

The subjective scores in the form of DMOS (smaller means higher image quality) have 

also been indicated below each image. As can be seen, DPS scores are not consistent 

with subjective opinions while the scores from proposed combinedQ  are closer to subjective 

viewing results. Note that combinedQ  scores are in the form of DMOS (in the range 0 to 100) 

due to training with a database with DMOS (refer to Section 6.2.4 for details). We have 

also indicated the PSNR values for these images for comparison. Both DPS and PSNR 

do not explicitly account for the fact that HVS’ sensitivity to error in different frequency 

components is not the same. As opposed to this, the proposed method is more sensitive to 

error (distortion) in lower frequency. At the same time the error in higher frequency is 

not simply ignored but analyzed such that its overall impact is lower. It may be pointed 

out that Figure 6.7 is meant to provide a simple visual illustration and in Section 6.3 we 

will present more comprehensive experimental results to show the effectiveness of 

proposed scheme in comparison to DPS and other IQA algorithms. 

6.2.3 Reduced-space representation of image 

As pointed out earlier, with the procedure summarized in Figure 6.6, we obtain a 

reduced-space representation of the image. That is, an image block of P × Q pixels will 

be represented by (2 × Pred × Qred) coefficients where Pred < P, Qred < Q, and the factor of 

two is because we need both phase and magnitude at each point. We can further reduce 

the information required by using the fact that for real sequences the 2D DFT is 

symmetric. Because the image ),( 21 nny is real valued, ),( vuY exhibits complex conjugate 

symmetry, i.e. ),(),( * vuYvuY −−= . Therefore, the same magnitude information will be 

repeated because |),(||),(| vuYvuY −−= .  



Chapter 6. Fourier Transform Based Scalable Visual Quality Measure 
 

 120  

  

(a) DMOS = 0.5250                             (b) DMOS = 0.1080 
DPS = 0.7735, PSNR = 28.9830,            DPS = 0.7572, PSNR = 29.0030, 

combinedQ  = 41.5661                            combinedQ  = 32.4690 

  
(c) DMOS = 0.1870                             (d) DMOS = 0.1370 

DPS = 0.6726, PSNR = 28.8700,         DPS = 0.7044, PSNR = 29.0560, 

combinedQ  = 35.5580                         combinedQ  = 35.0577 

 

Figure 6.7:  Visual quality prediction by DPS, PSNR and proposed method. The 

subjective scores, DPS, PSNR and proposed method’s scores are indicated below each 

image (images and the corresponding subjective scores are from A57 database). 

 

 On the other hand, for phase we have ),(),( vuvu φφ −=−− , i.e., phase differs only by the 

sign and so discarding the phase with negative sign does not have any impact. By this we 

do not imply that the symmetric phase does not provide any information; merely, for our 

purpose in this chapter, it is not useful because we only need the similarity between the 

phases of reference and distorted images.  

In this chapter we used a block size of 128, i.e., P = Q = 128 while Pred = Qred = 31. 

This means that in this case we need only 11.73% of the information from the reference 

image to compute the quality. Due to exploiting the symmetry, we further reduce the 

information required to only about 6% of the information from the reference image to 
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compute PhaseQ and magQ . 

6.2.4 Combining PhaseQ and magQ via linear regression 

PhaseQ and magQ need to be integrated into an overall quality score. To that end, we 

employed linear regression to obtain overall quality score. Assuming that combinedQ denotes 

the overall quality score, we can express the solution as  

                                            bQwQwQ magPhasecombined ++= 21                                     (6.9) 

where 1w and 2w are the respective weights for PhaseQ and magQ while b  is the intercept (a 

constant). Because phase plays a more crucial role in determining the change in the 

image structure, it is expected to have a larger impact on the overall quality and so 

|||| 21 ww > . However, to determine the exact contribution (weights) of each term, it will be 

more convincing to obtain them via training instead of ad-hoc selection. Let 

},...,{ 21 lXXX  and },...,{ 21 lyyy denote the training set. Here, each ( ) ( )[ ]
imagnitudeiPhasei QQX ,=  

represents the 2-dimensional vector consisting of the phase and magnitude similarity 

scores and eachiy is the associated subjective score (i.e. target value) for the thi  image. 

Given the training data( ) ( )ll yXyX ,,..., 11
, we find the weight vector ( )21 wwW ,=  and b  by 

solving the following optimization problem 

                                             
( )( )∑

=

+−
l

i

i
T

i
bW

bXWymin
1

2

,  

Therefore, bXW i
T +  approximates the training data by minimizing the sum of squared 

errors. We used the A57 database for training and as a result of which 57101 .−=w , 

5952 .−=w  andb = 16.14. As expected, PhaseQ  has a larger impact (contribution) thanmagQ . 

It is also easy to see that with this set of1w , 2w and b , combinedQ  will be close to zero for the 
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perfect quality image (because PhaseQ = magQ =1) and increase as image quality decreases. 

Hence combinedQ will predict DMOS because the training database A57 provides DMOS as 

the subjective scores.  

6.3 Experimental Results and Analysis 

In this section, we present the experimental results to assess the prediction performance 

of the proposed scheme. Note that all the results in this chapter are for the luminance 

component of the image. We also include the results for PSNR, MSSIM2 [153], VSNR 

[45], VIF [44], PSNR-HVS-M [154] and DPS [146] all of which are FR schemes. 

6.3.1 Performance Assessment Criteria 

As mentioned in Section 6.2.4, we used A57 database (please refer to the Appendix for 

database details) for training with the remaining image and video databases as test sets. 

Note that none of the images in A57 database appear in the remaining databases. For 

reporting the results for A57 database, we used WIQ database as the training set. Thus, 

training and test contents do not overlap and there is no parameter optimization towards 

any of the test databases. Furthermore, we also use two video databases to investigate the 

effectiveness of the “learned” relationship in predicting quality of individual video frame. 

In this chapter, the overall video quality is obtained by simply averaging out the quality 

scores over all the frames. As already stated in Chapters 4 and 5, we realize that simple 

averaging does not account for the temporal factor that has been shown to play a crucial 

role in VQA (we will tackle this aspect in Chapter 7). However, in this chapter, our 

primary aim is to examine the performance of the trained weights to new and untrained 

                                                 
2 We include results only for MSSIM because it is usually better than the single scale SSIM. 
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contents.    

Like Section 4.4.1, we employed a 5-parameter logistic mapping between the objective 

outputs and the subjective scores. The prediction performance is compared using CP, CS, 

Kendall rank correlation coefficient CK and RMSE, between the subjective score and the 

objective prediction (after logistic transformation). A better quality metric has higher CP, 

CK, CS and lower RMSE. 

6.3.2 Performance Comparison 

Table 6.1 presents the comparative results for the 7 image databases while the results 

for the 2 video databases are presented in Table 6.2. One can observe that the proposed 

method performs better (in many cases) or is very competitive when compared to the FR 

schemes. This is significant given that combinedQ requires only about 6% (of the total 

number of pixels) of the reference information in contrast to the FR schemes (which need 

the complete reference information). One can also note from that the proposed scheme is 

more consistent in its performance across different databases.  

In addition to the overall performance, the proposed method in general performed well 

for individual distortion types. As an example, we have presented the CP values in Table 

6.3 for some typical distortion types including JPEG, JPEG 2000, additive white noise 

and fast fading. 

6.3.3 Scalability and Further Reduction in Required 

Reference Information 

We can further reduce the required reference information with small loss in prediction 

accuracy. 
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Table 6.1: Performance comparison of the proposed method with FR methods for image 
databases. 

Database Criteria PSNR 
PSNR- 

HVS-M 
MS-SSIM VSNR VIF DPS 

 

combinedQ  

 

)(1Q  )(2
PhaseQ  

 

)(3
PhaseQ  

CS 0.8756 0.9295 0.9513 0.9280 0.9632 0.9292 0.9563 0.9479 0.9454 0.9287 

CK 0.6865 0.7659 0.8044 0.7625 0.8270 0.7571 0.8190 0.7992 0.7932 0.7664 

CP 0.8723 0.9251 0.9409 0.9237 0.9598 0.9246 0.9537 0.9450 0.9423 0.9228 LIVE 
RMSE 

 
 

13.3597 
 
 

10.3722 
 
 

9.2593 
 
 

10.4694 
 
 

7.6670 
 
 

10.4058 
 
 

8.2193 
 
 

8.9325 
 
 

9.1485 
 

 

10.5488 

CS 0.5794 0.6128 0.8542 0.7049 0.7496 0.7059 0.8338 0.8210 0.7804 0.7847 

CK 0.4210 0.4764 0.6568 0.5345 0.5863 0.5189 0.6425 0.6259 0.5869 0.5907 

CP 0.5726 0.6051 0.8451 0.6823 0.8090 0.7549 0.8441 0.8302 0.8053 0.8023 TID 
RMSE 

 
 

1.1003 
 
 

1.0685 
 
 

0.7173 
 
 

0.9810 
 
 

0.7888 
 
 

0.8801 
 
 

0.7195 
 
 

0.7482 
 
 

0.7957 
 
 

0.8010 
 

CS 0.6132 0.8480 0.8874 0.8608 0.9077 0.9203 0.9148 0.9001 0.9029 0.8590 

CK 0.4443 0.6568 0.7029 0.6745 0.7315 0.7541 0.7384 0.7171 0.7224 0.6696 

CP 0.6353 0.8580 0.8922 0.8704 0.9138 0.9264 0.9184 0.9061 0.9084 0.8604 Toyama 
RMSE 

 
 

0.9664 
 
 

0.6428 
 
 

0.5652 
 
 

0.6160 
 
 

0.5084 
 
 

0.4711 
 
 

0.4951 
 
 

0.5295 
 
 

0.5213 
 
 

0.6378 
 

CS 0.6189 0.8962 0.8414 0.9355 0.6223 0.4443 0.8937 0.8802 0.9181 0.8697 

CK 0.4309 0.7261 0.6478 0.8031 0.4589 0.3148 0.7191 0.7051 0.7443 0.6939 

CP 0.6347 0.8749 0.8575 0.9497 0.6157 0.4745 0.9147 0.9093 0.9294 0.9053 A573 
RMSE 

 
 

0.1899 
 
 

0.1190 
 
 

0.1264 
 
 

0.0769 
 
 

0.1937 
 
 

0.2163 
 
 

0.0993 
 
 

0.1023 
 
 

0.0907 
 
 

0.1044 

CS 0.6884 0.8832 0.8980 0.7993 0.8964 0.8819 0.8943 0.8905 0.8960 0.7881 

CK 0.5218 0.6935 0.7203 0.6053 0.7158 0.6853 0.7114 0.7033 0.7150 0.5823 

CP 0.7196 0.8905 0.9108 0.8034 0.9028 0.8941 0.9046 0.9003 0.9046 0.7935 IVC 
RMSE 

 
 

0.8460 
 
 

0.5544 
 
 

0.5029 
 
 

0.7255 
 
 

0.5239 
 
 

0.5456 
 
 

0.5192 
 
 

0.5304 
 
 

0.5190 
 
 

0.7414 

CS 0.8005 0.8179 0.9133 0.8104 0.9195 0.7831 0.9237 0.9344 0.8082 0.8197 

CK 0.5984 0.6430 0.7393 0.6237 0.7537 0.5951 0.7619 0.7773 0.6472 0.6247 

CP 0.7998 0.8137 0.8990 0.7993 0.9277 0.8376 0.9171 0.9336 0.8815 0.8687 CSIQ 
RMSE 

 
 

0.1576 
 
 

0.1526 
 
 

0.1150 
 
 

0.1578 
 
 

0.0980 
 
 

0.1434 
 
 

0.1047 
 
 

0.0940 
 
 

0.1240 
 
 

0.1295 

CS 0.6257 0.7261 0.7360 0.6558 0.6918 0.6631 0.8418 0.8360 0.8271 0.7518 

CK 0.4626 0.5569 0.5645 0.4873 0.5246 0.5069 0.6519 0.6500 0.6386 0.5575 

CP 0.7549 0.7632 0.7761 0.7625 0.7333 0.7352 0.8547 0.8511 0.8481 0.7766 WIQ 

RMSE 

 

15.0235 

 

14.8022 

 

14.4442 

 

14.8199 

 

15.5734 

 

15.5267 

 

11.8914 

 

12.0274 

  

12.1378 

 

14.4301 

 

 

                                                 
3Results are reported with WIQ as the training database. 
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Table 6.2: Performance comparison of the proposed method with FR methods for video 

databases. 

Database Criteria PSNR 
PSNR- 
HVS-

M 

MS-
SSIM 

VSNR VIF DPS 

 

combinedQ  

 

)(1Q  )(2
PhaseQ  

 
)(3

PhaseQ  

CS 0.5431 0.6889 0.7389 0.6710 0.5662 0.3654 0.7481 0.7487 0.7393 
 

0.7397 
 

CK 0.3818 0.5179 0.5579 0.4977 0.3948 0.2561 0.5561 0.5581 0.5484 
 

0.5492 
 

CP 0.5583 0.6947 0.7447 0.6878 0.5875 0.4379 0.7619 0.7623 0.7611 
 

0.7590 
 

LIVE video 

RMSE 
9.1072 

 
7.9262 

 
7.3262 

 
7.9687 

 
8.8833 

 
9.8689 

 
7.1104 

 
7.0844 

 
7.1568 

 

7.2270 
 

CS 0.6869 0.8760 0.9220 0.8631 0.6866 0.7206 0.9301 0.9268 0.9187 
 

0.9117 

CK 0.5058 0.6754 0.7642 0.6757 0.5178 0.5385 0.7749 0.7669 0.7590 
 

0.7349 

CP 0.6907 0.8865 0.9499 0.8890 0.7681 0.7224 0.9438 0.9422 0.9356 
 

0.9289 

EPFL video 

RMSE 0.9753 0.6240 0.4216 0.6176 0.8636 0.9326 0.4458 0.4520 0.4711 
 

0.4995 

 

To that end, we first obtain the averaged phase and magnitude over all the image blocks 

as  

                                                  ∑
=

=
blockN

j

ref
ij

block

ref
i P

N
P

1

1 )()(
                                                (6.10) 
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N
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1

1 )()(
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We then calculate phase and magnitude similarities)(1
PhaseQ and )(1

magQ  as 
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The overall quality )(1Q  is then determined via linear regression based combination of 

)(1
PhaseQ and )(1

magQ . Note that )(1Q is different from combinedQ  which uses phase and magnitude 

similarity between the individual image blocks. Expectedly, for )(1Q there will be some 

loss of prediction accuracy because of the averaging indicated by Eqs. (6.10) ~ (6. 13) 

but importantly there is a further reduction in the amount of reference information. For 

instance in the TID database, the image resolution is 512 × 384. In this case, the required 

reference information will be only about 
200

1 of the image size, and this is quite a 

significant reduction. The experimental results for )(1Q have been presented in Tables 6.1, 

6.2, 6.3 and 6.5. One can notice that )(1Q  performs quite well and is very competitive 

with FR schemes. 

We have already mentioned that phase information is generally more crucial than 

magnitude. To verify this further, as an example we present the individual results 

for )(1
PhaseQ , )(1

magQ  and )(1Q  separately in Table 6.5 (RMSE is omitted as it leads to similar 

conclusions as from other criteria). One can see that )(1
PhaseQ  gives higher correlation with 

the subjective scores across all the databases. Nevertheless, we note that )(1
magQ  also plays 

a role. It is therefore not surprising that )(1Q  (which is a linear combination of 

)(1
PhaseQ and )(1

magQ ) achieves the best results for each database. 
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Table 6.3: Performance comparison for typical distortion types. 

Distortion Type Database PSNR 

PSNR- 

HVS-

M 

MS-

SSIM 
VSNR VIF DPS 

 

combinedQ  

 

)(1Q  )(2
PhaseQ  

 

)(3
PhaseQ  

LIVE  0.8897 0.9485 0.9812 0.9735 0.9859 0.9742 0.9773 0.9704 0.9690 0.9559 

TID 0.8703 0.9720 0.9607 0.9379 0.9547 0.9308 0.9469 0.9282 0.9231 0.9308 
JPEG 

CSIQ 

 

0.8788 

 

0.9576 

 

0.9815 

 

0.9487 

 

0.9882 

 

0.9695 

 

0.9771 

 

0.9704 

 

0.9686 

 

0.9644 

LIVE  0.8997 0.9200 0.9706 0.9641 0.9760 0.9583 0.9637 0.9546 0.9478 0.9321 

TID 0.8672 0.9669 0.9753 0.9531 0.9730 0.9629 0.9700 0.9604 0.9600 0.9510 
JPEG 2000 

CSIQ 

 

0.9463 

 

0.9680 

 

0.9785 

 

0.9561 

 

0.9776 

 

0.9618 

 

0.9722 

 

0.9654 

 

0.9627 

 

0.9502 

LIVE  0.7835 0.8869 0.9591 0.9369 0.9740 0.9412 0.9737 0.9627 0.9560 0.9310 

TID 0.8736 0.9143 0.9512 0.9277 0.9401 0.8857 0.9413 0.9229 0.9149 0.8968 
Blur 

CSIQ 

 

0.9081 

 

0.9553 

 

0.9669 

 

0.9342 

 

0.9717 

 

0.9427 

 

0.9728 

 

0.9678 

 

0.9606 

 

0.9510 

LIVE  0.9857 0.9865 0.9725 0.9816 0.9841 0.9757 0.9847 0.9710 0.9692 0.9563 

TID 0.9341 0.9363 0.8021 0.7577 0.8725 0.6750 0.7144 0.6510 0.6827 0.5944 Additive white 

noise CSIQ 

 

0.8978 

 

0.9433 

 

0.9465 

 

0.9260 

 

0.9606 

 

0.8703 

 

0.9212 

 

0.9004 

 

0.9101 

 

0.8720 

LIVE  0.8897 0.9093 0.9284 0.9055 0.9613 0.9488 0.9431 0.9461 0.9380 0.9087 
Fastfading 

TID 0.8536 0.9257 0.8386 0.7797 0.8372 0.7359 0.8369 0.7769 0.7796 0.7690 

 

Table 6.4: Comparison of CP values achieved by phase and magnitude. 

Database/ 

Algorithm 

LIVE TID Toyama IVC CSIQ 

)(2
magQ  0.8810 0.6893 0.8831 0.8469 0.7598 

)(2
PhaseQ  0.9423 0.8053 0.9084 0.9046 0.8815 

 

Table 6.5: Results for phase and magnitude scores separately. 

Criteria/ 
 

Database 

CP 

 
)(1

PhaseQ       
)(1

magnitudeQ         )(1Q  

CS 

 
)(1

PhaseQ       
)(1

magnitudeQ         )(1Q  

CK 

 
)(1

PhaseQ        
)(1

magnitudeQ         )(1Q  

LIVE 0.9413 0.8803 0.9450 0.9475 0.8798 0.9479 0.7980 0.6998 0.7992 
TID 0.8135 0.6853 0.8302 0.7883 0.7050 0.8210 0.5960 0.5384 0.6259 

Toyama 0.8992 0.8789 0.9061 0.8874 0.8748 0.9001 0.7011 0.6893 0.7171 
A57 0.8996 0.7470 0.9093 0.8840 0.7393 0.8802 0.7051 0.5694 0.7051 
IVC 0.8927 0.8389 0.9003 0.8820 0.8315 0.8905 0.6955 0.6342 0.7033 

CSIQ 0.8811 0.7549 0.9336 0.8067 0.7686 0.9344 0.6480 0.5894 0.7773 
WIQ 0.8470 0.8342 0.8511 0.8284 0.8179 0.8360 0.6418 0.6297 0.6500 
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Table 6.6: Performance comparison of the proposed method Ref. [155] for LIVE 

database. 

Criteria Algorithm All data JP2(1) JP2(2) JPG(1) JPG(2) Noise Blur Fastfading 
 

 
CP 

DNT [155] 
 

)(4Q  

0.8930 
 

0.9009 

0.9115 
 

0.9031 

0.9422 
 

0.9362 

0.8501 
 

0.8850 

0.9354 
 

0.9623 

0.9401 
 

0.9512 

0.8773 
 

0.8931 

0.9243 
 

0.8897 

 
CS 

DNT [155] 
 

)(4Q  

0.9093 
 

0.9031 

0.9081 
 

0.9140 

0.9239 
 

0.9225 

0.8389 
 

0.8915 

0.8734 
 

0.8831 

0.9316 
 

0.9435 

0.8608 
 

0.8858 

0.9237 
 

0.8888 

 

Table 6.7: Performance comparison of the proposed method with RR SSIM [156]. 

Criteria Algorithm LIVE TID Toyama IVC A57 CSIQ 
 

 
CP 

RR SSIM [156] 
 

)(5Q  

0.9194 
 

0.8968 

0.7231 
 

0.7682 

0.8051 
 

0.8134 

0.8177 
 

0.7400 

0.7044 
 

0.8036 

0.8426 
 

0.8576 

 
CS 

RR SSIM [156] 
 

)(5Q  

0.9129 
 

0.9073 

0.7210 
 

0.7547 

0.8003 
 

0.8067 

0.8154 
 

0.7356 

0.7301 
 

0.7973 

0.8527 
 

0.7917 

 
CK 

RR SSIM [156] 
 

)(5Q  

0.7349 
 

0.7334 

0.5236 
 

0.5611 

0.6090 
 

0.6108 

0.6164 
 

0.5355 

0.5345 
 

0.6198 

0.6540 
 

0.6211 

 
RMSE 

RR SSIM [156] 
 

)(5Q  

11.3026 
 

12.0863 

0.9270 
 

0.8592 

0.7423 
 

0.7279 

0.7014 
 

0.8195 

0.1744 
 

0.1456 

0.1413 
 

0.1345 
 

 

Even though the improvement in some cases (over)(1
PhaseQ ) is small, the consistency in 

improvement for all the databases indicates that both play a role in overall quality score 

determination. 

As another example of reduction in the required number of coefficients from the 

reference image, we develop another algorithm following the same procedure as outlined 

for obtaining )(1
PhaseQ and )(1

magQ . The only difference is that for this case we use Pred = 31 and 

Qred = 25 (instead of Pred = 31 and Qred = 31). Let )(2
PhaseQ and )(2

magQ respectively denote the 

phase and magnitude similarities for this case. Note that we need only 400 phase 

coefficients from the reference image for computing )(2
PhaseQ  (similarly we require 400 
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magnitude coefficients from the reference image to calculate )(2
magQ ). We have mentioned 

in the introduction that the phase conveys more information. To verify that Table 6.4 

indicates the correlation values (only CP values are shown) achieved by )(2
PhaseQ and )(2

magQ on 

the 5 biggest image databases. As expected, )(2
PhaseQ  performs better than )(2

magQ and can alone 

be used as a quality estimator for want for information reduction from the reference 

image. Thus, )(2
PhaseQ is effective for reducing the reference information on one hand and 

achieving reasonably high prediction accuracy on the other. The prediction accuracy of 

)(2
PhaseQ is also reported in Tables 6.1~ 6.3. As expected, it is slightly worse than Q  and )(1Q  

but still achieves reasonably good overall performance in spite of the fact that it needs 

only 400 coefficients from the reference image. For image with size 512 × 384, this 

amounts to using only about 
490

1 of the total reference information. This is a significant 

reduction in reference information requirement.  

To further demonstrate the effectiveness of the reduced-space representation and its 

potential for scalability, we used Pred = Qred = 15. Following the similar procedure as 

outlined for )(1
PhaseQ , we arrive at )(3

PhaseQ . Note that we again use only the phase information 

(i.e. 120 phase coefficients and this is about 
1640

1 of the image size). The results for 

)(3
PhaseQ are also given in Tables 6.1~ 6.3. While )(3

PhaseQ  gives lower correlations as compared 

to other schemes includingcombinedQ , the performance drop is within a reasonable range. Of 

course the most crucial advantage of )(3
PhaseQ  is with regards to its requirement of the 

reference information. The performance of )(1Q , )(2
PhaseQ , )(3

PhaseQ on individual distortion types 

presented in Table 6.3 again indicates the scalability in the proposed method i.e. the 

degradation in prediction performance is graceful with reduction in reference information. 
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Finally we compare the performance of the proposed scheme with two recent RR 

schemes which we denote as DNT [155] (it is based on divisive normalization transform) 

and RR SSIM [156]. DNT and RR SSIM respectively require 48 and 36 coefficients 

from the reference image. We first use Pred = Qred = 15. Next we use the average (or sum) 

of the coefficients in every 2 × 2 window. This means we denote the 4 coefficients in 

every 2 × 2 window by a single sample thus reducing the number of coefficients further. 

Obviously the averaging in 2 × 2 window will result in loss of prediction accuracy but 

this is done only to make the required number of coefficients in our scheme the same as 

those in DNT and RR SSIM (so that the comparison is fair). We use the symbols )(4Q  and 

)(5Q  to denote the proposed the scheme requiring 48 and 36 coefficients respectively (we 

use only the phase). Note that both )(4Q  and )(5Q use only the phase information. The 

prediction performance of )(4Q and DNT for LIVE image database are presented in Table 

6.6 (CP and CS values are presented). It may be pointed out that DNT requires training 

and its authors have reported the experimental results for two training cases: (a) training 

with LIVE database, (b) training with A57 database. For fair comparison with the 

proposed scheme, we have included the results derived from [155] with A57 database as 

the training set and LIVE image database as the test set. We have also presented the 

results for the individual distortion types present in the LIVE image database. We find 

that )(4Q  which requires no training performs well and is overall better. The results for 

)(5Q and RR SSIM are presented in Table 6.7. For RR SSIM, we have reported the results 

as provided by its authors for 6 image databases. We can see that )(5Q performs better 

than RR SSIM for A57, CSIQ and TID databases and achieves competitive performance 

on LIVE and Toyama databases. It is also fair to mention here that RR SSIM also 
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employs training (which was done using images from LIVE image database) for finding 

optimal value of the slope parameter (we refer the reader to [156] for details). On the 

other hand, )(5Q (also, )(2
PhaseQ , )(3

PhaseQ and )(4Q ) do not require any training because all of 

them do not use any magnitude information and hence there is no regression required.  

In summary, we have presented 6 results namelycombinedQ , )(1Q , )(2
PhaseQ , )(3

PhaseQ , )(4Q  and 

)(5Q which respectively require approximately 
17

1 ,
200

1 , 
490

1 , 
1640

1 , 
4096

1 and 
5460

1 of 

the reference information (for image resolution of 512 × 384). These algorithms perform 

well and are usually better or very competitive with FR schemes (and the two RR 

schemes). Importantly, the degradation in prediction performance is graceful with the 

reduction in reference information across all the databases. This enables scalability of the 

proposed method which is a crucial advantage. The good overall prediction performance 

on the 9 subjectively rated databases is also indicative of the robustness to diverse image 

and distortion contents. 

6.3.4 Further Discussion 

We have shown the effectiveness of the proposed method with regards to its prediction 

accuracy and scalability. As stated before, these are achieved as a result of accounting for 

the unequal sensitivity of the HVS to changes/distortions in different frequency 

components. To examine the impact of unequal emphasis on different frequency 

components as done in the proposed method, we have also presented the results for DPS 

in Tables 6.1 and 6.2. The following observations can be made from Tables 6.1 and 6.2: 

1. As already mentioned, we can regard DPS as similar to PSNR (or MSE) because it 

uses each phase point for computing image quality while PSNR uses each pixel. 

However, DPS performs better than PSNR for most databases. This suggests that 
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phase conveys more precise information regarding structural changes than pixel. 

2. The proposedcombinedQ , )(1Q , )(2
PhaseQ , )(3

PhaseQ are overall better and more consistent than 

DPS across databases. As mentioned before, DPS is just the DPS measure, so the 

results clearly demonstrate the positive impact of using the reduced-space 

representation which leads to objective predictions that are better aligned with 

HVS’ perception. It also confirms that discrimination of signal contents is an 

important aspect towards more accurate quality prediction.    

3. A closer look at Tables 6.1 and 6.2 reveals that DPS actually performs quite well 

for LIVE, Toyama and IVC image databases while its performance is relatively 

poor on TID, A57, CSIQ, WIQ and the two video databases. This can be explained 

by considering the distortion levels in the databases. In LIVE, Toyama and IVC 

image databases, the distortion levels are relatively higher (i.e. suprathreshold) and 

more clearly visible. As a result of higher amounts of distortion, any change in the 

visual signal usually corresponds to a similar magnitude of the reduction in visual 

quality and hence the prediction accuracy of DPS is reasonable. In contrast to this, 

the distortion levels in databases such as TID, A57, CSIQ and WIQ are lower and 

many images are with near-threshold distortions (just noticeable). In this case, the 

change in the signal due to the distortion may not necessarily imply the same loss of 

visual quality (for example, as shown in Figure 6.5, the effect of distortion is 

masked). Hence DPS is overall less effective while the proposed method tackles 

this much better as already explained. 
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Figure 6.8:  Performance comparison of 2D mel-cepstrum based method and combinedQ  

 

In order to compare the prediction performance of 2D mel-cepstrum based method 

(proposed in the previous chapter) which does not use phase (for reasons discussed in 

Section 5.3.4) and the one proposed in this chapter, we present the CP values for 8 

databases in Figure 6.8. Note that we used the watermarked image database for training 

both the metrics. One can notice that combinedQ gives a better overall performance which 

confirms that phase indeed is more effective.   

The reader will also recall that we used a block size of 128, i.e., P = Q = 128. We then 

used different values of Pred and Qred to obtain the reduced-space representation and thus 

obtained a group of algorithms which are suitable for reduced-reference scenarios. We 

also experimented with smaller block sizes. It was found that performance usually 

degraded with smaller block sizes and there are two possible reasons for this observation. 

Firstly, when smaller blocks are employed, they are assumed to be independent which 

may not always be true. A more global Fourier analysis, on the other hand, can tackle the 

interaction/dependencies between the blocks better. Secondly, with decreasing block size, 
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the number of blocks will obviously increase. It is quite possible that in such case the 

useful information about change in quality may be suppressed due to averaging over a 

large number of blocks. Further, we found that using overlapping blocks lead to similar 

prediction performances but with increased metric execution time. 

6.4 Concluding Remarks 

Phase has been known to convey more useful information (as compared to the 

magnitude) regarding important features like edges or contours. In this chapter, we first 

employed the phase and magnitude together as a comprehensive way to compute visual 

quality. We obtained an effective reduced space representation of the image (or video 

frame) by non-uniform binning of the high frequency components. This is based on the 

fact that the human eye can tolerate more error (distortion) in high frequencies (such as 

texture) and error in smooth (low frequency) area is more annoying. The proposed 

method can achieve better performance than many FR schemes in spite of using much 

less reference information. In addition, since phase is more important with regards to 

image structure, we further explored the scalability of the proposed method by using 

only the phase of the reduced-space representation. A thorough experimental verification 

of the effectiveness of the proposed method was done using 9 publicly available image 

and video databases. We presented the experimental results for the 6 algorithms 

developed such that they require decreasing amount of reference information. Each of the 

6 algorithms performs well considering the reduced amount of reference information. 



 

Chapter 7  

Low-Complexity Video Quality 

Assessment Using Temporal Quality 

Variations 

7.1 Introduction 

Objective VQA is a challenging problem and there are three important issues that arise: 

(1) the temporal factors apart from the spatial ones also need to be considered, (2) the 

contribution of each factor (spatial and temporal) and their interaction to the overall 

video quality need to be determined, and (3) the computational complexity of the 

resultant method. In this chapter, we seek to tackle the first issue by utilizing the worst 

case pooling strategy and the variations of spatial quality along the temporal axis with 

proper analysis and justification. The second issue is addressed by the use of machine 

learning; as emphasized in the thesis, we believe this to be more convincing since the 

relationship between the factors and the overall quality is derived via training with 

substantial ground truth (i.e. subjective scores). Experiments conducted using publicly 

available video databases show the effectiveness of the proposed FR algorithm in 
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comparison to the relevant existing VQA schemes. Similar to Chapters 4 ~ 6 of this 

thesis, focus has again been placed on demonstrating the robustness of the proposed 

method to new and untrained data. To that end, extensive cross-database tests have been 

carried out to provide a proper perspective of the performance of proposed scheme as 

compared to other VQA methods.  

The third issue regarding the computational costs also plays a key role in determining 

the feasibility of a VQA scheme for practical deployment given the large amount of data 

that needs to be processed/analyzed in real-time. A limitation of many existing VQA 

algorithms is their higher computational complexity. In contrast, the proposed scheme is 

more efficient due to its low complexity (as further explained in Section 7.3.3). 

The remainder of this chapter is organized as follows. Section 7.2 describes the details 

of the proposed method. We outline the process of calculating the spatial and the 

temporal scores. We also discuss their combination into an overall score via machine 

learning. In Section 7.3 we present the experimental results using video sequences from 

three publicly available databases. We use a total of 260 video sequences encompassing 

a wide variety of vide contents and distortion types. Finally, Section 7.4 draws 

conclusions. 

7.2 The Proposed VQA Algorithm  

We can consider objective VQA as a two stage process: (a) computing the spatial and 

temporal factors, (b) pooling the two factors into an overall quality score. A block 

diagram of the proposed method is shown in Figure 7.1. 
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Figure 7.1: Block diagram of the proposed VQA scheme 

 

The first block namely spatial and temporal score computation uses the SVD based 

metric (presented in Chapter 3) for computing the spatial scores. The temporal scores are 

computed from the difference of features between the video frames. Finally, the two 

scores are combined via SVR. Further details about the proposed method are described in 

subsequent sections. 

7.2.1 Spatial Quality Measure 

We use the SVD based method presented in Chapter 3 for the assessment of spatial 

quality. The reader will recall that in this method, the dot product between singular 

vectors of the reference and distorted images is utilized for quality assessment. We chose 

the SVD based method due to 2 reasons: (a) it gives reasonably good accuracy in 

predicting the spatial quality, (b) we obtain a low dimension (as compared to frame size) 

feature vector (which characterizes the quality) for each video frame which is used to 
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compute the quality variations in time as elaborated in Section 7.2.2.  

We now briefly describe the procedure to compute the spatial quality of each video 

frame. Following similar notations and procedure as in Chapter 3, we write the SVD of a 

video frame A (with dimensions r × c) as  

                                                         TVσUA =                                                        (7.1) 

where U , V and σ  represent the left singular vector matrix, the right singular vector 

matrix, and the diagonal matrix of singular values.  

Let k denote the frame index such that k = 1 to fN  (assuming there arefN  frames in the 

video sequence). We decompose the frame A  of the original video using Eq. (7.1) and 

the corresponding frame(d)A of the distorted video as 

                                                  Tdddd )()()()( VσUA =  

where (d)U , (d)V and (d)
σ denote the left, right singular vectors and singular value 

matrices respectively for )(dA  . We then measure the change in singular vectors using dot 

products as 

                                                             (d)
jkuu .jkjk =α                                                       (7.2) 

                                                             (d)
jkvv .jkjk =β                                                        (7.3) 

where jkα  (j = 1 to t and k = 1 to fN ) represents the dot product between the unperturbed 

(i.e. original) and the perturbed (i.e. distorted) j th left singular vectors (ju and (d)
ju ) and 

jkβ  denotes that for the right singular vectors (jv and (d)
jv ) of the kth video frame. 

Similar to Eq. (3.10) in Chapter 3, we define the feature vector jkΓ for the kth frame to 

represent the change in the singular vectors as follows       

                                                          || jkjkjk βα +=Γ                                                      (7.4) 

Note that Eq. (7.4) defines a t-dimensional vector for the kth video frame with 
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elements jγ  (j = 1 to t). Same as Eq. (3.11), we use a Minkowski summation (with 

pooling exponent as 2) and logarithmic scale to obtain the spatial quality of the kth video 

frame as 
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We also normalized )(spatial
kQ in the range [0, 1] with 1 denoting perfect quality and 0 

denoting worst quality. 

Now one can use a simple average of the spatial qualities of all the frames as the overall 

spatial quality measure. Therefore, the overall spatial quality score avgS is obtained as   

                                                           ∑
=

=
fN

k

spatial
k

f
avg Q

N
S

1

1 )(
                                                                   (7.6) 

It follows that avgS  also lies in the range [0, 1] with svgS = 1 denoting the perfect spatial 

quality while svgS = 0 denoting the worst quality (as compared to the original video). 

Further, for simplicity in notation, we drop the sub-script j from jkΓ and define  

                                                         ck = kΓ  (with k = 1 to fN )                                    (7.7) 

Here ck will be a t-dimensional vector (since j = 1 to t) associated with frame k and can 

be used to compute the spatial quality of frame k by Minkowski summation of its 

elements and the use of logarithmic scale. In the next section, we will use ck to compute 

the changes in spatial quality over time. 

7.2.2 Temporal Quality Measure 

The spatial qualitysvgS defined in Eq. (7.6) alone may be deficient in predicting the 

overall quality. 
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                                    (a)                                                               (b)   

      
 

                                   (c)                                                               (d) 
                                                                       

Figure 7.2: Plots of spatial quality of frames for videos with different DMOS’s.                                 

                                                            

We begin with the observation that a better quality video tends to have smaller spatial 

quality variation over time as compared to a video with poorer quality. In other words, in 

general, a better video will be characterized by a more constant quality over time while a 

poorer quality video exhibits larger variation, i.e. more fluctuations. As an example to 

illustrate this point, we show the spatial quality (computed using Eq. (7.5)) of each frame 

for videos with different DMOSs in Figure 7.2. These videos have been taken from the 

LIVE video database [80] which has also been used as the main test database (details will 

be described later in Section 7.3). The four sub-plots shown in Figure 7.2 are from videos 

such that they are representative of different video contents and distortions. Note that a 
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lower DMOS implies a higher quality while higher DMOS indicates poorer video quality. 

We make the following observations from Figure 7.2. 

• As shown in Figure 7.2 (a), a lower quality video (DMOS = 75.12) has frames 

with lower spatial quality as compared to a video with DMOS = 40.55. Here, 

the average spatial quality will be lower for video with DMOS = 75.12 while 

the same will be higher for the video with DMOS = 40.55. In such cases, on the 

expected lines, the average spatial quality score will be reasonably effective in 

predicting the overall video quality. This is the reason why averaged spatial 

quality can still be used as an approximation of the overall video quality. 

• In Figure 7.2 (b), the reader will notice that while the frame level average 

quality is similar for both the videos they have different DMOS’s as indicated. 

In fact a higher averaged spatial quality corresponded to the video which 

actually had a lower overall perceived quality (i.e., higher DMOS). For that 

reason simple averaging will be less meaningful to determine the overall video 

quality and less accurate. 

 

From the two points mentioned above we can conclude the following. svgS  alone can 

still be used for overall VQA as explained in point (a) above. However, it can be 

ineffective in the cases when a similar proportion of high and low quality frames appear 

in the video sequence as demonstrated in point (b). The reason is that it gives equal 

weight (i.e. importance) to all the frames irrespective of their perceptual impact (this is 

similar to MSE/PSNR). One approach to tackle this is to use the worst case pooling 

strategy (or percentile pooling) [53], [194]. In this, instead of averaging over all the 

frames, one uses only the lowest (i.e. worst quality) H % quality scores. Therefore, the 
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overall spatial quality score S in this case is thus obtained as   
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                                                              (7.8) 

Here, H denotes the set with lowest H % quality scores and HN is the number of 

elements in H. Scomputed above is expected to be more effective because it is known 

that lower quality frames usually have larger impact on the overall perceived quality. 

Hence we expect S  to tackle the deficiency of svgS  mentioned in point (b) above. 

However, there is another factor which can impact the overall perception of the video 

quality namely the temporal variations/fluctuation of spatial quality. We show two cases 

in Figure 7.2 (c) and (d) for which Swill overestimate or underestimate the error. From 

Figure 7.2 (c) one can see that the subjective score for the two videos is nearly the same. 

However, the worst case pooling strategy will predict lower score (we found that S= 

0.7274, note that bigger value ofS implies higher quality) for the video with DMOS = 

54.65 since the low quality frames in this video have lower quality than the low quality 

frames in the video with DMOS = 55.23. It is also easy to see that a higher score (it was 

found thatS = 0.7856) will be assigned to the video with DMOS = 55.23. Another 

example is shown in Figure 7.2 (d) where S= 0.6626 for the video with DMOS = 71.27 

and S= 0.7160 for the video with DMOS = 72.13. Here again the two videos have nearly 

the same subjective score (in fact the video shown in red in Figure 7.2 (d) has slightly 

lower subjective visual quality) but S  scores cannot capture this and assigns higher score 

to the video with lower subjective quality. This happens because the video with DMOS = 

72.13 (red) has relatively more fluctuations than the one with DMOS = 71.60 (blue). This 

can lower the satisfaction level of the viewers despite the fact that many frames of the 

video with DMOS = 72.13 have higher quality than the one with DMOS = 71.60. In 
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other words, Scan overestimate (as in Figure 7.2 (c)) or underestimate (as in Figure 7.2 

(d)) the error. This happens because the worst case pooling ignores the temporal impact 

of poor quality frames: the occurrence poor quality frames at regular intervals is usually 

more annoying. ThereforeS  alone can be inadequate in capturing the effect of quality 

variations which play a role in the overall subjective viewing experience. This idea is in 

agreement with the results reported in [69]. The authors in [69] proposed a subjective 

quality assessment method known as Mean Time Between Failures (MTBF) in which the 

viewer continuously indicates the presence of perceptual artifacts (like blockiness, 

blurriness) in the video sequence by using a buzzer. The viewer is allowed to keep the 

buzzer pressed if the entire stretch of the video sequence looks bad. The idea behind this 

methodology is that, the viewer intuitively tends to give feedback intermittently, with a 

frequency correlating with how bad the video looks. In essence, the MTBF attempts to 

take into account the variations of quality along the time axis. In addition, it has been 

reported in [71] that a poorer quality video tends to have larger difference between 

frames (indicated by a larger standard deviation of the differences between pixel values 

at the same location in space at successive frames) in comparison to a higher quality 

video. Therefore, variation of quality in time is an important factor in VQA [69], [71]-

[72], [169] and we use it to adjust the value of S  computed from worst case pooling. We 

proceed as follows to account for it.  

Using ck defined in Eq. (7.7), we define 

                                            dk = ( )∑
=

+− −+−
F

z

zkkzkk
F 14

1
|||| cccc                                (7.9) 

where ck, zk−c  and zk+c  are respectively the feature vectors of frames k, k-z and k+z; F 

specifies the number of frames (on each side of the kth frame) to consider. So, the frame 
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index k will be from F+1 to fN -F (instead of 1 to fN ). In this chapter, we used F = 2, i.e. 

two frames on either side of the current frame k to compute dk, which denotes the change 

or the variation in the elements of vector ck of frame k with respect to the neighboring F 

frames. Therefore, the elements of dk can be thought as the indicator of the change in 

spatial quality. In other words, dk accounts for the variance in the spatial quality which is 

perceptually relevant as we have already pointed out. Further, it is easy to see that all the 

elements of dk will be zero if the neighboring F frames have the same quality. This 

means that in such case the instantaneous video quality would depend only on the spatial 

factor because there are no temporal fluctuations at that instant.  

Like ck, dk will also be a t-dimensional vector. We then sum the elements of the vector 

dk using Minkowski summation and then use logarithmic scale (the same procedure was 

followed to compute spatial quality of each frame) to obtain the temporal score )(temporal
kQ  

for each frame k. Finally, we obtain the overall temporal score T  for the video as 
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As seen from Eq. (7.10), there will befN -2F frames (instead of fN ) since the first and 

last F frames are left out due to insufficient number of past and future frames 

respectively. We can consider the temporal quality T as a factor which accounts for the 

effect that the qualities of the nearby frames have on the current frame. That is the per-

frame distortion is not the perceived distortion at the specified time point [83] because 

the perceived distortion is also affected by the distortion in the nearby frames. 

7.2.3 Overall Video Quality Prediction 

We have two factors namely S  (spatial) and T  (temporal) contributing to the overall 
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video quality. However, there is evidence that the human perception is also affected by 

the interaction between Sand T [65], [79]. This is because the interaction term can be 

thought as the overlap between the two factors and it represents the adjustment for the 

combined effect in perception [195]. Therefore, a simple linear combination of Sand T  

or their interaction (multiplicative) alone may be not suffice for effective quality 

prediction. This has also been noted by the authors in [65] where the spatial and temporal 

factors were combined using different exponent parameters.  

In this chapter, we used SVR for combining the two factors. Let },...,{ lxxx 21  and 

},...,{ 21 lyyy denote the training set. Here, each ( )iiiii TSTS ,,=x  represents the 3-

dimensional vector consisting of the spatial, temporal and the interaction (i.e. 

multiplicative) term and eachiy is the associated subjective score (i.e. target value) for 

the thi video. Given the training data( ) ( )ll yy ,,..., xx 11 , we find the weight vector 

( )321 www ,,=W  and the bias (constant) b (refer to Section 4.3 for details).  

7.3 Experimental Results and Analysis 

We used video sequences from three publicly available video databases (details are 

provided in the Appendix). In total, we have used 260 distorted video sequences from the 

three databases: 150, 78 and 32 video sequences (with their associated subjective 

viewing scores) respectively from LIVE, EPFL and TUL video databases. It may also be 

pointed out that many of video sequences used in these databases are different and this 

allows us to evaluate the performance of different video quality metrics on wider video 

contents. In addition, as mentioned, the distortion types occurring in these databases are 

due to video processing/coding techniques like H.264/AVC which are fast gaining 
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industry appreciation. This therefore helps us to evaluate the performance of different 

VQA algorithms in predicting quality of video sequences corrupted/distorted by ‘state-

of-the-art’ coding/processing techniques. We now describe the partitioning of the 

training and test sets. 

First, we will report the results for the LIVE video database using 10 fold CV test. To 

this end, the data is split into 10 chunks, one chunk is used for testing and the remaining 

9 chunks are used for training. The experiment is repeated with each of the 10 chunks 

used for testing. The average accuracy of the tests over the 10 chunks is taken as the 

performance measurement. The splitting of the data into 10 chunks was done such that 

the video contents presented in one chunk do not appear in any of the remaining chunk 

(and this chunk is used as the test set). Similar to the definition in Section 4.4.1, one 

video content is defined as all the distorted versions of an original video sequence. We 

use 10Q  to denote the results for the 10 fold CV. This test allows us to judge the 

performance of the proposed scheme to untrained video content(s).  

Next we use cross-database validation: training set comes from one video database 

while the test set is from another video database. Here, we first used the EPFL database 

for training while LIVE video database forms the test set. This case is denoted by the 

symbol EPFLQ  (which means training is done with EPFL database). This test is meaningful 

on two counts: (a) the video sequences in the two databases are all different, (b) three 

(out of 4) distortion types do not appear in the training set. Secondly, we used the LIVE 

video database after excluding the videos with H.264 distortion as the training set while 

the test set is comprised the 78 video sequences from the EPFL database. We excluded 

the sequences with H.264 distortion from the training set since the test set contains 

sequences that have been distorted due to H.264/AVC compression. Once again this 
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ensures proper and fair metric verification due to the design of the training and test sets. 

We denote this test case as LIVEQ  (which means training is done with LIVE database after 

excluding the sequences distorted due to H.264 compression). Lastly, the smallest video 

database i.e. TUL is used for training while the remaining two databases form the test set. 

This test case is denoted by TULQ  (i.e. training database is TUL). Although EPFL and 

TUL databases share two reference sequences namely ‘foreman’ and ‘mobile’ 

nevertheless the remaining 6 (out of 8) reference sequences in TUL database are different. 

In addition, the distortion levels in the two databases are different. Further, none of the 

video sequences in LIVE database is present in EPFL and TUL databases. Like in 

previous cases, this test case also helps to ensure that training and test sets come from 

distinct video content(s) and/or distortion types.  

In all we present the results for 4 different types of training and test sets i.e.10Q , EPFLQ , 

LIVEQ  and TULQ . The reader will appreciate the fact that all the four cases help in better 

and more comprehensive metric verification. In summary, the described test 

methodologies are quite effective and help ensure that there is no parameter tuning or 

optimization towards the test set. In other words, the problem of overfitting (wherein a 

trained system performs well only for training data and poorly on new unseen data) is 

alleviated. 

The experimental results are reported in terms of two criteria which are commonly used 

for performance comparison namely: CP (for prediction accuracy) and Spearman rank 

order correlation coefficient CS (for monotonicity), between the subjective score and the 

objective prediction. A better quality metric will have higher CP and CS. The 95% 

confidence intervals (CI) have also been used to indicate the statistical significance of the 

results. A 4-parameter monotonic logistic mapping between the objective outputs and the 
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subjective quality ratings was also employed, for reasons already explained in Section 

3.3.1.  

7.3.1 Performance Comparison  

We first compare the performance of the proposed algorithm with the relevant existing 

metrics with LIVE as the test database. The other algorithms being compared include the 

widely used PSNR, Speed-SSIM [78], V-VIF [82], the VQM [79], the algorithm based 

on ABT-JND model [196], MC-SSIM [75] and MOVIE [66]. The results for all these 

algorithms except MC-SSIM and ABT-JND have been obtained from [66] while the 

results for these two have been cited from their respective papers. We first present CP and 

CS values for full LIVE database (150 distorted videos) in Figure 7.3 (a), and (b) 

respectively. One can observe that the proposed scheme denoted by10Q , EPFLQ  and TULQ  

performs well and is better than other algorithms. We further present the results for the 

performance on individual distortions4 in Figure 7.3 (c) and (d). We can see that the 

proposed scheme again performs well overall better than other schemes. In addition, the 

95% CIs are smaller for the proposed scheme.  

We further present the results of the proposed algorithm for the EPFL database denoted 

as LIVEQ  (recall that this means training with LIVE database after excluding the sequences 

distorted due to H.264 compression) and TULQ (which implies training with TUL database) 

in Figure 7.4 (a). We also show the results for MOVIE, VQM and PSNR. We are unable 

to report results for other schemes such as Speed-SSIM, V-VIF as their codes are not 

publicly available. Moreover, the primary aim of reporting the results for EPFL database 

is to examine the performance on untrained data. 

                                                 
4 Note that the results of individual distortion types for MC-SSIM and the algorithm based on ABT-JND 
model  are not plotted as they are not available in their respective references [75], [196]. 
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               (a)                                                                 (b)  

     

                                  (c)                                                                    (d) 

Figure 7.3: Performance comparison for LIVE video database with 150 distorted videos 

(a) CP comparison for the full test database, (b) CS comparison for the full test database, 

(c) CP comparison for individual distortion types, (c) CS comparison for individual 

distortion types. For (a) and (b), the bars from left to right are for PSNR, Speed-SSIM, 

V-VIF, VQM, ABT-JND, MC-SSIM, MOVIE, Q10, QEPFL and QTUL. For (c) and (d), the 

bars from left to right are for PSNR, Speed-SSIM, V-VIF, VQM, MOVIE, Q10, QEPFL 

and QTUL. The error bars denote the 95% CIs for CP and CS. 
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                                   (a)                                                                (b) 

Figure 7.4: Performance comparison for the EPFL database (totally 78 distorted videos)  

(a) CP and CS; the bars from left to right are for PSNR, MOVIE, VQM, QTUL and QLIVE 

(b) CP and CS comparison for LIVE video database; the bars from left to right are for Savg, 

S, LEPFL, LTUL, QEPFL and QTUL. The error bars denote the 95% CIs for CP and CS. 

 

Table 7.1: Performance comparison on HD video database 

 PSNR VQM 
TULQ  EPFLQ  10Q  

CP 0.687 0.672 0.7923 0.8023 0.8456 

CS 0.694 0.685 0.7880 0.7925 0.8344 

RMSE 0.759 0.767 0.6388 0.6012 0.5822 

 

Nevertheless, we still report the results for PSNR (widely used for VQA) and MOVIE 

(code is publicly available at [80]) which is the best performer (excluding the proposed 

metric) for LIVE database. One can observe that the CP values for TULQ and MOVIE are 

nearly the same but TULQ has higher CS. LIVEQ  on the other hand outperforms MOVIE both 

in terms of CP and CS. This again demonstrates the robustness to untrained video 

contents and/or distortion types. As expected, PSNR’s performance is much worse than 

MOVIE, VQM, LIVEQ and TULQ . Finally, Table 7.1 reports the CP, CS and RMSE values for 



Chapter 7. Low-Complexity Video Quality Assessment Using Temporal Quality Variations 
 

 151  

a high definition (HD) video database (resolution being 1920 by 1088) with totally 128 

distorted videos along with the subjective scores [243]. In addition, we also report the 

performance of PSNR and VQM for this database. Since the source codes for other 

metrics such as Speed SSIM, V-VIF etc. are not available, those results are not computed. 

Furthermore, we cannot report the performance of the existing metric MOVIE as its code 

runs out of memory (this is probably due to high resolution of the HD video sequences 

present in this new database) which again confirms its high computational requirements 

and that a low complexity method like ours is more desirable. We can see that the 

proposed metric (denoted by TULQ , EPFLQ and 10Q ) outperforms PSNR and VQM (both are 

widely used in video quality assessment) by a significant margin.  

7.3.2 Further Discussion 

The proposed method relies on quality variations along time axis for computing the 

temporal factor. As can be noted from Eq. (7.9) we used the absolute difference between 

the feature vectors of past and future frames. We therefore experimented by replacing the 

SVD based method used in this chapter with SSIM, VIF and the methods proposed in 

Chapters 5 and 6. We however found that while we achieve reasonably good spatial 

quality prediction, the temporal quality evaluation is not as effective. The reason for this 

could be the large number of features whose difference is taken for temporal quality 

determination. For example, SSIM provides a distortion map which is equal to the frame 

size i.e. the feature vectors ck, zk−c  and zk+c  (used in Eq. (7.9)) in this case are very high 

dimensional (equal to the total number of pixels in the frame). In contrast to this, feature 

vectors from the SVD based method are relatively low dimensional (as compared to the 

frame size).      
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We have already mentioned in Section 7.2.2 that even the simple averaging out of 

frame level qualities is reasonably effective for VQA for cases such as those shown in 

Figure 7.2 (a). We have also discussed that it would fail in cases such as those plotted in 

Figure 7.2 (b), and therefore a worst case pooling would be more effective. Finally, we 

have pointed out the limitation of the worst case pooling strategy (i.e. overestimation or 

underestimation of error/quality) and proposed the use of temporal quality variations to 

remedy. It is therefore informative to point out the positive impacts of each component in 

the proposed scheme. To that end, we have shown the CP and CS values for LIVE video 

database for the cases of simple averaging (denoted by svgS and defined in Eq. (7.6)), 

worst case pooling (denoted by S and defined in Eq. (7.8)) and the results after 

considering the temporal variations (denoted by EPFLQ  and TULQ ) in Figure 7.4 (b). One 

can clearly see the increase in prediction accuracy from svgS to EPFLQ  (or TULQ ). These 

highlight the positive impact of the using worst case pooling, quality variations and their 

combination via SVR.  

The last point is regarding the use of SVR. As mentioned, we believe that SVR based 

non-linear combination is better than a linear one. To verify this, we have also shown the 

results for linear combination case denoted as EPFLL  (i.e. training database is EPFL) and 

TULL  (i.e. training database is TUL) in Figure 7.4 (b). It can be observed that EPFLQ  and 

TULQ  perform better than both EPFLL  and TULL . The reason for better performance of using 

SVR is that it allows more flexibility for combining the different factors via the use of 

kernels. On the other hand, the linear combination is less effective as it constraints the 

relationship to be linear and hence less effective in adjusting the effects (i.e. the weights) 

of each contributing factor. We can also say that the linear combination is just a special 
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case for SVR which it can handle by using a linear kernel. As a result, SVR is a better 

and more powerful tool for feature combination.   

We also have similar observation as Chapter 4 regarding the SVs obtained as result of 

training. For example consider EPFLQ  for which the MOS data from the EPFL database is 

in the range 0 < MOS < 5 (higher implies better quality).We found that, in general, the 

samples which were chosen as the SVs corresponded to samples with either very low 

subjective quality score (MOS < 2) or very high quality scores (MOS > 4). This is a 

reasonable and intuitive selection of SVs since videos with very low or very high quality 

are the representative of the overall quality range. Obviously if the test signal is of higher 

quality, it will have greater similarity (i.e. bigger K(xi,x)) with the SVs that represent 

higher quality signal. On the other hand, it will have low similarity ((i.e. K(xi,x) will be 

smaller) with the SVs corresponding to low quality signals. In essence, SVR predicts 

quality by determining how “similar” the test signal is with the chosen SVs. The final 

quality score is just a summation (scaled by appropriate SV coefficients) of such 

similarity scores with respect to each SV. 

7.3.3 Computational Complexity Versus Prediction 

Accuracy 

Even though quite a lot of research effort has been spent on developing VQA 

algorithms, PSNR is still popular and used widely. The obvious reasons are its low 

computational complexity and ease of implementation. Therefore, for a VQA algorithm 

to be practically deployable, its complexity is as important (perhaps more in some 

situations like encoding) as its prediction accuracy. In this respect, it is worth pointing 

out that the proposed scheme is computationally much more efficient as compared to 
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other VQA algorithms that employ motion information from motion estimation (ME) or 

optical flow. In fact, the complexity of the proposed scheme is only slightly higher than 

using an IQA algorithm on frame-by-frame basis.  

We also note that MOVIE is a reasonably good VQA scheme. However, its major 

bottleneck stems from the high computational costs as it employs three-dimensional 

optical flow computation. Regarding computational complexity, for a video sequence 

with 250 frames (resolution being 768 × 432) the proposed algorithm (assuming training 

is done offline which will be the case more often than not) requires approximately 1.75 

minutes (104.4 seconds) for predicting its quality. On the other hand, a C++ language 

implemented MOVIE needs approximately 100 minutes. Clearly, the processing time 

and the related computational effort for MOVIE are too high for practical deployment. 

Therefore, not only does the proposed scheme perform overall slightly better than 

MOVIE (the performance is also better or very competitive for individual distortion 

types), it is much more efficient.  

As stated in Section 4.4.7, the computational complexity for frame level SVD in the 

proposed scheme (assuming frame size r × c) is O(min{rc2,r2c}). Percentile pooling can 

be performed with a worst-case complexity of O(rc log(rc)). The training of the SVR 

required in the proposed scheme can be done offline and hence does not incur any 

computational overhead for real time implementation. The overall complexity of our 

scheme is of course more than IQA metrics like PSNR and SSIM (applied on frame-by-

frame basis) but they are less effective for VQA as already pointed out in the chapter. 

The complexity of our algorithm is also less than VQM for which it is O((rc)2). Also note 

that the prediction accuracy of VQM is lower than the proposed method. MC-SSIM 

which uses SSIM is also computationally more demanding as it utilizes ME and clearly 
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does not perform as well for LIVE database. Similar remarks can be made for ABT-JND 

model based algorithm. Many other existing VQA schemes also resort to ME for 

incorporating motion information which is usually the major factor contributing to the 

increased computational burden. On the contrary, the proposed SVD based scheme is 

much simpler since we do not use ME/optical flow fields. Instead, we exploit some basic 

temporal characteristics that affect video quality. Furthermore, the proposed method 

benefits from non-linear training based methodology via the use of SVR (with subjective 

scores as the ground truth). These enable efficiency and good prediction accuracy of the 

proposed scheme. In other words, the proposed scheme achieves a better trade-off 

between prediction accuracy on one hand the complexity on the other. 

7.4 Concluding Remarks 

In this chapter, we have first argued and shown that a simple averaging procedure for 

quality of different frames alone is inadequate for VQA due to the higher impact of poor 

quality frames. We then employed the worst case pooling strategy to tackle the 

shortcomings of simple averaging. Next, we have explained and analyzed the drawback 

of worst case pooling and explored the use of temporal quality fluctuations as an 

important factor towards effective VQA. Furthermore, the issue of establishing non-

linear relationship between the different factors has been tackled with the use of machine 

learning. Since the individual contribution of each factor to the overall video quality can 

be non-linear and difficult to be determined apriori, the use of machine learning to 

determine the weights/parameters is more convincing and meaningful than ad-hoc 

methods.  

The proposed metric has been validated using three public video databases (totally 260 
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distorted videos). It is found to perform better than the relevant existing metrics in terms 

of agreement with the subjective scores. We have also shown the robustness of the 

proposed scheme with regards to untrained video content and/or distortion types by way 

of cross-database validation. The performance of various components of the proposed 

algorithm has also been shown to assess the impact of each stage. The most crucial 

advantage of the proposed method is its efficiency as it has lower computational 

complexity and achieves good prediction accuracy. We have also presented analysis to 

show that the proposed scheme achieves a better trade-off in complexity and prediction 

accuracy. 

 



 

Chapter 8  

Nonintrusive Quality Assessment of Noise 

Suppressed Speech   

8.1 Introduction  

As mentioned in Chapter 2, perceptual quality assessment of noise-suppressed speech 

has received less attention in comparison to that of speech distorted by 

codecs/communication channels. We have also detailed the specific issues concerning 

quality assessment of noise-suppressed speech in Section 2.3.1. Recognizing this ITU-T 

has recently approved POLQA, P.863 [4] as the new standard for intrusive speech quality 

assessment which will also cater to noise-suppression scenarios. However POLQA is still 

an intrusive metric (i.e. requiring both reference and processed speech files) and so it 

cannot be employed when the reference signal is unavailable (this can occur in many 

practical situations, as already elaborated in Chapter 2). In this chapter, we develop a 

nonintrusive scheme for assessing the quality of noise-suppressed speech. 

The remainder of this chapter is organized as follows. Section 8.2 describes the 

proposed scheme based on mel FBEs and SVR, with reasoning and justification. 

Experimental results and comparisons are presented in Section 8.3 using two third party 
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databases, while Section 8.4 gives the performance evaluation with subset of features and 

presents further discussion. The last section presents the concluding remarks. 

8.2 The Proposed Speech Quality Evaluation 

Scheme  

Like visual quality assessment, the task of assessing speech quality can also be 

considered as a two-step process. In the first step, features are selected/extracted from the 

speech signal to provide a compact representation of the signal with the regard of quality. 

The second stage comprises a “cognitive mapping” to fuse the extracted features into a 

quality score. In this section, we provide the details of the proposed scheme. We first 

describe the detection of features, and then discuss the feature mapping procedures. 

8.2.1 Feature Selection for Quality Assessment of Noise 

Suppressed Speech 

Feature selection/extraction is the process of computing a compact numerical 

representation that can be used to characterize the speech signal for quality evaluation 

purposes. Different speech features have been used for quality assessment. In [103], 

spectral flatness, spectral dynamics, spectral centroid, speech variance, pitch period and 

excitation variance have been used. Perceptual linear prediction (PLP) cepstral 

coefficients have been used in [7], [9]. Ref [101] takes into account the temporal 

discontinuity in the signal (since it usually has negative impact on perceived quality) and 

adjusts the quality scores accordingly. 

For evaluating the perceptual quality of speech affected by noise suppression, we look 
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for features that can represent the variations in speech quality due to varying noise 

conditions (i.e. determine the impact of different noise-suppression schemes). In this 

chapter, we propose the use of mel FBEs as the speech features. This is because they are 

sensitive to noise, and can capture the effects of noise addition and noise suppression 

reasonably well. Since FBEs have been successfully used in enhancing speech quality 

[197]-[202] we believe that they can be effective and be exploited for quality assessment 

of noise-suppressed speech. The method described in [203]-[204] uses the log MMSE 

estimator of the FBEs to obtain enhanced FBEs. Let cy and cs denote the Mel-FBEs for 

the noisy and clean speech signal, respectively. The enhanced FBEs can then be 

estimated using the log-MMSE estimator as 

                                             ĉs(b) = exp(E{log cs(b)| cy(b)})                              (8.1) 

where E{.} denotes the expectation operator, and b is the Mel filter bank channel index. 

One of the solutions for Eq. (8.1) is 

                                                  ĉs(b) = exp(E{log cs(b)| cy(b)}) 

                                                           = ( ))(),( bvbG ξ  cy(b)                                            (8.2) 

where the gain is given as 
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with )(2 bsσ , )(2 bdσ denoting the variance of clean speech s and additive noise d and ψb(k) 

being the Mel band-pass filter. 

We can observe from Eq. (8.2) that the enhanced FBEs ĉs(b) are affected by the gain 

due to the enhancement. Eq. (8.2) is a special case of enhancement of FBEs using the 

MMSE approach. The approach in [205] also utilizes the MMSE estimation of FBEs for 

speech enhancement to achieve more robust speech recognition performance. Other 

methods, such as spectral subtraction, have also been recently used [199]-[200] for the 

enhancement of FBEs. The method reported in [202] uses a Wiener filter (which is 

derived using visual features) for estimating the enhanced FBEs. The approach described 

in [206] uses a channel attention matrix to obtain weighted FBEs such that the less 

corrupted channel is given more attention to improve recognition performance. A similar 

scheme reported in [207] uses a top-down multiplicative attention filter for enhancing 

FBEs of noisy speech. FBEs can also be used for speech enhancement using a statistical 

framework. For example, a GMM in the log FBE domain can be used [202]. Furthermore, 

the FBEs have also been used [208]-[209] in subband adaptive speech filtering 

techniques for improving speech recognition performance in reverberant environments. 

Recently, FBEs have also been used to obtain more robust features for overlapping 

speech recognition (i.e. recognizing speech from multiple distant microphones (multi-

channel) for multiparty meetings where more than one speaker can be active at the same 

time). The basic idea [210]-[211] to achieve this is to find a mapping (by a neural 
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network or some regression analysis) between the log FBEs of signals from distant 

microphones and the log FBEs of clean signal. We therefore expect that the FBEs 

provide a reasonably effective and discriminative representation space of the speech 

signal towards differentiating the effects of noise injection and noise-suppression (i.e. 

speech enhancement) and hence assess the quality.  

With s denoting clean speech which has been corrupted by additive d the noisy signal y 

is represented as: 

                                                        y(n) = s(n) + d(n)          (8.3)    

with n being the time-sample index. We may write Eq. (8.3) in the frequency domain as 

                                                     Yw(k) =  Sw(k) + Dw(k)         (8.4) 

where Yw(k), Sw(k) and Dw(k) respectively denote the DFT of noisy speech signal y, 

clean speech signal s and the noise signal d with frame index w, while k is the frequency 

index. 

The aim of speech enhancement is to obtain an estimate of the underlying clean speech 

signal from the noisy signal. We denote the complex gain (in frequency domain) due to 

speech enhancement as Hw(k). Then, the estimate Ŝw(k) of the clean signal Sw(k) can be 

written as  

                                                        Ŝw(k) = Hw(k). Yw(k)                              (8.5) 

We can regard Eq. (8.5) to be a general expression for speech enhancement where the 

complex gain Hw(k) is different for different speech enhancement schemes [213]. 

The enhanced speech signal ŝ(n) (sampling frequency being 8 kHz) is segmented into 

50% overlapping frames of 20 ms in length, with a frame rate of 100 Hz. Each individual 

frame ŝw(n) is Hamming windowed and transformed to frequency domain by applying an 

N-point FFT. We denote the resulting amplitude spectrum as |Ŝw(k)| (1 ≤ k ≤ N). Note that 
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the phase is discarded and only the magnitude of the spectrum used. We used a 512-point 

DFT (N = 512) and thus obtain 512 frequency coefficients for each windowed speech 

frame. In the human ear basilar membrane, there are more receptors for frequencies 

between 0 to 1 kHz and their number decreases rapidly thereafter. To emulate this, mel-

filter banks are used. The mel-filter bank [214] consists of overlapping triangular filters 

with cutoff frequencies determined by the centre frequencies of the two adjacent filters. 

These filters have linearly spaced centre frequencies and fixed bandwidth on the mel 

scale. Mel-filter banks have been shown to be reasonably successful in mimicking the 

non-linear frequency selectivity of the human ear, as demonstrated by the success of 

MFCCs in speech recognition [173].  

Using Eq. (8.5), the FBE from the bth Mel band-pass filter ψb(k) can be written as 

                              FBE
w

b =∑
=

N

k 1
| Ŝw(k)|2 ψb(k) = ∑

=

N

k 1
|Hw(k)|2 |Yw(k)|2 ψb(k)                   (8.6) 

where 1 ≤ b ≤ M (M is the number of Mel-scaled triangular band-pass filters). We can see 

that each FBE is computed as a linear combination of the energy in a particular subset of 

DFT subbands. With the use of the mel-scale, lower frequency filtering is at a higher 

resolution while higher frequency filtering is at coarser resolution. The advantage of 

using the mel band-pass filters is thus twofold: (a) perceptually important frequencies are 

enhanced; (b) they help to reduce the feature dimensions (from N to M).  

We can observe from Eq. (8.6) that noise-suppression will have impact on the FBEs 

due to the gain Hw(k). As mentioned, the gain due to different speech enhancement 

algorithms will be different and thus, FBEs can be used to characterize the effects of 

noise-suppression. Even though it is observed that noise (and noise suppression) affects 

FBEs, our aim is to assess whether such changes are efficient and parameterizable for the 
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purpose of quality assessment. In this chapter, we have used thirteen linearly spaced and 

twenty seven log spaced triangular filters for grouping the FFT bins and thus, M = 40. 

The lowest frequency was chosen to be 133.33 Hz, and a linear spacing of 66.66 Hz and 

log spacing of 1.049 were used. Because the speech signals are sampled at 8 kHz such 

parameter settings ensure that the filter bandwidth is up to Nyquist frequency of 4 kHz. 

Thus, 40 FBEs are obtained as the local (i.e. per frame) features. 

8.2.2 Further Analysis for Detected Features 

Since speech signals carry information through time-domain variation, FBE amplitudes 

at any given moment will be less meaningful than frame-to-frame variation. In tasks such 

as speech recognition [173], generally each frame is analyzed for its acoustic content 

since the goal is to determine the basic units (phonemes) which are used to find the 

possible underlying word sequence. By contrast, for speech quality assessment, it is 

necessary to determine a single score for the entire signal. Hence, speech quality is not 

predicted directly from the per-frame vector, but from its global statistical properties, 

characterized by the mean and variance of the per-frame features. In addition to the first 

and second order moments i.e. mean and variance respectively, higher order moments 

may be used, like skewness and kurtosis as in [103]. However, our experiments show 

that the higher order moments do not improve the prediction accuracy significantly and 

also increase the feature vector dimensions. A similar conclusion has been reported in 

[215] where it was found that lower order moments (mean and variance) are more 

important than higher order ones (skewness and kurtosis). Therefore, we have used only 

the mean and variance of log FBEs of all the frames in order to obtain an 80-dimensional 

(i.e. 2M dimensional) global feature vector to characterize the entire speech signal. 
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Figure 8.1: The effect of different levels of noise on mean and variance of FBEs 
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Figure 8.2: Effect of noise-suppression on the mean and variance of FBEs.  References 

[217], [218] and [219] in the legend refer to the papers which describe the specific noise 

suppression algorithm whose results are plotted. 

 

The complete feature vector x for the speech signal is therefore represented as 

                                              x = (m1, m2 … m40, v1, v2 … v40 )
T         (8.7) 

where mi is the mean and vi denotes the variance of the ith log FBE of all the frames. 

After computing the feature vector defined in Eq. (8.7) we also normalized in the interval 

[0, 1] before using machine learning in order to avoid the domination of attributes in 

greater numeric ranges over those in smaller numeric ranges. 

As mentioned previously, FBEs are sensitive to noise. In Figure 8.1, we show the 

effects of 4 different levels of noise (at 0 dB, 5dB, 10 dB and 15 dB) on the mean and 

variance of log FBEs of speech signals (these have been taken from the speech database 

used in our experiments). We observe that the mean value generally increases while the 

variance generally decreases with increasing noise level for all the 4 noise types. 

Furthermore, FBEs are affected also by different noise suppression algorithms as 

indicated by Eq. (8.6). As an example, Figure 8.2 shows the effect of noise-suppression 

on the mean and variance of log FBEs for a speech signal. The subjective scores (MOS) 
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have also been indicated; the higher the MOS score, the better the subjective quality. In 

addition, the corresponding noise-suppression schemes have been indicated by their 

respective references [217]-[219] in the legend of Figure 8.2. The plots in Figures 8.1 

and 8.2 are condition averaged plots over 16 speech files. We find that the mean and 

variances of log FBEs of the speech signal with higher subjective scores (MOSs) are 

closer to those of the clean signal. We thus observe (refer to Figures 8.1 and 8.2) and 

infer the following about the changes in FBEs due to noise injection and noise-

suppression: 

1. Non-linear changes/distortions occur in the feature space. 

2. The distortion of the features will also transform the probability distributions. 

The probability density function (pdf) is expected to be affected and can be 

characterized by the displacement of mean and variance. In fact, due to the 

distortion of the features, the pdfs representing clean speech cannot 

appropriately represent noisy or the noise-suppressed speech. This mismatch 

leads to increased error rates in typical speech recognition systems [216], [220].  

3. The mean values generally increase with noise injection and decrease with 

noise-suppression. On the other hand, the variance follows a trend opposite to 

that of the mean. The decrease in variance due to noise injection is expected 

since the increasing noise tends to bring the value of FBEs closer to each other 

thereby reducing their variance. This indicates a reduction in the discrimination 

capabilities of the FBEs. This again explains why the performance of MFCC-

based speech recognition systems performing well under clean speech 

conditions degrades in noisy conditions.  

4. The mean and variance provide reasonable distinction between signals of 
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different qualities. For example, in Figure 8.2, the means and variances of FBEs 

of the signal with higher MOS (MOS = 2.91) tend to be closer to those of the 

clean speech. This will help the machine learning algorithm to distinguish the 

different signals better.  

   As mentioned, the effects of noise injection and suppression can be complicated and 

non-linear. It is therefore difficult to establish an apriori relation between the changes in 

mel FBEs and the perceptual quality.  

8.2.3 Feature Mapping 

As mentioned before, the aim of the feature mapping stage is to obtain a single number 

which denotes the perceived quality of the speech signal. For this, simple techniques like 

summation, averaging, Minkowski summation, etc. can be used. However, these 

techniques are generally inadequate due to their inherent limitations as mentioned in 

Section 2.1.2.2. In our opinion, features may jointly affect the human auditory system’s 

perception of quality; possibly non-linear relationships and partly unknown mechanisms 

make the task of feature mapping complicated. It is due to this fact that alternative 

techniques have been used during the past. In [221], a Neurofuzzy inference system has 

been used while Bayesian modeling has been utilized in [102], [222]. GMMs have also 

been exploited [7], [99] for feature mapping. Another technique known as multivariate 

adaptive regression splines has also been explored [7], [104] for feature mapping.  

Similar to the previous chapters, we advocate the use of the kernel based method (i.e. 

SVR) for feature mapping. The major advantage of a kernel based method is: if a 

problem is non-linear, then instead of trying to fit a non-linear model, one can map the 

problem from the input space to a new (higher-dimensional) space (called the feature 
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space) by a nonlinear transformation using suitably chosen basis functions, and use a 

linear model in the feature space.  

8.3 Overall Experimental Results and Discussion 

In this section, we present the experimental results with respect to quality prediction 

accuracy. We also compare the proposed scheme (denoted as Q) with ITU-T P.563 

which is the current standard for nonintrusive speech quality assessment. In addition, 

wherever possible we report the relevant results derived directly from Refs. [7] and [9] as 

they also used the same speech database for the experiments. 

8.3.1 Database description 

As mentioned, we use a third-party database which has been developed by employing 

13 different noise-suppression schemes on the speech files present in the NOIZEUS 

database which is a publicly available5 noisy speech corpus. NOIZEUS database contains 

30 IEEE sentences produced by three male and three female speakers, and was corrupted 

by eight different real-world noises at different SNRs. The noise was taken from the 

AURORA database [223] and includes suburban train noise, multi-talker babble, car, 

exhibition hall, restaurant, street, airport and train-station noise. The sentences were 

recorded in a sound-proof booth using Tucker Davis Technologies recording equipment. 

The IEEE database was used as it contains phonetically-balanced sentences with 

relatively low word-context predictability. The thirty sentences were selected from the 

database so as to include all phonemes of spoken American English. The sentences were 

originally sampled at 25 kHz and downsampled to 8 kHz.  

                                                 
5 [Online] Available: http://www.utdallas.edu/~loizou/speech/noizeus/ 
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The developers of the NOIZEUS database subsequently used it [104], [224] in a 

comprehensive subjective evaluation of 13 speech enhancement algorithms 

encompassing four different classes of algorithms: spectral subtractive, subspace, 

statistical-model-based and Wiener-filtering type algorithms. The enhanced speech files 

were sent to Dynastat, Inc. (Austin, TX) for subjective evaluation using the recently 

standardized methodology for evaluating noise suppression algorithms based on ITU-T 

P.835 [106]. It may be mentioned that to reduce the costs of subjective tests, they used 16 

clean files (out of 30) corrupted by 4 types of noise (babble, car, street, and train) at two 

SNR levels (5 and 10 dB). This results in a total of 1792 samples including the 

unprocessed speech files (16 clean sentences x 4 types of noise x 2 SNR levels x 14 

processing algorithms (inclusive of unprocessed noisy speech)). A complete description 

of the noise-suppression algorithms and the noise-suppressed speech database can be 

found in [104], [224].  

The subjective ratings in the database are available along three quality scales namely 

signal quality rating (SIG), background noise quality rating (BAK) and the overall quality 

rating (OVRL) in accordance with P.835. Although there are 1792 speech files available 

in the database, for comparison between objective and subjective scores a usual way is to 

compare the per-condition MOS with the per-condition average objective score [106]. 

The 13 different speech enhancement algorithms were used for processing noisy speech 

files, and by including the unprocessed noisy speech files also, we get a total of 14 

algorithms. Thus, for the per-condition analysis, we obtain a total of 112 (14 algorithms x 

2 SNR levels x 4 noise types) objective scores and subjective ratings for comparison. 
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8.3.2 Evaluation Criteria 

In [5], it is suggested that offsets and non-linearities between the scales of objective 

scores and subjective MOSs be eliminated by applying a 3rd order monotonic function to 

map the objective scores onto the subjective scale. Following this, we used the 3rd order 

polynomial to map the objective scores and subjective MOSs. The experimental results 

are reported in terms CP, CS and RMSE between the subjective MOSs and the objective 

scores (after 3rd order polynomial mapping). A better quality metric will have higher CP 

and CS values and lower RMSE. In addition, we have also employed confidence intervals 

(for CP and CS values) since they can be used to indicate the reliability of an estimate. 

8.3.3 Test Results for overall quality assessment 

Since the NOIZEUS based database is comprehensive with totally 1792 noise 

suppressed speech files and their associated subjective quality scores, we test the 

performance of the proposed metric Q by partitioning the database in different ways to 

obtain the training and test sets. This is to test the robustness of Q to varied conditions. 

For the first set of experiments described in this Section, we have used the OVRL scores 

as the ground truth for the SVR algorithm.  

First we used 10 fold CV, for which the data is split into 10 chunks, one chunk is used 

for testing and the remaining 9 chunks are used for training. The experiment is repeated 

with each of the 10 chunks used for testing. The average of the accuracy of the tests over 

the 10 chunks is taken as the performance measure. For a visual comparison, we show 

the scatter plots for Q and P.563 in Figure 8.3. For an ideal metric, all the points would 

lie on the 450 line and the better metric will show less scatter around this line. We can see 

that Q scatters less around the 450 line as compared to the P.563 points. 
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Figure 8.3: Scatter plots of subjective scores versus objective quality scores of P.563 and 

the proposed Q 

        
                                                     (a)                                                                     (b)  

 

Figure 8.4: Results for proposed Q and P.563 for the full database. 

(a) Comparison of CP and CS with the error bars denoting 99% confidence interval, (b) 

Comparison of RMSE values. The bars with ’w’ inside are the results without the 3rd 

order polynomial mapping 

 

For a quantitative comparison, the CP, CS and RMSE (with and without the polynomial 

mapping) are shown in Figure 8.4. We have also included the 99% confidence intervals 

(denoted by error bars) in Figure 8.4 for CP and CS. A smaller confidence interval is 

associated with higher consistency. We can see that the proposed scheme performs much 

better than P.563 and achieves significantly higher CP and CS with smaller confidence 

intervals; the results in RMSE show the similar advantages of the proposed scheme. It 
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may be stated that the current intrusive standard PESQ achieved a correlation of 0.89 for 

the overall quality prediction as reported by the authors in [104]. They also modified 

PESQ by employing a training procedure to determine the parameters and the prediction 

accuracy for OVRL scores was found to increase to 0.92 (for the test set).  

It is also fair to mention here that P.563 does not use training while the proposed metric 

uses training. Due to this, it is crucial that the metrics which employ training be tested for 

their robustness to varying training and test contents. To that end, we select the training 

and test sets according to the noise sources in a similar way as in [7]. First, speech files 

are separated according to noise levels: speech files with SNR = 10 dB are used for 

training while speech files with SNR = 5 dB are used for testing. The results for this case 

are presented as the first set (Test 1) in Figure 8.5. Secondly, speech signals are separated 

according to noise sources. Signals corrupted by street and train noise are used for 

training, and signals corrupted by babble and car noise are left for testing. The results for 

this case are presented as the second set (Test 2) in Figure 8.5. Lastly, speech files are 

separated according to noise suppression algorithms. For training, noisy signals 

processed by spectral subtractive and subspace algorithms are used; noisy signals 

processed by statistical-model based and Wiener algorithms are left for testing. The 

results for this case are presented as the third set (Test 3) in Figure 8.5 and we have also 

included the results without the polynomial mapping for Q and P.563. We can see that Q 

is reasonably robust to untrained test conditions and again performs much better than 

P.563 in terms of CP, CS and RMSE. We have also presented the results for the double-

ended metric (intrusive) proposed by Falk and Chan in [7]. Since they used the same 

database and data partitioning as ours, the results can be compared.  One can observe 

from Figure 8.5 that Q is very competitive with the method proposed in [7].  
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                                   (a)                                                                     (b) 
 

 
 

         (c) 
 

Figure 8.5: Results for the proposed Q with different splitting of data into training and 

test sets. Results for P.563 are also indicated. (a) Comparison of CP, (b) Comparison of 

CS, (c) Comparison of RMSE values (99% confidence interval bars also indicated for CP 

and CS; refer to text for details about Test 1, Test 2 and Test 3). The bars with ’w’ inside 

are the results without the 3rd order polynomial mapping. 

 

This is significant due to the fact that the method in [7] is intrusive while our method is 

non-intrusive. 

As mentioned, there are 16 different sentences used in the database. Thus, there are 16 

different contents available. We conducted tests in which we trained Q on 10 contents 

(i.e. 1120 sentences) while the remaining 6 contents (i.e. 672 sentences) were used for 
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testing. The CP values for Q and P.563 for this test case are respectively 0.8096 and 

0.7036 (RMSE values were 0.0654 and 0.1167 respectively). On swapping the training 

and test sets (which means training with 3/8 of the data and testing the remaining), Q 

gave CP = 0.7902 which suggests that Q is fairly robust to untrained contents. The 

database used in this study uses 4 talkers (two males and two females) for the subjective 

evaluation. To see how the proposed system performs for untrained talkers, we split the 

data into 4 chunks with each chunk containing utterances from 1 talker. We then used a 4 

fold-CV test i.e. training with data from 3 talkers and testing the data from the 4th one. In 

this way, the system is tested for its robustness to each untrained talker. The average 

accuracy over the 4 test chunks was CP = 0.8541, CS = 0.8113 and RMSE = 0.1865. For 

comparison, we also computed the 4 fold CV results for the entire data (with random 

partitioning into 4 equal chunks) and found CP = 0.8536, CS = 0.8267 and RMSE= 

0.1745. Thus, the two results obtained via different data partitioning (with the size of 

training and test sets being equal in both the cases) are quite close. This suggests that the 

proposed system performs well for untrained (unknown) talkers. There are other 

possibilities like training with only male talkers and testing the data from female talkers 

and vice versa. However, we found that the prediction accuracy were similar to the 

aforesaid 4 fold CV test. For that reason we do not include those results in this thesis. 

We also tested our metric on a database with noise suppressed speech reported in [226] 

and we provide a brief description of this database. A sentence spoken by a male English 

speaker was corrupted using three background noise environments (car, factory, and train 

noises) at two levels of SNR (5 dB and 10 dB). The files were processed using eight 

speech enhancement algorithms. A total of 48 processed files were presented to 16 

listeners for evaluation. Hence, each subject was required to rate the signals 144 times. 



Chapter 8. Nonintrusive Quality Assessment of Noise Suppressed Speech  

 175  

There are a total of 54 speech files (48 noise suppressed +  6 noisy). We refer the reader 

to [226] for details regarding the noise suppression schemes used in this database. This 

database is much smaller (in terms of the number of speech files and test conditions) than 

the first database used in this chapter. We used it to examine how our method performs 

given that the training data comes from the first database. For the proposed metric, we 

obtained CP = 0.6906, CS = 0.6979 and RMSE = 0.3603 while for P.563 CP = 0.5343, CS 

= 0.5387 and RMSE = 0.4243. So the proposed metric performs significantly better than 

P.563. One can however observe that the performance of proposed scheme as well as 

P.563 is relatively lower on this database. This could be possibly due to two reasons:  

1. The subjective tests for this dataset may not have been performed in strictly 

controlled environment. As mentioned by its authors/developers, the subjective test 

was undertaken only to complement their objective evaluation tests. There was no 

calibration done for the headphone set. Additionally, the room conditions were not 

carefully controlled and other factors like external noises may not have been 

eliminated completely. In contrast to this, the subjective assessment tests for the 

first database (based on NOIZEUS) were done under more carefully controlled 

environment.  

2. The new dataset uses only one clean speech file spoken by only one speaker (which 

was corrupted by 3 noise types at 2 SNR levels; these were processed by 8 speech 

enhancement algorithms to result in totally 48 processed speech files). Therefore, 

the content in the new dataset is quite limited. On the other hand, the first database 

uses 16 clean speech files (totally there are 1792 processed speech files). It is 

possible that more sentences in the new dataset might have given a clearer 

indication of the performance of the proposed scheme as well as P.563. 
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Nevertheless, the proposed scheme still outperforms P.563 by a relatively large margin 

for this database. Importantly, the training database is distinct from the test database as 

already pointed out. 

In summary, the proposed scheme exhibits better performance in overall quality 

prediction for noise-suppressed speech in various test conditions. 

8.3.4 Test Results for Signal and Noise Quality 

Assessment 

As stated in Section 2.3.1, evaluating noise suppressed signals involves rating the signal 

quality (SIG), the background noise quality (BAK), and the overall quality (OVRL). It 

will be of further interest to devise an algorithm which is also capable of estimating the 

signal distortion and background distortion levels. Such estimates will provide more 

insights than merely predicting the overall quality. These can be useful in analyzing the 

performance of noise-suppression scheme(s) and to know how a particular scheme 

affects the noise corrupted signal. In the previous section, we presented the experimental 

results for the overall quality estimation. To evaluate how the proposed metric performs 

with regards to the prediction of SIG and BAK scores, we tested it by using SIG and BAK 

scores as the ground truth for training the SVR. One modification that we employ for 

predicting the SIG scores is the use of Voice Activity Detection (VAD). By using VAD, 

the signal is separated into active and inactive frames. We found that the prediction 

accuracy for SIG scores increased on using VAD (we employed the VAD from adaptive 

multi-rate (AMR) speech codec [227]).  

The results for SIG and BAK prediction accuracies are presented in Figure 8.6 (a) and (b) 

respectively. We have also included the results for the method proposed in [9].  
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                                                     (a)                                                                  (b) 
 
Figure 8.6: Results for 10 fold CV test for SIG and BAK scores (a) Comparison of CP, (b) 

Comparison of RMSE (99% confidence interval bars are indicated in (a)) 

 

          
 

                                           (a)                                                             (b) 
 

Figure 8.7: Results for proposed Q, P.563 and the method proposed in Ref. [7] with 

different splitting of data into training and test sets for SIG and BAK scores. (a) 

Comparison of CP for SIG scores, (b) Comparison of CP for BAK scores (99% confidence 

interval bars are also indicated) 

 

Note that Ref. [9] has also reported the 10 fold CV results for SIG and BAK scores for 

the same database that we used in this chapter and so we have taken them directly from 

[9]. These results can be directly compared because [9] also employed the 3rd order 

polynomial mapping. We have omitted CS values because they show a similar trend as 

CP and RMSE. Also we do not include the results without the 3rd order polynomial 
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mapping as it does not have large effect on the prediction accuracies. In Figure 8.7, we 

further show the results for the 3 types of data partitioning (i.e. Test 1, Test 2 and Test 3 

as discussed in the previous section). We include only the CP values as CS and RMSE 

values exhibit similar trends as CP. It is informative to point out that PESQ achieves 0.81 

and 0.76 in correlation [104] for SIG and BAK scores respectively. We find that the 

proposed scheme performs better than P.563 and the method proposed in [9] in both the 

cases (for SIG and BAK scores) for the 10 fold CV test. It achieves higher CP and lower 

RMSE, indicating better alignment with the subjective viewing scores. Likewise, we can 

see from Figure 8.7, it gives significantly higher prediction accuracies for Test 1, Test 2 

and Test 3 as compared to P.563. Our method also performs competitively (even slightly 

better in some cases) with the one proposed in Ref. [7]. This is significant given that the 

method in Ref. [7] uses the noisy and noise-suppressed signal for quality prediction, 

while the proposed metric being non-intrusive uses only the noise suppressed signal. The 

reader will also observe that SIG prediction accuracy is usually better than BAK score 

prediction accuracy. This is not surprising given that the proposed metric uses signal 

features only and we do not employ any additional features/parameters related to 

background noise. Of course the signal features (mean and variance of log FBEs in our 

metric) can indirectly account for the noise distortion to some extent. Another 

observation is that the prediction accuracies obtained are quite close for SIG and OVRL 

cases with CP = 0.9002 and CP = 0.8968 respectively for the 10 fold CV case. This trend 

is also observed in other test cases. A similar conclusion was also arrived at in [104] 

where it was found that intrusive algorithms like PESQ, LLR (Log-likelihood ratio) 

measure, frequency-weighted segmental SNR etc. predict signal and overall quality with 

similar accuracies but are less accurate in predicting background noise quality. This can 
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be explained from the observation [104], [224] that listeners are more sensitive to signal 

distortion than background distortion when making judgments on overall quality. This 

suggests that signal quality has more effect on the subjects when they judge the overall 

quality as compared to the noise distortion.  

To further confirm this, we computed the correlation between the three quality scores 

and found that it was 0.5818 between SIG and BAK, 0.7793 between OVRL and BAK and 

0.9505 between SIG and OVRL scores. It is clear that signal quality and overall quality 

follow more similar trend resulting in higher correlation between the two. Furthermore 

the regression analysis presented in [224] also confirms that listeners seem to place more 

emphasis on the distortion imparted on the speech signal itself rather than on the 

background noise, when making judgments of overall quality. 

8.4 Performance Evaluation with Subset of 

Features  

8.4.1 Prediction performance with reduced features 

The feature vector proposed in this work is a 2M dimensional vector defined in Eq. 

(8.7). With M = 40, there are 80 features per signal which is relatively high. We 

evaluated the performance of our method using a smaller number of features and this can 

be done in two ways. First, we experimented with only the mean as the feature and that 

will give a 40 dimensional feature vector. Likewise using only the variance will also 

result in a 40-dimensional vector. Finally, we used mean and variance together (i.e. 80 

features). In Figure 8.8 (a) we show the CP values for different training and test sets 

discussed earlier.  
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Figure 8.8: (a) Comparison of CP for the different types of data partitioning. UC = 

Untrained Content, UT = Untrained Talker, (b) Performance variation (CP values) with 

the total number of filters 

 

 In this figure, the test with untrained contents is denoted with UC and UT denotes the 

test for untrained talker. The results show that variance alone gives the least accuracy, 

suggesting that it has the smallest overall contribution to the prediction performance. One 

can observe that mean alone in general gives reasonable accuracy and therefore can be 

useful if a lower dimensional feature vector is required, albeit with lower prediction 

accuracy. However, we find that mean and variance together overall gives the best 

performance. Although this implies a larger feature vector but is desirable for more 

robust and consistent performance.  

The second way is to use only a subset of the filters to reduce the feature dimension. 

We show the variation of CP values for the overall quality prediction with a different 

number of filters in Figure 8.8 (b). We include the results for Test 3, 10 fold CV, 

untrained contents and untrained talker for illustration. Other tests and SIG and BAK 

scores largely follow similar trends. The reader will observe that the best prediction 

accuracy is obtained at 40 filters. For the other tests also, a smaller number of filters 
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generally results in worse performance. Although a smaller number of filters may give 

good prediction performance for some tests, 40 filters (13 linear and 27 log spaced) 

achieves good performance in all the tests, and this  suggests that the full filters lead to 

good discrimination between signals of varying qualities. Also even though the log FBEs 

are correlated and contain some redundant information, such redundancy is useful 

because the non-linear effects of noise-suppression can have larger impact on some FBEs 

while the same could be smaller on others. This is confirmed by the fact that the best 

performance in all the test conditions is achieved using all the 80 features. 

8.4.2 Analysis of SVs 

As already pointed out in Chapter 4, SVs are the data points which are relatively 

difficult for the SVR algorithm to fit within the ε -tube. We found that, in general, the 

samples which were chosen as the SVs had either very low quality score (MOS < 1.7) or 

very high quality scores (MOS > 3.2). This is a reasonable and intuitive selection of SVs 

since speech signals with very low or very high quality are the representative of the 

overall quality range. Similar to Chapter 5, we show an example to illustrate this point 

further. Consider two noise-suppressed speech files: one with MOS = 3.39 and the other 

with MOS = 1.78. We computed the kernel similarity scores K(xi,x) by measuring their 

distances from the SVs xi (0 indicates no similarity and 1 means completely similar). In 

Figure 8.9, we show the kernel similarity of the feature vectors for the two speech signals 

where the plot in (a) is the similarity scores with the SVs corresponding to relatively 

lower quality signals (MOS<1.6) while the plot in (b) shows the similarity with the SVs 

corresponding to relatively higher quality signals (MOS>3.2). 
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Similarity with SVs corresponding to signals with MOS < 1.6       Similarity with SVs corresponding to signals with MOS > 3.2 

     

                                 (a)                                                                    (b) 
 

Figure 8.9: Plots of kernel similarity scores 

(a) Similarity scores of the signals with MOS = 3.39 (higher quality) and 1.78 (lower 

quality) with the SVs corresponding to lower quality signals (MOS<1.6), (b) Similarity 

scores for the two signals with the SVs corresponding to lower higher quality signals 

(MOS>3.2) 

 

One can observe that the feature vector of the signal with MOS = 3.39 tends to have 

higher similarity with SVs corresponding to higher quality signals and lower similarity 

with SVs corresponding to lower quality signals. On the other hand, we observe opposite 

trend for the signal with MOS = 1.78. Examination of the corresponding scaling factors 

)( * ii ηη −  reveals that they are generally bigger and positive (which lead to higher score) 

for the SVs representing higher quality speech. In contrast, they are either small or 

negative (which lead to lower score) for the SVs corresponding to the lower quality 

speech. Because the final quality score is a summation of the “similarity” scores scaled 

by )( * ii ηη − , this results in assignment of higher score for signal with actual MOS = 3.39 

and lower score for the signal with MOS = 1.78. 

 The number of SVs has a direct effect on the computational complexity of the learning 

algorithm since the weight vector is defined in their terms. In our experiments, we found 
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that the number of SVs were significantly smaller than the number of training points. For 

instance, for the 10 fold CV tests, on an average, 15 to 30% of the total number of 

training samples were chosen as the SVs. We found that the number of SVs decreased 

rapidly with increasing value ofε . This is due to the fact that more samples fall inside 

the ε -tube thereby reducing their number. It was also found that even when the number 

of SVs was made to as low as 5% (by increasingε value) of the total number of training 

samples, the average prediction accuracy for the 10 fold CV test was CP = 0.8423 which 

is comparable to the case when 15 to 30% datapoints are chosen as SVs (as shown in 

Figure 8.4 (a), the average CP = 0.8968 in this case). This shows that the proposed SVR 

based scheme is efficient since the majority of the training examples can be safely 

ignored. In essence, the SVR focuses upon the small subset of examples that are 

important to predict the quality. We further noticed that as the value of C increases, the 

number of SVs also increases. This can be explained because C is the penalty for errors 

and is used to weigh the outliers. Obviously, as C is increased, the system tends puts a 

larger weight on the outliers.  

8.4.3 Further Discussion 

It may be pointed out that each data partitioning used in this chapter is meaningful since 

we exclude data from a certain category (for instance untrained SNR level, untrained 

noise suppression scheme, untrained content etc.) from the training set and test the 

excluded data. As mentioned, with SVR being a kernel method, it is more powerful and 

suitable for feature mapping in speech quality assessment. We also experimented with 

other less powerful techniques like multivariate adaptive regression splines but the 

performance was less satisfactory and also required larger processing time. With regards 
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to the use of different kernels, we observed that higher performance was achieved by 

using nonlinear kernels (like RBF, polynomial) as compared to the linear kernel, and this 

is expected due to the relationship of the input (FBEs) and output (quality score) 

variables. To be more precise, a major advantage of SVR that comes into picture due to 

the use of non-linear kernels is that the aforesaid “similarity” is measured in a new 

transformed space via the use of non-linear kernels. This enables the SVR algorithm to 

better distinguish/differentiate between signals of different qualities which may 

otherwise not be easily distinguishable in the original feature space. Due to this reason, 

the Gaussian kernel (or the RBF kernel) gives better results than the linear kernel. We 

also found that the sigmoid kernel gave the worst performance (correlation of 0.7256 for 

10 fold CV test). This may be partly due to the fact that the sigmoid kernel may not be 

positive definite for certain situations and being positive definite is a requirement for a 

valid kernel function [166]-[167] and hence, once it ceases to be a valid kernel, the SVR 

doesn’t perform well. Overall, the RBF kernel performs the best in terms of prediction 

accuracy and processing time required. 

8.5 Concluding remarks 

Nonintrusive speech quality assessment is a challenging problem since the 

measurement of quality has to be performed with only the output speech signal of the 

system under test, without using the original signal as reference. Furthermore, evaluating 

quality of noise-suppressed speech is an important but less investigated topic. In this 

chapter, we have presented a new method for nonintrusive quality assessment of noise-

suppressed speech, by using mel-filter bank energies as features to capture signal 

variations, and SVR for feature mapping. We showed that noise injection and 
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suppression affects the FBEs and such changes (represented by the mean and variances) 

are also effective and parameterizable to assess quality. The advantage of SVR over 

other pooling methods comes due to the use of kernels which are advantageous for non-

linear mapping problems. We have also given additional insights about quality prediction 

using SVR by analyzing the SVs obtained as a result of training. The proposed method 

has been validated on two speech databases with different contents and conditions. It 

performs better than P.563 and achieves higher correlation with the ground truth (i.e. 

subjective scores). 

 

 



 

Chapter 9  

Summary and Future Work 

9.1 Summary 

Signal quality assessment is either an important module in many multimedia processing 

systems (e.g. a visual quality metric can be embedded into a video encoder) or can be 

used as a standalone quality estimator. This thesis has presented new approaches for 

visual and speech quality assessment. To that end, we have investigated into the two 

aspects of developing a quality metric: feature detection and feature pooling. We have 

provided analysis and justification for the use of different signal features towards quality 

assessment. Further, we used machine learning for more systematic pooling of the 

features into a perceptual score.  

In particular, we have developed and validated four new visual quality assessment 

schemes based on SVD, 2D mel-cepstrum and FT (we further used only the phase for 

scalability). The first two are FR methods which can be used to compute the visual 

quality when the reference signal is available. Our contribution lies in the analysis of the 

respective visual features which results in objective quality prediction that is better 

aligned with HVS’s perception. The third method is attractive owing to its scalability: the 

degradation in its prediction performance is within reasonable limits with decreasing 
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reference signal information. As a result, it can also be employed for effective RR quality 

assessment. We further extended our SVD based method for VQA. This was achieved by 

using quality variation with time as the temporal factor. The advantage of this method 

lies in its lower complexity. We also proposed a new method for nonintrusive speech 

quality assessment based on mel FBEs and provided the appropriate theoretical and 

experimental analysis. 

In summary, the methods proposed in this thesis were aimed at addressing some of the 

limitations of existing methods mentioned in Section 1.1. First, as demonstrated, the 

proposed algorithms give better prediction accuracy on a large number of images/videos 

(nearly 4000 distorted images) and distortion types/levels (more than 20 distortion types). 

Secondly, these algorithms perform more consistently for both near and suprathreshold 

distortions. Third, the proposed VQA algorithm has much lower computational overhead 

(as compared to many existing VQA schemes) in addition to objective predictions that 

are better aligned with the subjective opinion. Fourth, our method based on the phase of 

FT is scalable and thus more useful than FR or RR only schemes. Lastly, our speech 

quality assessment scheme being nonintrusive avoids the limitations of intrusive methods 

as mentioned in Section 1.1. This method was found to perform better than the current 

ITU standard P.563. 

 It is again worth emphasizing that all the methods developed in this thesis have been 

validated via comprehensive experimental analysis. This involved the usage of a large 

number of publicly and well accepted image, video and speech quality databases. Care 

was also taken in choosing the training and test sets so as to verify the prediction 

performance on untrained data (this was achieved via extensive CV and cross-database 

testing). The large scale use of subjectively rated databases in this thesis provides 
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convincing ground for the effectiveness of the methods proposed.      

The major technical contributions of this thesis have been highlighted in Section 1.3, 

and in this section, we will give a summary of the actual research performed with links 

back into the preceding chapters. 

9.1.1 Feature detection 

Feature detection is an important step in developing a quality metric. Appropriate 

feature selection is a crucial step because the detected features would form the base of the 

resulting algorithm. Feature detection for quality assessment serves two purposes: (i) 

perceptually meaningful information is extracted, and (ii) it leads to dimension reduction 

i.e. the signal can be represented more compactly towards assessing its quality. 

In Chapter 3, we explored SVD based features for visual quality assessment. There are 

two major advantages associated with these features: (a) the adaptively derived singular 

vectors allow better representation of image structure, (b) the separation of structure and 

luminance components enables more effective differentiation of their effects on 

perceptual quality. We also explained the process of computing visual quality using SVD 

based features using the necessary mathematical equations in Section 3.2.3. Additionally, 

we carried out analysis using F-tests to ascertain the statistical reliability of the results 

obtained. In addition, Chapter 7 explored the use of SVD based features for computing 

the temporal quality score towards VQA. This is based on the idea that larger 

fluctuations over time impact human judgement of video quality.  

We then explored visual features based on the 2D mel-cepstrum. They are effective 

because the frequency information can be represented more compactly by using non-

uniform weights. Another advantage is that they can account for the reduced sensitivity 
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at high levels of distortion, i.e. saturation effect (illustrated graphically in Figure 5.3). 

Lastly, in Section 5.4 we showed that the features based on 2D mel-cepstrum can be 

extracted more efficiently than the SVD based features and perform better with regards to 

the prediction accuracy.  

Chapter 6 investigated into visual features based on the phase of FT. Although phase 

has been known to convey perceptually relevant image information, it has not been 

explored in details for visual quality assessment. We have mentioned in Sections 6.1 and 

6.2 that a few existing works (such as [146]) have employed direct comparison between 

the phases of reference and distorted images. Such an approach however suffers from the 

limitation of ignoring the fact that not all changes in the visual signal have the same 

impact on quality. To tackle that, instead of using the similarity between the phase of 

reference and distorted images, we employed non-uniform binning of the frequency 

coefficients prior to phase extraction. This is based on the fact that error in lower 

frequency usually has larger impact on the visual quality. An important and unique 

advantage of the phase based algorithm lies in its scalability: the degradation in 

prediction performance is graceful with decreasing amount of reference image 

information. In contrast, to our knowledge none of the existing methods are scalable i.e. 

either they are FR or RR but not both.     

We would also like to add some comments regarding the use of various transforms. In 

general, any 2-D transform decomposes the image into several basis images weighted by 

transformation coefficients. The SVD and DFT (2D mel-cepstrum is based on DFT but 

with additional processing) are based on orthogonal transforms. In that sense these 

transforms are related to each other. However, for the DFT, the basis vectors are fixed to 

be vectors based on trigonometric functions. In contrast, the basis vectors in SVD are 
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data dependent. These vectors are computed from the data to achieve optimality in 

reduce approximation error. But this also implies that we need to store the basis vectors 

in addition to the SVD coefficients if we want to reconstruct the time series. A particular 

drawback of DFT is that the basis vectors of DFT do not have compact support. This 

makes it very hard for DFT to approximate time series having short term bursts or jumps. 

SVD on the other hand deals with the problem of discontinuity in the time series data 

more gracefully. If a short term bursts or jumps are observed at the same location of most 

time series, it will be reflected by the basis vectors of SVD at that location. These are 

some of the key differences between SVD and DFT. With regards to the use of different 

transforms in this thesis, we have two conclusions for visual quality assessment:  

• The basis vectors convey a more precise information regarding structural 

changes and hence should be more effective. Indeed we have discussed and 

demonstrated in Chapters 3 and 4, the effectiveness of the use of basis images 

(i.e. singular vectors) out of SVD in visual quality assessment. Further, Chapter 

6 also uses phase for quality assessment. The 2D mel-cepstrum based transform 

is however inspired from speech processing (the use of Mel frequency cepstral 

coefficients) and is based on Fourier transform coefficients (as discussed in 

Section 5.3.4, in this case the phase cannot be used directly). As also pointed out 

in Section 3.2 of the thesis, there are several visual quality metrics which 

attempt to quantify visual quality by measuring the changes in transformation 

coefficients but these ignore the basis vectors which convey more precise 

information to evaluate quality objectively.  

• We have argued and shown that the changes in basis images as well as the 

transformation coefficients should be used for the best results (for example 
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using singular vectors and values together as in Chapter 4 or using both phase 

and magnitude as in chapter 6). 

The visual quality metrics based on SVD and 2D mel-cepstrum are FR methods. These 

can for example be used to adjust the parameters of image/video processing techniques in 

order to maximize visual quality or to reach a given quality in applications like 

image/video coding. These can also  in general be employed for on-line monitoring of 

video quality in TV broadcasting, image/video compression (embedding the metric into 

say H.264/AVC), mobile communication systems (where speech suffers from noise and 

it is necessary to evaluate the impact of noise-suppression) and so on. The scalable 

metric developed in Chapter 6 for instance can also be used in scenarios with limited 

bandwidth. The low complexity of the method developed in Chapter 7 will be handy for 

it to be used in video processing tasks like compression, transmission etc. 

Lastly, mel FBE based features were exploited in Chapter 8 to objectively evaluate the 

quality of noise-suppressed speech. We carried out both theoretical and experimental 

analysis (in Section 8.2.1) to show that noise injection and suppression affects mel FBEs. 

We further argued that mean and variance of mel FBEs can be used as global speech 

features for assessing quality. This is because speech signals carry information through 

time-domain variation; so FBE amplitudes at any given moment will be less meaningful 

than frame-to-frame variation. In other words, the distortion of FBEs will affect their 

pdfs which can be characterized by the displacement of mean and variance. 

9.1.2 Feature pooling 

Feature pooling is the second stage in quality metric design. We have first reviewed the 

limitations of the existing pooling schemes in Chapter 2 (Section 2.1.2.2). The major 



Chapter 9. Summary and Future Work 

 192  

problem with existing pooling schemes is that some of them (like simple averaging, 

Minkowski summation) tend to be over simplistic and ad-hoc. Likewise others such as 

those based on VA may be limited due to the fact that it is not easy to find regions of 

attention in an arbitrary image (not surprisingly VA is an active research area). Therefore, 

we have explored machine learning in order to pool/fuse the features more systematically. 

Although other techniques can be employed, we have used SVR in this thesis due to two 

reasons: (a) SVR is a well known kernel method and has been used widely in many other 

applications, (b) it employs a kernel for the non-linear mapping of the input data into 

higher dimensions thereby enabling it to achieve better distinction of different quality 

signals.    

The pooling of SVD based features was discussed in Chapter 4 while Chapter 5 

employed SVR for fusing the 2D mel cepstrum based features. SVR was also employed 

for combining the spatial and temporal factors for VQA in Chapter 7. Lastly, SVR was 

also used for pooling the mel FBEs for speech quality assessment. To provide convincing 

ground for the use of machine learning based pooling, thorough experimental analysis 

was done using a large number of image, video and speech signals. Because of the 

requirement of training, these experiments were carefully designed in order to show 

robustness to untrained data. To this end, extensive cross database validation results have 

also been reported. This is meaningful since content and distortion types vary across 

databases and thus help in proper metric verification.    

One important point regarding the use of machine learning is that it can end up being a 

black box solution. In this thesis, we have further investigated the model obtained as 

result of training by analyzing the SVs, and noticed that the function f(x) in Eq. (4.12) is 

a linear combination of Gaussian functions scaled by a factor of ( *iη - iη ). Hence, by 
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using SVR, we attempt to approximate the desired mapping function via a combination 

of Gaussian functions. In fact, the kernel function K(xi, x) can be interpreted as the 

distance (or measure of similarity) between the i th SV xi and the test vector x in the 

transformed space. We can interpret K(xi, x) as the cosine of the angle between the two 

Gaussian functions centered on xi and x. It is also easy to see from Eq. (4.12) that the 

predicted value is a weighted sum of the distances (or “similarities”) between all the SVs 

and test vector x. Due to this, SVs are the critical points with regards to SVR learning 

and their analysis can help in obtaining additional insights into the way the trained 

system predicts quality. As explained in Sections 4.4.7, 7.3.2 and 8.4.2, we found that the 

majority of the chosen SVs corresponded to data points with either very low or very high 

quality scores. This is intuitive because such data points cover the entire quality range 

and quality of the test signal can be determined by linear combination of the kernel 

similarity scores (after being scaled by an appropriate scaling factor).  

9.2 Future work 

This thesis has examined signal quality assessment by exploiting signal processing and 

machine learning approaches. We believe that there are several interesting avenues for 

further research to extend the current work. 

The schemes developed for visual quality assessment (in Chapters 3-7) have not 

factored in color distortion. In the current studies, only the luminance information was 

utilized for quality computation. Therefore, investigation into how color distortion is 

perceived and interpreted by the HVS would be an interesting future work. A 

straightforward approach is to calculate the quality score for each color component (e.g., 

in RGB or HSV space) of the image/video frame, and then obtain the final quality score 
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through appropriate integration. However, such an approach is rather simplistic, and 

therefore, the color aspects deserve more careful and dedicated investigations.  

Another aspect that could be an interesting future avenue is that of temporal quality 

computation for VQA. In Chapter 7, we employed the variation of quality as the 

temporal factor. However, more sophisticated models for computing the temporal 

distortion could be employed for better prediction accuracy (although this may contribute 

to increased computational complexity). An evidence of this is the existing VQA scheme 

MOVIE which is reasonably accurate but with very high computational requirements. 

Therefore, it would be a challenge to develop models for computing motion related 

distortion, in order to be both effective and computationally appealing. 

We have developed a nonintrusive scheme for assessing quality of noise-suppressed 

speech in Chapter 8. It is worth mentioning that the current ITU standard for nonintrusive 

quality assessment P.563 works well for distortions due to codecs and communication 

channels but less accurate for noise-suppressed speech. It would be therefore interesting 

to embed our method with P.563 so that it can cater to speech suppression scenarios. In 

this way, we can enhance the capacity and scope of P.563.  

Lastly, investigation into joint audiovisual quality assessment would be another 

attractive future direction. This is because more often than not humans perceive the 

‘overall’ quality of the multimedia content rather than separate assessment of say video 

and audio. For example, a movie clip with very high video quality may not be enjoyable 

if sound quality is poor, and vice-versa. We believe that the problem of joint audiovisual 

quality assessment can be tackled using two broad approaches: (a) two-stage fusion (TSF) 

and (b) one-stage fusion (OSF).  

In case of TSF approach, the first stage involves the fusion/pooling of the respective 
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audio and video features into overall audio and video quality scores respectively. At this 

stage, one treats audio and VQA as separate components. In the second stage, the two 

quality scores are fused/combined to obtain the overall audiovisual quality score. The 

problem of joint quality assessment for the TSF approach can be formulated as follows. 

If Nvvv ,...,, 21 denote the detected visual features (from video), the perceptual visual quality 

can be represented as: 

                                                            ),...,,( Nvv vvvfQ 21=                                                (9.1)                                                                   

where the mapping function(.)vf can be determined via a top-down, bottom-up, or hybrid 

approach. Alternatively, machine learning techniques could also provide a solution in 

establishing the proper mapping function fv(.). Likewise, let Naaa ,...,, 21 denote the audio 

features, the perceptual audio quality can be represented as: 

                                                          ),...,,( Naa aaafQ 21=                                                  (9.2)                                                                    

where (.)af is the mapping function for audio/speech features.  

The joint audiovisual quality model is then expressed as 

                                                         ),,()(
avvaav

TSF
av IQQfQ =                                                (9.3)                                                           

where fav is the required mapping function and Iav accounts for the interaction between 

the audio and video in terms of quality evaluation.  

With the OSF approach, the overall quality impression is a result of analyzing all the 

relevant factors together, i.e. audio and visual features are tackled simultaneously. In this 

case, the problem of joint quality assessment can be formulated as  

                                                       ),...,,,,...,,()(
NNav

OSF
av aaavvvgQ 2121=                           (9.4)                                                          

where gav is the mapping function. One can see that in the above formulation, both 

audio and video features are considered jointly.  
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There are three issues that need further research: (a) the types of audio and visual 

features to be used, (b) how to combine them effectively especially when their 

interactions also need to be accounted for, and (c) to study which of the two (TSF or OSF) 

is the better integration methodology. Another crucial aspect of joint audiovisual quality 

assessment is setting up of subjectively rated databases to enable investigation of the 

problem. To the best of our knowledge currently there are no publicly available databases 

for the said task. The amount of effort, cost and expertise required in setting up such 

databases has also hindered progress in joint quality assessment. It will therefore be 

interesting to work towards the mentioned aspects to advance research in joint 

audiovisual quality assessment. 

 



 

Appendix 

Visual Database Description 

In this thesis, we have used a total of 8 publicly available image databases and 3 video 

databases (all of them have been subjectively rated). We provide brief description for 

each database and refer the reader to the cited reference for more detailed information.  

The LIVE image database [115] includes 29 original 24-bits/pixel color images. Totally 

it consists of 982 images (779 distorted images and 203 reference images). Five types of 

distortions were introduced to obtain the distorted images: 1) JP2K compression, 2) 

JPEG compression, 3) WGN, 4) Gaussian blurring, and 5) Rayleigh-distributed bit 

stream errors of a JP2K compressed stream or Fastfading distortions (FF). Subjective 

quality scores for each image are available in the form of DMOS.  

The IRCCyN/IVC subjective viewing database [116] consists of 10 original color 

images with a resolution of 512 × 512 pixels from which 235 distorted images have been 

generated, using 4 different processes: JPEG compression, JP2K compression, LAR 

coding, and blurring. Subjective evaluations have been performed in a normalized room 

with lighting conditions and display settings adjusted according to ITU recommendation 

BT.500-11. The viewing distance was set to six times the picture’s height. A DSIS 

method has been used. Both distorted and original pictures were displayed sequentially. 

The Toyama subjective database [117] contains 182 images of 768 × 512 pixels. Out of 
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all, 14 were original images (24 bit/pixel RGB) in each group. The rest of the images 

were JPEG and JP2K coded images (i.e. 84 compressed images for each type of 

distortion). Six quality scales and six compression ratios were respectively selected for 

the JPEG and JP2K encoders. Subjective experiments were conducted in a normalized 

room with low lighting conditions and display settings adjusted according to ITU-R 

BT.500.11. The viewing distance was set to four times the picture’s height. Single 

stimulus absolute category rating (SSACR) method was used in these subjective 

experiments. The subjects were asked to provide their perception of quality on a discrete 

quality score that was divided into five and marked with the numerical value of 

adjectives: Bad (1), Poor (2), Fair (3), Good (4) and Excellent (5). 

The CSIQ database [118] consists of 30 original images. The distorted images have 

been subjectively rated base on a linear displacement of the images across four calibrated 

LCD monitors placed side by side with equal viewing distance to the observer. The 

database contains 5000 subjective ratings from 35 different observers, and ratings are 

reported in the form of DMOS. Each original image in the database is distorted using six 

different types of distortions at four to five different levels of distortion. The distortions 

used in CSIQ are: JPEG compression, JP2K compression, global contrast decrements, 

additive pink Gaussian noise, and Gaussian blurring. This results in a total of 866 

distorted versions of original images. 

In the A57 database [119], 3 original images of size 512 × 512 are distorted with 6 

types of distortions and 3 contrasts. These result in 54 distorted images (3 images × 6 

distortion types × 3 contrasts). The distortion types used are: 1) quantization of the LH 

subbands of a 5-level DWT of the image using the 9/7 filters, 2) additive WGN, 3) 

baseline JPEG compression, 4) JP2K compression, 5) JP2K compression with the 
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Dynamic Contrast-Based Quantization algorithm of which applies greater quantization to 

the fine spatial scales relative to the coarse scales in an attempt to preserve global 

precedence, and 6) blurring. The subjective scores have been made available in the form 

of DMOS. 

The Tampere Image Database (TID) database [120] involves 25 original reference color 

images (resolution 512 × 384) which have been processed by 17 different types of 

distortions: additive Gaussian noise, additive noise in color components, spatially 

correlated noise, masked noise, high frequency noise, impulse noise, quantization noise, 

Gaussian blur, image denoising, JPEG compression, JP2K compression, JPEG 

transmission errors, JP2K transmission errors, non eccentricity pattern noise, local block-

wise distortions of different intensity, mean shift (intensity shift) and contrast change. 

There are 4 distortion levels and thus it consists of 1700 (25 × 17 × 4) distorted images; 

there are 100 images for each distortion type. Subjective quality scores are reported in the 

form of MOS.  

The Wireless Imaging Quality (WIQ) database [121] consists of 7 undistorted reference 

images, 80 distorted test images, and quality scores rated by human observers that have 

been obtained from two subjective tests. In each test, 40 distorted images along with the 

7 reference images were presented to 30 participants. The quality scoring was conducted 

using a DSCQS. The difference scores between reference and distorted image were then 

averaged over all 30 participants to obtain a DMOS for each image. The test images 

included in the WIQ database consist of wireless imaging artifacts, which are not 

considered in any of the other publicly available image quality databases. 

Lastly, we used another publicly available image database [122]. It is different from all 

the databases discussed above, with respect to the distortion type since the distortion is 
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due to watermarking. It consists of 210 images watermarked in three distinct frequency 

ranges. The watermarking technique basically modulates a noise-like watermark onto a 

frequency carrier, and additively embeds the watermark in different regions of the 

Fourier spectrum. The subjective scores are reported as MOS. 

We used video sequences from three publicly available video databases in this thesis. 

The first video database (we refer to it as the EPFL database) consists [70] of 6 original 

video sequences at CIF spatial resolution (352 × 288 pixels) encoded with H.264/AVC. 

For each encoded video sequence, 12 corrupted bit streams were generated by dropping 

packets according to a given error pattern. To simulate burst errors, the patterns have 

been generated at six different packet loss rates (0.1%, 0.4%, 1%, 3%, 5% and 10%) and 

two channel realizations were selected for each packet loss rate. The packet loss free 

sequences were also included in the test material, thus finally 78 video sequences were 

rated by 40 subjects. Subjective scores have been made available as MOSs.  

The second video database we used is the LIVE video database [80]. It contains 150 

distorted videos (obtained from 10 uncompressed reference videos of natural scenes) 

with spatial resolution being 768 × 432. The distorted videos have been obtained by 

using four distortion processes: (a) simulated transmission of H.264 compressed bit 

streams through error-prone wireless networks, (b) through error-prone IP networks, (c) 

H.264 compression, and (d) MPEG-2 compression. Each video was assessed by 38 

human subjects and the subjective scores have been made available as DMOS. 

The third video database used in this study is publicly available at [123] and we refer to 

it as the TUL database. It comprises of 8 reference video sequences at CIF spatial 

resolution encoded with H.264/AVC to result in 32 distorted video sequences. These 

were rated by 22 observers and the subjective quality scores have been made available as 
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MOS. 

For reader’s convenience, a brief summary of the major characteristics of the 

subjectively rated image and video databases used in this thesis is presented in Table A. 

 

Table A: Major characteristics of the subjectively rated visual databases used in this 

thesis 

 No. of reference 

images/videos 

No. of distorted 

images/videos 

No. of 

distortion types 

Typical 

image/frame size 

Subjective score 

format (Range) 

LIVE 29 779 5 768 × 512 DMOS (0-100) 

CSIQ 30 866 6 512 × 512 DMOS (0-1) 

IVC 10 185 4 512 × 512 MOS (1-5) 

Toyama 14 168 2 512 × 768 MOS (1-5) 

A57 3 54 6 512 × 512 DMOS (0-1) 

TID 25 1700 17 512 × 384 MOS (0-9) 

WIQ 7 80 1 512 × 512 DMOS (0-100) 

Watermarked 

image database 

5 210 1 512 × 512 MOS (1-5) 

LIVE video 

database 

10 150 4 768 × 432 DMOS (0-100) 

EPFL video 

database 

6 78 1 352 × 288 MOS (1-5) 

TUL video 

database 

8 32 1 352 × 288 MOS (1-5) 
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