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ABSTRACT

OBJECTIVE IMAGE AND VIDEO QUALITY ASSESSMENT WITH

APPLICATIONS

Qiang Li, Ph.D.

The University of Texas at Arlington, 2009

Supervising Professor: Zhou Wang

Objective image and video quality assessment(IQA/VQA) aims to automati-

cally measure the quality degradation perceived by the human eyes. It is of fundamen-

tal importance to address a wide variety of problems in image and video processing.

Based on the availability of the information about the reference image, IQA/VQA

models can be classified into full-reference (FR), reduced-reference (RR) and no-

reference (NR) IQA/VQA methods. This dissertation focuses on FRIQA/VQA,

RRIQA/VQA, as well as their applications in perceptual image coding and video

interpolation.

First, we propose novel metrics for FRIQA/VQA based on structural similarity

(SSIM) and the information theoretical weighting. The spatial information weights

for image and the spatial-temporal information weights for video are computed respec-

tively in an information theoretical framework. For FRIQA, the spatial information

weight is computed as the mutual information using natural scene statistics (NSS)

models. For FRVQA, we incorporate the prior and likelihood models of human visual

speed perception to compute the spatial-temporal information weight as a sum of
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information content and perceptual uncertainty. Moreover, our metrics employ the

perceptual weights for multiscale SSIM based on subjective tests.

Second, we propose general-purpose RRIQA algorithms which estimate percep-

tual image quality degradations with partial information about the “perfect-quality”

reference image. Considering the dependence in the natural images, joint statistical

model is applied to RRIQA, which can handle more general distortions than marginal

statistics. A novel RRIQA method is proposed using the statistics of the perceptually

and statistically motivated image representation. By using a Gaussian scale mixture

statistical model of image wavelet coefficients, we compute a divisive normalization

transformation (DNT) for images and evaluate the quality of a distorted image by

comparing a set of reduced-reference statistical features extracted from DNT-domain

representations of the reference and distorted images, respectively. This leads to a

generic or general-purpose RRIQA method, in which no assumption is made about

the types of distortions occurring in the image being evaluated. To address the

problem of RRVQA, a novel statistical prior to measure the motion regularity of the

natural image sequences is adopted. We investigate the temporal variations of local

phase structures in the complex wavelet transform domain. It is observed that natural

image sequences exhibit strong prior of temporal motion smoothness, by which local

phases of wavelet coefficients can be well predicted from their temporal neighbors. We

study how such a statistical regularity is interfered with “unnatural” image distor-

tions and demonstrate the potentials of using temporal motion smoothness measures

for RRVQA.

Third, we apply our IQA/VQA methods for perceptual image coding and video

interpolation. Typically, perceptual image coding algorithms impose perceptual mod-

elling in a preprocessing stage. A perceptual normalization model is often used to

transform the original image signal into a perceptually uniform space, in which all the
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transform coefficients have equal perceptual importance. Standard coding schemes

are then applied uniformly to all coefficients. Here we use a different approach, in

which we iteratively reallocate the available bits over the image space based on a

maximum of minimal structural similarity criterion. We demonstrate the proposed

method by incorporating it with the bitplane coding scheme in the set partitioning

in hierarchical trees algorithm. Finally, we propose a video frame interpolation

method by using the prior knowledge about temporal motion smoothness measured

in the complex wavelet domain. This allows us to avoid the time-consuming motion

estimation process, and thus largely reduces the computational complexity of video

interpolation.
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CHAPTER 1

INTRODUCTION

Today, digital image and video become indispensable means to represent and

communicate information in daily life. But distortions and artifacts are inevitably

introduced during image acquisition, compression, transmission, processing and re-

production. In order to maintain and improve the quality, it is important to design

the image and video quality assessment (IQA/VQA) metrics that can automatically

predict the perceptual quality degradation as the human vision system (HVS) per-

ceives [9]. Generally speaking, IQA/VQA metrics can be applied to: 1. evaluate

the performance of different image and video processing systems and algorithms. For

example, the rate-distortion curve have been used for years in the video compres-

sion community; 2. optimize and design the image and video processing systems

and algorithms, such as perceptual image coding methods [10] to improve the visual

quality.

Based on the availability of the information from reference image, IQA/VQA

methods can be classified into full-reference, reduced-reference and no-reference ap-

proaches.

1.1 Full-Reference Image and Video Quality Assessment (FRIQA/VQA)

FRIQA/VQA is to predict the quality of the distorted image or video with the

full access to the reference image that is assumed to be of perfect quality. Essentially,

it measures “image fidelity”. Most quality assessment methods in the literature [9,

10, 11] belong to this category.

1
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1.1.1 Why and Why Not Mean Squared Error

The mean squared error (MSE) and the related measurement, the peak signal-

to-noise ratio (PSNR), are the most extensively and intensively used FRIQA/VQA

metrics. They are defined as:

MSE(x,y) =
1

N

N∑
i=1

(xi − yi)
2, (1.1)

PSNR(x,y) = 10 log10

L2

MSE
(1.2)

where x is the distorted image and y is the original image; N is the number of pixels;

L is the maximum possible pixel value of the image.

The advantages of MSE/PSNR include: (1) the computational complexity is

low; (2) the nice mathematical convexity guarantees a closed-form optimization so-

lution. However, they are also the most criticized metrics, because MSE/PSNR are

poorly correlated with human perception especially across a broad range of distor-

tion types [12, 9]. Fig. 1.1 clearly shows the failure of MSE to predict the different

distortions in agreement with human quality judgements. In [13], the reasons why

MSE/PSNR fails to be a good quality prediction metric are thoroughly discussed,

one of which is that MSE/PSNR ignores the correlation between the distortions and

the original image resulting in the disagreement with human judgement.

Here we study the MSE/PSNR from a different point of view by addressing

the image quality assessment problem in a Bayesian framework. Bayesian approaches

have achieved great success in a wide range of image and video processing problems,

for example, image denoising[14], motion estimation[15] and content-based image

retrieval [16].
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Given the distorted image x, reference image y and the prior probability distri-

bution of the reference image as p(y) and that p(x|y) is the likelihood, the Bayesian

posterior is

p(y|x) =
p(x|y)p(y)

p(x)
(1.3)

Eq.(1.3) is used as an indication of the quality of x, which means that given x,

the more probable y is, the better quality x has. Take natural logarithm of Eq.(1.3):

ln p(y|x) = ln
p(x|y)p(y)

p(x)
= ln p(x|y) + ln p(y)− ln p(x) (1.4)

In order to demonstrate the relationship between ln p(y|x) and MSE/PSNR,

some assumptions are made.

First, there is no prior knowledge, or p(x) and p(y) are constants.

ln p(y|x) = ln p(x|y) + C (1.5)

where C = ln p(y)− ln p(x)

Second, the distortion between x and y is modelled as additive white noise:

x = y + w (1.6)

where w is Gaussian distributed and independent of y with probability distribution

function as pw.

Thus,

p(x|y) = pw(x− y) =
1√

(2π)N |Cw|
e−

1
2
(x−y)T C−1

w (x−y) (1.7)

where N is the length of y and Cw is the covariance matrix of w.

Third, assume Cw = σw
2I where σw is constant and I is the identity matrix.

(Cw actually serves as a local weighting map. An intensive study of local weighting

strategies is reported in [6]). Then,
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Table 1.1. Performance of IQA metrics[4]: ROCC

ln p(y|x) = ln
1√

(2π)Nσw
2
− 1

2σw
2
(x− y)T (x− y) + C (1.8)

= A(x− y)T (x− y) + B

where A = − 1
2σw

2 and B = ln 1√
(2π)Nσw

2
+ C.

Eq.(1.8) reveals that ln p(y|x) is linearly correlated with the sum of squared

error, (x− y)T (x− y), which means the Bayesian posterior is directly related to the

MSE/PSNR. In Table 1.1 based on LIVE database [17], it is demonstrated that for the

distortion as additive white noise, the PSNR correlated with the Bayesian posterior

performs statistically equally well compared with the other state-of-the-art image

quality assessment methods. However, if the distortion is not simply the additive

white noise or is related to the original signal, the posterior would not be correlated

with the PSNR which performs poorly for other distortions also shown in Table 1.1.

In order to compute the correct posterior to indicate the quality, the likelihood and

the prior models must be utilized.
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1.1.2 IQA/VQA based on Error Visibility Models

Since the ultimate observer of the image and video is human, the most straight-

forward way to design IQA/VQA metrics is to simulate the human visual system

(HVS). By modelling the early visual pathway of the human eye-brain system such

as the retina, lateral geniculate nucleus and Area V1 of the cortex, a lot of image and

video quality assessment metrics [18, 19, 20, 21, 22, 23, 24, 25, 26, 27, 28, 29, 30, 31]are

proposed; refer to [32, 33] for detailed surveys.

A general framework of IQA/VQA based on error visibility models of the HVS

is drawn in Fig 1.2. Firstly, a preprocessing stage is applied to the reference and dis-

torted images/videos including color space transformation and calibration. Secondly,

the reference and the distorted images/videos are decomposed into multiple spatial

frequency channels. For video, a temporal filtering process is applied to model the

sustained and transient mechanisms[34] of the HVS. Spatial and temporal contrast

sensitivity functions, luminance masking, contrast masking features and motion error

masking are then adopted to create a threshold map of the human visual error visi-

bility for each channel, for example, the just noticeable differences (JND) threshold

map[22]. Finally, the differences between the reference and the distorted images in

all the channels are normalized by these threshold maps and pooled to generate an

objective quality map or a single score.

Although the IQA/VQA metrics based on the error visibility models have been

used in the past few decades, there are still many unanswered questions and prob-

lematic assumptions [9, 35]. Particularly for VQA, the phase 1 test of Video Quality

Experts Group (VQEG)[36] reported that most popular video quality metrics based

on HVS models performs statistically equivalent to the PSNR. The fundamental draw-

back of the approach based on error visibility models is that the simplified compu-

tational models of the neurons of the early HVS can not fully predict the behavior
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(a) (b) (c)

(d) (e) (f)

(g) (h)

Figure 1.1. “Lena” with different kinds of distortions by courtesy of
[1]: (a) original image MSE=0,MSSIM=1; (b) Impulsive Salt-Pepper Noise
MSE=225,MSSIM= 0.7227; (c) Additive Gaussian Noise MSE=225,MSSIM= 0.4508;
(d) Multiplicative Speckle Noise MSE=225,MSSIM= 0.5009; (e) Mean Shift
MSE=225,MSSIM=0.9890; (f) Contrast Stretching MSE=225,MSSIM=0.9494; (g)
Blurring MSE=225,MSSIM=0.6880; (h) JPEG Compression MSE=215,MSSIM=
0.6709.

Pre-Processing
Multi-channel

Decompostion/
temporal fitering

Spatial/tempral
Constrast
senstivity

Masking
Adjustment

Normalization&
Error pooling

Reference signal

Distorted signal

Objective

Quality

Map or Score

Figure 1.2. Framework of IQA/VQA based on error visibility models.
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of the complicated human visual perception. For example, it is well known that the

higher level of visual area MT plays an important role in motion perception. How-

ever, MT neuron models have rarely been incorporated into VQA algorithms. Our

recent study of RRVQA is based on the statistical models [37] of the MT neurons for

motion perception.

1.1.3 IQA/VQA based on Structural Similarity

Different from the traditional “bottom-up” methods based on human error vis-

ibility models, the Structural SIMilarity (SSIM) index is designed based on a new

“top-down” philosophy. Under the assumption that the human visual system is

highly adapted to extract structural information from the viewing field, the SSIM

index measures the structural information as a good approximation to perceived im-

age distortion. The SSIM index in spatial pixel domain contains three components:

luminance similarity l, contrast similarity c and structure similarity s, which are

defined as below:

SSIM(x,y)) = [l(x,y)]α · [c(x,y)]β · [s(x,y)]γ

l(x,y) =
2µxµy + C1

µ2
x + µ2

y + C1

c(x,y) =
2σxσy + C2

σ2
x + σ2

y + C2

s(x,y) =
2σxy + C3

σxσ2
y + C3

µx =
1

N

N∑
i=1

xi

σx = [
1

N − 1

N∑
i=1

(xi − µx)
2](1/2)

where x,y are patches of the reference and the distorted image, α, β and γ are the

weighting constants, C1, C2 and C3 are the constants of small value to stabilize SSIM,
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µ is the mean and σ is the standard variance of the image patch. In practical usage,

with setting α = β = γ = 1 and C3 = C2/2, SSIM can be simplified as

SSIM(x,y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
(1.9)

Fig. 1.3 demonstrates the framework of the SSIM. By implementing with a local

Moving
Window

Reference and
distorted images, X, Y Luminance

Measurement

+ Contrast
Mesurement

Contrast
Comparison

Luminance
Comparison

Structure
Mesurement/

Combination Pooling

SSIM map

SSIM
score

Figure 1.3. Framework of SSIM.

moving window, a spatial SSIM map between the reference and distorted images is

calculated. A final score is computed by either simple averaging or more advanced

pooling strategies [6]. Fig. 1.1 displays the mean SSIM scores for different dis-

torted images, which show significant agreement with the human perception of the

quality compared with the MSE. SSIM achieves substantial success compared with

the MSE/PSNR in terms of the correlation with the HVS. Its low computational

complexity compared with other IQA metrics makes it more appropriate for practi-

cal applications. The latest version of video codec software based on H264 standard,

x.264 (www.videolan.orgdevelopersx264.html)) reports mean SSIM as a measurement

of quality.

Since SSIM is efficient to compute and achieves great success, there has been a

lot of research effort to extend the idea. The complex-wavelet SSIM index [38] is to

tackle the problem that the spatial SSIM index is sensitive to the small translations or

rotations. In order to take viewing condition into account, the weights for multi-scale
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SSIM are proposed based on subjective tests [5]. In [39], a perceptually weighted

complex wavelet SSIM implementation is proposed based on the HVS models, where

the weights for each wavelet subband are computed according to contrast frequency

sensitivity functions. SSIM has been applied to VQA by incorporating luminance

masking and motion error masking[40]. A recent proposed statistical model of motion

perception[37] is employed to compute information theoretic weights applied to SSIM

map for VQA [41, 42]. Also, the design of SSIM motivates some latest VQA methods

[43].

1.1.4 IQA/VQA based on Information Theory

Another “top-down” approach of IQA/VQA method is based on information

theory and modelling the HVS as a communication channel.

Some basic knowledge of the information theory [44] is briefly reviewed. Here

we use natural logarithm which can be extended to the logarithm of any base.

1. The self-information or surprisal as a measure of the information content:

S(x) = − ln p(x) (1.10)

where p(x) is the probability of x.

2. The entropy, H, of a discrete random variable X is a measure of the amount

of uncertainty associated with the value of X.

H(X) = −
∑

x

p(x) ln p(x) (1.11)

3. Mutual information measures the amount of information that can be ob-

tained about one random variable by observing another.

I(X; Y ) =
∑
x,y

p(x, y) ln
p(x, y)

p(x)p(y)
(1.12)
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4. The Kullback-Leibler divergence (or information divergence, information

gain, or relative entropy) is a way of comparing two distributions: a “true” probability

distribution p(X), and an arbitrary probability distribution q(X).

DKL(p(X)||q(X)) =
∑

x

p(x) ln
p(x)

q(x)
(1.13)

The visual information fidelity (VIF) [7] views FR IQA as an information fi-

delity problem under the hypothesis that visual quality is related to the amount of

information that the HVS can extract from an image. Fig.1.4 shows the framework

of the VIF. The VIF [11] is also applied to FRVQA.

Figure 1.4. Framework of VIF.

Information theory has been applied to design pooling strategies for FRIQA/VQA.

The basic assumption is that the regions with more information content are more

likely attract visual attention; thus, they should be given more computational effort.

Information content weights [6] are computed based on a simple Gaussian source

model. Using the statistical models of human motion perception [37], an information

pooling strategy considering both the information content and perceptual uncertainty

are proposed for FRVQA in [41, 42].
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1.2 Reduced-reference Image and Video Quality Assessment (RRIQA/VQA)

Reduced-reference (RR) IQA/VQA methods predict the quality degradation of

an image with only partial information about the reference image, in the form of a set

of RR features [9]. RRIQA methods provide a practically useful and convenient tool

for real-time visual information communication and networking systems, where they

can be used to track image quality degradations and control the streaming resources

on the fly. The frame work of the RR quality assessment system is shown in Fig. 1.5.

Feature

Extraction

distortion

channel

ancillary

channel

original 

image

Feature

Extraction

RR Quality 

Analysis

quality 

measure

distorted 

image

RR 

features

RR Feature 

Extractor

RR Feature Extractor & 

Quality Analyzer

Sender Side Receiver Side

RR 

features

(side 

information)

Figure 1.5. RR quality assessment system.

The major challenge in the design of RRIQA/VQA algorithms is to find appro-

priate RR features which are desirable to

1. provide an efficient summary of the reference image;

2. be sensitive to a variety of image distortions;

3. be relevant to the visual perception of image quality.

Another important aspect that has to be kept in mind in the selection of RR features

is to maintain a good balance between the data rate of RR features and the accuracy

of image quality prediction. With a high data rate, one can include a large amount

of information about the reference image, leading to a more accurate estimation of

image quality degradations, but it also becomes a heavy burden to transmit the RR
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features to the receiver. On the other hand, a lower data rate makes it easier to

transmit the RR information, but more difficult for accurate quality estimation. In

practical implementation and deployment, the maximal allowed RR data rate is often

given and must be observed. Overall, the merits of an RRIQA/VQA system should

not be gauged only by the quality prediction accuracy, but by a tradeoff between the

accuracy and the RR data rate.

Three different but related types of approaches have been employed in existing

RRIQA/VQA methods [45, 46, 47, 48, 49, 50, 51]. The first type of approaches are

based on modeling image distortions and are mostly developed for specific application

environments [45, 46, 47, 48, 49]. For example, when the distortion type is known

to be standard image/video compression, a set of typical distortion artifacts such as

blurring, blocking and ringing may be identified, and image features may be defined

that are particularly useful to quantify these artifacts [46, 47]. For another example,

in [45, 48], a set of spatial and temporal features have been found to be effective in

measuring the distortions occurring in standard video compression and communica-

tion environment. The second type of approaches are based on modeling the human

visual system [50], where perceptual features motivated from computational models

of low level vision were extracted to provide a reduced description of the image. One

advantage of these approaches is that the perceptual features being employed are not

directly related to any specific distortion system. As a result, RRIQA methods built

upon them could potentially be extended for general purpose. They may also be

trained on different types of distortions and produce a variety of distortion-specific

RRIQA algorithms under the same general framework. However, no study has been

reported so far that applies these methods to the images with generic distortions

except for JPEG and JPEG2000 compression [50]. The third type of approaches

are based on modeling natural image statistics [51]. The basic assumption behind
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these approaches is that most real-world image distortions disturb image statistics

and make the distorted image “unnatural”. The unnaturalness measured based on

models of natural image statistics can then be used to quantify image quality degra-

dation. In [51], a generalized Gaussian density function [52] as in Eq. (1.14) is used

to model the marginal statistics of the linear coefficients in wavelet subbands.

pm(x) =
β

2αΓ(1/β)
e−(|x|/α)β

(1.14)

where Γ(a) =
∫∞
0

ta−1e−tdt(for a > 0) is the Gamma function, and β and α are called

the scale and power factors, respectively. Fig. 1.6 shows that the GGD model fits the

marginal distribution of wavelet coefficients of the natural scene image very well. The

parameters of the fitting model are employed as RR features. This general-purpose

RRIQA approach has achieved somewhat surprising success, as it does not require any

training, and has a rather low RR data rate, but still supplies reasonable performance

when tested with a wide range of image distortion types [51].

-100 -80 -60 -40 -20 0 20 40 60 80 100
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fitting model

Figure 1.6. Marginal distribution of wavelet coefficients and fitting GGD model: blue
line is the marginal distribution of one suband of natural image Fig.1.1 (a) in steerable
wavelet domain, red line is the fitting model, x-axis is the range of wavelet coefficients.



14

Based on a more comprehensive and successful model of the natural scene statis-

tics (NSS), Gaussian scale mixture model [14, 53], divisive normalization transform

is proposed in order to further reduce the dependence in the wavelet domain. The

statistics of the coefficients in the divisive normalized transform domain is employed

for RRIQA[54]. The success of application of the NSS to RRIQA motivates new

RRVQA methods based on statistics of natural video sequences. A novel prior of

natural video sequences, namely temporal motion smoothness, is presented and mod-

elled to capture the temporal regularity in the natural video, which is adopted for

the general-purpose RRVQA [55].

1.3 No-Reference Image and Video Quality Assessment (NRIQA/VQA)

NRIQA/VQA methods evaluate the quality without the requiring knowledge

about the reference image. Most NRIQA/VQA methods in the literature are depen-

dent on the knowledge of specific distortions. For instance, the blur and blocking

artifacts of block-based compression standards including JPEG and MPEG are per-

ceptually annoying to human eyes, which inspire NRIQA/VQA methods to measure

those artifacts to predict the quality degradation in [56, 57, 58, 59]. In [60], a specific

RRIQA metric was proposed for JPEG2000 compressed images. More types of distor-

tions are accounted for including white noise, impulse noise, blurness, blockness and

ringing in [61]. But, there is no computational model to combine those measurements

for general-purpose NR quality assessment.

It is interesting to note that the general-purpose NR quality assessment is not

difficult for human eyes. Usually, one can tell not only the levels of distortions but

also the types of distortions in the distorted image without the original image. One

possible explanation is that the prior knowledge about the natural images are acquired

and stored when the HVS adapts to the surrounding natural environment through
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the evolution process. Once given unnatural or distorted images, one will perceive the

disturbance based on the prior knowledge of the tiny cluster of the natural images.

Therefore, the Bayesian framework introduced in Section 1.1.1 for quality assessment

problem may lead to new general-purpose NRIQA methods by studying the prior and

likelihood functions of the natural signals.

1.4 Validation of Perceptual Quality Assessment Methods

The performance of the objective quality assessment methods are evaluated by

the following steps:

(1) carrying out subjective tests to acquire subjective scores including mean

opinion score (MOS) or difference mean opinion Score (DMOS). The subjective

testing procedures for visual quality assessment have been suggested in [62] including

double stimulus continuous quality scale method, double stimulus impairment scale

method and single stimulus continuous quality evaluation. The MOS is the arithmetic

mean value of all the subjective scores. The DMOS is the quality score difference

between the reference and distorted image, which means that the quality decreases

with the increasing vales of DMOS.

(2) applying regression functions to the objective scores to compute the pre-

dicted subjective score. Three widely used regression functions are listed in the fol-

lowing equations. Eq.(1.15) and Eq.(1.16) are proposed by the VQEG [63]. Eq.(2.7)

is used in [64] to evaluate different state-of-the-art FRIQA algorithms.
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sp = ao3 + bo2 + co + d (1.15)

sp =
b1

1 + e−b2∗(o−b3)
(1.16)

sp = β1logistic(β2, (o− β3)) + β4o + β5, (1.17)

logistic(τ, o) =
1

2
− 1

1 + exp(τo)

where o is the objective score from the quality assessment methods; sp is the predicted

subjective score; the parameters are estimated by maximizing the correlation between

Sp and subjective scores such as MOS or DMOS.

(3) computing evaluation metrics between the predicted subjective scores and

the subjective scores. Four metrics [36, 64] are generally accepted to evaluate the

performance of the objective quality assessment methods:

1) Linear Pearson correlation coefficient (LPCC)

R =

∑
i(si − ŝ) ∗ (spi − ŝp)√∑

i(si − ŝ)2 ∗∑
i(spi − ŝp)2

(1.18)

where si denotes the subjective scores, MOS or DMOS and spi denotes the predicted

subjective score based on the above regression functions.

2) Spearman rank order correlation coefficient (SROCC)

r = 1− 6
∑N

i=1 d2
i

N(N2 − 1)
(1.19)

where di is the difference between the i-th image/video’s ranks in subjective and

objective evaluations and N denotes the total number of the image/video.

3) Mean absolute error (MAE)

MAE =

∑ |si − spi|
N

(1.20)

4) Root mean-squared error (RMSE)
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RMSE =

√
1

N − d

∑
(si − spi) (1.21)

where d is the degrees of freedom of regression function.

Among the above 4 metrics, LPCC is to evaluate the prediction accuracy ;

SROCC is an evaluation of prediction monotonicity. In particular, SROCC is the

only one robust to the non-linear regression function, i.e. adjusting the parameters

of the function will not affect the SROCC value. There is more detail of the metrics

in [36]. The better objective quality assessment metric should have higher SROCC

and LPCC while lower MAE and RMSE.

We have attempted to collect all the publicly-accessible image and video databases

with subjective opinion scores and obtained 4 IQA databases and 1 VQA databases.

Among the 4 IQA databases, the UT-Austin LIVE database[17] is the most

comprehensive one that includes 779 distorted images generated from 29 natural im-

ages. The distortions are JPEG2000, JPEG compression, white noise, Gaussian blur

and Fast Fading Rayleigh Channel. The IVC database [65] contains 10 original im-

ages and 235 distorted images generated from 4 different processing including JPEG,

JPEG2000,LAR coding and Blurring. The Toyama database [66] includes 182 JPEG

and JPEG2000 compressed images. The Cornell-VCL A57 database [67] has 60 dis-

torted images with 6 types of distortions.

The VQEG phase 1 test database [68] is the only publicly-accessible and the

most extensively used database with DMOS for video quality assessment. The video

database includes 20 SDTV reference video sequences and 320 decoded video se-

quences.
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1.5 Applications of Objective Quality Assessment Method

The objective quality assessment methods are desirable for many practical ap-

plications. They can be used to benchmark signal processing systems and algorithms

and to monitor the quality of service (QoS) in real time. More importantly, they

can be used as criterion to optimize signal processing algorithms and systems. The

MSE is extensively employed as the optimization criterion because of its mathemat-

ical convenience. But the MSE is also problematic to indicate the true fidelity or

quality, especially for image and video signals. So in order to maximize the percep-

tual quality, we should use perceptually more meaningful quality assessment metrics

as the optimization criterion in the design of image and video processing algorithms

and systems.

Perceptual image coding [10] is to improve the visual quality within the limita-

tion of the bit rate. Most methods in the literature [10] use the following approach:

First, some low level HVS features including contrast sensitivity and error masking

are adopted in the preprocessing stage. Second, a perceptual normalization model

is used to transform the original image signal into a perceptually uniform space,

in which all the transform coefficients have equal perceptual importance. Finally,

standard coding schemes are applied uniformly to all coefficients in order to achieve a

uniform distortion map. If we model perceptual image coding as an optimization pro-

cess to maximize the visual quality, the above methods based on HVS lack an explicit

criterion to guide the optimization. We propose a different approach, in which we

iteratively reallocate the available bits over the image space based on a maximum of

minimal structural similarity criterion[69]. The proposed method is demonstrated by

incorporating it with the bitplane coding scheme in the set partitioning in hierarchical

trees algorithm.
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The prior of temporal motion smoothness in natural image sequences has been

successfully applied to RRVQA[55]. We further employed it as an optimization crite-

rion to restore the distorted video sequence with frame dropping. Under the criterion

to satisfy the regularity of temporal motion smoothness, the temporal interpolation

is implemented in log complex wavelet domain. This allows us to avoid the time-

consuming motion estimation process, and thus largely reduces the computational

complexity of video interpolation.



CHAPTER 2

INFORMATION THEORETIC WEIGHTING FOR FRIQA/VQA

2.1 Pooling strategy of FRIQA/VQA

FR IQA/VQA methods generally contain two steps as shown in Fig. 2.1.

Local Distortion
Measurement

Error pooling

Reference signal

Distorted signal

Error map Objective

Quality

Score

Figure 2.1. General framework of FR IQA/VQA.

First, a local distortion measurement map is computed based on the reference

and distorted signals. For example, the simple spatial absolute difference map, the

Sarnoff’s JNDmap[22], the SSIM[70] index map and the VIF map in wavelet domain

[7].

It is believed that the information represented in the primary visual cortex is

integrated in the subsequent brain areas. But, unfortunately, little is know about

the nature of the actual integration taking place in the brain. However, in order to

simulate this process, a pooling step is applied to the local distortion measurement

map by giving different weights for the regions in the map so as to compute a scalar

objective quality score. Although a lot of research effort has been put into investi-

gating the perceptual error map, much less has been done for studying the pooling

strategy.

20
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The most widely-used pooling strategy is in Minkowski form:

O =
1

N
(

N∑
i

ei
p) (2.1)

where p ∈ [1,∞] and ei is the coefficient at location of i in the error map, N

is the number of the coefficients. If p = 2 and the error map is the spatial absolute

difference map, then O is the MSE which can be monotonically mapped to the widely

used peak signal-to-noise ratio (PSNR). The Minkowski pooling method for IQA is

intensively studied in [6].

An advanced pooling approach is proposed in [6] based on information theory. It

is hypothesized that the human visual perception is to efficiently extract information

from the natural scene. The regions with more information content are more likely to

attract visual attention, thus should be given more computational effort. In [6], by

modelling the image intensity as a local Gaussian source and the HVS as an additive

Gaussian channel with constant noise, the information content weight is computed as

w(x, y) = log2(1 +
σx

C
)(1 +

σy

C
) (2.2)

where x, y are patches in the reference and the distorted images; C is a constant to

indicate the strength of noise.

Although the pooling strategy based on information content in [6] shows great

improvement, it is under a problematic assumption that the natural image is Gaussian

distributed. It is well known that the statistics of natural scene images is not Gaussian

[71, 52, 53], for instance the marginal statistics of natural images has a higher peak

and longer tail when compared with Gaussian. We give an example in Fig. 2.2 which

draws the marginal statistics in spatial domain and the Gaussian distribution with

the same mean and variance. The obvious departure between these two distributions

demonstrates the non-Gaussian property of the natural image.
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(b)

Figure 2.2. Comparison of marginal statistics from an example image with the Gaus-
sian distribution: (a) image “Boats”, (b) The blue line is the marginal distribution
of intensity of the pixel in (a) with removing the mean value; The red line is the
Gaussain distribution with the same mean and variance .

In the following sections, we respectively present our information theoretic

weighting methods for FRIQA and FRVQA based on statistical models. For FRIQA, a

more successful and comprehensive statistical model for natural image, Gaussian Scale

Mixture [53] is adopted to compute the information content weights. For FRVQA,

the spatial-temporal information theoretic weights are calculated as the sum of infor-

mation content and perceptual uncertainty based on the prior and likelihood models

of the motion perception [37].

2.2 Information Theoretic Weighting For FRIQA

2.2.1 Gaussian Scale Mixtures

A natural image is decomposed into a set of subbands of different scales and

orientations, loosely speaking in wavelet domain, for example, using steerable pyramid

transform [72]. Xj
i is a vector of coefficients of the coefficients in the subband at scale
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i and orientation j, which can be modelled as the Gaussian scale mixtures (GSM)

model[14, 53].

Xj
i =

√
Sj

i U (2.3)

where U is normally distributed and Sj
i is an independent random variable.

The GSM model can successfully capture both the marginal and the joint sta-

tistical behavior of natural images in wavelet domain. The former has non-Gaussian

characteristics of a high peak and long tail and the latter shows strong dependence

among the subbands, which is shown in Fig. 2.3[14]

2.2.2 Information Theoretical Weighting Based on GSM model

In [7], the distorted image is modelled as the one with some process of the

reference image:

Y j
i = gj

i X
j
i + V j

i (2.4)

where Xj
i is a vector of coefficients of the reference image at scale i and orienta-

tion j; Y j
i is a vector of coefficients of the distorted image; gj

i and V j
i can be regarded

as contrast and luminance distortions.

HVS is assumed as an additive Gaussian communication channel with constant

noise. If the Xj
i and Y j

i are transmitted through the channel, the received or perceived

signals will be

Ej
i = Xj

i + N1 (2.5)

F j
i = Y j

i + N2 = Y j
i = gj

i X
j
i + V j

i + N2
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(a) (b)

(c) (d)

Figure 2.3. Comparison of coefficient statistics from an example image subband (a
vertical subband of Fig.2.2 (a), left panels) with those arising from simulation of a
local GSM model (right panels). Model parameters (covariance matrix and the multi-
plier prior density) are estimated by maximizing the likelihood of the observed set of
wavelet coefficients. (a,b) Log marginal histograms. (c,d) Conditional histograms of
two spatially adjacent coefficients. Brightness corresponds to probability, except that
each column has been independently rescaled to fill the range of display intensities.

The mutual information between Ej
i and Xj

i ,and that between F j
i and Xj

i are

computed as

I(Ej
i ; X

j
i |Sj

i ) =
1

2

M∑

k=1

log2(1 +
sj

iλk

σ2
N

) (2.6)

I(F j
i ; Xj

i |Sj
i ) =

1

2

M∑

k=1

log2(1 +
gj

i

2
sj

iλk

σ2
V j

i

+ σ2
N

)

where λk is the eigenvalue of CU and σN1 = σN2 = σn.
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Since Ej
i and F j

i are correlated because of Xj
i , the mutual information between

Ej
i and F j

i is

I(Ej
i ; F

j
i |Sj

i ) =
1

2
log2




|sj
iCU + σ2

nI||gj
i

2
sj

iCU + σ2
vj

i

I + σ2
nI|

|sj
iCU(σ2

vj
i

+ σ2
n) + gj

i

2
sj

iCUσ2
n + σ2

n(σ2
nI + σ2

vj
i

I)|


 (2.7)

=
1

2

M∑

k=1

log2




(siλk + σ2
n)(gj

i

2
sj

iλk + σ2
vj

i

+ σ2
n)

(sj
iλk(σ2

vj
i

+ σ2
n) + gj

i

2
sj

iλkσ2
n + σ2

n(σ2
n + σ2

vj
i

))




The detailed derivation of Eq.(2.7) is given here.

First, we review the mutual information between two Gaussian. If X,Y are

Gaussian distributed, then the mutual information of X,Y is

I =
1

2
log2(

|CX ||CY |
|C| )

where CX and CY are covariance matrices of X and Y . C is defined as C =


CX CXY

CY X CY




Second, given the general case

Y1 = a1X + N1 (2.8)

Y2 = a2X + N2

where N1, N2, X are independent Gaussian with zero mean and a1, a2 are known

scalars.

If X,N1 and N2 are independent and identically-distributed, then Y1, Y2 are

Gaussian distributed.
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CY1 = a2
1CX + σ2

n1I (2.9)

CY2 = a2
2CX + σ2

n2I

CY1Y2 = E(Y1Y
T
2 ) = a1a2CX

C =




a2
1CX + σ2

n1I a1a2CX

a1a2CX a2
2CX + σ2

n2I




|C| = |a2
1CXσ2

n2 + a2
2CXσ2

n1 + σ2
n2σ

2
n1I| (2.10)

The mutual information between Y1 and Y2 are:

I(Y1; Y2) =
1

2
log2(

|CY1||CY2|
|C| ) =

1

2
log2(

|a2
1CX + σ2

n1I||a2
2CX + σ2

n2I|
|C| ) (2.11)

=
1

2
log2(

|a2
1CX + σ2

n1I||a2
2CX + σ2

n2I|
|a2

1CXσ2
n2 + a2

2CXσ2
n1 + σ2

n2σ
2
n1I|

)

Third, given

Ej
i = Xj

i + N1 =

√
Sj

i U + N1 (2.12)

F j
i = Y j

i + N2 = Y j
i = gj

i X
j
i + V j

i + N2 = gj
i

√
Sj

i U + V j
i + N2

and according to Eq.(2.11), the mutual information between Ej
i and F j

i , I(Ej
i ; F

j
i |Sj

i )

is computed as Eq. (2.7).

Fig. 2.4 shows the relationship among I(Ej
i ; X

j
i |Sj

i ), I(F j
i ; Xj

i |Sj
i ) and I(Ej

i ; F
j
i |Sj

i ).

Consequently, the overall information extracted from the reference image in the

subband is:

W (Xj
i , Y

j
i ) = I( ~Ej

i ;
~Xj

i |Sj
i ) + I(~F j

i ; ~Xj
i |Sj

i )− I( ~Ej
i ;

~F j
i |Sj

i ) (2.13)
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H(X|S)

H(E|S)
H(F|S)

I(E,X|S)

I(F,X|S)

I(F,E|S)

Figure 2.4. The relationship among I(Ej
i ; X

j
i |Sj

i ), I(F j
i ; Xj

i |Sj
i ) and I(Ej

i ; F
j
i |Sj

i ).

The total information at scale i is defined as the summation of W (Xj
i , Y

j
i ) along

all the orientation.

IW (Xi, Yi) =
∑

j∈orientations

W (Xj
i , Y

j
i ) (2.14)

Fig.2.5 (b) gives an example of information theoretic weighting map at the finest

scale computed by Eq. (2.14), which shows the larger weights in the areas such as

the eyes and the mouth and smaller weights in the smooth regions, for example the

background.

2.2.3 Perceptual Multi-scale Weights

It is observed that the frequency sensitivity of the HVS varies with viewing

conditions including the resolution and the view distances. There is an interesting

example to demonstrate this characteristic of the HVS. An artificial hybrid image Fig.

2.6, generated by Dr. Aude Oliva [2] from MIT, combines the detailed features such

as wrinkles and the mustache of Einstein with the rough outline of Monroe. When

viewing the picture in a near distance, we see Einstein. While at a far distance (e.g.

more than 1 meter), we find a smiling Monroe.
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(b)(a)

Figure 2.5. Information theoretical weighting map. (a) original image, (b) Infor-
mation theoretical weighting map at scale 0. The brighter regions indicate larger
weights.

Therefore, it is reasonable to assume the image quality of the human perception

is also related to the view conditions. In order to find the right scale (view distance),

Wang et al. [5] proposed the multiscale SSIM index as

SSIMm(X,Y ) = [lM(X, Y )]αM ·
M∏

j=1

[cj(X, Y )]βj [sj(X,Y )]γj (2.15)

where M is the highest scale and α, β and γ are weighting parameters gauged by

psychovisual experiments.

2.2.4 Information Weighted Multi-Scale SSIM Index

Incorporating the information theoretic weighting and the perceptual scale

weighting, we define a novel IQA metric, information weighted multi-scale SSIM

(IW MultiSSIM) index, as
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Figure 2.6. Hybrid Einstein-Monroe image from [2].

IW MultiSSIM(X,Y ) = [E(l(XM , YM))]SWM

M∏
i=1

[∑
IW (Xi, Yi)c(Xi, Yi)s(Xi, Yi)∑

IW (Xi, Yi)

]SWi

(2.16)

where l(XM , YM) is the luminance similarity map between X and Y at scale M

as

l(XM , YM) =
2µXM

µYM
+ C1

µXM
2 + µYM

2 + C1

(2.17)

c(Xi, Yi) is the contrast similarity map between X and Y at scale i as

c(Xi, Yi) =
2σXi

σYi
+ C2

σXi
2 + σYi

2 + C2

(2.18)

s(Xi, Yi) is the structural similarity map between X and Y at scale i as

s(Xi, Yi) =
σXiYi

+ C3

σXi
σYi

+ C3

(2.19)

IW (Xi, Yi) is the information theoretic weight defined in Eq.(2.14).
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The perceptual weights for five scale are estimated from subjective test in [5],

which are shown in Table 2.1.

Table 2.1. Multi-scale weights for SSIM [5]

weight scale 1 scale 2 scale 3 scale 4 scale 5
SW 0.0448 0.2856 0.3001 0.2363 0.1333

2.2.5 Test

In order to validate the IW MultiSSIM index, the tests are extensively carried

out across four publicly-accessible image quality assessment databases including UT-

Austin LIVE database[17], the Cornell-VCL A57 database[67], the IVC database[65]

and the Toyama database[66]. The result of IW MultiSSIM index is compared with

other state-of-the-art perceptual IQA metrics.

The results of LPCC and SROCC are shown in Table.2.2 and Table.2.3 for

UT-Austin LIVE database.

The results of the Cornell-VCL A57 database are in Table 2.4.

Table 2.2. LPCC after nonlinear regression based on LIVE database. SSIM(MS):
multi-scale SSIM[5], WSSIM: SSIM with local information contend based on Gaussian
model[6]; VIF: visual information fidelity[7], VSNR: visual SNR[8](*for JPEG and
JP2K, the results are the combination of 1 and 2)

JP2K-1 JP2K-2 JPEG-1 JPEG-2 WN GBlur FF All data
PSNR 0.9332 0.8740 0.8856 0.9167 0.9859 0.784 0.8895 0.8709

SSIM(MS) 0.9702 0.9711 0.9699 0.9879 0.9737 0.9487 0.9304 0.9393
SSIM 0.9648 0.9684 0.9667 0.9813 0.9852 0.9454 0.9540 0.9436

WSSIM[6] 0.9714 0.9738 0.9645 0.9835 0.9869 0.9733 0.9675 0.9426
VIF 0.9791 0.9787 0.9714 0.9885 0.9877 0.9762 0.9704 0.9533

VSNR 0.957* 0.923* 0.978 0.934 0.902 0.889
IW MultiSSIM 0.9738 0.9774 0.9707 0.9855 0.9883 0.9699 0.9503 0.9565
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Table 2.3. SROCC based on LIVE database. SSIM(MS): multi-scale SSIM[5],WSSIM:
SSIM with local information contend based on Gaussian model[6]; VIF: visual infor-
mation fidelity[7], VSNR: visual SNR[8](*for JPEG and JP2K, the results are the
combination of 1 and 2)

JP2K-1 JP2K-2 JPEG-1 JPEG-2 WN GBlur FF All data
PSNR 0.9263 0.8549 0.8779 0.7708 0.9854 0.7823 0.8907 0.8755

SSIM(MS) 0.9645 0.9648 0.9702 0.9454 0.9805 0.9519 0.9395 0.9527
SSIM 0.9545 0.9636 0.9598 0.9028 0.9737 0.9497 0.9546 0.9475

WSSIM[6] 0.9612 0.9743 0.9591 0.9401 0.9776 0.9716 0.9659 0.9494
VIF 0.9721 0.9719 0.9699 0.9439 0.9828 0.9706 0.9649 0.9584

VSNR 0.946* 0.908* 0.979 0.941 0.906 0.889
IW MultiSSIM 0.9647 0.9745 0.9654 0.9442 0.9832 0.9696 0.9514 0.9627

Table 2.4. Results of Cornell database

LPCC MAE RMS SROCC
PSNR 0.6347 0.1607 0.1899 0.6205

SSIM (downsampled by 2) 0.7994 0.1209 0.1476 0.8061
SSIM (Multiscale) 0.8802 0.0945 0.1166 0.8587

WSSIM[6] 0.8886 0.0908 0.1127 0.8671
VSNR 0.9146 0.0809 0.0994 0.9360
VIF 0.6139 0.1421 0.1940 0.6225

IW MultiSSIM 0.9303 0.0770 0.0901 0.9007

The results of the IVC database are in Table 2.5 and the scatter plots are

displayed in Fig.2.7

For Toyama database, the scatter plots of different IQA methods are displayed

in Fig.2.8. The results are shown in Table. 2.6.

From the results based on all the four databases, we can see the IW MultiSSIM

index always performs statistically equivalent to the best methods. More impor-

tantly, the consistent improvement of our method compared with SSIM[70], multi-

scale SSIM[5] and weighted SSIM [6] demonstrates the validity of our information

theoretical weighting strategy.
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Figure 2.7. IVC database: scatter plot between objective scores and subjective scores
without fitting. (a) DMOS against PSNR, (b) DMOS against SSIM(downsample by
2), (c) DMOS against Multiscale SSIM, (d) DMOS against VSNR, (e) DMOS against
VIF, (f) DMOS against IW MultiSSIM .
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Figure 2.8. Toyama database: scatter plot between objective scores and sub-
jective scores without fitting. (a) DMOS against PSNR, (b) DMOS against
SSIM(downsample by 2), (c) DMOS against Multiscale SSIM, (d) DMOS against
VSNR, (e) DMOS against VIF, (f) DMOS against IW MultiSSIM .
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Table 2.5. Results of IVC database

LPCC MAE RMS SROCC
PSNR 0.6718 0.7192 0.9025 0.6947

SSIM (downsampled by 2) 0.9004 0.3978 0.5301 0.8977
SSIM (Multiscale) 0.9082 0.3837 0.5100 0.8992

WSSIM[6] 0.8936 0.4094 0.5468 0.8902
VSNR 0.7959 0.5778 0.7376 0.8112
VIF 0.9026 0.4098 0.5245 0.9004

IW MultiSSIM 0.9150 0.3736 0.4914 0.9075

Table 2.6. Results of Toyama database

LPCC MAE RMS SROCC
MSE 0.5748 0.9408 1.0801 0.6773

SSIM (downsampled by 2) 0.8780 0.4495 0.6319 0.8640
SSIM (Multiscale) 0.8746 0.4656 0.6399 0.8645

WSSIM[6] 0.7213 0.6777 0.9143 0.6874
VSNR 0.7536 0.7159 0.8677 0.8563
VIF 0.9030 0.4148 0.5670 0.8868

IW MultiSSIM 0.8852 0.4390 0.6141 0.8697

2.3 Information Theoretical Weighting Based on a Statistical Model of

Human Visual Speed Perception for FRVQA

2.3.1 Previous application of motion in Video Quality Assessment

The capability of representing motion is probably the most critical characteris-

tic that distinguishes a natural video sequence from a stack of independent still image

frames. If we believe that the central goal of vision is to extract useful information

from the visual scene, then the perception of motion information would play an im-

portant role in the perception of natural video. Since the main purpose of objective

video quality assessment (VQA) is to predict human behavior in the evaluation of

video quality, it would be essential for a successful VQA system to effectively take

into account motion information.
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Nevertheless, in the literature of VQA, motion information has typically been

employed indirectly. The most frequently used method is temporal filtering [32, 73],

where linear filters or filter banks are applied along the temporal direction (or along

the spatial and the temporal directions simultaneously), and the filtered signals are

normalized to reflect the effect of the temporal contrast sensitivity function [74] (the

variation of human visual sensitivity as a function of temporal frequency). Advanced

models may also include the temporal masking effects (the reduction of visibility of one

image component due to the existence of its neighboring components) [73] or statistics

of the temporal filter coefficients [31]. Since motion in the visual scene may cause

variations in signal intensity along the temporal direction, temporal filtering can, to

some extent, capture motion. However, representing motion using temporal filtering

responses is indirect, inaccurate, and in some sense problematic. First, motion may

not be the sole reason for temporal signal intensity variations. The change of lighting

conditions is an obvious counterexample. Therefore, the temporal filter coefficients

are indeed a mixture effect of motion together with many other reasons. Second, the

speed of motion cannot be directly related to the strength of temporal filter responses.

For example, two objects with the same speed of motion but different texture and

contrast would result in different speeds of temporal intensity variation, and thus

different temporal filter responses. Third, many visual experiments that measure

temporal visual sensitivities were done with flickering patterns [32], which do not

reflect any physical motion of the objects. Moreover, since the motion and speed

information is not represented explicitly, a lot of knowledge about motion perception

cannot be directly used within such a temporal filtering framework.

Only a relatively small number of existing VQA algorithms detect motion ex-

plicitly and use motion information directly. Wang et al. proposed a heuristic weight-

ing model [40], which was combined with the structural similarity (SSIM)[70] based
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quality assessment method to take into account the fact that the accuracy of visual

perception is significantly reduced when the speed of motion is extremely large. A

set of heuristic fuzzy rules was proposed by Lu et al. [30] that use both absolute and

relative motion information to account for visual attention and motion suppression.

It was shown that these rules are effective in improving VQA performance of the stan-

dard mean squared error (MSE)/peak signal-to-noise ratio (PSNR) measures as well

as the SSIM [70] approach. In two recent papers by Seshadrinathan and Bovik, local

motion information obtained from optical flow computation is employed to adaptively

guide the orientation of a set of three-dimensional Gabor filters [43, 75]. The adopted

Gabor filter responses are then incorporated into the SSIM [70, 38] and the visual

information fidelity (VIF) [7] measures for the purpose of VQA.

2.3.2 Perceptual Motion Information

Our approach is largely inspired by the recent psychophysical study by Stocker

and Simoncelli on human visual speed perception [3]. Based on a Bayesian optimal

observer hypothesis, Stocker and Simoncelli [3] measured the prior and the likelihood

probability distributions of speed perception simultaneously from a set of carefully

designed psychovisual experiments. These measured probability distributions are

consistent across human subjects and can be modelled using simple parametric func-

tions. These results are substantially different from previous statistical models of

visual speed perception [15, 76, 77], where the prior distributions are often assumed

rather than measured. Our information theoretical approach has greatly benefited

from these results, because the statistical models derived from them provide the es-

sential ingredients in the computation of the perceptual motion information including

the information content and the perceptual uncertainty. Our method is based on the

following assumptions and observations.
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First, we believe that the human visual system (HVS) is an efficient encoder

or information extractor (subject to certain physical constraints such as power con-

sumption), as widely hypothesized in computational vision science [78, 7]. To achieve

such efficiency, it is natural to assume that the areas in the visual scene that con-

tain more information should be more likely to attract visual attention and fixations

[79, 80]. Such information content can be quantified using statistical information

theory, provided that a statistical model about the information source is available. In

fact, information content-based method has already shown to be useful in still image

quality assessment (IQA) [6].

Second, as in a number of previous papers [31, 7, 6], we model visual perception

as an information communication process, where the information source (the video

signal) passes through an error-prone communication channel (the HVS). The key

difference from the previous IQA/VQA models is that the noise level in the commu-

nication channel is not fixed here. This is motivated by the empirical observation

that the HVS does not perceive all the information content with the same degree of

certainty. For example, when the background motion in a video sequence is very large

(or the head/camera motion is very large), the HVS cannot identify the objects pre-

sented in the video with the same accuracy as in static background images, i.e., the

video signal is perceived with higher uncertainty. Again, such perceptual uncertainty

can be quantified based on information theory, by relating the stochastic channel

distortion model with the speed of motion. In particular, the psychophysical study

by Stocker and Simoncelli [3] suggests that the internal noise of human visual speed

perception increases with the true stimulus speed and decreases with the stimulus

contrast.

In the following section, we elaborate how to compute locally (in both space and

time) the information content and the perceptual uncertainty based on the physical
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motion information estimated from the video sequence. Perceptual motion infor-

mation is defined as a spatio-temporal function of the information content and the

perceptual uncertainty, which is incorporated as weighting factors into any local VQA

algorithm that produces a quality/distortion map over space and time. Fig.2.9 shows

the framework to extract the perceptual motion information.

Prior Statistical
model of motion

Physical motion

HVS internal noise Statistical model
of internal noise

Perceptual  motion information
 w(x,y,t)=f(I,U)Information content

I(x,y,t)

perceptual uncertainty
U(x,y,t)

Figure 2.9. Perceptual motion information.

2.3.3 Method

The motion information in a video sequence can be represented as a three-

dimensional field of motion vectors, where each spatial location (x, y) and time in-

stance t is associated with a motion vector ~v(x, y, t) = [vx(x, y, t) vy(x, y, t)]T . For

notational convenience, we often drop the space and time indices and write a motion

vector as ~v. For a given video sequence, we consider three types of motion fields −
absolute motion, background motion, and relative motion. An illustration is given

in Fig. 2.10, where the absolute motion ~va is estimated as the absolute pixel move-

ment at each spatial location between two adjacent video frames. By contrast, the

background motion ~vg is global, which is often caused by the movement of the image
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acquisition system. We also define a relative motion ~vr at each spatial location as the

vector difference between the absolute and the global motion, i.e.,

~vr = ~va − ~vg . (2.20)

The speed of motion can be computed as the length of the motion vector, which, for

convenience, we denote as v = ‖~v‖2, L2-norm of motion vector. Thus, vg, va and vr

represent the speed of the background motion, the absolute motion, and the relative

motion, respectively.

A recent approach in understanding human visual speed perception is to use

a Bayesian optimal observer model, in which the visual system judges the speed of

motion by “optimally” combining some prior knowledge of the visual world together

with the current noisy measurements [15, 76, 3]. It has been shown that this approach

can successfully explain a number of psychovisual phenomena where the visual system

tends to give biased judgements on the speed of retinal motion [15, 76, 3]. Fig. 2.11

describes this approach in an information communication framework, where the stim-

ulus speed information v passes through a noisy front-HVS channel. This results in

the internal noisy measurement m, which is associated with a statistical noise model,

or a likelihood function. The visual system gives an estimate of the stimulus speed

v̂ not only from m, but also based on some prior information about the probability

distribution of the stimulus speed. It is assumed that the prior distribution has been

established beforehand in the brain by sufficient statistics about the natural visual

environment. Fig. 2.11 also shows the prior distribution and the noise likelihood

function measured by Stocker and Simoncelli [3]. Here, we will describe how these

measurements help us develop models to compute both the information content and

the perceptual uncertainty of speed perception and how to combine them for VQA.
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Motion
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relative
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video sequence

Frame i

Frame i+1

Figure 2.10. Illustration of absolute motion, background motion and relative motion
estimated from two consecutive frames of a video sequence.
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Figure 2.11. Bayesian visual speed perception in an information communication
framework. v: stimulus speed; m: noisy measurement; v̂: estimated speed; c: stimu-
lus contrast. Adapted from [Stocker & Simoncelli ’06] [3].

2.3.3.1 Information Content

It is believed that object motion is associated with visual attention and can be

used for predicting visual fixations. This is intuitively sensible because statistically,

most of the objects in the visual world are static (or close to static) relative to

the background. As a result, an object with significant motion with respect to the

background would be a strong surprisal to the visual system. If the HVS is an efficient

information extractor, as discussed in section 2.3.2, then it should pay more attention
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to such a surprising event. This intuitive idea may be converted into a quantitative

measure of motion information content (or how surprising the event is), provided that

the prior probability distribution about the speed of motion is known. Early work

on Bayesian speed perception has assumed Gaussian distribution for the speed prior

[15], but the recent result by Stocker and Simoncelli [3] suggests that the distribution

has a much longer tail than Gaussian, as shown in Fig. 2.11. Indeed, it can be well

fitted with a straight line in the log-log domain (see Fig. 2.11). This leads us to

assume a power-law function for the prior distribution of relative motion:

p(vr) =
τ

vα
r

, (2.21)

where τ and α are two positive constants. Since the power-law function does not

sum to a finite number, this is not a strictly valid probability density function and

can only be used when vr is away from 0. For any observed motion vr, we can then

estimate the information content associated with it by computing its self-information

or surprisal as

I = − ln p(vr) = α ln vr + β, (2.22)

where β = − ln τ is a constant. Eq. (2.22) suggests that the motion information

content increases with the speed of relative motion, which is consistent with our

intuition discussed earlier.

2.3.3.2 Perception Uncertainty

If we model visual perception as an information communication process, then

the amount of information that can be received (perceived) at the receiver end will

largely depend on the noise in the distortion channel (the HVS). In other words,

the internal noise in the HVS, or the likelihood function of the noisy measurement,

determines the perceptual uncertainty. It was found that for a given stimulus speed,
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a log-normal distribution can provide a good description of the likelihood function

[3]:

p(m|vs) =
1√

2πσm
exp

[−(ln m− ln vs)
2

2σ2

]
, (2.23)

where vs and m are the speeds of the true stimulus motion and the measurement,

respectively. Furthermore, the experimental results by Stocker and Simoncelli [3]

suggest that in the logarithmic speed domain, the width parameter σ in the log-normal

distribution is roughly constant for any stimulus speed vs and inversely dependent

on the stimulus contrast c, as illustrated in Fig. 2.11. Note that the width here is

represented in the log-domain, and thus it indeed scales linearly with vs in the linear

speed domain. Mathematically, we model it as

σ =
λ

cγ
, (2.24)

where λ and γ are both positive constants.

For a given video sequence, we assume that the underlying stimulus speed vs

is the speed of the background motion vg. A natural way to quantify the level of the

internal noise, or the perceptual uncertainty, is the entropy of the likelihood function,

which can be computed as

U = −
∫ ∞

−∞
p(m|vg)[ln p(m|vg)]dm

=
1

2
+

1

2
ln(2πσ2) + ln vg

= ln vg − γ ln c + δ , (2.25)

where δ = 1
2

+ 1
2
ln(2π) + ln λ is a constant. Again, this perceptual uncertainty

measurement is consistent with our intuition. On the one hand, it increases with the

background motion of the video frame, suggesting that when the background motion

is very large, the HVS cannot extract the structural information about the objects

presented in the video with the same accuracy as in static images. On the other
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hand, it decreases with the stimulus contrast, implying that higher contrast objects

are perceived with lower uncertainty.

2.3.3.3 VQA Based on Perceptual Motion Information

We compute the motion information content and the perceptual uncertainty at

every spatial location and time instance (x, y, t) in the video sequence. Based on the

efficient coding hypothesis about the HVS, the importance of a visual event should

increase with the information content, and decrease with the perceptual uncertainty.

Therefore, perceptual motion information is defined as the following spatiotemporal

importance weight function at every (x, y, t)

w = I − U = (α ln vr + β)− (ln vg − γ ln c + δ) . (2.26)

The calculation of the information content, the perceptual uncertainty and the impor-

tance weighting function is demonstrated in Fig. 2.12, where two consecutive video

frames are extracted from the “Mobile Calendar” sequence, and the motion field as

well as the maps for I, U and w are computed. It is observed from the video sequence

that the toy train moves from the right to the left with respect to the moving back-

ground. Note that although the absolute motion of the train is almost static, their

relative motion is significant. Thus, based on our model, the region associated with

the train is given larger weights relative to the background.

The importance weight function alone cannot serve as a VQA algorithm. How-

ever, it can be incorporated into a local image quality/distortion measure as a weight-

ing function. The local image quality/distortion measure must provide a 3D qual-

ity/distortion map of the video sequence being evaluated. Let q(x, y, t) be the qual-
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(a) (b)

(e)

(c) (d)

(f)

(g)

Figure 2.12. (a),(b) Two consecutive frames extracted from the “Mobile Calendar”
sequence; (c) Estimated absolute motion field; (d) Estimated relative motion field; (e)
Estimated local information content map; (f) Estimated local perceptual uncertainty
map; (g) Estimated local weighting factor map.
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ity/distortion map given by the local quality/distortion metric, the final VQA score

is computed as

Q =

∑
t

∑
x

∑
y w(x, y, t) q(x, y, t)∑

t

∑
x

∑
y w(x, y, t)

. (2.27)

where x, y are spatial coordinates and t is the temporary time index.

2.3.4 Implementation

To build a real VQA system based on the proposed approach, several imple-

mentation issues need to be resolved. First, we need to estimate the motion vector

field. Rather than using block matching-based motion estimation as in previous work

[40], here we choose to use a optical flow method for motion estimation, which avoids

the computationally intensive block search procedures and provides smoother motion

vector field. In particular, we compute the absolute motion field using Black and

Anandan’s multi-layer optical flow estimation algorithm [81] with a five-level pyra-

mid decomposition. The background motion is obtained by a maximum likelihood

estimation to identify the peak of the histogram of motion vectors on the 2D grid

[82]. The relative motion vector ~vr is then computed using Eq. (2.20).

Second, the local contrast needs to be computed at each spatial location and

time instance. Although contrast is an extensively used term throughout the filed

of visual psychophysics and physiology, mathematical definition of local contrast for

complex natural images is a nontrivial issue [83]. Here we compute the local contrast

as the ratio between the local standard deviation normalized by the local mean, i.e.,

for a given local image patch p, we define

c′ =
σp

µp + µ0

(2.28)

where σp and µp are the standard deviation and the mean computed within the local

patch, respectively, and µ0 is a small constant to avoid instability near 0. In addition,
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as in previous models [84, 25], to take into account the contrast response saturation

effect at small and large contrast values, we pass the contrast computation through

a pointwise nonlinear function given by

c = 1− e−(c′/θ)ρ

, (2.29)

where ρ and θ are two constants that control the slope and the position of the function,

respectively.

The third practical issue in the implementation of the algorithm is that the

background motion vg, the relative motion vr, and the local contrast c may be close

to zero. This could result in unstable evaluation of the weight function. To avoid this,

and to take into account the Weber-Fechner law, we take a similar approach as in the

Stocker and Simoncelli paper [3]. That is, instead of computing ln vr, ln vb, and ln c,

we replace them with ln(1+vr/v0), ln(1+vb/v0), and ln(1+c/c0), respectively, where

v0 and c0 are both small positive constants. Furthermore, to avoid the situation that

the the weight might go negative, we threshold it at 0. Therefore, the final importance

weight function we are computing is given by

w = max

{
0,

[
α ln

(
1 +

vr

v0

)
+ β

]
−

[
ln

(
1 +

vg

v0

)
− γ ln

(
1 +

c

c0

)
+ δ

]}
. (2.30)

Since the motion vectors are in the unit of pixels/frame, the parameter v0 also

needs to be in the same unit. In our implementation, we assume a 32 pixels/degree of

viewing distance, and as in Stocker and Simoncelli paper[3], we fix v0 = 0.3 degree/sec.

We can then convert v0 based on the frame rate of the video sequence. For example,

if the frame rate is 30 frames/sec, then v0 = 0.3 × 32/30 = 0.32 pixle/frame. If the

frame rate is 25 frames/sec, then v0 = 0.3 × 32/25 = 0.384 pixle/frame. The other

parameters are hand-picked and we find that the following parameters give reasonable

results and use them in all the experiments reported later in this paper: α = 0.2,

β = 0.09, γ = 2.5, δ = 2.25, µ0 = 6, θ = 0.05, ρ = 2, and c0 = 0.07.
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2.3.5 Test

To validate the proposed model with real VQA algorithms, we incorporate the

proposed weighting method with two types of image distortion/quality maps. The

first is the squared error map defined as

q(x, y, t) = |Ir(x, y, t)− Id(x, y, t)|2 , (2.31)

where Ir(x, y, t) and Id(x, y, t) are the pixel intensity values at spatial location (x, y)

and time t in the original video sequence (as a perfect-quality reference) and the

distorted video sequence (quality to be evaluated), respectively. The PSNR/MSE is

calculated from error map q(x, y, t). With the proposed weighting approach based on

perceptual motion information being taken into account, a weighted MSE measure

can be computed using Eq. (2.27). This can then be further converted to a weighted

PSNR.

The second type of image quality map is created using the SSIM. Again, the

standard SSIM measure is a simple average of the SSIM map over all space and

time, and a weighted SSIM measure can be computed by incorporating SSIM into

Eq. (2.27).

The proposed method is tested using the VQEG Phase I database [36]. We use

the Spearman rank order correlation coefficient between the subjective and objective

scores to evaluate the performance of the VQA algorithms. Table 2.7 shows the

SROCC test results of three datasets − the 50Hz dataset, the 60Hz dataset, and

all data combined. The results suggest that the proposed weighting method is quite

effective. It gives clear and consistent improvement to all test datasets with two

completely different types of image distortion/quality maps. Similar results are also

obtained with all the other VQEG test metrics [36]. Figs. 4.1.3 (a), (b), (c), (d)

show the scatter plots of the subjective/objective comparisons on all VQEG test video
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Table 2.7. SROCC results of VQA algorithms. PSNR(w [6]): with the spatial in-
formation content weighting as in [6]. PSNR(w): PSNR with proposed weighting;
SSIM(w [6]): SSIM with the spatial information content weighting as in [6]. SSIM(w):
SSIM with proposed weighting.

Dataset MSE/PSNR PSNR(w [6]) PSNR(w) SSIM SSIM(w[6]) SSIM(w)
50Hz 0.8152 0.8211 0.8278 0.8301 0.8544 0.8948
60Hz 0.7112 0.7120 0.7303 0.7680 0.7692 0.7985
All 0.7818 0.7887 0.8048 0.8127 0.8287 0.8621

sequences for PSNR, PSNR with proposed weighting, SSIM, and SSIM with proposed

weighting, respectively. These scatter plots confirm the SROCC results shown in

Table 2.7. It can be clearly seen that after applying the proposed weighting method,

the clusters of sample points (each associated with a video sequence) become much

tighter, which implies better consistency between subjective and objective quality

evaluations.
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Figure 2.13. Scatter plots of subjective/objective scores on VQEG Phase I test
database (all video sequences included). The vertical and horizontal axes represent
the subjective and the objective scores, respectively. Each sample point represents
one test video sequence. (a) PSNR; (b) PSNR with proposed weighting method; (c)
SSIM; (D) SSIM with proposed weighting method. All SSIM values were raised to
the 8th power for better visualization.



CHAPTER 3

RRIQA/VQA BASED ON NATURAL SCENE STATISTICS (NSS)

A general RRIQA method based on NSS introduced in [51] achieved notable

success. However, our further investigation has revealed some important limitations.

First, although the method performed quite well when tested with individual

distortion types (e.g., JPEG[85] or JPEG 2000 [86] compression, blurring, or noise

contamination), its performance degrades significantly when images with different

types of distortions are tested together.

Second, it uses a rather weak model of natural image statistics, as only marginal

distributions of wavelet coefficients are considered. It has been widely noticed that

there exist strong dependencies between neighboring wavelet coefficients, which has

been completely ignored by this method. In order to show the limitation of the

RRIQA method based on only marginal statistics, a counter example is given in Fig.

3.1: 1) The original image (a) is decomposed into any wavelet domain with perfect

reconstruction 1 of 4 scales as (c) using the Haar wavelet transform; 2) We randomly

permute the coefficients in the H4, V3 and D2 subbands as shown in the wavelet

domain,(c) to generate distorted coefficients; 3) Distorted image (b) is reconstructed

using this set of distorted wavelet coefficients; 4) (b) is then decomposed into the

Haar wavelet domain as (d). Because of the perfect reconstruction, (d) has the

same coefficients as the distorted wavelet coefficients in step 2). So by this means,

distorted image Fig. 3.1(b) shares the same marginal statistics as the original image.

1Wavelet with perfect reconstruction is used to generate more prominent counterexample al-

though similar effect is also observed with wavelet with nearly perfect reconstruction [15]

51
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Fig. 3.2(a-c) shows the negligible difference between the marginal distributions of the

subbands of H4,V3,and D2 in the original and the distorted images. Therefore, the

RRIQA method based on marginal statistics can not predict this type of distortion,

which does not satisfy the requirement that RR features are sensitive to general image

distortions.

Third, it also uses a rather weak model for perceptual image representation, as

wavelet decomposition is linear and cannot reflect the nonlinear mechanisms used by

the biological visual systems.

In the following sections, we propose two general RRIQA methods based NSS.

One is using the joint statistics of the natural images by considering the dependencies

in the image, the other is employing a statistically and perceptually motivated image

representation.

3.1 RRIQA Based on Joint Statistics of Natural Image

The joint statistics of natural images contains more information and displays

the dependencies between the subbands, which makes it a more precise model to

describe the natural images. For example, given the distorted image in Fig.3.1 (b),

it can be observed that the joint statistics is dramatically corrupted as shown in Fig.

3.2 (d)-(i). The KLD between the joint distributions in Fig 3.2(d) and 3.2(g) is 0.1235

that is more significant than the KLD between marginal distributions. This means

that the joint statistics can capture the distortion in Fig.3.1(b), where the marginal

statistics fails. Hence, we propose a RRIQA method based on the joint statistics of

the natural image.
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(b)(a)

(c) (d)

H4

D2

V3

Figure 3.1. A counterexample for marginal distribution to measure distortion (a)
Original image; (b) Distorted image as counterexample; (c) Haar wavelet transform
of (a); (d) Haar wavelet transform of (b).
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Figure 3.2. (a-c) marginal distributions between Fig3.1(c) and Fig3.1(d) in H4,V3
and D2 subbands. KLDs are 1.2990e-005, 5.4044e-005 and 4.6689e-005. (d) joint
distribution of Fig3.1(c) between H4-H3 . (e) joint distribution of Fig3.1(c) between
V4-V3. (f) joint distribution of Fig3.1(c) between D2-D1.(g) joint distribution of
Fig3.1(d) between H4-H3 . (h) joint distribution of Fig3.1(d) between V4-V3. (i)
joint distribution of Fig3.1(d) between D2-D1. (j) surf plot of joint distribution of
Fig3.1(c) between H4-H3.(k) fitting model of (j). (l) surf plot of joint distribution of
Fig3.1(d) between H4-H3.
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3.1.1 Joint Statistical Models and Image Distortion Measurement

First, we need an explicit statistical model to fit the joint statistics of the natural

image. In [52], a 2D joint statistical model between the child and parent subbands is

presented as a form of “generalized Laplacian” distribution.

pm(xc, xp) =
1

Z
e−αrβ

(3.1)

where xp, xc are wavelet coefficients in the parent and the child subbands. r =
√

xc
2 + xp

2 and α, β are the constant parameters and Z is a normalization factor. It

is found that this model fits fairly well to the image for α = 1 and β = 0.5. Given

pm, the KLD between pm and the original joint statistics, p is

kld(pm||p) =

∫ ∞

−∞

∫ ∞

−∞
pm(xc, xp) ln

pm(xc, xp)

p(xc, xp)
dxcdxp (3.2)

Thus, the KullbackCLeibler divergence[44] (KLD) between the original distri-

bution, p, and distorted distribution, q is approximated as

kld(p||q) ≈ ˆkld(p||q) = kld(pm||q)−kld(pm||p) =

∫ ∞

−∞

∫ ∞

−∞
pm(xc, xp) ln

pm(xc, xp)

q(xc, xp)
dxcdxp

(3.3)

Given the distorted image, kld(pm||q) can be easily computed. Finally, the

overall objective score to predict the distortions is defined as

D =
∑
N

ˆkld(p||q) (3.4)

where N is the number of joint distributions.

3.1.2 Implementation and Test

We decompose the original image into Haar wavelet domain with 4 scales. Six

joint statistical distributions between the parent subbands including H4, V4, D4,
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Table 3.1. RR features

α β wc wp kld(pm||p)

H4-H3 1.0081 0.5411 1.9631 1.3401 7.0298e-008
V4-V3 1.0408 0.44732 2.6133 1.9459 8.1815e-009
D4-D3 1.06 0.54963 1.255 0.91941 1.2113e-008
H2-H1 1.0239 0.50361 1.6267 1.5232 2.8705e-007
V2-V1 1.0606 0.4341 2.4105 2.2525 6.4667e-010
D2-D1 1.0534 0.57656 0.80596 0.96338 3.0457e-008

H2, V2 and D2 and the child subbands including H3, V3, D3, H1, V1 and D1 are

computed. In this way, all the subbands are taken into account. In order to estimate

the parameters, α, β, a nonlinear optimization method is used to minimize the KLD

between the original and the fitting distributions. For each joint statistics, we extract

the RR features including α, β of the fitting model, the width of bin for parent and

child subbands, wp, wc. The total number of RR features is 24. Table 3.1 shows the

parameters of the model for Fig3.1 (a). The very small kld(pm||p) indicates that the

fitting model can precisely describe the original joint distribution.

The test is carried out on the data set at [1] of different distortions with the

same MSE but quite different perceptual quality including the distorted image of Fig.

3.1(b). Fig 3.3 shows that our method is highly consistent with human perception for

image quality assessment and has comparable performance with the Universal Image

Quality Index(UIQI) [87].

3.2 RRIQA based on the Statistics of Divisive Normalization Transform

We propose a new RRIQA method that is inspired by the recent success of

the divisive normalization transform (DNT) as a perceptually and statistically mo-

tivated image representation [53, 88]. In computational vision science, it has long

been hypothesized that the purpose of early visual sensory processing is to increase
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the statistical independence between neuronal responses [89, 90]. However, linear

decompositions, such as Fourier- and wavelet-types of transformations, only reduce

the first-order correlation, but cannot reduce the higher order statistical dependencies

[91]. In the literature of neural physiology, it has been shown that a local gain-control

divisive normalization model is powerful in accounting for the neuronal responses in

biological visual systems [92, 93]. This nonlinear gain-control mechanism is built

upon linear transform models, where each neuronal response (or linear transform co-

efficient) is normalized (divided) by the energy of a cluster of neighboring neuronal

responses (neighboring coefficients). This process has been shown to significantly re-

duce the statistical dependencies of the original linear representation [91] and produce

approximately Gaussian marginal distributions [94]. Similar models have also been

employed in real world image processing applications, including image compression

[95] and image enhancement [88]. The strong perceptual and statistical relevance of

divisive normalization representation (as compared to linear decompositions) moti-

vated us to switch from the linear wavelet transform domain (as in [51]) to DNT

domain in the design of our RRIQA method.

3.2.1 Computation of Divisive Normalization Transformation

A divisive normalization transform (DNT) is built upon a linear image decom-

position, followed by a divisive normalization stage. The linear transformations may

be discrete cosine transform (DCT) (as in [95]) or wavelet-type of transforms (as

in [53, 91, 88]). Here, we assume a wavelet image decomposition, which provides a

convenient framework for localized representation of images simultaneously in space,

frequency (scale) and orientation. Let y represent a wavelet coefficient, then a normal-

ized coefficient is computed as ỹ = y/p, where p is a positive divisive normalization
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factor that is calculated as the energy of a cluster of coefficients that are close to the

coefficient y in space, scale and orientation.

Several different approaches have been used to compute the normalization factor

p [53, 91, 95, 88]. Most of them use a weighted sum of the squared neighboring

coefficients plus a positive constant [91, 95, 88]. This involves several parameters (the

weights and the constant) that are sometimes difficult to determine. They may be

hand-picked (as in [95]) or chosen to maximize the independence of the normalized

response to an ensemble of natural images [91]. In [88], a global model of Markov

random field over the wavelet coefficients is assumed and the parameters were derived

by learning the model parameters using natural images. A more convenient approach

is to derive the factor p through a local statistical image model. In particular, the

Gaussian scale mixtures (GSM) model has found to be very useful in this context

[53]. A length-N random vector Y is a GSM if it can be expressed as the product

of two independent components: Y
.
= zU , where

.
= denotes equality in probability

distribution, U is a zero-mean Gaussian random vector with covariance CU , and z is

a scalar random variable called a mixing multiplier. In other words, the GSM model

expresses the density of a random vector as a mixture of Gaussians with the same

covariance structure (CU) but scaled differently (by z). Suppose that the mixing

density is pz(z), then the probability density of Y can be written as

pY (Y ) =

∫
1

[2π]
N
2 |z2CU |1/2

exp

(
−Y T C−1

U Y

2z2

)
pz(z)dz . (3.5)

This GSM model has shown to be very useful to account for both the marginal and

joint statistics of the wavelet coefficients of natural images [53], where the vector Y

is formed by clustering a set of neighboring wavelet coefficients within a subband,

or across neighboring subbands in scale and orientation. The GSM model has also
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found successful applications such as image desnoing [14], image restoration [96] and

image quality assessment [7].

The general form of the GSM model allows for the mixing multiplier z to be

a continuous random variable at each location of the wavelet subbands. To simplify

the model, we assume that z only takes a fixed value at each location (but varies over

space and subbands). The benefit of this simplification is that when z is fixed, Y is

simply a zero-mean Gaussian vector with covariance z2CU . As a result, it becomes

natural to define the normalization factor p in the DNT representation as an estimate

of the multiplier z from the neighboring coefficient vector Y . The coefficient cluster

Y moves step by step as a sliding window across a wavelet subband, resulting in a

spatially varying normalization factor p. In our implementation, the normalization

factor computed at each step is only applied to the center coefficient yc of the vector

Y , and the normalized new coefficient becomes ỹc = yc/ẑ, where ẑ is the estimate of

z. A convenient method to obtain ẑ is by a maximum likelihood estimation [53] given

by

ẑ = arg max
z
{ln p(Y |z)}

= arg min
z
{N ln z + Y T C−1

U Y/2z2}

=
√

Y T C−1
U Y/N , (3.6)

where the covariance matrix CU = E[UUT ] is estimated from the entire wavelet

subband before the estimation of local z, and N is the length of vector Y , or the

number of neighboring wavelet coefficients.

3.2.2 Image Statistics in Divisive Normalization Transform Domain

As will be shown in the next section, our RRIQA approach is essentially based

on the statistics of the transform coefficients in DNT domain and how they vary
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with image distortions. Before the development of the specific RRIQA algorithm,

it is useful to observe variations of image statistics before and after the DNT is

applied. In Fig. 3.4, we compare the marginal distributions of an original wavelet

subband computed from a steerable pyramid decomposition [72] (Fig. 3.4(a)) and

the same subband after DNT (Fig. 3.4(b)). In Fig. 3.4(c), the original wavelet

coefficient histogram is compared with a Gaussian shape that has the same standard

deviation. The significant gap between the two curves indicates that the original

wavelet coefficients are highly non-Gaussian. It has been shown that such histograms

can be well-fitted with a generalized Gaussian density (GGD) function given by [97]

pGGD(x) =
λ

2µΓ(1/λ)
e−(|x|/µ)λ

, (3.7)

where Γ(a) =
∫∞
0

ta−1e−tdt (for a > 0) is the Gamma function, and λ and µ are

called the scale and power factors, respectively. The Gaussian density is a special

case of GGD when λ is fixed to be 2. However, for the histograms of the wavelet

coefficients of natural images, the best fitting value of λ typically lies between 0.5 and

1.0 [98]. By contrast, the histogram of the coefficients after DNT can be well-fitted

with a Gaussian, as demonstrated in Fig. 3.4(d). Similar behavior is observed for

other natural images. To provide a quantitative measure, we compute the KLD [44]

between the histogram and the best-fitting Gaussian curve before and after DNT for

a set of natural images. The results are shown in Table 3.2, where we can see that

Gaussian fit is consistently better in DNT domain for all test images.

Figure 3.5 and Figure 3.6 demonstrate the impact of DNT on the joint statistics

of wavelet coefficients. In Figs. 3.5 and Figs. 3.6, we show the conditional histograms

of the coefficients extracted from two neighboring subbands (a parent band and a

child band) in the original wavelet decomposition and in the DNT representation,

respectively. It can be observed that in the conditional histogram (histo(C|P ) in
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Table 3.2. KLD between the marginal distributions of wavelet/DNT coefficients and
Gaussian fit

Image Wavelet domain DNT domain
Lena 0.4143 0.0009

Barbara 0.4301 0.0125
Barco 0.5226 0.0058
Boat 0.3848 0.0098
House 0.4084 0.0106

Peppers 0.4722 0.0082
Fingerprint 0.0123 0.0029
Flintstones 0.2436 0.0034

Fig. 3.5), the variance of a child coefficient (vertical axis) is highly dependent on the

magnitude of its parent coefficient (horizontal axis). Such strong second-order vari-

ance dependency is confirmed by the significant difference between the widths of two

cross-sections of the conditional histogram. By contrast, in the DNT representation,

the histogram of the child coefficients makes little difference when conditioned on the

magnitudes of the parent coefficients, as can be seen in Fig. 3.6. This demonstration

clearly shows that the DNT representations can significantly reduce the second-order

dependencies between the transform coefficients.

3.2.3 Perceptual Relevance of Divisive Normalization Representation

The DNT image representation is not only an effective way to reduce the statis-

tical redundancies between wavelet coefficients, it is also highly relevant to biological

vision. First, based on the widely accepted hypothesis that the early visual sensory

processing is optimized to increase the statistical independence between neuronal re-

sponses (subject to certain physical limitations such as power consumption) through

the evolution and development processes, the modeling of the biological visual system

and the modeling of natural scene statistics are dual problems [89, 91, 90]. Second,
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in the context of neural physiology, it has been found that divisive normalization

provides an effective model to account for many recorded data of cell responses in

the visual cortex [92, 93]. It is also a useful framework in explaining the adapta-

tions of neural responses with respect to the variations of the visual environment [99].

Third, in psychophysical vision, it has been shown that the divisive normalization

procedure can well explain the visual masking effect [100, 101], where the visibility

of an image component (e.g., a wavelet coefficient) is reduced in the presence of large

neighboring components (e.g., the wavelet coefficients close in space, scale and ori-

entation). Furthermore, the perceptual relevance of DNT image representation has

also been demonstrated by testing its resilience to noise contamination as well as its

effectiveness in image compression and image contrast enhancement [88].

3.2.4 DNT-Domain Statistics of Distorted Images

The strong perceptual and statistical relevance of DNT image representation

provides good justifications for the use of DNT for RRIQA. In addition to that, we

must also show that the statistics of DNT coefficients are sensitive to various image

distortions. To study this, we apply DNT to a set of images with different types of

distortions and observe how these distortions alter the statistics of the coefficients

in DNT domain. This is demonstrated in Fig. 3.7, where the histogram of the

DNT coefficients of a wavelet subband can be well-fitted with a Gaussian model

(Fig. 3.7(a)). However, when we draw the same Gaussian model together with

the histogram of the DNT coefficients computed from Gaussian noise contaminated

image (Fig. 3.7(b)), Gaussian blurred image (Fig. 3.7(c)), or JPEG compressed

image (Fig. 3.7(d)), significant changes are observed. It is also interesting to see

that the way the distribution changes varies with the distortion type. For example,

Gaussian noise contamination increases the width of the histogram, but maintains the
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shape of Gaussian. By contrast, Gaussian blur reduces the width of the histogram and

creates a much peakier distribution than Gaussian. These observations are important

because our RRIQA algorithm is based on quantifying the variations of DNT-domain

image statistics as a measure of image quality degradation.

3.2.5 Reduced-Reference Image Quality Assessment Algorithm

We propose an RRIQA algorithm by working with the marginal distributions of

DNT coefficients. Although this algorithm still works with marginal distributions only

(no explicit joint statistical model is employed, as in [51]), it does take into account

the dependencies between the original neighboring wavelet coefficients because of

the involvement of the divisive normalization process. We consider this as a major

advantage of the proposed approach (as compared to [51]) in capturing the joint

statistics of wavelet coefficients while maintaining the simplicity of the algorithm.

Moreover, the algorithm has a low data rate, as only a small set of RR features are

extracted from the reference image and are employed in quality evaluation of the

distorted image.

A convenient approach to measure the variations of the marginal probability

distributions of the DNT coefficients between the original and distorted images (as

being observed in Fig. 3.7) is to compute the KLD between them:

d(p‖q) =

∫
p(x) ln

p(x)

q(x)
dx , (3.8)

where p(x) and q(x) are the probability density functions of the DNT coefficients in

the same subband of the original and distorted images, respectively. To accomplish

this, the DNT coefficient histograms of both the reference and distorted images must

be available. The latter can be easily computed from the distorted image, which is

always available. The difficulty is in obtaining the DNT coefficient histogram of the
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original image. Using all the histogram bins as RR features would result in either

a heavy RR data rate (when the bin size is fine) or a poor approximation accuracy

(when the bin size is coarse). To overcome this problem, we make use of the important

property that the probability density function p(x) of the original DNT coefficients

can be well approximated with a zero-mean Gaussian model (as has been observed

in Figs. 3.4(d) and 3.7(a)):

pm(x) =
1√
2πσ

exp

(
− x2

2σ2

)
. (3.9)

This model provides a very efficient means to summarize the DNT coefficient his-

togram of the original image, such that only one parameter σ is needed to describe

it (as opposed to all the histogram bins). Furthermore, to account for the variations

between the model and the true distribution, we compute the KLD between pm(x)

and p(x) as

d(pm||p) =

∫
pm(x) ln

pm(x)

p(x)
dx (3.10)

and use it as an additional RR feature. This is computed for each subband indepen-

dently, resulting in 2 parameters (σ and d(pm||p)) for each subband.

In order to evaluate the quality of a distorted image, we estimate the KLD

between the probability density function q(x) of the DNT coefficients computed from

the distorted image and the model pm(x) estimated from the original image:

d(pm||q) =

∫
pm(x) ln

pm(x)

q(x)
dx . (3.11)

Combining this with the available RR feature d(pm||p), we obtain an estimate of the

KLD between p(x) and q(x):

d̂(p||q) = d(pm||q)− d(pm||p) . (3.12)

It can be easily shown that

d̂(p‖q) =

∫
pm(x) ln

p(x)

q(x)
dx . (3.13)
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The estimation error can then be calculated as

d(p‖q)− d̂(p‖q) =

∫
[ p(x)− pm(x) ] ln

p(x)

q(x)
dx . (3.14)

This error is small when pm(x) and p(x) are close, which is true for typical natural

images. With the additional cost of adding one more RR parameter d(pm||p), Eq.

(3.13) not only delivers a more accurate estimate of d(p‖q) than Eq. (3.36), but also

provides a useful feature that when there is no distortion between the original and

distorted images (which implies that p(x) = q(x) for all x), then both the targeted

distortion measure d(p‖q) and estimated distortion measure d̂(p‖q) are exactly zero.

In addition to d̂(p‖q), we also found the following measures useful in improving

the accuracy of image quality evaluation:

dσ = |σo − σd| , (3.15)

dk = |ko − kd| , (3.16)

ds = |so − sd| , (3.17)

where σo, ko, so, and σd, kd, sd are the standard deviation, the kurtosis (the fourth-

order central moment divided by the fourth power of the standard deviation and then

minus 3) and the skewness (the third-order central moment divided by the third power

of the standard deviation) of the DNT coefficients computed from the original and

distorted images, respectively. These measures provide further information about the

shape changes of the probability density functions. In particular, two images with the

same KLD with respect to the original image may have different types of distortions,

and visual quality assessment varies across distortion types. Adding these features

not only provides new means to quantify the amount of distortions, but also supplies

new information that helps the algorithm differentiate distortion types. We have

also carried out experiments to compare our IQA algorithm with and without these
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features, and we found that adding these features lead to significant improvement

in terms of the performance of image quality prediction. Since σd, kd, sd can be

computed from the available distorted image and σ is already acquired when fitting

the Gaussian model of Eq. (3.9), only two new RR features, ko and so, are added.

Indeed, both of them are close to zero because the probability distribution of DNT

coefficients of the original image is approximately Gaussian, which has zero skewness

and kurtosis.

At each subband, we define the overall image distortion measure as a linear

combination of d̂(p||q), dσ, dk and ds in the logarithmic domain:

Dband = α ln(d̂(p||q)) + β ln(dσ) + γ ln dk + δ ln ds = ln
(
(d̂(p||q))α(dσ)β(dk)

γ(ds)
δ
)

,

(3.18)

where α, β, γ and δ are weighting parameters. Finally, the overall distortion of the

distorted image is computed as the sum of the distortion measures of all subbands:

D =
∑

all subbands

Dband . (3.19)

3.2.5.1 Implementation Issues

To compute the DNT representation of an image, we first decompose the image

using a steerable pyramid [72] with three scales and four orientations, as shown in

Fig. 3.8. For each center coefficient yc at each subband, we define a DNT neighboring

vector Y that contains 13 coefficients, including 9 from the same subband (including

the center coefficient itself), 1 from the parent band, and 3 from the same spatial

location in the other orientation bands at the same scale. An illustration is given in

Fig. 3.8. These coefficients are selected from the direct neighbors of the center coeffi-

cient because the magnitudes of clusters of wavelet coefficients tend to scale together

[90] and thus are more likely to share the same scale factor z in the GSM model
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described earlier. Increasing the size of the neighborhood will increase the computa-

tional complexity of DNT calculation (specifically, the estimation of ẑ in Eq. (3.6)),

but will not add extra RR features (because it only affects the DNT computation

and all other processes after DNT remain unaltered). In our experiments, we did

not observe significant variations of the overall performance of the algorithm under

slight changes of the neighborhood, but more careful study on this issue remains for

future work. After the DNT computation, four RR features are extracted from each

subband of the original image, including σ, d(pm||p), ko and so. This results in a total

of 48 scalar RR features for each original image.

The evaluation of the KLD between probability density functions needs to be

done numerically using histograms. For example, for Eq. (3.10), we compute:

d(pm‖p) =
L∑

i=1

Pm(i) ln
Pm(i)

P (i)
, (3.20)

where P (i) and Pm(i) are the normalized heights of the i-th histogram bins, and L is

the number of bins in the histograms.

One problem with the subband quality measure of Eq. (3.18) is that when

d̂(p‖q), dσ, dk or ds is close to zero, the measure becomes unstable. In our implemen-

tation, to avoid such instability, we compute

Dband = ln

(
1 +

(d̂(p||q))α(dσ)β(dk)
γ(ds)

δ

D0

)
, (3.21)

where D0 is a positive constant. Another useful property of this formulation is that

the resulting distortion measure is always non-negative, and is zero when the original

and distorted images are exactly the same.

Before applying the proposed algorithm for image quality assessment, five pa-

rameters, α, β, γ, δ and D0, need to be learned from the data. It is important to

cross-validate these parameters with different selections of the training and testing
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data. Details will be given in the next section. For a given set of training images and

the associated subjective scores, we use the Matlab nonlinear optimization routine

fminsearch in the optimization toolbox to find the optimal parameters.

3.2.6 Validation

To validate the proposed RRIQA algorithm, two publicly-accessible subject-

rated image databases are used, which are the LIVE database [17] developed at

Laboratory for Image and Video Engineering at The University of Texas at Austin

and the Cornell-VCL A57 database [65] developed at the Visual Communications

Laboratory at Cornell University. The LIVE database contains seven datasets of

982 subject-rated images created from 29 original images with five types of distor-

tions at different distortion levels. The distortion types include 1) JP2: JPEG2000

compression (2 sets); 2) JPG: JPEG compression (2 sets); 3) Noise: white noise

contamination; 4) Blur: Gaussian blur; and 5) FF: fast fading channel distortion of

JPEG2000 compressed bitstream. The subjective test was carried out with each of

the seven data sets individually. A cross-comparison set that mixes images from all

distortion types is then used to help align the subject scores across different data sets.

The subjective scores of all images are then adjusted according to this alignment. The

alignment process is rather crude. However, the aligned subjective scores (all data)

are still very useful references, which are particularly important for testing general-

purpose IQA algorithms, for which cross-distortion comparisons are highly desirable.

In the Cornell-VCL database, there are totally 60 distorted images generated from

3 original images. Six different types of distortions are included, which are 1) FLT:

quantization of the LH subbands of a 5-level DWT of the image using the 9/7 filters,

where the bands were quantized via uniform scalar quantization with step sizes chosen

such that the RMS contrast of the distortions was equal; 2) NOZ: additive Gaussian
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white noise; 3) JPG: baseline JPEG compression; 4) JP2: JPEG2000 compression

using the 9/7 wavelet [86] and no visual frequency weighting; 5) DCQ: JPEG2000

compression using the 9/7 wavelet [86] with the dynamic contrast-based quantization

algorithm, which applies greater quantization to the fine spatial scales relative to the

coarse scales in an attempt to preserve global precedence; and 6) BLT: blurring by

using a Gaussian filter.

Three criteria are used to evaluate how well the objective scores predict the

subjective scores: 1) LPCC; 2) SROCC; 3) Outlier ratio is used to evaluate prediction

consistency, which is defined as the percentage of predictions outside the range of

±2 standard deviations between subjective scores. These criteria were used in the

previous tests conducted by the VQEG [102]. Since we do not have access to the

raw subjective scores of the Cornell-VCL database, the standard deviations between

subjective scores for each test image cannot be computed. Therefore, only LPCC and

SROCC comparisons are included for the Cornell-VCL database.

Our validation work has two major purposes. The first is to verify that using

DNT image representation is beneficiary for the improvement of IQA algorithms.

The second is to compare the performance of the proposed method with existing IQA

algorithms.

To show the impact of DNT representation, we compare the performance of

the proposed RRIQA algorithm implemented in the wavelet domain (linear steerable

pyramid decomposition) and in the DNT domain (linear steerable pyramid decompo-

sition, followed by the nonlinear DNT process). Specifically, GGD is used to model

the marginal distribution of wavelet coefficients and Gaussian density is employed to

model that of DNT coefficients. All other aspects of the algorithm, including the stan-

dard deviation, skewness and kurtosis features, the KLD measure, the subband and

overall quality measurement approach, and the training data and process, are exactly
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Table 3.3. Wavelet and DNT domain comparison of the proposed methods using the
LIVE database

LIVE data set JP2(1) JP2(2) JPG(1) JPG(1) Noise Blur FF All data
LPCC (prediction accuracy)

Proposed wavelet + GGD 0.9115 0.9422 0.8501 0.9354 0.9401 0.8773 0.9243 0.8930
Proposed DNT + Gaussian 0.9485 0.9655 0.8203 0.9579 0.9654 0.9562 0.9464 0.9173

SROCC (prediction monotonicity)
Proposed wavelet + GGD 0.9081 0.9239 0.8389 0.8734 0.9316 0.8608 0.9237 0.9093
Proposed DNT + Gaussian 0.9478 0.9610 0.8143 0.8937 0.9559 0.9584 0.9443 0.9287

Outlier Ratio (prediction consistency)
Proposed wavelet + GGD 0.0230 0.0122 0.0805 0.1250 0.0345 0.0483 0.0345 0.1853
Proposed DNT + Gaussian 0.0115 0.0122 0.1149 0.0341 0.0000 0.0000 0.0207 0.1069

Table 3.4. Wavelet and DNT domain comparison of the proposed methods using the
Cornell-VCL database

Cornell-VCL data set FLT JPG JPG2 DCQ BLR NOZ All data
LPCC (prediction accuracy)

Proposed wavelet + GGD 0.4592 0.8303 0.7802 0.8808 0.9270 0.7748 0.5125
Proposed DNT + Gaussian 0.7630 0.9108 0.8185 0.9095 0.9340 0.9900 0.6635

SROCC (prediction monotonicity)
Proposed wavelet + GGD 0.4167 0.7833 0.8333 0.8833 0.7500 0.7333 0.5134
Proposed DNT + Gaussian 0.5000 0.7667 0.8000 0.6667 0.8000 0.9833 0.7018

the same. The test results on the LIVE database and the Cornell-VCL database are

shown in Tables 3.3 and 3.4, respectively, where the training data are the full LIVE

database and the full Cornell-VCL database, respectively. It can be concluded from

these tables that the overall performance is clearly improved from wavelet-domain to

DNT-domain implementations.

The performance comparison with other IQA algorithms is shown in Tables 3.5

and 3.6. To the best of our knowledge, the only other RRIQA algorithm that has

a comparable low RR data rate and is designed for general-purpose is the method

proposed in [51]. In addition to this method, we have also included peak signal-to-

noise-ratio (PSNR), which is still the most widely used full-reference IQA measure.

Although such comparison is highly unfair to the proposed method and the method

in [51] (PSNR requires full access to the original image, as opposed to the 48 scalar
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features in the proposed method), it provides a useful indication of the relative per-

formance of the proposed algorithm. For any IQA algorithm that involves a training

process of the parameters, it is important to verify that the model is not overtrained.

In other words, the performance of the algorithm should not change dramatically with

different training data set. Therefore, in both Tables 3.5 and 3.6, we have included

two versions of the proposed DNT-domain algorithm, where the only difference be-

tween them is that their model parameters (α, β, γ, δ and D0) are trained with the

LIVE database or the Cornell-VCL database (using all images in both cases). Such a

cross-validation process is useful to test the robustness of the model. Not surprisingly,

the test results are better when the parameters are trained with the same database

than the results obtained by cross-training the parameters (Note that some image

distortion types included in one database may not be included in the other). How-

ever, in both cases and for both databases, the proposed algorithm performs better

than the method in [51]. In particular, it can be seen from both Table 3.5 and Table

3.6 that for the all-data cases, where all the images with different distortion types are

mixed together, the method in [51] does not perform well, and the improvement of

the proposed method is quite significant. Indeed, its LPCC and SROCC values (for

all-data cases) are comparable or even higher than the full-reference PSNR measure.

3.3 RRVQA based on Statistics of Natural Image Sequences:
Temporal Motion Smoothness

3.3.1 Statistics of Natural Image Sequences

While great effort has been made to study the statistical regularities of static

natural images [78], much less has been done for natural image sequences. One ap-

proach is to compute the autocorrelation function of the image sequence along both

spatial and temporal directions. Assuming spatial and temporal stationarities, such
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Table 3.5. Performance comparison of IQA algorithms using the LIVE database

LIVE data set JP2(1) JP2(2) JPG(1) JPG(1) Noise Blur FF All data
LPCC (prediction accuracy)

PSNR 0.9337 0.8948 0.9015 0.9136 0.9866 0.7742 0.8811 0.8709
Wang et al. [51] 0.9353 0.9490 0.8452 0.9695 0.8889 0.8872 0.9175 0.8226

Proposed (training: Cornell-VCL) 0.9115 0.9422 0.8501 0.9354 0.9401 0.8773 0.9243 0.8930
Proposed (training: LIVE) 0.9485 0.9655 0.8203 0.9579 0.9654 0.9562 0.9464 0.9173

SROCC (prediction monotonicity)
PSNR 0.9231 0.8816 0.8907 0.8077 0.9855 0.7729 0.8785 0.8755

Wang et al. [51] 0.9298 0.9470 0.8332 0.8908 0.8639 0.9145 0.9162 0.8437
Proposed (training: Cornell-VCL) 0.9081 0.9239 0.8389 0.8734 0.9316 0.8608 0.9237 0.9093

Proposed (training: LIVE) 0.9478 0.9610 0.8143 0.8937 0.9559 0.9584 0.9443 0.9287
Outlier Ratio (prediction consistency)

PSNR 0.0805 0.0976 0.092 0.1818 0.0000 0.2069 0.1517 0.2373
Wang et al. [51] 0.0690 0.0366 0.1839 0.0341 0.1793 0.1172 0.0621 0.2311

Proposed (training: Cornell-VCL) 0.0230 0.0122 0.0805 0.1250 0.0345 0.0483 0.0345 0.1853
Proposed (training: LIVE) 0.0115 0.0122 0.1149 0.0341 0.0000 0.0000 0.0207 0.1069

Table 3.6. Performance comparison of IQA algorithms using the Cornell-VCL
database

Cornell-VCL data set FLT JPG JPG2 DCQ BLR NOZ All data
LPCC (prediction accuracy)

PSNR 0.9100 0.7008 0.7957 0.5637 0.5904 0.9340 0.6347
Wang et al. [51] 0.4939 0.8575 0.7880 0.9357 0.7687 0.6252 0.3166

Proposed (training: LIVE) 0.4864 0.9183 0.8813 0.8847 0.8602 0.9489 0.5385
Proposed (training: Cornell-VCL) 0.7630 0.9108 0.8185 0.9095 0.9340 0.9900 0.6635

SROCC (prediction monotonicity)
PSNR 0.9000 0.6333 0.8000 0.5000 0.4667 0.9500 0.6205

Wang et al. [51] 0.1000 0.7667 0.5333 0.8000 0.6667 0.7333 0.2948
Proposed (training: LIVE) 0.1500 0.7833 0.8667 0.7333 0.7500 0.9500 0.5110

Proposed (training: Cornell-VCL) 0.5000 0.7667 0.8000 0.6667 0.8000 0.9833 0.7018

an autocorrelation function can be studied more conveniently in the Fourier transform

domain as a spatiotemporal power spectrum [103]. It has been found that the spa-

tiotemporal power spectrum of natural image sequences demonstrate interdependence

between spatial and temporal frequencies, and the interdependence may be accounted

for by assuming a static power spectrum and a rotationally invariant distribution of

velocities [103]. Independent component analysis has also been applied to local 3-D

blocks extracted from natural image sequences [104]. It was shown that the com-

ponents obtained by optimizing independence are filters localized in space and time,

spatially oriented, and directionally selective. Similar shapes of linear components
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were also obtained by optimizing sparseness via a matching pursuit algorithm [105].

Other prior models about natural image sequences have also been assumed, though

not directly measured. For example, in the literature of optical flow estimation, it is

often assumed that image motion or optical flow is spatially smooth [106]. As a re-

sult, the motion or optical flow vectors measured locally should vary smoothly across

space. Explicit prior models in favor of lower speed of motion has also been assumed

[107, 103, 76] and applied to Bayesian optical flow estimation [107]. In a recent study

[37], the shape of the “biological” speed prior was inferred directly from psychophys-

ical speed perception experiment under the existence of noise. The inferred prior

verifies the strong preference of slower motion and shows significantly heavier tails

than a Gaussian.

Besides the preference for lower-speed and spatially-smooth motion, here we

are interested in another type of statistical regularity of natural image sequences −
the smoothness of motion along temporal direction. Figure 3.9 gives an illustration,

where (a) and (b) are motion vector fields estimated from three consecutive frames of

the “Susie” sequence. It can be observed that the motion vectors are slowly-varying

not only over space, but also over time, which is confirmed by the difference motion

vector fields shown in (c). The histograms of the vertical and horizontal components

of (c) are plotted in (d) and (e), respectively, where the high peaks at 0 indicate the

statistical preference of temporal motion smoothness.

Figure 3.9 suggests a direct method to capture temporal motion smoothness,

i.e., estimating the motion vector fields of consecutive video frames and then measur-

ing the variations of the motion vectors along temporal direction. However, motion

estimation is a computationally expensive task, which often involves a complicated

search procedure (e.g., in block-matching motion estimation algorithms [108]) or re-
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quires solving adaptive equations at each spatial location (e.g., in optical flow-based

motion estimation methods [106]).

We propose to investigate temporal motion smoothness in the complex wavelet

transform domain, where the magnitudes of complex wavelet coefficients exhibit trans-

lation invariance properties [109], and the relative phase patterns between the coef-

ficients have found to be the most informative in describing local image structures

[110, 38]. In previous work, global (Fourier) and local (wavelet) phases have been

found to carry important information about image structures [111, 112, 113, 110].

The local phase structure of static natural images demonstrates clear statistical reg-

ularities and has intriguing perceptual implications [110]. In the computer vision

literature, local phase has been used in a number of applications such as estimation

of image disparity [114] and motion [115, 116], description of image textures [117],

and recognition of persons using iris patterns [118]. However, the behaviors of local

phase variations over time, whether such behaviors can be used to characterize “nat-

ural” image sequences, and how “unnatural” image distortions interfere with such

behaviors have not been deeply investigated.

3.3.2 Temporal Motion Smoothness by Local Phase Correlations

Let f(x) be a given real static signal, where x is the index of spatial position.

When f(x) represents an image, x is a 2-D vector. For simplicity, in the deriva-

tions below, we assume x to be one dimensional. However, the results can be easily

generalized to two and higher dimensions. A time varying image sequence can be cre-

ated from the static image f(x) with rigid motion and constant variations of average

intensity:

h(x, t) = f(x + u(t)) + b(t) . (3.22)
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Here u(t) indicates how the image positions move spatially as a function of time.

b(t) is real and accounts for the time-varying background luminance changes. This

formulation can be viewed as a generalization of the brightness constancy assumption

[119, 106] (in which b(t) ≡ 0), but the inclusion of the luminance change improves

flexibility and stability of the representation. For example, when the lighting condi-

tion of a fixed scene changes over time, the brightness constancy assumption would

not hold, but the situation would be better described with this formulation.

Now consider a family of symmetric complex wavelets whose “mother wavelets”

can be written as a modulation of a low-pass filter w(x)= g(x) ejωcx, where ωc is the

center frequency of the modulated band-pass filter, and g(x) is a slowly varying and

symmetric function. The family of wavelets are dilated/contracted and translated

versions of the mother wavelet:

ws,p(x) =
1√
s

w

(
x− p

s

)
=

1√
s

g

(
x− p

s

)
ejωc(x−p)/s , (3.23)

where s ∈ R+ is the scale factor, and p ∈ R is the translation factor. Considering

the fact that g(−x) = g(x), and using the convolution theorem and the scaling and

modulation properties of the Fourier transform, we can compute the complex wavelet

transform of a given signal f(x) as

F (s, p) =

∫ ∞

−∞
f(x) w∗

s,p(x) dx =

[
f(x)?

1√
s

g
(x

s

)
ejωcx/s

]

x=p

=
1

2π

∫ ∞

−∞
F (ω)

√
sG(s ω − ωc) ejωp dω , (3.24)
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where F (ω) and G(ω) are the Fourier transforms of f(x) and g(x), respectively.

Applying such a complex wavelet transform to both sides of Eq. (3.22) at a given

time instance t, we have

H(s, p, t) =
1

2π

∫ ∞

−∞
F (ω)

√
sG(s ω − ωc) ejω(p+u(t)) dω

=
ej(ωc/s)u(t)

2π

∫ ∞

−∞
F (ω)

√
sG(sω − ωc)e

jωpej(ω−ωc/s)u(t)dω

≈ F (s, p) ej(ωc/s)u(t) . (3.25)

Here b(t) is eliminated because of the bandpass nature of the wavelet filters. The

approximation is valid when the envelope window g(t) is slowly varying and the

motion u(t) is small. In the extreme case, the approximation becomes exact when

g(x) ≡ 1, i.e., G(ω) = δ(ω), or when there is no motion, i.e., u(t) = 0. A more

convenient way to understand Eq. (3.25) is to take a logarithm on both sides, which

gives

ln H(s, p, t) ≈ ln F (s, p) + j(ωc/s)u(t) . (3.26)

Note that the first term of the right-hand-side does not change over time. The

key property of Eq. (3.26) is that at a given scale s and a given spatial position

p, the imaginary part of the logarithm of the complex wavelet coefficient changes

linearly with u(t). In other words, the local phase structures over time can be fully

characterized by the movement function u(t). Taylor series expansion of u(t) at a

specific time instance t0 yields

u(t) = u(t0) + u′(t0)(t− t0) +
u′′(t0)

2
(t− t0)

2 + · · ·+ u(n)(t0)

n!
(t− t0)

n + · · · . (3.27)

where u′(t0) is the first order derivative, u′′(t0) is the second order derivative and

u(n)(t0) is the nth order derivative of u(t) at t0.

We call u(t) N -th order smooth if its (N+1)-th and higher order derivatives

with respect to t are all zeros. For instance, zero-order smooth motion implies no
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motion [u(t) is a constant over time], first-order smooth motion corresponds to con-

stant speed [u′(t) is a constant], and second-order smooth motion leads to constant

acceleration [u′′(t) is a constant], and so on. Notice that here the definition of mo-

tion smoothness is different from the notion of motion smoothness typically used in

optical flow estimation [106], where motion smoothness refers to the slow variations

of motion vectors over space. We believe that temporal motion smoothness is a better

term to describe the concept we are discussing here.

In order to relate temporal motion smoothness with the time-varying complex

wavelet transform relationship of Eq. (3.26), we must examine the complex wavelet

coefficients at multiple time instances. A convenient choice is to start from a time

instance t0 and sample the sequence at consecutive time steps t0 + n∆t for n =

0, 1, ..., N (∆t is the time interval). The N -th order derivatives of u(t) at t0 can be

approximated by the following N -th order differentiator:

u(N)(t0) =
1

(∆t)N

N∑
n=0

(−1)n+N

(
N

n

)
u(t0 + n∆t) . (3.28)

where
(

N
n

)
denotes the number of n-combinations (each of size n) from a set with N

elements (size N). Now we define the N -th order temporal correlation function as

follows:

LN(s, p) =
N∑

n=0

(−1)n+N

(
N

n

)
ln H(s, p, t0 + n∆t) . (3.29)

By Eq. (3.26), we have

LN(s, p) ≈
N∑

n=0

(−1)n+N

(
N

n

)
[ln F (s, p) + j(ωc/s)u(t0 + n∆t)]

= (−1)N ln F (s, p)

[
N∑

n=0

(−1)n

(
N

n

)]
+ j

wc

s

[
N∑

n=0

(−1)n+N

(
N

n

)
u(t0 + n∆t)

]

= j
wc(∆t)N

s
u(N)(t0) , (3.30)
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where we have used Eq. (3.28) and the fact that
∑N

n=0(−1)n
(

N
n

)
= 0. Now suppose

that the motion is (N -1)-th order smooth, then u(N)(t0) = 0, and therefore

LN(s, p) ≈ 0 . (3.31)

It needs to be kept in mind that this approximation is achieved based on the ideal

formulation of Eq. (3.22) and the ideal assumption of (N -1)-th order temporal mo-

tion smoothness. Real natural image sequences are expected to deviate from these

assumptions. However, by looking at the statistics of LN(s, p) (especially its imagi-

nary part, which is a measure of temporal local phase correlation), one may be able

to quantify such deviation and use it as an indication of the strength of temporal

motion smoothness.

In addition, we define the following temporal weighted averaging function in

the log-complex wavelet domain:

MN(s, p) =
N∑

n=0

(
N

n

)
ln H(s, p, t0 + n∆t) . (3.32)

We find it also helpful in characterizing the statistical properties of natural image

sequences and will demonstrate its usefulness in the next section.

3.3.3 Image Sequence Statistics

For a given image sequence, we decompose each frame using the complex ver-

sion [117] of the steerable pyramid [72], a multi-scale wavelet decomposition whose

basis functions are spatially localized, oriented, and roughly one octave in bandwidth.

Specifically, a 3-scale 2-orientation pyramid is computed, resulting in six oriented

subbands, a highpass residual band, and a lowpass residual band. By aligning the

oriented subbands at the same orientation and scale but across different frames, we

obtain a discrete (in both space and time) version the function H(s, p, t) for a partic-
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ular scale and orientation. We then compute LN(s, p) and MN(s, p) for N = 1, 2, 3, 4

for all the coefficients within the subband.

To study temporal motion smoothness, we first examine the marginal distri-

bution of the imaginary part of the temporal correlation coefficient imag{LN(s, p)}.
The histograms of imag{LN(s, p)} for N = 1, 2, 3, 4 of the “Susie” sequence are

shown in Fig. 3.10. It can be observed that all the histograms peak near zero, and

the peaks move toward zero with the increasing order of the temporal correlation

function. Although Fig. 3.10 only shows the statistical results from a single image

sequence, similar results were obtained for most of the other sequences we tested2.

This demonstrates strong prior of temporal motion smoothness of natural image se-

quences. Another important observation is that the histograms are quite peaky, much

more than the von Mises distribution widely used in describing statistics of circular

data [120]. We empirically found that a four-parameter function that can almost

always well describe the data is given by

pm(θ) =
1

Z

{
exp

[
−

( | sin[(θ − θ0)/2]|
α

)β
]

+ C

}
(3.33)

where θ is the phase variable, Z is a normalization constant, and the four parameters

θ0, α, β and C control the center position, width, peakedness and the baseline of

the function, respectively. We numerically fit the histograms with the model by

minimizing the Kullback-Leibler distance [44] (KLD) between the observed and the

model distributions. Some fitting results are demonstrated in Figure 3.10. We have

used this fitting model for reduced-reference image quality assessment, which will be

detailed in Section 3.3.5.

2Exceptions were observed for the image frames across scene changes and for the image frames

with very large motion (where the distances of moving objects between frames are beyond the

coverage of the wavelet filter envelops).
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We have also studied the relationship between temporal motion smoothness and

the strength of the underlying local signal. In particular, we generate the condi-

tional histogram of the imaginary part of LN(s, p) versus the real part of MN(s, p),

which provides a useful measure of local signal strength. The result is demonstrated

in Figure 3.11(b), where each column in the 2-D histogram is normalized to one.

Again, the histogram shows strong temporal motion smoothness, and such a statis-

tical regularity becomes stronger with the increase of local signal strength. This is

not surprising because small magnitude coefficients typically come from the smooth

background regions in an image and are easily disturbed by background noise.

3.3.4 Interference with “Unnatural” Distortions

The merit of natural image prior models should be evaluated by their capa-

bilities of distinguishing natural and unnatural images. Here we simulate a set of

“unnatural” image distortions that often occur in real-world applications and exam-

ine how these distortions interfere with the temporal motion smoothness prior.

The distortions being tested are divided into two categories. The first category

of distortions do not change individual pixel values but directly disturb temporal

motion smoothness by shifting the positions of pixels. Specifically, we investigated the

effects of line jittering, frame jittering and frame dropping distortions, each of which is

associated with certain real-world scenario. In particular, line jittering occurs when

two fields of interlaced video signals are not synchronized, frame jittering is often

caused by irregular camera movement such as hand shaking, and frame dropping

usually happens when the bandwidth of a real-time communication channel drops

and some video frames have to be discarded to reduce the bit rate of the video signal

being transmitted. To simulate line jittering, we shift each line in a video frame

horizontally by a random amount uniformly distributed between a range of [−S, S],
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where S defines the level of jittering distortion. Figure 3.12 shows the results of

line jittering. Comparing the marginal and conditional histograms (Fig. 3.12(a) and

(b)) with those in Fig. 3.11, we observe that the distributions of temporal phase

correlation coefficients become almost flat, which implies that the prior structure

of temporal motion smoothness shown in Fig. 3.11 is severely disturbed. Frame

jittering is simulated in a similar way, only that the entire frame (rather than each

line in the frame) is shifted together. Again, the statistical regularity of temporal

motion smoothness has been destroyed, as demonstrated in Fig. 3.13. To simulate

frame dropping, we discard N out of every N + 1 frames and use N to define the

level of frame dropping. The dropped frames will then be filled by repeating their

previous frames. Figure 3.14 shows the effect of frame dropping. It can be seen that

the sharpness of the marginal and conditional histograms is significantly reduced and

the centers of the peaks in the distributions are shifted away from 0, demonstrating

a clear disruption of temporal motion smoothness.

The second category of distortions directly alters the values of individual image

pixels. In particular, we studied the effects of additive white Gaussian noise con-

tamination and Gaussian blur distortion. Although they do not directly change the

motion information contained in the video, they reduce the sharpness of local image

structures, and thus affect the local phase correlations across frames. In Fig. 3.15,

white Gaussian noise is added to each frame of the video sequence, where the noise

level is defined as the standard deviation of the Gaussian distribution. In Figure 3.16,

each video frames is blurred spatially by convolving with a linear filter of Gaussian

shape, where the standard deviation of the Gaussian filter defines the blur level. It

can be observed that in both cases, the strong prior of temporal motion smoothness

is significantly reduced.



82

3.3.5 Application to Reduced-Reference Video Quality Assessment

From the study in previous sections, we observe that temporal motion smooth-

ness is a common feature of natural image sequences but disrupted by various types

of “unnatural” image distortions. One direct application of such a feature is to use

it for reduced-reference video quality assessment (RRVQA), which aims to estimate

video quality degradations with only partial information about the “perfect-quality”

reference video (This is different from full-reference video quality measures such as

peak signal-to-noise ratio and the structural similarity index [70] that require full ac-

cess to the original video). The idea is to use temporal motion smoothness measures

extracted from the reference video signal as the RR features and then quantify video

quality degradations based on the variations of these RR features in the distorted

video signal.

For a given image sequence, we first divide it into groups of pictures (GOPs),

each containing 3 consecutive frames. For each GOP, we apply a complex steerable

pyramid decomposition to all 3 frames and compute the second order temporal corre-

lation function L2(s, p) for each oriented subband. The observations of the marginal

histograms shown in Figs. 3.12 to 3.16 suggest that the variations in the marginal

distributions of imag{L2(s, p)} between the original and distorted image sequences

can be used as a measure of image distortions. A convenient way to quantify such

variations is to compute the KLD [44] between them:

d(p‖q) =

∫
p(θ) ln

p(θ)

q(θ)
dθ , (3.34)

where p(θ) and q(θ) are the probability density functions of imag{L2(s, p)} of the

original and distorted signals, respectively. To accomplish this, the histograms of

both the original and distorted signals must be available. The latter can be easily

computed from the distorted signal, which is always available. The difficulty is in
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obtaining the histogram of the reference signal. Using all the histogram bins as RR

features would result in either a heavy RR data rate (when the bin size is fine) or a

poor approximation accuracy (when the bin size is coarse). To overcome this problem,

we make use of the fitting model of Eq. (3.33), such that only four parameter (θ0, α, β

and C) are needed to describe it (as opposed to all the histogram bins). Furthermore,

to account for the variations between the model and the true distribution, we compute

the KLD between pm(θ) and p(θ) as

d(pm‖p) =

∫
pm(θ) ln

pm(θ)

p(θ)
dθ (3.35)

In summary, a total of 5 RR features (4 features to describe pm(θ) together with

d(pm‖p)) are extracted from each subband of the original signal.

To evaluate the quality of the distorted image sequence, we first estimate the

KLD between the probability density function q(θ) of the imag{L2(s, p)} coefficients

computed from the distorted signal and the model pm(θ) estimated from the original

signal:

d(pm||q) =

∫
pm(θ) ln

pm(θ)

q(θ)
dθ . (3.36)

Combining this with the available RR feature d(pm||p), we obtain an estimate of the

KLD between p(θ) and q(θ):

d̂(p||q) = d(pm||q)− d(pm||p) =

∫
pm(θ) ln

p(θ)

q(θ)
dθ . (3.37)

With the additional cost of adding one more RR parameter d(pm||p), Eq. (3.37) not

only delivers a more accurate estimate of d(p‖q) than Eq. (3.36), but also provides

a useful feature that when there is no distortion between the original and distorted

signals (which implies that p(θ) = q(θ) for all θ), both the targeted distortion measure
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d(p‖q) and estimated distortion measure d̂(p‖q) are exactly zero. Finally, the overall

quality degradation of the distorted image sequence is computed as

D =
1

K

∑
GOPs

∑

subbands

d̂(p‖q) , (3.38)

where K is the number of GOPs in the image sequence.

We test the proposed algorithm using five types of distortions, including line jit-

tering, frame jittering, frame dropping, additive white Gausssian noise contamination

and Gaussian blur, as described in Section 3.3.4. The results for the “Susie” image

sequence of the five distortion types are shown in Figs. 3.12 to 3.16 (c), respectively,

where the horizontal axes indicate the distortion levels and the vertical axes show

the distortion measure computed using Eq. (3.38). It can be observed that the same

objective distortion measure D is consistently increasing with the strength of each in-

dividual type of distortion. Similar results were obtained for other image sequences we

tested. This demonstrates the potential of the proposed method for general-purpose

RRVQA, which is different from most VQA approaches in the literature where ad-

hoc features tuned to specific distortion types (such as blocking [57] and ringing [121]

artifacts) are often used, and thus limit their application scope. Another interesting

observation is regarding the frame jittering and frame dropping distortions. Notice

that with these two types of distortions, the quality of each individual frame remains

high quality, and thus frame-by-frame quality assessment approaches would give high

quality scores to the image sequences undergoing these distortions, but the proposed

method can capture them quite effectively without any specific change of the algo-

rithm.
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(c)

(d)(e) (f)

(g)

(b)(a)

(h)

Figure 3.3. Results of RR IQA based joint distribution. (a) Original im-
age: D=4.0874e-007, UIQI=1, MSE=0 (b) Fig.3.1 b: D=0.3715, UIQI=0.460,
MSE=580 (c) Multiplicative Speckle Noise:D=0.4555 UIQI=0.4408, MSE=225 (d)
Mean shift: D= 0.0468, UIQI=0.9894,MSE=225 (e) Contrast stretching: D=0.1039,
UIQI=0.9372, MSE=225 (f) blurring: D=1.8112, UIQI=0.3261,MSE=225 (g) JPEG
Compression: D=4.4830, UIQI=0.2876, MSE=215 (h) Additive Gaussian noise:
D=0.3286, UIQI=0.3891,MSE=225.
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Figure 3.4. (a) original wavelet coefficients; (b) DNT coefficients; (c) histogram
of original coefficients (solid curve) and a Gaussian curve with the same standard
deviation (dashed curve); (d) histogram of DNT coefficients (solid) fitted with a
Gaussian model (dashed).
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Figure 3.5. Conditional histograms between a parent and a child coefficients extracted
from the original wavelet representation.



88

)|( PChisto

Parent (P)

-
8

-
6

-
4

-
2

0 2 4 6 8
0

0.0
1

0.0
2

0.0
3

0.0
4

0.0
5

0.0
6

0.0
7

0.0
8

0.0
9

0.
1

-
8

-
6

-
4

-
2

0 2 4 6 8
0

0.0
1

0.0
2

0.0
3

0.0
4

0.0
5

0.0
6

0.0
7

0.0
8

0.0
9

Child (C)

Figure 3.6. Conditional histograms between a parent and a child coefficients extracted
from the corresponding DNT representation (b).
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Figure 3.7. Histograms of DNT coefficients in a wavelet subband under different
types of image distortions. (a) original “Lena” image; (b) Gaussian noise contami-
nated image; (c) Gaussain blurred image; (d) JPEG compressed image. Solid curves:
histograms of DNT coefficients. Dashed curves: the Gaussian model fitted to the
histogram of DNT coefficients in the original image. Significant departures from the
Gaussian model is observed in the distorted images (b), (c) and (d).
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Figure 3.8. Illustration of steerable pyramid decomposition and the selection of DNT
neighbors. The neighboring coefficients include the 3×3 spatial neighbors within the
same subband, one parent neighboring coefficient and three orientation neighboring
coefficients.
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Figure 3.9. Illustration of motion smoothness of natural image sequences. The motion
vector fields estimated for consecutive video frames are slowly varying over both space
and time .
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Figure 3.10. Marginal statistics of the imaginary parts of the first-order (a),
second-order (b), third-order (c), and fourth-order (d) temporal correlation functions
LN(s, p). The image sequence demonstrates strong temporal motion smoothness.
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Figure 3.11. Three consecutive frames of the image sequence “Susie” and statistics
of the second-order temporal correlation function L2(s, p). (a) Marginal histogram of
the imaginary part; (b) Histogram of the imaginary part of L2(s, p) conditioned on
the real part of M2(s, p).
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Figure 3.12. Three consecutive frames of the image sequence “Susie” distorted with
line jittering and statistics of the second-order temporal correlation function L2(s, p).
(a) Marginal histogram of the imaginary part; (b) Histogram of the imaginary part
of L2(s, p) conditioned on the real part of M2(s, p); (c) Objective RRVQA score D as
a function of line jittering level.
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Figure 3.13. Three consecutive frames of the image sequence “Susie” distorted
with frame jittering and statistics of the second-order temporal correlation function
L2(s, p). (a) Marginal histogram of the imaginary part; (b) Histogram of the imagi-
nary part of L2(s, p) conditioned on the real part of M2(s, p); (c) Objective RRVQA
score D as a function of frame jittering level.
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Figure 3.14. Three consecutive frames of the image sequence “Susie” with frame
dropping distortion and statistics of the second-order temporal correlation function
L2(s, p). (a) Marginal histogram of the imaginary part; (b) Histogram of the imagi-
nary part of L2(s, p) conditioned on the real part of M2(s, p); (c) Objective RRVQA
score D as a function of frame dropping level.
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Figure 3.15. Three consecutive frames of the image sequence “Susie” contaminated
with different levels of white Gaussian noise and statistics of the second-order tempo-
ral correlation function L2(s, p). (a) Marginal histogram of the imaginary part; (b)
Histogram of the imaginary part of L2(s, p) conditioned on the real part of M2(s, p);
(c) Objective RRVQA score D as a function of noise level.
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Figure 3.16. Three consecutive frames of the image sequence “Susie” distorted with
different levels of Gaussian blur and statistics of the second-order temporal correlation
function L2(s, p). (a) Marginal histogram of the imaginary part; (b) Histogram of
the imaginary part of L2(s, p) conditioned on the real part of M2(s, p); (c) Objective
RRVQA score D as a function of blur level.



CHAPTER 4

APPLICATIONS OF THE OBJECTIVE QUALITY ASSESSMENT
METHOD

4.1 Perceptual Image Coding Based on a Maximum of Minimal
Structural Similarity Criterion

4.1.1 Perceptual Image Coding

Image coding algorithms have been traditionally optimized to achieve the mini-

mal mean squared error (MSE) under the constraint of a limited bit budget. However,

MSE has been widely criticized for poorly correlating with visual perception of image

quality [9]. An example is shown in Fig. 4.1, where a JPEG compressed image is

evaluated locally to create the the absolute error map and the structural similarity

(SSIM) index [70] map. Both maps use brighter pixels to indicate better quality, but

they give substantially different evaluations. Careful inspection of the distorted image

together with the quality maps concludes that absolute error (which is the basis for

all Minkowski error metrics, including MSE) is not a good indicator of local image

quality when compared with the SSIM index (e.g., the SSIM map clearly points out

the annoying blocking artifacts in the sky).

The poor performance of MSE motivated researchers to incorporate percep-

tual models in image coding [122]. Most perceptual coding methods first decompose

the image signal using a linear transform (e.g., a DCT or a wavelet transform) and

then normalize (rescale) each transform coefficient with a perceptual weight before

a uniform quantization and entropy coding scheme is applied. These weights may

be determined by a number of psychophysical features of the human visual system

(HVS), typically including the contrast sensitivity function and the contrast masking
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(a) (b)

(c) (d)

Figure 4.1. (a) Original image; (b) distorted image (by JPEG compression); (c)
absolute error map − brighter indicates better quality (smaller absolute difference);
(d) SSIM index map − brighter indicates better quality (larger SSIM value).

effect [122, 9]. An equivalent method is to design a nonuniform quantization scheme,

where the quantization steps of the transform coefficients are proportional to their

perceptual weights. This general design principle has been employed in many existing

algorithms (e.g., [123, 122, 124, 125]), with variations in the linear transforms being

used and the way the perceptual weights are computed. It has also been used in

the design of the JPEG quantization table [85] and the visual optimization tools in

JPEG2000 [86, 126]. This approach is appealing because it completely separates per-

ceptual modeling from the subsequent processes, making it convenient to implement.

Nevertheless, its accuracy is questionable. For example, when the masking effect is
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considered, the perceptual weight of a given coefficient is computed from its neigh-

boring coefficients. However, after the subsequent nonlinear quantization process,

the coefficient and all of its neighboring coefficients have been changed. As a result,

the computed masking effect and the corresponding perceptual weight would not be

accurate anymore.

4.1.2 Method of Image Coding Based on a Maximum of Minimal
Structural Similarity Criterion

We propose a different approach for perceptual image coding. First, we use

the SSIM index map as a local perceptual quality indicator, which, to the best of

our knowledge, has not been used directly for image coding before. Second, we do

not attempt to impose perceptual modeling using one single normalization process.

Instead, we encode the image iteratively. Within each iteration, we operate on the bit

allocation scheme that redistributes the available bits over the image space according

to the SSIM quality map obtained from the last iteration. Third, our scheme aims

to improve the worst case scenario, such that the quality at the lowest quality region

in the image is enhanced. In other words, we use a maximum of minimal structural

similarity criterion as our optimization goal. This is justified based on the observation

that human visual attention is often attracted to the image regions with extremely

annoying artifacts (very low quality) that could dominate the quality evaluation of

the entire image.

The central idea of our method is to iteratively redistribute the available bits

based on local image quality measures. We find that an easy way to implement the

idea is to incorporate it into an embedded bitplane coding algorithm. Embedded

bitplane coding [127, 128, 86] has received wide acceptance in the past fifteen years.

It encodes images into continuously scalable bit streams that can be truncated at
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arbitrary places to create multiple versions of decoded images with variable bit rate

and quality. Moreover, the encoded information bits are naturally organized according

to their importance. Figure 4.2(a) provides a simple illustration of a regular bitplane

coding scheme. The image components (typically wavelet coefficients) are binary

represented and aligned to bitplanes, and the bitplanes are scanned and coded from

the most significant bitplane (MSB) to the least significant bitplane. The scanning

and coding process may stop at any place when a target bit budget is reached. This

is equivalent to setting all the remaining bits to zero.

The bitplane coding scheme is flexible in the sense that the importance of image

components (coefficients) can be easily adjusted. There are two ways to accomplish

this. The first approach emphasizes the important coefficients by shifting them up

in the bitplane representation (or equivalently, shifting the unimportant coefficients

down). Examples include the MaxShift [86] and the BbBShift [129] methods. The

second approach, which we use in this paper, is the bitplane-trimming method demon-

strated in Fig. 4.2(b), where the coefficients are trimmed from the bottom such that

the bits below certain level are all set to zero. The trimming level is variable based

on the importance of the coefficient. This is equivalent to quantizing the coefficient

at that level. A regular bitplane coding scheme is applied to the trimmed coefficients,

leading to a variable bit allocation over the image space. One advantage of this

method is that the decoder does not need to reconstruct the trimming function, and

thus no overhead is needed to encode the information about the trimming function.

Let x and y be the original and the decoded images respectively. Let tr denotes

the trimming function, i.e., it is a function of the coefficient index that defines the

trimming level of all coefficients. Let TR be the set of all possible trimming functions.

Let C represent the entire image encoding and decoding operator that takes a given
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Figure 4.2. (a) Regular bitplane coding. Bitplanes are scanned and coded until a
target bitrate is reached. The result is equivalent to setting all bits in the gray region
to zero; (b) Bitplane-trimming based coding. The gray region is set to all zero before
regular bitplane coding.

original image x, a given bit rate R, and a given trimming function tr as the input,

and creates a decoded image y as the output:

y = C(x, R, tr) . (4.1)

Let Sx,y denote the operator that computes the SSIM index map between x and

y, and thus Sx,y(n) represents the SSIM index value at spatial location n. Under

the maximum of minimal structural similarity criterion, our task is to find the best

trimming function that maximizes the minimal value in the SSIM index map Sx,y.

Mathematically, this can be expressed as

tropt = argmax
tr∈TR

{min
n

[Sx,C(x,R,tr)(n)]} . (4.2)
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Since the minimal SSIM value in an image has a highly nonlinear relationship

with respect to the trimming function tr, it is difficult to find the optimal solution

tropt analytically. Here we propose an iterative approach given as follows:

1. Initiate the iteration number i = 0. For the given target bit rate R, create

a constant initial trimming function t0, i.e., the trimming level (bitplane) is

uniform for all coefficients. The trimming level should be high enough such

that the bit rate needed to encode all bits above the level is lower than R.

2. Encode and decode the image to create yi = C(x, R, tri).

3. Compute the SSIM map Sx,yi
between the original and the decoded image.

4. Find the minimal value and location in Sx,yi
. If the minimal SSIM (Min-SSIM)

value does not change for several iterations, stop the iteration and report tri as

the optimized trimming function. Otherwise, update tri by adding one more

bits for all the coefficients around the spatial location corresponding to the Min-

SSIM value (In wavelet domain, these include a set of neighboring coefficients

in all subbands). Let i = i + 1 and go to Step 2.

Our algorithm converges only when the bits introduced by tri can not be encoded by

C. Figure 4.3 gives a demonstration about how the minimal SSIM value is updated

over iterations and how the iterative algorithm converges.

4.1.3 Test

We test the proposed approach using 8bits/pixel gray scale images. The set

partitioning in hierarchical trees (SPIHT) [128] algorithm is used as the basic bitplane

encoding and decoding operator C. The images are coded to a range of bit rates,

from 0.2 to 0.9 bit/pixel using both SPIHT and the proposed method. The Min-SSIM

results for the “Lighthouse” image are shown in Fig. 4.4. It can be seen that the

proposed method achieves significantly higher Min-SSIM values than SPIHT over a
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Figure 4.3. Min-SSIM as a function of iteration for the “Lighthouse” image coded at
0.5bit/pixel.

wide range of bit rates. Similar results are also obtained for the other images being

tested.

In Fig. 4.5, we compare the coding results of the “Lighthouse” image provided

by SPIHT and the proposed algorithms at 0.2bit/pixel, respectively. The SSIM maps

indicate that the quality of the image coded by the proposed method is more uniformly

distributed over the image space than that of the SPIHT coded image. Since the

proposed method mainly focuses on the worst case scenario, the regions with the

worst quality in the SPIHT coded image obtain the most improvement. For better

visualization, we also enlarged two regions in the images. It can be observed that

more detailed structures are exhibited in the image coded by the proposed method.

4.2 Temporal Interpolation based on Temporal Motion Smoothness

4.2.1 Introduction

Temporal frame interpolation has emerged as a potential solution for two prob-

lems associated with limitation of the video communication channel and unreliable
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Figure 4.4. Min-SSIM comparison of SPIHT and the proposed method for “Light-
house” image coded at different bit rates.

packet-based network architectures: First, in order to reduce the bit rate, the video

is temporally subsampled by skipping some frames at the transmitter side, which

unfortunately can result in significantly reduced temporal resolution, thus possibly

causing several possible undesirable artifacts, such as jittering and flickering, during

playback. In order to improve the temporal resolution, temporal interpolation is used

at receiver side. Second, a missing packet in the video stream results in losing the

visual information at macro block or frame level. Temporal interpolation can, to some

extend, restore the distorted video by using the redundant temporal information.

In the literature, most of the temporal interpolation methods are based on mo-

tion information [130, 131, 132, 133]. The common assumption of these approaches is

that the motion among consecutive frames is linearly continuous. Thus, the skipping

frames are reconstructed by the motion compensation based on the linear-interpolated

motion vectors according to the estimated motion vectors from the available frames.

The disadvantage of these methods is that the motion estimation is of high computa-

tional complexity, which motivates researchers[130, 131, 132, 133] to employ different
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Figure 4.5. Comparison of coding results by SPIHT and the proposed algorithms at
0.2bit/pixel.

motion estimation methods. The basic assumption of continuous motion shared by

these methods is reasonable. The prior of temporal motion smoothness is statisti-

cally measured and applied to RRVQA in [55]. It is worthwhile to note that temporal

motion smoothness [55] is presented by the temporal phase correlation in complex

wavelet domain without estimating the explicit motion vector. In this section, we

further adopt the prior as an optimization criterion to restore the distorted video se-

quence with frame dropping. Under the criterion to satisfy the regularity of temporal



108

motion smoothness, the temporal interpolation is implemented in complex wavelet

domain. This allows us to avoid the time-consuming motion estimation process, and

thus largely reduces the computational complexity of temporal interpolation.

4.2.2 Method of Video Interpolation based on Temporal Motion
Smoothness

In Chapter 3, we observe and measure a prior of natural video sequences, tem-

poral motion smoothness, which can be presented by the temporal phase correlation

function, LN(s, p). If the image sequences strictly satisfy N − 1-th order temporal

motion smooth, then

LN(s, p) ≈ 0 (4.3)

Figure 4.6 (b) draws the marginal histogram of the imaginary part of the L2(s, p)

from a natural video, where the high peak around zero indicates the strong statistical

preference of the temporal motion smoothness. Meanwhile, Figure 4.6 (d) shows how

the frame dropping distortion disturbs the prior of temporal motion smoothness.

Inspired by the strong prior of temporal motion smoothness, we propose a

method to interpolate the dropped frames with criterion to satisfy the prior of tem-

poral motion smoothness. The interpolation is carried out in complex wavelet domain

by regularizing the temporal phase correlation function, LN(s, p) so as to avoid the

motion estimation.

The diagram of our algorithms for temporal interpolation is shown in Fig 4.7.

The distorted video with frame dropping is divided into group of pictures (GOP), for

example here a GOP consists of 3 frames. The three continuous frames in the k-th

GOP are noted as h(3(k − 1) + 1), h(3(k − 1) + 2) and h(3(k − 1) + 3). For notional

convenience, we use h1 to denote h(3(k − 1) + 1), h2 to denote h(3(k − 1) + 2), and

h3 to denote h(3(k − 1) + 3).
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In order to do temporal interpolation, h1 and h3 are transformed to complex

wavelet domain as H1(s, p) and H3((s, p)) at scale s and position p. We assume that

the original video sequences satisfies the first order motion smoothness, which means

the second order temporal correlation function approximates 0.

L2(s, p) = ln H1(s, p)− 2 ln H2(s, p) + ln H3(s, p) ≈ 0 (4.4)

To satisfy the temporal motion smoothness, H2(s, p) is interpolated as the linear

interpolation in log domain:

H2(s, p) = exp
ln H1(s, p) + ln H3(s, p)

2
(4.5)

Eq. (4.5) is inversely transformed to the spatial domain. In additional to this,

we also compute the direct temporal interpolation in the spatial domain. Temporal

motion smoothness is employed as an objective criterion select one from the two

interpolated frames. The criterion is based on the histograms of the imagery part of

L2(s, p) that are computed respectively using these two frames. The one with higher

peak around 0 is selected as the interpolated frame.

4.2.3 Test

We artificially generate the distorted video sequences by dropping N frames

from N + 1 continuous frames. For example with N = 1,given the original image

sequences as: f1 f2 f3 f4 f5 f6..., the distorted image sequences will be f1 f1 f3 f3 f5

f5.... So the dropping rate is 50%. The distorted video sequence is based on “Suzie”.

Other videos are also tested and have similar results. Our temporal interpolation

algorithm is applied to the distorted video. However, it is a difficult task to evaluate

the performance of such algorithms. Our subjective evaluation indicates that the
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Table 4.1. Performance comparison of our temporal interpolation method

Distorted Spatial interpolation our method
MSE 81.1117 34.7823 33.7877
PSNR 38.5854 40.4240 40.4870
MSSIM 0.8914 0.9279 0.9294

quality of the interpolated video is improved since the motion is temporally smoother

and the perceptual annoying jerkiness is reduced. Besides, we propose some objective

quantitative measurements based on the original video to test the efficiency of our

method.

First, since our optimal criterion is to enforce the temporal motion smoothness

which can be clearly indicated by the statistics of temporal phase correlation, we

use Kullback-Leibler Distance (KLD) between the statistics of the phase correlation

function in interpolated video and that of the original video as an evaluation. Fig. 4.6

(e),(f) show the interpolated frame and the statistics of temporal phase correlation,

from which we can see that the KLD is greatly reduced compared with the distorted

video, Fig. 4.6 (c). This means that the prior of temporal motion smoothness is

strengthened.

Second, we compute the MSE and mean SSIM (MSSIM)index [70] based on the

original video. The results of our method are compared with those of the interpolated

frame using direct spatial interpolation as (h1 +h3)/2. Table 4.1 shows the MSE and

MSSIM computed from all the interpolated frame. Fig. 4.8 displays the MSE and

MSSIM for each interpolated frame. The consistent improvement is observed. Espe-

cially Fig. 4.8(b,d) shows that for those frame with larger motion, the improvement

is more significant.
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Figure 4.6. The marginal statistics of the imaginary part of L2(s, p). (a), original
video sequences; (b), the marginal histogram of the imaginary part of L2(s, p) of
(a); (c), video sequences with frame dropping; (d), the marginal histogram of the
imaginary part of L2(s, p) of (c); (e), interpolated video sequences using our method;
(f), the marginal histogram of the imaginary part of L2(s, p) of (e).
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Figure 4.8. Comparison MSE and MSSIM of interpolated frames. (a) MSE for every
frame, (b) MSE for frames with large motion, (c) MSSIM for every frame, (d) MSSIM
for frames with large motion.



CHAPTER 5

CONCLUSIONS AND FUTURE WORK

In this dissertation, we propose novel methods for perceptual IQA/VQA and

apply the objective metrics to optimize various algorithms including image coding

and video interpolation. This chapter draws some conclusions by summarizing the

contributions of our work and discusses the directions for future work.

5.1 Conclusions

We propose information theoretic weighting methods for FRIQA and FRVQA

respectively by modelling the overall HVS as an information communication channel.

In FRIQA, different from other approach using simple Gaussian model [6], the mu-

tual information based on the reference image is measured using an advanced NSS

model, GSM [14] at different scales. Under the assumption that the region with more

information content will require more computational effort, the mutual information

is employed as the weighting coefficients incorporating with the multi-scale spatial

SSIM map. Extensive test shows the validity of this information theoretic weighting

strategy. We propose a new method to incorporate motion information in an infor-

mation theoretic framework in FRVQA. Our tests with the VQEG Phase I dataset

show that the information theoretic weighting function computed based on our model

is effective and consistent in improving VQA algorithms. A distinctive feature of our

approach, as compared to the heuristic methods proposed in [40, 30], is that the use

of motion information is well justified from the recent findings in psychophysical stud-
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ies of human motion perception [3] and is formulated using an information theoretic

framework.

The models of the NSS are employed to design new RRIQA/VQA methods

in this dissertation. The joint statistics of wavelet coefficients captures the statis-

tical dependence in natural images and accounts for more general distortions than

the marginal distribution [51]. We design a RRIQA method to extract the RR fea-

tures based on the joint statistics. We propose an RRIQA algorithm using statistical

features extracted from a divisive normalization-based image representation. The si-

multaneous perceptual and statistical relevance of this new representation leads to

improved performance for image quality assessment. A novel statistical model of nat-

ural image sequences, temporal motion smoothness is investigated. This statistical

regularity can be represented by the distribution of the temporal phase correlation.

We observe that the strong prior of temporal motion smoothness is spoiled by typi-

cal unnatural image distortions. With an empirical probability model to describe the

prior of temporal motion smoothness, we show the potential to design a RRVQA algo-

rithm based on this prior. To sum up, the advantages of our proposed RRIQA/VQA

methods include: 1) the data rates of RR features extracted from the NSS models

are low; 2) they are general-purpose models without any assumption about the image

distortion types.

It is worthwhile to point out that both our FR and RR quality assessment

methods extensively use NSS. The modelling of HVS and the modelling of NSS are

believed to be dual problems [9] because the HVS is hypothesized to highly adapted to

the statistics of the natural surroundings during the long process of evolution. Thus,

studying the NSS provides an indirect but powerful way to investigate the HVS. Since

the ultimate goal of perceptual quality assessment is to stimulate the performance

of the HVS, it is no wonder the NSS plays an important role to design effective
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algorithms, which is verified by the results in this dissertation. Appropriate use of

NSS models may also help to reduce the complexity of the image quality assessment

algorithms. For example, some RR features of low bit rate in our RRIQA/VQA

methods are directly extracted from the parameters of the statistical models of NSS.

The objective quality assessment metrics are applied as optimization criterions

to perceptual image coding and video interpolation. We propose a novel perceptual

coding method that incorporates a maximum of minimal SSIM criterion into bit-

plane coding through an iterative optimization process. The test results show that

the proposed method significantly improves the worst case scenario (worst quality

region in the image) and the coded image appears to have more uniform quality over

the image space. Although the proposed scheme is currently implemented with the

SPIHT algorithm only, the general design principle may be generalized for other bit-

plane coding schemes.We propose a video interpolation algorithm based on a strong

prior, temporal motion smoothness, in the natural image sequence. Different from

other video interpolation approaches to explicitly estimate the motion vectors, our

interpolation method is carried out using the phase information in complex wavelet

domain since the prior of temporal motion smoothness is clearly represented by the

distribution of temporal phase correlation functions. This significantly reduces the

computational complexity by avoiding the time-consuming motion estimation pro-

cess. Besides the subjective evaluation, we objectively measure the temporal phase

correlation function, MSE and SSIM to validate our method and observe consistent

improvement.

5.2 Future work

The information theoretic weighting strategy for FRIQA proposed in Chapter

2 may be improved/extended in many ways. First, although the Gaussian scale
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mixture model achieves certain amount of success to describe the natural image,

it is essentially a limited local description that may not precisely capture natural

image structures. More advanced models, for example, a global, fields of Gaussian

scale mixtures [134] model, could be adopted. Second, the extracted information from

neighboring subbands at the same scale is implicitly supposed to be equally important.

But the HVS is generally believed to have different sensitivity for different spatial

frequency. The CSF may be considered to design weights for these subbands. Third,

the mutual information of each subband is extracted from the Gaussian channel which

is assumed to be independent. This assumption may not be accurate since there is

significant dependency among the subbands [91]. It needs further research effort to

precisely measure the mutation information by accounting for the dependencies or

redundances. Finally, the information theoretic weighting is incorporated with the

spatial SSIM map. It can also be applied to other metrics including CW-SSIM[38]

and VIF[7]. We propose an algorithm of information theoretical weighting based

on a statistical model of human visual speed perception for FRVQA. Future work

may include: First, there might be better ways to combine the information content

and the perceptual uncertainty measures. Second, the computation of local image

contrast and the estimation of motion vectors may be improved. For example, we

frequently observe instabilities in the current optical flow-based motion estimation

algorithm, especially in the video frames with large background motion. This implies

that more robust motion estimation method is needed in the existence of noise and

large motion. Third, the sophistication and the high-level nature of the proposed

model make its parameters difficult to calibrate. More careful psychovisual studies

are still needed. Fourth, the weighting function computed based on our model is

effective and consistent in improving the performance of VQA algorithms in all the

tests we have done so far (with MSE/PSNR and SSIM). Other VQA algorithms may



118

also be included to further validate the model. Finally, the general idea of quality map

weighting does not constrain itself to be used for full-reference VQA only, as being

tested in Chapter 2 (Note that both the MSE/PSNR and the SSIM calculations

require access to the original video sequence as a reference). If a no-reference method

is available that can provide us with a quality map without using any reference video,

the same weighting approach is also applicable. Such no-reference or blind VQA

systems are highly desirable in the real world and are yet to be developed in the

future.

In Chapter 3, we introduce several RRIQA/VQA algorithms which share a sim-

ilar framework because all of them are based on the statistical models of the NSS.

In order to improve/extend these methods, several further questions may be asked.

First, while the statistical features used in the proposed algorithm seem to be percep-

tually relevant and useful, is there any better means to combine them into a single

scalar quality measure of the distorted image? Second, can the statistical models

being used sufficiently represent the nature of images? One of our RRIQA methods

is based on the DNT which can effectively reduce the variance dependency. But there

are many other types of dependencies between neighboring wavelet coefficients that

are still missing, for instance, local phase coherence[110] . Is there any efficient way

to incorporate these dependencies as well? Third, using the proposed RRIQA/VQA

measure, together with the statistical properties (RR features) about the perfect-

quality original image, can we design image quality enhancement method that can

correct or improve the quality of the distorted image being evaluated? Finally, since

the proposed RRIQA/VQA method is relevant to the quantification of the natural-

ness of images and does not use any knowledge about image distortion types, would

it be possible to further develop it into a general-purpose NRIQA/VQA method?
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The perceptual image coding method in Chapter 4 uses an iterative approach

to allocate the bits under the criterion to maximize the minimal SSIM index. This

increases the complexity at the encoder. It is desirable to estimate a nearly-optimal

trimming function based on the bit rate and image content before initial iteration.

The proposed video interpolation method is developed based on the second order

temporal phase correlation. It is observed that the higher order temporal phase corre-

lation function shows stronger temporal motion smoothness. Therefore, higher order

temporal phase correlation functions may be used to impose the prior of temporal

motion smoothness.

The general-purpose NRIQA/VQA methods aim to predict the quality based

on only distorted signals without any information from original signals and the types

of distortions. The problem is extremely difficult but also very important in real

world, for example, in visual communications where the channel is open to any dis-

tortions and the quality of the received signal is required to be monitored. Although

RRIQA/VQA can be a compromising solution, the RR features need to be trans-

mitted so that they are also subjective to distortions. We believe the modelling of

NSS has the potential to be used in the design of the general-purpose NRIQA/VQA

algorithms. This may lead us to a better understanding of the biological visual sys-

tem and the statistics of the natural images. In Chapter 1, we proposed a Bayesian

framework for IQA. If we can model all related aspects of the HVS, including its

built-in knowledge about the visual environment by the likelihood and prior func-

tions , then the posterior based on likelihood and prior models could be used to

design computationally tractable algorithms of general-purpose NRIQA/VQA.
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