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Abstract: We develop an efficient general-purpose blind/efenence image quality assessment (IQA) algorithaimgua
natural scene statistics (NSS) model of discreteineotransform (DCT) coefficients. The algorithm demputationally
appealing, given the availability of platforms opited for DCT computation. The approach relies osimaple Bayesian
inference model to predict image quality scoreggigertain extracted features. The features aet@san NSS model of the
image DCT coefficients. The estimated parameteth®fimodel are utilized to form features that adidative of perceptual
quality. These features are used in a simple Bagesiference approach to predict quality score® msulting algorithm,
which we name BLIINDS-II, requires minimal trainimgnd adopts a simple probabilistic model for sqealiction. Given the
extracted features from a test image, the quatibresthat maximizes the probability of the empificdetermined inference
model is chosen as the predicted quality scordatf image. When tested on the live IQA databasé|NEL.S-II is shown to
correlate highly with human judgments of qualityadevel that is competitive with the popular SShdex.

Keywords. Discrete Cosine Transform (DCT), Generalized Gaums8lensity, Natural Scene Statistics, No-Referdnw@ge
Quality Assessment.

I. INTRODUCTION

The Ubiquity of transmitted digital visual arfnation
in daily and professional life, and the broad raraje
applications that rely on it, such as personal taligi
assistants, high-definition televisions, internetdeo
streaming, and video on demand, necessitate thasnea
evaluate the visual quality of this information.eMarious
stages of the pipeline through which an image pasaa
introduce distortions to the image, beginning with
capture until its consumption by a viewer. The ésitjon,
digitization, compression, storage, transmissiomd a
display processes all introduce modifications tee th
original image. These modifications, also termed
distortions or impairments, may or may not be
perceptually visible to human viewers. If visibldey
exhibit varying levels of annoyance. Quantifying
perceptually annoying distortions is an importardcess
for improving the quality of service in applicat®such as
those listed above. Since human raters are geyerall
unavailable or too expensive in these applicatitdmese is
a significant need for objective image quality asseent
(IQA) algorithms. Only recently did full-referenémage
quality assessment (FR-IQA) methods reach a setisfa
level of performance, as demonstrated by high tatioms
with human subjective judgments of visual qual®gIM
[2], MS-SSIM [3], VSNR [4], VIF index [5], and the

divisive normalization-based indices in [6] and [die
examples of successful FR-IQA algorithms. These
methods require the availability of a referencenalg
against which to compare the test signal. In many
applications, however, the reference signal isavailable

to perform a comparison against. This strictly tsnihe
application domain of FR-IQA algorithms and poitds
the need for reliable blind/NR-IQA algorithms. Howee,

no NR-IQA algorithm has been proven consistently
reliable in performance [8]. While some FR-IQA
algorithms are reliable enough to be deployedandards,
(e.g., the inclusion of the SSIM index in the
H.264/MPEG4 Part 10 AVC reference software [9]),2]
generic NR-IQA algorithms have been regarded aggav
a long way to go before reaching similar usefulelevof
performance.

The problem of blindly assessing the visuallipaf
images, in the absence of a reference, and without
assuming a single distortion type, requires disipgnaith
older ideas of quality such as fidelity, similaritpnd
metric comparison. Presently, NR-IQA algorithms
generally follow one of three trends: 1) distortigpecific
approaches. These employ a specific distortion inte
drive an objective algorithm to predict a subjeetquality
score. These algorithms quantify one or more disits
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such as blackness [10], blur [11], [12], or ringiagd
score the image accordingly; 2) training based @gugires:
these train a model to predict the image qualitgresc
based on a number of features extracted from tlagem
and 3) natural scene statistics (NSS) approachesetrely
on the hypothesis that images of the natural wrd,
distortion-free images) occupy a small subspacehef
space of all possible images and seek to find tamlis
between the test image and the subspace of nanages.
The first approach is distortion-specific, and tero
some degree, application-specific. It is importaot
understand, however, that while distortion modelisg
important, it does not necessarily embody percéptua
relevance (distortion annoyance), since such facty
masking and contrast sensitivity need to be comsie
The second approach is only as reliable as theuriesat
used to train the learning model. Algorithms follog this
approach often use a large number of features uftitho
perceptually justifying each individual feature. eTthird
approach relies on extensive statistical modelimgl a
reliable generalization of visual content and teecpption
of it. DIIVINE, which is a recent wavelet-based @lighm,

is a combination of the second and the third apgres. It
uses a two-stage framework, where the distortipr tig
predicted first and then, based on this predictiomgge
quality is estimated. DIIVINE uses a support vector
machine (SVM) to classify an image into a distortass
and support vector regression to predict qualityes. A
large number of features are used for classifioatiod for
quality score prediction (88 features) to achieughh
performance against human quality judgments.

As an alternative, we propose a fast singlgest
framework that relies on a statistical model ofaloc
discrete cosine transform (DCT) coefficients. Weivde
an algorithm that we dub blind image integrity nota
using DCT statistics (BLIINDS-II). The new BLIIND8-
index advances the ideas embodied in an earli¢otype
(BLIINDS-I), which uses no statistical modeling amd
different set of sample DCT statistics. BLIINDS-hsva
reasonably successful experiment to determine \eheth
DCT statistics could be used for blind IQA. BLIINBS
fully unfolds this possibility and provides an imopement
in both performance and in the use of an elegadt an
general statistical model. It uses a simple Bayesia
approach to predict quality scores after a sekafures is
extracted from an image. For feature extraction, a
generalized NSS based model of local DCT coeffisién
estimated. The model parameters are used to design
features suitable for perceptual image quality ecor
prediction. The statistics of the DCT features varya
natural and predictable manner as the image quality
changes. The NSS features are used by the Bayesian
probabilistic inference model to infer visual gtxliWe
show that the method correlates highly with human
subjective judgments of quality. We also interpret,
analyze, and report how each feature in isolatammetates
with human visual perception. The contributions oofr
approach are as follows.

1.BLIINDS-II inherits the advantages of the NSS
approach to IQA. While the goal of IQA researclois
produce algorithms that accord with visual percepti
of quality, one can to some degree avoid modeling
poorly understood functions of the human visual
system (HVS), by resorting to established models of
the natural environment instead. This is motivatgd
the fact that HVS modeling and NSS modeling can be
regarded as dual problems, owing to the widely
accepted hypothesis that the HVS has evolutionally
adapted to its surrounding visual natural enviromtne

2.BLIINDS-Il is non-distortion-specific, while most
NRIQA algorithms quantify a specific type of
distortion; the features we wuse are derived
independently of the type of image distortion amel a
effective across multiple distortion types.

3.We propose a novel model for the statistics of DCT
coefficients. Previous work on reduced-referendg)(R
IQA has shown that local image wavelet coefficients
are Laplacian-distributed and tend toward Gaussian-
distributed when a divisive normalization transfoisn
applied. Our experiments have shown that DCT
coefficients have a symmetrical distribution in a
manner that can be captured by a generalized Gawssi
distribution (GGD) model.

4.Since the framework operates entirely in the DCT
domain, one can exploit the availability of platfer
devised for the fast computation of DCT transforms.
Many image and video compression algorithms are
based on block-based DCT transforms (JPEG, MPEG2,
H263, and H264 which uses a variation of the DCT).

5.Minimal training is required under the simple Bages
model.

6.Finally, the method correlates highly with human
visual perception of quality and yields highly
competitive performance. We provide a MATLAB
implementation of BLINDS-II, which can be
downloaded from the Laboratory of Image and Video
Engineering (LIVE) website at http://live.ece.utexa
.edu/.

[1.BLIND IMAGE QUALITY ASSESSMENT

Blind image quality assessment is useful to ynan
image-related applications. In image interpolatidie
original high-resolution image is often not avaitalas
the ground truth; therefore blind assessment ofqunadity
of the interpolated image becomes necessary. Ther ot
example is intelligent memory management in digital
cameras. We will refer to undistorted images cagutury
imaging devices that sense radiation from the Msib
spectrum as natural scenes, and statistical mbddétsfor
undistorted natural scenes as NSS models. Devitiom
NSS models, caused by the introduction of distogtito
images, can be used to predict the perceptualtyudlihe
image. The model-based NSS-IQA approach developed
here is a process of feature extraction from thagen
followed by statistical modeling of the extracteshtiures.
Purely NSS-based IQA approaches require the
development of a distance measure between a given
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distorted test image and the NSS model. This I¢adbe
question of what constitutes appropriate and péucdy
meaningful distance measures between distorted @mag
features and NSS models.

An image entering the IQA “pipeline” is firstk§acted
to local 2-D DCT coefficient computation. This stagf
the pipeline consists of partitioning the imageietjually
sized nxn blocks, henceforth referred to as loozge
patches, then computing a local 2-D DCT on eacthef
blocks. The coefficient extraction is performeddlbg in
the spatial domain in accordance with the HVS'spprty
of local spatial visual processing (i.e., in ace@orce with
the fact that the HVS processes the visual spazaly).
This DCT decomposition is accomplished across apati
scales. The second stage of the pipeline applies a
generalized Gaussian density model to each blod&kasf
coefficients, as well as for specific partitions hiiit each
DCT block. We next briefly describe the DCT block
partitions that are used. In order to capture tiveal
information from the local image patches, the DQdck
is partitioned directionally as shown in Fig. 8adrthree
oriented sub regions. A generalized Gaussian fit is
obtained for each of the oriented DCT coefficienb s
regions. Another configuration for the DCT blocktjiem
is shown in Fig. 6. The partition reflects threeiahd
frequency sub bands in the DCT block. The uppeddisj
and lower partitions correspond to the low-frequemaid-
frequency, and high-frequency DCT sub bands,
respectively. A generalized Gaussian fit is obtaifed
each of the radial DCT coefficient sub regions ai.\Whe
third step of the pipeline computes functions &f derived
generalized Gaussian model parameters. These are th
Generalized Gaussian density for varying levelsthaf
shape parameter Features used to predict image quality
scores. In the following sections, we define andyaea
each model-based feature, demonstrate how it ckange
with visual quality, and examine how well it coatds
with human subjective judgments of quality. Therfbu
and final stage of the pipeline is a simple Bayesiadel
that predicts a quality score for the image. ThgeBan
approach maximizes the probability that the image &
certain quality score given the model-based feature
extracted from the image. The posterior probabitiigt
the image has a certain quality score given theaetdd
features is modeled as a multidimensional GGD.

[11.IMAGE REPRESENTATION: FEATURE
SELECTION

A model is only as effective as the featutaglies on
to represent the data being modeled. In other watsls
performance is a function of the representativernéshe
features selected to represent the visual qualityhe
image being assessed. Consequently, the first issie
need to address is what type of features to extrat the
image so as to capture as much of the visual gualithe
image as possible. Proceeding towards this goalfinste
note that humans perform the task of blind IQA guvell,
without the need for a reference image to do sis [Hads

us to believe that the human visual system (HVS) is
sensitive to a number of features that distinguigih
visual quality images from distorted ones. Furtiters
believed that the HVS has evolved to adapt to thssics

of the projected natural world, and therefore enidmd
mechanisms that process images in accordance hate t
statistics.

Fig.2. High contrast image

Fig.3. Sharp object on blurred background.

Our feature selection process relies on the cbasi
fundamental fact that natural images are highlycstrred
(as was hypothesized), in the sense that theitgpeshibit
strong dependencies, and these dependencies carry
important information about the visual scene. Sind&s
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been noted that the visual system is highly adafiets
natural environment, and since natural images &yelyh
structured, the HVS is thus assumed to be adapted t
extracting structural information from the visuakld.
Towards this end, we choose to extract image featilmat
represent image structure. In addition to structuhe
HVS is highly sensitive to contrast. In generalghi
contrast in an image is a desirable property, doeting
image structure and making the image more visually
appealing. For instance, a majority of viewers migtefer
Fig. 1 over Fig. 2 due to the higher contrast ig.Fi
relative to Fig. 2. Consequently, we choose toaetta
feature representative of the contrast of the irmagee
quality of which is to be assessed. Additionallie t
features we extract are also expected to accouritnfage
sharpness (without explicitly measuring blur distor or
any other specific distortion) and orientation atigpies
(properties of images that the HVS is also highly
sensitive). We note however, that image sharpness f
instance, is highly content dependent. For examible,
background is blurred in Fig. 3, yet it is a ddsiea
property of this specific image. This is why werit seek

to quantify sharpness or blur as is, but rathetagphow
the statistics of spatial frequency domain charésties
vary in natural and in distorted images. To do e,
employ the discrete cosine transform (DCT) to ettia
number of features and model their statistics.

A. DCT-Based Contrast

Contrast is a basic perceptual attribute oihzege. One
may distinguish between global contrast measuras an
ones that are computed locally (and possibly poatéal
one measure post local extraction). Several measofre
contrast exist in the literature such as the singdtbal
Michelson contrast and the more elaborate Pelifgrest.
The Michelson contrast statistics did not correlafigh
human visual perception of quality in our experitsen
while Peli's contrast is computationally too intemes
Instead we resort to computing contrast based cal lo
DCT patches, and show that the statistics of theselate
with human visual perception of distortion. Thissal
conforms to our DCT-only framework. In the simplest
single-scale implementation, the 2-D DCT is applied
17x17 image patches centered at every pixel inntage.
The local DCT contrast is then defined as the aeiet
the ratio of the non-DC DCT coefficient magnitudeshe
local patch normalized by the DC coefficient ofttpatch.
The local contrast scores from all patches of thage are
then pooled together by averaging the computedegaiol
obtain a global image contrast value.

B. DCT-Based Structure Features

Structure features are derived locally fromlteal DCT
frequency coefficients. We ignore the DC coeffitien
whose magnitude is usually much larger than thddrig
frequency DCT coefficients in the image patch. kiymp
the DC coefficient does not alter the local streaitu
content of the image. We illustrate how the stiagstf the
higher frequency DCT coefficients change as an @nag
becomes distorted in, which show the DCT coefficien

histograms of a distortion free and a Gaussian blur
distorted image, respectively. Similar trends ine th
histogram statistics are observed throughout théELI
database of images, on which we perform our study.
Among the observed differences in the histogramthes
peakedness at zero, (the distorted images arevelsey
have a higher histogram peak at zero), and theaveei
along the support of the histogram. We seek to mesee

of statistical differences, such as the ones detrairg
above, to develop a NR-IQA index. To capture the
statistical traits of the DCT histograms we compitte
kurtosis, which quantifies the degree of its pealesdand

tail weight, and is given by:

E(z — p)*

r(x) = =
@
wherep is the mean of x, ang is its standard
deviation. The kurtosis of each DCT image patche (t
same 17x17 image patches from which we computeal loc
DCT contrast) is computed, and the resulting values
pooled together by averaging the lowest tenth priteeof
the obtained values to obtain a global image kigtos
value.

IV.IMPLEMENTATION OF THE METHOD
Un-distorted images captured by imaging devitet
sense radiation from the visible spectrum as Nhtura

scenes, and statistical models built for undistbriatural
scenes as NSS models. The model-based NSS-IQA
approach developed here is a process of featuractinn
from the image, followed by statistical modeling the
extracted features. Our approach relies on the IQA
algorithm learning, how the NSS model parametery va
across different trained using features deriveceatly
from a generalized
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Fig.4 .Framework of BLIINDS-II Algorithm
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parametric statistical model of natural image DCT
coefficients against various perceptual levels mfage
distortion. The learning model is then used to fmted
perceptual image quality scores. NSS models reflect
statistical properties of the world that drive petual
functions of the HVS. Characteristics that can be
incorporated into NSS models include: 1) visuaksterty

to structural information: 2) perceptual maskinpvizual
sensitivity to directional information.

A. DCT Feature Domain and Computation

The first stage of the pipeline deals aboudtuee
extraction in the DCT domain is the observatior tha
statistics of DCT coefficients change with the @sgand
type of image distortion. Another advantage is
computational convenience: optimized DCT-specific
platforms, and fast algorithms for DCT computatioan
ease computation. Many image and video compression
algorithms are based on block-based DCT transforms
(JPEG, MPEG2, H263, and H264 that relies on a trana
of the DCT). An image entering the IQA “pipeline’first
subjected to local 2-D DCT coefficient computatidihnis
stage of the pipeline consists of partitioning ithage into
equally sized n x n blocks, henceforth referrediddocal
image patches, then computing a local 2-D DCT whea
of the blocks. The coefficient extraction is penfied
locally in the spatial domain in accordance with HiVS's
property of local spatial visual processing (i.én
accordance with the fact that the HVS processesithal
space locally). This DCT decomposition is acconty@is
across spatial scales.

TABLE I
MATRIX OF DCT COEFFICIENTS
DC Ci2 Cis Cia Cis
Cyy Cas Cas Cay Css
Csy Css Cas Csy Css
Cy Cyp Cys Cay Cas
Csy Csz Css Css Css

B. Gaussian M odeling

The second stage of the pipeline applies zrgdined
Gaussian density model to each block of DCT coieffis,
as well as for specific partitions within each D@Idck. In
order to capture directional information from thecal
image patches, the DCT block is partitioned dimwily
as into three oriented sub-regions. The partitieflects
three radial frequency sub-bands in the DCT blddke
upper, middle, and lower partitions corresponchi low-
frequency, mid-frequency, and high-frequency DCB-su
bands, respectively. A generalized Gaussian fibtained
for each of the radial DCT coefficient sub-regi@sswell.
The introduction of distortions to the images cltemthe
distribution of the coefficients.

TABLE I
ORIENTATION-I OF DCT COEFFICIENTS

TABLE I11: ORIENTATION-II OF DCT
COEFFICIENTS

Gaussian family of distributions encompasseside
range of observed behavior of distorted DCT cogfits.
The univariate generalized Gaussian density isgbye

f'(x| o, B 'y] =qae” (BlX-ppY @

where,u is Mean, o is Normalizing parametef} is
Scale parametey,is Shape parameter and are given by,

a :vL

Ir(Ly) 3)
B _1 [rein

g F(L/¥) (4)

where, ¢ is the standard deviation, ardd denotes the
gamma function given by,

r)=[ t=te-tdt
()= -

C. Featureextraction

The third step of the pipeline computes funwiof the
derived generalized Gaussian model parameterseTdres
the features used to predict image quality scdreshe
following sections, we define and analyze each rhode
based feature, demonstrate how it changes withalisu
quality, and examine how well it correlates withran
subjective judgments of quality.

D. Prediction model
The fourth and final stage of the pipeline isimple
Bayesian model that predicts a quality score ferithage.
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The Bayesian approach maximizes the probability ttte
image has a certain quality score given the mode&d
features extracted from the image.

V. EXPERIMENTSAND RESULTS

BLIINDS-II was rigorously tested on the LIVE KQ
database which contains 29 reference images, each
impaired by many levels of five distortion types:
JPEG2000, JPEG, white noise, Gaussian blur, artd fas
fading channel distortions (simulated by JPEG2000
compression followed by channel bit errors.). Thealt
number of distorted images (excluding the 29 refese
images) is 779. The DCT computation was applieti®
blocks with a 2-pixel overlap between the blocksultiple
train—test sequences were run. In each, the imagbase
was subdivided into distinct training and test sets
(completely content separate). In each train—tegtisnce,
80% of the LIVE IQA database content was chosen for
training, and the remaining 20% for testing. Speally,
each training set contained

1

0.9-

0 1‘0 io 3‘0 4l0 56 6IO 7‘0 8‘0 90
Per ge of the d for training

Fig.5. Plot of median SROCC between predicted and

subjective DMOS scores (on all distortions) as rcfion

of the percentage of the content used for training.

images derived from 23 reference images, while ¢ash
set contained the images derived from the remaiing
reference images. One thousand randomly chosenirgai
and test sets were obtained, and the predictiothef
quality scores was run over the 1000 iteration® ifiodel
based-features were extracted over three scalestorél
number of features per scale is 8 (4 features, dinmp
methods/feature). These eight pooled features1gr¢he
lowest 10th percentile of the shape paramete?) the
mean of the shape parametgr 3) the highest 10th
percentile of the coefficient of frequency variati ; 4)
the mean (100 percentile) of the coefficient of frequency
variation{; 5) the highest 10th percentile of the energy sub
band ratio measur,; 6) the mean of the energy sub band
ratio measure; 7) the highest 10th percentile & th
orientation feature (which is the variancelofcross the
three orientations); and 8) the mean of the ortama
feature.

TABLE IV
MEDIAN SROCC CORRELATIONS FOR 1000
ITERATIONS OF RANDOMLY CHOSEN TRAIN AND
TEST SETS (SUBJECTIVE DMOS VERSUS
PREDICTED DMOS) ON THE LIVE IQA DATABASE

LIVE subset  BIQI  DIIVINE BLINGSAL  BLIBDGHI
(SVM) (Prob.)
JPEG2000 0.8557 09319 0.9285 0.9506
JPEG 0.7858  0.9483 0.9422 0.9419
White noise 09715 0.9821 0.9691 0.9783
GBlur 09107 09210 0.9231 0.9435
Fast fading 07625 08714 0.8893 0.8622
ALL 0.8190 09116 0.9306 0.9202

We report quality score prediction results fieatures
extracted at one scale only (8 features), over seales
(16 features, 8 features per scale), and over thcates
(24 features, 8 per scale). Linear correlation foceht
(LCC) scores (on a logistic fitted function of theedicted
DMOS using BLIINDS-II and subjective DMOS scores)
as well as SROCC scores between the predicted DMOS
scores and the subjective DMOS scores of the LIQE |
database are computed for each of the 1000 itegtithe
comparison of prediction results for 1 scale, descand 3
scale feature extraction. We found that no sigaift@ain

TABLEV
MEDIAN LCC CORRELATIONS FOR 1000
ITERATIONS OF TRAIN AND TEST SETS
(SUBJECTIVE DMOS VERSUS PREDICTED DMOS)
ON THE LIVE IQA DATABASE

LIVE subset  BIQI  DIIVINE i
(SVM) (Prob)
JPEG2000 08086  0.9220 0.9348 0.9630
IPEG 09011 09210 0.9676 0.9793
White noise ~ 0.9538  0.9880 0.9799 0.9854
GBlur 08293 09230 0.9381 0.9481
Fast fading 07328 0.8680 0.8955 0.8636
ALL 08205 09170 0.9302 0.9232
TABLE VI

MEDIAN SROCC AND LCC CORRELATIONS FOR
1000 ITERATIONS OF RANDOMLY CHOSEN TRAIN
AND TEST SETS (SUBJECTIVE DMOS VERSUS
PREDICTED DMOS) ON THE LIVE IQA DATABASE

| | SROCC | LCC
LIVE subset | SSIM  PSNR | SSIM  PSNR
JPEG2000 0.9496 0.8658 | 0.9401 0.8640
IPEG 0.9664 0.8889 | 0.9416 0.8860
White noise | 0.9644 09791 | 09791 0.9788
GBlur 0.9315 0.7887 | 0.8910 0.7823
Fast fading | 0.9415 0.8986 | 0.9428 (0.8876
ALL 0.9180 0.8669 | 0.9003  0.8630
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in performance was obtained beyond the third soéle
feature extraction. To show that the approach is no
heavily dependent on the training set, we perforried
following analysis. We varied the percentage of the
train/test splits from 90% of the content usedtfaining
and (the remaining) 10% used for testing, to orily6lof
the content used for training and (the remainin@ffoSor
testing. The remainder of this section: 1) compares
BLIINDS-II with other full-reference and no-referem
approaches; 2) studies its robustness against ugario
distortion types; 3) addresses database indepeedand

4) analyzes its computational complexity.

A. Statistical Comparison with Full-Reference and No-
Reference Approaches

For comparison purposes, we also trained alradisis
function-kernel regression SVM, based on the
implementation in, and performed quality prediction
utilizing this more complex model as well. We also
compared BLIINDS-II to the recent SVM-based NR-IQA
algorithms BIQI and DIIVINE, the full-referencBSNR,
and the state-of-the art FR-IQA SSIM index. The RO
and LCC results2 are shown in Tables IV-VI. Taliés
and V compare the SROCC and the LCC results between
the four NR-IQA methods (recent SVM-based NR-IQA
algorithms BIQI and DIIVINE, BLIINDS-II with the SWI
prediction model, and BLIINDS-II with the probalilic
prediction model), respectively. Table VI

100, _ N
B0} : bR
60" . AT

40 : -

Predicted DMOS

201 %

20 I i i i i
0 20 40 60 80 100
Subjective DMOS

Fig.6. Predicted versus subjective DMOS on
JPEG2000 database subset.

the

reports the SROCC and LCC results of PSNR and SSIM
(the implementation in 3), both of which are fudf@rence
algorithms that require the presence of a referémege
to perform quality score prediction on a test imagee
two prediction models (probabilistic and SVM) usied
BLIINDS-II perform very similarly, with slightly rgher
correlation for the probabilistic prediction modmh the
individual distortion subsets (JPEG2000, JPEG, avhit
noise, Gaussian blur, and fast-fading channel diste)
than on the entire dataset. The SVM prediction rhodly
slightly outperforms the simple probabilistic pretthn on
the entire LIVE IQA database. With either prediatio

model, BLIINDSII outperforms BIQI and the full-
reference PSNR measure. BLIINDS-II also slightly
outperforms DIIVINE (on all distortions mixed toget)
and approaches the performance of the reliable full
referenceSSIM index.

100..
80 ' C .

20! R
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20 | i i i i 1
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Fig.7. Predicted versus subjective DMOS on the JPEG
database subset.
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Fig.8. Predicted versus subjective DMOS on the avhit

noise database subset.

Scatter plots (for each of the distortion satsvall as for
the entire LIVE IQA Database) of the predicted DMOS
using BLIINDS-II versus subjective DMOS on the test
sets are shown in Figs.6—11. These exhibit nicpepties:

a nearly linear relationship against DMOS, tight
clustering, and a roughly uniform density alongheasis.
To visualize the statistical significance of thengarison,
we show box plots of the distribution of the SRO&Q@
LCC values for each of the 1000 experimental triftse
plots are shown in Figs. 12 and 13, respectivelg.réport
the standard deviation of the SROCC and LCC resuits
the 1000 trials for each algorithm in Table VII. \@dwusly,
the lower the standard deviation with a higher raedi
SROCC, the better the performance. The plots shatv t

International Journal of Scientific Engineering and Technology Resear ch
Volume.02, I ssueNo.17, November -2013, Pages: 2038-2048



P. SANDHYA DEVA KUMAR, K. RAJASHEKAR

100
80l s S e
60 . -
0] b iy v
] .: & s
= . 00 40t ot
o [} L]
E 0L R T
T e, * )
g . L * L] *
20L - .'... 5
of :
_20 I I | i I
0 20 40 60 80 100
Subjective DMOS

Fig.9. Predicted versus subjective DMOS on the €ans
blur database subset.
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Fig.10. Predicted versus subjective DMOS on the- fas

fading channel distortions database subset.
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Statietical Comparison on LIVE IGA Databage

¥

PSR S5M B DIVINE BLINDS S¥M  BLIND3-GGD

Fig.12. Box plot of SROCC distributions of the aigjoms
over 1000 trials for algorithm comparison on the/El
IQA database.

SSIM, DIIVINE, and BLIINDS-II are not statistically
significantly different in performance (knowing thare
designed for different application domains).

B. Robustness against Distortion Types

A limitation of algorithms that require training that
they are applicable to the set of distortions prege the
training phase of the algorithm, i.e., they suffine
limitation of regression techniques. BLIINDS-II was
shown to correlate highly with human subjective
judgments of quality on images distorted by several
common types of distortions available in the LIV@A
database, namely JPEG, JPEG2000, blur, additivée whi
Gaussian noise, and fast-fading channel distortitins
however, possible for a trained IQA algorithm to
encounter distortions for which it has not beernntd.
BLIINDS-II can be safely applied to images affected
distortion types that have been included in thénimg
phase of the algorithm (JPEG2000, JPEG, white naise
blur). Of course, we cannot claim that the algonittill
perform as well on distortions it has not encowdesince
the algorithm requires training. However, to stuuyw
robust the performance of BLIINDSII is when assegsi
distortions it has not encountered before, we peréal the
following experiment. We trained the algorithm dhbat
one distortion. Specifically, we left out the JPEGQ
distorted images from the training set, and mixexldther
distortions together in the training set. We thesteéd on
the JPEG2000 subset. We repeated this for eacheof t
other distortion subsets (JPEG, white noise, Gandslur,
and fast fading channel distortions). To make ttublem
even more difficult, we split the database accaydia
both content (80% for training, 20% for testing)hel
resulting SROCCs on each of the distortion typelsiciv
were not used for training, but were left out festing)
and which are completely content independent from t
training sets are shown in Table VIII. The resalte the
median SROCC obtained over 1000 iterations of rando
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train/test splits. Notice that, despite the spiittiain and differences in the simulated distortions presenttlie
test sets, the SROCC correlations obtained wedienigh databases. However, the correlations are still istergly
on all distortion categories except white noise clahis high. A scatter plot of the predicted MOS scorestlum
very different from the other distortions. TID2008 database as a function of the subjectiveSMO

scores of the database are shown in Fig.14.
Statistical Comparison on LIVE 104 Databage

— — TABLE VII
i T = = ! STANDARD DEVIATION OF SROCC AND LCC
L e ﬁ CORRELATIONS FOR 1000 ITERATIONS OF
\ 1 T T ‘ 1} RANDOMLY CHOSEN TRAIN AND TEST SETS
WL R A (S—— i — (SUBJECTIVE DMOS VERSUS PREDICTED DMOS)
E T ON THE LIVE IQA DATABASE
17k } ............ ........... T sl ‘ SR0CC ST ‘ LCCS ‘
| |
e I PSR SSU BQ DIVIVE BUDNDSA BLINDSI| PR S BAI DIVINE BLINDSI - BLINDSA
I SWE Prob. model S Prob. model
DS T ---------------------- : D0 O OS5 00D 00 00D | IS DM O OB1 04 002D
B pemES A R S 1 TABLE VIII
MEDIAN SROCC CORRELATIONS ON EACH OF
PSNR 55M il DIYINE BLINDS %M BLINDS-GGD THE LIVE |QA DATABASE DlSTORTlON SUBSETS
Fig.13. Box plot of LCC distributions of the algimins LEET OUT OF THE TRAINING PHASE AND USED
over 1000 trials for algorithm comparison on theVEl FOR TESTING, AND USING 80%/20% TRAIN/ TEST
IQA database. SPLITS OVER 1000 ITERATIONS. THIS
DEMONSTRATES THE ALGORITHM'S
1007 . ROBUSTNESS RELATIVE TO DISTORTIONS IT HAS
ooty .. NOT BEEN TRAINED ON, AS WELL AS LACK OF
o A ROBUSTNESS IF THE “UNTRAINED” DISTORTION
B LSty o, IS VERY DIFFERENT FROM THOSE IT WAS
o Fa e, St TRAINED ON
8 . . . .. .‘;.._J‘. .. ; ---' : : :
g o ST s JPEG2000  JPEG ~ White noise ~ GBlur  Fast fading
= so0f R A TR T
g .2 ‘-;,.. sl 09034 08971 01000 08514 08573
g 401 . r’*g l'-. .
{ ':' 1:9 .l_ .’. L .
30f R ...;5..:.._?; TABLE IX
20} o --_-.-"'-;.;5._ SROCC RESULTS OBTAINED BY TRAINING ON
ol b ;—:-ﬂ.i‘-' THE LIVE IQA DATABASE AND TESTING ON
Tt L. T TID2008
1 2 3 a5 s 7 BLINDS-l BLINDS-II
Subjective MOS PSNR  SSIM
Fig.14. Predicted DMOS versus subjective MOS on the (SVM) (Prob.)
TID2008 database. JPEG2000 | 08250 09603 09157 09147
C. Database | ndependence JPEG 0.8760 09354 0.8901 (0.8880

To study whether the algorithm is database nigpet,

. White noise | 0.9230 0.8168 0.6600 0.6056
we tested BLIINDS-Il (and the top performing full-

reference SSIM index) on a portion of the TID200tge GBlur 09342 0954 0.8500 0.8572
database. The database contains a large number of All 0.8700 0.9016 0.8442 0.8542
distortions, many of which pertain to color distons

(which is not dealt with in this paper). We testad the D. Algorithm Complexity

mixture of commonly occurring distortions presemttie Let m x k be the image dimension, and let nberthe
TID2008 database: JPEG2000, JPEG, Gaussian noige, a dimension of the blocks from which the model-based
blur. We trained BLIINDS-II on the LIVE IQA databas features are extracted (in our algorithm n = 5)eTlthe

and tested it on the same distortions in the TIB200  computational complexity of the algorithm is of toeer
database. We report SROCC results in Table IX. The of m x kirf xrflogn = m x k x logn. The computational
SROCC of BLIINDS-Il dropped because of the complexity is determined by computation of the DCT
transforms and of parameter estimation of the geized
International Journal of Scientific Engineering and Technology Resear ch
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Gaussian model. Fast algorithms exist for DCT
computation. These are of the order édgn), where n is
the dimension of the block (i.e., the block is nnkx
Parameter estimation of the generalized Gaussiahtlse
order of computing moments of the data within ealcick

(O (), and of numerically estimating the shape
parametery. From empirical data of natural scenes, it is
observed that 0 9 < K. We set K = 10, since was
observed to be <<10. The interval [0, K] was piantied in
steps of size;, and the parameter was determined by
solving an inverse function by numerically sweepthg
interval [0, K] in increments of size The complexity of
such an operation is on the order O (log)jl/ € was
chosen to be 0.001, and hence log)(¥k min (m, k). The
algorithm is also highly parallelizable because @a@
perform computations on the image blocks in pdraile
further computational advantage can be attained by
bypassing DCT computation when DCT coefficients are
readily available from an encoder. We envision tttnet
BLIINDS-II approach may also be extendable to sdesa
involving DCT-like transforms such as the H.264egwr
transforms.

V1. CONCLUSION

We have described a natural scene statisticeimbsed
approach to the no-reference/blind IQA problem. hbe
NR-IQA model uses a small humber of computationally
convenient DCT-domain features. The BLIINDS-II
algorithm can be easily trained to achieve excellen
predictive performance using a simple probabilistic
prediction model. The method correlates highly with
human visual judgments of quality. BLIINDS-II anbdet
recent no-reference DIIVINE have similar prediction
performance results. Both algorithms have limitagiolThe
main limitation of these types of “learning based’
algorithms is that they require training to learne t
prediction parameters(i.e., they suffer regression
limitations). Consequently, if these algorithms &reéned
on a subset (of all possible) image distortionsntthese
algorithms are expected to perform well on theadtsins
they have encountered during training, or on digtos
that affect images in a similar manner to the ones
encountered during training. We leave the design of
effective no-reference methods that are completelg
reliant on training as challenging future work. Tdhere
significant design differences between DIIVINE and
BLIINDS-Il.  DIIVINE wuses a dense complex
representation of images in the wavelet domain and
extracts a large number of features to train tvemes$ of
the algorithm: 1) a nonlinear SVM training for
classification and 2) a nonlinear SRV training for
regression within each class. Given M assumed
distortions, DIIVINE requires M distortion-specifguiality
assessment engines to be trained and applied. Hence
DIIVINE does not directly accomplish multi-distati
QA. Instead, it computes a probability-weightede#n
combination of single-distortion QA predictions.
BLIINDS-II adopts a much simpler representationuses
a lower dimensional feature space and a simplaglesin
stage (Bayesian prediction based) framework opeyat

a more sparsely sampled DCT domain. There is oné/ 0
QA engine in BLIINDS-II that does the multi-distimm
QA. Thus, the feature-DMOS relationship is muchgan
in BLIINDS-II.

In addition, the DIIVINE index and the BLIINDi&dex
target essentially different application domainsheT
DIIVINE index, by a two-stage strategy, enables the
identification of distortions afflicting the imag&his is
not only valuable for accomplishing directed qualit
assessment but also for identifying image distogito be
repaired. This is accomplished at considerable
computational expense using a much larger feaetrarsd
sophisticated learning mechanisms. By comparisbe, t
BLIINDS index is designed to achieve the speed and
performance required by a quality assessment #hgori
operating in a high speed video network. It accashpks
this via a simple one-stage QA process using alsmal
number of NSS features that are easily computet o
small (sub sampled) number of fast DCT coefficients
using a very simple probabilistic classifier. Iretfuture,
we envision NSS-based QA algorithms that use
spatiotemporal features for video-QA and NSS-depth
features for stereo-QA. These may efficiently opelia
the DCT domain like BLIINDS-II.
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