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ABSTRACT

Reduced-reference (RR) image quality assessment (1QA) intendsto utilize
less information of the reference image and yield higher evaluation
accuracy. In thispaper, anovel RR-1QA metric that measures differences
between the energy in reorganized discrete cosine (RDCT) domain of
reference and distorted images as perceived by Human is presented.
Firstly, we decompose an image into ten sub-bandsin this new frequency
domain. Since RDCT representation exhibitsstructural similarities between
sub-bands, and can mimic the function of Human Visual System (HVS).
Secondly, we extract features from the ten sub-bands by analyzing what
are the key elements that influence subjective quality. Finally, we fuse
these extracted features based on the principal that we exert different
importance in accordance with the different impact each individual sub-
band plays on the perceptual quality. Experimental results demonstrate
that the proposed metric outperformsthe state-of -the-art (RR) 1QA metrics
and even the full-reference (FR) IQA metrics SVD and SSIM. What is
more, compared with many existing RR | QAs, the proposed metric earns
obvious superiority in terms of the amount of its required information
fromreferenceimage and computational complexity.
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INTORDUCTION

Itisaprevailing tendency that awiderangeof in-
formation exchange, particularly in theform of image
and video transmission will beasignificant and chang-
ing task inthe daysto come. For thereason that signal
will bedistorted asaconsequence of thelimited trans-
mittal condition, Sowehaveto accurately evd uatethe
quality of thedistorted images, towhat extentitisdis-
torted in comparison with thereferenceimage. Aswe

know, human eyesaretheultimatereceivers, hencethe
most accurate method of measuring thequaity of im-
ageissubjectiveimage quality assessment (IQA). In
practice, however, subjective QA istoo inconvenient
cumbrous and time-consuming. Asaresult, ametric
enabling automatically to measureimage’s perceptua
quality should be developed and amédiorated.
Objectiveimage quaity metrics can beclassified
into three categoriesin accordance with theamount of
informeation used for predicting subjectivequdity. Most
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prevaent approachesareknown asfull-reference (FR)
IQA, indicating that a complete reference image is
known. In practica applications, however, al theinfor-
mation of referenceimageisnot accessible. Hence, re-
duced-reference (RR) 1QA havebeen devel oped which
merely requireafraction of imageinformation. No-ref-
erence (NR) 1QA should also haveto be devel oped at
theworst condition that none of the referenceimage
informationisavailable.

Thesmplest FR metricsarethemean squareerror
(M SE) andthepegk signal-to-noise (PSNR). MSE and
PSNR are prevaently adopted for itssimplicity and
clear meaning. However, thesetwo IQAsmerely take
thedifferenceintermsof pixd intendty into consider-
ation, disregarding the perception properties. Asacon-
sequence, thelr performanceswill benegative. Thestruc-
turesimilarity (SSIM) index® was devel oped which
considersthat eyesare sensitiveto the structural dis-
tortion and proved to earn superiority tosomeFRIQAS.
Eskicioglu et al. utilized the singular value decom-
position theoremto measurethequdity of images, and
yielded satisfactory results.

Asacompromise between FR and NR, RR 1QA
indicesareformulated to eva uate the perceptual qual-
ity by meansof using partial information of therefer-
enceimages. Figure 1 showsthefundamenta structure
of theRR model. Animagexistransmitted to there-
celver sideviaatransmission channel which probably
evokes x to be a distorted one 'y, the feature which
denote as X of image x extracted at the sender sideis
sent to the receiver side without distortion hypotheti-
cally, then extract the feature of the distorted
image Yy denoted Y at the receiver side, the rigorous
mathematica analysisof the difference between xand
v indicatesthe discrepancy in perception quality. Fi-
nally we get the predicted quaity scores. Ingenerd, a
good RR QA should achieve agood tradeoff between
theamount of information and prediction accuracy. To
some degree, the moretheamount of referenceimage
information isrequired, thehigher theaccuracy will be.

A RR QA metric*” based on the average direc-
tional information, which isobtained from complex
wavel et coefficient whichisderived from shift invari-
anceand multi-directiona selectivity, thentheinter-co-
efficient product iscomputed to indicate the feature
orientation and feature strength. Another metrici! ad-

vocated that image understanding mainly caused by the
distortionson primary visua information; hencethey
computed thequantitiesof thedecisivevisua informa
tion and residua uncertainty to predict the subjective
quality, and Zhang presented aRR IQA by calculating
the discrepancy of Statisticsin edgeregion. A metric
based onthe RDCT extracted thefeature by cal culat-
ing city-block distance, mutud information andthera-
tio of different frequency information showsexcellent
performance. In 2011, ametric named RR-PCA was
developed, it transformed pixel informationinto anew
domanwhichrepresentstheorigind datasoldy interms
of the eilgenvectors. The mean gradient valueswere
cd culated from thetransformed datausi ng edge detec-
tion methods based on the Sobel-operator and utilized
thisfeatureto measurethe degree of image distortion.
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The remainder of this paper isorganized asfol-
lows. In part two, we give the detailed explanation of
the proposed metric, and then extensive experimental
invaidationandrelated andysisisfollowedin part three.
Ultimately, conclusionsaredrawnin part four.

PROPOSED RRIQA INDEX

Reor ganization of DCT

Asfar asthe representation of animageis con-
cerned, theluminance of imageismore decisivecom-
pared with chrominance. Consequently, we convert
imagesintoluminancespace. Spatid informationof Sgna
canembody theintensity and someother important prop-
erties, but it can not reflect the frequency information
being essentia for signal anaysis. Asaresult, wede-
composean imageinto athree-level coefficient tree,
and the specific stepsare shown asbel ow

Animagewiththesizeof M x N (M standsfor its
height, N standsfor itswidth) canbedividedinto g x h
non-overlapping blockswhosesizeiss« s, gisequal
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M. . N
to floor (g) ,hisequal to floor (g) . Therear columns

and rows whose number isless than 8 can be elimi-
nated for the purpose of cal culation convenience, be-
cause, to somedegree, thislossdo notimpact the over-
dl imageundergandingat dl. Anindividua DCT coef-
ficient block isdecomposed into ten sub-bands manu-
aly, asshownin Figure2(a). For thesub-bandsO0, 1, 2
and 3, each sub-band only containsone DCT coeffi-
cient. For the sub-bands 4, 5 and 6, each sub-band
containsa 2« 2 DCT cogfficient matrix. And for thesub-
bands 7, 8 and 9, each sub-band containsa 4x 4 DCT
coefficient matrix. After the decomposition, the same
sub-bands of all the gxg blocksare grouped and or-
gani zed together accordingto their corresponding co-
ordinate. Ultimately, the block-based DCT coefficients
arereorganizedintothree-level coefficient tree. InFig-
ure2(b), s,indicatesthe grouped sub-band whose unit
isseparated fromanindividua sx 8 coefficient matrix.
Figure 2(c) showsthe original luminance picture of
‘womanhat’, and the RDCT representation of thispic-
tureisillustrated in Figure 2(d). It can beclearly ob-
served that the RDCT representation appearslikea
wavel et representation, which shows the anal ogous
structurethat the coefficientson thetop left corner im-
ply image’slow frequency, when the di stance adjacent
to therow right corner getscloser, whichindicatesthe
information of imagehigh frequency isascending. More-
over, TheRDCT representation ismoreefficient for
the RR metricsdesignthan wavelet andysis.

Featureextraction and fusion

From theanalysis presented above, we decompose
animageinto RDCT domain, and assume sub-bands
S, S, S, ands, asacollectivewhich mainly embodies
thelow frequency information of animage. Heres,

standsfor theimage’sdirect current (DC) information
and the most basic structure of theimageis presented
by this coefficient matrix, coefficient matrixes

S, S, S, sandfor low frequency information. Similarly,
we assume sub-bandss,,s,, S, and sub-bands
S.,S,, S astwo separated collectives, they embody the
image’smedian frequency and high frequency informa
tion respectively. From another perspective, the sub-
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Figure2: (a) 8x8 block-based DCT coefficient matrix; (b)
Reor ganized DCT decomposition sub-bands; (c) Original lu-
minanceimageof "womanhat’; (d) RDCT r epr esentation of
original image
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bands §,S,,S, stand for theimage’s horizontal infor-

mation and sub-bandss,, S,, S, stand for the image’s
verticd information. Psychologicd studiesprovidesolid
evidenceinfavor of theegqua importanceof thesetwo
orientation information, hence horizontal and vertical
information can be combined appropriately. Sub-
bandss,, s,, S, stand for theimage’sdiagonal informa-
tion and aso play animportant roleintheinterna rep-
resentation of image. Wedefinethe energy for anindi-
vidual sub-band as
1
mx”‘sz_lloc l|c|+1) )

wherey denotesthereorgani zed sub-band index rang-
ing from 0 to 9, ¢ presents energy information of
they» sub-bandsrespectively; ¢ denotesthe coefficient
in the k" sub-band, and m,n denotes the height and
width of the corresponding sub-band respectively. In
other words, theenergy information of animage can be
interpreted by the sub-bandsinthe RDCT domainin-
directly. Thedistance of two corresponding sub-bands
can bedefined as

d.:

+D—

el )
zzq L5

where g and &' denote the energy of reference and
distorted imagesinthek” sub-band respectively. Con-
sequently, we can extract ten features that represent
the change of image energy information.

The problem that lies ahead is how best to fuse
thosetenfeaturesto asinglefeatureastheultimaeeva u-
aioncriterion. Itisatruth that the sub-band § embod-
iesthemost fundamental information of image’sstruc-
ture. What’smore, if areferenceimageisnot distorted
to theextent that we can hardly distinguish, wecan as-
sumethesedistorted imagesstill earn high similarity in
thesub-band S,. Based onthisfact, we can eliminate
theminer effect of thissub-band. Asmentioned above,
human eyespresent Smilar sengtivity totheimplication
of thediagonal and vertical informationin animage,
what ismore, S,S, areinthe same collective repre-
sentingimage’slow frequency information. We define
m, asthefusion of the energy information of sub-band
s, ands,.

XN ;

m, =274
1=, 3

Hereweaefi nethefirst effectivefeatureas

et +et o +ef

2;_- > | @

& =

Thenwedefine f, asthe second feature by calculating
thedistance of thefourth sub-band’senergy of arefer-
enceanditsdistorted edition.

fa=le;® —e;” ®)
Continuoudly, weanayzethe distance of the next three
sub-bands energy for different images, thesethreefea-
turesisdemondtrated that the efficiency to predict sub-
jectivequdity islow in comparison with that of the oth-
ers. For the sack of feature’stransmission efficiency,
weeiminatethisenergy information of thesethree sub-
bands. We fuse the rest three sub-bandsin high fre-
guency domaininto two features. Thedistance of aver-
ageenergy of sub-band S, and S, denoted as f, actsas
thefusion of theﬁetvvo features

diz diz
. ® te e, +e
fo = m3E . :

_f”fi: = 7 _ =7 ‘ (6)
2 2
Wedefine f, which measuresthe distance of sub-band
S, for areference and itsdistorted one asthelast fea-

ture.

fo=le,® —ey U
Thus, we get afemurevector F consistingof f,,f..f.,
f,anditcanbedenotedas g ={f,.f,.f,.f,}

Ultimately, wedefineQ astheoverdl objectivequa-

ity, andit’sgiven by

4
D A, ®
i=l
where, istheweight factor, which can bedenoted as

: dir
myE —my |=

Q:

A={4 Ii/li =13. Obviously, thehigher /, is, themore

importantly thei™ feature f, playson perceptual qual -
ity. For white Gaussian noisedistorted image, the addi-
tion of noise obeying gaussdistribution evokesthein-
crease of image’s high frequency, consequently, the
valueof 1, will be comparatively bigger. And for im-
ageslosing low frequency information, thevaueof 4,
and 4, will bebigger.
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EXPERIMENTAL RESULTS

Database and performanceassessment criteria

We conducted experiments on the largest and
very authoritative image quality database, namely
Laboratory for Imageand Video Engineering (LIVE)
image database. LIV E database containsfive differ-
ent distortion typesincluding JPEG, JPEG2000, ad-
ditive white Gaussian noise (WN), Gaussian blur
(GBLUR) and bit errors dueto the transmission of
JPEG2000imagein afast fading channd (FF). There
are 779 distorted imagesall acrossall thedistortion
categoriesintotal. Each distorted image has a sub-
jectiveindex, caled DMOS, whichisderived from
subj ective experiments. It can be considered that these
subjective scores are absol utely correct. Asaresult,
the measurement of obj ective assessment performance
isto measurethe cons stency between objective qual-
ity and subjective quality. Wefollow the performance
eva uation procedureintroduced intheVideo Quality
Experts Group (VQEG) HDTYV test. Herewetake
v, astherepresentative of perceptua quality index of
the i distorted image. The four parameter
{b,.b,,b,,b,} monotoniclogisticfunctionisemployed
tomap x intov.

( ©)

l+e
where x denotes the objective quality, v, isthe pre-
dicted subjectivevaue. Thecorresponding four param-
etersare confirmed by minimizing thesum squared dif-
ferencesbetween v, and theorigina subjectiveDMOS.
After thenonlinear mapping, we usethefollowing three
evauation criteria: (1) Pearson linear correl aion coef-
ficient (CC), which eva uatesthe accuracy of predicted
quality; (2) Spearman rank-order correl ation coefficient
(SROCC), which evauatesthe prediction monotonic-
ity; (3) root mean square error (RM SE), which mea-
suresthedifference betweentheredistic subjectivevdue
and the predicted subjective quaity after nonlinear re-
gression.

Asmentionedinthepreviouspart, different types
of distortionisequipped withitsownweighting param-
eters, the specific all ocation of these parametersisthat
theweightsfor JP2K form 4, to 4,are 0.6,0.1,0.3,0;
weightsfor JPEG imagesare 0,0.8,0.2,0; weightsfor
WN are0,0,0.1,0.9; weightsfor GBLUR images are
0,1,0,0 and as to FF distortion, the weights are
0.2,0.7,0.1,0.

TABLE 1: Performanceof | QA indiceson livedatabase

Distortion Metrics RR FR
Type Criteria Proposed RR-PCA RR-VIF RR-RDCT RR-Edge SSIM SvD
o 09433 09340  0.9320 0.8983 0.9300 09481 0.9110
JPEG2000 SROCC 09381 09121  0.9500 0.8912 09230 09432 0.8949
RMSE 53758 93802 58110  11.0511 92800 51509  10.72
cc 0.9458 09040  0.8951 0.9528 0.8760 09346 0.9088
JPEG SROCC 09089 08471  0.8851 0.9520 0.8510 09075 0.8221
RMSE 51017  17.6201  7.1482 9.7660 77110 56882  19.07
cc 09702 09802  0.9570 0.9275 09260 09684 0.9751
WhiteNoise ~ SROCC 09656 09810  0.9461 0.9093 09160 09565 0.9738
RMSE 3.8663 53301  4.6582 10.4711 10580  3.9844  6.5600
ce 09634 07773 09501 0.9459 09530  0.8969 0.4809
GaussanBlur SROCC 09643 06694  0.9614 0.9525 09530 09144 0.4492
RMSE 42147 138420  4.6601 5.8801 56220 69818 17.15
ce 09360 09230  0.9442 0.9437 09220 09527 0.8230
Fast Fading SROCC 09347 09260 09411 0.9204 09160 09525 0.8240
RMSE 57861 147321  5.4241 9.2770 11030 50014 10.72
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Performance comparison

We makeacomparison between the proposed RR
IQA over individual distortion with some excellent
metricsin LIV E imagedatabase. Onthewhole, TABLE
1 presentsthat the proposed method perform better (in
three aspects) than five RR schemes and two FR
schemes. We concludeour proposed metric correlates
well with thesubjectivequdity. Thechangeof energyin
RDCT domain has been greatly proved to have high
efficiency inthisstudy. For thetwo FR schemes, we
can observethat the metric@ based on Singular Value
Decomposition (SVD) performvery well onthewhite
noisedigtortion, and compardively inferior inother dis-
tortion types, and SSIM (Wang, Z.andA. C. Bovik,
2004) excels on the white noise distorted images as
SVD does, thereason for thiscauseisthat theaddition
of whitenoiseto referencewill evoke more obvious
change of image statistical property inalocal region
and the coreideaof SSIM isto measurethe change of
image structurerealized by basiclocd statistical prop-
erty. Obvioudly, the proposed metric issuperior to the

. f k e
(a) JPZK (b) IPEG
5; . ’/HL’ LR
@ . _{;ﬁ‘,’- ¥
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g

(e) FF
Figure3: Scatter plotsof DM OSver susobjective quality
over thefivecategoriesof distortions
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two FR-IQAswhich arenot practical in the context of
our largest application of image streaming over wire-
less networks. RR-PCA™ s observed that its perfor-
mance shows outstanding resultsfor the eva uation of
JPEG2000 and FF digtortion, especidly for whitenoise.
RR-RDCT earnsan extremdy satisfactory performance
on JPEG that isconstantly difficult to beevaluated ac-
curately in most circumstances. RR-PCA™ and RR-
Edgemetricsalsofail to outperform the proposed al-
gorithm.

Scatter plots shownin Figure 3 demonstrate our
proposed metricishighly consistent with perception
quality over thefivedistortion types, andit solidly dem-
ongratesthat the proposed methodsexhibit highly com-
petitive performancein maost cases concerning the spe-
cificdistortiontypes.

CONCLUSION

In this paper, the change of energy in RDCT do-
mainisintroduced to develop anovel RR IQA method,
Experimental result on L1V E database showsthe pro-
posed metric exhibitssatisfactory correlation with sub-
jectiveevauation over awiderangeof distortion types.
Abovedl, the complexity of the proposed metric and
theamount of featureinformation system needsissu-
perior to most of theexisting RR metricsHowever, its
functionistill deserved to be studiesfurther intermsof
the specificimpact it playson Human Visua System.
Thechangeof energy in RDCT domainwill befurther
applied to theresearch of NR IQA and video quality
assessment.
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