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Structuralsimilarity quality metricsin a coding
context: exploring the spaceof realisticdistortions
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Abstract— Perceptual image quality metrics have explicitly
accountedfor human visual system(HVS) sensitivity to subband
noise by estimating just noticeable distortion (JND) thr esholds.
A recentlyproposedclassof quality metrics, known asstructural
similarity metrics (SSIM), modelsperception implicitly by taking
into account the fact that the HVS is adapted for extracting
structural information fr om images.We evaluate SSIM metrics
and compare their performance to traditional approachesin the
context of realistic distortions that arise fr om compressionand
error concealment in video compression/transmissionapplica-
tions. In order to better explore this space of distortions, we
proposemodelsfor simulating typical distortions encountered in
such applications. We compare speci�c SSIM implementations
both in the image spaceand the wavelet domain; these include
the complex wavelet SSIM (CWSSIM), a translation-insensitive
SSIM implementation. We also proposea perceptually weighted
multi-scale variant of CWSSIM, which intr oduces a viewing
distance dependenceand provides a natural way to unify the
structural similarity approach with the traditional JND-based
perceptual approaches.

Index Terms— Err or concealment,human perception, image
quality, structural similarity , video coding, video compression.

I . INTRODUCTION

M OST existing objective �delity metrics comparethe
referenceand distorted images on a point-by-point

basis, whether this is done in the original image domain,
as in meansquarederror basedmetricssuchas peak signal
to noise ratio (PSNR), or in a transform domain, such as
the perceptuallyweightedsubband/wavelet or discretecosine
transform (DCT) domain [1]. The most advancedof these
metrics are basedon low-level modelsof the HVS. On the
other hand, a recently proposedclass of quality metrics,
known asStructuralSIMilarity (SSIM) [2], accountsfor high-
level HVS characteristicsandallowssubstantialpoint-by-point
distortionsthatarenotperceptible,suchasspatialandintensity
shifts, as well as contrastand scalechanges.Our goal is to
evaluateSSIM metricsand to comparetheir performanceto
traditional approachesin the context of realistic distortions
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that arise from compressionand error concealmentin video
compression/transmissionapplications.In orderto explorethis
spaceof distortionsin an ef�cient andsystematicmanner, we
proposemodelsfor simulatingtypical distortionsencountered
in suchapplications.

Perceptualimagequalitymetricshavereliedonexplicit low-
level modelsof humanperceptionthat accountfor sensitivity
to subbandnoiseasa function of frequency, local luminance,
and contrast/texture masking [1], [3]. Typically, the signal
is analyzedinto components(e.g., spatial and/or temporal
subbands),and the role of the perceptualmodel is to provide
the maximumamountof distortion that can be introducedto
eachcomponentwithout resultingin any perceiveddistortion.
This is usuallyreferredto asthejustnoticeabledistortionlevel
or JND. While thesemetricsweredevelopedfor near-threshold
applications,they have alsobeenusedin suprathresholdappli-
cations[4], [5]. Themainideais to normalizethedistortionby
the JND [6], [7]. More systematicstudiesof the suprathresh-
old casehave been conductedby Hemami et al. [8]–[11].
However, while perceptualmetrics can successfullyaccount
for subband(frequency) dependenceof the HVS sensitivity
to noise and contrastand luminancemasking, they cannot
accountfor imperceptiblestructuralchanges,suchas spatial
shifts, intensityshifts, contrastchanges,andscalechanges.

The SSIM metrics[2] arebasedon high-level propertiesof
theHVS, but employ no explicit modelof the HVS. They are
derived from assumptionsabout the high-level functionality
of the HVS, and in particular, accountfor the fact that it is
adaptedfor extracting structural information (relative spatial
covariance) from images. Thus, they can more effectively
quantifysuprathresholdcompressionartifacts,assuchartifacts
tendto distortthestructureof animage.EventhoughtheSSIM
metricsarenot basedon explicit modelsor measurementsof
HVS sensitivities, they implicitly accountfor importantHVS
propertiessuch as light adaptionand masking, in addition
to the perceptionof imagestructure[2]. However, while the
SSIM metricshave beenshown to have a numberof desirable
properties,they have not beensystematicallystudiedin the
context of imageandvideo compressionartifacts.

In an increasingnumber of applications,such as video
transmissionover bandlimited and noisy channels,there is
a need to achieve very high compressionratios. In such
cases,a certainamountof perceiveddistortionis unavoidable.
Thus, there is an increasedneed for quantitative objective
measuresof perceiveddistortion.In this paper, we examinethe
performanceof SSIM metrics for suchsuprathresholdvideo
transmissionapplicationsand comparetheir performanceto
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traditionalapproaches.
In typical video transmissionapplicationsoneencountersa

variety of distortionsdue to sourcecoding(quantization)and
packet losses,which areconcealedby differenttechniques.In
order to isolatethe different typesof distortion,analyzetheir
severity (as perceived by the HVS), and evaluatehow well
they correspondto metric predictions,we proposemodelsfor
typical distortion artifactssuchas DCT coef�cient quantiza-
tion, spatial interpolationconcealment,temporalreplacement
concealment,and DC coef�cient loss. These models can
be used to generatetypical video coding and concealment
artifactsusingstill images,which considerablysimpli�es the
computationalcostfor thesimulations,andprovides�e xibility
in isolating and controlling the severity of speci�c types of
distortions.We demonstratethat thesemodelsmake it easy
to explore the spaceof realistic distortions,and provide an
invaluabletool for metric developmentandevaluation.

We comparespeci�c SSIM index implementationsboth
in the image space and the wavelet domain. These in-
clude the complex wavelet SSIM (CWSSIM), a translation-
insensitive SSIM implementation.We also proposea percep-
tually weighted multi-scale variant of the complex wavelet
SSIM (WCWSSIM). We show that the perceptualweight-
ing is necessaryfor distortionsthat are critically dependent
on viewing distance,such as white noise and DCT-based
compression.Moreover, it provides a natural way to unify
the structuralsimilarity approachwith traditional JND-based
perceptualapproaches.Our experimentalresultsindicatethat,
while structuralsimilarity metrics– andespeciallythe CWS-
SIM and WCWSSIM – provide signi�cant advantagesover
traditional approaches,they also have important limitations.
We believe that the proposeddistortion modelswill be the
key to addressingsuchlimitations.

The paperis organizedasfollows. In SectionII, we review
traditional perceptualmetrics. In Section III, we review the
motivation, development,and theory behind structural met-
rics, and discusstwo speci�c implementations,SSIM and
CWSSIM.SectionIV describesthe resultsof usingstructural
metricsto assessimagequality of a variety of suprathreshold
distortions.In SectionV, we proposemodelsof sourcecod-
ing and error concealmentdistortionsin video compression,
and evaluate SSIM techniques;we also extend CWSSIM
to account for viewing distance,and show that there is a
naturalway to unify the SSIM approachwith the JND-based
perceptualapproaches.

I I . REVIEW OF PERCEPTUAL METRICS WITH EXPLICIT

V ISUAL MODELS

In this sectionwe review perceptualmetricsthat have been
developedfor imagecompressionapplications.Suchmetrics
incorporateexplicit modelsof the HVS that accountfor the
spatial contrast sensitivity function, contrast masking, and
luminancemasking [1], [3]. They are typically basedon a
multiscalefrequency decompositionsuchasa discretewavelet
transform(DWT), subbanddecomposition,or discretecosine
transform(DCT). For eachsubbandcoef�cient, a noisevisibil-
ity thresholdt(i; k) is obtainedthat representsthe amountof

noisethat canbe addedto the coef�cient without resultingin
any perceived distortion.This is the just noticeabledistortion
level or JND. Here k denotesthe subbandindex and i the
coef�cient location in the (possibly downsampled)subband
image.The imagedistortion is thencomputedas follows:
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whereb(i; k) is thesubbandcoef�cient of thereferenceimage,
b̂(i; k) is correspondingcoef�cient of thedistortedimage,and
t(i; k) is the visibility threshold.The value of Qs can be
basedon psychophysicalexperiments.In this paper, we will
useQs = 2, as in [6]; for a discussionof other choices,see
[1] and referencestherein.Note that when the differenceof
two coef�cients is below the visibility threshold,the noise
is invisible no matterwhat the actualvalue of the difference
is; otherwise,the differenceis normalizedby the JND. The
thresholdt(i; k) is the productof threeterms

t(i; k) = tb(k) � l (i; k) � t (i; k) (2)

where tb(k) is the baselinesensitivity threshold,� l (i; k) is
the luminancemaskingadjustment,and � c(i; k) is the con-
trast masking adjustment.If we combine the two masking
adjustmentsinto � m (i; k) andassumethat we are in a supra-
thresholdregime, the image distortion can be expressedas
follows:
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This is illustratedin Fig. 1.
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Fig. 1. Perceptualquality metric

In order to be consistentwith the traditionalPSNR(where
PSNR = 10log10(2552=MSE)), we expressthe perceptual
metric in termsof “visual decibels(dB)” [1], [12]. We de�ne
the “masked PSNR” or “perceptualPSNR(P-PSNR)”as

P-PSNR= 10 log10
2552

D 2
p

: (4)

Note that the maximum value P-PSNRis 48:13 dB, which
resultswhen all the terms in (1) are equal to 1, and hence
Dp = 1.

In this paper, we will usethemetric developedby Safranek
and Johnstonfor subbandcoders [6], which we found to
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have thebestperformanceamongothersimilar metrics[5]. A
detaileddescriptionof the other metricscanbe found in [1].
We will assumea �x edviewing distanceof six imageheights.
Even though the Safranek-Johnstonmetric was developed
for near-thresholdapplications,it can also be usedin supra-
thresholdapplications[4], [5]. More systematicstudiesof the
suprathresholdcasecanbe found in [8]–[11].

I I I . STRUCTURAL APPROACH TO IMAGE QUALITY

MEASUREMENT

A. SSIMReview

Themotivationbehindthestructuralsimilarity approachfor
measuringimagequality is that the HVS is not designedfor
detectingimperfectionsand “errors” in images.Instead,the
HVS hasevolved so that it can do visual patternrecognition
in orderto beableto extract thestructure or connectednessof
naturalimages.Basedonthisobservation,it makessensethata
usefulperceptualquality metricwould emphasizethestructure
of scenesover the lighting effects.The ideathat imagequality
metricscanbecreatedon thebasisof this philosophywas�rst
explored in [13] and then modi�ed, implemented,evaluated,
and developed in [2]. The structural similarity approachis
mostly insensitive to the distortions that lighting changes
create:changesin the meanandcontrastof an image.On the
other hand,the structuralapproachis sensitiveto distortions
that breakdown naturalspatialcorrelationof an image,such
asblur, block compressionartifacts,andnoise.

As describedin [14], the structuralphilosophycan be im-
plementedusinga setof equationsde�ning the SSIM quality
metric in imagespace.Luminance,contrast,andstructureare
measuredseparately. Given two images(or imagepatches)x
andy to be compared,luminanceis estimatedasthe meanof
eachimage

� x =
1
N

NX

n =1

xn ; (5)

contrast is estimatedusingstandarddeviation as

� x =
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u
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andstructure is estimatedfrom the imagevectorx by remov-
ing the meanandnormalizingby the standarddeviation

&x =
x � � x

� x
: (7)

Then, the measurements� x ; � y ; � x ; � y ; &x ; &y are combined
using a luminance comparisonfunction l(x; y ), a contrast
comparison function c(x; y), and a structure comparison
function s(x; y) to give a compositemeasureof structural
similarity:

SSI M (x; y) = l (x; y ) � � c(x; y ) � � s(x; y ) 
 ; (8)

where �; � ; 
 are positive constantsused to weight each
comparisonfunction.

The comparisonfunctionsaregiven as:
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wherehi is the inner-productoperatorde�ning thecorrelation
betweenthe structureof the two images.

In this paper, we follow theexamplein [2] setting� = � =

 = 1 andC3 = C2=2 to get thespeci�c SSIM quality metric

SSI M (x; y) =
(2� x � y + C1)(2� xy + C2)

(� 2
x + � 2

y + C1)( � 2
x + � 2

y + C2)
: (12)

B. Complex WaveletSSIMReview

As suggestedin [15], it is straightforward to implementa
structuralsimilarity metric in the complex wavelet domain.
As morewavelet-basedimageandvideocodingtechniquesare
cominginto use,it makessenseto beableto implementimage
quality metrics in this domain.In addition, if an application
requiresanimagequality metric that is unresponsive to spatial
translation,this extension of SSIM can be adaptedso that
it has low sensitivity to small translations.This requiresan
overcompletewavelet transformsuchasthesteerablepyramid
[16], for which phaseinformation is available. Fig. 2 shows
a exampleof sucha decompositionwith threescalesandfour
orientations.Note the octave spacingof the radial subbands.

Given complex wavelet coef�cients cx and cy that corre-
spondto imagepatchesx andy that arebeingcompared,the
complex wavelet structuralsimilarity (CWSSIM) is given by:

CW SSI M (cx ; cy ) =
2j

P N
i =1 cx;i c�

y ;i j + K
P N

i =1 jcx;i j2 +
P N

i =1 jcy ;i j2 + K
;

(13)
whereK is a small positive constantsetto 0.03 in this paper.
This equationdiffers from (12) becausethe wavelet �lters we
use (with the exceptionof the baseband)are bandpass(i.e.,
they have no responseat zero frequency), thus forcing the
meanof the wavelet coef�cients to zero(� x = � y = 0). Note
alsothat in (13) we have substitutedtheexpandedexpressions
for � xy , � x , and � y .

The overall similarity of two imagesis estimatedas the
averageof theCWSSIMmetricvaluesoverall spatiallocations
andsubbands(or a subsetof the thesubbands,e.g.,oneradial
bandandall angularbands).In the following experiments,we
computetheCWSSIMmetricusingatwo-scale,16-orientation
steerable�lter decomposition(asin [15]), andaverageoverall
the subbandsexcept the high-passones(as opposedto [15],
which usesthe secondscaleaveragedover all orientations.)

WangandSimoncellinotethatthewaveletcoef�cient phase
is the key factorthat determinesthe resultsof CWSSIM: “the
structuralinformation of local imagefeaturesis mainly con-
tainedin therelativephasepatternsof thewaveletcoef�cients”
[15]. Linearanduniform phasechangescorrespondto lighting
(brightnessandcontrast)distortionsto which CWSSIM is not
sensitive becausethestructure is not perturbed.Phasechanges
that vary irregularly from onecoef�cient to the next produce
structuraldistortionand thereforelow CWSSIM.
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Fig. 2. SteerableFilter Decomposition(3 scales,4 orientations).

IV. USING SSIM TO ASSESS IMAGE QUALITY

A. SuprathresholdEffectiveness

Structuralsimilarity candistinguishbetweenstructuraland
non-structuraldistortions,giving resultsthat agreewith per-
ception visibly distortedimages(suprathresholddistortions).
Thestructuralsimilarity metricstake valuesfrom in the range
from 0.0 to 1.0, where zero correspondsto a loss of all
structuralsimilarity and one correspondsto having an exact
copy of the original image.1

An exampleof the effectivenessof structuralsimilarity in
measuringsuprathresholddistortionis depictedin Fig. 3. The
original imageis shown in the upper left, then � ve distorted
imageswith equalPSNR,including JPEGcompression[17],
blur, Gaussianwhite noise,meanintensityshift, andcontrast
stretch distortions. Note that the perceived quality varies
substantiallyfrom the quantizedand blurred images(worst),
to the noise image, to the meanand contrastmodi�cations
(best).Both structuralsimilarity metrics,SSIM andCWSSIM,
compute image quality measurementsthat correspondwell
with the idea that changein lighting (mean intensity shift,
contrast stretch) has little impact on image quality, while
changesthat affect local relationshipsbetweenpixelsseverely
degradeimagequality. The last threeimages(rotation,zoom,
and spatialshift) have lower PSNRbut the perceived quality
is aboutashigh asthatof theothertwo imagesin the bottom
row. The SSIM fails to predict the quality of these three
imagesbecauseof its sensitivity to translations,while the
CWSSIM doesquite well, as it has low sensitivity to small
translations.The �gure also shows the WCWSSIM, which
will be discussedin SectionV-D. Note that small amounts
of scalingand rotation can be locally approximatedas small
translations[15]. In addition,theCWSSIMdoesa muchbetter
job at predicting the relative quality of the noise, blur, and
JPEGimagesthantheSSIM, becauseit is implementedin the
subbanddomain,andconsidersdistortionsat differentscales.

The P-PSNRpredicts the quality of the �rst four images
quite well,2 doesworsewith the contraststretch,and poorly
with small translations.Overall, perceptual image quality

1Note that the imagedomainSSIM implementationcanalsotake negative
valueswhenthe local imagestructureis inverted.

metrics that are basedon HVS sensitivity to just-noticeable
distortionsare not expectedto provide meaningfulmeasure-
mentsat suprathresholdlevels of distortion [5], even though
theSafranek-Johnstonmetric doesrelatively well in this case.
Note also, that even thoughthe perceptualmetricsdeveloped
in [8]–[11] have beenspeci�cally adaptedto suprathreshold
distortions,they are not designedand are not expectedto be
insensitive to translation,scaling, and rotation. SSIM-based
imagequality metrics,on theotherhand,have a betterchance
of dealingeffectively with suprathresholddistortionsbecause
they are focusingon the top-down image formation concept
that the local structureof imagesis the mostimportantaspect
of imagequality.

B. Effect of Window Size

WhenusingSSIM metricsto comparethe quality between
two images, it is useful to calculate the local distortion
betweencorrespondingimagepatchesat many locations.This
allows themetric to adaptto thelocal statisticalcharacteristics
at different imagelocations.The individual quality measure-
ments can then be combinedto give a single number that
representsthesimilarity betweentheimages.Applicationsthat
need to measureimage quality with minimum computation
may only want to compute the metric at a few locations
within the image [18]. However, for this paper, we measure
the similarity with a sliding window at every pixel location,
giving a SSIM distortion map. As suggestedin [2], we use
a circular Gaussianweighting function on the imagepatches
beingcomparedto smooththesimilarity map,andwecombine
the measurementsusinga meanoperator.

The choiceof the W � W window sizeprovidesa balance
betweenSSIM's ability to adaptto local imagestatisticsand
its ability to accuratelycomputethestatisticswithin an image
patch.A large window allows accuratestatisticalestimation,
at thecostof beinglesssensitive to �ne imagedistortions.For
typical 512� 512 images,a window sizewithin the rangeof
7 � 7 to 15� 15 offers a reasonableoperatingregion.

The effect of window sizeon SSIM is illustratedin Figs.4
and 5. The �rst image in the top row of Fig. 5 depicts
the “Lena” imagedistortedwith white Gaussiannoise,while
the �rst image in the bottom row shows “Lena” with JPEG
compressionnoise;in both cases,the PSNRis 28:5 dB. The
other images show the SSIM similarity map for W � W
windows of sizesW equal to 3, 7, 15, and 31, respectively.
The dark regionsrepresentthe highestSSIM distortion.Note
that a W = 3 window is too small to accuratelycomputethe
distortions,giving an almost randomly distributed distortion
map(especiallyin the bottomrow), while a W = 31 window
is too largeto adaptto localstatistics,resultingin ablurry error
mapandimagequalityscoresthataretoohigh in mostregions.
The distortion mapscomputedwith W = 7 more accurately
correspondto humanperception.Of course,the window size
should dependon viewing distance,an issue to which we
returnin SectionV-D. Note thatwhite Gaussiannoiseis most
noticeablein thesmooth(low frequency) regionsof the image

2Note that the image mean is typically subtractedbefore the metric
calculation.
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(a) (b) (c) (d)

(e) (f) (g) (h) (i)
Distortion PSNR P-PSNR SSIM CWSSIM WCWSSIM
(b) JPEG 24.7 33.7 0.67 0.61 0.71
(c) Blur 24.8 33.5 0.75 0.46 0.65
(d) Noise 24.8 41.3 0.46 0.66 0.81
(e) MeanShift 24.8 48.1 0.97 1.00 1.00
(f) Contrast 24.8 37.8 0.99 0.99 1.00
(g) Rotation 23.4 32.2 0.78 0.89 0.93
(h) Zoom 21.4 29.8 0.70 0.87 0.91
(i) SpatialShift 21.7 30.8 0.68 0.90 0.93

Fig. 3. Theeffect of differentdistortionson PSNR,SSIM, CWSSIM,weightedCWSSIM,andperceptualPSNRmetrics.(a) Original; (b) JPEGcompression;
(c) blur; (d) white noise;(e) meanshift; (f) contrastchange;(g) rotation(1:3o ); (h) zoomin; (h) spatialshift (right by 2 pixels).

suchas the shoulderand background.This demonstratesthe
stronginherentmaskingeffect of the SSIM metric, which is
primarily due to the contrastcomparisonterm c(x; y) in (8).
(Whenthevarianceof theoriginal imageis high, thenc(x; y)
is high, i.e., the noise is masked.) In the JPEGcompression
example, the dark regions correspondwell with the most
perceptuallyannoying compressionartifacts:theblockinesson
the shoulder, cheeks,andbackground.Note that the masking
effect is not asstrong,becauseto someextend,JPEGexploits
maskingfor compression.(If it did a good job, the distortion
mapwould be relatively uniform.)

The relationshipbetweenSSIM and window size is also
shown in Fig. 4, which plots the overall quality pooledover
the imagefor eachwindow size.This plot is derived from the
samedatasetthatwasusedin Fig. 5. Notethatasthewindow
sizeincreases,themetricvalueapproaches1. Our experiments
indicatethata window aroundW = 7 workswell for a variety
of imagesanddistortions.

V. USING SSIM TO ASSESS VIDEO QUALITY

A. Motivation for Exploring Spaceof RealisticDistortions

The objective quality metricsthat we examinein this paper
are intendedto provide a measureof perceptualsimilarity
betweena distortedand a referenceimage(perceptualimage
�delity). Of course,sincetheimagesareintendedto beviewed
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Fig. 4. MeanSSIM versuswindow size for the samedataset in Fig. 5.

by humanobservers,the metric predictionsshouldagreewith
subjective evaluations.Subjective evaluation studies collect
opinion scoresfor a databaseof distorted imagesand use
statisticalanalysisto computea meanopinion score(MOS)
for eachimage.The MOS data can then be comparedwith
the quality metric predictionsto validatethe effectivenessof
the metric (e.g., see[19]). The selectionof the databaseof
distortedimagesis critical for the successof suchsubjective
evaluations,which are quite cumbersomeand expensive, as
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Fig. 5. SSIM error mapsfor differentwindow sizes.The top row shows the “Lena” imagedistortedwith white Gaussiannoise,thenerror mapsfor window
sizesof 3, 7, 15, and31. The bottomrow shows “Lena” degradedwith JPEGcompressionandcorrespondingerror maps.In the error maps,darker regions
representhighermeasureddistortion.

an inadequateselectioncan lead to inconclusive results. In
addition, when designinga metric, an appropriatechoice of
distortedtest imagescansigni�cantly improve the processof
metric design,by providing intuitive insights into ways for
improving the metric and eliminating the need for lengthy
subjective evaluationsafter eachmodi�cation of the metric
parameters.

An alternateway of evaluatingimagequality metricswas
proposedin [20], where the authorssuggesta stimulussyn-
thesis approach.The idea is to compare two metrics by
exploring the imagespaceof metric A while holding metric
B constant.This is done via a gradient descentalgorithm,
producingthe“best” and“worst” imagesin termsof metricA
for constantmetric B andvice-versa.This allows for ef�cient
evaluationof metrics becausethe observer only has to look
at a few images(the best and worst) to �nd weaknessesof
a metric. A limitation of this approach,however, is that the
iterative approachproducesdistortionsthat areunlikely to be
encounteredin compressedvideo communicationsystems.

We proposea methodof evaluatingquality metricsin which
we explore the spaceof realistic distortions that are likely
in video compressionandcommunicationapplications.In our
methodwe hold metric A constant,then examinethe results
given by metric B with different distortions.This approach
provides ef�cient and valuable intuition for the further im-
provementof an image quality metric. In the remainderof
this section,we presentthe speci�cs of the proposedrealistic
distortion models, de�ne the spaceof realistic distortions,
anddiscussspeci�c examplesof the performanceof different
metricsfor degradedimagesin the distortionspace.

B. Codingand ConcealmentDistortion Models

A varietyof distortionscanbecreatedin videotransmission
applicationsdueto sourcecodingor packet lossandconceal-
ment. Lossy video compressiondistorts the video before it
is transmitted.If the channelis lossy, the error concealment
techniquesnecessaryto reconstructthevideointroducefurther

distortion. In this paper, we proposea set of realisticmodels
for the distortions that are likely in a video transmission
system.

We develop models that can be used to simulate video
coding and concealmentartifacts using a still image. The
advantageof this approachis that it allows the studyof video
distortionsin detail without the complexity of evaluatingthe
performanceof anentirevideocompression,transmission,and
concealmentsystem.In addition, it provides more �e xibility
in isolating and controlling the severity of speci�c types of
distortions(e.g.,blockingversusblurring), which allows us to
develop intuition aboutthe effect eachdistortion type hason
a quality metric.

Error concealmentis oftennecessaryin applicationssuchas
real-timevideostreamingover a lossynetwork, wherepackets
are lost or arrive too late to be useful.The most elementary
errorconcealmentapproachreconstructslost imagedatausing
spatial interpolation,which may result in signi�cant blurring
[21]. Improved quality is possibleusing spatiotemporalap-
proachesthat reconstructby estimatingthe lost motion vector
andthensubstitutingdisplacedpatchesof imagedatafrom past
videoframes.Typically, any partof a compressedvideostream
canbesubjectto loss,resultingin distortion.For example,loss
of motion vectorsmay lead to spatialblock shift distortions,
while lossof DC coef�cients could createshifts in the mean
valuesof the video blocksaffected.

We assumea block-basedcompressiontechniquewherethe
basic units susceptibleto distortion are squaremacroblocks
(MB) with N � N pixels (typically N = 16). The �rst
distortionarisesfrom compression,which is typically applied
on smaller 8 � 8 blocks. A numberof MBs M (sometimes
calleda slice) are thengroupedinto a packet. For simplicity,
we use a straightforward channelmodel, wherebya packet
is lost with probability Pk . We also include a parameterthat
controlsthegroupingof distortionswithin theMBs thatmake
up a single lost packet.

Onceit is determinedthat a macroblockis lost, the model



BROOKS et al.: STRUCTURAL SIMILARITY METRICS IN A CODING CONTEXT: EXPLORING ... 7

Fig. 6. Exampleframeshowing distortionscreatedin a spatialreplacement
error concealmentapproach.

appliesa distortionconsistentwith theconcealmenttechnique
used by the receiver. We consider the following types of
distortion: block blur (spatial interpolation), block spatial
shift (temporal replacement),block intensity shift (loss of
DC coef�cient), and JPEG compression(DCT coef�cient
quantization).

Block blur is modeledasthe convolution of the MB image
patchx with a 2-D (N + 1) � (N + 1) smoothing�lter f

xblur (x; f ) = x(n1; n2) � f (n1; n2); (14)

where“ � ” is the2-D convolution operator. This is a modelof
simple spatial interpolationconcealmenttechniquesthat may
usebilinear interpolationto recreatethe lost macroblockdata.
Of coursemore sophisticatedspatial interpolationtechniques
exist, but this providesa �rst orderapproximation.Moreover,
the Gaussianapproximationmakes it possibleto control the
degreeof blurring.

Block spatialshift is modeledas a uniform distribution of
spatialshiftswith amaximumshift of � B pixels.Thespatially
shifted imagepatchis describedas

xshift (x; b) = x(n1 + b1; n2 + b2); (15)

whereb1 andb2 are independentrandomvalueschosenfrom
the uniform distribution in the interval (� B ; B ). This models
theeffectof temporalreplacementconcealmenttechniquesthat
can be usedwhen motion vectorsare lost or corrupted,such
asmotion-compensatedtemporalreplacement[21].

Block intensityshift is modeledasa uniform distribution of
block meanshifts with a maximumshift factorof � L , where
� L is varied from 0 to 1. The block shiftedpatchis de�ned
as

x level(x; L ) = x(n1; n2) + s; (16)

where s is a random value chosenfrom the uniform dis-
tribution in the interval � 256L; 256L for 8-bit grayscale
images.This modelsthe distortionthat canoccurwhena DC
coef�cient is reconstructedwith someerror.

Finally, we model source coder distortion as the DCT
coef�cient quantization that results when we apply JPEG
compression[17]. This generates8x8 block distortion across
theentireimageandservesasa modelof whatmight occurin
a communicationsystemwheresourcebit rateis sacri�ced in
orderto achieve improvederror resilience.In the experiments

below, we use JPEG with a perceptualquantizationmatrix
weightedfor a viewing distanceof six imageheights.

Many communicationsystemsproducedistortionsthat can
be modeledwith thesefour distortions.For example,Fig. 6
shows a single frame from a video with spatial translation
and intensityshift distortionsthat occurwhenusinga spatial
replacementerror concealmentapproach.This examplecorre-
spondsto the techniquesdescribedin [22].

In all of theabove cases,themodelparameters(probability
of packet loss, parametersof the blur �lter , and spatialshift
andintensityshift distributions)canbe selectedto matchany
given value of any of the objective quality metrics under
consideration.

Now that we have modeledrealistic distortions, we can
performexperimentsto �nd out if SSIM quality measurements
agreewith the intuition that somedistortionsaremorevisible
than others.In the following experiments,we assumea MB
size of N = 16, and as we pointed out in Section III-
B, we computethe CWSSIM metric using a two-scale,16-
orientationsteerable�lter decompositionandaverageover all
the subbandsexcept the high pass.

C. TheSpaceof RealisticCodingDistortions

The distortionmodeldevelopedin sectionV-B canbe used
asa tool for exploring the performanceof SSIM metricsover
a rangeof distortions.The resultingimagedatageneratedby
runningthe distortionmodelcanbe viewed asan exploration
of themultidimensionalimagespaceof realisticdistortionsin
a video communicationssystem.Fig. 7 shows someexample
datageneratedfrom the“Lena” testimagewith a window size
of W = 7. Thespatialresolutionof thetestimageis 256� 256
pixels,andtheMB sizefor theerrorconcealmentdistortionsis
16� 16 pixels.The columnshave approximatelyequalPSNR
with decreasingerror from left to right. The metric valuesfor
the variousquality metricsarealsogiven on the right of each
image.

A few observationsarein order. First,overall, imagequality
increasesfrom left to right. This meansthat,whenwecompare
imageswith the sametype of distortion, PSNR is a good
predictor of image quality, and so are all the other metrics.
Second,onecanarguethat the block blur artifact is the most
objectionableartifact. This is becauseit destroys the image
structurewithin the blurred region and additionally creates
obvious block edges.Another observation is that the relative
perceptualquality for some of the distortions changesas
we move to higher PSNRs.For example,at 24.6 dB, JPEG
compressionis oneof themostobjectionable,but asthePSNR
increases,it becomeslessobjectionablerelative to the other
distortions. Finally, the perceptualquality for some of the
distortions,like white noiseand JPEGcompression,changes
signi�cantly with viewing distance,while for others,like the
blur and intensity shift, it is less sensitive to the viewing
distance.(The readeris encouragedto try viewing the PDF
�le at differentzoomsettings.)

Here we should point out that our goal is not to conduct
systematicsubjective tests to establish the validity of the
metric results,but to demonstratethat the proposeddistortion
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0.879

24.6
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0.532
0.678
0.831

26.8
32.4
0.898
0.873
0.891

26.8
31.3
0.962
0.940
0.933

26.8
34.7
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0.699
0.815

26.8
34.4
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0.886
0.914

26.8
35.5
0.622
0.714
0.855

29.0
33.3
0.923
0.896
0.907

29.0
32.7
0.971
0.957
0.954

29.0
35.7
0.837
0.757
0.867

29.0
35.5
0.925
0.946
0.963

29.0
35.9
0.711
0.751
0.878

32.0
34.5
0.963
0.945
0.952

32.0
33.8
0.983
0.970
0.967

32.0
36.2
0.908
0.835
0.923

32.0
35.6
0.962
0.957
0.967

32.0
36.1
0.816
0.803
0.908

36.0
36.3
0.977
0.977
0.988

36.0
35.4
0.989
0.981
0.979

36.0
36.4
0.954
0.904
0.960

36.0
36.0
0.981
0.961
0.971

36.0
36.3
0.911
0.865
0.940

Fig. 7. Examplerealisticdistortion imageswherecolumnshave approximatelyequalPSNR.From top to bottomrow, the distortionsare(1) block blur, (2)
block intensityshift, (3) JPEGcompression,(4) block spatialshift, and (5) additive white noise.The metric valuesto the right of the imagescorrespondto
PSNR,PerceptualPSNR,SSIM, CWSSIM, andWCWSSIM.

modelscanbe usedto explore the advantagesandlimitations
of the different quality metrics. Thus, we rely on informal
subjective evaluationsandconcentrateon obvious differences
ratherthansubtledetails.

Fig. 8 shows the full-size imagesthat correspondto the
middle columnof Fig. 7. Here,onecanarguethat the spatial
shift has the best overall subjective quality, followed by the
noiseand intensity shift, and the JPEGand blur artifactsare
the mostobjectionable.Again, we rely on informal subjective
evaluations,wherebyobservers quickly seethe distortion in
the JPEGimage but typically have to look very closely to
even �nd the problemsin the spatially distortedimage(e.g.,
block shifts nearthe mouth, the hair on the right, the ribbon
on the hat, etc.). Note that the SSIM and CWSSIM metrics
predict the relative performanceof the spatial shift image
and the JPEG compression,but give the best score to the
level shift, and the worst score to the noise, both at odds
with the subjective evaluations.The P-PSNR,on the other
hand, gives the JPEGand noise imagesthe highestscores,
also contrary to the subjective evaluations.Comparing the

SSIM andCWSSIM metric predictions,we seethat the latter
performsa bit better, giving relatively higher valuesfor the
spatial shift. Here we should point out that image content
can have a signi�cant effect on the perceived distortions,for
example,the distortion is morenoticeablewhen it affectsthe
eyesor someothersalientpartof the image.Barring this type
of situation,however, our extensive experimentsindicatethat
the resultswe presenthere are fairly representative of most
situations.

Fig. 9 shows anotherexample with a 512 � 512 image;
this is a segment of the JPEG2000“Bik e” test image. The
MB size is the sameas in Fig. 8, and the other distortion
parametershave similar values;the PSNRis equalto 27 dB.
Here again the the spatial shift has the best overall quality,
but now the intensityshift andblurring artifactsare the most
objectionable.Note that, even though the PSNR is lower,
the JPEG artifacts and white noise distortion becomeless
objectionable,due to the higher spatial resolution.(For the
sameviewing distance,theviewing anglein pixels/degreehas
beenreducedby a factor of two.) Note also that the smaller
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(a) (b) (c)

(d) (e) (f)

Distortion P-PSNR SSIM CWSSIM HP L1 L2 L3 LP WCWSSIM
(b) JPEG 35.70 0.837 0.757 0.152 0.489 0.777 0.944 0.999 0.867
(c) Noise 35.88 0.711 0.751 0.290 0.493 0.793 0.967 1.000 0.878
(d) Level Shift 32.69 0.971 0.957 0.930 0.941 0.926 0.939 0.991 0.954
(e) SpatialShift 35.47 0.925 0.946 0.867 0.905 0.933 0.970 0.998 0.963
(f) Blur 33.29 0.923 0.896 0.828 0.851 0.846 0.879 0.995 0.907
Weights 0.000 0.127 0.229 0.306 0.338

Fig. 8. Degradedimageswith equalPSNR = 29 dB. (a) Original; (b) JPEGcompression;(c) white noise;(d) block intensityshifts; (e) block spatialshifts;
(f) block blur. Theseimagescorrespondto the middle columnof Fig. 7. The valuesfor different metricsaregiven in the table.

relative sizeof the concealedpacketsmakes the blurring and
intensityshift artifactsa bit lessobjectionable,too. Again, the
SSIM andCWSSIM metricspredict the relative performance
of the spatial shift image and the JPEG compression,but
give the best score to the level shift, and the worst scores
to the noise and JPEGcompression,both at odds with the
subjectiveevaluations.TheP-PSNR,consistentwith theearlier
observations, gives the JPEG and noise imagesthe highest
scores,alsocontraryto the subjective evaluations.Onecould
arguethat the examplesin this �gure correspondto CCIR601
transmissionover packet-lossynetworks,while the 256� 256
examplesof Fig. 8 correspondto the CIF case.

Figs.8 and9 demonstrateboth advantagesandweaknesses
of theSSIM andCWSSIMmetrics.A signi�cant advantageis
that, as we saw above, they predict the relative performance
of the spatial shift imageand the JPEGcompression.These
typesof distortionsarecommonlyencounteredin video com-
pression/transmissionapplications,where there is a tradeoff
betweensourcecodingerrorsanderrorsdue to packet losses

[23]. In a speci�c examplethat demonstratesthe potentialof
the SSIM metrics,a video sequencewas encodedat a lower
rate so that the entire sequencecan be transmittedwithout
losses;the resultingPSNR(averagedover the sequence)was
30.0dB. We thenencodedthesamesequenceat a signi�cantly
higher rate, so that a numberof blocks had to be dropped
and concealed;the resulting average PSNR was 27.5 dB.
A representative frame from each implementationis shown
in Fig. 10. Despite the packet losses,which result in some
incorrectblocks in the decodedimage, the visual quality of
the secondimplementationwas signi�cantly higher and was
correctlypredictedby the SSIM andCWSSIM metrics.

A weaknessof the SSIM andCWSSIM metricsis the fact
that the intensityshift distortionshave highervaluesthan the
spatialshift distortions.Most humanobserversmake the op-
positechoice,giving thespatiallyshiftedimagehigherquality
ratings.Anotherweaknessof theSSIM andCWSSIM metrics
becomesobvious when we comparethe metric predictions
for the white noise image in the two �gures to those for
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(a) (b) (c)

(d) (e) (f)

Distortion P-PSNR SSIM CWSSIM HP L1 L2 L3 LP WCWSSIM
(b) JPEG 43.68 0.784 0.830 0.173 0.522 0.834 0.963 1.000 0.890
(c) Noise 43.77 0.709 0.844 0.420 0.588 0.822 0.968 1.000 0.897
(d) Level shift 33.28 0.960 0.949 0.957 0.957 0.940 0.940 0.964 0.950
(e) SpatialShift 37.21 0.907 0.947 0.855 0.893 0.927 0.972 0.998 0.960
(f) Blur 34.69 0.900 0.903 0.846 0.861 0.870 0.890 0.989 0.920
Weights 0.000 0.127 0.229 0.306 0.338

Fig. 9. Degradedimageswith equalPSNR = 27 dB. (a) Original; (b) JPEGcompression;(c) white noise;(d) block intensityshifts; (e) block spatialshifts;
(f) block blur. The valuesfor differentmetricsaregiven in the table.

(a) (b) (c)
Fig. 10. Video over wirelessexample:(a) original frame;(b) frameencodedat lower ratewithout packet losses(PSNR=30.5dB, CWSSIM=0.88).(c) frame
encodedat higherratewith packet losses(PSNR=28.3dB, CWSSIM=0.90).CWSSIMmetricpredictsthat videoon the right is of higherquality in agreement
with subjective evaluations.
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(a) (b) (c)

Distortion P-PSNR SSIM CWSSIM WCWSSIM
M = 1 38.4 0.966 0.929 0.922
M = 5 38.2 0.978 0.960 0.954
M = 32 38.1 0.978 0.961 0.954

Fig. 11. Effect of MB groupingparameter(M blocksper packet) for equalPSNR(31.9 dB). (a) M = 1, (b) 5, and(c) 32 (entirerow). The CWSSIM and
WCWSSIM valuesagreewith subjective evaluationsthat imageon the left haslower perceptualquality than the other two.

the blurring and intensity shift distortions. The SSIM and
CWSSIM valuesfor the white noise distortion are too low,
especiallyfor Fig. 9.

The tablesassociatedwith Figs. 8 and 9 show a scale-by-
scaleCWSSIM calculation(over three scales,the low-pass,
and the high-passsubbands),eachaveragedover six angular
orientationsfor the different distortion types.3 Note that for
thewhite noiseandJPEGcompression,thevalueof themetric
varieswidely from level to level, while for theotherdistortions
the value of the metric doesnot changeas much. Thus, the
CWSSIMmetricvaluesareexpectedto changesigni�cantly if
a differentsetof subbandsis usedto computethemetricvalue.
As we will seebelow, simpleaveragingis not necessarilythe
bestthing to do.

Another interestingapplicationof the proposeddistortion
modelsis depictedin Fig. 11, where we evaluatethe effect
of MB groupinginto M blocksperpacket. For approximately
equalPSNR(31.9dB), both SSIM andCWSSIM predict that
the imageswith single MB packets (M = 1) have lower
quality than the imageswith packets that contain M = 5
MBs or an entire row of MBs (M = 32). This result agrees
with informal subjective,andindicatesthatusinglargerpacket
sizesto obtainbettercompressionef�ciency doesnot resultin
any lossesin perceptualquality.

D. Perceptually-WeightedCWSSIM

In order to addresssome of the weaknessesdescribed
above, we proposea weighted complex wavelet SSIM im-
plementation(WCWSSIM) that combinesthe results from
multiple wavelet scales.This is similar to the multiscale

3Note that the CWSSIM metric values are still computedusing a two-
scale, 16-orientationdecomposition,averagedover the two scalesand 16
orientations,aswe saw in SectionIII-B.

SSIM approachproposedin [24], but usesthe steerable�lter
decompositioninsteadof the Gaussianpyramid. In order to
avoid cumbersomesubjective experimentsfor determiningthe
subbandweights, we loosely base the weight selectionon
the wavelet thresholdmeasurementsin [25]. (Seealso [1].)
For the weight calculation, we assumea viewing distance
of six image heights at the 512 � 512 resolution, which
correspondsto 12 imageheightsat the 256� 256 resolution
(so that theviewing anglein pixels/degreeremainsthesame).
Note that even though the two wavelet decompositionsare
quite different, they are both octave spaced,and there is an
obvious correspondencebetweensubbands:the L3, L2, and
L1 subbandsof the steerablepyramid correspondto the level
3, 2, and1 LH (or HL) bandsof thewaveletdecompositionin
[25], respectively, while theLP steerablesubbandcorresponds
to the level 3 LL bandin [25]. Theresultingweightsarelisted
in the tablesin Figs. 8 and 9. Note that this is only a rough
approximation.More accurateestimatesshould be basedon
subjective experimentsthat determinethe basesensitivity of
eachsubbandfor a givenviewing distance[1]. Themainpoint
we are trying to make is that the subbandweights should
dependon frequency contentandviewing distance.We should
also point out that all we proposeis to use weights based
on (JND) thresholdmeasurements.Optimizing the weights
for suprathresolddistortionswould be quite dif�cult, and is
beyond the scopeof this paper.

Using theseweights to combinethe resultsfrom multiple
subbands,we �nd that this WCWSSIM versionof the metric
improvesthe resultsof SectionV-C. Note that in both Figs.8
and 9, WCWSSIM giveshigher quality ratingsto the spatial
shift than the level shift images,better agreeingwith the
higherperceivedquality of thoseimages.However, while this
de�nitely representsan improvement,it still doesnot re�ect
the (considerably)superiorquality of the spatialshift images.
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We believe that the remainingproblemsare due to the fact
that the complex SSIM insensitivity to translationsis limited
to small translations,while the HVS can toleratea lot more.
In addition, the SSIM metricsare too insensitive to intensity
shifts. The WCWSSIM metric also increasesthe valuesfor
the JPEGand white noise distortions.The metric value for
the white noisedistortion,however, is still lower than that of
the blur, which is de�nitely of lower perceptualquality.

A block diagram of the perceptually-weightedCWSSIM
implementationis shown in Fig. 12. The error calculation
consistsof the SSIM we reviewed in Section III-A. Note
that there is no explicit masking(shown in dotted line); as
we saw in Section IV-B the contrast masking is implicit,
primarily through the contrastcomparisonterm of (6). Note
also, that if we changethe error calculationand make it an
MSE computationand add the masking term, we get the
perceptualmetric of (3). Thus, the perceptualweighting of
the WCWSSIM metric provides a natural way to unify the
structuralsimilarity approachwith the traditional JND-based
perceptualapproaches.

-distorted

image
frequency
analysis

?

-reference

image
frequency
analysis

- SSIM error
calculation

- spatial
pooling

- frequency
pooling

-

- masking

6

- frequency
sensitivity

6

Fig. 12. Perceptualcoder

VI. CONCLUSION

We have examinedtheuseof structuralsimilarity metricsin
suprathresholdvideo compression/transmissionapplications.
In orderto betterexplorethespaceof distortions,we proposed
models for typical distortionsencounteredin theseapplica-
tions. Our experimentalresultsindicatethat, while structural
similarity metrics provide signi�cant advantagesover tradi-
tional approaches,they also have important limitations. We
believe that the proposeddistortionmodelswill be the key to
addressingsuchlimitations.We alsofoundthatthetranslation-
insensitive complex wavelet SSIM (CWSSIM) is superiorto
other SSIM implementations,and proposeda perceptually
weighted multi-scale variant of CWSSIM that accountsfor
viewing distanceand provides a natural way to unify the
structuralsimilarity approachwith the traditional JND-based
perceptualapproaches.

ACKNOWLEDGMENT

Theauthorswould like to thankProf. David L. Neuhoff for
several usefuldiscussions.

REFERENCES

[1] T. N. Pappas,R. J. Safranek,and J. Chen, “Perceptualcriteria for
imagequality evaluation,” in Handbookof Image andVideoProcessing,
2nd ed.,A. C. Bovik, Ed. AcademicPress,2005,pp. 939–959.

[2] Z. Wang, A. C. Bovik, H. R. Sheikh, and E. P. Simoncelli, “Image
quality assessment:From error visibility to structuralsimilarity,” IEEE
Trans.Image Process., vol. 13, no. 4, pp. 600–612,Apr. 2004.

[3] M. P. Eckert and A. P. Bradley, “Perceptualquality metrics applied
to still image compression,” Signal Processing, vol. 70, pp. 177–200,
1998.

[4] T. N. Pappas, T. A. Michel, and R. O. Hinds, “Supra-threshold
perceptual image coding,” in Proc. Int. Conf. Image Processing
(ICIP-96), vol. I, Lausanne,Switzerland,Sept.1996,pp. 237–240.

[5] J. Chenand T. N. Pappas,“Perceptualcodersand perceptualmetrics,”
in HumanVision and Electronic Imaging VI, B. E. Rogowitz andT. N.
Pappas,Eds.,vol. Proc.SPIE Vol. 4299,SanJose,CA, Jan.2001,pp.
150–162.

[6] R. J. Safranekand J. D. Johnston,“A perceptuallytuned sub-band
imagecoderwith imagedependentquantizationand post-quantization
data compression,” in Proc. ICASSP-89, vol. 3, Glasgow, Scotland,
May 1989,pp. 1945–1948.

[7] A. B. Watson, “DCT quantization matrices visually optimized for
individual images,” in HumanVision, Visual Proc., and Digital Display
IV, J. P. AllebachandB. E. Rogowitz, Eds.,vol. Proc.SPIE,Vol. 1913,
SanJose,CA, Feb. 1993,pp. 202–216.

[8] S. S. Hemamiand M. G. Ramos,“Wavelet coef�cient quantizationto
produce equivalent visual distortion in complex stimuli,” in Human
Vision and Electronic Imaging V, B. E. Rogowitz and T. N. Pappas,
Eds.,vol. Proc.SPIEVol. 3959,SanJose,CA, Jan.2000,pp. 200–210.

[9] M. G. Ramosand S. S. Hemami, “Suprathresholdwavelet coef�cient
quantization in complex stimuli: psychophysical evaluation and
analysis,” J. Opt. Soc. Am. A, vol. 18, no. 10, pp. 2385–2397,Oct.
2001.

[10] D. M. Chandler and S. S. Hemami, “Additivity models for
suprathresholddistortion in quantized wavelet-coded images,” in
HumanVision and Electronic Imaging VII, B. E. Rogowitz and T. N.
Pappas,Eds.,vol. Proc.SPIE Vol. 4662,SanJose,CA, Jan.2002,pp.
105–118.

[11] ——, “Effects of natural imageson the detectability of simple and
compoundwaveletsubbandquantizationdistortions,” J. Opt.Soc.Am.A,
vol. 20, no. 7, pp. 1164–1180,July 2003.

[12] C. J. van den Branden Lambrecht and O. Verscheure,“Perceptual
quality measureusing a spatio-temporalmodel of the human visual
system,” in Digital Video Compression:Algorithmsand Technologies,
V. Bhaskaran, F. Sijstermans, and S. Panchanathan,Eds., vol.
Proc.SPIE,Vol. 2668,SanJose,CA, Jan./Feb. 1996,pp. 450–461.

[13] Z. Wang, A. C. Bovik, and L. Lu, “Why is imagequality assessment
so dif�cult?” in IEEE Int. Conf. on Acoustics,Speech, and Signal
Proc., vol. IV, 2002,pp. 3313–3316.

[14] Z. Wang, A. C. Bovik, and E. P. Simoncelli, “Structural approaches
to image quality assessment,” in Handbook of Image and Video
Processing, 2nd ed., A. C. Bovik, Ed. Academic Press,2005, pp.
961–974.

[15] Z. WangandE. P. Simoncelli,“Translationinsensitive imagesimilarity
in complex wavelet domain,” in IEEE Int. Conference on Acoustics,
Speech, and Signal Processing, vol. II, Philadelphia,PA, 2005, pp.
573–576.

[16] E. P. Simoncelli, W. T. Freeman,E. H. Adelson, and D. J. Heeger,
“Shiftablemulti-scaletransforms,” IEEE Trans.Inform. Theory, vol. 38,
no. 2, pp. 587–607,Mar. 1992.

[17] J. L. M. William B. Pennebaker, Ed., JPEG: Still Image Data
CompressionStandard. New York: Van NostrandReinhold,1993.

[18] Z. Wang, L. Lu, and A. Bovik, “Video quality assessmentbasedon
structuraldistortion measurement,” pp. 121–132,Feb. 2004. [Online].
Available:http://citeseer.ist.psu.edu/wang04video.html

[19] Video Quality Experts Group (VQEG),
http://www.its.bldrdoc.gov/vqeg/.

[20] Z. Wang and E. P. Simoncelli, “Stimulus synthesis for ef�cient
evaluation and re�nement of perceptual image quality metrics,” in
Human Vision and Electronic Imaging IX, B. E. Rogowitz and T. N.
Pappas,Eds.,vol. Proc.SPIE,Vol. 5292,SanJose,CA, Jan.2004,pp.
99–108.[Online]. Available:citeseer.ist.psu.edu/article/wang04stimulus.
html

[21] Y. Wang,J. Ostermann,and Y. Zhang,Video Processingand Commu-
nicaitons. UpperSaddleRiver, New Jersey: PrenticeHill, 2002.



BROOKS et al.: STRUCTURAL SIMILARITY METRICS IN A CODING CONTEXT: EXPLORING ... 13

[22] Y. Eisenberg, T. N. Pappas,R. Berry, and A. K. Katsaggelos,“Min-
imizing transmissionenergy in wireless video communications,” in
Proc. Int. Conf. Image Processing(ICIP-01), vol. 1, Thessaloniki,
Greece,Oct. 2001,pp. 958–961.

[23] P. Pahalawatta,R. Berry, T. Pappas,andA. Katsaggelos,“Content-aware
resourceallocationand packet schedulingfor video transmissionover
wirelessnetworks,” IEEE J. Sel. Areas Commun., vol. 25, no. 4, pp.
749–759,May 2007.

[24] Z. Wang, E. P. Simoncelli, and A. C. Bovik, “Multi-scale structural
similarity for imagequalityassessment,” in 37thIEEEAsilomarConf. on
Signals,Systemsand Computers, vol. 2, Paci�c Grove, CA, Nov. 2003,
pp. 1398–1402.

[25] A. B. Watson,G. Y. Yang, J. A. Solomon,and J. Villasenor, “Visual
thresholdsfor wavelet quantizationerror,” in Proc. SPIE, vol. 2657,
HumanVision and Electronic Imaging, SanJose,CA, Jan.29–Feb. 1,
1996,pp. 382–392.

PLACE
PHOTO
HERE

Alan C. BrooksAlan BrooksearnedtheB.S.degree
at Bradley University in 2001 and the M.S. degree
in electrical engineeringand computerscienceat
NorthwesternUniversity in 2006. His researchin-
terestsinclude imageand video coding and quality
metricsthataccountfor humanperception.Alan has
worked at Northrop Grummancorporationfor over
seven years,wherehe hasdesignedsystemsin the
image/signalprocessing,EO/IR, userinterface,and
inertial navigation disciplines.He hasalso led test
anddevelopmentteamstestingout new technologies

at many of the Air Forcebasesthroughoutthe United States.

PLACE
PHOTO
HERE

Xiaonan Zhao XiaonanZhaoreceived the B.S. de-
greein electronicandinformationengineeringfrom
Zhejiang University, Hangzhou in 2005, and the
M.S. degreein electricalengineeringandcomputer
sciencefrom NorthwesternUniversity, Evanston,IL
in 2007.Sheis currentlya Ph.D.studentin electrical
engineeringand computerscienceat Northwestern
University.

PLACE
PHOTO
HERE

Thrasyvoulos N. Pappas (M'87, SM'95, F'06)
received the S.B., S.M., and Ph.D. degreesin elec-
trical engineeringand computersciencefrom the
MassachusettsInstitute of Technology, Cambridge,
MA, in 1979, 1982, and 1987, respectively. From
1987until 1999,hewasa Memberof the Technical
Staff at Bell Laboratories,Murray Hill, NJ. In 1999,
hejoinedtheDepartmentof ElectricalandComputer
Engineering(now EECS)atNorthwesternUniversity
as an associateprofessor. His researchinterestsare
in image and video quality and compression,per-

ceptualmodelsfor imageprocessing,imageandvideo analysis,model-based
halftoning,andmultimediasignalprocessing.

Dr. Pappashasserved asan electedmemberof the Boardof Governorsof
the Signal ProcessingSocietyof IEEE (2004-2007),chair of the IEEE Im-
ageandMultidimensionalSignal ProcessingTechnicalCommittee,associate
editor of the IEEE Transactionson ImageProcessing,andtechnicalprogram
co-chairof ICIP-01 andtheSymposiumon InformationProcessingin Sensor
Networks (IPSN-04). Dr. Pappasis a Fellow of SPIE. Since 1997 he has
beenco-chairof theSPIE/IS&TConferenceon HumanVision andElectronic
Imaging.He hasalso served as co-chairof the 2005 SPIE/IS&T Electronic
ImagingSymposium.


