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Abstract— Perceptual image quality metrics have explicitly
accountedfor human visual system(HVS) sensitvity to subband
noise by estimating just noticeable distortion (JND) thresholds.
A recently proposedclassof quality metrics, known as structural
similarity metrics (SSIM), modelsperceptionimplicitly by taking
into account the fact that the HVS is adapted for extracting
structural information from images.We evaluate SSIM metrics
and compare their performance to traditional approachesin the
context of realistic distortions that arise from compressionand
error concealmentin 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 ¢ SSIM implementations
both in the image spaceand the wavelet domain; theseinclude
the complex wavelet SSIM (CWSSIM), a translation-insensitive
SSIM implementation. We also proposea perceptually weighted
multi-scale variant of CWSSIM, which introduces a viewing
distance dependenceand provides a natural way to unify the
structural similarity approach with the traditional JND-based
perceptual approaches.

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

I. INTRODUCTION

OST existing objectve delity metrics comparethe

referenceand distorted images on a point-by-point
basis, whether this is done in the original image domain,
asin meansquarederror basedmetrics such as peak signal
to noise ratio (PSNR), or in a transform domain, such as
the perceptuallyweightedsubbandhavelet 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 as StructuralSIMilarity (SSIM) [2], accountdor high-
level HVS characteristicandallows substantiapoint-by-point
distortionsthatarenot perceptiblesuchasspatialandintensity
shifts, as well as contrastand scalechangesOur goal is to
evaluate SSIM metricsand to comparetheir performanceto
traditional approachesn the context of realistic distortions
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that arise from compressiorand error concealmenin video
compression/transmissi@pplicationsin orderto explorethis
spaceof distortionsin an ef cient and systematiananneywe
proposemodelsfor simulatingtypical distortionsencountered
in suchapplications.

Perceptuaimagequality metricshave relied on explicit low-
level modelsof humanperceptionthat accountfor sensitvity
to subbandnoiseasa function of frequeng, local luminance,
and contrast/teture masking [1], [3]. Typically, the signal
is analyzedinto components(e.g., spatial and/or temporal
subbands)andthe role of the perceptualimodelis to provide
the maximumamountof distortion that can be introducedto
eachcomponentwithout resultingin ary perceved distortion.
Thisis usuallyreferredto asthejust noticeabledistortionlevel
or JND. While thesemetricsweredevelopedfor nearthreshold
applicationsthey have alsobeenusedin suprathresholdppli-
cations[4], [5]. Themainideais to normalizethedistortionby
the IND [6], [7]. More systematicstudiesof the suprathresh-
old casehave beenconductedby Hemamiet al. [8]-[11].
However, while perceptualmetrics can successfullyaccount
for subband(frequeny) dependencef the HVS sensitvity
to noise and contrastand luminance masking, they cannot
accountfor imperceptiblestructuralchangessuch as spatial
shifts, intensity shifts, contrastchangesand scalechanges.

The SSIM metrics[2] are basedon high-level propertiesof
the HVS, but employ no explicit modelof the HVS. They are
derived from assumptionsabout the high-level functionality
of the HVS, andin particular accountfor the fact thatit is
adaptedfor extracting structuralinformation (relative spatial
covariance) from images. Thus, they can more effectively
qguantifysuprathresholdompressiomrtifacts,assuchartifacts
tendto distortthe structureof animage.Eventhoughthe SSIM
metricsare not basedon explicit modelsor measurementsf
HVS sensitvities, they implicitly accountfor importantHVS
propertiessuch as light adaptionand masking,in addition
to the perceptionof image structure[2]. However, while the
SSIM metricshave beenshavn to have a numberof desirable
properties,they have not beensystematicallystudiedin the
contet of imageand video compressiorartifacts.

In an increasingnumber of applications, such as video
transmissionover bandlimited and noisy channels,there is
a needto achieve very high compressionratios. In such
casesa certainamountof perceveddistortionis unavoidable.
Thus, there is an increasedneed for quantitatve objective
measuresf perceveddistortion.In this paperwe examinethe
performanceof SSIM metricsfor such suprathresholdiideo
transmissionapplicationsand comparetheir performanceto



traditional approaches.

In typical video transmissiorapplicationsone encountersa
variety of distortionsdue to sourcecoding (quantization)and
paclet losseswhich are concealedy differenttechniquesin
orderto isolatethe differenttypesof distortion, analyzetheir
severity (as perceved by the HVS), and evaluate how well
they correspondo metric predictions,we proposemodelsfor
typical distortion artifactssuchas DCT coefcient quantiza-
tion, spatialinterpolationconcealmentiemporalreplacement
concealment,and DC coefcient loss. These models can
be usedto generatetypical video coding and concealment
artifactsusing still images,which considerablysimpli es the
computationatostfor the simulationsandprovides e xibility
in isolating and controlling the severity of speci c types of
distortions.We demonstratehat thesemodelsmake it easy
to explore the spaceof realistic distortions,and provide an
invaluabletool for metric developmentand evaluation.

We comparespeci ¢ SSIM index implementationsboth
in the image space and the wavelet domain. These in-
clude the complex wavelet SSIM (CWSSIM), a translation-
insensitve SSIM implementationWe also proposea percep-
tually weighted multi-scale variant of the complex wavelet
SSIM (WCWSSIM). We shav that the perceptualweight-
ing is necessaryfor distortionsthat are critically dependent
on viewing distance,such as white noise and DCT-based
compressionMoreover, it provides a natural way to unify
the structuralsimilarity approachwith traditional IND-based
perceptuabpproachesOur experimentalresultsindicatethat,
while structuralsimilarity metrics— and especiallythe CWS-
SIM and WCWSSIM — provide signi cant adwantagesover
traditional approachesthey also have important limitations.
We believe that the proposeddistortion modelswill be the
key to addressinguchlimitations.

The paperis organizedasfollows. In Sectionll, we review
traditional perceptualmetrics. In Sectionlll, we review the
motivation, development,and theory behind structural met-
rics, and discusstwo specic implementations,SSIM and
CWSSIM. SectionlV describeghe resultsof using structural
metricsto assessmagequality of a variety of suprathreshold
distortions.In SectionV, we proposemodelsof sourcecod-
ing and error concealmendistortionsin video compression,
and evaluate SSIM techniques;we also extend CWSSIM
to accountfor viewing distance,and shav that thereis a
naturalway to unify the SSIM approachwith the IND-based
perceptuabpproaches.

Il. REVIEW OF PERCEPTUAL METRICS WITH EXPLICIT
VISUAL MODELS

In this sectionwe review perceptuametricsthat have been
developedfor image compressiorapplications.Such metrics
incorporateexplicit modelsof the HVS that accountfor the
spatial contrast sensitvity function, contrast masking, and
luminancemasking[1], [3]. They are typically basedon a
multiscalefrequeny decompositiorsuchasa discretewavelet
transform(DWT), subbanddecompositionpr discretecosine
transform(DCT). For eachsubbandcoefcient, a noisevisibil-
ity thresholdt(i; k) is obtainedthat representshe amountof
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noisethat canbe addedto the coefcient without resultingin

ary perceved distortion. This is the just noticeabledistortion

level or JND. Here k denotesthe subbandindex andi the

coefcient location in the (possibly downsampled)subband

image.The imagedistortionis then computedas follows:
0 8 C9qte
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wherel(i; k) is thesubbandcoefcient of thereferencémage,
ﬁ(i; k) is correspondingoefcient of the distortedimage,and
t(i; k) is the visibility threshold.The value of Qs can be
basedon psychophysicabxperiments.In this paper we will
useQs = 2, asin [6]; for a discussionof other choices,see
[1] and referencegherein. Note that when the differenceof
two coefcients 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) = to(k) 1(i; k) (i k) )

where ty(k) is the baselinesensitvity threshold, |(i; k) is
the luminancemaskingadjustment,and .(i; k) is the con-
trast masking adjustment.If we combine the two masking
adjustmentsnto , (i; k) andassumehatwe arein 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. Perceptuabjuality metric

In orderto be consistenwith the traditional PSNR (where
PSNR = 10l0g10(255*=MSE)), we expressthe perceptual
metricin termsof “visual decibels(dB)” [1], [12]. We de ne
the “masked PSNR” or “perceptualPSNR (P-PSNR)"as

P-PSNR= 101log,, g:
Dy

4)
Note that the maximum value P-PSNRis 4813 dB, which
resultswhen all the termsin (1) are equalto 1, and hence
Dp= 1

In this paper we will usethe metric developedby Safranek
and Johnstonfor subbandcoders[6], which we found to
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have the bestperformanceamongothersimilar metrics[5]. A
detaileddescriptionof the other metricscanbe found in [1].
We will assumea x edviewing distanceof six imageheights.
Even though the Safranek-Johnstometric was developed
for nearthresholdapplications,it can also be usedin supra-
thresholdapplicationg4], [5]. More systematicstudiesof the
suprathreshold@¢asecanbe foundin [8]-[11].

I1l. STRUCTURAL APPROACH TO IMAGE QUALITY
MEASUREMENT

A. SSIMReview

The motivation behindthe structuralsimilarity approactor
measuringmage quality is that the HVS is not designedfor
detectingimperfectionsand “errors” in images.Instead,the
HVS hasevolved so that it can do visual patternrecognition
in orderto be ableto extractthe structure or connectednessf
naturalimagesBasedonthis obsenation,it makessensdhata
usefulperceptuatjuality metricwould emphasizehe structure
of scenegver the lighting effects. The ideathatimagequality
metricscanbe createdon the basisof this philosophywas rst
exploredin [13] and then modi ed, implemented evaluated,
and developedin [2]. The structural similarity approachis
mostly insensitiveto the distortions that lighting changes
create:changesn the meanand contrastof animage.On the
other hand, the structuralapproachis sensitiveto distortions
that breakdown natural spatial correlationof animage,such
asblur, block compressiorartifacts,and noise.

As describedn [14], the structuralphilosophycan be im-
plementedusing a setof equationsde ning the SSIM quality
metricin imagespace Luminance contrast,and structureare
measuredseparatelyGiven two images(or image patchesx
andy to be comparedJuminanceis estimatedasthe meanof
eachimage

1 X
x = N Xn; (5)
n=1
contrastis estimatedusing standarddeviation as
v
u
o X 2.
N T S (6)

andstructue is estimatedrom the imagevectorx by remov-
ing the meanand normalizingby the standarddeviation

§ = X

- ()

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

SSIM(x;y) = I(x;y) cx;y)  s(X;y) ; 8

where ; ; are positive constantsused to weight each
comparisorfunction.
The comparisorfunctionsare given as:

2 2
g+ f+C

I(x;y) = )
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wherehi is the innerproductoperatorde ning the correlation
betweenthe structureof the two images.
In this paper we follow the examplein [2] setting = =
= 1 andC3 = C,=2to getthe speci ¢ SSIM quality metric

(2 X y+ Cl)(2 Xy + CZ)
(2+ Z+C)( 2+ 7+Co)

SSIM(x;y) = (12)

B. Comple WaveletSSIMReview

As suggestedn [15], it is straightforvard to implementa
structural similarity metric in the complex wavelet domain.
As morewavelet-basedmageandvideocodingtechniquesre
cominginto use,it makessensedo beableto implementimage
quality metricsin this domain.In addition, if an application
requiresanimagequality metricthatis unresponsie to spatial
translation, this extension of SSIM can be adaptedso that
it haslow sensitvity to small translations.This requiresan
overcompletevavelettransformsuchasthe steerableoyramid
[16], for which phaseinformationis available Fig. 2 shavs
a exampleof sucha decompositiorwith threescalesandfour
orientations Note the octase spacingof the radial subbands.

Given complex wavelet coefcients ¢y andcy that corre-
spondto imagepatchesx andy thatarebeingcomparedthe
comple wavelet structuralsimilarity (CWSSIM)is given by:

Py .
2 216Gt K .
a2+ Ny g2t K
(13)

whereK is a small positive constantsetto 0.03in this paper
This equationdiffers from (12) becausahe wavelet Iters we
use (with the exception of the basebandpre bandpasqi.e.,
they have no responseat zero frequeng), thus forcing the
meanof the wavelet coefcients to zero( x = = 0). Note
alsothatin (13) we have substitutedhe expandedexpressions
for x, x,and y.

The overall similarity of two imagesis estimatedas the
averageof the CWSSIMmetricvaluesoverall spatiallocations
andsubbandgor a subsebf the the subbandse.g.,oneradial
bandandall angularbands).In the following experimentswe
computethe CWSSIMmetricusingatwo-scale 16-orientation
steerablelter decompositior{asin [15]), andaverageover all
the subbandsexcept the high-passones(as opposedto [15],
which usesthe secondscaleaveragedover all orientations.)

WangandSimoncellinotethatthe waveletcoefcient phase
is the key factorthat determineghe resultsof CWSSIM: “the
structuralinformation of local imagefeaturesis mainly con-
tainedin therelative phasepatternsof thewaveletcoefcients”
[15]. Linearanduniform phasechangesorrespondo lighting
(brightnessand contrast)distortionsto which CWSSIMis not
sensitve becausehe structuee is not perturbed Phasechanges
that vary irregularly from one coefcient to the next produce
structuraldistortion and thereforelow CWSSIM.

CWSSI M (cx;cy) =

D
PN
i=1
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Fig. 2. SteerableFilter Decomposition(3 scales4 orientations).

IV. USING SSIM TO ASSESS IMAGE QUALITY
A. SupmathresholdEffectiveness

Structuralsimilarity candistinguishbetweenstructuraland
non-structuraldistortions, giving resultsthat agreewith per
ceptionvisibly distortedimages(suprathresholdlistortions).
The structuralsimilarity metricstake valuesfrom in therange
from 0.0 to 1.0, where zero correspondsto a loss of all
structuralsimilarity and one corresponddo having an exact
copy of the original image?

An example of the effectivenessof structuralsimilarity in
measuringsuprathresholdistortionis depictedin Fig. 3. The
original imageis shavn in the upperleft, then ve distorted
imageswith equalPSNR,including JPEGcompressiori17],
blur, Gaussianwhite noise,meanintensity shift, and contrast
stretch distortions. Note that the perceved 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 measurementshat correspondwell
with the idea that changein lighting (meanintensity shift,
contrast stretch) has little impact on image quality, while
changeghat affect local relationshipshetweernpixels severely
degradeimagequality. The lastthreeimages(rotation,zoom,
and spatial shift) have lower PSNR but the perceved quality
is aboutashigh asthat of the othertwo imagesin the bottom
row. The SSIM fails to predict the quality of thesethree
images becauseof its sensitvity to translations,while the
CWSSIM doesquite well, asit haslow sensitvity to small
translations.The gure also shovs the WCWSSIM, which
will be discussedn SectionV-D. Note that small amounts
of scalingand rotation can be locally approximatedas small
translationg15]. In addition,the CWSSIMdoesa muchbetter
job at predicting the relative quality of the noise, blur, and
JPEGimagesthanthe SSIM, becausét is implementedn the
subbanddomain,and considerdistortionsat differentscales.

The P-PSNRpredictsthe quality of the rst four images
quite well,> doesworsewith the contraststretch,and poorly
with small translations.Overall, perceptualimage quality

INote that the imagedomainSSIM implementatiorcan alsotake negative
valueswhenthe local imagestructureis inverted.
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metrics that are basedon HVS sensitvity to just-noticeable
distortionsare not expectedto provide meaningfulmeasure-
mentsat suprathresholdevels of distortion [5], even though

the Safranek-Johnstometric doesrelatively well in this case.

Note also, that even thoughthe perceptuaimetricsdeveloped

in [8]-[11] have beenspeci cally adaptedto suprathreshold
distortions,they are not designedand are not expectedto be

insensitve to translation,scaling, and rotation. SSIM-based
imagequality metrics,on the otherhand,have a betterchance
of dealingeffectively with suprathresholdlistortionsbecause
they are focusingon the top-davn image formation concept
thatthe local structureof imagesis the mostimportantaspect
of imagequality.

B. Effect of Window Size

Whenusing SSIM metricsto comparethe quality between
two images, it is useful to calculate the local distortion
betweencorrespondingmagepatchesat mary locations.This
allows the metricto adaptto the local statisticalcharacteristics
at differentimagelocations.The individual quality measure-
ments can then be combinedto give a single number that
representshe similarity betweertheimages Applicationsthat
needto measureimage quality with minimum computation
may only want to computethe 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 suggestedn [2], we use
a circular Gaussianweighting function on the image patches
beingcomparedo smooththe similarity map,andwe combine
the measurementasing a meanoperator

The choiceof theW W window size providesa balance
betweenSSIM's ability to adaptto local image statisticsand
its ability to accuratelycomputethe statisticswithin animage
patch.A large window allows accuratestatisticalestimation,
atthe costof beinglesssensitve to ne imagedistortions.For
typical 512 512 images,a window size within the rangeof
7 7to15 15 offersareasonableperatingregion.

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 Gaussiamoise,while
the rst imagein the bottom row shavs “Lena” with JPEG
compressiomoise;in both casesthe PSNRis 285 dB. The
other imagesshav the SSIM similarity map for W W
windows of sizesW equalto 3, 7, 15, and 31, respectiely.
The dark regionsrepresenthe highestSSIM distortion. Note
thata W = 3 window is too small to accuratelycomputethe
distortions, giving an almost randomly distributed distortion
map (especiallyin the bottomrow), while aW = 31 window
is toolargeto adaptto local statisticsresultingin ablurry error
mapandimagequality scoreghataretoo highin mostregions.
The distortion mapscomputedwith W = 7 more accurately
correspondo humanperception.Of course,the window size
should dependon viewing distance,an issueto which we
returnin SectionV-D. Note thatwhite Gaussiamoiseis most
noticeablen the smooth(low frequeng) regionsof theimage

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

(9) (h)
Distortion PSNR | P-PSNR | SSIM | CWSSIM [WCWSSIM
(b) JPEG 24.7 33.7 0.67 0.61 0.71
(c) Blur 24.8 335 0.75 0.46 0.65
(d) Noise 24.8 41.3 0.46 0.66 0.81
(e) Mean Shift 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, andperceptuaPSNRmetrics.(a) Original; (b) JPEGcompression;
(c) blur; (d) white noise;(e) meanshift; (f) contrastchange;(g) rotation (1:3°); (h) zoomin; (h) spatialshift (right by 2 pixels).

suchas the shoulderand background.This demonstrateshe
stronginherentmaskingeffect of the SSIM metric, which is
primarily due to the contrastcomparisonterm c(x;y) in (8).
(Whenthe varianceof the original imageis high, thenc(x;y)
is high, i.e., the noiseis masled.) In the JPEGcompression
example, the dark regions correspondwell with the most
perceptuallyannging compressiorartifacts:the blockinesson
the shoulder cheeks,and background Note that the masking
effectis not asstrong,becauseo someextend, JPEGexploits
maskingfor compression(If it did a good job, the distortion
map would be relatively uniform.)

The relationshipbetweenSSIM and window size is also
shavn in Fig. 4, which plots the overall quality pooledover
theimagefor eachwindow size. This plot is derived from the
samedatasetthatwasusedin Fig. 5. Notethatasthewindow
sizeincreasesthe metricvalueapproacheg. Our experiments
indicatethatawindow aroundwW = 7 workswell for a variety
of imagesand distortions.

V. USING SSIM TO ASSESS VIDEO QUALITY
A. Motivation for Exploring Spaceof Realistic Distortions

The objective quality metricsthat we examinein this paper
are intendedto provide a measureof perceptualsimilarity
betweena distortedand a referenceémage (perceptuaimage

delity). Of coursesincetheimagesareintendedo beviewed

0.8 —e— Gaussian Noise
0.75! - ©-JPEG Compression| |
0.7 ; . ; ; ! !
20 40 60 80 100 120 140
Window Size

Fig. 4. MeanSSIM versuswindow size for the samedatasetin Fig. 5.

by humanobseners,the metric predictionsshouldagreewith
subjectve evaluations. Subjectve evaluation studies collect
opinion scoresfor a databaseof distortedimagesand use
statisticalanalysisto computea meanopinion score(MOS)
for eachimage. The MOS data can then be comparedwith
the quality metric predictionsto validate the effectivenessof
the metric (e.g., see[19]). The selectionof the databaseof
distortedimagesis critical for the succesf suchsubjective
evaluations,which are quite cumbersomeand expensve, as



IEEE TRANSACTIONS ON IMAGE PROCESSING,VOL. 17, NO. 8, AUG. 2008

Fig. 5. SSIM error mapsfor differentwindow sizes.The top row shavs the “Lena” imagedistortedwith white Gaussiamoise,thenerror mapsfor window
sizesof 3, 7, 15, and 31. The bottomrow shavs “Lena” degradedwith JPEGcompressiorand correspondingerror maps.In the error maps,darker regions

represenhigher measuredlistortion.

an inadequateselectioncan lead to inconclusve results. In
addition, when designinga metric, an appropriatechoice of
distortedtestimagescan signi cantly improve the processof
metric design,by providing intuitive insights into ways for
improving the metric and eliminating the needfor lengthy
subjectve evaluationsafter each modi cation of the metric
parameters.

An alternateway of evaluatingimage quality metricswas
proposedin [20], wherethe authorssuggesta stimulussyn-
thesis approach.The idea is to comparetwo metrics by
exploring the image spaceof metric A while holding metric
B constant.This is done via a gradientdescentalgorithm,
producingthe “best” and“worst” imagesin termsof metricA
for constantmetric B andvice-versa.This allows for ef cient
evaluation of metrics becausehe obserer only hasto look
at a few images(the bestand worst) to nd weaknessesf
a metric. A limitation of this approachhowever, is that the
iterative approachproducedistortionsthat are unlikely to be
encounteredn compressedideo communicatiorsystems.

We proposea methodof evaluatingquality metricsin which
we explore the spaceof realistic distortionsthat are likely
in video compressiorand communicatiorapplicationsln our
methodwe hold metric A constantthen examinethe results
given by metric B with different distortions. This approach
provides ef cient and valuableintuition for the further im-
provementof an image quality metric. In the remainderof
this section,we presentthe speci cs of the proposed-ealistic
distortion models, de ne the spaceof realistic distortions,
anddiscussspeci ¢ examplesof the performanceof different
metricsfor degradedimagesin the distortion space.

B. Codingand ConcealmenDistortion Models

A variety of distortionscanbe createdn videotransmission
applicationsdueto sourcecodingor paclet lossand conceal-
ment. Lossy video compressiondistorts the video before it
is transmitted.If the channelis lossy the error concealment
techniquesiecessaryo reconstructhe videointroducefurther

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

We develop models that can be usedto simulate video
coding and concealmentartifacts using a still image. The
adwantageof this approachis thatit allows the study of video
distortionsin detail without the compleity of evaluatingthe
performancef anentirevideocompressiontransmissionand
concealmensystem.In addition, it provides more e xibility
in isolating and controlling the severity of speci c types of
distortions(e.g.,blocking versusblurring), which allows usto
develop intuition aboutthe effect eachdistortiontype hason
a quality metric.

Error concealmenis oftennecessarjn applicationssuchas
real-timevideo streamingover a lossynetwork, wherepaclets
are lost or arrive too late to be useful. The most elementary
error concealmenapproacireconstructsostimagedatausing
spatialinterpolation,which may resultin signi cant blurring
[21]. Improved quality is possible using spatiotemporakp-
proacheghat reconstrucby estimatingthe lost motion vector
andthensubstitutingdisplacedatchef imagedatafrom past
videoframes.Typically, ary partof acompressegideostream
canbesubijectto loss,resultingin distortion.For example,loss
of motion vectorsmay leadto spatial block shift distortions,
while loss of DC coefcients could createshifts in the mean
valuesof the video blocks affected.

We assumea block-basedompressiontechniquewherethe
basic units susceptibleto distortion are squaremacroblocks
(MB) with N N pixels (typically N = 16). The rst
distortionarisesfrom compressionyhich is typically applied
on smaller8 8 blocks. A numberof MBs M (sometimes
calleda slice) arethengroupedinto a paclet. For simplicity,
we use a straightforvard channelmodel, whereby a paclet
is lost with probability Px. We alsoinclude a parametetthat
controlsthe groupingof distortionswithin the MBs that make
up a singlelost paclet.

Onceit is determinedthat a macroblockis lost, the model
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- -
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WF L =

Fig. 6. Exampleframe shawing distortionscreatedin a spatialreplacement
error concealmenapproach.

appliesa distortionconsistentvith the concealmentechnique
used by the recever. We considerthe following types of
distortion: block blur (spatial interpolation), block spatial
shift (temporal replacement) block intensity shift (loss of
DC coefcient), and JPEG compression(DCT coefcient
guantization).

Block blur is modeledasthe corvolution of the MB image
patchx with a2-D (N + 1) (N + 1) smoothing Iter f

Xpor (X;F) = x(n1;nz)  f(n1;n2); (14)

where" " is the 2-D convolution operator This is a model of
simple spatialinterpolationconcealmentechniqueghat may
usebilinear interpolationto recreatethe lost macroblockdata.
Of coursemore sophisticatedspatialinterpolationtechniques
exist, but this providesa rst orderapproximationMoreover,
the Gaussiamapproximationmakes it possibleto control the
degreeof blurring.

Block spatialshift is modeledas a uniform distribution of
spatialshiftswith amaximumshift of B pixels.Thespatially
shiftedimagepatchis describedas

Xshitt (X;0) = X(ng + by;nz + bp);

whereb; andb, areindependentandomvalueschosenfrom
the uniform distribution in the interval ( B; B). This models
the effectof temporalreplacementoncealmentechniqueshat
can be usedwhen motion vectorsare lost or corrupted,such
as motion-compensatettmporalreplacemenf21].

Block intensityshift is modeledasa uniform distribution of
block meanshifts with a maximumshift factorof L, where

L is variedfrom O to 1. The block shifted patchis de ned
as

(15)

Xevel(X;L) = x(ng;nz) + s; (16)

where s is a random value chosenfrom the uniform dis-

tribution in the interval 256.; 256 for 8-bit grayscale
images.This modelsthe distortionthat can occurwhena DC

coefcient is reconstructedvith someerror.

Finally, we model source coder distortion as the DCT
coefcient quantizationthat results when we apply JPEG
compressiorj17]. This generate8x8 block distortion across
the entireimageandsenesasa modelof whatmight occurin
a communicatiorsystemwheresourcebit rateis sacri cedin
orderto achieve improved error resilience.In the experiments

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

Many communicationsystemsproducedistortionsthat can
be modeledwith thesefour distortions.For example, Fig. 6
shaws a single frame from a video with spatial translation
and intensity shift distortionsthat occurwhenusing a spatial
replacemenerror concealmenapproachThis examplecorre-
spondsto the techniquegdescribedn [22].

In all of the above casesthe modelparametergprobability
of paclet loss, parameterf the blur Iter, and spatial shift
andintensity shift distributions) canbe selectedo matchary
given value of ary of the objective quality metrics under
consideration.

Now that we have modeledrealistic distortions, we can
performexperimentdo nd outif SSIM quality measurements
agreewith the intuition that somedistortionsare more visible
than others.In the following experiments,we assumea MB
size of N = 16, and as we pointed out in Section IlI-
B, we computethe CWSSIM metric using a two-scale,16-
orientationsteerablelter decompositiorand averageover all
the subbandsxceptthe high pass.

C. The Spaceof RealisticCoding Distortions

The distortionmodeldevelopedin sectionV-B canbe used
asatool for exploring the performanceof SSIM metricsover
a rangeof distortions.The resultingimagedatageneratedy
runningthe distortionmodel can be viewed as an exploration
of the multidimensionaimagespaceof realisticdistortionsin
a video communicationsystem.Fig. 7 shavs someexample
datageneratedrom the“Lena” testimagewith awindow size
of W = 7. Thespatialresolutionof thetestimageis 256 256
pixels,andthe MB sizefor theerrorconcealmendistortionsis
16 16 pixels. The columnshave approximatelyequalPSNR
with decreasingrror from left to right. The metric valuesfor
the variousquality metricsare alsogiven on the right of each
image.

A few obsenationsarein ordet First, overall,imagequality
increaseg$rom left to right. This meanghat,whenwe compare
imageswith the sametype of distortion, PSNR is a good
predictor of image quality, and so are all the other metrics.
Secondone canarguethat the block blur artifactis the most
objectionableartifact. This is becauset destrgys the image
structurewithin the blurred region and additionally creates
obvious block edges.Another obsenation is that the relative
perceptualquality for some of the distortions changesas
we move to higher PSNRs.For example,at 24.6 dB, JPEG
compressioiis oneof the mostobjectionablebut asthe PSNR
increasesjt becomedess objectionablerelative to the other
distortions. Finally, the perceptualquality for some of the
distortions,like white noise and JPEGcompressionchanges
signi cantly with viewing distance while for others,like the
blur and intensity shift, it is less sensitve to the viewing
distance.(The readeris encouragedo try viewing the PDF
le atdifferentzoomsettings.)

Here we should point out that our goal is not to conduct
systematicsubjectve teststo establishthe validity of the
metric results,but to demonstratehat the proposeddistortion



24.6 26.8
30.5 324
0.828 0.898
0.805 0.873
0.815 0.891
24.6 26.8
30.6 31.3
0.933 0.962
0.909 0.940
0.902 0.933
24.6 26.8
32.7 34.7
0.673 0.762
0.640 0.699
0.754 0.815
24.6 26.8
32.3 344
0.848 0.901
0.851 0.886
0.879 0.914
24.6 26.8
35.2 35.5
0.532 0.622
0.678 0.714
0.831 0.855

IEEE TRANSACTIONS ON IMAGE PROCESSING,VOL. 17, NO. 8, AUG. 2008

29.0 32.0 36.0
33.3 34.5 36.3
0.923 0.963 0.977
0.896 0.945 0.977
0.907 0.952 0.988
29.0 32.0 36.0
32.7 33.8 354
0.971 0.983 0.989
0.957 0.970 0.981
0.954 0.967 0.979
29.0 32.0 36.0
35.7 36.2 36.4
0.837 0.908 0.954
0.757 0.835 0.904
0.867 0.923 0.960
29.0 32.0 36.0
355 35.6 36.0
0.925 0.962 0.981
0.946 0.957 0.961
0.963 0.967 0.971
29.0 32.0 36.0
35.9 36.1 36.3
0.711 0.816 0.911
0.751 0.803 0.865
0.878 0.908 0.940

Fig. 7. Examplerealisticdistortionimageswherecolumnshave approximatelyequalPSNR.From top to bottomrow, the distortionsare (1) block blur, (2)
block intensity shift, (3) JPEGcompression(4) block spatialshift, and (5) additive white noise.The metric valuesto the right of the imagescorrespondo

PSNR,PerceptuaPSNR,SSIM, CWSSIM, and WCWSSIM.

modelscanbe usedto explore the advantagesand limitations
of the different quality metrics. Thus, we rely on informal
subjectve evaluationsand concentrateon obvious differences
ratherthan subtledetails.

Fig. 8 shaws the full-size imagesthat correspondto the
middle columnof Fig. 7. Here,one canarguethat the spatial
shift hasthe bestoverall subjectve quality, followed by the
noise and intensity shift, and the JPEGand blur artifactsare
the mostobjectionable Again, we rely on informal subjectve
evaluations,whereby obseners 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 relatve performanceof the spatial shift image
and the JPEG compressionput give the best scoreto the
level shift, and the worst scoreto the noise, both at odds
with the subjectve evaluations.The P-PSNR,on the other
hand, gives the JPEG and noise imagesthe highestscores,
also contrary to the subjectve evaluations.Comparingthe

SSIM and CWSSIM metric predictions,we seethatthe 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 perceved distortions,for

example,the distortionis more noticeablewhenit affectsthe
eyesor someothersalientpartof the image.Barring this type
of situation,however, our extensive experimentsindicatethat
the resultswe presenthere are fairly representatie of most
situations.

Fig. 9 shavs anotherexample with a 512 512 image;
this is a sggmentof the JPEG2000'Bike” testimage. The
MB size is the sameas in Fig. 8, and the other distortion
parameterdiave similar values;the PSNRis equalto 27 dB.
Here againthe the spatial shift hasthe bestoverall quality,
but now the intensity shift and blurring 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 distancethe viewing anglein pixels/dgreehas
beenreducedby a factor of two.) Note also that the smaller



BROOKS et al.: STRUCTURAL SIMILARITY METRICSIN A CODING CONTEXT. EXPLORING ... 9

(@) (b) (©

(d) (e) ®
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) Spatial Shift 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 intensity shifts; (e) block spatialshifts;

(f) block blur. Theseimagescorrespondo the middle columnof Fig. 7. The valuesfor different metricsare givenin the table.

relative size of the concealedpackets makesthe blurring and

intensity shift artifactsa bit lessobjectionablefoo. Again, the

SSIM and CWSSIM metrics predict the relative performance
of the spatial shift image and the JPEG compression but

give the bestscoreto the level shift, and the worst scores
to the noise and JPEG compressionpoth at odds with the

subjectve evaluationsThe P-PSNR consistentvith theearlier

obsenations, gives the JPEG and noise imagesthe highest
scoresalso contraryto the subjective evaluations.One could

arguethatthe examplesin this gure correspondo CCIR601
transmissiorover paclet-lossynetworks, while the 256 256

examplesof Fig. 8 correspondo the CIF case.

Figs. 8 and9 demonstratéoth advantagesandweaknesses
of the SSIM andCWSSIM metrics.A signi cant advantageis
that, as we sav above, they predictthe relative performance
of the spatial shift image and the JPEG compressionThese
typesof distortionsare commonlyencounteredn video com-
pression/transmissioapplications,where there is a tradeof
betweensourcecoding errorsand errorsdue to paclet losses

[23]. In a speci ¢ examplethat demonstrateshe potential of

the SSIM metrics,a video sequencavas encodedat a lower
rate so that the entire sequencecan be transmittedwithout
losses;the resultingPSNR (averagedover the sequenceyas
30.0dB. We thenencodedhe samesequenceat 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 representatie frame from eachimplementationis shavn

in Fig. 10. Despitethe paclet losses,which resultin some
incorrectblocks in the decodedimage, the visual quality of

the secondimplementationwas signi cantly higher and was
correctly predictedby the SSIM and CWSSIM metrics.

A weaknes®f the SSIM and CWSSIM metricsis the fact
that the intensity shift distortionshave highervaluesthanthe
spatial shift distortions.Most humanobseners make the op-
positechoice,giving the spatiallyshiftedimagehigherquality
ratings.Anotherweaknes®f the SSIM and CWSSIM 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) (©)

(d) (e) ®
Distortion P-PSNR| SSIM | CWSSIM| HP | L1 | L2 | L3 | LP |WCWSSIM
(b) JPEG 4368 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 intensity shifts; (e) block spatialshifts;
(f) block blur. The valuesfor differentmetricsare given in the table.

(@) (b) (©)
Fig. 10. Videoover wirelessexample:(a) original frame;(b) frameencodedat lower rate without paclet losses(PSNR=30.50B, CWSSIM=0.88).(c) frame

encodedat higherratewith paclet losse§PSNR=28.31B, CWSSIM=0.90).CWSSIM metric predictsthat video on theright is of higherquality in agreement
with subjectve evaluations.
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(@) (b) ©
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 groupingparamete(M blocks per paclet) for equalPSNR(31.9dB). (a) M = 1, (b) 5, and(c) 32 (entirerow). The CWSSIM and
WCWSSIM valuesagreewith subjectve evaluationsthatimageon the left haslower perceptualguality thanthe othertwo.

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

The tablesassociatedvith Figs. 8 and9 shav a scale-by-
scale CWSSIM calculation (over three scales,the low-pass,
and the high-passsubbands)eachaveragedover six angular
orientationsfor the different distortion types® Note that for
thewhite noiseand JPEGcompressionthe valueof the metric
varieswidely from level to level, while for the otherdistortions
the value of the metric doesnot changeas much. Thus, the
CWSSIMmetricvaluesareexpectedio changesigni cantly if
adifferentsetof subbandss usedto computethe metricvalue.
As we will seebelaw, simpleaveragingis not necessarilythe
bestthing to do.

Another interestingapplication of the proposeddistortion
modelsis depictedin Fig. 11, where we evaluatethe effect
of MB groupinginto M blocksper paclet. For approximately
equalPSNR(31.9dB), both SSIM and CWSSIM predictthat
the imageswith single MB paclets (M = 1) have lower
quality than the imageswith paclets that containM = 5
MBs or an entirerow of MBs (M = 32). This resultagrees
with informal subjectve, andindicatesthatusinglarger paclet
sizesto obtainbettercompressioref ciency doesnot resultin
ary lossesin perceptuahuality.

D. Perceptually-VéightedCWSSIM

In order to addresssome of the weaknessedescribed
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 sav in Sectionlll-B.

SSIM approachproposedn [24], but usesthe steerablelter
decompositioninsteadof the Gaussianpyramid. In order to
avoid cumbersomeubjectie experimentsfor determiningthe
subbandweights, we loosely basethe weight selectionon
the wavelet thresholdmeasurementn [25]. (Seealso [1].)
For the weight calculation, we assumea viewing distance
of six image heights at the 512 512 resolution, which
correspondgo 12 image heightsat the 256 256 resolution
(sothatthe viewing anglein pixels/dgyreeremainsthe same).
Note that even though the two wavelet decompositionsare
quite different, they are both octave spaced,andthereis an
obvious correspondencéetweensubbandsthe L3, L2, and
L1 subbandof the steerablgoyramid correspondo the level
3,2,and1 LH (or HL) bandsof the waveletdecompositiorin
[25], respectiely, while the LP steerablesubbandcorresponds
to thelevel 3 LL bandin [25]. Theresultingweightsarelisted
in the tablesin Figs. 8 and 9. Note that this is only a rough
approximation.More accurateestimatesshould be basedon
subjectve experimentsthat determinethe basesensitvity of
eachsubbandor a givenviewing distancg1]. The mainpoint
we are trying to male is that the subbandweights should
dependon frequeng contentandviewing distance We should
also point out that all we proposeis to use weights based
on (JND) threshold measurementsOptimizing the weights
for suprathresoldistortionswould be quite dif cult, andis
beyond the scopeof this paper

Using theseweightsto combinethe resultsfrom multiple
subbandsywe nd that this WCWSSIM versionof the metric
improvesthe resultsof SectionV-C. Notethatin both Figs. 8
and 9, WCWSSIM gives higher quality ratingsto the spatial
shift than the level shift images, better agreeingwith the
higher perceved quality of thoseimages.However, while this
de nitely representsan improvement,it still doesnot re ect
the (considerablysuperiorquality of the spatialshift images.
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We believe that the remainingproblemsare due to the fact
that the complex SSIM insensitvity to translationds limited
to small translationswhile the HVS cantoleratea lot more.
In addition,the SSIM metricsare too insensitve to intensity
shifts. The WCWSSIM metric also increaseghe valuesfor
the JPEG and white noise distortions. The metric value for
the white noisedistortion, however, is still lower thanthat of
the blur, which is de nitely of lower perceptuahuality.

A block diagram of the perceptually-weightedCWSSIM
implementationis shavn in Fig. 12. The error calculation
consistsof the SSIM we reviewed in Section IlI-A. Note
that thereis no explicit masking (shovn in dotted line); as
we saw in Section IV-B the contrast masking is implicit,
primarily throughthe 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 IND-based
perceptuabpproaches.

distorted |frequency
image analysis
?
reference |frequency|. |SSIM error] | Spatial | |frequency|.
image analysis calculation| | pooling pooling
: e B 6
S == masking :---:
_ |frequency
sensitivity

Fig. 12. Perceptuatoder

VI. CONCLUSION

We have examinedthe useof structuralsimilarity metricsin
suprathresholdvideo compression/transmissioapplications.
In orderto betterexplore the spaceof distortions we proposed
modelsfor typical distortionsencounteredn theseapplica-
tions. Our experimentalresultsindicate that, while structural
similarity metrics provide signi cant advantagesover tradi-
tional approachesthey also have important limitations. We
believe that the proposedistortionmodelswill be the key to
addressinguchlimitations. We alsofoundthatthetranslation-
insensitve 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 IND-based
perceptuabpproaches.
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