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Abstract— Most full-r eference delity/quality metrics compare
the original image to a distorted image at the same resolu-
tion assuming a xed viewing condition. However, in many
applications, such as video streaming, due to the diversity of
channel capacities and display devices, the viewing distance
and the spatiotemporal resolution of the displayed signal may
be adapted in order to optimize the perceived signal quality.
For example, at low bitrate coding applications an obsewer
may prefer to reduce the resolution or increasethe viewing
distanceto reducethe visibility of the compressionartifacts. The
tradeoff between resolution/viewing conditions and visibility of
compressionartifacts, requiresnew approachedor the evaluation
of image quality that account for both image distortions and
image size. In order to better understand such tradeoffs, we
conducted subjective tests using two representatie still image
coders, JPEG and JPEG 2000. Our results indicate that an
obsewer would indeed prefer a lower spatial resolution (at a
xed viewing distance) in order to reduce the visibility of the
compression artifacts, but not all the way to the point where
the artifacts are completely invisible. Mor eover, the obsewer is
willing to acceptmore artifacts as the image size decreasesThe
subjective test results we report can be used to selectviewing
conditions for coding applications. They also set the stage for
the developmentof novel delity metrics. The focusof this paper
is on still images,but it is expectedthat similar tradeoffs apply
to video.

Index Terms— Scalability, image quality, image delity , noise
visibility , just noticeable distortion, JND, human visual percep-
tion.

|. INTRODUCTION

ECENT adwancesin video capture and display tech-

nologies and digital communicationshave led to the
developmentof a wide variety of video services.The spa-
tiotemporalresolutionof the video signalsthat theseservices
provide dependsn the video capturedevice, the transmission
bandwidth,andthe displaysystem.In mary scenariosa video
sequencenaybetransmittedo avarietyof userswith different
bandwidthsand different display devices. This givesrise to
the needof a scalableschemefor maximalresults.A scalable
schememay be implementedat the source,wherea scalable
coderis employed, or embeddedn the transmissionproto-
col, which requiresthat the sourcebit-streambe transcoded
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somavherealongthe transmissiorpathto supportthe service
needsin quality while minimizing the throughputdemandon
the network. In any event, the transmittedvideo streamseed
to be adjustedaccordingto the channelbandwidthand the
display device of the user

The adaptve scalingschemealso involvesthe users view-
ing conditions.As an example,in low bitrate coding appli-
cations,the compressedmageor video may be too distorted
and the viewer may prefer to reducethe resolution(or size)
or increasethe viewing distanceto reduce the visibility
of the compressionartifacts. Such kind of situation has at
leasttwo implicationsthat warrantinvestigation.First, exist-
ing subjective evaluationsor objective image delity/quality
metrics basedon a x ed set of viewing conditions may
not be reasonablyextrapolatedfor measuringthe perceved
image quality under such potentially mismatchedviewing
conditions. Second,since most delity metrics (and coding
schemeghat are guided by them) were designedunder the
assumptionof x ed viewing conditions,they only measure
the noise/distortionvisibility for a given image, and do not
accountfor changesn the signalvisibility whenthe viewing
conditions(e.qg.,resolutionor viewing distance)andhencethe
signalitself, changesFor example,whenthe viewing distance
is in nite, the noisebecomesnvisible, but so doesthe signal!

In orderto copewith the new applicationscenariosthere
is a needfor a fundamentalchangein our understandingpf
image delity assessmenhoth subjectve and objective. The
goalof this paperis to highlight this needandto explore some
of the tradeofs that must be addressedy thosewho design
subjectve experimentsor develop delity metrics.

We presenta subjectve study that measureghe effects of
viewing conditionson perceved image quality. In particular
our goalis to explore tradeofs betweenspatialresolutionand
image compressionartifacts in order to obtain the optimal
display conditions for an image that has been compressed
by a given algorithm at a given bitrate. As we will discuss
below, there are similar tradeofs betweenviewing distance
and compressiorartifacts. The focus of this paperis on still
images,but we expectthat similar tradeofs apply to video.
Of course formal experimentsawvould be necessaryo quantify
suchtradeofs, aswell astradeofs thatarisefrom varyingthe
temporalresolutionof the video sequence.

First we clarify two terms:image delity andimagequality
sincethesetwo have beeninterchangeablyeferredto in the
literature.In this paper our useof thesetwo termscarriesthe
following someavhat uncorventionalnotions.Image delity is
a measurethat always involves a reference;it can be either
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objective under a prescribedset of conditionsor subjectve

for sameor differentconditions.In the casethat an objective

image delity metricemploys aperceptuamodel,it is referred
to as a perceptualimage delity metric. On the other hand,
image quality denotesthe perceved characteristicsof an

image.Suchanassessmemhay or may notinvolve areference
signal; its measurements primarily basedon the viewers'

long-termpsychophysicaéxperienceln this paperwhenthere
is an explicit comparisorwith a referenceémage,we will use
the term image delity . When the comparisonis indirect or

implicit, we will usethe termimagequality.

The paperis organizedas follows. In the remainderof
thisintroduction,we discusghe motivation, methodologyand
prior work. Sectionll reviews objective image delity metrics.
The setupfor the subjectve testsis presentedn Sectionlll.
SectionlV presentandanalyzeghe experimentakesults.The
concludingremarksare providedin SectionV.

A. Motivation and Methodolay

The primary goal of this paperis to test the hypothesis
that there exist uncorventionaltradeofs betweenthe spatial
resolutionof a givenimageand its perceved quality, and to
provide guidelinesfor determiningthe most ef cient spatial
resolutionat a givenlevel of noise.This is in contrastto other
psychophysicalexperimentsthat try to quantify parameters
of an algorithm, e.g., visual thresholds.Our main interest
hereis noisethat arisesfrom compressiorartifacts,but while
rigorousstudiesare necessarywe expectto seesimilar types
of tradeofs in otherdistortionsand applications.

Beforeintroducingthe methodologyof perceptuahnalysis,
let us rst statethreefundamentabssumption®f the human
psychophysicabehaior asrelatedto visual perception.

1) Relatively, a human obsener perceves an image of
higher spatial resolutionas having higher quality, pro-
vided that the imageis a natural one without obvious
known artifacts.

2) Relatvely, a humanobsener ratesanimageasof lower
quality if it containsmore compressiorartifacts.

3) Thereexist varying thresholdlevels of noise visibility
belov which an obsener cannot perceve the noise.
Theseare commonlyreferredto as just-noticeabledis-
tortion (JND) levels.

With theseaxiomatic assumptionspne key hypothesisto be
veri ed and an objective to be accomplishedn our current
study can be statedas follows.

1) The visibility of compressionartifacts (or noise vis-
ibility) decreasesas the spatial resolution decreases.
At the sametime, the signal visibility (or presencen
a more generalsense)also decreasesith decreasing
spatialresolution,albeitat a differentratefrom the noise
visibility. Consequentlythereexist someuncorventional
tradeofs betweerthe spatialresolutionof a givenimage
andits perceved quality.

Quanti cation of the thresholdgor noisevisibility may
provide a guideline for determiningthe most ef cient
spatialresolutionat a given noiselevel.

2)
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In order to to verify the above hypothesisand to gain
a better understandingof different tradeofs and the related
guanti cation of perceptualparameterswe conductedtwo
subjectve experiments.

Thegoalof the rst experimentis to nd thejust-noticeable
level of distortion(JND) for agivenimageatagivenresolution
andviewing distancethatis, to nd thelowestbitrateat which
no compressiomrtifactsarevisible. We referto this asthejust-
noticeablenoise perception assessmentJNNP). Corversely
for a x ed bitrate and viewing distance this experimentcan
beusedto nd thehighestresolutionat whichthecompression
artifacts are not visible. In principle, the JND levels can
be predicted using existing perceptual delity metrics [1].
The goal of this experimentis thento verify the predictve
capability of the metrics.

Thegoalof thesecondexperimentis to explorethetradeofs
betweennoise and signal visibility. For a given encoding
rate and viewing distance,the goal of this experimentis to
determinethe spatial resolution that gives the best overall
subjectve quality. We refer to this as the relative perceived
quality assessmenfRPQ). In this experiment, each subject
was presentedwith a set of imagesat various spatial res-
olutions while the resolution of the display (in pixels per
degree)was x ed. This setupallows easyadministrationof
the assessmenprocedure,as the only thing that changesis
the size of the displayedimage. The subjectswere asled to
selectone displayedimage that is of the highestsubjectve
quality. The subjectswere instructedto basetheir decisions
on the overall image quality, i.e., including both distortion
artifacts and signal visibility. The imageswere obtainedby
downsampling(i.e., anti-alias Itering and decimation)from
the sameimage, which was encodedand reconstructedising
two still image coders (JPEG and JPEG 2000) at several
encodingrates.In otherwords, the encodingwas all doneat
the highestresolution.An alternatve would be to downsample
theoriginalimage rst, andthenencodat at differentbit rates.
Both alternatves are reasonableput they addressdifferent
applications.Our primary interesthere is in applicationsin
which the recever has no control over the transmitter or
encoderandis simply trying to optimizethe displayedimage
quality.

We also made an attempt to relate the results of our
subjectve teststo existing objectve image delity metrics.
As we sav above, the existing delity metrics assumethat
the original and distortedimage are at the sameresolution
and viewing conditions,and hence,cannotprovide quantita-
tive estimatesof image quality acrossresolutionsor viewing
distancesMoreover, most of the existing metrics have been
calibratedfor CRT displays,anda directcomparisorwith our
experiments,which were conductedwith at paneldisplays,
is dif cult.

Basedon the test results,we experimentallyveri ed that
thereexist sensibleradeofs ashypothesizedr-urthermorewe
found that the acceptablenoise visibility level undervarying
signalvisibility conditions(spatialresolution)is in generakig-
ni cantly higherthanthe corventional JND thresholdsunder
x ed viewing conditions.This canbe understoodasa human
obsener tendsto be willing to acceptmore compressiorarti-
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factsthanwhat may be predictedby existing delity measures
aslong as the operatingresolutiondoesnot unduly increase
thevisibility of the artifacts.These ndings suggesthata new
measureof visual delity musttake into accountthe spatial
resolution discrepang betweenthe original image and the
viewed image,and that mary image coding applicationscan
achieve higher coding performanceby exploiting the human
psychophysicabehaior in a variety of viewing conditions.
The ultimate goal, of course,is to develop novel delity
metricsfor a wide rangeof applicationsthat involve variable
bitratesanddisplaydevices.Indeed the subjectve evaluations
we presentin this papersetthe stagefor the developmentof
suchmetrics.

B. Prior Work

The study of image quality as a function of viewing
distance,resolution,and picture size was the topic of early
work by Westerinkand Roufs [2], who found that angular
resolution(in cyclesper degree)and picture angleeachin u-
enceimagequality independentlyThey found that subjectve
quality increasesvith resolutionbut saturatesit approximately
25 cyclesper dggree. Their resultsalsoindicatea linear rela-
tionship betweensubjectve quality and the logarithm of the
pictureangle.Their experimentswhich usedslide projections
of complex scenesas stimuli, setthe foundationsof modern
image quality analysisand had a majorimpacton the design
of the high-de nition TV standard.The effect of the display
resolution,image size, and other display parameterson the
perceptionof imagequality wasconsideredy Barten[3]-[5],
who proposeda metric, the squareroot integral (SQRI), that
given the modulationtransferfunction of a particulardisplay
device, canbe usedto estimatethe optimal viewing distance
for a given spatialresolution.However, neitherWesterinkand
Roufsnor Bartentook the effectsof compressiorartifactsinto
considerationSincethenthe topic hasreceved little attention
in theliterature.In the meantime, new communicationsppli-
cationshave evolvedthatrequirea new look at the parameters
thatin uence imagequality, and especiallytradeofs between
them, e.g.,angular(or spatial)resolutionversuspicture angle
(or imagesize). Kuhmiinchet al. [6] consideredhe tradeof
betweentemporal and spatial resolution in the context of
scalablevideo coding. They proposeda video delity metric
thatis basedon the conceptsintroducedby Websteret al. in
[7] andusedit to nd the ratio betweenspatialand temporal
scalingthat maximizesperceved quality as measuredy the
metric. The proposedmetric obtains separateestimatesof
static and dynamic image quality, and then combinesthem
additively or multiplicatively. Although their work providesa
valuableapproactfor videoscalability they do notaddresshe
noiseversussignalvisibility tradeof consideredn this paper
Feghali et al. in [8] considerediradeofs betweentemporal
resolutionand quantizationand proposeda new, empirically-
derived, metric that takes into accountquantizationerrors,
frame rate, and motion speed.The viewing conditionswere
x ed,however. Koumarasetal. [9], [10] consideredsubjective
and objective estimatesof upper and lower boundsin the
perceved quality of video clips with differentresolutionsand
spatio-temporaactivity levels. Finally, Schilling and Cosman
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[11] evaluated a number of progressie coders basedon
the assumptionthat the time it takes a human obsener to
recognizea given imagerelatesto image delity .

I1. OBJECTIVE IMAGE FIDELITY METRICS

The study of multimedia communication applications
(speech,image, and video), which inevitably involve some
types of signal distortion, requiresthe evaluation of signal
delity in its reconstructedform. This can be done with
objective criteria, but since the ultimate user is usually a
human,ary suchevaluationor assessmerghouldconsistently
re ect humanperceptuapreferenceln this sectionwe review
objectve measuresfor still image delity that have been
proposedwith varying degreesof successn predicting the
subjectve preference.

The mostcommonlyusedobjectve delity measures the
meansquaredrror (MSE), mostcommonlyexpressedispeak
signal-to-noiseaatio (PSNR),which is known to beinadequate
asa measureof perceptuabistortion.A numberof perceptual
measurefave alsobeenproposedThesemeasuretave relied
on certainexplicit low-level modelsof humanperceptionthat
accountfor sensitvity to subbandnoiseas a function of the
spatial frequeng, the local luminance,and the contrastor
texture masking[1], [12]. Another recently proposedclass
of delity measuresknown as Structural SIMilarity (SSIM)
[13], usesimplicit perceptualmodelsto accountfor high-
level characteristic®f the humanvisual system(HVS). Such
measurestake into account point-by-point distortions that
may not be relevant to perceptionof quality, suchas spatial
translationand intensity shifts, as well as contrastand scale
changesWe review all thesemeasuresn this section.

A. PerceptualMetrics with Explicit Visual Model

Most of the existing perceptually basedimage delity
measuresincorporate explicit models of human perception
[1], [12]. As mentionedearlier thesemeasuresassumethat
the referenceand the processedreconstructedjmageshave
the sameresolution,and are viewed at a prescribeddistance,
i.e., under identical viewing conditions. Most measuresare
basedon a multi-scalespatialfrequeny decompositiorusing
methodssuchasdiscretewavelettransform(DWT), lterbank
(i.e.,thesubbandnethod)or discretecosinetransform(DCT).
Perceptuakensitvity usually can be better addressedn the
transformdomainthanwith the original pixel array

Our focus hereis on measureghat have beendeveloped
speci cally for image compressionapplications.We assume
that a proper transformationthat is commensuratavith the
adoptedperceptualmodel has been performed, resulting in
the setof coefcients f b.x g, wherek denotegheindex in the
transformdomainandi is thelocationindex of thetransformed
image block. For eachcoefcient of the decomposedignal,
suchmeasureemploy anoisevisibility thresholdt;y , referred
to as the just noticeabledistortion level or JND, to quantify
the perceved distortion. This thresholdaccountsfor human
visual sensitvity to spatial frequeng, local luminance,and
contrast/t&ture masking.The distortionfor the overall image
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is thencomputedas:
0 o 8

X < by b
Dp:Ni%) @max — .

ik 2< : tik ’

where ﬁ;k is the coefcient of the processedor distorted)
image correspondingo bk, and N is the total number of
coefcients (equivalently pixels). The value of Qs is em-
pirically determinedfrom psychophysicalexperiments.(For
a discussion,see[1].) Note that when the differenceof the
two coefcients is below the visibility threshold,the noiseis
essentiallyinvisible andthe actualvalueof the differencedoes
not matter When the differenceis higherthan the threshold,
it is normalizedby the JND level. Thus, D, representghe
averagedistortion expressedn JNDs.

In orderto be consistentwith traditional error metrics,we
expressthe perceptualmetric in terms of “visual decibels
(dB)” We de ne the “masked peaksignal-to-noiseatio (MP-

SNR)” as

MPSNR = 10 log,, g:
Db

@
Note that the maximumvalue of MPSNRis 48:13 dB, which
correspondsto the perceptually transparentcondition. For
this paper we consideredseveral measurespne developed
by Safranekand Johnstonfor subbandcoders[14], one by
Watsonfor DCT coders[15][6], and anotherby Watson et
al. for wavelet-basedcoders[16]. A detailed descriptionof
the measurescan also be found in [1]. Even though these
measuresveredevelopedfor nearthresholdapplicationsthey
have alsobeenusedin supra-threshol@pplicationg17], [18].
More systematicstudiesof the supra-thresholdcasecan be
foundin [19]-[22].

B. Structual Similarity Metrics

In contrastto the perceptualmetrics we describedabove,
the Structural SIMilarity (SSIM) metrics, proposedoy Wang
et al. [13], [23], are not basedon measurementsf noise
sensitvities; instead they attemptto take into accounthigher
level functionalitiesof the HVS, andin particulay they attempt
to make explicit use of the “structural” information in the
viewing eld. An importantproperty of the SSIM measures
is that they are only supposedto respondto signi cant
structuralchangeswhile perceptuallyinsigni cant point-by-
point distortions,such as contrastand intensity changesare
not substantiallypenalized.Thesemeasuresassumethat the
structuralinformation is available or can be extracted from
the image. Thus, they are expectedto be more effective
in measuringsupra-thresholddtompressiordistortions,which
affect the structureof animage.

There are several SSIM implementationspoth in the im-
age/piel spaceand in the wavelet domain. The basic SSIM
index proposedn [13] is a real numberin therange[ 1;1]
and is computedbasedon the secondorder statisticsof the
referenceand the distortedimageasfollows:

(2 X y+Kl)(2 xy+K2)
(2+ §+K)( 2+ 2+Kp)’

S(x;y) = 3)
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wherex andy are two nonneative image signals(or image
patches), x and , arethemeanintensities, 2 and 5 arethe
variances, yy is thecovarianceof x andy, andK ; andK , are
smallrealconstantselatveto  or . A moregenerafform
of this metric canbe foundin [13]. The spatialdomainSSIM
has beenshown to provide good quality predictionacrossa
variety of artifacts,but is highly sensitve to spatialtranslation.

The complex wavelet domainimplementation(CWSSIM)
[24] allows imperceptiblespatial translations and also small
rotations and scaling changes.The CWSSIM of a given
subbands given by

P
2 ) Cx;i Cy;i + K

Se(Cx; &) = P———P—— ;
o _JCx;iJZ"' _JCy;iJ2+K
I |

(4)

where c, andc, are the wavelet coefcients corresponding
to two imagesor image patches,c denotesthe comple
conjugateof ¢, andK is a small positive constant.

Note that the meanof the wavelet coefcients (exceptthe
basebandis zerodueto the bandpasgropertyof the wavelet
transform.The overall metric valueis computedasthe mean
of the CWSSIM subbandindices. Brooks et al. [25], [26]
proposeda variation of this metric, whereby the subband
indexes are weightedbasedon humansensitvity to subband
noise.The weightedCWSSIM incorporatesan explicit model
of subbandsensitvity to noise,and thus, provides a link to
the perceptuametricsdescribedabove.

Overall, even though SSIM metricshave introduceda nen
way of looking at image delity, they are also limited by
the fact that the referenceand test imagesare at the same
resolutionand viewing conditions.

C. Signaland noisevisibility

As will be discussedn the next section,the aim of our
subjectve experimentsis to measurethe effect of viewing
conditions (viewing distance or spatial resolution) on the
percevedimagequality. As theamountof distortionincreases,
say due to reducedbandwidth or bitrate, it is conjectured
thatthe perceved quality may bene t from a reductionin the
spatialresolution,or similarly, from anincreasen theviewing
distance.Of course, changingthe viewing distanceis not
equivalentto changinghe spatialresolution,asonehasto take
into accountthe speci cs of the samplingrate corversionand
characteristic®f the display device [27]. However, to a rst
order approximationwe can safely assumehat reducingthe
resolutionis equivalentto increasingthe viewing distanceby
thesamefactor The delity measureshathave beenproposed
so far cannotprovide a quantitatve estimateof the image
quality whenthe imageresolutionor the viewing distancehas
beenaltered.One obvious approachto evaluatingthe visual
delity acrossspatial resolutionis to evaluatethe imagesat
the highestresolutionusing one of the available measuresA
problemwith this approachis thatit requiresimageinterpo-
lation, andit is not clearwhatinterpolationtechniqueshould
be usedsincethey may introduce unexpectedartifacts.More
importantly this approachis essentiallyinconsistentwith the
way the reconstructedmagesare viewed or usedby a viewer.
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Fig. 1. The Mannos-Sakrisoand Daly eye contrastsensitvity functions.
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Fig. 2. The Mannos-Sakrisorfrequeng responsewith frequeng expressed
in cycles/inchat several viewing distances.

In orderto explain in simpletermsthe issuesinvolved, we
considerthe contrastsensitvity function (CSF) of the eye.
However, we should point out that the CSF is too simple
of a model of the eye for the purposeof evaluating the
percevedimage delity . An estimateof the CSFby Mannos
and Sakrison [28] is shavn in Fig. 1 in solid red line.
Accordingto the estimatethe eye is abandpasdter , shaving
increasingsensitvity asthe spatialfrequeng rises,peakingat
about 8 cycles per degree, and then decayingexponentially
towardshigherfrequenciesAlso shaovn in dashedlue line is
the frequeng responseusedby Daly [29]; it modelsthe eye
as a lowpass lter insteadof a bandpasne. As illustrated
in Fig. 2, the frequeng responsechangessubstantiallywith
the viewing distance.For example, as the viewing distance
increasesthe peakof the responseshiftsto lower frequencies,
making high frequeng detailslessvisible (for more details,
see[30]).

The key parameterdor the CSF are the viewing distance
(in inches)andthe resolutionof the display device (in pixels
per inch). Alternatively, one can specify the viewing distance
in image heightsand the image heightin pixels (assuming
identical horizontaland vertical display resolution).In either
case,onemustderive the “display visual resolution”in pixels
perdegree[16]. Notethat, sincethe CSFdemonstratea band-
passcharacteristicjt is possiblethat (low-frequeng) image
degradationsbecomemore visible asthe viewing distancein-
crease$12], [31]. In orderto compensatéor this undesirable
effect, several researcherdiave proposed” attening” of the
eye responsg29], [32]-[35] asshown in Fig. 1.

Basedon the above discussion,it is clear that increasing
theviewing distancereduceghe visibility of compressiorarti-
facts.However, increasinghe viewing distancealsodecreases
the visibility of the signal itself. In the extreme caseof an
in nite viewing distance,no artifactsare visible, but neither
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is the signal. Thus, thereis a needto nd a viewing distance
thatachievesthe bestbalancebetweerthe signalandthe noise
visibility so asto achieve the bestoverall imagequality.

I1l. SUBJECTIVE EXPERIMENTS

To obtain a better understandingpf how the spatial reso-
lution affects the perceved signal quality in the context of
compressiorartifacts,we conductedsubjectve image quality
evaluationexperiments Early psychophysicaéxperimentsfor
analyzing the effect of spatial resolution on image quality
assessmenwereconductedy Westerinkand Roufs[2]. Such
experimentshave formed the basisof modernimage quality
analysisand had a major impact on the designof the high-
de nition TV standard.The goal of this paperis to consider
speci ¢ tradeofs thatwerenotin thatearly study andthatare
encounteredn current communicationsapplications,which
encompass wide variety of display devicesand channelca-
pacities.In particular our goalis to explore tradeofs between
spatialresolutionand image compressiorartifactsin orderto
obtain the optimal display conditionsfor an image that has
beencompressedby a given algorithmat a given bitrate.

We conductedwo experimentsIn both casesthe viewing
distancewas x ed. We useda seriesof compressedmagesat
different bitratesthat were carefully chosento cover a wide
range of perceptualquality. Theseimageswere then down-
sampledusing nearoptimal sinc-functionanti-aliasing Iters.
As we notedin the introduction,all the encodingwas done
at the highestresolution.The goal of the just-noticeablenoise
perceptionassessmeraxperimentwas, at eachresolution,to
nd thehighestcompressiotevel atwhich the artifactsarenot
visible, or corversely for a x ed bitrateandviewing distance,
to nd thehighestresolutionatwhichthecompressiomrtifacts
are not visible. The goal of the relative perceived quality
assessmengxperimentwas to determinethe resolutionthat
givesthe bestoverall subjectve quality for a given encoding
rate.

A. Image geneation and experimentalsetup

In our experimentswe useda numberof testimagesand
compressiottlechniqueskFigure3 shavs thumbnailsof thefour
testimages,“Bank;” “Lena; “Bike; and“Woman, all with
spatialresolution512 512 pixelsand256 quantizatiorevels.
The “Bike” and“Woman”imageswere croppedfrom the ISO
400 image set. Note that the “Bank” image has the highest
amountof detail, followed by “Bik e, “Lena; and“Woman’
Note alsothatin “Lena” the backgrounds blurred, while in
both“Lena” and“Bik e” thereis somevisible noise,mostlikely
scanningartifacts.

The test imageswere rst encodedusing two different
coding algorithms, JPEG [36], [37] and JPEG 2000 [38],
[39]. JPEGis the mostwidely usedmethodfor perceptually
losslessor lossy image compressionlt is basedon a DCT
decompositionThe JPEGquantizatiortable wasbasedon the
baselinecontrastsensitvity thresholdsdeterminedby Watson
[1], [15], computedat six image heights.JPEG 2000 is the
mostrecentstandardfor imagecompressionandis basedon
a DWT decompositionThe numberof decompositiorlevels
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Fig. 3.
(in rasterscanorder).

Imagesfor subjectve tests,"Bank”, “Lena”, “Bike”, and “Woman”

wassetat 5 andthe codeblocksizewas setat 32. Sincethese
compressiommethodshave different coding ef ciencies, the
bitratesfor eachimageandtechniquewere carefully selected
to obtainreasonablalifferencedn perceved quality between
imagesat consecutie bitrates The selecteditratesfor thetwo
compressiormethodsand four imagesare shovn in Tablell.
In all casesthe highestbitratewas 1.0, at which thereareno
distortionsvisible to humanobserers.

For eachcoderand bitrate, the reconstructedmageswere
then downsampledby factorsof 4/3, 2, 8/3, 4, 16/3, and 8
to obtain seven different resolutions,using integer upsam-
pling anddownsamplingcombinationsvith nearoptimalsinc-
functionanti-aliasinglters. Theviewing distancewvas x edat
six imageheightsof the highestresolution(512 512) image,
which is equal to 354 inches. The stimuli were displayed
in a blue backgroundand viewed in a darkenedroom on a
Dell 1905FP at panel liquid-crystal display (LCD) screen
with contrastratio 800:1anda resolutionof 8678 pixels/inch.
The maximum luminanceof this display is 250cd=m? and
the average luminanceis 125cd=m?. The resulting spatial
resolutions,viewing anglesto the image stimuli, and the
maximumspatialfrequenciesare listed in Tablell.

Six obseners (hereafter sbjl to shj6) took part in the
experiments All werebinocularwith normalcolor vision and
normal (two) or correctedfour) visual acuity. Five weremale
and one female. Their agewas between20 and 30 yearsold.
The subjectgroupincludeda balancedmixture of critical and
casualiewers;their familiarity with imageprocessinglid not
seento have ary signi cant effect on the testresults.All six
subjectsparticipatedin both experiments.Prior to the test,
each obsener was presentedwith the original imagesand
typical examplesof compressedmages,in orderto become
familiarized with the test ervironment. During the test, the
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obsenerswere given enoughtime to make their decisionsin
the relative test, they were also allowed to view the original
testimages(at the highestresolution)at ary time during the
test. The orderingof imagesand encodersvasrandomizedo
avoid ary biases,but aswe will seebelaw, the bitrateswere
not.

For a review of the generalmethodologyof designinga
psychophysicatest, the readeris referredto [40]-[42].

B. Just-NoticeableNoise Perception Assessment

The goal of the just-noticeablenoiseperceptionassessment
isto nd thedistortionlevel at which the compressiomrtifacts
becomeinvisible. In theory the JND can be predictedusing
existing perceptual delity measuresHowever, this is not
alwaystruein practice thusmakingthis experimentnecessary
This experimentis in contrastto the relative perceved quality
test,wherewe testthe expectationthatthe subjectsarewilling
to acceptsomecompressiomrtifactsin orderto obtainalarger
image, in which casethey should selecta higher resolution
thanthe onethat correspondgo the JND level.

This experiment consistsof a series of two-alternatve
forcedchoice(2AFC) tests.Eachobsener waspresentedvith
two images,the original and the encodedimage,in random
order and was asled to selectthe one without compression
artifacts.Both imagesweredownsampledo a givenresolution
usingthesamealgorithm.An exampleof the stimulusis shavn
in Figure4. Thetestwasrepeatedentimesat eachresolution
anddistortionlevel (bitrate).If all the answersarecorrect,this
indicatesthat the noiseis visible. If the noiseis not visible,
then the obsenrer's selectionshould be random,i.e., 50% of
the answersshould be correct. In a 2AFC experimentlike
this, the thresholdvalue for the correctansweris typically
taken as the midpoint betweenthe ideal percentagesywhich
correspondgo 75% correct [43]. Therefore,if an obsenrer
givesthe correctanswereighttimesor more,thenwe conclude
that the noiseis visible; otherwiseit is invisible. The lowest
level of distortion at which the noiseis invisible is the JND.
A similar experimentalsetupwas usedin [14], [44].

In principle, there should be ten trials for each bitrate,
image, and spatial resolution,which addsup to over a thou-
sandtrials for eachobsener. However, since our goal is to
determinethe thresholdof perception,the length of the test
can be signi cantly reducedthrough the use of a dynamic
thresholddeterminationmethod.Ratherthan carrying out an
exhaustve test, eachobsener was presentedwith a limited
rangeof bitrates.Theinitial bitratewaschoserin themiddle of
therangeof bitrates.If the compressiorartifactsat this bitrate
were determinedo be visible, thenthe bitrate wasincreased
by one step. This procedurewas repeateduntil the artifacts
becamanvisible. Similarly, if the compressiorartifactsat the
initial bitratewere determinedo be invisible, thenthe bitrate
wasdecreasedne stepat a time until they becamevisible. In
both cases,once the critical coding bitrate was determined,
an additional test at the next higher or lower bitrate was
conductedjn orderto validatethe results.
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TABLE |
CODING BITRATES FOR THE TEST IMAGES

Image Coder | | Bitrates (bits/pixel)
Bank JPEG 1.0,0.8,0.7,0.6,0.5,0.45,0.4,0.3,0.25,0.2
JPEG2000 || 1.0,0.75,0.6,0.5,0.3,0.2,0.18,0.15,0.12,0.1,0.05
Bike JPEG 1.0,0.8,0.6,0.5,0.4,0.3,0.27,0.23
JPEG2000 || 1.0,0.75,0.5,0.4,0.3,0.2,0.1,0.08,0.05,0.04,0.03
Lena JPEG 1.0,0.5,0.4,0.35,0.3,0.27,0.25,0.23,0.2
JPEG2000 || 1.0,0.5,0.4,0.35,0.3,0.2,0.1,0.08,0.05,0.03
Woman JPEG 1.0,0.6,0.5,0.4,0.35,0.3,0.25,0.2,0.15,0.14
JPEG2000 || 1.0,0.5,0.3,0.2,0.1,0.08,0.06,0.04
TABLE 1l
SPATIAL RESOLUTIONSAND VIEWING CONDITIONS
Spatialresolution 512 384 256 192 128 96 64
Viewing angle (degree) 9.53 7.15 477 3.58 2.39 1.79 1.19
Maximum spatialfrequeng (cycles/dgree) || 53.74 40.31 26.87 20.15 13.44 10.08 6.72

Fig. 4. Testimagesfor the just noticeablenoise perceptionassessmertest
(“Bank” codedby JPEGat 0:2 bits =pixel ).

C. RelativePerceivedQuality Assessment

The goal of the relative perceved quality assessmertest
is to study the effect of spatial resolutionon the perceved
quality of the displayedimages.When the spatial resolution
decreaseghevisibility of the compressiorartifactsis reduced
andso is the visibility of the signal. One key questionto be
answereds how the visibility reductionsfor the signal and
the noise relate to each other perceptually This subjectve
experimentwas designedto answerthe questionby asking
an obsenrer to take both effectsinto consideratioras she/he
selectsthe resolutionthat maximizesthe perceved quality. In
the subjectve experiment, each subjectwas presentedwith
a set of imagesat different spatial resolutionsand asled to
selectthe one of highestsubjectve quality. All the images
in the setwere downsampledrom the samedecodedmage.
Figure5 illustratesthe setup,a seven-alternatie forcedchoice
(7AFC) stimulus array The imagesare ordered clockwise
in increasingresolutionin order to facilitate pairwise com-
parisonsbetweenadjacentresolutions.While the imagesand
compressiortechniqueswere randomized the bitrateswere
presentedn descendingorder This is becauseahe obsenrers
may be confusedif the quality jumps aroundtoo much, and
also, by moving from higherto lower quality, the obseners
have a bettersenseof whatthey arelooking for.

Fig.5. Testimagesfor therelative perceved quality assessmertést(“Lena”
codedby JPEG2000 at 0:1 bits =pixel).

IV. EXPERIMENTAL RESULTS

We now examinethe resultsof the subjectve experiments.
Dueto a variety of factors,it is reasonabléo expectthat the
resultsof suchsubjectve evaluationswill include a number
of outliers. Thus, as is typical in subjectve evaluations,in
eachtest we excludedthe most extreme (high or low) vote.
That is, in the just noticeablenoise perceptionassessment,
for each image and resolution, we excluded the obsener
with the mostextremebitrate, while in the relative perceved
quality assessmenfpr eachimage and bitrate, we excluded
the obsener with the most extreme resolution. When there
weretwo extremevotes,we excludedthe onewith the lower
numericalvalue.We thenusedboth the medianandthe mean
of the remainingvotesasthe nal outcomeof the assessment.

A. Just NoticeableNoise PerceptionAssessment

Figure 6 plots the noisevisibility thresholdsthat were ob-
tainedfrom the JustNoticeableNoise PerceptiomrAssessment.
Note that the axes of theseplots have beeninterchangedn
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Fig. 6. Noisevisibility thresholdgfor all the subjects.Their votesareindicatedby the dottedlines andtheir medianvalueis by the solid line.

orderto provide consisteng with the gures that follow. In

generalwe expectthe noisevisibility thresholdto decreasas
the spatialresolutionincreasesand thus, the selectedbitrate
to increasewith increasingresolution.Obsene thatthis is not

truefor all of theresults.Severalviolationsof this expectation
can be seenin Fig. 6 (a), (b), (d), (f), and (h). For example,
note the graph for sbj5 in the “Bike” image of Fig. 6 (b)

and (f). This may be explainedby the fact that the inherent
noise in the original uncompressedmage could in uence

the obsener's choice.Imagecompressioralgorithmstypically

drop high frequenciesand this resultsin image smoothing.
When the original image is noisy (or even textured, e.g.,
in a face), the obserers may then considerthe smoother
compressedmageas superiorto the noisy original and, thus,
labelit asoriginal.

The overall IND level (median)is shavn in solid line in
the gure. At a givenresolution,this representshe bitratesat
which the compressiorartifacts becomeinvisible. Note that
at low resolutions,the JND levels for imagesgeneratecby
JPEG2000 correspondo lower bitratesthanthosefor JPEG
images,while at higher resolutions,the results are mixed.
This should be expectedbecauseat lower rates JPEG 2000
provides superiorrate-distortionperformancewhile at higher
ratesJPEGoutperformsIPEG2000for highly detailedimages
(like “Bank”, “Bik e") but is lessef cient for imageswith low
detail, whosequality is not affected by a certain amountof
blurring (like Lenaand“Woman”).

B. RelativePerceivedQuality Assessment

Figure 7 depictsthe most preferredspatial resolutionfrom
the results of the relative perceved quality assessmentAs
in Fig. 6, the x-axis and the y-axis correspondo the coding
bitrate and the spatial resolution, respectrely. Note that in

inconsistenciesAs we sav above, the nal result(solid lines)
was obtainedasthe medianvaluesof the subjects'votesafter
excluding one extreme measurementor eachtest. Note that
asthe bitrate decreaseghe subjectve quality decreasesand
that the obsenrers prefer to reducethe spatial resolutionin
order to reducethe visibility of the compressionartifacts.
The questionis whetherthey always prefer the resolution
at which no compressionartifacts are visible, or they are
willing to acceptsomeartifactsinsteadof a further decrease
in image resolution (and size). To answerthis question,we
now comparethe resultsof the two subjectve experiments.

C. CompehensiveAnalysisand Statistical Validation of Ex-
perimentalresults

Figures8 and 9 plot the results of the two tests (from
Figs. 6 and 7, respectiely) on one graph for eachimage
and compressiontechnique.Black solid lines with triangle
markerscorrespondo the medianof the measuredND levels.
The error bars shav the standarddeviation and are centered
on the meanvalues,which are marked with blue triangles.
The red dashedlines connectthe error bars to outline the
areawithin a standarddeviation of the measuredND values.
The mediansof the obsenrer votesfor the relative perceved
quality testareshown in black solid lines with circle markers.
The correspondingerror barsare centerecbn the meanvalues,
which are marked with blue circles. Note that sincethe tests
includeda discreteset of bit ratesand spatialresolutionsthe
mediansmay be more meaningful than the means,but the
meansanderror barsarealsoincludedasan indicationof the
mostlikely rangeof valuesof the respectie quantities.Note
thatfor the mostpart,the mostpreferrednoise-level/resolution
points of the relative perceved quality test are well outside
the JND range.This is true for both JPEGand JPEG 2000

Fig. 7 (c), (e), and (g) one can see several measurement encoding.Table lll shaws the ratio of the obserer votesin
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Fig. 7. Most preferredresolutionfor all the subjects.Their votesare indicatedby the dottedlines andtheir medianvalue is by the solid line.

TABLE I
RATIO OF OBSERVERS' VOTES IN THE RELATIVE PERCEIVED QUALITY
TEST THAT FALL WITHIN A STANDARD DEVIATION OF THE JND (%)

JPEG [ JPEG2000 |

Bank 1.67 9.09
Bike 14.58 10.06
Lena 18.52 28.33
Woman | 26.67 12.50
[ Average| 15.32 ] 15.00 |

the relative perceved quality test that fall within a standard
deviation of the JND level for eachimageandcodingmethod.
Basedon theseobsenations,we concludethat the difference
betweerthe noisevisibility levelsthatcorrespondo the most
preferredresolutionandthe JND levelsis signi cant.

A couple of additional obsenations are in order At the
maximumspatialresolutionof 512 512, therelative perceved
quality levels saturatebefore the maximum coding bitrate of
1:0 bppis reachedFor “Lena” codedby JPEG2000in Fig. 9
(c), the IND level is lower thanthe relative perceved quality
level at the highestresolution(512 512). Our interpretation
of this somevhat unexpectedresultis thatthe original “Lena”
image hasvisible noise artifactsthat get wiped out by JPEG
2000 compressionThus,in the INPtest,the obsenrersprefer
the lower rate images.On the other hand, in the relative
perceved quality test, the obseners simply pick the largest
image in spite of the noise artifacts. A similar obsenation
holdsfor the “Woman”image.In this case thereis no noise;
it is just that smootherfaceslook betterthantexturedfaces.

For comparison,we also include the predictions of the
Safranek-Johnstordelity metric [14], shavn as image in-
tensities using the heated object color map [45]. As we
discussedgxisting metrics assumethat the original and dis-
torted image are at the sameresolution,and cannotprovide

guantitatve estimatesof image quality acrossresolutions.
Thus, the metric valueswere computedon the dovnsampled
originalandcompresset@magesandareshovn asindependent
horizontalstripesfor eachresolution.Note thatthe predictions
of the Safranek-Johnstomelity metric are mostly consistent
with the results of our JNNP test, i.e., the JINNP test line
is close to the points where the distortion map reachesits
maximum(becomesvhite). However, therearealsosigni cant
deviations, e.g., in Figures7(c) and 8(c). We also compared
the resultsof the other objectve measuresve discussedn
Sectionll, suchasthe SSIM andits variations,Watsons DCT
metric, aswell aswavelet basedmetrics.We found that their
JND predictionsdo not correspondwell with our subjectve
tests.

For a givenspatialresolution,we cansaythatthe difference
betweenthe perceptuallynoise-transparerével andthe level
thatcorrespondso themostpreferredresolutionrepresentthe
perceptualtoleranceof the obserer. This perceptuatolerance
can be expressedin visual dBs as the difference of the
correspondingMPSNRs, or can be corverted to JNDs by
inverting (2). Thus, for the JPEGencoded‘Bank” image, at
256 256, the perceptuatolerances 0:64 visual dB or 1.076
JNDs.Figures10(a)and11(a)shav the perceptuatolerances
for eachimageand coding techniqueas a function of spatial
resolution,averagedover the obseners. The error bars shov
the standarddeviations. Obsene that the perceptuatolerance
increasesas the spatialresolutiondecreasesThis is true for
all imagesand both compressiorschemesFigures10(b) and
11(b) shav the averagesover all the images;the standard
deviationsaccountfor variationsbothin obsener preferences
and image content. Note again, that there is a signi cant
differencefrom the JND level, but the standarddeviations
are perhapstoo high to reliably predict the most preferred
resolutionfor eachimage.
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Fig. 8. Most preferredresolutioncon gurationson distortion map. Fidelity metric is Safranek-Johnstolletric. Image coderis JPEG.

Fig. 9. Most preferredresolutioncon gurationson distortion map. Fidelity metric is Safranek-JohnstoNletric. Image coderis JPEG2000.
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Anotherillustration of the resultsof the two subjectve tests
is provided in TablesIV and V, which list the Safranek-
Johnstonmetric predictionsfor eachresolution and bitrate,
with JND levels shovn asshadedcells andthe mostpreferred
resolutionsshavn in boldface numbers.For all the tables,
the highest quality is at the lowest spatial resolution and
highestbitrate (bottom-right),and the lowest quality is at the
highest spatial resolution and lowest bitrate (top-left). Note
that becauseof the way the two experimentswere designed,
eachrow containsone shadedbox (the lowestbitrate for that
resolutionat which artifactsare not visible), and eachcolumn
containsone boldfacenumber(the mostpreferredresolution).

Overall,basedn theresultsof thetwo experimentswe can
concludethat in most casesthe most preferredresolutionis
higher than the perceptuallytransparentesolution(JND). In
otherwords, humanobsenersarewilling to acceptsomevis-
ible distortionin orderto obtain higherresolution.Moreover,
the amountof acceptablalistortion,whatwe calledperceptual
tolerancejncreasessthe spatialresolutiondecreases.

V. CONCLUSIONS

We consideredtradeofs between spatial resolution and
the visibility of compressionartifacts. Such tradeofs are
not re ected in existing delity measuresyhich ignore the
signalvisibility andonly measurehe visibility of compression
distortions,which decreaseawvith image size. The analysisof
suchtradeofs is of importancein applicationsthatinvolve a
wide variety of bitratesanddisplaydevices,including scalable
image compressiorapplications.

Basedon three fundamentalassumptionsof human psy-
chophysicalbehaior, we designedtwo subjectve tests to
experimentallyverify the hypothesighat thereare uncorven-
tional tradeofs betweenspatialresolutionandthe visibility of
compressionartifacts. The goal of the just noticeablenoise
perceptionassessmentest was to obtain the resolution at
which no compressiorartifacts are visible. The goal of the
relative perceved quality assessmenéstwasto nd, for each
image and bitrate, the most preferredresolutionon the basis
of both image size and visibility of compressionartifacts.
We usedtwo standardimage coders(JPEGand JPEG2000)
and a set of representatie images.Our resultsindicate that
the tradeofs that we hypothesizedexist and that the most
preferredresolutionis higherthantheresolutionat which there
are no visible distortion artifacts. Corversely the distortion
levels at the most preferredresolutionare signi cantly higher
than the JND thresholds.In other words, human obserers
are willing to accept some visible distortion in order to
obtain higher resolution.Moreover, the amountof acceptable
distortion,which we call perceptuatolerancejncreasesasthe
spatialresolutiondecreasedVe alsoattemptedo quantifythis
perceptualtolerancein terms of the masled peak signal-to-
noiseratio. However, our resultsindicatethat the varianceof
the measurements too high to reliably predictthe perceptual
toleranceacrossdifferentimagesand obseners. The focus of
this paperwason still images but similar tradeofs alsoapply
to video. Of course,in the video casethere are additional
tradeofs to be exploredasthe temporalresolutioncanalsobe
varied.
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TABLE IV
MPSNR VALUES (DB) OBTAINED BY THE SAFRANEK-JOHNSTON METRIC OVER DIFFERENT CODING RATES AND SPATIAL RESOLUTIONS FOR JPEG
CODED IMAGES (JUST-NOTICEABLELEVELS IN SHADED CELLS, MOST PREFERRED RESOLUTIONSIN BOLD NUMBERS)

| Resolution/bpp] 0.2 [ 025 ] 03 | 04 [ 045 ] 05 ] 06 [ 07 [ 08 [ 10 |

512 37.19 | 40.13 | 42.00 | 44.28 | 44.99 | 45.67 | 46.44 | 46.99 | 47.36 | 47.96
384 38.07 | 41.11 | 43.05| 45.26 | 45.87 | 46.50 | 47.11 | 47.50 | 47.73 | 47.98
256 39.93 | 43.02 | 44.74 | 4655 | 46.94 | 47.35 | 47.69 | 47.89 | 47.99 | 48.09
192 41.05| 44.07 | 45.70 | 47.18 | 47.44 | 47.70 | 47.93 | 48.02 | 48.08 | 48.13
128 42.05| 45.18 | 46.50 | 47.61 | 47.76 | 47.91 | 48.03 | 48.08 | 48.11 | 48.13
96 4310 | 46.12 | 47.20 | 47.86 | 47.95 | 48.04 | 48.10 | 48.12 | 48.13 | 48.13
64 4492 | 47.37 | 47.79 | 48.06 | 48.07 | 48.11 | 48.12 | 48.13 | 48.13 | 48.13

(a) “Bank” JPEG

| Resolution/bpp] 023 [ 027 [ 03 | 04 [ 05 | 06 | 08 [ 1.0 |

512 39.22 | 40.87 | 41.70 | 43.75 | 45.04 | 46.02 | 47.11 | 47.91
384 40.27 | 42.00 | 42.84 | 44.83 | 46.01 | 46.81 | 47.61 | 47.90
256 42.45 | 4410 | 4490 | 46.45 | 47.20 | 47.64 | 47.99 | 48.08
192 4459 | 45.08 | 45.83 | 47.04 | 47.56 | 47.85 | 48.06 | 48.11
128 44.81 | 46.10 | 46.70 | 47.54 | 47.84 | 48.01 | 48.11 | 48.13
96 45.83 | 46.78 | 47.24 | 47.83 | 47.98 | 48.08 | 48.12 | 48.13
64 47.12 | 47.60 | 47.78 | 48.04 | 48.10 | 48.12 | 48.13 | 48.13

(b) “Bike” JPEG

[Resolution/bpp] 0.2 | 0.23 | 0.25 | 027 [ 03 | 035 [ 04 | 05 [ 1.0 |

512 39.53 | 41.22 | 42.12 | 42.80 | 43.74 | 44.96 | 45.67 | 46.69 | 48.09
384 40.36 | 42.10 | 43.02 | 43.71 | 4455 | 45.70 | 46.36 | 47.22 | 48.11
256 42.35 | 43.97 | 44.82 | 4545 | 46.07 | 46.92 | 47.33 | 47.81 | 48.13
192 43.50 | 44.97 | 45.75 | 46.24 | 46.76 | 47.40 | 47.69 | 47.97 | 48.13
128 44.61 | 45.90 | 46.67 | 46.95 | 47.33 | 47.76 | 47.92 | 48.07 | 48.13
96 45.69 | 46.66 | 47.20 | 47.46 | 47.69 | 47.95 | 48.04 | 48.11 | 48.13
64 46.69 | 47.45| 47.82 | 47.92 | 48.02 | 48.08 | 48.11 | 48.13 | 48.13

(c) “Lena” JPEG

[ Resolution/bpp| 0.14 | 0.5 | 0.2 | 025 [ 03 | 035 [ 04 | 05 [ 06 | 1.0 ]

512 38.92 | 40.16 | 43.70 | 45.08 | 45.94 | 46.46 | 46.86 | 47.35 | 47.63 | 48.09
384 39.39 | 40.72 | 44.35| 45.72 | 46.53 | 46.99 | 47.31 | 47.69 | 47.89 | 48.11
256 40.90 | 42.36 | 45.83 | 46.90 | 47.45 | 47.70 | 47.86 | 48.03 | 48.09 | 48.13
192 41.72 | 43.22 | 46.54 | 47.33 | 47.75 | 47.90 | 48.00 | 48.08 | 48.11 | 48.13
128 42.66 | 44.27 | 47.24 | 47.71 | 47.96 | 48.04 | 48.09 | 48.12 | 48.13 | 48.13
96 43.72 | 45.32 | 47.63 | 47.94 | 48.06 | 48.09 | 48.11 | 48.13 | 48.13 | 48.13
64 4547 | 46.84 | 47.98 | 48.09 | 48.12 | 48.13 | 48.13 | 48.13 | 48.13 | 48.13

(d) “Woman” JPEG
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TABLE V
MPSNR VALUES (DB) OBTAINED BY THE SAFRANEK-JOHNSTON METRIC OVER DIFFERENT CODING RATES AND SPATIAL RESOLUTIONS FOR JPEG 2000
CODED IMAGES (JUST-NOTICEABLELEVELS IN SHADED CELLS, MOST PREFERRED RESOLUTIONSIN BOLD NUMBERS)

| Resolution/bpp] 005 ] 01 [ 012 ] 015 ] 018 [ 02 | 03 [ 05 | 06 [ 075 [ 1.0 |

512 32.72 | 36.44 | 37.13 | 38.46 | 39.15 | 40.41 | 42.28 | 44.84 | 45.54 | 46.60 | 47.20
384 33.94 | 37.79 | 38.51 | 39.97 | 40.60 | 42.03 | 43.45 | 45.72 | 46.32 | 47.20 | 47.56
256 36.73 | 40.71 | 41.12 | 4291 | 4344 | 4461 | 4541 | 47.01 | 47.43 | 47.84 | 47.94
192 38.40 | 42.37 | 42.46 | 4455 | 44.95| 45.74 | 46.29 | 47.48 | 47.81 | 48.03 | 48.05
128 39.98 | 43.97 | 43.96 | 45.91 | 46.20 | 46.62 | 46.88 | 47.79 | 48.01 | 48.09 | 48.09
96 4142 | 4537 | 45.40 | 47.07 | 47.12 | 47.29 | 47.35 | 47.99 | 48.12 | 48.12 | 48.12
64 4455 | 47.00 | 46.93 | 47.78 | 47.79 | 47.87 | 47.87 | 48.11 | 48.13 | 48.13 | 48.13

(a) “Bank” JPEG2000

| Resolution/bpp] 0.03 ] 0.04 [ 0.05 ] 008 ] 01 [ 02 | 03 [ 04 | 05 J 075 [ 1.0 |
512 31.85| 33.19 | 34.05| 36.14 | 37.68 | 40.61 | 42.13 | 43.77 | 4459 | 46.17 | 46.85
384 32.71 | 3438 | 35.13 | 37.46 | 39.14 | 42.11 | 43.54 | 45.13 | 45.61 | 47.01 | 47.33
256 35.47 | 37.68 | 38.24 | 40.39 | 42.25 | 4455 | 45.85 | 46.83 | 46.99 | 47.80 | 47.88
192 37.20 | 39.73 | 40.06 | 41.96 | 44.02 | 45.60 | 46.78 | 47.40 | 47.47 | 48.01 | 48.02
128 38.80 | 41.76 | 42.20 | 43.59 | 45,57 | 46.55 | 47.50 | 47.76 | 47.78 | 48.09 | 48.09
96 40.87 | 43.98 | 4456 | 45.07 | 46.86 | 47.17 | 47.91 | 47.97 | 47.97 | 48.12 | 48.12
64 4417 | 46.49 | 46.75 | 46.86 | 47.83 | 47.87 | 48.10 | 48.11 | 48.11 | 48.13 | 48.13

(b) “Bike” JPEG2000

[ Resolution/bpp] 0.03 | 0.05 | 0.08 | 01 [ 02 | 03 [ 035 ] 04 [ 05 | 1.0 ]

512 32.62 | 35,53 | 37.96 | 39.76 | 43.52 | 45.02 | 45.76 | 45.76 | 46.79 | 47.80
384 33.17 | 36.62 | 39.07 | 41.08 | 44.61 | 45.77 | 46.50 | 46.75 | 47.29 | 47.96
256 3591 | 39.65| 41.60 | 43.81 | 46.50 | 47.02 | 4754 | 47.68 | 47.86 | 48.11
192 37.67 | 41.46 | 4292 | 45.26 | 47.26 | 47.46 | 47.89 | 47.97 | 48.02 | 48.13
128 39.47 | 4311 | 44.09 | 46.38 | 47.72 | 47.75 | 48.05 | 48.08 | 48.09 | 48.13
96 41.17 | 4494 | 45.24 | 47.27 | 47.98 | 47.98 | 48.12 | 48.12 | 48.12 | 48.13
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