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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 observer
may prefer to reduce the resolution or increase the viewing
distanceto reducethe visibility of the compressionartifacts. The
tradeoff between resolution/viewing conditions and visibility of
compressionartifacts, requiresnewapproachesfor 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 representative still image
coders, JPEG and JPEG 2000. Our results indicate that an
observer 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 observer is
willing to acceptmore artifacts as the image sizedecreases.The
subjective test results we report can be used to select viewing
conditions for coding applications. They also set the stage for
the development of 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.

I . INTRODUCTION

RECENT advancesin 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 dependson thevideocapturedevice, the transmission
bandwidth,andthedisplaysystem.In many scenarios,a video
sequencemaybetransmittedto avarietyof userswith different
bandwidthsand different display devices. This gives rise to
theneedof a scalableschemefor maximalresults.A scalable
schememay be implementedat the source,wherea scalable
coder is employed, or embeddedin the transmissionproto-
col, which requiresthat the sourcebit-streambe transcoded

Manuscriptreceived December06, 2007;revisedSeptember16, 2008.The
associateeditor coordinatingthe review of this manuscriptand approving it
for publicationwasLina Karam.

S. H. Bae and B.-H. Juangare with the Center for Signal and Image
Processing,Georgia Institute of Technology, Atlanta, GA 30332-0250USA
(e-mail: soohyun@ece.gatech.edu;juang@ece.gatech.edu)

T. N. Pappasis with the Departmentof Electrical Engineeringand Com-
puter Science,NorthwesternUniversity, Evanston,IL 60208-3118USA (e-
mail: pappas@eecs.northwestern.edu)

somewherealongthe transmissionpathto supportthe service
needsin quality while minimizing the throughputdemandon
the network. In any event, the transmittedvideo streamsneed
to be adjustedaccordingto the channelbandwidthand the
displaydevice of the user.

The adaptive scalingschemealso involvesthe user's view-
ing conditions.As an example, in low bitrate coding appli-
cations,the compressedimageor video may be too distorted
and the viewer may prefer to reducethe resolution(or size)
or increase the viewing distance to reduce the visibility
of the compressionartifacts. Such kind of situation has at
least two implicationsthat warrant investigation.First, exist-
ing subjective evaluationsor objective image �delity/quality
metrics based on a �x ed set of viewing conditions may
not be reasonablyextrapolatedfor measuringthe perceived
image quality under such potentially mismatchedviewing
conditions.Second,since most �delity metrics (and coding
schemesthat 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 changesin the signalvisibility whenthe viewing
conditions(e.g.,resolutionor viewing distance),andhence,the
signalitself, changes.For example,whentheviewing distance
is in�nite, thenoisebecomesinvisible, but sodoesthesignal!

In order to copewith the new applicationscenarios,there
is a needfor a fundamentalchangein our understandingof
image�delity assessment,both subjective and objective. The
goalof this paperis to highlight this needandto exploresome
of the tradeoffs that must be addressedby thosewho design
subjective experimentsor develop �delity metrics.

We presenta subjective study that measuresthe effects of
viewing conditionson perceived imagequality. In particular,
our goal is to explore tradeoffs 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 tradeoffs betweenviewing distance
and compressionartifacts.The focus of this paperis on still
images,but we expect that similar tradeoffs apply to video.
Of course,formal experimentswould benecessaryto quantify
suchtradeoffs, aswell astradeoffs thatarisefrom varying the
temporalresolutionof the video sequence.

First we clarify two terms:image�delity andimagequality
sincethesetwo have beeninterchangeablyreferredto in the
literature.In this paper, our useof thesetwo termscarriesthe
following somewhat unconventionalnotions.Image�delity is
a measurethat always involves a reference;it can be either
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objective under a prescribedset of conditionsor subjective
for sameor differentconditions.In the casethat an objective
image�delity metricemploysaperceptualmodel,it is referred
to as a perceptualimage �delity metric. On the other hand,
image quality denotesthe perceived characteristicsof an
image.Suchanassessmentmayor maynot involvea reference
signal; its measurementis primarily basedon the viewers'
long-termpsychophysicalexperience.In thispaper, whenthere
is an explicit comparisonwith a referenceimage,we will use
the term image �delity . When the comparisonis indirect or
implicit, we will usethe term imagequality.

The paper is organizedas follows. In the remainderof
this introduction,we discussthemotivation,methodology, and
prior work. SectionII reviewsobjective image�delity metrics.
The setupfor the subjective testsis presentedin SectionIII.
SectionIV presentsandanalyzestheexperimentalresults.The
concludingremarksareprovided in SectionV.

A. Motivation and Methodology

The primary goal of this paper is to test the hypothesis
that there exist unconventional tradeoffs betweenthe spatial
resolutionof a given imageand its perceived quality, and to
provide guidelinesfor determiningthe most ef�cient spatial
resolutionat a given level 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 compressionartifacts,but while
rigorousstudiesarenecessary, we expect to seesimilar types
of tradeoffs in otherdistortionsandapplications.

Beforeintroducingthe methodologyof perceptualanalysis,
let us �rst statethreefundamentalassumptionsof the human
psychophysicalbehavior as relatedto visual perception.

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

2) Relatively, a humanobserver ratesan imageasof lower
quality if it containsmorecompressionartifacts.

3) There exist varying thresholdlevels of noise visibility
below which an observer cannot perceive the noise.
Theseare commonlyreferredto as just-noticeabledis-
tortion (JND) levels.

With theseaxiomaticassumptions,one key hypothesisto be
veri�ed and an objective to be accomplishedin our current
studycanbe statedas follows.

1) The visibility of compressionartifacts (or noise vis-
ibility) decreasesas the spatial resolution decreases.
At the sametime, the signal visibility (or presencein
a more generalsense)also decreaseswith decreasing
spatialresolution,albeitat a differentratefrom thenoise
visibility. Consequently, thereexist someunconventional
tradeoffs betweenthespatialresolutionof a givenimage
and its perceived quality.

2) Quanti�cation of the thresholdsfor noisevisibility may
provide a guideline for determiningthe most ef�cient
spatialresolutionat a given noiselevel.

In order to to verify the above hypothesisand to gain
a better understandingof different tradeoffs and the related
quanti�cation of perceptualparameters,we conductedtwo
subjective experiments.

Thegoalof the�rst experimentis to �nd thejust-noticeable
level of distortion(JND) for agivenimageatagivenresolution
andviewing distance,thatis, to �nd thelowestbitrateat which
nocompressionartifactsarevisible.Wereferto thisasthejust-
noticeablenoise perception assessment(JNNP). Conversely,
for a �x ed bitrate and viewing distance,this experimentcan
beusedto �nd thehighestresolutionat which thecompression
artifacts are not visible. In principle, the JND levels can
be predicted using existing perceptual�delity metrics [1].
The goal of this experiment is then to verify the predictive
capabilityof the metrics.

Thegoalof thesecondexperimentis to explorethetradeoffs
betweennoise and signal visibility. For a given encoding
rate and viewing distance,the goal of this experiment is to
determinethe spatial resolution that gives the best overall
subjective quality. We refer to this as the relative perceived
quality assessment(RPQ). 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 assessmentprocedure,as the only thing that changesis
the size of the displayedimage.The subjectswere asked to
selectone displayedimage that is of the highestsubjective
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�ltering and decimation)from
the sameimage,which was encodedand reconstructedusing
two still image coders (JPEG and JPEG 2000) at several
encodingrates.In other words, the encodingwas all doneat
thehighestresolution.An alternative would beto downsample
theoriginal image�rst, andthenencodeit at differentbit rates.
Both alternatives are reasonable,but they addressdifferent
applications.Our primary interesthere is in applicationsin
which the receiver has no control over the transmitter or
encoder, andis simply trying to optimizethe displayedimage
quality.

We also made an attempt to relate the results of our
subjective tests to existing objective image �delity metrics.
As we saw above, the existing �delity metrics assumethat
the original and distorted image are at the sameresolution
and viewing conditions,and hence,cannotprovide quantita-
tive estimatesof imagequality acrossresolutionsor viewing
distances.Moreover, most of the existing metricshave been
calibratedfor CRT displays,anda directcomparisonwith our
experiments,which were conductedwith �at paneldisplays,
is dif�cult.

Basedon the test results,we experimentallyveri�ed that
thereexist sensibletradeoffs ashypothesized.Furthermore,we
found that the acceptablenoisevisibility level undervarying
signalvisibility conditions(spatialresolution)is in generalsig-
ni�cantly higher than the conventionalJND thresholdsunder
�x ed viewing conditions.This canbe understoodasa human
observer tendsto be willing to acceptmorecompressionarti-
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factsthanwhatmaybepredictedby existing �delity measures
as long as the operatingresolutiondoesnot unduly increase
thevisibility of theartifacts.These�ndings suggestthata new
measureof visual �delity must take into accountthe spatial
resolution discrepancy betweenthe original image and the
viewed image,and that many imagecoding applicationscan
achieve higher coding performanceby exploiting the human
psychophysicalbehavior 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,thesubjective evaluations
we presentin this paperset the 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 Westerink and Roufs [2], who found that angular
resolution(in cyclesper degree)andpictureangleeachin�u-
enceimagequality independently. They found that subjective
quality increaseswith resolutionbut saturatesat approximately
25 cyclesper degree.Their resultsalso indicatea linear rela-
tionship betweensubjective quality and the logarithm of the
pictureangle.Their experiments,which usedslideprojections
of complex scenesas stimuli, set the foundationsof modern
imagequality analysisandhada major impacton the design
of the high-de�nition TV standard.The effect of the display
resolution,image size, and other display parameterson the
perceptionof imagequality wasconsideredby Barten[3]–[5],
who proposeda metric, the squareroot integral (SQRI), that
given the modulationtransferfunction of a particulardisplay
device, can be usedto estimatethe optimal viewing distance
for a givenspatialresolution.However, neitherWesterinkand
Roufsnor Bartentook theeffectsof compressionartifactsinto
consideration.Sincethenthe topic hasreceived little attention
in theliterature.In themeantime,new communicationsappli-
cationshave evolvedthat requirea new look at theparameters
that in�uence imagequality, andespeciallytradeoffs between
them,e.g.,angular(or spatial)resolutionversuspictureangle
(or imagesize).Kuhmünchet al. [6] consideredthe tradeoff
betweentemporal and spatial resolution in the context of
scalablevideo coding.They proposeda video �delity metric
that is basedon the conceptsintroducedby Websteret al. in
[7] andusedit to �nd the ratio betweenspatialand temporal
scalingthat maximizesperceived quality as measuredby the
metric. The proposedmetric obtains separateestimatesof
static and dynamic image quality, and then combinesthem
additively or multiplicatively. Although their work providesa
valuableapproachfor videoscalability, they do notaddressthe
noiseversussignalvisibility tradeoff consideredin this paper.
Feghali et al. in [8] consideredtradeoffs betweentemporal
resolutionandquantization,andproposeda new, empirically-
derived, metric that takes into accountquantizationerrors,
frame rate, and motion speed.The viewing conditionswere
�x ed,however. Koumaraset al. [9], [10] consideredsubjective
and objective estimatesof upper and lower bounds in the
perceivedquality of video clips with differentresolutionsand
spatio-temporalactivity levels.Finally, Schilling andCosman

[11] evaluated a number of progressive coders based on
the assumptionthat the time it takes a human observer to
recognizea given imagerelatesto image�delity .

I I . 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,any suchevaluationor assessmentshouldconsistently
re�ect humanperceptualpreference.In this section,we review
objective measuresfor still image �delity that have been
proposedwith varying degreesof successin predicting the
subjective preference.

The most commonlyusedobjective �delity measureis the
meansquarederror(MSE),mostcommonlyexpressedaspeak
signal-to-noiseratio (PSNR),which is known to beinadequate
asa measureof perceptualdistortion.A numberof perceptual
measureshavealsobeenproposed.Thesemeasureshaverelied
on certainexplicit low-level modelsof humanperceptionthat
accountfor sensitivity to subbandnoiseas a function of the
spatial frequency, the local luminance,and the contrastor
texture masking [1], [12]. Another recently proposedclass
of �delity measures,known as StructuralSIMilarity (SSIM)
[13], uses implicit perceptualmodels to account for high-
level characteristicsof 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
changes.We review all thesemeasuresin this section.

A. PerceptualMetrics with Explicit Visual Model

Most of the existing perceptually based image �delity
measuresincorporateexplicit models of human perception
[1], [12]. As mentionedearlier, thesemeasuresassumethat
the referenceand the processed(reconstructed)imageshave
the sameresolution,andare viewed at a prescribeddistance,
i.e., under identical viewing conditions.Most measuresare
basedon a multi-scalespatialfrequency decompositionusing
methodssuchasdiscretewavelet transform(DWT), �lterbank
(i.e., thesubbandmethod),or discretecosinetransform(DCT).
Perceptualsensitivity usually can be better addressedin the
transformdomainthanwith the original pixel array.

Our focus here is on measuresthat have beendeveloped
speci�cally for image compressionapplications.We assume
that a proper transformationthat is commensuratewith the
adoptedperceptualmodel has been performed,resulting in
thesetof coef�cients f bi;k g, wherek denotesthe index in the
transformdomainandi is thelocationindex of thetransformed
imageblock. For eachcoef�cient of the decomposedsignal,
suchmeasuresemploy a noisevisibility thresholdt i;k , referred
to as the just noticeabledistortion level or JND, to quantify
the perceived distortion. This thresholdaccountsfor human
visual sensitivity to spatial frequency, local luminance,and
contrast/texture masking.The distortion for the overall image
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is thencomputedas:
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where b̂i;k is the coef�cient of the processed(or distorted)
image correspondingto bi;k , and N is the total numberof
coef�cients (equivalently, pixels). The value of Qs is em-
pirically determinedfrom psychophysicalexperiments.(For
a discussion,see[1].) Note that when the differenceof the
two coef�cients is below the visibility threshold,the noiseis
essentiallyinvisible andtheactualvalueof thedifferencedoes
not matter. When the differenceis higher than the threshold,
it is normalizedby the JND level. Thus, D p representsthe
averagedistortionexpressedin JNDs.

In order to be consistentwith traditional error metrics,we
express the perceptualmetric in terms of “visual decibels
(dB).” We de�ne the “masked peaksignal-to-noiseratio (MP-
SNR)” as

MPSNR = 10 log10
2552

D 2
p

: (2)

Note that the maximumvalueof MPSNRis 48:13 dB, which
correspondsto the perceptually transparentcondition. For
this paper, we consideredseveral measures,one developed
by Safranekand Johnstonfor subbandcoders[14], one by
Watson for DCT coders[15][6], and anotherby Watson et
al. for wavelet-basedcoders[16]. A detaileddescriptionof
the measurescan also be found in [1]. Even though these
measuresweredevelopedfor near-thresholdapplications,they
have alsobeenusedin supra-thresholdapplications[17], [18].
More systematicstudiesof the supra-thresholdcasecan be
found in [19]–[22].

B. Structural Similarity Metrics

In contrastto the perceptualmetrics we describedabove,
the StructuralSIMilarity (SSIM) metrics,proposedby Wang
et al. [13], [23], are not basedon measurementsof noise
sensitivities; instead,they attemptto take into accounthigher-
level functionalitiesof theHVS, andin particular, they attempt
to make explicit use of the “structural” information in the
viewing �eld. An important propertyof the SSIM measures
is that they are only supposedto respond to signi�cant
structuralchanges,while perceptuallyinsigni�cant point-by-
point distortions,suchas contrastand intensity changes,are
not substantiallypenalized.Thesemeasuresassumethat the
structural information is available or can be extracted from
the image. Thus, they are expected to be more effective
in measuringsupra-thresholdcompressiondistortions,which
affect the structureof an image.

There are several SSIM implementations,both in the im-
age/pixel spaceand in the wavelet domain.The basicSSIM
index proposedin [13] is a real numberin the range[� 1; 1]
and is computedbasedon the secondorder statisticsof the
referenceandthe distortedimageas follows:

S(x; y) =
(2� x � y + K 1) (2� xy + K 2)

(� 2
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x + � 2

y + K 2)
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wherex and y are two nonnegative imagesignals(or image
patches),� x and� y arethemeanintensities,� 2

x and� 2
y arethe

variances,� xy is thecovarianceof x andy, andK 1 andK 2 are
small realconstantsrelative to � x or � y . A moregeneralform
of this metric canbe found in [13]. The spatialdomainSSIM
hasbeenshown to provide good quality prediction acrossa
varietyof artifacts,but is highly sensitive to spatialtranslation.

The complex wavelet domain implementation(CWSSIM)
[24] allows imperceptiblespatial translations,and also small
rotations and scaling changes.The CWSSIM of a given
subbandis given by
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where cx and cy are the wavelet coef�cients corresponding
to two images or image patches,c� denotesthe complex
conjugateof c, andK is a small positive constant.

Note that the meanof the wavelet coef�cients (except the
baseband)is zerodueto the bandpasspropertyof thewavelet
transform.The overall metric value is computedas the mean
of the CWSSIM subbandindices. Brooks et al. [25], [26]
proposeda variation of this metric, whereby the subband
indexesare weightedbasedon humansensitivity to subband
noise.The weightedCWSSIM incorporatesan explicit model
of subbandsensitivity to noise,and thus, provides a link to
the perceptualmetricsdescribedabove.

Overall, even thoughSSIM metricshave introduceda new
way of looking at image �delity , they are also limited by
the fact that the referenceand test imagesare at the same
resolutionandviewing conditions.

C. Signaland noisevisibility

As will be discussedin the next section,the aim of our
subjective experimentsis to measurethe effect of viewing
conditions (viewing distance or spatial resolution) on the
perceivedimagequality. As theamountof distortionincreases,
say due to reducedbandwidth or bitrate, it is conjectured
that the perceivedquality may bene�t from a reductionin the
spatialresolution,or similarly, from anincreasein theviewing
distance.Of course,changing the viewing distanceis not
equivalentto changingthespatialresolution,asonehasto take
into accountthe speci�cs of the samplingrateconversionand
characteristicsof the display device [27]. However, to a �rst
orderapproximation,we cansafely assumethat reducingthe
resolutionis equivalent to increasingthe viewing distanceby
thesamefactor. The�delity measuresthathave beenproposed
so far cannot provide a quantitative estimateof the image
quality whenthe imageresolutionor theviewing distancehas
beenaltered.One obvious approachto evaluating the visual
�delity acrossspatial resolutionis to evaluatethe imagesat
the highestresolutionusingoneof the availablemeasures.A
problemwith this approachis that it requiresimageinterpo-
lation, andit is not clearwhat interpolationtechniquesshould
be usedsincethey may introduceunexpectedartifacts.More
importantly, this approachis essentiallyinconsistentwith the
way the reconstructedimagesareviewedor usedby a viewer.
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Fig. 1. The Mannos-SakrisonandDaly eye contrastsensitivity functions.

Fig. 2. The Mannos-Sakrisonfrequency responsewith frequency expressed
in cycles/inchat several viewing distances.

In order to explain in simple termsthe issuesinvolved,we
considerthe contrastsensitivity 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
perceived image�delity . An estimateof the CSF by Mannos
and Sakrison [28] is shown in Fig. 1 in solid red line.
Accordingto theestimate,theeye is a bandpass�lter , showing
increasingsensitivity asthespatialfrequency rises,peakingat
about 8 cycles per degree,and then decayingexponentially
towardshigherfrequencies.Also shown in dashedblue line is
the frequency responseusedby Daly [29]; it modelsthe eye
as a lowpass�lter insteadof a bandpassone. As illustrated
in Fig. 2, the frequency responsechangessubstantiallywith
the viewing distance.For example, as the viewing distance
increases,thepeakof theresponseshifts to lower frequencies,
making high frequency details lessvisible (for more details,
see[30]).

The key parametersfor the CSF are the viewing distance
(in inches)and the resolutionof the displaydevice (in pixels
per inch). Alternatively, onecanspecify the viewing distance
in image heightsand the image height in pixels (assuming
identical horizontaland vertical display resolution).In either
case,onemustderive the “display visual resolution”in pixels
perdegree[16]. Notethat,sincetheCSFdemonstratesa band-
passcharacteristic,it is possiblethat (low-frequency) image
degradationsbecomemorevisible asthe viewing distancein-
creases[12], [31]. In orderto compensatefor this undesirable
effect, several researchershave proposed“�attening” of the
eye response[29], [32]–[35] asshown in Fig. 1.

Basedon the above discussion,it is clear that increasing
theviewing distancereducesthevisibility of compressionarti-
facts.However, increasingtheviewing distancealsodecreases
the visibility of the signal itself. In the extreme caseof an
in�nite viewing distance,no artifactsare visible, but neither

is the signal.Thus,thereis a needto �nd a viewing distance
thatachievesthebestbalancebetweenthesignalandthenoise
visibility so as to achieve the bestoverall imagequality.

I I I . SUBJECTIVE EXPERIMENTS

To obtain a better understandingof how the spatial reso-
lution affects the perceived signal quality in the context of
compressionartifacts,we conductedsubjective imagequality
evaluationexperiments.Early psychophysicalexperimentsfor
analyzing the effect of spatial resolution on image quality
assessmentwereconductedby WesterinkandRoufs[2]. Such
experimentshave formed the basisof modernimagequality
analysisand had a major impact on the designof the high-
de�nition TV standard.The goal of this paperis to consider
speci�c tradeoffs thatwerenot in thatearlystudy, andthatare
encounteredin current communicationsapplications,which
encompassa wide variety of displaydevicesandchannelca-
pacities.In particular, our goal is to explore tradeoffs between
spatialresolutionand imagecompressionartifactsin order to
obtain the optimal display conditionsfor an image that has
beencompressedby a given algorithmat a given bitrate.

We conductedtwo experiments.In both cases,the viewing
distancewas�x ed.We useda seriesof compressedimagesat
different bitratesthat were carefully chosento cover a wide
rangeof perceptualquality. Theseimageswere then down-
sampledusing near-optimal sinc-functionanti-aliasing�lters.
As we noted in the introduction,all the encodingwas done
at thehighestresolution.Thegoalof the just-noticeablenoise
perceptionassessmentexperimentwas,at eachresolution,to
�nd thehighestcompressionlevel atwhich theartifactsarenot
visible, or conversely, for a �x edbitrateandviewing distance,
to �nd thehighestresolutionatwhichthecompressionartifacts
are not visible. The goal of the relative perceived quality
assessmentexperimentwas to determinethe resolution that
gives the bestoverall subjective quality for a given encoding
rate.

A. Image generation and experimentalsetup

In our experimentswe useda numberof test imagesand
compressiontechniques.Figure3 showsthumbnailsof thefour
test images,“Bank,” “Lena,” “Bik e,” and “Woman,” all with
spatialresolution512� 512pixelsand256quantizationlevels.
The“Bik e” and“Woman” imageswerecroppedfrom the ISO
400 image set. Note that the “Bank” image has the highest
amountof detail, followed by “Bik e,” “Lena,” and“Woman.”
Note also that in “Lena” the backgroundis blurred,while in
both“Lena” and“Bik e” thereis somevisiblenoise,mostlikely
scanningartifacts.

The test images were �rst encodedusing two different
coding algorithms, JPEG [36], [37] and JPEG 2000 [38],
[39]. JPEGis the most widely usedmethodfor perceptually
losslessor lossy image compression.It is basedon a DCT
decomposition.TheJPEGquantizationtablewasbasedon the
baselinecontrastsensitivity thresholdsdeterminedby Watson
[1], [15], computedat six image heights.JPEG2000 is the
most recentstandardfor imagecompression,and is basedon
a DWT decomposition.The numberof decompositionlevels
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Fig. 3. Imagesfor subjective tests,“Bank”, “Lena”, “Bike”, and“Woman”
(in rasterscanorder).

wassetat 5 andthe codeblocksizewassetat 32. Sincethese
compressionmethodshave different coding ef�ciencies, the
bitratesfor eachimageandtechniquewerecarefully selected
to obtain reasonabledifferencesin perceived quality between
imagesatconsecutivebitrates.Theselectedbitratesfor thetwo
compressionmethodsand four imagesare shown in Table I.
In all cases,the highestbitratewas1:0, at which thereareno
distortionsvisible to humanobservers.

For eachcoderand bitrate, the reconstructedimageswere
then downsampledby factorsof 4/3, 2, 8/3, 4, 16/3, and 8
to obtain seven different resolutions,using integer upsam-
pling anddownsamplingcombinationswith near-optimalsinc-
functionanti-aliasing�lters. Theviewing distancewas�x edat
six imageheightsof thehighestresolution(512� 512) image,
which is equal to 35:4 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 86:78 pixels/inch.
The maximum luminanceof this display is 250cd=m2 and
the average luminance is 125cd=m2. The resulting spatial
resolutions,viewing angles to the image stimuli, and the
maximumspatialfrequenciesare listed in Table II.

Six observers (hereafter, sbj1 to sbj6) took part in the
experiments.All werebinocularwith normalcolor vision and
normal(two) or corrected(four) visualacuity. Five weremale
andonefemale.Their agewasbetween20 and30 yearsold.
The subjectgroupincludeda balancedmixture of critical and
casualviewers;their familiarity with imageprocessingdid not
seento have any signi�cant effect on the test results.All six
subjectsparticipatedin both experiments.Prior to the test,
each observer was presentedwith the original imagesand
typical examplesof compressedimages,in order to become
familiarized with the test environment. During the test, the

observersweregiven enoughtime to make their decisions.In
the relative test, they were also allowed to view the original
test images(at the highestresolution)at any time during the
test.The orderingof imagesandencoderswasrandomizedto
avoid any biases,but as we will seebelow, the bitrateswere
not.

For a review of the generalmethodologyof designinga
psychophysicaltest, the readeris referredto [40]–[42].

B. Just-NoticeableNoisePerceptionAssessment

The goal of the just-noticeablenoiseperceptionassessment
is to �nd thedistortionlevel at which thecompressionartifacts
becomeinvisible. In theory, the JND can be predictedusing
existing perceptual�delity measures.However, this is not
alwaystruein practice,thusmakingthis experimentnecessary.
This experimentis in contrastto the relative perceivedquality
test,wherewe testtheexpectationthatthesubjectsarewilling
to acceptsomecompressionartifactsin orderto obtaina larger
image, in which casethey should selecta higher resolution
than the onethat correspondsto the JND level.

This experiment consists of a series of two-alternative
forcedchoice(2AFC) tests.Eachobserver waspresentedwith
two images,the original and the encodedimage, in random
order, and was asked to selectthe one without compression
artifacts.Both imagesweredownsampledto a givenresolution
usingthesamealgorithm.An exampleof thestimulusis shown
in Figure4. Thetestwasrepeatedtentimesat eachresolution
anddistortionlevel (bitrate).If all theanswersarecorrect,this
indicatesthat the noise is visible. If the noise is not visible,
then the observer's selectionshouldbe random,i.e., 50% of
the answersshould be correct. In a 2AFC experiment like
this, the thresholdvalue for the correct answeris typically
taken as the midpoint betweenthe ideal percentages,which
correspondsto 75% correct [43]. Therefore,if an observer
givesthecorrectanswereighttimesor more,thenweconclude
that the noiseis visible; otherwiseit is invisible. The lowest
level of distortion at which the noiseis invisible is the JND.
A similar experimentalsetupwasusedin [14], [44].

In principle, there should be ten trials for each bitrate,
image,and spatial resolution,which addsup to over a thou-
sandtrials for eachobserver. 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
exhaustive test, eachobserver was presentedwith a limited
rangeof bitrates.Theinitial bitratewaschosenin themiddleof
therangeof bitrates.If thecompressionartifactsat this bitrate
were determinedto be visible, then the bitrate was increased
by one step.This procedurewas repeateduntil the artifacts
becameinvisible. Similarly, if the compressionartifactsat the
initial bitrateweredeterminedto be invisible, thenthe bitrate
wasdecreasedonestepat 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
conducted,in order to validatethe results.
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TABLE I

CODING BITRATES FOR THE TEST IMAGES

Image Coder Bitrates(bits/pixel)

JPEG 1.0, 0.8, 0.7, 0.6, 0.5, 0.45,0.4, 0.3, 0.25,0.2
Bank

JPEG2000 1.0, 0.75,0.6, 0.5, 0.3, 0.2, 0.18,0.15,0.12,0.1, 0.05

JPEG 1.0, 0.8, 0.6, 0.5, 0.4, 0.3, 0.27,0.23
Bike

JPEG2000 1.0, 0.75,0.5, 0.4, 0.3, 0.2, 0.1, 0.08,0.05,0.04,0.03

JPEG 1.0, 0.5, 0.4, 0.35,0.3, 0.27,0.25,0.23,0.2
Lena

JPEG2000 1.0, 0.5, 0.4, 0.35,0.3, 0.2, 0.1, 0.08,0.05,0.03

JPEG 1.0, 0.6, 0.5, 0.4, 0.35,0.3, 0.25,0.2, 0.15,0.14
Woman

JPEG2000 1.0, 0.5, 0.3, 0.2, 0.1, 0.08,0.06,0.04

TABLE II

SPATIAL RESOLUTIONS AND VIEWING CONDITIONS

Spatialresolution 512 384 256 192 128 96 64

Viewing angle(degree) 9.53 7.15 4.77 3.58 2.39 1.79 1.19

Maximum spatialfrequency (cycles/degree) 53.74 40.31 26.87 20.15 13.44 10.08 6.72

Fig. 4. Test imagesfor the just noticeablenoiseperceptionassessmenttest
(“Bank” codedby JPEGat 0:2 bits =pixel ).

C. RelativePerceivedQuality Assessment

The goal of the relative perceived quality assessmenttest
is to study the effect of spatial resolutionon the perceived
quality of the displayedimages.When the spatial resolution
decreases,thevisibility of thecompressionartifactsis reduced
and so is the visibility of the signal.One key questionto be
answeredis how the visibility reductionsfor the signal and
the noise relate to each other perceptually. This subjective
experimentwas designedto answerthe questionby asking
an observer to take both effects into considerationas she/he
selectsthe resolutionthat maximizesthe perceived quality. In
the subjective experiment,each subject was presentedwith
a set of imagesat different spatial resolutionsand asked to
select the one of highestsubjective quality. All the images
in the set were downsampledfrom the samedecodedimage.
Figure5 illustratesthesetup,a seven-alternative forcedchoice
(7AFC) stimulus array. The images are orderedclockwise
in increasingresolutionin order to facilitate pair-wise com-
parisonsbetweenadjacentresolutions.While the imagesand
compressiontechniqueswere randomized,the bitrateswere
presentedin descendingorder. This is becausethe observers
may be confusedif the quality jumps aroundtoo much,and
also, by moving from higher to lower quality, the observers
have a bettersenseof what they are looking for.

Fig. 5. Testimagesfor therelative perceived quality assessmenttest(“Lena”
codedby JPEG2000at 0:1 bits =pixel ).

IV. EXPERIMENTAL RESULTS

We now examinethe resultsof the subjective experiments.
Due to a variety of factors,it is reasonableto expect that the
resultsof such subjective evaluationswill include a number
of outliers. Thus, as is typical in subjective evaluations,in
eachtest we excluded the most extreme(high or low) vote.
That is, in the just noticeablenoise perceptionassessment,
for each image and resolution, we excluded the observer
with the mostextremebitrate,while in the relative perceived
quality assessment,for eachimageand bitrate, we excluded
the observer with the most extreme resolution.When there
were two extremevotes,we excludedthe onewith the lower
numericalvalue.We thenusedboth themedianandthe mean
of the remainingvotesasthe �nal outcomeof theassessment.

A. Just NoticeableNoisePerceptionAssessment

Figure 6 plots the noisevisibility thresholdsthat were ob-
tainedfrom theJustNoticeableNoisePerceptionAssessment.
Note that the axes of theseplots have beeninterchangedin
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Fig. 6. Noisevisibility thresholdsfor all the subjects.Their votesare indicatedby the dottedlines andtheir medianvalue is by the solid line.

order to provide consistency with the �gures that follow. In
general,we expectthenoisevisibility thresholdto decreaseas
the spatialresolutionincreases,and thus, the selectedbitrate
to increasewith increasingresolution.Observe that this 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 “Bik e” image of Fig. 6 (b)
and (f). This may be explainedby the fact that the inherent
noise in the original uncompressedimage could in�uence
theobserver's choice.Imagecompressionalgorithmstypically
drop high frequencies,and this results in image smoothing.
When the original image is noisy (or even textured, e.g.,
in a face), the observers may then consider the smoother
compressedimageassuperiorto the noisy original and,thus,
label it asoriginal.

The overall JND level (median) is shown in solid line in
the �gure. At a givenresolution,this representsthe bitratesat
which the compressionartifacts becomeinvisible. Note that
at low resolutions,the JND levels for imagesgeneratedby
JPEG2000correspondto lower bitratesthan thosefor JPEG
images,while at higher resolutions,the results are mixed.
This should be expectedbecauseat lower ratesJPEG2000
providessuperiorrate-distortionperformance,while at higher
ratesJPEGoutperformsJPEG2000for 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

Figure7 depictsthe mostpreferredspatialresolutionfrom
the results of the relative perceived quality assessment.As
in Fig. 6, the x-axis and the y-axis correspondto the coding
bitrate and the spatial resolution, respectively. Note that in
Fig. 7 (c), (e), and (g) one can see several measurement

inconsistencies.As we saw above, the �nal result(solid lines)
wasobtainedasthemedianvaluesof the subjects'votesafter
excluding one extrememeasurementfor eachtest. Note that
as the bitrate decreases,the subjective quality decreases,and
that the observers prefer to reducethe spatial resolution in
order to reduce the visibility of the compressionartifacts.
The question is whether they 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 subjective experiments.

C. ComprehensiveAnalysisand StatisticalValidation of Ex-
perimentalresults

Figures 8 and 9 plot the results of the two tests (from
Figs. 6 and 7, respectively) on one graph for each image
and compressiontechnique.Black solid lines with triangle
markerscorrespondto themedianof themeasuredJND levels.
The error barsshow 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 measuredJND values.
The mediansof the observer votes for the relative perceived
quality testareshown in blacksolid lineswith circle markers.
Thecorrespondingerrorbarsarecenteredon themeanvalues,
which are marked with blue circles.Note that sincethe tests
includeda discretesetof bit ratesandspatialresolutions,the
mediansmay be more meaningful than the means,but the
meansanderror barsarealsoincludedasan indicationof the
most likely rangeof valuesof the respective quantities.Note
thatfor themostpart,themostpreferrednoise-level/resolution
points of the relative perceived quality test are well outside
the JND range.This is true for both JPEGand JPEG2000
encoding.Table III shows the ratio of the observer votes in
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Fig. 7. Most preferredresolutionfor all the subjects.Their votesare indicatedby the dottedlines andtheir medianvalue is by the solid line.

TABLE III

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 perceived quality test that fall within a standard
deviation of theJND level for eachimageandcodingmethod.
Basedon theseobservations,we concludethat the difference
betweenthe noisevisibility levels that correspondto the most
preferredresolutionand the JND levels is signi�cant.

A couple of additional observations are in order. At the
maximumspatialresolutionof 512� 512, therelativeperceived
quality levels saturatebeforethe maximumcoding bitrate of
1:0 bpp is reached.For “Lena” codedby JPEG2000in Fig. 9
(c), the JND level is lower thanthe relative perceived quality
level at the highestresolution(512� 512). Our interpretation
of this somewhatunexpectedresultis that theoriginal “Lena”
imagehasvisible noiseartifactsthat get wiped out by JPEG
2000compression.Thus,in the JNPtest,the observersprefer
the lower rate images.On the other hand, in the relative
perceived quality test, the observers simply pick the largest
image in spite of the noise artifacts. A similar observation
holdsfor the “Woman” image.In this case,thereis no noise;
it is just that smootherfaceslook betterthan textured faces.

For comparison,we also include the predictions of the
Safranek-Johnston�delity metric [14], shown as image in-
tensities using the heated object color map [45]. As we
discussed,existing metricsassumethat the original and dis-
torted image are at the sameresolution,and cannotprovide

quantitative estimatesof image quality across resolutions.
Thus, the metric valueswere computedon the downsampled
originalandcompressedimages,andareshown asindependent
horizontalstripesfor eachresolution.Notethat thepredictions
of the Safranek-Johnston�delity metric aremostly consistent
with the results of our JNNP test, i.e., the JNNP test line
is close to the points where the distortion map reachesits
maximum(becomeswhite).However, therearealsosigni�cant
deviations,e.g., in Figures7(c) and 8(c). We also compared
the resultsof the other objective measureswe discussedin
SectionII, suchastheSSIM andits variations,Watson's DCT
metric, aswell aswavelet basedmetrics.We found that their
JND predictionsdo not correspondwell with our subjective
tests.

For a givenspatialresolution,we cansaythatthedifference
betweenthe perceptuallynoise-transparentlevel andthe level
thatcorrespondsto themostpreferredresolutionrepresentsthe
perceptualtoleranceof theobserver. This perceptualtolerance
can be expressedin visual dBs as the difference of the
correspondingMPSNRs, or can be converted to JNDs by
inverting (2). Thus, for the JPEGencoded“Bank” image,at
256� 256, theperceptualtoleranceis 0:64 visualdB or 1.076
JNDs.Figures10(a)and11(a)show the perceptualtolerances
for eachimageand coding techniqueas a function of spatial
resolution,averagedover the observers.The error barsshow
the standarddeviations.Observe that the perceptualtolerance
increasesas the spatial resolutiondecreases.This is true for
all imagesandboth compressionschemes.Figures10(b) and
11(b) show the averagesover all the images; the standard
deviationsaccountfor variationsboth in observer 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 distortionmap.Fidelity metric is Safranek-JohnstonMetric. Imagecoderis JPEG.

Fig. 9. Most preferredresolutioncon�gurationson distortionmap.Fidelity metric is Safranek-JohnstonMetric. Imagecoderis JPEG2000.
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Fig. 10. Perceptualtoleranceexpressedin JNDsfor JPEGcompression.

Fig. 11. Perceptualtoleranceexpressedin JNDsfor JPEG2000compression.

Anotherillustrationof the resultsof the two subjective tests
is provided in Tables IV and V, which list the Safranek-
Johnstonmetric predictionsfor each resolution and bitrate,
with JND levelsshown asshadedcellsandthemostpreferred
resolutionsshown in boldface numbers.For all the tables,
the highest quality is at the lowest spatial resolution and
highestbitrate (bottom-right),andthe lowestquality is at the
highestspatial resolutionand lowest bitrate (top-left). Note
that becauseof the way the two experimentswere designed,
eachrow containsoneshadedbox (the lowestbitratefor that
resolutionat which artifactsarenot visible), andeachcolumn
containsoneboldfacenumber(the mostpreferredresolution).

Overall,basedon theresultsof thetwo experiments,we can
concludethat in most casesthe most preferredresolutionis
higher than the perceptuallytransparentresolution(JND). In
otherwords,humanobserversarewilling to acceptsomevis-
ible distortion in order to obtainhigher resolution.Moreover,
theamountof acceptabledistortion,whatwe calledperceptual
tolerance,increasesas the spatialresolutiondecreases.

V. CONCLUSIONS

We consideredtradeoffs between spatial resolution and
the visibility of compressionartifacts. Such tradeoffs are
not re�ected in existing �delity measures,which ignore the
signalvisibility andonly measurethevisibility of compression
distortions,which decreasewith imagesize. The analysisof
suchtradeoffs is of importancein applicationsthat involve a
wide varietyof bitratesanddisplaydevices,includingscalable
imagecompressionapplications.

Basedon three fundamentalassumptionsof human psy-
chophysicalbehavior, we designedtwo subjective tests to
experimentallyverify the hypothesisthat thereareunconven-
tional tradeoffs betweenspatialresolutionandthevisibility of
compressionartifacts.The goal of the just noticeablenoise
perceptionassessmenttest was to obtain the resolution at
which no compressionartifacts are visible. The goal of the
relative perceivedquality assessmenttestwasto �nd, for each
imageand bitrate, the most preferredresolutionon the basis
of both image size and visibility of compressionartifacts.
We usedtwo standardimagecoders(JPEGand JPEG2000)
and a set of representative images.Our results indicate that
the tradeoffs that we hypothesizedexist and that the most
preferredresolutionis higherthantheresolutionat which there
are no visible distortion artifacts. Conversely, the distortion
levels at the mostpreferredresolutionaresigni�cantly higher
than the JND thresholds.In other words, human observers
are willing to accept some visible distortion in order to
obtainhigher resolution.Moreover, the amountof acceptable
distortion,which we call perceptualtolerance,increasesasthe
spatialresolutiondecreases.We alsoattemptedto quantifythis
perceptualtolerancein terms of the masked peak signal-to-
noiseratio. However, our resultsindicatethat the varianceof
themeasurementsis too high to reliably predicttheperceptual
toleranceacrossdifferent imagesandobservers.The focusof
this paperwason still images,but similar tradeoffs alsoapply
to video. Of course,in the video casethere are additional
tradeoffs to beexploredasthe 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-NOTICEABLE LEVELS IN SHADED CELLS, MOST PREFERRED RESOLUTIONS IN BOLD NUMBERS)

Resolution/bpp 0.2 0.25 0.3 0.4 0.45 0.5 0.6 0.7 0.8 1.0

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 46.55 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 43.10 46.12 47.20 47.86 47.95 48.04 48.10 48.12 48.13 48.13
64 44.92 47.37 47.79 48.06 48.07 48.11 48.12 48.13 48.13 48.13

(a) “Bank” JPEG

Resolution/bpp 0.23 0.27 0.3 0.4 0.5 0.6 0.8 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 44.10 44.90 46.45 47.20 47.64 47.99 48.08
192 44.59 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 0.27 0.3 0.35 0.4 0.5 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 44.55 45.70 46.36 47.22 48.11
256 42.35 43.97 44.82 45.45 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 0.15 0.2 0.25 0.3 0.35 0.4 0.5 0.6 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 45.47 46.84 47.98 48.09 48.12 48.13 48.13 48.13 48.13 48.13

(d) “Woman” JPEG

This paper has highlighted the need for a fundamental
changein our understandingof imagequality assessment,both
subjective and objective. The resultsof our subjective tests
are expectedto be applicablein the developmentof image
�delity measuresthat predict image quality over multiple
resolutionsand viewing conditions, and take into account
both the visibility of the compressionartifactsand the image
size, i.e., the visibility of the signal itself. Such measures
will be invaluablefor scalableimageand video compression
applications.
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