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Abstract. In this paperwe develop a techniquefor measuringthe perceptual
equivalenceof a graphicalsceneto a real scene.Ability to compareimagesis
valuablein computergraphicsfor anumberof reasonsbut themainmotivationis
to enableusto comparedifferentrenderingalgorithmsandto bringuscloserto a
systemfor validatinglighting simulationalgorithmsagainstmeasurements.
In this study we conducta seriesof psychophysicalexperimentsto assessthe
�delity of graphicalreconstructionof real scenes.Methodsdevelopedfor the
studyof humanvisualperceptionareusedto provide evidencefor a perceptual,
ratherthana merephysical,matchbetweentheoriginal sceneandits computer
representation.Resultsshow thattherenderedscenehashigh perceptual�delity
comparedto theoriginal scene,which impliesthata renderedimagecanconvey
albedo.This investigationis a steptowardproviding aquantitative answerto the
questionof justhow “real” photo-realismactuallyis.

1 Intr oduction

Realisticimagesynthesisfocuseson generatingimagesthatemulatetheimpressionof
realscenes.It is now possibleto accuratelysimulatethedistributionof light energy in
ascene,however, physicalaccuracy in renderingdoesnotensurethatthedisplayedim-
ageswill have authenticvisualappearance.Evenif we assumethelighting simulation
is correctto within a giventolerance,problemsexist with themannerin which human
observersperceive theresultingimages.Reasonsfor this includethe limited rangeof
intensitiesthatcanbedisplayedon a displaydevice,andthefact that in general,most
stateof theart renderersdon't compensatefor theselimitations.Someencouragingre-
search,whichmodelstheparametersof perceptualresponse[4, 11], hasbegun,but this
posessomenew questions;for examplehow canwecomparetheseimageswhichclaim
to berealistic,to realscenes.Furthermore,many of thesetechniquesarebasedonalgo-
rithmswhichmakeassumptionsaboutthefunctioningof thehumanvisualsystem;such
assumptionsoftenapplyto restrictedviewing conditionsratherthancomplex scenes.In
general,the questionof how to compareimageswith otherimagesto determinehow
alike they are,remainslargelyunanswered.

Several computationalmethodsfor assessingthe quality of suchcomputergener-
atedimageshavebeenproposed.Themosteffectiveof thesemethodscompareimages
basedon perceptualappearanceratherthanphotometricaccuracy. Rushmeieret al.
exploreda numberof suchperceptuallybasedmetricsandconcludedthat perceptual
metricsmaybeusedto numericallycomparerenderingsandcapturedimagesin aman-
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ner thatapproximatelycorrespondsto humancontrastperception[9]. An overview of
thesemetricsis givenin thenext section.

Therearemany ways in which perceptual�delity could be measured;in fact, it
is likely that no singlemeasurecanfully dealwith what is a complex issue.For this
reasonwe useactualhumanresponseratherthanperceptualdatawhenattemptingto
compareimages.We chosea particulartask- thatof matchingmaterialsin thescene
againsta displayof originals - becausethe taskhasa numberof attractive features.
First,Gilchrist[6, 7] hasshown thattheperceptionof lightness(theperceptualcorrelate
of re�ectance)is stronglydependenton the humanvisual system's renditionof both
illuminationand3-D geometry. Thesearekey featuresof perceptionof any sceneand
arein themselvescomplex attributes. However, the simplematchingprocedureused
heredependscritically onthecorrectrepresentationof theaboveparameters.Therefore,
the task shouldbe sensitive to any mismatchbetweenthe original and the rendered
scene.Secondly, thematchingprocedureis a standardpsychophysicaltaskandallows
excellentcontrol over the stimulusandthe subject's response.The taskchosenhere
correspondsclosely to the methodologyof Gilchrist [2, 6, 7] which permitssimple
measures(of lightness)to bemadeat locationsin complex scenes.Ultimately, thetask
waschosento besimplewhile alsobeingsensitivetoperceptualdistortionsin thescene.
In addition,thismeasureof perceivedcontrastmaybeusedto providea simpleway to
predictobjectvisibility within ascene[2, 7].

2 PreviousWork

Thefollowing imagecomparisonmetricswerederivedfrom [3, 5, 8] in a studywhich
comparedreal andsyntheticimagesby Rushmeieret al [9]. Eachis basedon ideas
takenfrom imagecompressiontechniques.Thegoalof this work wasto obtainresults
from comparingtwo imagesusing thesemodelsthat were large if large differences
betweenthe imagesexist, andsmall whenthey arealmostthe same.Thesesuggested
metricsincludesomebasiccharacteristicsof humanvision describedin imagecom-
pressionliterature. First, within a broadbandof luminances,the eye sensesrelative
ratherthanabsoluteluminances.For this reasonametricshouldaccountfor luminance
variations,not absolutevalues.Second,theresponseof theeye is non-linear. Theper-
ceived“brightness”or “lightness”is anon-linearfunctionof luminance.Theparticular
non-linearrelationshipis notwell establishedandis likely to dependoncomplex issues
suchasperceivedlighting and3-D geometry. Third, thesensitivity of theeye depends
on the spatialfrequency of luminancevariations. The following methodsattemptto
model thesethreeeffects. Eachmodelusesa differentContrastSensitivity Function
(CSF)to modelthesensitivity to spatialfrequencies.

Model 1 After Mannosand Sakrison[8]: First, all the luminancevaluesarenor-
malisedby the meanluminance.The non linearity in perceptionis accountedfor by
takingthecubedroot of eachnormalisedluminance.A FastFourierTransform(FFT)
is computedof the resultingvalues,andthemagnitudeof the resultingvaluesare�l-
teredwith a CSFto anarrayof values.Finally thedistancebetweenthetwo imagesis
computedby �nding the MeanSquareError (MSE) of thevaluesfor eachof the two
images. This techniquethereforemeasuressimilarity in Fourier amplitudebetween
images.



Model 2 After Gervaiset al [5]: This model includesthe effect of phaseaswell
asmagnitudein the frequency spacerepresentationof the image. Onceagainthe lu-
minancesarenormalisedby dividing by the meanluminance. An FFT is computed
producinganarrayof phasesandmagnitudes.Thesemagnitudesarethen�ltered with
ananisotropicCSF�lter functionconstructedby �tting splinesto psychophysicaldata.
Thedistancebetweentwo imagesis computedusingmethodsdescribedin [5].

Model 3 After Daly:adaptedfrom [3]: In this modelthe effectsof adaptationand
non-linearityarecombinedin onetransformation,whichactsoneachpixel individually.
In the �rst two modelseachpixel hassigni�cant globaleffect in thenormalisationby
contributing to theimagemean.Eachluminanceis transformedby anamplitudenon-
linearity value. An FFT is appliedto eachtransformedluminanceandthenthey are
�ltered by a CSF(computedfor a level of 50 cd/m

�

). The distancebetweenthe two
imagesis thencomputedusingMSEasin model1.

One of the goalsof our psychophysicalinvestigationis to validateor refuteex-
isting metrics. In general,metricsof perceptual�delity , suchasthe aforementioned
models[9], dependon factorssuchas the Fourier compositionof the scene.We do
not expecta moderatechangein Fouriercompositionto affect theperceivedillumina-
tion and3-D propertiesof a scene.Thus,we seekto show a dissociationbetweenour
methodandtheother, algorithmic,approaches.In thecaseof moderateFourier �lter -
ing (eg low-pass)wewouldexpect“perfect” resultsfrom ourmethod,but low apparent
�delity from the othermetrics. A reversesituationis alsopossible,in which the 3-D
geometryis corruptedwithoutachangein Fouriercontent;here,ourmethodwouldsig-
nal poor �delity whereasexisting metricswould indicategood�delity . Sucha double
dissociationwouldclearlyshow thatperceptual�delity cannotbedescribedby asingle
number;rather, psychophysicalmeasuresmustbemadeto establishits degree.

Our techniquelooks for a similar setof matchingdatain theoriginal andtheren-
deredscene.If suchanequalityis obtained,we canconcludethattheilluminationand
3-D qualitiesof both scenesareperceptuallyequivalent. The psychophysicalexperi-
mentswe areperformingaim to validateor refuteexistingmetricsfor imagecompari-
son. Our testsmake no assumptionaboutthe functioningof thehumanvisualsystem
otherthanits ability to judgeequality. This lack of prior assumptionsmakesit a po-
tentially very robust technique.The disadvantageis the lack of a singlealgorithmto
accountfor thepsychophysicaldata.

3 Method

This study requiredan experimentalset-upcomprisingof a real environmentand a
computerrepresentationof that environment. Herewe describethe equipmentused
to constructthe real world test environment,along with the physicalmeasurements
performedto attainthenecessaryinput for thesyntheticrepresentation.

3.1 The RealScene

Thetestenvironmentwasasmallboxof 557mmhigh,408mmwideand507mmdeep,
with anopeningononeside,�gure 1. All interiorsurfacesof theboxwerepaintedwith
whitematthousepaint.



Fig. 1 ExperimentalSetup

To therightof thisenclosureachartshowing thirty graylevel patches,labelledasin
�gure 2,werepositionedonthewall to actasreference.Thethirty patcheswerechosen
to provide perceptuallyspacedlevelsof re�ectancefrom black to white, accordingto
theMunsellRenotationSystem[13].

Fig. 2 Referencepatches

A seriesof �fteen of thesegraylevel patcheswerechosenat random,reshaped,and
placedin no particularorderwithin thephysicalenvironment.A small front-silvered,
high quality mirror was incorporatedinto the setup to allow the viewing conditions
to be changedto two settings,viewing of the original sceneor viewing of the mod-
elledsceneonthecomputermonitor. Whentheopticalmirror wasin position,subjects
viewedtheoriginalscene.In theabsenceof theopticalmirror thecomputerrepresenta-
tion of theoriginal scenewasviewed. Theangularsubtensesof thetwo displayswere
equalised,andthefactthatthedisplaymonitorhadto becloserto thesubjectfor this to
occur, wasallowedfor by theinclusionof a +2 diopterlensin its opticalpath;thelens
equatedtheopticaldistancesof thetwo displays.

The light sourceconsistedof a 24 volt quartzhalogenbulb mountedon optical
bench�ttings at the top of the testenvironment.This wassuppliedby a stabilised10
ampDC powersupply, stableto 30partspermillion in current.Thelight shonethrough
a 70 mm by 115 mm openingat the top of the enclosure.Black masks,constructed
of matt cardboardsheets,were placedframing the screenand the openwall of the
enclosure,a separateblack cardboardsheetwasusedto de�ne the eye position. An
aperturein thismaskwasusedto enforcemonocularvision,sincetheVDU displaydid
notpermitstereoscopicviewing.



Theentireexperimentalset-upresidesin anencloseddark laboratoryin which the
only light sourcesare the DC bulb (shieldedfrom direct view) or illumination from
the monitor. Gilchrist [2, 6, 7] hasshown that suchan experimentalenvironmentis
suf�cient for ourpurposes.

3.2 The Graphical Representation

Thegeometricmodelof the realenvironmentwascreatedusingAlias Wavefront [1].
Thephotometricinstrumentusedthroughoutthecourseof theexperimentswastheMi-
noltaSpotChromameterCS-100.TheMinolta chromameteris a compact,tristimulus
colorimeterfor noncontactmeasurementsof light sourcesor re�ective surfaces.The
onedegreeacceptanceangleandthroughthelensviewing systemenablesaccuratetar-
getingof the subject. The chromameterwas usedto measurethe chromaticityand
luminancevaluesof the materialsin the original sceneand from the screensimula-
tion. Theluminancemeterwasalsousedto takesimilar readingsof thethirty reference
patches.For input into the graphicalmodellingprocessthe following measurements
weretaken.

Geometry:A tapemeasurewasusedto measurethegeometryof the testenviron-
ment.Lengthmeasurementsweremadewith anaccuracy of theorderof onemillimetre.

Materials: The chromameterwasusedfor materialchromaticitymeasurements.
To ensureaccuracy of the measurements� ve measurementswere recordedfor each
material,thehighestandlowestluminancemagnituderecordedfor eachmaterialdis-
cardedandanaveragewastakenof the remainingthreevalues.TheCIE (1931)x, y
chromaticityco-ordinatesof eachprimary wereobtainedandthe relative luminances
for eachphosphorwererecordedusingthechromameter. Following Travis [10], these
valueswerethentransformedto screenRGBtristimulusvaluesasinput to therenderer
by applyinga matrix basedon thechromaticitycoordinatesof themonitorphosphors
anda monitorwhitepoint.

Illumination: The illuminant was measuredby illuminating an EastmanKodak
StandardWhite powder, pressedinto a circularcavity, which re�ects 99%of incident
light in a diffusemanner. Thechromameterwasthenusedto determinetheilluminant
tristimulusvalues.

The renderedimagewas createdusing the RadianceLighting simulationpack-
age[12] to generateourgraphicalrepresentationof therealscene.Radianceis aphysi-
cally basedrenderer, whichmeansthatphysicallymeaningfulresultsmaybeexpected,
providedtheinput to therendereris meaningful.

4 ImageComparisonExperiment

In this work we inspectperceptual,asopposedto physical,correspondencebetweena
realandgraphicalsceneby performingtestsof visualfunctionin bothsituationsandes-
tablishingthatbothsetsof resultsareidentical(allowing for measurementnoise).Such
anidentitywill providestrongevidencethatno signi�cantly differentsetof perceptual
parametersexist in eachsituation.

Thesubjects'taskwasto matchgraylevel patcheswithin aphysicalenvironmentto
asetof controlpatches.Thensubjectswereaskedto repeatthesametaskwith theorig-



inal environmentreplacedby its computerrepresentation,includingsomeslight varia-
tionsof thecomputerrepresentation,suchaschangesin Fouriercomposition(blurring),
see�gure 3.

Fig. 3 RenderedImage(left) with blurring(right)

In theOriginal Scene, physicalstimuli werepresentedin thetestenvironment,de-
scribedin theprevioussection.Subjectsviewedthescreenmonocularlythrougha�x ed
viewing position. Theexperimentwasundertakenunderconstantandcontrolledillu-
minationconditions.

While viewing the ComputerSimulatedScene, representationof the stimuli, ren-
deredusingRadiance,werepresentedonthemonitorof aSiliconGraphics02machine.
Again,subjectsviewedthescreenmonocularlythrougha �x edviewing position.

Our useof the psychophysicallightness-matchingprocedureis chosenbecauseit
is sensitive to errorsin perceived depth. Lightnessconstancy dependson a correct
representationof the threedimensionalstructureof the scene[6, 7]. Any errorsin
depthperception,whenviewing thecomputermodel,will resultin errorsof constancy,
andthusapoorpsychophysicalmatchingperformance.

5 Results

Datawereobtainedfor 15 subjects;14 of thesewerenaive as to the purposeof the
experiment,andonewasanauthor. Subjectshadeithernormalor corrected-to-normal
vision. Eachsubjectperformeda numberof conditions,in randomorder, andwithin
eachconditionthesubject'staskwasto matchthe�fteen graytestpatchesto areference
chart on the wall. Eachpatchwas matchedonceonly and the order in which each
subjectperformedthematcheswasvariedbetweensubjectsandconditions.

Figure 4 shows the resultsobtainedfor comparisonof a renderedand a blurred
sceneto therealenvironment.Thex-axisgivestheactualMunsellvalueof eachpatch,
they-axisgivesthematchedMunsellvalue,averagedacrossthesubjects.

A perfectsetof datawould lie alonga
�����

diagonalline. Theexperimentaldatafor
the real environmentlie closeto this line, with somesmall but systematicdeviations
for speci�c testpatches.Thesedeviationsshow that lightnessconstanceis not perfect
for theoriginal scene.What this meansis asfollows: whenobservinga givenscene,
small(but signi�cant) errorsof lightnessperceptionarelikely to occur. A perceptually-
perfectreconstructionof thesceneshouldproducea very similar patternof errorsif it
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Fig. 4 Comparisonof averagematchingsof Munsellvalues

is perceptuallysimilar to theoriginal.
The two othergraphsrelatingto therenderedandtheblurredrenderedimagesare

plottedonthesameaxes.In general,it canbeseenthatthematchedvaluesareverysim-
ilar to thoseof theoriginalscene,in otherwords,thesame(small)failuresof constancy
applybothto therenderedandtheblurredrenderedimages.

This, in turn suggeststhatthereis no signi�cant perceptualdifferencebetweenthe
originalsceneandboththerenderedversionandtheblurredrenderedversion.Thisis in
spiteof thefactthatthemeanluminanceof therenderedversionswaslowerby a factor
of about30 comparedto the original; also,underour conditionsthe blurredversion
lookedverydifferentsubjectively, but againsimilardatawereobtained.

It is possibleto reducethepatternof resultsto a singlevalueasfollows:

� takingthematchesto theoriginal sceneasreference,calculatethemeansigned
deviation for therenderedandblurredrenderedfunctions.

� Computethemeanandstandarddeviationof these

Table1 showstheresultsobtained.A valueof zeroin this tablewould indicateper-
ceptuallyperfectmatch;theactualvaluesgivencomecloseto this andarestatistically
not signi�cantly differentfrom zero. This, therefore,againindicateshigh perceptual
�delity in bothversionsof therenderedscene

How do thesevaluescompareto othermethods?Usingthealgorithmof Daly [3],
we found a 5.04%differencebetweenthe renderedandblurredrenderedimages.As



Comparedto Real MeanMunsellValueDeviation
RenderedScene -0.37( �������

���

)
BlurredScene -0.23( �������

���

)

Table1 Comparisonof RenderedandBlurredSceneto RealEnvironment

a comparison,a left-right reversalof the imagegivesa differencevalueof 3.71%;and
a comparisonof the imagewith a white noisegrey level imageresultsin a difference
valueof 72%. Thus,thealgorithmsuggeststhat thereis a markeddifferencebetween
therenderedimageandblurredrenderedimage;for examplethis is a 36%greaterdif-
ferencethanthat with a left-right reversedimage. (This differenceincreasesfor less
symmetricalimages).However, ourmethodsuggeststhatthesetwo scenesarepercep-
tually equivalentin termsof our task.

It maythereforebethat thereis a dissociationbetweenour methodandthatof the
Daly technique.In addition,thealgorithmicmethodcannotgive a directcomparison
betweenthe original sceneandthe renderedversion;this could only be achieved by
framegrabbingtheoriginalwhichis aprocesslikely to introduceerrorsdueto thenon-
linear natureof the captureprocess.Furtherwork is plannedto attemptto capturea
scenewithouterrorsof reproduction.

Figure5 shows theresultsobtainedfor comparisonof therealsceneandrendered
imagesof the environmentafter the depthhasbeenalteredby 50% and the patches
specularityincreasedfrom 0%to 50%.

As canbeseenfrom thegraph,for simplesceneslightnessconstancy is extremely
robustagainstchangesin depth,specularityandblurring.

In summary:theresultsshow thattherenderedscenesusedin this studyhave high
perceptual�delity comparedto theoriginal scene,andthatothermethodsof assessing
image�delity yield resultswhich aremarkedly differentfrom ours. The resultsalso
imply thata renderedimagecanconvey albedo.

6 Conclusionsand Future Work

We have introduceda methodfor measuringtheperceptualequivalencebetweena real
sceneanda computersimulationof the samescene.Becausethis model is basedon
psychophysicalexperiments,resultsareproducedthroughstudyof visionfromahuman
ratherthana machinevisionpointof view. We havepresenteda methodfor modelling
a realscene,thenvalidatingthatmodelusingtheresponseof thehumanvisualsystem.

By conductinga seriesof experiments,basedon psychophysics,we canestimate
how muchalike a renderedimageis to the original scene.Preliminaryresultsshow
that givena real sceneanda faithful representationof that scene,thevisual response
functionin bothcasesis similar.

Thereis still muchwork to bedonein this area,andnumerousavenuesfor further
researchexist. While we have compareda realsceneto thecomputermodelwe have
yet to attemptthe experimentsusing a capturedimageof our real scene. This has
provedprohibitive in attemptingto compareour methodto thosecurrentlyavailable.
In particulartheperceptualmetricsshouldbeusedto compareour renderedimageto
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a capturedimageof our real scenewhich doesnot suffer from distortionsresulting
from the captureprocess.This preventedus from beingableto compareour method
to thosecurrentlyavailable. In an attemptto includecomparisonto existing metrics
suchasthoseoutlinedin section2, we havecomparedthesimulatedsceneto a blurred
simulationof themeasuredscene.Resultsshow thatourmethodgivesdifferentresults
from the metric in the caseof the blurred image. This is due to the likely lack of
importanceof high spatial frequency contentsof the imageto the task of matching
lightnessvalues.

Resultsfrom theseexperimentsdemonstratehow psychophysicsmay be usedto
comparerealandsyntheticimagesandin particular, how visualresponsein theoriginal
scenecorrespondsto visual responseto therenderedscene.Our long rangegoal is to
de�ne atechniquecapableof identifying“perceptual”parameterspacesothatdistances
betweenimagesin a parameterspaceareclosewhenhumansperceive the imagesto
besimilar, andarenot closeotherwise.Theutility beingthe capacityto evaluatethe
quality of photo-realisticrenderingsoftware,anddeveloptechniquesto improve such
renderer'sability to producehigh �delity images.

Becausethecomplexity of humanperceptionandthecomputeexpensiverendering
algorithmsthatexist today, futurework shouldfocuson developingef�cient methods
from which resultantgraphicalrepresentationsof scenesyield thesameperceptualef-
fects as the original scene. To achieve this the full gamutof colour perception,as
opposedto simply lightness,mustbe consideredby introducingscenesof increasing



complexity suchasthoseincludingindirectillumination.
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