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Abstract. In this paperwe develop a techniquefor measuringhe perceptual
equivalenceof a graphicalsceneto a real scene.Ability to comparemagesis
valuablein computemgraphicsor anumberof reasongut themainmotivationis
to enableusto compardifferentrenderingalgorithmsandto bring uscloserto a
systentor validatinglighting simulationalgorithmsagainsimeasurements.

In this study we conducta seriesof psychophysicaéxperimentsto assesshe
delity of graphicalreconstructiorof real scenes.Methodsdevelopedfor the
studyof humanvisual perceptiorareusedto provide evidencefor a perceptual,
ratherthana merephysical,matchbetweerthe original sceneandits computer
representationResultsshav thatthe renderedscenehashigh perceptualdelity
comparedo the original scenewhich impliesthata renderedmagecancornvey
albedo.This investigationis a steptoward providing a quantitatve answetto the
questionof justhow “real” photo-realisnactuallyis.

1 Intr oduction

Realisticimagesynthesigocuseson generatingmagesthatemulatethe impressiorof
realscenesilt is now possibleto accuratelysimulatethe distribution of light enegy in
ascenehowever, physicalaccurag in renderingdoesnotensurahatthedisplayedm-
ageswill have authenticvisualappearanceEvenif we assumehelighting simulation
is correctto within a giventolerance problemsexist with the manneiin which human
obsenersperceve the resultingimages.Reasongor this includethe limited rangeof
intensitiesthatcanbe displayedon a displaydevice, andthe factthatin generalmost
stateof theartrendererglon't compensatéor thesdimitations. Someencouraginge-
searchwhich modelsthe parametersf perceptuatesponsé4, 11], hasbegun,but this
posesomenew questionsfor examplehow canwe compargheseémageswhichclaim
to berealistic,to realscenesFurthermoremary of theseechniquesarebasedn algo-
rithmswhich make assumptionaboutthefunctioningof thehumanvisualsystemsuch
assumptionsftenapplyto restrictedviewing conditionsratherthancomple scenesin
generalthe questionof how to compareémageswith otherimagesto determinehow
alike they are,remaindargely unanswered.

Several computationamethodsfor assessinghe quality of suchcomputergener
atedimageshave beenproposedThe mosteffective of thesemethodscomparamages
basedon perceptuabppearanceatherthan photometricaccurag. Rushmeieret al.
exploreda numberof suchperceptuallypbasedmetricsand concludedthat perceptual
metricsmaybeusedto numericallycompareenderingandcapturedmagesn aman-
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ner thatapproximatelycorrespond$o humancontrastperception[f An overview of
thesemetricsis givenin the next section.

Thereare mary waysin which perceptualdelity could be measuredijn fact, it
is likely thatno singlemeasurecanfully dealwith whatis a complec issue. For this
reasonwe useactualhumanresponseaatherthanperceptuablatawhenattemptingto
compareimages.We chosea particulartask- thatof matchingmaterialsin the scene
againsta display of originals- becausehe task hasa numberof attractive features.
First, Gilchrist[6, 7] hasshaovn thattheperceptiorof lightnesgtheperceptuatorrelate
of re ectance)is stronglydependenbn the humanvisual systems rendition of both
illumination and3-D geometry Thesearekey featuresof perceptiorof any sceneand
arein themselescomple attributes. However, the simple matchingprocedureused
heredependsritically onthecorrectrepresentatioof theaboveparametersTherefore,
the task shouldbe sensitve to ary mismatchbetweenthe original and the rendered
scene.Secondlythe matchingproceduras a standardgysychophysicalaskandallows
excellentcontrol over the stimulusandthe subjects response.The taskchosenhere
correspondslosely to the methodologyof Gilchrist [2, 6, 7] which permitssimple
measuresof lightness)o be madeat locationsin complex scenesUltimately, thetask
waschoserto besimplewhile alsobeingsensitve to perceptuatlistortionsin thescene.
In addition,this measuref percevedcontrasimaybe usedto provide a simpleway to
predictobjectvisibility within ascend2, 7].

2 Previous Work

Thefollowing imagecomparisormetricswerederivedfrom [3, 5, 8] in a studywhich
comparedeal and syntheticimagesby Rushmeieret al [9]. Eachis basedon ideas
takenfrom imagecompressiotechniquesThe goal of this work wasto obtainresults
from comparingtwo imagesusing thesemodelsthat were large if large differences
betweerthe imagesexist, and small whenthey are almostthe same.Thessuggested
metricsinclude somebasiccharacteristic®f humanvision describedn imagecom-
pressionliterature. First, within a broadbandof luminancesthe eye senseselative
ratherthanabsolutduminancesFor this reasora metricshouldaccountfor luminance
variations not absolutevalues.Secondtheresponsef the eye is non-linear The per
ceived“brightness’or “lightness”is anon-linearfunctionof luminance Theparticular
non-linearelationshigs notwell establishe@ndis lik ely to dependn complecissues
suchaspercevedlighting and3-D geometry Third, the sensitvity of theeye depends
on the spatialfrequeng of luminancevariations. The following methodsattemptto
modelthesethreeeffects. Eachmodelusesa differentContrastSensitvity Function
(CSF)to modelthesensitvity to spatialfrequencies.

Model 1 After Mannosand Sakrison[8]: First, all the luminancevaluesare nor-
malisedby the meanluminance. The non linearity in perceptionis accountedor by
takingthe cubedroot of eachnormaliseduminance.A FastFourier Transform(FFT)
is computedof theresultingvalues,andthe magnitudeof the resultingvaluesare |-
teredwith a CSFto anarrayof values.Finally the distancebetweerthetwo imagess
computedby nding the MeanSquareError (MSE) of the valuesfor eachof the two
images. This techniquethereforemeasuresimilarity in Fourier amplitudebetween
images.



Model 2 After Gervaiset al [5]: This modelincludesthe effect of phaseaswell
asmagnituden the frequeng spacerepresentationf the image. Onceagainthe lu-
minancesare normalisedby dividing by the meanluminance. An FFT is computed
producinganarrayof phaseandmagnitudesThesemagnitudesrethen ltered with
ananisotropicCSF lter functionconstructedby tting splinesto psychophysicalata.
Thedistanceébetweentwo imagess computedusingmethodsdescribedn [5].

Model 3 After Daly:adaptedfrom [3]: In this modelthe effectsof adaptatiorand
non-linearityarecombinedn onetransformationwhichactson eachpixelindividually.
In the rst two modelseachpixel hassigni cant global effectin the normalisatiorby
contrituting to theimagemean.Eachluminanceis transformedyy anamplitudenon-
linearity value. An FFT is appliedto eachtransformeduminanceandthenthey are

ltered by a CSF(computedfor a level of 50 cd/m ). The distancebetweenthe two
imagesds thencomputedusingMSE asin model1.

One of the goalsof our psychophysicainvestigationis to validateor refute ex-
isting metrics. In generalmetricsof perceptualdelity , suchasthe aforementioned
models[9], dependon factorssuchasthe Fourier compositionof the scene. We do
not expecta moderatechangen Fourier compositiorto affect the percevedillumina-
tion and3-D propertiesof a scene.Thus,we seekto shav a dissociatiorbetweerour
methodandthe other, algorithmic,approachesln the caseof moderatd-ourier Iter -
ing (eg low-pass)we would expect“perfect” resultsfrom our method put low apparent
delity from the othermetrics. A reversesituationis alsopossible,in which the 3-D
geometnyis corruptedwvithouta changen Fouriercontenthere,ourmethodwouldsig-
nal poor delity whereasexisting metricswould indicategood delity . Sucha double
dissociatiorwould clearlyshav thatperceptualdelity cannotbedescribedy asingle
number;rather psychophysicaineasuresnustbe madeto establishts degree.

Our technigudooksfor a similar setof matchingdatain the original andthe ren-
deredscenelf suchanequalityis obtainedwe canconcludethattheilluminationand
3-D qualitiesof both scenesare perceptuallyequivalent. The psychophysicaéxperi-
mentswe areperformingaim to validateor refuteexisting metricsfor imagecompari-
son. Our testsmake no assumptioraboutthe functioningof the humanvisual system
otherthanits ability to judge equality This lack of prior assumptionsnakesit a po-
tentially very robust technique.The disadwantageis the lack of a singlealgorithmto
accountor the psychophysicadlata.

3 Method

This study requiredan experimentalset-upcomprisingof a real environmentand a
computerrepresentationf that environment. Here we describethe equipmentused
to constructthe real world test ervironment,along with the physicalmeasurements
performedo attainthe necessarjnputfor thesyntheticrepresentation.

3.1 TheRealScene

Thetestervironmentwasasmallboxof 557mmhigh,408mmwide and507mmdeep,
with anopeningon oneside, gure 1. All interior surfacesof the boxwerepaintedwith
white matthousepaint.



Fig. 1 ExperimentaSetup

To theright of thisenclosure chartshaving thirty graylevel patcheslabelledasin
gure 2, werepositionednthewall to actasreferenceThethirty patchesverechosen
to provide perceptuallyspacedevels of re ectancefrom blackto white, accordingto
theMunsellRenotatiorSystem13].

Fig. 2 Referenceatches

A serief fteen of thesegraylevel patchesverechoseratrandomreshapedand
placedin no particularorderwithin the physicalervironment. A smallfront-silvered,
high quality mirror wasincorporatednto the setup to allow the viewing conditions
to be changedo two settings,viewing of the original sceneor viewing of the mod-
elledsceneonthe computemonitor. Whenthe opticalmirror wasin position,subjects
viewedtheoriginal sceneln theabsencef the opticalmirror thecomputerepresenta-
tion of the original scenewasviewed. The angularsubtensesf thetwo displayswere
equalisedandthefactthatthedisplaymonitorhadto becloserto the subjectfor thisto
occur wasallowedfor by theinclusionof a +2 diopterlensin its optical path;thelens
equatedheopticaldistance®f thetwo displays.

The light sourceconsistedof a 24 volt quartzhalogenbulb mountedon optical
bench ttings atthetop of thetestenvironment. This wassuppliedby a stabilised10
ampDC power supply stableto 30 partspermillion in current. Thelight shonethrough
a 70 mm by 115 mm openingat the top of the enclosure.Black masks,constructed
of matt cardboardsheetswere placedframing the screenand the openwall of the
enclosurea separatélack cardboardsheetwas usedto de ne the eye position. An
aperturdn this maskwasusedto enforcemonoculawision, sincethe VDU displaydid
not permitstereoscopigiewing.



The entireexperimentaket-upresidesn anenclosediarklaboratoryin which the
only light sourcesarethe DC bulb (shieldedfrom direct view) or illumination from
the monitor Gilchrist [2, 6, 7] hasshowvn that suchan experimentalervironmentis
sufcient for our purposes.

3.2 The Graphical Representation

The geometricmodelof the real ervironmentwas createdusing Alias Wavefront[1].
Thephotometridnstrumenusedthroughouthe courseof the experimentsvasthe Mi-
noltaSpotChromameterCS-100.The Minolta chromameteris a compacttristimulus
colorimeterfor non contactmeasurementsf light sourcesor re ective surfaces.The
onedegreeacceptancangleandthroughthelensviewing systemenablesaccuratdar-
geting of the subject. The chromameterwas usedto measurehe chromaticityand
luminancevaluesof the materialsin the original sceneand from the screensimula-
tion. Theluminancaneterwasalsousedto take similarreadingof thethirty reference
patches.For input into the graphicalmodelling processthe following measurements
weretaken.

Geometry:A tapemeasuravasusedto measurghe geometryof the testerviron-
ment.Lengthmeasurementgeremadewith anaccuray of theorderof onemillimetre.

Materials: The chromameterwas usedfor materialchromaticitymeasurements.
To ensureaccurag of the measurementsve measurementaere recordedfor each
material,the highestandlowestluminancemagnituderecordedfor eachmaterialdis-
cardedandan averagewastaken of the remainingthreevalues. The CIE (1931)X, y
chromaticityco-ordinatef eachprimary were obtainedandthe relative luminances
for eachphosphowererecordedusingthe chromameter Following Travis [10], these
valueswerethentransformedo screerRGB tristimulusvaluesasinputto therenderer
by applyinga matrix basedon the chromaticitycoordinatesf the monitor phosphors
anda monitorwhite point.

lllumination:  The illuminant was measuredy illuminating an EastmanKodak
StandardVhite powder, pressednto a circular cavity, which re ects 99% of incident
light in adiffusemanner Thechromameterwasthenusedto determingheilluminant
tristimulusvalues.

The renderedimage was createdusing the RadiancelLighting simulation pack-
age[12] to generateur graphicalrepresentationf therealscene Radiancas aphysi-
cally basedendererwhich meanghatphysicallymeaningfulresultsmaybe expected,
providedtheinputto therendereis meaningful.

4 Image Comparison Experiment

In this work we inspectperceptualasopposedo physical,correspondenceetweera
realandgraphicakcendy performingtestsof visualfunctionin bothsituationsandes-
tablishingthatbothsetsof resultsareidentical(allowing for measurememtoise).Such
anidentity will provide strongevidencethatno signi cantly differentsetof perceptual
parametersxistin eachsituation.

Thesubjectstaskwasto matchgraylevel patcheswithin aphysicalervironmentto
asetof controlpatchesThensubjectsvereasledto repeathe sametaskwith theorig-



inal environmentreplacedyy its computerepresentatiorincluding someslight varia-
tionsof thecomputerepresentatiorsuchaschangesn Fouriercompositionblurring),
seegure 3.

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

In the Original Scenephysicalstimuli werepresentedh thetestervironment,de-
scribedin theprevioussection.Subjectviewedthe screermonoculariythrougha x ed
viewing position. The experimentwas undertalen underconstantandcontrolledillu-
minationconditions.

While viewing the ComputerSimulatedScene representationf the stimuli, ren-
deredusingRadiancewerepresentednthemonitorof a Silicon Graphic02machine.
Again, subjectssiewedthe screermonocularlythrougha x edviewing position.

Our useof the psychophysicalightness-matchingrocedures chosenbecauset
is sensitve to errorsin perceved depth. Lightnessconstang dependson a correct
representatiomf the threedimensionalstructureof the scene[6, 7]. Any errorsin
depthperceptionwhenviewing thecomputemodel,will resultin errorsof constany,
andthusapoorpsychophysicainatchingperformance.

5 Results

Datawere obtainedfor 15 subjects;14 of thesewere naive asto the purposeof the
experimentandonewasanauthor Subjectshadeithernormalor corrected-to-normal
vision. Eachsubjectperformeda numberof conditions,in randomorder, andwithin
eachconditionthesubjectstaskwasto matchthe fteen graytestpatcheso areference
charton the wall. Eachpatchwas matchedonceonly andthe orderin which each
subjectperformedhe matchesvasvariedbetweersubjectsandconditions.

Figure 4 shows the resultsobtainedfor comparisonof a renderedand a blurred
scendo therealervironment. Thex-axisgivestheactualMunsellvalueof eachpatch,
they-axisgivesthe mathedMunsellvalue,averagedacrosghe subjects.

A perfectsetof datawouldlie alonga  diagonaline. Theexperimentadatafor
thereal ervironmentlie closeto this line, with somesmall but systematiaeviations
for speci ¢ testpatches.Thesedeviationsshav thatlightnessconstances not perfect
for the original scene.Whatthis meanss asfollows: whenobservinga givenscene,
small(but signi cant) errorsof lightnesgerceptiorarelikely to occur A perceptually-
perfectreconstructiorof the sceneshouldproducea very similar patternof errorsif it
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is perceptuallysimilarto theoriginal.

Thetwo othergraphsrelatingto the renderecandthe blurredrenderedmagesare
plottedonthesameaxes.In generaljt canbeseerthatthematchedraluesarevery sim-
ilar to thoseof the original scenejn otherwords,the sameg(small)failuresof constang
applybothto therenderedandtheblurredrenderedmages.

This, in turn suggestshatthereis no signi cant perceptuatifferencebetweerthe
originalsceneandboththerenderedrersionandtheblurredrenderedrersion. Thisisin
spiteof thefactthatthemeanluminanceof therenderedrersionswaslower by afactor
of about30 comparedo the original; also, underour conditionsthe blurred version
lookedvery differentsubjectvely, but againsimilar datawereobtained.

It is possibleto reducethe patternof resultsto a singlevalueasfollows:

taking the matchedo the original sceneasreferencecalculatethe meansigned
deviation for therenderedgaindblurredrenderedunctions.

Computethe meanandstandardleviation of these

Tablel shavstheresultsobtained A valueof zeroin thistablewouldindicateper
ceptuallyperfectmatch;the actualvaluesgivencomecloseto this andarestatistically
not signi cantly differentfrom zero. This, therefore,againindicateshigh perceptual

delity in bothversionsof therenderedscene

How do thesevaluescompareto othermethods?Usingthe algorithmof Daly [3],
we found a 5.04%differencebetweenthe renderecandblurredrenderedmages. As



Comparedo Real | MeanMunsellValueDeviation
Renderedbeene | -0.37( )
BlurredScene -0.23( )

Table 1 Comparisorof Rendere&ndBlurred Scengo RealEnvironment

a comparisona left-right reversalof the imagegivesa differencevalueof 3.71%;and
a comparisorof the imagewith a white noisegrey level imageresultsin a difference
valueof 72%. Thus,the algorithmsuggestshatthereis a marked differencebetween
therenderedmageandblurredrenderedmage;for examplethis is a 36% greaterdif-
ferencethanthat with a left-right reversedimage. (This differenceincreasedor less
symmetricaimages).However, our methodsuggestshatthesetwo scenesrepercep-
tually equivalentin termsof our task.

It maythereforebethatthereis a dissociatiorbetweernour methodandthatof the
Daly technique.In addition, the algorithmicmethodcannotgive a direct comparison
betweernthe original sceneandthe renderedversion;this could only be achieved by
framegrabbingtheoriginalwhichis aprocessik ely to introduceerrorsdueto thenon-
linear natureof the captureprocess.Furtherwork is plannedto attemptto capturea
scenawithouterrorsof reproduction.

Figure5 shows theresultsobtainedfor comparisorof the realsceneandrendered
imagesof the ervironmentafter the depthhasbeenalteredby 50% and the patches
specularityincreasedrom 0% to 50%.

As canbe seenfrom the graph,for simplescenedightnessconstany is extremely
robustagainsichangesn depth,specularityandblurring.

In summary:theresultsshav thattherenderedscenedisedin this studyhave high
perceptualdelity comparedo the original sceneandthatothermethodsof assessing
image delity yield resultswhich are markedly differentfrom ours. The resultsalso
imply thatarenderedmagecancorvey albedo.

6 Conclusionsand Future Work

We have introduceda methodfor measuringhe perceptuakquivalencebetweerareal
sceneanda computersimulationof the samescene.Becausehis modelis basedon
psychophysicadxperimentsresultsareproducedhroughstudyof visionfrom ahuman
ratherthana machinevision point of view. We have presente@d methodfor modelling
arealscenethenvalidatingthatmodelusingtheresponsef the humanvisual system.

By conductinga seriesof experimentsbasedon psychophysicsywe canestimate
how muchalike a renderedmageis to the original scene. Preliminaryresultsshav
thatgiven a real sceneanda faithful representationf that scene the visual response
functionin bothcasess similar.

Thereis still muchwork to be donein this area,andnumerousavenuedor further
researclexist. While we have compareda real sceneto the computemodelwe have
yet to attemptthe experimentsusing a capturedimage of our real scene. This has
proved prohibitive in attemptingto compareour methodto thosecurrently available.
In particularthe perceptuametricsshouldbe usedto compareour renderedmageto
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a capturedimageof our real scenewhich doesnot suffer from distortionsresulting
from the captureprocess.This preventedus from beingableto compareour method
to thosecurrently available. In an attemptto include comparisorto existing metrics
suchasthoseoutlinedin section2, we have comparedhe simulatedscengo a blurred
simulationof the measuredcene Resultsshov thatour methodgivesdifferentresults
from the metric in the caseof the blurredimage. This is dueto the likely lack of
importanceof high spatialfrequeng contentsof the imageto the task of matching
lightnessvalues.

Resultsfrom theseexperimentsdemonstratdnow psychophysicsnay be usedto
compareaealandsynthetidmagesandin particular how visualresponsén theoriginal
scenecorrespondso visual responséo the renderedscene.Our long rangegoalis to
de ne atechniquecapableof identifying“perceptual’parametespacesothatdistances
betweenimagesin a parametespaceare closewhenhumansperceve the imagesto
be similar, andare not closeotherwise. The utility beingthe capacityto evaluatethe
quality of photo-realistiaenderingsoftware,anddevelop techniquego improve such
renderers ability to producehigh delity images.

Becauséhe compleity of humanperceptiorandthe computeexpensve rendering
algorithmsthat exist today future work shouldfocuson developingef cient methods
from which resultantgraphicalrepresentationsf sceneyield the sameperceptuakf-
fects asthe original scene. To achieve this the full gamutof colour perception,as
opposedo simply lightness,mustbe consideredy introducingsceneof increasing



compleity suchasthoseincludingindirectillumination.
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