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Abstract

This papercomparestheability of humanobserversto detecttarget im-
agecurveswith that of an ideal observer. The target curvesare sam-
pled from a generative modelwhich speci�es(probabilistically)thege-
ometryand local intensitypropertiesof the curve. The ideal observer
performsBayesianinferenceon the generative modelusingMAP esti-
mation.Varyingtheprobabilitymodelfor thecurvegeometryenablesus
investigatewhetherhumanperformanceisbestfor targetcurvesthatobey
speci�c shapestatistics,in particularthoseobservedon naturalshapes.
Experimentsareperformedwith dataonbothrectangularandhexagonal
lattices.Ourresultsshow thathumanobservers'performanceapproaches
thatof theidealobserverandare,in general,closestto theidealfor con-
ditions wherethe target curve tendsto be straightor similar to natural
statisticson curves. This suggestsa bias of humanobservers towards
straightcurvesandnaturalstatistics.

1 Intr oduction

Detectingcurvesin imagesis a fundamentalvisual taskwhich requirescombininglocal
intensitycueswith prior knowledgeaboutthe probableshapeof the curve. Curveswith
strongintensityedgesareeasyto detect,but thosewith weakintensityedgescanonly be
found if we have strongprior knowledgeof the shape,see�gure (1) But, to the bestof
our knowledge,therehave beenno experimentalstudieswhich testthe ability of human
observersto performcurve detectionfor semi-realisticstimuli with locally ambiguousin-
tensitycuesor to explore how the dif�culty of the taskvarieswith the geometryof the
curve.

This paperformulatescurve detectionasBayesianinference. Following GemanandJe-
dynak[6] we de�ne probability distributionsPG (:) for the shapegeometryof the target
curveandPon (:); Po� (:) for theintensityon andoff thecurve. Samplingthis modelgives
ussemi-realisticimagesde�ned on eitherrectangularor hexagonalgrids. Thehumanob-
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Figure1: It is plausiblethat the humanvisual systemis adaptedto the shapestatisticsof curves
andpathsin imageslike these.Left panelillustratesthetrade-off betweenthereliability of intensity
measurementsandpriorson curve geometry. Thetentis easyto detectbecauseof thelargeintensity
differencebetweenit andthebackground,so little prior knowledgeaboutits shapeis required.But
detectingthe goat(above the tent) is harderandseemsto requireprior knowledgeaboutits shape.
Centrepanelillustratestheexperimentaltaskof tracingacurve(or road)in clutter. Rightpanelshows
that the �rst order shapestatisticsfrom 49 object images(onedatapointper image)areclustered
roundP(str aight ) = 0:64 (with P (lef t) = 0:18 andP(r ight ) = 0:18) for bothrectangularand
hexagonallattices,see[1].

server's taskis to detectthetargetcurveandto reportit by trackingit with the(computer)
mouse.Humanperformanceis comparedwith thatof an ideal observerwhich computes
thetargetcurveusingBayesianinference(implementedby a dynamicprogrammingalgo-
rithm). The ideal observer givesa benchmarkagainstwhich humanperformancecanbe
measured.

By varying the probability distributions PG ; Pon :Po� we can explore the ability of the
humanvisualsystemto detectcurvesundera varietyof conditions.For example,we can
vary PG anddeterminewhatchangesin Pon :Po� arerequiredto maintaina pre-speci�ed
level of detectionperformance.

In particular, we caninvestigatehow humanperformancedependson thegeometricaldis-
tribution PG of thecurves. It is plausiblethat thehumanvisualsystemhasadaptedto the
statisticsof the naturalworld, see�gure (1), andin particularto the geometryof salient
curves. Our measurementsof naturalimagecurves,see�gure (1), andstudiesby [16],
[10], [5] and[2], show distributionsfor shapestatisticssimilar to thosefound for image
intensitiesstatistics[11, 9, 13]. We thereforeinvestigatewhetherhumanperformanceap-
proachesthatof theidealwhentheprobabilitydistributionsPG is similar to thatfor curves
in naturalimages.

This investigationrequiresspecifyingperformancemeasuresto determinehow closehu-
man performanceis to the ideal (so that we can quantify whetherhumansdo betteror
worserelativeto the ideal for differentshapedistributionsPG ). We usetwo measuresof
performance.The �rst is an effectiveorder parametermotivatedby the orderparameter
theoryfor curvedetection[14], [15] whichshowsthatthedetectabilityof targetcurves,by
an idealobserver, dependsonly on anorderparameterK which is a functionof theprob-
ability distributionscharacterizingtheproblem. The secondmeasurecomputesthevalue
of theposteriordistribution for thecurvesdetectedby thehumanandthe idealandtakes
thelogarithmof their ratio. (For theoreticalreasonsthis is expectedto givea performance
measuresimilar to theeffectiveorderparameter).

The experimentsareperformedby humanobserverswho arerequiredto tracethe target
curve in theimage.We simulatedtheimages�rst ona rectanglegrid andthenona hexag-
onalgrid to testthegeneralityof theresults.In theseexperimentswevariedtheprobability
distributionsof thegeometryPG andthedistributionPon of theintensityonthetargetcurve
to allow usto explorea rangeof differentconditions(wekeptthedistributionPo� �x ed).

In section(2) we brie�y review previouspsychophysicalstudieson edgedetection.Sec-
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Figure2: Left panel:thetreestructuresuperimposedon thelattice. Centrepanel:a pyramidstruc-
tureusedin thesimulationson therectangulargrid. Right panel:Typicaldistributionsof Pon ; Po�

tion (3) describesourprobabilisticmodelandspeci�estheidealobserver. In section(4),we
describetheorderparametertheoryandde�ne two performancemeasures.Sections(5,6)
describeexperimentalresultson rectangularandhexagonalgrids respectively in termsof
our two performancemeasures.

2 Previous Work

Previous psychophysicalstudieshave shown conditionsfor which the humanvisual sys-
temis ableto effectively groupcontourfragmentswhenembeddedin anarrayof distract-
ing fragments[3, 8]. Most of thesestudieshave focusedon the geometricalaspectsof
thegroupingprocess.For example,it is known that thedegreeto which a targetcontour
“popsout” dependson thedegreeof similarity of theorientationof neighboringfragments
(typically gaborpatches)[3], andthatglobalclosurefacilitatesgrouping[8].

Recently, several researchershave shown that psychophysicalperformancefor contour
groupingmaybeunderstoodin termsof thestatisticalpropertiesof naturalcontours[12, 5].
For example,Geisler[5] hasshown thathumancontourdetectionfor line segmentscanbe
quantitatively predictedfrom a local groupingrule derived from measurementsof local
edgestatistics.

However, apartfrom studiesthatmanipulatethecontrastof gaborpatchtokens[4], there
hasbeenlittle work onhow intensityandcontourgeometryinformationis combinedby the
visualsystemunderconditionsthatbegin to approximatethoseof naturalcontours.In this
paperwe attemptto �ll this gapby usingstimuli sampledfrom a generative modelwhich
enablesus to quantitatively characterizetheshapeandintensityinformationavailablefor
detectingcurvesandcomparehumanperformancewith thatof anidealdetector.

3 The Probabilistic Model for Data Generation

Wenow describeourmodelin detail.Following [6], weformulatetargetcurvedetectionas
treesearch,see�gure (2), througha Q-narytree.Thestartingpoint andinitial directionis
speci�edandthereareQN possibledistinctpathsdown thetree.A targetcurvehypothesis
consistsof a setof connectedstraight-linesegmentscalledsegments. We canrepresenta
pathby asequenceof movesf t i g onthetree.Eachmovet i belongsto analphabetf a� g of
sizeQ. For example,thesimplestcasesetsQ = 3 with analphabeta1; a2; a3 correspond-
ing to thedecisions:(i) a1 – go straight(0 degrees),(ii) a2 – go left (-5 degrees),or (iii)
a3 – go right (+ 5 degrees).This determinesa pathx 1; : : : ; xN in theimagelatticewhere
x i ; x i +1 indicatethestartandendpointsof thei th segment.Therelationshipbetweenthe
two representationsis givenby x i +1 = x i + w(x i � x i � 1; t i ), wherew(x i � x i � 1; t i ) is
a vectorof approximately�x edmagnitude(choosento ensurethat thesegmentendson a
pixel) andwhosedirectiondependson theangleof themove t i relative to thedirectionof
theprevioussegmentx i � x i � 1. In this paperwerestrictQ = 3.



We put a prior probability on the geometryof pathsdown the tree. This is of form
P(f t i g) =

Q N
i =1 P(t i ). We will alwaysrequirethat the probabilitiesto go left or right

areequalandhencewecanspecifythedistributionby theprobabilityP(str aight) thatthe
curve goesstraight. Our analysisof imagecurve statisticssuggeststhat P(str aight) =
0:64 for naturalimages,see�gure (1).

We specify the probability modelsPon ; Pof f for the image intensity on and off to be
of Poissonform de�ned over the range(1; :::; 16), see�gure (2). This reducedrange
meansthat the distributions are expressedas Pon (I = n) = (1=Kon )e� � on � n

on =n! and
Pof f (I = n) = (1=Kof f )e� � of f � n

of f =n!, whereK on ; K of f arenormalizationfactors.We
�x � of f = 8:0 andwill vary � on . Thequantity� on � � of f is a measureof the local in-
tensitycontrastof thetargetcontourandsowe informally referto it asthesignal-to-noise
ratio (SNR).

The Ideal Observer estimatesthe target curve trajectoryby MAP estimation(which we
computeusingdynamicprogramming).As describedin [6], MAP estimationcorresponds
to �nding thepathf t i g with �lter measurementsf yi g which maximizesthe (scaled)log-
likelihoodratio,or reward function,

r (f t i g; f yi g) =
1
N

f logP(Y jX ) + logP(X ) �
NX

i =1

logU(t i )g

=
1
N

NX

i =1

logf Pon (yi )=Pof f (yi )g +
1
N

NX

i =1

logf PG (t i )=U(t i )g; (1)

whereU(:) is the uniform distribution (i.e. U(t) = 1=3 8t) andso
P N

i =1 logU(t i ) =
� N log3 which is a constant.Thelengthof thecurve is N = 32 in ourexperiments.

We implementthis modelon both rectangularandhexagonallattices(the hexagonallatt-
ticesequatefor contrastatborders,andarevisuallymorerealistic).Thetreerepresentation
usedby GemanandJedynakmustbe modi�ed whenwe maponto theselattices. For a
rectangularlattice,theeasiestway to do this involvesde�ning apyramidwherepathsstart
at the apex and the only allowable “moves” are: (i) onestepdown, (ii) onestepdown
andonestepleft, and(iii) onestepdown andonestepright. This canbe representedby
x i +1 = x i + w(t i ) wheret i 2 f� 1; 0; 1gandw(� 1) = � ~i � ~j , w(0) = � ~j , w(1) = +~i � ~j
(where~i; ~j arethex; y directionson thelattice).

A similar procedureis usedon the hexagonallattice. But for certaingeometryprobabil-
ities we observed that the sampledcurveshad “clumping” wherethe pathconsistsof a
largenumberof zig-zags.This wassometimesconfusingto thehumanobservers. Sowe
implementeda higher-orderMarkov modelwhich explicitly forbadezig-zags. We show
experimentalresultsfor boththeClumpingandNo-Clumingmodels.

To obtaincomputersimulationsof targetcurvesin backgroundclutterwe proceedin two
stages.In the �rst stage,we stochasticallysamplefrom thedistribution PG (t) to produce
a targetcurve in thepyramid(startingat theapex andmoving downwards).In thesecond
stage,we mustsamplefrom the likelihoodfunction to generatethe image. So if a pixel
x is on or off the targetcurve (which we generatedin the �rst stage)thenwe samplethe
intensityI (x) from thedistributionPon (I ) or Pof f (I ) respectively.

4 Order Parametersand PerformanceMeasures

Yuille et al [14],[15] analyzedthe GemanandJedynakmodel [6] to determinehow the
ability to detectthetargetcurvedependedon thegeometryPg andtheintensityproperties
Pon :Po� . Theanalysisshowedthattheability to detectthetargetcurvebehavesase� K N ,



whereN is thelengthof thecurveandK is anorderparameter. Thelargerthevalueof K
thentheeasierit is to detectthecurve.

Theorderparameteris givenby K = D(Pon jjPof f ) + D(PG jjU) � logQ [15], whereU is
theuniform distribution. If K > 0 thendetectingthetargetcurve is possiblebut if K < 0
thenit becomesimpossibleto �nd it (informally, it becomeslike looking for a needlein a
haystack).

The orderparameterillustratesthe trade-off betweenshapeandintensitycuesanddeter-
mineswhich typesof curvesareeasiestto detectby an idealobserver. The intensitycues
arequanti�ed by D(Pon jjPof f ) andthe shapecuesby D(PG jjU). The easiestcurvesto
detectarethosewhich arestraightlines (i.e. D (PG jjU) takesits largestpossiblevalue).
Thehardestcurvesto detectarethosefor whichthegeometryis mostrandom.Thestronger
the intensitycues(i.e. thebiggerD(Pon jjPof f )) then,of course,theeasierthedetection
becomes.

So whencomparinghumanperformanceto ideal observerswe have to take into account
that sometypesof curvesareinherenteasierto detect(i.e. thay have largerK ). Human
observersare good at detectingstraightline curvesbut so are ideal obervers. We need
performancemeasuresto quantifytherelativeeffectivenessof humanandidealobservers.
Otherwise,wewill notbeableto concludethathumanobserversarebiasedtowardspartic-
ular curveshapes(suchasthoseoccuringin naturalimages).

We now de�ne two performancemeasuresto quantify the relative effectivenesof human
and ideal observers. Our �rst measureis basedon the hypothesisthat humanobservers
have an“effectiveorderparameter”.In otherwords,their performanceon thetargetcurve
trackingtaskbehaveslikee� N K H whereK H is aneffectiveorderparameterwhichdiffer-
encefrom thetrueorderparameterK might re�ect a humanbiastowardsstraightlinesor
ecologicalshapepriors. We estimatetheeffectiveorderparametersby �xing PG ; Po� and
adjustingPon until theobserversachieve a �x edperformancelevel of at most5 errorson
a pathof length32. This givesdistributionsP I

on ; PH
on for the ideal andhumanobservers

respectively. ThenwesetK H = K � D(P H
on jjPof f ) + D(P I

on jjPof f ), whereP H
on ; P I

on are
thedistributionsusedby thehumanandthe ideal (respectively) to achieve similar perfor-
mance.

Our �rst performancemeasureis the difference� K = D(P H
on jjPof f ) � D (P I

on jjPof f )
betweentheeffectiveandthetrueorderparameters.

But orderparameteranalysisshouldberegardedwith cautionfor thecurve detectiontask
usedin our experiments.The experimentalcriterion that the targetpathbe found with 5
or lesserrors,seesection(5), wasnot includedin the theoreticalanalysis[14],[15]. Also
somesmall correctionsneedto be madeto the orderparametersdueto the natureof the
rectangulargrid, see[15] for computercalculationsof thesizeof thesecorrections.These
two effects– theerrorcriterionandthegrid correction– meansthat theorderparameters
areonly approximatefor theseexperimentalconditions.

Thismotivatesasecondperformancemeasurewherewecalculatethevalueof theposterior
probability(proportionalto theexponentialof r in equation(1)) for thecurve detectedby
the humanandthe ideal observer (for identicaldistributionsPG ; Pon ; Po� ). We measure
thelogarithmof theratio of thesevalues. (A theoreticalrelationshipcanbeshown between
thesetwo measures).

5 Experimental Resultson RectangularGrid

To assesshumanperformanceontheroadtrackingtask,we�rst hadasetof 7 observers�nd
thetargetcurvein atreede�nedby arectangulargrid �gure (3)A. Theobservertrackedthe
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Figure3: A. RectangularGrid Stimulus(Left), ExamplePath: Ideal(Center),ExamplePath:Human
(Right). B & C. HexagonalGrid Stimulus(Left), ExamplePath: Ideal(Center),ExamplePath: Hu-
man(Right). PanelCshowsanexampleof apathwith higherorderconstraintstoprevent“clumping”.
Therewereanumberof otherdifferencesbetweentherectangularandhexagonalgrid psychophysics,
includingrectanglesampleswereslightly smallerthanthehexgaons,andfeedbackwaspresentedto
theobserverswithout(rectangular)or with background(hexagonal),andthelowestp(str aight ) was
0:0 for rectangularand0:1 for hexagonalgrids.

contourby startingat thefar left cornerandmakinga seriesof 32 key pressesthatmoved
theobserver's trackedcontoureitherleft, right, or straightat eachkey press.Eachcontour
estimatewasscoredby countingthenumberof positionstheobserver'scontourwasoff the
truepath.Eachobserverhada trainingperiodin which theobserverwasshown examples
of contoursproducedfrom the four differentgeometrydistributionsandpracticedtracing
in noise.

During anexperimentalsession,thegeometrydistribution was�x edat onethefour possi-
blevaluesandobserversweretold whichgeometrydistributionwasbeingusedto generate
thecontours.Theparameter� on of Pon wasvariedusinganadaptive procedureuntil the
humanobservermanagedto repeatedlydetectthetargetcurvewith at most� ve misclassi-
�ed pixels. This gave a thresholdof � on � � of f for eachprobabilitydistribution de�ned
by P(str aight). This thresholdcouldbecomparedto thatof theIdealObserver(obtained
by usingdynamicprogrammingto estimatethe ideal,alsoallowing for up to � ve errors).
Theprocesswasrepeatedseveraltimesfor thefour geometrydistributionconditions.

Thethresholdsfor 7 observersandtheidealobserverareshown in �gure 4. Thesethresh-
olds can be usedto calculateour �rst performancemeasure(� K ) and determinehow
effectively observersareusingtheavailableimageinformationat eachP(str aight).

The resultsare illustratedin �gure (4)B wherethe humandatawasaveragedover seven
subjects.They show thathumansperformbestfor curveswith P(str aight) = 0:66which
is closestto thenaturalpriors,see�gure (1). Conversely, � K is biggestfor thecurveswith
P(str aight) = 0:0, which is theconditionthatdiffersmostfrom thenaturalstatistics.

We next computeoursecondperformancemeasure(for whichPon ; Pof f ; PG arethesame
for theidealandthehumanobserver). Theaveragedifferenceof thisperformancemeasure
for theeachgeometrydistributionis analternativewayhow well observersareusingthein-
tensityinformationasafunctionof geometry, with azerodifferenceindicatingoptimaluse
of theinformation.Theresultsareshown in �gure (4)C.Noticethat thebestperformance
is achievedwith P(str aight) = 0:9.

Observe that the two performancemeasuresgive differentanswersfor this experiment.
We concludethatour resultsareconsistenteitherwith a biasto ecologicalstatisticsor to
straightlines.But therectangularlattice

6 Experiments on HexagonalLattices

In theseexperimentswe useda hexagonallattice because,for the humanobservers, the
contrastat theedgescorrespondingto a left, straight,or right moveis thesame(in contrast
to therectangulargrid, in which left andright movesonly sharea corner).We alsousethe
samevaluesof Pon ; Po� ; P(str aight) for thehumansandtheideal.



Figure4: A-C. Psychophysicalresultsonrectangulargrid. A. Threshold� on � � of f plottedagainst
P (str aight ). The top seven curvesarethe resultsof the seven subjects.The bottomcurve is for
theidealobserver. B. ThedifferencebetweenhumanandidealK orderparameters.C. Theaverage
rewarddifferencebetweenidealandhumanobservers.D-I showspsychophyscialresultsonahexag-
onal grid. D-F arefor the Clumpingcondition,andG-I for the No Clumpingconditionfor which
high orderstatisticspreventedsharpturnsthatresultin “clumps”.

We performedexperimentson the hexagonallattice underfour differentprobabilitiesfor
the geometry. Thesewere speci�ed by P(str aight) = 0:10; 0:33; 0:66; 0:90 (in other
words, the straightestcurves will be sampledwhen P(str aight) = 0:90 and the least
straightfrom P(str aight) = 0:10). For reasonsdescribedpreviously, we did theexperi-
mentin two conditions. (1) allowing zig-zags“Clumping”, (2) forbidding zig-zags“No-
Clumping”. We show examplesof thestimuli, theidealresults(indicatedby dottedpath),
andthehumanresults(indicatedby dottedpath)for theClumpingamdNo-Clumpingcases
in �gure (4B & C), respectively.

ThethresholdSNRresultsfor ClumpingandNo Clumpingaresummarizedin �gures (4D
& G. Theaverage� K = K human � K ideal resultsfor ClumpingandNo Clumpingare
summarizedin �gure (4E & H). The averagereward difference,� r = r ideal � rhuman ,
resultsfor ClumpingandNo Clumpingaresummarizedin �gure (4F& I).

Both performancemeasuresgive consistentresultsfor theClumpingdatasuggestingthat
humansarebestwhendetectingthestraightestlines(P(str aight) = 0:9). But thesituation
is morecomplicatedfor theNo Clumpingcasewherehumanobserversshow preferences
for P(str aight) = 0:9 or P(str aight) = 0:66.



7 Summary and Conclusions

Theresultsof our experimentssuggestthathumansaremosteffective at detectingcurves
which arestraightor which obey ecologicalstatistics.But furtherexperimentsareneeded
to clarify this. Our two performancemeasureswerenot alwaysconsistent,particularlyfor
the rectangulargrid (we areanalyzingthis discrepency theoretically). The �rst measure
suggesteda biastowardsecologicalstatisticson therectangulargrid andfor No Clumping
stimuli on the hexagonalgrid. The secondmeasureshowed a bias towardscurveswith
P(str aight) = 0:9 on therectangularandhexagonalgrids.

To our knowledge,this is the �rst experimentwhich teststhe performanceof humanob-
serversfor detectingtargetcurvesby comparisonwith thatof an idealobserver with am-
biguousintensitydata.Our novel experimentaldesignandstimuli maycauseartifactsdue
to therectangularandhexagonalgrids.Furtherexperimentsmayneedto ”quantize”curves
morecarefullyandreducetheeffectof thegrids.

Furtherexperimentsperformedon a larger numberof subjectsmay be able to isolated
morepreciselythestrategy thathumanobserversemploy. Do they, for example,makeuse
of a speci�c geometryprior basedon empiricaledgestatistics[16], [10]. If so,this might
accountfor the bias towardsstraigthnessandnaturalpriors observed in the experiments
reportedhere.
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