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Abstract

This papercompareghe ability of humanobsenersto detecttargetim-
agecurveswith that of anideal obserer. The target curves are sam-
pledfrom a generatie modelwhich speci es (probabilistically)the ge-
ometry andlocal intensity propertiesof the curve. The ideal obsener
performsBayesianinferenceon the generatie modelusing MAP esti-
mation.Varyingthe probabilitymodelfor the curve geometryenablesus
investigatevhethethumanperformanceés bestfor targetcurvesthatobey
speci ¢ shapestatistics,in particularthoseobsered on naturalshapes.
Experimentsareperformedwith dataon bothrectangulaandhexagonal
lattices.Ourresultsshav thathumanobseners' performancepproaches
thatof theidealobsenerandare,in generalclosesto theidealfor con-
ditions wherethe target curve tendsto be straightor similar to natural
statisticson curves. This suggestsa bias of humanobsenerstowards
straightcurvesandnaturalstatistics.

1 Intr oduction

Detectingcurvesin imagesis a fundamentalisual task which requirescombininglocal
intensity cueswith prior knowledgeaboutthe probableshapeof the curve. Curveswith
strongintensityedgesareeasyto detect,but thosewith weakintensityedgescanonly be
found if we have strongprior knowledgeof the shapesee gure (1) But, to the bestof
our knowledge,therehave beenno experimentalstudieswhich testthe ability of human
obsenersto performcurve detectionfor semi-realisticstimuli with locally ambiguousn-
tensity cuesor to explore how the dif culty of the taskvarieswith the geometryof the
curve.

This paperformulatescurve detectionas Bayesianinference. Following Gemanand Je-
dynak[6] we de ne probability distributions P (:) for the shapegeometryof the tarmget
cuneandPq, (:); Po (:) for theintensityon andoff the curve. Samplingthis modelgives
ussemi-realistidmagesde ned on eitherrectangulaor hexagonalgrids. The humanob-
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Figure 1: It is plausiblethat the humanvisual systemis adaptedo the shapestatisticsof curves
andpathsin imagedik e these.Left panelillustratesthetrade-of betweerthereliability of intensity
measurement@ndpriorson curve geometry Thetentis easyto detectbecausef thelarge intensity
differencebetweenit andthe backgroundsolittle prior knovledgeaboutits shapeis required.But
detectingthe goat(above the tent) is harderand seemgo requireprior knovledgeaboutits shape.
Centrepanelillustratestheexperimentataskof tracingacurve (or road)in clutter. Rightpanelshavs
thatthe rst ordershapestatisticsfrom 49 objectimages(one datapointper image)are clustered
roundP (straight) = 0:64 (with P(left) = 0:18 andP (right) = 0:18) for bothrectangulaiand
hexagonallattices,se€[1].

sener'staskis to detectthetargetcurve andto reportit by trackingit with the (computer)
mouse.Humanperformanceas comparedwith that of anideal observerwhich computes
thetargetcurve usingBayesianinference(implementeddy a dynamicprogrammingalgo-

rithm). Theideal obserer givesa benchmarkagainstwhich humanperformancecanbe

measured.

By varying the probability distributions Pg; Pon:P,  We can explore the ability of the
humanvisual systemto detectcurvesundera variety of conditions. For example,we can
vary Pg anddeterminewhatchangesn Py,:P, arerequiredto maintaina pre-speci ed
level of detectionperformance.

In particular we caninvestigatehow humanperformancelependon the geometricallis-
tribution Pg of thecunves. It is plausiblethatthe humanvisual systemhasadaptedo the
statisticsof the naturalworld, see gure (1), andin particularto the geometryof salient
curves. Our measurementsf naturalimagecurves,see gure (1), and studiesby [16],

[10Q], [5] and[2], shaw distributionsfor shapestatisticssimilar to thosefound for image
intensitiesstatisticg11, 9, 13]. We thereforeinvestigatevhetherhumanperformanceap-
proacheshatof theidealwhentheprobabilitydistributionsPg is similarto thatfor curves
in naturalimages.

This investigationrequiresspecifyingperformanceneasureso determinehow closehu-
man performances to the ideal (so that we can quantify whetherhumansdo betteror
worserelativeto theideal for differentshapedistributionsPg). We usetwo measure®f
performance.The rst is an effectiveorder parametermotivatedby the order parameter
theoryfor curve detection[14], [15] which shawvs thatthe detectabilityof targetcurves,by
anidealobsener, dependsnly on anorderparameteK whichis a function of the prob-
ability distributionscharacterizinghe problem. The secondneasurecomputeghe value
of the posteriordistribution for the curvesdetectedy the humanandtheideal andtakes
thelogarithmof theirratio. (For theoreticakeasonghis is expectedo give a performance
measuresimilar to the effective orderparameter).

The experimentsare performedby humanobsenerswho arerequiredto tracethe target
cunein theimage.We simulatectheimagesrst onarectanglegrid andthenon ahexag-
onalgrid to testthe generalityof theresults.In theseexperimentave variedthe probability
distributionsof thegeometryPs andthedistribution Py, of theintensityonthetargetcurve
to allow usto explore arangeof differentconditions(we keptthedistribution P, X ed).

In section(2) we brie y review previous psychophysicastudieson edgedetection. Sec-
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Figure?2: Left panel:thetreestructuresuperimposedn the lattice. Centrepanel:a pyramid struc-
tureusedin thesimulationson therectangulagrid. Right panel: Typical distributionsof Pon ; P,

tion (3) describesur probabilisticmodelandspeci estheidealobserer. In section(4), we
describethe orderparametetheoryandde ne two performancaneasuresSectiony5,6)
describeexperimentalresultson rectangulaand hexagonalgrids respectiely in termsof
ourtwo performanceneasures.

2 Previous Work

Previous psychophysicastudieshave shovn conditionsfor which the humanvisual sys-
temis ableto effectively groupcontourfragmentsvhenembeddedn anarrayof distract-
ing fragmentg[3, 8]. Most of thesestudieshave focusedon the geometricalaspectsof

the groupingprocess.For example,it is known thatthe degreeto which a target contour
“popsout” depend®n the degreeof similarity of the orientationof neighboringfragments
(typically gaborpatches]3], andthatglobalclosurefacilitatesgrouping[8].

Recently several researcherfiave shavn that psychophysicaperformancefor contour
groupingmaybeunderstoodhn termsof thestatisticalpropertief naturalcontourqd12, 5].
For example,Geisler[5] hasshavn thathumancontourdetectiorfor line sgmentscanbe
guantitatvely predictedfrom a local groupingrule derived from measurementsf local
edgestatistics.

However, apartfrom studiesthat manipulatethe contrastof gaborpatchtokens[4], there
hasbeernlittle work on how intensityandcontourgeometryinformationis combinecby the
visualsystemunderconditionsthatbegin to approximatehoseof naturalcontours.In this
paperwe attemptto Il this gapby usingstimuli sampledrom a generatre modelwhich
enableausto quantitatvely characterizehe shapeandintensityinformationavailablefor
detectingcurvesandcomparehumanperformancevith thatof anidealdetector

3 The Probabilistic Model for Data Generation

We now describeour modelin detail. Following [6], we formulatetargetcurve detectioras
treesearchsee gure (2), througha Q-narytree. The startingpoint andinitial directionis
speci edandthereareQN possibledistinctpathsdown thetree. A targetcurve hypothesis
consistsof a setof connectedstraight-linesegmentscalled sggments We canrepresent
pathby asequencef movesf tjg onthetree.Eachmovet; belonggo analphabet a g of
sizeQ. For example thesimplestcasesetsQ = 3 with analphabeta; ; a,; ag correspond-
ing to the decisions:(i) a; — go straight(0 degrees) (ii) a, — go left (-5 degrees)or (iii)

Xi;Xi+1 indicatethe startandendpointsof thei™ segment.Therelationshipbetweerthe
two representations givenby x;+1 = Xj + wW(X;  X;j 1;tj), wherew(X; X; 1;tj)is
a vectorof approximatelyx ed magnitude(chooserto ensurethatthe sggmentendson a
pixel) andwhosedirectiondepend®on the angleof the movet; relative to the directionof
theprevioussggmentx; X; 1. InthispapermwerestrictQ = 3.



We put a p6or probability on the geometryof pathsdown the tree. This is of form
P(ftig) = iNzl P(ti). We will alwaysrequirethatthe probabilitiesto go left or right
areequalandhencewe canspecifythedistribution by the probability P (str aight) thatthe
curve goesstraight. Our analysisof imagecurve statisticssuggestghat P (straight) =

0:64 for naturalimagessee gure (1).

We specify the probability modelsP,, ; Pos  for the imageintensity 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 o J,=n! and
Port (I = n) = (1=Keis)e o f 3 =nl,whereKon; Kof ¢ arenormalizatiorfactors.We
X off = 8:0andwill vary o,. Thequantity g of f 1S ameasuref thelocalin-
tensitycontrastbof thetargetcontourandsowe informally referto it asthe signal-to-noise
ratio (SNR).

The Ideal Obsenrer estimateghe target curve trajectoryby MAP estimation(which we
computeusingdynamicprogramming).As describedn [6], MAP estimationcorresponds
to nding thepathftjg with Iter measurementky;g which maximizesthe (scaled)log-
likelihoodratio, or reward function

X
((Tgfyg) = TlogP(YiX) + logP(X)  logUt)g
i=1

1 X 1 X
=N 109 Pon (¥i)=Por 1 (yi)g+ 7 logfPe (t))=U(ti)g; @
i=1 i=1
P
whereU(:) is the uniform distribution (i.e. U(t) = 1=3 8t) andso iN:1 logU(tj) =
N log 3 whichis aconstantThelengthof thecurveis N = 32in ourexperiments.

We implementthis modelon both rectangulaand hexagonallattices(the hexagonallatt-
ticesequatdor contrastatbordersandarevisually morerealistic). Thetreerepresentation
usedby Gemanand Jedynakmustbe modi ed whenwe map onto theselattices. For a
rectangulafattice, the easiestvay to do this involvesde ning a pyramidwherepathsstart
at the apex andthe only allowable “moves” are: (i) one stepdown, (ii) one stepdown
andonestepleft, and(iii) onestepdown andonestepright. This canbe representedby
Xi+1 = Xj+w(t;)) wheret; 2 f 1;0;1gandw( 1)= T J,w(@0) = 7J,w(l)=+T T
(wheret; T arethex; y directionson thelattice).

A similar procedurds usedon the hexagonallattice. But for certaingeometryprobabil-
ities we obsened that the sampledcurves had “clumping” wherethe path consistsof a
large numberof zig-zags.This wassometimesonfusingto the humanobseners. Sowe
implementecda higherorder Markov modelwhich explicitly forbadezig-zags. We shav
experimentakesultsfor boththe ClumpingandNo-Clumingmodels.

To obtaincomputersimulationsof targetcurvesin backgrounctlutter we proceedn two

stages.In the rst stage we stochasticallysamplefrom the distribution P (t) to produce
atargetcurve in the pyramid (startingat the apex andmoving downwards). In the second
stage,we mustsamplefrom the likelihood functionto generatehe image. Soif a pixel

x is on or off the target curve (which we generatedn the rst stage)thenwe samplethe

intensityl (x) from thedistribution Py, (1) or Pos ¢ (1) respectiely.

4 Order Parametersand Performance Measures

Yuille et al [14],[15] analyzedthe Gemanand Jedynakmodel[6] to determinehow the
ability to detectthe targetcurve dependean the geometryPy andtheintensityproperties

Pon:Po . Theanalysisshavedthatthe ability to detectthetargetcurve behaesase XN,



whereN is thelengthof thecurveandK is anorder parameter Thelargerthevalueof K
thentheeasielit is to detectthecurve.

Theorderparameteis givenby K = D (PonjjPott )+ D(PgjjU) logQ [15], whereU is
theuniform distribution. If K > 0 thendetectingthetargetcurveis possiblebutif K < 0
thenit becomedmpossibleto nd it (informally, it becomedik e looking for a needlein a
haystack).

The orderparameteillustratesthe trade-of betweenshapeandintensity cuesand deter
mineswhich typesof curvesareeasiesto detectby anideal obserer. The intensitycues
arequanti ed by D (PonjjPof t ) andthe shapecuesby D (PgjjU). The easiesturvesto
detectarethosewhich arestraightlines (i.e. D (PgjjU) takesits largestpossiblevalue).
Thehardesturvesto detectarethosefor whichthegeometryis mostrandom.Thestronger
theintensitycues(i.e. the biggerD (Pon jjPot £ ) then, of course the easierthe detection
becomes.

So whencomparinghumanperformancdo ideal obsenerswe have to take into account
that sometypesof curvesareinherenteasierto detect(i.e. thay have largerK ). Human
obsenersare good at detectingstraightline curves but so areideal obeners. We need
performanceneasureso quantifytherelativeeffectivenessf humanandideal obseners.
Otherwisewewill notbeableto concludethathumanobsenersarebiasedowardspartic-
ular curve shapegsuchasthoseoccuringin naturalimages).

We now de ne two performanceneasureso quantify the relative effectivenesof human
andideal obseners. Our rst measurds basedon the hypothesighat humanobseners
have an“effective orderparameter”In otherwords,their performancen thetargetcurve
trackingtaskbehaeslikee NX+ whereK y is aneffectiveorder parametemwhich differ-
encefrom thetrue orderparameteK mightre ect a humanbiastowardsstraightlinesor
ecologicalshapepriors. We estimatethe effective orderparameterdy xing Pg;P, and
adjustingPo, until the obsenersachieve a x ed performancdevel of at most5 errorson
a pathof length32. This givesdistributionsP/,,; P! for the ideal andhumanobserers
respectiely. ThenwesetKy = K D(PH jjPort ) + D(Pl,jiPof ), wherePt ; P! are
thedistributionsusedby the humanandtheideal (respectiely) to achieve similar perfor
mance.

Our rst performancemeasurds the difference K = D (P jiPott) D (PlqiiPof )
betweerthe effective andthetrue orderparameters.

But orderparameteanalysisshouldbe regardedwith cautionfor the curve detectiontask
usedin our experiments.The experimentalcriterion that the target pathbe found with 5
or lesserrors,seesection(5), wasnotincludedin thetheoreticalanalysig[14],[15]. Also
somesmall correctionsneedto be madeto the order parameterslueto the natureof the
rectangulagrid, see[15] for computercalculationsof the sizeof thesecorrections.These
two effects— the errorcriterion andthe grid correction— meanghatthe orderparameters
areonly approximatdor theseexperimentakonditions.

Thismotivatesasecondgerformanceneasuravherewe calculatehevalueof the posterior
probability (proportionalto the exponentialof r in equation(1)) for the curve detectedy
the humanandtheideal obserer (for identicaldistributionsPg ; Pon; Py ). We measure
thelogarithmoftheratio of thesevalues (A theoreticatelationshipcanbeshovn between
thesetwo measures).

5 Experimental Resultson Rectangular Grid

To asseshumanperformancentheroadtrackingtask,we rst hadasetof 7 obseners nd
thetargetcurvein atreede ned by arectangulagrid gure (3)A. Theobsenrertrackedthe
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Figure3: A. RectangulaGrid Stimulus(Left), ExamplePath: Ideal (Center) ExamplePath: Human
(Right). B & C. HexagonalGrid Stimulus(Left), ExamplePath: Ideal (Center),ExamplePath: Hu-
man(Right). PanelC shavs anexampleof apathwith higherorderconstraintgo prevent“clumping”.
Therewereanumberof otherdifferencedetweertherectangulaandhexagonalgrid psychophysics,
including rectanglesamplesvereslightly smallerthanthe hexgaons andfeedbaclkwaspresentedo
theobsererswithout (rectangularpr with backgroundhexagonal) andthelowestp(str aight) was
0:0 for rectangulaand:1 for hexagonalgrids.

contourby startingat the far left cornerandmakinga seriesof 32 key presseshatmoved
theobsener'stracked contoureitherleft, right, or straightat eachkey press.Eachcontour
estimatavasscoredby countingthe numberof positionsthe obsener's contourwasoff the
true path. Eachobsener hada training periodin which the obsener wasshovn examples
of contoursproducedrom the four differentgeometrydistributionsand practicedtracing
in noise.

During an experimentakessionthe geometrydistribution was x edat onethe four possi-
ble valuesandobsenersweretold which geometrydistribution wasbeingusedto generate
the contours.The parameter o, of Pon, wasvariedusinganadaptve procedureuntil the
humanobsener managedo repeatedlydetectthe targetcurve with at most ve misclassi-
ed pixels. This gave athresholdof g, of f for eachprobability distribution de ned
by P (straight). Thisthresholdcouldbe comparedo thatof the ldeal Obsenrer (obtained
by usingdynamicprogrammingo estimatethe ideal, alsoallowing for upto ve errors).
Theprocessvasrepeateaereraltimesfor the four geometrydistribution conditions.

Thethresholdgor 7 obsenersandtheidealobsenerareshovnin gure 4. Thesethresh-
olds can be usedto calculateour rst performancemeasurg( K) and determinehow
effectively obsenersareusingthe availableimageinformationat eachP (str aight).

The resultsareillustratedin gure (4)B wherethe humandatawas averagedover se/en
subjects.They shov thathumangperformbestfor curveswith P (straight) = 0:66 which
is closesto thenaturalpriors,see gure (1). Corversely K isbiggestfor thecurveswith
P (straight) = 0:0, whichis the conditionthatdiffersmostfrom the naturalstatistics.

We next computeour secondoerformanceneasurdfor which Py, ; Pt 1 ; Pg arethesame
for theidealandthe humanobsener). Theaveragadifferenceof this performanceneasure
for theeachgeometnydistributionis analternatve way how well obsenersareusingthein-
tensityinformationasa functionof geometrywith a zerodifferenceindicatingoptimaluse
of theinformation. Theresultsareshovn in gure (4)C. Noticethatthe bestperformance
is achieredwith P (straight) = 0:9.

Obsenre that the two performancaneasuregive differentanswersfor this experiment.
We concludethat our resultsare consistentitherwith a biasto ecologicalstatisticsor to
straightlines. But therectangulatattice

6 Experimentson HexagonalLattices

In theseexperimentswe useda hexagonallattice becausefor the humanobsenrers,the
contrastattheedgescorrespondingo a left, straight,or right moveis the same(in contrast
to therectangulagrid, in which left andright movesonly sharea corner).We alsousethe
samevaluesof Py, ; Py ; P (straight) for thehumansandtheideal.



Figure4: A-C. Psychophysicalesultsonrectangulagrid. A. Threshold on of f plottedagainst
P (straight). The top seven cunes arethe resultsof the seven subjects. The bottomcurwe is for

theideal obserer. B. The differencebetweerhumanandideal K orderparametersC. The average
rewarddifferencebetweeridealandhumanobserers. D-1 shavs psychophyscialesultson ahexag-

onal grid. D-F arefor the Clumping condition,and G-I for the No Clumping conditionfor which

high orderstatisticspreventedsharpturnsthatresultin “clumps”.

We performedexperimentson the hexagonallattice underfour differentprobabilitiesfor
the geometry Thesewere speci ed by P (straight) = 0:10; 0:33;0:66; 0:90 (in other
words, the straightestcurves will be sampledwhen P (straight) = 0:90 andthe least
straightfrom P (straight) = 0:10). For reasonglescribedoreviously, we did the experi-
mentin two conditions. (1) allowing zig-zags‘Clumping”, (2) forbidding zig-zags‘No-
Clumping”. We shav examplesof the stimuli, theideal results(indicatedby dottedpath),
andthehumarresults(indicatedby dottedpath)for the ClumpingamdNo-Clumpingcases
in gure (4B & C), respectiely.

ThethresholdSNRresultsfor ClumpingandNo Clumpingaresummarizedn gures (4D
& G.Theaverage K = Kpyman Kigear resultsfor ClumpingandNo Clumpingare
summarizedn gure (4E & H). The averagereward difference, r = rigea Ihuman »
resultsfor ClumpingandNo Clumpingaresummarizedn gure (4F& ).

Both performanceneasuregjive consistentesultsfor the Clumpingdatasuggestinghat
humansrebestwhendetectinghestraightestines(P (str aight) = 0:9). Butthesituation
is morecomplicatedfor the No Clumpingcasewherehumanobsenersshav preferences
for P(straight) = 0:9 or P(straight) = 0:66.



7 Summary and Conclusions

Theresultsof our experimentssuggesthathumansaremosteffective at detectingcurves
which arestraightor which obey ecologicalstatistics.But further experimentsareneeded
to clarify this. Our two performancemeasuresverenot alwaysconsistentparticularlyfor
the rectangulagrid (we are analyzingthis discrepeng theoretically). The rst measure
suggested biastowardsecologicalstatisticson therectangulagrid andfor No Clumping
stimuli on the hexagonalgrid. The secondmeasureshoved a bias towardscurves with
P (straight) = 0:9 ontherectangulaandhexagonalgrids.

To our knowledge,this is the rst experimentwhich teststhe performanceof humanob-
senersfor detectingtargetcurvesby comparisorwith thatof anideal obsener with am-
biguousintensitydata.Our novel experimentaldesignandstimuli may causeartifactsdue
to therectangulaandhexagonalgrids. Furtherexperimentsnayneedto "quantize”curves
morecarefullyandreducethe effect of thegrids.

Further experimentsperformedon a larger numberof subjectsmay be able to isolated
morepreciselythe stratgyy thathumanobsenersemplgy. Do they, for example,make use
of a speci c geometryprior basedon empiricaledgestatisticg16], [10]. If so,this might
accountfor the biastowardsstraigthnesand naturalpriors obsened in the experiments
reportedhere.
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