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Abstract

The goal of low-level vision is to estimatean underlyingscene given
an obsenedimage. Real-world sceneqeg, albedosor shapes)anbe
verycomple, conventionallyrequiringhighdimensionatepresentations
whicharehardto estimateandstore.We proposealow-dimensionatep-
resentationcalleda scenerecipe thatrelieson the imageitself to de-
scribethe complex scenecon gurations. Shaperecipesareanexample:
theseare the regressioncoefcients that predictthe bandpasseghape
from bandpasseiinagedata. We describethe bene ts of this represen-
tation, and shav two usesillustrating their properties: (1) we improve
stereoshapeestimatedyy learningshaperecipesat low resolutionand
applying them at full resolution; (2) Shaperecipesimplicitly contain
informationaboutlighting and materialsand we usethemfor material
segmentation .

This work wassupportedn partby agrantfrom NTT.
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Fig. 1. 1-dexample:Theimage(a)is renderedrom theshapgb). The shapedepend®ontheimage
in anon-localway. Bandpasdtering bothsignalsallowsfor alocalshapeecipe.Thedottedline
(which agreescloselywith true solid line) in (d) shaws shapereconstructiorfrom 9-parameter
linearregression9-tapcorvolution) from bandpasseinage,(c).

[. Intr oduction

We areinterestedn usingmachindearningmethodgo estimatdrom imagesvariouslow-

level sceneproperties suchasshape material,albedoor motion. For suchan estimation
task,therepresentationf the quantitiesto be estimateccanbe critical. Herewe propose
anddescribea new sceneaepresentatiowith appealingjualitiesfor estimation.Typically,

thesescenepropertieamight be representedsa bitmap (eg [14]) or asa seriesexpansion
in abasissetof surfacedeformationgeg [10]). To representaiccuratelythe detailsof real-
world shapesor texturesrequireseither full-resolutionimagesor very high order series
expansionsHaving to infer high dimensionafjuantitiesmakesthe estimationintrinsically
dif cult [3]. Strongpriorsareoftenneeded14], leadingto arbitrarychoicesthatcangive

unrealisticshapeeconstructions.

The approachwe proposés to let theimageitself bearasmuchof the representational
burdenas possible. We assumethat the imageis always available and we describethe
underlyingscenein refeenceto theimage. The scenerepresentatioiis a setof rulesfor
transformingrom thelocalimageinformationto the desiredsceneguantities We call this
representatioa scenerecipe asimplefunctionfor transforminglocalimagedatato local
scenedata. The computerdoesnt have to represengvery fold of anintricate shape;the
imagedoesthat for us, the computerjust storesthe rulesfor transformingfrom imageto
shapeln this paperwefocusonreconstructingheshapeshatcreatedheobsenedimage,
deriving shaperecipes The particularrecipeswe studyhereareregressiorcoefcients for
transformingbandpasseiinagedatainto bandpasseshapedata.

Il. ShapeRecipes

The shaperepresentatiogonsistsan describingfor a particularimage,the functionalre-
lationshipbetweenmageandshape.Thesearenot generalrules,but rulesspeci ¢ to the
particularlighting andmaterialconditionsat hand.This functionalrelationshipis whatwe
call shaperecipes

We requirethatthe scenerecipesbe local, which simpli es the computationgo obtain
shapefrom image data: the scenestructurein a region shouldonly dependon a local
neighborhooaf theimage. It is easyto shav that, without taking specialcare,the shape-
imagerelationshipis notlocal. Fig. 1 (a) shavstheintensitypro le of al-dimagearising
from the shapepro le showvn in Fig. 1 (b) underparticularrenderingconditions(a Phong
modelwith 10% specularity).Notethatthe functionto recover the shapefrom theimage
cannotbe local becausé¢heidenticallocalimageson the left andright sidesof the surface
edgecorrespondo differentshapeheights.

In orderto obtainlocality in the shape-imageelationship,we needto preprocesshe
shapeandimagesignals. Whenshapeandimagearerepresenteéh a bandpasgyramid,
within asubbandundergenericrenderingconditions[4], local shapechangedeadto local
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(b) lowpassshapgcenter)andshaperecipes

(c) shaperecipesof (b)

appliedto image(a), cropped (d) laserscan

Fig. 2. Exampleillustrating shaperecipesto represenshapeof image(a). In low-frequeng shape
rangemap (b, center),small carvingsare not visible. Corvolution kernelslearnedfrom low-
resolutionstereorangedataand correspondingmagesubbandsvere appliedto all spatialfre-
guenciedo yield shapgc), in generalgreementvith laserscanshape(d).

imagechangesFiguresl (c) and(d) arebandpasdtered versionsof (a) and(b), usinga
second-deviative of a Gaussianlter . In this example,(d) relatesto (c) by a simpleshape
recipe: convolution with a 9-tap lter , learnedby linear regressionfrom renderedandom
shapedata. The solid line shows the true bandpassedhape while the dottedline is the
linearregressiorestimatefrom Fig. 1 (c).

For 2-d imageswe breakthe imageandshapento subbandsisinga steerablgyramid
[13], anorientedmulti-scaledecompositiorwith non-aliasedubbandgFig. 4 (a) and(b)).
A shapesubbandcanberelatedto animageintensitysubbandy afunction

@)

where isalocalfunctionand and arethe th subband®f the steerablgyramid
representationf the shapeandimage,respectrely. The simplestfunctionalrelationship
betweershapeandimageintensityis via alinear Iter with a nite sizeimpulseresponse:
, Where is corvolution. The corvolution kernel  (speci c to eachscale
andorientation)transformgheimagesubband into the shapesubband . Therecipe
ateachsubbands learnedoy minimizing , regularizing asneeded
to avoid over tting. containsinformationaboutthe particularlighting conditionsand
the surfacematerial. More generalfunctionscanbe built by usingnon-linear Iters and
combiningimageinformationfrom differentorientationsandscales.

Figure 2 shawvs a shaperecipe example. (a) is a photographof a wood carving, at
320x160pixels. (b) is the information,in additionto the image,thatdescribeghe shape:
a 20x20image(top center)of a croppingof thelow-frequeng shapeanformation,together
with the linear regressioncoefcients for eachof the 4 subbandorientations. (¢) is the
reconstructedhape applyingthe shaperecipesto a croppingof theimage. Notethe ne
detailsof thecarvingshapearerecovered,in agreementith (d) a Cyberwarelaserscanof
thewoodenshape.
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- (a)Image A (b) Sterecshape

Fig. 3. Shapeestimatefrom stereo.(a) is oneimageof the stereopair; the stereoreconstructions
depictedas(b) arangemapand(c) asurfaceplot and(d) are-renderingf the stereasshape The
steredmageis noisyandmissesne details.

We learnedheshapeecipes by applyinglinearregressioronthe Cyberwaredatafor
the four orientationsof the 3rd highestresolutionsubbandsandapplyingthose to the
top four resolutionlevel subbandsscalingby two with resolution. (Shapediscontinuities
requirespecialhandlingusingshaperecipesandthe steepedgeis blurredoutin therecon-
struction;seeSect.V for moredetail.) We usedthe sameregressioncoefcients for the
4 pyramid levels up to 160x160. Thus,we candescribethe 320x160resolutionshapeof
image(a), 51,200parameterajsinga 40x20low-resolutionimageplus4 x 11x 11 regres-
sion coefcients, or 1,284 parametersBecauseof this dimensionalityreduction,andthe
possiblestability over shapescale andtime, we conjecturehatshapeaecipeswvould make
goodsceneepresentationfr estimation.

We conjecturghatmultiscaleshapeecipeshave variousdesirablepropertiedor estima-
tion. First, they allow for a compactencodingof shapenformation,asall the compleity
of theshapds encodedn theimageitself. Therecipesonly specifyhow to translatamage
into shape.Secondlyregularitiesin how the shaperecipes vary acrossscaleandspace
provide a powerful mechanisnfor regularizing shapeestimates.Insteadof regularizing
shapeestimatedy assuminga prior of smoothnessf the surface,we assumea slow spa-
tial variationof the functionalrelationshipbetweernimageandshapewhich shouldmake
estimatingshaperecipeseasier Third, shaperecipesimplicitly encoddighting and ma-
terial information, which canbe usedfor material-basedementation. In the next two
sectionswe discusghe propertiesof smoothnesacrossscaleandspaceandwe show po-
tential applicationsin improving shapeestimatedrom stereoandin imageseymentation
basedn materialproperties.

Ill. Scalingregularities of shaperecipes

Fig. 3 shavs oneimageof a stereopair andthe associatedhapeestimatedrom a stereo
algorithm'. The shapeestimateis noisyin the high frequenciegseesurfaceplot andre-
renderedshape)pbut we assumat is accuraten thelow spatialfrequencies.

We took our stereophotographsaisinga 3 Megapixel OlympusCamediaC-3040camerawith a
Pentaxsterecadapter We calibratedthe stereaimagesusingthe point matchingalgorithmof Zhang
[16], andrecti ed the stereopair (so that epipolesare along scanlines) usingthe algorithmof [8],

endered
(c) Sterecshapg(surfaceplot) stereasshape



(c) Shapeecipesfor eachsubband

(a) Iagepyramid (b) Shapepyramid

Fig. 4. Learningshapeecipesateachsubband(a)and(b) arethe steerablg@yramidrepresentations
of imageandstereoshape(c) shavs the convolution kernelsthatbestpredict(b) from (a).

(d) re-rndered
recipesshape

(c) recipesshapg(surfaceplot)

Fig. 5. Reconstructiorfrom shaperecipes.The shapes representedy the informationcontained
in theimage(a), the low-res shapepyramid residualandthe shaperecipes(b) estimatedat the
lowestresolution.Theshapecanberegeneratedby applyingtheshapeecipeqb) atthe4 highest
resolutionscales.(d) shavs the imagere-renderedinderdifferentlighting conditionsthan (a).
Thereconstructiorns notnoisyandshavs moredetailthanthe sterecshapeFig. 3, includingthe

ne detailatthebottomleft of theimage(a).

Fig. 4 shavsthesteerablgyramidrepresentationsf theimage(a) andshapgb) andthe
learnedshaperecipes(c) for eachsubbandlinear corvolution kernelsthat give the shape
subbandrom theimagesubband)We exploit theslow variationof shapeecipesverscale
andassumehatthe shaperecipesare constantover the top four octazesof the pyramic?.
Thus,from the shaperecipedearnedat low-resolutionwe canreconstruct higherresolu-
tion shapeestimatehanthe sterecoutput,by learningtherenderingconditionsthentaking
adwantageof shapedetailsvisible in the imagebut not exploited by the sterecalgorithm.
Fig. 5 (a) and(b) shav theimageandtheimplicit shapeaepresentationthe pyramid's low-
resolutionshapeandtheshapeecipesusedoverthetop four scalesFig. 5 (c) and(d) shav
explicitly the reconstructeghapemplied by (a) and(b): notethe high resolutiondetails,

estimatingdisparitywith the Zitnick—Kanadestereaalgorithm[17].
Exceptfor a scalefactor We scalethe amplitudeof the x edrecipeconvolution kernelsby 2 for
eachoctave, to accountfor a — frequeng fall-off in imagespectrakontent.
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(a) Shape (b) Image (c) Image-based (d) Recipe-based
segmentation sementation

Fig. 6. Segmentationexample. Shape(a), with a horizontalorientationdiscontinuity is rendered
with two differentshadingmodelssplit vertically, (b). Basedon imageinformationalone,it is
dif cult to nd agoodsementationinto 2 groups,(c). A segmentationinto 2 differentshape
recipesnaturallyfalls alongthe vertical materialboundary(d).

includingthe ne structurevisible in thebottomleft cornerof (d). Comparewith thestereo
outputin Fig. 3.

IV. Segmentingshaperecipes

Segmentinganimageinto regionsof uniform color or texture is often an approximation
to an underlyinggoal of sggmentingthe imageinto regionsof uniform material. Shape
recipeshy describinghow to transformfrom imageto shapejmplicitly encodébothlight-
ing andmaterialproperties.Acrossunchangindighting conditions,seggmentingby shape
recipesallows us to sggmentaccordingto a materials renderingproperties,even across
change®f intensitiesor texture of therenderedmage.

We expectshaperecipesto vary smoothlyover spaceexceptfor abruptboundariesat
changesn materialor illumination. Within eachsubbandwe canwrite theshape asa
mixture of recipes:

)

where speci esthe numberof recipesneededo explain the underlyingshape . The
weights , whichwill beafunction of location,will specifywhich recipehasto be used
within eachregionand,thereforewill provide a segmentatiorof theimage.

To estimatethe parameterof the mixture (shaperecipesand weights), given known
shapeandthe associatedmage,we usethe EM algorithm[15]. We encourageontinuity
for the weights  asneighboringpixels arelikely to belongto the samematerial. We
usethemean eld approximatiorto implementthe spatialsmoothnesgrior in the E step,
suggestedh [15].

Figure6 shovsasggmentatiorexample.(a)is afractalshapewith diagonaleft structure
acrossthe top half, and diagonalright structureacrossthe bottomhalf. Ontothat shape,
we “painted” two different Phongshadingrenderingsin the two vertical halves, shovn
in (b) (the right half is shinierthanthe left). Thus, texture changedsn eachof the four
guadrantsbut theonly materialtransitionis acrosgheverticalcenterline An image-based
segmentationwhich makesuseof texture andintensitycues,amongothers, nds thefour
guadrantsvhenlooking for 4 groups but can't segmentwell whenforcedto nd 2 groups,
(c). (We usedthe normalizedcuts segmentationsoftware, available on-line [11].) The
shaperecipesencodethe relationshipbetweenimageand shapewhensegymentinginto 2
groups.and nds theverticalmaterialboundary(d).
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‘ (e) shapeecipe (f) recipe&stereo (g) recipe&stereo (h) laserrange (i) laserrange
(subband) (subband) (surfaceplot) (subband) (surfaceplot)

Fig. 7. Oneway to handleocclusionswith shaperecipes. Imagein full-res (a) and one steerable
pyramid subband(b); stereodepth,full-res (c) and subband(d). (e) shavs subbandof shape
reconstructiorusing learnedshaperecipe. Direct applicationof shaperecipeacrossocclusion
boundarymisseghe shapediscontinuity Sterecalgorithmcatcheghatdiscontinuity but misses
othershapeadetails.Probabilisticcombinationof thetwo shapesstimategf, subbandg, surface),
assumind_aplacianshapestatistics captureghe desirabledetailsof both, comparingfavorably
with laserscannegroundtruth, (h, subbandi, surface,at slight misalignmenfrom photos).

V. Occlusionboundaries

Not all imagevariationshave a directtranslationinto shape.This is true for paintbound-
ariesthatdo not correlatewith shapevariationsandsomeocclusionboundarieshatdo not
generatenimageboundary(e.g.,arandomdot stereogram).

With shaperecipes specialcaseeedto be madefor occludingedgesshapevariations
thatdo nottranslatanto imagevariations.For instanceijn Fig. 7 (c) theoccludingbound-
ary in the shapeonly producesa smoothchangdn theimage(Fig. 7 (a)). In thatregion of
theimage,the shaperecipeswill produceanincorrectshapesstimatehowever, the stereo
algorithmwill oftensuccessat nding thoseocclusionedges Onthe otherhand,sterecof-
tenfails to provide the shapeof imageregionswith complex shapedetails.For the special
caseof revising the sterecalgorithm's outputusingshaperecipeswe proposea statistical
framework to combineboth sourcesf information. We wantto estimatehe shape that
maximizeshelik elihoodgiventhe shapefrom stereo  andtheimageintensity :

®3)

(For notationakimplicity, we omit thespatialdependengfrom , and .) Asbothstereo

andimageintensity provide strongconstraintdor the possibleunderlyingshape , the
factor canbe consideredtonstanin theregion of supportof . isa
normalizationfactor Eq. (3) canbesimpli ed by consideringhatsterecandimageinten-
sity areconditionallyindependentFurthermorewe alsoconsiderindependenceetween
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Fig. 8. Leastsquareestimatefor the shapesubband given both stereo  and shaperecipes
. The graph(a) shavs the nal shapeestimateasa function of the shapeestimatecby
stereo.Whenthe s closeto the valuegiven by the recipes , then,the nal shape
doesnot vary with variationsin the stereoestimation. The graph(b) shavs  asa funcion of
fora x valueof . isequalto only whenbothrecipesandstereagive similar
estimations.

the pixelsin theimageandacrosssubbands:

“4)

, and refertotheoutputsof thesubband . Althoughthisis anoversimpli cation
it simpli es theanalysisandprovidesgoodresults.

The functions and will dependon the noisemodelsfor the depth
from stereoand for the shaperecipes. For the shapeestimatefrom stereowe assumea
gaussiandistribution for the noise. Therefore,at eachsubbandand spatiallocationwe
have:

(®)

In the caseof theshaperecipesagaussiamoisemodelis notadequateThedistribution
of theerror will dependnimagenoise but moreimportantly onall shapeand
imagevariationsthatarenotrelatedwith eachother Fig. 7 illustratesthis point: theimage
data(Fig. 7 (b)) doesnot presere the boundarythatexistsin the shapgFig. 7(h)). When
trying to estimateshapeusing the shaperecipe , it fails to capturethe boundary
althoughit capturescorrectlyothertexture variations(Fig. 7 (e)). Therefore,
will describethe distribution of occludingedgeshatdo not produceimagevariationsand
paint edgesthat do not translateinto shapevariations. Due to the sparsedistribution of
edgesn images(andrangedata),we expect to have a Laplaciandistribution
typical of the statisticsof waveletoutputsof naturalimageq12]:

(6)

In orderto verify this, we usethe stereoinformationat the low spatialresolutionghatwe
expectis correctsothat: . We obtainvaluesof in the



(a)image (b) stereo shape

(c) recipes shape (d) recipesé& stereo shape
Fig. 9. Direct applicationof shaperecipe acrossocclusionboundarymissesthe shapedisconti-

nuity. Stereoalgorithmcatcheshatdiscontinuity but missesothershapedetails. Probabilistic
combinationof thetwo shapeestimatesaptureghedesirabladetailsof both.

range . We set for theresultsshovn here.Notethat givesagaussian
distribution.

Theleastsquaresstimatefor theshapesubband  givenbothsterecandimagedata,is:

()

This integral can be evaluatednumericallyindependentlyat eachpixel. When ,
thenthe LSE estimationis a weightedlinear combinationof the shapefrom stereoand
shaperecipes.However, with this problemis similar to the one of imagedenosing
from waveletdecomposition§l2] providing a non-linearcombinationof sterecandshape
recipes(g. 8). Thebasicbehaior of Eq. (7) is to take from the stereoeverythingthat
cannotbe explainedby the recipes,andto take from the recipestherest. Wheneer both
stereoand shaperecipesgive similar estimatesthenwe preferthe recipesbecausehey
rely on imageinformationthat haslower noisethanthe stereoinformation. However, in
theregionsin whichtherecipessaythatthe shapeshouldbe somethingvery differentthan



whatthe stereds saying,then,the estimatedshapeollows the sterecestimation.

Figure9 shaws shapesstimatedusingonly stereo(b), only shaperecipes(c) andboth
(d). The stereocaptureghe occlusionboundariesut fails in estimatingthe shapeof the
detailsin theimage. On the otherhand,shaperecipescapturethe shapevariationscorre-
latedwith imagedetails,but the occlusionboundariesaresmoothed.The combination(d)
hasthe detailscapturedby therecipesandthe boundarycapturedy the stereo.

VI. Discussionand Summary

Unlike shape-from-shadinglgorithms[6], shaperecipesare fast, local proceduredor

computingshapgrom image.Theapproximatiorof linearshading7] alsodervesalocal

linear relationshipbetweenmageand shapesubbands However, learningthe regression
coefcients allows a linearized t to more generalrenderingconditionsthan the special
caseof Lambertianshadingfor which linearshadingwasderived.

We have proposedshaperecipesasa representatiorthat leavesthe burdenof describ-
ing shapedetailsto the image. Unlike mary othershaperepresentationgheseare low-
dimensionalandshouldchangeslowly over time, distance and spatialscale. We expect
thatthesepropertieswill prove usefulfor estimatioralgorithmsusingtheserepresentations,
includingnon-linearextensions.

We shavedthatsomeof thesepropertiesareindeedusefulin practice.We developeda
shapesstimatamproverthatrelieson aninitial estimatebeingaccurateatlow resolutions.
Assumingthata shaperecipeschangeslowly over 4 octaves,we learnedthe shaperecipes
at low resolutionand appliedthem at high resolutionto nd shapefrom image details
not exploited by the sterecalgorithm. Comparisonsvith groundtruth shapeshav good
results. Shaperecipesfold in informationaboutboth lighting andmaterialpropertiesand
canalsobeusedo estimatanaterialboundarie®verregionswherethelighting is assumed
to be constant.

Gilchristand Adelsondescribe'atmosphereswhich arelocal formulasfor corverting
imageintensitiesto perceved lightnessvalues[5], [1]. In this framework, atmospheres
are‘“lightnessrecipes”. A full descriptionof animagein termsof a scenerecipewould
requireboth shaperecipesandre ectancerecipes(for computingre ectancevaluesfrom
imagedata),whichalsorequiredabelling partsof theimageasbeingcausedy shadingor
re ectancechangessuchas|2].

At a conceptualevel, this representatiois consistenwith a themein humanvision
researchthat our visual systemsusethe world as a framehuffer or visual memory not
storingin the brain what can be obtainedby looking [9]. Using shaperecipes,we nd
simpletransformatiorrulesthatlet us corvertfrom imageto shapewheneer we needto,
by examiningtheimage.
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