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Abstract

The goal of low-level vision is to estimatean underlyingscene, given
an observed image. Real-world scenes(eg, albedosor shapes)canbe
verycomplex, conventionallyrequiringhighdimensionalrepresentations
whicharehardto estimateandstore.Weproposealow-dimensionalrep-
resentation,calleda scenerecipe, that relieson the imageitself to de-
scribethecomplex scenecon�gurations.Shaperecipesareanexample:
theseare the regressioncoef�cients that predict the bandpassedshape
from bandpassedimagedata.We describethebene�ts of this represen-
tation, andshow two usesillustrating their properties:(1) we improve
stereoshapeestimatesby learningshaperecipesat low resolutionand
applying them at full resolution; (2) Shaperecipesimplicitly contain
informationaboutlighting andmaterialsandwe usethemfor material
segmentation1 .
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Fig. 1. 1-dexample:Theimage(a) is renderedfrom theshape(b). Theshapedependson theimage
in anon-localway. Bandpass�ltering bothsignalsallowsfor alocalshaperecipe.Thedottedline
(which agreescloselywith true solid line) in (d) shows shapereconstructionfrom 9-parameter
linearregression(9-tapconvolution) from bandpassedimage,(c).

I. Intr oduction

Weareinterestedin usingmachinelearningmethodsto estimatefrom imagesvariouslow-
level sceneproperties,suchasshape,material,albedoor motion. For suchanestimation
task,therepresentationof thequantitiesto beestimatedcanbecritical. Herewe propose
anddescribea new scenerepresentationwith appealingqualitiesfor estimation.Typically,
thesescenepropertiesmight berepresentedasa bitmap(eg [14]) or asa seriesexpansion
in a basissetof surfacedeformations(eg [10]). To representaccuratelythedetailsof real-
world shapesor texturesrequireseither full-resolution imagesor very high orderseries
expansions.Having to infer high dimensionalquantitiesmakestheestimationintrinsically
dif�cult [3]. Strongpriorsareoftenneeded[14], leadingto arbitrarychoicesthatcangive
unrealisticshapereconstructions.

Theapproachwe proposeis to let the imageitself bearasmuchof therepresentational
burdenas possible. We assumethat the imageis always available andwe describethe
underlyingscenein referenceto the image. The scenerepresentationis a setof rulesfor
transformingfrom thelocal imageinformationto thedesiredscenequantities.We call this
representationa scenerecipe: a simplefunctionfor transforminglocal imagedatato local
scenedata. The computerdoesn't have to representevery fold of an intricateshape;the
imagedoesthat for us, thecomputerjust storesthe rulesfor transformingfrom imageto
shape.In thispaper, wefocusonreconstructingtheshapesthatcreatedtheobservedimage,
deriving shaperecipes. Theparticularrecipeswe studyhereareregressioncoef�cients for
transformingbandpassedimagedatainto bandpassedshapedata.

II. ShapeRecipes

The shaperepresentationconsistsin describing,for a particularimage,the functionalre-
lationshipbetweenimageandshape.Thesearenot generalrules,but rulesspeci�c to the
particularlighting andmaterialconditionsat hand.This functionalrelationshipis whatwe
call shaperecipes.

We requirethat thescenerecipesbe local, which simpli�es thecomputationsto obtain
shapefrom imagedata: the scenestructurein a region shouldonly dependon a local
neighborhoodof theimage.It is easyto show that,without takingspecialcare,theshape-
imagerelationshipis not local. Fig. 1 (a) showstheintensitypro�le of a1-d imagearising
from theshapepro�le shown in Fig. 1 (b) underparticularrenderingconditions(a Phong
modelwith 10%specularity).Note that the functionto recover theshapefrom the image
cannotbelocal becausetheidenticallocal imageson theleft andright sidesof thesurface
edgecorrespondto differentshapeheights.

In order to obtain locality in the shape-imagerelationship,we needto preprocessthe
shapeandimagesignals.Whenshapeandimagearerepresentedin a bandpasspyramid,
within asubband,undergenericrenderingconditions[4], local shapechangesleadto local



(a) image (b) lowpassshape(center)andshaperecipes

(c) shaperecipesof (b)
appliedto image(a),cropped (d) laserscan

Fig. 2. Exampleillustratingshaperecipesto representshapeof image(a). In low-frequency shape
rangemap (b, center),small carvingsare not visible. Convolution kernelslearnedfrom low-
resolutionstereorangedataandcorrespondingimagesubbandswereappliedto all spatialfre-
quenciesto yield shape(c), in generalagreementwith laserscanshape,(d).

imagechanges.Figures1 (c) and(d) arebandpass�ltered versionsof (a) and(b), usinga
second-derivativeof a Gaussian�lter . In this example,(d) relatesto (c) by a simpleshape
recipe:convolution with a 9-tap�lter , learnedby linear regressionfrom renderedrandom
shapedata. The solid line shows the true bandpassedshape,while the dottedline is the
linearregressionestimatefrom Fig. 1 (c).

For 2-d images,we breaktheimageandshapeinto subbandsusinga steerablepyramid
[13], anorientedmulti-scaledecompositionwith non-aliasedsubbands(Fig. 4 (a)and(b)).
A shapesubbandcanberelatedto animageintensitysubbandby a function
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arethe � th subbandsof thesteerablepyramid
representationof theshapeandimage,respectively. The simplestfunctionalrelationship
betweenshapeandimageintensityis via a linear�lter with a �nite sizeimpulseresponse:
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to avoid over�tting.
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containsinformationaboutthe particularlighting conditionsand
the surfacematerial. More generalfunctionscanbe built by usingnon-linear�lters and
combiningimageinformationfrom differentorientationsandscales.

Figure 2 shows a shaperecipeexample. (a) is a photographof a wood carving, at
320x160pixels. (b) is the information,in additionto the image,thatdescribestheshape:
a20x20image(topcenter)of acroppingof thelow-frequency shapeinformation,together
with the linear regressioncoef�cients for eachof the 4 subbandorientations. (c) is the
reconstructedshape,applyingtheshaperecipesto a croppingof the image.Notethe�ne
detailsof thecarvingshapearerecovered,in agreementwith (d) aCyberwarelaserscanof
thewoodenshape.



(a) Image (b) Stereoshape
(c) Stereoshape(surfaceplot)

(d) Re-rendered
stereoshape

Fig. 3. Shapeestimatefrom stereo.(a) is oneimageof thestereopair; thestereoreconstructionis
depictedas(b) a rangemapand(c) a surfaceplot and(d) a re-renderingof thestereoshape.The
stereoimageis noisyandmisses�ne details.

Welearnedtheshaperecipes
�%�

by applyinglinearregressionontheCyberwaredatafor
the four orientationsof the3rd highestresolutionsubbands,andapplyingthose

���

to the
top four resolutionlevel subbands,scalingby two with resolution.(Shapediscontinuities
requirespecialhandlingusingshaperecipesandthesteepedgeis blurredout in therecon-
struction;seeSect.V for moredetail.) We usedthe sameregressioncoef�cients for the
4 pyramid levelsup to 160x160.Thus,we candescribethe320x160resolutionshapeof
image(a),51,200parameters,usinga40x20low-resolutionimageplus4 x 11x 11regres-
sion coef�cients, or 1,284parameters.Becauseof this dimensionalityreduction,andthe
possiblestabilityovershape,scale,andtime,weconjecturethatshaperecipeswouldmake
goodscenerepresentationsfor estimation.

Weconjecturethatmultiscaleshaperecipeshavevariousdesirablepropertiesfor estima-
tion. First, they allow for a compactencodingof shapeinformation,asall thecomplexity
of theshapeis encodedin theimageitself. Therecipesonly specifyhow to translateimage
into shape.Secondly, regularitiesin how theshaperecipes
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vary acrossscaleandspace
provide a powerful mechanismfor regularizingshapeestimates.Insteadof regularizing
shapeestimatesby assuminga prior of smoothnessof thesurface,we assumea slow spa-
tial variationof the functionalrelationshipbetweenimageandshape,which shouldmake
estimatingshaperecipeseasier. Third, shaperecipesimplicitly encodelighting andma-
terial information,which canbe usedfor material-basedsegmentation. In the next two
sectionswe discussthepropertiesof smoothnessacrossscaleandspaceandwe show po-
tential applicationsin improving shapeestimatesfrom stereoandin imagesegmentation
basedonmaterialproperties.

III. Scalingregularitiesof shaperecipes

Fig. 3 shows oneimageof a stereopair andtheassociatedshapeestimatedfrom a stereo
algorithm1. The shapeestimateis noisy in the high frequencies(seesurfaceplot andre-
renderedshape),but weassumeit is accuratein thelow spatialfrequencies.

�

We took our stereophotographsusinga 3 Megapixel OlympusCamediaC-3040camera,with a
Pentaxstereoadapter. We calibratedthestereoimagesusingthepoint matchingalgorithmof Zhang
[16], andrecti�ed the stereopair (so thatepipolesarealongscanlines) usingthe algorithmof [8],



(a) Imagepyramid (b) Shapepyramid

(c) Shaperecipesfor eachsubband

Fig. 4. Learningshaperecipesateachsubband.(a)and(b) arethesteerablepyramidrepresentations
of imageandstereoshape.(c) shows theconvolution kernelsthatbestpredict(b) from (a).

(a) image
(b) low-resshapeandrecipe

(c) recipesshape(surfaceplot)

(d) re-rendered
recipesshape

Fig. 5. Reconstructionfrom shaperecipes.Theshapeis representedby the informationcontained
in the image(a), the low-resshapepyramid residualandthe shaperecipes(b) estimatedat the
lowestresolution.Theshapecanberegeneratedby applyingtheshaperecipes(b) at the4 highest
resolutionscales.(d) shows the imagere-renderedunderdifferentlighting conditionsthan(a).
Thereconstructionis notnoisyandshowsmoredetailthanthestereoshape,Fig. 3, includingthe
�ne detailat thebottomleft of theimage(a).

Fig.4 showsthesteerablepyramidrepresentationsof theimage(a)andshape(b) andthe
learnedshaperecipes(c) for eachsubband(linearconvolution kernelsthatgive theshape
subbandfrom theimagesubband).Weexploit theslow variationof shaperecipesoverscale
andassumethat theshaperecipesareconstantover the top four octavesof thepyramid2.
Thus,from theshaperecipeslearnedat low-resolutionwe canreconstructa higherresolu-
tion shapeestimatethanthestereooutput,by learningtherenderingconditionsthentaking
advantageof shapedetailsvisible in the imagebut not exploitedby thestereoalgorithm.
Fig. 5 (a)and(b) show theimageandtheimplicit shaperepresentation:thepyramid's low-
resolutionshapeandtheshaperecipesusedoverthetopfour scales.Fig.5 (c) and(d) show
explicitly the reconstructedshapeimplied by (a) and(b): notethehigh resolutiondetails,

estimatingdisparitywith theZitnick–Kanadestereoalgorithm[17].
'

Exceptfor a scalefactor. We scaletheamplitudeof the�x edrecipeconvolution kernelsby 2 for
eachoctave, to accountfor a

�

( frequency fall-off in imagespectralcontent.



(a)Shape (b) Image (c) Image-based
segmentation

(d) Recipe-based
segmentation

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

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

IV. Segmentingshaperecipes

Segmentingan imageinto regionsof uniform color or texture is often an approximation
to an underlyinggoal of segmentingthe imageinto regionsof uniform material. Shape
recipes,by describinghow to transformfrom imageto shape,implicitly encodebothlight-
ing andmaterialproperties.Acrossunchanginglighting conditions,segmentingby shape
recipesallows us to segmentaccordingto a material's renderingproperties,even across
changesof intensitiesor textureof therenderedimage.

We expectshaperecipesto vary smoothlyover spaceexcept for abruptboundariesat
changesin materialor illumination. Within eachsubband,we canwrite theshape
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where 7 speci�esthenumberof recipesneededto explain theunderlyingshape
�)�

. The
weights*

/ , which will bea functionof location,will specifywhich recipehasto beused
within eachregionand,therefore,will providea segmentationof theimage.

To estimatethe parametersof the mixture (shaperecipesand weights),given known
shapeandtheassociatedimage,we usetheEM algorithm[15]. We encouragecontinuity
for the weights *

/ asneighboringpixels are likely to belongto the samematerial. We
usethemean�eld approximationto implementthespatialsmoothnessprior in theE step,
suggestedin [15].

Figure6showsasegmentationexample.(a)is afractalshape,with diagonalleft structure
acrossthe top half, anddiagonalright structureacrossthe bottomhalf. Onto that shape,
we “painted” two differentPhongshadingrenderingsin the two vertical halves, shown
in (b) (the right half is shinier than the left). Thus, texture changesin eachof the four
quadrants,but theonly materialtransitionis acrosstheverticalcenterline.An image-based
segmentation,which makesuseof textureandintensitycues,amongothers,�nds thefour
quadrantswhenlooking for 4 groups,but can't segmentwell whenforcedto �nd 2 groups,
(c). (We usedthe normalizedcuts segmentationsoftware, available on-line [11].) The
shaperecipesencodethe relationshipbetweenimageandshapewhensegmentinginto 2
groups,and�nds theverticalmaterialboundary, (d).



(a) image (b) image(subband) (c) stereodepth (d) stereodepth(subband)

(e) shaperecipe
(subband)

(f) recipe&stereo
(subband)

(g) recipe&stereo
(surfaceplot)

(h) laserrange
(subband)

(i) laserrange
(surfaceplot)

Fig. 7. Oneway to handleocclusionswith shaperecipes. Imagein full-res (a) andonesteerable
pyramid subband(b); stereodepth,full-res (c) andsubband(d). (e) shows subbandof shape
reconstructionusing learnedshaperecipe. Direct applicationof shaperecipeacrossocclusion
boundarymissestheshapediscontinuity. Stereoalgorithmcatchesthatdiscontinuity, but misses
othershapedetails.Probabilisticcombinationof thetwo shapeestimates(f, subband,g, surface),
assumingLaplacianshapestatistics,capturesthedesirabledetailsof both,comparingfavorably
with laserscannergroundtruth,(h, subband,i, surface,at slightmisalignmentfrom photos).

V. Occlusionboundaries

Not all imagevariationshave a direct translationinto shape.This is true for paintbound-
ariesthatdonotcorrelatewith shapevariationsandsomeocclusionboundariesthatdonot
generateanimageboundary(e.g.,a randomdotstereogram).

With shaperecipes,specialcasesneedto bemadefor occludingedges,shapevariations
thatdonot translateinto imagevariations.For instance,in Fig. 7 (c) theoccludingbound-
ary in theshapeonly producesa smoothchangein theimage(Fig. 7 (a)). In thatregionof
theimage,theshaperecipeswill produceanincorrectshapeestimate,however, thestereo
algorithmwill oftensuccessat �nding thoseocclusionedges.Ontheotherhand,stereoof-
tenfails to provide theshapeof imageregionswith complex shapedetails.For thespecial
caseof revising thestereoalgorithm'soutputusingshaperecipes,we proposea statistical
framework to combinebothsourcesof information.We wantto estimatetheshape
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that
maximizesthelikelihoodgiventheshapefrom stereo8 andtheimageintensity
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(For notationalsimplicity, weomit thespatialdependency from
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providestrongconstraintsfor thepossibleunderlyingshape
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factor *
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is a
normalizationfactor. Eq. (3) canbesimpli�ed by consideringthatstereoandimageinten-
sity areconditionallyindependent.Furthermore,we alsoconsiderindependencebetween
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Fig. 8. Leastsquareestimatefor the shapesubband>2? given both stereo @A? andshaperecipes
B

?�CEDF?�G . The graph(a) shows the �nal shapeestimateasa function of the shapeestimatedby
stereo.Whenthe @A? is closeto thevaluegiven by the recipes

B

?
CEDF?5G , then,the �nal shape>H?

doesnot vary with variationsin thestereoestimation.Thegraph(b) shows >2? asa funcionof
B

?�CEDF?�G for a �x valueof @A? . >H? is equalto
B

?
CEDF?5G only whenbothrecipesandstereogivesimilar
estimations.
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referto theoutputsof thesubband� . Althoughthis is anoversimpli�cation
it simpli�es theanalysisandprovidesgoodresults.

The functions *
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will dependon the noisemodelsfor the depth
from stereoandfor the shaperecipes. For the shapeestimatefrom stereowe assumea
gaussiandistribution for the noise. Therefore,at eachsubbandand spatial location we
have:
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In thecaseof theshaperecipes,agaussiannoisemodelis notadequate.Thedistribution
of theerror
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will dependonimagenoise,but moreimportantly, onall shapeand
imagevariationsthatarenot relatedwith eachother. Fig. 7 illustratesthispoint: theimage
data(Fig. 7 (b)) doesnot preserve theboundarythatexists in theshape(Fig. 7(h)). When
trying to estimateshapeusing the shaperecipe
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, it fails to capturethe boundary
althoughit capturescorrectlyothertexturevariations(Fig. 7 (e)). Therefore,
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will describethedistribution of occludingedgesthatdo not produceimagevariationsand
paint edgesthat do not translateinto shapevariations. Due to the sparsedistribution of
edgesin images(andrangedata),we expect
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to have a Laplaciandistribution
typical of thestatisticsof waveletoutputsof naturalimages[12]:
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In orderto verify this, we usethestereoinformationat thelow spatialresolutionsthatwe
expectis correctsothat: *
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(b) stereo shape

(c) recipes shape (d) recipes & stereo shape

(a) image

Fig. 9. Direct applicationof shaperecipeacrossocclusionboundarymissesthe shapedisconti-
nuity. Stereoalgorithmcatchesthatdiscontinuity, but missesothershapedetails. Probabilistic
combinationof thetwo shapeestimatescapturesthedesirabledetailsof both.
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This integral can be evaluatednumerically independentlyat eachpixel. When *

�}Z

,
then the LSE estimationis a weightedlinear combinationof the shapefrom stereoand
shaperecipes.However, with *

mPl

this problemis similar to theoneof imagedenosing
from waveletdecompositions[12] providing a non-linearcombinationof stereoandshape
recipes(�g. 8). The basicbehavior of Eq. (7) is to take from the stereoeverythingthat
cannotbe explainedby therecipes,andto take from therecipestherest. Whenever both
stereoandshaperecipesgive similar estimates,thenwe prefer the recipesbecausethey
rely on imageinformationthat haslower noisethanthe stereoinformation. However, in
theregionsin which therecipessaythattheshapeshouldbesomethingverydifferentthan



whatthestereois saying,then,theestimatedshapefollows thestereoestimation.

Figure9 shows shapesestimatedusingonly stereo(b), only shaperecipes(c) andboth
(d). The stereocapturestheocclusionboundariesbut fails in estimatingthe shapeof the
detailsin the image.On theotherhand,shaperecipescapturetheshapevariationscorre-
latedwith imagedetails,but theocclusionboundariesaresmoothed.Thecombination(d)
hasthedetailscapturedby therecipesandtheboundarycapturedby thestereo.

VI. Discussionand Summary

Unlike shape-from-shadingalgorithms[6], shaperecipesare fast, local proceduresfor
computingshapefrom image.Theapproximationof linearshading[7] alsoderivesa local
linear relationshipbetweenimageandshapesubbands.However, learningthe regression
coef�cients allows a linearized�t to moregeneralrenderingconditionsthan the special
caseof Lambertianshadingfor which linearshadingwasderived.

We have proposedshaperecipesasa representationthat leavesthe burdenof describ-
ing shapedetailsto the image. Unlike many othershaperepresentations,thesearelow-
dimensional,andshouldchangeslowly over time, distance,andspatialscale.We expect
thatthesepropertieswill proveusefulfor estimationalgorithmsusingtheserepresentations,
includingnon-linearextensions.

We showedthatsomeof thesepropertiesareindeedusefulin practice.We developeda
shapeestimateimproverthatreliesonaninitial estimatebeingaccurateat low resolutions.
Assumingthata shaperecipeschangeslowly over4 octaves,we learnedtheshaperecipes
at low resolutionand appliedthem at high resolutionto �nd shapefrom imagedetails
not exploitedby thestereoalgorithm. Comparisonswith groundtruth shapesshow good
results.Shaperecipesfold in informationaboutboth lighting andmaterialpropertiesand
canalsobeusedto estimatematerialboundariesoverregionswherethelighting is assumed
to beconstant.

Gilchrist andAdelsondescribe“atmospheres”,which arelocal formulasfor converting
imageintensitiesto perceived lightnessvalues[5], [1]. In this framework, atmospheres
are“lightnessrecipes”. A full descriptionof an imagein termsof a scenerecipewould
requirebothshaperecipesandre�ectancerecipes(for computingre�ectancevaluesfrom
imagedata),whichalsorequireslabellingpartsof theimageasbeingcausedby shadingor
re�ectancechanges,suchas[2].

At a conceptuallevel, this representationis consistentwith a themein humanvision
research,that our visual systemsusethe world as a framebuffer or visual memory, not
storing in the brain what canbe obtainedby looking [9]. Using shaperecipes,we �nd
simpletransformationrulesthat let usconvert from imageto shapewheneverwe needto,
by examiningtheimage.
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