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Abstract

Diffuseinterre ectionscauseefectsthat makecurrent
theoriesof shapefrom shadingunsatisfactory We show
that distantradiating surfacegproduceradiosity effectsat
low spatial frequencies. This meansthat, if a shading
patternhasa smallregion of support,unseersurfacesn
the environmentcan only produceeffectsthat vary slowly
over the supportregion. It is therefore relatively easyto
constructmatding processe$or sud patternsthatare ro-
bustto interre”ections.We call regionswith thesepatterns
ashading primitives®

Foldsandgrooveson surfacerovidetwo examplesof
shadingprimitives; the shadingpatternis relativelyinde-
pendentof surfaceshapeat a fold or a groove,and the
patternis localised. We showthat the patternof shading
canbe predictedaccuiately by a simplemodel,andderive
a matding processgromthis model. Bothgrooveandfold
matdersare shownto workwell onimagesfreal scenes.

1 Intr oduction

Thereis a long history of studyof the relationshipbe-
tweensurfaceshadingandshapégreviewedin greatedetail
in, for example,[9]). Horn's seminalthesis[8] estab-
lished the image irradianceequationas the fundamental
relationshipbetweensurfacegeometryand imagebright-
ness. Throughoutthe extensie literatureon solutionsto
this equation(seebibliographyin [9]) the emphasishas
beenon obtaininga densedepthmap from shading,as-
sumingthat the objecthasbeensegmented that shadav,
re ectanceandilluminationboundarie®itherdo notoccur
or have beenidenti®edandthat suf®cientinformationis
availableto determinehe re ectancemapthatapplies.

Thismodelof shadingpmitstheeffectsof diffuseinter-
re”ections,a sourceof varioussubstantiakffectsthatare
noticeableto humanobserers[17] and represenainim-
portantcomponenbf shadingn mostrealscene$4]. Dif-
fuseinterre ectionscreatesigni®cantomputationatlif®-
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culties,becausédrightnessat a patchis not simply a func-
tion of the surfacenormal, but a function of all radiating
surfacesmodelledby the radiosityequation[18]. There-
lationshipbetweeranobject's shapeandits radiositybthe
mainmatterto studybis exceptionallycomple.

2 Shapeand shading

Very few techniquedor extracting shapeinformation
from shading®eldsarerobustto the effectsof diffusein-
terre ections. Nayars method[16] for extractinga dense
depthmap usesestimatesf interre”ections,but doesnot
take into accountthe effects of shadavs, and of distant
surfaces.Belhumeuret al. [1] shoved that differentsur
facesunderdifferentillumination conditionscanyield the
sameimage. To overcomethe dif®cultyof ®ndingdense
depthmaps,onemay eitherchangethetype of shaperep-
resentatiorsoughtin the shading®eld, or the model of
shading.Langeret al. adopteda modelof shadingwhere
surfacebrightnessat a point was proportionalto the visi-
ble solid anglesubtendedby the sky atthatpoint[15, 14].
Koenderinkpointed out that deep pits and grooves had
characteristiphotometriqropertiesandconsideredhad-
ing propertiecharacteristiof particularshapeg12]. The
otherapproachasadwcatedy ForsythandZissermanis
to attemptto build a dictionaryof correspondingstylised
shapeand shadingevents, so that shadingpropertiesthat
arestableunderinterre ectionscanbeusedto infer ashape
representatiofb].

In our opinion, the bestprospectfor extracting shape
informationfrom shadings to construciprogramghatob-
sene stylised propertiesof shadingand associatehose
propertieswith shapeprimitives or their properties. In
what follows, we shaw that, for two particular shading
primitives theshading®eldis robustto interre” ectionsijts
appearanceanbepredictedwvith asimplemodel,andthese
predictionscanbeusedio ®ndfoldsandgroovesin images
of realscenes.
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Figurel: Theeffectsof distantsurfacescanbe estimated
by consideringa small surface patc illuminated by an
in®niteplane carrying a radiosityof sin ; the patdc
is sufdcientlysmallthat its contributionto the plane's ra-
diosity canbeignored. Theradiosityon the patd in this
con®guation givesa guideasto wheke theshapenforma-
tionis in thepatdh's shading®eld.

3 The effectof distant radiators

To be useful, ary analysisof a shading®eldmustbe
robust to the effects of surfacesthat passiely radiateto
the objectbeingstudied,but may not be visible. Mutual
illumination hasa characteristismoothingeffect; shading
effectsthathaveahighspatiafrequeny (referredoaframe
on thesurfacein question)anda high amplitudegenerally
cannotcomefrom distantsurfaces.The effectis not well
describedn theliterature but is exploitedin algorithmsfor
determiningthe distribution of illumination givena setof
surfacesparticularly[7, 6].

To illustratethis effect, considera small surfacepatch
illuminatedby adistant,in®niteplaneasin Figurel. The
surfacepatchis smallenougtthat enegy transferfromthe
patd to the planeis insigni®cantn determiningshading
distributions This is a good modelfor mary important
naturakituationssuchasobjectdn aroomatsomedistance
from thewalls. Shadingis scale-iwvariant,so we can®x
the distancebetweenthe patchandthe planeat one unit.
Assumeheplanecarriesaradiosityof sin  (thereis no
reasorto ensurehisis non-ngative, sincetheradiosityof
thepatchislinearin theradiosityof theplane).Now assume
thatthe patchcarriesa resultingradiosity  sin , and
call thegainat frequeng , which we shallwrite as

. By studyingthis gain,we candeterminewhethera
signalis likely to have comefrom a surfaceregion or from
adistantradiator

If the patchis parallelto the plane,theradiosityon the
patchis exactly 1 Sin .Here jisamodi®ed
Bessefunctionof thesecondkind and is there ectance
of the patch. In this case, 1, whichfalls
very quickly with  (as®gure2 shavs) and approaches
zeroexponentiallyas

If the patchis slantedwith respectto the planeby ,
the effect is even more pronounced.Figure 2 alsoshavs
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Figure2: A patc with a frontal view of an in®niteplane
whidhis aunitdistanceawayandcarriesa radiositysin
canbeshownto carry a radiosityof 1 Sin ;we
refer to 1 as the gain of the spatial frequency
This graph showsthe gain for a frontal patc, and
numericalestimatesf the gain for patchesat ten equal
stepdn slantanglewith respectotheplane,fromOto 2,
asafunctionofspatal frequencyntheplane Notethatthe
gainfalls extremelyfastasa functionof spatialfrequency
meaninghatlargetermsathighspatialfrequenciemustbe
regional effects,ratherthanthe resultof distantradiators.

numericakstimatesf thecomponenbf radiosityatspatial
frequeny cos forvariousslantangles.Again,the
gainfunctiondiesoff to zerovery quickly with increasing
or . Thus,if oneobseresa high amplitudeterm ata
high spatialfrequeng, it is unlikelyto haveresultedfrom
the effectsof distant, passiveradiators. While very high
frequenyg shadingeffects(?edgesP)are oftenidenti®edas
being dueto changesn re ectance,[13, 10, 2] and low
frequenyg shadingeffectsmay be dueto distantradiators,
thereis a mid rangeof spatialfrequencieghatarelargely
unafectedby mutualilluminationfrom distantsurfaces.

Thedistinctionbetweerre” ectanceandshadingeffects
raisesa dif®cultywhenone considergerspectiebas an
objectrecedesnto the distancethe spatialfrequencief
the correspondingmageregion rise. This meanghat ef-
fectsthatareclassi®easilluminationchanges$n anearby
objectbecomere ectancechangesvhenthe objectis dis-
tant.

The scaling property of the gain function for distant
radiatorsovercomesthis dif®culty Becauseshadingis
scaleinvariant, the gain that occurswhen the patchis
unitsaway from the planeis the sameasthe gainwhenthe



geometryis scaledby :
1

The gainfrom a passve radiatorat the focal point to the

imageof anobjectin the scenanaythenbe shavnto bea

functionof the productof thefrequeng of theillumination

changesandthe distanceto that object. This meansthat
image spatialfrequenciean be usedto assessvhether
theshading®eldcontaindocalinformationor globalinfor-

mation(from invisible, distantsurfacesj)f thefocallength
is known and someestimateof the slantis available. In

particular the supportof ®ltersdesignedo extract shape
informationfrom theshading®eldcanbedeterminedn an

imageframe,ratherthana 3D frame.

This leadsus to a meaningof the term @regional®®
imagescalesn which no surfacesanbe omittedin deter
mining the effectsof interre”ections. Clearly, interre ec-
tionsmustbeconsideredverlargerscaleghanjustahand-
ful of pixels,but we have alsoshavn thatwe do not need
to considethewholeimage.

4 Finding grooves

Althoughgroovesandfoldsmaybegeometricallysmall,
they mayhave largephotometricconsequencespthatary
attemptto discover the large-scaleshapeof anobjectmust
®rstidentify and discounttheseshadingprimitives. The
shadingacrossthe groove or fold is a regional property
undertheassumptiothatthe underlyingsurfaces corvex
and haslow curvature. While thereare an in®nitenum-
ber of possiblegroove shapesthe similaritiesin images
of grooves are more striking that the differences. Fig-
ures3(b,c)shav two imagesof grooves. The reademmay
wish to attemptto guesswhich of the groove shapesn
Figure 3(a) thesetwo grooves represent. We presenta
simplemodelwhich we useto predicttheradiosityacross
agroove. We thenshav thatthe modelagreesxtremely
well with experimentandcanthereforebe usedto identify
thepresencef groovesin images.

4.1 Modelling grooves

We modelthe radiosity at ary point on the groove as
the sumof two componentsthe ®rstdueto distantradia-
tors,whichis uniform (becauseary spatialfrequeng high
enoughto be non-uniformover the supportof the groove
wassuppresseby thelow gainathighspatialfrequencies);
andthe seconddueto a singlepoint sourcemodeledasa
sourceat in®nity. This is a versionof a modelsuggested
by Koenderin{11] andalsousedby Langeretal.[15].

IFigure 3(b) hasthe triangularcross-sectiomwhile 3(c) hassemicie
cularcross-section.

(b) (©

Figure3: (a) Cross-sectionacrossthegrooveaxisof paper
modelsof grooves. Pictures of su&h modelsmadefrom
black, grey and white paper were taken under different
lighting condtionsin orderto validate the predictionsofthe
theory (b,c) Typicalimagef experimentagrooves.Note
that althoughit is clear that theseare imagesof grooves,
it is dif®cultto determinethe cross-sectiorshapeof the
groovepurely fromthe shading Thereadermaywishto
guesswhich of the groovesin (a) theseimagesrepresent.
Theanswerappearsn thefootnote

Becausehe groove hastranslationasymmetrywe can
modelthe@sky® (distantradiatorspsanin®nitelylong half
cylinder above the groove with its axis at the centreof the
groove. We canthenwrite thebrightnesatapoint inthe
groove as:

— sin 1 sin ¢ cos

2

where ; and ¢ arethe polar anglesof the edgesof the
unobscuredky (measuredromthezenith), isthepolar
angleof thethenormalat , is the polarangleof the
pointlight sourceand and  arethebrightnessesf
the ambientand point light sources. This simple model
allows usto predicttheradiositygivena particulargroove
shape.

4.2 Con®rmingthe model

In orderto con®rnmour shadingnodel,wewishto com-
parethetheoreticapredictionsf radiositypro®lego those
obtainedfrom realimages. A supportvectormaching[3]
trainedon theoreticaldatapredictedfrom the modelgives
alow falsenegative rateonrealimagesjndicatingthatthe
modelaccuratelye ectsreality.

Procedures. For theexperimentaldata,we constructed
a setof modelsof canonicalgrooves,in white, grey and
black,with cross-sectioshapeshavnin Figure3(a). Pho-
tographsof thesemodelsweretakenat differentpositions
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Figure4: (a) Typicalrandongroovesisedo predictgroove
radiosities. Eadh of the groovesare symmetrictwice as
wide as they are deep,and havepolygonalcrosssection.
Shownrhetre is thewidth of thegroovewith noneof the sur-
rounding planebthesecross sectionsmay be consideed
asachisel shapes®. We usesud a wide rangeof shapes
becauseveare unintelestedn the differencesetweerdif-
ferentgrooveshapes(b) Theintensitycrosssectionof the
groovesn (a), as predictedby themodel.

in the room (giving variationsin the ambientlight) with
differentpoint light sourcedirections(seeFigures3(b,c)).
In orderto control the directionof the point light source,
we mayeither®xthepositionof thelight sourceandallow
theshadav positionto vary, or ®xtheshadav position,and
move the point light source.Sincewe aremoreinterested
in localisingthegroove thanthedetailsof theillumination,
we choosdhelatter.

We generatetwo experimentablatasets eachof ®fteen
images. The ®rstconsistedof all combinationsof shape
andre ectance takenwith the sameshadev positionand
sameambientlight. The secondsethad varying shadev
positionsandambientlight.

For our theoreticaldata,we generated large number
of randomsymmetricpolygonalgrooves(seeFigure4(a)).
After ®ndingthe positionof thepointlight sourcethatwill
casta shadawv boundaryat the desiredposition, we used
our modelto generatehe radiosityacrosghe groove (see
Figure 4(b)). Sincethe angle of incidenceof the point
light sourcevaries, the averageradiosity of eachgroove
varies. To correctfor this, eachintensity cross-sectiofis
normalizedo have zeromeanandunit variance.

Negative exampleswere takenfrom randomlychosen
linesin randomimages.

Comparison. A supportvectormachineis a learning
machinethatdetermineshe hyperplanen thefeaturevec-
tor spacewhich bestseparateshe positive and negative
data[3]. We trainedan SVM using theoreticaldatafor
positive examples.Noneof the real groove cross-sections

testedheggative, no matterwhattheir shadav positionwas,
indicatingthatthetestdata(from experimentaimageshre
consistentwith the model data (theoreticallygenerated).
Thus,oursimplegroove modelre ectsreality accurately
Sincethe theoreticalpredictionsmatchthe experimen-
tal data,we canusethe theoryto construct®ltersto ®nd
groovesin real images. Furthermore sincethe shading
modelworksfor grooves,we expectit to work for folds.

5 Implementation and results

Groovesappearin imagesin a rangeof orientations,
aspectratios, scalesand with differentshadev positions
and shapes. To ®ndgrooves of a particularorientation,
the imageis blurred alongthe desireddirection, andthe
imageintensityperpendiculato this direction,(acrosshe
groove) is testedusingthe SVM. Different aspectratios
can be searchedy varying the width of the blur. Size
differencesareeasilydealtwith by scalingtheimage. We
have alreadyseenthatthe SVM is relatively insensitie to
shadav position. Finally, we have seenthat the shapeof
thegroove hasvery little effectontheimage.

Runningthe groove ®nderfor onegroove sizeandvar
ious orientationson the imagesin the top row of Figure5
yieldstheimagesn the bottomrow. Black pixelsindicate
thepresencef agroove. In all imagesthe spineis clearly
labeledas a groove. In (a) and (b), the shoulderblades
are also markedas grooves. The detectorsare selectve
asto sizeandorientationBthe ®gureshavs examplesat a
rangeof orientationgunedto onesizeandorientationand
thereforedo not pick up all thegroovesin animage.

Thegroove detectoralsomarkssomethingsasgrooves
which are not (for example, the left side of the backin
(b)). It is unreasonabl¢éo expect templatematchingto
yield a zerofalse positive rate. At a higherlevel, when
constructinga representatiorof the object, we can take
into accounitherevidence(suchasedgeboundariesand
rejectmary of thefalsepositives.

Folds can be detectedusing the samestratgy. We
generatgandomsymmetricpolygonalfolds, andthenuse
the shadingmodelto predictthe radiosityover afold. An
SVM basedon the predictedimagesis generatedandis
thenrun on realimagesgiving extremelygoodresults,as
maybeseenin Figure6.

6 Discussion

Folds and grooves are small deformationon surfaces
that producelarge photometriceffects. The patternof
shadingon a fold or a groove is predictedwell by a sim-
ple vignettingmodel,andshaws signi®cantonsisteng in
the shadingover differentshapes. This meansthat folds
andgroovescanbe markedeffectively by ®lterspredicted
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Figure5: Top row: Original images. While the groove causedby the spineis geometricallysmall, it has signi®cant
photometricconsequenceaffectingtheshadingfor asmud asa third of thewidth of thebad. It is for thisreasorthatwe

seeka representatiorwhich combinegieometricabind photometrigorimitives.

Bottomrow: Groovedetectoroutput(bladk pixelsindicatethe presenceof a groove). The detectorhas beentrainedon

theoetical predictionsof grooveshape It is highly selectivein termsof sizeand orientation. In eat case,the detector
is looking for groovesthat are 40 pixelswide Theticksare every 50 pixels. (a) The predominanfgrooveis vertical, so

we look for groovesat 0 . Boththe spineandtheleft shouldbladeare identi®edbut the kidneys are not marked,dueto

their differentorientation. (b) Grooveangleof 15 marksthespineandright shoulderblade Theedgeof thebad is also

markedbthisfalsepositivewill needto berejectedtakinginto accountotherevidence (c) Becausé¢heilluminationis from

theleft, welook for groovesat 180 . (d) Grooveangleof 15 . Thehorizontallinesin thisimageandin (b) are artifacts

of the processf blurring alongthe groove

from a simple shadingmodel without attemptingto infer
shapeor the positionof theilluminant. Furthermorethis
approaclis robusttointerre ectionspecausé looksatre-
gionalpropertiesandat spatialfrequencieshatarelargely
unafectedby distantradiators.

Foldsandgroovesarebestidenti®edasadictionary en-
tries®, wherea characteristigatternin shadingevokesa
stylisedshapeperceptratherthanby a densedepthmap,
which maybe dif®cultto obtain. Thisapproaclseeshad-
ing analysisas a collection of matchingactvities, where
primitivesareidenti®ecdn top of eachother Consideithe
imageof aclothedimbbonce theeffectsof thefoldsin the
cloth have beendiscountedye candecidewhetherthere-
mainingshadingpatternis consistentvith thatof acylinder.

Furthermoreby examiningthecollectionof folds, we may
beableto extractsomeinformationonthe con®guratiowf
thebodyunderneatltheclothes.

This formalism hasa numberof attractions. It does
not attemptto extract redundanbor ill-conditionedshape
information;it canbe maderobustto interre” ections;and
shadingmodelscan be usedto predictlikely primitives.
The centralissuefor further work is ®ndingmore shad-
ing primitives,ideally with the aid of simpli®edshading
modelsandusingtheseprimitivesin recognition.
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Figure6: Toprow: Original images.While of a mud smallerscalethanthe shapeof the body folds are very signi®cant
photometrically Notethe consistencyn fold spacing,andthefactthat thefoldsin the cloth containvaluableinformation
aboutthe con®guation of thebodyunderneath.
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foldsthatare 46 pixelswide Theticksare every50 pixels. (a) Thepredominanfoldsat 20 extracted.(b) 150 . (c) 160 .
(d) 40 . Thefalsepositivesappearingn thisimagewill needto berejectedat a higherlevel. Thehorizontallinesat thetop
andbottomof (b), (c) and(d) are artifacts of the processof blurring alongthefold.
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