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Abstract
Diffuseinterre¯ectionscauseeffectsthat makecurrent

theoriesof shapefrom shadingunsatisfactory. We show
that distantradiatingsurfacesproduceradiosityeffectsat
low spatial frequencies. This meansthat, if a shading
patternhasa small region of support,unseensurfacesin
theenvironmentcanonly produceeffectsthat vary slowly
over the supportregion. It is therefore relativelyeasyto
constructmatchingprocessesfor such patternsthatarero-
bustto interre¯ections.Wecall regionswith thesepatterns
ªshadingprimitives.º

Foldsandgroovesonsurfacesprovidetwo examplesof
shadingprimitives; the shadingpatternis relativelyinde-
pendentof surfaceshapeat a fold or a groove,and the
patternis localised. We showthat the patternof shading
canbepredictedaccuratelyby a simplemodel,andderive
a matchingprocessfromthis model.Bothgrooveandfold
matchersareshownto workwell onimagesof realscenes.

1 Intr oduction
Thereis a long history of studyof therelationshipbe-

tweensurfaceshadingandshape(reviewedin greaterdetail
in, for example, [9]). Horn's seminal thesis[8] estab-
lished the image irradianceequationas the fundamental
relationshipbetweensurfacegeometryand imagebright-
ness. Throughoutthe extensive literatureon solutionsto
this equation(seebibliographyin [9]) the emphasishas
beenon obtaininga densedepthmap from shading,as-
sumingthat the objecthasbeensegmented,that shadow,
re¯ectanceandilluminationboundarieseitherdonotoccur
or have beenidenti®ed,andthat suf®cientinformationis
availableto determinethere¯ectancemapthatapplies.

Thismodelof shadingomitstheeffectsof diffuseinter-
re¯ections,a sourceof varioussubstantialeffectsthat are
noticeableto humanobservers [17] andrepresentan im-
portantcomponentof shadingin mostrealscenes[4]. Dif-
fuseinterre¯ectionscreatesigni®cantcomputationaldif®-

culties,becausebrightnessat a patchis not simplya func-
tion of the surfacenormal,but a functionof all radiating
surfaces,modelledby theradiosityequation[18]. There-
lationshipbetweenanobject'sshapeandits radiosityÐthe
mainmatterto studyÐis exceptionallycomplex.

2 Shapeand shading
Very few techniquesfor extracting shapeinformation

from shading®eldsarerobust to the effectsof diffusein-
terre¯ections.Nayar's method[16] for extractinga dense
depthmapusesestimatesof interre¯ections,but doesnot
take into accountthe effects of shadows, and of distant
surfaces.Belhumeuret al. [1] showed that differentsur-
facesunderdifferentillumination conditionscanyield the
sameimage. To overcomethe dif®cultyof ®ndingdense
depthmaps,onemayeitherchangethetypeof shaperep-
resentationsoughtin the shading®eld,or the model of
shading.Langeret al. adopteda modelof shadingwhere
surfacebrightnessat a point wasproportionalto the visi-
ble solidanglesubtendedby thesky at thatpoint [15, 14].
Koenderinkpointed out that deeppits and grooves had
characteristicphotometricproperties,andconsideredshad-
ing propertiescharacteristicof particularshapes[12]. The
otherapproach,asadvocatedby ForsythandZisserman,is
to attemptto build a dictionaryof correspondingstylised
shapeandshadingevents,so that shadingpropertiesthat
arestableunderinterre¯ectionscanbeusedto inferashape
representation[5].

In our opinion, the bestprospectfor extracting shape
informationfrom shadingis to constructprogramsthatob-
serve stylised propertiesof shadingand associatethose
propertieswith shapeprimitives or their properties. In
what follows, we show that, for two particularshading
primitives,theshading®eldis robustto interre¯ections,its
appearancecanbepredictedwith asimplemodel,andthese
predictionscanbeusedto ®ndfoldsandgroovesin images
of realscenes.



Figure1: Theeffectsof distantsurfacescanbeestimated
by consideringa small surfacepatch illuminated by an
in®niteplane carrying a radiosity of � sin ��� ; the patch
is suf®cientlysmall that its contribution to theplane's ra-
diositycanbe ignored. Theradiosityon the patch in this
con®gurationgivesa guideasto where theshapeinforma-
tion is in thepatch'sshading®eld.

3 The effectof distant radiators
To be useful, any analysisof a shading®eldmustbe

robust to the effects of surfacesthat passively radiateto
the objectbeingstudied,but may not be visible. Mutual
illuminationhasa characteristicsmoothingeffect;shading
effectsthathaveahighspatialfrequency (referredtoaframe
on thesurfacein question)anda high amplitudegenerally
cannotcomefrom distantsurfaces.Theeffect is not well
describedin theliterature,but is exploitedin algorithmsfor
determiningthe distribution of illumination givena setof
surfaces,particularly[7, 6].

To illustratethis effect, considera small surfacepatch
illuminatedby a distant,in®niteplaneasin Figure1. The
surfacepatchis smallenoughthatenergy transferfromthe
patch to the planeis insigni®cantin determiningshading
distributions. This is a good model for many important
naturalsituations,suchasobjectsin aroomatsomedistance
from the walls. Shadingis scale-invariant,so we can®x
the distancebetweenthe patchandthe planeat oneunit.
Assumetheplanecarriesaradiosityof � sin ��� (thereis no
reasonto ensurethis is non-negative,sincetheradiosityof
thepatchislinearin theradiosityof theplane).Now assume
that the patchcarriesa resultingradiosity
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signalis likely to have comefrom a surfaceregion or from
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patchis exactly
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Besselfunctionof thesecondkind and
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is there¯ectance
of thepatch. In this case,
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��� , which falls
very quickly with � (as ®gure2 shows) andapproaches
zeroexponentiallyas ����� .

If the patchis slantedwith respectto the planeby � ,
the effect is even morepronounced.Figure2 alsoshows
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Figure2: A patch with a frontal view of an in®niteplane
which is aunit distanceawayandcarriesa radiositysin ���

canbeshownto carry a radiosityof
�
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��� sin ��� ; we
refer to ����� 1




��� as the gain of the spatial frequency
� . This graph showsthe gain for a frontal patch, and
numericalestimatesof the gain for patchesat ten equal
stepsin slantanglewith respectto theplane,from0 to �




2,
asafunctionofspatial frequencyontheplane. Notethatthe
gain falls extremelyfastasa functionof spatialfrequency,
meaningthatlargetermsathighspatialfrequenciesmustbe
regional effects,ratherthantheresultof distantradiators.

numericalestimatesof thecomponentof radiosityatspatial
frequency �

�
��� cos� for variousslantangles.Again,the

gainfunctiondiesoff to zerovery quickly with increasing
� or � . Thus,if oneobservesa high amplitudeterm at a
high spatialfrequency, it is unlikely to haveresultedfrom
the effectsof distant,passiveradiators. While very high
frequency shadingeffects(ªedgesº)areoftenidenti®edas
being due to changesin re¯ectance,[13, 10, 2] and low
frequency shadingeffectsmaybedueto distantradiators,
thereis a mid rangeof spatialfrequenciesthatarelargely
unaffectedby mutualilluminationfrom distantsurfaces.

Thedistinctionbetweenre¯ectanceandshadingeffects
raisesa dif®cultywhenoneconsidersperspectiveÐas an
objectrecedesinto thedistance,thespatialfrequenciesof
the correspondingimageregion rise. This meansthat ef-
fectsthatareclassi®edasilluminationchangesin anearby
objectbecomere¯ectancechangeswhentheobjectis dis-
tant.

The scaling propertyof the gain function for distant
radiatorsovercomesthis dif®culty. Becauseshadingis
scaleinvariant, the gain that occurswhen the patchis �

unitsawayfrom theplaneis thesameasthegainwhenthe
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The gain from a passive radiatorat the focal point to the
imageof anobjectin thescenemaythenbeshown to bea
functionof theproductof thefrequency of theillumination
changesandthe distanceto that object. This meansthat
imagespatialfrequenciescan be usedto assesswhether
theshading®eldcontainslocalinformationor globalinfor-
mation(from invisible,distantsurfaces)if thefocal length
is known andsomeestimateof the slant is available. In
particular, the supportof ®ltersdesignedto extract shape
informationfrom theshading®eldcanbedeterminedin an
imageframe,ratherthana 3D frame.

This leadsus to a meaningof the term ªregionalºÐ
imagescalesin whichnosurfacescanbeomittedin deter-
mining the effectsof interre¯ections. Clearly, interre¯ec-
tionsmustbeconsideredoverlargerscalesthanjustahand-
ful of pixels,but we have alsoshown thatwe do not need
to considerthewholeimage.

4 Finding grooves
Althoughgroovesandfoldsmaybegeometricallysmall,

they mayhave largephotometricconsequences,sothatany
attemptto discover thelarge-scaleshapeof anobjectmust
®rstidentify anddiscounttheseshadingprimitives. The
shadingacrossthe groove or fold is a regional property
undertheassumptionthattheunderlyingsurfaceis convex
andhaslow curvature. While therearean in®nitenum-
ber of possiblegroove shapes,the similarities in images
of grooves are more striking that the differences. Fig-
ures3(b,c)show two imagesof grooves. Thereadermay
wish to attemptto guesswhich of the groove shapesin
Figure 3(a) thesetwo grooves represent.1 We presenta
simplemodelwhich we useto predicttheradiosityacross
a groove. We thenshow that the modelagreesextremely
well with experiment,andcanthereforebeusedto identify
thepresenceof groovesin images.

4.1 Modelling grooves
We model the radiosityat any point on the groove as

thesumof two components:the®rstdueto distantradia-
tors,which is uniform(becauseany spatialfrequency high
enoughto be non-uniformover the supportof the groove
wassuppressedbythelow gainathighspatialfrequencies);
andtheseconddueto a singlepoint source,modeledasa
sourceat in®nity. This is a versionof a modelsuggested
by Koenderink[11] andalsousedby Langeret al.[15].

1Figure3(b) hasthe triangularcross-section,while 3(c) hassemicir-

cularcross-section.

(a) (b) (c)

Figure3: (a)Cross-sectionsacrossthegrooveaxisofpaper
modelsof grooves. Pictures of such modelsmadefrom
black, grey and white paper were taken under different
lighting conditionsin ordertovalidatethepredictionsofthe
theory. (b,c)Typicalimagesof experimentalgrooves.Note
that althoughit is clear that theseare imagesof grooves,
it is dif®cultto determinethe cross-sectionshapeof the
groovepurely from the shading. Thereadermaywish to
guesswhich of the groovesin (a) theseimagesrepresent.
Theanswerappearsin thefootnote.

Becausethegroove hastranslationalsymmetry, wecan
modeltheªskyº (distantradiators)asanin®nitelylonghalf
cylinder above thegroove with its axisat thecentreof the
groove. Wecanthenwrite thebrightnessatapoint � in the
grooveas:
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where
�

1 and
�

0 are the polar anglesof the edgesof the
unobscuredsky (measuredfrom thezenith),

��


is thepolar
angleof the the normalat � ,

�

�

is the polar angleof the
point light source,and

���

and
�

�

arethebrightnessesof
the ambientandpoint light sources. This simplemodel
allowsusto predicttheradiositygivena particulargroove
shape.

4.2 Con®rmingthe model
In orderto con®rmourshadingmodel,wewishto com-

parethetheoreticalpredictionsof radiositypro®lesto those
obtainedfrom real images.A supportvectormachine[3]
trainedon theoreticaldatapredictedfrom themodelgives
a low falsenegativerateonrealimages,indicatingthatthe
modelaccuratelyre¯ectsreality.

Procedures. For theexperimentaldata,weconstructed
a setof modelsof canonicalgrooves, in white, grey and
black,with cross-sectionshapesshownin Figure3(a). Pho-
tographsof thesemodelsweretakenat differentpositions
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Figure4: (a)Typicalrandomgroovesusedtopredictgroove
radiosities. Each of the groovesare symmetric,twice as
wide as they are deep,and havepolygonalcrosssection.
Shownhere is thewidthof thegroovewith noneof thesur-
roundingplaneÐthesecrosssectionsmay be considered
as ªchisel shapesº. We usesuch a wide rangeof shapes
becauseweareuninterestedin thedifferencesbetweendif-
ferentgrooveshapes.(b) Theintensitycrosssectionof the
groovesin (a), aspredictedby themodel.

in the room (giving variationsin the ambientlight) with
differentpoint light sourcedirections(seeFigures3(b,c)).
In orderto control the directionof the point light source,
wemayeither®xthepositionof thelight source,andallow
theshadow positionto vary, or ®xtheshadow position,and
move thepoint light source.Sincewe aremoreinterested
in localisingthegroovethanthedetailsof theillumination,
wechoosethelatter.

Wegeneratedtwo experimentaldatasets,eachof ®fteen
images. The ®rstconsistedof all combinationsof shape
andre¯ectance,takenwith the sameshadow positionand
sameambientlight. The secondsethadvarying shadow
positionsandambientlight.

For our theoreticaldata,we generateda large number
of randomsymmetricpolygonalgrooves(seeFigure4(a)).
After ®ndingthepositionof thepoint light sourcethatwill
casta shadow boundaryat the desiredposition,we used
our modelto generatetheradiosityacrossthegroove (see
Figure 4(b)). Sincethe angleof incidenceof the point
light sourcevaries,the averageradiosity of eachgroove
varies. To correctfor this, eachintensitycross-sectionis
normalizedto have zeromeanandunit variance.

Negative exampleswere takenfrom randomlychosen
linesin randomimages.

Comparison. A supportvectormachineis a learning
machinethatdeterminesthehyperplanein thefeaturevec-
tor spacewhich bestseparatesthe positive and negative
data[3]. We trainedan SVM using theoreticaldatafor
positive examples.Noneof therealgroove cross-sections

testednegative,nomatterwhattheir shadow positionwas,
indicatingthatthetestdata(from experimentalimages)are
consistentwith the model data(theoreticallygenerated).
Thus,oursimplegroove modelre¯ectsrealityaccurately.

Sincethe theoreticalpredictionsmatchthe experimen-
tal data,we canusethe theoryto construct®ltersto ®nd
grooves in real images. Furthermore,sincethe shading
modelworksfor grooves,weexpectit to work for folds.

5 Implementation and results
Groovesappearin imagesin a rangeof orientations,

aspectratios, scalesand with differentshadow positions
and shapes. To ®ndgrooves of a particularorientation,
the imageis blurredalongthe desireddirection,and the
imageintensityperpendicularto this direction,(acrossthe
groove) is testedusing the SVM. Dif ferent aspectratios
can be searchedby varying the width of the blur. Size
differencesareeasilydealtwith by scalingtheimage.We
have alreadyseenthat theSVM is relatively insensitive to
shadow position. Finally, we have seenthat the shapeof
thegroovehasvery little effecton theimage.

Runningthegroove ®nderfor onegroove sizeandvar-
iousorientationson the imagesin the top row of Figure5
yieldstheimagesin thebottomrow. Black pixelsindicate
thepresenceof agroove. In all images,thespineis clearly
labeledas a groove. In (a) and (b), the shoulderblades
are also markedas grooves. The detectorsareselective
asto sizeandorientationÐthe®gureshows examplesat a
rangeof orientationstunedto onesizeandorientation,and
thereforedonotpick upall thegroovesin animage.

Thegroove detectoralsomarkssomethingsasgrooves
which are not (for example, the left side of the back in
(b)). It is unreasonableto expect templatematchingto
yield a zero false positive rate. At a higher level, when
constructinga representationof the object, we can take
into accountotherevidence(suchasedgeboundaries)and
rejectmany of thefalsepositives.

Folds can be detectedusing the samestrategy. We
generaterandomsymmetricpolygonalfolds,andthenuse
theshadingmodelto predicttheradiosityover a fold. An
SVM basedon the predictedimagesis generated,andis
thenrun on real images,giving extremelygoodresults,as
maybeseenin Figure6.

6 Discussion
Folds andgroovesaresmall deformationson surfaces

that producelarge photometriceffects. The patternof
shadingon a fold or a groove is predictedwell by a sim-
plevignettingmodel,andshows signi®cantconsistency in
the shadingover differentshapes.This meansthat folds
andgroovescanbemarkedeffectively by ®lterspredicted
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Figure 5: Top row: Original images. While the groovecausedby the spineis geometricallysmall, it has signi®cant
photometricconsequences,affectingtheshadingfor asmuch asa third of thewidthof theback. It is for this reasonthatwe
seeka representationwhich combinesgeometricalandphotometricprimitives.
Bottomrow: Groovedetectoroutput(black pixels indicatethe presenceof a groove). Thedetectorhasbeentrainedon
theoretical predictionsof grooveshape. It is highly selectivein termsof sizeandorientation. In each case,the detector
is looking for groovesthat are 40 pixelswide. Theticksare every 50 pixels. (a) Thepredominantgrooveis vertical, so
we look for groovesat 0

�

. Both thespineand the left shouldbladeare identi®ed,but thekidneysare not marked,dueto
their differentorientation. (b) Grooveangleof 15

�

marksthespineandright shoulderblade. Theedgeof theback is also
markedÐthisfalsepositivewill needto berejected,takinginto accountotherevidence. (c) Becausetheilluminationis from
theleft, welook for groovesat 180

�

. (d) Grooveangleof
	

15
�

. Thehorizontallinesin this imageandin (b) are artifacts
of theprocessof blurring alongthegroove.

from a simpleshadingmodelwithout attemptingto infer
shapeor thepositionof the illuminant. Furthermore,this
approachis robustto interre¯ections,becauseit looksatre-
gionalpropertiesandatspatialfrequenciesthatarelargely
unaffectedby distantradiators.

Foldsandgroovesarebestidenti®edasªdictionaryen-
triesº, wherea characteristicpatternin shadingevokesa
stylisedshapepercept,ratherthanby a densedepthmap,
whichmaybedif®cultto obtain.Thisapproachseesshad-
ing analysisasa collectionof matchingactivities, where
primitivesareidenti®edon topof eachother. Considerthe
imageof aclothedlimbÐonce theeffectsof thefoldsin the
cloth have beendiscounted,wecandecidewhetherthere-
mainingshadingpatternisconsistentwith thatof acylinder.

Furthermore,by examiningthecollectionof folds,wemay
beableto extractsomeinformationonthecon®gurationof
thebodyunderneaththeclothes.

This formalism hasa numberof attractions. It does
not attemptto extract redundantor ill-conditionedshape
information;it canbemaderobust to interre¯ections;and
shadingmodelscan be usedto predict likely primitives.
The central issuefor further work is ®ndingmore shad-
ing primitives,ideally with the aid of simpli®edshading
models,andusingtheseprimitivesin recognition.
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