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Abstract

Edge-basedcolor constancymakesuseof image deriva-
tives to estimatethe illuminant. However, different edge
typesexist in real-world imagessuch asshadow, geometry,
material and highlight edges. Thesedifferent edge types
mayhavea distinctiveinf luenceon theperformanceof the
illuminantestimation.

Therefore, in thispaper, anextensiveanalysisis provided
of different edge typeson the performanceof edge-based
color constancymethods.First,anedge-basedtaxonomyis
presentedclassifyingedge typesbasedon their reflectance
properties(e.g. material,shadow-geometry andhighlights).
Then,a performanceevaluationof edge-basedcolor con-
stancyis providedusing thesedifferent edge types. From
this performanceevaluation,it is derivedthat certainedge
typesaremorevaluablethanmaterialedgesfor theestima-
tion of theilluminant. To this end,theweightedGrey-Edge
algorithmis proposedin which certainvaluableedge types
aremoreemphasizedfor theestimationof theilluminant.

From the experimental results,it is shownthat the pro-
posedweightedGrey-Edgealgorithmbasedontheshadow-
shadingvariant, i.e. assigninghigher weights to edges
with more energy in the shadow-shadingdirection,results
in thebestperformance. Moreover, all currentstate-of-the-
art methods,includingpixel-basedmethodsandedge-based
methods,havebeensignificantly outperformedby thepro-
posedweightedGrey-Edge algorithm, resultingin an im-
provementof 9% over the current best-performingalgo-
rithm.

1. Intr oduction

Changesin illumination causethemeasurementsof ob-
jectcolorsto bebiasedtowardsthecolorof thelight source.
Colorconstancy is theability tomaintaininvariancewith re-
spectto thesechanges.Theability of colorconstancy facil-
itatesmany computervision relatedtaskslike color feature

extraction[17] andcolorappearancemodels[9].
Many computational color constancy algorithmshave

beenproposed,seee.g. [20] for an overview. Tradition-
ally, color constancy methodsusepixel valuesof an image
to estimatethe illuminant. Examplesof suchmethodsin-
cludeapproachesbasedonlow-level features[5, 14,22] and
gamut-basedalgorithms[11, 13, 15]. Only recently, meth-
odsthat usederivatives(i.e. edges)andeven higher-order
statisticshavebeenproposed[6, 7, 19,24].

Fromearlierstudiesonpixel-basedcolorconstancy, it is
known thathighlights(under theassumptionof theneutral
interface reflection) contain important information about
thecolor of the light source[1, 3]. Otherwork shows that,
usingzeroth-orderstatistics,a varyingillumination canaid
the estimationof the illuminant, if surfacesareaccurately
identified underdifferent light sources[2, 10, 25]. How-
ever, prior knowledgeaboutthesceneis requiredto classify
pixels into e.g. material andhighlight pixels reducingthe
applicabilityof themethods[1, 2, 3, 10]. Therefore,in this
paper, thefocuswill beonedge-basedcolor constancy.

Variousedgeclassificationschemeshavebeenproposed
which categorizeedgesbasedon their reflectancecharac-
teristicsandphysicalnature[12, 16, 18, 23]. For example,
edgescanbeclassifiedinto materialedges(e.g. edgesbe-
tweenobjects),shadow/shadingedges(e.g. edgescaused
by thegeometryof anobject)andspecularedges(e.g.high-
lights). Edge-basedcolor constancy makes useof image
derivativestoestimatetheilluminant,andconsequently, dif-
ferent edgetypes may provide a different impact on the
performanceof the illuminant estimation.Although,edge-
basedcolor constancy show promisingresults, an analysis
of differentedgetypeshasnotbeenstudied.

Therefore,in this paper, an extensive analysisis pro-
vided of the physical natureof differentedgetypeson the
performanceof edge-basedcolor constancy methods.Fur-
ther, a weightedGrey-Edgealgorithm is proposedto im-
prove edge-basedcolor constancy. To this end, first, an
edge-basedtaxonomyis presentedclassifyingedge types
basedontheirreflectanceproperties(e.g.material,shadow-

1



geometryandhighlights). Then,a performanceevaluation
of edge-basedcolor constancy is provided usingthesedif-
ferentedgetypes. From this performance evaluation,it is
derived thatcertainedgetypesaremorevaluablethanma-
terialedgesfor theestimationof theilluminant. To thisend,
the weightedGrey-Edge algorithm is proposedin which
certainedgetypesaremoreemphasizedthanothersfor the
estimationof theilluminant.

This paperis organizedas follows. In section2, color
constancy is discussed,followed by a categorization of
edgesinto several typesin section3. In section4, theper-
formanceof edge-basedcolor constancy is analyzedwith
respectto different edgetypes. Then, in section5, the
weightedGrey-Edgealgorithmis proposed.

2. Color Constancy

Theimagevaluesf for a Lambertiansurfacedependon
the color of the light sourcee(� ), the surfacereflectance
s(x; � ) andthecamerasensitivity functionc(� ):

f (x) =
Z

!
e(� )c(� )s(x; � )d� ; (1)

where! is thevisible spectrum,� is thewavelengthof the
light and x is the spatial coordinate. Assumingthat the
sceneis illuminated by one light sourceand that the ob-
served color of the light sourcee dependson the color of
thelight sourcee(� ) aswell asthecamerasensitivity func-
tion c(� ), thencolor constancy is equivalentto theestima-
tion of e =

R
! e(� )c(� )d� , given the imagevaluesof f ,

sinceboth e(� ) andc(� ) are, in general, unknown. This
is anunder-constrainedproblemandthereforeit cannot be
solvedwithout furtherassumptions.

2.1.Pixel­basedColor Constancy

Two well-known andoftenusedalgorithmsarebasedon
the Retinex Theory proposedby Land [22]. The White-
Patch algorithm is basedon the White-Patch assumption,
i.e. theassumption thatthemaximumresponsein theRGB-
channelsis causedby a white patch. The secondalgo-
rithm, theGrey-World algorithm[5] is basedon theGrey-
World assumption,i.e. theaveragereflectancein a sceneis
achromatic. Another type of algorithmsare gamut-based
methods,originally proposedby Forsyth [15]. Gamut-
basedalgorithmsusemore advancedstatisticalinformation
aboutthe image,andarebasedon the assumption,that in
real-worldimages,oneobserves,undera givenilluminant,
only a limited numberof different colors. Even though
theWhite-Patch,Grey-World andgamutmappingarecom-
pletely differentalgorithms,they all have in commonthat
they estimatethe illuminantusingonly the pixel valuesin
animage.

2.2.Edge­basedColor Constancy

Recently, pixel-basedmethodsare extendedto incorpo-
rate derivative information (i.e. edges)and higher-order
statistics,resultingin theGrey-Edge[24] andthederivative-
basedgamutmapping[19].

TheGrey-Edgeactuallycomprisesa framework that in-
corporateszeroth-ordermethods(e.g. theGrey-World and
the White-Patchalgorithms),first-ordermethods(e.g. the
Grey-Edge), as well as higher-order methods (e.g. 2nd -
orderGrey-Edge). Many differentalgorithmscanbe cre-
atedby varyingthethreeparameters:

� Z �
�
�
�
@n f � (x)

@xn

�
�
�
�

p

dx
� 1

p

= ken;p; � ; (2)

wheren is theorderof thederivative, p is theMinkowski-
normandf � (x) = f 
 G � is theconvolution of theimage
with a Gaussianfilter with scaleparameter� . Good re-
sultsareobtainedby usinginstantiatione1;1;� , i.e. asimple
averageof the edgesat scale� alsocalled the Grey-Edge
method[24].

Anotherextensionof pixel-basedmethodsto incorporate
derivative information involves the gamut mapping. This
methodhasbeenextendedto include not only pixel val-
ues,but alsolinearcombinationsof pixel values,e.g.image
derivatives. Theuseof imagederivativeshassomeadvan-
tagesover usingpixel valuesdirectly ascertaineffectsthat
causea failure of the diagonalmodel, like scatteredlight,
have little effectson thederivative of animage.It is shown
that the derivative-basedgamutmappingsuffers lessfrom
thesedegrading conditions[19]. Therefore,in additionto
the Grey-Edge method,the derivative-basedgamut map-
ping method is usedasa different type of color constancy
methodto assesstheinfluenceof differentedgetypes.

3. Photometric EdgeTypes

Edgescan be categorized into several types basedon
their reflectancesuch as material edges,shadow/shading
edgesandspecularedges[12, 16, 18, 23]. Material edges
areedgesbetweentwo differentsurfacesor objects.Shad-
ing edgesareedgesthat arecausedby the geometryof an
object,for instanceby a changein surfaceorientationwith
respectto the illumination. Shadow edgesare castshad-
ows, causedby an object that (partially) blocks the light
source.Specularedgesareedgesthat arecausedby high-
lights. Besidesthesemain edgetypes,several other types
exists.However, two derivationswill bediscussedandana-
lyzedin thispaper.

First, a shadow edgecanbe eithera suddenchangeof
intensity, e.g. causedby the geometryof an object, or it
canbesomewhatdifferentlycolored.Whenthelatteris the
case,thenthesuddengradientis not only an intensitygra-
dientbut it alsocontainsa faint color gradientat thesame



time. Hence,a shadow edgecanbe divided into an inten-
sity shadow edgeanda coloredshadow edge.Whenwe re-
fer to shadow edgesin general,theunionof thesetwo edge
typesis implied. Furthermore,in real-world images,inter-
reflectionis animportantaspect.Interreflection is theeffect
of light reflected from onesurfaceonto a secondsurface.
This effect changestheoverall illumination that is received
by the secondsurface,andhencethe color of this surface.
In this paper, interreflectionedgesare the fifth edgetype
thatis analyzed.

3.1.Reflectance-basedEdgeClassification

Classificationof edgesinto differenttypescanbe done
using a set of photometricvariants and quasi-invariants
[23]. To this end, the derivative of an image, fx =
(Rx ; Gx ; Bx )T , is projectedon threedirectionscalledvari-
ant directions. By removing the variancefrom the deriva-
tiveof theimage,acomplementarysetof derivativesis con-
structedcalledquasi-invariants.

The projectionof the derivative on the shadow-shading
directioniscalledtheshadow-shadingvariantandisdefined
as:

Sx =
�

fx � f̂
�

f̂ ; (3)

wheref̂ = 1p
R 2 + G2 + B 2 (R; G; B )T indicatesthedirection

of the variantand the dot indicatesthe vector inner prod-
uct. Theshadow-shadingvariant is thatpartof thederiva-
tive which could be causedby shadow or shading. What
remainsafter subtractionof thevariantfrom thederivative
is calledtheshadow-shading quasi-invariant:

Sc
x = fx � Sx : (4)

The quasi-invariant Sc
x is insensitive to shadow-shading

edges,hencecontainsonly specularandmaterialedges.
Using thesamereasoning,a specularvariantandquasi-

invariantis obtained:

Ox =
�
fx � ĉi � ĉi ; (5)

Oc
x = fx � Ox ; (6)

where ĉi is the speculardirection. The specularquasi-
invariantis insensitive to highlightedges.

Finally, theshadow-shading-specularvariantandquasi-
invariantcanbeconstructedby projectingthederivative on
thehuedirection:

H x =
�

fx � b̂
�

b̂ ; (7)

H c
x = fx � H x ; (8)

whereb̂ is thehuedirection.H c
x doesnot containspecular

or shadow-shadingedges.
These quasi-invariants can be used for edge clas-

sification [23]. If little of the energy of an edgeis di-
rectedtowardstheshadow-shading-speculardirection, then

this edgeis classifiedasa materialedge.An edgeis clas-
sifiedasshadow edgeif moreenergy is directedtowardsthe
shadow-shadingdirectionthantowardsthe speculardirec-
tion. Finally, if moreenergy is in thespeculardirectionthan
in theshadow-shadingdirection,thenthisedgeis classified
asspecularedge.

4. PerformanceusingDiffer ent EdgeTypes

In this section,the aim is to analyzewhich edgetypes
have the most influenceon the accuracy of the illuminant
estimation. To this end, a spectraldata set is used first
to generatedifferentedgestypesundercontrolledcircum-
stances.Onthisdataset,thetwo differentedge-basedcolor
constancy algorithmsareevaluatedi.e. theGrey-Edgeand
the derivative-basedgamut mappingapproach. Then,the
quasi-invariantsareusedto classifyedgesin real-world im-
agesinto materialandshadow edges,extendingtheexperi-
mentsfrom acontrolledsetting to real-world scenarios.

To evaluatethe performanceof color constancy algo-
rithms,theangularerror � is widely used[21]. Thismeasure
is definedastheangulardistancebetween theactualcolor
of thelight sourceel andtheestimatedcoloree:

� = cos� 1(êl � êe); (9)

whereêl � êe is thedot product of thetwo normalizedvec-
torsrepresentingthetruecolorof thelight sourceel andthe
estimatedcolor of the light sourceee. To measuretheper-
formanceof an algorithmon a whole dataset,the median
angularerroris reported.

4.1.Spectral data

The first experimentsare performedusing the spectral
dataset introducedby Barnardet al. [4]. This setconsists
of 1995surfacereflectancespectraand287illuminantspec-
tra, from which anextensive rangeof surfaces(i.e. RGB -
values)canbe generated usingeq. (1). For theseexperi-
ments,thefollowing typesof surfacesarecreated:

� Materialsurfacem i :

m ik =
Z

!
ek (� )c(� )si (x ; � )d� : (10)

� Intensityshadow surfacep i :

p ik =
Z

!

ek (� )
�

c(� )si (x ; � )d� : (11)

� Coloredshadow surfaceq i :

q ik k 0 = p ik + �
Z

!
ek 0(� )c(� )si (x ; � )d� ; (12)

� Specularsurfaceh ik :

h ik = m ik + 

Z

!
ek (� )c(� )d� ; (13)



� Interreflectionsurfacer ij k :
r ij k = m j k + � m ik ; (14)

where the subscript i and j denote different surface
reflectancespectraandk andk0 denotedifferentil luminant
spectra. Furher, � and 
 are randomvariablesuniformly
distributedbetween1 and4, and� and� arerandomvari-
ablesuniformly distributedbetween0 and0:25.

Sincethefocusis onedge-basedcolorconstancy, thefol-
lowing transitions (i.e. edges)betweensurfacesaregener-
ated:

� Materialedge:m ik � m j k .
� Intensityshadow edge:m ik � p ik .
� Coloredshadow edge:m ik � q ik k 0.
� Specularedge:m ik � h ik .
� Interreflectionedge:m ik � r ij k .

Note that these edgescanbe consideredto be stepedges.
In real-world scenes,transitionsarelikely to bemoregrad-
ual. However, for thepurposeof this analysis,theseedges
areusedto giveabest-caseassessmentof algorithmperfor-
mance.

4.2.Differ ent number of edges

In the first experiment, the performanceof two edge-
basedcolor constancy algorithmsis analyzedwith respect
to differentedgetypes.Usingthespectraldataset,a num-
ber of randomsurfacesare created,including n material
surfaces,n intensity shadow surfaces,n coloredshadow
surfaces, n specularsurfacesand n interreflection sur-
faces,resulting in a total of 5n surfaces. Note that to
createthesesurfaces,the same illuminant is used. Us-
ing thesesurfaces,n material edges,n intensity shadow
edges,n coloredshadow edges,n specularedgesand n
interreflectionedgesare created. Two edge-basedcolor
constancy algorithmsare evaluated(the Grey-Edgealgo-
rithm and the Derivative-basedgamut mapping)by grad-
ually increasingthe numberof edges. For each value of
n (n = f 4; 8; 16; 32; 64; 128; 256; 512; 1024g), the experi-
mentis repeated1000times.

In figure 1(a), the medianangularerror for the Grey-
Edge algorithm is shown differentiatedby the five edge
types. Remarkably, theangularerrorwhenusingintensity
shadow edgesis significantly lower thanwhenusing mate-
rial edges.As expected,color constancy basedon specu-
lar edgesresults in a closeto ideal performance.Further,
the performance using the coloredshadow edgesand the
interreflectionedgesis similar to theperformancewhenus-
ing thematerialedges.Theperformanceof theDerivative-
basedgamut mapping, see figure 1(b), shows a similar
trend. Using specularedgesresultsin near-perfectcolor
constancy, andintensityshadow edgesaremorefavorable
thantheothertypesof edges.

(a)Grey-Edge

(b) Derivative-basedGamutmapping

Figure1. Medianangularerror of the Grey-Edge,figure (a), and
theDerivative-basedGamutmapping,figure (b), includinga95%
confidenceinterval, usingseveraldifferentedgetypes.

4.3.Gamutsof differ ent edgetypes

To studytheobservationwhy usingshadow edgesresults
in a betterperformancethanwhenusingmaterialandother
typesof edges,the distribution of different edgetypes is
considered.For theeaseof illustrationof thephysicalprop-
ertiesof edgetypes,theedgesareconvertedto theopponent
color space:

O1x =
Rx � Gxp

2
; (15)

O2x =
Rx + Gx � 2Bxp

6
; (16)

O3x =
Rx + Gx + Bxp

3
(17)

whereRx , Gx andBx arederivativesof the R, G andB
channels,respectively.

The distribution of edgesin opponentcolor spaceis
shown in figure 2. From thesegraphs,it can be derived
thatthevariationin edgecolor is muchhigherfor themate-
rial edges,figure 2(a), thanfor shadow edges,figures2(b)
and(c). Further, the intensityshadow edgesaremore di-



(a) (b) (c) (d) (e)

Figure2. Gamutin opponentcolor spaceof several edgetypesput underoneilluminant which is specifiedby the fourth axis. Shown
arematerial edgesin figure (a); intensityshadow edgesin figure (b); coloredshadow edgesin figure (c); specularedgesin figure (d);
interreflectionedgesin figure (e).

rectedtowardsthe color of the light source(shown by the
fourth axis) thanthe coloredshadow edges.The shapeof
the gamutof the color shadow edges,which appearsto be
lessdirectedtowardsthecolorof thelightsourcethanother
edgetypes,canbeexplainedby theinfluenceof thesecond
light source.Thegamutof interreflectionedges,figure2(e),
is similar to the material edges. Finally, specularedges,
figure 2(d), all align perfectly with the color of the light
source(shown by thefourthaxis).

Thesegraphsshow that it is beneficialto useedgesthat
arealignedwith the color of the light source. The specu-
lar edgesareall distributedonthediagonalrepresentingthe
color of the light source,andnear-perfectcolor constancy
canbe obtainedusing theseedges.This observation is in
accordanceto pixel-basedhighlight analysis,wherehigh-
lights containvaluableinformationaboutthe color of the
light source[1, 3]. Shadow edgesare distributed denser
aroundthecolorof thelight sourcethanmaterialedgesand
interreflectionedges,resulting in ahigherperformance.

Color clipping. In practice,pixel valuesareoftenbound
to acertainmaximumvalue.Thiseffect is calledcolorclip-
ping. Sincethe specularsurfaceshave the highest RGB -
values,thesesurfaces(andconsequentlythespecularedges)
risk tobeaffectedbycolorclipping. Toanalyzethiseffect,a
secondexperimentis performedwherethegeneratedRGB -
valuesare color clipped at a graduallydecreasingvalue.
Theresultsof this experimentfor theGrey-Edgealgorithm
areshown in figure 3. The Derivative-basedgamut map-
pingrevealsasimilar trend(notshown here).It canbeseen
that theperformanceusingthespecularedgesimmediately
startsto decreasesignificantly, while theperformanceof the
materialandtheshadow edgesis not affecteduntil 40%of
the pixels arecolor clipped. The effectsof color clipping
causethegamuts of thespecularedgesto shift towards the
intensityaxis (O3x ), hencethe estimateof the illuminant
will bebiasedtowardswhite. Color clippingis anoftenoc-
curringphenomenaandcannotbepreventedin practice.

To conclude,from an analyticalapproach,it canbede-
rived that using specularedgesfor edge-basedcolor con-
stancy resultsin a closeto ideal performance,becausethe
specularedgesalignwith thecolorof thelight source.How-
ever, in practice,colorclippingeliminatestheadvantagesof
specularedgesandcausesa significantdecreasein perfor-
mance. Shadow edgescontainmore variation than spec-
ular edgesbut are still alignedwith the color of the light
source.Consequently, theperformanceof edge-basedcolor
constancy usingshadow edgesdegradesslightly. However,
as material edgesvary even more, their performancede-
gradesevenmore.Although,interreflectionedgesvary less
thanmaterialedges,they arenot alignedwith the color of
the light andhencetheir performanceis theworst. Hence,
shadow edgesarethe preferredtype of edgesfor accurate
color constancy.

5. WeightedGrey-EdgeAlgorithm

In theprevioussection,it wasshown thatusingshadow
edgesresultsin a moreaccurateperformancethanmaterial
edges.Therefore,in this section,the weightedGrey-Edge
algorithmis proposed basedonphysicsprinciples.For now,
assumethe original edge-basedframework of eq. (2) to
bereducedto thefirst-orderGrey-Edgewith a Minkowski-
normof 1, leadingto asimplifiedversion of eq. (2):Z

jfx (x)jdx = ke; (18)

wherefx (x) is thederivative of imagef at a certainscale.
Then,theweightedGrey-Edgealgorithmis givenby:Z

jw(fx ) � fx (x)jdx = ke; (19)

wherew(fx ) � is a weightingfunctionthatassignsa weight
to every valueof fx . The power � canbe usedto enforce
thedifferencesbetweenhigh weightsandmediumweights.
For now, we take � = 1. Alternative valuescanbe used
dependingon thedataset.



(a)Materialedges (b) Shadow edges (c) Specularedges

Figure3. Meanangularerrorusingmaterialedges,shadow edgesandspecularedges,for differentclippingvalues.

5.1.Weighting schemes

Theexperimentsof theprevioussectionon a controlled
datasetareextendedtoareal-worlddataset.Thereal-world
datasetthat is usedfor this experimentconsistsof 15 clips
with a total of 11; 346 imagesandis widely usedfor eval-
uationof color constancy algorithms. For all images,the
groundtruth is known from agrey spherethat wasmounted
ontopof thecamera,andthisspherewasmaskedduringthe
experiments.

First, severalweightingschemesareproposed,basedon
the photometric edgetypesdiscussedin section3. Using
thesequasi-invariants,anedgeis classifiedasshadow edge
if thereis more energy in the shadow-shadingvariant Sx

thanin thespecularvariantOx . However, sincetheshadow-
shadingvariantSx measuresthe amountof energy that is
directedtowardstheshadow-shadingdirection,this variant
canalsobeuseddirectlyto assignhigherweightsto shadow
edges.If all derivative-energy is in theshadow-shading di-
rection, then this indicatesthat thereis a high probability
thatthecurrentedgeis in facta shadow edge.On theother
hand,if no energy is in this direction, thenthecurrent edge
is likely to bea differenttypeof edge.Hence,the ratio of
the energy in the shadow-shadingdirectionversusthe to-
tal amountof energy can directly be usedas a weighting
schemeto weight shadow edgesmore thanother typesof
edges:

ws;shadow(fx ) =
jSx j
jfx j

; (20)

whereSx is theshadow-shadingvariant.
Using the shadow-shading invariant would result in

higher weightsfor specularand materialedges,and con-
sequentlylowerweightsfor shadow edges:

ws;spec.+mat.(fx ) =
jSc

x j
jfx j

; (21)

whereSc
x is theshadow-shadinginvariant.

Insteadof usingthe shadow-shadingvariantandquasi-
invariant, the other variants and quasi-invariants can be

used.For instance,if thespecularvariantis used,thenspec-
ularedgesareassignedhigherweights.By usingthespecu-
lar quasi-invariantmoreemphasisis put on theshadow and
materialedges:

ws;specular(fx ) =
jOx j
jfx j

(22)

ws;shad.+mat.(fx ) =
jOc

x j
jfx j

; (23)

where Ox and Oc
x are the specularvariant and quasi-

invariant,respectively. The materialedgescanbe empha-
sizedby usingtheshadow-shading-specular variantandin-
variant:

ws;shad.+spec.(fx ) =
jH x j
jfx j

(24)

ws;material(fx ) =
jH c

x j
jfx j

; (25)

whereH x andH c
x aretheshadow-shading-specularvariant

andquasi-invariant,respectively.
Results. Theproposedsoft weightingschemesareeval-

uatedon the completeset of 11; 346 real-world images
[8]. Results of thedifferentsoft weightingschemes,using
� = 1, areshown in table1(a). Differencesbetweenusing
shadow-shadingweightingschemews;shadow or thespecular
weightingschemews;speculararesmall. However, assigning
higherweightsto materialedges(i.e. usingws;material) re-
sultsin aconsiderablyworseperformance.

Influence of � . Using the weighting schemeswith a
value of � = 1 already shows that shadow edgesare
morevaluablethanmaterialedges. However, by increas-
ing the value of � , more weight is assignedto certain
edges,effectively enforcingthe differencesbetweenhigh
andlow weights. Theeffectsof � on thedifferent weight-
ing schemesareshown in figure 4. It canbeobservedthat
the shadow-shadingweightingschemebenefits,while the
performanceof theotherweightingschemesdegrades.An
optimalperformanceis obtainedfor � = 10, resultingin a
medianangularerrorof 4:2� .



Weightingscheme Median�
ws;shadow 4:5� � 2%
ws;shadow; � = 10 4:2� � 9%
ws;spec.+mat. 5:8� +26%
ws;specular 4:4� � 4%
ws;shad.+mat. 5:3� +15%
ws;material 5:4� +17%
ws;shad.+spec. 4:5� � 2%

Method Median�
Grey-World 7:0�

White-Patch 5:3�

Shades-of-Grey 5:3�

Grey-Edge 4:6�

2nd -orderGrey-Edge 4:9�

Gamutmapping 4:8�

(a)Severalsoftweightingschemes (b) Comparisonto state-of-the-art

Table1. Medianangularerrorson the real-world set containing1128 images,usingseveral soft weightingschemesin table (a). The
relative performanceis with respectto theregularGrey-Edge.In thedifferentweightingschemes,� = 1 is usedunlessstatedotherwise.
A comparisonto state-of-the-artmethodsis shown in table(b). Thesoftweightingschemeusingtheshadow-shadingvariantws; shadow with
� = 10 outperformsall methodson this set.

5.2.Discussion

Theanalysisof theinfluenceof � on theperformanceof
thedifferentweightingschemescorrespondsto thefindings
of section4, whereit is shown thatshadow edgesaremore
valuableto estimate the illuminant. Intuitively, a higher
valueof � indicatesthat edgeswith a high amountof en-
ergy in one specific direction are boostedwith respectto
edgeswith a mediumor low amountof energy in that di-
rection. Hence, in figure 4, it canbe observed that boost-
ing theedgeswith a high amountof energy in theshadow-
shadingdirection is beneficial, while boostingthe edges
with a high amount of energy in the specularor material
directionmerely degradesperformance. The intuition be-
hind theseresults is the fact that shadow edgesin general
are lesssaturated.Low saturatededgesaremoreaffected
by thecolor of thelight sourcethanhighly saturatededges,
soshadow edgesrelatively containmoreinformationabout
thecolorof thelight sourcethannon-shadow edges.

Figure4. Medianangular errorof theweightedGrey-Edgeusing
differentvaluesfor thepower � . Note thechangein scaleon the
y-axis for errorshigherthan5, becauseof the largedifference in
rangeof errorwhenusingtheweightsbasedonmaterialedges.

Comparedto currentstate-of-the-art,theweightedGrey-
Edgebasedon theshadow-shadingvariantws;shadow (using
� = 10) performsbetterthanall othermethods,seetable 1.
The best-performingpixel-basedmethodis the Grey-Edge
(e1;1;1) with a medianangularerror of 4:6� . Note that for
thegamutmappingalgorithm, thesameimplementationas
in [1] is used,with an empirically determinedoptimal pa-
rametersettingfor thecurrentdataset. Theproposedalgo-
rithm usingtheshadow-shadingweighting schemeoutper-
forms thesemethodswith a medianangularerror of 4:2� ,
which is an improvementof 9%. The Wilcoxon Sign Test
[21] hasbeencomputedand shows that this differenceis
significantwith a99%confidencelevel.

In figure5,someexampleresultsof theproposedmethod
are shown. Notice the reductionin angularerror in the
sceneswhereshadowsarepresent.

6. Conclusion

In this paper, an extensive analysisof the influenceof
differentedgetypesontheperformanceof edge-basedcolor
constancy hasbeenpresented.First, it hasbeenshown that
shadow edgesaremorevaluablethanmaterialedges,both
onspectraldataandonreal-world data.Then,theweighted
Grey-Edgealgorithmis proposed.It hasbeenshown that
usingasoftweightingschemebasedontheshadow-shading
variant, i.e. assigninghigherweightsto edgeswith more
energy in theshadow-shadingdirection,resultedin thebest
performance.All currentstate-of-the-artmethods, includ-
ing pixel-basedmethodsand edge-basedmethods,have
beensignificantly outperformedby theproposedweighted
Grey-Edgealgorithm, resultingin an improvementof 9%
over thecurrentbest-performingalgorithm.
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