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Abstract

Edge-basedtcolor constancymalesuseof image deriva-
tivesto estimatethe illuminant. However, different edge
typesexistin real-worldimagessud as shadow geometry
material and highlight edges. Thesedifferent edge types
mayhavea distinctiveinf luenceon the performanceof the
illuminant estimation.

Thelefore, in thispaper anextensiveanalysisis provided
of different edge typeson the performanceof edge-based
color constancymethodsFir st,an edge-basedaxonomyis
presentectlassifyingedge typesbasedon their reflectance
properties(e.g. material,shadow-goméry andhighlights).
Then,a performanceevaluation of edge-basedcolor con-
stancyis provided using thesedifferent edge types. From
this performancesvaluation,it is derivedthat certain edge
typesare more valuablethanmaterialedgesfor theestima-
tion of the illuminant. To this end,the weightedGrey-Edge
algorithmis proposedn which certainvaluableedge types
are more emphasizeébr the estimationof theilluminant.

From the experinental results, it is shownthat the pro-
posedweightedGrey-Edge algorithmbasedon theshadow-
shadingvariant, i.e. assigninghigher weightsto edges
with more enegy in the shadow-shadinglirection, results
in the bestperformance Moreover, all currentstate-of-the-
art methodsincludingpixel-basednethodsaaindedge-based
methodshavebeensignificantly outperformedy the pro-
posedweightedGrey-Edge algorithm, resultingin an im-
provementof 9% over the current best-performingalgo-
rithm.

1. Intr oduction

Changesn illumination causethe measurementsf ob-
jectcolorsto bebiasedowardsthecolor of thelight source.
Colorconstang is theability to maintaininvariancewith re-
spectto thesechangesThe ability of color constang facil-
itatesmary computervision relatedtaskslik e color feature
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extraction[17] andcolor appeaancemodels[9].

Many computatbnal color constang algorithms have
beenproposedseee.g. [20] for an overview. Tradition-
ally, color constang methodsusepixel valuesof animage
to estimatethe illuminant. Examplesof suchmethodsin-
cludeapproachebasdonlow-level featureg5, 14,22]and
gamut-basedlgorithms[11, 13, 15]. Only recently meth-
odsthatusederiatives (i.e. edges)andeven higherorder
statisticshave beenproposeds, 7, 19, 24].

Fromearlierstudieson pixel-bagd color constany, it is
known thathighlights (under the assumptiorof the neutral
interface reflection) contain important information about
the color of thelight source[1, 3]. Otherwork shows that,
usingzeroth-orderstatistics a varyingillumination canaid
the estimationof the illuminant, if surfacesareaccurately
identified underdifferentlight sourceq2, 10, 25]. How-
ever, prior knowvledgeaboutthe scends requiredto classify
pixelsinto e.g. materid and highlight pixels reducingthe
applicability of themethodq1, 2, 3, 10]. Thereforejn this
paperthefocuswill beon edgebasedcolor constany.

Variousedgeclassificationschemesave beenproposed
which cateyorize edgesbasedon their refledancecharac-
teristicsandphysical nature[12, 16, 18, 23]. For example,
edgescanbe classifiedinto materialedges(e.g. edgesbe-
tweenobjects),shadev/shadingedges(e.g. edgescaused
by thegeometryof anobject)andspeculaedgeqe.qg. high-
lights). Edge-basedolor constang makes use of image
deriativesto estimateheilluminant,andconsequentlydif-
ferent edgetypes may provide a different impact on the
performanceof theilluminant estimation.Although, edge-
basedcolor constang shov promisingresuts, an analysis
of differentedgetypeshasnot beenstudied.

Therefore,in this paper an extensve analysisis pro-
vided of the physical natureof differentedgetypeson the
performanceof edge-basedolor constang methods.Fur
ther, a weightedGrey-Edgealgorithmis proposedto im-
prove edge-basedaolor constang. To this end, first, an
edge-basedaxonomyis presentectlassifying edge types
basedntheirreflectanceropertiede.g. material shadov-



geometryandhighlights). Then,a performancesvaluation
of edge-basedolor constang is provided usingthesedif-
ferentedgetypes. From this performane evaluation,it is
derivedthat certainedgetypesaremorevaluablethanma-
terial edgesfor theestimatiorof theilluminant. To thisend,
the weighted Grey-Edge algorithm is proposedin which
certainedgetypesaremoreemphagedthanothersfor the
estimationof theilluminant.

This paperis organizedasfollows. In section2, color
constang is discussed followed by a categorization of
edgednto severaltypesin section3. In section4, the per
formanceof edge-basedolor constang 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; ) andthecamerasensitvity functionc( ):
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where! is thevisible spectrum, is the wavelengthof the
light and x is the spatial coordinate. Assumingthat the
sceneis illuminated by one light sourceand that the ob-
sened color of the light sourcee dependson the color of
thelight sourceg( ) aswell asthe canerasensitvity func-
tion c( ), thgpcolor constany is equivalentto the estima-
tionof e = | e( )c( )d , giventheimagevaluesof f,
sincebath e( ) andc( ) are,in geneal, unknavn. This
is anunderconstrainegroblemandthereforeit cannotbe
solvedwithout furtherassunptions.

2.1.Pixel-basedColor Constancy

Two well-known andoftenusedalgorithmsarebasecdn
the Retinex Theory proposedby Land [22]. The White-
Patch algorithmis basedon the White-Patch assumption,
i.e. theassumptia thatthe maximunresponsén the RGB-
channelsis causedby a white patch. The secondalgo-
rithm, the Grey-World algorithm([5] is basedon the Grey-
World assumptioni.e. theaverage reflectancen a scends
achromatic Anothertype of algorithmsare gamut-based
methods, originally proposedby Forsyth [15]. Gamut-
basedlgorithmsusemore advancedstatisticalinformation
aboutthe image,andare basedon the assumptionthatin
real-worldimages,oneobservesyndera givenilluminant,
only a limited numberof different colors. Even though
the White-Patch,Grey-World andgamutmappingarecom-
pletely differentalgorithms,they all have in commonthat
they estimatethe illuminantusingonly the pixel valuesin
animage.

2.2.Edge-basedColor Constancy

Recently pixel-basednethodsare extendedto incorpo-
rate derivative information (i.e. edges)and higherorder
statisticsyesultingin the Grey-Edge[24] andthederivative-
basedyamutmapping[19].

The Grey-Edgeactuallycomprisesa framavork thatin-
corporatezeroth-oder methodg(e.g. the Grey-World and
the White-Ratch algorithms),first-order methods(e.g. the
Grey-Edge), as well as higherorder methals (e.g. 2™ -
order Grey-Edge). Many differentalgorithmscan be cre-
atedby varyingthethreeparaneters:
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wheren is the orderof the deriative, p is the Minkowski-
normandf (x) = f G isthecorvolutionof theimage
with a Gaussiarfilter with scaleparameter . Good re-
sultsareobtainedby usinginstantatione;.;. ,i.e. asimple
averageof the edgesat scale alsocaled the Grey-Edge
method[24].

Anotherextensionof pixel-basednethodgo incorporate
deriative information involves the gamut mapping This
methodhas beenextendedto include nat only pixel val-
ues,but alsolinearcombination®f pixel valuese.g.image
derivatives. The useof imagederivativeshassomeadwan-
tagesover usingpixel valuesdirectly ascertaineffectsthat
causea failure of the diagonalmodel, like scatteredight,
have little effectson thederivative of animage.It is shovn
that the derivative-basedjamut mappingsuffers lessfrom
thesedegradng conditions[19]. Therefore,in additionto
the Grey-Edge method, the derivative-basedgamut map-
ping methal is usedasa differert type of color constang
methodto assessheinfluence of differentedgetypes.

3. Photometric Edge Types

Edgescan be catgorized into several types basedon
their reflectancesudh as material edges,shadav/shading
edgesandspecularedgeq12, 16, 18, 23]. Material edges
areedgeshetweenwo differentsurfacesor objects. Shad-
ing edgesare edgesthat are causedvy the geometryof an
object,for instanceby a changein surfaceorientationwith
respectto the illumination. Shadev edgesare castshad-
ows, causedby an object that (partially) blocks the light
source. Specularedgesare edgestha are causedy high-
lights. Besidesthesemain edgetypes, several othertypes
exists. However, two derivationswill bediscusse@ndana-
lyzedin this paper

First, a shadev edgecan be eithera suddenchangeof
intensity e.g. causedby the geometryof an object, or it
canbe somavhatdifferently colored.Whenthelatteris the
casethenthe suddengradientis not only anintensitygra-
dientbut it alsocontainsa faint color gradientat the same



time. Hence,a shadev edgecanbe divided into aninten-
sity shadev edgeanda coloredshadev edge.Whenwe re-
fer to shalow edgesn generalthe unionof thesetwo edge
typesis implied. Furthermoreijn real-world images,inter-

reflectionis animportantaspectinterreflection is theeffect
of light reflected from one surfaceonto a secondsurface.
This effect changeghe overall illumination thatis receved
by the secondsurface,and hencethe color of this surface.
In this paper interreflectionedgesare the fifth edgetype
thatis analyzed.

3.1.Reflectance-baseddge Classification

Classificationof edgesinto differenttypescanbe done
using a set of photometricvariants and quasi-irvariants
[23]. To this end, the dervative of an image, fx =
(Rx; Gx; Byx)T, is projectedonthreedirectionscalledvari-
ant directions By removing the variancefrom the deriva-
tive of theimage,acomplementarget of derivativesis con-
structedcalledquasi-irvariants

The projectionof the derivative on the shadev-shading
directionis calledtheshadav-shadingvariantandis defined
as:

SX = fx f ?; (3)

wheref = p——L_—(R;G;B)" indicatesthe direction
of the variantandthe dot indicatesthe vectorinner prod-
uct. The shadev-shadingvariantis that part of the deriva-
tive which could be causedby shadaev or shaling. What
remainsafter subtractionof the variantfrom the derivative

is calledthe shadwv-shadig quasi-irvariant;
° = fy Sk 4)

The quasi-irvariant S§ is insensitve to shadav-shading
edgeshencecontainsonly specularandmaterialedges.

Using the samerea®ning, a speculavariantand quasi-
invariantis obtained:

O, = f, & ¢ (5)
0 = f, Oy (6)

where¢' is the speculardirection The specularquasi-
invariantis insensitve to highlightedges.

Finally, the shadev-shading-specularariantand quasi-
invariantcanbe constru¢ed by projectingthe derivative on
thehuedirection:

Hy = f, b b; (7)
HS = f, Hy; (8)

whereb is the huedirection.H¢ doesnot containspecula
or shadav-shadingedges.

These quasi-irvariants can be used for edge clas-
sification [23]. If little of the enegy of an edgeis di-
rectedtowardsthe shadev-shadng-speculadirection, then

this edgeis classifiedasa materialedge. An edgeis clas-
sifiedasshadav edgeif moreenepgy is directectowardsthe
shadav-shadingdirection than towardsthe speculardirec-
tion. Finally, if moreenepy is in thespeculadirectionthan
in theshadav-shadingdirection,thenthis edgeis classified
asspecularedge.

4. Performance using Differ ent Edge Types

In this section,the aim is to analyzewhich edgetypes
have the mostinfluenceon the accurag of the illuminant
estimation. To this end, a spectraldatasetis usedfirst
to generataifferentedgestypesundercontrolledcircum-
stancesOnthis dataset,thetwo differentedge-basedolor
constang algorithmsareevaluatedi.e. the Grey-Edgeand
the derivative-basedyamut mappingapproach Then,the
guasi-irvariantsareusedto classifyedgesn real-world im-
agesinto materialandshadev edgesgextendingthe experi-
mentsfrom a controlledseting to real-world scenarios.

To evaluatethe performanceof color constang algo-
rithms,theangularerror iswidely used?21]. Thismeasure
is definedasthe angulardistancebetwea the actualcolor
of thelight sourcee; andthe estimatectolor eg:

= cos (& &.); ()]

whereé, & isthedotprodud of thetwo normalizedvec-
torsrepresentinghetruecolor of thelight sourcee, andthe
estimatectolor of thelight sourceee. To measurahe per
formanceof an algorithmon a whole dataset,the median
angularerroris reported.

4.1.Spectral data

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

Materialsurfacerrz:

M = e( )e( )si(x; )d : (10)
Intensityshadev iurfacepi :
o= 2e)sxiyd s @

Coloredshadov sur%ceqi:

Qikko = Pik + . exo( )e( )si(x; )d; (12)

Speculasurfacehiy : 7

hic = my + ‘ e( )e( )d ; (13)



Interreflectionsurfacerj :
Fjk = Mjk+ Mi; (14)

where the subscipt i and j denote different surface
reflectancespectraandk andk® denotedifferentilluminant
spectra. Furher and arerandomvariablesuniformly
distributedbetweenl and4, and and arerandomvari-
ablesuniformly distributedbetweerD and0:25.

Sincethefocusis onedge-basedolor constanyg, thefol-
lowing transitons (i.e. edges)etweersurfacesaregener
ated:

Materialedge:my ~ mj.
Intensityshadev edge:mix  pik -
Coloredshadev edge:mix Qi ko.
Speculaedge:mi  hig.
Interreflectionedge:mi  rij k.

Note that thes edgescanbe consideredo be stepedges.
In real-world scenestransitionsarelik ely to be moregrad-
ual. However, for the purposeof this analysistheseedges
areusedto give abest-caeassessmemf algorithmperfor
mance.

4.2.Differ ent number of edges

In the first experiment, the performanceof two edge-
basedcolor constang algorithmsis analyzedwith respect
to differentedgetypes. Usingthe spectraldataset,a num-
ber of randomsurfacesare created,including n material
surfaces,n intensity shadev surfaces,n colored shadav
surfaces, n specularsurfacesand n interreflection sur
faces,resultingin a total of 5n surfaces. Note that to
createthesesurfaces,the sane illuminant is used Us-
ing thesesurfaces,n materialedges,n intensity shadaev
edges,n coloredshadav edges,n specularedgesandn
interreflectionedgesare created. Two edge-basedolor
constang algorithmsare evaluated(the Grey-Edge algo-
rithm and the Derivative-basedgamut mapping)by grad-
ually increasingthe numberof edges. For each value of
n (n = f4;8;16; 32 64;128 256 512 1024y), the experi
mentis repeated 000times.

In figure 1(a), the medianangularerror for the Grey-
Edge algorithm is shavn differentiatedby the five edge
types. Remarkablythe angularerror whenusingintensity
shadov edgess significantly lower thanwhenusng mate-
rial edges. As expected,color constang basedon specu-
lar edgesresultsin a closeto ideal performance.Further
the performance using the coloredshadav edgesand the
interreflectionedgeds similarto the performane whenus-
ing the materialedges. The performanceof the Derivative-
basedgamut mapping, seefigure 1(b), shavs a similar
trend. Using specularedgesresultsin nearperfectcolor
constany, andintensity shadev edgesare more favorable
thantheothertypesof edges.

—¥— Material edges
Intensity shadow edges

—©— Specular edges
Colored shadow edges

—Q— Interreflection edges
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Angular error g
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Figurel. Medianangularerror of the Grey-Edge,figure (a), and
the Derivative-basedsamutmapping figure (b), includinga 95%
confidencentenal, usingseveraldifferentedyetypes.

4.3.Gamuts of differ ent edgetypes

To studytheobsenrationwhy usingshalow edgesesults
in a betterperformanceéhanwhenusingmaterialandother
typesof edges,the distribution of differentedgetypesis
consideredFor theea® of illustrationof thephysical prop-
ertiesof edgetypes theedgesarecorvertedto theopponent
color space:

R G
01, = X X

—P5 (15)

Ry + Gy 2By

H*—
6

Rx + Gx + Bx

—p

3

02, = ; (16)

03« = 17)
whereRy, Gx andBy arederiativesof theR, G andB
channelsrespectiely.

The distribution of edgesin opponentcolor spaceis
shawn in figure 2. From thesegraphs,it can be derived
thatthevariationin edgecoloris muchhigherfor the mate-
rial edgesfigure 2(a), thanfor shadaev edgesfigures2(b)
and (c). Further, the intensity shalow edgesare more di-
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Figure2. Gamutin opponentcolor spaceof several edgetypesput underoneilluminant which is specifiedby the fourth axis. Shavn
aremataial edgesin figure (a); intensity shadov edgesin figure (b); coloredshadev edgesin figure (c); specularedgesin figure (d);

interreflectionedgesn figure (e).

rectedtowardsthe color of the light source(shavn by the

fourth axis) thanthe coloredshadev edges. The shapeof

the gamutof the color shadev edgeswhich appeargo be

lessdirectedtowardsthecolor of thelight sourcethanother
edgetypes,canbe explainedby theinfluenceof the second
light source.Thegamutof interreflectionedgesfigure 2(e),

is similar to the material edges. Finally, specularedges,
figure 2(d), all align perfectly with the color of the light

source(shavn by thefourth axis).

Thesegraphsshaw thatit is beneficialto useedgeshat
arealignedwith the color of the light source. The specu-
lar edgesareall distributedonthediagonalrepresentinghe
color of the light source,and nearperfectcolor constang
canbe obtainedusingtheseedges. This obsevationis in
accordanceo pixel-basedhighlight analysis,where high-
lights containvaluableinformation aboutthe color of the
light source[l, 3]. Shadev edgesare distributed denser
aroundthe color of thelight sourcethanmaterialedgesand
interreflectionedgesresuling in ahigherperformance.

Color clipping. In practice pixel valuesareoftenbound
to acertainmaximumvalue. This effectis calledcolor clip-
ping. Sincethe specularsurfaceshave the highes RGB -
valuesthesesurfacegandconsequentlyhespeculaedges)
riskto beaffectedby colorclipping. To analyzehiseffect,a
secondxperiments performedvherethegeneratedR GB -
valuesare color clipped at a gradually decreasingvalue.
Theresultsof this experimentfor the Grey-Edgealgorithm
areshowvn in figure 3. The Derivative-basedyamut map-
ping revealsa similartrend(notshavn here).It canbeseen
thatthe performanceausingthe specularrdgesmmediately
startsto decreassignificantly, while theperformancef the
materialandthe shadev edgess not affecteduntil 40% of
the pixels are color clipped. The effectsof color clipping
causethe gamus of the specularedgedo shift towards the
intensity axis (O3 ), hencethe estimateof the illuminant
will bebiasedtowardswhite. Color clippingis anoftenoc-
curringphenomenandcannotbe preventedin practice.

To conclude from an analyticalapproachjt canbe de-
rived that usng specularedgesfor edge-basedolor con-
stang resultsin a closeto ideal performancepecaisethe
speculaedgeslignwith thecolorof thelight source How-
ever, in practice color clipping eliminaestheadvantage ®f
specularedgesand causesa significantdecreaseén perfor
mance. Shadav edgescontain more variation than spec-
ular edgesbut are still alignedwith the color of the light
source.Consequentithe performancef edge-basedolor
constang usingshadev edgesdegradesslightly. However,
as material edgesvary even more, their performancede-
gradesavenmore. Although,interreflectionedgesvary less
thanmaterialedges,they arenot alignedwith the color of
the light andhencetheir performancas the worst. Hence,
shadev edgesarethe preferredtype of edgesfor accurate
color constang.

5. Weighted Grey-EdgeAlgorithm

In the previous section,it wasshowvn thatusingshadav
edgegesultsin a moreaccurategerformancehanmaterial
edges.Therefore,in this section,the weightedGrey-Edge
algorithmis proposé baseddn physics principles.For now,
assumethe original edge-basedramework of eq. (2) to
bereducedo thefirst-orderGrey-Edgewith a Minkowski-
normof 1, leadingtg asimplified versian of eq. (2):

if (x)jdx = ke; (18)

wherefy (x) is the derivative of imagef ata certainscale.
Then,theweighiedGrQ/—EdgeaIgorithmis givenby:

jw(fx) fx(x)jdx = ke; (19)

wherew(fy) is aweightingfunctionthatassignsa weight
to every valueof f,. The power canbe usedto enforce
thedifferencedetweerhigh weightsandmediumweights.
For now, we take = 1. Alternative valuescanbe used
dependingnthedataset.



(a) Materialedges

(b) Shadev edges

(c) Specularedges

Figure3. Meanangularerrorusingmaterialedges,shadev edgesandspecularedgesfor differentclipping values.

5.1.Weighting schemes

The experimentsof the previous sectionon a controlled
datasetareextendedo areal-world dataset. Thereal-world
datasetthatis usedfor this expelimentconsistof 15 clips
with atotal of 11; 346 imagesandis widely usedfor eval-
uationof color constang algorithms. For all images,the
groundtruthis known from agrey spheregha wasmounted
ontop of thecameraandthis spherevasmaslkedduringthe
experiments.

First, severalweightingschemesreproposedbasdon
the photonetric edgetypesdiscussedn section3. Using
thesequasi-irvariants,anedgeis classifiedasshadev edge
if thereis more enepgy in the shadav-shadingvariant Sy
thanin thespecuarvariantO, . However, sincetheshadov-
shadingvariantS; measureshe amountof enepgy thatis
directedtowardsthe shadev-shadingdirection, this variant
canalsobeuseddirectlyto assigrhigherweightsto shadav
edges.If all derivative-enengy is in the shadav-shadirg di-
rection, thenthis indicatesthat thereis a high probability
thatthe currentedgeis in facta shadev edge. On the other
hand,if no enegy is in this direction, thenthe current edge
is likely to be a differenttype of edge. Hence,theratio of
the enegy in the shadev-shadingdirection versusthe to-
tal amountof enegy candirectly be usedas a weighting
schemeto weight shadev edgesmore than other typesof
edges:

Ws: shadov(fx) = ]-SX-] ; (20)
ifxi

whereSy is theshadav-shadingvariant.

Using the shadev-shading invariant would result in
higher weightsfor specularand materialedges,and con-
sequentlyower weightsfor shadav edges:

_ ISi.
Ws;spec.+malfx) = (21)
ifxi

whereS{ is the shadev-shadingnvariant.
Insteadof usingthe shadev-shadingvariantand quasi-
invariant, the other variants and quasi-irvariants can be

used.For instanceif thespeculawariantis used thenspec-
ularedgesareassignedhigherweights.By usingthe specu-
lar quasi-irvariantmoreemphasiss put on the shadav and
materialedges:

1Ox]

Ws;specula(fx) ] (22)
X
oci
Ws:shad.+malfx) = ij ij ; (23)
X

where Oy and O are the specularvariant and quasi-
invariant, respectrely. The materialedgescanbe empha-
sizedby usingthe shadev-shading-spedar variantandin-
variant:

iH i
Ws;shad.+spe<(.fx) ij ij (24)
X
HCi
Ws;materia(fx) J- X-J ; (25)
ifx

whereH x andH ¢ aretheshadw-shading-specularariant
andquasi-irvariant,respectrely.

Results Theproposedsoft weightingschemesireeval-
uated on the complete set of 11;346 real-world images
[8]. Resuls of the differentsoft weightingschemesusing

= 1, areshavn in table1(a). Differencesetweerusing
shadaov-shadingveightingschemews. shager OF thespealar
weightingschemews; specuararesmall. However, assigning
higherweightsto material edges(i.e. UsSingWs: materia) re-
sultsin a considerablywvorse performance.

Influence of Using the weighting schemeswith a
value of = 1 alreadyshaows that shadev edgesare
more valuablethan materialedges. However, by increas-
ing the value of , more weight is assignedto certain
edges,effectively enforcingthe differencesbetweenhigh
andlow weights Theeffectsof on the different weight-
ing schenesareshaown in figure 4. It canbe obseredthat
the shadav-shadingweighting schemebenefits,while the
performanceof the otherweightingschemeslegrades.An
optimal performancas obtanedfor = 10, resultingin a
medianangularerrorof 4:2 .



Weightingscheme|  Median

Ws; shadov 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 54 +17%
Ws; shad.+spec. 4:5 2%

(a) Severalsoftweightingschemes

Method Median
Grey-World 7.0
White-RPatch 5:3
Shades-of-Gnre 5:3
Grey-Edge 4:6
2"d_orderGrey-Edge |  4:9
Gamutmapping 4:8

(b) Comparisorto state-of-the-art

Table 1. Median angularerrorson the real-world setcontaining1128 images,using several soft weighting schemesn table (a). The

relative perfamanceis with respecto theregular Grey-Edge. In the differentweightingschenes,

= 1is usedunlessstatedotherwise.

A comparisono state-of-the-amnethodss shavn in table(b). The softweightingschemeusingthe shadev-shadingvariantws: shades With

= 10 outperformsall methodson this set.

5.2.Discussion

Theanalysisof theinfluenceof ontheperformanceof
thedifferentweightingschemesgorrespondso thefindings
of section4, whereit is shavn thatshadev edgesaremore
valuableto estimae the illuminant. Intuitively, a higher
valueof indicatesthatedgeswith a high amountof en-
ergy in one specific direction are boostedwith respectto
edgeswith a mediumor low amountof enegy in that di-
rection. Herce, in figure 4, it canbe obsered that boost-
ing the edgeswith a high amountof enepgy in the shadev-
shadingdirection is beneficial, while boostingthe edges
with a high anount of enelgy in the specularor material
direction merely degradesperformance The intuition be-
hind theseresuts is the fact that shadev edgesin general
arelesssaturated.Low saturatecedgesare more affected
by the color of thelight sourcethanhighly saturatectdges,
soshadav edgegelatively containmoreinformationabout
thecolor of thelight sourcethannon-shadw edges.

Figure4. Mediananguar error of the weightedGrey-Edgeusing
differentvaluesfor the power . Notethe changein scaleon the
y-axisfor errorshigherthan5, becausef the large differene@ in
rangeof errorwhenusingthe weightsbasedon materialedges.

Comparedo currentstate-of-the-artheweightedGrey-
Edgebasedon the shadeov-shadingvariantws; shadge (USING
= 10) performsbetterthanall othermethods,seetatie 1.
The best-performingixel-basedmethodis the Grey-Edge
(e1:1.1) with a medianangularerror of 4:6 . Note that for
the gamutmappingalgorithm, the sameimplementatioras
in [1] is used,with an empirically determinedoptimal pa-
rametersettingfor the currentdatase. The proposedalgo-
rithm usingthe shadav-shadingweighting schemeoutper
forms thesemethodswith a medianangularerror of 4:2 ,
which is animprovementof 9%. The Wilcoxon Sign Test
[21] hasbeencomputedand shawvs that this differenceis
significantwith a 99% confidencdevel.
In figure5, someexampleresultsof thepropogdmethod
are shavn. Notice the reductionin angularerror in the
scenesvhereshadavs arepresent.

6. Conclusion

In this paper an extensve analysisof the influence of
differentedgetypesontheperformancef edge-fasedcolor
constang hasbeenpresentedFirst, it hasbeenshavn that
shadev edgesare morevaluablethan materialedges poth
on spectradataandonreal-world data. Then,theweighted
Grey-Edgealgorithmis proposed.It hasbeenshavn that
usingasoftweightingschemeasedntheshadev-shading
variant,i.e. assigninghigherweightsto edgeswith more
enegy in theshadev-shadingdirection,resultedin the best
performance.All currentstate-of-the-armethods includ-
ing pixel-basedmethodsand edge-basednethods, have
beensignificantly outperformedy the proposedveighted
Grey-Edgealgorithm, resultingin an improvementof 9%
over the currentbest-performig algorithm.
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