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Abstract—One of the most dif cult aspectsof dealing
with illumination effectsin computervision is accounting for
specularityin the imagesof real objects.The specularregions
in an image are often saturated- which createsproblem for
all image processingalgorithms that use decisionthresholds.
Such algorithms include those for edge detection, region
segmentationetc. Detectingspecularityand wheneer possible
compensatingfor it are obviously advantageousAlong these
lines, this paper representsa new specularity detection and
compensatiormethodwhich is basedon the notion of truncated
least-squaresppraximation to the function that mapsthe color
distribution between two imagesof an object under different
illumination conditions. We also presenta protocol for the
evaluationof the current methodfor specularitydetection.Our
protocol as currently formulateduseshuman subjectsto grade
the specularity detectionmethod.

I. INTRODUCTION

The color valuesin the imageof an objectsurfacecan
vary dramaticallyas the illumination condition changes.
Dependingon the location of the illumination sources
with respectto the locations of the cameraand the
object,highly saturatechighlightsproducedoy mirror-like
re ections from glossy surfacescan appearin animage.
Since camerasaturationcausedby specularityinterferes
with the image processingalgorithmsthat use decision
thresholds,vision researchergrom the early days have
sought methodsfor the detectionand compensatiorof
specularity[1, [2].

Researcherdiave proposeda number of specularity
detectionalgorithms[3, [4], [5] that are basedon the no-
tion of “well-de nedness”of mappingsbetweerthe chro-
maticity spacescorrespondingo the imagestaken under
different illumination conditions.Using the Dichromatic
Re ection Model, ShaferandKlinker[4], [6] have shavn
thatthe two component®f this model, the diffuse (body)
and the specular(surface),form a dog-legged (a skewed
“?" shape)distribution in the dichromaticplanein the
RGB color space.Their algorithm ts a corvex polygon
to the distribution in the dichromatic plane to separate
the specularcomponentfrom the diffuse component.n
early 1990, Lee andBajcsy[q, [7] proposeda specularity
detectionalgorithm called “spectal differencing. Using
two color imagesfrom different viewing directions,the

spectraldifferencingapproachnds the pixelsin oneim-
agewhoseRGB color valuesdo not exist (within aspeci ¢
tolerance)in the other image; thesepixels are declared
to be specularThis is doneby calculatingthe Euclidean
distancefrom the RGB coordinatesof eachpixel in one
imageto all pixels in the otherimage. The authorsuse
the notion of LambertianConstancyand the assumption
that, underLambertianre ection, the color coordinatesat
non-speculapixels are independentf the cameraview-
point. As anotherclosely relatedwork, Drew[8] de nes
specularitiesas pixels that disobg the linearity of the
LambertianModel and treats specularitiesas outliers in
the Least-Median-of-SquardéMedS) regression.

Most of theseprevious works have beentestedeither
with syntheticimagesor with a very small number of
real imagesfor their ability to detect specularities.In
addition, a common constraintin theseprevious works
is that a sceneonly include Lambertiansurfaces.How-
ever, mary applicationsin real life ervironmentsinclude
shiry surfacesthat are not Lambertian; such surfaces
cause pixels to become saturatedin a cameraimage.
One commonly occurring example of this phenomenon
is in the tracking of vehiclesin automobile assembly
lines where smoothand shiry car surfacescan causea
signi cant portion of a cameraimageto saturateand to
thus get clipped. As the extent of specularityincreases
— becausea scenehastoo mary surfaceswith mirror-
like nish —the previously mentionedapproacheslegrade
rapidly. We believe that our proposedmethoddescribed
hereovercomeghis problem.This method whichwe have
namedasthe Truncated_east-Squarebslethod,constructs
aleast-squareregressiorbetweertwo imagestakenunder
two differentillumination conditions,one of thesebeing
theimagein which the detectionof specularitiess sought
and the other being a referenceimage substantiallyfree
of specularities.The basic idea is to choosecandidate
thresholdsfor the detectionof specularity clip the target
image using thesethresholds,constructa least-squares
map from the pixel distribution of the referenceimage
to the retainedpixelsin the targetimage,and, nally, use
a measureof the quality of this mappingfor acceptingor
rejectingthe candidatethresholds.



On the basisof the experimentationwe have carried
out on a databaseof 300 imagescontainingboth Lam-
bertianand non-Lambertiarsurfaces,we believe that our
proposedapproachis sound.No prior information about
the illumination condition need be known. Instead,our
proposednethodrequiresthatthetamgetimagehasatleast
some parts that are unsaturatedn all camerachannels
whereasthe referenceimage needsto be substantially
specularity-freeReferencemagesare allowed to contain
some specular pixels, as evidenced by the references
imagesin Figure 1 (m) and (p). Our resultsshav that
acceptablespecularitydetectionthresholdscan be com-
puted by our methodas long as the numberof specular
pixelsin the referencemageis lessthan5% of the total.

Il. EXPERIMENTAL SETUP

To perform our experiments,we emplg/ a Linux sys-
tem operatingon a 850MHz Pentiumlll and a Matrox
Meteor image grabber All imageswere taken with a
CCD CamergJaiCV-950)without ary gammacorrection.
As mentionedalready our image databaseconsists of
300 images. Theseare of 100 widely varying objects,
rangingfrom very dull to very glossy; single coloredto
multi-colored; with backgroundranging from simple to
comple; etc. Eachof thesel00objectswasphotographed
three time under three different illumination conditions:
diffuse,ambient,and directed! Figure1 shavs examples
of imagesfrom the imagedatabase.

I1l. PROPOSED METHOD

Our proposediruncated_eastSquare¢TLS) Methodis
basedon discardingthe saturateqwhich is the samething
as clipped) specularpixels from the tamget image so that
a high-quality least-squaresnapping can be established
betweenthe correspondingpixels in a referenceimage
and what remainsof the tamget image. Eventually this
mappingfunction also helps us discover the unsaturated
specularpixels in the tamet image. For an image to
sene as a refeenceimage, it hasto be recordedunder
special illumination conditions, obviously. Additionally,
only those pixels in the target image that are free of
clipping participatein the mappingfunction.

The mappingfunction is derived assumingthe dichro-
matic model for re ectance. Under this model, as sug-
gestedby Klinker and Shafer[4, the pixels in an image
canbe classi edinto threelinear clusters:1) non-specular
(matte)pixels, 2) unsaturatequnclipped)specularmixels,
and 3) saturated(clipped) specularpixels. Whereasthe
rst two groups of pixels, referredto as good pixels,
are co-planarand de ne the dichromaticplane, the sat-
urated pixels are not. Since the dichromatic plane does

1This paperand the entire image databaseof 300 imagesare avail-
able from the Purdue University Robot Vision Laboratorys web site
(http://rvil.ecn.purdue.eduR/specularitydatabase).
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Fig. 1.  Example images taken under three different illumination

conditions.

not include thesesaturatedspecularpixels, obviously the
presenceof the saturatedspecularpixels leadsto a poor
LS (Least-Squaresinappingfrom one imageto another
By discardingthe clipped pixels of the target imagein
this manney our TLS methodgives good mappingseven
whenthe tagetimagecontainsa large numberof them.
The TLS methodconsistsof the following threesteps:

2 Discard the saturatedspecularpixels in the tamget
image.Theseare pixels in very bright and saturated
areaswhere the dynamic range of the cameramay
be exceededin at least one of the three channels.
Sincetheseclipped specularpixels do not generally
obey thecharacteristicef the DichromaticRe ection
Model [4], it is desirableandimportantto Iter these
pixels out.

2 Calculatea linear regressionbetweenthe remaining



correspondingpixels in the two images. This will
serne as a least-squaresnapping from the color
valuesat thegoodpixelsin thereferencamageto the
color valuesat the good pixels in the targetimage.

2 Detectunsaturatedspecularitiesby applying the in-
versemappingfunctionto all goodpixelsof thetarget
imageandby comparingthe domainvaluesobtained
with the distribution of the referenceimage. If a
domain value thus obtainedis outside 1.125 times
of the standarddeviation from the meanof RGB for
the referencaémage,we know thatthe corresponding
pixel in the targetimageis specular
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Fig. 2. ThreeClustersof pixels distribution in the RGB cube

Thefollowing subsectionsvill elaborateon thethreesteps
listed above.

A. Selectionof Optimal Thresholdsfor Remaeing Satu-
rated SpecularPixels

As mentionecearlier the DichromaticRe ection Model
[4] describeghe color of every pixel in a color imageas
a mixture of a diffuse (body) re ection and a specular
(surface) re ection component.n addition to thesetwo
clustersin the dichromatic plane, there are pixels cor
respondingto saturatedspecularre ections that do not
follow the characteristicoof the Dichromatic Re ection
Model. Thesesaturatedspecularpixels do not lie in the
dichromaticplane (seeFigure 2).

We will now shav how a thresholdfor detectingthe
saturatedspeculampixels canbe obtainedfrom a Principal
ComponentdAnalysis (PCA) of the covariancematrix of
the color valuesof a portions of the pixels in a tamget
image. The main idea hereis that for eachtarget image
we graduallyremove saturatedixels by startingfrom the
white pointwhereR, G andB valuesareall equalto 255in
descendindprightnessn the RGB cubeuntil all remaining
pixels are in the dichromaticplane. Obviously, when all
the pixels canbe assumedo lie on the dichromaticplane,
the colorvaluesof the pixelswill have only two degreesof
freedom,implying that a Principal ComponentsAnalysis
(PCA) of the color valueswill yield only two signi cant

eigervalues.Additionally, the presencef saturategixels
will causea signi cant increasen the “enelgy” alongone
of theprincipalaxesof thecolorvaluesresultingin alarge
eigervalue correspondingo that axis. This implies that if
we carry out a PCA of the color valuesof the pixels of a
targetimagecontainingspecularitiesyve shouldexpectto
seeall threeeigervalues,with the largesteigervaluebeing
of notablesize.

Our above obsenationsimply thata searchor the opti-
mum thresholdfor the detectionof saturatedspecularities
canbe conductedby steppingalongeachof R, G, andB
axes, trying eachvalue asa candidatedecisionthreshold,
discardingall the targetimage pixels whosecolor values
exceedthe threshold,and remappingthe referenceimage
to the remainingtarget image pixels. In practice,if the
illumination can be assumedo be approximatelywhite,
this searchcan be simpli ed by steppingalong only the
gray axis. Our experimentsshow that this approachto
searchsufces, at leastfor the very diverseimagesof our
databaseTo summarizethis searchstrat@y, hereare the
steps:

2 Settheinitial value of the thresholdfor the detection
of saturatedspecularitiesto the white point in the
RGB space.

2 Discardall pixelsin the tamgetimagethat have RGB
values larger or equalto the currentthresholdand
thenapply the PCA to the remainingpixels.

2 Reducehe currentthresholdingvaluesin descending
brightnessdirection along the gray axis in the RGB
space.

2 Repeatthe above stepsuntil the largest eigervalue
decreasesharply

We have found empirically that theseoptimal thresholds
for removing saturatedspecular pixels almost always
rangefrom thepointwhereR, G, andB valuesarebetween
240 and the value of 255 for the white point. Therefore
only a few iterationsof the stepsdescribedabore provide

the optimal thresholdsf ary clipping effectsare presents.
Figure 3 illustratesthe changesin the three eigevalues
for thetargetimageshavn in Figurel(e)asthethresholds
are reducedone step at a time in descendingorightness
directionalongthe gray axis. The secondaresteigervalue
(I'2) and the third largest eigervalue (I 3) are relatively

smaller comparedto the rst (largest) eigevalue (/ 1).

The largest eigervalue is proportionalto the distortion

introduced in the placementof the dichromatic plane
by the presenceof saturatedpixels. The secondand the

third eigervalues correspondto those pixels that form

the two linear clusters,marked A and B in Figure 2, in

the dichromaticplane.Remaing saturatedspeculampixels

signi cantly decreaseshe largesteigervalue.



Changes in the three eigenvalues of the pixels with R,G,B viaues above the thresholds

Eigenvalues

230 235 240 245 250 255
Thresholds

Fig. 3. Changesn eigervaluesaswe stepthroughthe clipping points
alongthegrayaxis./ 1, | 2, and/ 3 arethethreeeigemwaluesin decreasing
order of magnitude.Theseare obtainedby applying PCA to the pixel

distribution.

B. ComputingTLS Regression

Supposeéhatafterthe removal of the saturatecpixelsin
thetargetimage,we areleft with only k pixels. We denote
the RGB triple for a pixel in the referencémageby w;=
[R, Gi, B]" whereR, , G; andB; arethered, greenand
bluevaluesof the pixel i respectiely. In the samemanney
we denotethe RGB triple for the samepixel in the target
image by w®. Thesek non-discardegixels in the target
imageandthe correspondingixelsin thereferencémage
are usedfor the following least-squareminimization:

k
ming (ri)? (1)
i=1
where r; is the residual that can be de ned by the
Euclideandistancebetweertheit" pixel in oneimageand
the correspondingpixel in the otherimage.

In an ideal physics-basede ection model suchasthe
DichromaticRe ection Model, the tristimuluscoordinates
(i.e., RGB color coordinates)pf the light emanatingrom
the surfacepatchwith surfacespectrake ectancefunction
r (I') canbe found by the following integrals (assuming
that the illumination is aimed perpendicularlyon the
surface):

Z
Rrefleded P()r (1) ar(l)dl (2)
Ry
VA
Grefleded P(I)r (1) as(l)dl )
)
VA
Brefleded P(I)r (1) as(l)dl (4)
LG

where P(/') is the spectralpower distribution (SPD) of
the illuminant and gr(/ ), gs(/ ), and gg(/ ) arethe the
threecamerasensoresponsdunctionsfor the R, G, and
B channelsrespectiely. Notealsothatng), n(g), andng,

arethe intenals correspondingo the visible spectrumsof
R, G, andB respectiely[9].

According to the “factor model” proposed by
Borges[10Q, the RGB color valuesin the re ected light
can be approximatedby the product of the RGB color
componentof the illumination e and the RGB compo-
nentsof the surfacecolor s asfollows:

. ERR
F\>reflected — (5)
SR
Greflecied' @ (6)
Sc
. €8SB
Brefleded B (7)
SB

where eg, is the R color value of the light source,that
is er = R Pr(/ )gr(! )dl, (es and eg can be de ned
accordingly); sg is the R color value of surface under
specgally white illumination of unit intensity that is
R g r(l)gr(!/)dl, (ss and sg canalso be de ned
accordingly); and sg ig,the camerascaling term for R
channelthat is sg = . gr(/)dl, (sg and sg can
be de ned accordingly).Indeed,a similar approximation
was presentedby Cowan and Ware[1] and was shavn
that this approximationworks quite well in practice.The
expressionsabose again assumethat the illumination is
aimedperpendicularlyon the surface.

To develop more generalversionsof the above simpli-
ed formulasfor the caseof slantillumination anglesand
multiple illumination sourceswe can rst write the more

generalversionof Egs.2 through4 asfollows:
I

L Z '
R=3 R()r()ar(l)dl (&) (8)
=1 "R
) AZ !
G=a A r()as(l)dl (&) 9)
I=1 '
) A, !
Bi=Qa R r(l)ags(l)dl (am) (10)
I=1 ")

wherel is the numberof illumination sourcesat angles

n; is the surface normal at a point in the scenethat
correspondso the it" pixel in the image.

By replacingthe integral parts by the approximations
givenin Eq. 2, 3, and4 above, we have

L

R' & (ekss=sr)(al M) (11)
=1
L

G' A (esse=sc)(@m) (12)

=1



L
Bi' & (ehss=ss)(@M) (13)
=1
To develop a more compactrepresentatiorfor these
formulas,we now introducetwo diagonalmatrices,S§ and
E; :

2 3 2 3
sR 0 O ER 0 O
§5=40 s 05 E=4 0 Eg 0 5
0 0 s 0 O Eg

where § is a diagonal matrix composedof the surface
color componentssg, Sg, and sg at a point in the scene
that corresponddgo the pixel i, and E; (called the light
matrix), again a diagonalmatrix, consistsof the following
diagonalentries:

L

Er= & (eka Ni=sR) (14)
1=1
L

Ec= & (b3 ni=sc) (15)
=1
L

Es= & (eha/ni=se): (16)

=1
Notethateachof E. is a scalar(herethe subscriptc stands
for R, G, or B) andis the samefor all pixels underthe
sameillumination condition.

With the help of the matrix notation introduced as
above, the three equations(Eg. 11, 12, and 13) can be
expressedn the following compactform:

w = SE; (17)

by denotingwi= [R , G;, Bi]" whereR, , G; andB; are
red, greenand blue valuesof the pixel i respectiely.

Sinceour main goal is to develop a mappingfunction
that tells how the color valuesin an imagetaken under
non-speculaiconditionsmap into the color valuestaken
underspecularconditions,we will now examinethe above
equationassuminghatthe illumination haschangedrom
E to EC If the new RGB valuesat pixel i aredenotedas
w®, we canwrite

wh= SEP= 5 (€% HE 18)
SubstitutingEqg. 17, we get
W= S (BRI S w= Somes tan (19
wherethe 3£ 3 matrix M; is given by
M = EE L

Here notice that matrix E; is a diagonalmatrix, therefore
it is invertible exceptwhen one or more diagonalentries
is 0: And ary of thesediagonal entries (given in Egs.

14 through 16) becomed) only whenthe following case
becomestrue: For all L numberof light sourcesall €,
€, ...., ek aresimultaneoush0 (wherec= R; G; orB).

Matrix § is alsoa diagonalmatrix, thereforeit is always
invertible exceptwhenone or more diagonalentries(that
are RGB color valuesof surface) becomes0: That will
happenwhen a scenepoint consistsof an object surface
whosecolor is deeply saturatedFor example,when the
color of an object surfaceis pure red, we can expect sg
and sg to be zero. The matrix § will becomepoorly
conditionedwhen an object surface is deeply black so
asto absorbmost of the incidentillumination. For such
surfacesall threevalueson the diagonalof Swill beclose
to zero.

Despitethesecaveatsregarding the invertability of E;
and S, we will pressaheadunderthe assumptionthat
both thesematricescan be inverted. In other words, we
will assumehatthe scenedoesnot containcolorsthatare
deeplysaturatedr deeplyblack.

Matrix M; beingdiagonalimplies thatit approximately
commuteswith S so that § and § 1 can be canceled
out. Thus the linear equationfor modeling illumination
changesdecomesven simpler:

w2 Mt (20)

The development so far has consideredeach pixel
individually. The mappingfunction M; is to be appliedto
eachpixel separatelyWe will now generalizethis notion
and develop the notion of a mappingfunction that can
be appliedto all non-saturategbixelsin animage.While
the individual pixel mapping function was denotedM;,
the mappingto be appliedto all the “legal” pixelswill be
denotedV. The mappingM will be madeto be optimalin
the least-squaresenseor all legal pixels, meaningpixels
that are not saturatedn the targetimage.

To derive this more global mapping,we will de ne an
auto-correlatiomrmatrix:

k
C" 4 wiow (22)
i=1

wherei rangesfrom 1 to k, with k beingthe total number
of pixelsremainingin the targetimageafter the saturated
pixels areremoved. Herewe only considereck numberof
pixels from the imagewhereasall pixels from the entire
imagewere usedin Drew's approach[g

If we put all k pixels into a 3£ k matrix, denotedW,
whereeachcolumnnow representthe R, G, andB values
at a pixels, thenEq. 21 becomes

C” Wew" (22)

whereW can be written as



0 1 0 1
Ri R ¢ R

W=@w w, ¢ | A=@G, G, ¢t G A

By B, ¢¢ By

(23)

From Eqg. 20 and Eq. 22, we can easily retrieve the
equationfor transformationof the auto-correlation

Co= MecemT (24)

The only unknawvn we have now is the 3£ 3 matrix M

thatis the besttruncatedeast-squaresolution calculated
from minkWP; M ¢Wk2. Now we canderive M from the
normal equationwith the pseudo-inerse

M= (WPew")(wew')i (25)

Remainingis just to apply M in Eq. 25 to the two
images,W and WP:

W' Mew (26)

As long asM is non-singularMi 1 canbe obtained.Thus
we can also approximatelytransformthe color valuesin
thereferenceémageto the color valuesin the targetimage
by multiplication with Mi 1:

w' MiTewP (27)

C. ChooseThresholdfor DetectingNon-satuated Specu-
larities

The basicideathat we usefor establishinga threshold
for the detectionof non-saturatedspecularitiesis based
on the notion that when a color value is inversemapped
from the tamget imageto the referenceimage (using the
mapping function of the previous subsection),the co-
domain point for a specularpixel will fall outside the
normal range. That is becausethe mappingfunction M
appliesonly to non-speculampixels. In other words, M
speci cally excludesall specularities- both saturatedand
non-saturatedBut, of coursewe have alreadyeliminated
the saturatedspecularitiesby the very rst step of the
processingoutlined at the beginning of Sectionlll.) It
should thereforebe possibleto detectthe non-saturated
speculamixelsin the tagetimageon the basisof inverse
mappingof their color values.Thisis themainideabehind
the expressionwe presentbelow for the threshold.

For eachRGB channel,we calculatethe meanvector
mW) and a vector representingthe standarddeviation
s (W) for thosepixels of thereferencamagethatform the
co-domainof the retainedpixels in the target image.In
termsof the meanandthe standardieviation thusderived,
we usethefollowing expressiorfor establishinga decision
thresholdfor detectingnon-saturatedpeculapixelsin the
targetimage:

Uk = m(W) + ask(W) (28)

wherek indicatesoneof R, G, andB anda is a constant
factor A tamet pixel whoseinverse-mappedolor values
exceedthis thresholdis declaredto be a non-saturated
specularpixel. Currently we seta = 1.125in Eq. 28,
which makes the threshold1.125 times of the standard
deviation from the mean.However, we would obviously
want this decisionthresholdto correspondo the human
perceptionof specularity Toward thatend,a further study
needsto be carried out to understandhow to select
superiorthresholdsusing Eq. 28.

IV. EXPERIMENTAL RESULTS

We selected100 pairs of imagesfrom our database,
with oneimagein a pair servingasa referencéamageand
the other image as a target image. The referenceimage
wastaken underdiffuseillumination andthe targetimage
undereitherdirectedor underambientillumination. Since
the goal of the researchreportedhere is the detection
of specularpixels in an image, it is necessaryo have
ground-truthinformation for evaluatingour method.The
ground truth was obtained by emplo/ing an unbiased
humanexaminerand providing him with a graphicaltool
for delineatingthe specularitiesin our databasdémages.
The human-enterednformation was stored as a binary
templatefor eachimage that containedspecularities A
templatestored1's wherethe humanperceved a specu-
larity and O's elsevhere.The middle columnin Figure4
depictsthesetemplatesfor the target imagesin the left
column. The right column shavs thoseregions in each
imagethat were declaredto be specularby our method.
For the imageson which we testedour method, 64.5%
of the human-delineatedpeculamixels were detectedby
our method.Our methodalsodeclaredl4.6%of the non-
specularpixels as specular

V. DISCUSSION

In this paperwe have presented methodfor establish-
ing thresholdsfor the detectionof specularitiesn images.
The method rst eliminates the saturatedspecularities
and then nds a least-squaresnapping from the color
valuesin a referenceimageto thosein the target image.
The referenceimageis expectedto be substantiallyfree
of specularities,a condition that can be satis ed when
imagesare speciallyrecordedunderdiffuse illumination.
The decisionthresholdfor the saturatedspeculampixelsis
obtainedby an iterative processthat involves eliminating
the target image pixels whose color values exceed a
candidatethresholdand carrying out a Principal Com-
ponent Analysis of the remaining pixels. The decision
thresholdfor the non-saturatedpeculampixelsis obtained
on the basisof inversemappingof the targetimagecolor
valuesto the referencémagecolor values.A comparatie
study involving this presentmethod and the previously
proposedpecularitydetectiormethodss undervay in our
laboratory
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