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Abstract— One of the most dif�cult aspects of 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 decision thresholds.
Such algorithms include those for edge detection, region
segmentation,etc.Detectingspecularityand whenever possible
compensatingfor it are obviouslyadvantageous.Along these
lines, this paper representsa new specularity detection and
compensationmethodwhich is basedon thenotion of truncated
least-squaresapproximation to the function that mapsthecolor
distribution between two imagesof an object under different
illumination conditions. We also present a protocol for the
evaluationof the current methodfor specularitydetection.Our
protocolascurrently formulateduseshuman subjectsto grade
the specularitydetectionmethod.

I . INTRODUCTION

The color valuesin the imageof an objectsurfacecan
vary dramaticallyas the illumination condition changes.
Dependingon the location of the illumination sources
with respect to the locations of the camera and the
object,highly saturatedhighlightsproducedby mirror-like
re�ections from glossysurfacescan appearin an image.
Since camerasaturationcausedby specularityinterferes
with the image processingalgorithms that use decision
thresholds,vision researchersfrom the early days have
sought methodsfor the detectionand compensationof
specularity[1], [2].

Researchershave proposeda number of specularity
detectionalgorithms[3], [4], [5] that arebasedon the no-
tion of “well-de�nedness”of mappingsbetweenthechro-
maticity spacescorrespondingto the imagestaken under
different illumination conditions.Using the Dichromatic
Re�ection Model, ShaferandKlinker[4], [6] have shown
that the two componentsof this model,the diffuse(body)
and the specular(surface),form a dog-legged(a skewed
“? ” shape)distribution in the dichromaticplane in the
RGB color space.Their algorithm �ts a convex polygon
to the distribution in the dichromatic plane to separate
the specularcomponentfrom the diffuse component.In
early 1990,Lee andBajcsy[5], [7] proposeda specularity
detectionalgorithm called “spectral differencing”. Using
two color imagesfrom different viewing directions,the

spectraldifferencingapproach�nds the pixels in one im-
agewhoseRGBcolorvaluesdonotexist (within aspeci�c
tolerance)in the other image; thesepixels are declared
to be specular. This is doneby calculatingthe Euclidean
distancefrom the RGB coordinatesof eachpixel in one
image to all pixels in the other image.The authorsuse
the notion of LambertianConstancyand the assumption
that,underLambertianre�ection, the color coordinatesat
non-specularpixels are independentof the cameraview-
point. As anotherclosely relatedwork, Drew[8] de�nes
specularitiesas pixels that disobey the linearity of the
LambertianModel and treatsspecularitiesas outliers in
the Least-Median-of-Squares(LMedS) regression.

Most of theseprevious works have beentestedeither
with synthetic imagesor with a very small number of
real images for their ability to detect specularities.In
addition, a common constraint in theseprevious works
is that a sceneonly include Lambertiansurfaces.How-
ever, many applicationsin real life environmentsinclude
shiny surfaces that are not Lambertian; such surfaces
causepixels to becomesaturatedin a camera image.
One commonly occurring example of this phenomenon
is in the tracking of vehicles in automobile assembly
lines where smoothand shiny car surfacescan causea
signi�cant portion of a cameraimage to saturateand to
thus get clipped. As the extent of specularityincreases
– becausea scenehas too many surfaceswith mirror-
like �nish – thepreviously mentionedapproachesdegrade
rapidly. We believe that our proposedmethoddescribed
hereovercomesthisproblem.Thismethod,whichwehave
namedastheTruncatedLeast-SquaresMethod,constructs
a least-squaresregressionbetweentwo imagestakenunder
two different illumination conditions,one of thesebeing
the imagein which thedetectionof specularitiesis sought
and the other being a referenceimagesubstantiallyfree
of specularities.The basic idea is to choosecandidate
thresholdsfor the detectionof specularity, clip the target
image using these thresholds,construct a least-squares
map from the pixel distribution of the referenceimage
to the retainedpixels in the target image,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-
bertianandnon-Lambertiansurfaces,we believe that our
proposedapproachis sound.No prior information about
the illumination condition need be known. Instead,our
proposedmethodrequiresthatthetargetimagehasat least
some parts that are unsaturatedin all camerachannels
whereasthe referenceimage needsto be substantially
specularity-free.Referenceimagesareallowed to contain
some specular pixels, as evidenced by the references
imagesin Figure 1 (m) and (p). Our results show that
acceptablespecularitydetectionthresholdscan be com-
putedby our methodas long as the numberof specular
pixels in the referenceimageis lessthan5% of the total.

I I . EXPERIMENTAL SETUP

To perform our experiments,we employ a Linux sys-
tem operatingon a 850MHz PentiumIII and a Matrox
Meteor image grabber. All images were taken with a
CCDCamera(JaiCV-950)withoutany gammacorrection.
As mentionedalready, our image databaseconsistsof
300 images.Theseare of 100 widely varying objects,
ranging from very dull to very glossy;single colored to
multi-colored; with backgroundranging from simple to
complex; etc.Eachof these100objectswasphotographed
three time under three different illumination conditions:
diffuse,ambient,anddirected.1 Figure1 shows examples
of imagesfrom the imagedatabase.

I I I . PROPOSED METHOD

OurproposedTruncatedLeastSquares(TLS) Methodis
basedon discardingthesaturated(which is thesamething
as clipped) specularpixels from the target imageso that
a high-quality least-squaresmappingcan be established
betweenthe correspondingpixels in a referenceimage
and what remainsof the target image. Eventually, this
mappingfunction also helpsus discover the unsaturated
specular pixels in the target image. For an image to
serve as a referenceimage, it has to 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
canbeclassi�ed into threelinearclusters:1) non-specular
(matte)pixels, 2) unsaturated(unclipped)specularpixels,
and 3) saturated(clipped) specularpixels. Whereasthe
�rst two groups of pixels, referred to as good pixels,
are co-planarand de�ne the dichromaticplane, the sat-
uratedpixels are not. Since the dichromaticplane does

1This paperand the entire imagedatabaseof 300 imagesare avail-
able from the PurdueUniversity Robot Vision Laboratory's web site
(http://rvl1.ecn.purdue.edu/RVL/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-Squares)mappingfrom one imageto another.
By discardingthe clipped pixels of the target image in
this manner, our TLS methodgives good mappingseven
whenthe target imagecontainsa large numberof them.

The TLS methodconsistsof the following threesteps:

² Discard the saturatedspecularpixels in the target
image.Thesearepixels in very bright andsaturated
areaswhere the dynamic rangeof the cameramay
be exceededin at least one of the three channels.
Sincetheseclipped specularpixels do not generally
obey thecharacteristicsof theDichromaticRe�ection
Model [4], it is desirableandimportantto �lter these
pixels out.

² Calculatea linear regressionbetweenthe remaining



correspondingpixels in the two images.This will
serve as a least-squaresmapping from the color
valuesat thegoodpixelsin thereferenceimageto the
color valuesat the goodpixels in the target image.

² Detectunsaturatedspecularitiesby applying the in-
versemappingfunctionto all goodpixelsof thetarget
imageandby comparingthe domainvaluesobtained
with the distribution of the referenceimage. If a
domain value thus obtainedis outside1.125 times
of the standarddeviation from the meanof RGB for
the referenceimage,we know that thecorresponding
pixel in the target imageis specular.
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Fig. 2. ThreeClustersof pixels distribution in the RGB cube

Thefollowing subsectionswill elaborateon thethreesteps
listed above.

A. Selectionof Optimal Thresholdsfor Removing Satu-
ratedSpecularPixels

As mentionedearlier, theDichromaticRe�ection Model
[4] describesthe color of every pixel in a color imageas
a mixture of a diffuse (body) re�ection and a specular
(surface) re�ection component.In addition to thesetwo
clusters in the dichromatic plane, there are pixels cor-
respondingto saturatedspecularre�ections that do not
follow the characteristicsof the Dichromatic Re�ection
Model. Thesesaturatedspecularpixels do not lie in the
dichromaticplane(seeFigure2).

We will now show how a thresholdfor detectingthe
saturatedspecularpixelscanbeobtainedfrom a Principal
ComponentsAnalysis (PCA) of the covariancematrix of
the color values of a portions of the pixels in a target
image.The main idea here is that for eachtarget image
we graduallyremove saturatedpixels by startingfrom the
whitepointwhereR, G andB valuesareall equalto 255in
descendingbrightnessin theRGB cubeuntil all remaining
pixels are in the dichromaticplane.Obviously, when all
thepixelscanbeassumedto lie on thedichromaticplane,
thecolorvaluesof thepixelswill haveonly two degreesof
freedom,implying that a Principal ComponentsAnalysis
(PCA) of the color valueswill yield only two signi�cant

eigenvalues.Additionally, thepresenceof saturatedpixels
will causea signi�cant increasein the“energy” alongone
of theprincipalaxesof thecolorvalues,resultingin a large
eigenvaluecorrespondingto that axis.This implies that if
we carry out a PCA of the color valuesof the pixels of a
target imagecontainingspecularities,we shouldexpectto
seeall threeeigenvalues,with thelargesteigenvaluebeing
of notablesize.

Our above observationsimply thata searchfor theopti-
mum thresholdfor the detectionof saturatedspecularities
canbe conductedby steppingalongeachof R, G, andB
axes,trying eachvalueasa candidatedecisionthreshold,
discardingall the target imagepixels whosecolor values
exceedthe threshold,andremappingthe referenceimage
to the remainingtarget image pixels. In practice,if the
illumination can be assumedto be approximatelywhite,
this searchcan be simpli�ed by steppingalong only the
gray axis. Our experimentsshow that this approachto
searchsuf�ces, at leastfor the very diverseimagesof our
database.To summarizethis searchstrategy, hereare the
steps:

² Setthe initial valueof the thresholdfor thedetection
of saturatedspecularitiesto the white point in the
RGB space.

² Discardall pixels in the target imagethat have RGB
values larger or equal to the current thresholdand
thenapply the PCA to the remainingpixels.

² Reducethecurrentthresholdingvaluesin descending
brightnessdirection along the gray axis in the RGB
space.

² Repeatthe above stepsuntil the largest eigenvalue
decreasessharply.

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 stepsdescribedabove provide
theoptimal thresholdsif any clipping effectsarepresents.
Figure 3 illustratesthe changesin the three eigenvalues
for thetarget imageshown in Figure1(e)asthethresholds
are reducedone stepat a time in descendingbrightness
directionalongthegrayaxis.Thesecondlaresteigenvalue
(l 2) and the third largest eigenvalue (l 3) are relatively
smaller comparedto the �rst (largest) eigenvalue (l 1).
The largest eigenvalue is proportional to the distortion
introduced in the placementof the dichromatic plane
by the presenceof saturatedpixels. The secondand the
third eigenvalues correspondto those pixels that form
the two linear clusters,marked A and B in Figure 2, in
thedichromaticplane.Removing saturatedspecularpixels
signi�cantly decreasesthe largesteigenvalue.
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Fig. 3. Changesin eigenvaluesaswe stepthroughthe clipping points
alongthegrayaxis.l 1, l 2, andl 3 arethethreeeigenvaluesin decreasing
order of magnitude.Theseare obtainedby applying PCA to the pixel
distribution.

B. ComputingTLSRegression

Supposethatafter theremoval of thesaturatedpixels in
thetarget image,we areleft with only k pixels.We denote
the RGB triple for a pixel in the referenceimageby wi=
[Ri , Gi , Bi ]T whereRi , Gi andBi arethe red,greenand
bluevaluesof thepixel i respectively. In thesamemanner,
we denotethe RGB triple for the samepixel in the target
imageby w0

i . Thesek non-discardedpixels in the target
imageandthecorrespondingpixels in thereferenceimage
areusedfor the following least-squaresminimization:

min
k

å
i= 1

(r i)2 (1)

where r i is the residual that can be de�ned by the
Euclideandistancebetweenthe ith pixel in oneimageand
the correspondingpixel in the other image.

In an ideal physics-basedre�ection model suchas the
DichromaticRe�ection Model, the tristimuluscoordinates
(i.e., RGB color coordinates)of the light emanatingfrom
thesurfacepatchwith surfacespectralre�ectancefunction
r (l ) can be found by the following integrals (assuming
that the illumination is aimed perpendicularlyon the
surface):

Rref lected ´
Z

n(R)

P(l ) r (l ) qR(l ) dl (2)

Gref lected ´
Z

n(G)

P(l ) r (l ) qG(l ) dl (3)

Bref lected ´
Z

n(B)

P(l ) r (l ) qB(l ) dl (4)

where P(l ) is the spectralpower distribution (SPD) of
the illuminant and qR(l ), qG(l ), and qB(l ) are the the
threecamerasensorresponsefunctionsfor the R, G, and
B channels,respectively. Notealsothatn(R) , n(G) , andn(B)

arethe intervalscorrespondingto thevisible spectrumsof
R, G, andB respectively[9].

According to the “f actor model” proposed by
Borges[10], the RGB color values in the re�ected light
can be approximatedby the product of the RGB color
componentsof the illumination e and the RGB compo-
nentsof the surfacecolor s as follows:

Rref lected '
eRsR

sR
(5)

Gref lected '
eGsG

sG
(6)

Bref lected '
eBsB

sB
(7)

where eR is the R color value of the light source,that
is eR =

R
n(R)

PR(l ) qR(l ) dl , (eB and eG can be de�ned
accordingly); sR is the R color value of surface under
spectrally white illumination of unit intensity, that is
sR =

R
n(R)

r (l ) qR(l ) dl , (sG and sB can also be de�ned
accordingly); and sR is the camerascaling term for R
channel that is sR =

R
n(R)

qR(l ) dl , (sB and sG can
be de�ned accordingly).Indeed,a similar approximation
was presentedby Cowan and Ware[11] and was shown
that this approximationworks quite well in practice.The
expressionsabove again assumethat the illumination is
aimedperpendicularlyon the surface.

To develop moregeneralversionsof the above simpli-
�ed formulasfor thecaseof slantillumination anglesand
multiple illumination sources,we can�rst write the more
generalversionof Eqs.2 through4 as follows:

Ri =
L

å
l= 1

ÃZ

n(R)

Pl (l ) r (l ) qR(l ) dl (aT
l ni)

!

(8)

Gi =
L

å
l= 1

ÃZ

n(G)

Pl (l ) r (l ) qG(l ) dl (aT
l ni)

!

(9)

Bi =
L

å
l= 1

ÃZ

n(B)

Pl (l ) r (l ) qB(l ) dl (aT
l ni)

!

(10)

whereL is the numberof illumination sources,at angles
givenby theunit normalvectorsal , l = 1; ::::;L andwhere
ni is the surface normal at a point in the scenethat
correspondsto the ith pixel in the image.

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

Ri '
L

å
l= 1

(el
RsR=sR) (aT

l ni) (11)

Gi '
L

å
l= 1

(el
GsG=sG) (aT

l ni) (12)



Bi '
L

å
l= 1

(el
BsB=sB) (aT

l ni) (13)

To develop a more compact representationfor these
formulas,we now introducetwo diagonalmatrices,Si and
Ei :

Si =

2

4
sR 0 0
0 sG 0
0 0 sB

3

5 Ei =

2

4
ER 0 0
0 EG 0
0 0 EB

3

5

where Si is a diagonalmatrix composedof the surface
color componentssR, sG, and sB at a point in the scene
that correspondsto the pixel i, and Ei (called the light
matrix), again a diagonalmatrix, consistsof the following
diagonalentries:

ER =
L

å
l= 1

(el
RaT

l ni=sR) (14)

EG =
L

å
l= 1

(el
GaT

l ni=sG) (15)

EB =
L

å
l= 1

(el
BaT

l ni=sB): (16)

Notethateachof Ec is a scalar(herethesubscriptc stands
for R, G, or B) and is the samefor all pixels under the
sameillumination condition.

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

wi = SiEi (17)

by denotingwi= [Ri , Gi , Bi ]T whereRi , Gi and Bi are
red, greenandblue valuesof the pixel i respectively.

Sinceour main goal is to develop a mappingfunction
that tells how the color valuesin an image taken under
non-specularconditionsmap into the color valuestaken
underspecularconditions,we will now examinetheabove
equationassumingthat the illumination haschangedfrom
E to E0. If the new RGB valuesat pixel i aredenotedas
w0

i , we canwrite

w0
i = SiE0

i = Si
¡
(E0

i E
¡ 1
i )Ei

¢
(18)

SubstitutingEq. 17, we get

w0
i = Si

¡
(E0

i E
¡ 1
i )

¢
S¡ 1

i wi = Si ¢Mi ¢S¡ 1
i ¢wi (19)

wherethe 3£ 3 matrix Mi is given by

Mi = E0
i E

¡ 1
i :

Herenotice that matrix Ei is a diagonalmatrix, therefore
it is invertible except when one or more diagonalentries
is 0: And any of thesediagonal entries (given in Eqs.

14 through16) becomes0 only when the following case
becomestrue: For all L numberof light sources,all e1

c,
e2

c, .... , eL
c aresimultaneously0 (wherec = R; G; orB).

Matrix Si is alsoadiagonalmatrix, thereforeit is always
invertible exceptwhenoneor morediagonalentries(that
are RGB color valuesof surface) becomes0: That will
happenwhen a scenepoint consistsof an object surface
whosecolor is deeplysaturated.For example,when the
color of an object surfaceis pure red, we can expect sG
and sB to be zero. The matrix Si will becomepoorly
conditionedwhen an object surface is deeply black so
as to absorbmost of the incident illumination. For such
surfaces,all threevalueson thediagonalof Swill beclose
to zero.

Despitethesecaveatsregarding the invertability of Ei
and Si , we will pressaheadunder the assumptionthat
both thesematricescan be inverted. In other words, we
will assumethat thescenedoesnot containcolorsthatare
deeplysaturatedor deeplyblack.

Matrix Mi beingdiagonalimplies that it approximately
commuteswith Si so that Si and S¡ 1

i can be canceled
out. Thus the linear equationfor modeling illumination
changesbecomeseven simpler:

w0
c ' Mi ¢wc : (20)

The development so far has consideredeach pixel
individually. The mappingfunction Mi is to be appliedto
eachpixel separately. We will now generalizethis notion
and develop the notion of a mapping function that can
be appliedto all non-saturatedpixels in an image.While
the individual pixel mapping function was denotedMi ,
the mappingto be appliedto all the “legal” pixels will be
denotedM. ThemappingM will bemadeto beoptimal in
the least-squaressensefor all legal pixels,meaningpixels
that arenot saturatedin the target image.

To derive this moreglobal mapping,we will de�ne an
auto-correlationmatrix:

C ´
k

å
i= 1

wi ¢wT
i (21)

wherei rangesfrom 1 to k, with k beingthe total number
of pixels remainingin the target imageafter the saturated
pixelsareremoved.Herewe only consideredk numberof
pixels from the imagewhereasall pixels from the entire
imagewereusedin Drew's approach[8].

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

C ´ W¢WT (22)

whereW canbe written as



W=

0

@ w1 w2 ¢¢¢ wk

1

A =

0

@
R1 R2 ¢¢¢ Rk
G1 G2 ¢¢¢ Gk
B1 B2 ¢¢¢ Bk

1

A

:
(23)

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

C0= M ¢C¢MT (24)

The only unknown we have now is the 3£ 3 matrix M
that is the besttruncatedleast-squaressolutioncalculated
from minkW0¡ M ¢Wk2. Now we can derive M from the
normalequationwith the pseudo-inverse

M = (W0¢WT )(W¢WT )¡ 1 (25)

Remainingis just to apply M in Eq. 25 to the two
images,W andW0:

W0 ' M ¢W (26)

As long asM is non-singular, M¡ 1 canbe obtained.Thus
we can also approximatelytransformthe color valuesin
thereferenceimageto thecolor valuesin thetarget image
by multiplication with M¡ 1:

W' M¡ 1 ¢W0 (27)

C. ChooseThresholdfor DetectingNon-saturatedSpecu-
larities

The basicidea that we usefor establishinga threshold
for the detectionof non-saturatedspecularitiesis based
on the notion that when a color value is inversemapped
from the target image to 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
applies only to non-specularpixels. In other words, M
speci�cally excludesall specularities– bothsaturatedand
non-saturated.(But, of course,we have alreadyeliminated
the saturatedspecularitiesby the very �rst step of the
processingoutlined at the beginning of Section III.) It
should thereforebe possibleto detect the non-saturated
specularpixels in the target imageon the basisof inverse
mappingof their colorvalues.This is themainideabehind
the expressionwe presentbelow for the threshold.

For eachRGB channel,we calculatethe meanvector
m(W) and a vector representingthe standarddeviation
s (W) for thosepixelsof thereferenceimagethat form the
co-domainof the retainedpixels in the target image. In
termsof themeanandthestandarddeviation thusderived,
weusethefollowing expressionfor establishingadecision
thresholdfor detectingnon-saturatedspecularpixelsin the
target image:

Uk = mk(W) + a sk(W) (28)

wherek indicatesoneof R, G, andB anda is a constant
factor. A target pixel whoseinverse-mappedcolor values
exceed this thresholdis declaredto be a non-saturated
specularpixel. Currently, we set a = 1.125 in Eq. 28,
which makes the threshold1.125 times of the standard
deviation from the mean.However, we would obviously
want this decisionthresholdto correspondto the human
perceptionof specularity. Toward thatend,a furtherstudy
needs to be carried out to understandhow to select
superiorthresholdsusingEq. 28.

IV. EXPERIMENTAL RESULTS

We selected100 pairs of imagesfrom our database,
with oneimagein a pair servingasa referenceimageand
the other image as a target image.The referenceimage
wastaken underdiffuseillumination andthe target image
undereitherdirectedor underambientillumination. Since
the goal of the researchreportedhere is the detection
of specularpixels in an image, it is necessaryto have
ground-truthinformation for evaluatingour method.The
ground truth was obtained by employing an unbiased
humanexaminerandproviding him with a graphicaltool
for delineatingthe specularitiesin our databaseimages.
The human-enteredinformation was stored as a binary
templatefor each image that containedspecularities.A
templatestored1's wherethe humanperceived a specu-
larity and 0's elsewhere.The middle column in Figure 4
depictsthesetemplatesfor the target imagesin the left
column. The right column shows thoseregions in each
imagethat were declaredto be specularby our method.
For the imageson which we testedour method,64.5%
of the human-delineatedspecularpixels weredetectedby
our method.Our methodalsodeclared14.6%of the non-
specularpixels asspecular.

V. DISCUSSION

In this paperwe have presenteda methodfor establish-
ing thresholdsfor thedetectionof specularitiesin images.
The method �rst eliminates the saturatedspecularities
and then �nds a least-squaresmapping from the color
valuesin a referenceimageto thosein the target image.
The referenceimage is expectedto be substantiallyfree
of specularities,a condition that can be satis�ed when
imagesare speciallyrecordedunderdiffuse illumination.
The decisionthresholdfor the saturatedspecularpixels is
obtainedby an iterative processthat involveseliminating
the target image pixels whose color values exceed a
candidatethresholdand carrying out a Principal Com-
ponent Analysis of the remaining pixels. The decision
thresholdfor thenon-saturatedspecularpixels is obtained
on the basisof inversemappingof the target imagecolor
valuesto thereferenceimagecolor values.A comparative
study involving this presentmethod and the previously
proposedspecularitydetectionmethodsis underway in our
laboratory.
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Fig. 4. Exampleimages,templatesandresults
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