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ABSTRACT

A novel approactto shadav detectionis presentedh this pa-
per The methodis basedon the use of invariant color models
to identify andto classify shadwvs in digital images. The proce-
dureis dividedinto two levels: first, shadav candidateegionsare
extracted;then,by usingtheinvariantcolor featuresshadev can-
didatepixelsareclassifiedasself shadav pointsor ascastshada
points. The useof invariantcolor featuresallows a low complex-
ity of the classificationstage. Experimentakesultsshav thatthe
methodsucceedsn detectingandclassifyingshadavs within the
environmentalconstrainsassumeds hypotheseswhich are less
restrictve than state-of-the-armethodswith respecto illumina-
tion conditionsandscenes layout.

1. INTRODUCTION

Applicationssuchasimagedatabaseand satelliteimaging may
requiretheidentificationof objectsthroughsegmentation Thein-
formationaboutthe shapeandthe color of the sggmentedobjects
is thenexploited. This information can be distortedby different
kinds of noisewhich areintroducedby the acquisitionprocesor
by naturalcausedik e shadavs. Shadevs occurwhenobjectsto-
tally or partially occludedirectlight from a sourceof illumination.
Shadavs canbedividedinto two classescastandselfshadavs. A
castshadwv is projectedby the objectin thedirectionof thelight
sourceaself shadw is the partof the objectwhich is notillumi-
natedby directlight. The presencef castshadws in animage
canmodify the perceved objectshapewhile the presencef self
shadwvs modify the perceved objectshapeandits color. In order
to provide a correctdescriptionof the objects,shadas shouldbe
identifiedandclassified.

Relatiely limited work canbe foundin the literaturein the
field of shadav detection. Two differentapproachesiave been
followed, the first basedon models,the secondbasedon shadw
properties.

In thefirst approachmodelsareusedto representhea priori
knowledge of the three-dimensionagjeometryof the scene,the
objects,andtheillumination [1, 5, 7]. Constrainecervironments
suchastraffic scene$5] or buildings[1, 7] areconsideredandthe
directionof the light is assumedo be knowvn. Thesegeometry-
basedapproachefiave two major dravbacks. Simple rectilinear
models(e.g. buildings andvehicles)canbe usedonly for simple
objects,but not for morecomplex scenegcontainingpersonsfor
instance).In addition,the a priori knowledgeof theillumination
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andthe 3-D geometryof the sceneis not alwaysavailable. These
approachebave thusalimited applicationrange.

The secondapproachs more generalandidentifiesshadas
by exploiting their propertiesn geometrybrightnessandcolor[2,
8]. In [8], ashadw identificationandclassificatioralgorithmfor
gray-scalemagess presentedThe methodis basedntheanaly-
sisof shadwov intensityandgeometryin anernvironmentwith sim-
ple objectsand a single arealight sourcé. Only simplescenes,
without occlusionshetweerobjectsandshadws, areconsidered.
The classificationinto castand self shadws is basedon the as-
sumptionthattheintensityvaluesof pixelsin aselfshadav region
arelargerthanthosein thecorrespondingastshadev region. This
represents limitation of the methodsinceit leadsto a misclassi-
ficationif objectsaresignificantlydarker thanthe backgroundor
if acastshadw receveslight reflectedfrom anotherobject. This
makesthe castshadav brighterthanthe self shadev.

A systemthat combinescolor information and geometryin-
formationto recognizeshadws is describedn [2]. It detectscast
shadavs, but doesnot considerself shadavs. The methodis ap-
plicable to more complex scenescomparedo thoseanalyzedin
[8]. On the otherhand,it presentsa very stronglimitation that
malesit unusablén mary applications.An active obserer s in-
troducedwhois allowedto castits own shadev. Fromthisshadov
the directionof thelight sourceis empirically calculated.By us-
ing this information, shadavs are confirmedamongthe extracted
candidateshadov regions.

In this paper we presentan approachfor the identification
andclassificatiorof shadavs which overcomesomeof theabore-
mentionedimitations, namelythe rangeof applicability with re-
spectto the illumination conditions,andwith respecto the need
of anactive obsenrer. The proposedapproactis basedon shadav
propertiesandexploits color information. The methodis alsoap-
plicablewhenno a priori knowledgeof the scenes availableand
whenobjectsof differenttype arepresent.

The paperis organizedas follows. In Sec.2, the proposed
shadev detectionmethodis described. Experimentalresultsare
presentedn Sec.3, andin Sec.4 we drav someconclusions.

2. PROPOSEDAPPROACH

Thegoalof theproposedalgorithmis the extractionandthe classi-
ficationof shadavs in colorimages.The methodworks underthe
following hypothese®n the sceneandon the lighting conditions.

1An arealight sourceis a sourceof illumination presentinga certain
extent(in contrasto a pointlight source).
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A simple ervironmentis assumedvhere shadavs are caston a
flat, or nearlyflat, nontexturedsurface(asin [8]). Objectsareuni-
formly colored. Only onelight sourceilluminatesthe scene and
shadavs andobjectsarewithin the image. The light sourcemust
bestrong.thusshadas arewell visible. No otherrestrictionto the
lighting is assumedand occlusionbetweenobjectsand shadavs
is considered.This allows to considermorecomplex sceneswith
respecto themethodin [8].

Color informationis exploited by consideringcolor features
that shaw invariancepropertieswith respecto changesn theil-
lumination conditions,thatis to shadavs and shading. They are
introducedn Sec.2.1.

Imageareasvhicharedarlerthantheir surroundingsireiden-
tified asshadev regions. They arethenclassifiedascastshadavs
if they belongto the backgroundof the sceneor asself shadas
if they arepartof anobject. Sections2.2 and2.3 describethe two
levelsof the detectionprocess.

2.1. Invariant color models

We proposeto exploit color informationfor shadav detectionby
usingtheinvariancepropertief somecolortransformationsThese
transformationgphotometriacolorinvariants)arefunctionswhich
describethe color configurationof eachimagepoint discounting
shadingsshadavs andhighlights. They areinvariantto a change
in theimagingconditions suchasviewing direction,objects sur
faceorientationandillumination conditions.

Amongthetraditionalcolorfeaturesnormalizedrgh, hue(H)
andsaturation(S) areinvariantfeaturesto shadavs andshading.
In additionto thesewell-known color spacesnew invariantcolor
modelscicacs andlilzls areproposedn [3].

We have evaluatedthe behaior of all the invariant features
citedabove, namelyrgb, H, S cicacs andlylyls, for shadev de-
tection. The bestresultsareobtainedusingthe ¢i cacs model,that
hasbeenadoptedn our method. The ¢icacs color invariantfea-
turesaredefinedasfollows:

R

or =avetan () @
G

¢y = arctan (W) (2)
B

C3 = arctan (W) (3)

for R,G,andB representinghered,green,andblue color compo-
nentsof eachpixel in theimage.

2.2. Shadow candidatesidentification

Thefirst steptowardidentifying shadavs involvesthe exploitation
of theluminancepropertiesof shadavs. Shadavs resultfrom the
obstructionof light from a light source.Thus,the luminanceval-
uesin a shadev region aresmallerthanthosein the surrounding
lit regions.

In [8], a schemethat extracts,as potentialshadas, regions
thataredarker thantheir surroundingss proposedWe have mod-
ified thismethodin orderto applyit to aportionof theimage.This
portionis individuatedby anedgemap. Theedgemapis obtained

by applyinga Sobeloperatoron the luminancecomponenbf the
inputimage.

Horizontalandverticalscannings performedntheedgemap,
in orderto find the outerpointsof theedgemap. Theintensitiesat
thedetectedpointsareusedasreferenceo determinef the pixels
in theinnerpartof theedgemaparedarker andthereforecandidate
to beshadav points.

Sinceluminanceis a color featurethat is sensitve to shad-
ows andshadingsthemapcontainsbothobjectandshadev edges
(Fig. 1(b)). By usingthis edgemapin the dark regionsextraction
processwe restrictthe searchor shadev candidateegionsin the
portion of the imagethatis occupiedby the objectandits cast
shadav.

(@

Fig. 1. Edgedetectioronluminanceandphotometridnvariant: (a)
originalimage;(b) edgemapof theluminancecomponentontain-
ing objectandshadev boundaries(c) coloredgemaponinvariant
colorfeaturescontainingonly the objectboundaries.

This allows to overcometwo limitations of the methodde-
scribedin [8]: the hypothesison the intensity on imageborders
andthe settingof a parametefor the dark regionsidentification.
First,theschemeresentediereholdsevenwhentheintensitieson
imagebordersarelowerthanthosein shadavs, thatis for example
in thecaseof afocusedight source . Then,theuseof theedgemap
avoidstheneedof the parametefor determinatiorof darkpixels.

Sincetheedgemapmaynotform closedcontours someshad-
ow pointsmay be misclassified.To overcomethis problemandto
improve the performancef the detectionalgorithm,morphologi-
calprocessings appliedto theluminanceesdgemap. Thisprocess-
ing allows to closethe contoursin the detectededgemapandto
obtaina betterperformancef the darkregionsextractionmodule.

2.3. Shadaow classification

Oncethe darkregionshave beenextractedfrom theimage,color
informationcanbe usedto classifyshadw regionson the object
(self shadavs) andshadav regionson the backgroundcastshad-
ows). Photometriacolor invariantsareexploitedin this stepof the
recognitionprocess.

By performingedgedetectionon the invariantcolor features,
anedgemag which doesnot containthe edgescorrespondingo
shadw boundariess obtained(Fig. 1(c)).

Thecoloredgemapandthedarkregionsmaparethenusedas
inputfor the classificatiorlevel.

The procesdor the classificationof dark regionsis similar to
thatusedfor their detection.Theinput color edgemapis scanned
in the horizontalandvertical directionsto find the outerpointsof
the edgemap. The detectedbointsindicatethe outeredgepoints

2Thecolor edgemapis theresultof alogical OR-connectiomperation
on the edgemapsobtainedwith the Sobeloperatoron eachcolor compo-
nent.



on the object. Pointsin the dark region maskthatlie within the
detectededgepointsareclassifiedasselfshadav points. Theother
pointsareclassifiedascastshadev points.

Dueto noisein theinvariantcolorfeaturesisolatededgepoints
may be detectedar outsidethe objectcontours.This couldleadto
misclassificatiorof somecastshadav asselfshadas. A morpho-
logical processingf thefinal castandself shadev maskis applied
to reducesuchmisclassificatiorandto improve the methods per
formance.

Another constraintis due to the instability of the invariant
color featuresfor low valuesof saturationandintensity For this
reasonfor a correctcolor edgedetection saturatiorandintensity
valueshave to belargerthan5% of theirtotal range[4, 6].

By exploiting color information,we overcomethe limitations
of the dark regions classificationprocessof [8], which assumes
that castshadev pixels are darler than self shadav pixels asan
empiricalcriterionfor shadw classification.This maynotalways
be true. The criterion exploited hereis the definition of castand
self shadw, statingthatself shadas belongto objectswhile cast
shadws lie on the background.This represents morerealistic
criterion,thatmakesthe methodmoregeneral.

Moreover, theuseof colorinvariantsin theclassificatiorlevel
reducesthe compleity of the proposedmethodwith respectto
[8]. No further featureanalysison dark regions, nor hypothesis
integrationarerequired.

Theblockdiagramof theproposedghadav identificationmeth-
odis depictedn Fig. 2. Thecompleteprocessanbe summarized
asfollows:

1. Theluminanceimage,which is sensitve to shadws, and
the color component®f theinvariantcolor model,areob-
tainedthrougha color spaceconversionstep.

2. Edgedetectioron theluminanceimageis performed.

3. Theobtainecedgemapis usedtogethemwith theluminance
image,astheinputfor aschemehatextractsregionsin the
scenghataredarker thantheir surroundingsDark regions
arecandidateshadav regions.

4. Edgesonthephotometridnvariantcolorspaceareobtained
to find objectcontoursanddiscountshadav contours.

5. Dark regionsthat are not containedn the objectcontours
are classifiedas castshadev regions, while dark regions
thatareinsidethe detectedbjectcontoursareclassifiedas
selfshadw regions.

This processs valid whenthereis only oneobjectin theim-
age. In the caseof a scenecomposecdby multiple objects,it is
possibleto limit the analysisto eachsingle objectby applyinga
connectedcomponentabeling.

3. EXPERIMENT AL RESULTS

Theresultsof theproposedhadav identificationandclassification
algorithmarepresentedh this section.Thetestsetis composef
colorimagestaken underthe hypothesesommentedn Sec.2. A
selectionof theseimagesis presentedn thefollowing (Fig. 3(a)).
A singleobjectcastingits shadw is depictedn thefirst (Orange)
andin thesecondow (Applg. A morecomplex scends shavn in
thethird row (Kolla). Therearetwo objectsandocclusionbetween
objectsand shadws is present. The objecton the left violates
the assumptioron the color of objectsin the scene. This allows
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Fig. 2. Block diagramof the proposedshadev identificationand
classificatioomethod.

usto testthe robustnesof the methodwhenvarying the working
hypotheses.

The edgedetectionstepdiscussedn the previous sectionre-
quiresthe settingof a thresholdin orderto obtaina binary mask
in theedgedetectiornprocessThevaluesselectedor thedifferent
testimagesarereportedin Table1. The valuesfor the color edge
detectorarehigherthanthosefor theluminanceedgedetector In
the first case,a lower sensitvity of the edgedetectoris required
to reducethe numberof edgepoints detected,due to noise, far
outsidethe objectcontours.In the secondcase a highersensitv-
ity allows to obtaina mapwhereedgesorm asmuchaspossible
closedcontours.

For Orange and Apple the masks(b) and(c) shav that the
castshadwv andthe self shadav have beencorrectlydetectedby
thealgorithm.

In the caseof Kolla, thealgorithmhasbeenappliedto the two

| | luminance| color ]

Orange 0.060 0.116
Apple 0.052 0.169
Kolla 0.065 0.100

Table 1. Valueof the thresholdgfor the luminanceandthe color
edgedetectoron thedifferenttestimages.



portionsof theimagethat containthe two objects. The resulting
shadwv maskshave beenthenintegratedinto thefinal castandself
shadav masks.This exampleallows usto analyzethe behaior of
the proposednethodin anextremecasewith respecto the work-
ing hypotheses.

Resultsshav thatthe objecton the right hasbeenmisclassi-
fied asa shadawv andthatthe classificationstepof the algorithm
haserroneouslyassignedsomecandidateshade pointson both
objectsto thefinal castandself shadev masks.Theright objectis
very dark andthis implies two typesof problemswhenapplying
theshade recognitionalgorithm.

First, the darkregionsextractionstepclassifieghe objectasa
potentialshadwy, sinceit is oneof thedarlestregionsin theimage.
Sinceit waspartof the darkregionsmask,the dark objectresults
in thefinal self shadev mask.

Second,the performanceof the color edgedetectoron the
c1cec3 componentss unsatisactoryonthedark objectandonthe
darkestpart of the objecton the left becauseof the instability of
thecolor featuredor low valuesof saturatiorandintensity asdis-
cussedn Sec.2.3. For thisreasonsomeshadav pointshave been
misclassifiedespeciallynearobjectborders.

However, it is interestingto notethatthe methodhasdetected
theshadw thatthe objectcastsin thedirectionof theviewer. The
boundarybetweenthis shadev and the objectis difficult to see
whenlooking at the original image. The useof photometricin-
variantshasallowed, in this caseto correctlydistinguishbetween
shadev andobject.

Fig. 3. Shadwv detectiomandclassificatiorresultsof theproposed
method.(a) original image,(b) castshadav map,(c) self shadev
map.

4. CONCLUSIONS

A novel methodto identify andto classify shadas in color im-
ageshasbeenpresented.Both luminanceand color information
are usedin shadw identification. By exploiting luminancein-
formation,regionsdarker thantheir surroundingsare extractedas
shadw candidatesTheregionsincludeselfshadas ontheobject
andcastshadevs onthe background.

Color edgedetectionon color invariantmodelsis usedto ob-
tain object edgesdiscountingshadev edges. Shadev candidate
points are classifiedas self shadev pointsif they lie within the
detectedobjectedges otherwisethey arelabeledas castshadav
points. The proposedmethodsucceedsn detectingand classify-
ing shadavs within ernvironmentalconstrainghatarelessrestric-
tive thanothermethodsdn literature.

Futurework will focuson defininga strateyy to describethe
color of an objectdiscountingthe effect of the self shadav. In
addition,atechniquethatenablego improve the quality of the ex-
tractedcontourswill be investigated.This will allow to improve
theaccuray of the classificationpy reducingthe numberof mis-
classifiedpixels. Finally, thiswork will be extendedn orderto be
appliedto videosequencedn this casetheadditionalinformation
givenby time will beexploited.
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