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ABSTRACT

A novel approachto shadow detectionis presentedin this pa-
per. The methodis basedon the useof invariant color models
to identify andto classifyshadows in digital images.The proce-
dureis dividedinto two levels: first, shadow candidateregionsare
extracted;then,by usingtheinvariantcolor features,shadow can-
didatepixelsareclassifiedasself shadow pointsor ascastshadow
points. Theuseof invariantcolor featuresallows a low complex-
ity of the classificationstage.Experimentalresultsshow that the
methodsucceedsin detectingandclassifyingshadows within the
environmentalconstrainsassumedashypotheses,which are less
restrictive thanstate-of-the-artmethodswith respectto illumina-
tion conditionsandscene’s layout.

1. INTR ODUCTION

Applicationssuchas imagedatabasesandsatelliteimagingmay
requiretheidentificationof objectsthroughsegmentation.Thein-
formationabouttheshapeandthecolor of thesegmentedobjects
is thenexploited. This informationcanbe distortedby different
kindsof noisewhich areintroducedby theacquisitionprocessor
by naturalcauseslike shadows. Shadows occurwhenobjectsto-
tally or partiallyoccludedirectlight from asourceof illumination.
Shadowscanbedividedinto two classes:castandselfshadows. A
castshadow is projectedby theobjectin thedirectionof the light
source,a self shadow is thepartof theobjectwhich is not illumi-
natedby direct light. The presenceof castshadows in an image
canmodify theperceivedobjectshape,while thepresenceof self
shadows modify theperceivedobjectshapeandits color. In order
to provide a correctdescriptionof theobjects,shadows shouldbe
identifiedandclassified.

Relatively limited work canbe found in the literaturein the
field of shadow detection. Two different approacheshave been
followed, thefirst basedon models,thesecondbasedon shadow
properties.

In thefirst approach,modelsareusedto representthea priori
knowledgeof the three-dimensionalgeometryof the scene,the
objects,andthe illumination [1, 5, 7]. Constrainedenvironments
suchastraffic scenes[5] or buildings[1, 7] areconsidered,andthe
directionof the light is assumedto be known. Thesegeometry-
basedapproacheshave two major drawbacks. Simplerectilinear
models(e.g. buildingsandvehicles)canbeusedonly for simple
objects,but not for morecomplex scenes(containingpersons,for
instance).In addition,thea priori knowledgeof the illumination

andthe3-D geometryof thesceneis not alwaysavailable. These
approacheshave thusa limited applicationrange.

The secondapproachis moregeneralandidentifiesshadows
by exploiting theirpropertiesin geometry, brightnessandcolor [2,
8]. In [8], a shadow identificationandclassificationalgorithmfor
gray-scaleimagesis presented.Themethodis basedon theanaly-
sisof shadow intensityandgeometryin anenvironmentwith sim-
ple objectsanda singlearealight source1. Only simplescenes,
without occlusionsbetweenobjectsandshadows, areconsidered.
The classificationinto castandself shadows is basedon the as-
sumptionthattheintensityvaluesof pixelsin aselfshadow region
arelargerthanthosein thecorrespondingcastshadow region. This
representsa limitation of themethodsinceit leadsto a misclassi-
fication if objectsaresignificantlydarker thanthebackgroundor
if a castshadow receiveslight reflectedfrom anotherobject.This
makesthecastshadow brighterthantheself shadow.

A systemthat combinescolor informationandgeometryin-
formationto recognizeshadows is describedin [2]. It detectscast
shadows, but doesnot considerself shadows. Themethodis ap-
plicable to morecomplex scenescomparedto thoseanalyzedin
[8]. On the other hand,it presentsa very stronglimitation that
makesit unusablein many applications.An active observer is in-
troducedwhois allowedto castits own shadow. Fromthisshadow
thedirectionof the light sourceis empirically calculated.By us-
ing this information,shadows areconfirmedamongtheextracted
candidateshadow regions.

In this paper, we presentan approachfor the identification
andclassificationof shadowswhichovercomessomeof theabove-
mentionedlimitations, namelythe rangeof applicability with re-
spectto the illumination conditions,andwith respectto the need
of anactive observer. Theproposedapproachis basedon shadow
propertiesandexploits color information. Themethodis alsoap-
plicablewhenno a priori knowledgeof thesceneis availableand
whenobjectsof differenttypearepresent.

The paperis organizedas follows. In Sec.2, the proposed
shadow detectionmethodis described.Experimentalresultsare
presentedin Sec.3, andin Sec.4 we draw someconclusions.

2. PROPOSEDAPPROACH

Thegoalof theproposedalgorithmis theextractionandtheclassi-
ficationof shadows in color images.Themethodworksunderthe
following hypotheseson thesceneandon thelighting conditions.

1An arealight sourceis a sourceof illumination presentinga certain
extent(in contrastto apoint light source).
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A simple environment is assumedwhereshadows are caston a
flat, or nearlyflat, nontexturedsurface(asin [8]). Objectsareuni-
formly colored. Only onelight sourceilluminatesthescene,and
shadows andobjectsarewithin the image.The light sourcemust
bestrong,thusshadowsarewell visible. No otherrestrictionto the
lighting is assumed,andocclusionbetweenobjectsandshadows
is considered.This allows to considermorecomplex sceneswith
respectto themethodin [8].

Color information is exploited by consideringcolor features
that show invariancepropertieswith respectto changesin the il-
luminationconditions,that is to shadows andshading.They are
introducedin Sec.2.1.

Imageareaswhicharedarker thantheirsurroundingsareiden-
tified asshadow regions.They arethenclassifiedascastshadows
if they belongto the backgroundof the sceneor asself shadows
if they arepartof anobject.Sections2.2and2.3describethetwo
levelsof thedetectionprocess.

2.1. Invariant color models

We proposeto exploit color informationfor shadow detectionby
usingtheinvariancepropertiesof somecolortransformations.These
transformations(photometriccolor invariants)arefunctionswhich
describethe color configurationof eachimagepoint discounting
shadings,shadows andhighlights. They areinvariantto a change
in theimagingconditions,suchasviewing direction,object’s sur-
faceorientationandilluminationconditions.

Amongthetraditionalcolor features,normalizedrgb, hue(H)
andsaturation(S) are invariant featuresto shadows andshading.
In additionto thesewell-known color spaces,new invariantcolor
models,�������	�	
 and ������	��
 areproposedin [3].

We have evaluatedthe behavior of all the invariant features
citedabove, namelyrgb, H, S, �������	��
 and ���������
 , for shadow de-
tection.Thebestresultsareobtainedusingthe �������	�	
 model,that
hasbeenadoptedin our method.The � � � � � 
 color invariantfea-
turesaredefinedasfollows:

�����������	������ ��! #"%$�&('*),+�- (1)

���.�/�0���	����1� &�! #"%$ � '�)(+ - (2)
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for R,G,andB representingthered,green,andbluecolorcompo-
nentsof eachpixel in theimage.

2.2. Shadow candidatesidentification

Thefirst steptowardidentifyingshadows involvestheexploitation
of the luminancepropertiesof shadows. Shadows resultfrom the
obstructionof light from a light source.Thus,the luminanceval-
uesin a shadow region aresmallerthanthosein thesurrounding
lit regions.

In [8], a schemethat extracts,aspotentialshadows, regions
thataredarker thantheir surroundingsis proposed.Wehave mod-
ified thismethodin orderto applyit to aportionof theimage.This
portionis individuatedby anedgemap.Theedgemapis obtained

by applyinga Sobeloperatoron the luminancecomponentof the
input image.

Horizontalandverticalscanningisperformedontheedgemap,
in orderto find theouterpointsof theedgemap.Theintensitiesat
thedetectedpointsareusedasreferenceto determineif thepixels
in theinnerpartof theedgemaparedarkerandthereforecandidate
to beshadow points.

Sinceluminanceis a color featurethat is sensitive to shad-
ows andshadings,themapcontainsbothobjectandshadow edges
(Fig. 1(b)). By usingthis edgemapin thedarkregionsextraction
process,werestrictthesearchfor shadow candidateregionsin the
portion of the imagethat is occupiedby the object and its cast
shadow.

(a) (b) (c)

Fig. 1. Edgedetectiononluminanceandphotometricinvariant:(a)
original image;(b) edgemapof theluminancecomponentcontain-
ing objectandshadow boundaries;(c) coloredgemapon invariant
color featurescontainingonly theobjectboundaries.

This allows to overcometwo limitations of the methodde-
scribedin [8]: the hypothesison the intensityon imageborders
andthe settingof a parameterfor the dark regionsidentification.
First,theschemepresentedhereholdsevenwhentheintensitieson
imagebordersarelower thanthosein shadows, thatis for example
in thecaseof afocusedlight source.Then,theuseof theedgemap
avoidstheneedof theparameterfor determinationof darkpixels.

Sincetheedgemapmaynot form closedcontours,someshad-
ow pointsmaybemisclassified.To overcomethis problemandto
improve theperformanceof thedetectionalgorithm,morphologi-
calprocessingis appliedto theluminanceedgemap.Thisprocess-
ing allows to closethe contoursin the detectededgemapandto
obtainabetterperformanceof thedarkregionsextractionmodule.

2.3. Shadow classification

Oncethedark regionshave beenextractedfrom the image,color
informationcanbeusedto classifyshadow regionson theobject
(self shadows) andshadow regionson thebackground(castshad-
ows). Photometriccolor invariantsareexploitedin this stepof the
recognitionprocess.

By performingedgedetectionon the invariantcolor features,
anedgemap2 which doesnot containtheedgescorrespondingto
shadow boundariesis obtained(Fig. 1(c)).

Thecoloredgemapandthedarkregionsmaparethenusedas
input for theclassificationlevel.

Theprocessfor theclassificationof darkregionsis similar to
thatusedfor their detection.Theinput color edgemapis scanned
in thehorizontalandverticaldirectionsto find theouterpointsof
theedgemap. Thedetectedpointsindicatetheouteredgepoints

2Thecoloredgemapis theresultof a logicalOR-connectionoperation
on theedgemapsobtainedwith theSobeloperatoron eachcolor compo-
nent.
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on the object. Pointsin the dark region maskthat lie within the
detectededgepointsareclassifiedasselfshadow points.Theother
pointsareclassifiedascastshadow points.

Dueto noisein theinvariantcolorfeatures,isolatededgepoints
maybedetectedfaroutsidetheobjectcontours.Thiscouldleadto
misclassificationof somecastshadow asselfshadows. A morpho-
logicalprocessingof thefinal castandselfshadow maskis applied
to reducesuchmisclassificationandto improve themethod’s per-
formance.

Another constraintis due to the instability of the invariant
color featuresfor low valuesof saturationandintensity. For this
reason,for a correctcolor edgedetection,saturationandintensity
valueshave to belargerthan 3�4 of their total range[4, 6].

By exploiting color information,we overcomethelimitations
of the dark regions classificationprocessof [8], which assumes
that castshadow pixels aredarker thanself shadow pixels asan
empiricalcriterionfor shadow classification.This maynotalways
be true. The criterion exploited hereis the definition of castand
selfshadow, statingthatselfshadows belongto objects,while cast
shadows lie on the background.This representsa morerealistic
criterion,thatmakesthemethodmoregeneral.

Moreover, theuseof color invariantsin theclassificationlevel
reducesthe complexity of the proposedmethodwith respectto
[8]. No further featureanalysison dark regions,nor hypothesis
integrationarerequired.

Theblockdiagramof theproposedshadow identificationmeth-
od is depictedin Fig. 2. Thecompleteprocesscanbesummarized
asfollows:

1. The luminanceimage,which is sensitive to shadows, and
thecolor componentsof the invariantcolor model,areob-
tainedthrougha colorspaceconversionstep.

2. Edgedetectionon theluminanceimageis performed.

3. Theobtainededgemapis used,togetherwith theluminance
image,astheinput for a schemethatextractsregionsin the
scenethataredarker thantheir surroundings.Dark regions
arecandidateshadow regions.

4. Edgesonthephotometricinvariantcolorspaceareobtained
to find objectcontoursanddiscountshadow contours.

5. Dark regionsthat arenot containedin the objectcontours
are classifiedas castshadow regions, while dark regions
thatareinsidethedetectedobjectcontoursareclassifiedas
self shadow regions.

This processis valid whenthereis only oneobjectin the im-
age. In the caseof a scenecomposedby multiple objects,it is
possibleto limit the analysisto eachsingleobjectby applyinga
connectedcomponentlabeling.

3. EXPERIMENT AL RESULTS

Theresultsof theproposedshadow identificationandclassification
algorithmarepresentedin thissection.Thetestsetis composedof
color imagestakenunderthehypothesescommentedin Sec.2. A
selectionof theseimagesis presentedin thefollowing (Fig. 3(a)).
A singleobjectcastingits shadow is depictedin thefirst (Orange)
andin thesecondrow (Apple). A morecomplex sceneis shown in
thethird row (Kolla). Therearetwo objectsandocclusionbetween
objectsand shadows is present. The object on the left violates
the assumptionon the color of objectsin the scene.This allows
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Fig. 2. Block diagramof theproposedshadow identificationand
classificationmethod.

us to testtherobustnessof themethodwhenvarying theworking
hypotheses.

The edgedetectionstepdiscussedin the previous sectionre-
quiresthe settingof a thresholdin orderto obtaina binary mask
in theedgedetectionprocess.Thevaluesselectedfor thedifferent
testimagesarereportedin Table1. Thevaluesfor thecolor edge
detectorarehigherthanthosefor the luminanceedgedetector. In
the first case,a lower sensitivity of the edgedetectoris required
to reducethe numberof edgepoints detected,due to noise, far
outsidetheobjectcontours.In thesecondcase,a highersensitiv-
ity allows to obtaina mapwhereedgesform asmuchaspossible
closedcontours.

For Orange andApple, the masks(b) and (c) show that the
castshadow andtheself shadow have beencorrectlydetectedby
thealgorithm.

In thecaseof Kolla, thealgorithmhasbeenappliedto thetwo

luminance color

Orange 0.060 0.116
Apple 0.052 0.169
Kolla 0.065 0.100

Table 1. Valueof the thresholdsfor the luminanceandthecolor
edgedetectoron thedifferenttestimages.
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portionsof the imagethat containthe two objects. The resulting
shadow maskshavebeenthenintegratedinto thefinal castandself
shadow masks.This exampleallows usto analyzethebehavior of
theproposedmethodin anextremecasewith respectto thework-
ing hypotheses.

Resultsshow that the objecton the right hasbeenmisclassi-
fied asa shadow andthat the classificationstepof the algorithm
haserroneouslyassignedsomecandidateshadow pointson both
objectsto thefinal castandself shadow masks.Theright objectis
very dark andthis implies two typesof problemswhenapplying
theshadow recognitionalgorithm.

First, thedarkregionsextractionstepclassifiestheobjectasa
potentialshadow, sinceit is oneof thedarkestregionsin theimage.
Sinceit waspartof thedarkregionsmask,thedarkobjectresults
in thefinal self shadow mask.

Second,the performanceof the color edgedetectoron the�������	��
 componentsis unsatisfactoryon thedarkobjectandon the
darkestpart of the objecton the left becauseof the instability of
thecolor featuresfor low valuesof saturationandintensity, asdis-
cussedin Sec.2.3.For this reason,someshadow pointshavebeen
misclassified,especiallynearobjectborders.

However, it is interestingto notethatthemethodhasdetected
theshadow thattheobjectcastsin thedirectionof theviewer. The
boundarybetweenthis shadow and the object is difficult to see
when looking at the original image. The useof photometricin-
variantshasallowed,in this case,to correctlydistinguishbetween
shadow andobject.

(a) (b) (c)

Fig. 3. Shadow detectionandclassificationresultsof theproposed
method.(a) original image,(b) castshadow map,(c) self shadow
map.

4. CONCLUSIONS

A novel methodto identify andto classifyshadows in color im-
ageshasbeenpresented.Both luminanceandcolor information
are usedin shadow identification. By exploiting luminancein-
formation,regionsdarker thantheir surroundingsareextractedas
shadow candidates.Theregionsincludeselfshadowsontheobject
andcastshadows on thebackground.

Color edgedetectionon color invariantmodelsis usedto ob-
tain object edgesdiscountingshadow edges. Shadow candidate
points are classifiedas self shadow points if they lie within the
detectedobjectedges,otherwisethey arelabeledascastshadow
points. The proposedmethodsucceedsin detectingandclassify-
ing shadows within environmentalconstrainsthatarelessrestric-
tive thanothermethodsin literature.

Futurework will focuson defininga strategy to describethe
color of an object discountingthe effect of the self shadow. In
addition,a techniquethatenablesto improve thequalityof theex-
tractedcontourswill be investigated.This will allow to improve
theaccuracy of theclassification,by reducingthenumberof mis-
classifiedpixels.Finally, thiswork will beextendedin orderto be
appliedto videosequences.In thiscase,theadditionalinformation
givenby timewill beexploited.
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