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Chapter 1

Intr oduction

1.1 The context

Computervisioncanbede�nedasthedeductionof informationabouttheworld by au-

tomaticanalysisof imagestakenfrom eitherasingleor multipleviewpoints.Computer

visionis afascinatingandchallengingresearch�eld, with many established(e.g.,auto-

matedvisual inspection,robotguidance,opticalcharacterrecognition,medicalimag-

ing, remotesensing)aswell asemerging (e.g.,videosurveillance,tra� c monitoring,

human-computercommunication)applicationdomains.

In thelastdecade,awiderangeof researchareasconcernedwith real-timeapplica-

tionshave receiveda growth in attention, dueto a considerableperformanceboostof

o� -the-shelfcomputingplatforms.Amongthese,it is worth pointingout thosepaving

theway for emerging applicationsin unconstrainedenvironmentswherein,unlike es-

tablishedindustrialapplication,acomplex andchangingworld mustbeaccuratelyand

reliablymodeled.

Oneof theseresearch�elds is undoubtedlychangedetection. Changedetection

dealswith theautomaticdetectionof changesoccurringin a sceneby theelaboration

of singleor multiple video sequencesof the scenecapturedfrom singleor multiple

view-pointsby �x ed or moving imagingdevices. Changedetectionis the �rst cru-

cial processingstepin many Computervisionapplications,suchasvideo-surveillance,

tra� c monitoringandremotesensing.In fact,upona reliablepreliminarychangede-

tectionstephigherlevel capabilitiescanbebuilt, suchasthoseconcernedwith objects

tracking,classi�cationandbehavior analysis.

1



2 CHAPTER1

1.2 The problem

Theinput of a typical changedetectionalgorithmat time t = t̄ is a setI t̄ of synchro-

nizedvideosequencesSv
t̄ of thesamescenecapturedby di� erentimagingdevicesfrom

di� erentview-points:

I t̄ =
�
S1

t̄ ; S2
t̄ ; : : : ; SV

t̄

�
(1.1)

Dependingon thenumberV of di� erentview-points(i.e. of input video sequences),

changedetectionis denotedasmulti-view (V > 1) or single-view (V = 1). Eachin-

put videosequenceSv
t̄ consistsof a �nite numberof digital (discretedomain,discrete

range)imagesI v
t of thescenecapturedby thesameimagingdeviceatdi� erentdiscrete

timest � t̄:

Sv
t̄ =

�
I v
t̄� T ; : : : ; I v

t̄� 1 ; I v
t̄

�>
(1.2)

It is worth pointing out that in caseof multi-view changedetectionthe input video

sequencesareassumedto besynchronized,sothatthey containthesamenumber(T+1)

of images,capturedat commontimes(t̄; t̄ � 1; : : : ; t̄ � T). As a consequence,theinput

informationSt̄ of a typical changedetectionalgorithmcanbe written asa matrix of

(T+1) � V digital images,where(T+1) is thenumberof imagesin eachvideosequence

andV is thenumberof di� erentviews-sequences:

I t̄ =

0
BBBBBBBBBBBBBBBBBBBB@

I 1
t̄� T I 2

t̄� T : : : I V
t̄� T

:::
:::

:::

I 1
t̄� 1 I 2

t̄� 1 : : : I V
t̄� 1

I 1
t̄ I 2

t̄ : : : I V
t̄

1
CCCCCCCCCCCCCCCCCCCCA

(1.3)

It is clearthateachcolumnof I t̄ representsadi� erentinputvideosequenceSv
t̄ , but it is

worth noticingthateachrow (denotedasRt) containsa setof simultaneousimagesof

themonitoredscenetakenfrom di� erentview-points.Eachinput digital imageI v
t can

be regardedasa functionmappinga pixel coordinatesl-dimensionalintegervector p

(hereinafter, pixel) to a pixel intensitiesm-dimensionalintegervectorc = I v
t (p) (pixel

color):

I v
t : Z l 3 p 7! c = I v

t (p) 2 Z m (1.4)

Typically, m = 1 (e.g.,grey level images)or m = 3 (e.g.,RGBcolor images),but other

valuesarepossible.For instance,multi-spectralimageshave valuesof m in the tens,

while hyper-spectralimageshavevaluesin thehundreds.Typically, l = 2 (e.g.,satellite

or surveillanceimages)or l = 3 (e.g.,volumetricmedicalor biological microscopy

data).In therestof thethesis,wewill take into considerationjust changedetectionfor

planargrey level images(l = 2, m = 1), mappinga 2-dimensionalpixel p = (i; j) to a

scalargrey level g = I v
t (i; j):

I v
t : Z 2 3 p = (i; j) 7! g = I v

t (i; j) 2 Z (1.5)
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Figure1.1(a) showstheinputof a typicalmulti-view changedetectionalgorithm.
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Figure1.1: Input (a)andoutput(b) of a typicalmulti-view changedetectionalgorithm(V = 3).

Theoutputof a typical multi-view changedetectionalgorithmat time t = t̄ is a set

Ot̄ of V imagesCv
t̄ , onefor eachview-point,calledchangemasks:

Ot̄ =
�
C1

t̄ ; C2
t̄ ; : : : ; CV

t̄

�
(1.6)

so that a multi-view changedetectionalgorithmcanbe regardedasa function CDMV

mapping,at eachtime t, theinput I t to theoutputOt:

Ot = CDMV(I t) (1.7)
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EachchangemaskCv
t̄ is a binary imagehaving the samedomainasthe imagescon-

tainedin thecorresponding(i.e. relativeto thesameview-point) inputsequenceSv
t̄ and

de�ned asfollows:

Cv
t̄ (p) = CDv

MV(I t̄) =

8
>><
>>:

1 if a signi�cant changeoccurredat pixel p of I v
t̄

0 otherwise
(1.8)

Theoutputof atypicalmulti-view changedetectionalgorithmis shown in �gure 1.1(b).

To make the changemaskde�nition in equation1.8 clear, it is necessaryto give an

answerto thefollowing two questions:

a) Whatdoes”signi�cant” changemean?

b) Whatshouldachangebedetectedwith respectto?

1.2.1 What doessigni�cant changemean?

Whenasceneis imagedby acapturingdevice,it canberegardedas3-dimensional(not

necessarilyplanar)surface,that is theportionof thephysicalsurfaceof theobjectsin

thescenethat is visible throughtheperspective projectioncharacterizingthe imaging

device, immersedin a 3-dimensionalEuclideanspace,that is the physicalspace.A

digital imageof the sceneis a geometricalappearancemodelof the scene.On one

hand,it is ageometricalmodelsinceit is aperspectiveprojectionof the3-dimensional

scenesurfaceto the2-dimensionalimageplaneof thecapturingdevice. On theother

hand,it is anappearancemodelsinceit is a measureof the radiance(i.e. theelectro-

magneticradiationin thevisible spectrum),emittedby thescenesurface. Hence,the

intensityof apixel in asceneimageis ameasureof theradianceemittedby thepatchof

scenesurfaceconnectedto thepixel itself by thecentralprojection(throughtheoptical

center)of thecapturingdevice (�gure 1.2).

We call a scene(or semantic)information an information on the 3-dimensional

geometryof thescenesurface. On theotherhand,we call an image(an appearance)

informationan informationcontainedin thesceneimage(i.e. themeasuredpixel in-

tensities). In general,given an imageinformation it is not straightforward to infer

sceneinformationaboutthe connectedpatchof scenesurface. In fact, any given 3-

dimensionalpositionin the imagedsceneis univocally connectedwith a pixel in the

sceneimage. On thecontrary, givena pixel in thesceneimageall the3-dimensional

positionsin the imagedscenelying on the line (optical ray) passingthroughthepixel

andtheopticalcenterarepossible(�gure 1.2). Shapefrom shading,photometricstereo

andmulti-view stereoaredisciplinesin the computervision �eld aiming at inferring

sceneinformation from imageinformation. In particular, shapefrom shadingaims

at computingthe 3-dimensionalshapeof a scenesurfacefrom a singleimageof the
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Figure 1.2: Imageformationprocess:a sceneimageis a geometricappearancemodelof the

imagedscene.

scene.Theshapeis inferredby assuminga re�ectancemodel(i.e. a modelof thelight

re�ection physicalphenomenon)for the physicalscenesurfaceand thencomputing

the3-dimensionalshapewhichmaximizesthelikelihoodof thesceneimagegiventhe

assumedre�ectancemodel.It is well-known thattheshapefrom shadingproblemis in

general(i.e. for agenericshapeof thescenesurface)ill-posed,evenin thecaseof sim-

ple re�ectancemodels(e.g. Lambertianre�ectancemodel). Also in thesimplecases

wherea solutionexists (thanksto the assumptionof scenesurfacesmoothnesscon-

straints),morethanjust local imageinformationhasto beprocessed.Insteadof using

a singleimage,photometricstereotriesto solve therecoveringproblemby processing

theinformationcontainedin two or moredi� erentsceneimages.Theimagesaretaken

by thesameimagingdeviceandfrom thesameview-point,but thelight sourceposition

in thesceneis di� erent.Theproblemis mathematicallywell-posed,that is theorien-

tationof thenormalto thescenesurfacecanbe,in theory, determinedfor eachsurface

patchconnectedto asceneimagepixel. However, it is clearhow photometricstereocan

notbeusedin unconstrainedenvironments,wherethelight source(or, better, sources)

positioncannot be controlled. Multi-view stereorecoversinformationon the scene

surfacegeometryby usingtwo sceneimagestakenfrom di� erentview-pointsand,in

general,by di� erentimagingdevices. By detectingcouplesof points(i.e. pixels) in

the two imagescorrespondingto the samescenesurfacepatch(matchingprocedure)

andby exploiting geometricalpropertiesrelatedto thecentralprojectioncharacteriz-

ing thecapturingdevice (disparitycomputation),thedepthof thepixels is computed,

that is thedistancebetweenthescenesurfacepatchimagedby thetwo pixelsandthe
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imagingdevicesprincipalplane.Multi-view stereoprovidesgoodresultsalsoin case

of unconstrainedenvironments,however:

a) theimagingdevicesmustbecarefullycalibratedandtemporallysynchronized;

b) thematchingprocedureis themostimportantandalsothemostcritical partof a

multi-view stereoalgorithm.In fact,notall thecouplesof pointswhichactually

correspondto thesamescenesurfacepatchcanbedetected.

All this discussionwas aimedat pointing out how the inferenceof sceneinfor-

mationfrom imageinformationis a complex andhard-to-solve problem. By aiming

”lower”, that is by passingfrom the absolutecontinuousformulationof the problem

(i.e. to computethe scenesurface3-dimensionalgeometry)to the di� erentialdi-

chotomicone(i.e. to detectif a changeof the3-dimensionalscenesurfacegeometry

hasoccurred),a moretacklebleproblemis attained.This is thechangedetectionprob-

lem. Finally, we cananswerthequestiongiving the title to this paragraphby saying

thatchangedetectionaimsatdetectingscene(or semantic)changes,thatis changesof

the scenesurfacegeometry. Hence,”signi�cant” in equation1.8 canbe replacedby

”scene”sothattheoutputof achangedetectionalgorithmis a changemaskde�ned as

follows:

Cv
t̄ (p) = CDv

MV(I t̄) =

8
>><
>>:

1 if a scenechangeoccurredatpixel p of I v
t̄

0 otherwise
(1.9)

It is worthspendingright now somewordsaboutthetwo mainproblemsarisingin

changedetection,that is camou�age anddisturbancefactors. Both theproblemscan

bethecauseof detectionerrors,but in generalof opposite”sign”. In fact,camou�age

alwaysgivesrise to misseddetections(i.e. falsenegatives)while disturbancefactors

almostalwaysyieldsfalsedetections(falsepositives).As regardscamou�age,it is due

to thefact thata changeof thescenesurface3-dimensionalgeometrydoesnot neces-

sarily causea changeof theemittedradianceand,asa consequence,of themeasured

pixel intensities.As anexample,wecanthink of amoving objecthaving averysimilar

color (i.e. radiance)to thatof thecoveredscenesurface.As onecaneasilyunderstand,

this problemis inherentlynot solvableon a local basis,that is by just consideringthe

measuredintensitiesin a small neighborhoodof pixels. In fact, imagesarenothing

elsethana measureof the radianceemittedfrom the scenesurface. If the radiance

doesnot change,nothingcanbesaidaboutpossiblescenechanges.Theproblemcan

bea� ordedjust at a higherlevel, that is at theobjects-level. In practice,moreor less

explicit assumptionsaboutthe foregroundobjectsshapehave to be made. Theseas-

sumptionscanbedirectly includedwithin thechangemaskcomputationprocedureor

implementedasa changemaskpost-processing(e.g. mathematicalor statisticalmor-

phology). Apart form chapter4, wherewe presentan ad-hoc�lling algorithmaimed
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at removing possiblemisseddetections(which, however, arenot dueto camou�age),

in this thesiswe focusour attentionon low-level changedetectionalgorithmswithout

any morphologicalassumption.Hence,we renouncein advanceto detect”almostper-

fectly” camou�agedscenechanges.In this framework, we cansaythatall the scene

changeswe aim to detectby our algorithmsgive rise to a measurableimagechange,

thatis:

scenechange =) imagechange (1.10)

The oppositeproblemto the one just discussed,that is the detectionof falsescene

changes,canarisein changedetectionaswell. In fact,not all themeasurableimage

changesarein generaldueto scenechanges.We call disturbancefactorsall thepos-

siblecausesof measurableimagechangesnot relatedto changesof thescenesurface

geometry. Themostimportantdisturbancefactorsarethefollowing:

a) sceneilluminationchanges:changesof theamountof light emittedby thesources

presentin thescene.

b) imagingsystemnoise: statisticalerror a� ectingthe measuredpixel intensities

dueto a varietyof phenomenaoccurringalongtheimagingprocess.

c) dynamicadjustmentsof theimagingsystemparameters:changesof theparame-

terswhichcharacterizethetransferfunctionmappingthesensedsceneradiances

to themeasuredpixel intensities.

The�rst disturbancefactoris theonly oneactuallya� ectingtheradianceemittedfrom

thescenesurface.Theothertwo, in fact,arisein thesceneradiancemeasurementstep

insidethe imagingdevice. However, the e� ect of all disturbancefactorsis an image

change,sothatwe canwrite:

disturbancefactors =) imagechange (1.11)

By rememberingthat a changedetectionalgorithmaims at detectingscenechanges

(i.e. the cause)from images(i.e. the e� ect) andby looking at rules 1.10and 1.11,

changedetectioncanberegardedasthelogicalabductionproblemshown in �gure 1.3

: In practice,if no imagechangeis measured(i.e. pixel intensitiesareunchanged)

no scenechangeis detected. On the contrary, if an imagechangeis measuredthe

abductionof theright (i.e. thetrue)causehasto becarriedoutbetweenscenechanges

anddisturbancefactors.Finally, agoodchangedetectorshouldbeableto discriminate

between(i.e. to classify)thee� ectsof scenechangesandof disturbancefactorson the

measuredimageintensities.
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Figure1.3: Changedetectionasa logicalabductionproblem.

1.2.2 What should a changebe detectedwith respectto?

The discussioncarriedout in thepreviousparagraphis valid both for multi-view and

for single-view changedetection.On thecontrary, a distinctionhasto bemadeto say

whatachangeshouldbedetectedwith respectto. In fact,sinceamulti-view changede-

tectorelaboratessceneimagestakenat di� erenttimesandfrom di� erentview-points,

changescanbedetectedin thetemporal(givena view-point,alongframescapturedat

di� erenttimes)aswell in thespatial(givena capturingtime,alongframestakenfrom

di� erentview-points)domain.Moreover, a varietyof hybrid solutionsarepossibleas

well. In this thesis,we proposea hybrid solutionin which thedetectionof changesin

the temporaldomainrepresentsthemainpart. In practice,single-view changedetec-

tion is carriedout independentlyfor eachview-point. Justasa �nal processingstep,

theinformationcontainedin all theattainedsingle-view changemasksis fusedby the

multi-view spatialconstraint.Theaimof this �nal processingstepis to �lter -outapar-

ticular typeof falsechanges(i.e. verylocal falsechanges,suchasthosedueto shadows

castby foregroundobjects),whichcanbehardlydealtwith by asingle-view approach.

Indeed,mostof this thesisis devotedto single-view changedetection.Themulti-view

changemasksfusionapproachis presentedin thelastchapter. For thisreason,wepost-

poneto thatpoint thediscussionof how time, spaceor a combinationof bothcanbe

thebasisonwhichchangesaredetectedin a multi-view changedetectionapproach.

As regardssingle-view changedetection,changesare necessarilydetectedon a
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temporalbasis. However, asfar asthe answergiven to the questionput in this para-

graphis concerned,two mainclassesof single-view changedetectionalgorithmscan

beidenti�ed:

a) algorithmsbasedon temporalframe-di� erence:at time t = t̄, changesoccurring

in apixel pof thecurrentframeI t̄ (to simplify notations,hereinafterwedropthe

superscriptv whendealingwith single-view changedetection)aredetectedwith

respectto one(two-framedi� erence)or two (three-framedi� erence)previous

frames.Thechangemaskcomputationrule of equation1.9 canbeexpressedas

follows:

Ct̄ (p) = CDSV(I t̄ = St̄) =

8
>><
>>:

1 if d
�
I t̄(p); I t̄� 1(p); : : :

�
> T

0 otherwise
(1.12)

whereCDSV denotesthe overall single-view changedetectionalgorithm,map-

ping the input informationI t̄, correspondingto thesingle-view input sequence

St̄, to thesingle-view outputchangemaskCt̄. d is a functiongiving a measure

of dissimilaritybetweenthecurrentandthepreviousframeintensities.

b) algorithmsbasedon backgroundsubtraction:changesin the currentframeare

detectedwith respectto the ”stationary” part of the scenesurface,commonly

called scenebackground. An almostphilosophicaldiscussionmay be carried

out aboutthe meaningof background,that is of the adjective ”stationary”. In

the mostcommonacceptation,backgroundis the portion of imagedscenesur-

facehaving a constant3-dimensionalgeometrysincea su� ciently long time.

Hence,backgroundsubtractionconsistsin thecomparisonbetweenthecurrent

frameI t̄ andan image(or, morefrequently, anappearancemodel)of thescene

backgroundB̂t̄.

Ct̄ (p) = CDSV(I t̄ = St̄) =

8
>><
>>:

1 if d
�
I t̄(p); B̂t̄(p)

�
> T

0 otherwise
(1.13)

In general,algorithmsbasedon temporalframedi� erencearecomputationallyvery

e� cientsince,at eachcapturingtime, they just have to computethedissimilaritybe-

tweenthecurrentandthepreviousframeintensities.Moreover, disturbancefactorsare

aproblemjustwhenthey causeveryfastimagechanges(e.g.alight turnedon/o� in the

imagedscene)andjustduringthechangetransitory(i.e. afterthelight hasbeenturned

on/o� , no morefalsechangesaredetected).In fact,capturingframerateof common

imagingsystemsis in theorderof tens,sothattheinter-frameacquisitiontime is in the

orderof hundredthsof seconds.Evena light switchproducesanimagechangewhich

is spreadover someframes.Slower changes,suchasthoserelatedto the time of the

day, doesnot causeinter-frameimagechangeswhich canbe confusedwith the ones



10 CHAPTER1

producedby scenesurfacechanges.Besides,thechangemaskcomputationprocessby

temporalframedi� erenceis a ”processwithout memory”,in thesensethat thebinary

decisionfor a pixel to bechangedor unchangedis takenwithout consideringthepast

decisions.By rememberingthateachdecisionfor thecurrentframeis takenjustonthe

basisof a comparisonwith theprevious frame,it is easyto understandhow, evenfor

suddenimagechangesdueto disturbancefactors,a problemcanarisejust during the

changetransitory. However, temporalframedi� erencesu� ersfrom two inherentprob-

lems,calledghostingand foregroundaperture, respectively. Figure 1.4, on the left,

shows thee� ectsof thesetwo problemsfor a coupleof successive framesof a sample

sequence.Theghostingproblemconsistsof falsedetectionsoccurringin thepixelsnot
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Figure 1.4: An exampleof changemaskscomputedby temporalframedi� erence(on the left)

andbackgroundsubtraction(on theright) changedetectionalgorithms.
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coveredby foregroundobjectsin the currentframebut coveredin the previous one.

Foregroundaperturecanberegardedasa particulartypeof camou�age,occurringbe-

tweendi� erentsurfacepatchesof thesameforegroundobject.While ghostingcanbe

dealtwith quitee� ectively (e.g. by usingmorethanjust two successive frames),the

foregroundapertureproblemis actuallyinherentto thetemporaldi� erencemethod.To

understandthis, it is su� cientto think of a perfectlyevenly ”colored” foregroundob-

ject moving in thesceneor to whatever foregroundobjectstayingstill in thescene.In

thesecases,temporalframedi� erenceis trying to detectscenechangesby comparing

imageintensitieswhich actuallycorrespondto thesameemittedradiance.Theresult

is a setof unavoidablemisseddetections.

As regardsbackgroundsubtraction,it su� ersneitherfrom ghostingnor from the

foregroundapertureproblem. In fact,giventhat thebackgroundmodelis a ”perfect”

appearancemodelof the stationarypart of the imagedscene(i.e. an exact measure

of the radianceemittedby thescenebackgroundsurface),thedetectionrule of equa-

tion 1.13allowsto detectexactlyall thepixelswhicharesensinganincomingradiance

di� erentfrom theradianceemittedby thescenebackgroundsurface. In otherwords,

apartfrom possiblemisseddetectionsdueto camou�age,aperfectchangemaskshould

beattained.Also if weadmitthepresenceof imagingsystemnoise,anaccuratechange

maskcanbecomputedby choosinga propervaluefor thethresholdT in thedetection

rule. In �gure 1.4, on the right, we show the changemaskcomputedby the detec-

tion ruleof equation1.13for thesamesampleframeconsideredin thetemporalframe

di� erencecase.In particular, thebackgroundmodelis simply an imageof thescene

capturedbeforethepersonentersthesceneanda valueT = 9 hasbeenchosen.The

changemaskis clearlymuchbetterthantheoneattainedby thetemporalframedi� er-

enceapproach.Somemisseddetectionsarepresent,dueto a partialcamou�agee� ect

occurringin somepixels. Due to theabsenceof inherentproblems,backgroundsub-

tractionis themoststudiedandthemostappliedchangedetectionapproach.Thought

not inherent,the big problemarising in backgroundsubtractionis the maintenance

of the backgroundmodel. In fact, assumedthat a good initial modelhasbeengen-

erated,disturbancefactorscansubsequentlychangetheradianceemittedby thescene

backgroundsurface(illuminationchanges)or, however, themeasuredimageintensities

(adjustmentsof theimagingsystemparameters).Two mainclassesof backgroundsub-

tractionalgorithmscanbeidenti�ed, basedonadi� erentwayof facingthedisturbance

factorsproblem:

a) algorithmsbasedon a temporallyadaptive statisticalmodelof the sceneback-

groundappearance:the backgroundmodelis a statisticalmodelof theappear-

ance(i.e. thesensedradiance)of thescenebackgroundsurface. Thedetection

ruleis justacomparisonbetweentheappearanceof thescenein thecurrentframe
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andtheappearanceof thescenebackgroundexpressedby thebackgroundmodel.

In particular, for eachpixel theprobabilityof observing(i.e. the likelihoodof)

thecurrentlymeasuredintensitygiventhat thepixel is imagingthebackground

surfaceis computedandthenthresholded.Clearly, for the algorithmto be ro-

bustto thee� ectsof disturbancefactorsthebackgroundmodelmustbeupdated.

Actually, thebackgroundmodelupdatingprocedureis themostimportantand,

at thesametime, themostcritical partof thebackgroundsubtractionalgorithms

belongingto this class.In fact,if it is truethattheimagingsystemnoisee� ects

aredealtwith e� ectively by the statisticalnatureof the backgroundmodel, il-

luminationchangesanddynamicadjustmentsof theimagingsystemparameters

canbefacedjust by updatingthebackgroundmodel.

b) disturbancefactors invariant algorithms: the backgroundmodel is usually a

muchsimplerstatisticalmodelof thescenebackgroundappearance.Moreover,

themodeldoesnot needto beupdated.All thee� ortsto �lter -out thee� ectsof

disturbancefactorsareconcentratedin thebackgroundcomparisonstep,that is

in the dissimilarity computationprocedure.To this purpose,an accuratemod-

eling of thedisturbancefactorse� ectson the imageintensitiesmustbecarried

out. Besides,di� erentlyfrom thealgorithmsof classa), thedecisionfor a pixel

to bechangedor unchangedcannot be takenon a totally local basis,that is by

just comparingthepixel currentlymeasuredintensitywith thepixel intensityin

the backgroundmodel. In fact, for the disturbancefactorse� ectsto be distin-

guishablefrom actualscenechangese� ectsat leastasmallpatchof neighboring

pixelshasto beconsidered.

In this thesis,both theclassesa) andb) of backgroundsubtractionalgorithmswill be

dealtwith. In particular, two very di� erentalgorithmswe devisedwill be presented,

eachonebelongingto a di� erentclass.For simplicity, hereinafterwe call temporally

adaptiveanddisturbancefactors invariant thechangedetectionalgorithmsof classa)

andb), respectively.

We concludethis discussionon thechangedetectionproblemby pointingout two

requirementsthateverygoodchangedetectorshouldful�ll:

r.1) detectionaccuracy, thatis theability to computeaccuratechangemasks;

r.2) computationale� ciency, that is theability to processa high numberof frames

persecond.

Every changedetectionalgorithm is a trade-o� betweenr.1 and r.2. Obviously, the

goalof a researcherin this �eld shouldbeto achieve thebesttrade-o� , givena target

detectionaccuracy.
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1.3 The Solution and the Structure of the Thesis

The researchwork carriedout during my PhD was almostentirely focusedon the

changedetectionproblem. Actually, not just ”pure” but also appliedresearchwas

conducted.In otherwords,not all thePhDwasdedicatedto theaim of devising new

algorithms.In fact,thanksto theopportunityof theresearchresultsto beappliedand

commercializedwithin a spin-o� company of which I ama currentpartner, partof the

e� ortswerespentfor theaccurateimplementationof thedevisedalgorithms.

The �rst two yearsof the PhD weredevotedto the single-view changedetection

problem.A deepinvestigationof theexisting literatureallowedmeto geta clearidea

of the stateof the art in the �eld. In particular, the two classesof changedetection

algorithmsmentionedin theprevioussectionaroseasthemoststudiedaswell asthe

onesproviding thebestresults.

In thevery �rst partof thePhD,an algorithmbelongingto the �rst classwasde-

vised. The algorithmis presentedin chapter2. It is a backgroundsubtractionalgo-

rithm basedon a statistical,temporallyadaptive, non-parametricmodelof the scene

backgroundappearance.In particular, the statisticalbackgroundmodelconsistsof a

temporallyadaptive coupleof percentiles(i.e. a lower andanupperpercentile)of the

backgroundprocessensemblepdf. At eachprocessingstep,for eachpixel thechange

maskis computedby checkingwhetherthecurrentlymeasuredintensityfalls insidethe

interval betweenthetwo percentiles.Thenovelty of thealgorithmconsistsmainly in

theprocedurewhich providesthetwo percentiles.A statisticalnon-parametricmodel

of theimagingsystemnoiseis inferredonceandfor all by aninitial trainingsequence

of frames.At eachsubsequentprocessingstep,themodelallows to have reliableper-

centilesat disposalfor thechangemaskcomputation.

An algorithmbelongingto the secondclasswasdevisedaswell. It is presented

in chapter3. A very simplebackgroundmodelis generatedby processinga training

sequenceof frames.Di� erentlyfrom thealgorithmpresentedin chapter2, theback-

groundneednot to be updated.Detectionof changesin eachpixel is computedby

comparingthe intensities(in thecurrentframeandin thebackgroundmodel)not just

of the pixel itself but alsoof a small neighborhoodof pixels. In particular, basedon

theassumptionthatdisturbancefactorsproduceimagechangesidenti�able with local

monotonicnon decreasingintensity mappingfunctions,a maximumlikelihood iso-

tonic regressionprocedureis usedto discriminatebetweenthedisturbancefactorsand

thescenechangese� ects.

Chapter4 presentsanhybrid or, better, a comprehensive solution. In particular, a

coarse-to-�neapproachto thesingle-view changedetectionproblemis proposed.The

basicideaconsistsin assigningto apreliminarycoarse-leveldetectionthetaskto �lter -

out mostof the possiblee� ectsof disturbancefactors. In particular, the disturbance
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factorsinvariant algorithm presentedin chapter3 is used. As a consequence,reli-

ablecoarse-grainchangemasksareattained,which area supersetof thesemantically

changedpixels.Thecoarse-grainmaskscanbeusedasa work-areaby thesubsequent

�ne-level detectionalgorithm.

In chapter5, a multi-view changedetectionapproachis presented.It relies on

single-view changedetection,in the sensethat the multi-view constraintis applied

just asa �nal processingstep.In practice,single-view changedetectionis carriedout

independentlyin eachview. Theattainedchangemasksarethenfusedto �lter -outvery

local falsedetections,suchasthosedueto specularitiesandto shadows.



Chapter 2

Temporally Adaptive Change

Detection

In thisChapterwepresentachangedetectionalgorithmfor grey level sequencesaimed

at achieving a goodtrade-o� betweentime performanceanddetectionquality. Theal-

gorithmreliesonbackgroundsubtractionandontheextractionof astatisticalmodelof

theimagingsystemnoise.In particular, in Section2.1thenoisemodelextractionalgo-

rithm is presented.Section2.2outlinestheprocedureusedto initialize thebackground

modelandSection2.3describesthebackgroundsubtractionandupdatingalgorithms.

2.1 Imaging SystemNoiseModeling

Apart from changedetection,many othercomputervisionalgorithms(e.g.shapefrom

shading,photometricstereo)requireprecisemeasuresof sceneradiance. The more

accuratelythemeasuredimagebrightnessrepresentsthesceneradiance,thehigherthe

performanceof the algorithmsis. Unfortunately, real imagingdevicesdeviate from

an idealbehavior, mainly for two reasons.Firstly, the cameraresponsefunction (the

functionwhichrelatessceneradianceto imagebrightness)is generallynon-linear. Sec-

ondly, the imagingprocessis inherentlya� ectedby varioussourcesof noise,ranging

from the shotphotonnoisewhich dependson radiationphysicsto the technological

read-outnoise. An accuratephotometriccalibrationshouldallow to recover not only

the cameraresponsefunction but alsothe imagingsystemnoise(hereinafter, camera

noise,CN) characteristics.

However, mostof theworksin literaturedealingwith photometriccalibrationfocus

on recoveringthecameraresponsefunction. Theclassicalandmostpopularapproach

consistsin imaginga uniformly illuminatedchartwith patchesof known re�ectance,

15
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suchas the Macbethchart,asdonein [10]. Recently, a numberof algorithmshave

beenproposed(“chartless”or “self-calibration” methods)which estimatethe camera

responsefunction from multiple imagesof anarbitraryscenetakenwith di� erentex-

posures([13, 31, 29, 17]). Only a few works exist that try to extract a modelof the

CN. In [9] the authorsanalyzethe noiseof the camerasbasedon ionizationsensors,

suchas the vidicon and the CCD cameras. In particular, they single out threedif-

ferent sourcesof noise. The electronicnoise(leakagecurrentsand Johnsonnoise)

is modeledasGaussianandspatiallystationary(i.e., independentof the pixel posi-

tion), with correlationsexpectedonly in theread-outscandirection.Thephotonnoise,

due to the quantumnatureof light, is consideredspatially stationaryaswell, but it

is statisticallycharacterizedby a Poissondistribution, thusa variancedependingon

the signal level is expected. At last, the �x ed patternnoisefor the CCD camerasis

considered.By experimentallymeasuringthepixel intensityvariationsfor uniformly

dark and uniformly bright scenes,the authorsvalidatethe proposedmodelsfor the

electronicandthephotonnoises.In [11] thestatisticsof thegranularcameranoiseof

high-qualitypick-up tubecamerasareinvestigated.First of all, the authorshighlight

therelativeunimportanceof chrominancenoisewith respectto luminancenoise.Then,

thegranularcameranoisefor eachpixel is shown to be a stationaryrandomprocess,

not to be Gaussian,not to be zero-meanandto have a variancethat dependson the

pixel luminanceandchrominancelevel. Finally, by a spatio-temporalextensionof the

Kolmogorov-Smirnov test,theauthorsdemonstratethat thenoiseis white in the tem-

poraldomainbut mildly coloredin thespatialone.In [30] thenoiseof theCCDsensors

is analyzed.Theauthorsrecognizethreedi� erentnoiseregimes,eachonecorrespond-

ing to adi� erentrangeof thesignallevel andto thepredominanceof aparticularnoise

component:the low regime is dominatedby the CCD on-chipampli�er noise(read-

out noise),the intermediateregime by the photonshotnoiseandthe high regime by

the �x edpatternnoise. Althoughtheseworksdiscussthestatisticalcharacteristicsof

theCN, they do not proposemethodsto extractthesestatistics.In [20] theCCD cam-

erasimagingprocessis accuratelymodeledby explicitly accountingfor both the two

classesof spatiallystationaryandnon-stationarynoisesourcescorruptingthe digital

pixel values. By makinga priori assumptionson the statisticsof the di� erentnoise

components,thespatiallyuniform noiseis shown to bea zero-meanrandomvariable

andto haveavariancelinearlydependingon thesignallevel. Both theclassesof noise

areestimatedby using�at �eld images.Also in [38] theauthorsmodelaccuratelythe

variousstepsof the CCD imagingprocessand the di� erentnoisesources.Besides,

they accountfor someof thearti�cial transformationspossiblyoccurringin thecurrent

cameras,suchasthewhite balancing,thegammacorrectionandtheautogaincontrol.

They proposea self-calibrationprocedurethatutilizesa setof imagesof an arbitrary
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staticscenetakenunderdi� erentexposuresettings.Theseriesof valuesfor eachpixel

areseparatelyconsidered,thusdecouplingthe temporalrandomnoisefrom the spa-

tially non-stationarynoise. In this way, by a non-parametriciterative algorithmthe

authorsinfer the cameraresponsefunction. Finally, thevariancesof the shotphoton

noise,of thethermalnoiseandof theread-outnoiseareseparatelyestimated.In [40]

thephotometriccalibrationis performedby usingthemethodpresentedin theprevious

work. Di� erentlyfrom all theotherapproaches,in thiswork theauthorsshow how the

noiselevel, given a cameraresponsefunction, canbe seenasa function of the mea-

suredpixel brightnessinsteadof theincomingradiance.Thenoiseis modeledasazero

meanGaussianrandomvariable.

Hence,only afew worksexist dealingwith theself-calibrationof theCN character-

istics([38],[40]). All of themrely on a priori assumptionsregardingboththedi� erent

typesof noisesourcesthey accountfor andtheparametricform of thestatisticalmod-

elsemployed. This yieldsmethodsthatdependon theactualstructureof the imaging

systemdevice. Besides,theseapproachesextracttheCN characteristicsby processing

imagestakenatdi� erentexposures.

We presenta simpleself-calibrationalgorithmaimedat inferringa reliablestatisti-

cal modelof theCN. In particular, theproposedapproachmodelstheimagingsystem

asa “black-box” andusesa non-parametricstatisticalmodelfor the CN. This yields

a methodtotally independentof the actualstructureof the imagingdevice. Besides,

the model is extracteddirectly from the pixel intensityvariationsmeasuredalong a

short training sequenceof an arbitraryscene.The only a priori assumption,widely

acceptedin literatureandcon�rmed by experiments,is that thenoiselevel for a pixel

only dependson its brightnessvalue.

2.1.1 Probabilistic Framework and Theoretical Assumptions

Let usconsiderthescalarintegerbrightnessvaluespi(t) thata pixel i 2 [1; n] (wheren

is thetotal numberof pixels)assumesin the8-bit grey level framesof a time (frame)

interval I . Thenwe de�ne a timeseriesPI
i asfollows:

PI
i = fpi(t) : t 2 Ig (2.1)

Now let usde�ne therelativetemporal histogramhI
i (v) astherelative frequency of the

valuesv 2 [0; 255] the pixel i assumesalong I . � I
i andmedI

i representthe temporal

meanandthetemporal median, respectively. Usingthetermsof MathematicalStatis-

tics, thevaluesthata pixel i mayassumeover time canbe consideredasa one-sided

discretetime scalarstochasticprocesscalledpixel stochasticprocess(Pi(t)). There-

fore, a time seriesPI
i representsa realizationof theunderlyingrandomprocessPi(t).

A pixel stochasticprocessis characterizedby ensemblestatistics,suchastheensem-
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ble probability densityfunctionpdfi(t; v), the ensemblemean� i(t) andthe ensemble

medianmedi(t).

Theproposedalgorithminfers theCN modelfrom a scenenot necessarilyfreeof

moving objectsbut wherethebackgroundmustbestationary. Hence,let usconsidera

pixel i belongingto a stationarybackground,wherelighting changesandbackground

motion(e.g.,cameravibrationsor swayingtrees)arenegligible (thatis, thepixel mea-

suresaconstantradiance).ThestochasticprocessPi(t) of pixel i canbemodeledasthe

sumof two distinctprocesses:

Pi(t) = Bi(t) + Ni(t) = Bi + Ni(t) (2.2)

whereBi(t) is a deterministicconstantprocessBi, giving thevalueof thebackground

pixelasif it wasmeasuredbyanidealnoiselesscamera,andNi(t) isastochasticprocess

representingtheCN a� ectingthepixel. Besides,asfor Ni(t) in caseof a pixel measur-

ing a constantradiancewe assertthefollowing threeclaims:

- C. 1: Ni(t) is modeledasascalarstochasticprocess,thatis any spatialstatistical

dependenceis neglected;

- C. 2: Ni(t) is astationaryandergodicstochasticprocess(brie�y , a SESP);

- C. 3: Ni(t) statisticalpropertiesonly dependson Bi, that is on thepixel i deter-

ministic idealnoiselessvalue.

Basedon theclaims,for 8-bit grey level sequencestheCN canbemodeledby means

of 256scalarSESP, Nw(t), onefor eachpossibleintegerbrightnessvaluew 2 [0; 255].

Henceexpression2.2becomes:

Pi(t) = Bi + Nw=Bi (t) (2.3)

Sincea SESPis completelyde�ned by its ensembleprobabilitydensityfunction, the

statisticalCN model (hereinafter, sCNM) we are going to infer consistsof 256 en-

sembleprobabilitydensityfunctionspdfw(v). As for C. 2, stationary(stat) meansthat

ensemblestatisticsareconstantover time, while ergodic (erg) meansthat the tempo-

ral statisticscomputedfor a singlerealizationarea goodestimationof theunderlying

SESPensemblestatisticsif the cardinalityof the sampleset is greaterthana certain

valuecerg. Hence,for Nw(t) andfor aSESPin general:
8
>>>>><
>>>>>:

pdfi(t; v)
stat
= pdfi(v)

erg
' hI

i (v)

� i(t)
stat
= � i

erg
' � I

i

medi(t)
stat
= medi

erg
' medI

i

(2.4)

Let usnow look at equation2.3: sincebothNw(t) (C. 2) andBi(t) (it is a deterministic

and constantprocess)are SESP, we can statethat the stochasticprocessPi(t) for a

stationarybackgroundpixel is a SESPaswell, thussatisfyingexpression2.4.
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2.1.2 The CameraNoiseModel Extraction Algorithm

Thenon-parametricsCNMis generatedby processingatrainingsequence(correspond-

ing to aframeinterval I ) of few secondsacquiredby astaticcameraandfreeof moving

objects. As well asotherinitialization methods([18], [2]), our algorithmrelieson a

backgroundthatmustbestationaryalongthe trainingsequence.Sincein practicethe

lower theelapsedtime thehighertheprobabilityof thestationarityassumptionto be

ful�lled, weaimto keepthetrainingsequenceasshortaspossible.Hence,weprocessa

trainingsequencesuchthatcard(I ) = cerg. To extractthesCNM,�rst we computesta-

tisticsof thestationarybackgroundprocessfor eachpixel, thenwe usethesestatistics

for thenon-parametricinference.

In particular, for eachpixel i we build thetemporalrelativehistogramhI
i (v). Since

thebackgroundis assumedto bestationaryalongthe trainingsequence,equation2.3

andexpression2.4(Section2.1.1) hold. Thus,theattainedtemporalrelativehistogram

hI
i (v) representstheensembleprobabilitydensityfunctionpdf i(v) of thepixel i station-

arybackgroundprocess.Hence,we votethetemporalmean� I
i (which is equivalentto

theensemblemean� i) astheidealnoiselessbackgroundvaluefor eachpixel:

Bi = � I
i (2.5)

By usingthecomputedstatisticsandby exploiting theclaimsassertedin Section2.1.1,

wecanextractthenon-parametricsCNM.Fromexpression2.2andequation2.5:

Ni(t) = Pi(t) � Bi = Pi(t) � � I
i (2.6)

Hence,theensembleprobabilitydensityfunctionpdfN
i (v) of theCN stochasticprocess

Ni(t) for eachpixel i can be deductedby simply translatingby an horizontalo� set

Oi = � Bi = � � I
i thepreviouslycomputedensembleprobabilitydensityfunctionpdf i(v)

of thepixel i backgroundprocess.Following from theassumptionthatthestatisticsof

theCN a� ectinga stationarypixel only dependson its idealnoiselessintensity(C. 3):

Nw=Bi (t) = Ni(t) = Pi(t) � Bi (2.7)

Practicallyspeaking,the time seriesof theCN valuesfor a pixel i canbeconsidered

not just a realizationof the randomprocessNi(t) representingthe CN for that pixel,

but alsoa realizationof themoregeneralstochasticprocessNw=Bi representingtheCN

for the grey value w = Bi. Therefore,the time seriesof the CN valuesfor all the

pixelswhich havehadthesamebackgroundvalueaccordingto equation2.5 represent

di� erentrealizationsof the samerandomprocess.Hence,for eachgrey level w we

sumtheattainedpdfN
i (v) of all thepixelsi to which we assignedw asthebackground

value.Thenwenormalizetheoutcome,thusattainingauniquenon-parametricensem-

bleprobabilitydensityfunction(thatis arelativehistogram)pdfw(v) for eachgrey level
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w, thatis thesCNM.Finally, by extractinga lowerandanupperpercentile(perclow
w and

percup
w , respectively) with �x edranksfrom eachpdfw(v), wealsobuild a deterministic

CN model(dCNM).

2.1.3 Experimental Results

In orderto validatethemodelandthemethodwe conceived,we show how for a given

imagingdevice the extractedCN modelsarestronglyscene-independent.In fact, if

the noisefor a pixel dependssigni�cantly on otherfactorsapartfrom the brightness

level of that pixel (e.g.,on the pixel positionin the imageor on the brightnesslevel

of thepixel'sneighbors),inferring theCN modelsfrom trainingsequencesof di� erent

stationarysceneswouldgiveriseto remarkabledissimilaritiesamongthemodelsthem-

selves.In particular, in �gure 2.1weshow theresultsfor four testsequences(S1,S2,S3

andS4)acquiredwith a Sony DCR-TRV900Eandsampledin progressive scanmode

at 12,5Hz at a resolutionof 720x576. Figures2.1(a,d,g,j)show a sampleframefor

eachtestsequence.We have chosentwo indoor(S1andS2)andtwo outdoor(S3and

S4)sequencesin orderto representverydi� erentlighting conditions.TheCN models

extractedfor the four sequencesareshown aswell. In particular, �gures 2.1(b,e,h,k)

depictthestatisticalCN models,thatis the256probabilitydensityfunctionsrepresent-

ing theCN distribution for eachgrey level. Figures2.1(c,f,i,l) show thedeterministic

CN models,thatis the256couplesof lowerandupperpercentiles.Thestrongsimilar-

ity of theinferreddeterministicCN modelsallow to assessthevalidity of theproposed

CN modelextractionapproach.Finally, wecansaythata “black-box” modelingof the

imagingsystemtogetherwith a non-parametricform of the noisemodelanda fully

automaticprocedureto extract themodelitself give riseto a really “general-purpose”

approach.

2.2 Background Initialization

Thebackgroundsubtractiontechniquerelieson thefeasibility to have a reliableback-

groundmodelatdisposalalongtheprocessingstage.Hence,thebackgroundmodelhas

to beinitializedandthenupdated.As farasthebackgroundmodelinitializationis con-

cerned,somealgorithms([39],[33]) infer themodelby assumingto have a bootstrap

sequencefreeof moving objectsat disposal.Thesemethodsfail whentheareabeing

monitoredcannot be easilycontrolled,so thata sequenceof backgroundframescan

notbeacquired.As for themethodsdealingwith thepresenceof moving objects,they

canbe divided into two main classes:the “blind” andthe “selective” methods.The

formersgeneratea backgroundmodel for eachpixel by meansof temporalstatistics

computedusingthewhole time seriesof thepixel intensities.Thesebackgroundsta-
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(b) S1: sCNM
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(c) S1: dCNM

(d) S2: sampleframe
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(e)S2: sCNM
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(f) S2: dCNM

(g) S3: sampleframe
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(h) S3: sCNM
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(i) S3: dCNM

(j) S4: sampleframe

0

100

200

�10
�5

0
5

10
0

0.1

0.2

0.3

0.4

gray level
noise

pd
f

(k) S4: sCNM
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(l) S4: dCNM

Figure2.1: Cameranoisemodelextractionresultsfor four testsequences.

tisticsmaybe“dirty”, by retaininginformationnot just aboutthebackgroundprocess

but alsoaboutsomepossibleforegroundprocessesdueto themoving objectscovering

thepixel alongthebootstrapsequence.On the contrary, theselective approachestry

to isolatethebackgroundprocessfor eachpixel, thuscomputing“clean” background

statistics. Moreover, as for the selective methodsa further distinction can be done

betweenthetemporalandthespatio-temporalmethods.Theformersextracttheback-

groundmodelfor eachpixel by usingjust the intensitiesassumedby thepixel itself.
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Thelattersexploitsalsospatialinformation,thatis thevaluesof otherpixels(only the

neighborsor evenall thepixels)in theimage.

As for theblind methods,in [36] theauthorsvote thetemporalmodeastheback-

groundvalue for eachpixel, implicitly assumingthat the backgroundvalue will be

morefrequentthanany otherpossibleforegroundvalue.Thetemporalmedianis used

in [16], basedon the assumptionthat the backgroundat every pixel will be visible

more than �fty percentof the framesduring the bootstrapsequence.Although the

blind methodsareverye� cient,in caseof sequencescontainingmany moving objects

they needa greatnumberof bootstrapframesto extracta reliablebackgroundmodel.

As regardsthe selective temporalmethods,in [19] a two-stagealgorithmis used

to generatethe backgroundmodel. The �rst stageextractsa temporarybackground

by meansof a median�lter appliedto a bootstrapsequenceof several seconds.The

secondstageusesthatbackgroundfor detectingreliablebackgroundregionswhereto

extract thecleanstatisticsto beusedfor generatingthe�nal backgroundmodel. This

methodis similar to our approach,but it requiresa much longerbootstrapsequence

(morethan10 seconds).The authorsin [35] proposea single-stagealgorithm,based

on a simplebackgrounddetectionconsistingof a temporalframedi� erencefollowed

by a morphologicalopening.As soonasa pixel is detectedasbelongingto theback-

ground,its valueis votedasthe �nal backgroundvalue. The methodis e� cientand

needsalow numberof bootstrapframes,but it easilyincludesin thebackgroundmodel

the pixel intensitiesdueto the foregroundobjects. In [28] the “adaptive smoothness

method” is presented.It �nds intervals of stableintensity for eachpixel, thenuses

a heuristicwhich choosesthe longestandmoststableinterval asthe onemostlikely

representingthebackgroundprocess.Thisapproachis e� ective,but it requiresa quite

long batchprocessingof thebootstrapsequence.In [26] a runningmeanandvariance

for eachpixel areincrementallycomputedover thebootstrapframes.Whenthevari-

ancedropsbelow aprede�nedthreshold,thepixel is consideredstableandthemeanis

votedasthebackgroundvalue.Themethodis quitee� cient,but stationaryforeground

objectscanbe easilyincludedin the backgroundmodel. In [12] the temporalevolu-

tion of eachpixel intensityis modeledby meansof a HMM. Theparametersof each

HMM areinferredby usinga standardBaum-Welchprocedure,thenareusedto build

thebackgroundmodelfor eachpixel. Themethodis e� ective, but thecomputational

burdenof thetrainingprocedureleadsto a long batchprocessingphase.

As for the selective spatio-temporalmethods,in [2] the authorpresentsa single-

stageapproachbasedontheBayestheory. It performsabackgrounddetectionby using

asimpletemporalframedi� erence.It exploitsspatialinformation,in facttheinforma-

tion aboutthe whole reliablebackgroundregionsareusedto updatethe likelihood-

basedbackgroundmodelof eachpixel. In caseof slow moving objectsthis method
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canincludein thebackgroundmodeltheforegroundpixel intensities,thusrequiringa

long bootstrapsequence.In [18] theauthorsisolatethebackgroundprocessby means

of a two-stagealgorithmperformingabatchprocessingof thebootstrapsequence.The

�rst stageworks in the time domain,locatingfor eachpixel all the time intervals of

stableintensity. The secondstageexploits spatio-temporalinformationfor choosing

the time interval most likely representingthe backgroundprocess.In particular, the

optical �o w in the neighborhoodof the pixel is computedfor eachbootstrapframe.

Then,from thechosentime interval thebackgroundmodelis extracted. This method

is e� ective,but theoptical�o w computationmake it lesse� cientthanall theprevious

approaches.In [27] a two-stagealgorithmis presented,called“ComMode” (Competi-

tive ModeEstimation)by theauthors.As well asin [18], the�rst stageusestemporal

informationanddetectsthe time intervals of stableintensity for eachpixel. To this

purpose,a regiongrowing algorithmin thetime domainis used.Thesecondstageex-

ploits spatialinformationto choosethebesttime interval. In particular, a competitive

spatialpropagationof the clusters(called“modes”) detectedin stage1 is performed

until stability is reached(5-10iterations).Finally, for eachpixel thetemporalmeanof

thechosenclusteris votedasthebackgroundvalue. Theapproachis e� ective, but as

well asthe onesin [18] and[28] it requiresa long batchprocessingof the bootstrap

sequence.

We proposea novel selectivespatio-temporalapproachwhichallows to generatea

reliabledeterministicmodelof a stationarybackgroundby usinga bootstrapsequence

of few secondswheremoving objectscanalsobepresent.By performinga sequential

processingof the framesof the sequence,it aims to be e� cient ande� ective. The

algorithmworks with pixel-wisetemporalstatisticsandconsistsof threesubsequent

stages.

2.2.1 The Multi-stage Background Initialization Algorithm

Thedeterministicbackgroundmodelis generatedby meansof a three-stagealgorithm.

The �rst two stagesisolatethebackgroundprocess,thusvoting the temporalmedian

asthegoodbackgroundvalue. In thethird stagea modelof theimagingsystemnoise

is inferredby applyingthealgorithmpresentedin Sec.?? to thebackgroundprocess

statisticscomputedin thesecondstage.Then,thenoisemodelis usedto completethe

backgroundmodelgeneration.Wedividethebootstrapsequenceinto threeconsecutive

time (frame)intervals I1 = [t0; t1], I2 = (t1; t2] andI3 = (t2; t3], eachonecorrespond-

ing to a di� erentstage.While t1 andt2 are�x ed(we uset1 = 10, t2 = 50), t3 varies

dependingon thenumberof framesnecessaryto completethebackgroundmodelini-

tialization. The algorithm relieson a backgroundthat must be stationaryalong the

bootstrapsequence.In �gure 2.2(a)we show a frame of a sample8-bit grey level
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bootstrapsequence,while �gures 2.2(b,c,d)depictthebackgroundsoutputof thethree

stages.

(a) samplesequence (b) outputof Stage1

(c) outputof Stage2 (d) outputof Stage3

Figure2.2: Subsequentstepsof thebackgroundinitializationalgorithm.

Stage1: roughbackground

We extracta temporaryroughbackgroundto beusedin thefurtherstage.To this pur-

pose,we try to isolatethestationarybackgroundprocessfor eachpixel by performing

a roughbackgrounddetectionfor eachframein I 1. In particular, thebackgroundre-

gionsaredetectedby meansof asimpletemporaltwo-framedi� erencewith anapriori

�x edthresholdT1, spatially(over thedi� erentpixels)andtemporally(over thedi� er-

entframes)constant.To improvethereliability of thedetectedbackgroundregions,we

aim at minimizing thenumberof falsenegativesamongthechangedpixelsby usinga

low valuefor T1 (we useT1 = 10, which is a low valueeven for low-noisecameras)

andby performingaseriesof morphologicaloperationsonthecomputedbinaryimage.

In particular, weuseaninitial size-�ltering operator(area-opening)followedby amor-

phologicalclosingwith akernelof size3x3andby a�lling. Hence,for eachpixel i we

computetheselectiveabsolutetemporalhistogramH
I1
i

i by usingjust thesamplevalues

assumedin the setof framesI 1
i � I1 in which i hasbeendetectedasa background

pixel. Finally, we vote the selective temporalmedianmed
I1
i

i asthebackgroundvalue
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for eachpixel i:

B̂r
i = med

I1
i

i (2.8)

This could be a rough backgroundbecauseof the rough backgrounddetectionem-

ployed(thetemporaltwo-framedi� erencesu� ersof well known limits).

Stage2: goodbackground

To computemorereliablebackgroundprocessstatistics,for eachframein I 2 we per-

form abackgroundsubtractionwith thebackgroundjustextractedby usingathreshold

T2 = T1=
p

2. Then,we applythesamemorphologicaloperationsusedin stage1, thus

identifying morereliablebackgroundregionswhereto infer thenew backgroundsta-

tistics. In particular, aswell asin thepreviousstagewecomputefor eachpixel i these-

lectiveabsolutetemporalhistogramH
I2
i

i by usingthesamplevaluesassumedin theset

of framesI2
i � I2 in whichi hasbeendetectedasabackgroundpixel. If card(I 2

i ) � Cerg

(we useCerg = 20), i is markedasan“unreliable” pixel anda backgroundvaluewill

beinferredin stage3. On thecontrary, thecomputedstatisticsareregardedasreliable

andtheselective temporalmedianmed
I2
i

i is votedasthegoodbackgroundvalue:

B̂g
i = med

I2
i

i (2.9)

Stage3: background completion

To extractabackgroundvaluefor the“unreliable”pixels,themodelof imagingsystem

noiseis inferredby applyingthealgorithmpresentedin Sec.?? to theselective back-

groundprocessstatisticscomputedin Stage2. Then,this modelis usedto complete

thebackgroundmodelgenerationasfollows. TheCN allows to identify time (frame)

intervalsof stationaryintensities(i.e. grey level variationcanbeexplainedwell by the

noisemodel).In fact,anecessaryconditionfor a pixel intensityto bestationaryis that

it is a� ectedby thevariationsduejustto theCN.Therefore,if themeasureddistribution

of thesevariationscomputedarounda central realvalueV matcheswith thedistribu-

tion of the inferreddCNM correspondingto the integer grey level [V], the pixel can

beconsideredstationary. Hence,for each“unreliable”pixel i, wesearchincrementally

for the �rst time (frame)interval I stat
i � I3 of stationaryintensitieshaving a su� cient

lengthin termsof frames(card(I stat
i ) > Cstat, we useCstat = 10). To this purpose,for

eachpixel we usea FIFO queueto storethe last Cstat sampleintensitiesandat each

new framet 2 I3 we computethedistribution of thevariationsof theintensitiesin the

queueusingthecomputedmedianmed
Istat
i

i asthecentralvalue. To performa simpler

matchingoperation,we extracta lower andun upperpercentilefrom thedistribution,

thuscomparingthemwith the onesin the dCNM correspondingto the integer grey

level [med
Istat
i

i ]. If they match,thecomputedmedianis votedasthebackgroundvalue
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andthepixel i is removedfrom the“unreliable” pixelsset.Thealgorithmstopswhen

the percentageof the numberof “unreliable” pixels in respectof the total numberof

pixelseitherdecreasesbelow aprede�nedthresholdor becomesstable.

2.2.2 Experimental Results

To testtheproposedapproach,wehavecomparedits performancewith theonesof two

di� erentselectivespatio-temporalbackgroundgenerationalgorithms.In particular, we

have chosenthemethodsproposedin [2] andin [18]. We have run thealgorithmson

several sequences,having di� erentamountsof motion. Figure2.2.2shows a sample

frame for eachof the two test sequences(S1 and S2) chosento outline the results.

They have beentaken by a staticCCD camera,sampledin progressive scanmodeat

(a) S1: asampleframe (b) S2: a sampleframe

Figure2.3: A sampleframefor eachof thetwo testsequences.

12,5Hz at a resolutionof 320x240.Thesequencesrepresentapproximatelythesame

backgroundscenebut arecharacterizedby an increasingamountof motion,givenby

the numberof personswalking in the scene(two andthree,respectively). Sincewe

wantto comparethealgorithmsonthebasisof thequalityof theestimatedbackground,

we needagroundtruth anda functionto computethedistancefrom thatgroundtruth.

Ground truth and distancefunction

To generatea reliablegroundtruth for thegeneratedbackgrounds,we have takenthe

testsequencessothatthey containtwo di� erentsubsequences.Theformer, thatwecall

thetruth subsequence,consistsin aninterval of framesI T representingthebackground

scenefree of moving objects. The latter, namelythe estimationsubsequence,is the

actualtest sequenceon which the algorithmswill be run andconsistsof a di� erent

interval of framesIE imagingthesamebackgroundscenebut in whichmoving objects

canbepresent.Fromthe truth subsequence,for eachpixel i we computetherelative

temporalhistogramhIT

i . The setof all thesehistogramsrepresentsthe groundtruth.

Figure2.4(a)showsthegroundtruth for a samplepixel.
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Figure2.4: Groundtruthanddistancefunctionfor a pixel.

In orderto de�ne thedistancefunction,from thetruthsubsequenceweextractalso

the temporalmedianmedIT

i , the temporalminimum mIT

i andthe temporalmaximum

MIT

i for eachpixel i (in �gure 2.4(b)andin expression2.10we drop the superscript

IT). Hence,we de�ne a local distancedi which representsa measureof thedistance

betweenthegroundtruth of thepixel i, that is thehistogramhI t

i , andthebackground

valueB̂i estimatedfor thesamepixel by thebackgroundgenerationalgorithm. It is a

piece-wiselinearcontinuousfunction,representedin �gure 2.4(b)for thesamesample

pixel of �gure 2.4(a)andmathematicallyde�ned asfollows:

di(B̂i)=

8
>>>>>>>>>>>>>>>>>>><
>>>>>>>>>>>>>>>>>>>:

1 if B̂i 2A1

1 � (1� � )(B̂i � mi+� )
� if B̂i 2A2

� � � (B̂i � mi)
medi � mi

if B̂i 2A3

0 if B̂i = medi
� � � (B̂i � medi )

Mi � medi
if B̂i 2A4

1 � (1� � )(Mi +� � B̂i)
� if B̂i 2A5

1 if B̂i 2A6

(2.10)

where� and� areapriori �x edparametershaving thesamevaluefor all thepixels(we

use� = 0:6 and� = 10) andAi , i = 1; � � � ; 6 arethesix pieces(intervals)thefunction

domainis divided into (�gure 2.4(b)). Then,we de�ne the global distanceD of the

estimatedbackgroundfrom thegroundtruthby thefollowing simpleexpression:

D =
P n

i=1 di

n
(2.11)

wheren is thetotalnumberof pixels.While themeaningof theglobaldistanceis clear,

representinga simpleaveragingof all the local distances,it is worth spendingsome

wordsaboutthe choiceof the local distancefunction. The quality criteria that drove

this choiceis basedon the ideathat thebackgroundwill beusedto detectforeground

pointsby thresholdingtheabsolutedi� erencebetweenthecurrentpixel intensityand
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theestimatedbackgroundvalue. Sincethemedianof a randomvariableX is thesta-

tistical estimatorX̂ that minimizesthe expectedvalueof the absoluteerror jX � X̂j,

themedianof thegroundtruth histogramfor a pixel i is thebestvaluea background

generationalgorithm can estimatefor that pixel (di(B̂i) = 0). In fact, it allows the

useof the lowestthresholdin thebackgrounddi� erencingstage,thusminimizing the

falsenegativesdueto thepossiblecamou�agingbetweenthe foregroundobjectsand

thebackground.As for therestof thefunction,weassignthesamemaximumdistance

(di(:) = 1) to all the valuesdi� eringmorethana �x ed parameter� from the ground

truthminimummi (A1) or maximumMi (A6). In otherwords,weconsiderall theseval-

uesequallywrongwith referenceto thebackgrounddi� erencingstage.If we consider

thegroundtruthasaperfectestimateof thebackgroundmodelto begenerated,avalue

� = 0 couldbeused.Nevertheless,this is not thecase,mainly for two reasons:�rstly ,

thetruth andthetestsubsequencesaretemporallydeferred,secondly, thegroundtruth

is inferredfrom a �nite numberof samplebackgroundvalues.Hence,theparameter�

de�nes a sort of tolerancearea aroundthegroundtruth (A2 [ A5). Finally, thepara-

meter� managestheslopeof thedistancefunction in thegroundtruth (A3 [ A4) and

tolerance(A2 [ A5) intervals.

Algorithms comparison

For eachtestsequence,wehavegeneratedthegroundtruthfrom thetruthsubsequence,

thenwe have run the threecomparedalgorithms,hereinafterdenotedwith A ([2]), B

([18]) andC (theproposedapproach),ontheestimationsubsequence,thusattainingthe

threedi� erentbackgroundmodelsB̂A
i , B̂B

i andB̂C
i , respectively. Hence,we have com-

putedall thelocal distancesby expression2.10, thusattainingthethreelocal distance

mapsdA
i , dB

i anddC
i . Finally, by equation2.11we havecomputedtheglobaldistances

DA, DB andDC. Figure??depictsthebackgroundmodelsandthelocaldistancemaps

generatedby thecomparedalgorithms.As for themaps,to visualizationpurposeswe

have dividedtherangeof thepossibledistancevaluesinto threeclasses,relatedto the

piecesof thedistancefunctiondomain:C1 = A3 [ medi [ A4 (low distances,azure-light

grey in the �gure), C2 = A2 [ A5 (mediumdistances,green-grey) andC3 = A1 [ A6

(high distances,red-black).Table2.1 shows theglobaldistances. Fromtheseresults

A B C

S1 0.32 0.24 0.13

S2 0.31 0.26 0.14

Table 2.1: Globaldistances.

wecanstatethattheproposedapproachgeneratesabackgroundmodelof higherglobal
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(a) S1: B̂A
i (b) S1: dA

i

(c) S1: B̂B
i (d) S1: dB

i

(e) S1: B̂C
i (f) S1: dC

i

Figure2.5: Generatedbackgroundsanddistancemapsfor S1.

quality in respectwith theothercomparedmethods.

2.3 Background Subtraction and Updating

Many temporallyadaptive changedetectionalgorithmsbasedon backgroundsubtrac-

tion havebeenproposedin thepast.In [39] theauthorsmodelthebackgroundprocess

for eachpixel asa uniquespatiallyindependentstochasticgaussianprocess.Thepa-

rametersof thegaussiandistribution representingtheensemblepdf for eachpixel are

initialized througha bootstrapsequencefreeof moving objects.While themeanis re-

cursively updatedusingasimpleadaptive�lter , thecovariancematrix is extractedonce

andfor all, thusyielding a thresholdthatdoesnot adaptto scenechanges.Authorsin
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(a) S2: B̂A
i (b) S2: dA

i

(c) S2: B̂B
i (d) S2: dB

i

(e)S2: B̂C
i (f) S2: dC

i

Figure2.6: Generatedbackgroundsanddistancemapsfor S2.

[15] modelthepixel processinsteadof thebackgroundprocessonly: a spatiallyinde-

pendentrandomprocessis usedfor eachpixel, representingboththebackgroundand

theforegroundprocessesdueto moving objectsandto castshadowspossiblycovering

thepixel. A weightedsumof threegaussiandistributions(background,moving objects

andshadow distributions)is usedto modeltheensemblepdf for eachpixel. Neverthe-

less,thebackgroundis still representedby a uniquegaussianrandomprocessfor each

pixel. Backgroundsubtractionconsistsin choosingfor eachpixel which of the three

classeshasthehighesta posterioriprobability. An incrementalEM algorithmis used

to both learnandupdatethedistribution parameters.A generalizationof theprevious

approachis presentedin [37]. Eachpixel is still modeledasa spatially independent

stochasticprocesshaving a mixture of K (a small numberfrom 3 to 5) gaussiandis-



TEMPORALLY ADAPTIVE CHANGEDETECTION 31

tributionsasensemblepdf. At eachtime stepandfor eachpixel, thedistributionsare

orderedaccordingto thevalueof a ratio attaineddividing theevidenceof thedistribu-

tion by its variance.The�rst B distributionsareselectedto representthebackground

processandif thepixel valueis not representedby any of thesedistributionsit is clas-

si�ed asmoving. The parametersof the mixture areupdatedby meansof a simple

adaptive �lter . In [22] authorsimprovesthe methodoutlined in [37]. In particular,

they presenta di� erentapproachfor initialising andfor updatingtheparametersof the

mixturemodel,basedonanincrementalEM algorithm.A furthergeneralizationof the

previousapproachesis outlinedin [14]. Theensemblepdf of thespatiallyindependent

stochasticprocessof eachpixel is modeledin a non-parametricmanner. At eachtime

stepandfor eachpixel theensemblepdf is non-parametricallyestimatedby meansof

a gaussiankernelestimatorfunctionappliedto a window of recentsampleintensities

for thatpixel. Themodelupdateconsistsin simplyshifting thesampleswindow. Even

thoughthemethodsdescribedin [15]-[14] modelthebackgroundmoreandmoreaccu-

rately, theircomplexity makethemnotsuitableto beusede� ciently in many real-time

applications.

In this Sectionwe show how the imaging systemnoisemodel extractedby the

procedureillustrated in Section2.1 can be usedto attain a backgroundsubtraction

approachwhich achievesa goodtrade-o� betweentime performanceandquality of

thedetection.In fact,by scalingall thepercentilesof the inferreddCNM by a unique

factorgreaterthanone,we attain256couplesof thresholds(tsin f (v) andtssup(v)), one

for eachgrey level v 2 [0; 255], to be usedin the backgroundsubtraction. In this

way we retainboth the advantagesarisingfrom thesimplicity of settingup a unique

thresholdandthee� ectivenessof 256di� erentcouplesof thresholds.Thisresultsin an

e� ectiveyet e� cientthresholdingoperation.In particular, for eachpixel thealgebraic

di� erencebetweenthe currentframe Fi; j andthe backgroundBi; j is computed.The

outcomeis thencomparedwith thecoupleof thresholdstsin f (v) andtssup(v), depending

on the currentbackgroundvalueBi; j, thusattaininga binary imageMi; j representing

themoving pixels:

Mi; j(t) =

8
>><
>>:

1 if Fi; j(t) � Bi; j(t) < Ai; j(t)

0 if Fi; j(t) � Bi; j(t) 2 Ai; j(t)
(2.12)

whereAi; j = [tsin f (Bi; j(t)); tssup(Bi; j(t))].

Thedeterministicbackgroundis updatedby a simpleande� cientadaptive recur-

sive �lter:

Bi; j(t + 1) = (1 � � )Bi; j(t) + � Fi; j(t) (2.13)

where� 2 [0; 1] representstheadaptationrate.
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2.3.1 Experimental Results

Testswereperformedon several 8-bit grey level sequencesrepresentingtypical sur-

veillancescenes,takenby a singlestationaryCCD cameraandsampledat 25 Hz at a

resolutionof 320x240.ThetargetPCis anAMD Athlon MP 1800+, 1 GB RAM. The

experimentalresultswe accomplishedassessboth thee� ciency andthee� ectiveness

of our algorithm.As for thee� ectiveness,we statedthatour methodactsaswe apply

256 couplesof di� erentthresholds,onefor eachgrey level. As onecould infer, it is

impracticablesuchanexperiment,thereforewe will assessthee� ectivenessby show-

ing thecapabilityof our algorithmto detectmoving pixels in situationof camou�age

betweenthebackgroundandthemoving objects.Theresultsof our algorithmrun on

four testsequencesareshown in �gure 2.7. Theattainedchangemasksareveryaccu-

rate,thusvalidatingtheproposedapproach.As regardstime performance,our method

revealsto beverye� cient,working o� -line at 40 fps.

2.4 Considerations

Thepresentedbackgroundsubtractionalgorithm,aswell asall thealgorithmsbasedon

a continuouslyupdatedbackgroundmodel,hastwo problems:

a- ablind or aselectivebackgroundupdatingprocedurehasto bechosen.If ablind

procedureis chosen,slowly moving objectsmaybeincludedin thebackground

model.On thecontrary, falsechangesdueto disturbancefactorsmaybecontin-

uouslydetected,sincethey cannotbeabsorbedin thebackgroundmodel.

b- the backgroundmodeladaptationratemustbe chosenaccurately. However, it

always representsa trade-o� betweenthe ability of the updatingprocedureto

adsorbfalsechangesandtherisk to includeforegroundobjectsin thebackground

model

However, suddenchangesof pixel intensitiesdueto disturbancefactorscannotbedealt

with successfullyby this classof backgroundsubtractionalgorithms.
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(a) background (b) background

(c) changemask (d) changemask

(e)changemaskboundaries (f) changemaskboundaries

Figure2.7: Thechangedetectionresults.
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Chapter 3

DisturbanceFactors Invariant

ChangeDetection

In thischapterwepresentachangedetectionalgorithmwhichis verydi� erentfrom the

onepresentedin chapter1. In fact,detectionof changesin a pixel is notperformedby

computinga distancebetweenthemeasuredcurrentintensityanda temporallyadap-

tive statisticalmodelof thescenebackgroundappearanceat thesamepixel. Instead,

classi�cationof apixel aschangedor unchangedis carriedoutby comparingthemea-

suredintensitiesof a patchof pixels(aroundtheconsideredone)in thecurrentframe

with the intensitiesof the samepatchin the backgroundimage. In particular, based

on an accurateinvestigationof the possibledisturbancefactorse� ectson the image

intensities,aMaximum-Likelihoodisotonicregressionprocedureis proposedto detect

changes.

Thechapteris organizedasfollows. In section3.1theproblemof changedetection

for disturbancefactorsinvariantapproachesis de�ned and formalized. An accurate

investigationof thepossiblee� ectsof disturbancefactorson themeasuredintensities

is carriedout in section??. Theproposedalgorithmis presentedin section3.3. Exper-

imentalresultsarediscussedin section??andconclusionsaredrawn in section3.5.

3.1 ProblemDe�nition and Formalization

Let usconsidertwo grey level imagescapturedat di� erenttimesby thesamestation-

ary camera.To the purposeof detectingchanges,we canidentify the imagesasthe

backgroundB andthecurrentlyprocessedframeF (�gures 3.1(a,b)):

B; F : D 3 p = (i; j) 7! g = B; F(p) 2 R (3.1)

35
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It is worthpointingout thattheimageshaveacommondomainD � Z2 andacommon

rangeR � Z sincethey areacquiredby thesameimagingdevice. Moreover, sincethe

device is stationarya commonpixel in the two imagesmeasuresthe radianceof the

sameportionof thescene.Let p = (i; j) beapixel andP(p) aconnecteddomainpatch

(i.e aconnectedsetof pixels)containingp:

p 2 P(p) � D (3.2)

Althoughwhatwearegoingto sayis valid for agenericpatch,for thesakeof simplic-
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Figure 3.1: Domainpatch(a,b), rangepatches(c,d) and2-dimensionalrepresentationof the

featuresvector f = (X;Y) (e) for a samplesemanticallyunchangedpixel in two imagesof the

samescenetakenat di� erenttimes.
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Figure3.2: Domainpatch(a,b),rangepatchesand2-dimensionalrepresentationof thefeatures

vector f = (X;Y) (c) for asamplesemanticallychangedpixel.

ity let usconsiderasymmetricp-centeredsquarepatchof oddsidespixels:

P (p = (i; j)) = (pz = (k; l) : i � � � k � i + � ; j � � � l � j + � ; z = 1; : : : ; N) (3.3)

where� = s� 1
2 and N = s2 is the numberof pixels containedin the patch. In �g-

ures3.1(a,b)a3� 3 squarepatchP for asamplepixel is pointedout in thebackground

andthe currentframeimages,respectively. Let B(P) andF(P) be the rangepatches

inducedby P on B andF, that is the setof intensitiesassumedby the imagesin the

pixelsof thepatch(�gures 3.1(c,d),on theleft):

B; F(P) = (gz = B; F(pz); pz 2 P; z = 1; : : : ; N) (3.4)

To simplify notations,hereinafterwe denotetherangepatchesasfollows:

B(P) = X = (x1; x2; : : : ; xN) F(P) = Y = (y1; y2; : : : ; yN) (3.5)

wherethepixelsaretakenin lexicographicalorder, asshown in �gures 3.1(c,d),on the

right.
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To detectscenechangesoccurringin a pixel p of the currentframe F, a typical

disturbancefactorsinvariantchangedetectorexploits just theinformationcontainedin

X andY. In otherwords,informationaboutthe temporaldynamicsof pixel intensi-

ties is neglected.Typically, thebinarychangemaskC is computedby thresholdinga

particularfunctionmeasuringthedissimilaritybetweenX andY:

C(p) = t (d(X; Y)) =

8
>><
>>:

1 if d(X; Y) > T

0 otherwise
(3.6)

Theproblemcanbeformalizedintoabinaryclassi�cationframework. TheN-dimensional

vectorsX andY canbemergedinto a2N-dimensionalfeaturesvector f :

Z2N � F 3 f = (X; Y) = (x1; y1; : : : ; xN; yN) = (P1; : : : ; PN) (3.7)

whereF is the featuresspaceand Pi = (xi ; yi) denotesa point in a 2-dimensional

representationof thefeaturesspace,asshown in �gure 3.1(e). Onthebasisof f apixel

hasto beclassi�ed into oneof thetwo following classes:

C: a local scenechangehasoccurred.As an e� ect,a local imagechangehasoc-

curredaswell (9i : xi , yi);

U: no local scenechangehasoccurred.As a consequence,no local imagechange

hasoccurred(xi = yi 8i) or a changehasoccurreddueto disturbancefactors

(9i : xi , yi).

It is worth pointing out that a scenechangealways yields an imagechangebut the

observationof animagechangedoesnotallow to abducta scenechangeasthecertain

cause.In fact, disturbancefactors(e.g. sceneillumination changes,imagingsystem

noise,dynamicadjustmentsof the imagingsystemparameters)canyield changesof

pixel intensitiesevenstrongerthanthoseproducedby scenechanges.In �gure 3.1(e)a

2-dimensionalrepresentationof thefeaturesvector f for thesamplepatchP is given.

A quitestrongimagechangeoccurs(someof thepointsPi lie quitefaro� thebisector

b of the quadrant),but the imagedsceneportion is clearly unchanged.In fact, the

imagechangeis dueto a variationof thesceneillumination. Figure3.2(c) shows the

featuresvectorfor a di� erentpatchof pixels (�gures 3.2(a,b)). A remarkableimage

changeoccursaswell, but in thiscaseit is dueto boththeilluminationchangeandthe

presenceof theperson.

Therefore,thedissimilarityfunctionof expression3.6cannotbetoo”simple” since

it mustbeableto discriminatebetweenintensitiesvariationsdueto disturbancefactors

andintensitiesvariationsdueto scenechanges.For example,by usingthewell known

SSD(Sum-of-Square-Di� erences)function:

d(X; Y) = SSD(X; Y) =
NX

i=1

(xi � yi)2 (3.8)
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abaddiscriminationisobtained.In the2-dimensionalrepresentationof f (�gures 3.1(e)

and3.2(c)), theSSDfunctionis equivalentto thesumof thesquareverticaldistances

di of thepointsPi from thebisectorb of thequadrant(�gure 3.2(c)). It is quiteclear

by looking at �gures 3.1(e) and3.2(c) thata gooddiscriminationin thefeaturesspace

F betweenthe featuresvectorsof semanticallychangedandsemanticallyunchanged

patchesis notpossibleby meansof theSSDdissimilarityfunction.

A clearstatisticalformalizationof theproblemis worth to be carriedout. To the

purpose,let usformalizethebinaryclassi�cationprobleminto a Bayesianframework.

TheBayesMAP (MaximumA Posteriori)decisionrule is thefollowing:
?????????????

p(Uj f ) < p(Cj f ) ) C

otherwise ) U
=)

?????????????

p( f jU)p(U) < p( f jC)p(C) ) C

otherwise ) U
(3.9)

wherep(Cj f ) andp(U j f ) aretheposteriorclassprobabilities,p(C) andp(U) theprior

classprobabilities,p( f jC) andp( f jU) thefeaturesvectorlikelihoods.Dividing both

sidesof the expressionby p( f jC)p(U) (which is a positive number)andby noticing

that p(U) = 1 � p(C), weattainthelikelihoodratio formulation:
????????????????

p( f jU)
p( f jC)

<
p(C)

1 � p(C)
) C

otherwise ) U
(3.10)

Theright-handsideof expression3.10allows to seta spatially(acrossdi� erentpixels

in a given frame)and temporally(acrossdi� erentframesin a given pixel) adaptive

thresholdfor thedecisionrule, basedon the prior probabilityof theconsideredpixel

(patch)in thecurrentframeto be the imageof a semanticallychangedsceneportion,

p(C). Thisprior couldbesetby exploiting temporal(e.g.predictionof objectsposition

by tracking)and/orspatial(e.g.statisticalmorphology)information.However, herewe

areinterestedin changedetectorswhich exploits just theinformationcontainedin the

featuresvector f , sowe assignequalprior probabilitiesto theclasses(p(U) = p(C) =

0:5), thusattaininga ML(MaximumLikelihood)classi�cationrule:
????????????????

p( f jU)
p( f jC)

< 1 ) C

otherwise ) U
(3.11)

Unfortunately, a statisticalcharacterizationof the likelihoodp( f jC) is in generalun-

feasible.In fact,p( f jC) representstheprobabilityof observingthemeasuredfeatures

vector f given that a foregroundobject is covering the patch. But, unlessa priori

assumptionsaremadeaboutthe appearance(e.g.,colour andorientation)of objects

enteringthescene,a local scenechangedoesnot yield a statisticallypredictablepat-

tern in thefeaturesspace.On thecontrary, thelikelihoodp( f jU) (i.e. theprobability

of observingthefeaturesvector f giventhatonly disturbancefactorsareactingin the
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consideredpatch)canbe characterizedoncethe classesof disturbancefactorsto be

consideredarechosenandtheire� ectsin thefeaturesspacearemadeclear. Therefore,

without theabove-mentionedprior assumptionsaboutthe foregroundobjectsappear-

ance,from a statisticalpoint of view thechangedetectionproblemconsistsin testing

the hypothesisthat just disturbancefactorsareacting in the pixels of the considered

patch. In particular, a teststatisticsS dependingon the likelihood p( f j U) hasto be

chosen,sothatchangedetectionis carriedoutbyathresholdingof thestatistics.Within

this statisticalframework, thechangedetectionruleof expression3.6becomes:

C(p) =

8
>><
>>:

1 if S(p( f jU)) > T

0 otherwise
(3.12)

In thenext Sectionweshow how disturbancefactorsyield arecognizablepatternin the

chosenfeaturesspace.

3.2 Disturbance Factors

Figure3.3 shows a modelof the imagingprocessfor two imagesof the samescene

capturedatdi� erenttimes(t1 ! I1; t2 ! I2) in whichjustdisturbancefactorsareacting.

We giveherethede�nition of two importantradiometricquantities:

- radiance:emittedenergy (from a sourceor a surface). In particular, it is the

power emittedfrom a unit areaof the surfacein a speci�ed directionper unit

solidangle(measuredin Wm� 2sr� 1);

- irradiance:incidentenergy (upona surface).In particular, it is thepower falling

uponaunit areaof a surface(measuredin Wm� 2).

Whendealingwith electromagneticradiationsin the visible spectrum(visible light),

radianceandirradiancearealsocalledluminanceandilluminance,respectively. Scene

illuminanceQt(p) is thepower of light incidentat time t uponthepatchof thescene

surfaceS(p) imagedby thepixel p. It is worth pointingout thatwe areassumingthat

no semanticchangeoccursin thescene(i.e. just disturbancefactorsact),henceall the

quantitiesrelatedto scenesurfacephysicalpropertiescanbeassumedto beconstantin

time,thusdroppingthesubscriptt. Light incidentonthesurfacepatchS(p) is re�ected,

so that the incomingsceneilluminanceQt(p) is transformedinto the outgoingscene

radianceLt(p), asshown in �gure 3.3(a). This processfollows a genericre�ectance

modelr whichcanbeexpressedasfollows:

Lt(p) = r (Qt(p); m(p); g(p)) (3.13)

wherem(p) denotesasetof localphysicalpropertiesof thesurfacepatch(e.g.material,

roughness)andg(p) asetof geometricalpropertiesrelatedto thereciprocalpositionof
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Figure3.3: Modelof theimagingprocessfor two imagesof thesamescenecapturedatdi� erent

times.
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light source,surfacepatchandobserver(i.e. theconsideredpixel). It is worth noticing

that, for a givenpixel (surfacepatch),a variationof sceneradiancecanoccuronly as

a consequenceof a variationof sceneilluminance. In fact,all the otherquantitiesin

equation3.13arerelatedto surfacepatchphysicalandgeometricalproperties,which

areassumedto be constantin time. Variousre�ectancemodelshave beenproposed

in the�eld of computervision. In general,they canbedividedinto two mainclasses:

the physicalmodelsand the geometricalmodels. The physicalmodelsuseelectro-

magneticwave theoryto analyzethe light re�ection phenomenon.It is a very general

approach,sinceit candescribere�ection from almostevery typeof materialandsur-

face. However, physicalmodelsareoften inappropriatefor usein machinevision as

they have functionalformswhich arevery di� cult to manipulate.On theotherhand,

geometricalmodelsarederivedby just analyzingthesurfaceandillumination geom-

etry andhave simplerfunctionalforms. Oneof themostcommonlyusedre�ectance

modelsis thePhongmodel([34]). Thismodeltakesinto considerationboththedi� use

(Lambertian)and the specularre�ection. Moreover, ambientlight is accountedfor.

Accordingto thismodel,wecansaythatsceneirradiance(illuminance)is mappedinto

sceneradianceby a locally order-preservingtransformation.

By passingthroughthe imagingsystemoptics,the sceneradianceLt(p) is trans-

formedinto the imageirradianceEt(p), that is the amountof light incidentat time t

on thepixel p of thecapturingsystemimageplane(�gure 3.3(b)). Simplegeometrical

considerationsallows to formalizethetransformationasfollows:

Et(p) =
 
cos4� (p)

f 2

!
�
 
� d2

t

4
� t

!
� Lt(p) = k(p) � et � Lt(p) (3.14)

where� (p) is the anglebetweenthe directionof the principal ray incidenton p and

the optical axis of the imagingsystemlens(it just dependson the pixel position), f

is the focal length(we assume�x ed focal length),dt is the lensaperturediameter(it

mayvaryalongtime)and� t is theexposuretime, thatis thetime perframetheimage

detectoris exposedto the incominglight (it mayvary alongtime aswell). Hence,the

quantityk(p) dependson thepixel positionbut it is constantin time. On thecontrary,

thequantityet, which is calledtheexposureof theimagingdevice, is global to all the

pixelsin theframe,but it mayvaryalongtimedueto Auto-Exposure(AE) mechanisms

of thedevice.

As shown in �gure 3.3(c), imageirradianceEt(p) is processedby theimagingsys-

tem electronicsandtransformedinto the ideal noiseless(we will considernoiseasa

separatee� ect)discreteimageintensity Ĩ t(p) (that is, apartfrom noise,thepixel grey

level we take asinput in our algorithms)by a transferfunction ht, commonlycalled

cameratransferfunction:

Ĩ t(p) = ht (Et(p)) (3.15)
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Thecameratransferfunctionis a characteristicof eachparticularimagingsystemde-

vice. In general,it canbeassumedspatiallyinvariant. In otherwords,at a giventime

t equalvaluesof imageirradianceincident on di� erentpixels are mappedby ht to

thesameimageintensity. On the contrary, the cameratransferfunction is in general

time-variant.In fact,mechanismsof dynamicadjustmentof thetransferfunctionpara-

meters(e.g. auto-gaincontrol,AGC) areoftenpresentin moderncameras.Although

the transferfunction is in generalnon linear, at a given time it is alwaysmonotonic

non-decreasing.

Finally, themeasuredimageintensityI t(p) is a� ectedby noise. In fact, the imag-

ing processis inherentlya� ectedby varioussourcesof noise(e.g.,shotphotonnoise,

thermalnoise,read-outnoiseandquantizationnoise). However, to changedetection

purposesthis noisecanbemodeledasanadditivestatisticaldisturbnt(p) a� ectingthe

outputidealnoiselessimageintensityĨ t(p), asshown in �gure 3.3(d):

I t(p) = Ĩ t(p) + nt(p) (3.16)

The overall imagingprocesscanthusbe formalizedasfollows (equations3.13,3.14,

3.15, 3.16):

I t(p) = Ĩ t(p) + nt(p) = ht

�
k(p) � et � r

�
Qt(p); m(p); g(p)

��
+ nt(p) (3.17)

In casethatnoscenechangeoccurs,consideringa pixel p at two di� erenttimest1 and

t2 animage(intensity)changeoccursif:

I1(p) , I2(p) (3.18)

Thecausesof thischangearethedisturbancefactors,whichcanbederivedfrom equa-

tion 3.17:

Q1(p) , Q2(p) : changeof thesceneilluminance(illumination);

e1 , e1 : changeof theimagingsystemexposure;

h1 , h1 : changeof theimagingsystemtransferfunction;

n1(p) , n2(p) : statistical�uctuation of intensitydueto noise.

Actually, we arenot just interestedin the e� ectsof disturbancefactorson the inten-

sity measuredin a pixel. In fact, we aim at investigatingif and how the e� ectsof

disturbancefactorscanbe expressedby a relationr1! 2 betweenthe intensitiesof the
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pixelsin acommondomainpatchP of thetwo imagesI1 andI2, captured”before” and

”after” theactionof disturbancefactors(�gure 3.3(e)). In otherwords,we look for a

subsetD of thefeaturesspaceF which is ableto delimitateall thedisturbancefactors

e� ects.Apart from noise,which will bedealtwith in thenext section,we cansaythat

disturbancefactorsyield anorder-preserving(i.e. monotonicnondecreasing)relation

betweentheidealnoiselessintensitiesof thepixelsin acommondomainpatch.In fact,

the overall imagingprocesstransformation(equation3.17) from the incomingscene

illuminanceto the ideal noiselessimageintensity is order-preserving,sinceit is the

compositionof anorder-preservingsceneilluminanceto sceneradiancetransformation

(equation3.13, underthePhongre�ectancemodel),a linear (order-preserving)scene

radianceto imageirradiancetransformation(equation3.14, imaging systemoptics)

andanorder-preservingimageirradianceto image(noiseless)intensitytransformation

(equation3.15, imagingsystemtransferfunction). By consideringtwo pixels p1 and

p2 at timest1 andt2, wecanwrite:
8
>><
>>:

�
Ĩ1(p1) � Ĩ2(p1)

�
� (Q1(p1) � Q2(p1)) � 0

�
Ĩ1(p2) � Ĩ2(p2)

�
� (Q1(p2) � Q2(p2)) � 0

(3.19)

By assumingasmoothvariationof thesceneillumination,we canwrite:

(Q1(p1) � Q2(p1)) � (Q1(p2) � Q2(p2)) � 0 (3.20)

Finally, from expressions3.19and 3.20:

�
Ĩ1(p1) � Ĩ2(p1)

�
�
�
Ĩ1(p2) � Ĩ2(p2)

�
� 0 (3.21)

Thatis, therelationbetweenintensitiesof correspondingpixelsof two imagestakenat

di� erenttimesis order-preserving.

3.2.1 Imaging ProcessNoise

Di� erently from the other disturbancefactors,noise inherentlya� ects the imaging

process.Even whenall is stationary, the measuredimageintensitiesarea� ectedby

a statisticalerror dueto noise. For this reason,in every changedetectionalgorithm

noisemustbe accountedfor andmoreor lessaccuratelymodeled.As statedbefore,

imagingprocessnoisecanbe modeledasan additive statisticaldisturba� ectingthe

output imageintensity(equation3.16). As far asthenoiseprobabilitydistribution is

concerned,di� erentchoicesarepossibledependingalsoon how thechangedetection

algorithmwill usethedistribution. For example,thenon-parametricmodelingwepre-

sentedin Chapter2 is useful for a changedetectorthat exploits the distribution just

to extract the thresholdfor the changemaskcomputation.On the contrary, a change

detectorthatperformsa MaximumLikelihoodregressionto testthehypothesisthata
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pixel is changedor unchangedneedsa parametricdistribution. In practice,for distur-

bancefactorsinvariantchangedetectors,the mostcommonassumptionis that noise

a� ectinga pixel p at time t is zero-meangaussian:

nt(p) � N
�
0; � 2

t (p)
�

(3.22)

As a consequence,themeasuredimageintensityI t(p) is a gaussianrandomvariableas

well, with the samevarianceof the noiseandwith meanequalto the ideal noiseless

imageintensityĨ t(p):

I t(p) � N
�
Ĩ t(p); � 2

t (p)
�

(3.23)

Let usnow considerthe featuresvector f , which is the input to our changedetection

problem. We areinterestedin the noisea� ectingall the pixel intensitiesboth in the

� � � � � �
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� � � 	� 
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Figure3.4: Featuresvector f = (X;Y) for asamplepixel.

backgroundB (�gure 3.4, on the left) andin the currentframeF (�gure 3.4, on the

right). To this purpose,let f̃ = (x̃1; : : : ; x̃N; ỹ1; : : : ; ỹN) be the idealnoiselessfeatures

vector. Accordingto theassumptionsmadesofar, thedistributionsare:

xi � N
�
x̃i ; � 2

B(i)
�

yi � N
�
ỹi ; � 2

F(i)
� (3.24)

wherethesubscriptsB andF indicatesa time (i.e. thetimesat which thebackground

andthecurrentframeimageswerecaptured)andtheindex i denotesapixel positionin

thepatch. It is reasonableto assumethatnoisea� ectingimageintensitiesis white in

thespatialaswell asin thetemporaldomain.Namely, noisea� ectingapixel atagiven

time is independentfrom noisea� ectingthe samepixel at a di� erenttime andfrom

noisea� ectingdi� erentpixelsat thesametime. Hence,theprobabilitydistribution of

theentire2N-dimensionalfeaturesvector f is multi-variategaussian:

f �
1

(2� )N=2� 1=2
exp

�
�

1
2

�
f � f̃

�>
� � 1

�
f � f̃

� �
(3.25)
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with diagonalcovariancematrix � :

� =

0
BBBBBBBBBBBBBBBBBBBBBBBBBBB@

� 2
x(1) 0 � � � 0

0 � 2
y(1)

:::
:::

:::

� 2
y(N) 0

0 � � � 0 � 2
y(N)

1
CCCCCCCCCCCCCCCCCCCCCCCCCCCA

(3.26)

In this formulation,the varianceof the noisedependsboth on time andon the pixel

position. This is the most completeande� ective formulation. in fact, actually the

noisevariesfrom pixel to pixel in a given frameandfrom frameto framein a given

pixel. However, to usethis formulationis unfeasiblein practice,sincean estimation

of thenoisevarianceshouldbe performedat eachcapturingtime andfor eachpixel.

The oppositesolution, that is the simpler and lesse� ective, consistsin assuminga

variancewhich is constantin time andspace.In otherwords,thevarianceis thesame

for all thepixelsin all theframes.This assumptionis quitefar from reality. However,

it hasthe advantagethat the valueof the variancecould be estimatedonceand for

all at the beginning of the elaboration.We chosean intermediatesolution,basedon

the assumptionthatnoisea� ectinga pixel p at time t just dependson the pixel ideal

noiselessimageintensityĨ t(p):

� 2
t (p) = � 2

�
Ĩ t(p)

�
(3.27)

This assumptionis thesamewe usedin Chapter2 to infer a non-parametricmodelof

the noise. After the estimationof a probability distribution for noisea� ectingeach

possibleidealnoiselessintensity, a coupleof percentileswasextractedfrom eachdis-

tribution. Here,the samealgorithmcanbe usedto estimatethe parametricmodelof

equation3.27. In fact,wejusthaveto computethevarianceof eachdistributioninstead

of extractingthepercentiles.It is worth pointingout that this modelyieldsa variance

which varieswith time andspace(throughthe variationof pixel intensities),but the

estimationis computedonceandfor all by processingashortbootstrapsequence.

Basedon equations3.25, 3.26, 3.27, the probability distribution of the features

vector f canbewrittenas:

f �
1

(2� )N=2 � N
i=1

�
� (x̃i)� (ỹi)

� e
�

1
2

X N

i=1

(xi � x̃i)2

� 2(x̃i)
+

(yi � ỹi)2

� 2(ỹi) (3.28)

If thebackgroundimageis justaframecapturedwhenthescenewasfreeof foreground

objects,theaboveequationholds.In fact,it relieson theassumptionthatpixelsin the

currentframeandpixels in thebackgroundimagearea� ectedby thesame”amount”

of noise,givenby thenoisemodelof equation3.27. In particular, thealgorithmusedto
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infer themodelyieldsamodelfor thenoisea� ectingaraw frame.However, sometimes

the backgroundimageis estimatedthrougha statisticalelaborationof a sequenceof

frames(e.g.,by a temporalaveragingof pixel intensities).In general,thehigheris the

numberof framesusedto infer thebackgroundimage,theloweris theratiobetweenthe

noisevariancesof thebackgroundandthecurrentframe,respectively. If thesequence

of framesusedto generatethebackgroundis long (tensor evenhundredsof frames),

thenoisevarianceof thebackgroundcanbereasonablysetto zero,thusattainingthe

following simpli�ed featuresvectordistribution:

f �
1

(2� )N=2 � N
i=1

�
� (ỹi)

� e
�

1
2

X N

i=1

(yi � ỹi)2

� 2(ỹi) (3.29)

In otherwords,the imagingprocessnoisea� ectsjust themeasuredintensitiesof the

currentframe(i.e. theyis),while themeasured(i.e. estimatedfrom a setof measured)

intensitiesof thebackground(thexis) areassumedto bedeterministicandequalto the

idealnoiselessintensities:

xi = x̃i 8 i = 1; : : : ; N (3.30)

3.3 The ProposedAlgorithm

To applythechangedetectionrule of expression3.12, at eachtime andfor eachpixel

we have to computethe likelihood p( f j U), that is the probability of observingthe

measured(noisy) featuresvector f = (x1; : : : ; xN; y1; : : : ; yN) given that no local se-

manticchangeis occurring,that is given that just disturbancefactorsareacting. But

we know that disturbancefactorsyield order-preservingrelationsbetweenthe ideal

noiselessintensitiesof pixelsin a commondomainpatch.In otherwords,disturbance

factorsyield anideal(noiseless)featuresvector f̃ = (x̃1; : : : ; x̃N; ỹ1; : : : ; ỹN) belonging

to the subspaceD of the featuresspaceF containingall the featuresvectorsrepre-

sentingorder-preservingrelations.Hence,the likelihood p( f j U) canbe regardedas

theprobabilityof observingthenoisyfeaturevector f giventhat thenoiselessfeature

vector f̃ belongsto thesubspaceD:

p( f jU) = p( f j f̃ 2 D ) (3.31)

Practicallyspeaking,the likelihood p( f j U) canbe seenasa statisticaldistancebe-

tweenthe measuredfeaturesvector f andthe subspaceD characterizingthe distur-

bancefactorse� ects. To computetheprojectionof f ontoD , f̃ML we canperforma

(non-parametric)Maximum-Likelihoodisotonicregression([1]). Theinferenceprob-
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lem canbeformalizedasfollows:

f̃ML = argmaxp( f j f̃ )
f̃ 2D

(3.32)

Oncetheprojection f̃ML hasbeeninferred,the likelihoodp( f j U) canbeobtainedby

computingthestatisticaldistancebetweenf and f̃ML:

p( f jU) = p( f j f̃ML) (3.33)

By makingp( f j f̃ ) aswell asD explicit andby transforminglikelihoodmaximization

into log-likelihoodminimization,theinferenceproblemof equation3.32canbewritten

asfollows:

f̃ML = argmin
X N

i=1

(xi � x̃i)2

� 2(x̃i)
+

(yi � ỹi)2

� 2(ỹi)f̃

(x̃i � x̃ j)(ỹi � ỹ j) � 0

i; j 2 [1; N] (3.34)

or asfollows:

f̃ML = argmin
X N

i=1

(yi � ỹi)2

� 2(ỹi)f̃

(xi � x j)(ỹi � ỹ j) � 0

i; j 2 [1; N] (3.35)

dependingontheprocedureusedto generatethebackgroundmodel.If thebackground

is just an imageof the scenefree of foregroundobjects,the noisemodel of equa-

tion 3.28 canbe used,thusattainingthe inferenceproblemof equation3.34. If the

backgroundmodel is extractedby a statisticalestimationprocedure,the problemof

equation3.35 is attainedby exploiting the noisemodelof equation3.29. Both 3.34

and3.35areconvex programmingproblems,sincethecostfunction is quadraticand

theconstraintsareconvex. In particular, 3.34is characterizedby 2N unknowns(i.e. the

entireidealnoiselessfeaturesvector f̃ = (x̃1; : : : ; x̃N; ỹ1; : : : ; ỹN)) and
�
N
2

�
constraints.

On theotherhand,3.35is characterizedby N unknowns(i.e. just thehalf of theideal

noiselessfeaturesvector f̃ correspondingto thepixel intensitiesin thecurrentframe

Ỹ = (ỹ1; : : : ; ỹN)) and(N � 1) constraints.

Hereinafter, we assumethat the backgroundmodelis generatedby an estimation

procedureandtake into considerationthe problemof equation3.35. It is a classical

isotonicnon-parametricregressionproblem,that canbe solved by an O(N) iterative

algorithm, called Pool AdjacentViolators Algorithm (PAVA) ([1]). To illustrate the

algorithm, let us considera sample8-dimensionalmeasured(noisy) featuresvector

f = (X; Y) = (x1; : : : ; x4; y1; : : : ; y4) correspondingto a 2 � 2 domainpatch,asshown

in �gure 3.5. We denoteas f o = (Xo; Yo) = (x1
o; : : : ; x4

o; y1
o; : : : ; y4

o) the features

vectorattainedby orderingthe X vectorcomponentsandshu� ing theY components

accordingly, asshown in �gure 3.5. The problemof equation3.35canbe written as
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Figure 3.5: Rangepatchesandfeaturesvector2-dimensionalrepresentationfor a sample2 � 2

domainpatch.

follows:

f̃ML = argmin
X N

i=1

�
yo

i � ỹi

�2

� 2(ỹi)
i 2 [1; 4]

f̃

ỹi � ỹi+1 i 2 [1; 3]

(3.36)

thatis:

f̃ML = argmin
"
(240� ỹ1)2

� 2(240)
+

(110� ỹ2)2

� 2(110)
+

(185� ỹ3)2

� 2(185)
+

(10� ỹ4)2

� 2(10)

#

f̃

(ỹ1 � ỹ2) ^ (ỹ2 � ỹ3) ^ (ỹ3 � ỹ4)

(3.37)

In practice,thepointsin thefeaturesvector2-dimensionalrepresentationof �gure 3.5

hasto be ”moved” toward the ”nearest” isotoniccon�guration (i.e. a con�guration

satisfyingthe constraints). In particular, sincethe measuredpixel intensitiesin the

backgroundareassumedto be deterministicthe pointscanbe moved just along the

y axis. Figure3.6 shows the processingstepsof the PAVA algorithmappliedto the

sampleproblemof equation3.37. Oncecomputedtheprojection f̃ML, we usethecost

functionin equation3.37asthestatisticsto bethresholdedin thechangedetectionrule

of expression3.12. It is worth pointingout that this costfunctionis nothingelsethan

theMahalanobisdistancebetweenthemeasuredfeaturesvector f andthesubspaceD

characterizingthedisturbancefactorse� ects.
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Figure3.6: Stepsof thePAVA algorithmfor a samplefeaturesvector.

3.4 Experimental Results

Experimentshavebeencarriedout by comparingthedetectionresultsprovidedby the

proposedapproachwith the resultsattainedby threedi� erentstate-of-theart distur-

bancefactorsinvariant algorithms([41], [40], [32]). For simplicity, hereinafterwe

denoteby C, B and O the algorithmsproposedin [41], [40] and [32], respectively.

Moreover, we denoteour approachby P. In �gures 3.7-3.18thedetectionresultsare

shown. Each�gure correspondsto a di� erentsampleframe. The �rst six framesbe-

longsto anindoorvideosequence,in whichrealandsuddensceneilluminationchanges
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occur. Theotherframesbelongsto anoutdoorsequence,in which syntheticchanges

have beencreatedby applyingnon-linearintensitymappingfunctions. In each�g-

ure, the left columnshows the resultsattainedby usinga 3 � 3 imagepatchas the

supportfor the algorithmsdecisionrule. The resultsattainedby a 7 � 7 supportare

depictedin the right column. In eachof thechangemasksbrighterpointsrepresents

higherprobabilitiesof change.In the secondrow of each�gure we depict the com-

paragramJB̂ ! F. The comparagramis nothing elsethan a generalizationof the

featuresvector2-dimensionalrepresentationusedso far. Namely, the comparagram

is the 2-dimensionaljoint histogramof the intensitiesof correspondingpixels in the

two consideredimages(here,thebackgroundmodel B̂ andthecurrentframeF). The

comparagramprovidesanindicationof theintensitymappingfunctionsbetweenB̂ and

F.

By lookingatthechangemasks,it is straightforwardpointingouthow theproposed

approachoutperformsall theotheralgorithmsin theoutdoorsequence,wheresynthetic

non-linearintensitymappingfunctionshavebeenapplied.In theindoorsequence,just

O providescomparableresults.

3.5 Conclusions

In thischapterwehavepresentedadisturbancefactorsinvariantsingle-view changede-

tectionalgorithmaimedat �ltering-out mostof thepossibledisturbancefactorse� ects.

Apart from the imagingsystemnoisewhich canbe modeledasan additive gaussian

disturb,theglobale� ectof disturbancefactorson themeasuredintensitiesin a small

patchof pixelscanbereasonablyassumedto bea monotonicnon-decreasingintensity

mappingfunction. Hence,a maximum-likelihoodisotonic regressionprocedurecan

beusedto recognizeanddiscriminatefalseappearancechangescausedby disturbance

factors.We have carriedout experimentsby comparingthedetectionresultsprovided

by theproposedalgorithmwith theonesattainedby threestate-of-the-artdisturbance

factorsinvariantapproaches.Apart from thequiterarecasein which disturbancefac-

torsyield a linear local intensitymappingfunction, theproposedalgorithmgivesthe

bestresults. As well as all the disturbancefactorsinvariantchangedetectionalgo-

rithms, theproposedapproachsu� ersof an inherentproblemof misseddetectionsin

correspondenceof poorly structuredpatchof pixels. In thenext chapterwe presenta

coarse-to-�nechangedetectionapproach,whichsolvesthisproblemby usingthealgo-

rithm presentedin this chapterat a reducedresolutionlevel anda temporallyadaptive

algorithmat thefull resolutionlevel.
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Figure3.7: Comparative detectionresults.
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Figure3.8: Comparative detectionresults.
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Figure3.9: Comparative detectionresults.
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Figure3.10: Comparative detectionresults.
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Figure3.11: Comparative detectionresults.
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Figure3.12: Comparative detectionresults.
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Figure3.13: Comparative detectionresults.
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Figure3.14: Comparative detectionresults.
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Figure3.15: Comparative detectionresults.
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Figure3.16: Comparative detectionresults.



62 CHAPTER3

���

�� ��

�� ��

�� ��

�� ��

��

� � �

� �� � � �

� � � � 	�

� 
� � � �

� � �

� 
 �

� ��� �

� � �

� � �
��

Figure3.17: Comparative detectionresults.
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Figure3.18: Comparative detectionresults.
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Chapter 4

Coarse-to-FineApproach

In chapters2 and3 we have presentedtwo very di� erentsingle-view changedetec-

tion approaches.Eachof theapproachesbelongsto oneof thetwo di� erentclassesof

changedetectionalgorithmspointedout in chapter1. In particular, a temporallyadap-

tive approachis presentedin chapter2 anda disturbancefactorsinvariantalgorithm

is proposedin chapter3. Thoughthe presentedapproachesprovide good detection

results,they su� erof di� erentproblems,whichunfortunatelyareinherentto everyde-

visablealgorithmin their class.In particular, temporallyadaptive approachescannot

deale� ectively with suddenappearancechangesof thescenebackgroundsurface(e.g.

suddensceneillumination changes,dynamicadjustmentsof theimagingsystempara-

meters).On the otherhand,disturbancefactorsinvariantapproachesarevery robust

to suddenappearancechanges,but they candetectsemanticchangesjust in correspon-

denceof quitestructuredpatchof pixels.

In this chapterwe show how thetwo approachescanbeusedtogetherin a coarse-

to-�ne framework to attainbetterresults. The basicideaconsistsin assigningto an

e� cientpreliminarycoarse-level (reducedresolutionlevel) thetaskto �lter -out e� ec-

tively mostof the possiblefalseappearancechanges,thusproviding the subsequent

�ne-level (full resolutionlevel) with acoarse-grainreliableandtight super-maskof the

semanticallychangedpixels. In particular, we apply thedisturbancefactorsinvariant

changedetectionalgorithm proposedin chapter3 at a reducedresolution. In other

words,reducedresolutionversionsof thebackgroundmodelaswell asof thecurrently

processedframearecomputed,sothat thebackgroundsubtractionalgorithmof chap-

ter 3 canbeappliedto these”smaller” images.Theattainedcoarse-grainsuper-mask

canbe usedat the �ne-level for a threefoldpurpose.Firstly, it canact asa reliable

work-areafor the�ne-level detection,thathasjust to switch-o� thepixelsit detectsas

unchanged.Secondly, the complementof thesesuper-mask(that is a tight sub-mask

of the semanticallyunchangedpixels) can representa just as reliablework-areafor

65
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a robustselective backgroundupdatingprocedureat the �ne-level (the �ne-level is a

temporallyadaptive backgroundsubtractionalgorithm,hencea continuousupdating

of thebackgroundappearancemodelhasto becarriedout). Finally, thecomplement

canbeusedalsoto infer informationon global falseappearancechangespossiblyoc-

curring in the scene,suchas thosedue to global sceneillumination changesand to

dynamicadjustmentsof theimagingsystemparameters,sothata tonalregistrationof

the�ne-level currentbackgroundcanbecarriedout. In this way, thetemporallyadap-

tive changedetectionalgorithmusedat �ne-level canfacesuddenappearancechanges

aswell.

Thechapteris organizedasfollows. In section4.1 theproposedcoarse-to-�neap-

proachis presented.Experimentalresultsarediscussedin section4.2andconclusions

aredrawn in section4.3.

4.1 The ProposedApproach

From the full resolutionbackgroundB and the full resolutioncurrentframe F (�g-

ures4.1(a,b)), the � -reducedresolutionversions� B and � F (�gures 4.1(c,d)) areex-

tractedby a regular resolutionreduction.Namely, boththe full resolutionimagesare

dividedinto equalnon-overlappingsquareblocksof sidelength� pixels(in �gure 4.1

a value� = 8 is used).To eachblock is assigneda uniquegrey level by computingthe

medianof theintensitiesof all thepixelscontainedin theblock. Resolutionreduction

by medianintensitycommuteswith imagestransformationsby order-preserving(i.e.

monotonicnon-decreasing)intensitymappingfunctions. Hence,disturbancefactors

yield local order-preservingintensitytransformationsat reducedresolutionaswell, so

that the assumptionstandingat the basisof the algorithm proposedin chapter3 is

still valid. This is not rue,for example,by computinga resolutionreductionby mean

intensity. Actually, the reducedresolutionbackgroundis computedonceandfor all

at the beginning of the elaboration. In fact, di� erently from the temporaladaptive

approaches,disturbancefactorsinvariantalgorithmsneednot to updatetheappearance

backgroundmodel.In particular, thereducedresolutionbackgroundmodelis extracted

from thefull resolutionbackgroundmodelgeneratedby the�ne-level backgroundini-

tializationprocedure.On thecontrary, the reducedresolutioncurrentframehasto be

extractedat eachprocessingstepfrom thenew incomingframe.

Hence,at eachprocessingtime we apply thealgorithmpresentedin chapter3 by

usingthe reducedresolutionbackgroundandcurrentframe,thusattaininga reduced

resolutionchangeprobability map (�gure 4.1(e)). The mapgives for eachpatchof

pixelsin thereducedresolutiondomain,thatis for eachpatchof blocksof pixelsin the

full resolutiondomain,the statisticaldistancebetweenthe measuredfeaturesvector
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Figure4.1: Main processingstepsof theproposedcoarse-to-�neapproach.

andthe sub-spaceof all the isotonicfeaturesvectors. In otherwords,the mapgives

for eachblock a measureof theprobabilityto betheimageof a semanticallychanged

scenebackgroundsurfacepatch.Themapis convolvedby a3� 3 gaussiankernel,thus
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attaininga”smoother”changeprobabilitymap(�gure 4.1(f)). Thesmoothmapis then

thresholded(�gure 4.1(g)), �lled anddilatedby a3� 3 binarykernel(�gure 4.1(h)). As

pointedout in chapter3, we areusinga disturbancefactorsinvariantchangedetection

algorithmwhichinherentlysu� ersof themisseddetectionsproblemin correspondence

of poorly structuredpatchof pixels(here,of blocksof pixels). On theotherhand,the

algorithmhasverygooddetectioncapabilitiesin correspondenceof structuredpatches.

In particular, foregroundobjectsboundariesaredetectedin aquitecontinuousmanner.

Here,we areapplyingthe algorithmat reducedresolution. The e� ect is that the de-

tectedcoarse-grainobjectsboundariesarealmostalwayscontinuous. In practice,at

reducedresolutiontheapplicationof simplebinarymorphologicalelaborationsallows

to solve the misseddetectionsproblem,so that reliablesuper-masksof the semanti-

cally changedpixelsareverylikely to beattained.Conversely, thecomplementsof this

changemasksareverylikely to containjustsemanticallyunchangedpixels.Therefore,

both in thefull resolutionbackgroundandin thefull resolutioncurrentframethepix-

elsbelongingto thecomplementof thecurrentlycomputedcoarse-grainchangemask

arevery likely imagingthescenebackgroundsurface(�gures 4.1(i,k)). In particular, a

commonpixel in thebackgroundandin thecurrentframeis imagingthesamescene

backgroundsurfacepatch.Sincethecoarse-level detectionwe areusingis very robust

to evenvery fastappearancechangesof thebackgroundsurface,asit is thecasein �g-

ure 4.1, thecomplementof thecomputedcoarse-grainchangemaskcanbeexploited

to ”understand”the e� ectsof the occurringappearancechangesbeforethe �ne-level

detectionis performed.In practice,themeasuredintensitiesin thebackgroundandin

the currentframefor all the pixels belongingto the complementcanbe ”compared”

to infer the intensitymappingfunction that bestexplainsthe appearancechangesef-

fects. In �gure 4.1(j) we show the comparagramcomputedby usingthe background

andcurrentframeintensitiesof all thepixelsin thecomplement.Theintensitymapping

functionmaybecomputedby asimplecomparagramregression,afterhaving assumed

a parametricfunctional form. To avoid arbitraryassumptions,we usean alternative

method,calledhistogramspeci�cation. In practice,thetwo cumulative histogramsof

the intensitiesof the complementpixels in the backgroundandin the currentframe

arecomputed.The intensitymappingfunction is inferredby looking for the function

which besttransformsthebackgroundhistograminto thecurrentframehistogram.In

�gure 4.1(j) weshow theintensitymappingfunctioninferredby thehistogramspeci�-

cationprocedureby drawing it on thecomparagram.

Oncethe intensitymappingfunction hasbeencomputed,it canbe appliedto the

currentfull-resolutionbackgroundmodel. In this way we performa tonalregistration

of thebackground”toward” thecurrentframe. Whatwe aredoing is �ltering-out the

e� ectsof the scenesurfaceappearancechanges.As a consequence,the subsequent
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�ne-level will alwayshave at disposala tonally registeredbackgroundmodel,evenin

caseof suddenchanges.Moreover, sincethecoarse-grainchangemasksareverylikely

a supersetof thesemanticallychangedpixels,just theforegroundpixelsin thecoarse-

grainchangemaskshaveto beconsidered.In practice,for eachof thesepixelsthe�ne-

level computesthebackgroundsubtractionby comparingtheintensitiesin thecurrent

frameandin theregisteredbackground.In �gure 4.1(l) we show the�ne-level change

maskattainedby applyingthebackgroundsubtractionprocedureproposedin chapter

2. Figures4.1(m,n)depictthe�nal changemask,attainedafterasimplemorphological

elaboration.

4.2 Experimental Results

We presentthe detectionresultsof theproposedcoarse-to-�neapproachfor two dif-

ferentsampleframes,eachonebelongingto a di� erentvideosequence.In �gure 4.2a

sampleframeof anindoorvideosequenceis takeninto consideration.In particular, a

realsceneilluminationchange(ascenedarkening)is occurring,yieldingaquitelinear

intensitymappingfunction. In �gure 4.3 a frameof an outdoorsequenceis shown.

Here,a syntheticnonlinear intensitymappingfunctionhasbeenappliedto the frame

beforethe elaboration. It is straightforward noticing how in both the casesthe pro-

posedapproachallows to attain quite accuratechangemasks. Theseresultscan be

attainedneitherby thetemporallyadaptiveapproachpresentedin chapter2 nor by the

disturbancefactorsinvariantalgorithmproposedin chapter3.

4.3 Conclusions

In this chapterwe have presenteda single-view changedetectionapproachbasedon

a coarse-to-�nestrategy. In particular, we have shown how a disturbancefactorsin-

variantapproachanda temporallyadaptiveapproachcanbeusedtogetherin acoarse-

to-�ne framework to attainvery gooddetectionresults.This approachallows to deal

e� ectively with all thedisturbancefactorsyieldinge� ectscorrespondingto global(i.e.

spatiallyinvariantin theentireframe)intensitymappingfunctions.Actually, very lo-

cal falsechanges,suchasthosedueto specularitiesandshadows castby foreground

objects,cannot be �lter -out by the algorithm. In the next chapter, we show how a

multi-view changedetectionapproachallows to facethischallengingproblemaswell.
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Figure 4.2: Main processingstepsof theproposedcoarse-to-�neapproachfor a sampleframe

of anindoorsequencein whicha realsceneilluminationchangeis occurring.
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Figure 4.3: Main processingstepsof theproposedcoarse-to-�neapproachfor a sampleframe

of an outdoorsequencein which a syntheticnon-linearintensity mappingfunction hasbeen

applied.
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Chapter 5

Multi-view ChangeDetection

By meansof a coarse-to-�nestrategy, thesingle-view changedetectionapproachpre-

sentedin thepreviouschapterallows to attainaccuratechangemasksalsoin casethat

mostof thepossibledisturbancefactorsareacting. In particular, quite”global” scene

illuminationchangesaswell asall thepossibledisturbancefactorsdueto thecapturing

device (e.g. noise,AE, AGC, 
 -correction)canbe dealtwith e� ectively by the pro-

posedalgorithm.On thecontrary, thee� ectsof very local sceneilluminationchanges,

suchasthosedueto specularitiesandto shadows castby foregroundobjects,canbe

�ltered-out neitherby thedisturbancefactorsinvariantcoarse-level norby thetonally-

registeredtemporallyadaptive �ne-level. Indeed,specularitiesare inherentlya very

hard-to-solve problemin changedetection,sincetheir e� ect is often very local and

stronglydependenton the scenesurfacephysicalproperties. In otherwords,specu-

lar re�ection is a complex phenomenonwhich yieldshardlypredictablee� ectson the

measuredimageintensities.This is evenmorethecasefor changedetectionfrom grey

level images,whereno color informationcanbe exploited to recognizespecularities

e� ects.As regardsshadows,many algorithmshave beenproposedaimedat detecting

andremoving imagechangesdueto shadowsfrom single-view videosequences.Most

of themrely onphotometricassumptionsconcerningthelocale� ectsof shadowsonra-

dianceemittedby thescenesurface,thatis on themeasuredintensities.In this chapter

we presenta multi-view changedetectionapproachaimedat �ltering-out all the local

falseimagechangesby exploiting just a geometricalconstraint.

Thechapteris organizedasfollows. In section5.1themulti-view changedetection

problemis de�ned and formalized. In section5.2 the state-of-the-artin multi-view

changedetectionis outlined. Theproposedalgorithmis presentedin section5.3. Ex-

perimentalresultsarediscussedin section5.4andconclusionsaredrawn in section5.5.
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5.1 ProblemDe�nition and Formalization

At time t = t̄ , the input I t̄ of a typical multi-view changedetectionalgorithmis a

matrix of (T+1) � V di� erentsceneimages,asillustratedin �gure 5.1(a):

I t̄ =

0
BBBBBBBBBBBBBBBBBBBB@

I1
t̄� T I2

t̄� T : : : IV
t̄� T

:::
:::

:::

I1
t̄� 1 I2

t̄� 1 : : : IV
t̄� 1

I1
t̄ I2

t̄ : : : IV
t̄

1
CCCCCCCCCCCCCCCCCCCCA

(5.1)

whereV is the numberof di� erentview-points and (T + 1) is the numberof dif-

ferent imagestaken as input for eachview-point. In particular, eachcolumn Sv
t̄ =

�
I v
t̄� T ; : : : ; I v

t̄� 1 ; I v
t̄

�>
representsa di� erentinput videosequence,that is it contains

a setof (T+1) sceneimagescapturedatdi� erenttimesfrom thesameview-point. On

the otherhand,eachrow Rt =
�
I1
t ; I2

t ; : : : ; I v
t

�
containsa setof V sceneimages

takenat thesametime from di� erentview-points.

At time t = t̄ , theoutput Ot̄ of a typical multi-view changedetectionalgorithmis

in generala setof changemasks,thatis of binaryimages.In particular, threedi� erent

outputtypesarepossible:

o.1) theoutputconsistsof V di� erentchangemasks,that is a changemaskis com-

putedfor eachoneof theoriginal views (�gure 5.1(b)):

Ot =
�
C1

t̄ ; C2
t̄ ; : : : ; CV

t̄

�
(5.2)

o.2) the outputconsistsof a singlechangemask,computedfor oneof the original

views,calledthe”reference”or ”primary” view (�gure 5.1(c)):

Ot =
�
Cr

t̄

�
r 2 [1; V] (5.3)

o.3) the outputconsistsof a singlechangemask,computedfor a virtual view (�g-

ure5.1(d)):

Ot =
�
CV

t̄

�
(5.4)

In general,a multi-view changedetectionalgorithmis a procedureaimedat com-

putingtheoutput Ot̄ giventheinput I t̄ :

Ot = CDMV(I t) (5.5)

As regardsthedi� erenttypesof possibleprocedures,wede�ne:

c.1) temporal consistencyconstraint:the framescontainedin a columnof the input

matrix I t̄ of equation5.1 areimagesof thesamescenetakenat di� erenttimes

from thesameview-point;
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Figure5.1: Typical inputandoutputsof a multi-view changedetectionalgorithm(V = 3).

c.1) spatial coherenceconstraint:the framescontainedin a row of the input matrix

I t̄ of equation5.1 are imagesof the samescenetaken at the sametime from
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di� erentview-points;

By applyingjustthetemporalconsistency constraint,weperformV independentsingle-

view changedetections,onefor eachdi� erentview-point. On theotherhand,by ap-

plying just the spatialcoherenceconstraintthe simplestmulti-view changedetection

approachis attained.In practice,ateachtimet theoutput Ot is attainedby processing

the row Rt, that is by comparingall the currentsimultaneoussceneimagescaptured

from di� erentview-points.Finally, by applyingboththetemporalconsistency andthe

spatialcoherenceconstraints,all the available information is exploited. Hence,this

is in theory the moste� ective approach.We presenta multi-view changedetection

algorithmof this type. In particular, we apply the temporalconsistency constraintas

a �rst processingstepby performinga single-view changedetectionin eachoriginal

view. Then,thespatialcoherenceconstraintis appliedby computinga ”fusion” of the

attainedchangemasksin avirtual top-view.

5.2 RelatedWork

In [21] a ”lighting independent”multi-view changedetectionalgorithmis presented.

Stationarityof thecapturingdevicesaswell asof thescenebackgroundsurfacegeom-

etry is assumed,sothatthegeometrictransformationswarpingoneof theviews(called

”primary” view) into all the otherviews (called”auxiliary” views) canbe computed

o� -line. On-line, just the changemaskin the primary view is computed.Moreover,

just the spatialcoherenceconstraintis applied. In practice,at eachtime the color of

every pixel in the primary view is comparedwith the color of correspondingpixels

(throughthegeometrictransformations)in theauxiliary views. If color is similar (ac-

cordingto a simplemetricconsistingin theabsolutevalueof theEuclideandistance),

thepixel in theprimaryview is markedasbackground;otherwise,it is markedasfore-

ground.This approachinherentlysu� ersfrom bothfalseandmisseddetections.False

detections(called”occlusionshadows”) occurwhenabackgroundpixel in theprimary

view is occludedby a foregroundobjectin theauxiliaryview. Misseddetectionsoccur

whenanevenlycoloredforegroundobjectoccludesa pair of correspondingpixels,for

color beingvery similar. The authorsproposeto �lter -out falsedetectionsby using

morethantwo views (at leasttwo auxiliary views) andANDing thebinarymasksat-

tainedby comparingtheprimaryview to eachof theauxiliary views. However, they

donotdiscusshow to dealwith misseddetections.

Thework in [25] is aimedat improving theapproachproposedin [21]. As in [21],

thechangemaskin theprimaryview is computedby justapplyingthespatialcoherence

constraint.However, thefollowing improvementsareproposed:



MULTI-VIEW CHANGEDETECTION 77

a) a slightly morecomplex ande� ective metric(i.e. a normalizedcolor di� erence

averagedon a n � n neighborhoodof pixels)is usedto measurecolor similarity

betweencorrespondingpixelsin di� erentviews;

b) the occlusionshadows problemis addressedby a sensorplanningperspective.

In particular, it is shown how falsedetectionscanberemovedby usingjust two

views,providedthatasuitablecon�gurationof thecapturingdevicesis adopted;

c) themisseddetectionsproblemis tackledaswell. Theparticularsensorscon�gu-

rationadoptedto �lter -outocclusionshadowsyieldsmisseddetectionslocalized

only at thelowerportionof eachdetectedforegroundblob. However, acomplex

andquite fragile algorithmis proposedto �ll-in thepossiblemisseddetections.

In fact,for eachforegroundblob in theprimaryview detectedby thespatialco-

herenceconstraintapplication,all the”top-most”pixelsalongeachepipolarline

passingthroughtheblob bounding-boxareidenti�ed. For eachof thesepixels,

thecorresponding”base-point”pixel is computed,that is thepixel lying below

on thegroundplane.Thecomputationis performedby aniterativesearchalong

theepipolarline throughthetop-mostpixel;

d) specularitiestendto beremovedasa sidee� ectof themisseddetectionsreduc-

tion algorithmexplainedin c).

Both the algorithmsin [21] and [25] rely on the assumptionthat a patchof the

scenebackgroundsurfaceyields a very similar color into simultaneousimagestaken

from di� erentview-points(�gure 5.2). If this is true, a total invarianceto temporal

Figure 5.2: Samplepatchof a scenebackgroundsurfaceimagedsimultaneouslyby di� erent

view-points.

changesof theradianceemittedby thescenebackgroundsurface(e.g.sceneillumina-

tion changes,shadows) is achieved,sincesuchchangeswill a� ectsimultaneousviews

in an identical manner. However, in practicethis assumptionmay not be satis�ed,

mainly for two reasons.Firstly, in caseof non-lambertiansurfacesthe re�ected light

intensitydependson the viewing angle(specularre�ection). Secondly, dynamicad-

justmentsof thecapturingdevicesparameters(e.g. auto-gainandauto-exposure)may
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occurfor di� erentviews at di� erenttimesandby a di� erentintensitymappingfunc-

tion. As for specularities,[25] candealwith thisproblemasasidee� ectof themethod

usedto reducemisseddetections.Conversely, dynamicadjustmentsof imagingsys-

temsparameterscannotbe handledinherentlyby neither[21] nor [25]. In turn, [21]

recommendsexplicitly to disablethe auto-gainmechanismof the capturingdevices.

However, to disablethesedynamicadjustmentmechanismsis a stronglimitation in

many practicalapplications,especiallyasregardsoutdoorinstallations.

The mostrelatedwork to theapproachwe aregoing to proposein this chapteris

that presentedin [23]. It is focusedon trackingbut relieson multi-view changede-

tectionas the �rst processingstep. Peoplemoving on a groundplane(i.e. a planar

backgroundsurface)are tracked by their groundlocations,that is the feet. At each

processingtime, feetaredetectedby a multi-view changedetectionapproach,thatwe

call here”ChangeMapsFusion” (CMF): the groundplanehomographieswarpinga

referenceview into eachof theotherviews areinferredo� -line. On-line,single-view

changedetectionis performedindependentlyin eachview to attaina changeprobabil-

ity map.To thispurpose,awell-known backgroundsubtractionalgorithm([37]) based

on a statisticaltemporallyadaptive backgroundmodelingby mixture of gaussiansis

deployed. Hence,thecomputedchangeprobabilitymapsarewarpedin thereference

view by usingthe inferredhomographiesandthenmultiplied together, thusattaining

a ”synergy map”. It is easyto understandhow this mapgivesfor eachpixel in the

referenceview the probability to be the imageof a scenebackgroundsurfacepatch

(i.e. of thegroundplane)for whichtheemittedradianceis changed(with respectto the

currentappearancebackgroundmodelandaccordingto thechosensingle-view change

detectionalgorithm). Finally, thesynergy mapis thresholded.By this procedure,the

authorsassumeto detectjust the groundplanelocationsof people,that is the feet.

Hence,feetaretrackedin thereferenceview by a spatio-temporalclusteringapproach

(graphcuts). However, theproposeduseof theCMF approachwill inherentlydetect

asforegroundnot just thefeetbut alsopossibleappearancechangesof thesceneback-

groundsurfacedueto specularitiesandshadows, unlesssuchchangesare�ltered-out

by thesingle-view changedetectionprocesses(indeed,thiswouldnothappenwith the

approachusedin [37]). Hence,detectionof shadowsor specularitiesin additionto feet

is likely to inducefailuresin thetrackingalgorithmproposedin [23].

5.3 The proposedalgorithm

We assumea stationaryscenebackgroundsurfaceandstationarycapturingdevices.

Moreover, we considera planarbackgroundsurface(hereinafter, groundplane). O� -

line, for eachoriginal view v we infer thehomographyHv warpingeachpixel (xv; yv)
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imaginga groundplanepatchin the original view into the pixel (xt; yt) imaging the

samegroundplanepatchin acommonvirtual top-view T:

Hv : R2 3 (xv; yv) 7! (xT ; yT) 2 R2 Hv :

8
>>>>>><
>>>>>>:

xT =
hv

1 � xv + hv
2 � yv + hv

3
hv

4 � xv + hv
5 � yv + 1

yT =
hv

6 � xv + hv
7 � yv + hv

8
hv

4 � xv + hv
5 � yv + 1

(5.6)

wherehv = (hv
1; hv

2; : : : ; hv
8) is thehomographyparametersarray. Theinferenceis com-

putedby consideringasetof N> 4 chosenoriginalview $ top-view pointscorrespon-

dences:
(xv

1; yv
1) 7! (xT

1 ; yT
1 )

(xv
2; yv

2) 7! (xT
2 ; yT

2 )
:::

(xv
N; yv

N) 7! (xT
N; yT

N)

(5.7)

andby solvingthefollowing over-determinedsystemof linearequations:

0
BBBBBBBBBBBBBBBBBBBBBBBBBBB@

xv
1 yv

1 1 0 0 0 � xv
1 � xT

1 � yv
1 � xT

1

0 0 0 xv
1 yv

1 1 � xv
1 � yT

1 � yv
1 � yT

1
:::

xv
N yv

N 1 0 0 0 � xv
N � xT

N � yv
N � xT

N

0 0 0 xv
N yv

N 1 � xv
N � yT

N � yv
N � yT

N

1
CCCCCCCCCCCCCCCCCCCCCCCCCCCA

0
BBBBBBBBBBBBBBBBBBBB@

hv
1

hv
2
:::

hv
8

1
CCCCCCCCCCCCCCCCCCCCA

=

0
BBBBBBBBBBBBBBBBBBBBBBBBBBB@

xT
1

yT
1
:::

xT
N

yT
N

1
CCCCCCCCCCCCCCCCCCCCCCCCCCCA

Av hv = bv

(5.8)

In particular, a simpleleastsquaressolutionis computedasfollows:

hv =
�
(Av)> � Av

� � 1
� (Av)> � bv (5.9)

An input andoutputexamplefor the homographiesinferenceprocedureis illustrated

in �gure 5.3.

As far astheon-lineelaborationis concerned(�gure 5.4), at eachprocessingtime

t the temporalconsistency constraintis �rstly appliedby performinga single-view

changedetectionindependentlyin eachoriginal view. A setof V binarychangemasks

Cv
t , onefor eachoriginal view v, is attained(�gures 5.4(d-f)):

Cv
t = CDSV(Sv

t ) v = 1; 2; : : : ; V (5.10)

The spatialcoherenceconstraintis thenappliedby projectingall the changemasks

(actually, just thechangemasksportion insidethegroundplanelimits areprojected)

into the virtual top-view, thusattaininga setof V top-view changemasksCv;T
t (�g-

ures5.4(g-i)):

Cv;T
t = Hv �

Cv
t
�

(5.11)
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Figure5.3: O� -line inferenceof theoriginal views $ top-view homographies

Hence,a commontop-view changemaskCT
t is attainedby computingtheintersection

of all thetop-view changemasks(�gure 5.4(j)):

CT
t (p) =

Y V

v=1
Cv;T

t (p) (5.12)

Theprocedureoutlinedsofar is verysimilar to thechangemapsfusionapproachpre-

sentedin [23]. The only di� erenceis that changemapsbinarizationis performeddi-

rectly asa �nal processingstepof thetemporalconsistency constraintapplication.On

theotherhand,in [23] binarizationis carriedout in thevirtual top-view afterthespatial

coherenceconstrainthasbeenappliedaswell. We cancall change masksfusionthis

slightly di� erentapproachandsynergy maskthe binary maskof equation5.12. The

synergy maskis nothingelsethana binary (i.e. thresholded)versionof the synergy
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Figure 5.4: On-line main processingstepsof the proposedmulti-view changedetectionap-

proach

mapcomputedin [23]. In practice,thesynergy maskcontainsthepixelscharacterized

by a high probability to be the imageof a groundplanepatchfor which the emitted

radianceis changed(i.e. peoplefeetaswell asshadows castby peopleon theground
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plane). Now, we utilize the synergy maskin a ”dual” mannerwith respectto [23].

Insteadof looking at thesynergy maskasto a detectionof just theforegroundobjects

groundlocations(peoplefeet),we considerit asa detectionof just the falsechanges

dueto variationsof the groundplaneemittedradiance(shadows). Hence,insteadof

consideringthe synergy maskasthe �nal outputof the multi-view changedetection,

we back-projectthesynergy maskinto all theoriginal views, thusattaininga setof V

original viewssynergy masksCT;v
t :

CT;v
t = (Hv)� 1

�
CT

t

�
(5.13)

Finally, for eachview vwe�lter -outtheforegroundpixelsof thejustcomputedoriginal

view synergy maskCT;v
t from thepreviouslycomputedoriginal view changemaskCv

t ,

thusattaininga setof V �nal changemasksCv; f
t (�gures 5.4(k-m)):

Cv; f
t (p) =

8
>><
>>:

0 if CT;v
t (p) = 1

Cv
t (p) otherwise

(5.14)

Di� erentlyfrom [23], wheretheoutputis asinglechangemaskin thevirtual top-view,

we attaina setof V changemasks,onefor eachdi� erentview.

Theproposedapproachis ”general-purpose”,in thesensethatall thesceneappear-

ancechangesdetectedby theemployedsingle-view changedetectionalgorithmwhich

satisfy the spatialcoherenceconstraint(i.e. which arise”near” the groundplanein

a 3-dimensionalsense)are �ltered-out. In fact, no selectivity criterion is utilized in

the removing rule of expression5.14. In practice,just a geometricalconstraintis ap-

plied,without consideringany photometricinformation.Ononehandthis approachis

general-purpose,but on theotherhanda misseddetectionsproblemmayarisedueto

thefollowing two causes:

a) part of the foregroundobjectsgroundlocations(peoplefeet) may be removed

togetherwith the actualfalsechanges(shadows) from the �nal changemasks

(�gure 5.4(k)). This is an inherentandeasyto understandproblemof thepro-

posedapproach,sincegroundlocationsof foregroundobjectsyield appearance

changeslying ”near” the groundplane(i.e. they satisfy the spatialcoherence

constraint);

b) some”o� -ground”portionsof the foregroundobjectsmayberemovedaswell.

This may occur for the original views in which the groundplaneappearance

changesarecoveredby foregroundobjects(�gure 5.4(l)). This is an inherent

problemas well. In general,the higher is the numberof foregroundobjects

presentin thescene,thehigheris theprobabilityof this problemto occur.

To facethesetwo inherentproblems,we proposea less”general-purpose”removing

rule thantheonein expression5.14. We call this rule a ”shadows-focused”removing
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rule. In fact,wetry to computeaselectiveremoval of just thegroundplaneappearance

changesdueto shadows. To this purpose,we exploit simple,well-known andcom-

monly usedphotometricpropertiescharacterizingscenesurfacescoveredby shadows.

The basicideais that the measuredintensityof a pixel imaginga scenebackground

surfacepatchdecreasesaccordingto a limited darkening factor d when coveredby

a castshadow, independentlyfrom the consideredview-point. Hence,the selective

”shadows-focused”removing rule is thefollowing:

Cv; f
t (p) =

8
>>>><
>>>>:

0 if
�
CT;v

t (p) = 1
�

^
�
dlow <

Fv
t (p)

B̂v
t (p)

< 1
�

Cv
t (p) otherwise

(5.15)

wheredlow is the lower darkeningfactorassumedfor shadows e� ect andFv
t , B̂v

t are,

respectively, thecurrentframeandthecurrentbackgroundmodelusedby thesingle-

view changedetectionalgorithmin the original view v. In practice,for eachview v

the �nal changemaskCv; f
t is not attainedby �ltering-out blindly all the foreground

pixelsof theoriginal view synergy maskCT;v
t from theoriginal view changemaskCv

t .

Instead,just the foregroundpixels satisfyingthe shadows photometricconstraintare

removed.

5.4 Experimental Results

Experimentshave beencarriedout by elaboratingseveralmulti-view input video se-

quences,all takenby thesameoutdoormulti-view installation.Theinstallationconsists

of threesynchronizedcapturingdevicesimaginga commonscenefrom very di� erent

view-points. Herewe presentthe detectionresultsfor four di� erentcapturingtimes

(i.e. for four di� erenttriples of simultaneousframes)of oneof thesesequences.In

�gures 5.5-5.8 theon-linemainprocessingstepsof theproposedalgorithmareshown

for eachoneof thefour chosencapturingtimes.In particular, theresultsattainedby the

general-purposeapproach(blind removing rule in 5.14) aredepicted.To point-outhow

theshadows-focusedapproach(selectiveremovingrule in 5.15) canimprovethedetec-

tion results,in �gures 5.9-5.12we directly comparethechangemasksattainedby the

general-purposeandtheshadows-focusedversionsof theproposedmulti-view change

detectionalgorithm. In particular, a valuedlow = 0:5 is usedin theshadows-focused

removing rule.

5.5 Conclusions

In this chapterwe have presenteda multi-view changedetectionapproachaimedat

beingvery robustto mostof thepossibledisturbancefactors.To this purpose,thetask
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to �lter -out thee� ectsof ”global” falsechanges,suchasthosedueto globalsceneillu-

minationchangesor to dynamicadjustmentsof thecapturingdevicesparameters(e.g.

AE, AGC and
 -correction)is assignedto a single-view changedetectionperformed

independentlyin eachoriginalview (for example,by thealgorithmpresentedin chapter

4). A veryhard-to-solveproblemin single-view changedetectionis thee� ectof local

changesof theradianceemittedby thescenebackgroundsurface(e.g.changesdueto

specularitiesandshadows castby foregroundobjects).By applyingthespatialcoher-

enceconstraintasa �nal processingstep,theproposedmulti-view approach�lters-out

e� ectively all theselocal falsechanges,aspointedout by experiments.However, a

misseddetectionsproblemmayarise,dueto causeswhichareinherentto theproposed

algorithm. For this reason,a lessgeneral-purposeversionof the algorithmhasbeen

proposed,aimedat removing just local falsechangesdueto shadows. Sincetheavail-

ablesamplemulti-view sequencesareall characterizedby thepresenceof local false

changesonly dueto shadows, theshadows-focusedapproachyieldsbetterresultsthan

thegeneral-purposeapproach.



MULTI-VIEW CHANGEDETECTION 85

� � � � �
��� � � � � 	

��� � 
 � � �
���

� � � � �
��� � 
 � � 	

��� � �� � �
���

� �� � �� ��

� � � � �� ��
�� � �� � �� �	

�� � � � � �� ��
��

� � � � �� ��
�� � � � � �� �	

�� � �� � �� ��
��

Figure 5.5: On-line main processingstepsof the proposedmulti-view changedetectionap-

proach(general-purposeversion)for frame76.
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Figure 5.6: On-line main processingstepsof the proposedmulti-view changedetectionap-

proach(general-purposeversion)for frame123.
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Figure 5.7: On-line main processingstepsof the proposedmulti-view changedetectionap-

proach(general-purposeversion)for frame333.
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Figure 5.8: On-line main processingstepsof the proposedmulti-view changedetectionap-

proach(general-purposeversion)for frame355.
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Figure5.9: Comparisonbetweenthechangemasksattainedby thegeneral-purpose(centerrow)

and the shadows-focused(bottomrow) versionsof the proposedmulti-view changedetection

approachfor frame76 (top row).

Figure 5.10: Comparisonbetweenthe changemasksattainedby the general-purpose(center

row) andtheshadows-focused(bottomrow) versionsof theproposedmulti-view changedetec-

tion approachfor frame133(top row).



90 CHAPTER5

Figure 5.11: Comparisonbetweenthe changemasksattainedby the general-purpose(center

row) andtheshadows-focused(bottomrow) versionsof theproposedmulti-view changedetec-

tion approachfor frame333(top row).

Figure 5.12: Comparisonbetweenthe changemasksattainedby the general-purpose(center

row) andtheshadows-focused(bottomrow) versionsof theproposedmulti-view changedetec-

tion approachfor frame355(top row).



Chapter 6

Conclusions

This thesisdealswith thedevelopmentandevaluationof changedetectionalgorithms

aimedat beingrobustto mostof thepossibledisturbancefactorsarisingin thetypical

unconstrainedenvironmentsconcernedby the mostcommonchangedetectionappli-

cations(e.g.video-surveillance,tra� c monitoring).

Two very di� erentchangedetectionapproacheshave beenpresentedin chapters

2 and3. The algorithmproposedin chapter2 is a temporallyadaptive method,that

is it relieson a statisticalappearancemodelof the scenebackgroundsurfacewhich

hasto beupdatedalongtime. As well asall thealgorithmsof this type, theproposed

approachyieldsaccuratedetectionresultsin ”common” cases,thatis whenno sudden

appearancechangesof thescenebackgroundsurfaceoccur. On thecontrary, if these

changesoccuraremarkablefalsedetectionsproblemunavoidablyarises.Theapproach

presentedin chapter3 is a disturbancefactorsinvariantalgorithm. The classi�cation

of eachpixel of thecurrentframeaschangedor unchangedis carriedoutby exploiting

the informationcontainedin a neighborhoodof pixels. In particular, the hypothesis

that just disturbancefactorsareactingin the neighborhoodis testedby a maximum-

likelihoodisotonicregressionapproach.Thebackgroundmodelhasnot to beupdated

anddisturbancefactorsaredealtwith e� ectively. However, aninherentmisseddetec-

tionsproblemarisesin correspondenceof ”poorly structured”sceneregions.

In chapter4 we show how thetwo algorithmscanbeusedtogetherto attaina very

e� ective changedetectionapproach.In particular, by using the algorithmswithin a

coarse-to-�neframework all the”global” e� ectsof disturbancefactorsare�ltered-out

e� ectively. However, very locale� ectscannotbedealtwith by this approach.

In chapter5 we proposeamulti-view changedetection,aimedat improving there-

sultsattainedby thesingle-view coarse-to-�neapproach,thatis at�ltering-out possible

local e� ectsof disturbancefactors,suchasshadows andspecularities.We show how

the applicationof the multi-view spatialcoherenceconstraintasthe �nal processing
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step(i.e. after thetemporalconsistency constraint)allows to remove quitee� ectively

this local falsechangesaswell.

Dependingon thesingle-view or multi-view availableinstallation,the algorithms

presentedin chapters4 and5 allows to attainaccuratechangemasks.Hence,they can

be usedas e reliable �rst processingstepuponwhich higher level capabilities(e.g.

objectstracking,classi�cationandbehavior analysis)canbebuilt.

Partsof theresearchresultspresentedin this thesishavebeenpublishedin [4], [3],

[8], [7], [6], [5], [24]. Theotherresultswill bethesubjectof futurepapers.
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