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Chapter 1

Intr oduction

1.1 The context

Computewision canbede ned asthedeductiorof informationabouttheworld by au-
tomaticanalysisof imagegakenfrom eitherasingleor multiple viewpoints. Computer
visionis afascinatingandchallengingesearcheld, with mary establishede.g.,auto-
matedvisual inspection robot guidance pptical characterecognition,medicalimag-
ing, remotesensinglaswell asemeging (e.g.,video surwillance,tra ¢ monitoring,
human-computecommunicationppplicationdomains.

In thelastdecadeawide rangeof researctareasoncernedvith real-timeapplica-
tions have receveda growth in attention, dueto a considerablgerformancéoostof
o -the-shelfcomputingplatforms.Amongthesejt is worth pointingout thosepaving
theway for emeging applicationsin unconstraine@nvironmentswherein,unlike es-
tablishedndustrialapplication,a complec andchangingworld mustbeaccuratelyand
reliably modeled.

One of theseresearchelds is undoubtedlychangedetection. Changedetection
dealswith the automaticdetectionof change®ccurringin a sceneby the elaboration
of single or multiple video sequencesf the scenecapturedfrom single or multiple
view-pointsby x ed or moving imaging devices. Changedetectionis the rst cru-
cial processingtepin mary Computewision applicationssuchasvideo-sureillance,
tra ¢ monitoringandremotesensing.In fact,upona reliablepreliminarychangede-
tectionstephigherlevel capabilitiescanbebuilt, suchasthoseconcernedvith objects
tracking,classi cationandbehaior analysis.
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2 CHAPTER1

1.2 The problem

Theinput of atypical changedetectionalgorithmattimet = t is asetl ; of synchro-
nizedvideosequenceS; of thesamescenecapturedoy di erentimagingdevicesfrom
di erentview-points:
le= S & & (1.1)

Dependingon the numberV of di erentview-points(i.e. of input video sequences),
changedetectionis denotedas multi-view (V > 1) or single-viev (V = 1). Eachin-
putvideo sequencé/ consistof a nite numberof digital (discretedomain,discrete
range)imagesly of thescenecapturedoy thesamemagingdeviceatdi erentdiscrete
timest to

SE R P N I¥> (1.2)
It is worth pointing out thatin caseof multi-view changedetectionthe input video
sequenceareassumedo besynchronizedsothatthey containthesamenumber(T +1)
of imagescapturedatcommontimes(t;t  1;:::;t T). As aconsequenceheinput
information Si of a typical changedetectionalgorithmcanbe written asa matrix of
(T+1) V digitalimageswhere(T+1) is thenumberof imagesin eachvideosequence
andV is thenumberof di erentviews-sequences:

I 12 (4

tT T tT
lc=8 ° : 13
1L 12 SR P (13)
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It is clearthateachcolumnof | frepresentadi erentinputvideosequence, butit is
worth noticingthateachrow (denotedas R;) containsa setof simultaneousmagesof
themonitoredsceneakenfrom di erentview-points. Eachinput digital imagel} can
be regardedasa function mappinga pixel coordinates-dimensionainteger vector p
(hereinafterpixel) to a pixel intensitiesm-dimensionalntegervectorc = 1¢(p) (pixel
color):

IY: z'3p 7t c=1¥(p22Z™ (1.4)

Typically, m= 1 (e.g.,grey levelimages)r m= 3 (e.g.,RGB colorimages) put other
valuesarepossible.For instance multi-spectraimageshave valuesof min thetens,
while hyperspectralmageshave valuesin thehundredsTypically, | = 2 (e.g.,satellite
or suneillanceimages)or | = 3 (e.g., volumetric medicalor biological microscopy
data).In therestof thethesiswe will takeinto consideratiofjust changedetectionfor
planargrey levelimages(l = 2, m = 1), mappinga 2-dimensionapixel p= (i; j) toa
scalargrey levelg = 1}(i; j):

Vo Z%3p=(i)) 7! g= 1) 22 (1.5)
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Figure1.1(a) shovstheinputof atypical multi-view changedetectionalgorithm.

v

B e e

Figure 1.1: Input (a) andoutput(b) of atypical multi-view changedetectioralgorithm(V = 3).

The outputof atypical multi-view changedetectionalgorithmattimet = t is aset
Orof V imagesCY, onefor eachview-point, calledchange masks

Oor= Ck ¢ i ¢ (1.6)

so thata multi-view changedetectionalgorithm canbe regardedasa function CD,,,
mappingateachtimet, theinputl ; to the outputO;:

O = CDw(lv) 1.7)
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EachchangemaskCY is a binary imagehaving the samedomainasthe imagescon-
tainedin thecorrespondingi.e. relatve to the sameview-point) input sequenc&; and
de ned asfollows:

31 if asigni cant changeoccurredat pixel p of 1Y
Ci(p =CDL(9=3 . ‘ (1.8)
-0 otherwise
Theoutputof atypical multi-view changedetectioralgorithmis shovnin gure[1.1(b).
To make the changemaskde nition in equatior1.8 clear it is necessaryo give an

answetto thefollowing two questions:
a) Whatdoes'signi cant” changemean?

b) Whatshoulda changebedetectedvith respecto?

1.2.1 What doessigni cant changemean?

Whenascends imagedby acapturingdevice, it canberegardedas3-dimensiona(not
necessarilyplanar)surface,thatis the portion of the physicalsurfaceof the objectsin
the scenethatis visible throughthe perspeciie projectioncharacterizinghe imaging
device, immersedin a 3-dimensionaEuclideanspace thatis the physicalspace. A
digital imageof the sceneis a geometricalappearancenodel of the scene. On one
hand.,it is ageometricamodelsinceit is a perspectie projectionof the 3-dimensional
scenesurfaceto the 2-dimensionalmageplaneof the capturingdevice. On the other
hand,it is anappearancenodelsinceit is a measuref the radiance(i.e. the electro-
magneticradiationin the visible spectrum)emittedby the scenesurface. Hence the
intensityof apixel in ascendmageis ameasuref theradianceemittedby the patchof
scenesurfaceconnectedo thepixel itself by the centralprojection(throughthe optical
center)of the capturingdevice ( gure [1.2).

We call a scene(or semantic)information an information on the 3-dimensional
geometryof the scenesurface. On the otherhand,we call animage(an appearance)
informationan informationcontainedn the sceneémage(i.e. the measuregixel in-
tensities). In general,given an imageinformationit is not straightforvard to infer
sceneinformation aboutthe connectedpatchof scenesurface. In fact, ary given 3-
dimensionalpositionin the imagedsceneis univocally connectedvith a pixel in the
sceneimage. On the contrary given a pixel in the scenemageall the 3-dimensional
positionsin theimagedscendying ontheline (opticalray) passinghroughthe pixel
andtheopticalcenterarepossible( gure[1.2). Shapdrom shadingphotometricstereo
and multi-view stereoaredisciplinesin the computervision eld aiming at inferring
sceneinformation from imageinformation. In particular shapefrom shadingaims
at computingthe 3-dimensionakhapeof a scenesurfacefrom a singleimageof the
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Figure 1.2: Imageformation process:a sceneimageis a geometricappearancenodel of the
imagedscene.

sceneTheshapss inferredby assumingare ectancemodel(i.e. amodelof thelight
re ection physicalphenomenonjor the physicalscenesurfaceand then computing
the 3-dimensionashapewhich maximizesthelik elihoodof the scendmagegiventhe
assumede ectancemodel.lt is well-known thatthe shaperom shadingproblemis in
generali.e. for agenericshapeof thescenesurface)ill-posed,evenin the caseof sim-
ple re ectancemodels(e.g. Lambertianre ectancemodel). Also in the simplecases
wherea solution exists (thanksto the assumptiorof scenesurfacesmoothnesgon-
straints),morethanjustlocal imageinformationhasto be processedlnsteadof using
asingleimage,photometricstereatriesto solve therecoveringproblemby processing
theinformationcontainedn two or moredi erentsceneémages.Theimagesaretaken
by thesamemagingdevice andfrom thesameview-point, but thelight sourceposition
in thescends di erent. The problemis mathematicallywell-posedthatis the orien-
tation of the normalto the scenesurfacecanbe, in theory determinedor eachsurface
patchconnectedo ascenamagepixel. However, it is clearhow photometricstereccan
notbe usedin unconstraine@rnvironmentswherethelight source(or, better sources)
position cannot be controlled. Multi-view stereorecoversinformationon the scene
surfacegeometryby usingtwo sceneimagestakenfrom di erentview-pointsand,in
generalby di erentimagingdevices. By detectingcouplesof points (i.e. pixels)in
the two imagescorrespondindgo the samescenesurfacepatch(matchingprocedure)
andby exploiting geometricabropertiesrelatedto the centralprojectioncharacteriz-
ing the capturingdevice (disparitycomputation)the depthof the pixelsis computed,
thatis the distancebetweerthe scenesurfacepatchimagedby the two pixelsandthe
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imagingdevicesprincipal plane. Multi-view stereoprovidesgoodresultsalsoin case
of unconstraine@rnvironmentshowever:

a) theimagingdevicesmustbe carefully calibratedandtemporallysynchronized;

b) thematchingprocedurds themostimportantandalsothe mostcritical partof a
multi-view stereaalgorithm.In fact,notall the couplesof pointswhich actually
correspondo thesamescenesurfacepatchcanbe detected.

All this discussionwas aimed at pointing out how the inferenceof sceneinfor-
mationfrom imageinformationis a comple< and hard-to-sole problem. By aiming
"lower”, thatis by passingirom the absolutecontinuousformulation of the problem
(i.e. to computethe scenesurface 3-dimensionalgeometry)to the di erential di-
chotomicone(i.e. to detectif a changeof the 3-dimensionakcenesurfacegeometry
hasoccurred) a moretacklebleproblemis attained.This is the changedetectionprob-
lem. Finally, we cananswerthe questiongiving thetitle to this paragraptby saying
thatchangedetectionaimsat detectingscenglor semantichangesthatis change®f
the scenesurfacegeometry Hence,”signi cant” in equationl.8 canbe replacedoy
"scene”sothatthe outputof a changedetectionalgorithmis a changemaskde ned as

follows:
8

Ct‘i(p) - D3 ) = ;1 if ascenechangeoccurredat pixel p of 1Y (1.9)
-0 otherwise

It is worth spendingight now somewordsaboutthetwo main problemsarisingin
changedetection thatis camou age anddisturbancefactors. Both the problemscan
be the causeof detectiorerrors,but in generalof opposite’sign”. In fact,camou age
alwaysgivesrise to misseddetectiondi.e. falsenegatives)while disturbancdactors
almostalwaysyieldsfalsedetectiongfalsepositives).As regardscamou age,it is due
to thefactthata changeof the scenesurface3-dimensionafjeometrydoesnot neces-
sarily causea changeof the emittedradianceand,asa consequenceaf the measured
pixel intensities As anexample we canthink of amoving objecthaving avery similar
color (i.e. radiance}o thatof thecoveredscenesurface.As onecaneasilyunderstand,
this problemis inherentlynot solvableon a local basis thatis by just consideringhe
measuredntensitiesin a small neighborhoodf pixels. In fact, imagesare nothing
elsethana measureof the radianceemittedfrom the scenesurface. If the radiance
doesnot change nothingcanbe saidaboutpossiblescenechangesThe problemcan
bea ordedjustata higherlevel, thatis at the objects-l@el. In practice,moreor less
explicit assumptionsboutthe foregroundobjectsshapehave to be made. Theseas-
sumptionscanbe directly includedwithin the changemaskcomputatiorprocedureor
implementedasa changemaskpost-processinge.g. mathematicabr statisticalmor-
phology). Apart form chapterd4, wherewe presentan ad-hoc lling algorithmaimed
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atremoving possiblemisseddetectiongwhich, however, arenot dueto camou age),
in this thesiswe focusour attentionon low-level changedetectionalgorithmswithout
ary morphologicalssumptionHence we renouncen adwanceto detect’almostper

fectly” camou agedscenechanges.In this framewvork, we cansaythatall the scene
changesve aim to detectby our algorithmsgive rise to a measurablémagechange,
thatis:

scenechange =)  imagechange (1.10)

The oppositeproblemto the one just discussedthat is the detectionof falsescene
changesgcanarisein changedetectionaswell. In fact, not all the measurablémage
changesarein generaldueto scenechanges.We call disturbancedactorsall the pos-
sible causef measurablémagechangesot relatedto changesf the scenesurface
geometry Themostimportantdisturbancdactorsarethefollowing:

a) scenédlluminationchangeschange®ftheamounbf light emittedby thesources
presenin thescene.

b) imaging systemnoise: statisticalerrora ectingthe measuredixel intensities
dueto avarietyof phenomenaccurringalongtheimagingprocess.

¢) dynamicadjustment®f theimagingsystenparameterschange®f theparame-
terswhich characteriz¢hetransferfunctionmappingthe sensedceneaadiances
to themeasuregbixel intensities.

The rst disturbancdactoris theonly oneactuallya ectingtheradianceemittedfrom
thescenesurface.Theothertwo, in fact,arisein the sceneadiancaneasuremerstep
insidethe imagingdevice. However, the e ectof all disturbancdactorsis animage
changesothatwe canwrite:

disturbancefactors =)  imagechange (1.11)

By rememberinghat a changedetectionalgorithm aims at detectingscenechanges
(i.e. the cause)from images(i.e. thee ect)andby looking at rules/1.10and [1.11,
changeadetectioncanberegardedasthe logical abductiornproblemshovnin gure [1.3
. In practice,if no imagechangeis measuredi.e. pixel intensitiesare unchanged)
no scenechangeis detected. On the contrary if animagechangeis measuredhe
abductionof theright (i.e. thetrue) causehasto be carriedout betweerscenechanges
anddisturbancédactors.Finally, agoodchangedetectorshouldbe ableto discriminate
betweer(i.e. to classify)thee ectsof scenechangesandof disturbancdactorsonthe
measuredmageintensities.
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Figure 1.3: Changedetectiomasalogical abductionproblem.

1.2.2 What should a changebe detectedwith respectto?

The discussiorcarriedout in the previous paragraphs valid both for multi-view and
for single-viev changedetection.On the contrary a distinctionhasto be madeto say
whatachangeshouldbedetectedvith respecto. In fact,sinceamulti-view changede-
tectorelaboratescenemagestakenatdi erenttimesandfrom di erentview-points,
changeganbedetectedn thetemporal(givena view-point, alongframescapturedat
di erenttimes)aswell in thespatial(givena capturingtime, alongframestakenfrom
di erentview-points)domain. Moreover, a variety of hybrid solutionsare possibleas
well. In this thesis,we proposea hybrid solutionin which the detectionof changesn
the temporaldomainrepresentshe main part. In practice,single-viav changedetec-
tion is carriedout independenthfor eachview-point. Justasa nal processingstep,
theinformationcontainedn all the attainedsingle-viev changemasksss fusedby the
multi-view spatialconstraint.Theaim of this nal processingtepisto Iter -outapar
ticulartypeof falsechangegi.e. verylocalfalsechangessuchasthosedueto shadevs
castby foregroundobjects) which canbe hardlydealtwith by a single-viev approach.
Indeed mostof this thesisis devotedto single-viav changedetection.The multi-view
changemaskdusionapproachs presentedh thelastchapter For thisreasonyve post-
poneto that point the discussiorof how time, spaceor a combinationof both canbe
thebasison which changesredetectedn a multi-view changedetectionapproach.

As regardssingle-viev changedetection,changesare necessarilydetectedon a
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temporalbasis. However, asfar asthe answergivento the questionput in this para-
graphis concernediwo main classef single-viav changedetectionalgorithmscan
beidenti ed:

a) algorithmsbasedntemporalframe-di erenceattimet = t, changeccurring
in apixel p of thecurrentframely (to simplify notationshereinaftemwe dropthe
superscriptr whendealingwith single-viev changedetectionjaredetectedvith
respectto one (two-framedi erence)or two (three-framedi erence)previous
frames.The changemaskcomputatiorrule of equatioril.9 canbe expresseds
follows:

8
31 if dIgp;lcu(p;:: > T

Cf(p) = CDSV(I t= S[j =B . (1-12)
0 otherwise

whereCDs, denoteghe overall single-viav changedetectionalgorithm, map-
ping the input information| g; correspondingo the single-viev input sequence
S;, to the single-viev outputchangemaskCyi. d is a functiongiving a measure
of dissimilarity betweerthe currentandthe previousframeintensities.

b) algorithmsbasedon backgroundsubtraction:changesn the currentframeare
detectedwith respectto the "stationary” part of the scenesurface,commonly
called scenebadkground An almostphilosophicaldiscussiomrmay be carried
out aboutthe meaningof backgroundthatis of the adjective "stationary”. In
the mostcommonacceptationbackgrounds the portion of imagedscenesur
facehaving a constant3-dimensionalgeometrysincea su ciently long time.
Hence,backgroundsubtractionconsistsn the comparisorbetweerthe current
framelrandanimage(or, morefrequently an appearancenodel) of the scene
backgroundB;.

8 .
C(p = COMll = sy = o ' ¢ B = T (113)
-0 otherwise
In general,algorithmsbasedon temporalframe di erenceare computationallyery
e cientsince,at eachcapturingtime, they just have to computethe dissimilarity be-
tweenthe currentandthe previousframeintensities.Moreover, disturbancdactorsare
aproblemjustwhenthey causeveryfastimagechangege.g.alight turnedon/o inthe
imagedscenelandjust duringthe changdransitory(i.e. afterthelight hasbeenturned
on/o , no morefalsechangesaredetected).In fact, capturingframerate of common
imagingsystemss in theorderof tens,sothattheinter-frameacquisitiontime is in the
orderof hundredth®of secondsEvena light switch producesanimagechangewhich
is spreadover someframes. Slower changessuchasthoserelatedto the time of the
day, doesnot causeinter-frameimagechangesvhich canbe confusedwith the ones
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producedy scenesurfacechangesBesidesthe changemaskcomputatiorprocessy

temporalframedi erences a”processwithoutmemory”,in the sensehatthe binary
decisionfor a pixel to be changedr unchangeds taken without consideringhe past
decisions By rememberinghateachdecisionfor the currentframeis takenjustonthe
basisof a comparisorwith the previous frame, it is easyto understandow, evenfor

suddenmagechangesiueto disturbancdactors,a problemcanarisejust duringthe
changeransitory However, temporaframedi erencesu ersfrom two inherentprob-
lems, called ghostingand foreground apertuie, respectiely. Figurel1.4, on the left,

shavsthee ectsof thesetwo problemsfor a coupleof successie framesof a sample
sequenceTheghostingproblemconsistof falsedetectionsccurringin thepixelsnot

Figure 1.4: An exampleof changemaskscomputedby temporalframedi erenceon the left)
andbackgroundubtraction(on theright) changedetectionalgorithms.
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coveredby foregroundobjectsin the currentframe but coveredin the previous one.
Foregroundaperturecanberegardedasa particulartype of camou age,occurringbe-
tweendi erentsurfacepatchesf the sameforegroundobject. While ghostingcanbe
dealtwith quitee ectively (e.g. by usingmorethanjust two successie frames),the
foregroundaperturgproblemis actuallyinherentto thetemporaldi erencemethod.To

understandhis, it is su cientto think of a perfectlyevenly "colored” foregroundob-
jectmoving in the sceneor to whatever foregroundobjectstayingstill in thescenen

thesecasestemporalframedi erencds trying to detectscenechange$y comparing
imageintensitieswhich actually correspondo the sameemittedradiance.Theresult
is asetof unavoidablemisseddetections.

As regardsbackgroundsubtraction,jt su ersneitherfrom ghostingnor from the
foregroundapertureproblem. In fact, giventhatthe backgroundmodelis a "perfect”
appearancenodel of the stationarypart of the imagedscene(i.e. an exact measure
of the radianceemittedby the scenebackgroundsurface),the detectionrule of equa-
tion/1.13allowsto detectexactly all the pixelswhich aresensinganincomingradiance
di erentfrom the radianceemittedby the scenebackgroundsurface. In otherwords,
apartfrom possiblemisseddetectionglueto camou age aperfectchangemaskshould
beattained Also if we admitthepresencef imagingsystenmoise,anaccurate&ehange
maskcanbe computedby choosinga propervaluefor thethresholdT in thedetection
rule. In gure [1.4, on the right, we shav the changemaskcomputedby the detec-
tion rule of equationl.13for the samesampleframeconsideredn thetemporalframe
di erencecase.In particular the backgroundmodelis simply animageof the scene
capturedbeforethe personentersthe sceneanda value T = 9 hasbeenchosen.The
changemaskis clearlymuchbetterthanthe oneattainedby thetemporalframedi er
enceapproachSomemisseddetectionsarepresentdueto a partialcamou agee ect
occurringin somepixels. Dueto the absencef inherentproblems backgroundsub-
tractionis the moststudiedandthe mostappliedchangedetectionapproach.Thought
not inherent,the big problemarisingin backgroundsubtractionis the maintenance
of the backgroundmodel. In fact, assumedhat a goodinitial modelhasbeengen-
erated disturbancdactorscansubsequentlghangehe radianceemittedby the scene
backgroundurface(illumination changesdr, however, themeasuredmageintensities
(adjustmentsf theimagingsystemparameters)Two mainclasse®f backgroundub-
tractionalgorithmscanbeidenti ed, basednadi erentway of facingthedisturbance
factorsproblem:

a) algorithmsbasedon a temporallyadaptve statisticalmodelof the sceneback-
groundappearancethe backgroundnodelis a statisticalmodel of the appear
ance(i.e. the sensedadiance)of the scenebackgroundsurface. The detection
ruleisjustacomparisorbetweertheappearancef thescenean thecurrentframe
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andtheappearancef thescenéackgrounaxpressedy thebackgroundanodel.
In particulay for eachpixel the probability of observing(i.e. the likelihood of)
the currentlymeasuredntensitygiventhatthe pixel is imagingthe background
surfaceis computedandthenthresholded.Clearly, for the algorithmto be ro-
bustto thee ectsof disturbancédactorsthe backgroundnodelmustbeupdated.
Actually, the backgroundnodelupdatingprocedurés the mostimportantand,
atthesametime, themostcritical partof the backgroundsubtractioralgorithms
belongingto this class.In fact, if it is truethattheimagingsystemnoisee ects
aredealtwith e ectively by the statisticalnatureof the backgroundmodel,il-
luminationchangesanddynamicadjustment®f theimagingsystemparameters
canbefacedjust by updatingthebackgroundnodel.

b) disturbancefactorsinvariant algorithms: the backgroundmodel is usually a
muchsimplerstatisticalmodelof the scenebackgroundappearanceMoreover,
the modeldoesnot needto be updated All thee ortsto Iter -outthee ectsof
disturbancdactorsare concentratedéh the backgrounccomparisorstep,thatis
in the dissimilarity computationprocedure.To this purpose an accuratemod-
eling of the disturbancdactorse ectson the imageintensitiesmustbe carried
out. Besidesdi erentlyfrom the algorithmsof classa), thedecisionfor a pixel
to be changedr unchangedannot be taken on a totally local basis,thatis by
just comparingthe pixel currentlymeasuredntensitywith the pixel intensityin
the backgroundmodel. In fact, for the disturbancdactorse ectsto be distin-
guishabldrom actualscenechange® ectsatleasta smallpatchof neighboring
pixelshasto beconsidered.

In this thesis,boththe classes) andb) of backgroundsubtractionalgorithmswill be
dealtwith. In particular two very di erentalgorithmswe devisedwill be presented,
eachonebelongingto adi erentclass. For simplicity, hereinaftemwe call tempoally
adaptiveanddisturbancefactors invariant the changedetectionalgorithmsof classa)
andb), respectiely.

We concludethis discussioron the changedetectionproblemby pointing out two
requirementshatevery goodchangedetectorshouldful II:

r.1) detectioraccurag, thatis the ability to computeaccuratechangemasks;

r.2) computationak ciengy, thatis the ability to processa high numberof frames
persecond.

Every changedetectionalgorithmis a trade-o betweenr.1 andr.2. Obviously, the
goalof aresearchein this eld shouldbeto achieve the besttrade-o , givenatarget
detectionaccurag.
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1.3 The Solution and the Structur e of the Thesis

The researchwork carried out during my PhD was almostentirely focusedon the
changedetectionproblem. Actually, not just "pure” but also appliedresearchwas
conducted.In otherwords, not all the PhD wasdedicatedo the aim of devising new
algorithms.In fact, thanksto the opportunityof the researchresultsto be appliedand
commercializedvithin aspin-o compaly of which | amacurrentpartner partof the
e ortswerespentfor the accuratémplementatiorof the devisedalgorithms.

The rst two yearsof the PhD were devotedto the single-viav changedetection
problem.A deepinvestigationof the existing literatureallowed meto geta clearidea
of the stateof the artin the eld. In particular the two classesof changedetection
algorithmsmentionedn the previous sectionaroseasthe moststudiedaswell asthe
onesproviding the bestresults.

In thevery rst partof the PhD, an algorithmbelongingto the rst classwasde-
vised. The algorithmis presentedn chapter2. It is a backgroundsubtractionalgo-
rithm basedon a statistical,temporallyadaptve, non-parametrienodel of the scene
backgroundappearanceln particular the statisticalbackgroundmodel consistsof a
temporallyadaptve coupleof percentileqi.e. alower andanupperpercentile)of the
backgrouncprocesensemblegdf. At eachprocessingtep,for eachpixel the change
maskis computedyy checkingwhethetthecurrentlymeasuredhtensityfallsinsidethe
interval betweerthetwo percentiles.The novelty of the algorithmconsistamainly in
the procedurewhich providesthe two percentiles A statisticalnon-parametrienodel
of theimagingsystemnoiseis inferredonceandfor all by aninitial trainingsequence
of frames.At eachsubsequenprocessingtep,the modelallows to have reliable per
centilesat disposafor the changemaskcomputation.

An algorithmbelongingto the secondclasswas devisedaswell. It is presented
in chapter3. A very simplebackgroundmodelis generatedy processing training
sequencef frames.Di erentlyfrom the algorithmpresentedn chapter2, the back-
groundneednot to be updated. Detectionof changesn eachpixel is computedby
comparingtheintensities(in the currentframeandin the backgroundnodel)not just
of the pixel itself but alsoof a small neighborhoodf pixels. In particular basedon
the assumptiorthat disturbancdactorsproduceimagechangesdenti able with local
monotonicnon decreasingntensity mappingfunctions, a maximum ik elihood iso-
tonic regressiorproceduras usedto discriminatebetweerthedisturbancdactorsand
thescenechange® ects.

Chapter4 presentsan hybrid or, better a comprehensie solution. In particulay a
coarse-to- neapproacho the single-viev changedetectionproblemis proposed.The
basicideaconsistdn assigningo apreliminarycoarse-lgel detectiorthetaskto lter -
out mostof the possiblee ectsof disturbanceactors. In particulay the disturbance
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factorsinvariant algorithm presentedn chapter3 is used. As a consequenceseli-
ablecoarse-graithangemasksare attained which area supersebf the semantically
changedixels. The coarse-graimaskscanbe usedasa work-areaby the subsequent
ne-level detectionalgorithm.

In chapter5, a multi-view changedetectionapproachis presented.lIt relies on
single-viev changedetection,in the sensethat the multi-view constraintis applied
justasa nal processingtep.In practice single-viev changedetectionis carriedout
independentlyn eachview. Theattainedchangemasksarethenfusedto Iter -outvery
local falsedetectionssuchasthosedueto specularitieandto shadavs.



Chapter 2

Temporally Adaptive Change
Detection

In this Chaptemwe presentichangedetectioralgorithmfor grey level sequenceaimed
atachiezing agoodtrade-o betweertime performancenddetectionquality. Theal-
gorithmrelieson backgroundsubtractiorandon the extractionof a statisticaimodelof
theimagingsystemoise.In particular in Section2.Ithenoisemodelextractionalgo-
rithm is presentedSection2.2 outlinesthe procedurausedto initialize the background
modelandSection2.3 describeshe backgroundsubtractiorandupdatingalgorithms.

2.1 Imaging SystemNoiseModeling

Apartfrom changedetectionmary othercomputewision algorithms(e.g. shapgrom
shading,photometricstereo)require precisemeasure®f sceneradiance. The more
accuratelythe measuredmagebrightnessepresentthe scenegadiancethe higherthe
performanceof the algorithmsis. Unfortunately real imaging devices deviate from
anideal behaior, mainly for two reasons Firstly, the cameraresponsdunction (the
functionwhichrelatesscengadianceo imagebrightness)s generallynon-linear Sec-
ondly, theimagingprocesds inherentlya ectedby varioussourcef noise,ranging
from the shot photonnoisewhich dependson radiationphysicsto the technological
read-outnoise. An accuratephotometriccalibrationshouldallow to recover not only
the cameraresponsdunction but alsothe imaging systemnoise(hereinaftercamera
noise,CN) characteristics.

However, mostof theworksin literaturedealingwith photometriccalibrationfocus
on recoveringthe cameraresponséunction. The classicalandmostpopularapproach
consistsin imaginga uniformly illuminated chartwith patchesof known re ectance,

15
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suchasthe Macbethchart,asdonein [10]. Recently a numberof algorithmshave
beenproposed“chartless”or “self-calibration” methodsWwhich estimatethe camera
responsdunction from multiple imagesof an arbitraryscenetakenwith di erentex-
posureq[13,131, (29, 17]). Only afew works exist thattry to extracta modelof the
CN. In [9] the authorsanalyzethe noiseof the cameradasedon ionizationsensors,
suchasthe vidicon andthe CCD cameras. In particular they single out threedif-
ferent sourcesof noise. The electronicnoise (leakagecurrentsand Johnsonnoise)
is modeledas Gaussiarand spatially stationary(i.e., independenbf the pixel posi-
tion), with correlationexpectedonly in theread-outscandirection. The photonnoise,
due to the quantumnatureof light, is consideredspatially stationaryaswell, but it
is statisticallycharacterizedy a Poissondistribution, thus a variancedependingon
the signallevel is expected. At last, the x ed patternnoisefor the CCD camerads
considered By experimentallymeasuringhe pixel intensity variationsfor uniformly
dark and uniformly bright scenesthe authorsvalidate the proposedmodelsfor the
electronicandthe photonnoises.In [11] the statisticsof the granularcameranoiseof
high-quality pick-up tube camerasareinvestigated.First of all, the authorshighlight
therelative unimportancef chrominanceoisewith respecto luminancenoise.Then,
the granularcameranoisefor eachpixel is shavn to be a stationaryrandomprocess,
not to be Gaussiannot to be zero-mearandto have a variancethat dependson the
pixel luminanceandchrominancdevel. Finally, by a spatio-temporaéxtensionof the
Kolmogoros-Smirnor test,the authorsdemonstratéhatthe noiseis white in the tem-
poraldomainbut mildly coloredin thespatialone.In [30] thenoiseof the CCDsensors
is analyzed.Theauthorsrecognizethreedi erentnoiseregimes,eachonecorrespond-
ingtoadi erentrangeof thesignallevel andto the predominancef a particularnoise
component:ithe low regime is dominatedby the CCD on-chipampli er noise(read-
out noise),the intermediateregime by the photonshotnoiseandthe high regime by
the x edpatternnoise. Althoughtheseworks discussthe statisticalcharacteristicef
the CN, they do not proposemethoddo extractthesestatistics.In [20] the CCD cam-
erasimagingprocesss accuratelymodeledby explicitly accountingfor both the two
classef spatially stationaryand non-stationarynoisesourcescorruptingthe digital
pixel values. By makinga priori assumption®n the statisticsof the di erentnoise
componentsthe spatiallyuniform noiseis shavn to be a zero-meamandomvariable
andto have avariancdinearly dependingnthe signallevel. Both the classe®f noise
areestimatedyy using at eld images.Alsoin [38] the authorsmodelaccuratelythe
variousstepsof the CCD imaging processandthe di erentnoisesources.Besides,
they accounfor someof thearti cial transformationpossiblyoccurringin thecurrent
camerassuchasthewhite balancingthe gammacorrectionandthe autogaincontrol.
They proposea self-calibrationprocedurethat utilizes a setof imagesof an arbitrary



TEMPORALLY ADAPTIVE CHANGE DETECTION 17

staticscendakenunderdi erentexposuresettings.Theseriesof valuesfor eachpixel

are separatelyconsideredthus decouplingthe temporalrandomnoisefrom the spa-
tially non-stationarynoise. In this way, by a non-parametridgterative algorithmthe
authorsinfer the cameraresponsdunction. Finally, the variancesof the shotphoton
noise,of thethermalnoiseandof theread-outnoiseareseparatelyestimated.n [40]

thephotometriacalibrationis performedby usingthe methodpresentedh the previous
work. Di erentlyfrom all the otherapproachesn thiswork theauthorsshov how the
noiselevel, given a cameraresponsdunction, canbe seenasa function of the mea-
suredpixel brightnessnsteadf theincomingradiance Thenoiseis modeledasazero
meanGaussiarrandomvariable.

Hence ponly afew worksexist dealingwith theself-calibratiorof the CN character
istics([38],[40]). All of themrely ona priori assumptionsegardingboththedi erent
typesof noisesourceghey accountfor andthe parametridorm of the statisticalmod-
elsemployed. This yields methodshatdependon the actualstructureof theimaging
systemdevice. Besidestheseapproachesxtractthe CN characteristichy processing
imagegtakenatdi erentexposures.

We presenta simpleself-calibrationalgorithmaimedatinferring a reliablestatisti-
cal modelof the CN. In particular the proposedapproachmodelstheimagingsystem
asa “black-box” andusesa non-parametrictatisticalmodelfor the CN. This yields
a methodtotally independenof the actualstructureof the imaging device. Besides,
the modelis extracteddirectly from the pixel intensity variationsmeasuredilong a
shorttraining sequencef an arbitrary scene. The only a priori assumptionwidely
acceptedn literatureandcon rmed by experimentsjs thatthe noiselevel for a pixel
only depend®nits brightneswalue.

2.1.1 Probabilistic Framework and Theoretical Assumptions

Let usconsiderthe scalarintegerbrightnessraluesp;(t) thatapixeli 2 [1; n] (wheren
is the total numberof pixels)assumesdn the 8-bit grey level framesof atime (frame)
interval I. Thenwe de ne atimeseriesPi' asfollows:

Pl =fpi(t):t21g 2.1)

Now let usde ne therelativetempoal histogram hiI (v) astherelative frequeng of the
valuesv 2 [0; 255] the pixel i assumeslongl. ! and med representhe tempoal

meanandthetempoal median respectrely. Usingthe termsof MathematicalStatis-
tics, the valuesthat a pixel i may assumeover time canbe considerechsa one-sided
discretetime scalarstochastigprocesscalled pixel stohastic process(P;i(t)). There-
fore, atime seriesP! represents realizationof the underlyingrandomprocessP; (t).

A pixel stochastigorocesss characterizedby ensemblestatistics,suchasthe ensem-
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ble probability densityfunction pdf;(t; v), the ensemblenean (t) andthe ensemble
medianmed(t).

The proposedalgorithminfersthe CN modelfrom a scenenot necessarilyfree of
moving objectsbut wherethe backgroundnustbe stationary Hence let usconsidera
pixel i belongingto a stationarybackgroundwherelighting changesandbackground
motion(e.g.,cameravibrationsor swayingtrees)areneggligible (thatis, the pixel mea-
suresaconstantadiance) Thestochastigrocesd;(t) of pixeli canbemodeledasthe
sumof two distinctprocesses:

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

whereB;(t) is a deterministicconstaniprocessB;, giving the valueof the background
pixelasif it wasmeasuretby anidealnoiselesgameraandN;(t) is astochastiprocess
representinghe CN a ectingthepixel. Besidesasfor N;(t) in caseof a pixel measur
ing a constantadiancewe asserthefollowing threeclaims:

- C.1: Ni(t) is modeledasascalarstochastigprocessthatis ary spatialstatistical
dependences negglected;

- C.2: Ni(t) is astationaryandergodicstochastiprocesgbrie y, a SESH;

- C. 3: Ni(t) statisticalpropertiesonly dependn B;, thatis on the pixel i deter
ministic ideal noiseleswalue.

Basedon the claims,for 8-bit grey level sequencethe CN canbe modeledby means
of 256scalarSESP, N, (t), onefor eachpossiblentegerbrightnesyaluew 2 [0; 255].
Henceexpressiori2.2becomes:

Pi(t) = Bi + Nu=g (1) (2.3)

Sincea SESPis completelyde ned by its ensemblerobability densityfunction, the
statistical CN model (hereinafter SCNM) we are going to infer consistsof 256 en-
sembleprobability densityfunctionspdf,,(v). As for C. 2, stationary(sta)) meanghat
ensemblestatisticsare constaniover time, while ergodic (erg) meansthat the tempo-
ral statisticscomputedor a singlerealizationarea goodestimationof the underlying
SESPensemblestatisticsif the cardinality of the samplesetis greaterthana certain
valueceg. Hencefor Ny (t) andfor a SESPin general:

% paf;(t;v) = pdf, (v) ° hl (v)
O ANRA. 24

med(t) ot med A

meq
Let usnow look atequation2.3: sinceboth N, (t) (C. 2) andB;(t) (it is a deterministic
and constantprocess)are SESP we can statethat the stochasticprocessP;(t) for a

stationarybackgroundpixel is a SESPaswell, thussatisfyingexpressiori2.4
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2.1.2 The CameraNoiseModel Extraction Algorithm

Thenon-parametrisCNMis generatetby processin@trainingsequencécorrespond-
ing to aframeintenval I) of few secondscquirecby a staticcameraandfreeof moving
objects. As well asotherinitialization methodg([18], [2]), our algorithmrelieson a
backgroundhat mustbe stationaryalongthe training sequenceSincein practicethe
lower the elapsedime the higherthe probability of the stationarityassumptiorto be
ful lled, weaimto keepthetrainingsequencasshortaspossible Henceweprocessa
trainingsequenceuchthatcard(l) = Cerg. To extractthe SCNM, rst we computesta-
tistics of the stationarybackgroundprocesdor eachpixel, thenwe usethesestatistics
for thenon-parametriinference.

In particular for eachpixel i we build thetemporalrelative histograrrhi' (v). Since
the backgrounds assumedo be stationaryalongthe training sequenceequation2.3
andexpressiorR.4 (Section2.1.]) hold. Thus,the attainedtemporalrelative histogram
hi' (v) representtheensemblgrobability densityfunctionpdf; (v) of thepixeli station-
ary backgroundgprocessHence we votethetemporalmean : (whichis equialentto
theensemblenean ;) astheidealnoiselesdbackgroundraluefor eachpixel:

B = | (2.5)

By usingthe computedstatisticsandby exploiting the claimsassertednh Section2.1.1,
we canextractthe non-parametrisCNM. From expressior2.2 andequation2.5:

NO=PO B=P(®) | 26)

Hence theensemblgrobabilitydensityfunction pdfiN(v) of theCN stochastiprocess
Ni(t) for eachpixel i canbe deductedby simply translatingby an horizontalo set
O= B= || thepreviously computedensemblgrobabilitydensityfunctionpdf; (v)
of the pixel i backgroundrocessFollowing from theassumptiorthatthe statisticsof
theCN a ectinga stationarypixel only depend®nits idealnoiselessntensity(C. 3):

Nw=g () = Ni(t) = Pi(t) B 2.7)

Practicallyspeakingthe time seriesof the CN valuesfor a pixel i canbe considered
not just a realizationof the randomprocessN;(t) representinghe CN for that pixel,
but alsoa realizationof the moregeneraktochastiprocesNy-g, representinghe CN
for the grey valuew = B;. Therefore,the time seriesof the CN valuesfor all the
pixelswhich have hadthe samebackgroundsalueaccordingto equation2.5 represent
di erentrealizationsof the samerandomprocess.Hence,for eachgrey level w we
sumthe attainedodfiN(v) of all the pixelsi to which we assignedv asthe background
value. Thenwe normalizethe outcomethusattaininga uniquenon-parametriensem-
ble probabilitydensityfunction(thatis arelative histogram)pdf,,(v) for eachgrey level
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w, thatis thesCNM. Finally, by extractingalower andanupperpercentilg(perci%” and
percy’, respectiely) with x edranksfrom eachpdf,,(v), we alsobuild a deterministic
CN model(dCNM).

2.1.3 Experimental Results

In orderto validatethe modelandthe methodwe conceved,we shov how for a given
imaging device the extractedCN modelsare strongly scene-independentn 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 brightnesdevel
of the pixel'sneighbors)jnferringthe CN modelsfrom trainingsequencesf di erent
stationaryscenesvould giveriseto remarkablalissimilaritiesamongthe modelsthem-
sehes.In particularin gure[2.1weshaw theresultsor fourtestsequencetS1,52,S3
andS4) acquiredwith a Sory DCR-TRV900E andsampledn progressie scanmode
at 12,5Hz at a resolutionof 720x576. Figures2.1(a,d,g,j)shov a sampleframe for
eachtestsequenceWe have chosertwo indoor (S1andS2) andtwo outdoor(S3and
S4)sequencem orderto representery di erentlighting conditions. The CN models
extractedfor the four sequenceareshavn aswell. In particular gures2.1(b,e,h,k)
depictthestatisticalCN models thatis the 256 probabilitydensityfunctionsrepresent-
ing the CN distribution for eachgrey level. Figures2.1(c,f,i,l) shav the deterministic
CN modelsthatis the 256 couplesof lower andupperpercentilesThe strongsimilar
ity of theinferreddeterministicCN modelsallow to assesshevalidity of theproposed
CN modelextractionapproachFinally, we cansaythata “black-box” modelingof the
imaging systemtogetherwith a non-parametridorm of the noisemodelanda fully
automaticprocedureo extractthe modelitself give riseto a really “general-purpose”
approach.

2.2 Background Initialization

The backgroundsubtractiortechniquerelieson the feasibility to have a reliableback-
groundmodelatdisposablongtheprocessingtage Hence thebackgroundnodelhas
to beinitialized andthenupdated As farasthe backgroundnodelinitializationis con-
cerned somealgorithms([39],[33]) infer the modelby assumingo have a bootstiap

sequencéree of moving objectsat disposal. Thesemethodgfail whenthe areabeing
monitoredcannot be easily controlled,so that a sequencef backgroundramescan
notbeacquired.As for the methodsdealingwith the presencef moving objects they

canbe divided into two main classes:the “blind” andthe “selective” methods. The
formersgeneratea backgroundmodelfor eachpixel by meansof temporalstatistics
computedusingthe whole time seriesof the pixel intensities. Thesebackgroundsta-
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Figure 2.1: Cameranoisemodelextractionresultsfor four testsequences.

tisticsmay be “dirty”, by retaininginformationnot just aboutthe backgrouncprocess
but alsoaboutsomepossibleforegroundprocessedueto the moving objectscovering
the pixel alongthe bootstrapsequence On the contrary the selectve approachesry
to isolatethe backgroundorocesgor eachpixel, thuscomputing“clean” background
statistics. Moreover, as for the selectve methodsa further distinction can be done
betweerthetemporalandthe spatio-temporaiethods.The formersextractthe back-
groundmodelfor eachpixel by usingjust the intensitiesassumedy the pixel itself.
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Thelattersexploits alsospatialinformation,thatis the valuesof otherpixels(only the
neighborsor evenall thepixels)in theimage.

As for theblind methodsjn [36] the authorsvote the temporalmodeasthe back-
groundvalue for eachpixel, implicitly assumingthat the backgroundvalue will be
morefrequentthanary otherpossibleforegroundvalue. Thetemporalmedianis used
in [16], basedon the assumptiorthat the backgroundat every pixel will be visible
morethan fty percentof the framesduring the bootstrapsequence.Although the
blind methodsareverye cient,in caseof sequencesontainingmary moving objects
they needa greatnumberof bootstragframesto extractareliablebackgroundnodel.

As regardsthe selectve temporalmethods,in [19] a two-stagealgorithmis used
to generatehe backgroundmodel. The rst stageextractsa temporarybackground
by meansof a median Iter appliedto a bootstrapsequencef several seconds.The
secondstageusesthatbackgroundor detectingreliablebackgroundegionswhereto
extractthe cleanstatisticsto be usedfor generatinghe nal backgroundnodel. This
methodis similar to our approachhut it requiresa muchlongerbootstrapsequence
(morethan 10 seconds).The authorsin [35] proposea single-stagealgorithm,based
on a simplebadgrounddetectionconsistingof a temporalframedi erencefollowed
by a morphologicalopening.As soonasa pixel is detectedasbelongingto the back-
ground,its valueis votedasthe nal backgroundvalue. The methodis e cientand
needsalow numberof bootstragframesbutit easilyincludesin thebackgroundnodel
the pixel intensitiesdueto the foregroundobjects. In [28] the “adaptive smoothness
method”is presented.It nds intervals of stableintensity for eachpixel, thenuses
a heuristicwhich chooseghe longestand moststableinterval asthe one mostlikely
representinghe backgrouncprocessThisapproachis e ective, but it requiresa quite
long batchprocessingf the bootstrapsequenceln [26] a runningmeanandvariance
for eachpixel areincrementallycomputedover the bootstrapframes. Whenthe vari-
ancedropsbelow a prede nedthresholdthepixelis consideredgtableandthe meanis
votedasthebackgroundralue. Themethodis quitee cient,but stationaryforeground
objectscanbe easilyincludedin the backgroundmodel. In [12] the temporalevolu-
tion of eachpixel intensityis modeledby meansof a HMM. The parametersf each
HMM areinferredby usinga standardBaum-Welch procedurethenare usedto build
the backgroundnodelfor eachpixel. The methodis e ective, but the computational
burdenof thetrainingprocedurdeadsto along batchprocessingphase.

As for the selectve spatio-temporaiethods,n [2] the authorpresentsa single-
stageapproactbasedntheBayestheory It performsabackgroundietectiorby using
asimpletemporalframedi erencelt exploits spatialinformation,in facttheinforma-
tion aboutthe whole reliable backgroundregions are usedto updatethe lik elihood-
basedbackgroundmodelof eachpixel. In caseof slow moving objectsthis method
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canincludein the backgroundnodelthe foregroundpixel intensities thusrequiringa

long bootstrapsequenceln [18] the authorsisolatethe backgroundorocessy means
of atwo-stagealgorithmperformingabatchprocessingf thebootstrapsequenceThe
rst stageworksin the time domain,locatingfor eachpixel all the time intervals of

stableintensity The secondstageexploits spatio-temporainformationfor choosing
the time interval mostlikely representinghe backgroundprocess.In particular the
optical o w in the neighborhoodf the pixel is computedfor eachbootstrapframe.
Then,from the chosertime interval the backgroundnodelis extracted. This method
ise ective,buttheoptical o w computatiommakeit lesse cientthanall theprevious
approachesdn [27] atwo-stagealgorithmis presented¢alled“ComMode” (Competi-
tive Mode Estimation)by the authors.As well asin [18], the rst stageusestemporal
information and detectsthe time intervals of stableintensity for eachpixel. To this

purposea region growing algorithmin thetime domainis used.The secondstageex-

ploits spatialinformationto choosehe besttime interval. In particular a competitve

spatialpropagatiorof the clusters(called“modes”) detectedn stagel is performed
until stability is reached5-10iterations).Finally, for eachpixel thetemporalmeanof

the choserclusteris votedasthe backgroundsalue. The approactis e ective, but as
well asthe onesin [18] and[2§] it requiresa long batchprocessingf the bootstrap
seguence.

We proposea novel selectve spatio-temporadpproachwhich allows to generatea
reliabledeterministianodelof a stationarybackgroundy usinga bootstrapsequence
of few secondsvheremaving objectscanalsobe presentBy performinga sequential
processingof the framesof the sequenceit aimsto bee cientande ective. The
algorithmworks with pixel-wisetemporalstatisticsand consistsof threesubsequent
stages.

2.2.1 The Multi-stage Background Initialization Algorithm

Thedeterministidbackgroundnodelis generatedy meansof athree-stagalgorithm.
The rst two stagedsolatethe backgroundorocessthusvoting the temporalmedian
asthegoodbackgroundralue. In thethird stagea modelof theimagingsystemnoise
is inferredby applyingthe algorithmpresentedn Sec.?? to the backgroundorocess
statisticscomputedn the secondstage.Then,the noisemodelis usedto completethe
backgroundnodelgenerationWe divide thebootstrasequenceto threeconsecutie
time (frame)intervals 1t = [to; t1], 12 = (t1;to] and|® = (ty; t3], eachonecorrespond-
ing to adi erentstage.While t; andt, are x ed (we uset; = 10,t, = 50), t3 varies
dependingon the numberof framesnecessaryo completethe backgroundnodelini-
tialization. The algorithmrelies on a backgroundthat mustbe stationaryalong the
bootstrapsequence.Iln gure 2.2(a)we shav a frame of a sample8-bit grey level
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bootstrapsequencewhile gures(2.2(b,c,d)depictthe backgroundsutputof thethree
stages.

(c) outputof Stage2 (d) outputof Stage3

Figure 2.2: Subsequerdtepsof the backgroundnitialization algorithm.

Stagel: roughbackground

We extractatemporaryroughbackgroundo be usedin the furtherstage.To this pur-
pose wetry to isolatethe stationarybackgroundrocesgor eachpixel by performing
aroughbackgrounddetectionfor eachframein I1. In particular the backgrounde-
gionsaredetectedy meansf asimpletemporaltwo-framedi erencewith anapriori
x edthresholdT, spatially(overthedi erentpixels)andtemporally(overthedi er
entframes)constant.To improvethereliability of thedetectedackgroundegions,we
aim at minimizing the numberof falsenegativesamongthe changedixelsby usinga
low valuefor T; (we useT; = 10, which is alow valueevenfor low-noisecameras)
andby performingaseriesof morphologicabperation®nthecomputedinaryimage.
In particular we useaninitial size- Itering operator(area-openingipllowedby amor-
phologicalclosingwith akernelof size3x3andby a lling. Hence for eachpixeli we
computethe selectve absolutetemporalhistograrrHiIi1 by usingjustthe samplevalues
assumedn the setof framesl! 1! in which i hasbeendetectedas a background
pixel. Finally, we vote the selectve temporalmedianmedi1 asthe backgroundvalue
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for eachpixel i:
A~ 1
B = medi (2.8)

This could be a rough backgroundbecauseof the rough backgrounddetectionem-
ployed (thetemporaltwo-framedi erencesu ersof well known limits).

Stage2: goodbackground

To computemorereliable backgroundprocessstatistics for eachframein 12 we per
form abackgroundsubtractiorwith the backgroundust extractedby usingathreshold
Ty = lepé. Then,we applythe samemorphologicabperationsisedin stagel, thus
identifying morereliable backgroundregionswhereto infer the new backgroundsta-
tistics. In particular aswell asin the previousstagewe computefor eachpixeli these-
lective absolutetemporalhistogramHiIi2 by usingthe samplevaluesassumedn the set
of framesl? 12 in whichi hasbeendetectedisabackgroungixel. If card(1?)  Cerg
(we useCeg = 20),i is marked asan “unreliable” pixel anda backgroundsaluewill
beinferredin stage3. Onthecontrary the computedstatisticsareregardedasreliable
andtheselectve temporalmedianmedi2 is votedasthe goodbackgroundralue:

BY = mec’i2 (2.9)

Stage3: background completion

To extractabackgroundraluefor the“unreliable” pixels,themodelof imagingsystem
noiseis inferredby applyingthe algorithmpresentedn Sec.?? to the selectve back-
groundprocessstatisticscomputedin Stage2. Then,this modelis usedto complete
the backgroundnodelgeneratiorasfollows. The CN allows to identify time (frame)
intervalsof stationaryintensities(i.e. grey level variationcanbe explainedwell by the
noisemodel).In fact,anecessargonditionfor a pixel intensityto be stationanyis that
itisa ectedbythevariationsduejusttotheCN. Thereforejf themeasuredlistribution

of thesevariationscomputedarounda cental realvalueV matdeswith the distribu-

tion of the inferreddCNM correspondindo the integer grey level [V], the pixel can
be consideredtationary Hence for each‘unreliable” pixel i, we searctincrementally
for the rst time (frame)interval | & I3 of stationaryintensitieshaving asu cient
lengthin termsof frames(card(lfta') > Cgtat, We USeCsi: = 10). To this purposefor

eachpixel we usea FIFO queueto storethe last Cgio; Sampleintensitiesand at each
new framet 2 12 we computethe distribution of the variationsof the intensitiesin the
gueueusingthe computednedianmec)israt asthe centralvalue. To performa simpler
matchingoperationwe extracta lower andun upperpercentilefrom the distribution,

thus comparingthem with the onesin the dCNM correspondingo the integer grey

level [med‘sm]. If they match,the computedmedianis votedasthe backgroundvalue
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andthe pixel i is removedfrom the “unreliable” pixels set. The algorithmstopswhen
the percentagef the numberof “unreliable” pixelsin respectof the total numberof
pixelseitherdecreasebelav a prede nedthresholdor becomestable.

2.2.2 Experimental Results

To testthe proposedipproachwe have comparedts performanceavith theonesof two
di erentselectve spatio-temporabackgroundyeneratioralgorithms.In particular we
have choserthe methodsproposedn [2] andin [18]. We have run the algorithmson
several sequenceshaving di erentamountsof motion. Figurel2.2.2shovs a sample
frame for eachof the two testsequence$S1and S2 chosento outline the results.
They have beentaken by a static CCD camerasampledn progressie scanmodeat

R I =

i |

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

Figure 2.3: A sampleframefor eachof thetwo testsequences.

12,5Hz at aresolutionof 320x240.The sequencesepresenapproximatelythe same
backgroundscenebut arecharacterizedby anincreasingamountof motion, given by
the numberof personswalking in the scene(two andthree,respectiely). Sincewe
wantto compareghealgorithmsonthebasisof thequality of theestimatedackground,
we needa groundtruth anda functionto computethe distancefrom thatgroundtruth.

Ground truth and distancefunction

To generate reliablegroundtruth for the generatedackgroundsywe have takenthe
testsequencesothatthey containtwo di erentsubsequence3heformer, thatwe call
thetruth subsequencepnsistsn aninterval of framesl T representinghe background
scenefree of moving objects. The latter, namelythe estimationsubsequences the
actualtest sequencen which the algorithmswill be run and consistsof a di erent
interval of framesl & imagingthe samebackgroundscenebut in which moving objects
canbe present.Fromthe truth subsequencédor eachpixel i we computethe relative
temporalhistogramhi'T. The setof all thesehistogramsepresentshe groundtruth.
Figurel2.4(a)shavs thegroundtruth for asamplepixel.
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Figure 2.4: Groundtruth anddistancefunctionfor a pixel.

In orderto de ne thedistancdunction,from thetruth subsequencee extractalso
thetemporalmedianmeqlT, the temporalminimum mi'T andthe temporalmaximum
Mi'T for eachpixel i (in gure [2.4(b)andin expression2.10we drop the superscript
IT). Hence,we de ne alocal distanced; which represents measureof the distance
betweerthe groundtruth of the pixel i, thatis the histogramhi”, andthe background
value B; estimatedor the samepixel by the backgroundyeneratioralgorithm. It is a
piece-wisdinearcontinuougunction,representeth gure [2.4(b)for thesamesample
pixel of gure [2.4(a)andmathematicallyde ned asfollows:

8 .
g1 if Bi2A
1 @B M) jRoA,
g LR if Bi2As
di(éi)=§o if Bi=med (2.10)
e f |§i2A4
1 &M+ B) Bi2As
71 if Bi2Ag

where and areapriori x edparameterbaving thesamevaluefor all thepixels(we
use =06and = 10)andA;,i=1; ;6arethesix piecegintervals)thefunction
domainis dividedinto ( gure |2.4(b). Then,we de ne the global distanceD of the

estimatedackgroundrom the groundtruth by the following simpleexpression:
P

D= M (2.11)
wheren is thetotal numberof pixels. While themeaningof theglobaldistances clear,
representing simple averagingof all the local distancesit is worth spendingsome
wordsaboutthe choiceof the local distancefunction. The quality criteriathatdrove
this choiceis basedon the ideathatthe backgroundwill be usedto detectforeground
pointsby thresholdinghe absolutedi erencebetweerthe currentpixel intensityand
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the estimatedbackgroundsalue. Sincethe medianof a randomvariableX is the sta-
tistical estimatorX that minimizesthe expectedvalue of the absoluteerrorjX  Xj,
the medianof the groundtruth histogramfor a pixel i is the bestvaluea background
generationalgorithm can estimatefor that pixel (dj(B;) = 0). In fact, it allows the
useof the lowestthresholdin the backgroundi erencingstage thusminimizing the
falsenegativesdueto the possiblecamou agingbetweerthe foregroundobjectsand
thebackgroundAs for therestof thefunction,we assignthe samemaximumdistance
(di(:) = 1) to all thevaluesdi eringmorethana x ed parameter from the ground
truthminimumm (A;) or maximumM; (Ag). In otherwords,we considerall theseval-
uesequallywrongwith referenceo thebackgroundi erencingstage.lf we consider
thegroundtruth asa perfectestimateof the backgroundnodelto begeneratedavalue

= 0 couldbeused.Neverthelessthisis notthe case mainly for two reasons:rstly ,
thetruth andthetestsubsequencemretemporallydeferred secondlythe groundtruth
is inferredfrom a nite numberof samplebackgroundralues.Hence the parameter
de nes a sort of tolerancearea aroundthe groundtruth (A2 [ As). Finally, the para-
meter manageshe slopeof the distancefunctionin the groundtruth (As [ A4) and
tolerancg Az [ As) intervals.

Algorithms comparison

For eachtestsequenceye have generatedhegroundtruth from thetruth subsequence,
thenwe have run the threecomparedalgorithms,hereinafterdenotedwith A ([2]), B
([18]) andC (theproposedpproach)pntheestimatiorsubsequencehusattainingthe
threedi erentbackgroundnodelsB?, BE andBC, respectiely. Hencewe have com-
putedall thelocal distancesy expressior2.10 thusattainingthe threelocal distance
mapsd?, d® anddC. Finally, by equatiori2.11we have computedthe globaldistances
DA, DB andD®. Figure?? depictsthe backgroundnodelsandthelocal distancemaps
generatedy the comparedalgorithms.As for the maps,to visualizationpurposesve
have dividedthe rangeof the possibledistancevaluesinto threeclassestelatedto the
piecesof thedistancdunctiondomain:C; = Az[ med[ A4 (low distancesazure-light
grey in the gure), C, = Ay [ As (mediumdistancesgreen-grg) andCs = A; [ As
(high distancesred-black). Table2.1 shavs the global distances. Fromtheseresults

A B Cc
S1|0.32|0.24| 0.13
S2|0.31|0.26| 0.14

Table 2.1: Globaldistances.

we canstatethattheproposedipproactgeneratea backgroundnodelof higherglobal
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(e)S1:B¢ (f) S1:d°

Figure 2.5: Generatedackgroundsinddistancemapsfor S1.

quality in respecivith the othercomparednethods.

2.3 Background Subtraction and Updating

Many temporallyadaptie changedetectionalgorithmsbasedon backgroundsubtrac-
tion have beenproposedn thepast.In [39] theauthorsmodelthe backgroundgrocess
for eachpixel asa uniquespatiallyindependenstochastiqgaussiarprocess.The pa-
rametersof the gaussiardistribution representinghe ensembledf for eachpixel are
initialized througha bootstrapsequencéree of moving objects.While the meanis re-
cursively updatedusinga simpleadaptve lIter , the covariancematrixis extractedonce
andfor all, thusyielding a thresholdthatdoesnot adaptto scenechangesAuthorsin
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(a) S2: BA (b) S2:d?

(c)s2:B88 (d) S2:dB
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(e)S2:BF (f) S2:d°

Figure 2.6: Generatedackgroundsinddistancemapsfor S2.

[15] modelthe pixel processnsteadof the backgroundprocesonly: a spatiallyinde-
pendentrandomprocesss usedfor eachpixel, representindoth the backgroundand
theforegroundprocessedueto moving objectsandto castshadevs possiblycovering
thepixel. A weightedsumof threegaussianlistributions(backgroundmoving objects
andshadav distributions)is usedto modelthe ensembledf for eachpixel. Neverthe-
less,the backgrounds still representetly a uniquegaussiamandomprocesdor each
pixel. Backgroundsubtractionconsistsin choosingfor eachpixel which of the three
classesasthe highesta posterioriprobability. An incrementaEM algorithmis used
to bothlearnandupdatethe distribution parametersA generalizatiorof the previous
approachs presentedn [37]. Eachpixel is still modeledasa spatiallyindependent
stochastigorocesshaving a mixture of K (a smallnumberfrom 3 to 5) gaussiardis-
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tributionsasensemblepdf. At eachtime stepandfor eachpixel, the distributionsare
orderedaccordingto thevalueof aratio attaineddividing the evidenceof the distribu-
tion by its variance.The rst B distributionsareselectedo representhe background
processandif the pixel valueis notrepresentedly ary of thesedistributionsit is clas-
si ed asmoving. The parameter®f the mixture are updatedby meansof a simple
adaptve Iter. In [22] authorsimprovesthe methodoutlinedin [37]. In particular
they presentadi erentapproactor initialising andfor updatingthe parametersf the
mixturemodel,basedn anincrementaEM algorithm.A furthergeneralizatiorof the
previousapproaches outlinedin [14]. Theensembledf of the spatiallyindependent
stochastigrocesof eachpixel is modeledin a non-parametriecnanner At eachtime
stepandfor eachpixel the ensemblgdf is non-parametricallgstimatecdby meansof
a gaussiarkernelestimatorfunction appliedto a window of recentsampleintensities
for thatpixel. Themodelupdateconsistdn simply shifting the samplesvindow. Even
thoughthe methodgdescribedn [15]-[14] modelthebackgroundnoreandmoreaccu-
rately, their compleity make themnotsuitableto beusede cientlyin mary real-time
applications.

In this Sectionwe shav how the imaging systemnoise model extractedby the
procedureillustratedin Section2.1 can be usedto attain a backgroundsubtraction
approachwhich achieresa goodtrade-o betweentime performanceand quality of
thedetection.In fact, by scalingall the percentilesof the inferreddCNM by a unique
factorgreaterthanone,we attain256 couplesof thresholdgtsi, (v) andtsgy(v)), one
for eachgrey level v 2 [0; 255], to be usedin the backgroundsubtraction. In this
way we retainboth the advantagesarisingfrom the simplicity of settingup a unique
thresholdandthee ectivenes®f 256di erentcouplesof thresholdsThisresultsin an
e ectiveyete cientthresholdingoperation.In particular for eachpixel the algebraic
di erencebetweenthe currentframe F;.; andthe backgrounds;;; is computed. The
outcomes thencomparedvith thecoupleof thresholddsiy (v) andtssyy(v), depending
on the currentbackgroundvalue B;;j, thusattaininga binaryimageM;;; representing
themoving pixels:

8
21 0f Fijt)  Bij(t) <At

MIOZ2 0 i a0 B 2 Au0) (212)

whereA;;j = [tsing (B;;j(t)); tSsup(Bi;(1))]-
The deterministicbackgrounds updatedby a simpleande cientadaptve recur
sive lter:

Bijt+1)=(1 )Bij(t)+ Fi;(t) (2.13)

where 2 [0; 1] representsheadaptationrate.
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2.3.1 Experimental Results

Testswere performedon several 8-bit grey level sequencesepresentingypical sur
veillancescenestaken by a singlestationaryCCD cameraandsampledat 25 Hz ata
resolutionof 320x240.ThetargetPCis anAMD Athlon MP 1800+, 1 GB RAM. The
experimentalresultswe accomplishedissesdoththee cieng/ andthee ectiveness
of our algorithm. As for thee ectivenessye statedthat our methodactsaswe apply
256 couplesof di erentthresholdspnefor eachgrey level. As onecouldinfer, it is
impracticablesuchan experiment thereforewe will assesshee ectivenessy shov-
ing the capabilityof our algorithmto detectmoving pixelsin situationof camou age
betweerthe backgroundandthe moving objects. The resultsof our algorithmrun on
four testsequenceareshovn in gure Theattainedchangemasksarevery accu-
rate,thusvalidatingthe proposedapproach As regardstime performancepur method
revealsto beverye cient,workingo -line at40fps.

2.4 Considerations

Thepresentedackgroundubtractioralgorithm,aswell asall thealgorithmsbasedn
a continuouslyupdatedackgroundnodel,hastwo problems:

a- ablind or aselectve backgroundipdatingprocedurénasto bechosenlf ablind
proceduras chosenslovly moving objectsmaybeincludedin the background
model. Onthe contrary falsechangesiueto disturbancdactorsmaybe contin-
uouslydetectedsincethey cannotbeabsorbedn thebackgroundnodel.

b- the backgroundmodel adaptatiorrate mustbe chosenaccurately However, it
alwaysrepresents trade-o betweenthe ability of the updatingprocedureto
adsorifalsechangesndtherisk to includeforegroundobjectsin thebackground
model

However, sudderchange®f pixelintensitiesdueto disturbancdactorscannotbedealt
with successfullypy this classof backgroundsubtractioralgorithms.
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Figure 2.7: Thechangedetectiorresults.
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Chapter 3

Disturbance Factors Invariant
ChangeDetection

In thischaptemve presentichangadetectioralgorithmwhichis verydi erentfromthe
onepresentedn chapterl. In fact,detectionof changesn apixel is not performedby
computinga distancebetweenthe measureaurrentintensityanda temporallyadap-
tive statisticalmodelof the scenebackgroundappearancat the samepixel. Instead,
classi cationof a pixel aschangedr unchangeds carriedout by comparinghe mea-
suredintensitiesof a patchof pixels (aroundthe consideredne)in the currentframe
with the intensitiesof the samepatchin the backgroundmage. In particular based
on an accurateinvestigationof the possibledisturbanceactorse ectson theimage
intensitiesa Maximume-Likelihoodisotonicregressiorproceduras proposedo detect
changes.

Thechapteiis organizedasfollows. In sectior3d.1the problemof changedetection
for disturbanceactorsinvariantapproachess de ned andformalized. An accurate
investigationof the possiblee ectsof disturbancdactorson the measuredntensities
is carriedoutin section??. Theproposedlgorithmis presentedh section3.3 Exper
imentalresultsarediscussedn section?? andconclusionsaredravn in sectiori3.5.

3.1 ProblemDe nition and Formalization

Let usconsidernwo grey level imagescapturedat di erenttimesby the samestation-
ary camera. To the purposeof detectingchangeswe canidentify the imagesasthe
backgroundB andthe currentlyprocessedrameF ( gures(3.1(a,b)):

Bi)F: D3p=(i;j) 7! g=B;F(pP2R (3.1)

35
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It is worth pointingout thattheimageshave acommondomainD  Z? andacommon
rangeR Z sincethey areacquiredby the sameimagingdevice. Moreover, sincethe
device is stationarya commonpixel in the two imagesmeasureshe radianceof the
sameportionof thescenel et p = (i; j) beapixel andP(p) aconnectedlomainpatch
(i.e aconnectedsetof pixels)containingp:

p2P(p D (3.2)

Althoughwhatwe aregoingto sayis valid for agenericpatch for the sale of simplic-

@
@
&
! ®
|
$ %
# $ %

Figure 3.1: Domain patch(a,b), rangepatchedc,d) and 2-dimensionakrepresentatiomf the
featuresvector f = (X;Y) (e) for a samplesemanticallyunchangedgixel in two imagesof the
samescendakenatdi erenttimes.
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Figure 3.2: Domainpatch(a,b),rangepatchesaand2-dimensionatepresentationf the features
vector f = (X;Y) (c) for asamplesemanticallychangedixel.

ity let usconsiderasymmetricp-centeredsquarepatchof oddsides pixels:
Pp=(@i;))=(p=(k): i kK i+ I j+ ;z=1:::;N) (3.3)

where = 571 andN = & is the numberof pixels containedin the patch. In g-
ures3.1(a,b)a3 3 squarepatchP for asamplepixel is pointedoutin the background
andthe currentframeimages,respectrely. Let B(P) and F(P) be the rangepatches
inducedby P on B andF, thatis the setof intensitiesassumedy the imagesin the
pixelsof the patch( gures(3.1(c,d), ontheleft):

BiF(P)=(9:= B F(p); p:2P; z=1:::;N) (3.4)
To simplify notations hereinaftemwe denotetherangepatchesasfollows:
B(P) = X = (xi;X; i) F(P) =Y = (y1;¥2: 1155 YN) (3.5)

wherethe pixelsaretakenin lexicographicabrder asshavn in gures|3.1(c,d),onthe
right.



38 CHAPTERS3

To detectscenechangesccurringin a pixel p of the currentframe F, a typical
disturbancéactorsinvariantchangedetectorexploits just theinformationcontainedn
X andY. In otherwords,informationaboutthe temporaldynamicsof pixel intensi-
tiesis neglected. Typically, the binary changemaskC is computedby thresholdinga
particularfunction measuringhe dissimilarity betweenX andY:

8
1 if dOX;Y)>T
Clp) = teey) = -§O Iothe(rwis;> (3.6)

Theproblemcanbeformalizedinto abinaryclassi cationframeavork. TheN-dimensional
vectorsX andY canbe memgedinto a 2N-dimensionafeaturesvectorf:

ZN F 3f=(XY)= (X ya i xniyn) = (Paiit Py) (3.7)

whereF is the featuresspaceand P; = (x;;y;) denotesa point in a 2-dimensional
representationf thefeaturespaceasshovnin gure 3.1(e). Onthebasisof f apixel
hasto beclassi edinto oneof thetwo following classes:

C: alocal scenechangehasoccurred.As ane ect,alocal imagechangehasoc-
curredaswell (9i : %, Vi);

U: nolocal scenechangehasoccurred.As a consequenca)o local imagechange
hasoccurred(x; = y; 8i) or a changehasoccurreddueto disturbancdactors
i %, Y-
It is worth pointing out that a scenechangealways yields an image changebut the
obsenationof animagechangedoesnot allow to abducta scenechangeasthe certain
cause.In fact, disturbancedactors(e.g. sceneillumination changesjmagingsystem
noise,dynamicadjustment®f the imaging systemparametersganyield changeof
pixel intensitiesevenstrongethanthoseproducedby scenechangesin gure [3.1(e)a
2-dimensionatepresentatioof the featuresvector f for the samplepatchP is given.
A quitestrongimagechangeoccurs(someof the pointsP; lie quitefaro thebisector
b of the quadrant),but the imagedsceneportion is clearly unchanged.In fact, the
imagechangds dueto a variationof the scenellumination. Figure3.2(c) shavs the
featuresvectorfor adi erentpatchof pixels ( gures[3.2a,b)). A remarkabldmage
changeoccursaswell, but in this caseit is dueto boththeillumination changeandthe
presencef theperson.

Thereforethedissimilarityfunctionof expressior.6cannotbetoo”simple” since
it mustbeableto discriminatebetweerintensitiesvariationsdueto disturbancdactors
andintensitiesvariationsdueto scenechangesFor example by usingthewell known
SSD(Sum-of-Square-Dierencesjunction:

W\l
diXY) = SSmX;Y) = (% W) (3.8)

i=1
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abaddiscriminationis obtained.In the2-dimensionatepresentationf f ( gures/3.1(e)
and3.2(c)), the SSDfunctionis equivalentto the sumof the squareverticaldistances
d; of the points P; from the bisectorb of the quadrant( gure [3.2(c)). It is quite clear
by looking at gures[3.1(e) and3.2(c) thata gooddiscriminationin the featuresspace
F betweerthe featuresvectorsof semanticallychangedand semanticallyunchanged
patchess not possibleby meansof the SSDdissimilarityfunction.

A clearstatisticalformalizationof the problemis worth to be carriedout. To the
purpose|et usformalizethebinary classi cationprobleminto a Bayesiarframeawork.
TheBayesMAP (MaximumA Posteriori)decisionruleis thefollowing:

%p(UJ'f)< pCif) ) C 5 glo(fiU)p(U)< p(fic)p(C) ) C (3.9)

% otherwise ) U 3 otherwise ) U

wherep(Cjf) andp(U j f) aretheposteriorclassprobabilities,p(C) andp(U) the prior
classprobabilities,p(f jC) and p(f jU) thefeaturesvectorlikelihoods.Dividing both
sidesof the expressionby p(fjC)p(U) (which is a positive number)and by noticing
thatp(U) =1 p(C), we attainthelikelihoodratio formulation:

pTY) PO

p(fic) 1 p(C) (3.10)
% otherwise ) U

Theright-handsideof expression3.10allows to seta spatially(acrosdi erentpixels
in a given frame) andtemporally (acrossdi erentframesin a given pixel) adaptie
thresholdfor the decisionrule, basedon the prior probability of the consideredixel
(patch)in the currentframeto be theimageof a semanticallychangedsceneportion,
p(C). Thisprior couldbesetby exploiting temporal(e.g. predictionof objectsposition
by tracking)andor spatial(e.g. statisticamorphology)information. However, herewe
areinterestedn changedetectorsvhich exploits just theinformationcontainedn the
featuresvector f, sowe assignequalprior probabilitiesto the classegp(U) = p(C) =
0:5), thusattaininga ML(MaximumLikelihood)classi cationrule:

p(fju)

a0y 1) © (3.11)

7 otherwise ) U

Unfortunately a statisticalcharacterizatiomf thelikelihood p(f jC) is in generalun-
feasible.In fact, p(f jC) representshe probability of observingthe measuredeatures
vector f given that a foregroundobjectis covering the patch. But, unlessa priori
assumptionsare madeaboutthe appearancée.g., colour and orientation)of objects
enteringthe scene a local scenechangedoesnot yield a statisticallypredictablepat-
ternin the featuresspace.On the contrary thelikelihood p(f jU) (i.e. the probability
of observingthefeaturesvector f giventhatonly disturbancdactorsareactingin the
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consideredpatch)can be characterizedncethe classef disturbanceactorsto be
consideredirechoserandtheire ectsin thefeaturesspacearemadeclear Therefore,
without the above-mentionegrior assumptiongboutthe foregroundobjectsappear
ance,from a statisticalpoint of view the changedetectionproblemconsistdn testing
the hypothesighat just disturbancedactorsare actingin the pixels of the considered
patch. In particular a teststatisticsS dependingon thelikelihood p(f j U) hasto be
chosensothatchangeadetectionis carriedoutby athresholdingf thestatistics Within
this statisticalframework, the changedetectionrule of expression3.6becomes:

8
if S(p(f]j
cp = S; Iothe(r\?v(is:au» . (312)

In thenext Sectionwe shav how disturbancdactorsyield arecognizablgatternin the
choserfeaturesspace.

3.2 Disturbance Factors

Figure3.3 shavs a model of the imaging processfor two imagesof the samescene
capturechtdi erenttimes(t;! 11;t2! 1) in whichjustdisturbancéactorsareacting.
We give herethede nition of two importantradiometricquantities:

- radiance:emittedenegy (from a sourceor a surface). In particular it is the
power emittedfrom a unit areaof the surfacein a speci ed direction per unit
solid angle(measuredn Wm ?sr 1);

- irradianceiincidentenegy (uponasurface).In particular it is the powerfalling
uponaunit areaof a surface(measuredn Wm ?2).

Whendealingwith electromagneticadiationsin the visible spectrum(visible light),
radianceandirradiancearealsocalledluminanceandilluminance, respectiely. Scene
illuminance Q(p) is the power of light incidentat time t uponthe patchof the scene
surfaceS(p) imagedby the pixel p. It is worth pointing out thatwe areassuminghat
no semanticchangeoccursin thesceng(i.e. just disturbancdactorsact),henceall the
guantitiesrelatedto scenesurfacephysicalpropertiescanbeassumedo be constantn
time, thusdroppingthesubscript. Light incidentonthesurfacepatchS(p) isre ected,
sothat the incomingsceneilluminance Q¢(p) is transformednto the outgoingscene
radiancel(p), asshovn in gure [3.3(a). This procesdollows a genericre ectance
modelr which canbe expressedsfollows:

Le(p) = r (Qu(p): m(p); 9(P)) (3.13)

wherem(p) denotes setof local physicalpropertief thesurfacepatch(e.g. material,
roughnessand g(p) asetof geometricapropertiegelatedto thereciprocalpositionof
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Figure 3.3: Model of theimagingprocesdgor two imagesof thesamescenecapturecatdi erent
times.
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light source surfacepatchandobsenrer (i.e. the consideregixel). It is worth noticing
that, for a given pixel (surfacepatch),a variationof sceneradiancecanoccuronly as
a consequencef a variationof scenelluminance. In fact, all the otherquantitiesin
equation3.13arerelatedto surfacepatchphysicaland geometricalpropertieswhich
areassumedo be constantin time. Variousre ectancemodelshave beenproposed
in the eld of computewision. In generalthey canbedividedinto two mainclasses:
the physicalmodelsand the geometricalmodels. The physicalmodelsuseelectro-
magneticwave theoryto analyzethe light re ection phenomenonit is avery general
approachsinceit candescribere ection from almostevery type of materialandsur
face. However, physicalmodelsare often inappropriatefor usein machinevision as
they have functionalformswhich arevery di cult to manipulate.On the otherhand,
geometricaimodelsare derived by just analyzingthe surfaceandillumination geom-
etry andhave simplerfunctionalforms. Oneof the mostcommonlyusedre ectance
modelsis thePhongmodel([34]). This modeltakesinto consideratiooththedi use
(Lambertian)and the specularre ection. Moreover, ambientlight is accountedor.
Accordingto thismodel,we cansaythatscendrradiancg(illuminance)is mappednto
scenegadianceby alocally orderpreservingransformation.

By passingthroughthe imaging systemoptics, the sceneradiancel(p) is trans-
formedinto theimageirradianceE;(p), thatis the amountof light incidentat time t
onthepixel p of the capturingsystemimageplane( gure [3.3(b)). Simplegeometrical
considerationallows to formalizethetransformatiorasfollows:
cod (p) ! &

2 2 ¢ LP=kp a L (3.14)

Ei(p) =

where (p) is the anglebetweenthe directionof the principal ray incidenton p and
the optical axis of the imaging systemlens (it just depend®n the pixel position), f
is the focal length (we assumex edfocal length),d; is the lensaperturediameter(it
mayvary alongtime) and  is the exposuretime, thatis thetime perframetheimage
detectoris exposedto theincominglight (it mayvary alongtime aswell). Hence the
quantityk(p) depend®n the pixel positionbut it is constanin time. Onthe contrary
the quantitye;, which is calledthe exposureof theimagingdevice, is globalto all the
pixelsin theframe,but it mayvary alongtime dueto Auto-Exposuréd AE) mechanisms
of thedevice.

As shovnin gure [3.3(c), imageirradianceE(p) is processedby theimagingsys-
tem electronicsandtransformednto the ideal noiselesgwe will considemoiseasa
separate ect)discreteimageintensityi;(p) (thatis, apartfrom noise,the pixel grey
level we take asinput in our algorithms)by a transferfunction hy, commonlycalled
cameraransferfunction:

i«(p) = h (Ex(p) (3.15)
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The cameraransferfunctionis a characteristiof eachparticularimagingsystemde-
vice. In generaljt canbe assumedpatiallyinvariant. In otherwords,at a giventime
t equalvaluesof imageirradianceincidenton di erentpixels are mappedby h; to
the sameimageintensity On the contrary the cameratransferfunctionis in general
time-variant.In fact,mechanismsf dynamicadjustmentf thetransferfunctionpara-
meters(e.g. auto-gaincontrol, AGC) areoften presenin moderncameras Although
the transferfunctionis in generalnonlinear, at a giventime it is always monotonic
non-decreasing.

Finally, the measuredmageintensityl;(p) is a ectedby noise. In fact,theimag-
ing processs inherentlya ectedby varioussourcef noise(e.g.,shotphotonnoise,
thermalnoise,read-outnoiseand quantizationnoise). However, to changedetection
purposeshis noisecanbe modeledasanadditive statisticaldisturbn;(p) a ectingthe
outputidealnoiselessmageintensityi:(p), asshavnin gure [3.3d):

li(p) = Tt(p) + m(p) (3.16)

The overall imaging processcanthus be formalizedas follows (equations3.133.14
3.15/3.16:

l(p) = i(p) + ne(p) = he k(p) & 1 QP m(p); a(p) + e(p) (3.17)

In casethatno scenechangeoccurs,consideringa pixel pattwo di erenttimest; and
t, animage(intensity)changeoccursif:

l1(p) . 12(p) (3.18)

The cause®f this changearethedisturbancdactors which canbederivedfrom equa-

tion[3.17

Q1(p), Q2(p) : changeof thescendlluminance(illumination);
e;, e :changeof theimagingsystemexposure;
hy , h;: changeof theimagingsystemtransferfunction;
ni(p), n2(p): statistical uctuation of intensitydueto noise.
Actually, we are not just interestedn the e ectsof disturbancdactorson the inten-

sity measuredn a pixel. In fact, we aim at investigatingif and how the e ectsof
disturbancdactorscanbe expressedy arelationry , betweerthe intensitiesof the
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pixelsin acommondomainpatchP of thetwo imaged ; andl,, capturedbefore” and
"after” the actionof disturbancdactors( gure [3.3(€)). In otherwords,we look for a
subseD of thefeaturesspaceF whichis ableto delimitateall the disturbancdactors
e ects.Apartfrom noise,which will bedealtwith in the next section,we cansaythat
disturbancdactorsyield an orderpreservingi.e. monotonicnon decreasingjelation
betweertheidealnoiselessntensitiesof the pixelsin acommondomainpatch.In fact,
the overall imaging procesgransformationlequationi3.17) from the incomingscene
illuminanceto the ideal noiselessmageintensityis orderpreservingsinceit is the
compositiorof anorderpreservingcenedlluminanceto scenaadiancdransformation
(equation3.13 underthe Phongre ectancemodel),a linear (orderpreservingscene
radianceto imageirradiancetransformation(equation3.14 imaging systemoptics)
andanorderpreservingmageirradianceto image(noiseless)ntensitytransformation
(equation3.15 imaging systemtransferfunction). By consideringwo pixels p; and
p; attimest; andt,, we canwrite:

8 _ .
2 () Ta(p) (Qup) Qa(p)) O

B -~ ~ (3.19)
©l(p2)  la(p2) (Qu(p2) Qa(p2)) O
By assuminga smoothvariationof the scenédllumination, we canwrite:
(Qu(p) Qa(pr)) (Qulp2) Q2(p2)) O (3.20)
Finally, from expressions.19and
(p) T2(p)  Ta(p2) To(p2) O (3.21)

Thatis, therelationbetweerintensitiesof correspondingixelsof two imagegakenat
di erenttimesis orderpreserving.

3.2.1 Imaging ProcesdNoise

Di erently from the other disturbancefactors, noiseinherentlya ectsthe imaging
process.Evenwhenall is stationary the measuredmageintensitiesarea ectedby
a statisticalerror dueto noise. For this reason,n every changedetectionalgorithm
noisemustbe accountedor andmore or lessaccuratelymodeled. As statedbefore,
imaging processnoisecanbe modeledas an additive statisticaldisturba ectingthe
outputimageintensity (equation3.16). As far asthe noiseprobability distribution is
concerneddi erentchoicesarepossibledependingalsoon how the changedetection
algorithmwill usethedistribution. For example the non-parametrienodelingwe pre-
sentedin Chapter2 is usefulfor a changedetectorthat exploits the distribution just
to extractthe thresholdfor the changemaskcomputation.On the contrary a change
detectorthat performsa Maximum Lik elihoodregressiorto testthe hypothesighata
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pixel is changedr unchangecdheedsa parametridistribution. In practice for distur
bancefactorsinvariantchangedetectorsthe mostcommonassumptioris that noise
a ectingapixel pattimet is zero-meamaussian:

n(p NO; Zp (3.22)

As a consequencéhe measuredmageintensityl:(p) is a gaussiamandomvariableas
well, with the samevarianceof the noiseandwith meanequalto the ideal noiseless
imageintensityi;(p):

l(p) N i(p); Ap) (3.23)

Let us now considerthe featuresvector f, which is theinput to our changedetection
problem. We areinterestedn the noisea ectingall the pixel intensitiesboth in the

Figure 3.4: Featuresectorf = (X;Y) for asamplepixel.

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

vector Accordingto theassumptionsnadesofar, thedistributionsare:

% %i; é(f) (3.29)
yi  N§; 20

wherethe subscriptsB andF indicatesatime (i.e. thetimesat which the background
andthe currentframeimageswverecapturedpndtheindex i denotes pixel positionin

the patch. It is reasonabléo assumehatnoisea ectingimageintensitiesis white in

thespatialaswell asin thetemporaldomain.Namely noisea ectingapixel atagiven

time is independenfrom noisea ectingthe samepixel ata di erenttime andfrom

noisea ectingdi erentpixelsatthe sametime. Hence the probability distribution of

theentire2N-dimensionafeaturesvector f is multi-variategaussian:

1 1
f —— - f f
&p 3

PR £ f (3.25)
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with diagonalcovariancematrix :

2(1) 0 0
0 1)
=8 " : (3.26)
yN) o
0 0 2N

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

position. This is the mostcompleteand e ective formulation. in fact, actually the
noisevariesfrom pixel to pixel in a givenframeandfrom frameto framein a given
pixel. However, to usethis formulationis unfeasiblein practice,sincean estimation
of the noisevarianceshouldbe performedat eachcapturingtime andfor eachpixel.

The oppositesolution, that is the simplerandlesse ective, consistsin assuminga
variancewhich is constanin time andspace.In otherwords,thevarianceis the same
for all the pixelsin all theframes.This assumptions quite far from reality. However,

it hasthe advantagethat the value of the variancecould be estimatedonce and for

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

the assumptiorthatnoisea ectinga pixel p attimet just dependson the pixel ideal
noiselessmageintensityi;(p):

Ap= 20p (3.27)

This assumptioris the samewe usedin Chapter2 to infer a non-parametrienodelof
the noise. After the estimationof a probability distribution for noisea ecting each
possibleideal noiselessntensity a coupleof percentilesvasextractedfrom eachdis-
tribution. Here,the samealgorithm canbe usedto estimatethe parametriomodel of
equationB.27 In fact,wejusthaveto computethevarianceof eachdistributioninstead
of extractingthe percentiles.t is worth pointing out thatthis modelyields a variance
which varieswith time and space(throughthe variation of pixel intensities),but the
estimationis computednceandfor all by processing shortbootstrapsequence.

Basedon equations3.25 [3.26 [3.27, the probability distribution of the features
vector f canbewrittenas:

XN 6 %) o )
1 e 2 1 2(X) 2(%) (3.28)
N2 No(%) ()

If thebackgroundmageis justaframecapturedvhenthescenevasfreeof foreground
objectstheabove equationholds. In fact,it reliesonthe assumptiorthatpixelsin the

currentframeandpixelsin the backgroundmagearea ectedby the same’amount”
of noise givenby thenoisemodelof equation3.27. In particular thealgorithmusedto
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infer themodelyieldsamodelfor thenoisea ectingaraw frame.However, sometimes
the backgroundmageis estimatedhrougha statisticalelaborationof a sequencef
frames(e.g.,by atemporalaveragingof pixelintensities).In generalthe higheris the
numberof framesusedo infer thebackgroundmage theloweris theratiobetweerthe
noisevariance®f the backgroundandthe currentframe,respectiely. If thesequence
of framesusedto generatdhe backgrounds long (tensor even hundredsof frames),
the noisevarianceof the backgrounccanbe reasonablysetto zero,thusattainingthe
following simpli ed featuresvectordistribution:

XNy %)
f 1 e 2 = 2(%) (3.29)
@) N

In otherwords, the imagingprocessoisea ectsjust the measuredntensitiesof the
currentframe(i.e. they;s), while the measuredi.e. estimatedrom a setof measured)
intensitiesof the backgroundthe x;s) areassumedo be deterministicandequalto the
idealnoiselessntensities:

xx=% 8i=1:::;N (3.30)

3.3 The ProposedAlgorithm

To applythe changedetectionrule of expression3.12 at eachtime andfor eachpixel
we have to computethe likelihood p(f j U), thatis the probability of observingthe

manticchangeis occurring,thatis giventhatjust disturbancdactorsareacting. But
we know that disturbancefactorsyield orderpreservingrelationsbetweenthe ideal
noiselessntensitiesof pixelsin acommondomainpatch.In otherwords,disturbance

to the subspacd of the featuresspaceF containingall the featuresvectorsrepre-
sentingorderpreservingelations. Hence,thelikelihood p(f jU) canbe regardedas
the probability of observingthe noisy featurevector f giventhatthe noiselesdeature
vector f belongsto the subspac®:

p(fju)=p(fjf 2D) (3.31)

Practicallyspeakingthe likelihood p(f j U) canbe seenasa statisticaldistancebe-
tweenthe measuredeaturesvector f andthe subspacd® characterizinghe distur
bancefactorse ects. To computethe projectionof f ontoD, fuL we can performa
(non-parametricMaximum-Likelihoodisotonicregression[1]). Theinferenceprob-
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lem canbeformalizedasfollows:

fw = argmaxp(f j f) (3.32)
f2p '

Oncethe projection fuL hasbeeninferred,the likelihood p(f jU) canbe obtainedby
computingthe statisticaldistancebetweenf and faL:

p(fju) = p(fjfuL) (3.33)

By makingp(f j ) aswell asD explicit andby transformingik elihoodmaximization
into log-likelihoodminimization,theinferenceproblemof equation3.32canbewritten

asfollows:
. X %2 )2
fuL = argmin N_ (x.2 3(') + (y.z }l')
f =1 2(%) %) Q21N (3.34)
% %)@ ¥) O
or asfollows:

XNy )2
=2%) i 2[LN] (3.35)
6 x)& §) O

dependingntheproceduraisedto generatehe backgroundnodel.If thebackground

fuL = argmin
f

is just an image of the scenefree of foregroundobjects,the noise model of equa-
tion canbe used,thus attainingthe inferenceproblemof equation3.34 If the
backgroundmodelis extractedby a statisticalestimationprocedure the problem of
equation3.35is attainedby exploiting the noisemodel of equation3.29 Both[3.34
and3.35are corvex programmingproblems,sincethe costfunctionis quadraticand
theconstraintarecorvex. In particular3.34is characterizethy 2N unknavns(i.e. the

Ontheotherhand[3.35is characterizedby N unknavns(i.e. justthe half of theideal
noiselesdeaturesvector correspondindo the pixel intensitiesin the currentframe

Hereinaftey we assumehat the backgroundmodelis generatedy an estimation
procedureandtake into consideratiorthe problemof equatiori3.33 It is a classical
isotonic non-parametricegressionproblem,that can be solved by an O(N) iterative
algorithm, called Pool AdjacentViolators Algorithm (PAVA) ([1]). To illustrate the
algorithm, let us considera sample8-dimensionaimeasurednoisy) featuresvector

vectorattainedby orderingthe X vectorcomponentandshu ingtheY components
accordingly asshawvn in gure [3.5. The problemof equation3.35 canbe written as
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®

Figure 3.5: Rangepatchesandfeaturesvector2-dimensionatepresentatiofor asample2 2
domainpatch.

follows: )
. XN YW §
fu. = argmin  ——— i2[1;4
. gr =1 2(H) 4] (3.36)
¥i Va1 i2[1;3]

thatis:

(240 3 , (110 %P , (185 §oF , (10 gaf"
2240) ' 210) | ?(185) | 210)  (3a7)

fuL = argmin
f

Gr $2) ~ B2 F3) N (I3 V)

In practice the pointsin thefeaturesvector2-dimensionatepresentationf gure [3.5
hasto be "moved” toward the "nearest”isotonic con guration (i.e. a con guration
satisfyingthe constraints). In particular sincethe measuredixel intensitiesin the
backgroundare assumedo be deterministicthe points canbe moved just alongthe
y axis. Figure/3.6 shaws the processingstepsof the PAVA algorithm appliedto the
sampleproblemof equatior3.37. Oncecomputecthe projection fy., we usethe cost
functionin equation3.37asthe statisticso bethresholdedn the changedetectiorrule
of expressior3.12 It is worth pointing out thatthis costfunctionis nothingelsethan
the Mahalanobiglistancebetweerthe measuredeaturesvector f andthe subspac®
characterizindhedisturbancdactorse ects.
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Figure 3.6: Stepsof the PAVA algorithmfor a samplefeaturesvector

3.4 Experimental Results

Experimentshave beencarriedout by comparingthe detectionresultsprovidedby the
proposedapproachwith the resultsattainedby threedi erentstate-of-theart distur
bancefactorsinvariantalgorithms([41], [40], [32]). For simplicity, hereinafterwe
denoteby C, B and O the algorithmsproposedn [41], [40] and[32], respectiely.
Moreover, we denoteour approachoy P. In gures(3.7{3.18the detectionresultsare
shavn. Each gure corresponds$o adi erentsampleframe. The rst six framesbe-
longsto anindoorvideosequencan whichrealandsudderscenelluminationchanges
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occur The otherframesbelongsto anoutdoorsequencein which syntheticchanges
have beencreatedby applying non-linearintensity mappingfunctions. In each g-
ure, the left column shaws the resultsattainedby usinga 3 3 imagepatchasthe
supportfor the algorithmsdecisionrule. The resultsattainedby a7 7 supportare
depictedin the right column. In eachof the changemasksbrighter pointsrepresents
higherprobabilitiesof change.In the secondrow of each gure we depictthe com-
paragramJg ! F. The comparagranis nothing elsethan a generalizatiorof the
featuresvector 2-dimensionakepresentatiomsedso far. Namely the comparagram
is the 2-dimensionajoint histogramof the intensitiesof correspondingixelsin the
two consideredmages(here,the backgroundnodel B andthe currentframeF). The
comparagramrovidesanindicationof theintensitymappingfunctionsbetweenB and
F.

By looking atthechangemasksit is straightforwardpointingouthow theproposed
approaclhoutperformsall theotheralgorithmsin theoutdoorsequenceyheresynthetic
non-linearintensitymappingfunctionshave beenapplied.In theindoorsequencgust
O providescomparableesults.

3.5 Conclusions

In thischaptemwe have presenteadisturbancdactorsinvariantsingle-viev changele-
tectionalgorithmaimedat Itering-out mostof thepossibledisturbancdactorse ects.
Apart from the imaging systemnoisewhich canbe modeledas an additive gaussian
disturb,the globale ectof disturbancdactorson the measuredntensitiesin a small
patchof pixelscanbereasonablyassumedo bea monotonicnon-decreasinmtensity
mappingfunction. Hence,a maximume-likelihoodisotonic regressionprocedurecan
beusedto recognizeanddiscriminatefalseappearancehangesausedy disturbance
factors.We have carriedout experimentsby comparingthe detectionresultsprovided
by the proposedalgorithmwith the onesattainedby threestate-of-the-artlisturbance
factorsinvariantapproachesApart from the quite rarecasein which disturbancdac-
torsyield a linearlocal intensitymappingfunction, the proposedalgorithmgivesthe
bestresults. As well asall the disturbanceactorsinvariantchangedetectionalgo-
rithms, the proposedapproactsu ersof aninherentproblemof misseddetectionsn
correspondencef poorly structuredpatchof pixels. In the next chapterwe presenta
coarse-to- nechangealetectiorapproachwhich solvesthis problemby usingthealgo-
rithm presentedn this chapterat areducedesolutionlevel anda temporallyadaptie
algorithmatthefull resolutionlevel.
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Figure 3.7: Comparatie detectionresults.
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Figure 3.8: Comparatie detectiorresults.
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Figure 3.9: Comparatie detectionresults.
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Figure 3.10: Comparatre detectiorresults.
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Figure 3.11: Comparatre detectiorresults.
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Figure 3.12: Comparatre detectiorresults.
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Figure 3.13: Comparatre detectiorresults.
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Figure 3.14: Comparatre detectiorresults.
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Figure 3.15: Comparatre detectiorresults.
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Figure 3.16: Comparatre detectiorresults.
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Figure 3.17: Comparatre detectiorresults.
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Figure 3.18: Comparatre detectiorresults.
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Chapter 4

Coarse-to-FineApproach

In chapters2 and 3 we have presentedwo very di erentsingle-viev changedetec-
tion approachesEachof the approachebelongsto oneof thetwo di erentclasse®of
changedetectionalgorithmspointedoutin chapterl. In particular atemporallyadap-
tive approachis presentedn chapter2 anda disturbanceactorsinvariantalgorithm
is proposedn chapter3. Thoughthe presentecapproachegrovide good detection
resultsthey su erof di erentproblemswhich unfortunatelyareinherentto every de-
visablealgorithmin their class.In particular temporallyadaptve approachesannot
deale ectively with sudderappearancehange®f thescenebackgroundsurface(e.qg.
sudderscendllumination changesdynamicadjustment®f the imagingsystempara-
meters). On the otherhand,disturbanceactorsinvariantapproachesre very robust
to sudderappearancehangesbut they candetectsemantiacchangegustin correspon-
denceof quite structuredpatchof pixels.

In this chaptewe shov how thetwo approachesanbe usedtogetherin a coarse-
to- ne framework to attainbetterresults. The basicideaconsistsin assigningto an
e cientpreliminarycoarse-lgel (reducedesolutionlevel) thetaskto Iter -oute ec-
tively most of the possiblefalseappearancehangesthus providing the subsequent

ne-level (full resolutionlevel) with acoarse-graimeliableandtight supermaskof the
semanticallychangedoixels. In particular we apply the disturbancdactorsinvariant
changedetectionalgorithm proposedn chapter3 at a reducedresolution. In other
words,reducedesolutionversionsof the backgroundnodelaswell asof the currently
processedramearecomputedsothatthe backgroundsubtractioralgorithmof chap-
ter 3 canbe appliedto these’smaller” images. The attainedcoarse-grairsupermask
canbe usedat the ne-level for a threefoldpurpose. Firstly, it canactasa reliable
work-aredfor the ne-level detectionthathasjustto switch-o the pixelsit detectsas
unchanged.Secondly the complemenbf thesesupermask(thatis a tight sub-mask
of the semanticallyunchangedixels) canrepresenta just as reliable work-areafor

65
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a robust selectve backgroundupdatingprocedureat the ne-level (the ne-level is a
temporallyadaptve backgroundsubtractionalgorithm, hencea continuousupdating
of the backgroundappearancenodelhasto be carriedout). Finally, the complement
canbeusedalsoto infer informationon globalfalseappearancehangegossiblyoc-
curring in the scene,suchasthosedueto global sceneillumination changesand to
dynamicadjustment®f theimagingsystemparameterssothata tonalregistrationof
the ne-level currentbackgrounctanbe carriedout. In this way, the temporallyadap-
tive changedetectionalgorithmusedat ne-level canfacesudderappearancehanges
aswell.

The chapteris organizedasfollows. In section4.1the proposedoarse-to- neap-
proachis presentedExperimentatesultsarediscussedn section4.2 andconclusions
aredrawn in section4.3.

4.1 The ProposedApproach

From the full resolutionbackgroundB andthe full resolutioncurrentframe F ( g-
ures4.1(a,b)),the -reducedresolutionversions B and F ( gures 4.1(c,d)) are ex-
tractedby aregular resolutionreduction.Namely boththe full resolutionimagesare
dividedinto equalnon-overlappingsquareblocksof sidelength pixels(in gure 4.1
avalue = 8isused).To eachblockis assigned uniquegrey level by computingthe
medianof theintensitiesof all the pixelscontainedn the block. Resolutionreduction
by medianintensity commuteswith imagestransformationdy orderpreserving(i.e.
monotonicnon-decreasingintensity mappingfunctions. Hence,disturbancefactors
yield local orderpreservingntensitytransformationst reducedesolutionaswell, so
that the assumptionstandingat the basisof the algorithm proposedn chapter3 is
still valid. Thisis not rue, for example,by computinga resolutionreductionby mean
intensity Actually, the reducedresolutionbackgrounds computedonceand for all
at the beginning of the elaboration. In fact, di erently from the temporaladaptve
approachegjisturbancdactorsinvariantalgorithmsneednot to updateheappearance
backgroundnodel.In particular thereducedesolutionbackgroundnodelis extracted
from thefull resolutionbackgroundnodelgeneratedby the ne-level backgroundni-
tialization procedure.On the contrary the reducedesolutioncurrentframehasto be
extractedat eachprocessingtepfrom thenew incomingframe.

Hence,at eachprocessingime we apply the algorithmpresentedn chapter3 by
usingthe reducedresolutionbackgroundand currentframe, thus attaininga reduced
resolutionchangeprobability map ( gure 4.1(e)). The map givesfor eachpatchof
pixelsin thereducedesolutiondomain thatis for eachpatchof blocksof pixelsin the
full resolutiondomain, the statisticaldistancebetweenthe measuredeaturesvector
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Figure 4.1: Main processingtepsof the proposedoarse-to- neapproach.

andthe sub-spacef all the isotonicfeaturesvectors. In otherwords,the mapgives
for eachblock a measuref the probabilityto be theimageof a semanticallychanged
scenebackgroundsurfacepatch. Themapis corvolvedby a3 3 gaussiarkernel,thus
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attaininga”smoother’changeprobabilitymap( gure 4.1(f)). Thesmoothmapis then
thresholded gure 4.1(g)), lled anddilatedbya3 3 binarykernel( gure 4.1(h)). As
pointedoutin chapter3, we areusinga disturbancdactorsinvariantchangedetection
algorithmwhichinherentlysu ersof themisseddetectiongproblemin correspondence
of poorly structuredpatchof pixels (here,of blocksof pixels). Onthe otherhand,the
algorithmhasvery gooddetectioncapabilitiesn correspondenacef structurecpatches.
In particular foregroundobjectsboundariesaredetectedn a quitecontinuousmanner
Here,we are applyingthe algorithmat reducedresolution. The e ectis thatthe de-
tectedcoarse-grairobjectsboundariesare almostalways continuous. In practice,at
reducedesolutionthe applicationof simplebinarymorphologicaklaborationgllows
to solve the misseddetectiongproblem,so that reliable supermasksof the semanti-
cally changedixelsareverylikely to beattained.Cornversely thecomplementsf this
changemasksareverylik ely to containjust semanticalljunchangegbixels. Therefore,
bothin thefull resolutionbackgroundandin thefull resolutioncurrentframethe pix-
elsbelongingto the complemenbf the currentlycomputedcoarse-graithangemask
arevery likely imagingthe scenebackgroundsurface( gures 4.1(i,k)). In particular a
commonpixel in the backgroundandin the currentframeis imagingthe samescene
backgroundsurfacepatch.Sincethe coarse-lgel detectiorwe areusingis very robust
to evenveryfastappearancehange®»f thebackgroundurface asit is thecasen g-
ure 4.1, the complemenof the computedcoarse-grairthangemaskcanbe exploited
to "understandthe e ectsof the occurringappearancehangedeforethe ne-level
detectionis performed.In practice the measuredntensitiesin the backgroundandin
the currentframefor all the pixels belongingto the complementanbe "compared”
to infer the intensity mappingfunction that bestexplainsthe appearancehangesf-
fects. In gure 4.1(j) we shawv the comparagrancomputedby usingthe background
andcurrentframeintensitiesof all thepixelsin thecomplementTheintensitymapping
functionmaybe computedoy a simplecomparagramegressionafterhaving assumed
a parametricfunctionalform. To avoid arbitrary assumptionsye usean alternatve
method,calledhistogramspeci cation. In practice thetwo cumulative histogramf
the intensitiesof the complemenipixelsin the backgroundandin the currentframe
arecomputed.The intensitymappingfunctionis inferredby looking for the function
which besttransformshe backgroundhistograminto the currentframehistogram.in
gure 4.1(j) we show theintensitymappingfunctioninferredby the histogramspeci -
cationprocedureby drawing it onthe comparagram.

Oncethe intensity mappingfunction hasbeencomputed,t canbe appliedto the
currentfull-resolutionbackgroundnodel. In this way we performatonalregistration
of the backgroundtoward” the currentframe. Whatwe aredoingis ltering-out the
e ectsof the scenesurfaceappearancehanges.As a consequencehe subsequent
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ne-level will alwayshave at disposala tonally registeredbackgroundnodel,evenin
caseof sudderchangesMoreover, sincethecoarse-graichangeanasksarevery likely
asupersebf thesemanticallychangedixels, just the foregroundpixelsin the coarse-
grainchangemaskshaveto beconsideredin practice for eachof thesepixelsthe ne-
level computeghe backgroundsubtractiorby comparingthe intensitiesin the current
frameandin theregisteredbackgroundIn gure 4.1(I) we shav the ne-level change
maskattainedby applyingthe backgroundsubtractionprocedurgoroposedn chapter
2. Figures4.1(m,n)depictthe nal changamask,attainedaftera simplemorphological
elaboration.

4.2 Experimental Results

We presenthe detectionresultsof the proposedcoarse-to- neapproachor two dif-
ferentsampleframes eachonebelongingto adi erentvideosequenceln gure 4.2a
sampleframeof anindoorvideo sequencés takeninto considerationin particular a
realscenellumination changga scenedarkening)is occurring,yielding aquitelinear
intensity mappingfunction. In gure 4.3 a frame of an outdoorsequencés shawvn.
Here,a syntheticnonlinear intensitymappingfunction hasbeenappliedto the frame
beforethe elaboration. It is straightforward noticing how in both the casesthe pro-
posedapproachallows to attain quite accuratechangemasks. Theseresultscan be
attainedneitherby thetemporallyadaptve approactpresentedn chapter2 nor by the
disturbancéactorsinvariantalgorithmproposedn chapter3.

4.3 Conclusions

In this chapterwe have presentedh single-viev changedetectionapproachbasedon
a coarse-to- nestrat@y. In particular we have shovn how a disturbanceactorsin-
variantapproactandatemporallyadaptie approactcanbe usedtogetherin acoarse-
to- ne framawork to attainvery gooddetectionresults. This approachallows to deal
e ectively with all thedisturbancdactorsyieldinge ectscorrespondingo global(i.e.
spatiallyinvariantin the entireframe)intensitymappingfunctions. Actually, very lo-
cal falsechangessuchasthosedueto specularitiesand shadaevs castby foreground
objects,cannot be Iter -out by the algorithm. In the next chapter we shav how a
multi-view changedetectionrapproachallows to facethis challengingoroblemaswell.
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Figure 4.2: Main processingtepsof the proposecdoarse-to- neapproactfor a sampleframe
of anindoorsequencén which areal scendllumination changds occurring.
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Figure 4.3: Main processingtepsof the proposecdoarse-to- neapproactor a sampleframe
of an outdoorsequencén which a syntheticnon-linearintensity mappingfunction hasbeen
applied.
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Chapter 5

Multi-view ChangeDetection

By meansf a coarse-to- nestratgy, the single-viev changedetectionapproactpre-
sentedn the previouschapterallows to attainaccuratechangemasksalsoin casethat
mostof the possibledisturbancdactorsareacting. In particulay quite "global” scene
illumination changesswell asall thepossibledisturbancéactorsdueto the capturing
device (e.g. noise,AE, AGC, -correction)canbe dealtwith e ectively by the pro-
posedalgorithm.Onthecontrary thee ectsof verylocal scenellumination changes,
suchasthosedueto specularitiesandto shadevs castby foregroundobjects,canbe
Itered-out neitherby thedisturbancdactorsinvariantcoarse-lgel nor by the tonally-
registeredtemporallyadaptve ne-level. Indeed,specularitiesare inherentlya very
hard-to-sole problemin changedetection,sincetheir e ectis often very local and
strongly dependenbn the scenesurfacephysicalproperties. In otherwords, specu-
lar re ection is a complex phenomenomvhich yields hardly predictablee ectsonthe
measuredmageintensities.Thisis evenmorethe casefor changedetectionfrom grey
level images,whereno color informationcanbe exploited to recognizespecularities
e ects.As regardsshadavs, mary algorithmshave beenproposedhimedat detecting
andremoving imagechangeslueto shadevs from single-viev videosequencesMost
of themrely onphotometricassumptionsoncerninghelocale ectsof shadevsonra-
dianceemittedby the scenesurface thatis onthe measuredntensities.In this chapter
we presenta multi-view changedetectionapproachaimedat Itering-out all thelocal
falseimagechangedy exploiting justa geometricatonstraint.

Thechapteiis organizedasfollows. In section5.1the multi-view changedetection
problemis de ned andformalized. In section5.2 the state-of-the-artn multi-view
changedetectionis outlined. The proposedalgorithmis presentedn section5.3. Ex-
perimentatesultsarediscussedh section5.4andconclusionaredravnin sections.5.
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5.1 ProblemDe nition and Formalization

At timet = t , theinput | ¢ of a typical multi-view changedetectionalgorithmis a
matrixof (T+1) V di erentsceneamagesasillustratedin gure 5.1(a):

|1 12 Y
tT t T tT
lr=8§ ° : 5.1
|1 |2 R 0 1)
t1 t1 t1
1 2 \Y
I If g

whereV is the numberof di erentview-pointsand (T + 1) is the numberof dif-
ferentimagestaken asinput for eachview-point. In particulay eachcolumn S} =
R A b - representadi erentinputvideosequencehatis it contains
asetof (T+1) scenamagescapturecatdi erenttimesfrom the sameview-point. On
the otherhand,eachrow R; = I%; 12; :::; IY containsa setof V sceneimages
takenatthesametime from di erentview-points.

At timet = t, theoutput O of atypical multi-view changedetectionalgorithmis
in generala setof changemasksthatis of binaryimages.In particular threedi erent

outputtypesarepossible:

0.1) the outputconsistsof V di erentchangemasks thatis a changemaskis com-
putedfor eachoneof theoriginal views ( gure 5.1(b)):

O = CL C3 iy Y (5.2)

0.2) the outputconsistsof a single changemask,computedfor one of the original
views, calledthe"reference”or "primary” view ( gure 5.1(c)):

O = C-  r2[LV] (5.3)

0.3) the outputconsistsof a single changemask,computedfor a virtual view ( g-

ure5.1(d)):

In general,a multi-view changedetectionalgorithmis a procedureaimedat com-
putingthe output Of giventheinput | ¢:
O = CDw(l 1) (5.5
Asregardsthedi erenttypesof possibleprocedureswe de ne:

c.1) tempoal consistencygonstraint:the framescontainedn a columnof theinput
matrix | ¢ of equation5.1 areimagesof the samesceneakenatdi erenttimes
from the sameview-point;
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Figure5.1: Typical inputandoutputsof a multi-view changedetectionalgorithm(V = 3).

c.1) spatial coheenceconstraint:the framescontainedn arow of the input matrix
|  of equation5.1 areimagesof the samescenetaken at the sametime from
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di erentview-points;

By applyingjustthetemporakonsisteng constraintwe performV independergingle-

view changedetectionspnefor eachdi erentview-point. On the otherhand,by ap-

plying just the spatialcoherenceonstraintthe simplestmulti-view changedetection
approachs attained.In practiceateachtimet the output O is attainedby processing
therow Ry, thatis by comparingall the currentsimultaneousceneimagescaptured
fromdi erentview-points.Finally, by applyingboththetemporalconsisteng andthe

spatialcoherenceconstraints all the available informationis exploited. Hence,this

is in theorythe moste ective approach.We presenta multi-view changedetection
algorithmof this type. In particular we apply the temporalconsisteng constraintas

a rst processingstepby performinga single-viav changedetectionin eachoriginal

view. Then,the spatialcoherenceonstraintis appliedby computinga "fusion” of the

attainedchangemasksn avirtual top-view.

5.2 RelatedWork

In [2]] a"lighting independentmulti-view changedetectionalgorithmis presented.
Stationarityof the capturingdevicesaswell asof the scenebackgroundurfacegeom-
etryis assumedsothatthe geometriaransformationsvarpingoneof 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 spatialcoherenceonstraintis applied. In practice,at eachtime the color of
every pixel in the primary view is comparedwith the color of correspondingpixels
(throughthe geometrictransformationsin the auxiliary views. If coloris similar (ac-
cordingto a simplemetric consistingin the absolutevalueof the Euclideandistance),
thepixelin theprimaryview is markedasbackgroundptherwiseijt is markedasfore-
ground.This approachinherentlysu ersfrom bothfalseandmisseddetectionsFalse
detectiongcalled”occlusionshadavs”) occurwhenabackgroundgpixel in theprimary
view is occludedby aforegroundobjectin theauxiliary view. Misseddetectionsccur
whenanevenly coloredforegroundobjectoccludesa pair of correspondingixels,for
color beingvery similar. The authorsproposeto lter -out falsedetectionsby using
morethantwo views (at leasttwo auxiliary views) and ANDing the binary masksat-
tainedby comparingthe primary view to eachof the auxiliary views. However, they
do notdiscusshow to dealwith misseddetections.

Thework in [25] is aimedatimproving the approactproposedn [21]. Asin [21],
thechangemaskin theprimaryview is computedy justapplyingthespatialcoherence
constraintHowever, thefollowing improvementsareproposed:
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a) aslightly morecomplex ande ective metric (i.e. anormalizedcolordi erence
averagedonan n neighborhoodf pixels)is usedto measureolor similarity
betweercorrespondingixelsin di erentviews;

b) the occlusionshadaevs problemis addressedby a sensoplanningperspectie.
In particular it is shovn how falsedetectionsanbe removedby usingjust two
views, providedthata suitablecon guration of the capturingdevicesis adopted;

¢) themisseddetectiongproblemis tackledaswell. Theparticularsensorgon gu-
rationadoptedo Iter -out occlusionshadevs yieldsmisseddetectiondocalized
only atthelower portionof eachdetectedoregroundblob. However, acomplex
andquite fragile algorithmis proposedo lI-in the possiblemisseddetections.
In fact,for eachforegroundblob in the primaryview detectedy the spatialco-
herenceconstrainapplication all the "top-most” pixelsalongeachepipolarline
passinghroughthe blob bounding-boxareidenti ed. For eachof thesepixels,
the correspondingbase-point’pixel is computedthatis the pixel lying belov
onthegroundplane.The computatioris performedby aniterative searchalong
theepipolarline throughthetop-mostpixel;

d) specularitiegendto beremovedasasidee ectof the misseddetectiongeduc-
tion algorithmexplainedin c).

Both the algorithmsin [21] and[25] rely on the assumptiorthat a patchof the
scenebackgroundsurfaceyields a very similar color into simultaneousmagestaken
from di erentview-points( gure 5.2). If thisis true, a total invarianceto temporal

Figure 5.2: Samplepatchof a scenebackgroundsurfaceimagedsimultaneoushby di erent
view-points.

change®f theradianceemittedby the scenebackgroundsurface(e.g. scendllumina-
tion changesshadavs)is achieved,sincesuchchangewill a ectsimultaneousiews
in an identical manner However, in practicethis assumptiormay not be satis ed,
mainly for two reasons Firstly, in caseof non-lambertiarsurfacesthe re ected light
intensity dependson the viewing angle(specularre ection). Secondly dynamicad-
justmentsof the capturingdevicesparameterge.g. auto-gainandauto-eposure)may
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occurfor di erentviews atdi erenttimesandby adi erentintensitymappingfunc-
tion. As for specularities| 25 candealwith this problemasasidee ectof themethod
usedto reducemisseddetections.Conversely dynamicadjustmentof imaging sys-
temsparametergannotbe handledinherentlyby neither[21] nor [25]. In turn, [21]
recommendsxplicitly to disablethe auto-gainmechanisnof the capturingdevices.
However, to disablethesedynamicadjustmenimechanismss a stronglimitation in
mary practicalapplicationsgspeciallyasregardsoutdoorinstallations.

The mostrelatedwork to the approachwe aregoingto proposein this chapteris
that presentedn [23]. It is focusedon trackingbut relies on multi-view changede-
tectionasthe rst processingstep. Peoplemoving on a groundplane(i.e. a planar
backgroundsurface)are tracked by their groundlocations,that is the feet. At each
processingime, feetaredetectedy a multi-view changedetectionapproachthatwe
call here"ChangeMaps Fusion” (CMF): the groundplanehomographiesvarpinga
referenceview into eachof the otherviews areinferredo -line. On-line, single-viev
changedetectionis performedndependentlyn eachview to attaina changeprobabil-
ity map.To this purposeawell-known backgroundsubtractioralgorithm([ 37]) based
on a statisticaltemporallyadaptve backgroundmodelingby mixture of gaussianss
deployed. Hence the computedchangeprobability mapsarewarpedin the reference
view by usingtheinferredhomographiesndthenmultiplied together thusattaining
a "synerlgy map”. It is easyto understanchow this map givesfor eachpixel in the
referenceview the probability to be the image of a scenebackgroundsurface patch
(i.e. of thegroundplane)for which theemittedradiancas changedwith respecto the
currentappearancbackgroundnodelandaccordingo thechosersingle-viev change
detectionalgorithm). Finally, the synegy mapis thresholded By this procedurethe
authorsassumeo detectjust the groundplanelocationsof people,thatis the feet.
Hence feetaretrackedin thereferenceview by a spatio-temporatiusteringapproach
(graphcuts). However, the proposeduseof the CMF approachwill inherentlydetect
asforegroundnotjust thefeetbut alsopossibleappearancehange®f the sceneback-
groundsurfacedueto specularitiesandshadaevs, unlesssuchchangesre Itered-out
by the single-viev changedetectionprocesse§indeed this would not happerwith the
approactusedin [37]). Hence detectionof shadevs or specularitiesn additionto feet
is likely to inducefailuresin thetrackingalgorithmproposedn [23].

5.3 The proposedalgorithm

We assumea stationaryscenebackgroundsurfaceand stationarycapturingdevices.
Moreover, we considera planarbackgroundsurface(hereinaftergroundplane). O -
line, for eachoriginal view v we infer the homographyH" warpingeachpixel (x¥; y¥)



MULTI-VIEW CHANGE DETECTION 79

imaging a groundplanepatchin the original view into the pixel (x';y") imagingthe

samegroundplanepatchin acommonvirtual top-view T:

h\:I/-V XVV+ h\év yVV+ h\é

h, x’+hg y'+1

yT h\GIV XVV+ h\7IV yVV+ h\8/
hy, x’+hg y'+1

X =

8
H : RP3(Xy) 71 (x";y) 2R HY: § (5.6)

whereh = (h};h%;:::;hy) is thehomographyarameterarray Theinferences com-
putedby consideringasetof N> 4 choseroriginal view $ top-view pointscorrespon-
dences:
(X)) 74 (X{yp)
(G:¥5) 70 (G:Y;)

(5.7)
O YD 71 (<G v
andby solvingthefollowing over-determinedystemof linearequations:
Y'Yy 10 0 0 X x| W XI y
0 0x{yil X vi viviER,
: EHE
' 118 (5.8)
Yy 10 0 0 X X§ W, x[‘ .
00Xy X i Wow °
AV h =
In particular a simpleleastsquaresolutionis computedasfollows:
h= (A A ' (AY) b (5.9)

An input and outputexamplefor the homographiesnferenceprocedures illustrated
in gure 5.3

As far asthe on-line elaboratioris concerned gure 5.4), ateachprocessindime
t the temporalconsisteng constraintis rstly appliedby performinga single-viev
changedetectionindependentlyn eachoriginal view. A setof V binarychangemasks
C!, onefor eachoriginal view v, is attained( gures 5.4(d-f)):

C/ = CDs(S) v=12:::;V (5.10)

The spatial coherenceconstraintis thenappliedby projectingall the changemasks
(actually just the changemasksportion insidethe groundplanelimits are projected)
into the virtual top-view, thusattaininga setof V top-view changemasksCQ’;T (o-
ures5.4(g-i)):

c'm = HYCY (5.11)
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Figure5.3: O -line inferenceof theoriginal views $ top-view homographies

Hence,a commontop-view changemaskC;/ is attainedoy computingtheintersection
of all thetop-view changemasks( gure 5.4())):

T — Y v v, T
cli) = G (5.12)

The procedurenutlinedsofaris very similar to the changemapsfusion approactpre-
sentedn [23]. Theonly di erences thatchangemapsbinarizationis performeddi-
rectlyasa nal processingtepof thetemporalconsisteng constraintapplication.On
theotherhand,in [23] binarizationis carriedoutin thevirtual top-view afterthespatial
coherenceonstrainthasbeenappliedaswell. We cancall change masksfusionthis
slightly di erentapproachand synegy maskthe binary maskof equation5.12 The
synegy maskis nothingelsethana binary (i.e. thresholded)ersionof the synegy
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Figure 5.4: On-line main processingstepsof the proposedmulti-view changedetectionap-
proach

mapcomputedn [23]. In practice thesynegy maskcontainsthe pixelscharacterized
by a high probability to be the imageof a groundplanepatchfor which the emitted
radiances changedi.e. peoplefeetaswell asshadaevs castby peopleon the ground
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plane). Now, we utilize the synegy maskin a "dual” mannerwith respectto [23].
Insteadof looking at the synegy maskasto a detectionof just the foregroundobjects
groundlocations(peoplefeet), we considerit asa detectionof just the falsechanges
dueto variationsof the groundplaneemittedradiance(shadavs). Hence,insteadof
consideringthe synegy maskasthe nal outputof the multi-view changedetection,
we back-projecthe synegy maskinto all the original views, thusattaininga setof V
original views synegy masksC, ":

cV=mHY)?td (5.13)

Finally, for eachview vwe Iter -outtheforegroundpixelsof thejustcomputedriginal
view synegy maskCtT;" from the previously computedriginal view changemaskCy,
thusattaininga setof V nal changemasksC}"' ( gures 5.4(k-m)):

8 .
20 it C(p=1

Cv;f -
o (P) -$C¥(p) otherwise

(5.14)

Di erentlyfrom [23], wherethe outputis a singlechangemaskin thevirtual top-view,
we attaina setof V changemaskspnefor eachdi erentview.

Theproposedpproachs "general-purpose’in thesensedhatall the sceneappear
ancechangesletectedy theemployedsingle-viev changedetectioralgorithmwhich
satisfy the spatialcoherenceconstraint(i.e. which arise”near” the groundplanein
a 3-dimensionakense)re Itered-out. In fact, no selectvity criterionis utilized in
the removing rule of expressions.14. In practice,just a geometricakonstraintis ap-
plied, without consideringarny photometrianformation. On onehandthis approachs
general-purposéyut on the otherhanda misseddetectiongroblemmay arisedueto
thefollowing two causes:

a) partof the foregroundobjectsgroundlocations(peoplefeet) may be removed
togetherwith the actualfalse changegshadaevs) from the nal changemasks
(gure 5.4(k)). Thisis aninherentandeasyto understangroblemof the pro-
posedapproachsincegroundlocationsof foregroundobjectsyield appearance
changedying "near” the groundplane(i.e. they satisfythe spatialcoherence
constraint);

b) some’o -ground”portionsof the foregroundobjectsmay be removedaswell.
This may occur for the original views in which the groundplane appearance
changesare coveredby foregroundobjects( gure 5.4(I)). This is aninherent
problemaswell. In general,the higheris the numberof foregroundobjects
presenin the scenethehigheris the probability of this problemto occur

To facethesetwo inherentproblems,we proposea less”general-purposetemoring
rule thanthe onein expressions.14 We call this rule a "shadavs-focusedremoving
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rule. In fact,we try to computea selectve removal of justthegroundplaneappearance
changedlueto shadevs. To this purposewe exploit simple, well-known and com-
monly usedphotometricpropertiescharacterizingcenesurfacescoveredby shadavs.
The basicideais that the measuredntensity of a pixel imaginga scenebackground
surfacepatchdecreasesccordingto a limited darkeningfactord when coveredby
a castshadav, independentlyfrom the consideredview-point. Hence,the selectve
"shadavs-focused’temaoving rule is thefollowing:

5 FY (D)
if Ty, - A diow t
C'(p) = §o TGPEL T dow< gy <1 (5.15)

7~ C{(p) otherwise

wheredoy, is the lower darkeningfactorassumedor shadavs e ectandF, E}’ are,
respectiely, the currentframeandthe currentbackgroundmodelusedby the single-
view changedetectionalgorithmin the original view v. In practice,for eachview v
the nal changemask(:}’;f is not attainedby Itering-out blindly all the foreground
pixelsof theoriginal view synegy maskCtT“’ from the original view changemaskCy'.
Instead just the foregroundpixels satisfyingthe shadavs photometricconstraintare
removed.

5.4 Experimental Results

Experimentshave beencarriedout by elaboratingseveral multi-view input video se-
guencesall takenby thesameoutdoomulti-view installation. Theinstallationconsists
of threesynchronizedcapturingdevicesimaginga commonscengrom very di erent
view-points. Here we presentthe detectionresultsfor four di erentcapturingtimes
(i.e. for four di erenttriples of simultaneougrames)of one of thesesequencesin
gures 5.5-5.8the on-line main processingtepsof the proposedalgorithmareshavn
for eachoneof thefour chosercapturingtimes. In particular theresultsattainecby the
general-purposapproachblind removing rulein 5.14) aredepicted.To point-outhow
theshadevs-focusedpproachselectveremovingrulein 5.15 canimprovethedetec-
tion results,in gures 5.9-5.12we directly comparethe changemasksattainedby the
general-purposandthe shadavs-focusedrersionsof the proposednulti-view change
detectionalgorithm. In particular a valued,,, = 0:5 is usedin the shadevs-focused
remaoving rule.

5.5 Conclusions

In this chapterwe have presenteda multi-view changedetectionapproachaimedat
beingvery robustto mostof the possibledisturbancdactors.To this purposethetask
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to Iter -outthee ectsof "global” falsechangessuchasthosedueto globalscendllu-
minationchange®r to dynamicadjustment®f the capturingdevicesparameterge.g.
AE, AGC and -correction)is assignedo a single-viev changedetectionperformed
independentlyn eachoriginal view (for example by thealgorithmpresentedh chapter
4). A very hard-to-sole problemin single-viev changedetectionis thee ectof local
change®f theradianceemittedby the scenebackgroundsurface(e.g. changeglueto
specularitieandshadaevs castby foregroundobjects).By applyingthe spatialcoher
enceconstrainasa nal processingtep,the proposednulti-view approachlters-out
e ectively all theselocal falsechangesas pointedout by experiments. However, a
misseddetectionproblemmayarise,dueto causesvhichareinherentto the proposed
algorithm. For this reasona lessgeneral-purposgersionof the algorithmhasbeen
proposedaimedat removing justlocal falsechangesiueto shadevs. Sincethe avail-
able samplemulti-view sequenceareall characterizedby the presencef local false
change®nly dueto shadaevs, the shadevs-focusedapproactyields betterresultsthan
thegeneral-purposapproach.
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Figure 5.5: On-line main processingstepsof the proposedmulti-view changedetectionap-
proach(general-purposeersion)for frame76.
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Figure 5.6: On-line main processingstepsof the proposedmulti-view changedetectionap-
proach(general-purposeersion)for frame123.
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Figure 5.7: On-line main processingstepsof the proposedmulti-view changedetectionap-
proach(general-purposeersion)for frame333.
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Figure 5.8: On-line main processingstepsof the proposedmulti-view changedetectionap-
proach(general-purposeersion)for frame355.
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Figure5.9: Comparisorbetweerthechangemasksattainedby thegeneral-purposgentenmrow)
andthe shadavs-focused(bottomrow) versionsof the proposedmulti-view changedetection
approacHor frame76 (top row).

Figure 5.10: Comparisorbetweenthe changemasksattainedby the general-purposécenter
row) andthe shadws-focusedbottomrow) versionsof the proposednulti-view changedetec-
tion approactfor frame 133 (top row).
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Figure 5.11: Comparisorbetweenthe changemasksattainedby the general-purposécenter
row) andthe shadavs-focusedbottomrow) versionsof the proposednulti-view changedetec-
tion approactfor frame333(top row).

Figure 5.12: Comparisorbetweenthe changemasksattainedby the general-purposécenter
row) andthe shadws-focusedbottomrow) versionsof the proposednulti-view changedetec-
tion approactfor frame355 (top row).



Chapter 6

Conclusions

This thesisdealswith the developmentandevaluationof changedetectionalgorithms
aimedat beingrobustto mostof the possibledisturbancdactorsarisingin thetypical
unconstraineenvironmentsconcernedy the mostcommonchangedetectionappli-
cations(e.g.video-sunreillancetra ¢ monitoring).

Two very di erentchangedetectionapproachesiave beenpresentedn chapters
2 and3. The algorithmproposedn chapter2 is a temporallyadaptve method,that
is it relieson a statisticalappearancenodel of the scenebackgroundsurfacewhich
hasto be updatedalongtime. As well asall the algorithmsof this type, the proposed
approactyieldsaccuratedetectionresultsin "common” casesthatis whenno sudden
appearancehangeof the scenebackgroundsurfaceoccur On the contrary if these
change®ccuraremarkabldalsedetectiongproblemunasoidablyarises. Theapproach
presentedn chapter3 is a disturbancdactorsinvariantalgorithm. The classi cation
of eachpixel of the currentframeaschangedr unchangeds carriedout by exploiting
the information containedin a neighborhoof pixels. In particular the hypothesis
thatjust disturbancdactorsare actingin the neighborhoods testedby a maximum-
likelihoodisotonicregressiorapproach.The backgroundnodelhasnotto be updated
anddisturbancdactorsaredealtwith e ectively. However, aninherentmisseddetec-
tionsproblemarisesn correspondencef "poorly structured’sceneregions.

In chapterd we shav how thetwo algorithmscanbe usedtogetherto attainavery
e ective changedetectionapproach.In particular by usingthe algorithmswithin a
coarse-to- neframawork all the"global” e ectsof disturbancdactorsare Itered-out
e ectively. However, verylocale ectscannotbedealtwith by this approach.

In chapters we proposea multi-view changedetectionaimedatimproving there-
sultsattainedby thesingle-viav coarse-to- neapproachthatis at Itering-out possible
local e ectsof disturbancdactors,suchasshadaevs andspecularities We shav how
the applicationof the multi-view spatialcoherenceconstraintasthe nal processing

91
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step(i.e. afterthetemporalconsisteng constraint)allows to remove quitee ectively
thislocalfalsechangesswell.

Dependingon the single-viev or multi-view availableinstallation,the algorithms
presentedn chapterst and5 allows to attainaccuratechangemasks.Hence they can
be usedase reliable rst processingstepuponwhich higherlevel capabilities(e.g.
objectstracking,classi cationandbehaior analysis)canbe built.

Partsof theresearchesultspresentedh this thesishave beenpublishedn [4], [3],
[8]. [7], [6], [5], [24]. Theotherresultswill bethe subjectof future papers.
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