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ABSTRACT

Backgroundsubtractionisanessentialstepintheprocessofmonitoringvideos.Severalworkshave
proposedmodels to differentiate thebackgroundpixels from the foregroundpixels.Mixtures of
Gaussian(GMM)areamongthemostpopularmodelsforasuchproblem.However,theuseofa
fixednumberofGaussiansinfluenceontheirresultsquality.Thisarticleproposesanimprovement
oftheGMMbasedontheuseoftheartificialimmunerecognitionsystem(AIRS)togenerateand
introducenewGaussians insteadofusinga fixednumberofGaussians.Theproposedapproach
exploitstherobustnessofthemutationfunctioninthegenerationphaseofthenewARBstocreate
newGaussians.TheseGaussiansarethenfilteredintotheresourcecompetitionphaseinordertokeep
onlyonesthatbestrepresentthebackground.ThesystemtestedonWallflowerandUCSDdatasets
hasprovenitseffectivenessagainstotherstate-of-artmethods.

KeywoRDS
Background Pixel, Background Subtraction, Foreground Pixel, Gaussian Model, Moving Objects, Pixels 
Classification, Static Objects, Video Surveillance

INTRoDUCTIoN

Movingobjectssegmentationfromscenesthatarecapturedwithastationary/non-stationarycamera
isoneofthemostdifficultandinterestingactivitiesincomputervision(Brutzeretal.,2011;Limand
Keles,2018b).Subtractingthebackgroundrequiresapowerfulmethodthatensuresagoodseparation
betweenthebackgroundandtheforeground.

Intheliterature,thereareseveralmethodsfordetectingmovingobjectswithoutknowingany
priorinformationaboutthem(Toyamaetal.,1999).Generally,allthesemethodssharethefollowing
steps(Bouwmans,2012):

Background Initialization
Inthisstep,aprimarybackgroundmodelisconstructedandlearnedbyasetofframesthathave
nomovingobjects.Therearemanywayswhichcanbedesignedthismodellike(statistical,fuzzy,
neuro-inspired,etc.).
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Foreground Detection
After initializing thebackgroundmodel, each frame is comparedwith thebackgroundmodel to
definetheforeground.

Background Maintenance
Duringthisstep,allsettingsofthebackgroundmodelareupdatedtopickupanynovelchangesin
thebackgroundwithinavideo.

GMMisoneofthemostpopularmethodsthathasachievedconsiderablesuccessindetecting
changes invideos.However, thismethodhas failed inproblemsrelated to: lightingchangesand
hiddenareas.SeveralstudiesshowedthatthenumberofGaussiansinGMMinfluenceontheresults
quality.ThecontributionofthisworkistomanagedynamicallythenumberofGaussiansbasedon
theAIRSalgorithminsteadoffixingthemaprioribytheuser.Thispaperproposestogenerateaset
ofnewGaussiansusingtwodifferentstrategies:thefirstone(Randomgeneration)usestheAIRSto
improvethesystemdecisionwhilethesecondone(Directedgeneration)usestheAIRStoimprove
theGMMlearningphase.

Random Generation
Firstly,thesystemstarswithalearningphaseusingtheGMMalgorithm.Duringtheclassification
stage, the AIRS generates several Gaussian models using Memory cell identification and ARB
generationprocessforallpixelsregardlesstheirnature.Thesemodelsarefilteredaccordingtothe
resourcecompetitionandmemorycelldevelopmentprocessoftheAIRSalgorithmtoselectonlythe
bestmodels.OncetheAIRSalgorithmisfinished,theGMMmethodisusedtodecidethepixelsnature.

Directed Generation
ItbeginswiththesamefirststepasarandomgenerationmethodandconsiststoapplyMemorycell
identificationandARBgenerationprocessonlyforpixelsrepresentingthebackground.Indeed,the
systemusedtheGMMalgorithmtofilterbackgroundfromforegroundpixelsbeforethemutation
processtoreducethetimeconsumedtogeneratenewmodelsandtoimproveaccuracysincethe
mutationprocessisbasedonlyonpixelsrepresentingthebackground.

Tocoverallsections,thepaperisorganizedasfollows:Section2providesanoverviewofliterature
worksrelatedtobackgroundsubtractioninwhichweproposedataxonomy.Section3and4present
adefinitionofmethodsused(GMM,AIRS).Section5isdedicatedtoourcontributioninwhichwe
present twopropositions.SomeexperimentsonWallflowerandUCSDdatasetsarediscussed in
section6.Section7concludesthepaper.

ReLATeD woRKS

Subtractingthebackgroundfromvideosremainsacrucialproblemduetothebackgroundvariations.
Severalstudieshavebeenproposedtoimprovethequalityofbackgroundsubtractionresults.These
studiescanbedividedintotwogroups:thefirstgroupisfocusedonselectingagoodfeature(color,
texture,edge),whiletheothertrytochoosethebestalgorithmforvideochangesdetection.Among
theapproachesthatareinterestedinselectingtherightfeatures:

St-Charlesetal.(2015b)proposedanewuniversalpixel-levelsegmentationmethodbasedon
theselectionofspatiotemporalbinaryfeaturesandcolorstodetectvideochanges.Authorsin(Wang
etal.,2018)exposedatypeofmulti-viewlearningbasedontheuseofheterogeneousfeaturessuch
as:brightnessvariation,chromaticityand texturevariation todefinebackgroundand foreground
pixels.In(Alleboschetal.,2015),authorsproposedamodelthatcombinesRGBcolorspaceand
edgedescriptorstoclassifythepixels.



Recently,manyworksfocusedonthedevelopmentofparametricmodelsforthebackground
subtraction. Among this works: Wren et al. (1997) proposed a unimodal representation of the
backgroundbasedontheuseofasingleGaussianprobabilitydistribution(SG)todescribepixel
variations.Thismodelissimple,veryfastandcomputationallyinexpensive,butitissensitivetofast
pixelvariations.Indeed,onlyoneGaussiancannotmemorizetheoldstatesofthepixel.Thisrequires
migrationtomorerobustandmulti-modalapproach.FriedmanandRussell(1997)proposedthefirst
model,whichdescribesthevarianceoftherecentvaluesofeachpixelbyamixtureoftheGaussians.
Inthismodel,theExpectationMaximization(EM)algorithmisusedtoinitializeandestimatethe
parametersofeachGaussian.However,StaufferandGrimson(1999)proposedastandardizationof
thismodelwithefficientupdateequations.

SeveralstudieshavebeenproposedtoimproveGMMaccuracyincomplexscenes.Amongthis
works,therearewhichinterestedinhybridmodelssuchasGMMandBlockmatching(Farouetal.,
2017),boostedGaussianMixtureModel(Martinsetal.,2017)whichcombineschromaticfeatures
byahysteresistoclassifypixels,GMMwithaspatio-temporaldistribution(Xiaetal.,2016),GMM
andk-means(Charoenpongetal.,2010).

Therearealsomethodsthatfocusedonnon-parametricbackgroundmodel.In(Elgammaletal.,
2000)authorsestimatedtheprobabilitydensityfunctionoftherecentNvaluesofeachpixelwith
akernelestimator(KDE).Jianzhaoetal.(2017)proposedanimprovementofthismethodwiththe
LUTmethod.Authorsof(Haritaogluetal.,2000)usedthenotionofavisualdictionarywordsto
modelthepixelsofthebackground.Anidenticalapproach(St-Charlesetal.,2015a)modeledthe
backgroundwithavisualdictionarywords,butitaddsanautomaticmechanismforupdatinginner
parameters.Authorsof(KrungkaewandKusakunniran,2016)presentedacombinationbetweenthe
visualdictionarywordsandthelabcolorimetricspace(light,colorchannels)forthebackground
subtractionindynamicscenes.

Someresearchworkshaveintroducedthefuzzyconcepttodevelopmoreefficientandrobust
methodsformodelingthebackground,suchas(ElBafetal.,2008;Sigarietal.,2008;Bouwmans
andElBaf,2010;ElBafetal.,2009;Zhaoetal.,2012).

Therearemanyapproachesthatusedsub-spatiallearningforthebackgroundsubtraction.Oneof
thesemethodsusedtheprincipalcomponentanalysis(PCA)(Oliveretal.,2000)tocreateandtolearn
thebackgroundmodel.Workspresentedin(Javedetal.,2018;Hunzikeretal.,2018;Shenetal.,2016)
proposedtoimprovetheperformanceofthePCAforthebackgroundsubtraction.Authorsin(Tsai
andLai,2009)definedanothertypeofsub-spatiallearningwhichusetheindependentcomponent
analysis(ICA)inthevideochangedetection.Anotherworkof(BucakandGunsel,2007)presented
adecompositionofvideocontentbyanincrementalnon-negativematrixfactorization(SL-INMF).

Recently,severalmethodsuseddeeplearningforsubtractingthebackground,amongthismethod:
FgSegNet_S(FPM)(LimandKeles,2018a),CascadeCNN(Wangetal.,2017),DeepBS(Babaeeet
al.,2018).However,deepleaningmethodsrequirealargenumberofsimplesandneedsmoretimefor
training.Inaddition,anychangeinthebackgroundleadstorestartthelearningofthemodel,which
isimpossibleinarealmonitoringapplicationbecauseofthehighcostintimeandpowerrequired
forthisoperation(figure1).

GAUSSIAN MIXTURe MoDeL (GMM)

Gaussian mixture model (GMM) proposed by Stauffer and Grimson (1999) assumes that the
observationofagivenpixelvaluewillbeinoneofKGaussiandistributionsatonetime.

Theconceptofthemethodissimple,foreachnewpixel,theirintensityintheHSVcolorspaceis
comparedwiththeexistingGaussianprobabilitydistributions(figure2).Ahighprobabilitytothese
Gaussianmixturesindicatesthatthepixelrepresentsthebackground.Theprobabilityofobserving
thevalueofthecurrentpixelis:
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Figure 1. Proposed taxonomy for Background subtraction



IftheEquation(2)issatisfied,theparametersofthematchedGaussianareupdatedusingthe
followingequations:
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Onlytheweightsareupdatedfortheotherunmatcheddistributions(seeEquation(7)).
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Afterthisstep,allweightsarenormalizedtoensurethattheirsumalwaysequals1.
IfthematchisnotmadeforalltheKGaussians,thepixelisclassifiedasforegroundpixeland

theleastprobableGaussianwillbereplacedbyanewdistributionwhoseparametersaredefinedwith:

σ σ
k k
2 2=  (8)

w
k k
= ϕ  (9)

µ
k t
P=  (10)

Todistinguishtheforegroundpixelsfromthebackgroundpixels,thedistributionswillbeordred
accordingtothevalueofw

k t k t, ,
/ σ .ThefirstβdistributionsthatverifiedEquation(11)areselected
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WhereBistheminimumpartofthedatacorrespondingtothebackground.



ARTIFICIAL IMMUNe ReCoGNITIoN SySTeM (AIRS)

In recent years there has been considerable interest in exploiting the bio-inspired approaches in
computerapplications.Amongtheapproachesthathaveachievedgreatsuccessintheoptimization
problemandmachinelearningistheartificialimmunerecognitionsystem(AIRS).Thefirstsupervised
artificialimmunesystemwasproposedbyWatkins(2001),thismodelbasedonantigen-antibody
representation,whichmeasuresadegreeof“closeness”orsimilaritybetweentrainingdata(antigens)
andcellB.Thealgorithmtakesanantigenasaninputandproducesasetofmemorycells.Memory
cellsrepresentthemodelthatcanbeusedintheclassificationstage.AIRSisdescribedonfourphases:

Phase one (Initialization)
Itisconsideredasadatapre-processingstage,sincealldatawillbenormalizedsuchthattheEuclidean
Distance(affinity)betweentwofeaturevectorsisalwaysin[0,1].Afternormalizedthedata,the
affinitythreshold(AT)willbecalculatedtouselaterinthedecisionofwhichmemorycellswillbe
replaced.AttheendofthisstagememorycellsetMCandARBsetareinitializedbysomeantigens
selectedrandomlyfromAGset.

Figure 2. Flow chart of GMM method
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Oncetheinitializationstepisfinished,eachantigeninthelearningsetthroughthefollowing
phases.

Phase Two (Memory Cell Identification and ARB Generation)
Thefirststepinthisstageistodeterminethememorycell(mcmatch)themoststimulatedwiththe
currentantigenagandwhichhasthesameclassofthelatter.AIRSgeneratesseveralnewclonesby
mutatingthefeaturevectormcmatchaccordingtoaprobabilityrate.Thenewclonesplacedwiththe
clonespreviouslygeneratedintheABset.

mc Stimulation ag mc
match mc MCag c
= argmax ∈ .

( , )  (13)

With:

Stimulation ag mc Affinity ag mc( , ) ( , )= −1  (14)

Phase Three (Competition for Resources and 
Development of a Candidate Memory Cell)
AIRShasamechanismtoorganizethesurvivalofindividualswithintheARBpopulation(AB),
thismechanismremovesthebadqualityofARBsusingthecumulativeresourcedivisiontechnique
accordingtothenatureoftheantigenclass.ARBsofthesameclassofaghavehalfofthecumulative
resources,theotherhalfwillbedividedontherestoftheARBs.Eachclasshasamaximumresource
allocation, if theallocationofresourcesofaclassexceedstheirmaximumallocation, theexcess
resourceswill be removed from the least stimulatedARBs.Eachab has a numberof resources
lessthanorequalto0willberemovedfromtheABset.TheremainingARBsaregivenanother
opportunitytogeneratenewclones.Thenewcloneswillbealsofilteredthroughthecompetition
forresourcesprocess.Thesetwostepswillberepeateduntiltheaveragestimulationofeachclass
exceedsthestimulationthreshold.

Oncethestoppingcriterionisreached,theAIRSselectsonlyoneabthatismoststimulatedwith
thecurrentantigenagasacandidatememorycell(mccandidate).

Phase Four (Memory Cell Introduction)
Thisisthelastphaseintheprocessoftrainingasingleantigen.Ifthestimulationofmccandidatewiththe
antigenaggreaterthanthatofthemcmatch.mccandidatewillbeintroducedasanewmemorycell(mc).If
theaffinitybetweenmccandidateandmcmatchislessthanAT×ATS,mccandidatereplacesmcmatchinMCset.

PRoPoSITIoNS

Thein-depthstudymadeonGaussianmixturesshowstheimportantroleofthenumberofGaussians
indescribing thepixelvariations. Indeed theuseof a fixednumberofGaussians can influence
resultsquality,becauseasmallnumberofGaussianscanreducesthehistoricofthepixel,which



causesaprobleminthedynamicbackground.However,ifweuseaverylargenumberofGaussians
withoutupdatingtheGaussiannumberswecannotcorrectlyclassifystationaryobjectsthatbecome
movingobjects.FollowingthisprincipleproposetwonovelstrategiestointroducenewGaussians
basedontheAIRSalgorithminordertobeasfaithfulaspossibletothebackgroundmodel(figure
3).Indeed,theseideasallowstothepassagefromastaticmodelwherethenumberofGaussiansis
fixedempiricallyforallpixelstowardsamodeldynamicandadaptiveaccordingtotheenvironment
andthebackgroundcomplexity.

Proposition one (Random Generation)
Thefirstpropositionconsists tointroducetotheGMMmodelofanypixel(backgroundpixelor
foregroundpixel)asetofGaussianrepresentingthebackgroundusingtheAIRSalgorithm.Then
wedecidethenatureofthispixelaccordingtotheGMMmethod.

Firstly,wecreateasetofGaussian(gi)representingthebackgroundforthepixelPt(attimet)
thatvitrifies:
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SuchthateachGaussiangiisrepresentedby:thepixelvaluePi,theaverageµi ,thevarianceσ i 
andtheweightwk .Aftercreatingthebackgroundmodel,wechoosetheGaussian(mcmatch)thathas
theclosestdistancetothevalueofthecurrentpixel.
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mcmatchismutatedintheARBsgenerationphasewithamutationfunctiondescribedbelow.At
theendofthisphase,asetofGaussians(clones)arecreated.

Thenumberofclonesiscalculatedbythefollowingequation:

NumClones Clonal rate Hyper mutation rate Affinity P mct mat� _ _ _ ,� � cch� � 
(17)

Clonal_RateandHyper_mutation_ratearetwointegervalueschosenbytheuser.
Typically,theAffinityiscalculatedbetweenthecurrentpixelPtandaGaussian,intheEquation

(18)itcalculatedbetweenPtandtheGaussianmcmatch(figure4):
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Mutation_rateisavaluebetween0and1.
Newclonesmustbefilteredthroughcompetitionforresourcesprocess,keepingonlythebest

andthecorrectGaussians(ab)thatverifiedthefollowingcondition.
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Theremainingabareselectedasasetofmemorycellcandidate(MCcandidate)insteadtochoose
onlythebestabasamemorycellcandidatelikethatindicateinoriginalAIRS.
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Figure 3. Global architecture of the proposed system



ThelaststepoftheAIRSalgorithmistointroducethememorycellsmcfromthepreviousset
MCcandidate.ThisoperationconsistsofchoosingthemostrepresentativeGaussiansamongthenew
Gaussiansandaddingthemtothebackgroundmodelaccordingtothefollowingcondition:

Affinity P mc Affinity P mc
t candidate t match
, ,( ) < ( )  (22)

Ifthepreviousconditionisverified,wecomparethemeanAffinityofmcmatchandmccandidatewith
theaffinitythresholdATmultipliedbythescalaraffinitythresholdATS:

Affinity P mc Affinity P mc
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2
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WhereATistheaveragedistanceofallbackgroundmodelsgeneratedinthelearningphase.

Figure 4. Pseudo-code for Mutation Function used
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Gi,jisasetofGaussiansforthepixelPi,j.
IftheEquation(23)issatisfied,mcmatchwillberemovedfromMCset.
Afterthesesteps,GMMmethodisappliedonthebackgroundmodelofthispixeltodetermine

whetherthepixelbelongstothebackgroundorforeground.

Proposition Two (Directed Generation)
Thispropositionisbasedonthesameprincipleofpropositionone,butwehaveledtheproduction
of thenewGaussians thataregeneratedby theAIRSalgorithmonly forpixels representing the
backgroundinsteadtoprecedeforallpixelswhatevertheirnature(backgroundorforeground).This
mechanismstartedbyclassifyingthepixelsusingGMMmethod(seesectiontwo).Afterthisstep,
ifthepixelbelongstothebackground,thememorycellmcmatch,thatsatisfiestheEquation(25),is
chosenfromthefirstβdistributionGaussians.
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ThemcmatchismutedtocreateaNumClonesnovelGaussiansaccordingtothemutationfunction
algorithm.TheaffinityiscalculatedbetweenPtandtheGaussianmcmatchaccordingtotheEquation(18).

TheABset(seeEquation(19))containsallthenewGaussiansthatarecreatedinthemutation
step.DuringthecompetitionforresourcesprocesstheabarefilteredandonlyABsetwhichsatisfies
Equation(20)iskept.Tominimizetheusedmemoryspaceinthememorycellintroductionstep,only
onememorycell(mccandidate)isintroduced.ThislatterrepresentstheaverageofGaussiansoftheABset.

mc Avrage AB
candidate

= ( )  (26)

IftheEquation(22)issatisfied,thesystemintroducedtheGaussianmccandidateasanewbackground
model and compare the mean Affinity of mcmatch and mccandidate with AT ×ATS according to the
Equation(23)andEquation(24).ThemcmatchthatverifiesEquation(23)isremovedfromthesetof
backgroundmodels.

eXPeRIMeNTAL VALIDATIoN AND DISCUSSIoN

ThesystempresentedinthispaperisimplementedinPythononacomputerwithanIntelCorei7and
8GBmemorycapacity.ThissectionpresentstheresultsofourmethodsonthedatasetsWallflower
(Toyamaetal.,1999)andUCSD(MahadevanandVasconcelos,2009).

Afterseveralempiricaltests,thelearningrate,theminimumpartofthedatacorrespondingto
thebackground,Clonal_rate,Hyper_mutation_rate,Mutation_rate,ATS)arerespectivelyfixedto
0.01,0.3,10,2,0.1,0.2.

Qualitative Approach
ThefollowingtableshowstheobservableresultsofthepropositionsbasedonWallflowerandUCSD
datasets(table1and2).Obtainedresultsarecomparedwithimagesofthegroundtruthandwithsome



methodcitedinthestateoftheart.However,thequalitativeresultdoesnotdescribeobjectivelythe
systemperformance(figure5).Forthispurpose,quantitativetestsarenecessarytobravelydemonstrate
therobustnessoftheapproaches.

Quantitative Approach
Inthequantitativeapproach, theauthorshavechosenasmetrics:Recall,precision,F-measureto
evaluatetheperformanceofthepropositions.Indeedthesethreemetricsarethepopularandthemost
usedinthepatternrecognitionandinformationextractionwithbinaryclassification(Makhouletal.,
1999;Liangetal.,2015)(Table3).

• Recall(Re):
TP

TP FN+

• Precision:
TP

TP FP+

• F-measure:
2×Precision×Recall

Precision+Recall

Where:

• True positive (TP):Theresultispositive(255),whilethegroundtruthisalsopositive(255).
• False positive (FP):Theresultispositive(255),butthegroundtruthisnegative(0).
• False negative (FN):Theresultisnegative(0),butthegroundtruthispositive(255).

Discussion
ThissectiondiscusstheobtainedresultsofthetwopropositionsonWallflowerandUCSDdatasets,
these resultsarecomparedwith themost referencedstateofartmethods in themodelingof the
backgroundandwiththegroundtruth(s4andFigures6-8).

Proposition one achieved good results in moved object, Foreground Aperture, Camouflage,
Bootstarp,Wavingtreesvideos,buttheyhavesomefalsedetection.However,thispropositionfailed
todetectobjectsinscenesthathavealargechangeinilluminationlikeLightSwitchandTimeofDay
videos.ForUCSDdataset,therandomgenerationrealizedgenerallyacceptableresults,indeed,all
movingobjectsaredetected,butthispropositionhasachievedpoordetectionqualityinscenesthat
haveaprogressivepixelvariation.ThisduetotherandomgenerationofGaussians.

ThesecondpropositionachievedgooddetectionrateforWallflowerdatasetcomparedtothe
othermethodscitedinthestateoftheart,itoccupiesthethirdplacewithatotalerrorof5180.Indeed,
thedirectedgenerationhasreducedthedrawbacksofthefirstpropositionwhensceneshavealarge
changeinillumination,thisisduetothemechanismthatgeneratesnewGaussianmodelsonlyfor
pixelsthatrepresentthebackground.TheobtainedresultsonUCSDclearlyshowthatthisproposition
hasobtainedgoodresultscomparedtothepropositionone,sinceithasdetectedallmovingobjects
withsomefalsenegativeinHockeyandJumpvideos,thisisduetothenatureofthevideoswhich
doesnotcontainasufficientnumberofsamplesforlearningthesystem.

Notedthatthesepropositionscanachievemoreefficientresultsbyaddingotherfeatures.Indeed,
theauthorsusedHcomponentofHSVcolorspaceasafeature.Thischoicewasbasedonthecapacity
ofthisspacecomparedtotheRGBspacesinceitallowstochannelthelightintoasinglecomponent
(V). Although variations related to light are reduced, only one feature remains insufficient for
backgroundmodeling.ThisstudyusedonlytheHcomponent,sincetheobjectiveinthisworkisto
proposeanewmethodofbackgroundsubtractionandnotselectingthegooddiscriminatorfeatures.



CoNCLUSIoN

This paper proposed two new mechanisms, which allows to reduce the drawbacks of GMM for
backgroundsubtraction.TheideaistointroducenewGaussianmodelsrandomlyforallpixelsor
onlyforpixelsthatrepresentbackgroundusingArtificialImmuneRecognitionSystem.Thisallowsto
movefromastatictodynamicapproachthatcaneasilyadaptthemodeltonatureoftheenvironment.
Obtained results on several videos from a public benchmark (Wallflower, UCSD) showed the
effectivenessofthesepropositionswithsmallvariationsinthebackground.However,therandom
generationofGaussiansissensitivewhenthescenecontainshighillumination.Thisisduetothe
natureofthemethodthatcreatebackgroundmodelsforallpixels(background,foregroundpixels).

Basedonthepromisingresultsofthiswork,furtherworkisrecommendedtotesttheproposed
systemonanotherpublicdatasetsasCDnet2014andtoincreasethenumberoffeaturesusedtohave
additionaldiscriminativepowerinsteadtouseonlyHvalueofHSVcolorspace.

Table 1. Qualitative results on UCSD dataset



Table 2. Comparison of qualitative results with well-known background subtraction methods on Wallflower dataset



Table 3. Comparison of quantitative results with well-known background subtraction methods on the Wallflower dataset.

Algorithm Error 
Type

MO TD LS WT Ca Bo FA Total Total 
Errors

SG FN 0 949 1857 3110 4101 2215 3464 15696
35133

FP 0 535 15123 357 2040 92 1290 19437

MOG FN 0 1008 1633 1323 398 1874 2442 8678
27053

FP 0 20 14169 341 3098 217 530 18375

KDE FN 0 1298 760 170 238 1755 2413 6634
26450

FP 0 125 14153 589 3392 933 624 19816

SL-PCA FN 0 879 962 1027 350 304 2441 5963
17677

FP 1065 16 362 2057 1548 6129 537 10649

SL-ICA FN 0 1199 1557 3372 3054 2560 2721 14463
15308

FP 0 0 210 148 43 16 428 845

SL-INMF FN 0 724 1593 3317 6626 1401 3412 17073
19098

FP 0 481 303 652 234 190 165 2025

SL-IRT FN 0 1282 2822 4525 1491 1734 2438 14292
17053

FP 0 159 389 7 114 2080 12 2761

GMMandBlock
Matching

FN 0 64 88 367 184 187 89 979
3920

FP 0 90 605 783 645 457 361 2941

MOGwithMRF FN 0 47 204 15 16 1060 34 1376
3808

FP 0 402 546 311 467 102 604 2432

Proposition
1Random
Generation

FN 0 348 527 3 18 542 786 2224
37293

FP 0 15686 15678 2000 460 430 815 35069

Proposition
2Directed
Generation

FN 0 758 1087 60 140 709 227 2981
5180

FP 0 202 712 173 185 424 503 2199



Figure 5. Total errors on the Wallflower dataset



Table 4. Comparison in term of Recall, Precision and F-measure with well-known background subtraction methods on the 
Wallflower dataset

Algorithm Error 
Type

MO TD LS WT Ca Bo FA

SG Recall 1.000 0.949 0.545 0.835 0.761 0.884 0.807

Precision 1.000 0.971 0.128 0.978 0.865 0.995 0.918

F-measure 1.000 0.960 0.207 0.901 0.810 0.936 0.859

MOG Recall 1.000 0.932 0.849 0.991 0.985 0.904 0.870

Precision 1.000 0.993 0.232 0.969 0.821 0.947 0.963

F-measure 1.000 0.962 0.365 0.980 0.896 0.925 0.914

SL-PCA Recall 1.000 0.954 0.949 0.940 0.980 0.977 0.869

Precision 0.945 0.999 0.980 0.887 0.918 0.676 0.968

F-measure 0.971 0.976 0.964 0.913 0.948 0.799 0.916

SL-ICA Recall 1.000 0.938 0.918 0.823 0.841 0.867 0.855

Precision 1.000 1.000 0.988 0.991 0.997 0.999 0.974

F-measure 1.000 0.968 0.952 0.899 0.912 0.928 0.911

SL-INMF Recall 1.000 0.961 0.916 0.821 0.651 0.926 0.821

Precision 1.000 0.974 0.983 0.959 0.981 0.989 0.990

F-measure 1.000 0.968 0.948 0.885 0.782 0.957 0.897

SL-IRT Recall 1.000 0.933 0.850 0.764 0.922 0.899 0.873

Precision 1.000 0.991 0.976 1.000 0.994 0.881 0.999

F-measure 1.000 0.961 0.909 0.866 0.956 0.890 0.932

GMMandBlockMatching Recall 1.000 0.997 0.995 0.980 0.990 0.990 0.995

Precision 1.000 0.995 0.968 0.958 0.966 0.976 0.981

F-measure 1.000 0.996 0.982 0.969 0.978 0.983 0.988

MOGwithMRF Recall 1.000 0.997 0.989 0.999 0.999 0.944 0.998

Precision 1.000 0.979 0.971 0.984 0.976 0.994 0.968

F-measure 1.000 0.988 0.980 0.991 0.987 0.969 0.983

Proposition1RandomGeneration Recall 1.000 0.732 0.823 0.999 0.998 0.784 0.841

Precision 1.000 0.057 0.135 0.746 0.957 0.821 0.836

F-measure 1.000 0.106 0.232 0.854 0.977 0.802 0.838

Proposition2DirectedGeneration Recall 1.000 0.416 0.635 0.990 0.986 0.717 0.954

Precision 1.000 0.728 0.726 0.974 0.982 0.807 0.904

F-measure 1.000 0.530 0.678 0.982 0.984 0.758 0.928



Figure 6. Recall results on the Wallflower dataset



Figure 7. Precision results on the Wallflower dataset



Figure 8. 𝐹-measure results of well-known background subtraction methods on the Wallflower dataset.
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