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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.
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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.).



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.



 

 

21 more pages are available in the full version of this

document, which may be purchased using the "Add to Cart"

button on the publisher's webpage: www.igi-

global.com/article/using-resources-competition-and-memory-

cell-development-to-select-the-best-gmm-for-background-

subtraction/241866

Related Content

The Cognitive Process of Decision Making
Yingxu Wangand Guenther Ruhe (2009). Selected Readings on Strategic Information

Systems (pp. 237-250).

www.irma-international.org/chapter/cognitive-process-decision-making/28699

Information Technology and Diversification: How Their Relationship Affects

Firm Performance
Namchul Shin (2010). Strategic Information Systems: Concepts, Methodologies,

Tools, and Applications  (pp. 2460-2474).

www.irma-international.org/chapter/information-technology-diversification/36828

CEO/CIO Communication and the Strategic Grid Dimensions
Alice M. Johnsonand Albert L. Lederer (2009). Strategic Information Technology and

Portfolio Management (pp. 206-229).

www.irma-international.org/chapter/ceo-cio-communication-strategic-grid/29746

On-Demand Online Real Estate Information System
Emna Cherif (2013). International Journal of Strategic Information Technology and

Applications (pp. 42-67).

www.irma-international.org/article/on-demand-online-real-estate-information-system/100062

Perceived Value and Technology Adoption Across Four End User Groups
Jaak Jurison (2002). Information Systems Evaluation Management (pp. 1-16).

www.irma-international.org/chapter/perceived-value-technology-adoption-across/23424

http://www.igi-global.com/article/using-resources-competition-and-memory-cell-development-to-select-the-best-gmm-for-background-subtraction/241866
http://www.igi-global.com/article/using-resources-competition-and-memory-cell-development-to-select-the-best-gmm-for-background-subtraction/241866
http://www.igi-global.com/article/using-resources-competition-and-memory-cell-development-to-select-the-best-gmm-for-background-subtraction/241866
http://www.igi-global.com/article/using-resources-competition-and-memory-cell-development-to-select-the-best-gmm-for-background-subtraction/241866
http://www.irma-international.org/chapter/cognitive-process-decision-making/28699
http://www.irma-international.org/chapter/information-technology-diversification/36828
http://www.irma-international.org/chapter/ceo-cio-communication-strategic-grid/29746
http://www.irma-international.org/article/on-demand-online-real-estate-information-system/100062
http://www.irma-international.org/chapter/perceived-value-technology-adoption-across/23424

