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ABSTRACT

Therecognitionandpredictionofpeople’sactivitiesfromvideosaremajorconcernsinthefieldof
computervision.Themainobjectiveofthisarticleistoproposeanadaptiveglobalalgorithmthat
analyzeshumanbehaviorfromvideo.ThisproblemisalsocalledvideocontentanalysisorVCA.This
analysisisperformedinoutdoororindoorenvironments.Thevideoscenecanbedependingonthe
numberofpeoplepresent,ischaracterizedbythepresenceofonlyonepersonatatimeinthevideo.
Weareinterestedinscenescontainingalargenumberofpeople.Thisiscalledcrowdsceneswhere
wewilladdresstheproblemsofmotionpatternextractionincrowdeventdetection.Toachieveour
goals,weproposeanapproachbasedonschemeanalysisofanewadaptivearchitectureandhybrid
techniquedetectionmovement.Thefirststageconsistsofacquiringtheimagefromcamerarecordings.
Afterseveralsuccessivestagesareapplied,theactivedetectionofmovementbyahybridtechnique,
untilclassificationbyfuzzylogicispreformed,whichisthelastphaseinterveningintheprocessof
detectionofanomaliesbasedontheincreaseinthespeedofthereactionofsafetyservicesinorderto
carryoutapreciseanalysisanddetecteventsinrealtime.Inordertoprovidetheuserswithconcrete
resultson theanalysisofhumanbehavior, resultexperimentationondatasetshavevalidatedour
approaches,withverysatisfyingresultscomparedtotheotherstate-of-the-artapproaches.
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INTRoDUCTIoN

Computer vision algorithms have played a vital role in video surveillance systems to detect
surveillanceeventsforpublicsafetyandsecurity.Evenso,acommondemeritamongthesesystems
istheirunfitnesstohandlediversecrowdedscenes.Inthispaper,wehavedevelopedadaptivecrowd
behaviorandmotiondetectionalgorithmsusingfuzzylogic.thesesolutionsdealwithsomeofthe
problemsencounteredinsmartvideogames(Fradi,2017;Chen,2015;Li,2015;Burghouts,2011;
Ullah,2013;Wang,2016).
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Intelligentvideosurveillanceisabranchofcomputervision.Expressesisitselfabroadresearch
axis, applied in different fields. Much research is already being done in this area. In particular,
therecognitionofactivitiesandbehaviorinavideoaresubjectscurrentlyinvestigatedbyseveral
researchers (Ko,2008;Chebi,2015;Chebi,2016). Incrowdscenes, three typesofproblemsare
commonlyposed:(i)motionpatternextraction;(ii)eventdetection;And(iii)estimatingflows.These
problemsarenotnewandhavebeenaddressedinseveralstudies(Robert,2000;Baumann,2008;
Morris,2008;Chebi,2015)(Chebi,2016).Throughthisstateoftheart,wedescribethedescriptors
ortypesofinformationexploitedtodealwitheachofthethreeproblemsinordertoarriveatasetof
informationcharacterizingtheseproblemsinacommonway.

TheapproachsuggestedinthisarticlegiveninFigure1differsfromtheexistingapproach(Ullah,
2013;Wang,2016;Ko,2008)byitsdynamicofdetectinganomaliesinwhichitmakespossiblethe
detectionofanomaliesforbothcases(thecaseofagrouporasingleperson).

Theapproachtotalusedinthisresearchtaskforthedetectionofanomaliesischaracterizedby
itsdynamicmechanismmakingitpossibletodetectinanautomaticwaytheprocessesofanomalies
“caseofanormalandabnormalbehavior.” Itcanbedivided intosixstages togather into three
sublevels(Figure1):thebottomlevelwhichestimatestheopticalflow,theintermediatelevelwhich
constructsofthemodelmagnitudeandorientationandusesthetechniquesofimageprocessing,and
thesemanticlevelwhichnotifiesoftheoperators.

Ourworkinthisarticledealswithproblemrelatestotheanalysisofcrowdbehavior.Wedescribe
theproposalsbroughtinthewayfollowing:

• Motionpattern extraction involvesdetermining themost frequentmovementpatternsof the
objects(personsorvehicles)presentinthevideo.Thisisdonebyfirstestimatingthemovement
ortrajectoriesofobjectsinthescene.Then,weapplyalgorithmsabletoextractmotivepatterns.
Theanalysisofmotivepatternsusingindividualtrajectoriesisnotsuitableforcrowdscenes
becausedetectionandfollow-upofpeoplearedifficult.Opticalflowisthemostsuitableand
usedmethodbecauseitallowstoestimatethemovementofapersonoracrowdregardlessofthe
numberofpeopleinthescene.Wedistinguishtwotypesofcrowdscenesinthisissue;structured
andunstructuredscenes.Wealsonotethatmostapproaches(Robert,2000)(Baumann,2008)
(Morris,2008)dealonlywithstructuredsceneswheredisplacementinthesceneisorganized
anduniform.However,unstructuredscenesareoftenencounteredinrealsituations.Thesescenes
aremorecomplexbecausethereareseveralmovementpatternsinthesameregion;

• Thedetectionofeventsincrowdvideoshasattractedtheattentionofmanyresearchersinrecent
decades.Studiesonthedetectionofcrowdevents(Baumann,2008)areavailabletoscientific
community.Ingeneral,aneventdetectionsystemusesthefollowingsteps(Fradi,2017;Chen,
2015;Li,2015;Burghouts,2011;Ullah,2013;Chebi,2015;Chebi,2016):(i)detectingeach
movingobject,(ii)trackingdetectedobjects,and(iii)analysisoftheirspeedandtrajectoryto
detecteventsoractivities.Abnormaleventdetectionapproaches,althoughsimplertoimplement,
donotgivesemanticstoabnormalsituations.Semanticeventdetectionapproachescandetect
differenttypesofevents.However,theydonothandlesituationswheretwoeventshappenat
thesametimeinthescene.Assomecrowdeventanalysisapproachesalsoestimatethecrowd
density(whichisthecasefor(Utasi,2009))thatallowsustoestimatethenumberofpeoplein
animage,andasthework(Chebi,2015;Chebi,2016)whichallowsthedetectionofbehaviorin
alocalandglobalwayinacrowdsceneusinghybridtechniquesbetweenDBSCANandneural
networks.Thisispartofawiderproblemthatistheestimationofflows.Wepresentastateof
theartofthisprobleminthefollowingpart;

• Numerousapproachestoestimatingflowsbycountingpeoplehavebeenproposedintheliterature.
Theproblemisoftensimplifiedbytheuseofazenithcamera(vertical)(Antic,2009),afront
camera(Zhao,2009)oramulti-cameraconfiguration(Danny,2003).Theapproachescanbe
dividedintofivecategories:(i)Methodsbasedonmotiontrajectoryanalysis,(ii)Contour-based
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