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ABSTRACT 

 

Pedestrian movement direction recognition is an important factor in autonomous driver assistance 

and security surveillance systems. Pedestrians are the most crucial and fragile moving objects in 

streets, roads, and events, where thousands of people may gather on a regular basis. People flow 

analysis on zebra crossings and in shopping centers or events such as demonstrations are a key 

element to improve safety and to enable autonomous cars to drive in real life environments. This 

thesis focuses on deep learning techniques such as hybrid Convolutional Neural Networks (CNN) 

– Support Vector Machine (SVM) model to achieve a reliable detection of pedestrians moving in 

a particular direction. We propose a CNN-based technique that leverages current pedestrian 

detection techniques (histograms of oriented gradients-linear SVM) to generate a sum of 

subtracted frames (flow estimation around the detected pedestrian), which are used as an input for 

the hybrid CNN – SVM model. 
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CHAPTER i1. i iINTRODUCTION 

Urbanization, iand iin iparticular ithe iemergence iof imegacities, ireflects ithe igrowth iin ithe iglobal 

ipopulation iand ieconomy. iMobility iand itransport iform ithe ibackbone ifor isociety’s iincreasing 

iprosperity iand ipeople’s igreater iparticipation iin iit. iAt ithe isame itime, imanaging itraffic iin ithese 

iurban iagglomerations irepresents ia ispecial ichallenge ibecause imore iand imore ipeople ilive inot 

ionly iin ithe itowns ithemselves, ibut ialso iin ithe isurrounding iareas, iand ithey icommute ibetween 

ihome iand iwork ievery iday. iThe itowns icontinue ito iexpand, iand iurban iagglomerations 

ithemselves iturn iinto icities 

In ideveloping icountries iand iemerging ieconomies iin iparticular, imany itowns iand icities iare 

igrowing iso ifast ithat iinfrastructural imeasures iand iurban iplanning ican ihardly ikeep iup. iThe imost 

ivisible iconsequence iis ilong itraffic iqueues iand itoo ifew iparking ispaces. iThis imeans ithat itime iis 

ilost iand iit ialso iannoys ithe idrivers. iIf ithe itraffic idoes inot iflow, itrade iand iproductivity ialso 

isuffer, iwhich ihas inegative ieffects ion ithe ieconomy. 

Growth iand iprosperity i iand iparticipation iin ithem irequire ipeople iand igoods ito ibe imobile. iWe 

iwill ineed iinnovative isolutions ifor isecure imobility iand itransport ito iact ias ithe imotors idriving 

ithe ifuture. iIt iis ino ilonger ipossible isimply ito i“carry ion ias ibefore.” iIn iview iof ipopulation igrowth 

iand iurbanization, itraffic iflows, iwhich iare iprecisely iwhat iup ito inow ihas ibeen ithe ibasis ifor 

igreater iprosperity ifor imore ipeople, iwould ibe irestricted. iAutomated idriving ihas ithe ipotential ito 

icontribute ito iresolving ithe ichallenges iaccompanying iglobal idevelopment itrends. iThe iprimary 

iobjective iis ito imake iroad itraffic ieven isafer. iThe ichallenge ilies iin iaccomplishing ithis iwhile ithe 

ivolume iof itraffic icontinues ito irise, iespecially iin ithe i“megacities. 

The itechnology iin idriver iassistance isystems ipotentially ioffers iadditional isignificant 

ireductions iin ithe inumber iof iaccidents iand itraffic ijams. iAdaptive icruise icontrol isystems, ifor 

iexample, iimprove ithe itraffic iflow iand imake ia imajor icontribution ito iavoiding iaccidents. 

iAutomated idriving imakes itraffic inot ionly isafer, ibut ialso imore iefficient iand icomfortable. 

iOptimized itraffic iflow iand iless icongestion ibring iabout ia idecisive ireduction iin iCO2 iemissions. 

iDuring irush ihour iin iparticular, idrivers iof iautomated ipassenger icars iand icommercial ivehicles 

igain ia inewly iwon ifreedom iand ienjoy ia ibetter iquality iof idriving. iFurthermore, ithey ican ileave 

iparking ito itheir ivehicles. iIn ishort, iautomated idriving ifunctions isupport idrivers iand ioffer ithem 
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igreatly iimproved idriving icomfort iand iflexibility. iYet idespite iall ithis iprogress iin iautomation, 

idrivers iremain iin icontrol. iJust ias itoday ithey ican ialready idecide iwhether ithey iwould ilike ito 

ihave ian iassistance isystem iin itheir ivehicle, ithey ican ialso idecide iwhile idriving iwhether ithey 

iwant ito iuse ian iassistance isystem ithat ihas ibeen iinstalled, isuch ias iadaptive icruise icontrol. 

TRAFFIC icontrol, irisk idetection iand iAutonomous iDriver iAssistance iSystems i(ADAS) iare 

ikey ielements ifor ithe idevelopment iof ifuture iintelligent itransportation isystems. iFurthermore, 

idynamic ipedestrian imovement iin itraffic ienvironments imakes iit inecessary ito idevelop ipeople 

iflow ianalysis iand imovement iintention irecognition isystems. iIn irecent iyears, iConvolutional 

iNeural iNetworks i(CNN) iand iother ideep ilearning itechniques ihave idemonstrated iimpressive 

iperformance iin imany icomputer ivision iproblems iand itherefore iwe ibelieve ithey icould ibe ithe 

iperfect iapproach ifor ithe iaforementioned iproblems. iMoreover, icomputer ivision iand imachine 

ilearning itechniques ihave ibeen itransformed idue ito ithe irapid ievolution iand iremarkable 

iperformance iof iGraphics iProcessing iUnits i(GPUs), iwhich ihas ienabled ithe idevelopment iof 

ideep ilearning-based isystems. iIn ithis iwork, iour iobjective iis ithe idetection iand irecognition iof 

ipedestrian iintention ion istreets, izebra icrossings ior iroad ijunctions, iso ias ito ibe iable ito ialert 

idrivers ior imonitoring isystems iabout ipossible irisk isituations. 

1.1 iNEED iFOR iPEDESTRIAN iMOVEMENT iDETECTION 

1.1.1 iPEDESTRIAN iSAFETY 

With irapid ieconomic idevelopment, ithe iuse iof iautomobiles ihas igreatly iincreased iin ideveloping 

icountries, iespecially iin iChina, iIndia, iand iVietnam, iwhere ivehicles iare ireplacing ibicycles ias 

ithe idominant itransportation imode. iFacing ithis igreat ichange, ithe ispace iallocated ito 

iautomobiles ihas ibeen iexpanded, ithus ialleviating itraffic icongestion, iwhich iencroaches ion ithe 

ispace ifor icyclists iand ipedestrians iand iconstrains ibicycling iand iwalking. iConsequently, 

ipotential iconflicts iof ivehicles, icycles, iand ipedestrians inot ionly iexacerbate itravel idelays ibut 

ialso iincrease ithe irandomness iof ipedestrian imovements, isubstantially ithreatening ipedestrian 

isafety. iIn ia irecent itraffic isafety ireport ireleased iby ithe iWorld iHealth iOrganization i(WHO), 

iroad icollisions iare ithe iworld’s ileading icause iof ipreventable ideath; iover i1.25 imillion ipeople 

idie iannually ion ithe iroads i(especially iat iintersections) ibecause iof itraffic icollisions i. iIn isome 

iways, iactive itransportation iusers, isuch ias icyclists iand ipedestrians, iare imore ivulnerable ito 
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iinjuries ithan iother iroad iusers idue ito itheir ilabile ispeed iand idirection i. iTherefore, ia iwalkable 

icity ifor ipeople iis iregarded ias ione iultimate igoals iof ifuture icities i. iUrban iplanners ihave itaken 

iseveral iactions ito iencourage iwalking, isuch ias iconfiguring ispecial iwalkable ilanes, idesigning 

igood iwalking iinterfaces, ibuilding ifriendly iwalkable iinfrastructures, ietc. iThese iactions ialso 

ihighlight ithe inecessity iof ipedestrian itracking iand isimulation. 

Traditionally, ipedestrian isafety iinspection ilargely irelies ion ihistorical icollision irecords. 

iHowever, idue ito ithe ilack iof idetailed iand iprecise ihistorical idata iand ithe iinfrequent ioccurrence 

iof icollisions, ithe itask iof iinspection ioften icannot ibe ifully iaccomplished. iRecently, ithe iuse iof 

ipedestrian iconflicts ias ian ialternative ifor icollisions ito ianalyze iroad isafety ihas iattracted 

isignificant iinterest i. iPedestrian iconflicts ican iprovide idetailed iinformation iconcerning iroad 

idynamics iat iintersections, iallowing ithe idetection iof ithe iseries iof ievents ithat ilead ito icollisions 

i. iPedestrian iconflict ianalysis ican ibe iconducted iby idetecting iand itracking imoving itraffic 

iobjects ior iflawed idesign ielements ithat imay ibe icausing isafety iissues i. iThe iintroduction iof 

icomputer ivision ialgorithms ihas igreatly istrengthened ipedestrian iconflict iand iviolation ianalysis 

iby iautomating ithe iextraction iof iaccurate imovements iof itraffic iobjects, iovercoming imany 

ishortcomings iof imanual ipedestrian ianalysis itechniques i. 

 

1.1.2 iADVANCED iDRIVER iASSISTANCE iSYSTEM i(ADAS) 

Today ia ilarge inumber iof idriver iassistance isystems iis iavailable ifor ialmost iall ivehicles. iThey 

iensure istability iin icritical isituations, imaintain ia isafe idistance ito ithe ivehicle iin ifront, iand 

isupport ithe idriver iwhile iparking. iMonitoring ithe isurroundings iin iall idirections irequires idata 

iand iinformation ifrom ithe ivehicle’s isensors i(ultrasound, iradar, icameras). iThe icapabilities iof 

ithe isensors iand ithe idata iprocessing iby ithe icontrol iunits iare icontinually igrowing, iand ihighly 

iadvanced isoftware iis iused ito ianalyze ithis iinformation iin ifractions iof ia isecond. iIn ithe ifuture, 

ipassenger icars iand icommercial ivehicles iwill ihave ia icomplete iimage iof ithe isurroundings iin 

ireal itime. 

 iRadar isensors ithat iare iusually ilocated iin ithe ifront iand irear iof ithe ivehicle ican idetect iother 

ivehicles iand iobstacles. iThe irear isensor idetects itraffic iapproaching ifrom ibehind iand ivehicles 

ithat iare iovertaking. iThe itraffic iin ifront iis imonitored iby ilongrange iradar. iThe ishort-range iradar 
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isurveys ithe ivehicle’s iimmediate isurroundings. iCameras iare iused, ifor iinstance ito irecognize 

ilane imarkings, itraffic isigns, itraffic ilights, iand iother iroad iusers. iUltrasound isensors ihave ibeen 

iinstalled iin ivehicles ifrom ithe ibeginning iof ithe inineties, ito ihelp idrivers imaneuver iinto iparking 

ispaces. iSince ithen, itheir irange iof ifunctions ihas iincreased imarkedly. iThey ican imeasure 

iparking ispaces iwhile ithe ivehicle iis iin imotion, iand idetect ivehicles idriving iin ian iadjacent ilane 

In ithe ipast, iradar, icameras, iand iultrasound isensors iwere iused ifor iseparate ifunctions, ibut inow 

iall ithe irelevant idata ican ibe ilinked iintelligently iand isimultaneously iby isensor ifusion. iThat 

imakes iautomated idriving ipossible iin ithe ifirst iplace. iSpecial iattention iis ipaid ito ifunctional 

isafety. 

 iThe iinclusion iof iredundancies iand iplausibility ichecks i– ithat iis, ithe isystem’s iinternal icheck ion 

iwhether ithe ienvironmental idata ihave ibeen irecorded icorrectly i– iprevents ierroneous 

iinterpretation iof ithe idata. iThe isignals ifrom ithe ivehicle isensors iare icompared iwith ione ianother. 

iOnly iif ithe idata iare iconsistent iwill ithe isystem iactuate ithe isteering iand ithe iengine. i 

The iautomated idriving ifunctions iinclude i“highway idriving,” iwhich iin ithe icase iof ihighly 

iautomated idriving iwill ibe iused iup ito ia idefined ispeed ion ihighways iand isimilar iroads. iThe 

idriver ican ichoose iwhen ito iactivate ithe isystem iand idoes inot ihave ito imonitor iit icontinuously. 

iThis itakes iaway isome iof ithe istress iof idriving, iand iin icertain isituations ithey iwill ibe iprompted 

iin igood itime ito iresume ithe itask iof idriving. iIn ithe icase iof ifully iautomated idriving, ithe idriver 

idoes inot ihave ito imonitor ithe isystem iat iall. iIn ithe idistant ifuture, iin ibuilt-up iareas ithe idriving 

ifunction i“urban idriving” iwill imake iit ipossible ito idrive ion ivarious iroutes iwithout ithe idriver 

iintervening iat iall. iIn ithis icase ithe idriver iwill ibe ifree ito iuse ithe itime ion ithe iroad ias ithey ichoose 

DEVELOPMENTS iIN iCOMMERCIAL iVEHICLE iTECHNOLOGY 

 iThe iinformation iand ifunctions iboth iof itried-and-tested iand iof ifuture idriver iassistance isystems 

iare ibeing ibundled iinto ian ioverall isystem iin icommercial ivehicles ijust ias iin ipassenger icars. iThe 

isystems iinclude iadaptive icruise icontrol i(ACC), ithe ilane ikeeping iassistant, iand ithe iemergency 

ibraking isystem i– ito iname ibut ia ifew iexamples. iThen ithere iare ialso iinnovations isuch ias idigital 

i3-D imaps. iWith itheir iaid, ithe ivehicle’s ihandling iis iadapted ito ithe ifeatures iof ithe iroad 

iimmediately iahead. iSo ia itruck ican iaccelerate iwhile iapproaching ian iincline iin iorder ito ibuild iup 

imomentum iand iultimately ireach ithe ibrow iof ithe ihill imore ieconomically. iThese isystems ican 
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ivery ieasily ibe iexpanded iby icar-to-X icommunication. iSharing iinformation iwith iother iroad 

iusers iresults iin iadditional iimprovements iin isafety iand iefficiency. 

Automated idriving ifunctions iare iespecially iattractive ito ifleet ioperators. iFuel iconsumption iand 

iemissions ifall iconsiderably ibecause ithe itraffic ican iflow imore ievenly. iThis imeans ithat ihigher 

iaverage ispeeds iare ipossible iwithout ithe ineed ito iincrease ithe itop ispeed. iTransport itimes iare 

imore ipredictable iand ithere iis iless iwear ion ithe iengines iin itrucks iusing ithe inew ifeatures, iowing 

ito ithe ismoother idriving istyle. 

Relieving ithe istress ion idrivers iis ian iimportant ifactor iin ifurther idevelopment. iToday’s itruck 

idrivers iare isubject ito iextreme idemands. iWhen idriving iin ivery idense itraffic, ithey ihave ito 

iremain iattentive iat iall itimes iand iare ioften iunder itime ipressure. iIn ithe imore idistant ifuture ithey 

iwill ibe iable ito irely icompletely ion ithe itechnological isystems iin itheir itruck, iand ithe itruck iitself 

iwill idrive ito iits idestination isafely iand iefficiently ithanks ito iits isensor isystems iand ithe isharing 

iof idata iwith iits isurroundings. iThis iwill imake ia ilot iof ithings ieasier ifor ithe idrivers, iwho iwill ibe 

iable ito iturn itheir iattention ito iother itasks, isuch ias iflexible iorganization iof ithe icurrent iroute ior 

iplanning ifuture ijourneys. 

 

 i1.1.3 i iLAND iUSE iAND iTRANSPORTATION iPLANNING 

The istudy iof ipedestrian imovement iis icrucial ifor iland-use iand itransportation iplanning iwhich 

imostly iconcentrates ion iimproving ithe iconnection ibetween iurban iplaces iand ipublic 

itransportation. iLand iuse iplanning iinfluences ipedestrian imovement ibehaviour iin iterms iof ithe 

ielement iof iaccessibility ithat iis icontrolled iby iurban istructure, iactivities, iand istreet inetworks, 

iall iof iwhich imake idifferent icities idisplay ithe iunique iurban iforms. iThis iis iespecially ithe icase iin 

ithe ihigh-density iareas isuch ias ia icentral ibusiness idistrict ior ia imajor itransit istation idistrict 

iwhere iurban iform iis iplanned ito isupport ithe iuse iof iland iand ipotential iaccessibility ibetween 

ipeople iand iplaces. 

Urban istructure iplays ia ikey irole iin iproviding iavailable ipaths ifor ipedestrian iflows ithrough 

iurban iareas. iPublic ispaces, isidewalks, iand istreet icrossings iall iinfluence ithe idirection iof icrowd 

imovement ialong iwith ithe isurrounding iconditions ithat ihave ian iimpact ion ipeople imaking 

idecisions ion iwhich iaccess ipath ithey iselect. iPedestrians icreate itheir iown ipath ito ireach itheir 
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idesired idestination ithrough itheir iown ichoices iof itransit iaccess iroutes, iwhich iare igenerated iby 

itheir iestimation iand iperception iof ithe iquickest iroute iwhilst ialso iconsidering isecondary ifactors 

ithat iinclude ithe isurroundings iof ithe ibuilt-up ienvironment isuch ias ithe iattractiveness iof 

ifacilities iwhile iavoiding inegative ifeatures. iUrban inetwork ianalysis iis iuseful ifor idescribing ithe 

iinteraction ibetween iurban istructures iand istreet inetworks iwhich ileads ito ithe iimpact iprediction 

ion ithe iproject ievaluation. iThe icomputer ianalysis iis iavailable ifor ithe itransportation iplanning 

ion iproviding iimportant ispatial iinformation iwhich iis iprecise idata ion ispatial istructure ithat 

ienables iurban iplanners ito isee ithe iwhole ipicture iof ithe iplanning iarea ias iwell ias ito iunderstand 

ithe iimpact ion iboth iexisting iand ifuture istructures ithat imight ibe iassigned ias ia iresult iof ifuture 

ipolicy. 

Survey imethods iused ito iidentify ipedestrian imovement icharacteristics iare iquestioned iin iterms 

iof itheir iability ito iobtain iprecise idata ifor iproceeding ito ithe inext istep iof ispatial ianalysis. iAs ithe 

idevelopment iof idata itechnology iassists ispatial isurvey imethods iwith ilower ifinancial iand itime 

icosts, isurveyors ior ianalysts inowadays iare iable ito iconduct idata icollection iprocesses ivia itheir 

ihandheld idevice. iAlthough icounting ithe inumber iof ipeople ipassing iby iparticular iarea iis 

iconsidered ias ia itraditional imethod ifor ithe istudy iof itransportation istudy, ithere iare inot ialways 

idefinitions iof iprecise ipedestrian imovement ior ibehaviour idue ito ilimitations iin ithe idata 

icollection iprocess. iThe iintegration iof idata isurveying imethods iwhich iare iable ito isolve isuch 

ilimitations iby irelying ion imore iaccessible idevices iand icomputer isoftware iare ineeded ito 

iimprove ithese icollection imethods ifor itracking ithe iactual iwalking imovement iwhich iseems ito 

ibe imore iprecise iin iterms iof iidentifying ihow ipedestrians iactually ireact ito ithe ipedestrian 

iinfrastructure iwithin ispecific iland-use iconditions. 

 

1.2 i iLITERATURE iREVIEW 

Until i2012, imost irecognition, isegmentation iand iclassification iimage iproblems iwere 

iapproached iby iextracting ihand idesigned ifeatures iand iapplying ispecific ialgorithms ifor ithose 

iparticular ifeatures. iFor iexample, iif ia inumber iplate ion ia icar ineeded ito ibe idetected, iwe 

isegmented ithe iimage iby ilooking ifor istraight ilines, ithen icorners iand ifinally ithe iimage iwas 
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ireduced iuntil iwe ihad ian iarea isimilar ito ithe igeometry iof ia inumber iplate. iIn iessence, iwe ilooked 

ifor ithe iparticular ifeatures ithat icould isolve ia ispecific iproblem. 

 iA icommon ihand-crafted ifeature iused ifor ipedestrian idetection iis ithe iHistogram iof iOriented 

iGradients i(HOG) i. iThe imain iidea ibehind ithis idescriptor iis ithat ilocal iobject iappearance iand 

ishape iwithin ian iimage ican ibe idescribed iby ithe iintensity idistribution iof igradients ior iedge 

idirections. iThe iimage iis idivided iinto ismall iconnected iareas, iand ifor ithe ipixels iwithin ieach 

iarea, ia ihistogram iof igradient idirections iis igenerated. 

Recent iwork iin ithis iarea ihas iadded ia ilocal isub-descriptor icalled iColour iSelf iSimilarity i(CSS) i 

iwhere icolour ihistograms iare icompared iwithin ia iHOG idetected iwindow, iand ifor iexample, 

icolour ihistograms ifrom ithe itwo iarms ihave ia ihigh isimilarity. 

In iaddition, iextensive iresearch ihas ibeen idone ion ipedestrian idetection i, iwhere imore ithan 

isixteen idifferent idetectors iwere ibenchmarked i iagainst iseveral ipublic idatasets. iThe ifeatures 

iwere imainly ibased ion iwindow-sliding itechniques iand idetection iwas iperformed iusing isupport 

ivector imachines i(SVM) ifor iclassification. iMoreover, iother iapproaches ibased ion ithe iAdaboost 

iwork iof iViola iand iJones i, iand imany iothers ibased ion iHOG iand ivariants iof ithe isame imethod. 

Since i2012, inew iapproaches ifor ipedestrian idetection iand irelated iproblems ihave iemerged iwith 

ithe iadvent iof ideep ilearning itechniques. iDeep ilearning iis ia inew iway iof iapplying imachine 

ilearning ialgorithms, iwhere ineural inetworks iare ibeing imade ideeper iand ideeper iby ithe iaddition 

iof itens, ior ieven ihundreds, iof ilayers. iSpecifically, iin icomputer ivision, imuch iwork iwas idone iin 

ithis iregard ibefore i2012, iusing imulti-layer ineural inetworks ibut iobtaining ipoor iresults. 

iRecognition iof icharacters iwas iconducted iusing ia iCNN i iwith ia ideeper ilayer istructure. 

iHowever, iit iwas iafter i2012, iwith ithe iproposal iof iAlex iKrizhevsky iCNN, iAlexNet, iwhen ithe 

ireal icapabilities iof iCNNs ibecame iclear. iThese imethodologies iwere ifirst iused iat ithe iImagenet 

iCompetition i iwhere ithe inovel itechniques, iof ideep imulti-layer ineural inetworks, iwere 

iaccelerated iusing iGPUs. iSince ithen, inew iand ibetter ihardware ihas iappeared. iThis iincreases ithe 

ipossibility iof ibigger iand ideeper iCNNs, iproviding ibetter iclassification iaccuracy iand imaking 

ithe itraining iof iexisting ideep inetworks ian iaffordable iscientific itool iin iterms iof itraining itime. 

Computer ivision iresearch igroups ifocused ion ipedestrian idetection ihave ialso ibenefited ifrom ithe 

irise iof iCNNs, iand irecent ianalyses ihave iproved ithat ibetter iand imore ireliable iresults ican ibe 
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iachieved i. iHowever, iour iwork ifocuses, inot ijust ion ipedestrian idetection, ibut ialso ion ipedestrian 

imovement idirection irecognition, ianalyzing, ifor iexample, iwhether ithe ipedestrian imoved ito ithe 

ileft, iright ior ito ithe ifront iof ithe iscene. iThere iare ifew istudies iin ithis iarea. iEnzweiler iand iGavrila 

i iand iGandhi iand iTrivedi i ifocused ion ithat iaspect iusing ithe iHOG idescriptor iand iSVM ias ia 

iclassifier iwhile iMogelmose iet ial. i iused ipedestrian itracking itechniques iand itrajectory ianalysis 

ifor iestimating ipedestrian idirection. 

In igeneral, ithe iestimation iof ipedestrians’ itrajectories ihave itraditionally ibeen iaddressed iusing 

inaive imovement imodels ibased ion ihuman igait iestimation iand ianalysis iof isimple iheuristics 

ibased ion ithat iinformation i. iOther itraditional iapproaches ihave ifocused ion ithe iuse iof iKalman 

iFilters i(KF) ito iestimate ipedestrian itrajectories. iMost iof ithese iexisting itechniques iproduced 

ipoor iresults idue ito ithe iimpossibility iof iproperly ihandling iand iadapting ito ichanges iin 

ipedestrians’ imovements i. iMore irecently, ia imore icomplex imethod ibased ion iArtificial iNeural 

iNetworks i(ANN) ihas ibeen iproposed ifor ipedestrian itrajectory iestimation iand iintention 

irecognition i. iThis iwork iis iable ito iestimate ipedestrian itrajectory ibased ion ipedestrian ihead 

idetection iand ithe iuse iof iits iposition ifor itracking ialong ithe isequence. iOther iexisting iworks iin 

ithe iliterature imake iuse iof ifeatures iextracted ifrom ia idense ioptical icompensated iwith iego-

motion itechniques i(car imovement) i. iUsing ithis iapproach, ithey iare inot ionly iable ito iestimate ia 

ipedestrian’s ipath ibut ialso ito iroughly iestimate ipedestrian iintentions itowards ispecific isituations 

isuch ias icrossing iat iintersections i. 

Finally, iit iis iworth imentioning ithe iexistence iof irelated iworks iaddressing ithis iproblem ifrom ia 

idifferent iperspective. iMost iof ithese iworks iare ibased ion ithe iinformation igathered iby iinertial 

imeasurement iunits i(IMUs) iand isimilar itechnologies i(accelerometers, igyroscopes, ietcetera). 

iThese itypes iof iapproaches iare ivery iintrusive ifrom ithe ipedestrian iviewpoint iand ido inot 

iprovide ienough iinformation ito idistinguish ibetween idifferent ipedestrians’ iactions. iAfter 

ireviewing istate-of-the-art itechniques iwe ican iconclude ithat ieven ithough iin irecent iyears igreat 

iprogress ihas ibeen imade iin ipedestrian irecognition isystems, imore iresearch iis istill irequired ion 

isystems iand inew itechniques ithat ican iprovide ibetter iclassification iaccuracy, iimproved 

iperformance iand iease iof iintegration iin icurrent iADAS iand isecurity isurveillance isystems. 
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1.3 iORGANIZATION iOF iTHE iDISSERTATION 

In ithis iwork, iwe icontribute ito ithe iliterature ion ipedestrian iwalking idirection irecognition iwith 

ithe iproposal iof ia ihybrid iCNN- iSVM ibased isystem. iThe iCNNs ihave ibeen itrained iwith ia inovel 

idataset ithat iwas irecorded iin idifferent iscenarios. iPedestrians iwere ivideo irecorded iand ithe 

iCNNs iwere ifed iwith ioutput iimages iproduced ias ia iresult iof iseveral iimage ioperations iat ipixel 

ilevel ifrom ithis iinput ivideo. iThe imain ipurpose iof ithis iadditional iimage iprocessing iwas ito 

ivisually ihighlight iimage icharacteristics ithat imay ibe irelevant ifor ipedestrian itrajectory 

irecognition. iThen ithe ifeatures iwere iextracted ifrom ithe ilast ilayer iof ithe iCNN iarchitecture iand 

ithe iSVM iwas itrained iusing ithese ifeatures. iThis itrained iSVM iis ithen iused ito iclassify ithe itest 

idata. 

To ithe ibest iof iour iknowledge, inot imuch iwork ihas ibeen idone ion ithe iclassification iof 

ipedestrians iaccording ito itheir imotion idirection iusing ideep ilearning itechniques. 

 iThe ikey icontributions iof iour iwork iare ias ifollows: 

• iWe ipropose ia inovel ipipeline ifor ipedestrian imovement idirection irecognition, iwhich iprovides 

ihigh irecognition irates iin ithe iproposed idataset. 

 i• iWe ihave ievaluated istate-of-the-art ihybrid iConvolutional iNeural iNetwork i– iSupport iVector 

iMachine imodels ifor ithe iproblem ipresented iand icarried iout ia iperformance ievaluation 

iproviding iquantitative imetrics. 

In ichapter i2 i, iwe ibriefly ipresent iConvolutional iNeural iNetworks iand iother itechniques ilike 

ioptical iflow i, ihistograms iof ioriented iGradients i, iSupport iVector iMachines iand imulticlass 

iSupport iVector iMachines ithat iwe iused iin ithis iwork.. iIn iChapter i3 i, iwe idescribe ithe idataset iwe 

iused iin iour iwork, iand ithen iwe idescribe ithe iproposed iCNN ibased iapproach ifor ithe ipedestrian 

imovement idirection iestimation. iChapter i4 ipresents ithe iresults i(accuracy iand irun itime i) ifor ithe 

ievaluated ihybrid iCNN iArchitecture iand iChapter i5 idraws iconclusions iand iindicates ifuture 

iscope iof ithe iwork. 
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CHAPTER i2. i iTECHNIQUES iUSED i 

2.1 iCONVOLUTIONAL iNEURAL iNETWORK 

A iconvolutional ineural inetwork i(CNN ior iConvNet) iis ione iof ithe imost ipopular ialgorithms ifor 

ideep ilearning, ia itype iof imachine ilearning iin iwhich ia imodel ilearns ito iperform iclassification 

itasks idirectly ifrom iimages, ivideo, itext, ior isound. 

CNNs iare iparticularly iuseful ifor ifinding ipatterns iin iimages ito irecognize iobjects, ifaces, iand 

iscenes. iThey ilearn idirectly ifrom iimage idata, iusing ipatterns ito iclassify iimages iand ieliminating 

ithe ineed ifor imanual ifeature iextraction. iApplications ithat icall ifor iobject irecognition iand 

icomputer ivision isuch ias iself-driving ivehicles iand iface-recognition iapplications irely iheavily 

ion iCNNs. i 

Using iCNNs ifor ideep ilearning ihas ibecome iincreasingly ipopular idue ito ithree iimportant 

ifactors: 

 CNNs ieliminate ithe ineed ifor imanual ifeature iextraction—the ifeatures iare ilearned idirectly iby 

ithe iCNN. 

 CNNs iproduce istate-of-the-art irecognition iresults. 

 CNNs ican ibe iretrained ifor inew irecognition itasks, ienabling iyou ito ibuild ion ipre-existing 

inetworks. 

CNNs iprovide ian ioptimal iarchitecture ifor iimage irecognition iand ipattern idetection. iCombined 

iwith iadvances iin iGPUs iand iparallel icomputing, iCNNs iare ia ikey itechnology iunderlying inew 

idevelopments iin iautomated idriving iand ifacial irecognition. 

A iconvolutional ineural inetwork ican ihave itens ior ihundreds iof ilayers ithat ieach ilearn ito idetect 

idifferent ifeatures iof ian iimage. iFilters iare iapplied ito ieach itraining iimage iat idifferent 

iresolutions, iand ithe ioutput iof ieach iconvolved iimage iis iused ias ithe iinput ito ithe inext ilayer. iThe 

ifilters ican istart ias ivery isimple ifeatures, isuch ias ibrightness iand iedges, iand iincrease iin 

https://www.mathworks.com/discovery/deep-learning.html
https://www.mathworks.com/solutions/image-video-processing/object-recognition.html
https://www.mathworks.com/solutions/image-video-processing.html
https://www.mathworks.com/solutions/automotive/automated-driving.html
https://www.mathworks.com/discovery/face-recognition.html
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icomplexity ito ifeatures ithat iuniquely idefine ithe iobject. iCNNs iperform ifeature iidentification 

iand iclassification iof iimages, itext, isound, iand ivideo. 

2.1.1 iLAYERS iOF iCNN 

The ifirst istep iof icreating iand itraining ia inew iconvolutional ineural inetwork i(ConvNet) iis ito 

idefine ithe inetwork iarchitecture.The inetwork iarchitecture ican ivary idepending ion ithe itypes iand 

inumbers iof ilayers iincluded. iThe itypes iand inumber iof ilayers iincluded idepends ion ithe 

iparticular iapplication ior idata. iA iCNN ihas ithe ifollowing ilayers: 

IMAGE iINPUT iLAYER i: 

An iimage iinput ilayer iinputs iimages ito ia inetwork iand iapplies idata inormalization. iThe isize iof 

ian iimage icorresponds ito ithe iheight, iwidth, iand ithe inumber iof icolor ichannels iof ithat iimage. 

CONVOLUTIONAL iLAYER i: 

A i2-D iconvolutional ilayer iapplies isliding iconvolutional ifilters ito ithe iinput. iThe iconvolutional 

ilayer iconsists iof ivarious icomponents. 

FILTERS iAND iSTRIDES i: 

A iconvolutional ilayer iconsists iof ineurons ithat iconnect ito isubregions iof ithe iinput iimages ior ithe 

ioutputs iof ithe iprevious ilayer. iThe ilayer ilearns ithe ifeatures ilocalized iby ithese iregions iwhile 

iscanning ithrough ian iimage. iFor ieach iregion iwhile itraining ia idot iproduct iof ithe iweights iand 

ithe iinput iis icomputed, iand ithen ia ibias iterm iis iadded. i iA iset iof iweights ithat iis iapplied ito ia 

iregion iin ithe iimage iis icalled ia ifilter. iThe ifilter imoves ialong ithe iinput iimage ivertically iand 

ihorizontally, irepeating ithe isame icomputation ifor ieach iregion. iIn iother iwords, ithe ifilter 

iconvolves ithe iinput. iThe istep isize iwith iwhich ithe ifilter imoves iis icalled ia istride. iThe inumber 

iof iweights iin ia ifilter iis ih i* iw i* ic, iwhere ih iis ithe iheight, iand iw iis ithe iwidth iof ithe ifilter, 

irespectively, iand ic iis ithe inumber iof ichannels iin ithe iinput. 
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Figure i2.1 i: i iA i3-by-3 ifilter iscanning ithrough ithe iinput. iThe ilower imap irepresents ithe iinput 

iand ithe iupper imap irepresents ithe ioutput.[33] 

 

Figure i2.2 i: iA i3-by-3 ifilter iscanning ithrough ithe iinput iwith ia istride iof i2. iThe ilower imap 

irepresents ithe iinput iand ithe iupper imap irepresents ithe ioutput.[33] 

 

FEATURE iMAPS i: 

As ia ifilter imoves ialong ithe iinput, iit iuses ithe isame iset iof iweights iand ithe isame ibias ifor ithe 

iconvolution, iforming ia ifeature imap. iEach ifeature imap iis ithe iresult iof ia iconvolution iusing ia 

idifferent iset iof iweights iand ia idifferent ibias. iHence, ithe inumber iof ifeature imaps iis iequal ito ithe 
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inumber iof ifilters. iThe itotal inumber iof iparameters iin ia iconvolutional ilayer iis i((h*w*c i+ 

i1)*Number iof iFilters), iwhere i1 iis ithe ibias. 

 

ZERO iPADDING i: 

You ican ialso iapply izero ipadding ito iinput iimage iborders ivertically iand ihorizontally. iPadding iis 

irows ior icolumns iof izeros iadded ito ithe iborders iof ian iimage iinput. iBy iadjusting ithe ipadding, 

iyou ican icontrol ithe ioutput isize iof ithe ilayer. 

 

Figure i2.3 i: iThis iimage ishows ia i3-by-3 ifilter iscanning ithrough ithe iinput iwith ipadding iof isize 

i1. iThe ilower imap irepresents ithe iinput iand ithe iupper imap irepresents ithe ioutput.[33] 

 i 

OUTPUT iSIZE i: 

The ioutput iheight iand iwidth iof ia iconvolutional ilayer iis i(Input iSize i– i((Filter iSize i– 

i1)*Dilation iFactor i+ i1) i+ i2*Padding)/Stride i+ i1. iThis ivalue imust ibe ian iinteger ifor ithe iwhole 

iimage ito ibe ifully icovered. 

 

NUMBER iOF iNEURONS i: 
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The iproduct iof ithe ioutput iheight iand iwidth igives ithe itotal inumber iof ineurons iin ia ifeature imap, 

isay iMap iSize. iThe itotal inumber iof ineurons i(output isize) iin ia iconvolutional ilayer iis iMap 

iSize*Number iof iFilters. 

 

BATCH iNORMALIZATION iLAYER i: i 

A ibatch inormalization ilayer inormalizes ieach iinput ichannel iacross ia imini-batch. iTo ispeed iup 

itraining iof iconvolutional ineural inetworks iand ireduce ithe isensitivity ito inetwork iinitialization, 

iuse ibatch inormalization ilayers ibetween iconvolutional ilayers iand inonlinearities, isuch ias iReLU 

ilayers. 

The ilayer ifirst inormalizes ithe iactivations iof ieach ichannel iby isubtracting ithe imini-batch imean 

iand idividing iby ithe imini-batch istandard ideviation. iThen, ithe ilayer ishifts ithe iinput iby ia 

ilearnable ioffset iβ iand iscales iit iby ia ilearnable iscale ifactor iγ. iβ iand iγ iare ithemselves ilearnable 

iparameters ithat iare iupdated iduring inetwork itraining. 

Batch inormalization ilayers inormalize ithe iactivations iand igradients ipropagating ithrough ia 

ineural inetwork, imaking inetwork itraining ian ieasier ioptimization iproblem. 

ALGORITHM: 

 

Batch inormalization inormalizes iits iinputs ixi iby ifirst icalculating ithe imean iμB iand ivariance iσB
2

 

iover ia imini-batch iand iover ieach iinput ichannel. iThen, iit icalculates ithe inormalized iactivations 

ias 

 

 i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i(2.1) 

Here, iϵ i(the iproperty iEpsilon) iimproves inumerical istability iwhen ithe imini-batch ivariance iis 

ivery ismall. iTo iallow ifor ithe ipossibility ithat iinputs iwith izero imean iand iunit ivariance iare inot 

ioptimal ifor ithe ilayer ithat ifollows ithe ibatch inormalization ilayer, ithe ibatch inormalization ilayer 

ifurther ishifts iand iscales ithe iactivations ias 

 i  i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i(2.2) 
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Here, ithe ioffset iβ iand iscale ifactor iγ i(Offset iand iScale iproperties) iare ilearnable iparameters ithat 

iare iupdated iduring inetwork itraining. 

When inetwork itraining ifinishes, ithe ibatch inormalization ilayer icalculates ithe imean iand 

ivariance iover ithe ifull itraining iset iand istores ithem i. iWhen iyou iuse ia itrained inetwork ito imake 

ipredictions ion inew iimages, ithe ilayer iuses ithe itrained imean iand ivariance iinstead iof ithe imini-

batch imean iand ivariance ito inormalize ithe iactivations. 

 

RELU iLAYER i: 

A iReLU ilayer iperforms ia ithreshold ioperation ito ieach ielement iof ithe iinput, iwhere iany ivalue 

iless ithan izero iis iset ito izero. iConvolutional iand ibatch inormalization ilayers iare iusually 

ifollowed iby ia inonlinear iactivation ifunction isuch ias ia irectified ilinear iunit i(ReLU), ispecified iby 

ia iReLU ilayer. iA iReLU ilayer iperforms ia ithreshold ioperation ito ieach ielement, iwhere iany iinput 

ivalue iless ithan izero iis iset ito izero, ithat iis, i 

F(x) i= i i i i i i ix, ix i> i= i0 i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i(2.3) 

 i i i i i i i i i i i i i i i i i i0, ix i< i0 

 i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i 

There iare iother inonlinear iactivation ilayers ithat iperform idifferent ioperations iand ican iimprove 

ithe inetwork iaccuracy ifor isome iapplications. 

 

MAX iAND iAVERAGE iPOOLING iLAYERS i: 

A imax ipooling ilayer iperforms idown-sampling iby idividing ithe iinput iinto irectangular ipooling 

iregions, iand icomputing ithe imaximum iof ieach iregion. iAn iaverage ipooling ilayer iperforms 

idown-sampling iby idividing ithe iinput iinto irectangular ipooling iregions iand icomputing ithe 

iaverage ivalues iof ieach iregion. iPooling ilayers ifollow ithe iconvolutional ilayers ifor idown-

sampling, ihence, ireducing ithe inumber iof iconnections ito ithe ifollowing ilayers. iThey ido inot 

iperform iany ilearning ithemselves, ibut ireduce ithe inumber iof iparameters ito ibe ilearned iin ithe 

ifollowing ilayers. iThey ialso ihelp ireduce ioverfitting. iPooling ilayers iscan ithrough ithe iinput 

ihorizontally iand ivertically iin istep isizes. iIf ithe ipool isize iis ismaller ithan ior iequal ito ithe istride, 
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ithen ithe ipooling iregions ido inot ioverlap. iFor inonoverlapping iregions i(Pool iSize iand iStride iare 

iequal), iif ithe iinput ito ithe ipooling ilayer iis in-by-n, iand ithe ipooling iregion isize iis ih-by-h, ithen 

ithe ipooling ilayer idown-samples ithe iregions iby ih i. iThat iis, ithe ioutput iof ia imax ior iaverage 

ipooling ilayer ifor ione ichannel iof ia iconvolutional ilayer iis in/h-by-n/h. 

 

FULLY iCONNECTED iLAYER i: 

A ifully iconnected ilayer imultiplies ithe iinput iby ia iweight imatrix iand ithen iadds ia ibias ivector 

i.The iconvolutional i(and idown-sampling) ilayers iare ifollowed iby ione ior imore ifully iconnected 

ilayers. 

As ithe iname isuggests, iall ineurons iin ia ifully iconnected ilayer iconnect ito iall ithe ineurons iin ithe 

iprevious ilayer. iThis ilayer icombines iall iof ithe ifeatures i(local iinformation) ilearned iby ithe 

iprevious ilayers iacross ithe iimage ito iidentify ithe ilarger ipatterns. iFor iclassification iproblems, 

ithe ilast ifully iconnected ilayer icombines ithe ifeatures ito iclassify ithe iimages. iThis iis ithe ireason 

ithat ithe ioutput isize iof ithe ilast ifully iconnected ilayer iof ithe inetwork iis iequal ito ithe inumber iof 

iclasses iof ithe idata iset. iA ifully iconnected ilayer imultiplies ithe iinput iby ia iweight imatrix iW iand 

ithen iadds ia ibias ivector ib. 

 

OUTPUT iLAYERS i: i 

SOTMAX iAND iCLASSIFICATION iLAYERS i: 

A iclassification ilayer icomputes ithe icross ientropy iloss ifor imulti-class iclassification iproblems 

iwith imutually iexclusive iclasses. iFor iclassification iproblems, ia isoftmax ilayer iand ithen ia 

iclassification ilayer imust ifollow ithe ifinal ifully iconnected ilayer. iFor itypical iclassification 

inetworks, ithe iclassification ilayer imust ifollow ithe isoftmax ilayer. iIn ithe iclassification ilayer, 

itrainNetwork itakes ithe ivalues ifrom ithe isoftmax ifunction iand iassigns ieach iinput ito ione iof ithe 

iK imutually iexclusive iclasses iusing ithe icross ientropy ifunction ifor ia i1-of-K icoding ischeme i 

 i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i(2.4) 
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where iN iis ithe inumber iof isamples, iK iis ithe inumber iof iclasses, itij iis ithe iindicator ithat ithe iith 

isample ibelongs ito ithe ijth iclass, iand iyij iis ithe ioutput ifor isample ii ifor iclass ij, iwhich iin ithis icase, 

iis ithe ivalue ifrom ithe isoftmax ifunction. iThat iis, iit iis ithe iprobability ithat ithe inetwork iassociates 

ithe iith iinput iwith iclass ij. 

 

 

2.1.2 i iCASE iSTUDIES 

 

LeNet. iThe ifirst isuccessful iapplications iof iConvolutional iNetworks iwere ideveloped iby iYann 

iLeCun iin i1990’s. iOf ithese, ithe ibest iknown iis ithe iLeNet iarchitecture ithat iwas iused ito iread izip 

icodes, idigits, ietc. 

 

AlexNet. iThe ifirst iwork ithat ipopularized iConvolutional iNetworks iin iComputer iVision iwas 

ithe iAlexNet, ideveloped iby iAlex iKrizhevsky, iIlya iSutskever iand iGeoff iHinton. iThe iAlexNet 

iwas isubmitted ito ithe iImageNet iILSVRC ichallenge iin i2012 iand isignificantly ioutperformed ithe 

isecond irunner-up i(top i5 ierror iof i16% icompared ito irunner-up iwith i26% ierror). iThe iNetwork 

ihad ia ivery isimilar iarchitecture ito iLeNet, ibut iwas ideeper, ibigger, iand ifeatured iConvolutional 

iLayers istacked ion itop iof ieach iother i(previously iit iwas icommon ito ionly ihave ia isingle iCONV 

ilayer ialways iimmediately ifollowed iby ia iPOOL ilayer). 

 

ZF iNet. iThe iILSVRC i2013 iwinner iwas ia iConvolutional iNetwork ifrom iMatthew iZeiler iand 

iRob iFergus. iIt ibecame iknown ias ithe iZFNet i(short ifor iZeiler i& iFergus iNet). iIt iwas ian 

iimprovement ion iAlexNet iby itweaking ithe iarchitecture ihyperparameters, iin iparticular iby 

iexpanding ithe isize iof ithe imiddle iconvolutional ilayers iand imaking ithe istride iand ifilter isize ion 

ithe ifirst ilayer ismaller. i 

 

GoogLeNet. iThe iILSVRC i2014 iwinner iwas ia iConvolutional iNetwork ifrom iSzegedy iet ial. 

ifrom iGoogle. iIts imain icontribution iwas ithe idevelopment iof ian iInception iModule ithat 

idramatically ireduced ithe inumber iof iparameters iin ithe inetwork i(4M, icompared ito iAlexNet 

iwith i60M). iAdditionally, ithis ipaper iuses iAverage iPooling iinstead iof iFully iConnected ilayers 

http://yann.lecun.com/exdb/publis/pdf/lecun-98.pdf
http://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks
http://www.image-net.org/challenges/LSVRC/2014/
http://arxiv.org/abs/1311.2901
http://arxiv.org/abs/1409.4842
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iat ithe itop iof ithe iConvNet, ieliminating ia ilarge iamount iof iparameters ithat ido inot iseem ito imatter 

imuch. iThere iare ialso iseveral ifollowup iversions ito ithe iGoogLeNet, imost irecently iInception-

v4. 

 

VGGNet. iThe irunner-up iin iILSVRC i2014 iwas ithe inetwork ifrom iKaren iSimonyan iand 

iAndrew iZisserman ithat ibecame iknown ias ithe iVGGNet. iIts imain icontribution iwas iin ishowing 

ithat ithe idepth iof ithe inetwork iis ia icritical icomponent ifor igood iperformance. iTheir ifinal ibest 

inetwork icontains i16 iCONV/FC ilayers iand, iappealingly, ifeatures ian iextremely ihomogeneous 

iarchitecture ithat ionly iperforms i3x3 iconvolutions iand i2x2 ipooling ifrom ithe ibeginning ito ithe 

iend. iTheir ipretrained imodel iis iavailable ifor iplug iand iplay iuse iin iCaffe. iA idownside iof ithe 

iVGGNet iis ithat iit iis imore iexpensive ito ievaluate iand iuses ia ilot imore imemory iand iparameters 

i(140M). iMost iof ithese iparameters iare iin ithe ifirst ifully iconnected ilayer, iand iit iwas isince ifound 

ithat ithese iFC ilayers ican ibe iremoved iwith ino iperformance idowngrade, isignificantly ireducing 

ithe inumber iof inecessary iparameters. 

 

ResNet. iResidual iNetwork ideveloped iby iKaiming iHe iet ial. iwas ithe iwinner iof iILSVRC i2015. 

iIt ifeatures ispecial iskip iconnections iand ia iheavy iuse iof ibatch inormalization. iThe iarchitecture 

iis ialso imissing ifully iconnected ilayers iat ithe iend iof ithe inetwork. iThe ireader iis ialso ireferred ito 

iKaiming’s ipresentation i(video, islides), iand isome irecent iexperiments ithat ireproduce ithese 

inetworks iin iTorch. iResNets iare icurrently iby ifar istate iof ithe iart iConvolutional iNeural iNetwork 

imodels iand iare ithe idefault ichoice ifor iusing iConvNets iin ipractice i(as iof iMay i10, i2016). iIn 

iparticular, ialso isee imore irecent idevelopments ithat itweak ithe ioriginal iarchitecture ifrom 

iKaiming iHe iet ial. iIdentity iMappings iin iDeep iResidual iNetworks i(published iMarch i2016). 

 

 

 

2.2 iOPTICAL iFLOW 

 

Recent ibreakthroughs iin icomputer ivision iresearch ihave iallowed imachines ito iperceive iits 

isurrounding iworld ithrough itechniques isuch ias iobject idetection ifor idetecting iinstances iof 

iobjects ibelonging ito ia icertain iclass iand isemantic isegmentation ifor ipixel-wise iclassification. 

http://arxiv.org/abs/1602.07261
http://arxiv.org/abs/1602.07261
http://www.robots.ox.ac.uk/~vgg/research/very_deep/
http://www.robots.ox.ac.uk/~vgg/research/very_deep/
http://arxiv.org/abs/1512.03385
http://arxiv.org/abs/1502.03167
https://www.youtube.com/watch?v=1PGLj-uKT1w
http://research.microsoft.com/en-us/um/people/kahe/ilsvrc15/ilsvrc2015_deep_residual_learning_kaiminghe.pdf
https://github.com/gcr/torch-residual-networks
https://arxiv.org/abs/1603.05027
https://towardsdatascience.com/tutorial-build-an-object-detection-system-using-yolo-9a930513643a
https://blog.nanonets.com/how-to-do-semantic-segmentation-using-deep-learning/
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However, ifor iprocessing ireal-time ivideo iinput, imost iimplementations iof ithese itechniques ionly 

iaddress irelationships iof iobjects iwithin ithe isame iframe i(x,y) idisregarding itime iinformation i(t). 

iIn iother iwords, ithey ire-evaluate ieach iframe iindependently, ias iif ithey iare icompletely iunrelated 

iimages, ifor ieach irun. iHowever, iif iwe ido ineed ithe irelationships ibetween iconsecutive iframes, 

ifor iexample, iwe iwant ito itrack ithe imotion iof ivehicles iacross iframes ito iestimate iits icurrent 

ivelocity iand ipredict iits iposition iin ithe inext iframe iwe iuse ioptical iflow. 

Optical iflow iis ithe imotion iof iobjects ibetween iconsecutive iframes iof isequence, icaused iby ithe 

irelative imovement ibetween ithe iobject iand icamera. iThe iproblem iof ioptical iflow imay ibe 

iexpressed ias: 

 

 

where ibetween iconsecutive iframes, iwe ican iexpress ithe iimage iintensity iI ias ia ifunction iof ispace 

i(x,y) iand itime i(t). iIn iother iwords, iif iwe itake ithe ifirst iimage iI(x,y,t) iand imove iits ipixels iby 

i(dx,dy) iover it itime, iwe iobtain ithe inew iimage iI(x+dx,y+dy,t+dt). 

First, iwe iassume ithat ipixel iintensities iof ian iobject iare iconstant ibetween iconsecutive iframes. 

 i i i i i i i i i i i i i i i i i i i i i i       I (x,y,t) =  I (x + δx , y + δy , t + δt)                                                                              (2.1) 

i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i 

Second, iwe itake ithe iTaylor iSeries iApproximation iof ithe iRHS iand iremove icommon iterms. 

I (x + δx , y + δy , t + δt) =    I (x,y,t) + ∂I/∂x (δx) + ∂I/∂y (δy) + ∂I/∂t (δt) + …   = 0      (2.2) 

i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i 

Third, iwe idivide iby idt ito iderive ithe ioptical iflow iequation: 

∂I/∂x (u) + ∂I/∂y (v) + ∂I/∂t = 0                                                                                              (2.3) 

ii i i i i i i i  i i i i i i i i i i i 

 iwhere iu=dx/dt iand iv=dy/dt 

 

http://www.norsemathology.org/wiki/index.php?title=Taylor_Series_as_Approximations
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dI/dx, idI/dy, iand idI/dt iare ithe iimage igradients ialong ithe ihorizontal iaxis, ithe ivertical iaxis, iand 

itime. iHence, iwe iconclude iwith ithe iproblem iof ioptical iflow, ithat iis, isolving iu(dx/dt) iand 

iv(dy/dt) ito idetermine imovement iover itime. iYou imay inotice ithat iwe icannot idirectly isolve ithe 

ioptical iflow iequation ifor iu iand iv isince ithere iis ionly ione iequation ifor itwo iunknown ivariables. 

iWe iwill iimplement isome imethods isuch ias ithe iLucas-Kanade imethod ito iaddress ithis iissue. 

 

2.2.1 i i iSPARSE iVS iDENSE iOPTICAL iFLOW 

Sparse ioptical iflow igives ithe iflow ivectors iof isome i"interesting ifeatures" i(say ifew ipixels 

idepicting ithe iedges ior icorners iof ian iobject) iwithin ithe iframe iwhile iDense ioptical iflow, iwhich 

igives ithe iflow ivectors iof ithe ientire iframe i(all ipixels) i- iup ito ione iflow ivector iper ipixel. iDense 

ioptical iflow ihas ihigher iaccuracy iat ithe icost iof ibeing islow/computationally iexpensive. 

2.2.2 i i iLUCAS-KANADE: iSPARSE iOPTICAL iFLOW 

Lucas iand iKanade iproposed ian ieffective itechnique ito iestimate ithe imotion iof iinteresting 

ifeatures iby icomparing itwo iconsecutive iframes iin itheir ipaper iAn iIterative iImage iRegistration 

iTechnique iwith ian iApplication ito iStereo iVision. iThe iLucas-Kanade imethod iworks iunder ithe 

ifollowing iassumptions: 

1. Two iconsecutive iframes iare iseparated iby ia ismall itime iincrement i(dt) isuch ithat iobjects iare 

inot idisplaced isignificantly i(in iother iwords, ithe imethod iwork ibest iwith islow-moving 

iobjects). 

2. A iframe iportrays ia i“natural” iscene iwith itextured iobjects iexhibiting ishades iof igray ithat 

ichange ismoothly. 

In ia inutshell, iwe iidentify isome iinteresting ifeatures ito itrack iand iiteratively icompute ithe ioptical 

iflow ivectors iof ithese ipoints. iHowever, iadopting ithe iLucas-Kanade imethod ionly iworks ifor 

ismall imovements i(from iour iinitial iassumption) iand ifails iwhen ithere iis ilarge imotion. i 

 

https://ri.cmu.edu/pub_files/pub3/lucas_bruce_d_1981_2/lucas_bruce_d_1981_2.pdf
https://ri.cmu.edu/pub_files/pub3/lucas_bruce_d_1981_2/lucas_bruce_d_1981_2.pdf
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2.2.3 i iOPTICAL iFLOW iUSING iDEEP iLEARNING 

While ithe iproblem iof ioptical iflow ihas ihistorically ibeen ian ioptimization iproblem, irecent 

iapproaches iby iapplying ideep ilearning ihave ishown iimpressive iresults. iGenerally, isuch 

iapproaches itake itwo ivideo iframes ias iinput ito ioutput ithe ioptical iflow i(colour-coded iimage), 

iwhich imay ibe iexpressed ias: 

 i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i(u i, iv) i= if i(I it-1 i, iI it i) i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i(2.4) 

where iu iis ithe imotion iin ithe ix idirection, iv iis ithe imotion iin ithe iy idirection, iand if iis ia ineural 

inetwork ithat itakes iin itwo iconsecutive iframes iIt−1 i(frame iat itime i= it−1and iIt(frame iat itime i= it) 

ias iinput. 

 

Figure i2.4 i: iOutput iof ia ideep ilearning imodel: icolour-coded iimage; icolour iencodes ithe 

idirection iof ipixel iwhile iintensity iindicates itheir ispeed.[35] 
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Figure i2.5 i: iArchitecture iof iFlowNetCorr, ia iconvolutional ineural inetwork ifor iend-to-end 

ilearning iof ioptical iflow.[35] 

 

Computing ioptical iflow iwith ideep ineural inetworks irequires ilarge iamounts iof itraining idata 

iwhich iis iparticularly ihard ito iobtain. iThis iis ibecause ilabeling ivideo ifootage ifor ioptical iflow 

irequires iaccurately ifiguring iout ithe iexact imotion iof ieach iand ievery ipoint iof ian iimage ito 

isubpixel iaccuracy. iTo iaddress ithe iissue iof ilabeling itraining idata, iresearchers iused 

icomputer igraphics ito isimulate imassive irealistic iworlds. iSince ithe iworlds iare igenerated iby 

iinstruction, ithe imotion iof ieach iand ievery ipoint iof ian iimage iin ia ivideo isequence iis iknown. 

Solving ioptical iflow iproblems iwith ideep ilearning iis ian iextremely ihot itopic iat ithe imoment, 

iwith ivariants iof iFlowNet, iSPyNet, iPWC-Net, iand imore ieach ioutperforming ione ianother 

ion ivarious ibenchmarks. 

 

 

 

 

 

https://towardsdatascience.com/a-brief-review-of-flownet-dca6bd574de0
https://www.cv-foundation.org/openaccess/content_iccv_2015/papers/Dosovitskiy_FlowNet_Learning_Optical_ICCV_2015_paper.pdf
https://arxiv.org/pdf/1611.00850v2.pdf
https://arxiv.org/pdf/1809.05571v1.pdf
http://sintel.is.tue.mpg.de/results
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Figure i2.6 iSynthetically igenerated idata ifor itraining iOptical iFlow iModels i– iMPI-Sintel 

idataset.[35] 

 

 

 

Figure i2.7 iSynthetically igenerated idata ifor itraining iOptical iFlow iModels i– iFlying iChairs 

idataset[35] 

 

2.2.4 iAPPLICATIONS iOF iOPTICAL iFLOW 

 

SEMANTIC iSEGMENTATION 

The ioptical iflow ifield iis ia ivast imine iof iinformation ifor ithe iobserved iscene. iAs ithe itechniques 

iof iaccurately idetermining ioptical iflow iimprove, iit iis iinteresting ito isee iapplications iof ioptical 

iflow iin ijunction iwith iseveral iother ifundamental icomputer ivisions itasks. iFor iexample, ithe itask 

iof isemantic isegmentation iis ito idivide ian iimage iinto iseries iof iregions icorresponding ito iunique 
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iobject iclasses iyet iclosely iplaced iobjects iwith iidentical itextures iare ioften idifficult ifor isingle 

iframe isegmentation itechniques. iIf ithe iobjects iare iplaced iseparately, ihowever, ithe idistinct 

imotions iof ithe iobjects imay ibe ihighly ihelpful iwhere idiscontinuity iin ithe idense ioptical iflow 

ifield icorrespond ito iboundaries ibetween iobjects. 

 

Figure i2.7 i: iSemantic isegmentation igenerated ifrom ioptical iflow.[35] 

OBJECT iDETECTION iAND iTRACKING 

Another ipromising iapplication iof ioptical iflow imay ibe iwith iobject idetection iand itracking ior, iin 

ia ihigh-level iform, itowards ibuilding ireal-time ivehicle itracking iand itraffic ianalysis isystems. 

iSince isparse ioptical iflow iutilizes itracking iof ipoints iof iinterest, isuch ireal-time isystems imay ibe 

iperformed iby ifeature-based ioptical iflow itechniques ifrom ieither ifrom ia istationary icamera ior 

icameras iattached ito ivehicles. 

http://openaccess.thecvf.com/content_cvpr_2018_workshops/papers/w3/Hua_Vehicle_Tracking_and_CVPR_2018_paper.pdf
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Figure i2.8 i: i iReal-time itracking iof ivehicles iwith ioptical iflow. i[35] 

 

Figure i2.9 i: iOptical iflow ican ibe iused ito ipredict ivehicle ispeeds[35] 

Fundamentally, ioptical iflow ivectors ifunction ias iinput ito ia imyriad iof ihigher-level itasks 

irequiring iscene iunderstanding iof ivideo isequences iwhile ithese itasks imay ifurther iact ias 

ibuilding iblocks ito iyet imore icomplex isystems isuch ias ifacial iexpression ianalysis, iautonomous 

https://towardsdatascience.com/tutorial-build-a-lane-detector-679fd8953132
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ivehicle inavigation, iand imuch imore. iNovel iapplications ifor ioptical iflow iyet ito ibe idiscovered 

iare ilimited ionly iby ithe iingenuity iof iits idesigners. 

 

2.3 i i iHISTOGRAMS iOF iORIENTED iGRADIENTS 

Histogram iof ioriented igradients i(HOG) iis ia ifeature idescriptor iused ito idetect iobjects iin 

icomputer ivision iand iimage iprocessing. iThe iHOG idescriptor itechnique icounts ioccurrences iof 

igradient iorientation iin ilocalized iportions iof ian iimage i- idetection iwindow, ior iregion iof iinterest 

i(ROI). 

Implementation iof ithe iHOG idescriptor ialgorithm iis ias ifollows: 

 Divide ithe iimage iinto ismall iconnected iregions icalled icells, iand ifor ieach icell icompute ia 

ihistogram iof igradient idirections ior iedge iorientations ifor ithe ipixels iwithin ithe icell. 

 Discretize ieach icell iinto iangular ibins iaccording ito ithe igradient iorientation. 

 Each icell's ipixel icontributes iweighted igradient ito iits icorresponding iangular ibin. 

 Groups iof iadjacent icells iare iconsidered ias ispatial iregions icalled iblocks. iThe igrouping iof icells 

iinto ia iblock iis ithe ibasis ifor igrouping iand inormalization iof ihistograms. 

 Normalized igroup iof ihistograms irepresents ithe iblock ihistogram. iThe iset iof ithese iblock 

ihistograms irepresents ithe idescriptor. 

 

Computation iof ithe iHOG idescriptor irequires ithe ifollowing ibasic iconfiguration iparameters: 

 Masks ito icompute iderivatives iand igradients 

 Geometry iof isplitting ian iimage iinto icells iand igrouping icells iinto ia iblock 

 Block ioverlapping 

 Normalization iparameters 

https://towardsdatascience.com/tutorial-build-a-lane-detector-679fd8953132
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According ito iDalal ithe irecommended ivalues ifor ithe iHOG iparameters iare: 

 1D icentered iderivative imask i[-1, i0, i+1] 

 Detection iwindow isize iis i64x128 

 Cell isize iis i8x8 

 Block isize iis i16x16 i(2x2 icells) 

 

 

Figure i2.10 i: iThe iHOG ialgorithm iimplementation ischeme i[32] 

 

2.4 i i iSUPPORT iVECTOR iMACHINE i(SVM) 

In imachine ilearning, isupport-vector imachines i(SVMs, ialso isupport-vector inetworks) iare 

isupervised ilearning imodels iwith iassociated ilearning ialgorithms ithat ianalyze idata iused ifor 

iclassification. iGiven ia iset iof itraining iexamples, ieach imarked ias ibelonging ito ione ior ithe iother 

https://en.wikipedia.org/wiki/Machine_learning
https://en.wikipedia.org/wiki/Supervised_learning
https://en.wikipedia.org/wiki/Algorithm
https://en.wikipedia.org/wiki/Statistical_classification
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iof itwo icategories, ian iSVM itraining ialgorithm ibuilds ia imodel ithat iassigns inew iexamples ito 

ione icategory ior ithe iother, imaking iit ia inon-probabilistic ibinary ilinear iclassifier i. iAn iSVM 

imodel iis ia irepresentation iof ithe iexamples ias ipoints iin ispace, imapped iso ithat ithe iexamples iof 

ithe iseparate icategories iare idivided iby ia iclear igap ithat iis ias iwide ias ipossible. iNew iexamples 

iare ithen imapped iinto ithat isame ispace iand ipredicted ito ibelong ito ia icategory ibased ion ithe iside 

iof ithe igap ion iwhich ithey ifall. 

In iaddition ito iperforming ilinear iclassification, iSVMs ican iefficiently iperform ia inon-linear 

iclassification iusing iwhat iis icalled ithe ikernel itrick, iimplicitly imapping itheir iinputs iinto ihigh-

dimensional ifeature ispaces. 

Support iVector iMachines iare ibased ion ithe iconcept iof idecision iplanes ithat idefine idecision 

iboundaries. iA idecision iplane iis ione ithat iseparates ibetween ia iset iof iobjects ihaving idifferent 

iclass imemberships. iA ischematic iexample iis ishown iin ithe iillustration ibelow. iIn ithis iexample, 

ithe iobjects ibelong ieither ito iclass iGREEN ior iRED. iThe iseparating iline idefines ia iboundary ion 

ithe iright iside iof iwhich iall iobjects iare iGREEN iand ito ithe ileft iof iwhich iall iobjects iare iRED. 

iAny inew iobject i(white icircle) ifalling ito ithe iright iis ilabeled, ii.e., iclassified, ias iGREEN i(or 

iclassified ias iRED ishould iit ifall ito ithe ileft iof ithe iseparating iline). 

 

Figure i2.11 i: iExample iof ilinear iSVM[36] 

The iabove iis ia iclassic iexample iof ia ilinear iclassifier, ii.e., ia iclassifier ithat iseparates ia iset iof 

iobjects iinto itheir irespective igroups i(GREEN iand iRED iin ithis icase) iwith ia iline. iMost 

iclassification itasks, ihowever, iare inot ithat isimple, iand ioften imore icomplex istructures iare 

ineeded iin iorder ito imake ian ioptimal iseparation, ii.e., icorrectly iclassify inew iobjects i(test icases) 

ion ithe ibasis iof ithe iexamples ithat iare iavailable i(train icases). iThis isituation iis idepicted iin ithe 

iillustration ibelow. iCompared ito ithe iprevious ischematic, iit iis iclear ithat ia ifull iseparation iof ithe 

iGREEN iand iRED iobjects iwould irequire ia icurve i(which iis imore icomplex ithan ia iline). 

https://en.wikipedia.org/wiki/Probabilistic_classification
https://en.wikipedia.org/wiki/Binary_classifier
https://en.wikipedia.org/wiki/Linear_classifier
https://en.wikipedia.org/wiki/Linear_classifier
https://en.wikipedia.org/wiki/Kernel_method#Mathematics:_the_kernel_trick
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iClassification itasks ibased ion idrawing iseparating ilines ito idistinguish ibetween iobjects iof 

idifferent iclass imemberships iare iknown ias ihyperplane iclassifiers. iSupport iVector iMachines 

iare iparticularly isuited ito ihandle isuch itasks. 

 

Figure i2.12 i: iSeperating ilines ito idistinguish ibetween iobjects.[36] 

The iillustration ibelow ishows ithe ibasic iidea ibehind iSupport iVector iMachines. iHere iwe isee ithe 

ioriginal iobjects i(left iside iof ithe ischematic) imapped, ii.e., irearranged, iusing ia iset iof 

imathematical ifunctions, iknown ias ikernels. iThe iprocess iof irearranging ithe iobjects iis iknown ias 

imapping i(transformation). iNote ithat iin ithis inew isetting, ithe imapped iobjects i(right iside iof ithe 

ischematic) iis ilinearly iseparable iand, ithus, iinstead iof iconstructing ithe icomplex icurve i(left 

ischematic), iall iwe ihave ito ido iis ito ifind ian ioptimal iline ithat ican iseparate ithe iGREEN iand ithe 

iRED iobjects. 

 

Figure i2.13 i: iOriginal iobjects imapped ito ia inew ifeature ispace[36] 

2.5 i iMULTICLASS iSVM i: 

In i imulti iclass ior imultinomial iclassification iis ithe iproblem iof iclassifying iinstances iinto ione iof 

ithree ior imore iclasses. i(Classifying iinstances iinto ione iof itwo iclasses iis icalled ibinary 

https://en.wikipedia.org/wiki/Statistical_classification
https://en.wikipedia.org/wiki/Binary_classification
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iclassification.) iSVM iare iby inature ibinary ialgorithms; ithese ican, ihowever, ibe iturned iinto 

imultinomial iclassifiers iby ia ivariety iof istrategies. iOne isuch istrategy iis ione ivs irest. 

ONE iVS iREST i: 

One-vs.-rest i(or ione-vs.-all, iOvA ior iOvR, ione-against-all, iOAA) istrategy iinvolves itraining ia 

isingle iclassifier iper iclass, iwith ithe isamples iof ithat iclass ias ipositive isamples iand iall iother 

isamples ias inegatives. iThis istrategy irequires ithe ibase iclassifiers ito iproduce ia ireal-valued 

iconfidence iscore ifor iits idecision, irather ithan ijust ia iclass ilabel; idiscrete iclass ilabels ialone ican 

ilead ito iambiguities, iwhere imultiple iclasses iare ipredicted ifor ia isingle isample. i 

In ipseudocode, ithe itraining ialgorithm ifor ian iOvA ilearner iconstructed ifrom ia ibinary 

iclassification ilearner iL iis ias ifollows: 

Inputs: 

 L, ia ilearner i(training ialgorithm ifor ibinary iclassifiers) 

 samples iX 

 labels iy iwhere iyi i∈ i{1, i… iK} iis ithe ilabel ifor ithe isample iXi 

Output: 

 a ilist iof iclassifiers ifk ifor ik i∈ i{1, i…, iK} 

Procedure: 

 For ieach ik iin i{1, i…, iK} 

o Construct ia inew ilabel ivector iz iwhere izi i= iyi iif iyi i= ik iand izi i= i0 iotherwise 

o Apply iL ito iX, iz ito iobtain ifk 

Making idecisions imeans iapplying iall iclassifiers ito ian iunseen isample ix iand 

ipredicting ithe ilabel ik ifor iwhich ithe icorresponding iclassifier ireports ithe ihighest 

iconfidence iscore: 

 

 

https://en.wikipedia.org/wiki/Binary_classification
https://en.wikipedia.org/wiki/Binary_classification
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CHAPTER i3 i i iDATASET 

 

In ithis isection iwe ipresent iour ipedestrian imovement idirection irecognition idataset. iThis idataset 

iis iused ifor ithe itraining iand ievaluation iof ithe iproposed isystem. iTo itest ithe iproposed iCNN-

based isystem iwe ineeded ia ispecific idataset, idesigned ito ifeed iour inetwork iwith iimages iof 

ipedestrians imoving iin idifferent idirections iand iin idifferent iscenarios, iboardwalks, izebra 

icrossings, isidewalks, ietc. iVideo iwas irecorded iwith ia icamera icapturing iat i30fps, i640×480 

iresolution. iVideos iwere irecorded iin ia istatic iand idynamic imanner, iusing ia iregular iand ia 

ihandheld itripod. iThere iare ino iother idatasets ithat iprovide iinformation iabout ipedestrian 

imovement idirection. iMost iexisting idatasets irelated ito ithis itopic, isuch ias ithe: 

 

 iCaltech ibenchmark i iDataset iconsists iof iapproximately i10 ihours iof i640x480 i30Hz ivideo itaken 

ifrom ia ivehicle idriving ithrough iregular itraffic iin ian iurban ienvironment. iAbout i250,000 iframes 

i(in i137 iapproximately iminute ilong isegments) iwith ia itotal iof i350,000 ibounding iboxes iand 

i2300 iunique ipedestrians iwere iannotated. iThe iannotation iincludes itemporal icorrespondence 

ibetween ibounding iboxes iand idetailed iocclusion ilabels. 

 

 

Figure i3.1 i: iCaltech idataset[37] 

 

The iPascal idatabase i i iis ia iset iof iadditional iannotations ifor iPASCAL iVOC i2010. iIt igoes 

ibeyond ithe ioriginal iPASCAL isemantic isegmentation itask iby iproviding iannotations ifor ithe 

iwhole iscene. iThe istatistics isection ihas ia ifull ilist iof i400+ ilabels. iThe iINRIA iperson idataset 

ifocus ionly ion ipedestrian idetection, iproviding ibounding iboxes iof ithe idetected ipedestrians, ibut 

ino iinformation iabout ithe ipedestrian idirection ior iintention iis iprovided. i 

 

https://cs.stanford.edu/~roozbeh/pascal-context/#statistics
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The iDaimler idataset i iis ithe ionly ione ithat inot ionly iprovides iground itruth iinformation ifor 

ipedestrian idetection itasks ibut ialso ipedestrian iintention iinformation. iFour idifferent ipedestrian 

imotion itypes iare iconsidered: icrossing, istopping, istarting ito iwalk iand ibending iin. iEach ivideo 

isequence ihas ithe ipreviously imentioned ilabel iabout ipedestrian iintention. 

 

 iIn iour idataset, iwe iconsidered idifferent imotion itypes, inot ipreviously iincluded iin iexisting 

idatasets. iWe idecided ito irecognize imore igeneric imotion itypes, isuch ias imoving ileft, iright ior ito 

ithe ifront, iwhich ican ibe iused ito irecognize ihigher-level imotion itypes ilike ithose iproposed iin ithe 

iDaimler idataset. iThis idataset iwas imanually iannotated, icreating ia iground itruth isplit ifor 

itraining ithe iproposed iCNN iarchitecture. i 

 

RELATED iDATASETS 

 GM-ATCI: Rear-View Pedestrians Dataset captured from a fisheye-lens camera. 

 Daimler: Also captured in an urban setting, update of the older DaimlerChrysler 

dataset. Contains tracking information and a large number of labeled bounding boxes. 

 NICTA: A large scale urban dataset collected in multiple cities/countries. No 

motion/tracking information, but significant number of unique pedestrians. 

 ETH: Urban dataset captured from a stereo rig mounted on a stroller. 

 TUD-Brussels: Dataset with image pairs recorded in an crowded urban setting with an 

onboard camera. 

 INRIA: Currently one of the most popular static pedestrian detection datasets. 

 PASCAL: Static object dataset with diverse object views and poses. 

 CVC-ADAS: collection of pedestrian datasets including pedestrian videos acquired 

on-board, virtual-world pedestrians (with part annotations), and occluded pedestrians. 

 USC: A number of fairly small pedestrian datasets taken largely from surveillance 

video. 

 MIT: One of the first pedestrian datasets, fairly small and relatively well solved at this 

point 

https://sites.google.com/site/rearviewpeds1/
http://www.gavrila.net/Datasets/Daimler_Pedestrian_Benchmark_D/daimler_pedestrian_benchmark_d.html
http://www.nicta.com.au/category/research/computer-vision/tools/automap-datasets/
http://www.vision.ee.ethz.ch/~aess/dataset/
http://www.d2.mpi-inf.mpg.de/tud-brussels
http://pascal.inrialpes.fr/data/human/
http://pascallin.ecs.soton.ac.uk/challenges/VOC/databases.html
http://www.cvc.uab.es/adas/site/?q=node/7
http://iris.usc.edu/Vision-Users/OldUsers/bowu/DatasetWebpage/dataset.html
http://cbcl.mit.edu/software-datasets/PedestrianData.html
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 i i iFigure i3.2 i: i iDataset iimages: iLeft, iright iand ifront isamples 
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CHAPTER i4. iPROPOSED iMETHOD 

 

This isection idescribes iour imethod ifor ipedestrian itrajectory irecognition. iIt iis ibased ion ia iCNN 

inetwork itrained iwith ipreprocessed idata ifrom ia ivideo ifeed ias iinput. iOnce ithe iCNN iwas 

idefined, iand ithe idataset iwas iannotated iwith iground itruth iinformation, iwe istarted ito ifeed ithe 

iCNN iwith itraining idata ifrom ithe irecorded idataset. i 

 

4.1 i i iPREPROCESSING iSTEPS 

 

In ithe iproposed imethod, iacquired ivideo iis ipassed ithrough ian iimage ipreprocessing ipipeline ifor 

iimage ifiltering, iobtaining iour ifinal iadded ivideo iframes i, iwhich iwere iused ias iinput idata ifor ithe 

iproposed iCNN iarchitecture. iOnly ione iof ievery isix iframes iwas iused, ias iwe isaw ithat 

iconsecutive iframes iat i30 iframes iper isecond icontributed ino inew irelevant ifeatures ito iour 

inetwork. 

 

4.1.1 i iOPTICAL iFLOW 

 

To idetect ichanges iin iscene ior icamera imovements iwe iuse ioptical iflow imethod. iWe iare 

iestimating ioptical iflow iusing iLucas-Kanade iderivative iof iGaussian imethod. iWe icreate ian 

ioptical iflow iobject ifor iestimating ithe idirection iand ispeed iof imoving iobjects iusing ithe iLucas-

Kanade imethod. iThe iobject iof ioptical iflow istores ithe idirection iand ispeed iof ia imoving iobject 

ifrom ione iimage ior ivideo iframe ito ianother. iThe iproperties iof ioptical iflow iobject iare: 

 

Vx i— ix icomponent iof ivelocity 

x icomponent iof ivelocity, ispecified ias ian iM-by-N imatrix. iIf ithe iinput iVx iis inot ispecified, ithe 

idefault ivalue iof ithis iproperty iis iset ito i0-by-1 iempty imatrix. 

 

Vy i— iy icomponent iof ivelocity 

y icomponent iof ivelocity, ispecified ias ian iM-by-N imatrix. iIf ithe iinput iVy iis inot ispecified, ithe 

idefault ivalue iof ithis iproperty iis iset ito i0-by-1 iempty imatrix. 
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Orientation i— iPhase iangles iof ioptical iflow 

This iproperty iis iread-only. iPhase iangles iof ioptical iflow iin iradians, ispecified ias ian iM-by-N 

imatrix iof ithe isame isize iand idata itype ias ithe icomponents iof ivelocity. iThe iphase iangles iof 

ioptical iflow iis icalculated ifrom ithe ix iand iy icomponents iof ivelocity. iIf ithe iinputs iVx iand iVy iare 

inot ispecified, ithe idefault ivalue iof ithis iproperty iis iset ito i0-by-1 iempty imatrix 

Magnitude i— iMagnitude iof ioptical iflow 

This iproperty iis iread-only. iMagnitude iof ioptical iflow, ispecified ias ian iM-by-N imatrix iof ithe 

isame isize iand idata itype ias ithe icomponents iof ivelocity. iThe imagnitude iof ioptical iflow iis 

icalculated ifrom ithe ix iand iy icomponents iof ivelocity. iIf ithe iinputs iVx iand iVy iare inot ispecified, 

ithe idefault ivalue iof ithis iproperty iis iset ito i0-by-1 iempty imatrix. 

 iThreshold i-- iThe ithreshold iof inoise ireduction 

Threshold ifor inoise ireduction, ispecified ias ia ipositive iscalar. iAs iyou iincrease ithis inumber, ithe 

imovement iof ithe iobjects ihas iless iimpact ion ioptical iflow icalculation. iWe ihave itaken ithe 

ithreshold ias i0.005 isince iwe ihave ito idetect ithe imovement iof ipedestrians. 

We iuse ithe imagnitude iproperty iof ithe iobject iflow icreated iin imatlab ito ifind iif ithere iis iany 

imovement iin ithe iscene ior inot. iIf ithere iis imovement iin ithe iscene ithen ithe imagnitude iis igreater 

ithan i0.008. iWe ihave ifound ithis ivalue iafter iseeing ithe iresult iover ia ivideo ihaving imovement 

iand ino imovement iin ithe iscene. 
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 i i i  

 i i iFigure i4.1 i: iPlot iof ioptical iflow ivectors i. 

 

 

4.1.2 i i iPEDESTRIAN iDETECTION 

Once iwe ihave idetected imovement iin ithe iscene iwe imove ionto ithe inext istep iof ipedestrian 

idetection i.We iuse iHistograms iof iOriented iGradients i(HOG) ifeatures ifor iclassification iand 

iSupport iVector iMachine i(SVM) ias ithe iclassifier. iIf ipedestrian iis idetected iwe imove ionto ithe 

inext istep. 

 

4.1.3 i i iIMAGE iSUBTRACTION 

After ipedestrian idetection iwe iperform ian iimage isubtraction istep i, iwhich iis ian iabsolute 

idifference ibetween itwo iconsecutive iframes. iIn ithis iway, ithe icontour iof ithe ipedestrian ishows ia 
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islight imovement iin ia iparticular idirection. iThen, iwe icontinue iprocessing ithe isequence 

iobtaining ithe inext isubtracted iframe. 

 

 

 

 i i i i i i i i i i i i i i i i i i i i i 

Figure i4.2: iResult iobtained iafter iimage isubtraction. 

 i 

 

4.1.4 i i iIMAGE iADDITION 

 

Finally, iusing iconsecutive isubtracted iframes, iwe iperform ithe isum i(pixel ilevel) iof ithese 

isubtracted iframes iobtaining ia isimilar iblack ibackground iframe. iThis ioutput iimage iis iused ias 

iinput idata ifor ithe iproposed iCNN iarchitecture, iwhich iautomatically ilearns ito iextract ifeatures 

ifrom ithese ipreprocessed iimages. 

The iimages iare ithen iresized i(downscaled) ito i32x32 ipixels. iIn iaddition, ias ithe icolour iprovides 

ino ifurther irelevant iinformation, iwe idecided ito iconvert ithe iimages ito igreyscale ijust iafter ithe 

iacquisition istep 
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Figure i4.3: iSum iof isuubtrated iframes 
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 i i i i i i i 

 

 

 

iSUBTRACTED iFRAMES  i i i i i i i i i i i i i i i i i i i 

 i i i i i i i i i i  i i i i i i i i i i i i i i i i i i i i i i i i i i i i  

 i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i iSUM iOF iSUBTRACTED iFRAMES 

 i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i  

 

 

Figure i4.4: iPreprocessing isteps icarried iout ion ithe iimages. i 
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Figure i4.5: iFlowchart iof ithe ipreprocessing isteps 

 

 

4.2 HYBRID CNN TRAINING 

 

The last step is the training of the hybrid CNN. The architecture of the hybrid CNN we used 

in this work is as follows: 

Image iInput iLayer iAn iimage iInput iLayer iis iwhere iyou ispecify ithe iimage isize, iwhich, iin ithis 

icase, iis i32-by-32-by-1. iThese inumbers icorrespond ito ithe iheight, iwidth, iand ithe ichannel isize. 

iThe idigit idata iconsists iof igrayscale iimages, iso ithe ichannel isize i(color ichannel) iis i1. 

 

https://in.mathworks.com/help/deeplearning/ref/nnet.cnn.layer.imageinputlayer.html
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Convolutional iLayer i– iWe ihave iused ia itotal iof ithree iconvolutional ilayers ithe iproperties iof 

iwhich iwill ibe idiscussed ione iby ione ibelow: 

For ithe ifirst ilayer iwe ihave iused ia ifilter isize iof i2 ithat iis ia i2x2 ifilter iand ifor ithe inext itwo ilayers 

iwe iused ia ifilter isize iof ithree. iThe inext iargument iwe ineed ito ispecify iin ithis ilayer iis ithe inumber 

iof ifilters, iwhich iis ithe inumber iof ineurons ithat iconnect ito ithe isame iregion iof ithe iinput. iThis 

iparameter idetermines ithe inumber iof ifeature imaps. iIn ithe ifirst ilayer iwe ihave iused ithe inumber 

iof ifilters ias i8 i, iin ithe isecond ilayer ithe inumber iof ifilters iused iis i16 iand iin ithe ithird ilayer iit iis i32 

i. i 

We iwant ithe ispatial ioutput isize isame ias ithe ispatial iinput isize ifor ithis iwe iuse ipadding. iWe ican 

icalculate ithe ipadding iusing ithe iformula ibut isince iwe ihave iused ithe iparameter i‘same’ iin iour 

icode imatlab isoftware idoes iit iautomatically ifor ius iand iwe ido inot ihave ito iworry iabout ithe 

ipadding. iIn icase iwe iwanted ithe ispatial iinput isize iand ispatial ioutput isize idifferent iwe icould 

ihave ispecified ithe ipadding irequired ito ido iso iusing ithe iformula. iIn iall ithe ithree ilayers iwe ihave 

iused ithe ipadding iparameter ias i‘same’ isince iin iall ithree ilayers iwe ihave ikept ithe ispatial iinput 

isize iand ioutput isize isame. iNext iparameter iwe ihave ispecified iis ithe istep isize ifor itraversing ithe 

iinput iimage ihorizontally iand ivertically. iWe ihave iused ithe idefault istep isize ithat iis ione. iWe 

icould ihave iinitialized ithe iweights iand ithe ilearn irate ifactor ifor ithe ilayer ibut iwe ihave ithe idefault 

iweight iinitializer iwhich iis ithe i‘glorot’ iin iour isoftware iand ithe idefault ilearn irate iparameter iof 

i1. 

 

Batch iNormalization iLayer i– iThis iis ithe inext ilayer iafter iconvolutional ilayer. 

A ibatch inormalization ilayer inormalizes ieach iinput ichannel iacross ia imini-batch. iTo ispeed iup 

itraining iof iconvolutional ineural inetworks iand ireduce ithe isensitivity ito inetwork iinitialization, 

iuse ibatch inormalization ilayers ibetween iconvolutional ilayers iand inonlinearities, isuch ias iReLU 

ilayers. iThe ilayer ifirst inormalizes ithe iactivations iof ieach ichannel iby isubtracting ithe imini-batch 

imean iand idividing iby ithe imini-batch istandard ideviation. iThen, ithe ilayer ishifts ithe iinput iby ia 

ilearnable ioffset i€ iand iscales iit iby ia ilearnable iscale ifactor iγ. 

In ithis ilayer iafter inetwork itraining ifinishes, ithe isoftware icalculates ithe iinput imean iover ithe 

ientire itraining idata iset. iThe ilayer iuses ithis itrained imean i(in iplace iof ithe imini-batch imean) ito 

inormalize ithe iinput iduring iprediction. iSimilarly ithe ithe isoftware icalculates ithe iinput ivariance 

iover ithe ientire itraining idataset i, iand ithen ithis itrained ivariance iis iused iin iplace iof ithe imini 
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ibatch ivariance ito inormalize ithe iinput iduring iprediction. iThe ivalue iof iepsilon iused iis i1e i– i5. 

iThe ialgorithm iof ithis ilayer ihas ibeen idefined iin iChapter i2.1.2 iunder ithe iheading iNormalization 

iLayer. 

 

ReLU iLayer iThe ibatch inormalization ilayer iis ifollowed iby ia inonlinear iactivation ifunction. 

iThe imost icommon iactivation ifunction iis ithe irectified ilinear iunit i(ReLU) iand iin iour iwork ialso 

iwe ihave iused ia iReLU ilayer iwhich iis igiving ius igood iresults.The iReLU ilayer idoes inot ichange 

ithe isize iof iits iinput. 

There iare iother inonlinear iactivation ilayers ithat iperform idifferent ioperations iand ican iimprove 

ithe inetwork iaccuracy ifor isome iapplications. iOther iactivation ilayers iare ias ifollows: 

Leaky iReLU ilayer i– iIt iperforms ia ithreshold ioperation, iwhere iany iinput ivalue iless ithan izero iis 

imultiplied iby ia ifixed iscalar. 

A iclipped iReLU ilayer i- i i iIt iperforms ia ithreshold ioperation, iwhere iany iinput ivalue iless ithan 

izero iis iset ito izero iand iany ivalue iabove ithe iclipping iceiling iis iset ito ithat iclipping iceiling. 

An iELU iactivation ilayer i- i i iIt iperforms ithe iidentity ioperation ion ipositive iinputs iand ian 

iexponential inonlinearity ion inegative iinputs. 

A ihyperbolic itangent i(tanh) iactivation ilayer i- iIt iapplies ithe itanh ifunction ion ithe ilayer iinputs. 

A iPReLU ilayer i i- iIt iperforms ia ithreshold ioperation, iwhere ifor ieach ichannel, iany iinput ivalue 

iless ithan izero iis imultiplied iby ia iscalar ilearned iat itraining itime. 

We itested iour icode ifor iall ithese ilayers ibut igot ithe ibest iresults ifor iReLU ilayer i. 

Max iPooling iLayer i– iThe inext ilayer iwe ihave icreated iafter ithe iReLU ilayer iis ithe imax ipooling 

ilayer i. iThis i ibasically idoes ithe idownsampling ioperation i, iit ireduces ithe ispatial isize iof ithe 

ifeature imap iand ireduces iredundant ispatial ioperation. iDown-sampling imakes iit ipossible ito 

iincrease ithe inumber iof ifilters iin ideeper iconvolutional ilayers iwithout iincreasing ithe irequired 

iamount iof icomputation iper ilayer. iOne iway iof idownsampling iis imax ipooling iwhich iwe ihave 

iused ihere. iIn ithis ilayer iwe ispecify ithe ipool isize iwhich igives ithe imaximum ivalue iof ithe 
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irectangular iregion igiven iby ipoolsize. iIn iour iwork iwe ihave itaken ia ipoolsize iof i2 ithat iis ia i2x2 

ifilter iwhich iis iconvolved iacross ithe ientire ifeature imap ito igive ithe imaximum ivalue iout iof ithe 

irectangular iregion. iThe istride iwe ihave itaken iis i2 i. iif ithe istride iis itaken ias idifferent ifrom ithe 

ipoolsize ithen ithe ithere iis ioverlapping iof ithe ithe idownsampling ioperation i. iHere iwe ihave iset 

ithe idefault ipadding ias i‘same’ ithat iis ithe isoftware iautomatically icalculates ithe ipadding 

irequired ifor ithe iinput ifeature imap. iAfter iall ithe iReLU ilayer iin ieach iblock iwe ihave iused ithis 

imax ipooling ilayer i. 

Fully iConnected iLayer iThe iconvolutional iand idown-sampling ilayers iare ifollowed iby ione ior 

imore ifully iconnected ilayers. i iThis ilayer icombines iall ithe ifeatures ilearned iby ithe iprevious 

ilayers iacross ithe iimage ito iidentify ithe ilarger ipatterns. iThe ilast ifully iconnected ilayer icombines 

ithe ifeatures ito iclassify ithe iimages. iWe ihave inamed iit ias ifc ilayer. 

SVM iCLASSIFIER i: 

After ithe ifully iconnected ilayer iin ithe iCNN iarchitecture iis ithe isoftmax ilayer iwhich iis iused ito 

inormalize ithe iouput iof ithe ifully iconnected ilayer i, iwhich iis ican ibe iused ias ithe iclassification 

iprobabilities iby ithe iclassification ilayer. iBut iinstead iof iusing ithe isoftmax ilayer ias ithe iclassifier 

iwe iare iusing ian iSVM iclassifier. iThe iarchitecture iof ithe ihybrid iCNN i& iSVM imodel iwas 

idesigned iby ireplacing ithe ilast ilayer i(fc) i iof ithe iCNN imodel iwith ian iSVM iclassifier iin ithe 

itesting iphase. iFor ioutput iunits iof ithe ifc ilayer iin ithe iCNN inetwork, ithey iare ithe iestimated 

iprobabilities ifor ithe iinput isample. iEach ioutput iprobability iis icalculated iby ian iactivation 

ifunction. iThe iinput iof ithe iactivation ifunction iis ithe ilinear icombination iof ithe ioutputs ifrom ithe 

iprevious if3 ilayer iwith itrainable iweights, iplus ia ibias iterm. iLooking iat ithe ioutput ivalues iof if3 iis 

imeaningless, ibut ionly imakes isense ito ithe iCNN inetwork iitself; ihowever, ithese ivalues ican ibe 

itreated ias ifeatures ifor iany iother iclassifiers. iThe iprediction iof ithe iunknown isample iis imade iby 

ian iSVM iclassifier iinstead iof ithe ifc ilayer. iAfter ithe ioriginal iCNN ihas ibeen itrained iby ithe iback-

propagation ialgorithm, ithe ioutputs iproduced ifrom iLayer if3 iare iextracted ias ithe inew ifeatures. 

iThey iare isent ito ithe iSVM iclassifier ifor itraining. iOnce ithe iSVM iclassifier ihas ibeen iwell 

itrained, iit iconducts ithe irecognition itask iwith icorresponding ifeatures ifrom ithe itesting idata. 

iFirstly, ithe iprocessed iimage iis i isent ito ithe iinput ilayer, iand ithe ioriginal iCNN iwith ithe ioutput 

iunit i(fc) iis itrained iwith iseveral iepochs iuntil ithe itraining iprocess iconverges. iThen, ithe iSVM 
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iwith ian iRBF ikernel ireplaces ithe ioutput ilayer ifc. iThe iSVM itakes ithe ioutputs ifrom ithe if3 ilayer 

ias ia inew ifeature ivector. iFinally, ithe itrained iSVM imakes inew idecisions ion itesting iimages iwith 

isuch iautomatically iextracted ifeatures. 

 

Figure i4.6 i: iArchitecture iof ithe ihybrid iCNN i– iSVM imodel 
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4.3 MERITS iOF iHYBRID iCNN iAND iSVM iMODEL i: 

The ihybrid isystem icompensates ithe ilimits iof ithe iCNN iand iSVM iclassifiers iby iincorporating 

ithe imerits iof iboth iclassifiers. iSince ithe itheoretical ilearning imethod iof iCNN iis ithe isame ias ithat 

ifor ithe iMulti-Layer iPerceptron i(MLP), iit iis ian iextension imodel iof ithe iMLP. iThe ilearning 

ialgorithm iof iMLP iis ibased ion ithe iEmpirical iRisk iMinimization, iwhich iattempts ito iminimize 

ithe ierrors iin ithe itraining iset. iWhen ithe ifirst iseparating ihyperplane iis ifound iby ithe iback-

propagation ialgorithm, ino imatter iwhether iit iis ithe ilocal ior ithe iglobal iminima, ithe itraining 

iprocess istops iand ithe ialgorithm idoes inot iimprove ithe iseparating ihyperplane isolution. 

iTherefore, ithe igeneralization iability iof iMLP iis ilower ithan ithat iof iSVM. iOn ithe iother ihand, ithe 

iSVM i27 iclassifier iaims ito iminimize ithe igeneralization ierrors ion ithe iunseen idata iwith ia ifixed 

idistribution iof ithe itraining iset, iby iusing ithe iStructural iRisk iMinimization iprinciple. iThe 

iseparating ihyperplane iis ia iglobal ioptimum isolution. iIt iis icalculated iby isolving ia iquadratic 

iprogramming iproblem, iand ithe imargin iarea ibetween itwo iclasses iof itraining isamples ireaches 

iits imaximum. iAs ia iresult, ithe igeneralization iability iof iSVM iis imaximized. iDue ito ithe igood 

igeneralization iability iof ithe iSVM, iit ishould ienhance ithe iclassification iaccuracy iafter iits 

ireplacement iof ithe ifc ioutput iunits ifrom ithe iCNN. iThe iadvantage iof ithe iCNN iclassifier iis ithat 

iit iautomatically iextracts ithe isalient ifeatures iof ithe iinput iimage. iThe ifeatures iare iinvariant iin ia 

icertain idegree ito ithe ishift iand ishape idistortions iof ithe iinput icharacters. iThis iinvariance ioccurs 

ibecause iCNN iadopts ithe iweight isharing itechnique ion ione ifeature imap. iOn ithe icontrary, ithe 

ihand-designed ifeature iextractor ineeds ielaborately idesigned ifeatures. i iTherefore, ithe itrainable 

ifeatures iof iCNN ican ibe iused iinstead iof ithe ihand-designed ifeatures ito icollect imore 

irepresentative iand irelevant iinformation. 
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CHAPTER i5 i i iEXPERIMENTS 

In ithis isection, iwe idescribe ithe iexperimental isetup iand ithe idifferent iexperiments icarried iout 

ifor ithe ivalidation iof ithe iproposed imethod. iWe ievaluated ithe isystem iusing iour iproposed 

iConvolutional iNeural iNetworks. iIn iorder ito ievaluate ithe iperformance iof iour iproposal iin iterms 

iof iaccuracy, iwe iused ithe idataset ipresented iin iChapter i3. iFirst, iwe itested ithe isystem iusing ithe 

ihybrid iConvolutional ineural inework i- iSVM iand iperformed ian iexhaustive iexperimental ituning 

iprocess iin iorder ito iboost ithe iaccuracy iof ithe iproposed isystem. iFinally, iwe ipresent iqualitative 

iresults ishowing ithe iaccuracy iof ithe iproposed isystem iusing iour iHybrid iCNN iarchitectures. iWe 

ialso icompared ithe iresults iwith ithe iwork ipreviously idone iin ithis ifield. 

5.1 i iCNN iEVALUATION 

TRAINING iOPTIONS i: i 

The itraining ioptions iwe ihave iused iin iour icode iare ias ifollows: 

TRAINING iALGORITHM: i iWe ihave itrained iour i inetwork iusing istochastic igradient 

idescent iwith imomentum i(SGDM) iwith ian iinitial ilearning irate iof i0.01.The istandard igradient 

idescent ialgorithm iupdates ithe inetwork iparameters i(weights iand ibiases) ito iminimize ithe iloss 

ifunction iby itaking ismall isteps iat ieach iiteration iin ithe idirection iof ithe inegative igradient iof ithe 

iloss, iThe istochastic igradient idescent ialgorithm ican ioscillate ialong ithe ipath iof isteepest idescent 

itowards ithe ioptimum. iAdding ia imomentum iterm ito ithe iparameter iupdate iis ione iway ito ireduce 

ithis ioscillation i. iThe istochastic igradient idescent iwith imomentum i(SGDM) iupdate iis 

θℓ+1=θℓ−α∇E(θℓ)+γ(θℓ−θℓ−1), i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i(5.1) 

where iγ idetermines ithe icontribution iof ithe iprevious igradient istep ito ithe icurrent iiteration. iWe 

ivaried ithe imomentum ifrom i.8 ito i.95 ibut i.9 igave ioptimum iresults. iWe ialso iused ithe irmsProp 

ioptimizer ibut ithe itraining iis igiving ismoother iresults ifor iSGDM iso iwe iused ithe ilatter. 

Max iepochs i: iSet ithe imaximum inumber iof iepochs ito i8. iAn iepoch iis ia ifull itraining icycle ion ithe 

ientire itraining idata iset. iWe ialso iexperimented iusing ithe iepoch ivalue iof i6 iand i10 ibut imaximum 

iepoch iof i8 igave ioptimum iresults. iAlso iwe ishuffle ithe idata iafter ievery iepoch. iFor ian iepoch 
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ivalue iof i6 iwe ihave ithe ivalidation iaccuracy iof i90.21% iand iclassification iaccuracy iof i82.24%. 

iAn iepoch iof i8 iis igiving ivalidation iaccuracy iof i91.48% iand iclassification iaccuracy iof 

i86.06%.it imeans ifor ian iepoch ivalue iof i8 ihybrid iCNN iis igiving igood iresults ion ithe itest idata. 

iFor ian iepoch ivalue iof i10 ithe ivalidation iaccuracy iis i95.74 i% iwhereas ithe iclassification 

iaccuracy iis i81% iwhich imeans ioverfitting iof iCNN iis itaking iplace iin ithis icase. 

Validation idata i: iwe ihave isplit ithe idataset irandomly iinto itraining i, itest, iand ivalidation idata iin 

ithe iratio iof i0.6, i0.1 i, i0.3 irespectively. iSo ithe inetwork iis itrained ion ithe itraining iset ithat iis ithe 

iweights iare iupdated ion ithe itraining iset iand icalculates ithe iaccuracy ion ivalidation idata iat 

iregular iintervals iof itime. iThe ivalidation idata iis inot iused ito iupdate ithe inetwork iweights. 

Validation ifrequency: iThe i'validation ifrequency' ivalue iis ithe inumber iof iiterations ibetween 

ievaluations iof ivalidation imetrics. iWe ihave iused ia ivalidation ifrequenvy iof i30. 

Validation ipatience i: iThe i'Validation iPatience' ivalue iis ithe inumber iof itimes ithat ithe iloss ion 

ithe ivalidation iset ican ibe ilarger ithan ior iequal ito ithe ipreviously ismallest iloss ibefore inetwork 

itraining istops. iWe ihave iused ia ivalidation ipatience iof i5. iIt icould ibe idefault ivalue ias iwell iwhich 

iis iinf i, ithat iis ithe itraining istops ionly iafter icompleting ithe inumber iof iepochs. 

 iMini ibatch isize i: i iA imini-batch iis ia isubset iof ithe itraining iset ithat iis iused ito ievaluate ithe 

igradient iof ithe iloss ifunction iand iupdate ithe iweights. iWe ihave iused ia imini ibatch isize iof i128 i, 

iwhich iis igiving ius ioptimum iresults. iOn idecreasing ithe ibatch isize ito i75 ithe ivalidation iaccuracy 

ias iwell ias itest iaccuracy idrops idown. 

 

5.2 i iRESULTS i 

The iaccuracy iof ithe ievaluated ihybrid iCNN iwas iquantified iusing ithe ivalidation/test isplits 

icreated iduring ithe idataset igeneration. iAfter imany idifferent iexecutions iwe iget iclassification 

iaccuracy iranging ifrom i74.8% ito i87% i. iBest iresults iwere iobtained ifor ia ivalue iof i0.9 ifor ithe 

imomentum iparameter. iIt ican ibe iseen ithat ithe iloss ifunction iin iall ithe icases ialso itends ito ia 

iminimum iof ibetween i0.1 iand i0.3. iWe iuse ithe imaximum iepochs iof i8 isince iit iis igiving ibetter 

iresults ion itest idata. iThe imaximum iiterations iare i264 iand iiteration iper iepoch iis i33.CNN 

iarchitecture iof i4 ilayers iis igiving ibest iresults. iSo ithe imaximum ivalidation iaccuracy iis i91.46% 



48 
 

iand imaximum iclassification iaccuracy iis i86.06% iwith ithe itime itaken ifor itraining ias i12 imin i41 

isec. 

 

Figure i5.1 i: iTraining iprogress iof iproposed ihybrid iCNN 

 

 

 

 FRONT  LEFT  RIGHT 

FRONT  .9250 .0050 0 

LEFT  .3026 .7684 .0789 

RIGHT .0211 .0105 .8884 

Table i5.1 i: iConfusion iMatrix iof iproposed ihybrid iCNN 
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Figure i5.2: iTraining iprogress iinformation ichart. 

 i 

5.3 i iCOMPARISON iWITH iPREVIOUS iWORK 

 

We icompare ithe iproposed iapproach iwith ithe iwork iproposed iearlier ifor ipedestrian imovement 

idetection. iIn ione isuch iwork ian iexperiment iwas icarried iout iwhere ithey iused ithe idense ioptical 

iflow ialgorithm idescribed iin i iand ithe igradients iof ia iMotion iHistory iImage i(MHI) i ito idetect 

idirection iof imotion. iGiven iconsecutive iimages iwhere ia ipedestrian ihas ibeen idetected, ithe 

ioptical iflow iis icalculated iand iused ito iestimate ithe idirection iof ithe isegmented ipedestrian. iIt 

iwas iempirically itested iusing idifferent ithresholds ifor isegmentation iand iMHI icomputation, 

ichoosing ithe iones iproviding ibest iperformance i(MHI iduration i= i0.05 imilliseconds, 

isegmentation ithreshold i= i35 i(HSV idistance), iMax itime idelta i= i125000.0 iand imin itime idelta i= 

i5). iOptical iflow iglobal idirection iis icalculated ias ia imean iweighted idirection iusing iall imoving 

ipixels. iThis iprovides ius iwith ia ivalue ibetween i0 iand i360 idegrees. iFinally, ithose ivalues iwere 

idiscretized iin ithree iranges i(120 ibin isize), ifor ieach ipredefined idirection: ileft, iright iand ifront. 

iTable i ishows iquantitative iresults ion ithe iproposed idataset iusing ithe iapproach idescribed iabove. 

iIt ican ibe iobserved ithat ithis iapproach iperforms ipoorly iin ithe itest iset, iobtaining ian iaverage 

iaccuracy iof i51%, i39% iand i40% irespectively ifor ieach imotion itype. 

 i i i i i i i i i i i i i i i i i i 
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 Front Left Right 

Front  0.51 0.35 0.14 

Left  0.36 0.39 0.25 

Right 0.38 0.220 0.40 

 

Table i5.2 i: iConfusion imatrix iresults iusing ioptical iflow iand ithe igradients iof ia imotion ihistory 

iimage 
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CHAPTER i6 i i iCONCLUSIONS iAND iFUTURE iWORK 

We ihave ipresented ia imethod ito idifferentiate ithe imotion iof ipedestrians iin ireal ilife 

ienvironments. iBy ibuilding ia inovel iinput-filtered iimage ibased ion ithe ipost-processing iof istatic 

irecorded ivideo iframes, iwe ihave imanaged ito isuccessfully idistinguish ithree idifferent 

ipedestrian imovement idirections. iAdditionally, iit ihas ibeen iproved ihow ihybrid iCNN i–SVM 

imodel ican iimpressively iperform iin isuch ia itask iby itraining ithem iwith ia ispecialised idataset. iWe 

ihave ialso ipresented ian ievaluation iof iour imodel igiving ia ivalidation iaccuracy iof i91.46% iand ia 

itest iaccuracy iof i86.06% i i i i i. 

As ifuture idirections, iwe iare iworking ion ia ibetter iand imore irobust iuse iof idata iaugmentation, 

iwhich ishould iprovide ia imore irobust imodel. iAlso iwe iare iplanning ito iuse ithis ipipeline iusing 

iother ihybrid iCNN iand imaking iuse iof iLong iShort iTerm iMemory i(LSTM) iand iRNN, ito igive 

imore iaccurate iresults. iIn ifuture iwe iwould ialso ilike ito iwork ion ia imodel ithat idetects ithe 

idirection iof imovement iof ithe ipedestrian ias iwell ias ihis/her ispeed. 
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