
ProceedingPaper

AlternativesforLocatingPeopleUsingCamerasandEmbedded
AIAccelerators:APracticalApproach†

ÁngelCarro-Lagoa* ,ValentínBarral ,MiguelGonzález-López ,CarlosJ.Escudero andLuisCastedo

Citation: Carro-Lagoa,Á.;Barral,V.;

González-López,M.;Escudero,C.J.;

Castedo,L.AlternativesforLocating

PeopleUsingCamerasand

EmbeddedAIAccelerators:A

PracticalApproach.Eng.Proc.2021,7,

53.https://doi.org/10.3390/

engproc2021007053

AcademicEditors:JoaquimdeMoura,

MarcoA.González,JavierPereira

andManuelG.Penedo

Published:27October2021

Publisher’sNote:MDPIstaysneutral

withregardtojurisdictionalclaimsin

publishedmapsandinstitutionalaffil-

iations.

Copyright: © 2021bytheauthors.

Licensee MDPI,Basel, Switzerland.

Thisarticleisanopenaccessarticle

distributed under the terms and

conditionsoftheCreativeCommons

Attribution(CCBY)license(https://

creativecommons.org/licenses/by/

4.0/).

CITICResearchCenter&DepartmentofComputerEngineering,UniversityofACoruña,15071ACoruña,Spain;

valentin.barral@udc.es(V.B.);miguel.gonzalez@udc.es(M.G.-L.);escudero@udc.es(C.J.E.);

luis.castedo@udc.es(L.C.)

*Correspondence:angel.carro@udc.es

†Presentedatthe4thXoveTICConference,ACoruña,Spain,7–8October2021.

Abstract:IndoorpositioningsystemsusuallyrelyonRF-baseddevicesthatshouldbecarriedby

thetargets,whichisnon-viableincertainusecases.RecentadvancesinAIhaveincreasedthe

reliabilityofpersondetectioninimages,thus,enablingtheuseofsurveillancecamerastoperform

personlocalizationandtracking.Thispaperevaluatestheperformanceofindoorpersonlocation

usingcamerasandedgedeviceswithAIaccelerators. Wedescribethevideoprocessingperformed

ineachedgedevice,includingtheselectedAImodelsandthepost-processingoftheiroutputs

toobtainthepositionsofthedetectedpersonsandallowtheirtracking.Thepersonlocationis

basedonposeestimationmodelsastheyprovidebetterresultsthandoobjectdetectionnetworksin

occlusionsituations.Experimentalresultsareobtainedwithpublicdatasetstoshowthefeasibilityof

thesolution.
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1.Introduction

Duringrecentyears,theinterestinindoorhumanlocationhasincreaseddueto

thelargenumberofapplicationsinvariousfields,suchassecuritysurveillance,activity

monitoring,behavioralanalysis,andhealthcare[1].

Traditionally,whenitisnecessarytolocatepeopleindoors,radio-basedtechnologies

areused,whichcanbeaffectedbythecharacteristicsoftheenvironmentandalsoforce

targetuserstocarryspecificdevices.Analternativetothesetechnologiesisvideo-based

localizationusingsecuritycameras,whichareincreasinglycommoninbuildingsand

publicplaces.DuetoadvancesincomputervisionandDeepLearning(DL),thedetection

ofpeopleonvideoismorereliable.

Thelocalizationandtrackingofpeopleisusuallyperformedintwosteps:peopleare

firstdetectedineachindividualframetoobtaintheirpositionintheimage.Then,these

detectionsareassociatedacrossframestoobtainthepathfollowedbyeachperson.

Typically,thesetasksareperformedbyprocessingthevideofromeachcameraina

centralizedway.However,itispossibletoperformthisprocessinginadistributedmanner

duetotheadvancesinedge-computing.CamerascanuseAIacceleratorchipsthatallow

forfastandlow-powerneuralnetworkinference.Severalchipsareavailableonthemarket,

suchasGoogleCoral,IntelMovidius,orNvidiaJetson.

Inthiswork,wefocusonthetaskofdetectingpeopleinsecuritycameraimagesby

performingtheprocessingonanembeddeddevicewithaGoogleCoral’sEdgeTPU.The

trackingmethodsthatcanbeappliedtotheobtainedresultsarenotaddressed.

2.PersonLocationMethod

Pedestrianlocationisperformedbyprocessingtheinputimageswithapersondetector

thatwilllocatethepersonspresentintheimage.Then,theoutputofthedetectoris
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processedtodeterminethereal-worldpositionofeachperson.Toperformthislaststep,

thecameracalibrationinformationandtheverticalvanishingpointarealsoused.

2.1.PersonDetection

Themostcommonalternativesforpersondetectionusingconvolutionalneuralnet-

works(CNNs)areobjectdetectors,whichprovideboundingboxesofthepersons,and

poseestimation,whichprovidesthepositionofthedifferentkeybodyjointsofeachperson.

Cosmaetal.[2]comparedthesetwomethods,obtainingbetterresultswithposedetection

networks,whicharemoreresistanttoocclusions.Moreover,thecorrectprocessingofthe

detectedposeallowsforestimationofthepositionoftheperson’sfeetmoreaccurately

evenwhentheydonotappearintheimage.

ThePoseNetneuralnetwork[3]isusedinthiswork.Thismodelusesabottom-up

approachwhereallthekeypointsofeverypersonarefirstpredictedusingaCNN,providing

aheatmapforeverybodypart.Then,thesekeypointsaregroupedintoindividualsusinga

customgreedyalgorithm.Thislaststepcanfailiftheimagehasseveralpersonscloseto

eachother,mixingthekeypointsoftwoormorepersons.

ThereareseveralpretrainedPoseNetnetworksavailablewithdifferentCNNback-

bonesandinputresolutions.WeselectedtheResNet50backbonewitha416×288resolution
asitprovidesagoodbalancebetweeninferencespeedandreliability.

2.2.Post-ProcessingofPersonKeypointsandProjectionto2DMap

Thekeypointsofeachpersonareusedtopredictthepositionofthefeet,evenif

theyarenotdetectedortheyareoccluded.Eachkeypointobtainedhasascore,allowing

discardingthekeypointswithlowreliability. Withthesereliablekeypoints,ourpost-

processingalgorithmpredictsthefeetandheadpositionofeachpersontakingintoaccount

theproportionsofthehumanbeing.Thesepositionsareestimatedusingtheleastsquares

method.Theverticalvanishingpointoftheimageisalsotakenintoaccounttocorrectthe

inclinationofpeopleintheimage,dependingonthecameraperspective.

Cosmaetal.[2]usedasimilarmethodwiththefollowingdifferences:theyonly

performedthesecalculationswhenthefeetpositionswerenotdetected,andtheyattempted

todeterminetheinclinationofpeoplewithouttakingintoaccountthevanishingpoint.

Oncethefeetpositionintheimageisknown,theinformationfromthecamerais

usedtodeterminethemappositionofeachperson.Thecorrespondencebetweeneach

pixelontheimageandthe2Dfloormapcoordinatescanbecalculatedwithahomography

transformation.Thehomographymatrixcanbeobtainedfromthepositionof,atleast,four

pixelsandthemapcoordinatesofeachofthem.Thismatrixcanalsobecalculatedfrom

thecameraprojectionmatrix.

Incertainsituations,whenapersonisveryclosetothecameraandonlytheheadis

detected,theestimationofthefeetpositionisverypoor.Thisproblemcanbecorrected

byassumingthatthepersonhasanaverageheightandusingtheknownpositionofthe

camera,thus,providingabetterestimationoftheperson’sposition.

3.ExperimentalResults

TheCamLoc[2]andICGLab6[4]datasetswereprocessedwithourpersonpositioning

system.Unlikeotherdatasetsthatonlyprovidetheboundingboxesofeachperson,these

datasetsannotatethegroundtruthpositionofeachpersoninthemapandprovidethe

cameracalibrationinformation.Thisenablesustodirectlyobtainthemeanerrorofthe

estimatedpositions.

TheCamLocdatasetcontainsonlyonepersoninseveralscenarioswithvaryinglevels

ofocclusion.Table1showstheobtainedresultswiththeCamLocdataset.Themeanerror

ofthepositionsandthepercentageofmissingpredictionsarecompared,showingthatour

systemobtainedbetterresultswithallthecameras.
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Table1.TheresultswiththeCamLocdatasetcomparedwiththeoriginalresults.

Camera
MeanError(cm) MissingPredictions(%)

CamLoc ThisWork CamLoc ThisWork

S1_Wide_cam1 36.26 27.49 9.18% 3.46%
S1_Wide_cam4 53.58 45.39 4.47% 0%
S2_Narrow_cam2 45.27 30.96 - 5.72%

TheICGLab6dataset[4]consistsofoneroomthatissimultaneouslyrecordedbyfour

cameras.Therearesixscenarioswhereseveralpersonsperformdifferentactivitiesinthe

room.Table2showstheobtainedresultsjointlywiththeresultsin[4].Inadditiontothe

meanerror,thedetectedtruepositives(TP),falsepositives(FP),andfalsenegatives(FN,

i.e.,themissingdetections)areshown.

Table2.ThemeanerrorcolumnonlyconsiderstheerroroftheTPdetections.

Scenario Algorithm MeanError(m) TP FP FN

CHAP ICGLab6 0.102 1555 2 6
CHAP Thiswork 0.105 1513 33 25

LEAF1 ICGLab6 0.107 464 2 2
LEAF1 Thiswork 0.092 422 8 39

LEAF2 ICGLab6 0.097 930 41 41
LEAF2 Thiswork 0.102 517 15 453

MUCH ICGLab6 0.111 783 9 9
MUCH Thiswork 0.098 780 28 10

POSE ICGLab6 0.123 485 14 14
POSE Thiswork 0.150 428 31 57

TheICGLab6methodusesaspecifictrackingalgorithmforthiskindofscenario

withseveralcamerascoveringacommonareaandobtainsgoodresults.Ourresultswere

obtainedbyperformingamergeofthenearpositionsdetectedineachcamera,andthen

usingasimpletrackingalgorithmtofilteroutsomeFPandFN,onlyconsideringthe

positionsofthedetectionsandnottheappearanceofeachperson.Moreover,theresults

arealsoaffectedbythedifficultyoftheposeestimatortodistinguishbetweenpeoplewhen

theyareveryclosetoeachother.

4.Conclusions

Wedescribedthedevelopedpersonlocationmethodbasedoncomputervisiontech-

niquesandprovidedourexperimentalresults.Theobtainedresultsshowedthehigh

accuracythatthiskindofpositioningsystemcanprovide.However,incomplexscenarios,

anadequatetrackingalgorithmthattakesintoaccounttheappearanceofeachpersonis

neededtoobtainreliableresults.
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