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ABSTRACT

TheiASSISTisaniPhone-basedassistivesensorsolutionforindependentandsafetravelforpeople
whoareblindorvisuallyimpaired,orthosewhosimplyfacechallengesinnavigatinganunfamiliar
indoorenvironment.ThesolutionintegratesinformationofBluetoothbeacons,dataconnectivity,visual
models,anduserpreferences.Hybridmodelsofinteriorsarecreatedinamodelingstagewiththese
multimodaldata,collected,andmappedtothefloorplanasthemodelerwalksthroughthebuilding.
Client-serverarchitectureallowsscalingtolargeareasbylazy-loadingmodelsaccordingtobeacon
signalsand/oradjacentregionproximity.Duringthenavigationstage,auserwiththenavigation
appislocalizedwithinthefloorplan,usingvisual,connectivity,anduserpreferencedata,alongan
optimalroutetotheirdestination.Userinterfacesforbothmodelingandnavigationusemultimedia
channels,includingvisual,audio,andhapticfeedbackfortargetedusers.Thedesignofhumansubject
testexperimentsisalsodescribed,inadditiontosomepreliminaryexperimentalresults.
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INTRoDUCTIoN

AccordingtodatafromtheWorldHealthOrganization,thereareatleast2.2billionpeople,more
than a quarter of the world population, suffering from various degrees of visual impairment or
blindness(Geneva:WorldHealthOrganization,2019).Amongthosepeople,anearlierreportshows
thattherewere285millionpeoplewithlowvisionworldwideand39millionpeopleweresuffering
fromblindness(Geneva:WorldHealthOrganization,2012).IntheUSalone,theblindorvisually
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impaired(BVI)populationhasreached6.6millionpeopleandisexpectedtodoubleby2030(Varma
et al.,2016).Astheirvisiondeteriorates,BVIindividualswilloftenrelyonacaneoraguidedogto
findtheirway.Althoughexistingtechnologies,suchasGPS,havebeenleveragedtoprovideoutdoor
navigation,thereisaneedforanassistivetechnologythataidstheseindividualsinindoornavigation.
IndoornavigationrequiresinformationthatisunavailabletoBVIindividualssimplyduetoalack
ofvisualinput.

IntheBVIcommunity,themostpopulartechnologiesusedtomeetthisneedarestilllong
canesandguidedogs(Satoet al.,2019).Fromourstudiesanddiscussionswithorientation
andmobilityprofessionals,andBVIusersthemselves,itseemsthismaybeduetoalackof
considerationofusers’needsandlowavailability,orproduction-readiness,ofnewandupcoming
technologies.Wewereunable to findanysuitableexisting commercialproducts foruse in
ournavigationstudies,promptingustodevelopandtestourowntestingsystem,ASSIST(an
acronymforAssistive Sensor Solutions for Independent and Safe Travel)(Nairet al.,2018;
Nairet al.,2020).ThefirstprototypeoftheASSISTapplocalizesmobiledevicesviaahybrid
positioningmethodthatutilizesBluetoothLowEnergy(BLE)beaconsforcoarselocalization
inconjunctionwith finepositioningviaanaugmented reality frameworkbasedonGoogle
Tango.However,TangohasbeendeprecatedbyGoogle,whichleadstoourcurrentworkon
integratingARCoreonAndroidandARKitoniOSfornewerprototypesoftheASSISTapps
(Chenet al.,2019;Changet al.,2020).

Inthispaper,wepresentiASSIST,aniOSassistiveapplicationbuiltwithARKit(Apple:ARKit
2020)thatprovidesturn-by-turnnavigationassistanceusingaccurate,real-timelocalizationoverlarge
spaceswithouttheinstallationofexpensiveinfrastructure.Thispaperisanextensionandcontinuation
oftheworkreportedinChanget al.(2020),withnewdevelopmentsinsystemarchitecture,generalized
localizationandpersonalizedpathplanningalgorithms,andanumberofsystemevaluationdesigns.
TheapproachcanalsobeeasilyextendedtoAndroiddevices,forexample,usingGoogle’sARCore.
ThemobileclientisonlyonepartofiASSIST,whichitselfisamultimediainformationsystemwith
thefollowingkeycomponents:

1. An iOS-based application that provides turn-by-turn indoor navigation for BVI users with
multimediainteraction,includingvoiceinteraction,hapticfeedback,andvisualdirections.

2. Aclient-serverarchitectureforiASSISThybridmodelsincludinginformationofvisual,beacons,
connectivity,destinations,landmarks,andotherfeatures,whichallowsscalingtolargeareasby
lazy-loadingmodelsusingbeaconsignalsand/oradjacentregionproximity.

3. A highly accurate and low-cost indoor positioning solution with a generalized localization
algorithmtoaddressregionalmodeltransitionproblemsfacedwhenlargeareasmustbedivided
intosmallerregions.

4. Agraph-basedrepresentationthatconnectslocalregionswithtraversablepathsbetweennodes
defined as interactively selectable destinations and landmarks, which are either manually
designatedorautomaticallyextractedalongpathsduringthemodelingstage.

5. Apersonalizedrouteplanningalgorithmweightedbyuserpreferenceandhazardpotential,with
considerationoftheWi-Fi/cellulardownloadspeedalongtheplannedpath.

Therestofthepaperisorganizedasfollows.Afterthediscussionofrelatedwork,thedetailsofthe
iASSISTimplementationisprovided,includinganoverviewofthesystemarchitecture,adescription
ofourhybridmodeling,theprocedureofreal-timenavigation,anddesignsofmultimediainterfaces.
Next, plansof the iASSISTevaluation experiments are offered, togetherwith somepreliminary
experimentalresults.Finally,weconcludewithdiscussionoffuturework.



International Journal of Multimedia Data Engineering and Management
Volume 11 • Issue 4 • October-December 2020

40

RELATED woRK

Researchershaveinvestigatedvariousmethodstoassisttheblindandvisuallyimpairedincomplex
andunfamiliarindoorenvironments.Comparedtosolutionsforoutdoorenvironments,whichhave
maturedwithGPStechnologyandfullyequippedsensorpackagesoncars,progresstowardindoor
navigationhasstagnatedduetotheuniquechallengesitpresents(Realet al.,2019;Modsching
et al., 2006). Methods of indoor positioning have proposed the use of various technologies
(Karkar&Al-Maadeed,2018;Realet al.2019),includingbutnotlimitedtotheuseofcameras
onsmartphonesorothermobiledevices(Mulloniet al.,2009,Caraimanet al.,2017),passive
radiofrequencyidentification(RFID)tags(Ganzet al.,2012),nearfieldcommunication(NFC)
signals(Ozdenizciet al.,2011),inertialmeasurementunit(IMU)sensors(Satoet al.,2019),
BLEbeacons(Satoet al.,2019,Murataet al.,2019)andwirelessnetworkssuchasWi-Fiand
cellular(Liuet al.,2007;Gallagheret al.,2012).WherepassiveRFIDandNFCtypicallyhave
significantlylimitedranges(Ganzet al.,2012),andthuslimitedtoproximitydetection,BLE
beaconsignalscanbedetectedmorethanseveralmetersaway,allowingforlocalizationbased
onsignalstrengthswithpre-installedinfrastructure.GoogleTango,whichusesa3Dsensorand
computervision,hasalsobeenofinterest(Liet al.,2016)andprovidesaninformativecomparison
ofcomputervisionandBLEapproaches.

Manyindoorlocalizationtechniquesdescribedaboveoftenneedtoconsidermultiplefactors
intheindoorenvironmenttodeterminelocation,suchastheeffectofindoorobstaclelocationor
size,anddevicesignalstrengthand/orstability.Thisleadstodifficultyindevelopingaunimodal
approachforaccuratelydetectingtheuser’slocationovertime.Ontopofthis,usingastandalone
modelinamobileedgecomputingenvironmentcaneasilyoverburdenphones’processingpower
andmemory.Toaddress theseproblems,manystudieshave integratedmultimodal solutions for
localization, incorporatingcloudserversfor thedatastorageand/orcomputation,makingmobile
indoorlocalizationmorefeasibleandaccurate(Guet al.,2017;Molinaet al.,2018;Liet al.,2018).
Mostcommonly,localizationisachievedusingmultiplemodalities,suchasWi-Fi,beacons,audio,
images,pointsofinterest,andthelike(Levchevet al.,2014;Molinaet al.,2018).Inparticular,such
aframeworkcombiningvariousmodelsforeachenvironmentalcondition,hasbeenproposedfor
localizationaccordingtothesignalstrengthofWi-Fiaccesspoints(Liet al.,2018).Aseachmodel
handles only one condition, it provides higher accuracy and requires lower computation power
inunstableenvironments.Tothisend,severalsolutionshavebeenproposed,workingtowardthe
combinatorialoptimizationproblemsoftheframework.

Vision-basedpositioningmethods(Baiet al.,2014)havealsobeenproposedbecausetheyoffer
highlyaccuratelocalizationwithoutexpensiveinfrastructureinstallation.Visual-InertialOdometry
(VIO)(Usenkoet al.,2016)isoneofthewell-knownvisualpositioningmethodstotrackauser’s
currentpositionusingpreviouspositions,steplength,andmotiondirectionincooperationwithvisual
sensors.Sincesmartdevicesnowadaysareequippedwithvariouskindsofpowerfulon-boardsensors,
includingaccelerometers,gyroscopes,compasses,proximitysensors,depthsensors,cameras,etc.,this
methodcanbeimplementedfortheseplatformswithnofurtherperipheralrequirements.Themajor
disadvantageofthesemethods,however,iscumulativedrifterror.Forlong-distanceandlong-term
tracking,additionalglobalmappingand/orotherphysicalconstraintsarenecessarytoeliminatethe
cumulativeerror.

ARKit(California:AppleInc),Apple’saugmentedreality(AR)platformforiOSdevices,uses
theVIOtechniquedescribedabovetotracktheworldaroundtheiPadoriPhone.Across2Dvideo
frames captured by an iOS device’s camera, it follows the movement of detected visual feature
pointsandusestheaforementionedonboardmotiondetectiontoestimatetheirpositionin3Dspace.
However,oneofthemajordisadvantagesofARKitisthesizelimitationofitsworkingmodel.For
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alargeregion,itisdifficulttostorealltheinformationwithinonlyonemodel.Ifthemodelistoo
large,itcansignificantlyimpactlocalizationperformance.Inaddition,thecumulativedrifterror
willincreaseduringlong-termtrackinginalargeregion.Dividingalargeregionintomultiplesmall
regionsandmodelingtheseregionsseparatelyisanefficientwaytosolvebothproblems,asproposed
inourpreviouswork(Nairet al.,2018;Chenet al.,2019),butitcausesadelayinlocalizationwhile
switchingmodelsfromthepreviousregiontothenext.In(Dilek&Erol,2018),ARKitisusedto
demonstratereal-timedataacquisitionineducationalsettingsandelaboratesfurtherregardingthe
ARKit’slimitationshere.

Anothermajorobstacleisthat,beforetrackingtherealspacewithrespecttoaspatialmodel,
ARKitrequirestheuserholdasmartphonealoft,aimedatoneofapredefinedsetofreferenceimages
in therealspaceandthosereferences,suchasawall-mountedroomnumberplate,mustbepre-
recordedinthemodelinordertosynchronizeitwiththerealworld.Thisprocesscanbeadifficult
taskforBVI.Bycomparison,inASSIST(Nairet al.,2018,Nairet al.,2020),weuseda3Dsensor
withGoogleTangoonanAndroidphonetobuildaccurate3Dmodelsofanindoorenvironment,
bypassingtheneedtodetectvisualreferencesforlocalizationasidefromlandmarkrecognitionand
semanticunderstandingofthescene.WithGoogle’sdiscontinuationofsupportforTango,however,
wewerecompelledtostudyhowbesttoguideusersinscanninglandmarksforlocalizationwithonly
a2Dcamera.WhileourfirstimplementationismadefortheiPhone,themorecommondeviceamong
BVIusers,ournextextensionwillbeforAndroiddevicesusingARCore,thesuccessorofTango.

IASSIST IMPLEMENTATIoN

System Architecture overview
ThefrontendoftheiASSISTsystemisaniOS-basedapplication(“app”)thatprovidesturn-by-turn
indoor navigation for BVI users with multimedia interaction, including voice interaction, haptic
feedback,andvisualdirections.TheoveralliASSISTsystemconsistsofthreemajorcomponents:
hybridmodeling,withthemodelingapp;aRESTfulwebservice;andreal-timenavigation,withthe
navigationapp(Figure1).

Figure 1. The iASSIST system diagram, with three major components: (1) hybrid modeling; (2) real-time navigation; and (3) a 
web service
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DuringtheHybrid Modelingstage,amodelerwillfirstdivideanarea–i.e.,afloorofabuilding
–intolocalregionsandsettheboundaryforeachregionthroughthemodelingappinterfaceandinstall
abeaconforeachregion(theRegion Segmentation and Beacon Installationmodule)thenwalkaround
eachpre-definedlocalregiontoscanthespatialdataandrecorddestinationsandkeylandmarksby
selectingthefloorplanlocationsintheappalongwithlocationidentitiesandaccessibilityinformation
(theLocal Region Modeling with Multimodal Datamodule).Whilethemodelerisscanningtheregion,
theappautomaticallycollectstheinformationlikeWi-Fisignalstrengthandgeolocationfeatures.After
themodelerfinishesscanningaregion,allcollectedinformationwillbeprocessedtoconstructthe
regiongraphandconnectitwiththeglobalmaprepresentedinaglobalgraph(theGraph Construction 
and Updatingmodule),whichissavedinthewebservice.Themodelerwillrepeattheprocessfor
eachlocalregionuntilfinishedwiththebuilding.Themodelingapp’sinterfacedisplaysthefloor
plan,allowingthemodelertoplacedestinationsandlandmarksinteractively,buildingassociations
betweenfloorplancoordinatesandtherealworld.

TheWeb Service is thecentralcomponentthatservesmodelingdatausedbythenavigation
components.ItstoresthemultimodalmapandARKitmodelsreceivedfromthemodelingcomponent
inadatabaseandsendsittothenavigationcomponentbasedontherequestedresource.Toefficiently
managethebuildinginformation,thewebserviceprovidesaresourcemanagementsystemwitha
simpleuserinterface,allowingthemodelertoupdatetheglobalmap,regionconnections,andmodels
themselveswithoutcodingknowledgeorspecialtechnicalexpertise.

IntheReal-Time Navigationstage,twodifferentuserinterfacesofthenavigationapparedesigned
toincreaseappaccessibilityanduser-friendlinessforbothsightedandBVIusers.Thenavigation
appfirstaskstheusertospecifyadestinationeitherbyvoiceortyping,andthenusesthebeacon
signalstodeterminetheuser’sinitialregion(theDestination Selection and Region Detectionmodule).
Asuitableroutewillbeplannedforusersbasedontheirselectedpreferences(thePath Planning
module)andthemodeldownloadrequestwillbesenttothewebservicebasedontheplannedroute
andWi-Fistrengthofeachregion(theTask Schedulingmodule).Downloadingmodelsadhockeeps
theapplightweight,asitonlystoresinmemorytheregionmodelsrequiredfornavigation,andalso
allowsforscalingtoanarbitrarynumberofmappedinteriors.

Tostreamlinethenavigationuserexperience(theReal-time Localization and Navigationmodule),
ournavigationappprovidesaNavigation App Interfacethatincludesvoicenavigationforstep-by-step
movingdirectionsalongwithguidedvisualpointersandhapticfeedbacktoremindtheusertomake
theturn.TheiASSISTappalsoautomaticallyupdatestheroutetocompensatewhenusersleavethe
intendedpath.Withhigh-accuracypositiondetection,adjustablepaths,andeasy-to-followguidance,
iASSISTallowsBVItotravelindependentlyandsafelyindoors.

Hybrid Modeling
TheARKitplatformprovidesapowerfulfeaturecalledARWorldMapthatstoresalltherawfeature
pointsthatrepresentthespatialmappingofthephysicalworldandcanbeusedfordeterminingthe
user’slocalposition.WhileARKitalonecannotachieveindoorpositioningonalargescale,asitis
notdesignedforthispurpose,thislocationdeterminationfeatureisusedasthebasisforourhybrid
modeling, integrating the region segmentation, automatic data collection algorithm, and graph
constructionprocess.

Region Segmentation, Alignment and Beacon Installation
Generally,itisdifficultandinefficienttostoretheentiretyofthedataforalargeareaintoasingle
model.With the largesizemodel,ARKitwillshuntportionsof thespatialmodel fromworking
memorytoavoidslowingthelocalizationprocess.OursolutionforthissizelimitationofARKitis
todividealargeareaintomultiplesmallregionswithoverlapspacebetweenneighborhoodregions
andalignthecoordinatesystemofeachARWorldMapmodelwiththefloorplanoftheareaina2D
globalcoordinatesystem.Themodelercanusethemodelingapptosettheregion’sboundarieswith
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abeaconinstalledineachregionbeforemodelingtheregion.Forexample,wedividedthecorridor
intosixregions(Figure2(a))withtheoverlappingspace(theshadedareawithindashlinesinFigure
2(a))addedtoavoidrepeatedswitchingmodelsbyaccidentwhenuserswalkacrossaroundregion
boundary.

For the following, mi  is the local ARKit spatial model of the i th region, and
P X Y Zm m m m

t
i i i i
= ( , , , )1 isapositionvectorinthecoordinatesystemofthemodelmi ,whereYmi


isthedirectionofgravity.Thetransformedpositionvector Pw inthereal-worldcoordinatesystem
w basedonthefloorplanis ( , , , )X Y Zw w w

t
1 ,where Xw andZw aretheverticalandhorizontal

dimensionsof the2D floorplan, respectively.The transformationmatrix Mm wi
 alignsposition

vectorsinmi tow usingtherotationandtranslationcomponentsin6DOFsuchthat:
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Note that forsimplicity, the region index i  isdroppedon the right-handsideof the Mm wi


equationforeasynotation.Also,theaboverelationisafull3Dalignmentofthemodelcoordinate

Figure 2. Modeling a corridor: (a) Segment the corridor into 6 regions with the overlapping gray areas; (b) Download speed 
(Mb/s) heat map
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systemandtheworld,thusallowingnavigationin3D;e.g.,acrossfloorsviastairs.Thatsaid,inthe
currentimplementation,wedivideabuildinginto2Dfloorsanddidnotmodelstairsandelevator
interiors,basedontheassumptionthattheusercannavigatestairwellsandelevatorcarstotheintended
floorafterguidedtotheirentrances.Thus,anaffinetransformationisappliedtoaligneachARKit
modelmi iscoordinatesystemwiththe2Dfloorplaninthereal-worldcoordinatesystem(Figure
3)disregardingtheresultingYcoordinate.Tocomputethetransformationmatrix,atleastthreepairs
ofcorrespondingpoints( P Pmi w, )needtobeprovidedandcanbeobtainedfromthedestinationand
keylandmarklocationsthatthemodelerindicated.Afterapplyingtheestimatedtransformationmatrix
Mm wi

,thespatialmodelmi isalignedwiththefloorplan.

Figure3showsthealignmentwith14pairscoordinates(redmarks:groundtruthpointsonthe
floorplaninX Zw w ,bluemarks:theircorrespondingcoordinatesinX Zmi mi

.Themodelcoordinate
systemskewsatthereal-worldcoordinatesystembeforethealignment(leftofFigure3)andafter
alignmentwith theaffine transformation, thebluemarks in themodel coordinate systemnearly
coincidewiththeredmarksinthereal-worldcoordinatesystem(rightofFigure3).Thealignment
hasameansquareerrorofonly0.136minthisexampleregionof196m2.

Local Region Modeling with Multimodal Data
ThedatacollectionprocessformodelingalocalregionisshowninFigure4.Whenmodelingaregion,
itsrespectiveARKitspatialmodelwillbebuiltwhilethemodelerscanningtheregionforcollecting
thefeaturepoints.Themodelingappwillalsoautomaticallycollectthe3Dlocationofalandmarkin
theARKitmodelcoordinatesystemeverysecond,trackingthemodeler’swalkingpath.Theappwill
alsobenchmarknetworkdownloadspeed(“connectivity”)every5secondsbycomputingtheamount
ofreceiveddataina5secondintervalfromthenetworkadapter(Wi-Fi/cellular)withthestrongest
signalstrengthineacharea.Thisprocesswillberepeateduntilmodelingends.Thedownloadspeed
heatmapinFigure2(b)containsthethreenetworkaccesssourcesavailableinthetestarea,withthe
numberasthedownloadspeedinmegabytepersecond.Eachautomaticlandmarkwillbeassigned
bythemostrecentdownloadspeed.

Modelersarerequiredtoinputthedestinationorkeylandmarkinformation(includingidentities
andaccessibilitydata)whentheyareinfrontofthedestinationbyselectingthelocationfromthe
floorplanintheappinterface.Thekeylandmarksarethelocationsthatareessentialfornavigation,

Figure 3. Aligning the ARKit model of region i and the floor plan
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suchasthestairsorelevatorsforfloortransition,andobstacleorcongestedareasthataredifficult
forBVIuserstoaccess.

Oncearegionlabelisappliedbythemodeler,theapplicationstopsregiondatacollectionand
calculatesthetransformationmatrixmappingtheregionmodelandworldcoordinatesystemsusing
thedestinationandkeylandmarkcoordinatepairsprovidedinthemodelandonthefloorplan(as
describedintheprevioussection).Aprocessinextractingessentiallandmarkswillbeappliedto
removetheunnecessaryautomaticallycollectedlandmarks.Theautomatic“essential” landmarks
extractionalgorithmwillfirstfindtheessentiallandmarks(e.g., turningpoints)betweenthetwo
locations/key landmarks and padding several unessential landmarks if the distancebetween two
essentiallandmarksislong.Next,alltheselectedlandmarkswillbefilteredtoremovelandmarksthat
aretooclosetogethertobeconsidereddistinct,andaddintermediateconnectionsbetweenlandmarks.

Figure5depictsthelandmarkextractionprocessforasmallarea.Afterremovingunselected
intermediate landmarks in (4), the local region graph is formed with nodes (destinations and
selectedessentiallandmarks)thatcontainidentity,coordinates,Wi-Ficonnectivity,andaccessibility
information,andconnectedbyedges(orangelinesin(4))astraversablepaths.

Withextensiveexperiments,thetotaldatastoragerequiredformodelingalarge8-floorbuilding
witheachfloorhavingabout1,200m2modeledareasisabout800MB,includingabout96ARKit
models(eachabout8MB),andaverysmallamountofadditionaldataforbeaconinformation,the
2Dfloorplan,connectivityinformation,andthedestination/landmarkinformationforamultimodal
graph,whichwillbeusedinthepersonalizedrouteplanningalgorithm.

Graph Construction and Updating
Abuildingissegmentedintoasetofregions

{ | , , ,R R B m M Gi i i i m w ii
� � �  (2)

Figure 4. Local region modeling data flow diagram
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whereNisthetotalnumberofregionsinthebuilding, Bi isboundaryinformationoftheregioni
onthefloorplan,mi isitsARKitspatialmodel,Mm wi

isthemappingbetweenthemodelcoordinate
systemandthefloorplan,andGi isthelocalgraphcorrespondingtotheregioni.Eachlocalgraph
G V Ei i i� � �, includesasetVi ofvertices(nodes)andasetEi ofedges(connections),connecting
toneighboringnodes(inthisregionandotherregions)astraversablepaths.Eachofthenodesv Vk i∈ 
canberepresentedas

v I P C A ek k k k k k� � �, , , ,  (3)

where:

Ik :identityofthenode vk suchasdestination,keyoressentiallandmark;

Pk :coordinatesofthenode vk inthemodelmi andintheworld;

Ck :Wi-Fi/Dataconnectivityatnode vk ;

Ak :Accessibilityofthenode vk (stairs,elevators,escalators,obstacles,etc.);

ek :Edges,astraversablepathstoandfrom vk ;

Theglobalgraphofabuildingconsistsofthesetofallthelocalregiongraphsandconnections
betweentheregions.Themultimodalgraphcanberepresentedas

G G i Ni� � �� �| , ,1  (4)

EachlocalgraphGi isconnectedwithneighboringgraphsviatraversablepathstoformthe
globalgraph.Thereforetheglobalgraphisupdatedwheneveranewlocalmodelisbuilt.Typically,
thecurrentmodelingregionisconnectedwiththepreviousmodeledregiononthesamefloor.

Figure 5. Landmark extraction process for a small area
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Bycomparingthelocalgraphcreatetime,thepreviousregiongraphcaneasilybefound,then
thestartnodeofthecurrentregionwillbeconnectedwiththeendnodeofthepreviousregion
intheglobalgraph.

Theappwillalsofindtheneighboringregionsbycomparingtheregionboundariesandconnect
thetwoclosestpointsofthetwoneighboringregions.Elevators,escalators,andstairsmaynothave
theconnectionedgesusingthetimestampapproachforthefloortransition,theappusesthereal-
worldcoordinatesoftheselandmarkstofindandconnectedthelandmarkswiththesametypeand
hasthedistancelessthanacertainthresholdintheconnectedfloors.

Real-Time Navigation
Accuratelocalizationandoptimalpathplanningareessentialforindoornavigation,especiallyfor
BVIs.Multipletransformationsandalignmentproceduresareneededtodealwiththethreedifferent
coordinatesystemsinvolvedinthedeterminationof theuser’s localization,aswellas transitions
betweenregions.WeproposeapersonalizedpathplanningalgorithmbasedonDijkstra’sshortestpath
algorithm(Dijkstra,1959)usingthegraphconstructedabovetoprovidethemostsuitableroutefor
eachuserbasedontheuser’spreference.Thedownloadtaskschedulingalgorithmsarealsoprovided
toincreasethescaleoftheavailablenavigationlocationsandreducetheapp’smemoryusage.

Localization and Region Transition
Figure6illustratesthestepsinthegloballocalizationandregiontransitionoftheiASSISTnavigation
appusingtheiPhonecamera.Regionnumbers R1 and R2 andthelocationsoftheuseraccording
totimestampst0, t1, t2, t3,andt4markthestagesofahypotheticalcase.Theappdeterminestheinitial
region(R1  inFigure6at timet0)bydetectingthebeaconwiththestrongestsignalstrengthand
downloadingthecorrespondingmodelm1 ,alongwiththetransformationmatrixMm w1

, fromthe
webservice.Attheinitialtime t0 ,ARKitprocessesimagescapturedbythecameratodetectpre-
defined landmarks in the local model m1 . Once a match point is found, the app calculates the

Figure 6. Global localization and region transition procedure
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transformationmatrix Mcm
t

1

0 mapping thecamerapose in itscameracoordinatesystem c  to the
coordinatesystemofthespatialmodelm1 ,thenmapsthisinturnusingthepre-definedtransformation
matrix(Mm w1

)fromthemodelcoordinatesystemfortheregionR1 tothatoftheworldcoordinate

systemw .Inthisway,theappdeterminestheuser’sposeM t (includingpositionandorientation)
fromthecameracoordinatesystemwithrespecttotheworldcoordinatesystem;i.e.,thefloorplan:

M M Mt
m w cm

t
i i

=  (5)

Notethatweuseageneralformoftransformationfrommodelofmi totheworldattimet;
inourexample,itisfortime t t= 0 ,andmodel i =1 .Inourimplementation,wesimplyassume
thatthelocationandorientationoftheuserarethesameasthelocationandtheorientationof
thephonecamera.Withthedestinationandpreferenceprovidedbytheuser,theappwillusethe
personalizedrouteplanningalgorithmdescribedbelowtofindasuitablerouteandguidethe
usertothedestination.Withinthesameregion,usingtheARKittrackingandmatchingfunctions,
theapptrackstheuser’smovingpath,andiftheusergoesofftrack,theappwillremindtheuser
tocomebacktothepath,orupdatetheroutetocompensate.InFigure6,thisworksnicelyfrom
timet0totimet1,thentotimet2,wheretheuserentersthesecondregionandtheappinitiates
theswitchfromregion R1 toregion R2 .

Here,theregion-basedmodelingmethodbringsanewchallenge:thetransitionbetweenmodels.
Whenauserwalksfromoneregiontoanother,theappneedstoswitchfromthepreviousregion
modeltothenewone,andittakestimetoalignthenewmodeltothenewregion;i.e.,tofindthe
relationshipbetweenthecameracoordinatesystemandthecoordinatesysteminthenewmodel.At
timet2inFigure6,theapphasjustswitchedmodels,sothetransformation Mm w1

forregion R1 is
stillusedtogeneratethecorrectposeoftheuseronthefloorplanusingthecameraposerelativeto
thepreviousmodel Mcm

t
1

2 ,eventhoughanewspatialmodelm2 forregion R2 (togetherwithits
transformation matrix Mm w2

, ) has been loaded in the app, and the camera pose in the camera
coordinatesystemhasbeeninitializedasanidentitymatrixI(norotationortranslation).However,
iftheappstilldoesnotfindamatchtothenewspatialmodelm2 afterawhile,e.g.intimet3,neither
thepreviousmodel-to-worldtransformationnorthenewmodel-to-worldtransformationcanbeused.
Inthiscase,thegoodnewsisthattheworldtrackingfunctionalityofARKitstillworks,whichwould
provideacamerapose(Mc

t3 ),butthistimeitisrelativetothecameraposeattheinitialtimet2in
model R2 , insteadof to anyARKitmodel. In this transitionperiod, the iASSISTappuses the
followingequation:

M M M Mt
m w cm

t
c
t

i i

s�
� �1 1

 (6)

wherets(i.e.,t2inourexample)isthestarttimeinthenewregion,andi-1istheindexoftheprevious
model(i-1=1inourexample),andtisthecurrenttime(t = t3inourexample).Thisequationactually
alsoworksfortimet2whereMc

t =I,butitwillbethesameasusingequation(5).Herewewould
liketonotethattheremaybeabout1to2secondsdelaywhileloadingthenewmodel.Duringthis
period,theworldtrackingfunctionalitywillnotwork.Thatwillleadtosomeoffsetwhenestimating
therelationshipbetweenthecameracoordinatesystemofthenewregionandthecoordinatesystem
ofthepreviousregion.Tosolvethisproblem,wecalculatetheaverageofthemovingdistanceofthe
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lastfew(e.g.,10)framesandextrapolatetheuser’smotionlinearlytoestimatetheuser’scurrent
location.Assoonastheappmatchesthecameraviewwiththenewmodelinthenewregion,the
localizationfunctionsresumetonormal,usingequation(5).InourexampleinFigure6,itisi=2
andt = t4.

Personalized Route Planning Algorithm
Dijkstra’salgorithm(Dijkstra,1959)canbeusedforfindingtheshortestpathfromasinglesource
node toallothernodes inaweightedgraph,whetherdirectedorundirected.ClassicalDijkstra’s
algorithmimplementationsusedistancesasweights.Inourmodifiedalgorithm,wenotonlyconsider
thedistancebetweentwolinkednodesinthegraphconstructedabovebutalsootherattributes,such
asmodeldownloadspeedS,thelevelofBVIaccessibilityimpedimentA,ofeachnodeandeachedge,
anduserpreferencemodifiers a ,b ,and c :

Weights v Weights u Distance u v Cost u v a A v� � � � �� � � � � � � �, * , *  (7)

Inequation(7),Weights i� � storestheleastcumulativeweightfromtheinitialnodetonode

i ,andu andv representconnectedandadjacentnodes.AssumethatWeights u� � isknown,such

that determiningWeights v� �  in Equation (7) requires adding the computed the edge length

Distance u v,� � scaledbyCost u v,� � andmodifiedbythenodeaccessibilitydifficulty A v� � 

atthedestination.Ifnode v isaregularlandmark,then A v� � willbe 0 .Thecostoftheedge
betweennodesu andv inequation(7)isaffectedbytheaveragedownloadspeedS betweennodes
u and v andthepathaccessibilitydifficulty A u v,� � ,andisdefinedas:

Cost u v b S u v c A u v, / , * ,� � � � � � � � �1  (8)

ForBVIusers,impedimentsincludestairs,doorways,congestedareas,turningpointsarounda
node,andobstaclessuchasfurnitureorplants(Figure7).

Differentusershaveuniqueneedsforrouteplanning.Basedontheuserpreferences,thealgorithm
willconsiderallorsomeoftheseattributesbyvaryingthethreeadditionalfactors, a inEquation
(7)andb ,c inEquation(8),intheweightsandcostfunctiontocomputetheweights.Inthisway,
itmayofferadifferentroute.Whentheyarenon-zeros,theirvaluescontrolthecontributionsofthe
extracostsforconsideringdownloadingspeedandaccessibility.Figure8depictsthreedifferentroutes
betweentwochosen“destinations”acrosstwofloorsbasedonfivedifferentuserpreferences.Ineach
ofthecasesinFigure8,thestartandend“destinations”aredenotedasrouteendpoints(greenstars),
withthestartpointononefloorshownontheleft,theendpointonanotherfloor,shownontheright.
In(a), it is thedistance-basedroute thatdidn’tconsideranyattributesbesides thedistance,with
a b c= = = 0 .Theroute is theshortest,but itpasses throughanobstacle’s locationandabad
networkconnectionareainfloor1(left)andthecongestedareainfloor2(right).Incomparison,the
generaluserpreferenceaimstonavigatetothedestinationfasteroreasierbyconsideringthedownload
speedofthepath,whichwillhavelarge a butsmallb and c .Theresultingroute(yellowlinein
Figure8(b))deliberatelyavoidsthebadnetworkconnectionareaandguidestheusertotheless
crowdedarea.TheBVIuserpreferencegreatlyaffectsbyaccessibilitydifficulty(withlarge a and
c ),sothisroute(Figure8(c))takestheelevatorinsteadofthestairsforashorterdistance,ofcourse
italsoavoidsthecrowd.Inthiscase,wheelchairaccessibilityandavoidcrowdpreferencesalsoresult
inthesamerouteastheBVIuserpreference,butwithdifferentvaluesfor a ,b ,and c chosen.
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Task Scheduling Algorithms
Theplannedrouteofteninvolvesmultipleregionsandtheapprequiredtodownloadthecorresponding
modelsoftheseregionsfromourwebservicefornavigation.Toavoidapotentiallylongdelaywhile
downloadingallrelevantmodelsonce,theappwilldownloadthesemodelsseparately.Aslongas
thecurrentregionmodelisdownloaded,theappwillstarttonavigate,andtherestoftheregion
downloadswillbequeuedforcompletioninthebackgroundduringnavigation,orderedeitherby
routepriorityordownloadprioritybasedonuserselection.

Theplannedrouted-basedalgorithmassignstherouteprioritytoaregionbasedonthereverse
accessorderoftherouteiftheregionisinvolvedintheplannedroute,elseitwillbe0.Forexample,
ifaplannedrouteinvolves10regions,thentheroutepriorityforthefirstregionintheroutewillbe
10,thesecondregionwillbe9,andsoon.Thedownloadtaskschedulingalgorithmintegratesthe
downloadspeedheatmapwiththeplannedroute-basedalgorithm.Itassignedthepriorityforeach
regionbasedontheroutepriorityandmodeldownloadtimeusingequation(9):

Figure 7. The personalized route planning algorithm
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DownloadPriority i RoutePriority i a DownloadTime i� � � � � � � �*  (9)

inwhichtheplannedrouted-basedalgorithmwillhavea = 0.Bothalgorithmswillalwaysdownloadthe
nextregionmodelintheplannedroutefirst,thendownloadothermodelsbasedonthecorresponding
regionpriorityandanyregionwithpriorityequalto0willnotbedownloaded.

Thedownloadpriorityoftheregionisalsoaffectedbythemodeldownloadtimewithmultiplying
bythefactora .Themodeldownloadtimeiscalculatedbydividingthemodelsizeandtheaverage
downloadspeedoftheregionaccordingtothedownloadspeedheatmap.Whenuserentersanew
region,thepriorityforeachregionwillbere-determined.

Ifthenetworkisslowtodownloadthecurrentregionmodelfromtheservertothelocalstorage,
theappwillasktheusertopauseandwaituntilthedownloadiscompletedtoavoidreducingthe
accuracyoflocalization.However,theusercanelecttocontinuethenavigationwiththetracking
technique.Thepositioninformationofthenewregionwillbeobtainedbyusingtheinformationfrom
thepreviousmodelandtheARKitworldtrackingfunctionalitytopredictuser’smotion.Theappuses
thetrackingresulttocheckifthenewregionmatchestheplannedroute,ifthesetworesultsdonot
match,thentheusermighthaveseriouslydeviatedfromtheplannedroute.Inthiscase,theappwill
firstaskusertostopandwait,thenobtainthenewregionthroughthebeaconsystemanddownload
andalignthecorrespondingregionmodel.Next,itwillreroutetothedestinationandresetthemodel
downloadschedulingtocontinuethenavigation.

Figure 8. Three planned routes based on five user preferences: 1 in (a), 1 in (b) and 3 in (c)
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User Interfaces
ThissectiondescribesthetraditionalgraphicalUI(GUI)presentedtouserswithnormalorlowvision
andtheaudio-tactileinterface(ATI)presentedtoBVIusers.

User Interface for Traditional or Low-Vision Users
The application has three core views corresponding to the phases of a given user’s navigation
workflow:landmark-basedlocalization;destinationselection;andnavigationprocess.Uponinitiating
anewsessionintheapp,eitherwhenfirstopeningoraftertheapplicationisunloadedfromworking
memory,thefirstphaseoftheuserworkflowislocalizationusinglandmarkscanning.Inthisview,
weusethefamiliarARKitcoachingoverlayforlandmarktrackingwithsomemodifications.

Theuserisguidedbytheoverlaytomovetheircamerauntilalandmarkisestablishedusinga
graphicalillustrationandon-screentextpromptsseeninFigure9.Thesevisualindicatorsupdate
accordingtotheorientationofthedeviceandwhetheralandmarkhasbeendetected.Oncetheproper
anglewith respect to thex-axishasbeenestablished, theuser is instructed tohold theircurrent
positionandmovethephonearoundslowly.Ifnolandmarkhasbeendetected,theuserisprompted
toturnleftwithanewgraphicalillustrationandtext.Thetextwillupdatetellingtheusertocontinue
turningslowly,asitscansforlandmarks.Ifnolandmarksarefoundafterafullrotation,theuseris
directedtomovetoadifferentlocationtoscanagain.

Oncelocalized,theuserispromptedtochooseadestinationandtheapptransitionstothefree
moveanddestinationselectionview.Heretherearetwostatusindicatorsintheheader,adynamicmap
overlayinthebodyarea,andadrop-downmenubuttonanddebuginfobarinthefooter(Figure10).
Theheaderareacontainslocationcontextandtrackingstatus.Thebodyareaofthelayoutcontainsa
toggleablemap.Onload,themapfillsthebodyareaofthelayout(left).Whentapped,itminimizesto
asmallbubble-stylemapinthecorner,revealingdynamicanimatedarrowsonaliveviewforguiding
theuservisually(right).Thefootercontainsadrop-downmenudestinationselection.Selectinga
destinationtransitionstheapptotherouteplanningview.

Figure 9. Coaching overlay graphical and textual states for landmark based localization
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TheGUIlayoutforrouteplanningandnavigationissimilartothefreemoveanddestination
selectionview,however,certaincomponentsarechanged.Thestatuswidgetsintheheaderarereplaced
byadynamicnavigationstepticker,whichshowsoneortwomovesahead.Inthefooterarea,the
destinationdrop-downmenubuttonisremoved.Initsplaceisaredexitbuttontoallowtheuserto
canceltheircurrentnavigationcontext.Therouteplanningviewcanbeexitedmanuallyinthisway,
orautomaticallybyarrivingatthechosendestination.

Audio-Tactile Interface for the Blind
SimilartotheGUIpresentedtotraditionalusers,whilethetouch-basedinteractionrequirements
ofBVIuserswiththeATIislimited,akeychallengeindesigningourinterfacewastopresent
equivalent information to the blind as to users with full or partial vision. The three core
viewswedescribedbeforearelessdistincttoablinduserdue,inpart,toadesigndecision
wemadetoavoidtranslatingthecomponentsinfavorofcommunicatingdatadirectlyinthe
mostintuitivewaypossible.

Whenablinduserentersanewplace,theappwillaudiblyasktheusertoscanthesurroundings
slowlyforlocalizationguidetheusertofindalandmarkpre-definedinthemodel.First,theprocedure
willasktheusertotiltthephoneupordownacertaindegreetoensurethephoneremainsupright,
thenwillasktheusertokeepthispositionandmovethephonearoundslowlytodetectlandmarks.
WeobtainthetiltinformationthroughthenativeiOSAPIs.Iflandmarkdetectionwassuccessful,
themethodwillobtainthecurrentpositionoftheuserbyanalgorithmbasedonthislandmark.If
unsuccessfulaftertwoperiods(oneperiodissevenseconds,andthevaluecanbeset),theappwill
asktheusertoturnleftandtheprocesswillrestart.Iftheuserturnsacircle(i.e.,afterthreeleftturns
orsixperiods)andalandmarkhasnotyetbeendetected,themethodwillasktheusertomoveto
anotherplacetostarttheaboveprocessagain.

Voiceguidanceisveryusefulforblinduserswhentheyarewalkinginanunfamiliarplace.
Tomakesuretheseusersgetnavigationinformation,theappwillrepeatnavigationinstruction
every2meters.Turningleftorrightiskeyinformationfornavigationinstruction,sotheapp
willnotifyuserstopreparetoturnandwalkslowlyat1meterbeforetheturn.Thevoiceand
vibrationremindtheuserwhenitistimetoturnandtostopturning.Whentheuseriscloseto
thedestination,theappwilltelltheuserthespecificdistancetothedestinationuntiltheuser
isdirectlyinfrontofit.

Figure 10. Visual interface: (a) and (b) two map modes for free move and destination selection, and (c) for route planning and 
during the real-time navigation
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Evaluation: Design and Preliminary Results 
Asystemdemoofour iASSISTappcanbeviewedathttps://youtu.be/bm4gxJf-dkw.Due to the
COVID-19,weareunabletoconductalltheexperiments.Weplannedtoconductthesystemevaluation
andusabilityevaluationtotesttheefficiencyandusabilityoftheiASSIST.Alltheplannedexperiments
willtakeplaceoncampusandanIRBapprovalhasbeeninplace.

Evaluation of Localization
To evaluate the accuracy of localization of the application, 32 ground truth points in the
experimental place were selected as testing locations as shown in Figure 11(a). A sighted
participantstoodoneachpointandusedtheapptoestimateapositionrespectively.InFigure
11(b),thereddotsmarksrefertothepositionof32groundtruthtestpointsandbluecrossmarks
refertothe32estimatedpositionsofthesetestpoints.Thevariancebetweeneachpairofthe
positionsestimatedby themethodand theground truthvalues in theexperimentalplaceare
rangefrom0.02mto0.35m,andtheRMSerrorislessthan0.15m,whichmeanstheappcan
offerveryaccurateindoorlocalizationforthewholecorridor(about600m2).Wewanttonote
herethatwithouttheregiontransitiontreatment,theaverageerrorwouldbe1.50m,asshown
inourpreviousstudy(Chenet al.,2019),mainlyduetolargelocalizationerrorsacrossregion
boundaries.Figure12showsthatwiththeregiontransitiontreatment,thelargererrorswerenot
correlatedwithregiontransitionboundaries(theverticaldashedlines).

Figure 11. Localization accuracy. (a) & (b) Red dots refer to the position of ground truth points; (b) Blue crosses refer to the 
estimated positions of test points by the app.
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Evaluation of Region-Based Modeling
The purpose of this evaluation is to test the accuracy of the region transition modeling method
andinvestigatehowthewalkingspeedandWi-Fispeedwillaffectregiontransition.Bydoingthis
evaluation,wearetryingtoanswerthreequestions:1)howeasyitistobuildtheregionmodeling.
2)howthewalkingspeedaffectstheaccuracyofthedownloadedregionmodel.3)howtheWi-Fi
conditionaffectsregiontransition.

Thekeycomponentsofanaccurateregiontransitionarethedownloadspeedofregions,the
timeofdownloading,andthedownloadorderfromthepreviousregiontothecurrentregion.We
firstplantorecruit12sightedparticipantsanddividethemintothreegroups.Group1isasked
towalkfromexperimentroomtoadestinationunderagood,neutralandweakWi-Ficondition
sequentially.Group2willcompletethetasksfromtheexperimentroomtothe2ndfloorwiththe
sameWi-Fisetupaswell.

Theapplicationwillautomaticallycollectthedataofthedownloadspeedofatdifferentregions,
thetotaltimeandspeedofdownloadingcurrentregions,thedelayoftransformingfromtheprevious
regiontothecurrentregion,andtheorderofdownloadingregions.Althoughwalkingspeedscanvary
greatlydependingonmanyfactorssuchasheight,weight,age,theaveragehumanwalkingspeedat
crosswalksisabout5.0kilometersperhour(km/h),orabout1.4meterspersecond(m/s).Afterthe
test,weplannedtocalculateeachparticipant’swalkingspeedandcategorizeditintothreegroups
whicharefastspeed(largerthan1.4m/s),normalspeed(equalto1.4m/s),andslowspeed(lessthan
1.4m/s).Atlast,wewillcalculatethemeanvalue,average,andvarianceofthedatasetsandcompare
thedifferenceofeachdataunderdifferentWi-Ficonditions.

Evaluation of Usability
Theuserevaluationweplannedtoconductincludedabriefinterview,theorientationofthesystem,
interfacetrials,andauserexperiencesurvey.Throughtheevaluation,wewanttounderstandifand
howpeoplewithvisualimpairmentscouldexploretheindoorusingtheiASSISTnavigationapp.
Toinvestigatetheusabilityofourindoorlocalizationsystemandtoidentifyusers’needs,weplan

Figure 12. Localization accuracy: error plots for the 32 tested points. Vertical dashed lines are locations of the region transition.
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torecruit12peoplewithvisualimpairmentandaskthemtocompletetwotaskswhichisaddressed
below.Eachparticipantwillhaveanexperimenteraccompaniedtoensuretheirsafetyandanother
experimenttotakerecordsandvideooftheprocedure.Alltheexperimentswithparticipantswill
havefourstages:

1. Introduction:Eachparticipantwillreceiveexplanationsoftheexperimentpurpose,tasks,and
theprocedureofthewholeexperiment.

2. Training Session:Eachparticipantwilllearnhowtousetheappandwillbeallowedtoplaythe
appwithatrainingrouteuntiltheyfeelcomfortablewithit.

3. Interface Evaluation:Userswillbeaskedtousetheaudio-tactileinterfacebythemselves.Each
participantPerformedaselectionofthreedifferentdestinationsandspeakouttheirfeelingsand
thoughtloudwhiletheyarenavigatingtheinterface.Atthesametime,theexperimenterwill
takeanecdoticrecordswithkeydataandobservationsoftheusers’interactionwiththesoftware.
Experimentercouldonlyassisttheminsafetyissues.

4. Task Performance:Eachparticipantisaskedtoperformtwotasks.Theparticipantisasked
tostandatthebeginningpointoftheexperimentroomthenselectadestinationofthecurrent
floor.Afterarrivingatthedestination,heorsheisaskedtoselectnextdestinationlocatedon
differentfloors.Theparticipantshouldwalkfromanewstartingpointtotheendpointtaking
elevators.Thetotaltimetocompletetwotasksofeachparticipants,theirfeelings,feedbacksand
painpointsduringthetaskswillberecordedbytheapplicationandexperimenters.Experimenter
couldonlyassisttheminsafetyissues.

5. Experience Evaluation:Weaskeachparticipanttocompleteusabilityquestionnairesandsurveys
abouttheirexperience,feelings,andpainpointsduringthenavigation.Experimentercouldonly
assisttheminsafetyissues.

Aftertheexperimentswiththevisuallyimpairedparticipants,wewillcollectallthedataand
analyzeittounderstandtheirneeds.Afterthisweintendtofurthermodifyandimproveoursystem.

CoNCLUSIoN

Inthispaper,weintroduceiASSIST,anavigationapplicationaccessibletoBVIpeoplefornavigating
unfamiliarindoorenvironmentsusinganiOSdevice.Ourkeycontributionisamulti-modelframework
forlocalizationinalargeindoorenvironmentwithhighaccuracyandlowcost.Wealsopropose
asolutiontosmooththetransitionbetweenmodels,andasimpleprocessformodelingthatpairs
automatic and manual data collection processes with a straightforward online data management
system.Also,withregionsegmentation,ourapplicationcanworkinnumerousbuildingswithout
increasingthesizeoftheapp.Additionally,weprovideapersonalizedrouteplanningalgorithmand
simultaneousinterfacesoptimizedforsightedandBVIusers.

Ourcurrentmodelsforthesingleflooroutsideourlabdoshowfairlyaccuratelocalization,but
duetoourongoingeffortstocontrolthespreadofCOVID-19inourcity,weareunabletoperformall
theexperimentsweplanned,eventhoughthestudieshavebeenapprovedbytheInstitutionalReview
Board(IRB)oftheCityCollegeofNewYork.Ournextstep,forexample,wastomodelrestofthe
buildingandvalidatetheaccuracyofourmulti-modelframeworkonalargerscale.Inthefuture,we
wouldliketofurtherexpandtheassistivefeaturesofourapplication,byexperimentingwithnovel
modelingtechniquestoprovideaccessiblenavigationatalargerscale,introducingobstacledetection,
objectrecognitionandsceneunderstandingviatheARKitmodelfeatures,enhancingenvironment
interpretationthroughaudio-tactilefeedback.
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