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ABSTRACT

Unintentionalhumanfallsareaverycrucialprobleminelderlypeople.Ifthefallgoesunnoticed
orundetected,itcanleadtosevereinjuriesandcanevenleadtodeath.Detectingfallsasearlyas
possibleisveryimportanttoavoidseverephysicalinjuriousandmentaltrauma.Theobjectiveofthis
paperistodesignthefalldetectionmodelusingdataofdailylivingactivitiesonly.Intheproposed
falldetectionmodel,aneccentricapproachwithSVMbasedone-classclassificationisused.For
thepre-processingstep,fastfouriertransformationhasbeenappliedtothedataandsevenfeatures
havebeencalculatedusingthepreprocessedADLdatasetthathasbeencalculatedfromthedataset
ofADL(activitiesofdailyliving)activitiesacquiredfromthesmartphones.Anenhancementofthe
chi-squarekernel-basedsupportvectormachinehasbeenproposedhereforclassifyingADLactivities
fromfallactivities.Usingtheproposedalgorithm,98.81%sensitivityand98.65%specificityhave
beenachieved.Thisfalldetectionmodelachieved100%accuracyontheFARSEEINGdataset.
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INTRoDUCTIoN

Inrecentyears,thetrendoflivingalonehasbeenincreasedwhichexposedelderlypersonsoffamilies
tobeunaccompanied.Thisphenomenonincreasedtheriskoffallingespeciallyinelderlypeopleor
peoplesufferingfromdiseaseslikeAlzheimer’s,dementia,diabetes,etc.AmongalltheseAlzheimer
isamajorcauseoffallsinelderlypeople.AccordingtoGlobalQYResearchviaCOMTEXreport
“theglobalfalldetectionsystemsmarketwasvaluedatUSD365millionin2018andisexpectedto
reachamarketvaluationofapproximatelyUSD544billionby2026growingataCAGRof4.2%
duringtheforecastperiod”(GlobalQYResearch2019).Humanfallcanbestatedassuddenlygoing
downtowardsthegroundunintentionallyduetoanydisease,unconsciousness,andweakness,etc.or
activityasaresultofanaccident.Fallscancauseseverephysicalandpsychologicalinjuriestothe
personincludingdeath.Inadditiontothephysicaldisturbancepeoplealsosufferfromfear,anxiety,
physicalinjuries,expensivemedication,longhospitalstay,socialburden,etc.Ifimmediatehelpdoes
notreachtheolderpeoplethenitcanresultinfractureandlonglieandfurtherdelaymayevencause
thecasualty.Humanfallsdetectionisbecomingabigchallengetoencountereffectively.

Sensorsareanessentialcomponentforthedetectionofhumanfalls.Manydifferenttypesof
sensorsareavailable likeaccelerometer,gyroscope,camera,vibration,etc.Thesesensorscanbe
categorizedintothreedifferenttypes(1)wearablesensors(2)ambientsensorand(3)vision-based
sensors.Thewearablesensoristhosesensorsthatcanbewornaroundthewaist,neck,andwrist.
Someauthorshaveproposedwearablebasedfalldetectionmethods(Sztyler,Stuckenschmidt,and
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Petrich2017;Zhang,Wang,etal.2006).Ambientsensorsimplyvibrationsensors,acousticssensor
oracombinationofthem(Noor,Salcic,andWang2017).Vision-basedsensorsareconsideredmost
non-obtrusivesensorsbuttheyarenoteasilyportablewhereasthewearablesensorcanbeeasilyworn
andeasilyportable.Sincethelastfewdecades,theinductionofsmartphonesamongthedailyliving
ofpeopleandadvancedtechnologieshavecreatedafavorableenvironmentforthegrowthofthefall
detectionsystem.TheworkingoffalldetectionsystemscanbeunderstoodasshowninFigure1.IoT
technologyprovidesasimpleplatformtocapturehumanfalldetectionefficiently.Asthealgorithms
areverycomplextoruninsmartphones,therefore,dataiscollectedviasmartphoneandprocessed
atcloudenvironment.

Fallscanbedetectedusingtwoways:usingthresholdvalues(Abbateetal.2012;Wangetal.
2014)andbyusingmachinelearningtechniques(Albertetal.2012;Zhang,Wang,etal.2006).In
threshold-basedapproaches,calculatedvaluesofresultantarechecked,ifitisbetweenlowerand
upperthresholdvaluesthenitisdailylivingactivityotherwiseitisfall.Althoughmachinelearning
algorithms are more complex than threshold-based methods but they provide better results than
threshold-basedmethods.Machinelearning-basedfalldetectionalgorithmusesvarioustechniques
likeneuralnetworks(Muscietal.2018),classificationalgorithms,deeplearning(Shinetal.2016)
(Maetal.2014),etc.

Differenttypesofmachinelearning-basedclassificationalgorithmswereusedforfalldetection.
Somemostpopularalgorithmsaresupportvectormachine(SVM),K-nearestneighbor(KNN),Naive
Bayesalgorithm,etc.Therearetwotypesofclassificationtechniques(1)Multiclassclassification(2)
Binaryclassification.TheMulticlassclassifiercanclassifythedatasetintomorethantwoclasses.
Binaryclassificationisamethod,whichclassifiesthedatasetintothetwoclasses.Fromthebinary
classification,onemoreclassificationstrategywasgenerated,whichisone-classclassification.In
binaryclassclassification,theclassifieristrainedwithpositiveaswellasnegativeexamplesand
testedonbothwhereasone-classclassificationisusedinthescenariowhereexamplesofnegative
classeithernotpresentorpoorlypresent.One-classclassificationistrainedusingonlypositiveclass
examplesandpredictsonlytwovalues:1ifdataispresentedinclasswhichwasusedfortrainingand
0ifdataisoutsideoftheclasswhichwasusedfortraining.Oneclassclassificationismorecomplex
thanbinaryormulticlassclassificationbecauseitistrainedusingonlypositiveclass(TAXandD
2001).Oneclassclassificationcanbecategorizedbasedontheavailabilityofdata,typeofalgorithm
usedandapplicationdomain.In1975minterusedthe termoneclassclassifier in thecontextof
learningBayesclassifierthatrequiresonlylabeleddatafromthe“classofinterest”.Thendifferent
researcherspresentedsimilarconceptssuchasOutlierDetection(RitterandGallegos1997),Novelty
Detection(Bishop1994)orConceptLearning(Japkowicz1999).

Figure 1. Fall detection scenario
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Contribution of Paper

• TheproposedfalldetectionmodelisbuiltusingonlyADLactivitydatasodataoffallsisnot
requiredtobuildafalldetectionmodelwhichavoidsbuildingofimbalancefalldetectionmodel.

• Theeccentrickernelandsupportvectormachine-basedclassifierisproposedheretobuildafall
detectionmodel.Theproposedfalldetectionmodelperformedbetterthantwodiscussedmethods
whichweretestedonthesamedatasetusingone-classclassification.

• Thisproposedmethodisalsotestedonrealfalldataandperformedverywell.

Inthispaper,aone-classclassificationbasedfalldetectionmodelhasbeenproposed.Forthispurpose,
authorshaveusedtwopublicallyavailabledatasetsofADLandFallactivities.Fromthesedatasets,
onlySmartphone’saccelerometerdatainx,y,zdirectionisused.Atfirst,resultantiscalculatedthen
sevenfeaturesarecalculatedfromresultants.Usingthekerneltrick,thekernelmatrixiscalculated
usingtrainingdata.Thesupportvectormachine-basedone-classclassificationisusedheretobuild
thefalldetectionmodel.ThismodelistestedonsimulatedADLdata,falldata,andreal-worldfall
data.SectionIIdescribesrelatedworkintheareaoffalldetectionusingone-classclassification.
SectionIIIdescribesthemethodologyofproposedresearchwork,SectionIVdescribesresultsand
discussionandsectionVdescribestheconclusionoftheproposedresearchwork.

RELATED woRK

Many researchers have explored the human fall detection area by employing many algorithms,
tools,andtechniques.Non-obstructivefalldetectionmethodswereimplementedusingvision-based
techniques.In2018,(Min,Zou,andLi2019)presentedanapproachoffalldetectionusingtheshape
aspectratio.In2019,(Fan,Wang,andZhuang2019)proposedslowfeatureanalysistodetectvision-
basedfallsusingtheSDUFalldataset.In2019,(Chenetal.2019)analyzetheeffectofcameraheight
onvision-basedfalldetection.In2019,(Tsai,Wang,andHsu2019)proposedfalldetectionwhich
wasbasedoncomputervisiontechniques.Foranalysispurposes,theyusedonlythehueimage.In
2019(Adhikari,Bouchachia,andNait-Charif2019)presentedavision-basedmethodtodetectfalls.
TheyusedSkeltonjointpositionfromMicrosoftKinect.Theygroupedthealljointpositioninthree
clusters:head,torso,andleg.TheytrainedthefalldetectionmodelusingCNNandfoundthattheir
approachofdividingjointpositionintothreeclusterswasverypromising.Vision-basedfalldetection
wasalsoproposedby(Dingetal.2019).Theyproposeda“real-timeappropriatedynamicimage
(RT-ADI)”methodbasedon falldetectionusingmultiplecameras takingvideos fromdifferent
angles.In2020(Dhirajetal.2020)proposedIndoorfalldetectionbyusing3600videocameraswith
90%accuracy.In2020,(SubramanyanKAVYAetal.2020)proposedfalldetectionusingtexture
segmentation.In2020,(Qiuetal.2020)proposedvision-basedfalldetectionusingdeepsortand
YOLOv3algorithms.

ManyResearchers(Principietal.2016)(Droghinietal.2017)(Irtazaetal.2017)(Adnanetal.
2018)proposedfalldetectionusingacousticsensors.Somefalldetectionmethodswerealsoproposed
usingmultisensorfusion.(Su,Liu,andWu2017)usedangularvelocityandangletodataforfall
detection,(Zhouetal.2018)usedwaveradarandopticalcameratodetectfall,(Khanetal.2019)used
camera,gyroscope,andaccelerometer,(Phametal.2019)proposedmultisensordatafusionusing
accelerometer,gyroscope,magnetometer,barometer,andMQ7sensor.Somefalldetectionmethods
(Tsai,Wang,andHsu2019)(Naruietal.2020)(Yangetal.2018)(PalipanaandRojas2017)(Guet
al.2018)usedwifidevicetodetectfall.Manyothermethods(Ahmadetal.2016;Aminetal.2016;
ErolandAmin2018;Q.Wanetal.2014)haveusedradarsignalsforfalldetection.Wearablebased
falldetectionmethodswereproposedby(Lopes,Vaidya,andRodrigues2009)(Gjoreskietal.2020)
(Kerdjidjetal.2020)(Giuffridaetal.2019)(SalehandJeannes2019)(Boutellaa,Kerdjidj,andGhanem
2019)(Hussainetal.2019)(SilvadeLimaetal.2019)inrecentyears.SomeIoTbasedfalldetection
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systems(HsiehandJeng2018)(Greene,Thapliyal,andCarpenter2017)(Yacchiremaetal.2018)(Hsu
etal.2017)(Chandraetal.2018)(Santosetal.2016)werealsoproposedbymanyresearchers.In2013,
afallpreventionmethod(Hortaetal.2013)wasproposed,whichusedaccelerometersignalsalong
withphysiologicalsignalselectrocardiogramsensors,electromyographysensors,andEDAsensors.

Muchdiversifiedresearchworkhasbeendoneinthefalldetectionarea.Variousclassification
algorithmslikeSVMclassifier,KNNclassifier,decisiontreeclassifier,etc.havebeenusedtodetect
fallsbutverylessresearchhasbeendoneintheareaoffalldetectionusingone-classclassification.
Oneclassclassificationhasbeenappliedinvariousapplicationareaslikesmarthome,security(M.
Wan,Shang,andZeng2017)(Guerbai,Chibani,andHadjadji2015),imageprocessing(Krawczyk
andFilipczuk2014),Gaussianprocess(Kemmler,Rodner,andDenzler2011),machinelearning(Leng
etal.2015).

Oneclassclassification is suitable for falldetectionbecausedataof real-world fall iseither
presentedinfeweramountsornotpresentedandtheavailabledataissimulateddata.Initially,one
classclassificationbasedfalldetectionmethodusingaccelerometerdatawasproposedin(Zhang,
Wang,etal.2006).Theyusedaxisaxzasastrongfeaturetodetectfalls.Theirone-classSVMmodel
wastrainedusingpositivesamplesfromthefallofyoungervolunteersanddummyandtheytested
outliersusingnon-fallactivitiesofyoungerandelderlypersons.Theyfoundthatthecorrectratio
toclassifynon-fallactivitieswas96.7%.In2006afalldetectionmethodwasproposedby(Zhang,
Zhang,etal.2006)usingtheKernelFisherDiscriminatealgorithm.Preprocessingofdatawasdone
usingone-classSVM.KFDandKNNwereusedforprediction.Theycollectedthedatafrom32
volunteers.Intheirfirstmethodin(Zhang,Wang,etal.2006),theyusedone-stepcomputationbutin
theirsecondmethod(Zhang,Zhang,etal.2006)theyhaveusedtwo-stepverificationmethodwhich
wasmoreprecisethantheearliermethod.Inthispaper,theyalsoincludedfalldatafortesting.The
correctnessratiowas89.1%usingthismethod.Afterthatmanyvideosensorandacousticsensor-
basedfalldetectionbasedmethods(PopescuandMahnot2009)(MiaoYu,Naqvi,etal.2011)(Miao
Yu,Rhuma,etal.2011)(M.Yuetal.2012)werealsoproposed.Somefalldetectionmethods(Zhang,
Wang,etal.2006)(Zhang,Zhang,etal.2006)(Medranoetal.2014)(Micuccietal.2017)(Medrano
etal.2017)haveusedone-classclassifiertodetectfalls.

Theuseofoneclassclassifiertodetectfallswasalsoproposedby(Medranoetal.2014)in
theirpaper“DetectingFallsasNoveltiesinAccelerationPatternsAcquiredwithSmartphone”in
2014.TheytrainedthenoveltybasedfalldetectionmodelusingSVMandKNNclassifiers.In2015
(Micuccietal.2017)presentedanapproachtodetectfallsasanomalies.Theyalsousedaone-class
classificationonpublicallyavailabledatasets(Medranoetal.2014).TheycomparedtheKNNand
SVMclassifiersbasedonone-classclassificationandtwo-classclassification.Theyconcludedthatthe
SVMmethodwasbetterthanKNNclassifiers.Here,however,resultsofthetwo-classclassifierwere
betterthanoneclassclassifierbutinreal-lifesituations,theperformanceoftwo-classclassification
dropssignificantlybecause in two-classclassificationsimulatedfalldata isusedfor training the
model.Aftersomeyears,(Medranoetal.2017)revisedtheirapproachbycombiningnoveltydetectors
toimprovefalldetectionin2017.Theyproposedtwocombinationrules:firstcombinationrulewas
basedonprobabilitiesandthesecondcombinationrulewasbasedonoutputlabels.Theyusedablend
ofnoveltydetectorsratherthansinglenoveltydetector.Theygot0.979sensitivity,0.967specificity
whileusingacombinationofnoveltydetectorsand0.964sensitivity,0.955specificitywhileusing
SVMbasedmethod.Amethodproposedby (Droghini et al. 2017),which isbasedonusingan
acousticsensorandusedacombinationofoneclassSVMandtemplatematchingclassifiertodetect
fall.Theirmethodwasdividedintotwosteps.OneclassSVMwasusedforabnormaleventdetection
andtemplatematchingwasusedforfalldetection.Theyfoundthattheirmethodwasmoreefficient
ascomparedtoOCSVMonlyapproaches.Amethodtodetectreal-timefallsforKoreanfarmers
wasproposedby(Kimetal.2019).Inthismethod,theaccelerometersensorandpressuresensoris
fittedinsoleofshoes.Theyachievedaccuracy98.4%,sensitivity98.9%,andspecificity91.3%.This
methodwasbasedonthreshold-basedfalldetection.InanIoTenvironment,amethodwasproposed
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by(Nguyen,Nguyen,andNgo2020).TheyusedtheSVMalgorithmforfalldetectionandthePCA
methodforfeatureselection.Theyfoundthatthemethodis82.6%accuratetodetectfallsand98.4%
accuratetodetectADLactivities.Theirmethoddidnotuseone-classSVM.

METHoDoLoGy

Inthissection,atfirst,thedatasetandfeatureextractionprocessareexplainedthenSVMbasedone-
classclassificationusinganimprovedkernelisexplained.Thefalldetectionmodelwhichhasbeen
developedisshowninFigure2.AtfirstADLactivities(Medranoetal.2014)aredividedintotraining
dataandtestdataintheratioof90:10.90%ofADLdataisusedtobuildthefalldetectionmodel
and10%ofADLdataalongwithfalldataandreal-worldfalldataareusedtotestthemodel.After
applyingfastFouriertransformation,sevenfeaturesnamelystandarddeviation,rootmeansquare,
post-impact,meanfrequency,medianfrequency,peaktopeakdistanceandpeaktoRMShavebeen
calculated.Theneccentrickernel-basedone-classclassificationusingthesupportvectormachine
isusedtobuildafalldetectionmodel.Thesameprocessofdatapre-processingalongwithfeature
calculationisalsoappliedtotestdata.TheproposedfalldetectionmodelisdevelopedinMATLAB
2015ausingtheLIBSVMlibraryforSVMbasedone-classclassification.

Dataset used -Authorshaveusedtwopublicallyavailabledatasetsfortheexperiment.Thefirst
datasetis(Medranoetal.2014).Intheprocessofcollectingthedataset,therewas10volunteer(7

Figure 2. Fall Detection model
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malesand3females).Theirweightrangesbetween54to98kg,age20to42yearsandheightfrom
1.61 to 1.81 meters. Data was collected using the Samsung Galaxy mini phone having android
operatingsystemversion2.2.Thesamplingrateduringdatacollectionwas45±12Hz.Onaverage,
50Hzsamplingratewasconsidered.Duringdatacollection,volunteerscarriedsmartphonesinany
oftheirpocketswhetherleftpocketorrightpocketforoneweekanddidalldailylivingactivities
likewalking,running,sitting,etc.intheirsequence.Onaverage,800recordsofADLactivitieswere
obtainedfromeachsubject.Wheneveraccelerationmagnitudewasgreaterthan1.5g,thenanewrecord
entryof301valueshaving150valuesbeforethepeakand150valuesafterthepeakwasrecordedin
afile.These301valuescompriseacceleratorvaluesin6seconds.Thisdatasetalsocontainsvarious
fallactivities.Thisdatasetcontains8differenttypesoffalls:forwardfalls,backwardfalls,leftand
right-lateralfalls,syncope,sittingontheemptychair,fallsusingcompensationstrategiestoprevent
theimpactandfallswithcontacttoanobstaclebeforehittingtheground.Therearetotal7816records
forADLactivitiesand503recordswhen theSmartphone is in thepocketof thevolunteer.This
datasetcontainsawiderangeofADLandfallactivitiesmorethanotherdatasets(Igual,Medrano,
andPlaza2015).

Anotherdataset,whichhasbeenusedistheFARSEEINGdataset(Jochenet al.,2016).This
FARSEEINGdatasetcontainsreal-worldfall.Authorshaveusedthisdatasettotesttheproposed
falldetectionmodelbecauseonlyreal-worldfalldatacanverifythefalldetectionmodelefficiently.
TheFARSEEINGdatasetwascollectedby94fallerswithameanageof76.1yearsandoutof94
fallerstherewere51femalesand43males.Thisdatasetwascollectedusingthreesensorsmadeby
SamsungwhichwereAcitvePal3,MinimodeandHybridcontainingaccelerometer,gyroscope,and
magnetometer.Thesesensorswereplacedinlowerbackandthighs.Inthisexperiment,authorshave
usedaccelerometerdataonly.Outof208realfallevents,theFARSEEINGconsortiumsharesonly
22real-worldfalleventsforresearchpurposes.Outof22realfallevents,10fallersweremaleand
12fallerswerefemalewithmeanage69.5years,meanheight167c.m.andmeanweight75.59kg.
Allsignalfileswereavailablein.matformat.Thisreal-worldfalldatasetiscollectedattwodifferent
samplingfrequenciesi.e.20Hzand100Hz.Authorshaveusedcentraldataoftheonly6saroundthe
peakforanalysispurposes.

In (Medrano et al. 2014) dataset, Falls were recorded on a soft mattress in the laboratory
environment and to record ADL events. Smartphone devices were given to participants for one
weektodonaturaldailyactivities.Theseconddataset(Klenketal.2016a)wascollectedatAzienda
SanitariadiFirenzeandRobertBoschGesellschaftfuerMedizinischeForschung.Bothofthesewere
healthinstitutes.

Data Pre-processing -AuthorshaveusedADLactivitiesofthedataset(Medranoetal.2014)for
buildingthemodel.ADLactivitiesaredividedintotheratioof90:10.90%ofdataisusedforbuilding
themodeland10%ofdataisusedfortestingpurposes.ThedatafromSmartphone’saccelerometerhas
accelerationinthreedirectionsi.e.x,y,andz.Supposeaccelerationvaluesinallx,yandzdirections
areAgx,Agy,Agz.Thenresultantwillbe

AG-xyx=√(Agx
2+Agy

2+Agz
2)

Thus,authorsgotavectorof301valuesi.e.150valuesbeforepeakand150valuesafterpeak
valuefromaccelerometerresultantforADLactivities.ThenAuthorshaveusedthisdataof6saround
thepeakforfurtheranalysis.AfterthatFastFourierTransformationisappliedtothedataset.

Features Calculation -Thedatasetcontains301valuesperinstancesoitisnecessarytoreduce
theamountofdatatobeinputtotheclassifier.Forthispurpose,it isrequiredtocalculatesome
featuresaspartofdataprocessing.

LetthetraininginstanceisAG1,AG2,AG3............................................AG301
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Standard Deviation (std) -Itisastatisticalmeasurethatmeasuresthedeviationofdatafromthe
mean.Ithasbeencalculatedusingthefollowingformula.

std
N

A
i

Gi
=

−
−( )

=
∑� �

1

1 126

176
2
µ 

whereNisthetotalnumberofobservationsintherange.

Root mean square (RMS) - It is the square rootof themeanof squaresofvalues. It hasbeen
calculatedusingthefollowingformula.

RMS
N

A
i

Gi
= ( )

=
∑� �
1

126

176
2



whereNisthetotalnumberofobservationsintherange

Post Impact-Authorshaveconsideredpostimpactasthemostdiscriminativefeatureofactivities
ofdailyliving(ADL)andfallactivities,becauseincaseoffall,afterfallactivitythepeopleare
staticonthefloorforsometimesotheaccelerometervaluesaremostlyuniformafterfall.Post
Impactiscalculatedusingthefollowingformula.

Post impact
A

N
i Gi

� = =∑ −( )
201

301 2
µ



whereAGi:theindividualvaluesofAg-xyzfrom201thvalueto301thvalueoftheinstances

μ:meanofAg-xyzfrom201thvalueto301thvalueoftheinstances
N:totalnoofdatapointsfrom201thvalueto301thvalueoftheinstances

Mean Frequency - To calculate mean frequency, at first product of accelerometer values
andfrequenciesinthegivenrangearecalculatedthenit’ssumisdividedfromasumof
accelerometervalues.

Mean frequency
Ii fi

Ii

i

i

� �
.

= =

=

∑
∑

126

176

126

176


where:

n=numberoffrequencybinsinthespectrum
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fi=frequencyofspectrumatbiniofn
Ii=Intensity(dBscale)ofspectrumatbiniofn

Median frequency(MdF)-Medianfrequencyisthefrequencyatwhichthesignalspectrumisdivided
intotwoequalpartswithequalamplitude.

i

MdF

i MdF

N

i

N

Si Si Si
= = =
∑ ∑ ∑= =
1 1

1

2


whereSiisasignalspectrumwherei=1toMdF
Peak To Peak Distance-Peaktopeakdistanceisthemaximumnegativeamplitudeofsignal

subtractedbythemaximumpositiveamplitudeofthesignal.
Peak to RMS-PeaktoRootmeanSquare(RMS)featureistheratioofthelargestabsolutevalue

indatatotheRMSvalueofdata.
Herestandarddeviation,Rootmeansquare,meanfrequency,medianfrequency,peaktopeak

distanceandpeaktoRMSfeaturesarecalculatedusingcentral1-secondvaluesaroundthepeak
whereaspostimpactiscalculatedusinglast2-secondvaluesof6-seconddatainstance.Thisvector
containingsevenfeatureswillbeusedforbuildingthefalldetectionmodel.

One class Classifier-Thesupportvectormachine(SVM)isaclassifier,whichclassifiesgiven
data in different classes according to their feature vectors. SVM classifier can be supervised or
unsupervised.OneclassSVMisoneofthevariantsoftheSVMclassifier.One-classSVMclassifies
thetargetdatapointfromananomalydatapointinfeaturespaceF.Theoneclassclassificationreturns
+1intheareawheretrainingdataexistand0elsewhere.One-classSVMwasproposedby(Schölkopf
etal.2000)forestimatingthesupportofahigh-dimensionaldistribution.

Letx1,x2,x3,x4,...xnϵXistrainingdatawherenisthetotalnumberofobservations.Suppose
ΦisafunctionthatmapsXintoFwhereFishighdimensionalfeaturespace.Kernelk(x,y)canbe
calculatedbythedotproduct:

k(x,y)=(Φ(x).Φ(y))

Giventrainingvectorsxi∈Rn,i=1,...,lwithoutanyclassinformation,theprimalproblemofone-
classSVMis

min 1
2

12

1

w
vl

i
i

l

− +
=
∑ρ ξ 

wϵF,ξϵRl,ρϵR
subject to W xi i.Φ( )( ) ≥ −ρ ξ ξi ≥ 0, i = 1........ l

Thedecisionfunctionis

f(x)= sgn (
i

l

iK xi x
=
∑ ( )−
1

α ρ, )
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Thedecisionfunctionispositiveformostoftheinstancesofthetrainingsetandnegativefor
others.Thismethodcreateshyper-planeusingwandpwhichhasmaximaldistancefromtheorigin
infeaturespaceF.

Proposed Kernel Matrix -Kernelfunctionmapslowdimensionalnonlineardatatohighdimensional
featuremap.Itconvertslinearlynon-separabledatatolinearlyseparabledata.Thekernelfunction
calculates the innerproductbetweeneachcoupleofdata.Thismethodiscalledkernel trick
(Theodoridis,Networks,and2008n.d.).

Supposethereisatrainingmatrix

χ=[<a1,b1,c1,d1,e1,f1,g1><a2,b2,c2,d2,e2,f2,g2>.................................<am,bm,cm,dm,em,fm,
gm>]

wherea,b,c,d,e,f,garecalculatedfeaturesandmisthetotalnumberofinstancesinχ
LetKisafunctionthatmapsχintoMwhereMisahighdimensionalfeaturemap.Themethod

tocalculatethekernelmatrixtobuildafalldetectionmodelisasfollows.
Supposeψandωaretwoaliasoftrainingmatrixχthen



Takeamatrix



ForeveryrowinψcalculateWiandUi:

Wimxn=


wherei=1......m
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OrderofGmatrixismxm:

KernelmatrixK(ψ,ω)=1-G

Intheproposedmethod,Authorshaveusedkernelmatrix[ρ,K(ψ,ω)]whereρ=1.....m.
Theauthorshaveusedthekernelmatrix[ρ,K(ψ,ω)]tobuildthefalldetectionmodelusinga

one-classsupportvectormachine.One-classSVMhasoneparameter‘nu’with0<nu<=1which
needstobechoseninadvancewhileperformingone-classclassification.Intheexperiment,thenu
parameteristunedto0.01.Keepingthevalueofnuotherthan0.01gavetheworstresultsandkeeping
thevalueofnuis0.01gaveoptimumresults.

Testing -Fortesting,atfirstauthorshavecalculatedthekernelmatrixbetweeneachpairof
trainingmatrixψandtestingmatrixτ.Supposethetestingmatrixis:

τ=[<a1,b1,c1,d1,e1,f1,g1><a2,b2,c2,d2,e2,f2,g2>..........<al,bl,cl,dl,el,fl,gl>]

wherea,b,c,d,e,f,garecalculatedfeaturesandmisthenumberofinstancesinτ.Thenkernel
matrixbetweenthetestmatrixandtrainmatrixwillbe[α,K(τ,ψ)]whereα=1........m.Orderofkernel
matrixfortestingwillbelxmwherelisthenumberofrowsinthetestmatrixandmisthenumber
ofrowsinthetrainingmatrix.Predictionisdoneusingthiskernelmatrix.

RESULTS AND DISCUSSIoN

AuthorshaveclassifiedADLactivitiesandfallactivitiesusingSVMbasedone-classclassification
(Schölkopfetal.2000)withtheproposedkernel.Authorshavecomparedtheperformanceofwidely
usedkernelswhicharethepolynomialkernel,LinearKernelandRBFkernelswiththeproposed
kernel.Authorshavealsocomparedtheperformanceoftheproposedmethodwithtwoexistingfall
detectionmethodsi.e.(Micuccietal.2017)and(Medranoetal.2017)whichweredevelopedusing
one-classclassificationmethodsonthesamedataset.

Performance measures have been calculated as follows

Truepositiverate(TPR):TotalFallactivitiesclassifiedasfall
TrueNegativerate(TNR):TotalADLactivitiesclassifiedasADL
FalsepositiveRate(FPR):TotalADLactivitiesclassifiedasfall
FalseNegativerate(FNR):TotalFallactivitiesclassifiedasADL

Sensitivity = TPR

TPR FNR+( )


Specificity = TNR

TNR FPR+( )


Accuracy = TPR TNR

TPR TNR FPR FNR

+

+ + +( )


Precision =  
TPR

TPR FPR+( )
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F1 score = � 2

2

TPR

TPR FPR FNR+ +( )


Geometric Mean (GM) = SensitivityX Specificity  

Critical Success Index =  
TPR

TPR FNR FPR+ +( )


Matthews correlation coefficient (MCC) = 
TPRXTNR FPRXFNR

TPR FPR TPR FNR TNR FPR TNR FNR

    ( )−( )
+( ) +( ) +( ) +( ))



BookmakerInformedness(BM)=Sensitivity+Specificity-1

IntheproposedmethodtheADLactivitiesandfallactivitieswereclassifiedusingSVMbasedone-
classclassification.Theperformanceofwidelyusedkernelssuchasthepolynomialkernel,linear
kernel,RBFkernelwascomparedalongwiththeproposedkernelbasedone-classclassification.The
proposedmethodwasalsocomparedwiththetwoexistingfalldetectionmethods(Micuccietal.2017)
and(Medranoetal.2014)weredevelopedusingone-classclassificationmethodsonthesamedataset.

TheperformanceofSVMbasedone-classclassificationusingdifferentkernelsisshowninTable
1 andFigure3.Differentperformancemeasures like sensitivity, specificity, accuracy,precision,
F1score.Geometricmean,criticalsuccessindex(CSI),Matthewscorrelationcoefficient(MCC),
BookmarkerInformedness(BM)havebeenconsidered.Fewperformancemeasureslikesensitivity,
specificity,accuracyprecision,F1score,Geometricmeanarecommonforbothone-classclassification
(imbalancedata)andmulticlassclassification(balanceddata)butforimbalancedatatheperformance

Table 1. Performance of SVM based one-class classifier to detect falls using different kernels

Performance measure Proposed Kernel Polynomial Kernel Linear Kernel RBF Kernel

Sensitivity 0.9881 0.9901 0.9901 1.0000

Specificity 0.9865 0.9902 0.9902 0.5858

Accuracy 0.9871 0.9901 0.9901 0.7437

Precision 0.9783 0.9842 0.9842 0.5981

F1 Score 0.9832 0.9871 0.9871 0.7485

Geometric Mean(GM) 0.9873 0.9901 0.9901 0.7654

Critical Success Index(CSI) 0.9669 0.9746 0.9746 0.5981

Matthews correlation 
coefficient (MCC) 0.9728 0.9791 0.9791 0.5919

Bookmaker Informedness 
(BM) 0.9746 0.9803 0.9803 0.5858

Falls correctly classified as 
fall in real-world fall dataset 
collect at 100Hz

100% 20% 20% 100%

Falls correctly classified as fall 
in world fall dataset collect at 
20Hz

100% 100% 100% 100%
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measures likeCritical success index(CSI),Matthews correlation coefficient (MCC),Bookmaker
Informedness(BM)areused.

ItcanbeseenthatintermsofsensitivityRBFkernelperformedbetterthanothermethodsbut
whenusingRBFkernelotherperformancemeasuresarepoor.Whencomparingtheperformance
oftheproposedmethodwithpolynomialorlinearkernel,thereisnogreatdifferencebetweentheir
performancebutwhenlinerorpolynomialkernelisusedtodetectrealfalleventsthentheirperformance
degradeddrasticallywhereasproposedmethodperformsexceptionallywellonbothsimulateddata
andreal-worldfalldata.

ItcanalsobeseenfromTable2andFigure4,thattheproposedmethodperformsbetterthan
twoexistingmethods(Micuccietal.2017)(Medranoetal.2017).Inmethod(Micuccietal.2017)
sensitivityis92.2%(oneclassKNN)92.5%(one-classSVM)andinmethod(Medranoetal.2017)
sensitivityis97.9%whereasinproposedmethodauthorsgot98.81%sensitivity.Inmethod(Micucci
etal.2017)specificityis82.2%(oneclassKNN)79.0%(one-classSVM)andinmethod(Medrano

Figure 3. Performance of SVM based one-class classifier to detect fall using different kernels

Table 2. Comparisons of the proposed method with other fall detection methods on the same dataset

Performance measures Proposed 
method

The method proposed 
by (Micucci et al. 
2017)

The method proposed by 
(Medrano et al. 2017)

Sensitivity 98.81% 92.2%(oneclassKNN)
92.5%(oneclassSVM)

97.9%

Specificity 98.65% 82.2%(oneclassKNN)
79.0%(oneclassSVM)

96.7%

Number of features used to build the 
classifier

7 306 4

Falls correctly classified as fall in real-
world fall dataset collected at 100Hz

100% Nottested Nottested

Falls correctly classified as fall in world 
fall dataset collected at 20Hz

100% Nottested Nottested
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etal.2017)specificityis96.7%whereasinproposedmethodauthorsgot98.65%specificity.Itisa
greatimprovementthatauthorshaveachievedthisperformanceusingonlysevenfeatureswhereas
methods(Micuccietal.2017)(Medranoetal.2017)haveused306and4featuresrespectively.

Micucciet.al.(Micuccietal.2017)haveusedtwopublicallyavailabledatasetsanduseda10-fold
cross-validationapproachformodelbuildingandtesting.TheybuiltthemodelusingADLactivities.
Medranoet.al.(Medranoetal.2017)haveusedonlyADLactivitiestotraintheclassifierandused
fallactivitiestotestclassifierbutauthorshavedividedADLactivitiesdatasetinto90:10ratioand
used90%dataformodelbuildingandtestingwasperformedonrest10%simulatedactivityofdaily
livingdata,simulatedfalldatasetandreal-worldfalldataset.Itcanbeseenthattheproposedmethod
classifies98.81%fallactivitiesasfallactivitywhichisbetterthanotherclassifiers.Inexistingmethods
(Micuccietal.2017)(Medranoetal.2017),theauthorstestedtheirfalldetectionmethodsonlyon
simulatedfalldata.Theirmethodswerenotverifiedonrealfalldatawhereastheproposedmethod
istestedonthatandperformedverywell.Theproposedfalldetectionmodelcanbeusedforadult
andelderlyfalldetectionbecauseitistrainedonthe(Medranoetal.2014)datasetinwhichvolunteer
weightrangesbetween54to98kg,age20to42yearsandheightfrom1.61to1.81metersandtested
onboth(Klenketal.2016a;Medranoetal.2014)datasets.In(Klenketal.2016)datasetmeanage
was69.5years,meanheightwas167c.m.andmeanweightwas75.59kg.

CoNCLUSIoN

Fallamongeldersisamajorobstacleforindependentlylivingelderlypeople.Itcancauseserious
healthproblems.Falldetectionisaverycomplexprocess,forwhichmanyfalldetectionalgorithms
havebeenproposed.MostofthefalldetectionalgorithmsweredesignedusingbothADLandfall
datawhichweresimulatedinthelab.Thesemodelsarelessreliabletodetectfallbecauseactual

Figure 4. Comparison of the proposed method with other methods on the same dataset
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fall events are very much different from simulated fall. Inspired by eccentric learning, Support
vectormachine-basedone-classclassificationtoclassifyADLactivitiesandfallactivitieshavebeen
proposedhere.ThismodelwasbuiltusingADLdata.Fortesting,bothADLdataandfalldatawere
used.InSVMbasedone-classclassification,insteadofusingwidelyusedkernellikelinearkernel,
polynomialkernel,RBFkernel,etc.Authorshaveproposedanewmethodtocalculatekernelmatrix
anditisfoundthattheproposedmethodcanscore98.81%sensitivityand98.65%specificitywhich
isbetterthanexistingmethods.Theproposedmodelisalsotestedonactualfallsinstanceandcan
detect100%fallevents.Existingmethods,whichwerebasedononeclassclassification,werenot
testedonreal-worldfalleventsbutitisnecessarytovalidatethefalldetectionmodelonreal-world
falldatawhichisdoneintheproposedmethod.
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