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Abstract. The paperinvestigateshumanphysicalactivity classificationproblem.Time seriesobtained
from accelerometeof awearabledeviceproducea datasetDueto the high dimensionof objectdescrp-
tion andlow computationatesource®nehasto statea featuregeneratiorproblem.Theauthorspropose
to usethe parametersf thelocal approximatiormodelsasinformativefeaures.The experimenis con-
ductedon two dataset$or humanactivity recognitionusingaccelerometemVISDM andUSCG-HAD. It
compareseverakuperpositionsf variousgeneratiormethodsandclassificationmodels.
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The paperinvestigatesnulticlassclassificationproblemof objectswith no explicit featurerepreserd-
tion. This problemarisesin analysingbiologicaldata[17], humanbehaviorandsocialinteractiong1]. It
considerghe problemof humanactivity recognition.The accelerometetime serieq8,15,20] from smart
phonesserveto recognizehumanphysicalactivity on theinternetof things[2, 14]. Methodsto solvethis
problemrangefrom topologcal dataanalysig18] to convolutionalneuralnetworks[6]. An extensivesu-
vey of themethodsanddataset$or this problemis foundin [9].

In this work the datasets comprisedof time seriesof acceleratiorfrom threeaxis,whichis obtained
from a mobile phoneor anothemwearabledevicewith accelerometeThesetime seriesareof varioussiz-
es,notaligned,andmultiscaled4]. The problemis to predictphysicalactivity of a person.Thelist of ac-
tivities includeswalking, running,sitting or walking up/downstairs.In this setuptime seriesaretreatedas
complexstructuredobjectswithout explicit featuredescription.This assumptiorallowsto proposea flexi-
ble technologyfor accelerometetime seriesmodelling. The mainproblemto tackleis thelack of compu-
tationalresourcesmemory,andenergyin wearabledevicesThis investigationproposesanapproacho
generatdeaturesof time seriesascomplexstructuredobjects.The generatedeaturesbring adequatejud-

ity of classificationandrequiremoderataesources.
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The problemof classifyingcomplexstructuredobjectsis split in two distinctiveproceduresThefirst
extractsnformativefeaturesThe secondneclassifiesobjectsof thesefeaturedescriptionsThisresearch
focusegmainly on comparisonof differentmethoddor featuregeneratiorf11, 12]: expertdefinedfunc-
tions,autoregressivenodel,andsingularspectrumanalysis Expertdefinedfunctions[13] includeave-
age,standardieviation,meanabsolutedeviationandhistogram.The autoegressiveanodel[16] buildsa
parametrianodelfor eachtime seriesandusesmodelparameterasfeaturedor classification.The singu-
lar spectrumanalysig 7] usesthe eigenvalue®f trajectorymatrix asgeneratedeatures.

Theauthorsproposea newfeature generatiormethod.We approximateime seriessegmentsvith cu-
bic splines[3]. Thesplineapproximateshe 3-orderpiecewisecurveatthe givenknots.The additional
smoothnessonditionsmakesthe curveandits first andsecondderivativescontinuousThe splinesgive a
smoothcurveandadequateuality of approximation.

Theexperimentwasconductedn two accelerometedatasetsWISDM [21], USCG-HAD [19]. We
comparedhe performancef statedfeatureextractionmethodsaswell asdifferentclassificaton algo-
rithms. Thelatterincludeslogistic regressionfandomforestandSVM.

Problem Statement
Theaccelerometetime seriesarerepresentedsaset! of segmentd of fixed length! :

P et

Onehasto find aclassificationmodel! !! ' | | betweersegmentsrom theset! andclasslabels

from afinite set! . Let denoteby
Loy,
agivensampleset,where!, ! ! and!, ! fII,1 1 I,

Theauthorsproposeto constructhemodel! asasuperpositiod ! 111 Herel Il ' I R' isa
mapfrom thespace ' tothefeaturespace ! R'.Giventhefeaturemap! transformtheoriginal
sampleset to thenewsampleset
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Theclassificationrmodel! ! 11111l hasavectorof parameter$ . Theoptimalparameter$ aregiv-

enby theclassificationerrorfunction

!
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Herethevector! representgxternalparametersf a particularclassificationrmodel. The examplesf the-
separametergnd errorfunctionsfor differentclassificationmodelsaregivenbelow.

To compareclassificationquality with resultsfrom [11, 12] we usethe accuracyscore:
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Feature Generation Functions
Themainfocusof this paperis to comparealifferentapproachefor featuregenerationln this section

we provideanalysisandmotivationfor eachof the methods.
1. Expert Functions.

Usethe expertgivenfeaturesetasabaselinegfor local approximatiomrmodels.Thesefunctionsaresta-
tistics! ,, where! \I! ' 1 1 Thedescription! !!! of theobject! is thevalueof thesestatisticson the
object

In the paper{13] theauthorsproposedo usethe expertfunctions:
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¥ distributiont histogramvalueswith 10 bins.

This featuregeneratiorprocedureextractsthe featuredescriptionof time series 1111 1",



2. AutoregressiveModel.
Theautoregressivenodel[16] of theorder! generate$eaturesof time series! with modelparane-

ters.Eachtime seriesis approximatedy alinearcombinationof its previous! ! ! components

|
where!, is aresidual.Theoptimalparameter$ of theautoregressivenodelarethefeatured (!!. These

parametersninimisethe squarecerrorbetweertime seriess andits prediction
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This problemis alinearregressionproblem.Hence for eachinitial time seriesl we haveto solveline-
arregressiorproblemwith ! predictors The exampleof approximatiorusingautoregressivenodelis

demonstratednthe Fig. 1.
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3. Singular Spectrum Decomposition.
Alternativehypothesidor generatiorof time seriesis SingularSpectrumAnalysis(SSA)model[7].

We constructtrajectorymatrix for eachtime series! from theoriginalsample! :
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Here! isthewindow width, whichis anexternalstructureparameterThe singulardecompositior5]

of thematrix! ' ! :

where! isaunitarymatrixand! ! !"#$!!, 11 11, 1 whichentries!, areeigenvaluesf! ' ! . The
spectrunof thematrix! ' | is usedasfeaturedescriptionof the object! :
Preer g gt

4. Spline Approximation.
The proposednethodapproximatesime serieswith splines[3]. A splineis definedby its parameters:

knotsandcoefficients Thesetof knots!!, !}, , areuniformly distributedovertime series Themodels,

which arebuilt on eachtheinterval!!,, , !'!,!, aregivenby the coefficients!! , !i! -
Optimalsplineparametersresolutionof a systemwith additionalconstraintof derivativesequality

upto secondorderontheintervaledgesDenoteeachsplinesegmenas! (! 11 111 Il andsplineas

awholeas! !l andwrite theseequations:
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For! !l to beaninterpolatorycubic spline,we mustalsohaveconditions:

Thefeaturedescriptionof thetime seriescould be assumedisthe splineparametersinion:
R [ A TR I



Fig. 2 showsthetime seriesapproximationgivenby splines.Compagedto the autoregressivenodel,

the splinesmethodgivessmoothempproximatiorusingalmostthe samenumberof parameters.
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Time SeriesClassification
Multiclassclassificationusesonevs-reg approactto train binary classifiersfor eachclasslabeland

10

then,onthe predictionstep,classifynewobjectaccordingto the mostconfidentclassifier.Threeclassif-

cationmodelsareused:logistic regressionSVM, andrandomforest.

1. RegularizedLogistic Regression.

Theoptimalmodelparameteraredeterminedy minimising errorfunction
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Theclassificationrule ! ! 1 I is givenby the signof linearcombinationfor the objectdescription!
!
andparameter$
| ! | !
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2.SVM.

Theoptimizationproblemis
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Theobjectivefunctioncorrespondso the classificationerrorfunction! 1 I, 11"l The predictionfor

| ! :
newobjectis | I"#$I1' 1 1 11

3. Random Forest.
Therandomforestexploitstheideaof bagging.This is anapproactof building manyrandomunstable

classifiersandaggregatingheir predictions.This methodworks especiallywell if we selectmodelswith
low biasandhigh variance(dueto aggregating/arianceis reduced)asbasemodels.In caseof random
forestdecisiontreestaketherole of basemodels,not only objectsareusedfor bagging,but alsofeatures.

In this casewe makea predictionfor eachnew objectby averagingof the singletreepredictions:
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where! is anamountof treesusedfor bagging.

Experiment
In this paperwe consideredwo differentsmartphonebaseddatasetsWISDM [21] andUSC

HAD [19]. Thesmartphoneaccelerometemeasureacceleratioralongthreeaxiswith frequenciesqual
to 20and100Hz. The WISDM datasetonsistf 4321time series Eachtime seriesbelongsto oneof the
six activities: Standing Walking, Upstairs Sitting, Jogging,Downstairs The USC-HAD datasetontains
13620time serieswith oneof thetwelve classlabels:Standing Elevatorup, Walking-forward, Sitting,
Walking-downstairs Sleeping Elevatordown, Walking-upstairs Jumping Walking-right, Walking-left,
Running.Tablel showsthedistributionsof time seriesactivitiesfor eachdatasetThelength! of each
time seriesequals200.Fig. 3 plotsthe exampleof thetime seriesfor oneactivity of the specificpersonis

given.



For eachdatasefeaturegeneratiorproceduresreapplied:expertfunctions,autoregressivenodel,
SSA,andsplines.Threeclassificationrmodelsfor eachgeneratedeaturedescriptionlogistic regression,
supportvectormachine andrandomforest.The structureparametersthelength! for autoregressive
model,thewindowwidth ! for SSA,andthe numberof splinesknots! weretunedusingK-fold cross
validation,minimising
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where! | is a!'ifractionof data,usedfor trainingmodel!, . Thehyperparameters for classifia-

tion modelswerealsotunedusingthe samecrossvalidationprocedure.

Thefirst approactor featuregeneratioris expertfunctions.The maindrawbackof this approachs a

restrictionby the expertfunctionschoiceandthesefunctionsmight beimpossibleto derivefor sometypes

of data.



Theautoregressivenodelwastunedto find the optimallength! . Crossvalidationproceduregivesop-

timalvalue! ! 1" for bothdataset.
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to autoregressivenodel,crossvalidationproceduregivesthe samevalue! ! 1" .
Fit cubicsplines[3] for time seriesusingscipypythonlibrary [10]. Theknots!!, !}, , for splineswere

distributeduniformly. Valueof ! waschoserwith crossvalidation.
Thefeatureextractionmethodgyive the following numberof featuredor both datasetsexpertfeatures:

40; autoregressivenodel:60; singularspectrumanalysis:60; sgines: 33.
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Fig. 4 presentsheaccuracyscoresf the experimentdor the both datasetsiFor WISDM datasetheworst

resultwasobtainedwith splineapproximationTheresultsfor expertfunctions,autoregressivenodel,and



SSAareroughlyidentical. For USG-HAD datasetheresultshighly dependon the classificationmodel.
For bothdatasetsogistic regressiorshowsthe worstquality, while the accuracyfor supportvectorma-
chineandrandomforestis almostthe same The spline approximatiorgivescompetitiveresultfor USC
HAD dataset.
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Table2 andTable3 presentall resultswith classificationaccuracyscoresfor eachclass.Thefirst rows
of thesetablesintroducethe multiclassaccuracyscorefor eachclassificationrmodelandeachfeatureex-
tractionprocedureNext rowsarerelatedto binaryaccuracyscoredor eachclass.For WISDM datasethe
bestscoreshavetheleastactiveclassesuchasStandingandSitting. For USC-HAD datasetll classes
havethe similaraccuracyscores.

We alsocarriedout the experimenfor unionof all 193 generatedeaturesFig. 5 demonstratethere-
sults.Tablel showsclasslabels,thatarerepresentedn the correspondindnistogramsAs expectedthe

accuracyscoredor featureunionarehigherin all casesAll binaryaccuracyscoresor WISDM dataset



arehigherthan!"# for eachclassificatiormodel. Thesenumbersor USCHAD datasets higherthan
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Conclusion
The paperinvestigateghe problemof complexstructuredobjects classification.The experimentom-

paresvariousapproachesf featureextraction particularlythe expertfunctionsandlocal approximation
modelson datafrom smartphoneaccelerometeiThelogistic regressionSVM, andrandomforestare
usedfor classification.Theresultsshowthatobtainedfeaturegecoverthe classlabelwith the high quali-
ty. The proposedsplinemethodgivessmoothapproximatiorof time series.The numberof splinesparan-
eterswaslower thanfor the othermethodsThe classifcationquality for splinesarecompetitivewith ex-
isting statedmethoddor both considerediatasetsStackingof all extractedeaturesgivesbetterperfar-

mance!
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