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Abstract

In this paperwe describethe developmentof a real-timemotion classi-
fication systemfor usein the MIThril wearablecomputingplatform. The
purposeof this motion classificatiornsystemis to make importantinforma-
tion aboutthe users state(whetherthe useris walking, running, standing
still, etc.) availableto otherapplicationsn real-time. We developeda two-
layermodelthatcombinesa multi-componenGaussiamixture modelwith
Markov modelsto accuratelyclassifya rangeof useractiity statesjnclud-
ing sitting, walking, biking, andriding the T.

1 Introduction

Contet awarenesspr knowledgeaboutthe stateof the user task,or ervironment
derived throughnon-e&plicit userinput, is widely seenasa key to reducingthe
complity of human-computeinteractiontasksfor portableandwearablecom-
puting applications. Context awarenessequiresstatisticalinferencetechniques
to turn noisy sensomatainto usefulcontextual information. Preciselywhat con-
texts areusefuldepend®n the application,but a list of generallyusefulcontexts
includethetime of day, theuserslocation,andusers actvity state.

Time of day is easily obtainedwith a real-timeclock, and outdoorlocation
is comparatrely easyto determinghroughGPS(indoorlocationis anothemat-
ter, but may be partly addressedhroughthe use of active tagsor the useof a

1... suchasthe Crystaltagsystembasednthe SquirtIR activetags(ht t p: / / waww. medi a.
m t. edu/ ~ri ch/) orthelLocustsystemdevelopedby ThadStarneyet. all.



triangulation-basedoom positioning systemThe users physical actiity state,
suchaswalking, sitting, riding the T, etc.,is morecomplicatedo determineand
alsoquiteimportant,sincesomeonavhois walkingis likely to have lessavailable
attentionthansomeonevho is stationaryandsomeoneavho is riding a bicycle is
likely to have evenlessthansomeonevho is walking. The kinds of information
thatthe userneedsunderthesethreeconditionsis alsolikely to be different. We
becamenterestedn the problemof determiningthe users physicalactvity state
in real-timeusingahigh-precisiorthree-axisaccelerometewornonthetorsoand
thecomputingpower availablein the MIThril wearablecomputingplatform.

2 Methodology
The methodologysedfor this projectis asfollows:

1. Gatherannotatedlatafrom real-world actwities.
2. Analyzethis dataandfeatureselection.
3. Developasuitablegeneratie or discriminatve model.

4. Implementthe modelonthewearableandanalyzetheresults.

2.1 Data Collection

Thefirst stepof the projectwasto gatherlabeleddatawhile engagingn arange
of typical daily actwvities, suchasstandingwalking, riding the T, riding a bicycle,
etc. This involved putting on the wearable running the accelerometelogging
programandatext loggingprogram,andgoingaboutdaily actwvities.

211 Sensor Hardware

We designed microcontrollerbasedaccelerometesensousingthe ADXL202JE
partfrom Analog Devices. This two-axisaccelerometeis accurateo betterthan
2% overa +2 G range.Two of theseaccelerometeraremountedat right angles
to eachother resultingin a four-axis sensowith two redundanaxes.

2such as the LCS Cricket project, LCS Cricket Projectht t p: // nns. | ¢s. mi t. edu/
proj ects/cricket.



2.1.2 Sensor Software

Sensorogging codepolled the accelerometesensorapproximately47 times a
secondreadingall four axes.Eachsamplewastime stampeavith Unix time plus
millisecondsandloggedin atext file.

2.1.3 Annotation System

Thedatawasannotatedn realtime by typing linesof text onthe Twiddler chord-
ing keyboard(a commerciallyavailable one-handedkey entry device). Whena
line of text wascompletedwhenthe “Enter” key waspressedjhetext wastime
stampedvith Unix time plus millisecondsandloggedin atext file. This annota-
tion schemaeallows for precisematchingof labelswith data. Labelsrecordedn
this way includedsingle charactermbbreviation for commonstatessuchas“w”
for startingto walk and“s” for stopping,aswell aslongerfree-formannotation,
suchas” damn,still breathinghard- i'm out of shapé.

2.1.4 DataAcquisition

Overthe courseof a coupleof weeks,Oneexperimenter(Rich DeVaul) worethe
wearableon a daily basisandgenerated numberof datasetsof varyingsizeand
quality. Oncethe hardware andsoftware glitcheswereironedout, this left two
large (order1/2 hour) datasetsof uniform samplingrate, good annotation,and
interestingsubjectmatter Oneof thesedatasetswasgatheredatein the evening
whenRichwasliterally runningfor thelastT home. The otherwasgatherecne
morningwhenRich bikedin to work. Anotherextremelyinterestingdatasetthat
includeda bike crashhadto be discardedbecause¢he accelerometedatawasnt
properlytime stampedandthe samplingratecouldnt be determined.

3 Analysis

We startedwith a four-componensignalvectorcomposedf unsignedoytes(0-
255) for eachaxis, sampledat rate of about47.8Hz, andirregularly spacedext
labels. Both the labelsand accelerometesamplesveretime-stampedvith mil-
lisecondresolutionandstoredin flat text files. We hadtwo usefuldatasetswith

3Ironically the crashwascausedy Rich answeringhis cell-phone- preciselythetypeof inter-
actionwe aretrying to obviate throughbettercontext sensingn wearablecommunicationgapps.
Both Rich andthewearablewerefine.



a combinedtotal of 198,855samplesfor 4,156 secondsof dataand about110
meaningfullabels.

A pre-processingtepaveragedhetwo redundantomponentsf thefour-axis
accelerometerectorto produceathree-\ector To simplify therepresentatioand
reducedimensionalitywe corvertedtheacceleratiorvectorto a scalamagnitude.
Experimentingwith spectrogram@ Matlab suggestedhat a power spectrumof
themagnitudemightbe a goodfeaturefor classifyingmotionstate.To reducethe
computationaburdenonthewearablave choseacomparatiely small64 element
FFT window (spanningl.34secondsyvith 32 sampleof overlap,producingone
32 elementpower-spectrumevery 0.67 seconds. Becauseour dataincludeda
large DC offset that causechumericalstability problemswe threw away the DC
componentleaving a 31 dimensionafeaturevectot

4 Moddling

41 BIC,EM and Gaussian Mixture Model

Sinceour goal wasto develop the simplestpossiblemulti-classactivity model
(and we had known-working Gaussiammixture-modelcodein Matlab) we de-
cidedto useBasianinformation Criterion and EM to clusterthe data. Much to
our surprise this worked fairly well; Statingwith our first dataset,BIC chosea
five-componenmodelwith one componentlearly associatedvith runningand
anothemwith walking.

Sinceour goal is to implementreal-timeclassificationon the wearable the
next stepwasto implementfeature-a&tractionin C codethat we could compile
on the wearable.We choseFFTW* for the basisof our power-spectrunmfeature
extractioncodebecausét is bothfastandfree. Unfortunatelythetransformsgro-
ducedby FFTW differ from thoseproducedusingMatlab’s FFT function. That,
andabugin some‘known working” Matlabproblem-setode causedisnosmall
amountof confusionuntil we realizedwhatwasgoingon.

With our FFTWtgeneratedeaturesye re-ranBIC onthefull labeleddataset
andproducedan eight-componentnodethatalsohadstrongclustersfor walking
andrunning, but otherlabeledactvity satessuchassitting still or riding the T

4“The FastesFourier Transformin theWest, —seeFFTWhomepageht t p: / / f f t w. or g/
for moreinformation.
SThereis a parenthesisatioarrorin multigaussian.m
thatcausesncorrectdensityevaluation.



appearedo have high-orderdynamicshatthe modelcould not capture.

After implementinghe multi-Gaussiamimodelevaluationon thewearableand
verifying thatthe classconditionalprobabilitieswere the sameasin our Matlab
implementationyve turnedto the problemof bettercapturingthe dynamicsof our
data.

4.2 CombiningModels. Gaussian Mixturesand M arkov Chains

Oncewe realizedtherewasdynamicstructurein our datathatour modelwasnt
capturingwe hadseveralchoices.

1. We could choosea larger window for our FFT in the hopesthat the dy-
namicfeatureof interestwouldfall within thelargerwindow andrerunour
BIC/EM modelselectionprocess.

2. We couldkeepour shorterfeaturevectorandattemptto build anHMM that
capturedhedynamicfeaturesof interest.

3. We could usethe output of our existing model and constructa Markov
modelontop of it thatwould capturethe dynamics.

The first choiceseemednfeasibledueto the large computationarequirements
it would impose. The secondapproachseemedo be the most principled, but
would have requiredadditionaltheory(HMMs with continuousobsenablestates)
and codeto implement. The third approachwhile perhapsnot optimal in per
formance requiredlittle additionalcodebeyondwhatwe hadalreadywritten or
usedfor problemsets couldbeimplementedasilyin C, andwasthustheobvious
choice.

Theresultaresix first-orderMarkov modelsrunningon theoutputof theeight-
componenGaussiammixture model. The Markov modelsrepresenthefollowing
states:

1. Garbage a modeltrainedon a sectionof the combineddatasetwe don'’t
careabout. SeeFigure 1 for sourceaccelerometedataand spectrogram
andFigure2. for the Gaussiarcomponenposteriorsand Markov model
classificatiorresultsfor this data.

2. Sitting - amodeltrainedon dataof Rich waiting for the T. SeeFigure3 for
the sourceaccelerometedataandspectrogranandFigure4 for the Gaus-
siancomponenposteriorsandMarkov modelclassificatiorresultsfor this
data.



Figurel: “Garbage”classtrainingdata
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Figure2: "Garbage”classmodeloutput
Annotated Gaussian Component Posterior Classification Plot, 2030.00 to 2500.00 seconds
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Figure3: Datafor “Sitting” classwith magins.

Annotated Acceleration Magnitude Plot, 400.00 to 750.00 seconds
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Figure4: "Sitting” modelclassificatiorresults.

Annotated Gaussian Component Posterior Classification Plot, 400.00 to 750.00 seconds
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Figure5: Datafor walking classwith maigins.

Annotated Acceleration Magnitude Plot, 1470.00 to 1900.00 seconds
200 T T T T T T T T

[
a
o

magnitude

100

50 1 1 1 1 1 1 il
1500 1550 1600 1650 1700 1750 1800 1850

Annotated Feature (FFT) Plot, 1470.00 to 1900.00 seconds

T T | ARRLRLY \|||II IT H|“ ||I| IIlll 4 ||I T T ! ’ I )

20 I | Inlll I|JI ”IH|II|:|||'I ‘,II:'III'”“:" N ‘I‘” M :I‘w " r‘.l ;'JL: fl' | |'|I I'\ |”\‘ " iy

frequency

, LUl
el

II IIIIiIII IIIH IHIII\lIH \i
e i

I I
1500 1550 1600 1650 1700 1750 1800 1850 1900

3. Walking - amodeltrainedon along stretchof Rich walking from the Davis
squarerl stopto his houseon Kidder Ave. SeeFiguresb and6

4. Running- a modeltrainedon two shortsectionsof Rich runningfrom the
MediaLabto theKendallT stop.SeeFigures7 and8..

5. RidingtheT - amodeltrainedon a long sectionof Rich riding the T from
Kendallto Davis. SeeFigures9 and10.

6. Riding abicycle - the mostcomplicatednodel. A modeltrainedon a long
sectionof Rich biking from his homein Davis Squareto the Media Lab,
including variouspausesstops,and changesn intensity characteristiof
bike commutingin Boston.Figuresllandfl2.

Thefigurescompareheresultsof the Gaussiartlassconditionalassignmentand
the Markov Model classificationrunning on thoseassignmentss inputs. The
Markov Model classificationresultsare the result of 20-symbolinputs, which
represents delayof 13.4 seconddor the end of the window to catchup to the
beginningof anew actuvity state.



Figure6: Classificatiorresultsfor “Walking” data.

Annotated Gaussian Component Posterior Classification Plot, 1470.00 to 1900.00 seconds
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Figure7: "Running” datawith magins

Annotated Acceleration Magnitude Plot, 200.00 to 500.00 seconds
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Figure8: Classificatiorresultsfor “Running” data

Annotated Gaussian Component Posterior Classification Plot, 200.00 to 500.00 seconds
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Figure9: Datafor “Riding the T” with mamgins.
Annotated Acceleration Magnitude Plot, 700.00 to 1390.00 seconds
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Figure10: Resultsof classificatiorfor “Riding T" model.

Annotated Gaussian Component Posterior Classification Plot, 700.00 to 1390.00 seconds
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Figurell: Datafor “Riding abicycle” plusmamgins.
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Figurel2: Resultsof classificatiorfor “Biking” data.

Annotated Gaussian Component Posterior Classification Plot, 2800.00 to 4100.00 seconds
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The Gaussiarclassconditionalassignmentslo a good, thoughnoisy job, of
classifyingthe comparatrely unambiguousctively statesof walking vs. running
vs. sitting, anddo soquitequickly; adelayof asingleFFTwindow (1.34seconds)
is all thatis necessaryHowever, thegraphgndicatethatall of thesestatesareeas-
ily confusedwith the morecomplex actiity of biking, andsitting still vs. riding
theT areessentiallyindistinguishablevenat the one-countdynamicdevel.

Thefirst-orderMarkov modelclassifierdoesa muchbetterjob of classifying
thefive actiities of interestwith a20-symbolinput. Althoughtheinherenimpre-
cisionin the labelingprocesamakesquantifyingthe “true” actwvity stateof each
sampledifficult, the resultsof classificationusingthe first-orderMarkov models
appearsurprisinglygood, especiallyconsideringhe compleity of the dataand
the arbitrarinesgfrom the point of view of the Markov model) of the Gaussian
mixture modelparameters.
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5 Implementation

Thegoalof this projectis areal-timeimplementatiorof amotionclassifiersystem
runningontheMIThril wearablecomputingplatform. Thisrequiresthatthesteps
of sensingfeatureextraction. modelevaluation,andclassificationtake placein
real-timein an ernvironmentof limited computingresources. Needlesso say
runningMatlabon MIThril is right out.

A thetime of this writing, we have implementedandtestedevery part of the
classificatiorprocessexceptthe Markov modelevaluation. Thefeatureextraction
and Gaussiarclass-conditionaposteriorcode producesdentical resultson the
wearableas on the desktopunderMatlab, runningin real-timeon a 200MIPS
StrongArmwith 32MB of ram. We have every reasorto believe thatthe addition
of first-orderMarkov modelevaluationwill be possibleaswell.

6 Conclusions

Thegoalof developingandimplementingareal-timemotionclassificatiorsystem
for the MIThril wearables largely accomplished We speculatehat the hybrid
Gaussiamixture model/Marlov modelwe developedmay not be asaccurateas
amonolithicHMM, but maypresentertainadvantagesaswell. For instancethe
classconditionalposteriorscould be usedto provide arapid*is theusermoving”
classificatiorfor applicationghatareinterestedn only coarsanotiondata,while
applicationgrequiringmore precisioncould usethe resultsof the Markov model
classification Further it shouldbe possibleto train nev Markov models perhaps
of higherorderor for differentactiity stateswithout retrainingthe underlying
mixturemodel.

Oneconcernis over fitting; We usedall of our labeleddataastraining data
sowe have no way of empiricallydemonstratinghe model’s generalizationOur
useof BIC in modelselectionprovidessomeassurancéhatour Gaussiammixture
modelhasareasonablexpectatiorgeneralizationbut we have no suchassurance
with our choiceof Markov modelparameters.Only more dataand testingwill
tell.

Futuredirectionsincludecompletingtheimplementatiorof theMarkov model
evaluationonthewearableanddevelopingtheinfrastructurego supporithertypes
of modelsor classifierssuchasHMMs or SVMs.
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