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Abstract

Thispaperdemonstatesgait recanitionusingonly thetra-
jectoriesof lower bodyjoint anglesprojectedinto thewalk-
ing plane For this work, we begin with the position of
3D markers as projectedinto the sagittal or walkingplane
We showa simple methodfor estimatingthe planar off-
setsbetweernthe marlkers and the underlyingskeletonand
joints; giventheseoffsetswe computethe joint angletra-
jectories.To compensatéor systematitempoal variations
fromoneinstanceto thenext— predominantlydistanceand
speedof walk —we x the numberof footstepsand time-
normalizethe trajectoriesby a variancecompensatetime
warping We performrecanition ontwowalkingdatabases
of 18 people(over 150walkinstancesyisingsimpleneatest
neighboralgorithmwith Euclideandistanceasa measue-
mentcriteria. e alsousethe expectedtonfusiomrmetricas
a meansto estimatehow well joint-angle signalswill per
formin alarger population.

1. Intr oduction

Thereare numerousapplicationsfor computervision that
requirea systemto automaticallyidentify peopleor atleast
verify their claimedidentity. Gait is oneof humancharac-
teristicsthatresearcherareinvestigatingandhopeto useas
asignatureto recognizepeople.A walking patternbiomet-
ric is appealingrom a sunweillancestandpointecausehe
datacanbe measuredinobtrusively andfrom a distance.
Walking is a comple< dynamic actiity that involves
mary segmentsof thebodymoving andinteractingwith one
anotherandwith the ervironment. Thereis evidencefrom
the psychologyliteraturethatwhenhumansview degraded
displaysof gait, they arestill ableto extract someidentity
information. For example,experimentsn [6, 10] shav that
peoplecanindicatesomeidentity from the subjects'move-
mentevenwhenviewing only amaoving point-light display
There are mary propertiesof gait that might sene as
recognitionfeatures.We cancateyorizethemasstaticfea-
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turesanddynamicfeaturesthat evolve in time. Staticfea-
turesre ect instantaneousgeometry-basetheasurements
suchasstridelength[e.g. [9]]. Dynamicmeasurementsn
contrastaresensitve to thetemporalstructureof the activ-
ity. In thiswork, we analyzeonly dynamicfeaturespnamely
lower-body(hip andknee)joint-angletrajectories Ourgoal
is to determinethe extentof identity informationpresenin
thistype of data.

1.1 Approach

Theapproachwe take hereis to look atjoint-angletrajecto-
riesderived from motion capturedata. Our reasorfor con-
sideringmotion capturedatais thatwe are primarily inter-
estedin determiningfeasiblemethodsfor extractingiden-
tity informationfrom thejoint angledata. Becauseve are
evaluatingtheef cacy of suchanapproachwe consideithe
ideal casewherethejoint angledatacanbe known aswell
as possible. This will enablethe evaluationof particular
methodsof determiningidentity independenof the ability
to recover suchinformation.

Having saidthis, we notethatin theapproactwe present
we consideronly thejoint anglesprojectednto the sagittal
or walking plane. Our reasondor doing so aretwo fold.
First, aswill describesuchjoint anglesaremorerobustto
derive from marker datathancomplete full degreeof free-
domjoint anglespeci cations. Secondthe walking plane
joint anglesarelik ely to bethe mosteasilydeterminedoint
anglesfor visual methods.Previous work on gait recogni-
tion thatemploy frontal parallelviews arealsomotivatedby
suchanassumption.

In the remainderof this paper we rst considersome
previous work on the recovery of identity from gait. Next
we describethe sagittaljoint-angle estimationmethodwe
apply to the motion capturedata. Given thesejoint-angle
trajectoriesve deviseatemporalnormalizatiorthatwill al-
low comparisonsacrosssubjects. Using a databasef 18
peoplewe evaluatethe ef cacy of attemptingrecognition
from joint-angle data; we report not only percentcorrect



but alsothe ability of the datato lter the populationfor
veri cation.

1.2 Previouswork

In vision researchthereis a growing numberof effortsin-
vestigatingwhethermachinescan recognizepeoplefrom
gait. Examplework includesappearancbasedapproaches
wherethe actualappearancef the motionis characterized
[9, 5, 11, 8]. Alternatively, thereis work that attemptsto
modelthe physicalstructureof a personfrecoverthatstruc-
ture,andthenrecognizethe identity. For example,in [13],
they detectgait patternsn avideosequencet a2D skele-
ton of humanbody to the imagery estimatelower-body
joint anglesfrom the model,andthenperformrecognition.
They employ a small walking databasendreportreason-
ableresults.

Thereis alsorelevant work in the computeranimation
eld, includingthatof recoseringunderlyinghumanskele-
tonsfrom motion capturedata[14, 16] andanalyzingand
adjustingcharacteristicsf joint anglesignals[4, 3, 2, 17].

2. Recovering normalized joint angle
trajectories

Herewe describethe basicmotion capturemechanismthe
corversionto sagittal-planegprojectedjoint angles,andthe
temporalnormalizationthatresultsin comparablgoint an-
gletrajectories.

2.1 Motion capture

OurdataarecollectedusinganAscensiorelectro-magnetic
motion capturesystem. The userwears16 sensorsgach
measuringhe six degreesof freedom(DOFs) of position
andorientation.We placeonesensoion eachof theankles,
lower legs, upperlegs, hands Jower arms,upperarms,one
on the head,oneof the pelvisand2 on thetorso. Figure 1
is anexampleof atypical setupin our experimentand g-
ure 2 shows the sensorscon guration of the lower part of
the body projectedinto the sagittal or walking plane. The
dataarecapturecht 30 Hz anddirectly recorded.

For thework reportechere,we focuson the joint angles
mostlik ely to berecoverablefrom vision: thesagittalplane
joint anglesof the lower body. Continuedefforts are on-
goingto recover suchjoint-angledatafrom video(e.g. [1]
andmuchwork in vision basedgait recognitionpresumes
frontal-parallelimagery

2.2 Skeleton tting

Becausesachsensoreportsorientationdirectly, it is possi-
bleto estimatethejoint anglebetweertwo connectedimbs
with internal angle betweenthe two sensorsspanningthe

Figure 1: Experimentahpparatu®f our motion capturesystem.
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Figure 2: Markersconsideredn our experimentasviewedin the
walking plane.

articulation. Suchan estimateassumeshatthe sensorsare
parallelto theunderlyingskeleton.

In aninitial studyof recognitionfrom joint-angletrajec-
tories, we found that suchestimatedoint anglesgave re-
markably high recognitionrateswithin a single database.
In this databasegachsubjectdonnedthe motion capture
equipmenbnceandwasrecordedoerforminga numberof
walks acrossthe platform. To further testthe recognition
methodwe capturedand additionaldatasetfrom a subset
of thesamesubjects.Therecognitionrateplummeted.The
dif culty wasthattherewere biasesin the datarelatedto
how the motion capturesuit wasworn. The high recogni-
tion rate arosefrom only using one recordingsessiorper
subject.Therecognitionmethodexploiteda biasin the sig-
nal causedby the actualplacemenif the markerson the
subject.

Thisexperiencenecessitatetheestimatiorof joint angle
trajectorieghatwasasinsensitve aspossibleto the details
of the motion capturesession.To accomplishthis, we de-
velopedthefollowing skeletonestimationmethod.

In [14], they presentinalgorithmfor recoveringa skele-
ton from magneticmotion capturedata using both posi-
tion andorientationinformation. The algorithmworkswell
if datahasonly small noiseand subjectsexerciseenough
DOFsfor eachjoint. Our data,however, did not fully ex-
erciseall the DOFsandthereforewould inducenumerical
instabilitiesin sucha skeletonrecovery.

Theabovetechniqueaswell asin [16], proceedyy esti-
matingonejoint locationatatime (two limbs andonejoint)
andthenassuminghebodyjoints arespherical. The basic



Figure 3: Stabilizetwo markersasa x ed axis andlet the other
marker move respecto thataxis.

ideafor calculatingthe joint locationis to stabilizeor x
onelimb andlet the otherlimb rotate. To stabilizethe two
bodysystemovertime, we needto know atleasttheorien-
tationof onebody.

By operatingn the sagittalplane,we eliminateboththe
issueof excessve DOFs, andthe questionof which artic-
ulatedelementto x. First, by consideringjust position,
it is straightforward to seethatif thereis little or no out-
of-planemotion of a limb, thenthe relative movementof a
limb is acircle centeredhboutthejoint to which thelimb is
attached Secondpeoplenormally do not bendtheir backs
while they walk. Thebackaxiscalculatedrom two sensors
on thebackthencanbe usedin the stabilizationprocesdo

nd the hip joints, the angle betweenthe femur and then
back.

Figure3 shavsthecasewherewe x two sensorgA and
B) onthebackandlet a sensorC) on the upperleg move
respecto thosesensorsUsingthetrivial, two-dimensional
planar version of the sphericalequationin [16], we can
solve for joint locationsin the two-dimensionatoordinate
systemde ned by theback:

1)

Oncewe locatethe hip joints, we canthen propagatehe
resultsto nd kneejoints by stabilizing the estimatechip
joint andtheupperleg sensolandconsideringhetrajectory
of thelowerleg.

Eachtime we propagatehe results,errorsaccumulate.
In our casewe can estimatereasonablywell the hip and
kneejoints (andthereforethe angleat the hip betweenfe-
mur andback). The locationof the anklejoint is dif cult
to determinebecausé¢he motion of thefoot abouttheankle
joint is small. Instead we approximatethe locationof the
anklejoint by thelocationof the foot marker. Becausehe
distancebetweenthe foot marker and the true ankle joint
is smallwith respecto the distancebetweerthe kneejoint
andthe anklejoint, this approximationis acceptable Fig-
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Figure 4: Sensompositionsandrecoreredjoint locationsat 3 dif-
ferenttimeinstants.

200

100
0

‘ ‘ ‘ HIP LEFT
50 100 150 200 250
250 T T T T

200

150 T
HIP RIGHT

250

100
0

250

200

KNEE LEFT

150
0 250

250

200

- v KNEE RIGHT]
150 I L I I
0 50 100 150 200 250

Figure5: Joint-angldrajectoriesrom several subjects.

ure 4 shows an estimatedskeletonin a walk sequenceat
threedifferenttime instants.

2.3 Joint angletrajectories

Estimatinganunderlyingskeletonenablesisto measurghe
joint angletrajectoriesof four joints: left andright hips',
left andright knees'angles.Figure5 shows 4 joint signals
from severalwalk instanceslt is thevariationin thesegoint
signalsthatwe wish to considerasinformationfor identity.

Differencesin body morphology and dynamics (e.g.
heightand strength)causejoint-angletrajectoriesto differ
in both magnitudeand time and also the numberof foot
stepstakento covera x eddistance.To analyzethesesig-
nals for recognition,we needto normalizethemwith re-
spectto durationandfoot stepcount(or walk cycles).

To standardizéhe numberof foot stepswe usethe dif-
ferencein foot sensordisplacemento segmentdifferent
parts of walk cycles consistentlyacrossthe subjects(see
Figure6). Typically peaksof the differencein thefoot sen-
sor displacementurwve are easyto detect. We, therefore,
chooseto sggmenteachwalk usingthosepeaksasbound-
aries.Sincethemagnetianotioncapturesystemworkswell
over ashortrange,we canselectonly oneanda half walk-
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Figure6: Left-footandright-footsensox-coordinatesndits dif-
ferenceovertime.
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Figure 7: Joint-anglestrajectorieswith same structure (same
numberof steps)

ing cyclesfrom eachof our subjectswalks. Figure7 shows
severalsggmentedoint angletrajectories.

We now have the signalswith the samestructure(one
and a half cycles). Time-normalizationis neededfor ad-
justingthe signalsto have the saméength. DynamicTime
Warping(DTW) is awell-known techniqueo performnon-
linear time alignment. [3] appliedthis techniqueto align
joint angletrajectoryin ananimationapplication.

DTW works well for signals shifting, stretching, or
shrinkingin time, but not for shifting or changingin mag-
nitude. Sometimesthe signalsarenoisy dueto somesys-
tematicerrors. Therefore,insteadof usingthe joint angle
trajectoriesin the warpingprocesswe performa variance
normalizationto reducethe effect of noiseby subtracting
the meanof eachsignalandthenby dividing by the esti-
matedstandarddeviation. This normalizedsignalhasunit
varianceandcanbe moreeffective in performingmatching
in the dynamictime warpingalgorithmbecausell dimen-
sionsare weightedequally Oncewe completethe DTW
proceson thevariance-normalizedata,we usetherecov-
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Figure 8: Time-normalizedoint-angletrajectories

ered distortion map to align temporally the original (not

variancecompensatedignalsto somearbitraryreference.
Figure8 showvstheresultsafterwe time-normalizethe orig-

inal signals. It is the differenceshetweerthesetracesthat

representsheremainingidentity information.

3. Gait recognitionexperiments
3.1 Datacollection

We rst capturedl8 peoplewalking with the magnetioano-
tion capturesuit. We attemptedo placethe sensorsat sim-
ilar body locationsfor all subjects. Eachindividual per
forms 6 walks of approximatelysamedistanceg4.0m). Be-
fore we usethe 2D positionsof the markersto estimatethe
joint locations,we lter the datausinga techniquesimilar
to [17]. Taking all the datafor eachsubject,we recover
hip and kneejoint locations. The underlyingskeletonis
connectedhroughthesejoints and foot sensorsand joint
angletrajectoriesarerecovered. We normalizethe number
of stepsfor all datato have oneanda half walking cycles
asshowvnin Figure7. Thenwe performtime-normalization
on unit-variancesignalsusingDTW. We selectrandomlya
walk sequencérom the databaséo be a walking template
andthenwe time-warp all the datato that template. Af-
terthe signalnormalizationprocessall the signalshave the
samefootstepstructureandsametemporallength.

We also createdanotherdatabasdyy capturingwalking
datafrom 8 of the initial 18 subjects.This capturesession
took placemonthslaterthanthe rst one.Again, eachsub-
jectperformst walks. Skeletonrecovery andtemporalnor-
malizationwereperformedasbefore.

3.2 Recognitionresults

Our initial databasdas106 time-normalizedsignalsfrom
18 people. Using the nearest-neighbaechnique we can



Table 1: Therecognitionresultsusingthe nearesneighborfrom
bothdatabases.

| Database

Databasd (18 people, 106 walks)
Database (8 people 48 walks)
matchagainstdatabasé

| Recgnition Results|

78/106=73%
20/48=42%

Table 2: Theexpectedconfusionrnumberson4-subspacéeatures.

Database Expectedconfusion
number
Databasd (18 people, 106 walks) 0.097
Database (8 people 48 walks) 0.15
Database (8 people 96 walks) 0.27

counthow mary timeswe canrecognizea particularwalk
in the databaseFor eachwalk in the databasewe nd the
closestwalk usingdirect Euclideandistanceasa measure-
ment.If the closestmatchcomesfrom thesameindividual,
we countascorrectlyclassi ed. For those106 walks, we
correctlyclassify78walk instancespr 73 (tablel).

We also perform recognition of database2 against
databasel. In the parlanceof the facerecognitioncom-
munity, we usedatabasd asthe gallery andeachtrial of
databas® asthe probes[12]. For eachwalk in the second
databasewe nd the nearesheighbormatchfrom the rst
databaseandconsiderit correctif it comesfrom the same
subject.As shaw in Tablel, we classifycorrectly20 out of
48 probespr 42

Comparingo arandomguesgesult— 1 outof 18or 6
— therecognitionresultsindicatethatthereis indeediden-
tity informationin the joint-angletrajectoriesthat can be
exploitedin recognitiontasks. The lower recognitionrate
in our secondexperimentis the combinedeffect of an arti-
cially high resultcausecby sessiorbiaswhenusingonly
onedatabaseandthe noisein thejoint recovery algorithm
in general. Suchdif culties suggesthat merelyreporting
recognitionresultsis inadequateandthat bettermeasures
of discriminationarerequired.

Onesuchmeasureof performanceroposedn the face
recognitioncommunityis known asa "Cumulative Match
Characteristic(CMC) curve (e.g. [12]). This curve indi-
catesthe probability that the correctmatchis includedin
the top n matches.If we usetheterm gallery to meanthe
groupof walkingdatain databasé (of sizem), andtheterm
probeto meananunknonn walking datain database to be
comparedo the entiregallery In gure 9, the horizontal
axisshavsthetoprank,n, or then closestmatcheseturned
from a gallery of sizem. In this case we shav only up to

Cumulative match score
o
o

L L L L L L L L L L L L L L
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Rank

Figure 9: Cumulatve Match CharacteristiCMC)

rank 15th. The vertical axis shaws the probability that the
correctmatchhappendgo bein thetop n matches.

3.3 Expectedconfusion

Even thoughwe have performedthis experimentwith 18
peopleand over 150 walks, the databasesize is still con-
sideredsmall. Therecognitionnumbersusuallydependon
how mary peopleandhow mary instancesf themarein
the database Sometimeghe numbersdo not tell us much
aboutthescalabilityor theexpectedberformancef thefea-
turesusedin alargerdatabase.

In [9], they introducea new metricthatpredictshow well
agivenfeaturevectorwill Iter identityin alargerdatabase.
The basicideaof this metricis to measurepn average the
ratio of the averageindividual variationof the featurevec-
tors to the variation of that featurevectorover the popu-
lation. This ratio is shovn to be equivalentto the average
percentagef the populationwith which ary givenindivid-
ual will be confused. The simple formula for computing
thisratiois:

ExpectedConfusion —— (2)

where is the averagecovariancemeanfor all individu-
alsin thedatabaseand s the covariancefor the entire
populationin thedatabase.

This metricis appropriateonly in a small featurespace
wheretheprobabilitydensitiecanbereasonablgstimated.
In our work, the featuresare joint-angle signalsof four
joints (hipsandknees).Usuallythe normalizedsignalsthat
we usedin the recognitionlie within 2 secondr 60 time
samples.To calculatethe nearesheighbor we concatenate
the four joint-anglesignalsinto onelong signalof dimen-
sionality 240 for eachwalk instance.This yields a feature
spacedoolargeto performary probabilitydensityestimates.

To reducethe dimensionof the data, we use principal
componentnalysis(PCA). Analysisof varianceindicates
thatthe rst four eigervectorscaptureapproximately75%



of the variance andaddingmorevectorsdoesnotimprove
theresultsigni cantly. Thuswe projectedthe 240 dimen-
sionalvectorsinto thatfour-dimensionakubspacandused
thecoefcients asthenew featurespace.

Using this reducedfeaturespacewe estimatedthe ex-
pectedconfusioncomponents.For databasd (18 people,
106 walks), the expectedconfusionnumberis 0.097. For
database (8 people,48 walks), the numberis 0.15. We
alsowantto calculatethe expectedconfusionnumberif we
combinethe two databasetogether Sincethe numberof
subjectsn bothdatabasearenotthesamewe combinethe
datafrom the same8 peopleand call it database3. For
database3 (8 people, 96 walks), the expectedconfusion
numberis 0.27. The growth in expectedconfusionin this
combineddatabasés dueto variationin datacollection:the
additionalcollectionenlagedthe variationof datafor ary
givensubject.

4. Summary and conclusions

This papermpresentsvork of humangaitrecognitionthatan-
alyzegoint-angletrajectoriesneasuredrom normalwalks.
We choosédo usea motion capturesystemasatool to mea-
surehumanmovementbecaus@ur goalis to assesshe po-
tentialidentity informationcontainedn gaitdata.As mary
vision systemsbecomemore robust and canreliably track
humanimbsandrecoveractualjoint anglestherecognition
from visualdatashouldre ect theresultspresentedhere.

We presenta methodfor recovering humanijoint loca-
tionsin the walking plane. Using thosejoints, we canre-
coverthejoint angletrajectories By normalizingthesesig-
nalssothatthey have the samestructure(samenumberof
steps)andthe sameduration,we showv thatthe remaining
variation containssigni cant identity informationthat can
be exploitedin recognitiontasks.
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