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Abstract

Thispaperdemonstratesgait recognitionusingonlythetra-
jectoriesof lowerbodyjoint anglesprojectedinto thewalk-
ing plane. For this work, we begin with the position of
3D markers asprojectedinto thesagittal or walkingplane.
We show a simple methodfor estimatingthe planar off-
setsbetweenthe markers and the underlyingskeletonand
joints; giventheseoffsetswe computethe joint angle tra-
jectories.To compensatefor systematictemporal variations
fromoneinstanceto thenext —predominantlydistanceand
speedof walk — we �x the numberof footstepsand time-
normalizethe trajectoriesby a variancecompensatedtime
warping. Weperformrecognitionontwowalkingdatabases
of 18people(over150walk instances)usingsimplenearest
neighboralgorithmwith Euclideandistanceasa measure-
mentcriteria. We alsousetheexpectedconfusionmetricas
a meansto estimatehow well joint-anglesignalswill per-
form in a larger population.

1. Intr oduction
Therearenumerousapplicationsfor computervision that
requireasystemto automaticallyidentify peopleor at least
verify their claimedidentity. Gait is oneof humancharac-
teristicsthatresearchersareinvestigatingandhopeto useas
a signatureto recognizepeople.A walking patternbiomet-
ric is appealingfrom a surveillancestandpointbecausethe
datacanbemeasuredunobtrusively andfrom a distance.

Walking is a complex dynamic activity that involves
many segmentsof thebodymovingandinteractingwith one
anotherandwith theenvironment.Thereis evidencefrom
thepsychologyliteraturethatwhenhumansview degraded
displaysof gait, they arestill ableto extract someidentity
information.For example,experimentsin [6, 10] show that
peoplecanindicatesomeidentity from thesubjects'move-
mentevenwhenviewing only amoving point-lightdisplay.

Thereare many propertiesof gait that might serve as
recognitionfeatures.We cancategorizethemasstaticfea-

turesanddynamicfeaturesthatevolve in time. Staticfea-
turesre�ect instantaneous,geometry-basedmeasurements
suchasstridelength[e.g. [9]]. Dynamicmeasurements,in
contrast,aresensitive to thetemporalstructureof theactiv-
ity. In thiswork, weanalyzeonly dynamicfeatures,namely
lower-body(hip andknee)joint-angletrajectories.Ourgoal
is to determinetheextentof identity informationpresentin
this typeof data.

1.1. Approach
Theapproachwetakehereis to look at joint-angletrajecto-
riesderivedfrom motioncapturedata.Our reasonfor con-
sideringmotioncapturedatais thatwe areprimarily inter-
estedin determiningfeasiblemethodsfor extracting iden-
tity informationfrom the joint angledata. Becausewe are
evaluatingtheef�cacy of suchanapproach,weconsiderthe
idealcasewherethe joint angledatacanbeknown aswell
as possible. This will enablethe evaluationof particular
methodsof determiningidentity independentof theability
to recoversuchinformation.

Having saidthis,wenotethatin theapproachwepresent
we consideronly thejoint anglesprojectedinto thesagittal
or walking plane. Our reasonsfor doing so are two fold.
First, aswill describe,suchjoint anglesaremorerobust to
derive from marker datathancomplete,full degreeof free-
dom joint anglespeci�cations. Second,the walking plane
joint anglesarelikely to bethemosteasilydeterminedjoint
anglesfor visual methods.Previouswork on gait recogni-
tion thatemploy frontalparallelviewsarealsomotivatedby
suchanassumption.

In the remainderof this paper, we �rst considersome
previouswork on the recovery of identity from gait. Next
we describethe sagittaljoint-angleestimationmethodwe
apply to the motion capturedata. Given thesejoint-angle
trajectorieswedevisea temporalnormalizationthatwill al-
low comparisonsacrosssubjects. Using a databaseof 18
peoplewe evaluatethe ef�cacy of attemptingrecognition
from joint-angledata; we report not only percentcorrect



but also the ability of the datato �lter the populationfor
veri�cation.

1.2. Previouswork
In vision research,thereis a growing numberof efforts in-
vestigatingwhethermachinescan recognizepeoplefrom
gait. Examplework includesappearancebasedapproaches
wheretheactualappearanceof themotion is characterized
[9, 5, 11, 8]. Alternatively, thereis work that attemptsto
modelthephysicalstructureof a person,recover thatstruc-
ture,andthenrecognizethe identity. For example,in [13],
they detectgaitpatternsin avideosequence,�t a 2D skele-
ton of humanbody to the imagery, estimatelower-body
joint anglesfrom themodel,andthenperformrecognition.
They employ a small walking databaseandreport reason-
ableresults.

Thereis also relevant work in the computeranimation
�eld, includingthatof recoveringunderlyinghumanskele-
tonsfrom motion capturedata[14, 16] andanalyzingand
adjustingcharacteristicsof joint anglesignals[4, 3, 2, 17].

2. Recovering normalized joint angle
trajectories

Herewe describethebasicmotioncapturemechanism,the
conversionto sagittal-planeprojectedjoint angles,andthe
temporalnormalizationthatresultsin comparablejoint an-
gle trajectories.

2.1. Motion capture
OurdataarecollectedusinganAscensionelectro-magnetic
motion capturesystem. The userwears16 sensors,each
measuringthe six degreesof freedom(DOFs)of position
andorientation.We placeonesensoroneachof theankles,
lower legs,upperlegs,hands,lower arms,upperarms,one
on thehead,oneof thepelvisand2 on the torso. Figure1
is anexampleof a typical setupin our experimentand�g-
ure 2 shows the sensorscon�guration of the lower part of
thebody projectedinto thesagittal or walking plane. The
dataarecapturedat 30Hz anddirectly recorded.

For thework reportedhere,we focuson thejoint angles
mostlikely 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
Becauseeachsensorreportsorientationdirectly, it is possi-
ble to estimatethejoint anglebetweentwo connectedlimbs
with internalanglebetweenthe two sensorsspanningthe

Figure1: Experimentalapparatusof ourmotioncapturesystem.
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Figure 2: Markersconsideredin our experimentasviewedin the
walkingplane.

articulation.Suchanestimateassumesthat thesensorsare
parallelto theunderlyingskeleton.

In aninitial studyof recognitionfrom joint-angletrajec-
tories,we found that suchestimatedjoint anglesgave re-
markablyhigh recognitionrateswithin a single database.
In this database,eachsubjectdonnedthe motion capture
equipmentonceandwasrecordedperforminga numberof
walks acrossthe platform. To further test the recognition
methodwe capturedandadditionaldatasetfrom a subset
of thesamesubjects.Therecognitionrateplummeted.The
dif�culty was that therewerebiasesin the datarelatedto
how the motion capturesuit wasworn. The high recogni-
tion ratearosefrom only usingonerecordingsessionper
subject.Therecognitionmethodexploitedabiasin thesig-
nal causedby the actualplacementof the markerson the
subject.

Thisexperiencenecessitatedtheestimationof joint angle
trajectoriesthatwasasinsensitive aspossibleto thedetails
of themotion capturesession.To accomplishthis, we de-
velopedthefollowing skeletonestimationmethod.

In [14], they presentanalgorithmfor recoveringaskele-
ton from magneticmotion capturedata using both posi-
tion andorientationinformation.Thealgorithmworkswell
if datahasonly small noiseandsubjectsexerciseenough
DOFsfor eachjoint. Our data,however, did not fully ex-
erciseall the DOFsandthereforewould inducenumerical
instabilitiesin suchaskeletonrecovery.

Theabovetechnique,aswell asin [16], proceedby esti-
matingonejoint locationatatime(two limbsandonejoint)
andthenassumingthebody joints arespherical.Thebasic
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Figure 3: Stabilizetwo markersasa �x ed axis andlet the other
marker move respectto thataxis.

idea for calculatingthe joint location is to stabilizeor �x
onelimb andlet theotherlimb rotate.To stabilizethe two
bodysystemsover time,weneedto know at leasttheorien-
tationof onebody.

By operatingin thesagittalplane,we eliminateboththe
issueof excessive DOFs,andthe questionof which artic-
ulatedelementto �x. First, by consideringjust position,
it is straightforward to seethat if thereis little or no out-
of-planemotionof a limb, thentherelative movementof a
limb is acirclecenteredaboutthejoint to which thelimb is
attached.Second,peoplenormallydo not bendtheir backs
while they walk. Thebackaxiscalculatedfrom two sensors
on thebackthencanbeusedin thestabilizationprocessto
�nd the hip joints, the anglebetweenthe femur and then
back.

Figure3 showsthecasewherewe�x two sensors(A and
B) on thebackandlet a sensor(C) on theupperleg move
respectto thosesensors.Usingthetrivial, two-dimensional
planar version of the sphericalequationin [16], we can
solve for joint locationsin the two-dimensionalcoordinate
systemde�ned by theback:
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Oncewe locatethe hip joints, we can thenpropagatethe
resultsto �nd kneejoints by stabilizing the estimatedhip
joint andtheupperleg sensorandconsideringthetrajectory
of thelower leg.

Eachtime we propagatethe results,errorsaccumulate.
In our casewe can estimatereasonablywell the hip and
kneejoints (andthereforethe angleat the hip betweenfe-
mur andback). The locationof the ankle joint is dif�cult
to determinebecausethemotionof thefoot abouttheankle
joint is small. Instead,we approximatethe locationof the
anklejoint by the locationof thefoot marker. Becausethe
distancebetweenthe foot marker and the true ankle joint
is smallwith respectto thedistancebetweenthekneejoint
andthe anklejoint, this approximationis acceptable.Fig-
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Figure 4: Sensorpositionsandrecoveredjoint locationsat 3 dif-
ferenttime instants.
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Figure5: Joint-angletrajectoriesfrom severalsubjects.

ure 4 shows an estimatedskeletonin a walk sequenceat
threedifferenttime instants.

2.3. Joint angletrajectories
Estimatinganunderlyingskeletonenablesusto measurethe
joint angletrajectoriesof four joints: left andright hips',
left andright knees'angles.Figure5 shows 4 joint signals
from severalwalk instances.It is thevariationin thesejoint
signalsthatwe wish to considerasinformationfor identity.

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

To standardizethenumberof foot steps,we usethedif-
ferencein foot sensorsdisplacementto segmentdifferent
partsof walk cycles consistentlyacrossthe subjects(see
Figure6). Typically peaksof thedifferencein thefoot sen-
sor displacementcurve areeasyto detect. We, therefore,
chooseto segmenteachwalk usingthosepeaksasbound-
aries.Sincethemagneticmotioncapturesystemworkswell
over a shortrange,we canselectonly oneanda half walk-
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Figure6: Left-foot andright-footsensorx-coordinatesandits dif-
ferenceover time.
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Figure 7: Joint-anglestrajectorieswith samestructure(same
numberof steps)

ing cyclesfrom eachof oursubjects'walks.Figure7 shows
severalsegmentedjoint angletrajectories.

We now have the signalswith the samestructure(one
anda half cycles). Time-normalizationis neededfor ad-
justingthesignalsto have thesamelength.DynamicTime
Warping(DTW) is awell-known techniqueto 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. Sometimes,thesignalsarenoisy dueto somesys-
tematicerrors. Therefore,insteadof usingthe joint angle
trajectoriesin the warpingprocess,we performa variance
normalizationto reducethe effect of noiseby subtracting
the meanof eachsignaland thenby dividing by the esti-
matedstandarddeviation. This normalizedsignalhasunit
varianceandcanbemoreeffective in performingmatching
in thedynamictime warpingalgorithmbecauseall dimen-
sionsare weightedequally. Oncewe completethe DTW
processon thevariance-normalizeddata,we usetherecov-
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Figure8: Time-normalizedjoint-angletrajectories

ered distortion map to align temporally the original (not
variancecompensated)signalsto somearbitraryreference.
Figure8 showstheresultsafterwetime-normalizetheorig-
inal signals. It is the differencesbetweenthesetracesthat
representstheremainingidentity information.

3. Gait recognitionexperiments
3.1. Data collection
We �rst captured18peoplewalkingwith themagneticmo-
tion capturesuit. We attemptedto placethesensorsat sim-
ilar body locationsfor all subjects. Each individual per-
forms6 walksof approximatelysamedistance(4.0m). Be-
fore we usethe2D positionsof themarkersto estimatethe
joint locations,we �lter thedatausinga techniquesimilar
to [17]. Taking all the datafor eachsubject,we recover
hip and kneejoint locations. The underlyingskeleton is
connectedthroughthesejoints and foot sensorsand joint
angletrajectoriesarerecovered.We normalizethenumber
of stepsfor all datato have oneanda half walking cycles
asshown in Figure7. Thenweperformtime-normalization
on unit-variancesignalsusingDTW. We selectrandomlya
walk sequencefrom thedatabaseto be a walking template
and then we time-warp all the datato that template. Af-
ter thesignalnormalizationprocess,all thesignalshavethe
samefootstepstructureandsametemporallength.

We alsocreatedanotherdatabaseby capturingwalking
datafrom 8 of the initial 18 subjects.This capturesession
took placemonthslaterthanthe�rst one.Again,eachsub-
jectperforms6 walks.Skeletonrecoveryandtemporalnor-
malizationwereperformedasbefore.

3.2. Recognitionresults
Our initial databasehas106 time-normalizedsignalsfrom
18 people. Using the nearest-neighbortechnique,we can



Table 1: Therecognitionresultsusingthenearestneighborfrom
bothdatabases.

Database RecognitionResults
Database1 (18people,106walks) 78/106= 73%
Database2 (8 people,48walks) 20/48= 42%
matchagainstdatabase1

Table2: Theexpectedconfusionnumberson4-subspacefeatures.

Database Expectedconfusion
number

Database1 (18people,106walks) 0.097
Database2 (8 people,48walks) 0.15
Database3 (8 people,96walks) 0.27

counthow many timeswe canrecognizea particularwalk
in thedatabase.For eachwalk in thedatabase,we �nd the
closestwalk usingdirectEuclideandistanceasa measure-
ment.If theclosestmatchcomesfrom thesameindividual,
we countascorrectlyclassi�ed. For those106 walks, we
correctlyclassify78walk instances,or 730 (table1).

We also perform recognition of database2 against
database1. In the parlanceof the facerecognitioncom-
munity, we usedatabase1 asthe gallery andeachtrial of
database2 astheprobes[12]. For eachwalk in thesecond
database,we �nd thenearestneighbormatchfrom the�rst
database,andconsiderit correctif it comesfrom thesame
subject.As show in Table1, we classifycorrectly20outof
48probes,or 420 .

Comparingto arandomguessresult— 1 outof 18or 60

— therecognitionresultsindicatethatthereis indeediden-
tity information in the joint-angletrajectoriesthat can be
exploited in recognitiontasks. The lower recognitionrate
in our secondexperimentis thecombinedeffect of anarti-
�cially high resultcausedby sessionbiaswhenusingonly
onedatabase,andthenoisein the joint recovery algorithm
in general.Suchdif�culties suggestthat merelyreporting
recognitionresultsis inadequate,andthat bettermeasures
of discriminationarerequired.

Onesuchmeasureof performanceproposedin 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 usethe term gallery to meanthe
groupof walkingdatain database1 (of sizem), andtheterm
probeto meananunknown walkingdatain database2 to be
comparedto the entiregallery. In �gure 9, the horizontal
axisshowsthetoprank,n, or then closestmatchesreturned
from a galleryof sizem. In this case,we show only up to
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Figure9: Cumulative MatchCharacteristic(CMC)

rank15th. The vertical axisshows theprobability that the
correctmatchhappensto bein thetopn matches.

3.3. Expectedconfusion
Even thoughwe have performedthis experimentwith 18
peopleandover 150 walks, the databasesize is still con-
sideredsmall. Therecognitionnumbersusuallydependon
how many peopleandhow many instancesof themarein
thedatabase.Sometimesthenumbersdo not tell us much
aboutthescalabilityor theexpectedperformanceof thefea-
turesusedin a largerdatabase.

In [9], they introduceanew metricthatpredictshow well
agivenfeaturevectorwill �lter identityin alargerdatabase.
Thebasicideaof this metric is to measure,on average,the
ratio of theaverageindividual variationof the featurevec-
tors to the variationof that featurevectorover the popu-
lation. This ratio is shown to be equivalentto the average
percentageof thepopulationwith which any givenindivid-
ual will be confused. The simple formula for computing
this ratio is:

ExpectedConfusion132 4
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where
4

�

is the averagecovariancemeanfor all individu-
als in thedatabase,and

4
6

is the covariancefor theentire
populationin thedatabase.

This metric is appropriateonly in a small featurespace
wheretheprobabilitydensitiescanbereasonablyestimated.
In our work, the featuresare joint-angle signalsof four
joints (hipsandknees).Usuallythenormalizedsignalsthat
we usedin therecognitionlie within 2 secondsor 60 time
samples.To calculatethenearestneighbor, we concatenate
the four joint-anglesignalsinto onelong signalof dimen-
sionality240 for eachwalk instance.This yields a feature
spacetoolargeto performany probabilitydensityestimates.

To reducethe dimensionof the data,we useprincipal
componentanalysis(PCA). Analysisof varianceindicates
that the �rst four eigenvectorscaptureapproximately75%



of thevariance,andaddingmorevectorsdoesnot improve
the resultsigni�cantly. Thuswe projectedthe240 dimen-
sionalvectorsinto thatfour-dimensionalsubspaceandused
thecoef�cients asthenew featurespace.

Using this reducedfeaturespacewe estimatedthe ex-
pectedconfusioncomponents.For database1 (18 people,
106 walks), the expectedconfusionnumberis 0.097. For
database2 (8 people,48 walks), the numberis 0.15. We
alsowantto calculatetheexpectedconfusionnumberif we
combinethe two databasestogether. Sincethe numberof
subjectsin bothdatabasesarenotthesame,wecombinethe
datafrom the same8 peopleand call it database3. For
database3 (8 people,96 walks), the expectedconfusion
numberis 0.27. The growth in expectedconfusionin this
combineddatabaseis dueto variationin datacollection:the
additionalcollectionenlargedthe variationof datafor any
givensubject.

4. Summary and conclusions
Thispaperpresentswork of humangaitrecognitionthatan-
alyzesjoint-angletrajectoriesmeasuredfrom normalwalks.
Wechooseto useamotioncapturesystemasa tool to mea-
surehumanmovementbecauseourgoalis to assessthepo-
tentialidentity informationcontainedin gait data.As many
vision systemsbecomemorerobust andcanreliably track
humanlimbsandrecoveractualjoint angles,therecognition
from visualdatashouldre�ect theresultspresentedhere.

We presenta methodfor recovering humanjoint loca-
tions in the walking plane. Using thosejoints, we canre-
cover thejoint angletrajectories.By normalizingthesesig-
nalsso that they have thesamestructure(samenumberof
steps)andthe sameduration,we show that the remaining
variationcontainssigni�cant identity informationthat can
beexploitedin recognitiontasks.
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