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Abstract

Gait is a spatio-temporalphenomenonthat typifies the
motion characteristicsof an individual. In this paper,
we proposea view basedapproachto recognizehumans
throughgait. Thewidthof theoutercontourof thebinarized
silhouetteof awalkingpersonischosenastheimagefeature.
A setof stancesor key framesthat occurduring the walk
cycle of an individual is chosen.Euclideandistancesof a
givenimagefrom this stancesetarecomputedanda lower
dimensionalobservationvectoris generated.A continuous
HMM is trainedusingseveralsuchlowerdimensionalvec-
tor sequencesextractedfrom thevideo. This methodology
servesto compactlycapturestructuralandtransitionalfea-
turesthatareuniqueto anindividual. Thestatisticalnature
of the HMM rendersoverall robustnessto gait representa-
tion andrecognition.Humanidentificationperformanceof
theproposedschemeis foundto bequitegoodwhentested
in naturalwalk conditions.

1 Intr oduction

Theneedfor automatedpersonidentificationis growing
in many applicationssuchas surveillance,accesscontrol
andsmartinterfaces.It is well-known that biometricsare
apowerfultool for reliableautomatedpersonidentification.
Establishedbiometric-basedidentificationtechniquesrange
from fingerprint and handgeometrymethodsto schemes
like facerecognitionandiris identification.However, these
methodologiesareeitherintrusiveor restrictedto verycon-
trolledenvironments.Forexample,currentfacerecognition
technologyis capableof recognizingonly frontal or nearly
frontal faces.Whentheproblemof personidentificationis
attemptedin naturalsettings,suchasthosethatoccurin the
automaticsurveillanceof peoplein strategicareas,it takes
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on a newdimension.Biometricssuchasfingerprintor iris
arethennolongerapplicable.Furthermore,nightvisionca-
pability (animportantcomponentin surveillance)is usually
notpossiblewith thesebiometrics.A biometricthatcanad-
dresssomeof theseshortcomingsis thehuman’gait’. The
attractionof usinggait asa biometricis that it is nonintru-
siveandtypifiesthemotioncharacteristicsspecificto anin-
dividual. It is awell-knownfactthatpeopleoftenrecognize
othersby simply observingtheirgait which mayjustify us-
ing it asacuefor recognizingpeoplefromasmalldatabase.
However, if thedatabaseis large,thengait information,by
itself, maynotbesufficient to discriminateeachindividual.
But it still makesgoodsensetousegaitasanindexingtool to
greatlynarrowdownthesearchfor potentialtargets.Early
medicalstudies[7] suggestthatif all movementsareconsid-
ered,gait is unique. In all, it appearsthat thereare24 dif-
ferentcomponentsto humangait. However, from acompu-
tationalperspective,it is quitedifficult to accuratelyextract
thesecomponents.Preciseextractionof bodypartsandjoint
anglesin realvisualimageryis averycumbersometaskand
canbeunreliable.Hence,theproblemof representingand
recognizinggait turnsout to bea challengingone. A care-
ful analysisof gait revealsthatit hastwo importantcompo-
nents,a structuralcomponentwhich capturesthe physical
build of apersonandadynamiccomponentwhichcaptures
thetransitionsthatthebodyundergoesduringa walk cycle.
If onecould effectively capturethesecomponents,thenit
shouldbepossibleto recognizegait.

In this paper, we presenta methodthat directly incor-
poratesthestructuralandtransitionalknowledgeaboutthe
identity of thepersonperformingtheactivity. This knowl-
edgeis usedto generatea lower dimensionalobservation
vectorsequencewhich is thenusedto designa continuous
densityHMM for eachindividual. In the next sectionwe
giveanoverviewof thepriorwork in theareaof activityand
gait recognition.Section3 motivatesourapproach.Section
4 describesour methodologyfor humanrecognitionusing
gait. Section5 describesour experimentalresultsandsec-
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tion 6 concludesthepaper.

2 Prior Work

Thetaskof recognizingpeopleby theway theywalk is
an instanceof the moregeneralproblemof recognitionof
humansfrom gestureor activity. We takea closerlook at
the relation betweenthe problemsof activity recognition
andactivity-specificpersonidentification. A goodreview
of thestateof theart in activity recognitioncanbefoundin
[1]. Forhumanactivityor behaviorrecognitionmostefforts
haveusedHMM-basedapproaches[11, 12,13] asopposed
totemplatematchingwhichissensitivetonoiseandthevari-
ationsin themovementduration. In [13], discreteHMMs
areusedto recognizedifferenttennisstrokes.In [11], con-
tinuousHMMs areusedto recognizeAmericansign lan-
guage.In [12] a parametriccontinuousHMM hasbeenap-
plied for activity recognition.All theseapproachesinvolve
picking a lower dimensionalfeaturevectorfrom an image
andusingtheseto train anHMM. Note that, if we choose
a not too unreasonablesetof features,the trajectoriescor-
respondingto distinctactivitieswill befar apartin thevec-
tor spaceof the features.Hence,in principle,with a small
degradationin performance,it ispossibleto replacethecon-
tinuousapproachesin [11, 12] by building a codewordset
throughkmeansclusteringoverthesetof thelower dimen-
sionalobservationvectorspaceandusinga discreteHMM
approachas in [13]. The scenariois very different in the
problemof recognitionof humansfrom activity. Primar-
ily, thereis considerablesimilarity in the way peopleper-
form anactivity. Hence,featuretrajectoriescorresponding
to differentindividualsperformingthesameactivity tendto
bemuchcloserto oneanotherascomparedto featuretra-
jectoriescorrespondingto distinctactivities.Theaforemen-
tionedactivity recognitionapproaches,if directlyappliedto
humanidentificationusinggait will almostcertainlyfail in
thepresenceof noiseandstructurallysimilar individualsin
thedatabase.

Wenowreviewsomeof thepriorwork donein therecog-
nition of humansfrom gait. In [4], Huanget al. useoptical
flow to derivethemotionimagesequencecorrespondingto
a gait cycle. Theapproachis sensitiveto opticalflow com-
putation. Also, it doesnot addressthe issueof phasein a
gait cycle. In anotherapproach,Cunadoet al. [3] extract
gaitsignatureby fitting themovementof thethighsto anar-
ticulatedpendulum-likemotion model. The ideais some-
whatsimilarto theworkbyMurray[7] whomodeledthehip
rotationangleasa simplependulum,the motion of which
wasapproximatelydescribedby simpleharmonicmotion.
Locatingaccuratelythe thigh in real imagesequencescan,
however, be very difficult. Little and Boyd [5] extracted
frequencyandphasefeaturesfrom momentsof themotion
imagederivedfrom opticalflow to recognizedifferentpeo-
ple by their gait. As expected,the methodis quite sensi-
tive to the featureextractionprocess.Bobick andJohnson
usedstaticfeaturesfor recognitionof humansusinggait[2].

MuraseandSakai[6] havealsoproposedatemplatematch-
ing methodwhich is somewhatsimilar in spirit to thework
reportedin [4].

3 Our Appr oach

Oneof theissuethatarisesin thecontextof gait recog-
nition is theviewing angleandinvarianceto thereof. It is
reasonableto choosethe viewing anglethat yields maxi-
mumobservabledynamicssincetheperceptiblechangein
thestructuralgait informationdoesnotchangesignificantly
with viewingangle.Wethereforeanalyzethesideviewof a
personwalking,allowing for minorangularvariations.

A possiblesolutiontogaitrepresentation/recognitionlies
in a closerexaminationof thephysicalprocessof gait gen-
eration. During a gait cycle, it is possibleto identify cer-
tain distinctstances(Figure1) thataregeneric,in thesense
thateverypersontransitsbetweenthesesuccessivestances
ashe/shewalks.Thesestancespartlyencodeidentity infor-
mationby virtue of thestructuraldifferencesbetweenpeo-
ple. In practice,anaccuratetime-stampingof thesestances
is impossible. A precisedemarcationof when the image
undergoesa transitionfrom one stanceto anotheris dif-
ficult. Hence,usingstructuralinformationalonemay not
yield gooddiscriminability.

Thereis aMarkoviandependencefrom onestanceto an-
other. The gait cycle canbe viewedasa doubly stochas-
tic processin which the hiddenprocessis representedby
thetransitionsacrossthestanceswhile theobservableis the
imagegeneratedwhen in a particularstance. The HMM
is bestsuitedfor describingsucha situation. Formally, a
HMM is definedasa doubly stochasticprocessthat is not
directly observedbut canonly be studiedthroughanother
setof stochasticprocessesthatproducethegivensequence
of observations.Markoviantransitionsareassumedtooccur
betweenstatesanda randomobservationis outputin a par-
ticular state.For a detaileddiscussionon HMMs andtheir
applicationssee[9].

As describedearlier, the gait cycle consistsof distinct
stances.It is ourconjecturethatthesestancescanbeassoci-
atedwith thestatesof anHMM wheretheswitchfrom one
stanceto anothercanberepresentedby transitionprobabil-
itiesbetweenstates.

4 ProposedMethodology

An importantissueis the extractionof appropriatefea-
turesthatwill capturethegaitcharacteristicseffectively. In-
tuitively, thesilhouetteof apersonis areasonablefeatureto
lookatasit capturesthemotionof mostof thebodypartsand
alsoencodesstructuralaswell astransitionalinformation.It
is reasonablyindependentof theclothingworn by theper-
sonandit supportsnightvisioncapabilityasit canbeeasily
derivedfrom IR imagery. Successfultrainingof theHMM
dependslargelyonthedimensionof theobservationvector.
Clearly, thesilhouetteinformationcannotbeusedasis due



to its largedimension.Compactencodingof the informa-
tion containedin thesilhouetteis necessaryfor goodperfor-
mance.We now describea procedureto efficiently encode
this information.This is followedby a detaileddescription
of trainingandevaluationmodules.

In ourexperiments,thecameraisassumedtobestaticand
thatonly onepersonis within thefield of view.

Giventhe imagesequenceof a subject,thesilhouetteis
generatedasfollows:

1. Backgroundsubtractionis usedto detectmovingob-
jectsin eachframe;subsequentlyablobtrackertracks
thefastestmovingobjectin thescene,therebyreduc-
ing effectsof minor disturbancesin thebackground.

2. A standard erosionfilter is appliedto themotion
imageto removespuriousnoise.

3. Sincewe are interestedin the outer contourof the
bodyonly, the left andright boundariesof the body
aretracedby examiningthe pixel intensitieswith a
weightedlow passfilter from leftmostandrightmost
endsof theimage.

4. Thewidth of thesilhouettealongeachrow of theim-
ageis thenstored. The width alonga given row is
simplythedifferencein thelocationsof rightmostand
leftmostboundarypixelsin thatrow.

Typical silhouetteimagesextractedfrom a videosequence
areshownin Figure1. It maybenotedthatoursilhouetteex-
tractionprocedureis simpleandstraightforward.It is quite
possiblethat the silhouetteis sometimesnot perfectlyex-
tracted. However, the advantageof usinga statisticalap-
proach(suchastheHMM) is thatit is robustto suchminor
perturbations.

Givenanobservationsequence,we seeka way to build
a representationfor the gait of every individual in the
database.As discussedbeforewe opt for thestochasticap-
proachof usingcontinuousHMMs. In thiscase,trainingin-
volveslearningtheHMM parameters from
the observationsequences.Here denotesthe transition
probabilitymatrix, is theobservationprobabilityand
is the initial probabilityvector. In orderto capturethegait
of anindividual,wetrain theHMM usingthewidth vectors
derivedfromthesilhouettefor severalgaitcyclesof theper-
son.Weexpressthepdf of theobservationas

(1)

where is the observationvectorand is thenumber
of statesin theHMM and arethemeanandcovariance,
respectively. Thereliability of estimatesof dependson
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thenumberof trainingsamplesavailableandthedimension
of theobservationvector.

In a practicalsituation,only a finite amountof training
datais available.Sincethemeansandcovariancesin equa-
tion (1) haveto belearntfrom thetrainingsamples,thedi-
mensionof theobservationvectorbecomescritical. There-
quirednumberof trainingsamplesincreaseswith thedimen-
sionalityof the observationvector. To be precise,assume
for the momentthat the datacan be modeledby a single
Gaussiandistribution. Then,for a -dimensionalobserva-
tion vector, we needat least trainingsamplesto estimate
thecentroidand trainingsamplesin orderthattheco-
variancematrix would havea well-definedinverse.In our
experiments,thesmallestdimensionof thewidth vectorof
thesilhouetteis approximately100.Thisimpliesthatwere-
quireat least100observationsto learnthemeanvalue. To
learnthecovariance,we would needasmanyas5150vec-
tors! For a mixtureof -Gaussianmodel,therewould be
a further -fold increasein thenumberof trainingvectors.
Clearly, thepossibilityof usingthewidth vectordirectly is
ruled out. A morecompactway of encodingthe observa-
tion,while retainingall relevantinformation,is needed.We
proposethefollowing methodologyto tacklethedimension-
ality issuein the gait problem. To decideon the number
of stanceswe plot the averageratedistortioncurveof the
quantizationerrorasafunctionof numberof stances.From
figure (2) we observethat the quantizationerror doesnot
decreaseappreciablybeyond5 stances.Let us denotethe
width vectorscorrespondingto the five stancesfor the th
personas . Thesestancesaretheonesthatresult
from applicationof the -meansprocedureto the training
dataavailablefor that individual. The Euclideandistance
betweenanobservedwidth vectorin frame (denotedby

) andthe th stanceis givenby

(2)
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representstheobservationsequenceof theperson
encodedin termsof thestancesof person . Notethatthe

dimensionof is only5. Thenew5-D vector, whichis
ameasureof thesimilarity betweentheobservedimageand
thefive stances,hasthefollowing significance:

Firstly, notethat by virtue of self-similarity, the en-
codingof a width vectorof person in termsof the
width vectorsof thestancesof person will yield a
lower Euclideandistancethanwhenit is encodedin
termsof thewidth vectorsof person . For instance,
thefive dimensionalvectorfor a shortpersongener-
atedusingthestancesof a tall personwill belargein
magnitude.

In addition,themannerin whicheverycomponentof
thisvectorevolveswith timeencodesthetransitional
informationuniqueto a person.This transitionalin-
formationcouldbethekey factorthatcandistinguish
betweentwo individualsthatarestructurallysimilar.

Thestancestogetherwith theHMM representthegaitof
an individual. For robustrecognition,it is reasonablethat
onemustexamineseveralwalk cyclesbeforetakingadeci-
sioni.e., insteadof lookingatasinglehalf walkingcycle,it
is beneficialto examinemultiplehalf-cyclesof apersonbe-
fore anyconclusionabouthis/hergait canbereached.We
assumethatseveralwalk cyclesof an individual areavail-
able. The problemis to recognizethis individual from a
databaseof peoplewhosegaitmodelsareavailable.

Giventheimagesequenceof theunknownperson , the
width vector of this personis generated.Usingthe
stances for person in thedatabase,wecompute
theEuclideandistanceof thewidth vector of theun-
knownpersonw.r.t. thestancesof person to yield
for the th frame. The likelihood that the observationse-
quence wasgeneratedby the HMM correspondingto

the th personcanbecomputedusingtheforwardalgorithm

(3)

where is the HMM modelcorrespondingto the person
. We repeatthe aboveprocedurefor everypersonin the

databasetherebyproducingprobabilities .
Supposethattheunknownpersonwasactuallyperson . If
thevaluesof areobservedfor asufficientnum-
berof half cyclesof theperson , we expectthat in a ma-
jority of cases would behighercomparedto therestof
the s. We shallpresentour resultsin a formatsimilar to
theFERETprotocol[8].

5 Experimental Results

For our experiments,the video sequenceswere taken
from thefollowing databases:

1. Little andBoyd’sdatabase[5]. Thishas5 peoplewith
around22 walk cyclesfor eachsubject. Half of the
cycleswereusedfor training and the otherhalf for
testing.Thedatawascollectedby a cameramounted
onatripod. Thenumberof pixelsontargetwasabout
100.

2. University of Maryland(UMD) database:It has43
peoplewalkingin aT-shapedpath.Thedatawascol-
lectedbyasurveillancecameramountedataheightof
15ft. It hastwo sequencescollectedondifferentdays
for eachperson, eachwith 10 cycles.Onesequence
wasusedfor trainingandtheotherfor evaluation.The
numberof pixelson targetwasabout150.

3. CarnegieMellon University(CMU) database:It has
25 peoplewalking at a fastpaceandslow paceon a
treadmill.Thereareabout16cyclesin eachsequence.
Half of thecycleswereusedfor trainingandtheother
half for testing. Thedatawascollectedby a camera
mountedon a tripod. Thenumberof pixelson target
wasabout630.

It shouldbe pointedout herethat a walk cycle consistsof
two strides(orhalf cycles)strides.Sinceweuseonly theex-
tremitiesof thesilhouettethe two halvesof thewalk cycle
arealmostindistinguishable.Thecycleswementionfor the
databasesarereally thehalf cycles.

Training:

Silhouettescorrespondingto a walk cycleareextractedfor
eachpersonin thedatabaseusingthe silhouetteextraction
proceduredescribedin Section3.1. Thewidthvectoris gen-
eratedfor eachframeandencodedasa compact5-D obser-
vationsequenceusingthestancesof thatperson.This lower
dimensionalvectorsequence(possiblyof varying length)
constitutesa training sequence.We train a 5-state,single
Gaussian,ergodic HMM for eachperson. As expected,
thetransitionprobabilitiesandtheobservationprobabilities
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turnedout to be differentfor differentpeople. We usethe
holdoutmethodfor errorestimation.

Recognition:

Given thegait cyclesof anunknownperson andHMM
models andstancesfor person , we com-
putethe5-dimensionalvector . UsingtheViterbi algo-
rithm, we compute(3). The aboveprocedureis repeated
with respectto eachpersonin thedatabase.We rankorder
thepersonindicesin descendingorderof theposteriorprob-
abilities.Thisprocedureis repeatedfor severalwalkcycles.
Wepresentour resultsin termsof acumulativematchscore
(CMS)curve. It is alsopossibleto givea confusionmatrix
asshownin table1 for theLittle andBoyd’sdatabase.

In the Little and Boyd database,Persons2, 3 and 4
havesimilar structuralcharacteristicsand expectedlythe
falsealarmsarealsosomewhatpredominantfor thesethree
subjects.Therecognitionresultsfor the UMD and CMU
databasesareshownin figures3aand3b respectively. The
resultfor theUMD databaserevealsthattheperformanceof
themethoddoesnot degradesignificantlywith anincrease
in thedatabasesize.Howevertheslightdropin performance
is dueto drasticchangesin clothingconditionsof somesub-
jectsandchangesin illumination(causingvery noisybina-
rized silhouettes).It is naturalfor a personto changehis
speedof walking with time. The useof HMM enablesus
to dealwith thisvariability withoutexplicit timenormaliza-
tion. Howeverfor certainindividualsandasbiomechanics
alsosuggeststhereis aconsiderablechangein bodydynam-
ics asa personchangeshis speedwhich explainstheslight
dropin recognitionrates.Observethattheresultson CMU
databasewhentheHMM is trainedusingcyclesfrom slow
walk and testedusingcyclesfrom fast walk, the result is
poorcomparedto the situationwhenthe trainingandtest-
ing scenariosarereversed.This is becauseof the fact that
with anincreasednumberof framespercyclethe matrix
tendstowardsdiagonaldominanceonaccountof increased
numberof self loops.Thissuggeststhatexplicit statedura-
tion modelingmaybeof interest[10].

Theissueof thenumberof statesdeservesspecialatten-
tion. Thechoiceof thenumberof statesin anHMM modelis
alwaysatricky issue.Thestatesof anHMM canbeabstract
quantitiesandit is not necessarythat theymustcorrespond
to physicalfeaturesof theunderlyingprocess.However, it
woulddefinitelybeinteresting,if thephysicalphenomenon
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1 2 3 4 5
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canguidethechoiceof thenumberof statesin anHMM. In
Section2, wehadconjecturedthat thestatesandstancesin
a gaitcyclearelikely to berelated.

We studiedthe performanceof our gait recognizerasa
functionof thenumberof states.We experimentedwith 3,
5 and8-stateHMMs. Theresultsobtainedfor theLittle and
Boydsdatabasearereported.The worst caseresultsfor 3
and8-stateHMMs aregiven in Tables2 and3. From the
tableswe notethat thereis a considerablereductionin ac-
curacyascomparedto the 5-statecase. The optimal state
sequenceobtainedfrom theViterbi algorithmrevealedthat
thetransitionsin thestatesoccurapproximatelyat thesame
time instantsthattheshift in stancesoccursin theobserva-
tion sequence.On theotherhand,thestatesequencefor 3-
stateand8-statemodelsdid nothaveacorrespondingphys-
ical interpretation. Thus,it appearsthata 5-stateHMM is
bestsuitedfor ourexperiments,therebyconfirmingourcon-
jecturerelatingthestancesandthestates.

6 Conclusion

In thispaper, wehaveproposedanHMM-basedapproach
to representandrecognizegait. A methodologyis adopted
to derivea low dimensionalobservationsequencefrom the
silhouetteof the body during a gait cycle. Learning is
achievedby traininganHMM for eachpersonoverseveral
gaitcycles.Gait recognitionis performedby evaluatingthe
log-probability thata givenobservationsequencewasgen-
eratedby anHMM modelpresentin thedatabase.

Themethodwastestedon3 differentdatabases.In gen-
eral,therecognitionrateswerefoundto begood.As antic-
ipated,drasticchangesin clothingadverselyaffectsrecog-
nition performance.Themethodis sensitiveto changesin
viewing anglebeyondten degrees.Themethodis reason-
ably robustto changesin speed.In thecaseof humangait
recognitionweobservedin somecasesthatthestridelength
changedappreciablywith walking speedcausinga slight
drop in recognitionperformance.The methodis however
not robustto drasticchangesin thesilhouetteswhichmight
resultdueto changesin clothingor illumination.
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Results on the CMU database

Train on fast walk (8 cycles); test on fast walk(8 cycles))
Train on slow walk(8 cycles); test on slow walk(8 cycles)) 
Train on fast walk (8 cycles) ; test on slow walk(8 cycles)
Train on slow walk (8 cycles); test on fast walk(8 cycles) 

(a) (b)

Presentlywearelookingatwaysto maketheschemein-
variantto viewingangleandscalewhichmightoccurdueto
theuseof multiple cameras.We arealsoexploringtheuse
of betterimagemetricsto makethe5-D vectormoreinfor-
mative. It shouldbestressedherethat the schemehasthe
potentialto distinguishbetweenhumansandnon-humans.
It canalsobeextendedto classifydifferentactivitiessuch
aswalkingandrunning.We areexploringthepossibilityof
activity independentpersonidentification.
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