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Abstract

Gait is a spatio-temporaphenomenorithat typifies the
motion characteristicof an individual. In this paper
we proposea view basedapproachto recognizehumans
throughgait. Thewidth of theoutercontourof thebinarized
silhouetteof awalkingpersoris choserastheimagefeature.
A setof stanceor key framesthat occurduring the walk
cycle of anindividual is chosen. Euclideandistanceof a
givenimagefrom this stancesetarecomputedanda lower
dimensionabbservatiornvectoris generatedA continuous
HMM is trainedusingseverakuchlower dimensionalec-
tor sequencesxtractedrom the video. This methodology
serveso compactlycapturestructuralandtransitionalfea-
turesthatareuniqueto anindividual. The statisticalnature
of the HMM rendersoverallrobustness$o gait representa-
tion andrecognition.Humanidentificationperformanceof
theproposedschemas foundto be quite goodwhentested
in naturalwalk conditions.

1 Intr oduction

Theneedfor automategbersonidentificationis growing
in many applicationssuchas surveillance,accesscontrol
andsmartinterfaces. It is well-known that biometricsare
apowerfultool for reliableautomategersoridentification.
Establishedbiometric-basedientificationtechniquesange
from fingerprint and hand geometrymethodsto schemes
like facerecognitionandiris identification.However these
methodologiesreeitherintrusiveor restrictedo very con-
trolledenvironmentsForexamplecurrentfacerecognition
technologyis capableof recognizingonly frontal or nearly
frontal faces.Whenthe problemof personidentificationis
attemptedn naturalsettings suchasthosethatoccurin the
automaticsurveillanceof peoplein strategicareasjt takes
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on a newdimension.Biometricssuchasfingerprintor iris
arethennolongerapplicable Furthermorenightvision ca-
pability (animportantcomponenin surveillancejs usually
notpossiblewith thesebiometrics.A biometricthatcanad-
dresssomeof theseshortcomingss the human'gait’. The
attractionof usinggait asa biometricis thatit is nonintru-
siveandtypifiesthe motioncharacteristicspecificto anin-
dividual. It is awell-knownfactthatpeopleoftenrecognize
othersby simply observingtheir gait which mayjustify us-
ing it asa cuefor recognizingpeoplefrom asmalldatabase.
However if the databasés large,thengait information,by
itself, maynot be sufficientto discriminateeachindividual.
Butit still mnakeggoodsenseo usegaitasanindexingtoolto
greatlynarrowdownthe searchfor potentialtargets. Early
medicalstudieq7] suggesthatif allmovementsireconsid-
ered,gaitis unique. In all, it appearghatthereare 24 dif-
ferentcomponent$o humangait. Howevery from acompu-
tationalperspectiveit is quitedifficult to accuratelyextract
thesecomponentsPreciseextractionof bodypartsandjoint
anglesn realvisualimageryis averycumbersoméaskand
canbeunreliable. Hence the problemof representingnd
recognizinggait turnsout to be a challengingone. A care-
ful analysisof gaitrevealghatit hastwo importantcompo-
nents,a structuralcomponentwvhich captureghe physical
build of apersoranda dynamiccomponentvhich captures
thetransitionghatthebodyundegoesduringawalk cycle.
If onecould effectively capturethesecomponentsthenit
shouldbe possibleto recognizegait.

In this paper we presenta methodthat directly incor-
porateghe structuralandtransitionalknowledgeaboutthe
identity of the personperformingthe activity. This knowl-
edgeis usedto generatea lower dimensionalobservation
vectorsequencavhich is thenusedto designa continuous
densityHMM for eachindividual. In the next sectionwe
giveanoverviewof thepriorworkin theareaof activityand
gaitrecognition.Section3 motivatesour approach Section
4 describeour methodologyfor humanrecognitionusing
gait. Section5 describe®ur experimentatesultsandsec-



tion 6 concludeghepaper

2 Prior Work

Thetaskof recognizingpeopleby the way they walk is
aninstanceof the more generalproblemof recognitionof
humansrom gestureor activity. We takea closerlook at
the relation betweenthe problemsof activity recognition
and activity-specificpersonidentification. A goodreview
of thestateof theartin activity recognitioncanbefoundin
[1]. Forhumanactivity or behaviorrecognitiormostefforts
haveusedHMM-basedapproachefl1, 12,13] asopposed
totemplatenatchingwhichis sensitiveto noiseandthevari-
ationsin the movementuration. In [13], discreteHMMs
areusedto recognizdifferenttennisstrokes.In [11], con-
tinuousHMMs are usedto recognizeAmericansign lan-
guage.In [12] a parametricontinuousHMM hasbeenap-
plied for activity recognition.All theseapproachegvolve
picking a lower dimensionafeaturevectorfrom animage
andusingtheseto trainan HMM. Notethat,if we choose
a not too unreasonablsetof featuresthe trajectoriescor
respondingdo distinctactivitieswill befar apartin thevec-
tor spaceof the features.Hence,in principle, with a small
degradatioiin performanceit is possibleo replacehecon-
tinuousapproache [11, 12] by building a codewordset
throughkmeansclusteringoverthe setof thelower dimen-
sionalobservatiornvectorspaceandusinga discreteHMM
approachasin [13]. The scenariois very differentin the
problemof recognitionof humansfrom activity. Primar
ily, thereis considerablesimilarity in the way peopleper
form anactivity. Hence featuretrajectoriescorresponding
to differentindividualsperformingthe sameactivity tendto
be muchcloserto oneanotherascomparedo featuretra-
jectoriescorrespondindp distinctactivities. Theaforemen-
tionedactivity recognitionapproachesf directly appliedto
humanidentificationusinggait will almostcertainlyfail in
thepresencef noiseandstructurallysimilar individualsin
thedatabase.

We nowreviewsomeof thepriorwork donein therecog-
nition of humandrom gait. In [4], Huangetal. useoptical
flow to derivethe motionimagesequenceorrespondingo
agaitcycle. Theapproachs sensitiveto opticalflow com-
putation. Also, it doesnot addresghe issueof phasein a
gait cycle. In anotherapproachCunadoet al. [3] extract
gaitsignatureby fitting the movementf thethighsto anar
ticulatedpendulum-likemotion model. The ideais some-
whatsimilarto thework by Murray[7] who modeledhehip
rotationangleasa simple pendulum,the motion of which
was approximatelydescribedby simple harmonicmotion.
Locatingaccuratelythe thigh in realimagesequencesan,
howevey be very difficult. Little and Boyd [5] extracted
frequencyandphaseeaturesrom momentsof the motion
imagederivedfrom opticalflow to recognizeifferentpeo-
ple by their gait. As expectedthe methodis quite sensi-
tive to the featureextractionprocess.Bobick andJohnson
usedstaticfeaturedor recognitiorof humansisinggait[2].

MuraseandSakai[6] havealsoproposed templatematch-
ing methodwhichis somewhasimilarin spirit to thework
reportedn [4].

3 Our Approach

Oneof theissuethat arisesin the contextof gait recog-
nition is the viewing angleandinvarianceto thereof. It is
reasonableo choosethe viewing anglethat yields maxi-
mum observablalynamicssincethe perceptiblechangen
thestructuralgaitinformationdoesnot changesignificantly
with viewingangle.Wethereforeanalyzethesideview of a
personwalking, allowing for minorangularvariations.

A possiblesolutionto gaitrepresentation/recognitidies
in a closerexaminatiorof the physicalprocesf gait gen-
eration. During a gait cycle, it is possibleto identify cer
tain distinctstancegFigurel) thataregeneric,in thesense
thateverypersontransitsbetweerthesesuccessivstances
ashe/shavalks. Thesestancepartly encodeadentity infor-
mationby virtue of the structuraldifferencedbetweerpeo-
ple. In practice anaccuratdime-stampingf thesestances
is impossible. A precisedemarcatiorof whenthe image
undegoesa transitionfrom one stanceto anotheris dif-
ficult. Hence,using structuralinformationalonemay not
yield gooddiscriminability.

Thereis aMarkoviandependenc&om onestancdo an-
other The gait cycle canbe viewed asa doubly stochas-
tic processn which the hiddenprocesss representedy
thetransitionsacrosghestancesvhile theobservablés the
imagegeneratedvhenin a particularstance. The HMM
is bestsuitedfor describingsucha situation. Formally, a
HMM is definedasa doubly stochastiqrocesghatis not
directly observedout canonly be studiedthroughanother
setof stochastiprocessethatproducethe givensequence
of observationsMarkoviantransitionsareassumedbo occur
betweerstatesanda randomobservations outputin a par
ticular state. For a detaileddiscussioron HMMs andtheir
applicationsseg[9].

As describedearlier the gait cycle consistsof distinct
stanceslt is our conjecturghatthesestanceganbeassoci-
atedwith the statesof anHMM wherethe switchfrom one
stanceo anothercanberepresentetly transitionprobabil-
ities betweerstates.

4 ProposedMethodology

An importantissueis the extractionof appropriatefea-
turesthatwill captureghegaitcharacteristicsffectively. In-
tuitively, thesilhouetteof a persoris areasonabléeatureto
look atasit captureshemotionof mostof thebodypartsand
alsoencodestructurabswell astransitionainformation. It
is reasonablyndependenbf the clothingworn by the per
sonandit supportsightvisioncapabilityasit canbeeasily
derivedfrom IR imagery Successfutraining of the HMM
dependgargely onthe dimensiorof theobservatiorvector
Clearly, thesilhouetteinformationcannotbe usedasis due



to its large dimension. Compactencodingof the informa-
tion containedn thesilhouettds necessarfor goodperfor
mance.We now describea procedureo efficiently encode
thisinformation. Thisis followed by a detaileddescription
of trainingandevaluatiormodules.

4.1 Silhouette Extraction

In ourexperimentsthecameras assumetb bestaticand
thatonly onepersoris within thefield of view.

Giventhe imagesequencef a subjectthe silhouettels
generatedsfollows:

1. Backgroundsubtractioris usedto detectmovingob-
jectsin eachframe;subsequentlgblobtrackertracks
thefastesimovingobjectin thescenetherebyreduc-
ing effectsof minor disturbance# the background.

2. A standard x 3 erosiorfilter is appliedto themotion
imageto removespuriousoise.

3. Sincewe are interestedin the outer contourof the
body only, the left andright boundarie®f the body
aretracedby examiningthe pixel intensitieswith a
weightedlow passfilter from leftmostandrightmost
endsof theimage.

4. Thewidth of thesilhouettealongeachrow of theim-
ageis thenstored. The width alonga givenrow is
simplythedifferencen thelocationsof rightmostand
leftmostboundarypixelsin thatrow.

Typical silhouetteimagesextractedrom a video sequence
areshownin Figurel. It maybenotedthatoursilhouetteex-
tractionprocedures simpleandstraightforwardlt is quite
possiblethat the silhouetteis sometimeaot perfectly ex-
tracted. However the advantageof using a statisticalap-
proach(suchasthe HMM) is thatit is robustto suchminor
perturbations.

4.2 Training for Gait

Givenan observatiorsequencewe seeka way to build
a representatiorfor the gait of every individual in the
databaseAs discussedbeforewe opt for the stochastiap-
proachof usingcontinuousHMMs. In thiscasetrainingin-
volveslearningthe HMM parameters. = (A, B, II) from
the observatiorsequencesHere A denoteghe transition
probability matrix, B is the observatiorprobability and II
is theinitial probabilityvector In orderto capturethe gait
of anindividual, we traintheHMM usingthewidth vectors
derivedfrom thesilhouettdfor severabaitcyclesof theper
son.We expresghe pdf of the observatioras

bj(o) = N(o;p,Uj), 1<j<N (1)

whereo is the observatiorvectorand; N is the number
of statesn theHMM andUj; arethe meanandcovariance,
respectively Thereliability of estimateof B dependon
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Figure 1. Five stances corresponding to the gait
cycle of a) Person 1 and b) Person 2.

thenumberof trainingsampleavailableandthedimension
of theobservatiorvector

In a practicalsituation,only a finite amountof training
datais available.Sincethe meansandcovariancesn equa-
tion (1) haveto belearntfrom thetrainingsamplesthe di-
mensiorof theobservatiorvectorbecomegritical. There-
quirednumberof trainingsamplesncreasewvith thedimen-
sionality of the observatiorvector To be precise,assume
for the momentthat the datacan be modeledby a single
Gaussiardistribution Then,for a d-dimensionabbserva-
tion vector we needat leastd training samplego estimate

thecentroidandﬂdZL12 trainingsamplesn orderthattheco-

variancematrix would havea well-definedinverse. In our
experimentsthe smallestdimensionof the width vectorof

thesilhouettes approximatelyl 00. Thisimpliesthatwere-

quire atleast100 observationgo learnthe meanvalue. To

learnthe covariancewe would needasmanyas5150vec-
tors! For a mixture of m-Gaussiarmodel,therewould be
afurtherm-fold increasen thenumberof trainingvectors.
Clearly, the possibility of usingthewidth vectordirectly is

ruled out. A more compactway of encodingthe observa-
tion, while retainingall relevantinformation,is needed\We

proposehefollowing methodologyo tacklethedimension-
ality issuein the gait problem. To decideon the number
of stanceswe plot the averagerate distortion curve of the
guantizatiorerrorasafunctionof numberof stancesFrom

figure (2) we observethat the quantizationerror doesnot

decreas@ppreciablybeyond5 stances.Let us denotethe
width vectorscorrespondingdo the five stancedor the jth

persorass] , - - -, S3. Thesestancesretheonesthatresult
from applicationof the k-meansprocedureo the training

dataavailablefor thatindividual. The Euclideandistance
betweenan observedvidth vectorin frame k (denotedby

OW/ (k)) andtheth stances givenby

oW (k) — S]] )
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Figure 2. Average Rate Distortion Curve for
UMD database

O]Zﬁ(k) representthe observatiorsequencef the person
i encodedn termsof the stance®f person;. Notethatthe
dimensiorof O/ (k) is only 5. Thenew5-D vector whichis
ameasuref thesimilarity betweertheobservedmageand
thefive stanceshasthefollowing significance:

o Firstly, notethat by virtue of self-similarity, the en-
codingof a width vectorof personj in termsof the
width vectorsof the stancef personj will yield a
lower Euclideandistancethanwhenit is encodedn
termsof the width vectorsof personi. Forinstance,
thefive dimensionalectorfor a shortpersongener
atedusingthe stance®f atall personwill belargein
magnitude.

¢ In addition,themannerin whicheverycomponenbf
this vectorevolveswith time encodeshetransitional
informationuniqueto a person.This transitionalin-
formationcouldbethekey factorthatcandistinguish
betweertwo individualsthatare structurallysimilar.

4.3 Gait Recognition

Thestancesogethemwith theHMM representhe gait of
anindividual. For robustrecognition,it is reasonabléhat
onemustexamineseverawalk cyclesbeforetakingadeci-
sioni.e.,insteadof looking atasinglehalf walking cycle, it
is beneficiato examinemultiple half-cyclesof apersorbe-
fore any conclusionabouthis/hergait canbe reached.We
assumehat severalwalk cyclesof anindividual areavail-
able. The problemis to recognizethis individual from a
databasef peoplewhosegaitmodelsareavailable.

Giventheimagesequencef theunknownpersonX, the
width vectorOWW X of this personis generated Usingthe
stancess}, - - -, St for personi in thedatabaseye compute
the Euclideandistanceof thewidth vectorOW* of theun-
knownpersonw.r.t. the stance®f person; to yield O (k)
for the kth frame. Thelikelihood that the observatiorse-
quenceO;* wasgeneratedy the HMM correspondingo

theith persorcanbecomputedisingtheforwardalgorithm
P; = log(P(O7|A)) 3)

where ); is the HMM modelcorrespondindo the person
i. We repeatthe aboveprocedurdor everypersonin the
databas¢herebyproducingprobabilitiesP;, 1 < j < N.

Supposghattheunknownpersorwasactuallypersonm. If

thevaluesof P, - - -, Py areobservedor asuficientnum-
berof half cyclesof the personX, we expectthatin a ma-
jority of casesP,, would be highercomparedo therestof

the P;s. We shallpresenbur resultsin a formatsimilar to

the FERETprotocol[8].

5 Experimental Results

For our experimentsthe video sequencesvere taken
from thefollowing databases:

1. Little andBoyd'sdatabas¢b]. Thishas5 peoplewith
around22 walk cyclesfor eachsubject. Half of the
cycleswere usedfor training and the other half for
testing. Thedatawascollectedby a cameramounted
onatripod. Thenumberof pixelsontargetwasabout
100.

2. University of Maryland (UMD) databaseit has43
peoplewalkingin aT-shapedgath. Thedatawascol-
lectedby asurveillanceeameranountedataheightof
15ft. It hastwo sequencesollectedon differentdays
for eachperson, eachwith 10 cycles.Onesequence
wasusedfor trainingandtheotherfor evaluation.The
numberof pixelson targetwasabout150.

3. CarnegieMellon University (CMU) databaselt has
25 peoplewalking at a fastpaceandslow paceon a
treadmill. Thereareaboutl 6cyclesin eachsequence.
Half of thecycleswereusedfor trainingandtheother
half for testing. The datawascollectedby a camera
mountedon atripod. The numberof pixelsontamget
wasabout630.

It shouldbe pointedout herethat a walk cycle consistsof
two strides(ohalf cycles)strides.Sincewe useonly theex-
tremitiesof the silhouettethe two halvesof the walk cycle
arealmostindistinguishable The cycleswe mentionfor the
databasearereally thehalf cycles.

Training:

Silhouettescorrespondingo a walk cycle areextractedor
eachpersonin the databaseisingthe silhouetteextraction
proceduralescribedn Sectior3.1. Thewidth vectoris gen-
eratedfor eachframeandencodedsa compact-D obser
vationsequencesingthestance®f thatperson.Thislower
dimensionalvector sequencédpossiblyof varying length)
constitutesa training sequence.We train a 5-state,single
Gaussianemgodic HMM for eachperson. As expected,
thetransitionprobabilitiesandthe observatiorprobabilities
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Table 1. Confusion Matrix

turnedout to be differentfor differentpeople. We usethe
holdoutmethodfor errorestimation.

Recognition:

Giventhe gait cyclesof anunknownpersonX andHMM
models); andstancedor personi 1 < ¢ < N, we com-
putethe 5-dimensionabector 07 . Usingthe Viterbi algo-
rithm, we compute(3). The aboveprocedures repeated
with respecto eachpersonin the databaseWe rank order
thepersorindicesin descendingrderof theposteriotprob-
abilities. Thisproceduras repeatedor severailvalk cycles.
We presenburresultsin termsof acumulativematchscore
(CMS) curve.t is alsopossibleto give a confusionmatrix
asshownin tablel for theLittle andBoyd’sdatabase.

In the Little and Boyd databasePersons2, 3 and 4
have similar structuralcharacteristicand expectedlythe
falsealarmsarealsosomewhapredominanfor thesethree
subjects.Therecognitionresultsfor the UMD and CMU
databaseareshownin figures3aand3b respectively The
resultfor theUMD databaseevealghattheperformancef
the methoddoesnot degradesignificantlywith anincrease
in thedatabassize.Howeverttheslightdropin performance
is dueto drasticchangesn clothingconditionsof somesub-
jectsandchangesn illumination(causingvery noisy bina-
rized silhouettes). It is naturalfor a personto changehis
speedof walking with time. The useof HMM enablesus
to dealwith this variability without explicit time normaliza-
tion. Howeverfor certainindividualsandasbiomechanics
alsosuggestshereis aconsiderablehangen bodydynam-
ics asapersonchangesis speedwvhich explainsthe slight
dropin recognitionrates.Observehatthe resultson CMU
databasevhenthe HMM is trainedusingcyclesfrom slow
walk andtestedusing cyclesfrom fast walk, the resultis
poor comparedo the situationwhenthe training andtest-
ing scenariosarereversed.This is becausef the fact that
with anincreasechumberof framespercyclethe A matrix
tendstowardsdiagonaldominanceon accountof increased
numberof selfloops. This suggestshatexplicit statedura-
tion modelingmay beof interest10].

Theissueof the numberof statesdeservespecialatten-
tion. Thechoiceof thenumberof statesn anHMM modelis
alwaysatricky issue.Thestateof anHMM canbeabstract
guantitiesandit is not necessaryhattheymustcorrespond
to physicalfeaturesof the underlyingprocessHowever it
would definitelybeinterestingijf the physicalphenomenon
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Table 2. Confusion Matrix for 3-state HMM
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Table 3. Confusion Matrix for 8-state HMM

canguidethechoiceof thenumberof statesn anHMM. In
Section2, we hadconjecturedhatthe statesandstancesn
agaitcyclearelikely to berelated.

We studiedthe performanceof our gait recognizerasa
function of the numberof states.We experimentedvith 3,
5 and8-stateHMMs. Theresultsobtainedor thelLittle and
Boydsdatabasearereported. The worst caseresultsfor 3
and8-stateHMMs aregivenin Tables2 and3. Fromthe
tableswe notethatthereis a considerableeductionin ac-
curacyascomparedo the 5-statecase. The optimal state
sequencebtainedrom the Viterbi algorithmrevealedhat
thetransitiondn thestatesoccurapproximatelyatthesame
time instantsthatthe shift in stance®ccursin theobserva-
tion sequenceOn theotherhand the statesequencéor 3-
stateand8-statemodelsdid nothavea correspondinghys-
ical interpretation Thus,it appearsghata 5-stateHMM is
bestsuitedfor ourexperimentstherebyconfirmingour con-
jecturerelatingthe stancesndthe states.

6 Conclusion

Inthispaperwehavepropose@nHMM-basedapproach
to represenaindrecognizegait. A methodologyis adopted
to derivealow dimensionabbservatiorsequencérom the
silhouetteof the body during a gait cycle. Learningis
achieveduy traininganHMM for eachpersornoverseveral
gaitcycles.Gaitrecognitionis performedoy evaluatinghe
log-probability thata given observatiorsequencevasgen-
eratecby anHMM modelpresenin the database.

Themethodwastestedon 3 differentdatabasedn gen-
eral,therecognitionrateswerefoundto begood. As antic-
ipated,drasticchangesn clothingadverselyaffectsrecog-
nition performance.The methodis sensitiveto changesn
viewing anglebeyondten degrees.The methodis reason-
ably robustto changesn speed.In the caseof humangait
recognitiorwe observedn somecaseghatthestridelength
changedappreciablywith walking speedcausinga slight
dropin recognitionperformance.The methodis however
notrobustto drasticchangesn the silhouettesvhich might
resultdueto changesn clothingor illumination.
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Figure 3. ldentification Performance for (a) UMD database (b) CMU database

Presentlywe arelooking at waysto maketheschemen-
variantto viewingangleandscalewhich mightoccurdueto
the useof multiple camerasWe arealsoexploringthe use
of betterimagemetricsto makethe5-D vectormoreinfor-
mative. It shouldbe stressederethatthe schemehasthe
potentialto distinguishbetweerhumansand non-humans.
It canalsobe extendedo classify differentactivitiessuch
aswalking andrunning.We areexploringthe possibility of
activity independenpersonidentification.
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