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Abstract

Our goal is to establisha simplebaselinemethodfor human
identificationbasedon bodyshapeandgait. Thisbaseline
recognition methodprovidesa lower boundagainstwhich
to evaluate more complicatedprocedures. We presenta
viewpoint dependenttechniquebasedon templatematch-
ing of bodysilhouettes.Cyclicgait analysisis performedto
extract key framesfrom a testsequence. Theseframesare
comparedto training framesusingnormalizedcorrelation,
and subjectclassificationis performedby nearest neigh-
bor matching amongcorrelationscores. Theapproach im-
plicitly capturesbiometricshapecuessuch asbodyheight,
width,andbody-partproportions,aswell asgait cuessuch
as stride length and amountof arm swing. We evaluate
themethodon four databaseswith varyingviewing angles,
backgroundconditions(indoors andoutdoors),walk styles
andpixelson target.

1. Intr oduction
Althoughthebasicpatternof bipedallocomotionis similar
betweenhealthyhumans,gaitsdovarybetweenindividuals.
A person’s gait dependson a multitudeof factorsinclud-
ing physicalbuild andbodyweight,shoeheelheight,cloth-
ing andemotionalstateof mind. Thereis ampleanecdotal
evidenceaboutpeoplebeingableto identify acquaintances
basedonly on theirmannerof walking.

There is a rich body of work describingcomputervi-
sionsystemsfor modelingandtrackinghumanbodies(see
[4] for a review). However, thevision researchcommunity
hasonly recentlybegun to investigategait as a biometric
[1, 6, 7, 8, 10, 12, 13] We have developeda simplemethod
for identifying walking humansbasedon body shapeand
gait. The methodis basedon matching2D silhouettesex-
tractedfrom key framesacrossthegait sequence.Theben-
efits of the approachare 1) it is easyto understandand
implement,2) it can toleratenoisy video data,3) gait se-
quencesasshortasonestridecanbeused,4) themethodis
insensitive to clothing color andtexture, and5) it appears
to generalizewell acrossdifferentwalking gaits.Themain
drawbackto themethodis thatit is view dependent– since�
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it is basedon matching2D shapesilhouettesit cannotclas-
sify testsubjectsviewedfrom significantlydifferentangles
than the training subjects. However, even in this respect
the methodis analogousto stateof the art approachesto
facerecognition,which arealsoapplicableonly over lim-
itedviewpoints,namelyfrontalor “mug-shot”views [11].

Section2 outlinesthemethod,while Section3 presents
an evaluationon four datasetscollectedby differentcom-
putervision groups.Weaknessesof theapproachandideas
for improvementsarediscussedin Section4.

2. Method
This sectionpresentsa simplemethodfor identify walking
humansbasedon templatematchingof a sequenceof body
silhouettes.Key framesfrom a probesequenceare com-
paredto training framesusingnormalizedcorrelation,and
classificationis performedby nearestneighbormatchingon
correlationscores.Stepsin the algorthmare1) silhouette
extraction, 2) gait cycle analysisto identify key frames,
3) templateextraction, 4) templatematchingvia normal-
izedcorrelation,and5) nearestneighborclassificationusing
combinedscoresfrom templatesacrossa full gait cycle.

2.1 SilhouetteExtraction

In our experiments,body silhouetteextraction is achieved
by simple backgroundsubtractionand thresholding,fol-
lowed by a 3x3 medianfilter operatorto suppressisolated
pixels. Figure 3 shows sampleresults. Note that the ex-
tractedsilhouettescancontainholes,thesilhouettebound-
ary canbeinterrupted,andstaticbackgroundpixelscanbe
mistakenly included(mainly dueto shadows). This is typi-
calof themistakesmadeby suchalgorithmsin practice.

2.2 Gait Cycle Analysis

Directcomparisonof bodysilhouetteimagesis notpossible
since2D bodyshapechangesnonrigidlythroughoutthegait
cycleasthelimbs move. We first processeachsequenceof
silhouetteimagesto extract key framesrepresentingland-
markposeswithin thegaitcycle. Theselandmarksareiden-
tified by examiningperiodicsignalscomputedfrom thesil-



houettesequence.Gait cycle analysisservestwo important
functions. First, it determinesthe frequency andphaseof
eachobserved gait sequence,allowing us to perform dy-
namic time warping to align sequencesbeforematching.
Secondly, it providesdatareductionby summarizingthese-
quencewith asmallnumberof prototypicalkey frames.

Since we want a recognitionalgorithm that is robust
andefficient, we do not want to basekey frameselection
on first estimatinglimb positionsin either 2D or 3D. In-
stead,considersilhouettewidth asa function of time. For
sideviews of a walking person,we seethat this is a peri-
odic function with distinct peaksandvalleys (Figure1). 1

The boundingbox alternatively expands(peaks)andcon-
tracts(valleys) over time as the person’s legs spreadand
comeback togetheragainduring the gait cycle. Select-
ing key framesat the peaksandvalleys of this signal re-
sults in four key framessummarizinga singlestride. The
framesextractedcorrespondroughlyto thefollowing phys-
iological gait labels:right doublesupport(bothlegsspread
and touchingthe ground,right leg is in front), right mid-
stance(legs areclosesttogetherwith the swingingleft leg
justpassingtheplantedright foot), left doublesupport,and
left midstance.2 Although we can’t disambiguatebetween
right and left phase,this simplemethodDOESdetermine
doublesupportandmidstanceframesquitereliably.

Figure1: Extractingdoublesupportandmidstanceframes.
The Y-axis representssilhouettewidth (centeredat zero),
andtheX-axis representstime.

For frontal views, silhouettewidth is lessinformative,
but silhouetteheightasa function of time playsan analo-
gousrole in that its peaksandvalleys indicatedoublesup-
port andmidstancegait frames,assumingthe viewpoint is
slightly elevated(for example,from a cameramountedon
theceiling lookingdown ahallway). As aperson’sfront leg

1Wefirst filter theraw responsewith abandpassfilter to suppressnoise
andaccentuatetheperiodicstructure.

2Theterm“midstance”is morepreciselythepointof transitionbetween
the endof the midstancephaseandthe beginning of the terminalstance
phasewithin eachhalf of thegaitcycle. See[3].

getscloserto theviewer, thesilhouetteappearsto elongate
down therows of theimage,resultingin a greaterapparent
heightthanwhenthetwo legsareclosetogether.

Figure 2 shows periodicwidth andheight signalsover
time for silhouettesviewed from six widely-spaceview-
pointsof the CMU Mobo database(TheMobo databaseis
illustratedin Figure3a.Views1 to 6 of Figure2 correspond
to theviews shown left-to-right in Figure3a). In choosing
whetherto usethewidth or heightsignal,wealwaysusethe
signalwith the highestamplitude,sincethis signalshould
have a bettersignal-to-noiseratio. In Figure2 this means
thatwe identify key framesusingwidth for viewpoints1, 4
and5, andheightfor viewpoints2, 3 and6. Camerasin the
Mobo databaseweresynchronized,so that framesfor this
sequencearepreciselyalignedtemporally. By comparing
framenumbersselectedby choosingsignalpeaksandval-
leys acrosstheviewpointsshown, we find that theaverage
temporaldifferencebetweenkey frameschosenin view-
point 1 versusthe five other views is 1.9 frames,or 0.06
secondsat 30 fps. This indicatesthat the methodhasap-
plicationsto aligning gait sequencesfrom unsynchronized
cameraswith widely-spaceviewpoints.
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Figure 2: Periodicgait signalsbasedon silhouettewidth
(left) andheight(right),comparedfor thesixdifferentview-
points in the CMU Mobo database.All subplotshave the
sameaxis limits. For eachviewpoint, the signalwith the
largestamplitudeshouldbeusedto extractkey frames.
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2.3 TemplateExtraction (Training)

After locatinggait sequencekey frames,we createa tem-
platefor eachby scalingandcroppingthekey framesilhou-
ette.Thesilhouetteis scaledsothat thepersonis 80 pixels
tall, centeredwithin atemplate80pixelswideby 128pixels
high. This leavesa roughly 20 pixel borderof zeropixels
aroundthesilhouette,which is importantwhendoingshift-
invariantcorrelationusingFFT(next section),sincecircular
shifting is beingdone. Templatesarelabeledaccordingto
whetherthey comefrom doublesupportor midstancekey
frames.A training“gallery” is formedconsistingof all key
frametemplatesextractedfrom eachtraininggaitsequence.
In thefuture,wemayattemptto summarizelongsequences
by retainingasmallersetof prototypicaltemplatesthrough-
out thelengthof thesequence.

2.4 TemplateMatching (Testing)

We comparetemplatesfrom a testsubject(the“probe” set)
with templatesin thetraininggalleryusingnormalizedcor-
relation.Let aandb betwo templatestocompare,thematch
scoreC betweena andb is computedas

C � a � b��� max� â 	 b̂�
max� â 	 â� max� b̂ 	 b̂�

wherev̂ �
� v � mean� v����
�� std� v� is anormalizedvectorand
the 	 operatorsignifiescross-correlation.An FFT-basedim-
plementationof cross-correlationis usedthatcomputesthe
correlationat all pixel displacementsbetweenthetwo tem-
plates. The maximumcorrelationvalue over all shifts is
chosenasthetemplatematchscoreC � a � b� .

Let the gallery of doublesupporttemplatesbe denoted
as � Ps

k � with index s rangingover all subjectsandk rang-
ing overall doublesupportkey framesextractedfor subject
s. Similarly, � Vs

l � is thesetof midstancegallerytemplates.
Extractingtemplatesfrom a probesequenceproducestem-
plate sets � pi � and � v j � , with i and j ranging over all
doublesupportandmidstancekey frames,respectively. In
preparationfor nearestneighborclassification,we compute
all matchscorepairs � C � pi � Ps

k � � and � C � v j � Vs
l � � , where

indicesi � j � k � l rangeover their applicablevalues.Notethat
weonly matchdoublesupportprobetemplateswith double
supportgallerytemplates,andsimilarly for midstancetem-
plates. We do not, however, distinguishbetweenthe right
and left phasesof doublesupportandmidstance,sinceat
presentwe cannotreliably determinethis phasewhenex-
tractingkey frames.

2.5 NearestNeighbor Classification

After key frame templatematching,we have correlation
scoresbetweeneachtemplatein the probesequenceand

eachrelevanttemplatein thetraininggallery. Ratherthando
nearestneighborclassificationdirectly on individual tem-
plates,wepreferto combinetemplatescoresto form ascore
for eachcompletegait cycle. Recallthatkey frameextrac-
tion resultsin four framesper gait cycle, correspondingto
right doublesupport,right midstance,left doublesupport
and left midstance.We thereforecanform probequadru-
plets � pi � vi � pi � 1 � vi � 1 � that containkey framesfrom each
completestridein thetestsequence.

Let R� pi � s0 � be the relative likelihood that templatepi

correspondsto subjects0, computedas

R� pi � s0 ��� max � C � pi � Ps
k ��� s � s0 �

max � C � pi � Ps
k � � �

Thatis, themaximumcorrelationover templatesfrom sub-
ject s0 dividedby themaximumcorrelationoverall gallery
doublesupporttemplates.A similarmeasureis definedover
midstancetemplatesvi . Our classifications� for thegallery
subjectthatbestmatchesa probequadrupletis then

s� � argmax
s �R� pi � s��� R� vi � s��� R� pi � 1 � s��� R� vi � 1 � s��� �

Thebestmatchis thesubjectwith thehighesttotal rela-
tivematchscoreoverfour adjacentkey framesformingone
stride.To performnearestK-neighborvariants,subjectsare
rankedby decreasingtotal relativematchscore.

3. Algorithm Evaluation
We evaluateour algorithmon four largegait databasescol-
lectedby Carnegie Mellon University, Universityof Mary-
land, University of SouthamptonandMassachusettsInsti-
tute of Technology, within the DARPA HumanIdentifica-
tion (HID) program.Thedatabasescontainraw imagese-
quencedataandforegroundmaskscomputedby eachcol-
lectinginstitution.Table1givesanoverview of thedifferent
databaseconditions.Figure3 lists datacollectionspecifics
of eachdatabaseandshowssampleimagesandsilhouettes.

CMU MIT UMD USH
Walking Indoor Indoor Outdoor Indoor
Location Treadmill floor ground floor

Subjects 25 24 55 28
Views 6 1 2 1
Synchronized Y N/A N N/A
Walk styles 4 1 1 1
Pixel height 500 100 150 300
Framerate[fps] 30 15 20 25

Table1: Overview of thedatabasesusedin theevaluation.

Following Phillips et.al. [11] we distinguish between
galleryandprobeimages.Thegallerycontainsimagesused
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(a)Thesix CMU Mobodatabaseviewpoints.

(b) Sample silhouettesfrom the CMU Mobo
database.

(c) Samplesfrom theU.Marylanddatabase.

(d) Samplesfrom theU.Southamptondatabase.

(e) Sample silhouettes from the MIT gait
database.

Figure3: Gait databasesusedfor algorithmevaluation.(a and b) The CMU MoBo database[5] containssix simultaneous
motion sequencesof 25 subjects(23 male,2 female)walking on a treadmill. The 3CCD progressive scanimageshave a
resolutionof 640x480.Eachsubjectis recordedperformingfour differenttypesof walking: slow walk, fastwalk, inclined
walk, andslow walk holding a ball (to inhibit arm swing). Eachsequenceis 11 secondslong, recordedat 30 framesper
second.More than8000imagesarecapturedpersubject.(c) The U.Maryland database[2] containstwo datasetsof people
walking outside. Our evaluationconcentrateson the second,larger datasetwith 55 individuals(46 male,9 female). The
subjectsare walking a T-shapedpatternin a parking lot and are recordedwith two orthogonallypositionedsurveillance
cameras(PhilipsG3 EnviroDome).A total of four differentbodyposes(frontal, right, left andback)arevisible duringeach
sequence.For eachposetypically 9-11 stepsare recorded.This databaseis challengingdue to the recordingconditions
(outside,surveillancecamera)andnumberof subjects. (d) The University of Southampton database[9] comprises28
subjectswalking indoorson a track. The subjectsareimagedwith a cameraview perpendicularto the walking direction.
Eachsubjectappearsin four sequences,recordedin direct succession.Eachsequenceconsistsof a completestride from
heelstrike to heelstrike. The subjectsarerecordedagainsta uniform greenbackground,so the applicationof chromakey
extractionresultsin extremelycleansilhouettes.(e) The MIT databaseshows 25 subjects(14 male,11 female)walking
twiceindoorsonapathperpendicularto asinglecamera(Sony Handycam).13outof the25subjectswererecordedin at least
two andup to four sessionsover thespanof a threemonthperiod.Silhouetteimagesarealreadycroppedandsubsampledto
size128x128.
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during training of the algorithm,while the probesetcon-
tains test images. All resultsreportedhereare basedon
non-overlappinggalleryandprobesets.We usetheclosed
universemodel for evaluatingperformance,meaningthat
everysubjectin theprobesetis alsopresentin thegallery.

Table 2 summarizesthe databasecollection conditions
that are varied within eachof our experiments. Experi-
ment 1 considerstestsof the algorithm when the gallery
andprobeimagesetshave thesamegait, andaretakenon
the sameday. In Experiment2, we train on a slow walk
gait, and then test on a fast walk, and a walk carrying a
ball. Experiment3 considerssubjectswith the samegait,
but viewed on differentdays. All resultsarepresentedas
cumulative matchscoreswhich plot theprobabilityof cor-
rect identificationagainstrelative rank K. For example,a
valueof 85%at a rankof 10%meansthat thecorrectsub-
ject labelis includedwithin thetop10%of subjects(ranked
by matchscore)85%of thetime.

Exp1 Exp2 Exp 3

Database MIT UMD USH CMU MIT
Variableday x
Variablegait x
Variableview x
Variablesession x x x

Table2: Overview of experimentalconditions.

3.1. Within gait condition
Thissetof testsexaminestheability of ouralgorithmto rec-
ognizeindividualsacrossmultiple recordingsof the same
gait. Thedifferentsequencesin thedatabaseswererecorded
during the samesession. Figure 4 shows the cumulative
matchscoresfor ranksup to 25% for the UMD, USH and
MIT datasets.Thealgorithmshows excellentperformance
on the USH and MIT datasets. It scaleswell from the
two small indoordatasets(USH,MIT) to thelargeoutdoor
dataset(UMD).

3.2. Acrossgaitscondition
We evaluateour algorithm for threedifferent gaits of the
CMU dataset:slow walk, fastwalk andslow walk holding
a ball. Table3 shows theresultsfor slow walk (gallery)vs.
fastwalk (probe)andslow walk (gallery) vs. ball (probe)
for two differentview angles(profile, frontal). Again the
algorithmshowsexcellentperformance.

3.3. Acrossdayscondition
Theacrossdaysconditionrepresentsthehardesttestof this
evaluation. This is duein part to same-subjectdifferences

1 5 10 15 20 25
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1

Top %
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MIT
USH
UMD

Figure4: Cumulativematchscore:within-gaitcondition.

Training Testing top top top
conditions conditions 1 5% 10%

profile slow profile fast 76% 92% 92%
profile slow profile ball 92% 96% 96%
frontal slow frontal fast 100% 100% 100%
frontal slow frontalball 92% 100% 100%

Table3: Matchscoresfor theacross-gaitcondition.

causedby changingclothing(bulky vs thin) andhairstyles,
bothof whichalter2D silhouetteshape.Also,differencesin
lighting andthecontrastbetweenclothingandbackground
acrosstwo measurementsessionsleadsto significantdiffer-
encesin silhouetteaccuracy for thesameindividual across
different days. As a result, classificationratesare lower
(Figure5) thanfor theothertwo experiments.To someex-
tent,bettermethodsof silhouetteextractionwould help,al-
thoughthechangesin silhouetteshapedueto clothing,hair,
andover longerperiodsof time,weight,arestill anissue.

4. Conclusion

We have presenteda simplemethodfor humanidentifica-
tion from body shapeand gait. The methodis basedon
matching2D silhouettesextractedfrom key framesacross
a gait cycle sequence.Thesekey framesarecomparedto
training framesusing normalizedcorrelation,and subject
classificationis performedby nearestneighbormatching
amongcorrelationscores.Theapproachimplicitly captures
biometricshapecuessuchasbodyheight,width, andbody-
part proportions,aswell asgait cuessuchasstridelength
andamountof armswing.

We have evaluatedthe methodon four databaseswith
varying viewing angles,backgroundconditions (indoors
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Figure5: Cumulativematchscore:across-dayscondition.

and outdoors),walk stylesand pixels on target. Overall,
themethodperformswell whenusedwithin a singleview-
point, even recognizingpeoplewhen the testinggait type
(fastwalk, walking with ball) differs from thetraininggait
(slow walk). Themethodcanhandlenoisysilhouettes,such
asthoseextractedfrom typical surveillancevideodata,and
it canbeusedon sequencesasshortasa singlestride.

Becauseit is basedon 2D templatematching,the ap-
proachis obviously limited to classifying test sequences
taken from roughly the sameviewing angleas the train-
ing sequences.In operationalsettingswith cooperativesub-
jects,theviewpointcanbecontrolledandthis is notaprob-
lem. Evenwith subjectswho areunawarethat they arebe-
ingwatched,camerascanbeplacedat“chokepoints”where
walking direction is limited, or multiple camerascan be
usedto ensurethat a rangeof viewing directionsis avail-
able. Theobviousway to generalizethealgorithmitself is
to storetrainingsequencestakenfrom multiple viewpoints,
and classify both the subjectAND the viewpoint. How-
ever, theinability to generalizeto situationswhereaperson
mustberecognizedfrom atotally new viewpoint is afunda-
mentallimitation thatwe feel shouldbeaddressedby other
approachesbasedon recoveryof 3D shape,or discoveryof
relative phasebetweendifferentmoving bodyparts.These
approachesarethesubjectof ourcurrentresearch.
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