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Abstract

The questfor a vision systemcapableof representing
and recaynizing arbitrary motionsbenefitsfrom a low di-
mensionalnon-specifiaepresentatiorof flow fields,to be
usedin high level classificationtasks. We presentZernike
polynomialsas an ideal candidatefor suc a representa-
tion. Thebasisof Zernike polynomialsis completeand or-
thogonal,andcanbeusedfor describingmanytypesof mo-
tion at manyscales.Startingfromimage sequencedocally
smoothimage velocitiesare derivedusinga robust estima-
tion procedue, from which are computedcompactrepre-
sentationof the flow usingthe Zernike basis. Continuous
densityhiddenMarkov modelsare trained using the tem-
poral sequencesf vectos thusobtained,and are usedfor
subsequentlassification.\e presentresultsof our method
appliedto image sequencesf facial expressionsothwith
andwithoutsignificantrigid headmotionandto sequences
of lip motionfrom a knowndatabase We demonstate that
the Zernile representationyields resultscompetitivewith
thoseobtainedusingprincipal componentsyhile notcom-
mitting to specifictypesof motion. It is therefore idealasa
fundamentabuilding block for a vision systencapableof
classifyingarbitrary motiontypes.

1 Intr oduction

Thispapedescribesrepresentatioof flow in imagese-
guence®f complex humanmotion. The maincontribution
of this work is to demonstratehe basisof Zernike poly-
nomialsas a representatioof comple flow fields which
is bothsimpleandgeneral.lt canbeappliedto ary type of
motionatary scale andsocanbeusedwith little or noprior
knowledgeaboutthe contentof imagesequencesThelow
order(0 and1) Zernike polynomialscorrespondo the stan-
dardaffine basis.Thenext orderpolynomialscorrespondo
extensionsof the affine basis,roughly yaw, pitch androll,
asexploredin [3, 12]. Higherordersrepreseninotionswith

higherspatialfrequenciesThebasisis orthogonabverthe
unit disk, suchthateachordercanbe usedasanindepen-
dentcharacterizatiorf the flow, andeachflow field hasa
uniguedecompositiorin the Zernike basis.

The humanvisual systemis remarkabldn its ability to
accuratelyrecognizeawide varietyof motiontypes.In par
ticular, the recognitionof humanactionis importantfrom
anevolutionarystandpoinsinceit givesinformationabout
socialinteractions However, humanactionscomein mary
shapesandspanmary scalesof motionfrom walking gaits
to the fine scalemotionsof individual musclesin the face.
A centralquestionis thereforehow the visual systemcan
accuratelyepresensuchdifferenttypesof motion. Theac-
complishmenbf this taskdepend®n the tradeof between
segmentationand representation.Thatis, one or multiple
regionsof interestandscalesnustbeidentifiedin thevisual
field andthescalesof theseregionsdeterminghecomplex-
ity of therepresentatioto be used,larger scalesrequiring
higherorderfeatures.We proposea representatioof flow
whichis scaleinvariantandhencecanaccomplistthis task
more readily than othercommonlyusedapproaches.The
humanfaceprovidesmotion fields which canbe analyzed
at mary scalesandwe focusour effort on the understand-
ing of humanfacialmotionin orderto testour approach.

Relatedprevious work in facial expressionrecognition
canbedividedinto holistic approachefl4, 15, 12] andlo-
cal (segmentedppproachefs, 6,17, 19, 11] .

Holistic approachekok atthe entireface,aswe do, but
developspecifichasissetsfor eachtypeof motion. Turk and
Pentland14] usedprincipalcomponentanalysiSPCA)to
find a setof basiseigervectorsdescribingvariationacross
staticfaceimages Belhumeuetal. [15] compare@dndcon-
trasted?CAwith Fisherineardiscriminantsn asimilarap-
proach.While thesemethodsarenot specificallydeveloped
for a certaintype of motion,they generateslassifierawvhich
are.Thatis, thegeneratedbasissetsarespecificto a partic-
ularrecognitiontask,andfurther, to aparticularscale.Scale
invarianceis achievzedonly throughimagewarpingor stor
ing basissetsover a rangeof scales.Morimoto etal. [12]



usedoptical flow over the entireheadmodeledwith a low

order polynomial basisin an approachsimilar to the one
proposedhere. Their systemwas designedo recognized
largerigid headmotionsandusedarule-basednethodspe-
cific to headmotionfor classification.

Sgymentatiormethodscanbe usedto breakthefaceim-
agesinto componenipartssuchas eyes, noseand mouth.
Sgymentationfacilitates the modeling of motion, since
within eachregion the flow canbe moreaccuratelyrepre-
sentedusingalow orderbasis.At oneextremearemethods
whichusemodelsof thefacialmuscleg6]. A varietyof less
constrainedlexible modelshave beenstudiedn thecontext
of facerecognition[9, 17, 19, 11]. At the otherextreme,
YacoobandDavis [18] usevery little modeling,segment-
ing the faceand developing statisticaldescriptionsof the
changeof the segmentedregions. Black and Yacoob[3]
usedmid-level representationsf flow over smallimagere-
gions. Thiswork is relatedto ours,in thatthey modelflow
usingthelowestorderZernike polynomials.

Sgymentatiormethodsely on somegeometrianforma-
tion aboutheadshapeand motion, and then uselow spa-
tial frequeny modelsof motionandstructureacrosssmall
regions. PCA-basedapproachespn the otherhand,usea
rangeof spatialfrequeng templateswvhich spanlarge ar
eas. Our methodfits snuglyin betweenthesetwo by us-
ing universaltemplatesof flow over a rangeof spatialfre-
guenciesandat ary spatialscale. It is distinguisheddy its
lack of dependencen a-priori informationaboutthe type
of motionbeingobsened. It canbe applied,asin this pa-
per, to anentiremotionregion, thusimitating a PCA-based
approachwithout the computationaburdenof generating
a motion-specifichasis. It canalsobe appliedat smaller
scalesthusreducingto the sgmentedapproachef3]. Fi-
nally, the Zernike representatiogould be usedin a multi-
scaleapproachthevectorsfrom eachlevel driving segmen-
tationatthenext level, thuscompletelybridgingthe gap.

Zernike polynomials,originally developedfor the mod-
eling of lens aberrationshave beenusedin recognition
taskssuchas handwriting, aircraft outlines[1], and hand
posed7]. To ourknowledge Zernike polynomialshave not
beenappliedto opticalflow fields. However, othertypesof
polynomials suchasthe centralmomentg10] have been.

Our methodstartswith an estimationof the flow fields
for eachsubsequenpair of imagesin a sequenceisingthe
robust gradient-basedegularizationmethodof [2]. The
centroidandscaleof the areaof interestis thenestimated,
and a feature vector is obtainedby projecting the flow
onto the basisof Zernike polynomials. Over the course
of the sequencethis featurevectordescribesometrajec-
tory throughthe Zernike vector space. Continuousden-
sity hiddenMarkov modelsaretrainedon the temporalse-
guencef theseZernike vectors,and are usedfor subse-
guentclassificatiortasks.Threedataset@reexamined:fa-

cial expressionswithout rigid headmotion, facial expres-
sionswith rigid headmotion, and lip-reading sequences
from the Tulips1 databasg13]. Our resultsfrom the sec-
onddatasetirecomparedvith resultsobtainedusingabasis
of principal components Despiteexpectationgo the con-
trary, we find our representatiortan outperformthe prin-
cipal component®ne,indicatingthata universalbasisset,
from which amoregeneraimotionclassifiercanbe built, is
feasible.

This paperwill proceedasfollows. Section2 presents
the robust flow methodandthe Zernike polynomialbasis.
Section3 reviews hiddenMarkov models.Our experiments
arepresentedn Section4, followed by a discussiorof the
resultsandof futureplansin Section5.

2 Data

Dataweregatheredisinga Sory pan-tilt EVI-D30 cam-
eraand Matrox Meteor frame grabberwhich recordedse-
guencef 160x120greyscaleimagestaken at 30Hz. The
following describeghe methodof deriving the ZP feature
vectorsfrom theseimagesequences.

2.1 Flow fields

Flow fields were generatedusing the robust gradient-
basedegularizationmethodof [2]. The robustmethodin-
volves parametergontrolling the resultingsmoothnessf
the flow. As our methodcan representhigh spatial fre-
guenciestheamountof smoothingplaysanimportantrole,
which hasnot beenfully investigatedyet, but is partially
addresseth section4.3.

2.2 Zernike polynomials

Zernike polynomialsare an orthogonalset of complex
polynomialsdefinedon the unit disk. They arisein the ex-
pansionof a wavefront function for optical systemswith
circularpupils[8]. They areexpressedn polarcoordinates
(p = V2% + y2%, ¢ = arctan(y/z)) asa radial function,
R™(p), modulatedby a complex exponentialin the angle,
¢, asfollows:

Unt(ps9) = Ry (p)e™? (1)
with radialfunction,R"(p), givenby
(n=|ml)/2

o (=D n —1)! n—21
Ry (p) = Z U+ ml) — 5 — m]) —t"

1=0 )

for n andm integerswith n > |m| > 0 andn — m even.
Thefirst few radialbasisfunctionsaretherefore:
R§=1 Rl=p  RY=p
R:=2p>-1 R}=3p*-2p R}=p3



TheZernike polynomialsareorthogonabntheunit disk,
andobey thefollowing orthogonalityrelation:
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whereé,,» = 1if n = n/, and0 otherwise. We wish
to exploit this orthogonalityin recognitiontasks. It allows
thedecompositiorof anarbitraryfunctionon the unit disk,

F(p, (ﬁ()e in termsof a uniquecombinationof oddandeven
Zernike polynomials.Thatis, [8]

M N
Flp,9)~ ) > [Acos(me) + By sin(mg)| R (p),  (3)
m=0n=m
which canbe usedto approximatea sufiiciently smooth

function F'(p, ¢) to ary degreeof accurag by making N
and M large enough. Using the orthogonality relation
(Equ.2), thecoeficients A}, and B}, canbeobtainedas

AT ep(n+1) o m, \ cos(me)

where
e =41 ifm=20
™= 12 otherwise

We choseto usetheZernike polynomialsbecausef their
orthogonalitypropertieswhich leadsto greatereaseof in-
terpretationof the resultingfeaturevectors. Other possi-
bilities, suchasthe generatingunctionsof the centralmo-
mentsx? andy?, do nothave theseproperties.

2.3 Flow representationusing ZPs

Zernike polynomialsare definedon a disk, andsoa cir-
cularareawithin eachflow imagemustbeidentifiedwhich
will be projectedonto the Zernike basis. This is accom-
plishedby manuallyspecifyinga scaleandcentroidfor the
first frameof eachsequenceandthenusingthefirst order
(affine) componentf the flow fields to track the region.
Centroidsare specifiedfor faceimagesby taking the cen-
ter of thefacefrom hairlineto chin andbetweerthe outer
mostvisible edgesof the face. Scalesfor faceimagesare
measuredlongthe horizontaldirection. Centroidsfor the
lip sequencearetakenin the approximatamidpointof the

mouth,with scaleaswidth of theimage.

Once a scale and centroid have been identified for
each flow image, the horizontal and vertical velocities
u(z,y), wv(z,y) areprojectedonto the Zernike basisus-
ing the discreteequivalentof Equationd:

vAT _ em(n +1) m . cos(ma)
upm = —a Z Zu(-T:y)Rn (p) sin(me) (5)
z oy

wherep = /22 + y? < ¢, cisthescalefactorandz, y are
coordinategelatie to the centroid,and¢ = arctany/z.
Theflows canbereconstructedrom the coeficientsusing
Equation3. The region trackingupdateequationsare de-
finedusingthefirst ordercoeficients:

1
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Figure 1. Example flows generated by the
=13, ,,, ZPs.

In this study we are interestedin the structureof the
motion, and not the true value. That is, a rapidly ex-
panding smile will be consideredthe sameas a slowly
expandingone. Therefore,we normalizeall featurevec-
tors to unit length. Featurevectorsare setsof normal-
ized AT, Bm, A™, B coeficients, with n,m as-
suminga numericorderingobeying n — m evenandn >
m: (0,0),(1,1),(2,0),(2,2),(3,1),(3,3), . Thefour
scalarsmakingup each(n, m) combinationwill be called
ZPsin what follows, and will be referredto by the posi-
tionindices, = 0,1, ,N ,of thisordering.Basissets
will bedenoted Ny, ,N ,orsimplyby N, inwhichcase
thebasissetis 0, , N .Althoughtheangularspatialfre-
queny (m) is hiddenby this indexing, highervaluesof
indicatehigherradial spatialfrequencies.Figure 1 shavs
examplesof flows generatedby thefirst few ZPs.
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Figure 2. First three frames from the begin-
ning of a happyexpression sequence .

0-1 1-2
Figure 3. Flow fields derived from the se-
guence in Figure 2, for image pairs 0 — 1 (left)
and 1 — 2 (right).

2.4 Accuracy of the representation

The Zernike basis,beingcompleteand orthogonal,can
provide an exactrepresentatiownf ary flow field projected
ontoit. In practice,a small subsetof ZPsmustbe chosen
which canaccuratelyepresenthetypesof flows beingrep-
resentedasdescribedn the lastsection.In orderto shav
how the ZPsrepresentlows, considerthe imagesequence
shawvn in Figure2. This sequencehaws the beginning of
a happyexpression,characterizedy a horizontalexpan-
sion andvertical raising of the cornersof the mouth. The
flow fields for this sequencareshavn in Figure3. The
ZP decompositioris performedon theabove flow fieldsus-
ing Equations, andtheflows arereconstructedsingEqua-
tion3,with N =1, N = ,N =13andN = ,as
shavn in Figure4. Comparisorof Figures3 and4 shavs
theeffectsof addinghigherorderZPsto thereconstruction.
With N = the reconstructioris nearly perfect. Note
that the spatialfrequeng of the Zernike basisat =
(n = m = 12) is high enoughto partially capturethelocal-
ized aberrationsn the flow field. The reconstructiorwith
N = 13 is verycloseto the higherorderone,shaving that
theflowsin theseimagesdo notin facthave very high spa-
tial frequengy componentsgxceptfor theaberrationsn the
flow, which are no longer capturedby the N = 13 basis
elementsWith N = | thereconstructedlow is degraded
from the original, with distortionshappeningrimarily just

@)

(b)

(©

(d)
Figure 4. Flow fields from Figure 3 recon-
structed using N= (a), N =13 (b), N =
(c), and N =1 (affine) (d).

belov the the centerof the disc. With N = 1 (affine ba-
sis), the reconstructioris poor, althoughthe spreadingof
the mouthtowardsthe bottomof the imagecanstill be ob-
sened,ascanthelack of flow in thetop partof theimage.
Thesecueswill be shavn to be adequatén classification
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Figure 5. Mean squared error per pixel plotted
as a function of the number of ZPs used for
flow reconstruction, for the datasets of im-
age sequences with little rigid head motion
(dashed line) and with significant rigid head
motion (solid line).

taskswherethe facial expressiongo be classifiedare suffi-
ciently distinct.

To obtaina quantitatve measurdor the distortionasa
functionof the numberof Zernike Polynomialsusedin the
basis,we computethe meansquarederror per pixel be-
tweenthe original flows andthe flows reconstructedrom
the Zernike coeficients, and plot the error averagedover
all imagesasa function of the numberof ZPsusedin the
reconstruction Figure5 shaws this for two of the datasets
of facial expressiongonsideredn Section4. Theimages
with rigid headmotion (solid line) shav a reconstruction
errorwhich dropsoff sharplywith the additionof the first
10 orders,but little decreasés obsernedbeyond N =1 ,
in agreementvith the qualitative analysispresentedn Fig-
ures3 and4. Theflows generatedn the seconddatasetre
smallerin magnitudedueto the lack of rigid headmotion,
but we seethedistortionagaindropsoff with thenumberof
ZPsusedin thereconstruction.

3 Temporal modeling

A motionsequenc@roduces featurevectorwhich de-
scribessometrajectorythroughthe Zernike vectorspacelt
is our premisethatthe motionis producedoy someunder
lying hiddenprocesswhich canbe modeledasa sequence
of states,eachof which is responsibldor a classof fea-
ture vectors. Thatis, the flows are roughly constantover
smallintervalsof time. Thereforewe usea hiddenMarkov
model (HMM) with continuousobsenation probabilities

in eachstatemodeledwith a unimodalGaussiardistribu-
tion. Modelsarebuilt from trainingdatausingthe standard
expectation-maximizatioprocedurg16]. The numberof
hiddenstateds animportantparametefor theperformance
of HMMs, which we investigatein Section4. To classify
anew sequencef obsenations, , we calculatethe prob-
ability of the obsenation sequencgiven eachmodel,
Then,themodelwith thehighestik elihoodis theonewhich
thenew sequencef obsenationsis assigned.

4 Experiments

Threeexperimentsverecarriedout, thefirst two involv-
ing a singlesubjectperformingfive facial expressionglis-
gust,fear happinesssadnesandsurprise Theexpressions
were performedfrom beginning through ape to ending.
Thelastexperimentwasdoneonthe Tulips1databasél3],
whichinvolves12 subjectssaying4 wordstwice each.

Thefirst experimentnvolvedtakingimagesequencesf
atestsubjectperformingone of thefive facial expressions
multiple timesin successionyhile keepingrigid headmo-
tion to a minimum. For eachexpression,10-15sequences
of 20-30framesin lengthwererecorded.The derved ZPs
from all sequencebut onewereusedto train models,and
the left-out sequencesvere classified,knowvn as a leave-
one-outvalidationmethod.

The secondexperiment also consistedof image se-
guence®f a singlesubjectperformingthefive expressions,
but without ary restrictionsplacedon headmotions. In
fact,a consciousffort wasmadeby thetestsubjectduring
thisexperimento make headmotionsasuniformacrossex-
pressiorsequenceaspossible.Rigid headmotionsin this
experimentincludedtranslations,Jooming and retreating,
yaw, pitch, androll. For eachexpression10-15sequences
of 30-40framesin lengthwererecorded Theleave-one-out
procedurewas againcarriedout on the derived ZPsfrom
thesesequences.

In athird experimentwe usedthe Tulipsldatabas§l 3]
of lip motionsequencesThesesequenceweretakenfrom
12 subjects(9 male, 3 female) eachsayingthe first four
digits in Englishtwice. The sequencesare much shorter
thanour first two experimentssomehaving only 3 images.

4.1 Smallheadmotions

Figure 6 shaws the first 3 framesof a happy expres-
sion,with little rigid headmotion. Percentageesultsof the
leave-one-ouprocedureareshovn in Table1l. We present
resultsfor variouscombinationsof ZPsandusingHMMs
of different sizes,in order to characterizethe effects of
theseparameters.Table 1 shavs the basissetssplit into
threegroupsvertically, orderedaccordingto the lowestor-
der polynomialin the set. The cardinality of the basisset
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Figure 6. First three frames from the begin-
ning of a happyexpression sequence , with lit-
tle rigid head motion.

determineghe orderingthe baseswithin eachgroup. The
first group of basesinclude the translationalcomponents
alone,( 0 ); the affine basis,( 01 ), which characterizes
planarflows;theextendedaffinebasis( 0— ), whichde-
scribesperspectie distortionssuchas pitch, roll andyaw;
andafurtherextension( 0 — ), whichintroduceshigher
spatialfrequenciegup to angularfrequeny m = 3). We
trainedleft-right HMMs with 1,2,4and6 statehiddenvari-
ables. HMMs with 1 hiddenstateare not really HMMs,
but simply comparethe sequenceby temporallyaveraging
the ZPsover the entire sequenceand then comparingus-
ing a covariance-weightedistancemetric,or Mahalanobis
distanceln contrasto mostapproachesye decidedto ex-
aminethe performancef our methodacrosdifferentsizes
of HMMs. This providesan interestingtradeof between
the compleity of the representatioandthe compleity of
thetemporalmodel.

Theresultsin Table 1 shav thatthe five expressionof
a single subjectare well modeledby using an affine de-
scription of the flow acrossthe entireface. This is to be
expectedsincethe expressionsisedhave simplecharacter
izationsin termsof theentireface.For example happiness
consistf ageneraraisingof the featureqa simpletrans-
lation), whereagdisgustis a generalcontraction(an affine
flow), andsurprisean expansion(also affine). The higher
orderbasissetsalsogive slightly betterperformanceates,
but, with little roomfor improvementthe distinctionis not
great. The hiddenMarkov modelsdo not provide ary clear
adwantagein this first experiment,andcanevenreducethe
recognitionratesin somecases.Considerthe ( 0 ) basis,
in whichrecognitiondropsfrom 75%with onestateto 66%
with two. With only a single state,the mis-classifications
areevenly spreadover the five expressions We found that
addinga secondstatesenesto separatehe happy sadand
surpriseexpressionsbut increasegonfusionbetweerfear
anddisgust Theoveralltemporalaverageof thesetwo ex-
pressionsare more distinguishableghanwhenbroken into
two parts.Thereductionin recognitionratesfor the higher
dimensionabasissetswhenmore hiddenstatesare added
is dueto theincreaseadompleity of themodelleadingto a
moresingulartrainingandclassificatiorprocedure.

hiddenvariablestates
basis 1 2 4 6
0 74 66 72 79
01 98 98 95 97
0-4 100 100 98 98
0-7 100 100 98 98
2 74 62 81 84
23 95 97 95 98
2-5 100 100 100 100
2-9 100 100 100 97
4 88 93 89 92
45 94 92 91 91
4-7 100 98 97 95
4-11 | 100 100 98 89

Table 1. Test sequence percentage results on
5 facial expressions disgustfear, happy sad,sur
prise on image sequences with minimal rigid
head motion involving a single test subject.

Figure 7. Three frames from sad (top row),
and from surprise (bottom row) expressions
sequences involving rigid head motion.

4.2 Rigid headmotions

Figure 4.2 shavs 3 framesof a sad and of a surprise
expression,with significantrigid headmotion. The rigid
motionsincludetranslationexpansion,contractionloom-
ing, andyaw, and are capturedby the first four ordersof
the Zernike basis[3], = 0 — 3, andso basissetssuch
asthe affine basiswill have moredifficulty in classifying
facialexpressionsvhencombinedwith arbitraryrigid head
motion. Table 2 shaws the resultsusing a variety of dif-
ferentcombination®f ZPs. The higherorderpolynomials,
in conjunctionwith the lower orders,do provide a distinct
adwantagein this caseasthe( 0 — ) basisyieldsa 95%
rate,while theaffine basisonly yields74%. SingleZPsper
form poorly, althoughthe higherorderonesdo give slightly
betterresults.Recognitionwith only higherordersdoesnot
performaswell aswhenthelow ordersareincluded. This
emphasisetheimportanceof the = 0 — 3 polynomials



hiddenvariablestates
basis | 1 2 4 6
0 27 40 35 33
01 66 69 64 74
0-4 86 86 89 87
0-7 95 94 94 87
2 30 49 43 37
23 69 66 78 74
2-5 88 91 89 86
2-9 94 92 89 81
4 61 58 55 60
4-5 80 72 79 80
4-7 92 92 94 92
4-11 |88 89 87 84

Table 2. Test sequence percentage results on
5 facial expressions disgustfear, happy sad,sur
prise, on image sequences with rigid head
motion involving a single test subject.

to therecognitiontask. Theselow ordershave a greatdeal
of expressve powerin termsof flow fields,asis clearfrom
their widespreadusein patternrecognition. This experi-
mentdemonstratethat the extendedversionsof this basis
arealsousefulfor modelingflow.

Theeffectsof theHMM sizeontherecognitiorratesare
unclearin this experimentaswell, primarily dueto lack of
trainingdata. With = 0 — , the obsenationvectors
aremodeledwith a 26-dimensionaGaussianClearly, with
asfew as 300 obsenation vectors,splitting the spaceinto
six temporalregionsis not advantageous.Lower dimen-
sionalfeaturevectorsaremoreamenabldo larger HMMs,
but it appearshataddingmorethan2 hiddenstatesloesnot
yield ary performancegain, probablydueto overfitting of
thedata. A solutionto theseproblemswould beto extend
thetrainingstepto includepriorson modelstructurewhich
canhelpwith boththeoverfitting problemandwith thelack
of training data. Minimum entrory methods,as explored
in [4], areclearlya goodstartingpoint.

Principalcomponentsvere also generatedor this sec-
ond dataseby scalingevery secondflow field to a single
size(asrequiredby the analysis) andcomputingeigervec-
torsranked by the magnitudeof their correspondingigen-
values. Theseeigervectorswere then usedas a basison
which flows wereprojectedtheresultsof whichwereused
to train HMMs, asbefore. Table 3 shows recognitionre-
sultsfor usingasubsetf theprincipalcomponentsstarting
from the third, andcanbe directly comparedo the results
in the middle sectionof Table2. Similar resultswere ob-
tainedin comparisorto the othertwo sectionsof Table 2.
The PCA-basedepresentatioperformsnearlyaswell in
thebestcase with improvementgor thelowerdimensional

hiddenvariablestates
basis| 1 2 4 6
2 35 37 39 32
23 |75 8 85 80
25 |85 89 88 88
219 |91 91 83 75

Table 3. Results using PCA on the rigid head
motion sequences. Compare to middle sec-
tion of Table 2

hiddenvariablestates
basis 1 2 3
rough smooth
01 58 60 66 77
0-4 61 59 70 70
0-7 70 70 76 76
2,489,10,142 | 77 78 79 63

Table 4. Test sequence percentage results
on the Tulipsl database, training on 11 of
12 speakers and testing on the twelfth. The
smoothness factor of the flow regularization
is indicated by roughand smooth

cases.Theseimprovementsarisebecausehe lower order
principal component$ave higher spatialfrequencieghan
the low order Zernike polynomials,and can thus capture
morecomple differences.Theseresultsshaov thata well

structurechon-specifidbasissetcanbe usedin placeof the
principalcomponentsyith competitve results.

4.3 Lipreading

The Tulips1 databasg13] consistsof eachof 12 sub-
jects sayingthe first four digits of Englishtwice. In this
casewe usea leave-one-speak-out procedurewherethe
modelsaretrainedusingthe datafrom 11 subjectsandre-
mainingsubjects eighttestcasesareclassifiedusingthese
models. Resultsare presentedn Table 4 for 1,2 and
3 state HMMSs, and four basissets. The last basisset
(2 ,, ,10,1 ,22 ) wasobtainedby choosingthe set
of basisvectorswhich maximizedthe interclassdistance,
while minimizing the intraclassdistanceover the training
images,using a vector quantizerto generatethe classes.
The flow regularizationmethodwas run twice using dif-
ferent parameterdor the smoothnesserms,and a strong
effectwasobsenred. Thehigherorderbasegive anadwan-
tagewhen using rough (large data/smoothnesstio) reg-
ularization,as would be expectedgiven that they capture
higher spatial frequencies. The low ordersgain ground
when smootherflows are used,for the simple reasonthat



moreof thework is beingperformedoy theflow generation
algorithm,while not affecting the spatialresolutionof the

flows which they cancapture.lt hasbeenreported5] that

high resolutionflow fields areimportantfor the characteri-
zationof facialaction amoredetailedevel of analysighan

thatof recognizingfacial expression Our methodperforms
betterin this case andhencdas moreextensibletowardsthis

moredetailedlevel.

Thenumbersn Table4 canbecomparedvith aresultof
89.9%obtainedrom naive (untrainedhumansperforming
the sametask[11]. However, the lack of training datain
all the experimentsdiscussedereis a limiting factor for
our method.Someof the sequences the Tulips1database
have only threeimageswhichgeneratenly two flow fields.
Givenmoredata,a higherdimensionafeaturevectorcould
beused.Humansubjectsave no lack of trainingdataprior
to performingrecognitiontasks.

5 Discussion

We have presented simpleandyet generalrepresenta-
tion schemdor complex humanactionbasedupona setof
orthogonalZernike polynomials. We have shavn that this
basisprovides good descriptionsof flow fields using low
dimensionafeaturevectorspaceslt is a holistic approach
whichis notspecificto agiventypeof motion,andcouldbe
simply appliedto any type of flow field. A recognitionsys-
tem was built using hiddenMarkov temporalmodels,and
resultswerepresentedvhich demonstrat¢he effectiveness
of the Zernike basisat characterizinghe flow fieldsgener
atedby humanexpressiorwith andwithoutsignificantrigid
headmotion. Resultswere comparedwith thoseobtained
using principal componentsas a basis,and we found that
the universalZernike basiscan outperformthe more spe-
cific representatiodeadingto ageneramethodsuitablefor
representingndrecognizingarbitrarymotions.

Recognizingcomplex human motions basedon flow
fields relies on a spatialscaleat which to decomposéhe
flow fields, a choiceof basiselementso performthe de-
compositionanda choiceof temporaimodel.Ourresearch
addresseshe interplay betweenthesethree elements by
investigatingthe useof Zernike polynomialsas basisele-
ments,andHMMs astemporalmodels.Althoughwe have
not directly addressethe issueof scale,the Zernike basis
doessoimplicitly, andis clearlywell suitedto thetask. A
future goal of this researchis to find optimaltradeoffs be-
tweenspatialscale spatialfrequeng of the representation,
andtemporakegmentationfor whichtheminimumentrogy
methodof [4] look promising.
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