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Abstract

The questfor a vision systemcapableof representing
and recognizingarbitrary motionsbenefitsfrom a low di-
mensional,non-specificrepresentationof flow fields,to be
usedin high level classificationtasks. We presentZernike
polynomialsas an ideal candidatefor such a representa-
tion. Thebasisof Zernike polynomialsis completeandor-
thogonal,andcanbeusedfor describingmanytypesof mo-
tion at manyscales.Startingfromimagesequences,locally
smoothimage velocitiesare derivedusinga robustestima-
tion procedure, from which are computedcompactrepre-
sentationsof theflow usingtheZernike basis. Continuous
densityhiddenMarkov modelsare trainedusing the tem-
poral sequencesof vectors thusobtained,andare usedfor
subsequentclassification.We presentresultsof our method
appliedto image sequencesof facial expressionsbothwith
andwithoutsignificantrigid headmotionandto sequences
of lip motionfroma knowndatabase. We demonstratethat
the Zernike representationyields resultscompetitivewith
thoseobtainedusingprincipal components,whilenotcom-
mitting to specifictypesof motion.It is therefore ideal asa
fundamentalbuilding block for a vision systemcapableof
classifyingarbitrary motiontypes.

1 Intr oduction

Thispaperdescribesarepresentationof flow in imagese-
quencesof complex humanmotion. Themaincontribution
of this work is to demonstratethe basisof Zernike poly-
nomialsas a representationof complex flow fields which
is bothsimpleandgeneral.It canbeappliedto any typeof
motionatany scale,andsocanbeusedwith little ornoprior
knowledgeaboutthecontentof imagesequences.Thelow
order(0 and1) Zernikepolynomialscorrespondto thestan-
dardaffinebasis.Thenext orderpolynomialscorrespondto
extensionsof the affine basis,roughlyyaw, pitch androll,
asexploredin [3, 12]. Higherordersrepresentmotionswith

higherspatialfrequencies.Thebasisis orthogonalover the
unit disk, suchthat eachordercanbe usedasan indepen-
dentcharacterizationof theflow, andeachflow field hasa
uniquedecompositionin theZernikebasis.

The humanvisual systemis remarkablein its ability to
accuratelyrecognizeawidevarietyof motiontypes.In par-
ticular, the recognitionof humanactionis importantfrom
anevolutionarystandpointsinceit givesinformationabout
socialinteractions.However, humanactionscomein many
shapesandspanmany scalesof motionfrom walking gaits
to thefine scalemotionsof individual musclesin the face.
A centralquestionis thereforehow the visual systemcan
accuratelyrepresentsuchdifferenttypesof motion.Theac-
complishmentof this taskdependson thetradeoff between
segmentationandrepresentation.That is, oneor multiple
regionsof interestandscalesmustbeidentifiedin thevisual
field andthescalesof theseregionsdeterminethecomplex-
ity of the representationto beused,largerscalesrequiring
higherorderfeatures.We proposea representationof flow
which is scaleinvariantandhencecanaccomplishthis task
morereadily thanothercommonlyusedapproaches.The
humanfaceprovidesmotion fields which canbe analyzed
at many scales,andwe focusour effort on theunderstand-
ing of humanfacialmotionin orderto testourapproach.

Relatedprevious work in facial expressionrecognition
canbedividedinto holistic approaches[14, 15, 12] andlo-
cal (segmented)approaches[3, 6, 17, 19, 11] .

Holistic approacheslook at theentireface,aswedo,but
developspecificbasissetsfor eachtypeof motion.Turkand
Pentland[14] usedprincipalcomponentsanalysis(PCA) to
find a setof basiseigenvectorsdescribingvariationacross
staticfaceimages.Belhumeuretal. [15] comparedandcon-
trastedPCAwith Fisherlineardiscriminantsin asimilarap-
proach.While thesemethodsarenotspecificallydeveloped
for acertaintypeof motion,they generateclassifierswhich
are.Thatis, thegeneratedbasissetsarespecificto apartic-
ularrecognitiontask,andfurther, toaparticularscale.Scale
invarianceis achievedonly throughimagewarpingor stor-
ing basissetsover a rangeof scales.Morimoto et al. [12]



usedoptical flow over the entireheadmodeledwith a low
orderpolynomial basisin an approachsimilar to the one
proposedhere. Their systemwasdesignedto recognized
largerigid headmotionsandusedarule-basedmethodspe-
cific to headmotionfor classification.

Segmentationmethodscanbeusedto breakthefaceim-
agesinto componentpartssuchaseyes,noseandmouth.
Segmentationfacilitates the modeling of motion, since
within eachregion the flow canbe moreaccuratelyrepre-
sentedusinga low orderbasis.At oneextremearemethods
whichusemodelsof thefacialmuscles[6]. A varietyof less
constrainedflexible modelshavebeenstudiedin thecontext
of facerecognition[9, 17, 19, 11]. At the otherextreme,
YacoobandDavis [18] usevery little modeling,segment-
ing the faceand developingstatisticaldescriptionsof the
changesof the segmentedregions. Black andYacoob[3]
usedmid-level representationsof flow oversmallimagere-
gions.This work is relatedto ours,in thatthey modelflow
usingthelowestorderZernikepolynomials.

Segmentationmethodsrely onsomegeometricinforma-
tion aboutheadshapeandmotion, and thenuselow spa-
tial frequency modelsof motionandstructureacrosssmall
regions. PCA-basedapproaches,on the otherhand,usea
rangeof spatialfrequency templateswhich spanlarge ar-
eas. Our methodfits snugly in betweenthesetwo by us-
ing universaltemplatesof flow over a rangeof spatialfre-
quenciesandat any spatialscale. It is distinguishedby its
lack of dependenceon a-priori informationaboutthe type
of motionbeingobserved. It canbeapplied,asin this pa-
per, to anentiremotionregion,thusimitatinga PCA-based
approach,without the computationalburdenof generating
a motion-specificbasis. It can also be appliedat smaller
scales,thusreducingto thesegmentedapproaches[3]. Fi-
nally, the Zernike representationcould be usedin a multi-
scaleapproach,thevectorsfrom eachlevel driving segmen-
tationat thenext level, thuscompletelybridgingthegap.

Zernike polynomials,originally developedfor themod-
eling of lens aberrations,have beenusedin recognition
taskssuchas handwriting,aircraft outlines[1], and hand
poses[7]. To ourknowledge,Zernikepolynomialshavenot
beenappliedto opticalflow fields.However, othertypesof
polynomials,suchasthecentralmoments[10] havebeen.

Our methodstartswith an estimationof the flow fields
for eachsubsequentpair of imagesin a sequenceusingthe
robust gradient-basedregularizationmethodof [2]. The
centroidandscaleof theareaof interestis thenestimated,
and a featurevector is obtainedby projecting the flow
onto the basisof Zernike polynomials. Over the course
of the sequence,this featurevectordescribessometrajec-
tory through the Zernike vector space. Continuousden-
sity hiddenMarkov modelsaretrainedon the temporalse-
quencesof theseZernike vectors,andareusedfor subse-
quentclassificationtasks.Threedatasetsareexamined:fa-

cial expressionswithout rigid headmotion, facial expres-
sions with rigid headmotion, and lip-reading sequences
from the Tulips1 database[13]. Our resultsfrom the sec-
onddatasetarecomparedwith resultsobtainedusingabasis
of principal components.Despiteexpectationsto the con-
trary, we find our representationcanoutperformthe prin-
cipal componentsone,indicatingthata universalbasisset,
from whichamoregeneralmotionclassifiercanbebuilt, is
feasible.

This paperwill proceedasfollows. Section2 presents
the robust flow methodandthe Zernike polynomialbasis.
Section3 reviewshiddenMarkov models.Ourexperiments
arepresentedin Section4, followedby a discussionof the
resultsandof futureplansin Section5.

2 Data

Dataweregatheredusinga Sony pan-tiltEVI-D30 cam-
eraandMatrox Meteorframegrabberwhich recordedse-
quencesof 160x120greyscaleimagestaken at 30Hz. The
following describesthe methodof deriving the ZP feature
vectorsfrom theseimagesequences.

2.1 Flow fields

Flow fields were generatedusing the robust gradient-
basedregularizationmethodof [2]. Therobustmethodin-
volvesparameterscontrolling the resultingsmoothnessof
the flow. As our methodcan representhigh spatial fre-
quencies,theamountof smoothingplaysanimportantrole,
which hasnot beenfully investigatedyet, but is partially
addressedin section4.3.

2.2 Zernikepolynomials

Zernike polynomialsarean orthogonalset of complex
polynomialsdefinedon theunit disk. They arisein theex-
pansionof a wavefront function for optical systemswith
circularpupils[8]. They areexpressedin polarcoordinates
( ����� ���	��
�� , 
 ����������������
���� � ) asa radial function,!#"$ �%�&� , modulatedby a complex exponentialin theangle,
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TheZernikepolynomialsareorthogonalontheunit disk,
andobey thefollowing orthogonalityrelation:t UF t AQu

Fwv /1 254yxQz{6 v /}|1 | 254yxQz{6�49~�z�~�4�8 �25L�V^JB6�� 171 | � /}/ | x (2)

where � $�$ | ��k if ` � `�� , and g otherwise. We wish
to exploit this orthogonalityin recognitiontasks.It allows
thedecompositionof anarbitraryfunctionon theunit disk,� ���9( 
 � , in termsof a uniquecombinationof oddandeven
Zernikepolynomials.Thatis, [8]��254yx�z{6����C/ EGF��C1 E / S � /1	�*��� 25Y]z{6�V�� /13�*� L�25Y]z{6R[�. /1 2M476Qx (3)

which can be usedto approximatea sufficiently smooth
function

� ���9( 
 � to any degreeof accuracy by making �
and � large enough. Using the orthogonality relation
(Equ.2), thecoefficients � $" and � $" canbeobtainedas� /1� /1 8�� / 2ML�V�JB6� t UF t AQu
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otherwise

WechosetousetheZernikepolynomialsbecauseof their
orthogonalityproperties,which leadsto greatereaseof in-
terpretationof the resultingfeaturevectors. Other possi-
bilities, suchasthegeneratingfunctionsof thecentralmo-
ments,�G¥ and 
G¦ , donothave theseproperties.

2.3 Flow representationusingZPs

Zernike polynomialsaredefinedon a disk, andsoa cir-
cularareawithin eachflow imagemustbeidentifiedwhich
will be projectedonto the Zernike basis. This is accom-
plishedby manuallyspecifyinga scaleandcentroidfor the
first frameof eachsequence,andthenusingthefirst order
(affine) componentsof the flow fields to track the region.
Centroidsarespecifiedfor faceimagesby taking the cen-
ter of thefacefrom hairlineto chin andbetweentheouter-
mostvisible edgesof the face. Scalesfor faceimagesare
measuredalongthehorizontaldirection. Centroidsfor the
lip sequencesaretakenin theapproximatemidpointof the
mouth,with scaleaswidth of theimage.

Once a scale and centroid have been identified for
each flow image, the horizontal and vertical velocities§}�%�¨(*
G��(�©9�%�¨(B
�� areprojectedonto the Zernike basisus-
ing thediscreteequivalentof Equation4:ª�� /1ª � /1 8�� / 25L�V�JB6� C�«¬C�­¯® 2M°&x%±²6I. /1 2M476 � ��� 25Y3z�6� � L�25Y]z{6 (5)

where�_�³� �9�	�e
��#´�µ , µ is thescalefactorand �¨(*
 are
coordinatesrelative to the centroid,and 
 �¶�����������·
G�y� .
Theflows canbereconstructedfrom thecoefficientsusing
Equation3. The region trackingupdateequationsarede-
finedusingthefirst ordercoefficients:°y¸¹�8º° ¹ V ª � FF ±7¸¹�8^± ¹ V¼»7� FF¾½ ¸{8 ½ V J¤ 2 ª �¿UU V¼»²��UU 6
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Figure 1. Example flo ws generated by theÄÅ�Æk�(Br�( À ( Á ( Â ( Ã ZPs.

In this study, we are interestedin the structureof the
motion, and not the true value. That is, a rapidly ex-
pandingsmile will be consideredthe sameas a slowly
expandingone. Therefore,we normalizeall featurevec-
tors to unit length. Featurevectorsare setsof normal-
ized Ç²È�� "$ ( È�� "$ (BÉ � "$ (BÉ � "$�Ê coefficients,with ` ( a as-
suminga numericorderingobeying `;iËa evenand `Ìba : Ç � g ( g ��(7� k{(�k���(7��o�( g ��(²�IoG(�o���(7�IrG(�k���(²�%rG(�r{��(�ÍMÍ5Í Ê . The four
scalarsmakingup each( ` ( a ) combinationwill be called
ZPs in what follows, and will be referredto by the posi-
tion indices, Ä;� Ç�g (�k{(�ÍMÍ5ÍM( � Ê , of this ordering.Basissets
will bedenotedÇ²� j (�ÍMÍMÍ5( � Ê , or simplyby � , in whichcase
thebasissetis Ç�g (�ÍMÍMÍ5( � Ê . Althoughtheangularspatialfre-
quency ( a ) is hiddenby this indexing, highervaluesof Ä
indicatehigherradial spatialfrequencies.Figure1 shows
examplesof flowsgeneratedby thefirst few ZPs.



g k o
Figure 2. First three frames from the begin-
ning of a happyexpression sequence .

g#i k k i o
Figure 3. Flow fields derived from the se-
quence in Figure 2, for image pair s g3i k (left)
and k i o (right).

2.4 Accuracy of the representation

The Zernike basis,beingcompleteandorthogonal,can
provide anexact representationof any flow field projected
onto it. In practice,a small subsetof ZPsmustbe chosen
whichcanaccuratelyrepresentthetypesof flowsbeingrep-
resented,asdescribedin the last section.In orderto show
how theZPsrepresentflows, considerthe imagesequence
shown in Figure2. This sequenceshows thebeginningof
a happyexpression,characterizedby a horizontalexpan-
sion andvertical raisingof the cornersof the mouth. The
flow fields for this sequenceareshown in Figure3. The
ZPdecompositionis performedontheaboveflow fieldsus-
ing Equation5, andtheflowsarereconstructedusingEqua-
tion 3, with � �Îk , � �ÐÏ , � �Ñk7r and � � À�Ã

, as
shown in Figure4. Comparisonof Figures3 and4 shows
theeffectsof addinghigherorderZPsto thereconstruction.
With � � À�Ã

the reconstructionis nearly perfect. Note
that the spatialfrequency of the Zernike basisat Ä¯� À{Ã
( ` � a �hk²o ) is highenoughto partiallycapturethelocal-
ized aberrationsin the flow field. The reconstructionwith� �¾k7r is verycloseto thehigherorderone,showing that
theflows in theseimagesdonot in facthave veryhighspa-
tial frequency components,exceptfor theaberrationsin the
flow, which areno longercapturedby the � �Îk7r basis
elements.With � � Â

, thereconstructedflow is degraded
from theoriginal,with distortionshappeningprimarily just

(a)

(b)

(c)

(d)
Figure 4. Flow fields from Figure 3 recon-
structed using � � À{Ã

(a), � �Òk²r (b), � �¬Ï
(c), and � �hk (affine) (d).

below the the centerof the disc. With � �Ðk (affine ba-
sis), the reconstructionis poor, althoughthe spreadingof
themouthtowardsthebottomof the imagecanstill beob-
served,ascanthelack of flow in thetop partof theimage.
Thesecueswill be shown to be adequatein classification
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Figure 5. Mean squared error per pix el plotted
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flo w reconstruction, for the datasets of im-
age sequences with little rigid head motion
(dashed line) and with significant rigid head
motion (solid line).

taskswherethefacialexpressionsto beclassifiedaresuffi-
cientlydistinct.

To obtaina quantitative measurefor the distortionasa
functionof thenumberof Zernike Polynomialsusedin the
basis,we computethe meansquarederror per pixel be-
tweenthe original flows andthe flows reconstructedfrom
the Zernike coefficients, and plot the error averagedover
all imagesasa function of the numberof ZPsusedin the
reconstruction.Figure5 shows this for two of thedatasets
of facial expressionsconsideredin Section4. The images
with rigid headmotion (solid line) show a reconstruction
errorwhich dropsoff sharplywith theadditionof thefirst
10 orders,but little decreaseis observedbeyond � �¶k Á ,
in agreementwith thequalitativeanalysispresentedin Fig-
ures3 and4. Theflowsgeneratedin theseconddatasetare
smallerin magnitudedueto the lack of rigid headmotion,
but weseethedistortionagaindropsoff with thenumberof
ZPsusedin thereconstruction.

3 Temporal modeling

A motionsequenceproducesa featurevectorwhich de-
scribessometrajectorythroughtheZernikevectorspace.It
is our premisethat themotionis producedby someunder-
lying hiddenprocess,which canbemodeledasa sequence
of states,eachof which is responsiblefor a classof fea-
ture vectors. That is, the flows are roughly constantover
smallintervalsof time. Therefore,weuseahiddenMarkov
model (HMM) with continuousobservation probabilities

in eachstatemodeledwith a unimodalGaussiandistribu-
tion. Modelsarebuilt from trainingdatausingthestandard
expectation-maximizationprocedure[16]. The numberof
hiddenstatesis animportantparameterfor theperformance
of HMMs, which we investigatein Section4. To classify
a new sequenceof observations, Ó , we calculatetheprob-
ability of the observationsequencegiveneachmodel, Ô .
Then,themodelwith thehighestlikelihoodis theonewhich
thenew sequenceof observationsis assigned.

4 Experiments

Threeexperimentswerecarriedout, thefirst two involv-
ing a singlesubjectperformingfive facialexpressionsdis-
gust,fear, happiness,sadnessandsurprise. Theexpressions
were performedfrom beginning throughapex to ending.
ThelastexperimentwasdoneontheTulips1database[13],
which involves12subjectssaying4 wordstwiceeach.

Thefirst experimentinvolvedtakingimagesequencesof
a testsubjectperformingoneof thefive facialexpressions
multiple timesin succession,while keepingrigid headmo-
tion to a minimum. For eachexpression,10-15sequences
of 20-30framesin lengthwererecorded.ThederivedZPs
from all sequencesbut onewereusedto train models,and
the left-out sequenceswere classified,known as a leave-
one-outvalidationmethod.

The secondexperiment also consistedof image se-
quencesof asinglesubjectperformingthefiveexpressions,
but without any restrictionsplacedon headmotions. In
fact,a consciouseffort wasmadeby thetestsubjectduring
thisexperimentto makeheadmotionsasuniformacrossex-
pressionsequencesaspossible.Rigid headmotionsin this
experimentincludedtranslations,looming and retreating,
yaw, pitch, androll. For eachexpression,10-15sequences
of 30-40framesin lengthwererecorded.Theleave-one-out
procedurewasagaincarriedout on the derived ZPs from
thesesequences.

In a third experiment,weusedtheTulips1database[13]
of lip motionsequences.Thesesequencesweretakenfrom
12 subjects(9 male, 3 female)eachsayingthe first four
digits in English twice. The sequencesare much shorter
thanourfirst two experiments,somehaving only 3 images.

4.1 Small headmotions

Figure 6 shows the first 3 framesof a happy expres-
sion,with little rigid headmotion.Percentageresultsof the
leave-one-outprocedureareshown in Table1. We present
resultsfor variouscombinationsof ZPsandusingHMMs
of different sizes, in order to characterizethe effects of
theseparameters.Table 1 shows the basissetssplit into
threegroupsvertically, orderedaccordingto the lowestor-
der polynomial in the set. The cardinalityof the basisset



g k o
Figure 6. First three frames from the begin-
ning of a happyexpression sequence , with lit-
tle rigid head motion.

determinesthe orderingthe baseswithin eachgroup. The
first group of basesinclude the translationalcomponents
alone,( Ç�g Ê ); the affine basis,( Ç�g k Ê ), which characterizes
planarflows; theextendedaffinebasis,( Ç²gÕi À Ê ), whichde-
scribesperspective distortionssuchaspitch, roll andyaw;
anda furtherextension( Ç�gmi Â Ê ), which introduceshigher
spatialfrequencies(up to angularfrequency a �Ör ). We
trainedleft-right HMMs with 1,2,4and6 statehiddenvari-
ables. HMMs with 1 hiddenstateare not really HMMs,
but simplycomparethesequencesby temporallyaveraging
the ZPsover the entiresequence,andthencomparingus-
ing a covariance-weighteddistancemetric,or Mahalanobis
distance.In contrastto mostapproaches,wedecidedto ex-
aminetheperformanceof ourmethodacrossdifferentsizes
of HMMs. This providesan interestingtradeoff between
thecomplexity of therepresentationandthecomplexity of
thetemporalmodel.

The resultsin Table1 show that thefive expressionsof
a single subjectare well modeledby using an affine de-
scriptionof the flow acrossthe entire face. This is to be
expected,sincetheexpressionsusedhavesimplecharacter-
izationsin termsof theentireface.For example,happiness
consistsof a generalraisingof thefeatures(a simpletrans-
lation), whereasdisgustis a generalcontraction(an affine
flow), andsurprisean expansion(alsoaffine). The higher
orderbasissetsalsogive slightly betterperformancerates,
but, with little roomfor improvement,thedistinctionis not
great.ThehiddenMarkov modelsdo not provideany clear
advantagein this first experiment,andcanevenreducethe
recognitionratesin somecases.Considerthe ( Ç�g Ê ) basis,
in whichrecognitiondropsfrom 75%with onestateto 66%
with two. With only a singlestate,the mis-classifications
areevenly spreadover thefive expressions.We foundthat
addinga secondstateservesto separatethehappy, sadand
surpriseexpressions,but increasesconfusionbetweenfear
anddisgust. Theoverall temporalaveragesof thesetwo ex-
pressionsaremoredistinguishablethanwhenbroken into
two parts.Thereductionin recognitionratesfor thehigher-
dimensionalbasissetswhenmorehiddenstatesareadded
is dueto theincreasedcomplexity of themodelleadingto a
moresingulartrainingandclassificationprocedure.

hiddenvariablestates
basis 1 2 4 6Ç 0 Ê 74 66 72 79Ç 0 1 Ê 98 98 95 97Ç 0-4Ê 100 100 98 98Ç 0-7Ê 100 100 98 98Ç 2 Ê 74 62 81 84Ç 2 3 Ê 95 97 95 98Ç 2-5Ê 100 100 100 100Ç 2-9Ê 100 100 100 97Ç 4 Ê 88 93 89 92Ç 4 5 Ê 94 92 91 91Ç 4-7Ê 100 98 97 95Ç 4-11Ê 100 100 98 89

Table 1. Test sequence percenta ge results on
5 facial expressions disgust,fear, 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 shows 3 framesof a sad and of a surprise
expression,with significantrigid headmotion. The rigid
motionsincludetranslation,expansion,contraction,loom-
ing, andyaw, andarecapturedby the first four ordersof
the Zernike basis[3], ÄÌ� g�i r , andso basissetssuch
asthe affine basiswill have moredifficulty in classifying
facialexpressionswhencombinedwith arbitraryrigid head
motion. Table2 shows the resultsusinga variety of dif-
ferentcombinationsof ZPs.Thehigherorderpolynomials,
in conjunctionwith the lower orders,do provide a distinct
advantagein this case,asthe( Ç�gmi Â Ê ) basisyieldsa 95%
rate,while theaffinebasisonly yields74%.SingleZPsper-
form poorly, althoughthehigherorderonesdogiveslightly
betterresults.Recognitionwith onlyhigherordersdoesnot
performaswell aswhenthe low ordersareincluded.This
emphasisesthe importanceof the Ä�� g_i r polynomials



hiddenvariablestates
basis 1 2 4 6Ç 0 Ê 27 40 35 33Ç 0 1 Ê 66 69 64 74Ç 0-4Ê 86 86 89 87Ç 0-7Ê 95 94 94 87Ç 2 Ê 30 49 43 37Ç 2 3 Ê 69 66 78 74Ç 2-5Ê 88 91 89 86Ç 2-9Ê 94 92 89 81Ç 4 Ê 61 58 55 60Ç 4-5Ê 80 72 79 80Ç 4-7Ê 92 92 94 92Ç 4-11Ê 88 89 87 84

Table 2. Test sequence percenta ge results on
5 facial expressions disgust,fear, happy, sad,sur-
prise , on image sequences with rigid head
motion involving a single test subject.

to therecognitiontask. Theselow ordershave a greatdeal
of expressivepower in termsof flow fields,asis clearfrom
their widespreadusein patternrecognition. This experi-
mentdemonstratesthat theextendedversionsof this basis
arealsousefulfor modelingflow.

Theeffectsof theHMM sizeon therecognitionratesare
unclearin this experimentaswell, primarily dueto lack of
training data. With Ä�� Ç²g_i Â Ê , the observationvectors
aremodeledwith a26-dimensionalGaussian.Clearly, with
asfew as300 observationvectors,splitting the spaceinto
six temporalregions is not advantageous.Lower dimen-
sionalfeaturevectorsaremoreamenableto largerHMMs,
but it appearsthataddingmorethan2 hiddenstatesdoesnot
yield any performancegain,probablydueto overfitting of
thedata. A solutionto theseproblemswould be to extend
thetrainingstepto includepriorsonmodelstructure,which
canhelpwith boththeoverfittingproblemandwith thelack
of training data. Minimum entropy methods,asexplored
in [4], areclearlya goodstartingpoint.

Principalcomponentswerealsogeneratedfor this sec-
ond datasetby scalingevery secondflow field to a single
size(asrequiredby theanalysis),andcomputingeigenvec-
torsrankedby themagnitudeof their correspondingeigen-
values. Theseeigenvectorswere then usedas a basison
whichflowswereprojected,theresultsof whichwereused
to train HMMs, asbefore. Table3 shows recognitionre-
sultsfor usingasubsetof theprincipalcomponents,starting
from the third, andcanbedirectly comparedto the results
in the middle sectionof Table2. Similar resultswereob-
tainedin comparisonto the othertwo sectionsof Table2.
The PCA-basedrepresentationperformsnearlyaswell in
thebestcase,with improvementsfor thelowerdimensional

hiddenvariablestates
basis 1 2 4 6Ç 2 Ê 35 37 39 32Ç 2 3 Ê 75 85 85 80Ç 2-5Ê 85 89 88 88Ç 2-9Ê 91 91 83 75

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

hiddenvariablestates
basis 1 2 3

rough smoothÇ 0 1 Ê 58 60 66 77Ç 0-4Ê 61 59 70 70Ç 0-7Ê 70 70 76 76Ç 2,4,8,9,10,14,22 Ê 77 78 79 63

Table 4. Test sequence percenta ge results
on the Tulips1 database , training on 11 of
12 speaker s and testing on the twelfth. The
smoothness factor of the flo w regularization
is indicated by roughand smooth.

cases.Theseimprovementsarisebecausethe lower order
principal componentshave higherspatialfrequenciesthan
the low order Zernike polynomials,and can thus capture
morecomplex differences.Theseresultsshow that a well
structurednon-specificbasissetcanbeusedin placeof the
principalcomponents,with competitiveresults.

4.3 Lipr eading

The Tulips1 database[13] consistsof eachof 12 sub-
jects sayingthe first four digits of English twice. In this
casewe usea leave-one-speaker-out procedure,wherethe
modelsaretrainedusingthedatafrom 11 subjects,andre-
mainingsubject’s eighttestcasesareclassifiedusingthese
models. Resultsare presentedin Table 4 for 1,2 and
3 stateHMMs, and four basissets. The last basisset
( Ç o�( À ( Ã (B×�(�k g (�k À (�o{o Ê ) was obtainedby 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 parametersfor the smoothnessterms,and a strong
effectwasobserved.Thehigherorderbasesgiveanadvan-
tagewhen using rough (large data/smoothnessratio) reg-
ularization,as would be expectedgiven that they capture
higher spatial frequencies. The low ordersgain ground
whensmootherflows areused,for the simple reasonthat



moreof thework is beingperformedby theflow generation
algorithm,while not affecting the spatialresolutionof the
flows which they cancapture.It hasbeenreported[5] that
high resolutionflow fieldsareimportantfor thecharacteri-
zationof facialaction, amoredetailedlevelof analysisthan
thatof recognizingfacialexpression. Ourmethodperforms
betterin thiscase,andhenceis moreextensibletowardsthis
moredetailedlevel.

Thenumbersin Table4 canbecomparedwith aresultof
89.9%obtainedfrom naive (untrained)humansperforming
the sametask [11]. However, the lack of training datain
all the experimentsdiscussedhereis a limiting factor for
ourmethod.Someof thesequencesin theTulips1database
haveonly threeimages,whichgenerateonly twoflow fields.
Givenmoredata,ahigherdimensionalfeaturevectorcould
beused.Humansubjectshaveno lackof trainingdataprior
to performingrecognitiontasks.

5 Discussion

We have presenteda simpleandyet generalrepresenta-
tion schemefor complex humanactionbasedupona setof
orthogonalZernike polynomials.We have shown that this
basisprovidesgood descriptionsof flow fields using low
dimensionalfeaturevectorspaces.It is a holistic approach
whichis notspecificto agiventypeof motion,andcouldbe
simplyappliedto any typeof flow field. A recognitionsys-
tem wasbuilt usinghiddenMarkov temporalmodels,and
resultswerepresentedwhich demonstratetheeffectiveness
of theZernike basisat characterizingtheflow fieldsgener-
atedby humanexpressionwith andwithoutsignificantrigid
headmotion. Resultswerecomparedwith thoseobtained
usingprincipal componentsasa basis,andwe found that
the universalZernike basiscan outperformthe morespe-
cific representation,leadingto ageneralmethodsuitablefor
representingandrecognizingarbitrarymotions.

Recognizingcomplex human motions basedon flow
fields relieson a spatialscaleat which to decomposethe
flow fields, a choiceof basiselementsto performthe de-
composition,andachoiceof temporalmodel.Our research
addressesthe interplay betweenthesethreeelements,by
investigatingthe useof Zernike polynomialsasbasisele-
ments,andHMMs astemporalmodels.Althoughwe have
not directly addressedthe issueof scale,theZernike basis
doesso implicitly, andis clearlywell suitedto the task. A
futuregoalof this researchis to find optimaltradeoffs be-
tweenspatialscale,spatialfrequency of therepresentation,
andtemporalsegmentation,for whichtheminimumentropy
methodsof [4] look promising.
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