An inverse dynamics approach to face animation
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Muscle-based models of the human face produce high quality animation but rely on recorded muscle
activity signals or synthetic muscle signals that are often derived by trial and error. This paper
presents a dynamic inversion of a muscle-based madelero and Munhall, 199%hat permits the
animation to be created from kinematic recordings of facial movements. Using a nonlinear optimizer
(Powell’'s algorithm, the inversion produces a muscle activity set for seven muscles in the lower
face that minimize the root mean square error between kinematic data recorded with OPTOTRAK
and the corresponding nodes of the modeled facial mesh. This inverted muscle activity is then used
to animate the facial model. In three tests of the inversion, strong correlations were observed for
kinematics produced from synthetic muscle activity, for OPTOTRAK kinematics recorded from a
talker for whom the facial model is morphologically adapted and finally for another talker with the
model morphology adapted to a different individual. The correspondence between the animation
kinematics and the three-dimensional OPTOTRAK data are very good and the animation is of high
quality. Because the kinematic to electromyogragBMG) inversion is ill posed, there is no
relation between the actual EMG and the inverted EMG. The overall redundancy of the motor
system means that many different EMG patterns can produce the same kinematic out@01 ©
Acoustical Society of AmericalDOI: 10.1121/1.1391240

PACS numbers: 43.70.Bk, 43.70.Jt, 43.71.]Mé4 |

I. INTRODUCTION cause the biomechanics of skin tissue is simulated. Hence,

subtle deformations and motions of the facial surface may be
In recent years, there has been considerable commercigiore accurately reproduced.

interest in face modeling for producing realistic animation in We have been pursuing a muscle appro@h., Lucero

the motion picture and computer games industries, as well and Munhall, 1999 following the work of Waters and Ter-

for teleconferencing and multimedia educational purposeggpoulos(Terzopoulos and Waters, 1990; Waters and Ter-

(see Parke and Waters, 1996, for a reyiett the same time  ;5n0yl0s, 1991 The model is composed of three compo-

there has also been interest in facial animation as a researgRnis that are incorporated in a 3-D rendering of an

tool. In the study of speech motor control, models that takﬁndividual talker's morphology(1) A jaw that is modeled as

into account the geometrical, physiological and biomechaniz single degree of freedom hinge joint. The jaw is kinemati-

cal characteristics of the face and vocal tract permit tests Oéally controlled from recorded data as in performance ani-
th? form la;ggcor?plexny c: heural f:ontrol S'gnﬁ"fb‘?'f' _mation.(2) A muscle module that represents a subset of the
siere et al. 9. In speech perception research, facia aNtacial musculature, including their geometry and physiology.

mation has been used for audiovisual sti'mulus .geperatior]lhe muscles are modeled using a standard Hill-type formu-
(e.g., Cohen and Massaro, 1990, 1pdA this application, lation that contains force generation due to the contractile

animation provides visual stimulus control that cannot be . .
) X element(a force depending on muscle length variation and
achieved with human actors.

. L . velocity) and a static dependence of force on muscle length
Available animation techniques cover a broad spectrurrzZajaC 1089: Winters, 1990(3) A skin component that rep-

including key framin rforman nimation, physicall . . .
cluding (€y raming, periormance a atio » Physica ylresents multiple layers of soft tissue with a deformable mul-
based animation, and parametrized geometrical mode

tilayered mesh.

(Parke and Waters, 1996 ach approach involves a trade-off . R
between computational cost and realism. For example, The model is controlled through activations of the mod-

simple key framing involves the interpolation between keyeleg T]gst(_:les th?t gine:at?trf]c_)rces d.efolrmlndg Ithe ell_ttached
poses or postures, and this requires far less computation thapodeied ssue. in a test ot this physical modeling, LUcero

a muscle-based, physical model that includes representatioﬁgd Munhall(1999 drove the animation with recorded intra-

of the tissue biomechanics and muscle physiology. Howevefuscular electromyographi&MG) signals. The animation

the physical models may offer greater dynamic realism, peProduced by these EMG signals was highly realistic and cor-
responded well with 3-D kinematic data recorded from the

9Electronic mail: mpiter@psyc.queensu.ca talker at the same time as EMG data acquisitioncero and
PElectronic mail: munhallk@psyc.queensu.ca Munhall, 1999.
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While these results are promising, the use of the modebr performance index such as smoothness, use of a hierarchi-
for stimulus generation in audiovisual perception experi-cal control strategy, etc. See Kawdft996 and Jordan and
ments is limited by its reliance on EMG signals. RecordingRosenbaunt1989 for reviews.
high quality facial EMG signals requires invasive intramus-  |n animation work, several kinematic-to-muscle inver-
cular techniques and complicated experimental proceduregions have been tested. For example, a static inversion was
Acquiring good signals from all of the many muscles of theimplemented in Terzopoulos and Watél993 to estimate

face would be difficult if not impossible. Further, intramus- ., \scle activity from single video frames. Energy minimizing

cular EMG recordings such as the ones used in Lucero anginosnakes; Kast al, 1987 were used to track features
Munhall (1999 are far from perfect measures of the full

muscle activation and force aeneration. Such problems a%f the face, then muscle activity corresponding to the facial
9 ' P ~contours tracked by the snakes was found. Although the

recording noise in the signals, movement artifact, interdigi- thod produced int " its. th ke techni
tation of the muscles fibers potentially leading to recordingsl:ne 0d produced interesting results, Ine snake technique was

from multiple muscles at any single recording sBair and essentially a static mapping betyveen facia! 'co'nfigurations in
Smith, 1986, and nonlinearities between EMG and force @ Single frame and a muscle activation equilibrium that could
generation can potentially corrupt the measured muscle actRroduce that configuration. Further, it relied on facial contour
vation patterns. Thus, in the long run it seems impractical tgletection, which is noisy and may not optimally parametrize
depend on recorded EMG signals as the basis for animatiotiie face(see the discussionMorishimaet al. (1998 used a
control. neural network approach to compute the correspondence be-
Two alternative control schemes can be considered fotween static expressiorispeech and emotiprmeasured by
our muscle-based face model. First, a higher-ordeoptical flow or optically tracked markers attached to the face.
command-level “language” could be developed that mapsAs in Terzopoulos and Watet4993 the inverted EMG was
actions at a task level onto the muscle lev8altzman, used to drive a physical model.
1979. There are a number of complexities involved with The approaches taken by both Morishimial. (1998
accomp!ishing this and few formal attempts have been madgnq Terzopoulos and Watetd993 share common chal-
to do this for speech motor control. Saltzman and Munhallgnges. The head motion and 3-D kinematics of the face are
(1989 pro_posed a tasl_<—|eve| scheme for the contrel of Con'onIy approximately corrected for. This can lead to aberrant
stncuone n a .mldsagltta! vocal tract, howeyer, this was &ace movements stemming from head motion accounted for
purely kinematic model with no mass or physiology modeled, . . . .
: . face movements and from inaccurate input used in the inver-
for the articulators. Ostry and his colleagues, on the other.

hand, have implemented a version of the equilibrium point3|on. Further, both approaches do not take advantage of the

model for the jaw(Laboissiee et al, 1996 and the tongue— inherent dynamics. of facial motieq. A mere comprehensive
jaw complex(Sanguinetet al, 1998. In these models, com- approach to mapping muscle activity to kinematics has been
mands at the level of the degrees of freedom of the articulac@/"ied out by researchers at ATR Laboratorigoto, Ja-

tor produce activation patterns across a set of modeleBan; €.g., Yehiat al, 1998; Kuratateet al, 1999.

muscles that result in the desired kinematic patterns. To pro- As part of a general research program to study the rela-
duce fluent speech both approaches would require the devdion between various correlates of speech produd@éaous-
opment of an additional level that encodes the sequentidic, EMG, facial kinematics, head motipnthe linear and
dynamics of articulation. Implementing such a scheme for anonlinear mappings between pairs of variables have been
3-D facial model with dozens of muscles, however, would bestudied(Kuratateet al, 1999. The estimation of 3-D facial

a daunting task. A second alternative is to drive the modemotion components from EMG was good for both linear and
kinematically by inverting the motion of a talker’s face and nonlinear approaches, although the stability of the nonlinear
computing the EMG signal and forces required by the modehpproach over time was an issue. In addition, the animation
to prOduce this motion. It is this inversion approach that iSmode| driven by these mappings was pure|y statistical and
the focus of this paper. _ _contained no physiological constraints.

In human speech motor control, there is redundancy in o approach shares the physical modeling of Terzopou-
both the articulatory and the neuromuscular systems, whicpyg 4ng Water$1993 and Morishimaet al. (1998 and uses
means that there are many potential motor solutions for ?recise 3-D tracking of the face and head, as in work by the
given intention. This redundancy gives rise to a range OhTR group. In comparison to Morishimet al. (1998, our
ill-posed problems for which it is difficult to arrive at unique ) . _ '

approach uses a classical nonlinear optimizer that does not

solutions. Inversiongkinematic, dynamic, etgfall into this . . .
. I need a training phase. In addition, our approach is truly a
class of ill-posed problems and there is little agreement on

how or whether the nervous system performs these inverc_iynamic inversion and is thus constrained by motions and
sions. forces generated in the model over time. Our aim in the

For example, Flask1990 has suggested that a form of present research is to create realistic animation based on 3-D
equilibrium control obviates the need for the nervous systenfinematic recordings. The use of muscle-based animation is
to invert the planned trajectory. On the other hand, there argreferred for its realism, however, this choice necessitates
a number of proposals in the robotics and motor control lit-EMG signals as input. The current inversion permits the cre-
erature for constraining inversions and thus making thenation of naturalistic animation sequences from a non invasive
computationally tractablge.g., use of an objective function kinematic recording procedure.
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We present in this article a dynamic inversion based on a
classical nonlinear optimizer called Powell's algorithm
(Presset al, 1992, Sec. 10)5The optimizer looks for a set
of modeled muscle activities minimizing the Euclidean dis-
tance between three-dimensional positions of markers at-
tached to a talker’s face and the corresponding nodes of the
face model. Three experiments were carried out to evaluate
the inversion. The goal of the first experiment was to test the
model with controlled synthetic data. The modeled muscles
were activated by a sawtooth EMG signal, then the resulting
face movements were used to estimate a new set of muscle
activities by means of the inversion. Standard Pearson corre-
lations between inverted and synthetic muscle activity were
analyzed. The inverted muscle activity was thereafter used to
synthesize a second set of face movements, and the two ani-
mations were compared by means of correlation analyses.
Our purpose for the second experiment was to test the inver-
sion on real speech production. EMG and facial kinematic
data from Lucero and Munhal(1999 were used. OP-
TOTRAK markers on a talker’'s face and EMG data were
simultaneously collected while the talker produced an En-
glish sentence; the OPTOTRAK is an electronic movement
tracking device, its stated 3-D resolution at 2.5 m distance is
0.01 mm(Vatikiotis-Batesoret al., 1993. The motion mea-
sured by this tracking system was used in the invergesa
timate inverted muscle activityand standard Pearson corre-
lations between the recorded EMG and inverted muscle
activity were computed. An animation was produced from
the inverted muscle activityy, and the motions of the
OPTOTRAK markers and the corresponding nodes of the
face model were compared by means of correlation analyses.
A third experiment was carried out to test if the face model
could be driven by a different talker’s face motion without
any face morphology model adaptation other than a global
head-size scaling. The kinematics of OPTOTRAK markers
attached to a new talker’s face were tracked over time during
syllable production. An inversion was carried out from the
OPTOTRAK marker motions, and animation was produced
from the inverted muscle activity. The correlations between
the motions of the OPTOTRAK markers and the correspond- b)
ing nodes of the face model were analyzed. Finally, the root
mean squarérms) distance between the OPTOTRAK mark-
ers and corresponding nodes of the model was compared fdG. 1. (@ The epidermal mesh in black thin lines and the lines of action of

. . . the muscles in gray thick linegb) The superimposed texture map. The face
the standard deviation of node positions around their Meaf}odel was adapted to the same speaker for both parts of the figure.

position.
Il. METHOD muscle tissues. The skull nodes are fixed in the three-
A The model dimensional space. A piecewise linear, biphasic approxima-

tion is used for the dermalfatty spring force elongation, and a
As noted above, the facial tissue is modeled as a multilinear approximation is used for all other spring force elon-
layered mesh with isotropic mechanical characteristics. Thgation. A nonlinear approximation is used for spring force
nodes in the mesh are point masses, and each segment caompression to provide an infinite growth of the force as a
necting a pair of nodes is a damped spring. The nodes apring length tends to zero. Figurdal shows the mesh
arranged in three layers representing the structure of facialdapted to a talker’'s morphology and indicates the lines of
tissues. The top layer corresponds to the epidermis, thaction of the muscles. Figurgd) shows the superimposed
middle layer represents the fascia, and the bottom layer modexture map for the talker.
els the skull surface. The elements between the top and The generation of muscle force was computed by using
middle layers represent the dermal-fatty tissues, and the eleectified and integrated EMG as a measure of activity. A
ments between the middle and bottom layer represent thgraded force development of the muscle fokdevas simu-
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lated by a second-order low-pass filtering of this EMG sig-
nal, according to the equation

2M+2M+M=M, (D)

where 7=15ms andM is the integrated EMGLaboissiee

et al, 1996. We will usefiltered EMGto refer to the filtered,

rectified, and integrated EMG in the rest of the article.
The equation of motion of each nodef the model had

the general expressioiferzopoulos and Waters, 1990; Lee

et al, 1995; Lucero and Munhall, 1999

d3x; dx  dx;
mge 12 (H_E

+; gi;+Ee g +si+hi=F,
2

wherex; was the current position of nodem was the node
mass equal to 0.000 23 kg for all nodes, the second term was
the total damping force acting on the nodé; represented

the nodes connected to nodandr was a constant equal to
0.050 kg/$, g;; was the spring force applied by nogleon
nodei, the fourth term modeled the skin incompressibility
(qie represented the triangular prism elements containingIG. 2. Positions of OPTOTRAK markefsrosses EMG electrode inser-
nodei), the fifth terms, was the skull reaction to the force tion points(filled circle), and face model nodegriangle.

applied by the fascia nodes, the sixth tehmwas a nodal

restoration force applied to the fascia nodes connected to thg.es lie along the bite surfad®amsayet al, 1996. The

skull, F; was the total muscle force applied to nade number of markers and their positions on the talkers’ faces
were not the same for all experiments, and they will be de-
scribed in the following individual methods.

B. Physiological measurements and model commands

The common characteristics of the three experiments ar
described here while the unique aspects of the experimen
will be outlined in separate sections. The principle of the inversion is to continuously update

The face model had been adapted to a single subjectthe muscle activity to produce a face movement following a
morphology for Lucero and Munhalll999 using data from given face trajectory. To follow the face trajectory, the inver-
a Cyberware laser scannékee et al, 1993, 1995 This  sion minimizes the Euclidean distance between OPTOTRAK
morphology was used in our three experiments in order tanarkers and the corresponding nodes of the model. Given
ease the comparison between results and in order to use thiee mass positions and velocities and given the muscle activ-
physiological data collected for Lucero and Munh@999. ity that brought the face model into a state corresponding to

In order to use EMG data collected for Lucero and Mu-a frame, the inversion finds a new muscle activity for which
nhall (1999, and in order to compare the results of our threethe solution of the differential equatid®) brings the masses
experiments, the face model was also controlled in thén one 1/60th of second to the position corresponding to the
present work in the same manner as in Lucero and Munhaliext frame. All calculations are based on the physics of the
(1999. The model was symmetrically controlled by eight model, including the node masses, velocities, and muscle
pairs of muscles, one muscle of each pair on each side of therces. As a consequence, modeled skin inertia partly deter-
face. They were the levator labii superior, levator anguli orismines how muscle activity has to be modified to bring the
zygomatic major, depressor anguli oris, depressor labii infeface model from one position to the next one. This is funda-
rior, mentalis, orbicularis oris superior, and orbicularis orismentally different from inversion techniques matching each
inferior. The pair levator anguli oris/zygomatic major could OPTOTRAK position to a facial expression at equilibrium.
not be reliably distinguished for the EMG measurementsQur inversion is a truly dynamic inversion matching the dy-
hence these muscles were driven in the model by the sameamics of the face model to a kinematic pattern.
activation. This left seven degrees of freedom in the control ~ As in all nonlinear iterative algorithms, the inversion
space. The black circles of Fig. 2 show the approximate poneeds a starting set of values for the muscle activity for each
sitions of the seven EMG electrode insertion points. frame, then updates the set until convergence is achieved.

The sampling rate of the OPTOTRAK data used in Ex-The muscle activity estimated for a frame was used as the
periments 2 and 3 was 60 Hz. The facial movement data iseed of the next one. The resting positim muscle activ-
both experiments were corrected for motion of the head byty) was always used as the seed of the first frame. When the
transforming the data to a coordinate system in which thénversion had been carried out for all frames, the inverted
origin is the incisor cusp and the horizontal and protrusiormuscle activity was used to generate an animation.

. Inversion technique
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A conventional nonlinear optimizer minimizing a cost 1 N
function was selected to implement the inversion. The cost  o,= \/——= >, |vi—u,|% (6)
function E was the sum of the squares of the Euclidean dis- n-1/=
tances between the OPTOTRAK markers and the correwhere||? is the vectorial square magnitude operator. The

sponding face model nodes: 3-D correlationp,,, between two node trajectoriesandw
N composed oh samplew; andn samplesw; was
E=2 [m—n? 3 INE v Wi— gy
= Pow= , (7)
0,0w

where m; and n; are the 3-D positions of theith  wherev,-v, is the dot product between vectars andv,.
OPTOTRAK marker and face model node, respectivilis  Like a 1-D correlation,p,,, always belongs to interval

the number of nodes used in the inversion, &ffdis the [-1, 1].

vectorial magnitude square operator, i.e., the sum of the

squares of each coordinate of the vector. T_he optimizer miniy; EXPERIMENT 1

mizing the cost function was Powell’s algorithiresset al., _ _ _ _ _ _
1992, Sec. 10)5The algorithm searched a set of seven spe- Two spaces are involved in our inversion: the kinematic
cial orthogonal directions in the seven-dimensional controfPace and the muscle activity space. The purpose of the first
parameter space driving 16 muscles. The constraint in th@xPeriment was to analyze how consistently we could go and
selection of those directions was that a minimization along?0me back from one space to the other. We therefore worked
each of them would not influence the minimizations carriedith synthetic data.

out along the six other directions. As a consequence, Oncg. Method

the set had been found a simple one-dimensional minimiza-

tion algorithm could be used sequentially along each direc- ~ 1he 16 selected muscles were synchronously activated
tion. by a wave of triangles composed of the sequédii¢cé/6, 2/6,

The inversion could produce different muscle activity 3/6: 4/6, 5/6, 6/6, 5/6, 4/6, 3/6, 2/6, }/fepeated 3 times to

patterns, depending on the initial conditions. Constraints ma§'¢at€ & 36-sample time series made of 3 identical triangular
be added to the inversion to limit the number of solutions. InS1@Pes. Then the same 11 nodes used in Lucero and Munhall

all analyses, the inversion was carried out without Con_(1999 were tracked over time. Their approximate positions

straints; then with the constraint that the inverted filtered®'® shown by the 11 crosses of Fig. 2. The 3-D time series of

EMG values had to be positive. The new positive constrainf'0S€ 11 nodes were used to carry out the dynamic inversion.
cost functionE’ was redefined in the second case by Then, standard Pearson correlations between the original and

inverted muscle activity were calculated to compare the
EiN=1|mi_ni|21 if all filtered EMG>0, original and inverted EMG patterns.
= . ) Next, the inverted muscle activity was used to calculate
10°(1+|XEMGO),  if at least one filtered EM&O, 5 0y animation. The 3-D standard Pearson correlations be-
) tween the 11 nodes tracked during the first and the second
animation were computed by means of E@. to compare

!

where m; and n; are the 3-D positions of theth X :
OPTOTRAK marker and face model node, respectivsllis (e two kinematics. _
the number of nodes used in the inversion, and EMGO is the Finally, we also calculated 3-D standard correlations be-

set of negative muscle activity levels. The constraint that alfvé€n the two animations for eight nodes that were not used

filtered EMG had to be greater than zero will be called thell the inversion. Their approximate positions are shown by

positive constraintn the rest of this article. the white triangles in Fig. 2. The correlation indicate how

For all inversions,JE/N and VE'/N were calculated accurately a face movement can be reproduced using con-
over time to estimate for each frame the rms of the distancel£0!léd simulated signals.

between the OPTOTRAK markers and their corresponding
nodes. B. Results and discussion

To compare the 3-D time series of the OPTOTRAK  Taple | presents standard Pearson correlations between
markers and of the face model nodes, we generalized a feynthetic and inverted muscle activity. The first line of the
1-D statistical features to three dimensions. The mean posigple shows that the two types of muscle activity were poorly
tion of a 3-D node trajectory composed ofn samples  correlated. Only three standard Pearson correlations out of
(xi,Yi,z) was its centroid, i.e., a point, for which each  seven were significantly different from zero. This means that
coordinate was the arithmetic mean of the corresponding cQye cannot loop with forward calculations and inversion and

ordinate values of all samples of the time series: find the same muscle activity. The second line of the same
N N N table shows that adding the positive constraint did not
B 12 _ 12 _ EE _ g  change fundamentally the results. A one-way analysis of
Ko™l h = Xi “= Yio n; 4l ®) variance of the correlations using the constraint as the factor
was not significant at the 0.05 levgF(1,12)=0.012; p
The standard deviatiorr, of a 3-D node trajectory was  =0.913, i.e., no significant difference in average correlation
estimated by was found whether the positive constraint was used or not.
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TABLE I. Correlations between synthetic and inverted muscle activity. The column labels “DAO” to “O0OS” stand for Depressor Anguli Oris, Bepress
Labii inferior, Levator Anguli Oris/zygomatic major, Levator Labii superior, Mentalis, Orbicularis Oris Inferior, and Orbicularis Oris Supeegioow labels

“No const.” and “EMG>0"" mean that no constraints or the positive one were used in the inversion, respectively. The correlations printed in bold were
significantly different from 0 at 0.05 level according to a two-tail standard Pearson sample correlation test with 34 degrees of freedom.

DAO DL LAO LL M o]e]] 00sSs
No const. 0.28 0.43 —0.02 0.14 0.38 0.65 0.14
EMG>0 0.34 0.46 —0.18 0.34 0.41 0.54 0.19

Table Il shows 3-D correlationkEq. (7)] between ani- nodes for the stimuli used in the three experiments. The data
mation mesh node movements resulting from synthetigive an indication of the average error made by the method
muscle activations and node movements resulting from inreconstructing a node position. For each node time series, the
verted muscle activations. The top half of the table showsaple presents its minimum, its first quartile, its median, its
correlations for the 11 nodes used in the inversion, the botmrq quartile, and its maximum. The 3-D standard deviation
tom half of the table contains the results for eight nodesyt each node trajectory was computed by means of(6q.
unused in the inversion. The correlations were always greatef . |ast column of Table Il contains the double of the rms

than 0.7'in all but one case out of 38, greater than 0.8 in 3 f the standard deviations of the nodes used in the inversion
cases out of 38, and greater than 0.9 in 16 cases out of 3 or each stimulus, i.e., the nodes used to compute the other
This shows a very good match between the two animations. o P

To analyze if the movements of the nodes used in th&olumns of the table. This is an estimate of the average
inversion were better reconstructed than the movements ¢povement amplitude of the nodes. This can be compared to
the other nodes, and to test whether using the positive coril® average error made by the method reconstructing a node

straint in the inversion led to different results, a two-way movement.

analysis of variance was carried out. The two factors were ~ The top part of Table Ill shows that the rms distance
“node used or unused in the inversion” and “positive con- between the OPTOTRAK markers and the corresponding
straint used or not in the inversion.” The two factors andnodes of the face model was small for the synthetic stimuli.
their interaction were not significantF(1,34)=2.57, p  The rms distance was generally close to 0.3 mm and never
=0.118 for the node factoF; (1,34)=1.13,p=0.296 for the  reached 0.5 or 0.7 mm during the whole simulation when no
constraint factor; andr(1,34)=0.053,p=0.820 for the in-  constraints were used or when the positive constraint was
teractior]. This demonstrates that the movements of parts ofdded to the inversion, respectively. As can be seen, the re-
the face that were not used in the inversion were as Welkonstruction error was always smaller than the average

reconstructed as those used in the inversion. movement amplitude of the nodes for the synthetic data.
The 11 nodes used for the inversion belonged to the To summarize the results so far, carrying out an

right-hand side of the fage model. The eight nodes _used fhversion without constraints will not lead to the original
test the face reconstruction belonged to the other side. De- - .
. . .~~~ Set of muscle activities because many possible muscle
spite symmetric control of the face muscles, the animations ctivity patterns can lead to the same kinematics. Addin
were slightly asymmetric because the talker’s face and th y _p_ . . 9
adapted mesh were asymmetric. The kinematics of the le e positive constraint does not lead to the original EMG
half of the face were, nevertheless, as well reproduced as tfiataset either. Conversely, a face movement generated
kinematics of the right half of the face, even though the leftP?y the model can easily be reproduced by means of our
half was not used in the inversion. This is an important resultinversion-resynthesis” method when data for only a small
since it suggests that the physiological constraints of th&et of nodes are available.g., a set of 11 nodes covering
model are accurately mimicking facial tissue dynamics. ~ only half of the facg The next question is “Would it be
Table 11l summarizes the distribution of the rms distancepossible to replicate face movements produced by a real

between the OPTOTRAK markers and the correspondingalker?”

TABLE II. The 3-D correlation$Eg. (7)] between node movements resulting from synthetic and inverted modeled muscle activity. The approximate positions
of the nodes on the face can be seen in Fig. 2. The row labels “No const.” and ‘“EMGstand for “No constraints used in the inversion” and “positive
constraint used in the inversion.”

Nodes used in the inversion

Node # 1 2 3 4 5 6 7 8 9 10 11
No const. 0.92 0.90 0.95 0.87 0.88 0.92 0.93 0.84 0.91 0.82 0.90
EMG>0 0.92 0.87 0.95 0.88 0.89 0.93 0.92 0.61 0.90 0.75 0.89

Nodes unused in the inversion

Node # 12 13 14 15 16 17 18 19
No const. 0.84 0.73 0.85 0.87 0.81 0.91 0.93 0.87
EMG>0 0.87 0.82 0.83 0.85 0.76 0.90 0.90 0.74
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TABLE llI. A summary of the distribution functions of the rms Euclidean distances between the OPTOTRAK markers and the corresponding node positions
for all stimuli used in the experiments. The last column of the table also contains an estimate of the average movement amplitude of the nodes. This was
estimated by the double of the rms of the 3-D standard devigEgn(6)] of the node trajectories. This must be compared to the “Median” column of the

table. The results are given in mm. The top part of the table is related to the synthetic stimuli of the first experiment, the middle part to the temiteal sen
“Where are you going?” of the second experiment, and the bottom part to the four monosyllables used in the third experiment. The column ldiels “Min.
“Mov.” stand for “Minimum,” “First Quartile,” “Median,” “Third Quartile,” “Maximum,” and “Movement mean.” The row labels “No const.” and

“EMG >0"" mean that no constraints or the positive one were used in the inversion, respectively.

Min. 1st quantile Median 3rd quantile Max. Mov.

Synthetic data

No const. 0.079 0.213 0.293 0.347 0.490 2.024
EMG>0 0.131 0.262 0.339 0.456 0.663 2.024
Measurements with face adaptation
No const. 0.034 0.753 1.126 1.714 2.289 5.748
EMG>0 0.035 0.903 1.867 2.643 4.020 5.748
Measurements without face adaptation
[bzefd 0.008 0.569 0.922 1.712 3.176 6.580
[beb] 0.008 0.462 0.747 1.409 2.466 4.876
[deed 0.008 0.523 0.933 1.734 2.658 6.060
[ded] 0.008 0.453 0.772 1.601 2.664 5.784
IV. EXPERIMENT 2 B. Results and discussion

The second step in our series of experiments was to test 12Ple IV shows correlations between EMG measure-
the method using recorded data. We had two goals in minghents and muscle activity inverted from OPTOTRAK data.
with this experiment. First, we wanted to know if recorded None of these correlations were significantly different from
EMG data could be estimated from facial kinematics using?€r© at the 0.05 level according to a two-tail standard Pear-
the dynamic inversion. Second, we wanted to know howsOn sample correlation test, even though the degrees of free-

accurately the OPTOTRAK marker kinematics could be re-dom were relatively larggl33. This confirms that the in-
produced after an inversion-synthesis operation. version with or without the positive constraint could not be

used to determine which muscle activity pattern lay behind
A. Method the face movements.

EMG and OPTOTRAK data collected for Lucero and ~ Table V presents 3-D correlatiof&g. (7)] between the
Munhall (1999 were used in this test. A native American 11 OPTOTRAK markers and the corresponding node move-
English talker produced the sentence “Where are you goments of the face model. As in the first experiment, the 3-D
ing?” Muscle activity from the left part of the talker’s face correlations were high, except for nodes 2 aniBper lip
and 3-D positions of 11 OPTOTRAK markers attached onwhen the positive constraint was used in the inversion. A
the right side of the talker’s face were recorded simulta-One-way(positive or no constraints in the inversjcanalysis
neously along with the speech signal. The black spots andf variance of the 3-D correlations showed that the differ-
the black crosses of Fig. 2 show the approximate positions aggnce was not significant at the 0.05 ley€l(1,20)=1.62;
the 7 EMG electrode insertion points and of the 11p=0.217.

OPTOTRAK markers, respectively. Synthetic facial movements such as those in the first

The OPTOTRAK data were used to carry out a dynamicexperiment might be more accurately reproduced than natu-
inversion, and the standard Pearson correlations between thal movements of a human talker. Possible recording errors
inverted muscle activity and the EMG data were calculatedin the real kinematics, movement limitations in the model, or
Next, the inverted muscle activity was used to synthesize differences in the power spectra in the model and face could
new animation, and the 3-D standard Pearson correlatioral contribute to lower correlations between the resynthesized
between the OPTOTRAK marker positions and the corretecorded movements and the actual kinematics. In the syn-
sponding nodes of the face model were calculated by mearthetic facial movements, the motions are obviously realizable
of Eq. (7). by the model, but real articulation may not be to the same

TABLE IV. Correlations between EMG measurements and muscle activity estimated from OPTOTRAK data. The column labels “DAO” to “O0S” stand for
Depressor Anguli Oris, Depressor Labii inferior, Levator Anguli Oris/lzygomatic major, Levator Labii superior, Mentalis, Orbicularis Orés, lafedi
Orbicularis Oris Superior. The insertion points of the electrode used to measure the EMG data can be seen in Fig. 2. The row labels “No const.” and
“EMG >0"" mean that no constraints or the positive one were used in the inversion, respectively.

DAO DL LAO LL M (e]e]] 00sSs
No const. —0.06 —0.16 —0.06 0.11 —0.01 —0.04 —0.04
EMG>0 0.08 -0.11 —0.03 0.08 —0.07 0.04 0.03
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TABLE V. The 3-D correlation§Eq. (7)] between 11 OPTOTRAK marker trajectories and the corresponding node movements of the face model resulting
from inverted EMG for the sentence “Where are you going?” The approximate positions of the nodes can be seen in Fig. 2.

1 2 3 4 5 6 7 8 9 10 11
No const. 0.93 0.72 0.96 0.95 0.95 0.95 0.91 0.78 0.67 0.61 0.78
EMG>0 0.89 —0.13 0.92 0.87 0.92 0.86 0.80 0.50 0.61 0.78 0.80

extent. To examine this issue, we compared the 3-D correlasing. The difference in positiord, ,do, ,do,) between two
tions of Tables Il and V for the nodes numbered from 1 to 11.0OPTOTRAK markers was computed for the first frame of
Those nodes were the same in both experiments. A two-wathe stimulus, i.e., in the resting position of the talker. The
(“synthetic versus OPTOTRAK data” and “positive con- same two OPTOTRAK markers were used for all adaptations
straint versus no constraints” analysis of variance of the corfsee the #’ signs in Fig. 3c) showing the corresponding
relations did not reveal any significant difference at the 0.05nodel nodek They were manually selected only on the basis
level [F(1,40)=3.99, p=0.053 for “synthetic versus of having a large distance between them for each dimension.
OPTOTRAK data;” F(1,40)=2.20, p=0.146 for “con-  The difference gn,,dn,,dn,) between the two correspond-
straint presence;” ané(1,40)=0.886,p=0.352 for the in- ing model nodes was calculated for the model in its resting
teractior]. This suggests that replicating a natural face moveposition. For each dimension, the OPTOTRAK data was res-
ment with the face model using real OPTOTRAK caled by the ratio between node and marker distance, e.g.,
measurements may be as precise as replicating a face mow#n, /do, . Each dimension was thereby linearly rescaled by a
ment originally produced by the face model. different factor. Finally, the coordinate system of each
To summarize, the results showed that the OPTOTRAKOPTOTRAK marker was shifted to match its position with
kinematics could be recovered by the inversion-synthesithe corresponding model node’s for the resting position.
procedure with very good accuracy. EMG measurements,
however, could not be recovered from OPTOTRAK mea-
surements by means of the inversion.

V. EXPERIMENT 3

For practical reason&.g., not all laboratories have ac-
cess to a laser range finder such as Cybennamnd theoret-
ical concerngthe study of facial motion independent of mor-
phology), we wanted to invert the facial motion of one talker
and animate the morphology of another talker. To be practi-
cal, the adaptation of the talker's morphology to the face
model had to be simple and achievable with a 2-D image. In
this test, we simply aligned key features of the face and
model, and linearly scaled the model to tkey, andz di-
mensions of the talker. To be theoretically interesting, the
animation must preserve the talker’s 3-D kinematics on the
new facial morphology. This is tested with correlation analy-
sis and estimation error analysis.

A. Method
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A native Canadian English talker produced the monosyl-
lables /baeb/, #b/, /deed/, and ktl/. He was asked to begin
each utterance from the same closed mouth initial position.
The 3-D positions of 22 OPTOTRAK markers were recorded
during his speech productidiFig. 3a)].

To determine to which node of the face model each
OPTOTRAK marker corresponded, a picture of the surface
layer of the mesh and a picture of the talker were overlaid in C)
PhotoshopgAdobe, San Jose, OAThe width and height of

the n;e;h plcturehwer(Tkm?m:cJally ad(JjUSted to Ott;tam E gooEIG. 3. (a) The talker in Experiment 3 with the 22 OPTOTRAK markers
matc etween the talker’s face an méE'g' 3 )] The attached to his faceb) Overlay of the talker’s image and the mesh. The
closest node to the center of each OPTOTRAK marker waseight and width of the mesh were manually adjusted to match the talker’s
then selected for use in the inversion. The dots superimposétgad size(c) The 22 nodes of the mesh selected to match the OPTOTRAK
on the mesh of Fig. @) show the selected nodes. marker positions on the talker’s face. The tw0 signs (17 and 21 were

. ased to automatically adapt the mesh size to the talker’s head size. The four
For each stimulus, the face model was roughly adapte quares4, 6, 14, and 2pwere not used in the inversion of Experiment 3,

to the dimensions of the talker’s head at the stimulus beginbut were used to test the accuracy of the inversion-synthesis operation.
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TABLE VI. The 3-D correlations between OPTOTRAK markers and corresponding node movements for syliabld beb], [deed, and[ded]. The
approximate positions of the nodes can be seen in F@. Bhe columns corresponding to the nodes numbered 4, 6, 14, and 20 are printed in bold because
those nodes were not used in the dynamic inversion.

Node # 1 2 3 4 5 6 7 8 9 10 11
[bee 0.70 0.94 0.93 0.78 0.41 0.89 0.87 0.94 0.90 0.90 0.89
[beb] 0.66 0.93 0.92 0.75 0.35 0.88 0.87 0.89 0.86 0.86 0.87
[deed 0.66 0.96 0.97 0.81 —0.07 0.82 0.77 0.95 0.92 0.93 0.93
[ded] 0.62 0.96 0.96 0.77 0.02 0.85 0.76 0.94 0.93 0.92 0.93
Node # 12 13 14 15 16 17 18 19 20 21 22
[bael 0.87 0.81 0.88 0.94 0.95 0.86 0.79 0.87 0.57 0.81 0.90
[beb] 0.79 0.82 0.85 0.94 0.93 0.80 0.73 0.84 0.53 0.66 0.92
[deed 0.83 0.79 0.75 0.97 0.93 0.91 0.85 0.82 0.66 0.88 0.89
[ded] 0.83 0.74 0.72 0.97 0.92 0.92 0.84 0.83 0.67 0.93 0.89

Four OPTOTRAK markergsquares in Fig. &)] were  confirms the important results of the first experiment, sug-
omitted from the inversion to serve as test data. The invergesting that the whole facial surface can be synthesized from
sion was thereby carried out using the 3-D time series of 1& sampling of position data.

OPTOTRAK markers. Subsequently, an animation was pro- In addition to the correlation analysis, the spatial error
duced from the inverted muscle activity. The 3-D standardvas estimated. As can be seen in the lower part of Table lll,
Pearson correlations between OPTOTRAK marker measurghe rms distance between a node and the corresponding
ments and face model movements were calculated by mea@®PTOTRAK markers was usually smaller than 1 mm and
of Eq. (7). always stayed below 3.2 mm. This indicates that the modeled
movements were close to the real ones.

In this experiment, the morphology of the face model
was not adapted to the talker’s, unlike the previous experi-

The inversion process always diverged when no conments. In other words, one modeled face was driven by
straints were added. Several negative muscle activities wemovements of another face. A one-way analysis of variance
selected by the algorithm, then the method increased the albomparing the 22 correlations of the previous experiment
solute values of the negative levels of activitiiey became (Table V) to the 88 correlations of the present experiment
more negative over timeauntil the cost function increased to (Table VI) did not reveal any significant difference at the
an unacceptable level. As a consequence, only the resul@s05 level [F(1,108)=0.923; p=0.339. Table Ill also
produced by the inversion using the positive constraint willshows that the rms distance between the OPTOTRAK mark-
be presented. ers and the corresponding nodes were not worse for the un-

Table VI shows the 3-D correlations between the 22adapted model than the adapted one.

OPTOTRAK markers and the corresponding node trajecto-

ries. All reconstructed node movements were highly corres
lated to the OPTOTRAK marker movements, with the ex—VI' GENERAL DISCUSSION

ception of node Hthe upper lip centgr Note that the four In a series of tests, a dynamic inversion of facial kine-
nodes that were not used in the inversiondes 4, 6, 14, and matics has been successfully demonstrated. Using 3-D
20) were also well correlated to their correspondingmarker data as input, the inversion minimized the error be-
OPTOTRAK markers. The lower correlation for node 20 istween the model behavior and the recorded kinematics by
likely related to its small movement amplitude. The averagevarying activity in the modeled muscles of a physically
movement amplitude of that node was 1.204 mm, which wa®ased model of the face. Successful inversion-synthesis was
small in comparison to the average movement amplitude esdemonstrated for synthetic model data, for EMG and kine-
timated across the whole fa¢gee last column of Table )l matic data using a morphologically adapted animation
Hence, the impact of node 20 on the animation was low. model, and finally using kinematic data collected for a dif-

To assess if the kinematics of the 18 nodes used in théerent subject than the facial model was morphologically
inversion was more strongly related to the OPTOTRAKadapted to. These accurate animations were achieved without
markers than the four reserved nodes, a two-way analysis @&producing the original EMG patterns. There was no corre-
variance of the correlations was carried out. The two factor$ation between the inverted and recorded EMG.
were “node used versus unused in the inversion” and  This inversion is important for use in perceptual re-
“stimulus” ([beel, [beb], [deed, or [ded]). The null hypoth-  search for a number of reasons. As demonstrated here, natu-
esis was rejected at the 0.05 level in all cafE$1,80) ralistic animations can be produced by the approach and the
=1.89, p=0.173 for “used versus unused;F(3,30) facial kinematics in the animations are well characterized
=0.140,p=0.936 for the stimulus ané&(3,80)=0.006, p since they derive from actual kinematic data. As we have
=0.999 for the interaction Thus, the reconstructed node suggested beforée.g., Munhall and Tohkura, 1988ne of
movements were equally correlated for the four stimuli andthe current weaknesses in audiovisual speech research is that
the nodes unused in the inversion were as well correlated tdhe visual stimuli are often poorly controlled and not well
the OPTOTRAK marker movements as the other nodes. Thidescribed. Since the animations in the present approach are

B. Results
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produced from kinematic data, a variety of experimental ma-  The adaptation of the animation for use with a new
nipulations are feasible. Head motion and face motion ar¢alker (Exp. 3 and the matching of OPTOTRAK markers to
separated as part of the standard data processing and canrsles in the mesh in all of the experiments were simplistic,
independently controlled in the animatitef. Kuratateet al,  albeit effective. The influence of error in this phase of the
1999. In addition, scalar manipulation of the kinematic am- inversion is, at present, unknown and will require 3-D imag-
plitudes or time scales require only trivial manipulations ofing of the talkers with and without the OPTOTRAK markers
the kinematics prior to inversion. Finally, the ability to use attached. Also, it is unknown how a talker’s and a face mod-
the motions of one individual to drive the facial features of€el’s morphology can differ before the inversion diverges. We
another individual permits a range of studies of identity andheed a recording of more subjects to address this issue. In
speech processingf. Nygaard and Pisoni, 1998 addition, it is unknown at this point, what the optimal num-
When considered as a model of speech production, thBer and placement of OPTOTRAK markers is. Resolving
inversion serves as a reminder of the computational comtis problem will require a better understanding of the de-
plexity of motor control. Many muscle activity patterns can 9rées of freedom of the face during speech production. Stud-
produce similar face movements, and the recorded EMCES Of the principal components of static lip shejpénker,

could not be estimated by means of our inversion proceduré82 and the principal components of lip kinemati¢&am-
in its present state. This is not a surprising finding since, aS&Y €t al. 1996 show a small number of modes of variation

noted above, the kinematic inversion is a mathematically iII-durlng speech. In Linker's data, the English vowels can be

formed problem. To data, we have not explored the kinds ijisj[inguished with a single meastre, horizontal open?ng,
constraints that might make the problem tractable. Reducin hile the Cantonese vowels required two factors and Finn-

the degrees of freedoife muscle synergyand applyin h, Swedish, and French vowels three factors. Raratay.
geg : g M Sy »a pplying (1996 calculated the principal components of lip motion in
various cost functiong&.g., minimum jerkare common sug-

. . . . >... English for the 3-D motion of markers positioned around the
gestions in the motor control literature and these possibilities . . . .

. . oral aperture. In this data, the motion of any single position
warrant further exploration in the context of this model.

o f the striking findi ¢ the i ) h tmarker on the lip was strongly one-dimensional. When
)ne of the striking indings from the nversion was tha point-light facial displays are used to study audiovisual
the kinematics of markers that did not contribute to the in-

: \uti duced : h ks eech, the number and placement of lights is also an issue.
version solution were reproduced as accurately as the markef,canpiumet al. (1996 have manipulated the number and

data that served as input to the inversion. This suggests thaf-4ion of lights and shown enhancement of speech percep-
the animation is spatially and temporally correct across gjon in noise with more lights. However, the necessary and
broad surface of the face, even when those regions of thgficient number of markers needed to optimize point-light
face were not directly sampled in the inversion process. Thi?erception and the inversion is not known.
behavior of the model is essential for its use in audiovisua In spite of these unknowns, the success of the animation
perception research. A number of studies have indicated th%‘roduced by the dynamic inversion is testament to the ad-
When more Of the face iS ShOWI’l, |nte”|g|b|l|ty increaseSVantages Of phys|ca”y based animation_ The under|ying d|f_
(e.g., Le Goffet al, 1997. Further, statistical studies of the ferential equations of the model provide a unitary description
relationship between facial kinematics and acousticsf the shape and motion of the human face and its gestures
(Vatikiotis-Batesoret al, 1996 have shown that even small (Terzopoulos and Fleischer, 1988The animation that is
motions on the periphery of the face contribute independergenerated by the numerical solution of these equations is
information about the acoustics. realistic across the full facial surface. The ability to drive the
In spite of its success, there are a number of issues abomiodel with kinematic data that the current inversion pro-
the inversion that will need to be the focus of ongoing re-vides makes this an attractive approach for stimulus genera-
search. The inversion constraint that was implemefpedi-  tion.
tive constrainkt had little effect on the overall movement fit
nor any effect on the correspondence of the inverted EMG taCKNOWLEDGMENTS
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