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Abstract— Synthesizing expressive facial animation is a of a moving face is complex and we humans have an
very challenging topic within the graphics community. inherent sensitivity to the subtleties of facial motiont bu
In this paper, we present an expressive facial animation g|so because human emotion is an extremely dif cult
synthesis system enabled by automated leaming from yiargisciplinary research topic studied by researchers

facial motion capture data. Accurate 3D motions of the computer graphics, articial intelligence, communi-
markers on the face of a human subject are captured while )
cation, psychology, etc.

he/she recites a pre-designed corpus, with speci c spoken . . . .
and visual expressions. We present a novel motion cap- N this paper, we present an expressive facial anima-
ture mining technique that “learns” speech co-articulation ~ tion synthesis system that learns speech co-articulation
models for diphones and triphones from the recorded models and expression spaces from recorded facial mo-
data. A Phoneme-Independent Expression Eigen-Spacetion capture data. After users specify the input speech (or
(PIEES) that encloses the dynamic expression signals istexts) and its expression type, the system automatically
constructed by motion signal processing (phoneme-basedgenerates corresponding expressive facial animation. The

time-wrapping and subtraction) and Principal Component preliminary results of this work have been published in
Analysis (PCA) reduction. New expressive facial anima-
conferences [3], [4].

tions are synthesized as follows: rst, the learned co-
articulation models are concatenated to synthesize neutta
visual speech according to novel speech input, then an System Description
texture-synthesis based approach is used to generate novel
dynamic expression signal from the PIEES model, and

nally, the synthesized expression signal is blended with

the synthesized neutral visual speech to create the nal

expressive facial animation. Our experiments demonstrate

the system can effectively synthesize realistic expressiv

facial animation.

Index Terms— Facial Animation, Expressive Speech, An-
imation Synthesis, Speech Co-Articulation, Texture Syn-
thesis, Motion Capture, Data-Driven

l. INTRODUCTION Fig. 1._ This gure illustrates the_ three main stages of our system:
recording, modeling and synthesis. In the recording stage, exygessi
Facial animation is one alternative for enabling naturgdcial motion and its accompanying audio are recorded simultane-

human computer interaction. Computer facial animatidiysly and preprocessed. In the modeling stage, a new approackiis use
to learn speech co-articulation models from facial motion capture

has ap_pllcatlons In many _eI_ds._For example, '_n thﬁata, and a Phoneme-Independent Expression Eigen-SpaceS)PIEE
entertainment industry, realistic virtual humans with fas constructed. In the nal synthesis stage, based on the learned

cial expressions are increasingly used. In communicatieeech co-articulation models and the PIEES from the modeling
applications, interactive talking faces not only make thcéage,_ expressive facial animatior_1 is synthes_ized according to the
. . . iven input speech/texts and speci ed expression.

interaction between users and machines more fun, But

also provide a friendly interface and help to attract

users [1], [2]. Among the issues concerning the realismFigure 1 illustrates the schematic overview of the
of synthesized facial animation, human-like expressi@ystem. Our system is composed of three stages: record-
is critical. Despite of the need of synthesis of expresig, modeling and synthesis. In the recording stage,
sive facial animation in these various applications, é@xpressive facial motion and its accompanying audio
still remains a very challenging topic for the computesire recorded simultaneously and preprocessed. In the
graphics community. This is because the deformationodeling stage, a new approach is presented to learn
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speech co-articulation models from facial motion captukemown facial animation book by Parke and Waters [8].
data, and a Phoneme-Independent Expression Eigen-
Space (PIEES) is constructed. In the nal synthesis
stage, based on the learned speech co-articulation mo@el
and the PIEES from the modeling stage, correspondingCassell et al. [9] present a rule-based automatic system
expressive facial animation are synthesized accordingth@at generates expressions and speech for multiple con-
the given input speech/texts and expression. versation agents. In their work, the Facial Action Coding
This synthesis system consists of two sub-systen®ystems (FACS) [10] are used to denote static facial
neutral speech motion synthesis and dynamic expressaxpressions. Noh and Neumann [11] present an “expres-
synthesis. In the speech motion synthesis subsystensidn cloning” technique to transfer existing expressive
learns explicit but compact speech co-articulation moddéial animation between different 3D face models. This
from recorded facial motion capture data, based ontechnique and the extended variant by Pyun et al. [12]
weight-decomposition method [5]. Given a new phonenae very useful for transferring expressive facial motion.
sequence, this system synthesizes corresponding neu#@lvever, they are not generative; they cannot be used for
visual speech motion by concatenating the learned aenerating new expressive facial animation. Chuang et
articulation models. In the dynamic expression synthat. [13] learn a facial expression mapping/transformation
sis subsystem, rst a Phoneme-Independent Expressfoom training footage using bilinear models, and then
Eigen-Space (PIEES) is constructed by a phoneme-bati@d learned mapping is used to transform input video
time wrapping and subtraction and then novel dynamid neutral talking to expressive talking. In their work,
expression sequences are generated from the construtitedexpressive face frames retain the same timing as
PIEES by texture-synthesis approaches [6], [7]. Finallfhe original neutral speech, which does not seem plau-
the synthesized expression signals are weight-blendstdle in all cases. Cao et al. [14] present a motion
with the synthesized neutral speech motion to generaiditing technique that applies Independent Component
expressive facial animation. The compact size of thnalysis (ICA) onto recorded expressive facial motion
learned speech co-articulation models and the PIEE&pture data and then perform more editing operations
make it possible that our system can be used for oon these ICA components, interpreted as expression and
the- y facial animation synthesis. speech components separately. This approach is used
To make concepts used in this work clear, “visuanly for editing existing expressive facial motion, not
speech animation” (or “lip animation”) represents thfor the purpose of synthesis. Zhang et al. [15] present a
facial motion only in the lower face region (around thgeometry-driven technique for synthesizing expression
mouth area), and “expressive facial animation” repréetails on 2D face images. This method is used for
sents expressive facial motion in the full face regiostatic 2D expression synthesis, but the applicability of
(including the upper face region and the lower faahis method to animate images and 3D face models
region), because motion only in the lower face regidmas not been established. Blanz et al. [16] present an
is not enough to convey complete emotions. animation technique to reanimate faces in images and
The remainder of the paper is organized as followsideo by learning an expression and viseme space from
Section Il reviews previous and related work in fascanned 3D faces. This approach addresses both speect
cial animation. Section Il describes the capture arghd expressions, but static expression poses do not pro-
preprocessing of a database of expressive facial mdde enough information to synthesize realistic dynamic
tion capture data. Section IV describes the learnimgxpressive motion. The success of expressive speech
of accurate speech co-articulation models from facialotion synthesis by voice puppetry [17] depends heavily
motion capture data. Section V details the construen the choice of audio features used, and as pointed out
tion of a phoneme-independent expression eigen-spaeg.Brand [17], the optimal audio feature combination
Section VI describes the creation of novel expressiVer expressive speech motion is still an open problem.
facial animation, given novel input speech/texts arkishirsagar et al. [18], [19] present a PCA-based method
expressions. Section VIl shows the synthesized exprésr generating expressive speech animation. In their
sive facial motion results and their evaluation. Finallywork, static expression con gurations are embedded in
conclusions and discussions are given in Section Vlllan expression and viseme space, constructed by PCA.
Expressive speech animation is synthesized by weighted
Il. RELATED WORK blending between expression con gurations (correspond-
In this section, we review related facial animatioimg to some points in the expression and viseme space)
work. An extensive overview can be found in the welland speech motion. Additionally, signi cant effort has

;xpressive Facial Animation
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been done in expressive virtual characters in complegice and video training data and then effectively syn-
scenarios [20], [21]. thesizes full facial motions from novel audio track.
This approach models co-articulation, using the Viterbi
algorithm through vocal HMMs to search for most
likely facial state sequence that is used for predicting
The key part of speech animation synthesis is mof&cial con guration sequences. Ezzat et al. [36] learn
eling speech co-articulation. In linguistics literaturea multidimensional morphable model from a recorded
speech co-articulation is de ned as follows: phonemegdeo database that requires a limited set of mouth
are not pronounced as an independent sequenceingdge prototypes and use the magnitude of diagonal
sounds, but rather that the sound of a particular phonegwariance matrices of phoneme clusters to represent co-
is affected by adjacent phonemes. Visual speech aoticulation effects: the larger covariance of a phoneme
articulation is analogous. Phoneme-driven methods rguster means this phoneme has a smaller co-articulation,
quire animators to design key mouth shapes, and themd vice versa. Instead of constructing phoneme segment
empirical smooth functions [22]-[26] or co-articulatiordatabase [1], [34]-[36], Kshirsagar and Thalmann [37]
rules [27]-[29] are used to generate speech animatinesent a syllable based approach to synthesize novel
The Cohen-Massaro co-articulation model [22] controlpeech animation. In their approach, captured facial
each viseme shape using a target value and a dominamegion are categorized into syllable motions, and then
function, and the weighted sum of dominance valuegw speech animation is achieved by concatenating
determines nal mouth shapes. Recent co-articulati@yllable motions optimally chosen from the syllable
work [23], [25], [26] further improved the Cohen-motion database. However, most of the above data-driven
Massaro co-articulation model, for example, Cosi @pproaches are restricted to synthesizing neutral speech
al. [25] added a temporal resistance function andamimation and their applications for expressive speech
shape function for more general cases, such as fasimation synthesis have not been fully demonstrated
speaking rates. Goff and Bemng23] calculated the yet. Additionally, in the above data-driven approaches,
model parameter value of the Cohen-Massaro modgleech co-articulation is expressed as an implicit func-
by analyzing parameter trajectories measured fromtian (e.g. covariance) of the particular facial data. An
French speaker. Rule-based co-articulation models [2&kplicit co-articulation model that can be applied to other
[28] leave some visemes unde ned based on their cface data has not been developed. Additional in-depth
articulation importance and phoneme contexts. Bevacagigcussions on co-articulation can be found in [22].
and Pelachaud [29] presented an expressive quali er,
modeled from recorded real motion data, to make expres-
sive speech animation. Physics-based methods [30]—[%] Our Model
drive mouth movement by simulating the facial muscles. The speech co-articulation modeling approach pre-
Physics-based approaches can achieve synthesis realsnied in this work constructs explicit and compact
but it is hard to solve the optimal parameter valuesgpeech co-articulation models from real human motion
without considerable computing time and tuning effortslata. Both co-articulation between two phonemds (
Data-driven approaches [1], [17], [34]-[37] synthesizehone co-articulation and co-articulation among three
new speech animation by concatenating pre-recordglonemes t(iphone co-articulation are learned. The
motion data or sampling from statistical models learngaesented co-articulation modeling approach offers two
from real data. Bregler et al. [34] present the “videadvantages: (1) It produces an explicit co-articulation
rewrite” method for synthesizing 2D talking faces givemodel that can be applied to any face model rather than
novel speech input, based on the collected “triphomeing restricted to “re-combinations” of the original fa-
video segments”. Instead of using ad hoc co-articulatioml data. (2) It naturally bridges data-driven approaches
models and ignoring dynamics factors in speech, thigat accurately model the dynamics of real human
approach models the co-articulation effect with “triphongpeech) and exible keyframing approaches (preferred
video segments”, but it is not generative (i.e. the cdy animators).
articulation cannot be applied to other faces without Our co-articulation modeling approach can be easily
retraining). [1], [35] further extend “the triphone combiextended to model the co-articulation of longer phoneme
nation idea” used in “video rewrite” to longer phonemsequences, e.g., those with more than three phonemes,
segments in order to generate new speech animatioith the cost of requiring signi cantly more training
Brand [17] learns a HMM-based facial control modaflata because of the “combinational sampling.” As a
by an entropy minimization learning algorithm fronreasonable trade-off between training data and ouput

B. Speech Animation
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realism, diphone and triphone co-articulation models are
used in this work.
The dynamic expression synthesis approach presented
in this work shares similarities with [18], [19], but the
notable distinction of our approach is that expressions
are treated as a dynamic process, not as static poses as
in [18], [19]. In general, the expression dynamics includgy. 2. jiiustration of motion data acquisition. The left panel shows
two aspects: (LExpressive Motion Dynamics (EMD) the camera rigs of the motion capture system. The middle is a

Even in an invariant level of anger, people seldom keépapshot of the captured subject. The right one shows the markers
. . . -used in the data acquisition stage. Red points illustrate the markers
their eyebrows at the same height for the entire durat'@ﬁly used for co-articulation learning, due to occlusions caused by

of the expression. Generally, expressive motion is a dyead motion and tracking errors.

namic process, not statically corresponding to some xed

facial con gurations; (2)Expression Intensity Dynamics

(EID): both the intensity of human expressions and

the type of expression may vary over time, depending

on many factors, including speech contexts. Varying

blending weights over time in [18], [19] can simulate

the EID, but the EMD are not modeled, because timgy. 3. lllustration of the phoneme-alignment result for a recorded

same static expressive facial con gurations are used. ggntence “that dress looks like it comes from asia” (usiagesurfer

our approach, the EMD is embodied in the construct ﬁxvfgs[feor]g'iS'tfpgzr_rgﬁ_‘;??_g_?_gﬁ_osrjfm?lf_r:_'?_zzr_'lf_ti:]r_?dTFmi'_FES

PIEES as continuous curves. The optional expressiQi-an-m-ey-zh-ax-pau’.

intensity control is used for simulating EID, similar

to [18], [19].

certain nose point to be the local coordinate center of

each frame (the middle panel of Figure 2), (2) one frame

with neutral and closed-mouth head pose was chosen as
A VICON motion capture system [38] with cameraa reference frame, (3) three approximately rigid points

rigs (left of Fig 2) with a 120Hz sampling rate, was usethe nose point and corner points of eyes) de ne a local

to capture expressive facial motion data of an actresgordinate system for each frame (the middle panel of

speaking at a normal pace, with markers on her fadegure 2), and (4) each frame was rotated to align it with

The actress was directed to speak a custom phonertie reference frame.

balanced corpus (about 200 phoneme-rich sentences).

The corpus was designed to cover most of the frequently- V. LEARNING SPEECHCO-ARTICULATION

used diphone combinations analyzed from the CMU In this section, we detail the construction of explicit

Sphinx English dictionary. The actress spoke the samggeech co-articulation models. Since we speci cally fo-

corpus four times (each time with different expressiongus on speech co-articulation modeling here, only facial

In this work, four basic expressions (neutral, happyhotion capture data with a neutral expression are used to

angry, and sad) are considered. The actress was adkegn “speech co-articulation.” Due to occlusions caused

to speak the sentences with full intensity expressiongy head motion and tracking errors, only ten markers

The markers' motion and aligned audio were recordegtound the mouth area (see red points on the right

by the system simultaneously. Figure 2 illustrates thganel of Figure 2) are used. The dimensionality of these

facial motion capture. motion vectors (concatenated ten-markers' 3D motion)
The FESTIVAL system [39] was used to perfornis reduced using EM-PCA algorithm [41], because in-

phoneme-alignment by aligning each phoneme with issead of directly applying Singular Value Decomposi-

corresponding motion capture segments. This alignmeiain (SVD) on the full data set, EM-PCA algorithm

work was done by inputting audio and its accompanyirgplves eigen-values and eigen-vectors iteratively using

text scripts into the speech recognition program inthe Expectation-Maximization (EM) algorithm, and it

force-alignment mode. Figure 3 visualizes the phonemgses less memory than regular PCA. The motion data

alignment result of a recorded sentence “that dress loakg reduced from the original 30 dimensions to ve

like it comes from asia”. dimensions, covering 97.5% of the variation. In this
After that, the motion capture data were normalizedection, these phoneme-annotated ve-dimension PCA

(1) all data points were translated in order to force @ef cients are used.

[1l. DATA ACQUISITION AND PREPROCESSING
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Each phoneme with its duration is associated witlelations. Mathematically, we solMes(t) and Fg(t) by
a PCA coefcient subsequence. The middle frame ahinimizing the following error functions:
its PCA coef cient subsequence is chosen as a repre-
sentative sample of that phoneme (termeeghoneme : - XK i i 2
: . es(Ps; Pe) = (Fs(tj)  Wis) (3)
sampl@. In other words, a phoneme sample is a ve di- i=1j=1
mensional PCA coef cient vector. Hence, the PCA coef-
cient subsequence between two adjacent phoneme sam- . B i i i 2
ples captures the co-articulation transition between two €e (Ps; Pe) = o (Fe(tj)  Wie) (4)
phonemes (termedo-articulation ared. Figure 4 illus- ==t
trates phoneme samples and co-articulation area. Th@rhere Fs(t) and Fe(t) are referred as thétarting-
the weight decomposition method adopted from [5] Bhoneme Weighting functioand theEEnding-Phoneme
used to construct phoneme-weighting functions. Weighting functiorrespectively. Here we experimentally
constrainF¢(t) and Fe(t) to third degree polynomial
curves (see follow-up explanations). Fig. 5 and 6 il-
lustrate two examples of these diphone co-articulation
functions. In Fig. 5 and 6, the decrease of phoneme /ae/
during the transition from phoneme /ae/ to phoneme /k/
is faster than that of the transition from phoneme /ae/ to
phoneme /p/.

Fig. 4. lllustration of phoneme samples and a co-articulation area
for phonemes /ah/ and /k/.

Assume a motion capture segmewit[Ps; P¢] for a
speci ¢ diphone paifPs; P¢] is included in the database
(see Fig. 4).Ss is the phoneme sample of the starting
phoneme (phonemig; in this case) at timd, S¢ is the
phoneme sample of the ending phoneme (phonegia
this case) at timd@,. Notice that subscripd stands for the _. . . . )

. . . Fig. 5.  An example of diphone co-articulation functions (for a
starting phoneme and subscripstands for the ending phoneme pair /ae/ and /kFs(t) and Fe(t)). Each star point in the
phoneme in the above notatiorfs; at time T is any gure represents one calculated time-weight relationt-] ; W5 >
intermediate PCA coef cient frame in the co-articulatiorfleft) and<tj;Wj. > (right).
area ofM [Ps; Pe]. EQ. 1 is solved to get the normalized
timet; (O t; 1), and Eq. 2 is solved, in the least-
square sense, to get the weight of the starting phoneme,

Wi;;s, and the weight of the ending phonenVije :

§ =(Tj T)=(Te Ts) (1)
Fi = Wjs S+ Wje Se 2

Thus, we obtain two time-Weight' relation_g Fig. 6. Another example of diphone co-articulation functions (for a
tj;Wjs > and < tj;Wje > for any intermediate phoneme pair /ae/ and /pFs(t) andFe(t)). Each star point in the
frame Fj. Assume there are total N motion capturgure represents one calculated time-weight relationt| ; W;, >

: ; ; . ; (left) and< t;; W, > (right).
segments for this specic diphone pdiPs; Pe] in the IR
database, and the co-articulaton area ofithesegment . . _
hasK; frames. Then, the gathered time-weight relations FOr triphone co-articulations, Eq. 5 and 6 are anal-

< t}'Wji-s > and < t}'Wji-e > (1 i N and ©gously solved to get three time-weight relations
1 j Kj) encode all the co-articulation transitiondi: Wis >, <tj;Wjm >, and<t;;Wie >:
for the diphone[Ps; P¢] (the superscript of notations {=(T T)=Te To) ()

denotes which motion capture segment). Two polynomial
curvesFg(t) andFg(t) are used to t these time-weight Fi = Wis Ss+Wpn  Sp+ W Se (6)



IEEE TRANSACTION ON VISUALIZATION AND COMPUTER GRAPHICS, WL. X, NO. X, XXX 2006 6

whereSs, Sy, andSe represent the three phoneme sanin this work, n=3 is experimentally chosen for tting
ples and the weight values are non-negative. In a simifaolynomial co-articulation curves in this work.
way to Eq. 3 and Eq. 4, three polynomial weighting

functionsFs(t), Fm(t), andFe(t) are used to t these

time-weight relations separately anek(Ps; Pm;Pe),

em (Ps; Pm; Pe), andeg (Ps; Pm; Pe) are similarly calcu-

lated. We termedFs(t) as theStarting-Phoneme weight-

ing function Fn,(t) asthe Middle Phoneme Weighting

Function and F¢(t) as theEnding-Phoneme Weighting

Function Fig. 7 and Fig. 8 illustrate these triphone co-

articulation functions for two triphone cases.

Fig. 9. Fitting error with respect to the degree of tted co-articulation
curves (red is for =0, green is for =0.00001, blue is for =0.00005,
and black is for =0.0001).

Fig. 7. A example of triphone co-articulation functions. It illustrates

triphone co-articulation functions for triphone (/ey/, /f/ and M){t),
Fum (1), andFe(t) (from left to right). V. CONSTRUCTEXPRESSIONEIGEN-SPACES

Since the same sentence material was used for cap-
turing facial motions of the four different expressions
and spoken by the subject without different emphasis,
the phoneme sequences, except for their timing, are the
same. Based on this observation, a phoneme-based time
warping and resampling (super-sample/down-sample) is
applied to the expressive capture data to make them
align strictly with neutral data, frame by frame. We
should note that the time warping assumption is just an

) ) _ , , approximation (the velocity/acceleration in the original
Fig. 8. Another example of triphone co-articulation functions. It

illustrates the co-articulation weighting functions of triphone (/ey;??(presswe mo_tlon may be |mpa|r¢d In thls_ wrapping),
/sl and /t/):Fs(t), Fm (t), andFe(t) (from left to right). since expressive speech modulations do involve dura-

tional modi cations [42]. In this step, eyelid markers
To determine the optimal degree for polynomial t-are ignored. Fig. 10-11 illustrate this time-warping pro-
ting, a tting cost including a model complexity term iscedure for a short piece of angry data.
minimized. The tting cost functionrC( ) is de ned as  Subtracting neutral motion from aligned expressive
follows (Eq. 7 to 9): motion generates pure expressive motion signals. Since
X X they are strictly phoneme-aligned, we assume that

c()= o b, dic (Pi;Py) + b ;PktI’IC (PiiPiiPd (1) the above subtraction removes “phoneme-dependent”
content from expressive speech motion capture data.
diC(Pi;Py) = e (Pi;Pj)+ kF k® (8) As such, the extracted pure expressive motion signals
=Sj>5 =fsieg « are Phoneme-Independent Expressive Motion Signals

triC (Pi; P, i Pe) = e (PP P+ kF k2 (PIEMS) o
_ SiM jE - sjmje The extracted PIEMS are high dimensional when the

(9) 3D motion of all markers are concatenated together. As
Here is the penalty value for model complexity, anduch, all the PIEMS are put together and reduced to three
k F k? is the sum of functiorF coef cients' squares. dimensions, covering 86.5% of the variation. The EM-
Fig. 9 illustrates the cost curve as a function of the degrB€A algorithm [41] is used here. In this way, we nd
of tting curves. As we can see from Fig. 9, even withoua three-dimensional PIEES (Phoneme Independent Ex-
the penalty ( = 0), n=3 is still a good trade-off point. pression Eigen-Space) where expression is a continuous
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Fig. 13. Plot of two expression sequences in the PIEES. It shows
that expression is just a continuous curve in the PIEES.

curve. Fig. 12 and Fig. 13 illustrate the PIEES and the
Fig. 10. lllustration of phoneme-based time-warping for the ?IEMS' Note that the personality of the captured subject
position of a particular marker. Although the phoneme timings af@ay be irreversibly re ected in the PIEES, and only
different, the warped motion (black) is strictly frame aligned wittfour basic expressions are considered. Building person-
neutral data (red). independent expression eigen-space and modeling the

universal expression space is beyond this work.

VI. EXPRESSIVEFACIAL ANIMATION SYNTHESIS
A. Speech Motion Synthesis

After co-articulation models and PIEES are learned,
our approach synthesizes new expressive facial anima-
tion, given novel phoneme-annotated speech/texts input
and key viseme mappings. A total of 13 key viseme
shapes (each corresponding to a visually similar group
of phonemes, e.g. /p/, /b/, and /m/.) are used. The
mapped key shapes (key visemes) are 3D facial control
point (marker) con gurations. New speech animations
are synthesized by blending these key shapes by concate-
nating the learned co-articulation models, and dynamic

Extracted phoneme-independent angry motion signal fr%oneme—independent expression sequences are synthe-
sized from the constructed PIEES by a texture synthesis
approach. Finally, these two are weight-blended to pro-
duce expressive facial animation.

Fig. 11.
Fig 10.

Fig. 14. lllustration of the junctures of adjacent diphones and
triphones. The overlapping part (the semitransparent part) in the
juncture of two triphones (left panel) needs to be smoothed. Note
that there is another diphone-triphone con guration, similar to the
middle triphone-diphone panel.

Given a phoneme sequeneg P,;  ; P, with timing
labels, blending these key shapes generates intermedi-
Fig. 12. Plot of three expression signals on the PIEES. It shoyﬁée ammatlons' The S'mP'eSt appr_oach would be linear
that sad signals and angry signals overlap in some places. interpolation between adjacent pairs of key shapes, but
linear interpolation simply ignores any co-articulation
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effects. Inspired by [35], a greedy searching algorithmork, each texture sample (analogous to a pixel in the 2D
is proposed to concatenate these learned co-articulatiorage texture case) consists of three elements: the three
models. Fig. 14 illustrates all possible juncture cases fooef cients of the projection of a motion vector on the
adjacent diphones/triphones. As illustrated in Fig. 1#hree-dimensional PIEES. Fig. 15 sketches this synthesis
only the left case in the gure needs motion blending. Iprocedure. The parameters of patch-based sampling [7]
this work, motion blending technique presented in [43pr this case, patch size = 30, the size of boundary zone
is used. Eq. 10 describes the used parametric rat®hal = 5, and the tolerance extent = 0.03.
continuous blending functions [43]. As mentioned in the data acquisition section (Sec-
@ tn+t tion 1), the expressive facial motion data used for
by, (t) = @ Ol +@ e (10) extracting the PIEES are captured with full expressions.
o o _ However, in real-world applications, humans usually
wheret isin [0,1], isin (0,1), anch 0. Algorithm 1 yary their expression intensity over time. Thus, an op-
describes the procedure of the speech motion synthegi®a| expression-intensity curve scheme is provided to
algorithm. Note that in the case that diphone modelsyitively simulate the EID. This expression-intensity
for speci ¢ diphone combinations are not available (NQfyve is used to control the weighted-blending of synthe-
included in the training data), cosine interpolation isis&ijzeq expression signals and synthesized neutral visual
as an alternative. speech. Ideally, the EID (expression intensity curves
here) should be automatically extracted from the given
audio by emotion-recognition programs [44]—-[46]. The
optional expression-intensity control is a manual alter-

Algorithm 1 MotionSynthesis
Input: Py n;Keys
Output: Motion

1 1, prevTriphone  FALSE , Motion = native to this program.

2 whilei<n do Basically, an expression intensity curve can be any

3 if i+2 nandtriM (P! Pjsy) existsthen continuous curve in time versus expression-intensity

4: NewMo=synth(triM (P; ! Pj.), Keys) space, and its range is from 0 to 1, where zero represents
5: if preTriphone then . “no expression” (neutral) and one represents “full expres-

6: Motion = catBlend(Motion , NewMo) sion.” By interactively controlling expression-intensit

I else _ curves, users can conveniently control expression inten-
8: Motion = concaifMotion, NewM0) sities over time

9: end if '

10: preTriphone = TRUE,i = i +1

11: else

12: if preTriphone then

13: preTriphone = FALSE

14: else

15: NewMo=synth(diM (P; ! Pi.1), Keys) :

16: Motion = concafMotion, NewMo) \\ \

17: end if . .

18: i=i+1 QV

19:  end if AN
20: end while —/V\ :

Fig. 15. lllustration of patch-based sampling for expression signal
B. Expressive Motion Synthesis synthesis in this work.

On the expression side, from Fig. 13, we observe
that expression is just a continuous curve in the low-
dimensional PIEES. Texture Synthesis, originally usecgl
in 2D image synthesis, is a natural choice for synthe-
sizing novel expression sequences. Here non-parametriéfter the marker motion data are synthesized, we need
sampling methods [6], [7] are used. The patch-bastml map it to 3D face models. The target face model
sampling algorithm [7] is chosen, due to its real-tims a NURBS face model composed of 46 blendshapes
ef ciency. Its basic idea is to grow one texture patckFig. 17), such asfleftcheekRaise;jawOpen; g.
(xed size) at a time, randomly chosen from quali edThe weight range of each blendshapgQsl]. A blend-
candidate patches in the input texture sample. In thibape modelB is the weighted sum of some pre-

Mapping Marker Motion to 3D Faces
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designed shape primitives [47]:

X
B =Bo+ W; B; (11)
i=1
whereBj is a base faceB; are delta blendshape bases,
andW; are blendshape weights. In this wok,andB;
(Eg. 11) are vectors that are concatenating all markers'
3D positions.

A RBF-regression based approach [48] is used to
directly map synthesized marker motions to blendshape
weights. In the rst stage (capture stage), a motion
capture system and a video camera are simultaneously
used to record the facial motions of a human subject. The
audio recordings from the two systems are misaligned
with a xed time-shift because of slight differences irfig. 16.  Schematic overview of mapping marker motions to

start time of recording. The manual alignment of theé)éendshape weights. It is composed of four stages: data capture stage
) Creation of mocap-video pairs, creation of mocap-weight pairs, and

two audio recordings results in strict alignments betwer regression.

mocap frames and video frames (referred tavaxap-

video pairg. In the second stage, we carefully select a

few reference mocap-video pairs that cover the spanned

space of visemes and emotions as completely as possible.

In the third stage, motion capture data were reduced to a

low dimensional space by Principal Component Analysis

(PCA). Meanwhile, based on the selected reference video

frames (face snapshots), users manually tune the weights

of the blendshape face model to perceptually match the

model and the reference images, which creates surper-

vised correspondences between the PCA coef cients of

motion capture frames and the weights of the blendshape

face model (referred to amocap-weight paifs Taking Fig. 17. lllustration of the used blendshape face model. The left

the reference mocap-weight pairs as training exampl gflel shows the smooth shaded model and the middle panel shows
. . . . . the rendered model.

the Radial Basis Function (RBF) regression technique

is used to automatically compute blendshape weights

for new motion capture frames. Fig. 16 illustrates thi§

More details ab hi : lqorith Eeech animation given novel audio/text inputs. The
E;O?oeusr?d ino[r28] etails about this mapping algorithm Q. test is used to verify this approach by comparing

, , round-truth motion capture data and synthesized speech
In summary, the complete synthesis algorithm can ﬁg

: ) ) _ otion via trajectory comparisons.
described inAlgorithm 2. Here proceduréMotionSyn- . - .
. . . . New sentences (not used in the training) and music
thesissynthesizes neutral visual speech using the above

Algorithm 1, procedurdxprSynthesisynthesizes novel are used for synthesmng_ nove_l speech anlmatlc_)n. First,
recorded speech (or music), with its accompanying texts

expression signals with specied expression from th 3 lyrics), was inputted to the phoneme-alignment pro-
PIEES, the proceduiBlendcombines these two togethe y ’ puttec phon gnment p
Gram (speech recognition program in a force-alignment

to generate expressive facial motion, and note that t R
L . mode) to generate a phoneme sequence with timing la-
blending is done on the motion marker level. The nallael

. s, then this phoneme sequence was fed into the facial
procedureMap2Model maps the synthesized marker . . : . .
. : animation synthesis system to synthesize corresponding
motion to a specic 3D face model.

expressive facial animation. Fig. 18 and Fig. 19 illustrate
some frames of synthesized expressive facial animation.
Modeling eye gaze, blink, teeth, and tongue motion are
To evaluate the performance of this expressive facialitside the current scope of this work. For the demon-
animation synthesis system, we designed two differesttation video, the automated eye motion method [49]
tests. The rst test is to synthesize new expressive visualused to generate eye motion, and the multi-resolution

VIlI. RESULTS AND EVALUATIONS
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Algorithm 2 ExpressiveFacialAnimationSynthesis  ye|ocity information is ignored. Hence, an interesting fu-

Input: a phoneme sequence with timifRf1:::N] ture extension could be combining position and velocity

Input: speci ed key shapekeyShapes for facial animation learning.
Input: spec ed expression informatioBxpr

Input: spec ed 3D face model#odel
Output: AnimFace

1: SpeechSeg= MotionSynthesigP, keyShapeg

2: ExpSignal = ExprSynthesi{PIEES Expr)

3: ExprMotion = Blend(SpeechSegExpSignal)
4: AnimFace = Map2Model(Model, ExprMotion )

hair modeling and rendering system [50] is used. Teeth

are assumed to have the same rotation as the jaw with

respect to a rotation axis (a straight line below the

line between two ears) and jaw rotation angles can be

estimated from synthesized mouth motion key points.

For tongue motions, instead of using a highly deformable

tongue model [26], [51], we simply designed key tongugg. 20. Comparisons with ground-truth marker motion and syn-

shapes for phonemes and linear interpolation is usedﬂ}ﬁs'md motion. The_ red I|ne_ denotes grpund-truth motion ar_1d the
blue denotes synthesized motion. The top illustrates marker trajectory

generate the tongue motion. comparisons, and the bottom illustrates velocity comparisons. Note
that the sampling frequency here is 120Hz. The phrase is “...Explo-
sion in information technology...”.

VIII. CONCLUSIONS ANDDISCUSSIONS

In this paper, a novel system is presented for syn-
thesizing expressive facial animation. It learns speech
co-articulation models from real motion capture data,
by using a weight-decomposition method, and the pre-
sented automatic technique for synthesizing dynamic
expression models both the EMD and the EID, improv-
ing on previous expression synthesis work [18], [19].
The approach presented in this work learns personal-
ity (speech co-articulations and phoneme-independent
expression eigen-spaces) using data captured from the
Fig. 19. Some frames of synthesized angry facial animation. human subject. The learned personality can then be ap-

plied to other target faces. The statistical models learned

We evaluated the learned speech co-articulation mddsm real speakers make the synthesized expressive facial
els by trajectory comparisons. Several sentences of orggtimation more natural and life-like. Our co-articulation
inal speaker's audio (not used in previous training stagejodeling approach can be easily extended to model the
were used to synthesize neutral speech animation ustrgarticulation effects among longer phoneme sequences
this approach. The synthesized motion of the same t@ng. 5-6 phoneme length) at the cost of requiring sig-
markers around the mouth area is then compared frameéeantly more training data.
by-frame with the corresponding ground-truth data. In This system can be used for various applications.
this evaluation, manually picked key shapes are used tkar animators, after initial key shapes are provided,
may not perfectly match the motion capture geometrhis approach can serve as a rapid prototyping tool for
Fig. 20 shows comparison results for a lower lip markgenerating natural-looking expressive facial animation
of one phrase. As we can see from Fig. 20, thewdile simultaneously preserving the expressiveness of
trajectories are similar, but the velocity curves hawbe animation. After the system outputs generated facial
more obvious differences at some places. Its underlyiagimation, animators can re ne the animation by adjust-
reason could be that in current work, only markershg the visemes and timing as desired. Because of the
3D positions are used during the modeling stage, whikery compact size of the co-articulation models and the

Fig. 18. Some frames of synthesized happy facial animation.
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PIEES learned by this approach, it can be convenientigjust this threshold value adaptively and automatically.
applied onto mobile-computing platforms (with limited Another limitation of the expression synthesis work
memory), such as PDAs and cell phones. is that some visemes may loose their characteristic
The co-articulation modeling method presented in thi&hapes when blending expression with neutral ones. As
work is efcient and reasonably effective, but it does future work, we plan to avoid this problem by using
not differentiate between varying speaking rates. Asonstrained texture synthesis” for expression signat syn
such, future work could include extending current cdhesis that imposes certain hard constraints at speci ed
articulation models to handle different speaking ratgdaces. Another promising way to avoid “the possible
and affective states, for example, investigating how thelaxation of characteristic shapes” is to learn a speech
learned co-articulation functions (curves) change wheo-articulation model for each affective state.
speaking rates are increased or decreased. Another majdviost of the learning-based systems face one com-
limitation of this co-articulation work is that it dependsnon dif cult concern: what is the optimal parameter
on “combinational sampling” from training data. Hencejecisions/trade-offs involved in the learning system and
the best results require that the training data havehaw to determine these parameters from the data itself.
complete set of phoneme combinations. Additionally, tHeéur system has similar issues too. In the part of learning
current system still requires animators to provide kegpeech co-articulation, we have to make experimental
viseme shapes. Future work on automatically extractidigcisions on the tting degree and the length of learned
key visemes shapes from motion capture data would peoneme sequences (e.g. 3 for triphones). Additionally,
a promising way to replace this manual step. another trade-off between the dimensionality of the
In terms of validating our work, we are aware thaearned expression space and the quality of synthesized
objective comparisons are not enough, conducting audéxpressions is concerned in the expression synthesis
visual perceptual experiments could be another usepdrt. Understanding these trade-offs and their effects
way to evaluate this work, which we plan to pursue ian the system performance would be an important and
the future. Another consideration is that only ten markeisteresting direction to be pursued in the future.
around the lips does not capture all the details of lip We are aware that expressive eye motion and head
motion, for example, when the lips are close, inner lipgotion are critical parts of expressive facial animation,
could penetrate each other. We plan to use more mark&irsce the eye is one of the strongest cues to the mental
for facial motion capture in order to further improve andtate of a person, and head movement is somehow
validate this work. correlated with speech contents [52], [53]. Simply adding
A limitation of the expression synthesis approacpre-recorded head movement and eye motion onto new
in this work is that the interaction between expresynthesized talking faces that speak novel sentences
sion and speech is simplied. We assume there ismaay create unrealistic mouth-head gesture coordination.
PIEES extracted by phoneme-based subtraction. Theture work on speech-driven expressive eye motion and
time-wrapping algorithm used in expression eigen-spalsead motion synthesis can greatly enhance the realism
construction may cause the loss of velocity/acceleratiof synthesized expressive facial animation.
that is essential to expressive facial motion. We plan to
investigate the possibility of learning statistical mael ACKNOWLEDGMENT
for velocity/acceleration patterns in captured expressiv This research has been funded by the Integrated
speech motion. Transforming these learned patterns babgdia System Center at University of Southern Cali-
to the synthesized facial motion will further enhance itf®rnia (USC), a National Science Foundation Engineer-
expressive realism. ing Research Center, Cooperative Agreement No. EEC-
A large amount of expressive facial motion data a@529152. Any Opinions, ndings and conclusions or
needed to construct the PIEES, because it is dif cult tekcommendations expressed in this material are those
anticipate in advance how much data are needed to avofdthe author(s) and do not necessarily re ect those of
getting “stuck” during the synthesis process. Howevdhe National Science Foundation. Special Thanks go to
after some animation is generated, it is easy to evaluateoki Itokazu, Bret St. Clair, Pamela Fox, and Shawn
the variety of synthesized expressions and more data ¢&nost for model preparation, Jun-Yong Noh and Douglas
be obtained if necessary. We plan to look into sont&daleo for useful discussions. We also appreciate many
automatic ways to avoid “getting stuck” in case thealuable comments from other colleagues in the CGIT
training data are not enough, for example, if the synthediab at USC. The authors also would like to thank
algorithm can not nd enough quali ed candidates withthe TVCG editor and anonymous reviewers for their
a prede ned threshold value, the algorithm should cauggestive and insightful comments.
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