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Photo-Realistic Talking-Heads from Image Samples

Eric Cosatto and Hans Peter Gr&éllow, IEEE

Abstract—This paper describes a system for creating a face has to be not just photo-realistic in appearance, but it must
photo-realistic model of the human head that can be animated also exhibit proper plastic deformations of the lips synchronized
and lip-synched from phonetic transcripts of text. Combined with ity the speech, realistic head movements and emotional ex-
a state-of-the-art text-to-speech synthesizer (TTS), it generates . Wi trained si birth t 76 f facial
video animations of talking heads that closely resemble real people. preSSIOQS. € are trained since birth o recognize a(_:es, acia .
To obtain a naturally looking head, we choose a “data-driven” €xpressions and speech postures and therefore are highly sensi-
approach. We record a talking person and apply image recognition  tive to the slightest imperfections in a synthesized talking face.
to extract automatically bitmaps of facial parts. These bitmaps  To synthesize talking-head animations, our system proceeds
are normalized and parameterized before being entered into a i g steps. In the first step, video footage of a person talking is

database. For synthesis, the TTS provides the audio track, as well lvzed t tract i | f | facial t h
as the phonetic transcript from which trajectories in the space of analyzed to extract image sampies or several facial parts, suc

parameterized bitmaps are computed for all facial parts. Sampling @s mouth, eyes, forehead etc. This step is typically performed
these trajectories and retrieving the corresponding bitmaps from only once, off-line, and results in a database of facial parts sam-
the database produces animated facial parts. These facial parts ples. In the second step we use a phonetic transcript from a
are then projected and blended onto an image of the whole head ot t5.gpeech synthesizer (TTS) to select and reassemble fa-
using its pose information. This talking head model can produce cial part samples into an animation. This synthesis is performed
new, never recorded speech of the person who was originally p P ) . : y P
recorded. Talking-head animations of this type are useful as a On-line, for each animation. We create a model of the head of the
front-end for agents and avatars in multimedia applications such recorded person in such a way that it can be used for both the
as virtual operators, virtual announcers, help desks, educational, analysis and the synthesis steps. Our head model comprises two
and expert SyStemS'_ o _ main parts: a rough three-dimensional (3-D) polygon model and
~ Index Terms—Facial animation, talking-heads, sample-based ga set of textures for each polygon. Three-dimensional polygons
image synthesis, face recognition, computer vision. . marking the position of facial parts on the subject's head are
used to model the rigid movements of the head. Their relative
l. INTRODUCTION 3-D positions are recorded from the subject’s head. These poly-
. . _ ons do not capture the fine details of the shapes of facial parts.
NllMATED gharactgrs,l a_nd tallzln% helad.s In partu;ula_tr,tar%]stead' each facial part is modeled by a set of captured image
playing an Increasingly important rofe in computer in eréamples representative of its appearances. This sample-based

faces. An animated talking head attracts immediately the att?ﬂ()deling approach preserves a high level of detail in the ap-

tion of a user, can make atask more engaging and adds enter;g srance of the face.

ment value to an application. Seeing a face makes many pecp This paper is organized as follows. Section Il compares our

feel more comfortable interacting with a computer. Forlearningp roach to other work. Section Il defines how the head and
tasks several researchers report that animated characters Ca]?s'gécial parts are modéled Section IV presents the process of

crease the attention span of the user, and.henceimprove Iearr&| uring and analyzing video data and generating a database
results. When used as avatars, lively talking heads can make0 age samples, and Section V describes the synthesis of the

encounter in_a virtual world more e_ngaging. Today such he ing-head animation from a phonetic transcript.
are usually either recorded video clips of real people or cartoon
characters lip-synching synthesized text.

Often a cartoon character or robot-like face may do, yet we
respond to nothing as strongly as to a real face. For an educathe human face has been a topic of high interest in both
tional program, for example, a real face is preferable. A cartotimee computer graphics community [16], [35], as well as the
face is associated with entertainment, not to be taken too gattern recognition community since a long time. In computer
riously. An animated face of a competent teacher, on the otlggaphics, researchers have strived toward realism in animated
hand, can create an atmosphere conducive to learning and theead models, while pattern-recognition researchers have been
fore increase the impact of educational software. dealing with recognizing human faces in images. Our system

Generating animated talking heads that look like real peopgleaws on results and techniques from both of these communi-
is a very challenging task, and so far all synthesized heads tes. Combining machine vision with computer graphics is an
still far from reaching this goal. To be considered natural, ideathatis receiving increasing attention recently [5], [10], [14],

[20].
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such as a CyberWdferange scanner. Some of them includeatabase is very large. Moreover, this parameterization can only
information on how to move vertices according to physicdle applied to the mouth area, precluding the use of other facial
properties of the skin and the underlying muscles [31]. Anothparts such as eyes and eyebrows that are carrying important
approach is to fit a generic 3-D model to image data by solvirggnversational cues.

a dynamic system incorporating either optical flow and edge Other researchers explored ways of sampling both texture and
constraints [24] or stereo disparity maps [36]. A techniqu&D geometry of faces [8], [9], producing realistic animations of
for matching a 3-D model to a single photograph is proposégkial expressions. These systems use multiple cameras or facial
in [5], where the 3-D model is deformed in the directions aiarkers to capture the 3-D geometry and texture of the face in
several principal components to fit the given two—dimensionahch frame of video recordings. Deriving the exact geometry in
(2-D) image. To obtain a natural appearance, these 3-D modils mouth and mouth cavity areas as they undergo plastic de-
typically use a 2-D image of the subject that is texture-mappé&trmations remains difficult, however. Extensive manual mea-
onto the 3-D model. As long as these 3-D models do not incsuring of the images in [9] and a complex data capture setup
any plastic deformations, but only rigid movements of thivolving six cameras and hundreds of facial markers in [8],
entire head, images of high quality can be produced (providiage required resulting in a labor intensive capture process, es-
the 3-D shape has been captured with high precision). Howeygecially when tens of thousand of video frames have to be ana-
when plastic deformations occur, the shape of some polygdyged, making them unsuitable for speech production.

of the 3-D model will change while the pixels from the 2-D In the area of pattern recognition, many systems have been
image that have been allocated to these polygons will remalascribed that locate and recognize facial features on the human
the same, resulting in “stretch” and “squeeze” artifacts. Whileead [2]. Most facial recognition systems focus on recognizing
this is tolerable for small deformations of surfaces with litti¢he identity of persons on an image [34], recognizing facial ex-
texture, the animation of a human mouth articulating speegressions [19], [29] or tracking the pose of heads on images [1].
because of the hundreds of little wrinkles on the lips and tiMost of these systems are tuned for locating facial parts with
texture of the surrounding skin, results in unnatural appearantesasonable” accuracy (within about five pixels) on a large data-
and a “synthetic look.” base of different subjects. To be able to synthesize a photo-real-

An alternative approach is based on morphing betwegsiic talking-head, we need to locate the position of facial parts
2-D images. These techniques can produce photo-realistith subpixel accuracy. Misalignment of even one pixel (of a
images of new shapes by interpolating between two existibgmap of 150x 100 pixels) results in visible jerkiness during
shapes. Morphing of a face requires precise specificationstbé animation. These artifacts are particularly annoying because
the displacements of many points in order to guarantee tllag facial parts appear to float over the base face, ruining the
the results look like real faces. Most techniques, thereforgalism of the entire animation. Our facial locator module is
rely on a manual specification of the morph parameters [2@fained on a particular person and proceeds in several stages with
Beymer et al. [25] and Bichsel [27] have proposed imagéncreasing accuracy in order to locate facial parts with sufficient
analysis methods where the morph parameters are determipegtision.
automatically, based on optical flow. While this approach Other systems are good at tracking with high accuracy fea-
gives an elegant solution to generating new views from a sates of the face as it moves [7], [18], but often require some
of reference images, one still has to find the proper referenemnual bootstrapping. In order to analyze tens of thousands of
images. Moreover, since the techniques are based on 24Beo frames segmented in hundreds of separate video files, we
images, the range of expressions and movements they @mumnd these methods inadequate for our application because it
produce is rather limited. Ezzat al. [10] have demonstrated would require too often a manual intervention. A bottom-up,
a sample-based talking head system that uses morphingriodel-based system to locate individual facial parts has been
generate intermediate appearances of mouth shapes from a yeoposed by Saulniezt al. [30]. This system shares many as-
small set of manually selected mouth samples. While morphipgcts of the first analysis phase of our approach. However, we
generates smooth transitions between mouth samples, thiine measurements obtained by the first-phase using matched
system does not model the whole head and does not synthefilzr techniques. An earlier version of the present system has
head movements and facial expressions. been described in [11].

Recently, there has been a surge of interest in sample-based
technigues (also referred to as data-driven) for synthesizing
photo-realistic scenes. These techniques generally start by
observing and collecting samples that are representative of thé key problem with sample-based techniques is to control the
signal to be modeled. The samples are then parameterizechsmber of image samples that need to be recorded and stored.
that they can be recalled at synthesis time. Typically, sampladace’s appearance changes due to talking, emotional expres-
are processed as little as possible to avoid distortions. sfons, and head orientation, leading to a combinatorial explo-
talking-head synthesis technique based on recorded sampgies in the number of different appearances. To keep the number
that are selected automatically has been proposed in [20]. Thissamples at a manageable level, we divide the face into a hi-
system can produce videos of real people uttering text thegsarchy of parts and model each part separately. To factor out
never actually said. It uses video snippets of tri-phones (threégid movements of the entire head, we use a simple 3-D model
subsequent phonemes) as samples. Since these video snigretgerive the head pose by matching the 3-D model to corre-
are parameterized with phonetic information, the resultirgponding points on the sample image. This results in a compact

Ill. HEAD MODEL
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3) Sample Bitmaps of Facial Partg=or each facial part,
sample bitmaps are recorded that cover the range of possible
appearances produced by plastic deformations. For example,
for speech production, sample images of the mouth uttering
speech are recorded. Using the 3-D model of the facial parts,
the sample bitmaps are extracted from the original images,
factoring out the head pose, and, thus, no separate bitmaps have
to be recorded to account for different head orientations. We
currently limit ourselves to frontal views of the head, allowing
rotations of the skull that are typical during the production of
spontaneous speech. By studying movements of the head of
five subjects over abaud h of speech, we found that the range
of movements does not exceed®1for the yaw, 7.5 for the
pitch and 4.8 for the roll (see Table ). This range of rotation
does not introduce significant deformations or occlusions of the
prominent facial parts (eyes, mouth, chin, forehead), making it
possible to model the 3-D shape of the head with such a small
number of planar quads; a fact noticed earlier by [29]. Finally,
each sample bitmap is labeled with a set of features, so that
it can be retrieved efficiently from the database at synthesis
3-D location of facial points. (b) From these points, planar quads are obtainm(?e' The type and number of features used depend on the

that mark areas of facial parts. (c) The pose of the head determines the posifeﬁaﬁ%ial part and the application and are further discussed in
of the projection of these quads on an image. (d) The pixels bound by th&ection IV-G.

projected quads are extracted into normalized bitmaps. 4) Sample Bitmaps of the Base FacBome parts of the head
are not incurring significant plastic deformations during the pro-

model that can create animations with head movements, spedggtion of speech and emotions. These parts include the nose,
articulation, and different emotional expressions, and combini&e ears, and the hair. However, these facial parts often become
the flexibility of 3-D models with the realism of images. Ouartly occluded when the head is moving, making it difficult
face model is defined as follows. to use warping to model these movements. Instead of trying to

1) Hierarchy of Parts: The head is separated into a “bas&0del the base face with its 3-D shape, we simply keep the
face” [Fig. 1(b)] and a number of facial parts. The base fa¢ecorded image of the entire head along with the pose infor-
covers the area of the whole face serving as a substrate of@tion. At synthesis time, for a given base head image, sample
which the facial parts are integrated. The facial parts areitmaps of facial parts are integrated onto such base heads using
mouth with cheeks and jaw, eyes, and forehead with eyebrothé pose information (see Section V-E).
[Fig. 1(d)]. Nose and ears are not modeled separately, but are
part of the base face. There is no unique way of decomposing a
face into parts, and no part of the face is truly independent from IV. ANALYSIS
the rest. Muscles and skin are highly elastic and tend to spre";ld
a deformation in one place across a large part of the wholé
face. Nevertheless, there exists a large degree of independendérst, measurements are made on the subject’s face to deter-
between these facial parts. The decomposition described hetige its geometry [Fig. 1(a)]. From two calibrated front and pro-
was chosen after studying how facial expressions are generdtiedmages of the subject, we measure the relative distances of
by humans [42] and how they are depicted by artists atite following facial points: the four eye corners, the two nos-
cartoonists [41]. trils, the bottom of the upper front teeth, the chin, and the base

2) Three-Dimensional Head Modelfhe 3-D shape of each of the ears. Quads marking the mouth-cheeks-chin areas, eyes
facial part is approximated with a small number of 3-D fourarea, and forehead area are derived from these initial measure-
sided polygons (or planar quads) [Fig. 1(c)]. These quads aments. Since this is done only once, and only ten points are in-
derived from measurements obtained from the subject’s headlved, there is little incentive to automate it. Techniques exist,
Using the pose of the head, the 3-D positions of these quadih as the ones described in [17], [24], and [36], that can adapt
are calculated and their perspective projection onto the imaggeneric head model to a specific person from video sequences
is obtained [Fig. 1(b)]. During the analysis phase, pixels boustiowing head movements. This may be useful if only video
by the projected quads are “un-warped” into bitmaps which af@otage exists without the person being present.
now corrected for the head orientation [Fig. 1(d)]. During the A person is then recorded while speaking freely in front of
synthesis phase, these normalized bitmaps are warped into ateascamera. For the examples shown here, the lady spoke 14
bound by the projected quads. Hence, the same 3-D head mgtehses, each 2 to 3 s long. We try to keep the capture process
is used for analysis (creating the database of facial parts sam-simple and nonintrusive as possible, since we are interested
ples from video data) and synthesis (generating new facial ap-capturing the typical head movements during speech as well
pearances by combining facial parts samples). as unique ways of articulating words. In particular, we avoid

Fig. 1. Head model. (a) Measurements from the subject’'s head provide

Data Capture
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TABLE |
FOR Six DIFFERENT SUBJECTSRECORDEDWHILE SPEAKING FACING THE CAMERA (A TOTAL OF OVER 200 000 RAMES), WE ANALYZED THE RANGE OF EACH
ANGLE OF THEHEAD POSE THE ROTATION AROUND X AXIS (YAW), THE Y AXIS (PITCH) AND THE Z AXIS (ROLL). THE RESULTS SHOW AN AVERAGE
RANGE OF 10.4 FOR THEY AW, 7.5° FOR THEPITCH, AND 4.8° FOR THEROLL

subj set nb X X X X y y y y z z z z
frames min | avg | max | Rng | min | avg max | mg | min | avg | max | mg
tracie2 sl 83094 | -86 [ -6.6 ]| -45 4.1 27 | -15 0.1 2.6 13 [ 22 37 | 24
tracie2 s2 20122 -12 ] -6.3 -4 8 -35 1 002 [ 135 | 48 12 | 22 33 |21
kris sl 28178 -6.7 | 04 6 127 | -10 | -43 23 123 | 54 | -14 ] 22 |76
dawn sl 25664 | -11.7 | -87 | -5.2 6.5 -2.9 -1 0.9 38 | -1.3 | 07 48 | 6.1

tracie sl 23494 -5 241 04 4.6 -5 -1.1 3 8 26 [ 061 23 | 49
Sheryl sl 27648 -15 [ -92 ] 114 | 264 -8 -1.4 5.8 13.8 -4 0.2 2 6
avg. 104 7.5 4.8
range

any head restraints or forced pose, such as requiring the subFhe main challenge for the face recognition system is the
ject to watch constantly in a given direction. Thanks to robubtgh precision with which the facial features have to be located.
face location recognition algorithms, we do not need any sp&n error as small as a single pixel in the position of a feature
cial markers on the subject’s face, but rather exploit the natudistorts the pose estimation of the head noticeably. Moreover,
richness of features of the face. We also avoid the need of mwhen parts of a face are integrated into a new face, they have
tiple cameras. Knowing the positions of a few points in the fade be placed with an accuracy of one pixel or better. Other-
allows to recover the 3-D head pose from 2-D images, usimgse, the animations look jerky and lose their natural appear-
technigues described in Section IV-E. Lip movements can bace. In order to achieve such a high precision, our analysis
extremely fast, which may cause blurry images when the frarpeoceeds in three steps, each one with an increased accuracy.
rate is not high enough. We therefore record 60 fields/s inste@lde first step finds a coarse outline of the head plus estimates
of 30 frames. Artificial lights illuminate the subject homogeeof the positions of the major facial features. In the second step,
neously so that head movements do not change the luminatiee areas around the mouth, the nostrils, and the eyes are ana-
within facial parts too much. We also record the subject in ogzed in more detail. The third step, finally, zooms in on spe-
session, in order to make sure illumination conditions do noffic points of facial features, such as the corners of the eyes,
change. Moreover, having a background of uniform and neofthe mouth, and of the eyebrows, and measures their positions
tral color makes finding the location of the head easy. Our setujfith high accuracy.
consists of one camera, a teleprompter, two 300 W lights and dn a first step, the whole image is searched for the presence of
background panel. The subject reads text from the telepromphteads and the locations of the main facial features. This is rather
ensuring a clear frontal view of the face [Fig. 5(a)]. The audieasy, since there is typically only one face present in the image,
and video is recorded uncompressed on a digital D-1 tape amklich is placed in the center of the image, and the illumination
later compressed into MPEG2 video files and PCM audio files carefully controlled. We summarize briefly the steps of this
We capture frames of 568 480 pixels in size with the head analysis here. Further details can be found in [3] and [21].
being about four-fifths of this height, resulting in a high level of Each frame is analyzed with two different algorithms. Color
details of facial features, skin and hair. segmentation and texture segmentation. For the texture segmen-

Quite some effort has gone into developing the whole systédation, we use the luminance of the image. First, a bandpass filter
in a way that the capturing process remains easy and che@moves the highest and lowest spatial frequencies [Fig. 2(a)].
Eventually, the system should be usable outside the lab by rEken a morphological operation, followed by adaptive thresh-
atively unskilled personnel, or even at home by the user himlding, produces a binary image, where the black blobs mark
self. The final goal is to have an easy procedure where you cameas with spatial frequencies and sizes typical of facial features
quickly produce a talking head model of yourself. such as eyes and mouth [Fig. 2(b)]. After a connected compo-
nent analysis, the center of mass, width, and height are com-
puted for each blob of connected pixels.

For the color segmentation, the hue is divided into a range

Sample-based synthesis of talking heads depends on a m@fibackground colors and a range of skin or hair colors. These
able and accurate recognition of the face and of the positionsrahges are obtained initially by manually sampling a few labeled
facial features. Without an automatic technique for extractingnages from the recordings. After thresholding and connected
and normalizing facial features, a manual segmentation of tbemponent analysis, the same features are extracted from the
images has to be done. Considering that we need samples obkdbs as in the texture analysis.
lip shapes, of different head orientations, and of several emo-Combinations of these features are evaluated in a bottom-up
tional expressions, thousands of images have to be searchedfiproach in order to locate eyes, eyebrows, nostrils, mouth,
the proper shapes. If we also want to analyze the lip movemeats] the outline of the head. First, each connected component
during transitions between phonemes, we have to analyze hisntested whether it may represent a facial feature. A 2-D
dreds of thousands of images. Clearly, it is not feasible to tiead model is used to provide acceptable ranges for sizes and
such a task manually. relative positions of facial features within the face. This model

B. Locating the Face
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Fig. 3. Color segmentation of the area around the mouth identifies dark areas
inside (a) the mouth, (b) the teeth, and (c) the outlines of the lips. (d) The blobs
(c) in the binary images are tested for their sizes and relative positions in order to

identify the parts of the mouth.

Fig. 2. Recognition process. The image is filtered with (a) a bandpass . .
filter followed by a morphological operation and (b) adaptive thresholding t&. Measuring Facial Features

generate a binary image. Combinations of blobs are evaluated whether theé’:. di h di . f the facial f .
might represent facial features. (c) Features used for identifying blobs as ey Inding the exact dimensions of the facial features Is more

pair and mouthd = D2/D1 andé = |« — A|. (d) The combination of blobs challenging, since the person is moving the head during the
ma_tching closest the reference values of the model are taken as locations Ofrli@ordings and is changing facial expressions while speaking.
facial features. . - ; .

This leads to variations in the appearance of a facial feature and

locally affects the lighting conditions. For example, during a
was initially obtained by averaging facial feature sizes antbd, a shadow may fall over the eyes. The analysis described
positions across five subjects and is further refined by sampliegrlier produces an approximate measure of the positions of fa-
a few labeled images of the subject itself. Checking widttial features, but not an accurate description of their shapes. We
and height against this model, a connected component maytherefore need to further analyze the areas around eyes, mouth,
accepted as candidate for an eye, eyebrow, nostril, or mouthd the lower end of the nose.
These candidates are given a score based on their differencéhe algorithm proceeds with color segmentation of the areas
in size from that of the model, while the rest of the connecteatound the mouth and the eyes. In a training phase, using a
components are discarded. In the next step, combinationsf@f sample images, these areas were analyzed manually. A
two facial part candidates are evaluated. For example, all tleader-clustering of the hue-saturation-luminance color space
candidates marked as eyes are checked against the mauelduced patches (blobs of similar color) that were labeled to
whether any two of them could represent an eye pair. Thatentify various parts of the mouth and the eyes. Now, an image
more complex combinations of connected components arkethe mouth area, for example, is thresholded for each of the
tested for eyes—eyebrows, eyes—nostrils, and eyes—moublor clusters, followed by a connected component analysis
Fig. 2(c) illustrates the features used for identifying an eyan each of the resulting binary images [see Fig. 3(a)—(c)]. By
pair plus mouth combination. Each combination is given @analyzing the shapes of the connected components and their
score based on the difference in relative distances betweenrlative positions in the way described in Section IV-B, we
candidate facial parts and the corresponding facial parts in th&sign the colors to the teeth, the lips, and the inner, dark part
model. The score obtained in the previous step is also propdthe mouth. This straightforward color segmentation typically
gated and a combined score is obtained. In the final step, siliffices, since we deal with videos taken under well-controlled
combinations representing a whole head are evaluated (whiigéting conditions.
head = eye-pair+ eye-brow pair+ nostril pair + mouth) fThe accuracies achieved for the dimensions of the mouth are
and the highest scoring one is retained. Missing features gypically £2 pixels (standard deviation), where the width of
not disqualify combinations (e.g., a whole head combinatidhe mouth is 60—100 pixels. However, sometimes, for example
might exist where no eyebrows were found), instead no scawaen the speaker smiles, strong shadows cover the mouth cor-
is added for the missing feature, resulting in a lower score foers, leading to larger errors in the measurements of the mouth
the combination. This bottom-up approach produces reliabkjdth. Moreover, color segmentation may not work well if the
and quickly the location of the head as well as the positiofiip color is not sufficiently different from that of the surrounding
of the major facial features [Fig. 2(d)]. A typical recognitiorskin. This is sometimes the case for elderly people or male
accuracy obtained on a set of 9700 frames is as follows: eysgseakers with narrow lips or with facial hair. We tested the ac-
and mouth—97.5% and eye brows—42% (in this case the hauracy of lip measurements in a large experiment for automatic
were often hanging over the eye brows). lip reading [15], where 50 different people pronouncing over
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In order to verify that such an approach works reliably, we
studied the shapes of the correlation functions around the fea-
ture points. A correlation analysis or matched filter approach
works well if the kernel resembles closely the image to be lo-
cated. Feature points, such as mouth corners, change signif-
icantly in appearance depending on the head orientation, the
lighting conditions, and whether the mouth is open or closed.
Therefore, a single kernel will not be sufficient for an accu-
rate determination of the position. Tests with different mouth
images indicated that nine kernels cover the range of appear-
ances encountered here [see Fig. 4(b)]. The correlation function
shows a prominent global minimum at the location of the mouth
corner, as shown in Fig. 4(c). Moreover, the correlation func-
tion is monotonically decreasing toward the minimum. Qualita-
tively, the same behavior is observed for all the feature points
we investigated, which makes the correlation analysis suited for
a gradient descent approach, saving considerable computation
time. Instead of a full correlation analysis, where the kernel is
scanned point-by-point over the whole image, we use a conju-
gate gradient technique [23], which finds the minimum typically
in about ten steps. It requires numerically evaluating the gradient
of the correlation function at each step. Yet, even with this ad-
ditional computation, the conjugate gradient technique is one to
two orders of magnitude faster than the full correlation. A typ-
ical size of the kernels is 2@ 20 pixels searching an area of

Figd 4. C(_Jrrelati%n analyS][ShseleCrt]S r? :;erfnil represherzg;\g éa)_ a mouth colrmem x 100 pixels, resulting, for ten iterations, in a computation
and scans it over the area of the right half of the mouth. elimage as we

the kernel is filtered before the correlation. (c) The correlation function sho e of less tha_m 20msona 30(_) MHz PC. . .

a prominent minimum at the position of the mouth corner. (d) This analysis Only the luminance or the hue is used for this analysis and the

provides the exact locations of eye corners, brow corners, mouth corners gedtnel, as well as the image, is filtered with a high-pass filter be-
nostrils. fore the correlation [Fig. 4(b)]. For each mouth corner, we use
nine different kernels, three kernels for each eye corner, and one
5000 utterances were recorded under varying lighting congtiernel for each corner of the eyebrows. The standard deviation
tions. While color segmentation very often provides the lip ouin the measured location is typically about one pixel for the eye
lines with remarkable accuracy, its robustness is not always sgérners and filtering over time reduces the error to less than 0.5
ficient. Recalibrating the color thresholds dynamically duringixels. The mouth corners are measured with a similar precision,
the analysis by applying color clustering every 20-50 framescept when the mouth is very wide open so that the corner is
can track changes in lighting conditions and improves the ressentially a straight vertical line. Then the vertical position may
sults. Combining the color segmentation with texture segmentse less accurate; however, the horizontal position is still accu-
tion, as described in Section IV-B, can also improve robustnegste. Feature points we measure in this way are mouth, nostrils,
Yet, after experimentation with these approaches, we developg@s, and eyebrows. Knowing precisely the positions of the eye
an alternative method, which is more robust and finds featusgrners and the nostrils allows an accurate determination of the

points with a higher accuracy. head pose. The locations of the eyebrows help identifying emo-
_ . tions, while precise locations of the mouth corners are needed
D. High Accuracy Feature Points for selecting the mouth shapes for articulating speech. Some-

Correlation analysis is well suited to determine the locatidiines the interior of the mouth is also analyzed in this way, as
of feature points in the face with the precision needed for meell as the outer edges of the lips in the center of the mouth, in
suring the head pose. In a fully automatic training phase, repesder to get a better measure of lip protrusion and for estimating
sentative examples of feature points, such as eye-corners, rig-stress put on the lips.
trils, and mouth-corners, are selected from the recorded video, .
using geometric features (Section IV-C) and the area arould POS€ Estimation
these points is cut out, generating, for each feature point, a setVe apply a pose estimation technique reported in [32] (and
of kernels. For example, for the left mouth corner, nine exarm [38] for the coplanar version), using six feature points in the
ples are selected [Fig. 4(a)] based on the width and height of flaee. The four eye corners and the two nostrils have been lo-
mouth (three different widthg three different heights). During calized with precision from a sample image (using the tech-
the analysis phase, for an image and a given feature pointjiques described in Section IV-B and Section I1V-C) and their
kernel is chosen with dimensions that are most similar to thelative 3-D position is known in the head model [Fig. 5(b)].
ones on the image, and this kernel is scanned over the afé® pose estimation process starts with the assumption that all
around the feature point. points of the 3-D model lie in a plane parallel to the image plane
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TABLE I

VALUES SHOWN IN THE TABLE ARE THE MAXIMUM ERRORS IN THE
CALCULATED POSE(z, y, = ANGLES IN DEGREES ANDDISTANCE TO CAMERA
IN mm) FOR PERTRUBATIONS OF THEMEASURED FEATURE POINTS BY: 0.5, 1,

1.5AND 2 PXELS. THE LAST COLUMN SHOWS AN AVERAGEERROR FOR
A PERTURBATION OF 1 PXEL. THE SUBJECT WAS AT A DISTANCE OF
1 m FROM THE CAMERA. THE CAMERA FOCAL LEGNTH WAS 15 mm
AND ITS RESOLUTION 560 x 480 RXELS

Mouth Width

Error of feature | 0.5 1.0 1.5 2.0 1.0 (AVG)
points (in pixels)
X-angle [deg] 1.6 33 5.0 6.9 0.7
H Y-angle [deg] | 14 | 2.8 43 5.8 0.67
Z-angle [deg] | 0.6 12 1.9 2.6 027
Fig. 5. Process of acquiring the head model. (a) A subject is recorded while Z-pos [mm)] 89 | 183 | 274 | 366 56
speaking. (b) Facial features are located. (c) Head pose is calculated. (d)

Bitmaps are extracted. (e) Bitmaps are normalized and features are measured.
(f) Database is created.

: L . rojected onto the image plane [Fig. 5(c)]. The projected quadri-
(corresponds to an orthographic projection of the model into t ete!rals mark the bou%dgry of[egch(fazlial p:rt Jon theqimage

image plane plus a scaling). Then, by iteration, the algorithm aa-

justs the 3-D model points until their projections into the imagﬁe ane [I_:!g. S(d.)]' The p|>_<els within these areas are un-warped
sing bilinear interpolation and are combined into a rectangular

plane coincide with the corresponding localized image pointos

The pose of the 3-D model is obtained by solving iteratively the:tmap [Fig. 5(e)]'that is now considered normalized. The res-
. o olution of these bitmaps should be adapted to the target output.
following linear system of equations:

In order to preserve a maximum of details, we keep the number

M;e il — 2;(1+ &) — z0 of pixels in the sample bitmaps roughly similar to that of the

Zo corresponding area in the original image (for example: 208
. ‘ 168 pixels for the mouth area). These bitmaps can be com-
Mz’_J—yz(1+Ez)_yo- . . .
Zo pressed using standard compression techniques such as JPEG

M; is the position of object poirit i and; are the two first base @1d MPEG2 before being saved into a database. In this way,

vectors of the camera coordinate system in object coordinaf@€ minute of speech for the “mouth” facial part results in an

£ is the focal length, ané, is the distance of the object origin MPEG2 file of size 12 MB (208« 168 pix at 60 frames/s) with

from the camerai, j, and Z, are the unknown quantities toVery little loss in quality.

be determinedz;, ; is the scaled orthographic projection of

the model point, zo, o is the origin of the model in the sameG- Sample Parameterization

plane¢; is a correction term due to the depth of the model point. Once all samples of a face part are extracted and stored as

g; is the parameter that is adjusted in each iteration until titmaps, several features are computed and attached to the sam-

algorithm converges. ples to enable fast access and selection from the database during
This algorithm is stable, also with measurement errors, andiinthesis. We use the following features.

converges in just a few iterations. If the recognition module has1) Geometric FeaturesThese are features derived from the

failed to identify eyes or nostrils on a given frame, we simplype, relative position and size of facial parts present in the

ignore that frame during the model creation process. The recggmple image. They are obtained from the facial locator module

nition module marks the inner and outer corners of both eyes,@ge sections Sections IV-C and IV-D) and are transformed to

well as the center of the nostrils. The location of the nostrils ébrrespond to a normalized, frontal view of the head. (see Sec-

very reliable and robust. We are able to derive their position witlon IV-F). In Fig. 5(e), for example, we describe the mouth with

subpixel accuracy by applying low-pass filtering on their traje¢hree parameters: the width (the distance between the two corner

tories. The location of the eye corners is less reliable becayssints), they-position of the upper lip (thg@-maximum of the

their positions change slightly during closures. We therefore iguter lip contour), and the-position of the lower lip (thg-min-

nore frames on which the eyes are closed. The errors in the firum of the outer lip contour). Samples of other facial parts are

tered positions of these feature points are typically less than qi@ameterized in a similar way.

pixel. A study of the errors in the pose resulting from errors 2) Pixel-Based FeaturesThey are calculated from the

of the recognition is shown on Table II. All possible Combinasample pixels using principal component analysis (PCA).

tions of recognition errors are calculated for a given perturbatiguhile geometric features described above are useful to dis-

(with six points and nine possible errors, #ll= 531 441 poses criminate among a large number of samples of a given facial

have been computed). part, they cannot capture fine details of the appearance, making

it necessary to proceed with a lower-level analysis. To compute

PCA, the luminance values of the normalized bitmaps are
Once the head pose on an image is known, the set of padliyst sub-sampled in both directions into a vector/éfpixels

gons (quadrilaterals) marking the 3-D shape of a facial partasd theN x N covariance matrix is obtained by processing

F. Sample Extraction



COSATTO AND GRAF: PHOTO-REALISTIC TALKING HEADS FROM IMAGE SAMPLES 159

all bitmaps. Then, from the singular value decomposition TABLE I

of the covariance matrix, the eigenvectors with the higheé:tQOM THE INPUT TEXT “I B ET THAT,” PHONEMES AREOBTAINED FROM TTS
. . . . . AND THE COARTICULATION OF FACIAL PARAMETERS IS COMPUTED.

eigenvalues are retained. Finally, each sample is projected ont0  For eacH FRAME OF THE ANIMATION , THE TABLE SHOWS THE

each of the principal eigenvectors to obtain a feature vector. For VALUES OF EACHPARAMETER

a set of 208x 168 pixels “mouth” facial parts, we subsample

the bitmap by a factor of six and we keep 30 componen fame L“mber ph":sme m°“t}7‘0“”dth lowerslip £OS. upper;;p £oS.
that account for over 95% of the variance in the input image 5 ah 7 55 79
Misalignment of samples (offsets, rotations, etc.) would preve 46 ah 80 50 77
PCA to account for most of the variance with a small numb 47 iy - 88 44 74
of principal components and, hence, would not be useful he 33 ‘g % ;i ;2
However, since the samples have been normalized (the hi 30 b 74 9 93
pose is factored out), PCA components are very good featu 51 b 72 34 89
for discriminating fine details in the shapes of facial parts. 52 ch 6 €0 82
L 53 eh 67 78 76
3) Head Pose:These are the angles and the position of tF 5 <h 5 0 2
head in the given image. This information is saved for eas 55 eh 77 53 2
image that is used as base face. It is used at synthesis tim 56 t 83 44 31
project facial parts samples onto the base face with the corr g; ‘:‘e‘ zz ‘5‘;3 3(5)
orientation. 59 " 91 53 53
4) Original Sequence and Frame NumbeFhese are the 60 ae 95 58 74
frame number and sequence number in the original recorc 61 ae 95 53 67
video data. This information is used when selecting sampl 2§ ate zg gé ;‘i
for an animation to preserve whenever possible the inher¢ o4 T 34 29 27

smoothness of real, recorded facial movements.

5) Phonetic Information:This information is obtained
using automatic speech recognition techniques and consistsneéitely reduced by half without noticeable loss in the quality of
a DARPA-bet phone symbol attached to each frame. the animations.

H. Database of Samples V. SYNTHESIS

First, the space defined by the geometric features of a facﬁl
part is quantized at regular intervals. This createa-a@imen- ] o ) o
sional lattice, where n is the number of parameters [Fig. 5(f)], Talklng-head animations are gene_rally driven by audio mp_ut,
and each lattice point represents a particular appearance of #fi¢ther in the form of recorded audio from a subject speaking
facial part. Going through all samples, each one is inserted[#P]: or from synthesized audio [33]. Using a text-to-speech
the closest lattice entry (smallest Euclidian distance in the fe¥(nthesizer (TTS) to provide the audio makes for a fully auto-
ture space). Next, the samples of each lattice entry are clusteféjed system that can synthesize talking-head animations from
using pixel-based features. We use a simple two-pass leaf&C!! téxtinput. The drawback of using a TTS is that most of
cluster algorithm and set the cluster distance threshold to a sn{afim pProduce speech with a distinctly robot-like sound. Subjec-
value. This has the effect of clustering samples that look qualy® tests show [4] that users dislike the combination of photo-
identical and, thus, reduces drastically the size of the databig@listic video and synthetic-sounding audio (actually prefer-
without reducing the diversity of appearances within one latti€¥19 Synthetic-looking video combined with synthetic-sounding
point. The number of samples kept in each lattice point vari@é{d'o)- Since we are striving for natural appearance of our face,
with some being empty. Having multiple samples per lattic¥€ were search!ng fora TTS that_ sounds natural. Only very
point is necessary because the geometric features often faif6€nt Progress in speech synthesizer technology has produced
completely characterize the appearance of a facial part. For 8R€€ch that can be considered naturally sounding [6]. Tests with
ample, the visibility of the teeth and the tongue in the mouf® of these TTS systems confirmed that its ngturalness is suf-
cavity are rather difficult to analyze and, if taken as geometr{ci€nt to accompany a recorded face [4]. Starting from ASCII
features, would substantially increase the dimensionality of Xt input, the TTS produces a sound file along with its phonetic
lattice. This would multiply the number of samples in the daté_[anscnptlon. This transcript includes precise timing |_nforma-
base. Instead, we rely on pixel-based features to capture thiiQ@ for each phoneme (Table I11). To control other facial parts
subtle differences. during the production of speech, special marks are placed within

There is a tradeoff between the size of the database and {ffe t€xt input that are recognized by the TTS, which then pro-
quality of the animations that it can generate. Being more agdces timing information for these marks.
gressive in clustering samples within lattice points results in a
smaller database of samples; however, this will tend to prodlﬁe
animations that appear more jerky (see Section V). For exampleTo animate the mouth from a phonetic transcript, the naive ap-
in one of our experiments, we recorded approximately 3 min pfoach of mapping each phoneme to a particular mouth shape
speech, resulting in about 40 MB of mouth samples (see Sézads to very poor articulation. This is because of the coartic-
tion IV-F). After clustering, the size of the database was approulation effect. When we articulate a phoneme, the lips, jaw,

Audio Input

Animation of the Mouth
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and tongue either get ready ahead of time to articulate the next
phoneme(s) (as in “stew,” the lip protrusion starts appearing be-
fore the “u” sound comes out), or linger on from the previous
phoneme(s) (as in “yult,” the lip protrusion stays after the “u”
sound stops). Another commonly used model for coarticulation

is the Cohen—Massaro model [22], [37], which calculates pa-
rameters of the mouth (such as upper lip position, lip width, jaw
rotation, tongue, etc.) of a given frame by integrating weighted
contributions of participating phonemes. This model was origi-
nally developed to drive a 3-D polygonal model and is not well
adapted to our sample-based approach. Instead, we also use a
sample-based approach for coarticulation. Using the phonetic
features, the best matching frames to the current phonetic con- 60
text are found and their associated geometric features are av-
eraged. For each frame of the animation, the resulting feature
vectors create a trajectory in the space of features. Fig. 6 shows
a trajectory in the space of three mouth parameters shownfig 6. Froma phonetic transcript, parameters of the mouth are calculated and
Table 11l for the utterance: “I bet that.” A 3-D space is Showﬁr:irrijeeig(t)onr);(l:sri'(;Etalned in the space of parameters that is sampled to obtain an
here for simplicity; however, we typically include other mouth

parameters such as jaw rotation, tongue, and teeth visibility.
To create a video animation, the trajectory is sampled at /™ ® e e mliale
video rate (typically every 33.33 ms for a 30 frames/s anim:

tion). Then, for each sample point, the closest lattice entry (‘fﬂ:‘j [Lc;‘:l"“ [L;‘:l";‘)
geometric features is chosen, providing a set of candidate moi 222 312 3-0-2
bitmaps. A graph is then constructed for the animation (Fig.

containing a list of candidate mouth bitmaps for each vide#
frame. Transition costs are calculated between candidates of t_§
consecutive frames. This cost is either the Euclidian distance=
PCA space between the two candidate images or zero for franﬁ
that are following each other in the original recordings (actuallu
within % frames of each other with typically equal to 3)

B882233V8E

12
S
(=9
S
-~
b
2,
S

cst(bmpl, bmp2)

‘ (0< fr(bmpl)
—fr(bmp2) <k,
0, IF AND
seq(bmpl)
_ b 2 _, Least expensive
= seq(bmp2) Transition  path after Viterbi
_ ( fr(bmpl) — fr(bmp2) costs optimization
>k, OR . . o . .
Fig. 7. Usingthe animation script: for each frame a lattice entry in the database
b b IE fr(bmpl) — fr(bmp2) is chosen, providing a list of candidate bitmaps. Transition costs are computed
g(bmpl, bmp2), <0OR in the PCA domain between each candidate of each frame. A low cost indicates
that the two bitmaps are visually close. A Viterbi search is then performed to find
seq(bmpl) the path that incurs the lowest cost and hence generates the smoothest animation.
~ ( # seq(bmp2)

to the smoothest possible animation, the one where visual dif-
ferences between consecutive frames are minimized. To keep
computation costs low, we limit the number of candidates at

each lattice point to 50.

( g(bmpl, bmp2)
k
= Z(PCAbrnpl,i - PCAbran,i)Q

i=1

with fT(bmpl) _

frame number of
bitmap in sequence

C. Transitions

When transition costs between consecutive frames are high,
sequence number indicating a large visual difference, we attempt to smooth the
seq(bmpl) = | to which the transition by gradually merging one frame into the other using
\ bitmap belongs alpha-blending:

Once the transition costs between every node have been es- piz; ; = piza; ; + (1 — ) - pizb; ;
tablished, the shortest path through the graph is computed using t—tg
a Viterbi search. The resulting least expensive path corresponds «@= t — to

t € [to, ti]-
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a substrate for entirely different speech might seem objection-
able, since the synchronization of head movements and other
facial parts movements will be lost. However, we found that for
short speech animations, people mostly pay attention to the lip-
synch and never complained about unsynchronized head move-
ments.

E. Rendering

To synthesize a new face with a certain mouth shape and emo-
tional expressions, the proper sample bitmaps are chosen for
58 59 60 61 each ofthe facial parts. For example, at a given time of an anima-
- --- tion, the talking-head is supposed to utter an “u” with emphasis,
with the head slightly lowered. The coarticulation module se-
LN St * ey lects thg proper sample pitmap from the df\t:’;’lbase for the mouth
(here with the protruted lips typical of the “u” sound), the eyes
\ y  (herewide open for emphasis), and the forehead (here, risen eye-
brows for emphasis again). Then a base face is selected from
the database (here slightly lowered). The bitmap of the base
face is first copied into the frame buffer, then the bitmaps of
face parts are projected onto the base face using the 3-D model
and the pose of the base head. Because we limit ourselves to
Fig. 8. Mouth bitmaps selected for the animation. Each bitmap is then inserfé@ntal views with small movements, no overlap or occlusion of
into the whole head for the final animation. facial parts occur. To avoid any boundary artifacts from over-
laying bitmaps, we use gradual blending or “feathering” masks
During the transition interval frory to ¢4, the resulting pixel [Fig. 1(c)]. These masks are created by ramping up a blending

pix s a blend of the corresponding pixels from sam(@iza) value from the edges toward the center.
and samplé (pizb). The number of samples that are used to

create a transition varies depending on the sampling rate of thesynthesis Performance

trajectory, the duration of the samples, and the transition costTh I tem i tlv able t d ideo fil
To enhance the quality of transition frames and avoid the ?_VI € overa s;(;; eI\TJ'FS)ECGu”fen yAaSCe” 0 produce .Vr'] €o hies
casional see-through effect of alpha-blending, we have exp ﬁ‘ compressed in ) rom textinput withoutany
mented with a morphing technique described in [10]. HowevéTrwl.nual Intervention. Thc_a te_xt is first sent to the TTS module,
we found that for the mouth, alpha-blending is often preferablge. 'C.h produces an audio file anq a phoneme file. The Sy_n—
While the quality of the transition images is excellent, m0|1- esis m_odule then produces the video file. At the moment, with

phing is computationally more expensive. Furthermore, mok . , .

: : . . . . le to produce video at about five frames/s with a latency
hing tends to introduce coarticulation artifacts. Morphed infe.. ab L .

phing P 100 s/frame (hence, a 10—s animation at 30 frames/s will

ages are not necessarily real occurrences of mouth shapesoa{lg]g about 63 s : 3 s initial latency 60 s for producing the

hence might distort the perceived lip-synch. For other facéﬁ €0). The latency comes from the TTS module and the Viterbi

parts, however, morphing provides better results than blendin{’ N .

Fig. 8 shows the sequence of mouth shapes selected from reh, _and half of the render'mg t|mg 'S ;pent compressing _the

database, plus the transition shapes, marked with a white T. video. Since the actual rendering (projecting and alpha-blending
' ' the sample bitmaps) can be done efficiently on most computers

D. Other Facial Parts using OpenGL texture-mapping functions, we expect to have a

We handle the animation of other facial parts using a modre(:alal_tlme system in the near future.
similar to the one developed for the MPEG4 facial animation
subsystem [12]. Special markers are put in the text to control
amplitude, length, onset, and offset of facial animations. This isWe have produced short videos from several different head
an easy way to provide synchronization of conversational cuespdels. Fig. 8 shows a few frames extracted from such a
such as eye and eyebrow movements, eye blinks, or head maxdeo. It is, of course, impossible to judge the quality of an
ments that accompany the spoken text. animation from still pictures; this only shows that statically

As for the base face, we use a set of recorded sequencethete frames look natural with no noticeable artifacts. To obtain
speech, where the subject was asked to speak while keefdimgdback on the quality of these sequences, we have made
movements of the jaw to a minimum. In this way, we avoid arnformal tests with dozens of people. All tests were done with
tifacts that sometimes appear when overlaying a closed mosttort clips, without integrating them into an application or
(small footprint) over a base face with an open mouth (lardgying to make them particularly entertaining (such as telling
footprint). These sequences otherwise exhibit the usual charagoke). In such a setting, the viewers concentrate fully on
teristics of speech, including slight head movements, eye blinkise talking head and notice any artifacts. While reactions are
and occasional eyebrows movements. Using these sequencesa@stly positive, some viewers criticize the lip synchronization

54 55 56 57

53
fo

¥ I‘ V#
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and the articulation—often over-articulation. Occasionallg. Emotions

”.‘O.de"”g or b'e”d'”9 artifacts at the teeth and the JaW ar€ey/en though our talking-head model exhibits striking photo-
visible. The reader is encouraged to go to our web site aljisn it still lacks prosody, emotions, and synchronized head
http://www.research.att.comeric/synthesis.html  to  VIew .,y ements. Though this is acceptable for short animations (15 s
some examples of talking head animation generated by Qﬂrless), longer animations quickly become boring to watch.
systems. . . Currently, emotional expressions are generated mostly through
A formal test was done to determine whether a talking heaghimations of the upper part of the face (eyebrows raising and
could improve intelligibility of spoken text in a noisy environ-frowning, eyes widening, etc.). We plan to record additional
ment [4]. Two head models were tested, one 3-D model, Wiflats of the mouth where the subject is smiling while talking.
and without texture maps of a real person, and this Sample'baé?dswitching between the happy and the regular set of mouths,
head. All head models improved intelligibility significantly and,,¢ hope to be able to convey some degree of emotional content
by about the same amount (error rate dropped from 20% fQfihe speech, making long animations more enjoyable. We also
audio-only to only 4% for the talking-head). These tests Wefffan to produce synchronized head movements by controlling

done with an older version of the sample-based talking hegg, hhing within a lattice of base heads in various common po-
and all heads used an older TTS [13], which has more ofefions.

robot- like voice. Subjective tests indicated that users dislike the
clash between a natural-looking face and an unnatural voice (in
contrast, a synthetic-looking head with a natural voice seems VII. CONCLUSIONS

to be pel’fectly acceptable). Therefore, in some of the tests, thQ/\/e have presented a novel way to create head models that
bare 3-D model scored higher in “being liked” than either thgan be used to generate photo-realistic talking-head animations.
sample-based head or the 3-D head with a person’s texture M3&ing image samples captured while a subject was speaking
The new TTS [6] sounds very natural and fits well the appeajreserves its original appearance. Using photographs as parts of
ance of the sample-based head. In recent tests, there have n@ygiputer graphics is an old tradition. Yet as long as photographs
been any complaints about a mismatch between voice and faggd to be segmented manually, this approach was very costly.
Along-term goal is to produce animation snippets that cannRecent advances in accuracy and robustness of face recognition
be distinguished from a real person, or at least to make the 8)stems make the approach described here feasible. The pose
imations look so good that a viewer accepts them as a replagethe head and the precise location of facial parts on tens of
ment for video clips of a person. In order to make a talking hegousands of video frames are computed, resulting in a rich yet
a valuable addition to an application, it is not only its appeagompact database of samples. A simple 3-D model of the head
ance that must be of very high quality. In fact, to keep viewegnd facial parts enables perspective projection of the samples
pleased, the talking head must have a wide repertoire of kgro a base head in a given pose, allowing head movements. The
haviors blending discreetly into the flow of action of the surresults are lively animations with a pleasing appearance that re-

rounding application. semble closely a real person. This system looks promising for
generating talking heads that can enliven computer-user inter-
A. Model faces as well as future encounters among avatars in cyberspace.

As envisioned by science fiction author Neil Stephenson in his

The simple 3-D model we currently use covers a limited rangscription of the “Metaverse” [39], people will meet and in-
of views. This is because it approximates facial parts with ontgract through avatars and these avatars, through their quality,
a few planes, resulting in increasingly visible artifacts when thgeauty, and realism (or lack thereof) will be representative of
head rotates away from the frontal position. There is no simpige social status, wealth, and technological savvy of their real
solution to this problem and, in fact, our system takes advagbunterparts. Models that are highly realistic, of course, come
tage of the fact most speech postures are frontal with small roga-a higher cost, namely model creation costs, and costs related
tions around the frontal position. To circumvent this limitationio the size (bytes) of the model, costs related to the resources
a more tightly fitting 3-D model is needed and textures negfbeded to animate the model. But these costs will be justified
to be sampled from multiple directions, resulting in a compley the true-to-real-life experience these models can provide.
capture process and a large database.

There is an incentive, on the other hand, to keep the modeling
part simple enough so that it can go outside the lab into “mod-
eling shops.” These shops are places where people can get thelthe authors would like to thank J. Ostermann for setting up
model made for a fee. Cyberware scanner shops are beconsngjective testings and his participation in data collection, T.
increasingly common, showing people’s growing interest in gdezzat for sharing his knowledge in morphing algorithms and
ting their own digital representation. Data-driven techniques areage PCA, G. Potamianos for many useful discussions on
inherently cumbersome, because of the large amount of data thatial unit selection, and A. Basso for his precious help with
has to be recorded from a subject to create his or her moddPEG2 video compression. The text-to-speech synthesizer
However, we are working toward keeping the overall cost of thesed here was developed by J. Schréter, M. Beutnagel, A.
modeling to a minimum through a simple and nonintrusive cagonkie, Y. Stylianou, and A. Syrdal, who provided access to
ture process (single camera, no audio, and no facial markergioring and prosodic information and made the system available
head restraints). at an early stage of the development.
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