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Abstract

This paper describes an active-camera real-time system
for tracking, shape description, and classification of the
human face and mouth using only an SGI Indy computer.
The system is based on use of 2-D blob features, which are
spatially-compact clustersof pixelsthat aresimilar interms
of low-level image properties. Patterns of behavior (eg.,
facial expressions and head movements) can be classified
in real-time using Hidden Markov Model (HMM) methods.
The system has been tested on hundreds of users and has
demonstrated extremely reliable and accurate performance.
Typical classification accuracies are near 100%.

1. Introduction

This paper describes a redl-time system for accurate
tracking and shape description, and classification of the hu-
man face and mouth using 2-D blob features and Hidden
Markov Modds (HMMs). All of the experimental appa
ratus described here is real-time, a 20 to 30 frames per
second, and runs on SGI Indy workstations without any
special-purpose hardware.

The notion of “blobs’ as a representation for image fea-
tures has along history in computer vision [25, 19, 5, 34],
and has had many different mathematical definitions. In our
usageitisacompact set of pixelsthat shareavisua property
that is not not shared by the surrounding pixels. This prop-
erty could be color, texture, brightness, motion, shading, a
combination of these, or any other salient spatio-temporal
property derived from the signal (the image sequence). In
our usage blobsare, therefore, acoarse, local ly-adaptiveen-
coding of the images spatial and col or/texture/motion/etc.
properties. A primemotivationfor our interestin blob repre-
sentationsisour discovery that they can bereliably detected
and tracked even in complex, dynamic scenes, and that they
can beextracted in real -timewithout the need for special pur-
pose hardware. These properties are particularly important
in applicationsthat require tracking people, and recently we
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have used 2-D blob tracking for real-time whole-body hu-
man interfaces [34] and real-time recognition of American
Sign Language hand gestures[32].

Inrecent years, much research has been done on machine
recognition of human facial expressions. Feature points
([3]), physical skinand muscleactivation models([21], [33],
[30]), optica flow models ([13] ), feature based models us-
ing manually selected features ([26]), local parametrized
optical flow ([4]), deformable contours ([20], [23]), com-
bined with optical flow ([35]) as well as deformable tem-
plates ([18],[37],[15],[6]) among severa other techniques
have been used for facial expression anaysis. This paper
extends these previous efforts to real-time analysis of the
human face using our blob tracking methodology. This
extension required development of an incremental Expec-
tation Maximization method, a new mixture-of-Gaussians
blob model, and acontinuous, real-timeHMM classification
method suitable for classification of shape data. Applica
tions of this new system, called LAFTER (Lips and Face
TrackER) include video-conferencing, real-time computer
graphicsanimation, and“ virtual windows” for visualization.
Of particular interest is our ability for accurate, red-time
classification of the user’s mouth shape without constrain-
ing head position; this ability makes possible (for the first
time) real-time speech-reading and expression recognition
in unconstrained office environments.

The paper is structured as follows: the genera mathe-
matica framework; use in face detection and tracking; use
in mouth detection and mouth tracking; mouth expression
recognition; resultsand applications; conclusionsand future
work.

2. Mathematical Framework

The notion of grouping atomic parts of a scene together
to form blob-like entities based on proximity and visual
appearanceisanatural one, and has been of interest to visual
scientists since the Gestalt psychologists studied grouping
criteriaearly in thiscentury [12].



In modern computer vision processing we seek to group
pixels of images together and to “segment” images based
on visua coherence, but the “features’ obtained from such
efforts are usualy taken to be the boundaries, or contours,
of these regions rather than the regions themselves. In very
complex scenes, such as those contai ning people or natural
objects, contour features often prove unreliableand difficult
to find and use.

The blob representation that we use was developed by
Pentland and Kauth et al [25, 19] as away of extracting an
extremely compact, structurally meaningful description of
multi-spectral satellite (MSS) imagery. In this method fea-
turevectorsat each pixel are formed by adding (z, y) spatial
coordinates to the spectral (or textural) components of the
imagery. These are then clustered so that image properties
such ascolor and spatial similarity combineto form coherent
connected regions, or “blobs,” in which al the pixels have
similarimage properties. Thisblob descriptionmethodis, in
fact, a specia case of recent Minimum Description Length
(MDL) algorithms|9, 8, 2].

Wehave used essentially the same techniquefor real-time
tracking of peopleincolor video[34]. Inthat applicationthe
spatial coordinates are combined with color and brightness
channelsto form afour-element festure vector at each point
(z,y, r+,++b’ ﬁ). These were then clustered into blobs
to drive a*“ connected-blob” representation of the person.

By using Expectation Maximization (EM) methods to
obtain Gaussian mixture models for the spatio-chrominance
feature vector, very complex shapes and color patterns can
be adaptively estimated from theimage stream. In our sys-
tem we use an incremental version of EM, which alows us
to adaptively and continuoudly update the spatio-chromatic
blob descriptions. Thus not only can we adapt to very dif-
ferent skin colors, etc., but aso to changes in illumination.

2.1. Blobs: A Probabilistic Representation

We can represent shapes in both 2-D and 3-D by their
low-order statistics. Clusters of 2-D points have 2-D spatial
means and covari ance matri ces, which we shall denoteq and
Cy. Theblobspatial statisticsare described in terms of their
second-order properties; for computational convenience we
will interpret thisas a Gaussian model. The Gaussian inter-
pretation is not terribly significant, because we also keep a
pixel-by-pixel support map showing the actua occupancy.

Like other representations used in computer vision and
signal analysis, including superquadrics, moda anaysis,
and eigen-representations, blobs represent the globa as-
pects of the shape and can be augmented with higher-order
statistics to attain more detail if the data supportsit. The
reduction of degrees of freedom from individual pixes to
blob parameters is a form of regularization which allows
theill-conditioned problem to be solved in a principled and
stable way.

For both 2-D and 3-D blobs, there is a useful physica
interpretation of theblob parametersintheimagespace. The
mesan represents the geometric center of the blob area (2-D)
or volume (3-D). The covariance, being symmetric, can be
diagonalized viaan eigenval ue decomposition: C' = ®L®”
,where ® isorthonorma and 7. isdiagonal.

The diagonal /. matrix represents the size of the blob
along independent orthogonal object-centered axes and @
isarotation matrix that brings this object-centered basis in
alignment with the coordinate basis of C'.

This decomposition and physical interpretation is im-
portant for estimation, because the shape L can vary a a
different rate than the rotation ®. The parameters must be
separated so they can be treated appropriately.

2.2. Maximum Likelihood Estimation

The blob features are modeled as a mixture of Gaussian
distributions in the color (or texture, motion, etc.) space.
The agorithm that is generaly employed for learning the
parameters of such a mixture model is the Expectation-
Maximization (EM) algorithm of Dempster et al [10], [29].

In our system the input data vector d is the normalized
R,G,B content of the pixelsin the image. The color dis-
tribution of each of our blobs is modeled as a mixture of
Gaussian Probability Distribution Functions (PDF's) that
areiteratively estimated using EM. We can perform a max-
imum likelihood decision criterium after the clustering is
done because human skin forms a dense manifold in color
gspace. Two different clustering techniques, both derived
from EM are employed: an off-linetraining process and an
on-line adaptive learning process.

In order to determine the mixture parameters of each of
theblobs, the unsupervised EM clustering algorithmiscom-
puted off-lineon hundreds of images of the different classes
to be modeled (in our case, face, lips and interior of the
mouth), in asimilar way asis done for skin color modeling
in [17]. When a new frame is available the likelihood of
each pixel iscomputed using thelearned mixture model and
compared to alikelihood threshold. Only those pixel swhose
likelihood is above the threshold are classified as belonging
to the modd.

2.3. Adaptive Modeling viaEM

Even though general models make the system relatively
user-independent, they are not as good as an adaptive, user-
specific model would be. We therefore use adaptive sta-
tistical modeling of the blob features to narrow the genera
model, so that its parameters are closer to the specific users
characteristics.

The first element of our adaptive modeling is to update
the model priorsas soon as the user’s face and face features
have been detected. The new distribution parameters are



computed as follows:
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Equation 1 corresponds to amodel averaging of the general

and the learned models, in which the prior probability for

each model isthe same.

This update of priors occurs only at the beginning of
the sequence, assuming that the blob features are not going
to dragtically change during run time. To obtain a fully
adaptive system, however, one must aso be able to handle
second-to-second severe changes in illumination and user
characteristics.

We therefore use an on-line Expectation-Maximization
algorithm ([27]) to adaptively model theimage characteris-
tics, Wemodel both the background and thefaceasamixture
of Gaussian distributionswith mixing proportionsz; and X
components:

p(x/O) = Zm

The unknown parameters of such amodel are the sufficient
statistics of each Gaussian distribution (¢, Z;), the mixing
proportionsz; and the number of components of the mixture
K.

The sufficient statistics are updated by computing an on-
line version of the traditional EM update rules. If the first
n data points have aready been computed, the parameters
when data point (n + 1)* is read are estimated as follows:
First, the responsibility 47+ for a new data point 2"+ is
computed:
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This responsibility can be interpreted as the probability
that a data point =" +* was generated by component i. Once
this responsibility is known, the sufficient statistics of the
mixture components are updated, weighted by the responsi-
bilities:

(3)
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where o; is the standard deviation of component i and
”“ istheaverageresponsibility of component i per point:

Lsuperscript n will refer in the following to the estimated parameters
when r. data points have already been processed

wPtt = wp + 2=%0 . The main idea behind this update

rulesisto dlstrl butethe effect of each new observationto all
the terms in proportion to their respective likelihoods.

A new component isadded to the current mixture model if
themost recent observationisnot sufficiently well explained
by the moddl. If the last observed data point has a very
low likelihood with respect of each of the components of
the mixture, i.e. if itisan outlier for all the components,
then a new component is added with mean the new data
point and weight and covariance matrix specified by the
user. The threshold in the likelihood can be fixed or could
be stochastically chosen: the agorithm would randomly
choose whether to add a component or not given an outlier.
There is a maximum number of components for a given
mixture as well.

The foreground models are initiaized with the off-line
unsupervised learned a priori mixture distributions de-
scribed above. In thisway, the algorithm quickly converges
to amixturemodel that can be directly related to thea priori
models’ classes. The background models are not initialized
with an a priori distribution but learned on-line from the
image.

2.4. MAP segmentation

Given these model's, a MAP foreground-background de-
cision ruleis applied to compute support maps for each of
the classes, that is, pixd-by-pixel maps showing the class
membership of each model. Given severa statistical blob
modelsthat could potentially describe someparticular image
data, the membership decision is made by searching for the
model with the Maximum A Posteriori (MAP) probability.

Once the class memberships have been determined, the
statistics of each class are then updated via the EM algo-
rithm, as described above. Thisapproach can easily be seen
to be a specia case of the MDL segmentation algorithms
developed by Darrell and Pentland [9, 8] and later by Ayer
and Sawhney [2].

2.5. Kalman filtering

To ensure stability of the M AP segmentation process, the
gpatial parameters for each blob model are filtered using a
zero-order Kalman filter. For each blob we maintain two
independent, zero-order filters, one for the position of the
blob centroid and another for the dimensions of the blob’s
bounding box. The MAP segmentation loop now becomes:

1. For each blob predict the filter state vector, X* = X
and covariance matrix, C* = C'+ (At)2WW , where the
matrix ¥ measures the precision tolerance in the esti-
mation of the vector X and depends on the kinematics
of the underlying process.

2. For each blob new observationsY (e.g., new estimates
of blob centroid and bounding box computed from the



image data) are acquired and the M ahal anobisdistance
between these observations (Y,C) and the predicted
state (X, C') is computed. If this distance is below
threshold, thefiltersare updated by taking into account
the new observations:

¢
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Otherwise a discontinuity is assumed and the filters
areisreinitidized: X = X* andC' = C*.

A generalized version of thistechnique is employed in [7]
for fusing several concurrent observations.

2.6. Continuousreal-time HMMs

Our approach to temporal interpretation of facia expres-
sions uses Hidden Markov Models (HMMs) [28] to recog-
nize different patterns of mouth movement. HMMs are one
of thebasi c probabilistictool sused for time seriesmodeling.

HMMs fall into our Bayesian framework with the addi-
tion of time in the feature vector. They offer dynamic time
warping, an efficient learning algorithm and clear Bayesian
semantics. We have developed a real-time HMM system
that computesthe maximum likelihood of theinput sequence
with respect to al the models during the testing or recogni-
tion phase. ThisHMM based system runsin red timeon an
SGI Indy, with the low-level vision processing occurring on
aseparate Indy, and communi cations occurring viaa socket
interface.

3. Automatic Face Detection and Tracking

Our approach to the face finding problem uses coarse
color and size/shape information. This approach has advan-
tages over correlation or el genspace methods, such as speed
and rotation invariance under constant illumination condi-
tions. Moreover, our own work [34], or that of Schiele et
a or Hunke et & [31, 16] have shown that use of normal-
ized or chromatic color information (; 47—, ;4=) can be
reliably used for finding 'flesh areas’ present in the scene
despite wide variationsin lighting.

By training themodel onthousandsof skin color samples,
using off-line EM clustering, we have obtained a model
that is valid for a broad spectrum of users (Indian, Asian,
Caucasian, South American...).

Asdescribed in the mathematical framework (section 2),
our system uses an adaptive EM algorithmaswell. Boththe
foreground and background classes are learned incremen-
tally from the data. As atrade-off between the adaptation
process and speed, new models are updated only when there
isasignificant drop in the aposteriori match between model
and data.

Two to three mixture components is the typical number
required to accurately describe the face. Mouth models are
more complex, often requiring up to five components. This
is because the mouth model must include not only lips, but
aso theinterior of the mouth and the teeth.

3.1. Blob Growing

Afterinitial application of theMAP decision criterion to
the image, often isolated and spurious pixels are misclassi-
fied. Thusloca pixel information needs to be merged into
connected regions that correspond to each of the blobs.

The transition from local to global information is
achieved by applying a connexity algorithm which grows
the blob. The algorithm we use is an speed-optimized ver-
sion of atraditional connectivity algorithmthat considersfor
each pixel the values within aneighborhood of a certain ra-
dius (which can bevaried at run-time) in order to determine
whether this pixel belongsto the same connected region.

Finaly, these blobs are then filtered to obtain the best
candidate for being a face or a mouth. Color information
aloneisnot robust enough for thispurpose. Thebackground,
for instance, may contain skin colorsthat could begrown and
erroneoudy considered as faces. Additiona informationis
thusrequired. Inthecurrent system, geometric information,
such asthe size and shape of the object to be detected (faces)
is combined with the color information to finally locate the
face. In consequence, only those 'skin blobs whose size
and shape (ratio of aspect of itsbounding box) are closest to
the canonical face size and shape are considered. The result
isshown infigure 1.

Figure 1. Face detection and growing

3.2. Active Camera Control

Because our system aready maintains a Kalman filter
estimate of the centroid and bounding box of each blob, itis
arelaively simple matter to use these estimates to control
the camera so that the face of the user always appearsin the
center of the image and with the desired size. Our system
uses an abstraction of the camera control parameters, so that
different camera/motor systems (currently the Canon VCC1
and Sony EVI-D30) can be successfully used in a totally
transparent way. In order to increase tracking performance,
the camera pan-tilt-zoom control is done by an independent
light-weight process (thread) which is started by the main
program.

The current estimation of the position and size of the
user’s face provides a reference signal to a PD controller



which determines the tilt, pan and zoom of the camera so
that thetarget (face) hasthedesired sizeandisat thedesired
location. The zoom control is relatively simple, because it
just has to be increased or decreased until the face reaches

the desired size. Pan and tilt speeds are controlled by S. =

48 .
CexBtCar'gy ,whereC', and C; areconstants, £ istheerror,

i.e. the distance between the face current position and the
center of theimage, F, isthezoom factor, and S, isthefinal
speed transmitted to the camera.

The zoom factor plays a fundamental rolein the camera
control because the speed with which the camera needsto be
adj usted depends on the di splacement that afixed pointinthe
image undergoesfor agivenrotationangle, whichisdirectly
related to the current zoom factor. The relation between this
zoom factor and the current camera zoom positionfollowsa
non-linear law which needsto be approximated. Inour case,
a second order polynomial providesa good approximation.

4. Mouth Extraction and Tracking

Once the face location and shape parameters are known
(center of the face, width, height and image rotation angle),
we can use anthropometric statistics to define a bounding
box within which the mouth must be located.

The mouth is modeled using the same principles as the
face, i.e. through a second-order mixture modd that de-
scribes both its chromatic color and spatia distribution.
However to obtain good performance we must also produce
amore finely detailed model of the face region surrounding
themouth. Theface modd that isadequate for detection and
tracking isnot adequate for accurate mouth shape extraction.

Our system, therefore, acquires image patches from
around the located mouth and builds a Gaussian mixture
model. In the current implementation, skin samples of three
different facial regions around the mouth are extracted dur-
ing theinitialization phase and their statistics are computed.
Figure 2 is an example of how the system performsin the
case of facial hair. Therobustness of the systemisincreased

Figure 2. Head and mouth tracking: rotations, facial hair

by computing at each time step the linearly predicted posi-
tion of the center of the mouth. A confidence level on the
prediction is also computed, depending on the prediction
error. When the prediction isnot available or its confidence
level drops below athreshold, the mouth’s positionisreini-
tialized.

4.1. Mouth shape

The mouth shape is characterized by its area, its spatia
eigenvalues (e.g., width and height) and its bounding box.
The use of this feature vector to classify facia expressions
has been suggested by psychologica experiments [36, 22],
which examined the most important discriminative features
for expression classification.

Rotation invariance is achieved by computing the face's
image-planerotation angleand rotating theregion of interest
with the negative of thisangle. Therefore even though the
user might turn the head the mouth aways appears nearly
horizontal, as figure 2 illustrates.

5. Speed, Accuracy, and Robustness

Running LAFTER on asingle SGI Indy with a 200Mhz
R4400 processor, the average framerate for tracking istyp-
ically 25 Hz. When mouth detection and parameter extrac-
tion are added to the face tracking, the average frame rateis
14 Hz.

To measure LAFTER’s 3D accuracy during head motion,
the RMS error was measured by having users make large
cyclic motionsalong the X, Y, and Z axes respectively, with
thetrue 3D position of the face being determined by manual
triangul ation. In thisexperiment thecameraactively tracked
theface position, with theimage-processing/camera-control
loop running at a nearly constant 18hz. The image size
was 1/6 full resolution, i.e. 106x80 pixels, and the camera
control law varied pan, tilt, and zoom to place the face in
the center of theimage at a fixed pixel resolution.

The RMS error between the true 3D location and the
system’s output was computed in pixels and is shown in
table 1. Also shown isthe variation in apparent head size,
eg., thesystem’serror at stabilizingthefaceimage size. As
can be seen, the system gave quite accurate estimates of 3D
position. Perhapsmost important, however, istherobustness

X RMS Y RMS Trandation
Range
(pixels) (pixels) (cm)
Static 0.5247 0.5247 0.0
Face (0495%) | (0.6559%)
X 0.6127 0.8397 76
trandation (0.578%) (1.0496 %)
Y 0.8034. 1.4287 T8
trandation || (1.0042%) | (1.7859%)
z 0.6807 1.1623 i’ 78
trandation || (0.6422%) | (1.4529%)
Width Std Height Std Size change
(pixels) (pixels) (pixels)

Zooming 2.2206 2.6920 Max. size: 86x88
(2.09 %) (3.36 %) Min. size: 14x20

Table 1. Accuracy.

of the system. LAFTER has been tested on hundreds of



users at many different events, each with its own lighting
and environmental conditions. Examples are the Digital
Bayou, part of SIGGRAPH 96', the Second | nternational
Face & Gesture Workshop (October 96) or the last three
sponsors open houses (1996-1997).

6. Recognition

Using the mouth shape feature vector described above,
we trained 5 different HMM's for each of the following
mouth configurations (illustrated in figure 3): neutral or
default mouth position, extended/smile mouth, sad mouth,
open mouth and extended+open mouth (such asinlaughing).
The neutral mouth acted to separate the various expressions,

Figure 3. Smile-open, sad, open and smile

much asasilencemode actsin speech recognition. Thefinal
HMM’swederived for the non-neutral mouth configurations
consisted of 4-stateforward HMM’s. Theneutral mouth was
modeled by a 3-state forward HMM.

Recognition results for a eight different users making
over 2000 expressions are summarized intable 2. The users
were divided in different groups for training and testing
purposes. Thefirst of the recognition tasks shownintable 2
correspondsto atraining and testing with al the eight users.
The total number of examples is denoted by N, having a
total N=2058 i nstances of themouth expressions (N=750for
training and N=1308 for testing). As can be seen, accurate
classification was achieved in each case.

| Recognition Results || Ontraining | Ontesting |

All users 97.73 95.95
Single user 100.00 100.00

Table 2. Recognition results: training and testing data

7. Applications

7.1. Automatic Camera Man.

Thestatic natureof current video communication systems
induces extraarticulatory tasksthat interferewith real world
activity. For example, users must keep their head (or an
object of interest) within the field of the camera (or of the
microphone) in order to be perceived by distant parties. Asa
result, the user ends up being more attentive to the way how

to using the interface than to the conversation itself. The
communication istherefore degraded instead of enriched.
Inthissense, LAFTER, withitsactive camerafacetrack-
ing acts as an "automatic camera man’ that is continuously
looking at the user while he/she moves around or gestures
in a video-conference session. In informa teleconferenc-
ing testing, users have confirmed that this capability signifi-
cantly improvestheusability of thetel econferencing system.
We can aso usethe system in a‘ Virtual Window’ mode
[14]: as the user moves in front of his local camera, the
distant motorized camera is moved in the same way. Inin-
formal tests, users have said that the LAFTER-based virtual
window system gives a good sense of the distant space.

7.2. Real-time computer graphicsanimation

Because LAFTER continuoudly tracks face location,
image-plane face rotation angle, and mouth shape, it is a
simple matter to use thisinformation to obtain real-time an-
imation of a computer graphics character. This character
can, in a simpler version, constantly mimic what the user
does (asif it where avirtua mirror) or, in a more complex
system, understand (recognize) what the user is doing and
react toit. A ‘virtua mirror’ version of this system — us-
ing the character named Waldorf shown in figure 4 — was
exhibited in the Digital Bayou section of SIGGRAPH’96in
New Orleans' naive users.

Figure 4. Real time computer graphics animation

7.3. Preferential Coding

Finally, LAFTER can be used as the front-end to a pref-
erential image coding system. It iswell-known that people
are most sensitive to coding errorsin facial features. Thus
it makes sense to use amore accurate (and more expensive)
coding algorithm for the facia features, and a less accu-
rate (and cheaper) agorithm for the remaining image data
[11, 24, 1]. Becausethelocation of thesefeaturesis detected
by our system, we can make use of this coding scheme.

8. Conclusion and Future Work

In this paper we have described a real-time system for
finding and tracking a human face and mouth, and recogniz-
ing mouth expressionsusing HMM's. The system runson a
single SGI Indy computer, and produces estimates of head
position that are surprisingly accurate.

The system has been successfully used as the base for
severa different applications, including an automatic cam-
era man, a virtual window video communications system,



and a real-time computer graphics animation system. The
system has been tested on hundreds of naive usersin several
physical locations, with a success rate of over 97%.
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