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Abstract

We present a formal methodology for the integration of optical flow and deformable models. The optical

flow constraint equation provides a non-holonomic constraint on the motion of the deformable model. In this

augmented system, forces computed from edges and optical flow are used simultaneously. When this dynamic

system is solved, a model-based least-squares solution for the optical flow is obtained and improved estimation

results are achieved. The use of a 3-D model reduces or eliminates problems associated with optical flow

computation. This approach instantiates a general methodology for treating visual cues as constraints on

deformable models.

We apply this framework to human face shape and motion estimation. Our 3-D deformable face model

uses a small number of parameters to describe a rich variety of face shapes and facial expressions. We present

experiments in extracting the shape and motion of a face from image sequences.

1 Introduction

The integration of cues such as optical flow into a model-based approach can yield a great improvement in

the ability to estimate shape and motion. A deformable model framework [9, 11, 17] can be used to perform

this integration. This paper describes a method for incorporating optical flow constraint information into a

deformable model framework. A suitable application for such a framework is the shape and motion estimation

of the human face. Face tracking and expression recognition has been widely addressed in recent years

[1, 4, 7, 10, 16, 19, 20], and is motivated by applications such as human-machine interfaces. We apply our

augmented framework to face shape and motion estimation using a specially constructed three-dimensional

model of the human face.

Optical flow provides information that can be used to constrain the motion of the face model. Previous

attempts at using optical flow (or other data velocity information) in a deformable model framework [4, 13]

apply forces to the model without enforcing a velocity constraint. Additional methods are required to allow the

incorporation of optical flow as a constraint in a deformable model framework.

We rewrite a system of optical flow constraint equations in terms of the parameters of our face model—the

image velocities in the optical flow constraint equation are identified with the projection of the model’s three-

dimensional velocity. The resulting system constrains the velocities of the parameters of the model. In the



theory of dynamic systems [12], velocity constraints are called non-holonomic, since they cannot be integrated

to determine the parameters of the model. Instead, we solve this system by using the method of Lagrange

multipliers, which converts the optical flow constraints into constraint forces that improve the estimation of the

model. The constraint remains satisfied when these constraint forces are combined with other forces (such as

edge-based forces). This process instantiates a general methodology for the integration of cues as constraints

within a deformable model based approach.

This treatment of optical flow offers several advantages. We avoid the explicit computation of the optical

flow field by instead using the optical flow constraint equation at select pixels in the image. Using our

three-dimensional model, we can avoid choosing pixels on occlusion boundaries (which violate the optical

flow constraint equation) by determining their probable locations in the image. Similarly, we can determine

likely locations of edges in the image to produce edge forces on the model. Problems with error accumulation

associated with tracking are alleviated using these edge forces, which keep the model aligned with the face in

the image. In our framework, the addition of edge forces does not disturb the optical flow constraint.

We apply this theory to the shape and motion estimation of human faces using a specially designed three-

dimensional face model. This model, shown in Figure 2, consists of the salient parts of the face (such as

the mouth, nose and eyes). The shape is specified by a small number of parameters realized using a polygon

mesh deformed by a carefully designed sequence of deformations. The motivation of the design comes from

variabilities observed in data from face anthropometry measurements [5]. This data is also used to create a

reasonable initial model, and to keep the shape of the face consistent during the estimation process. The motion

of the face (such as head motion or facial expressions) is specified using a small set of parameters. The Facial

Action Coding System (FACS) [3] is a system for describing facial movements in terms of “action units”, and

motivates the design of the motions of our model. There are parameters for a variety of face motions such as

opening of the mouth and raising of the eyebrows.

1.1 Previous Work

A wide variety of face models have been used in the extraction and recognition of facial expressions in image

sequences. Several 2-D face models based on splines or deformable templates [7, 10, 20] have been developed

which track the contours of a face in an image sequence. Terzopoulos and Waters [16] and Essa and Pentland [4]

use a physics-based 3-D mesh with many degrees of freedom, where face motion is measured in terms of muscle

activations. Edge forces from snakes are used in [16], while in [4], the face model is used to “clean up” an

optical flow field that is used in expression recognition.

Another approach is to directly use the optical flow field from face images. Yacoob and Davis use statistical

properties of the flow for expression recognition [19]. Black and Yacoob parameterize the flow field based on

the structure of the face under projection [1]. Addressing the problem of image coding, Li, et al [8] estimate face

motion using a simple 3-D model by a combination of prediction and a model-based least-squares solution to

the optical flow constraint equation. A render-feedback loop is used to combat error accumulation in tracking.

None of these approaches permit large head rotations due to the use of a 2-D model or the inability to handle

self-occlusion. None of the previous work makes a serious attempt in extracting the 3-D shape of the face from

an image sequence. At best, the boundary of face parts are located to align the model with an image. Finally,

none of the previous face tracking work integrates multiple cues in the tracking of the face. Our system uses a
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3-D model, and allows the tracking of large rotations by using self-occlusion information from the model. We

also extract the shape of the face using a combination of edge forces and anthropometry information. While

our optical flow solution was in part motivated by ideas in [1], it is also superficially similar to [8]. Unlike

[8], we can easily augment our solution with additional information to improve our solution. Our sophisticated

face model also permits the use of a small number of image points to sample the optical flow field, as well as

the computation of edge forces to prevent error accumulation in the motion.

In this paper, we first develop a deformable model framework where optical flow and edge information

are combined. The design of our 3-D face model is then described, followed by discussions of the advantages

of this framework and face model. We present experiments that extract the shape of the face, and track its

motion—even in the presence of large rotations and self-occlusion.

2 Deformable model dynamics

Deformable models are shapes specified by a set of parameters that deform based on a physical model due

to forces. In vision applications, forces are determined from visual cues such as edges in an image. Physics

provides additional mathematical tools and is a useful analogy for addressing problems such as shape and

motion estimation.

The shape s of a deformable model is parameterized by a vector of values q and is defined over a domain


which can be used to identify specific points on the model and to provide its topological structure. The shape

s(u; qs)with u � 
 and parameters qs, is allowed to translate and rotate so that a point on the model is given by:

x(u) = c + R s(u; qs) (2)

where the model parameters q = (q>c ; q>� ; q>s )
>. qc = c is the translation, and q� is the quaternion that

specifies the rotation matrix R. For conciseness, the dependency of x on q is not explicitly written. For the

applications in this paper, the shape model used will be the deformable face model to be introduced in section 4.

To distinguish the processes of shape estimation and motion tracking, we rearrange and separate the

parameters q into those that describe the basic shape of the object (qb), and its motion (qm), so that q =

(q>b ; q>m)
>. In the face model, qb will contain the parameters that specify the shape of the face at rest (such as

the width of the mouth), and qm will include qc, q� , and the parameters which specify the facial expressions.

Estimation of the model parameters is based on first order Lagrangian dynamics. As the shape changes,

velocities of points on the model are given by:

_x(u) = L(u) _q (3)

where L = @x=@q is the model Jacobian [9]. When s is defined using a series of composed functions, L is

computed using the chain rule, allowing a more modular design of s.

As is often the case in a deformable model framework in a vision application, we simplify the dynamic

equations of motion of the model to obtain:

_q = fq ; fq =

Z
L(u)>f(u) du : (4)
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Using L, the three-dimensional applied forces f are converted to forces which act on q and are integrated over

the model to find the total parameter force fq.

When working with images, L must take the camera transformation and projection into account since

two-dimensional image forces are applied to the three-dimensional model. Given a point on the model x, we

can express this point in the coordinate system of the camera as:

xc(u) = cc + Rc x(u) (5)

where cc and Rc are the translation and rotation of the camera frame with respect to the world frame. Under

perspective projection (with a camera having focal length f ), the point xc(u) = (xc; yc; zc)
> projects to the

image point xp(u) = (xp; yp)
> = f=zc(xc; yc)

>. The values of cc, Rc and f can be determined prior to

estimation using standard camera calibration techniques.

The velocities of model points projected onto the image plane, _xp, can be found in terms of _x using (5). The

Jacobian Lp, which must be used in place of L in (4) to apply two-dimensional image forces onto the model,

can be determined using (3):

_xp(u) =
@xp

@xc
Rc _x(u) =

0
@@xp

@xc
RcL(u)

1
A _q = Lp(u) _q (6)

The quantity
�
@xp=@xc

�
Rc projects the columns of L (which are three-dimensional vectors) onto the image

plane.

The distribution of forces on the model is based in part on forces computed from the edges of an input image.

The next section describes how we can augment this framework to accommodate optical flow information,

where the projected velocities of the model _xp play an important role in its computation.

3 Optical flow integration

In the following, the theory for the integration of optical flow into a deformable model formulation is presented.

The optical flow constraint equation, which expresses a constraint on the optical flow velocities, will be

reformulated as a system of dynamic constraints that constrain _q, the velocity of the deformable model. The

resulting information will be combined with the model forces fq so that the constraint remains satisfied. This

discussion will be followed with a qualitative description of our method.

Instead of explicitly computing the optical flow field, the optical flow constraint equation is used at a

number of locations in the image to constrain the motion of the model. This greatly improves the estimation of

q, the parameters of the deformable model.

Hard constraints on a dynamic system (which is the type of constraints we will be using) directly restrict

the shape and motion, while soft constraints (such as a spring-force) bias the behavior of the system toward a

certain goal (involving the system energy). To ensure a hard constraint is satisfied, a constraint force is added

to the system. This force must be determined at each iteration of the system.

Constraints which depend on q are called holonomic constraints, and were first used in a deformable model

formulation to add point-to-point attachment constraints between the parts of an articulated object [9]. Non-
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holonomic constraints also depend on the velocity of the parameters _q, and cannot be integrated to determine

q [12]. A non-holonomic constraint C has the general form

C( _q; q; t) = 0 : (7)

In the following, we show how the optical flow constraints take this form and are found using the method of

Lagrange multipliers.

3.1 Optical flow constraints

The optical flow constraint equation at a pixel i in the image I has the form [6]

�
Ixi Iyi

� "
ui

vi

#
+ Iti = 0 (8)

where Ix and Iy are the spatial derivatives and It is the time derivative of the image intensity. ui and vi are the

components of the optical flow velocities.

For a model under perspective projection, the unique point ui on the model that corresponds to the pixel

i can be determined (provided it is not on an occluding boundary). The crucial observation is that in a model

based approach, ui and vi are identified with the components of the projected model velocities _xp(ui):

"
ui

vi

#
= _xp(ui) = Lp(ui) _q : (9)

The non-holonomic constraint equation for the optical flow at a point i in the image can be found by

rewriting (8) using (9):

rIiLp(ui) _q + Iti = 0 (10)

where rI =
�
Ix Iy

�
. Instead of using this constraint at every pixel in the image, we select m pixels from

the input image. Section 5 describes the method used to choose these particular points, and also describes

how some of the known difficulties in the computation of the optical flow can be avoided in this model-based

approach.

For the m chosen pixels in the image, the system of equations based on (10) becomes:

2
66664
rI1Lp(u1)

...

rImLp(um)

3
77775 _q +

2
66664

It1

...

Itm

3
77775 = 0 (11)

which can be written compactly as

B _q + g = 0 : (12)

While building this system of equations, only the parameters in q which describe motion are included (qm).

The model shape parameters (qb) are not directly used in (and are not affected by) the optical flow computation.
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3.2 Solving the dynamic system

We solve the system of equations (4) and (12) using the method of Lagrange multipliers [12]. We must modify

the initial dynamic equation of motion (4) by adding the constraint force fc:

_q = fq + fc (13)

Adding fc ensures the constraint equation is satisfied, and cancels the components of fq that would violate the

constraint. Using the Lagrange multiplier�, the constraint force can be solved for as:

fc = �B>� (14)

We can combine equations (12), (13) and (14) to form:

BB>� = Bfq + g (15)

and can now determine the constraint force to be:

fc = �B+(Bfq + g) = �B+g� B+Bfq (16)

where B+ = B>(BB>)�1 is the pseudo-inverse of B. The first term in (16), B+g, is a model-based linear

least-squares solution to the optical flow constraint equations (12) [8]. To understand this term, consider how

each column of Lp(u) (considered over the entire model; for all u � 
) forms a 2-D vector field. Examples

of these vector fields for particular parameters of the face model are displayed in Figure 1. Figure 1(a) shows

the vector field arising from translation in the z-direction (toward the camera); the focus of expansion can be

seen in the center of the nose. The vector motion field for the x-direction of translation (horizontal) is shown

in Figure 1(b), and rotation about the y-axis (about the vertical axis) is presented in (c). Finally, Figure 1(d)

shows the motion vector field produced by the mouth-opening parameter. By computing B+g, we are finding

the vector field which best satisfies (12) in the least-squares sense. This vector field is a linear combination of

the fields Lp(u) using the weights�B+g.

(a) (b) (c) (d)

Figure 1: Sample 2-D vector fields Lp(u)

When fq is added to fc in (13), the second term in (16), B+Bfq, cancels out the component of fq that would
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have violated the constraint (12) on _q. B+B is the identity when the columns of B are linearly independent but

in this case is singular due to the aperture problem since B was constructed using (8) [6, 15]. The optical flow

constraint on _q will be inaccurate due to errors in estimation, so it is desirable to only have a partial cancellation

of fq. We reweight the components of B+Bfq given the least-squares error residuals of the optical flow for each

parameter [15]. This results in a smaller amount of cancellation of fq given a larger residual (for a particular

parameter).

The edge forces in fq keep the model properly aligned with the face in the image by preventing small

errors in q from accumulating (due to the integration over time of _q). In other words, most of the tracking is

performed by the optical flow constraint term, while the edge forces prevent the model from wandering off.

4 Face modeling

The deformable face model developed in this paper is shown in Figure 2(a). It is a polygon mesh, shown in (b),

formed from ten component parts, each shown in (c). The shape of the face model (in rest position) is formed

using a set of parameterized deformations specified by the parameters qb. The motion of the face model (such

as facial expressions) uses a separate set of deformations specified by the parameters qm. Model tracking is

facilitated by modeling the shape of the face separately from the motion of the face.

(a) (b) (c)

Figure 2: The deformable face model

4.1 Anthropometry

Anthropometry is used to classify human body geometry using a series of measurements. The construction of

our face model is in part motivated by anthropometry studies of the human face [5]. We will use anthropometry

data to produce a good initial model, and also for keeping relationships between parameters in qb consistent.

Face anthropometry measurements use a set of predetermined landmarks (such as the corners of the lips,

or the tip of the nose) and the following types of measurements:

� distance between two landmarks (such as the separation of the eyes)

� distance between two landmarks measured along an axis (such as the vertical height of the nose)

� distance between two landmarks measured along a surface (such as the upper lip boundary arc length)

� angle of inclination with respect to an axis (such as the slope of the nose bridge)

� angle between face locations (such as the angle formed at the tip of the nose)
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A complete set of measurements for a particular person is taken by anthropometrists [5] (there are approx-

imately 100 of these measurements), and averaged with the measurements from a large number of individuals.

For any of the types of measurements mentioned above, we can determine three-dimensional spring-like forces

(a soft constraint) that can be applied to the polygonal face model that softly enforce a measurement on the

model. We will use these forces to construct the initial shape of our model in section 4.3. For some of the

measurements, correlation information is also available. During estimation, spring-like forces can be used to

bias the model to agree more with these correlation values. These forces only affect the parameters in qb.

We will now describe the deformations used in the construction of the face model, which is motivated by

variabilities observed in the anthropometric measurements.

4.2 Model deformations

The variations in the face are captured using a number of deformations (translation, rotation, scaling and

bending). Each deformation is specified by a small number of parameters, and is applied to a particular set

of face parts, ranging from a single part to the entire face. The model designer must carefully combine these

deformations to produce a parameterized face model.

Rigid deformations such as translation and rotation are used for the placement of parts on the face.

Scaling and bending deformations, shown in Figure 3, allow the model to cover a wide variety of faces.

These deformations are defined with respect to particular landmark locations in the face mesh. By fixing the

deformations into the mesh, the desired effect of any particular deformation is not lost due to the presence of

other deformations (since the landmark points are deformed along with the rest of the mesh).

A shape before deformation which contains the landmark points p0, p1 and c is shown in Figure 3(a).

Figure 3(b) shows the effect of scaling this shape along the displayed axis. The center point c is a fixed point

of the deformation, while the region between p0 and p1 is scaled to have length d (the parameter of the scaling

deformation). Portions of the shape outside this region are rigidly translated.

p
0

p
1

c p
0

p
1

d

c

θ0

θ1

p
0

p
1

c p
0

p
1

c

d

(a) (b) (c) (d)

Figure 3: Scaling and bending deformations

Bending is applied in Figure 3(c), and shows the effect of bending the shape in (a) in a downward direction.

The bending is applied to the area between p0 and p1, where c is the center of the bending. Outside this area,

the shape is rotated rigidly. Each plane perpendicular to the bending axis is rotated by an angle determined by

the distance of this plane to the center point c. The amount of bending is specified by the parameters �0 and �1,

which specify the rotation angle at p0 and p1, respectively.

In addition, the spatial extent of each of these deformations can be localized, as shown in Figure 3(d).

The influence of the scaling deformation varies in directions perpendicular to the axis, producing a tapering

effect. Near the top of the shape, the object is fully scaled to be the length d, while the bottom of the object
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(a) (b) (c) (d) (e) (f)

Figure 4: Example deformations affecting the nose

is unaffected by the deformation. The ability to restrict the effect of a deformation is vital in specifying the

variations of shape seen in the face. We will now see how these deformations can be used to create the model.

4.3 Face shape

The model is a polygon mesh, shown in Figure 2, consists of ten parts (such as the nose, mouth, or eyes). These

parts are connected together to form a single mesh, where the gaps between the parts are closed by a mesh

“zippering” process. The additional mesh faces added during this gap closing are used for visibility checking

and occluding contour determination, to be discussed in section 4.5.

Instead of describing the entire model (which would be extremely lengthy and not particularly enlightening),

a short description is provided which illustrates the concepts necessary for its construction. We are assuming the

subject is not wearing eyeglasses, and does not have large amounts of facial hair (such as a beard or mustache).

The deformations described in section 4.2 are manually specified by the model designer. Some of the

deformations applied to the nose are shown in Figure 4. Figure 4(a) and (d) show two views of the default

nose. Figure 4(b) shows a nose deformed using vertical scaling, while the pulled-up nose in (c) is produced

using a localized bending deformation. Figure 4(e) and (f) show localized scaling affecting the width of the

nose in different places.

Each of the other parts have their own set of deformations defined. Deformations can also affect several

parts, such as the lower-face shape deformations that affect the chin and both cheeks. All of the parameters

to describe the shape of the face at rest (there are approximately 80) are collected together into qb. An

anthropometrically “average” model (shown in Fig. 2(a)) is constructed by applying spring-like anthropometry

forces to the model (described in section 4.1) for each measurement (using data from a set of averaged

measurements). This produces a reasonable model which can be used for initialization.

4.4 Face motion

The deformations corresponding to motions (such as facial expressions) are modeled using the same techniques

used for face shape. The motion deformations are applied to the face in rest position—after the shape

deformations. The modeled expressions are displayed in Figure 5. The model is capable of opening the mouth

as in Figure 5(a), smiling (b), raising each eyebrow (c) and frowning each eyebrow (d). This results in a total

of 6 expression parameters, each corresponding to a particular FACS action unit [3].

The construction of expressions is simplified by decomposing each face motion into several components.
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(a) (b) (c) (d)

Figure 5: Face motion and expression deformations

For example, the mouth opening deformation is decomposed into chin/cheek bending, lip scaling and lip

translation. To facilitate tracking of these expressions, there is a single control parameter for each expression

which uniquely determines all of the component parameters. Given a particular face motion which is constructed

using a series of deformations with parameters bi, the control parameter e determines the value bi based on the

formula:

bi = sie (17)

where si is the scaling parameter used to form the linear relationship between bi and e. These scaling parameters

are constants determined by the designer during construction of the model.

The set of face motion parameters qm consists of the control parameters for each of the expressions (which

are initially all zero). The parameters bi are not estimated, but are determined by (17) using the estimated value

of e. Also included in qm are the translation and rotation parameters from (2) which specify the pose of the

head.

4.5 Face feature and edge determination

The tracking of edges in a deformable model framework is facilitated by knowing what locations of the face

model are likely to produce edges in an image. On the face, certain features are likely to produce edges in

the image. The particular features chosen are the boundary of the lips and eyes, and the top boundary of the

eyebrows. Edges in the polygon mesh which correspond to these features were manually marked during the

model construction, and are shown in Figure 6(a).

(a) (b) (c)

Figure 6: Likely face features in an image

Other likely candidates for producing edges are the regions on the model of high curvature. The base of

the nose and indentation on the chin are examples of high curvature edges, and can be seen in Figure 6(b).

Occluding boundaries on the model also produce edges in the image, and can be determined since we are

using a three-dimensional model and know the camera coordinate transformation from (5). The location of

occlusion boundaries on the model will be useful in section 5 when determining where to measure the optical
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flow.

Of course, for an edge to be produced in the image, the corresponding region on the face must be visible

to the camera. Visibility checks are performed using the model and camera transformation. The model depth

information (zc from section 2) can be used to determine the parts of the model that are visible to the camera

(the frontmost regions of the model). Figure 6(b) shows visible locations of the model (features, high curvature

and occluding edges) that are likely to produce edges, given the model in (c).

Once the locations on the model are known which are likely to produce image edges, 2-D edge-based forces

[9] are applied to the model, and will contribute to the value of fq (affecting parameters in both qb and qm) based

on (4). These edge forces “pull” the model so that the model edges become aligned with their corresponding

image edges.

5 Implementation

In section 3, it became clear that the motion estimation process was greatly improved due to the presence of a

3-D model with a small number of motion parameters. For the same reasons, we will now see how many of the

problems associated with optical flow computation (such as the aperture problem or unreasonable smoothness

assumptions) can be avoided to some degree.

The selection of m image points for optical flow measurement in (11) is made partially using geometric

information from the 3-D face model. This helps in determining favorable (and unfavorable) locations to

measure optical flow information. Without a model, solutions to (8) often require smoothness conditions be

imposed so that a solution can be found [6]. This is complicated by the fact that occlusion boundaries violate

(8) and also must be located to determine where to relax the smoothness conditions. Finding likely locations

of occlusion boundaries in the image was described in section 4.5. Clearly, any chosen image point should not

be on (or nearby) one of these boundaries.

The flow velocities in (8) are best determined in locations where the image gradient is significant. Section 4.5

also describes locations where edges are likely to be found in the image (and hence have a significant gradient

magnitude). Points in the image which are local maxima of the gradient magnitude (and are also on the face,

and not near occlusion boundaries) can also be chosen.

It is also important that there are enough optical flow measurements for each parameter, since not all motion

parameters are defined over the entire face (such as the mouth-opening motion in Figure 1(d) which is non-zero

only in the jaw region). For each motion parameter, we make sure the number of pixels chosen in the region

of influence of that parameter does not fall below some minimum value (multiplied by the percentage of this

region that is visible). These minimum values are determined by experimentation, and range from 10 to 20

pixels for the expression deformations (eyebrow and mouth motions). In total, m is usually around 100 pixels.

The quality of the tracking is sensitive to the filters used to compute the optical flow information. We found

the matched pairs of derivative filters and low-pass prefilters presented by Simoncelli [14] to be superior to

other filters, such as those using binomial coefficients.

To find B+ in (16), we compute the singular value decomposition of B [18]. Each motion parameter in q

will have a corresponding singular value. When one of these values is zero (or nearly zero), it is interpreted as

a lack of motion in that particular parameter. The zero singular value could also be caused by a poor choice
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of image points used to sample the optical flow information. The aperture problem (where the motion of a

particular parameter cannot be estimated using optical flow information) is not likely to be the cause since no

local computation is made using the optical flow.

For each iteration of our system, we first find the solution to the optical flow constraint equations (12).

The edge forces that affect qm are determined, given the model in this new position (using the term B+g in

(16)). qm is then updated by applying our modified dynamic equations of motion (13). As a separate step,

to further improve shape estimation, edge forces are applied that update the shape of the model qb, while the

anthropometry forces keep the shape consistent (the motion parameters qm are not affected during this step).

Over time, this allows the integration of features as they become visible due to face motion.

6 Experiments and discussion

We now present three experiments to demonstrate the viability of our method and face model. The entire

process of shape and motion estimation is automatic, except for the initialization. To initialize the model, the

subject must be at rest, and facing forward (approximately), as in Figure 7(a). In the first frame of the image

sequence, the following features are manually marked: eyebrow centers, eye corners, nose tip, and mouth

corners. The problem of automatically locating the face and its various features has been addressed elsewhere

[19, 20].

(a) (b) (c)

Figure 7: Model initialization

Using these marked features, forces are applied to the initial face model (described in section 4.1) that

pull the corresponding points on the face toward the desired locations in the image. In the first stage, shown

in Figure 7(b), the rotation and translation of the model are determined, as well as course-scale face shape

parameters (such as those which determine the positions and sizes of the face parts).

Once roughly in place, edge forces are applied that pull the face into the correct shape while anthropometry

forces keep the shape in agreement with the correlation data, as in Figure 7(c). The translation from the initial

face to the camera is determined given the assumption that the subject’s face is the same size as the model.

During motion estimation, we ask our subjects not to make face expressions not yet achievable by the face

model (such as a pout). The image velocity of the subject also cannot exceed a certain threshold. As will be

seen from the experiments, the subject is permitted to rotate their head by large amounts (provided the face

remains visible).

For each of the tracking examples, several frames from the original image sequence are displayed (480�480

IndyCam grayscale). Below each, the same sequence is shown with the estimated face superimposed. In each
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case, a model initialization is performed as described above. The initialization process usually takes about 2

minutes of computation. Afterwards, processing each frame takes approximately 3 seconds each (on a 200

MHz SGI).

Figure 8 shows frames from a sequence where the subject rotates his head by a large amount. The face

motion is successfully tracked given this significant rotation and self-occlusion. We compared the extracted

basic face shape with a 3-D range scan of the subject’s face (where the extracted face was manually scaled by

a small amount to eliminate the depth ambiguity). We found the RMS deviation between these two shapes to

be 1.5 cm for (a) and 0.70 cm for (f). The marked improvement in the face shape was due to additional shape

information becoming available as the subject turned his head (such as on the nose and chin).

Figure 9 shows the same subject making a series of face motions: opening the mouth in (b) and (c), smiling

in (d) and (e), and raising the eyebrows in (e) and (f). In each case, the motion parameter values change

appropriately, and at the correct times. Unfortunately, we currently have no way of measuring the precision of

these motions, except to observe the alignment of the face mask with the image features.

Figure 10 shows a different subject (with a very different face shape) turning her head and opening her

mouth from (d) to (f). The face model is able to capture the different shape of her face, as well as the motion.

The RMS deviation is 1.7 cm for (a) and 0.83 cm for (f).

We attribute the good tracking performance of this model to the combination of optical flow constraints

and edge forces, as well as the small number of parameters in the model. If the edge forces are disabled (for

qm only), errors in the estimation of _q accumulate, causing the model to eventually lose track. Using edge

forces alone (and no optical flow information) is a much harder problem, since edge forces are most effective

only when the model is very close to the solution. It also loses the advantage of having a constraint on the

motion. The parameters of the model do not have orthogonal effects. Locally, the motion due to one parameter

can be very much like motions due to other parameters, such as in Figure 1(b) and (c) where the motions on

the vertical mid-line of the face are nearly identical. The constraint solution above takes a global view of the

problem, finding the best combination of parameter velocities that add up to the desired motion. Edge forces

affect all parameters which locally produce the desired motion. The system eventually equilibrates, perhaps

to a solution which reflects the fact that there is no “penalty” for having the forces locally disagree with the

produced motion. Parameter scheduling techniques have been developed [2] that provide a specified order and

scale for a set of parameters, but only relieve this problem to certain extent.

7 Conclusions and future work

In this paper, we presented a deformable model framework which treats optical flow information as a non-

holonomic constraint on the model. When combined with other information such as edge forces, the estimation

results that are obtained are greatly improved. We also presented a 3-D face model which can represent a

wide variety of faces and facial motions. Problems such as self-occlusion or error accumulation in tracking are

alleviated by the use of this model. Given the small number of parameters used in the face shape and motion

of our model, face or expression recognition should be possible.

Currently, we are not addressing the problem of photometric variation, which violates the optical flow

constraint equation. The presence of a 3-D model could perhaps be used to reduce the intensity of this problem.
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(a) (b) (c) (d) (e) (f)

Figure 8: A motion tracking example

(a) (b) (c) (d) (e) (f)

Figure 9: A motion and expression tracking example

(a) (b) (c) (d) (e) (f)

Figure 10: Another motion and expression tracking example
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Motion prediction and multi-scale optical flow techniques could also be used to allow for the tracking of rapid

motions. The largest improvement could come from better methods for the selection of the points where the

optical flow information is sampled. We are currently working on adding additional face motions to the model,

and investigating the issues that arise when the number of face motion parameters increases.
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