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Abstract

Traditional techniques for tracking non-rigid objects
such as optical flow, correlation, active contours or color,
can not deal with situations where image changes are not
due to motion but appearance (e.g. tracking the lips when
the teeth appear). Two main contributions for appearance
tracking of flexible objects are proposed. The first oneis a
flexible generalization of Eigentracking within the same ro-
bust continuous optimization framework. The second oneis
a generalization of traditional graylevel eigenspaces, con-
structing a multiple channel ” eigenspace” using filter re-
sponsesto give robustness against variationsin thetraining
conditions such as illumination changes. Additionally, 3D
geometric transformations are incorporated, a regulariza-
tion term is added for numerical stability reasons and the
optimization problemis solved in closed form. Experiments
on lip tracking are reported.

1 Introduction

Visual tracking has emerged as an important component
for systems using vision as feedback for surveillance, con-
tinuous control or human computer interaction[1, 7, 5, 13].
Faces have received considerable attention from both the
computer vision and signal processing communities, where
ability to track motion is useful in applications such as face
based biometrics person authentication, facial expression
analysis, animation or teleconferencing.

Since snakes appear, alot of work has been done to re-
cover non-rigid motion [1, 4, 6, 5, 9]. While snakes en-
force smoothness in their shapes, they do not take into ac-
count restrictionsfor a particular non-rigid motion and they
are sengitive to occlusion and noise. Other trackers have
emerged to solve these problems, such as Active Contours
[1], al techniques relaying on template matching in im-
age or Eigenspace [4, 12, 10], the ones using optical flow
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[2], deformable templates, feature trackers [9] and Active
Shape Models [6]. Active contours [1] are not well suited
for tracking complex objects without contextual informa-
tion or specia signals. All optical flow techniques[2] have
reported good results for recognition purposes, but are not
valid ones for accurate tracking, since the optical flow con-
gtraint isviolated in situations where changes are due to ap-
pearance. All the techniques based on normalized correla-
tion need atemplate which is not invariant to affine changes
or takes into account complex appearance representations.
Active Shape Models [6] just use the mean of the normal
to the curve to track, being not very accurate when several
texture changes are possible. Moreover, sinceit is posed as
least square optimization problemi it is not robust to outliers
and not 3D motionistaken into account. Insum, all the pre-
vioustechnigues are not well suited for an accurate tracking
of non-rigid motion when changes in image are not due to
motion but texture. To take into account changesin view or
texture, Black and Jepson [3] have proposed Eigentracking,
whereall possible configurationsof the object areregistered
in an Eigenspace. However, the object to track must be in-
side a box and it is not very practical for tracking flexible
objects such as mouth. Active Appearance Models(AAM)
[5] have arisen to incorporate the shape constructing a cou-
ple shape/texture eigenspace. Although similar in spirit to
AAM, this work differs from it in several aspects; we de-
rive the whole tracking problem as a robust continuous op-
timization problem providing the covariance matrix of the
estimated parameters. We do not model a coupled shape-
texture graylevel eigenspace unlike AAM. We construct a
distributed eigenspace with shape constraintsin a hierarchi-
cal manner, modeling the whole object at the lowest mul-
tiresolutive level and in higher levels just the peripheral re-
gions. Therefore, our work extends Eigentracking to deal
with non-rigid motion, constructs an appearance represen-
tation from filter responses, closed form and more stable
numerical results are achieved, and 3D geometric changes
are taken into account.
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2 PreviousWork
2.1 Encoding Appearance and Shape

Since the early work of Kirby and Sirovich [12] parame-
terizing the face using Principal Component Analysis, many
computer vision people have used this technique to param-
eterize shape, appearance or motion [3, 6, 5, 10].

Let us consider a set of m images/filters/shapes with N
pixels/coefficients/points, given by the columns of a matrix
A € RN*m_ These columns form the training set with
al possible configurations of the texture, filter responses or
shapes of an object. The matrix A can be factorized using
Singular Value Decomposition (SVD), A = UXVT”. The
k first columns of the orthogonal matrix U € RV** 2 | the
eigenvectors of the covariance matrix AA”, will expand
the principal subspace of the columnsof A, & € RF** will
contain the singular values and the orthogonal matrix V €
$P<* will expand the row space of A. Animage, filter or
shape I will be represented by projection onto eigenvectors
u; (columnsof U) ,i.eI~ Y7 c;u; = Uc wherec are
the projection coefficients.

2.2 EigenTracking

Motion of planar surfaces under orthographic projection
can be described in terms of affine transform with 6 param-
etasaﬁ - (a17 a2, a3, 04,05, aﬁ)T :

=[] 2] (175 ] o
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where x. = (z.,y.)? isthe center position of the object
template to track.

Under assumption of coplanarity, appearance track-
ing can be achieved by treating the region to track (Vv
pixels) as function of affine parameters, I(f(x,a%)) =
[I(f(x,,a%)),...,I(f(xy,a%))]T. Black and Jepson [3]
propose to accomplish tracking by recovering both the
affine parametersa and the projection coefficients ¢ by min-
imizing a cost function mina cp[(I(f(x,a)) — U c),0]
where p(z, o) isarobust function to take into account viola-
tions of the model (e.g. non-coplanarity assumption, spec-
ular reflections, ... ). o is ascae factor that controls the
convexity of the robust function for annealing procedure.

3 Flexible EigenTracking

Eigentracking [3] can not be applied to track flexible or
non-rigid targets (e.g. lips), since al possible configura-
tions of the object to track have different spatial domain.

1We assume zero mean, otherwise the mean is subtracted off.

2Throughout this paper, we will use U¢, UF US for denoting the
orthogonal basis for graylevel, filters and shape modes.

In this section we generalize previous work on Eigentrack-
ing, proposing Flexible Eigentracking (FE) which is ableto
track and estimate rigid and non-rigid motion.

The shape of an object is represented by an N-
dimensional vector of image coordinates® , and to each
point 7, we will associate a graylevel appearance neigh-
bourhood. Figure 1 shows the neighbourhood used for lip-
tracking. This representation is similar to Point Distribu-
tion Model proposed by Cootes et. al. [6], but differs from
it in severa aspects. FE constructs a spatially distributed
Eigenspace with shape constraints and not only the mean
of the normal to the curve is taken into account. We have
also posed the tracking as a robust continuous optimization
problem achieving sub-pixel accuracy and the covariances
of the estimation are provided.

Figure 1. Neighbourhood used for each char-
acteristic point at two different scales.

Affine transform does not take into account 3D changes
in view or perspective projection. In order to compensate
such model errors, we add a new basis e; to the original
affine one (eq. 1). This new basis is obtained from the
principal components of theresidual between the 3D mouth
changes and their affine approximations[1]. Therigid pa-
rameter vector will bea = (a%,az,... ,a6:¢)", wheret is
the number of additional basis.

FE tracksthe object under rigid (a), non-rigid (b) motion
and changes in appearance (c), minimizing:

k ¢

mirlljp[l (f(i,aﬁ) + Z bif(uis, a%) + Z ai+6ei) —UC%e, 0’]
© i=1 i=1

)

where X is the mean shape of the object and b are the non-
rigid coefficients. Coefficients ¢ reconstruct the graylevel
appearance of the object to track. Eq. 2 just differs from
Eigentracking equation in that we warp theimage withrigid
and non-rigid motion. Observe that the warping function
inside the Cartesian coordinates of the image is a bilinear
mapping of rigid (a) and non-rigid parameters (b). In our
scheme, we use the robust German-McClure error function
givenby p(z,0) = 55—z

FE does not warp the whole tracked region, since only
warping of the representative points of the curve is neces-
sary. We also use a coarse-to-fine strategy [ 3], and the num-
ber of samples for each multiresolutive level (see fig.1) is

3We use a B-spline with V' control points but we omit it for notational
convenience.
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the same. In thisway, at lower resolution levelswe can pro-
cess the entire object and in higher levels we will have a
coarse estimation, but just in the regions of interest. These
two facts make the algorithm much faster.

Figure 2 shows a sequence of lip tracking with FE when
apersonissmiling. Observethat an accuratetrackingisdif-
ficult due to the appearance of the teeth and previous corre-
lation, color or active contour could easily fail in such task.

Che A tE IS (S

Figure 2. Mouth Tracking when a person is
smiling and speaking

4 EigenFiltering for Flexible EigenTracking

Small regions of graylevel values, can suffer from huge
ambiguities, aswell as sensitivity to cameranoise and slight
changesin illumination. More robust representation can be
achieved by local combination of these pixels using filter-
ing [9, 11]. In fact, there are biological evidencesthat show
that human visual system uses the response of some filters
to represent the visual information. Following this biolog-
ical evidence, we will represent each image point 7 by the
response of some filters. Gaussian filters and its derivatives
areawell-known basisfor natural images[11] and are com-
putationally inexpensive because of its steerability property
[8].

Each characteristic point 7 will become represented by
amean and a covariance (u;, X;). These statistics will re-
sult from filtering the point 7 (of a training set of images
with different mouth configurations) with a bank of filters
at different orientations and scales. To reduce the number
of filters, SVD isapplied to the set of filtersin order to elim-
inatethe spatial correlation between them. Each component
of the vector Ii. will be the result of filtering the image at
point i by one of the M Eigenfilters (columns of U"), that
isTi = [I5,, Tk, T |7

Given an image I and considering that the error over the
N shape pointsis|.l.D, tracking will be achieved maximiz-
ing the following likelihood function L(I|a, b):

1

N
- L LR ) ) TR (IR () —wy)
b= H PHEEEN

k t
Xli = f(ii,a(j) + szf(uf, a6) + ZGH—G‘%
i=1

i=1
©)

Observe that, unlike eq. (2), eq. (3) does not have co-
efficients ¢ to reconstruct any subspace. We just calculate
the rigid and non-rigid parameters of the geometrical trans-
formation, which makes the tracker be closer to the original
gaussian distribution of filter responses( in the Mahalanobis
distance sense). This is the same measurement equation
used by [10]. As we are working with low dimensional
spaces, there is no need to reconstruct a subspace of filter
responses, since the covariance matrix can be robustly esti-
mated. In fact, similar results are obtained adding new pa-
rameters to reconstruct the filter responses, constructing in
such away an eigenspace. Although more accurate tracker
can be achieved with the eigenspace reconstruction, adding
the eigenspace makesit more computationally intensive and
for low dimensional spaces makes no sense, since a worse
model constraint is achieved. For minimizing eg. 2 and 3
we use Iteratively Recursively Least Squares, unlike[3], but
we omit the details for lacking space.

5 Experimental Results

The algorithms are implemented in unoptimized Mat-
lab code in a standard 450M Hz PC at 2 frames/sec. The
first step isthe construction of graylevel and filter responses
models from training data with people. For each image in
the training set, the whole lip contour is followed by hand
and a B-spline with IV control pointsis fitted to it in order
to construct the shape space. The tracker is automatically
initialized in the first image frame with a stochastic search
over the parameter space of rigid and non-rigid motion [7],
after which tracking is fully automatic and deterministic.

In fig. 3 some frames of a 3D rotation of the mouth are
shown. Fig. 4 shows the two last coefficients of the rigid
parameters arz, ag ( which codify the 3D changes) and co-
efficientsb. Observethat it is possible to infer 3D position
of the face with coefficient a;, just noting if it is positive
or negative. The non-constant parameters b are caused by
inaccuracies of the model and linear dependency between
the non-rigid subspace and the new added basis.

Seee e

Figure 3. 3D mouth motion

In Figure 5 we can observe a sequence where a person
is speaking, smiling, rotating, and zooming in/out, tracked
with EFE. There are some frames where the tracker is lost
dueto very fast movement. In such cases, we detect that the
tracker is lost and we re-initiaize it in the previous frame
with a prediction of the rigid parameters.

Proceedings of the International Conference on Pattern Recognition (ICPR'00)
1051-4651/00 $10.00 @ 2000 IEEE



P LAY

Figure 4. Two coefficients of additional rigid
motion. Two non-rigid motion parameters

Figure 5. Lip tracking

Fig. 6 shows two frames of a person speaking and how
EFE cantrack it. Theillumination conditionsof thetraining
set are different from the tracking sequence. The third and
fourth imagesin fig. 6 show that without previous normal-
ization of gray-level values, FE tracker islost.

Figure 6. EFE and FE tracking under different
training conditions.

Figure 7 shows the comparison between FE and EFE
when abrupt changes in illumination are produced. We
normalize locally each patch in order to give robustness
against local shadows. However EFE (first two rows, fig. 7)
presents better performance than FE (third and fourth rows,
fig. 7), in the sense, that the adaptation to the lipsis visu-
ally better. Each patch of FE is composed of 15 x 15 pixels
square neighborhood, whereas EFE uses 3 eigenfilters® in
10 positions. In this case we have reduced significantly the

424 filters: agaussian, 2 first derivatives and 3 second derivatives over
4 scales. Thefirst 3 columns of U, preserve the 90% of the energy.

number of pointsused for each patch (3 x 10 vs. 15 x 15).

Figure 7. EFE and FE tracking under change-
able illumination conditions.
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