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Abstract

There has been considerable research interest recently, in the areas of real
time contour tracking and active shape models. This paper demonstrates how
dynamic filtering can be used in combination with a flexible shape model to
track an articulated non-rigid body in motion. The results show the method
being used to track the silhouette of a walking pedestrian across a scene in
real time. The active shape model used was generated automatically from real
image data and incorporates variability in shape due to orientation as well
as object flexibility. A Kalman filter is used to control spatial scale for fea-
ture search over successive frames and for contour refinement on an individual
frame. Iterative refinement allows accurate contour localisation where feasible,
although there is a trade-off between speed and accuracy. The shape model in-
corporates knowledge of the likely shape of the contour and speeds up tracking
by reducing the number of system parameters. A further increase in speed is

obtained by filtering the shape parameters independently.

1 Introduction

The Point Distribution Model (or Active Shape Model) described by Cootes et. al.
[1] has been successfully used for model-based image interpretation (Cootes et. al.
[2], Hill et. al. [3]). This paper deals with the problem of efficiently utilising such a
model to track a moving and deforming object through a sequence of video frames.
In this case, the object in question is a walking pedestrian observed from a variety of
possible viewpoints.

Much of the work on contour tracking relates to the active contour model (or
snake) introduced by Kass et. al. [4]. These deformable contours have been used suc-
cessfully for image interpretation and tracking of non-rigid structures. (For example
Leymarie and Levine use snakes in the tracking of living cells [5].) An extension to
the snake, incorporating Kalman filtering (see for example Gelb [6], Maybeck [7]), is
described by Terzopoulos and Szeliski [8].

Blake et al. [9] set out a mathematical framework for the tracking of contours
represented by a B-spline or similar parametrisation based on earlier work by Cur-
wen and Blake [10]. Affine invariance is used to limit the space of favourable shape
deformations and a shape template is used to retain some shape memory.

Cootes and Taylor describe an iterative refinement technique for improving the
fit of a shape estimate driven by edge information (using Active Shape Models [11])
and later driven by local grey-level profiles [12]. The method described here extends



this work by incorporating a Kalman filter into an active shape model which has
been acquired automatically. The active shape model used is based on the point
distribution model of Cootes except that a B-spline is used to represent object shape.
The method is fast and robust allowing gross shape deformations to be tracked across
frames whilst accurately localising the object boundary where feasible (i.e. when
“lock” is not lost).

In the case of tracking a walking pedestrian, the changes in shape between frames
(taken at video rate) are large. Hence the contour can not be assumed to be slowly
varying. The tracking method must react well to large shape deformations but be
simple enough to work in real-time. Sudden discontinuous changes in shape can occur
where previously self-occluded features become visible. Noise and background clutter
add to the difficulty of the task. In order to overcome these problems, a model based

approach is used.

2 Shape Model

2.1 Model Acquisition

The automatic acquisition of the flexible shape model has been described in previous
work (Baumberg and Hogg [13]) where a simple segmentation scheme extracts a large
set of noisy training shapes. A training shape is represented by a closed uniform
B-spline with a fixed number of control points equally spaced around the boundary
of the object. These control points are treated in a similar way to the “landmark”
points of Cootes [1]. The training shapes are aligned to a reference shape and the
deviations from the mean shape are analysed.

Principal component analysis of the aligned training data results in a model con-
sisting of the mean shape vector W and a subset of [ eigenvectors el with associated
eigenvalues \; corresponding to the [ most significant independent modes of variation
in the training data.

Each shape is represented by a spline, (X (s), Y (s)) with n control points (W9, Wy(l))

The associated shape vector of length 2n, is defined by:
w = (W2 Wyo, Wl Wyl, R (7 W;_l)

The object shape can be parametrised by a set of [ shape parameters b; corresponding
to the component of each mode. The corresponding shape vector with control points

(VO Vy(i)) in the model frame is given by:

w =Lb+w



Figure 1: Effect of varying shape parameter by

where b = (bg, b1, ...,b—1) and L is a matrix of eigenvectors given by:
L::= el
=[],
The effect of varying the parameter by corresponding to the principal mode of variation

of the model is shown in fig. 1

3 Theoretical Framework

3.1 State Space

A shape in the model frame is projected into the image frame by rotation, scaling

WOV (VN o
(W;“) B (V“)+()

where the 2 x 2 matrix M 1is given by:

and translation using:

Hence, the state space consists of [ shape parameters b;, corresponding to the modal
components, the origin of the object (0., 0,), the velocity (¢;,0,) and the alignment
! parameters a,, a,, incorporating rotation and scaling. The state space to shape

vector transformation is given by:

w = M(a,,a,)(Lb+W)+o (1)

!From this point, the term alignment refers to rotation and scaling but not translation.



where 0 = (04,04, ...,05,0,) and M is a 2n x 2n rotation and scaling matrix given

by:

M 0 0
M = 0 0
0o 0 M

3.2 Observed Features

Although the object shape is represented by a continuous curve it is convenient to
sample the curve at m regular intervals between control points. (Note: m is currently
fixed, although different values may be chosen depending on the contour size in image

pixels). Hence there are nm points (p;, ¢;) given by:
p=Gw

where
p= (p07 qos - - -y Pnm—1, Qnm—l)

and G is a 2nm x 2n sparse matrix mapping the control points to regularly spaced

points on the curve. i.e.

Zn: ( G2i,2j G2i,2j-|—1 ) ( Wl(,j) ) o ( X(z/nm) ) . ( Pi )

=0 G2i+1,2j G2z’-|—1,2j-|—1 Wy(j) B Y(z/nm) B qi
At each new frame, measurements are made by searching along the normal to the
estimated contour at the sample points. The search is restricted to a specified search
window obtained from the filtering process (see sec. 5.7). The point of maximum
contrast is retained as the observed feature. The contrast is measured at the search
scale and for reasons of speed only 3 points along the normal are examined: on the
curve and at the extremes of the search window. This method is described by Blake
et al. [9]. In order to measure the contrast at a given scale, a sobel operator on the

subsampled image was found to be adequate. This method of measuring contrast

does not assume the direction of the edge is known.

4 Stochastic Model

The shape part of the state vector is modelled as a simple discrete stochastic process

as follows.



where w? ~ N(0, i;) and b¥ models the i’th parameter value at frame & . A dynamic
model was considered but found to be less stable with no appreciable improvement
in performance. The underlying assumption of the shape model is that the shape
parameters vary independently (the noise process is isotropic). This is reasonable as
over the training set:
E(bibj) = { N .
0 otherwise
where E(...) is the expectation or mean value. As the variance of b; over the training

set is equal to \;, it is natural to set

i = pA;

where p is an undetermined shape parameter and is typically set to 0.05. This allows
the more significant shape modes to vary more freely.

The origin of the object is assumed to undergo uniform 2D motion with a randomly
varying force represented by an additive random noise process. This can be expressed

by the differential equation:

o) (0) ()

where w, ~ N(0,¢;) and a corresponding equation for o,.
The alignment parameters a,, a, are assumed to be constant with added system

noise as described by the equation:

a0\ a® o[ e
al(/k-l—l) - al(/k) Way
where W, wqy ~ N(0,q,).

4.1 Measurement Model

The curve points p are related to the state space parameters by:
p=MG(Lb+W)+o (2)

where M (a,,a,) is redefined to be the equivalent 2nm x 2nm rotation and scaling
matrix and o is redefined to be the equivalent 2nm origin vector. Between successive
frames the state parameters will change. The corresponding changes in the curve

points are given by:

Ap = (M + AM)GL(Ab) + (AM)G(Lb + W) + Ao (3)



where Abis the change in parameter b etc. The measurement process is described by

the equation:

Apobservedl = Ap + vy

with vy ~ N(0, Ry) where Ry is the measurement covariance matrix.

5 Tracking Filter

The measurement model described by equations (2 and 3) is essentially non-linear
(due to the dependence of M on a, and a,). Furthermore as the parameters are to be
filtered independently it is necessary to decouple the shape, alignment and translation

effects. The problem is simplified using the following scheme:-
1. Assume the shape and alignment parameters are fixed
2. Estimate the change in origin using a dynamic Kalman filter
3. Remove the effects of this origin shift from the observations
4. Estimate the change in alignment parameters
5. Remove the effects of change in alignment
6. Update each shape parameter estimate using a Kalman filter

Alternatively, if the rotation, scaling and translation effects are sufficiently small,
all the parameters may be updated simultaneously, treating the coupling effects as
measurement noise. A full extended Kalman filter could be used although this would

be computationally expensive (see discussion).

5.1 The Discrete Kalman Filter

The standard discrete Kalman filter may be used to update state (and covariance)
estimates of a system with discrete measurements (see for example, Gelb [6]). For a

standard measurement model,
zr = Hpxp + vy
the state estimate update is given by:

A

Xi(+) = Xi(—) + Ki(zp — HpXp(—))



where v, ~ N(0, Ry) and
Ky = Po(H HERS!

and the covariance matrix P, update is given by:
PONH) = BN (=) + HE B H,

In this case, the model parameters x;, are filtered independently. This is achieved
by ignoring off-diagonal elements of the system covariance matrix P. Hence P, is

assumed to be diagonal and the covariance update equation becomes:-
()7 = loi( =)+ (4)

cand o; = (Pk)“ Writing H;; = [h(i)] ~we obtain:

1,0
? J

where r;7' = (HI R;;1 H},)
rit = Zhﬁ“hf)(f%zl)s,t (5)
s,

Similar results hold if sets of model parameters are assumed independent (i.e. the
covariance matrix P is block diagonal) in which case o; is replaced by the ¢’th block
matrix. In effect each parameter is filtered by assuming the other parameters are

fixed at their current estimates.

5.2 Updating the Origin

The simplified measurement model for the origin filter (assuming the other parameters

are fixed) is given by:
pi = pi— (M(as,a,)G(Lb +W))a;
pi = 0w+ (Vi)a

The estimates of the state parameters o, 0, and the associated 2x2 covariance matrix

P, are updated by the appropriate Kalman filter equations. For example:

where 7=t = " (R )gi 05 A similar filter is used for o,.

5.3 Alignment Filter

If the origin and shape parameters are fixed at their current estimates the measure-

ment model for the alignment parameters is given by:

ay
Ay
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where H is the 2nm x 2 measurement matrix defined by:

Hzi,o H2i,1 o S2; —S2;41
H2i-|—1,0 H2i+1,1 S2i4+1 S2;
where s = G(Lf) +W).
The estimates a,, a, and the 2 x 2 covariance matrix are updated with the cor-

responding Kalman filter equations. The alignment parameters are not assumed

independent although for simplicity the system noise is assumed isotropic.

5.4 Shape Filter

The remaining parameters describing shape are filtered independently and simulta-
neously using the simplified measurement model given by:

pb = p—06-MGW)

p = (MGL)b
The measurement matrix is thus given by H = M(a,, a,)G L. For each shape pa-

rameter the associated variance o; is updated by the equations 4 and 5. The shape

estimates are updated using:
bi(+) = bi(=) + o) (W R (AP))

where Ap’ = p’ — Hb(—).

5.5 Global Shape Constraint

In order to ensure that the contour shape is feasible, the shape parameters are con-
strained to lie within a hyper-ellipsoid as described by Cootes [11]. The shape pa-
rameter estimates are updated independently using the Kalman filter equations and

then appropriately constrained using:

b?

2 _ %

s = N
yo— (Sms) bi 5> Smax
b; otherwise

The global constraint stabilises the system and prevents problems such as the contour

becoming tangled (due to sections of the contour locking on to the wrong feature).



5.6 The Measurement Covariance Matrix

For each point measurement there is an associated measurement variance v; which is

set proportional to the square size of the search window at that point. Hence,

vi = (cpi)?

where p; is the size of the search window at the ¢’th sample point and ¢ is a constant
(typically set to 0.5). If there is no significant point of contrast found within the
search window (the feature has been lost) then no measurement is made. This is
achieved by setting v; to infinity (i.e. vy = 0).

The “aperture problem” described by Horn [14] allows only the normal component
of the displacement of the contour to be measured. Thus measurements are made
by searching along the normals nj to the estimated contour at each sample point.
This results in coupling in the x and y components of the measurements. The inverse

covariance matrix is given by the partitioning:

Ag 0 0
0 0 A,

where A; is the 2 x 2 pointwise inverse covariance matrix given by:

-1 T
A; = v; njnj

5.7 Automatic Control of Scale

The Kalman filter provides a mechanism for automatically setting the search scale
(as demonstrated by Blake et al. [9]). The search window size at the i’th sample
point is related to the positional variance V(p;) and V(g;) at the estimated contour
point given by:

Vip:) = [HPH )30+ V(o))

-1

= > (Hyj)o; +[Po,]oo

=0
where V(...) denotes the variance operator and H = MGL (and similarly for V(¢;)
). For simplicity, the alignment matrix M is assumed constant in this calculation.

An elliptical search window is used with semi-axes of length 21/V(p;) and 24/V(g).

Hence the search scale p; along the normal nj is given by:

pi =2/ (0)2V (pi) + (m3)2V (g)

up to some maximum scale proportional to the height of the estimated contour.




6 Implementation Techniques

Once the state parameters have been updated the current estimate of the contour
must be computed. An efficient mechanism for doing this is to map to the spline
representation and then to rotate and scale the spline control points (i.e. use equation
1). The sampled curve points can then be calculated using the sparse matrix G.
Moreover the sampled normals n; are calculated directly from the spline control points
via a (sparse) linear mapping (see for example Bartels et. al. [15]).

The 2nm x [ matrix [GL] can be precomputed. The shape measurement matrix
H need not be explicitly calculated. To update the inverse shape covariance matrix

the quantities 7' are directly computed using:

Ti_l = [HTR_IH]“’
S (o) O + 2k ihajiCS + (hajn i) CY)

)

where h, s = [GL],s and the 2 x 2 matrices CU) are given by:

CW = mTAM

7 Refinement

Once the state estimates are updated, the contour may still be inaccurate, for in-
stance, if the change in shape between frames is too large for the filtering process.
In order to overcome this an iterative procedure can be used by simply taking new
observations at the updated scale and using the updated contour estimate.

After several iterations the state covariance matrix values may have become unre-
alistically small. In order to prevent this occurring the ¢ method is used (see Gelb [6]).
The Kalman gain is modified by the addition of an “overweight” gain proportional

to the parameter e.

8 Experimental Results

Various image sequences of a person walking in several directions were used. The
sequences were captured at 30 frames per second. The shape changes between frames
was considerable with a complete walk “cycle” taking typically 20 or so frames. In
each case the initial contour position and scale were calculated by a segmentation
scheme using background subtraction (see earlier work [13]). The shape parameters

were initialised to zero (i.e. the mean shape). Figures 2 and 3 show the system
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successfully tracking a walking pedestrian using 1 iteration (i.e. no refinement) and
3 iterations respectively.

Fig. 4 shows only the search window obtained when tracking a second walk
sequence. Fig. 5 shows the search window obtained when the contour is iteratively
refined on a fixed frame with and without overweighting. In the first case there is no
overweighting and in the second case the Kalman gain is overweighted with e = 0.5.

In each case the same shape model was used with 14 shape parameters and s,,,, =
14. The system has been implemented on an R4000 Silicon Graphics Indigo and can
run at 30 frames per second using 80 contour points and with 3 iterations per frame.
The images were taken from stored “movie” files. The results show the system can
successfully track a walking pedestrian using just one iteration processing over 40

frames per second in such a case.

9 Conclusion / Discussion

An efficient method for tracking a non-rigid moving object using a trained contour
model has been described. The tracker is object specific utilising a specific shape
model based on a training set. However, the tracker will only work properly for poses
and views that are sufficiently well represented in the training set. The knowledge
incorporated in the model helps the tracker mechanism to respond quickly to large
shape deformations and restricts the contour to a feasible shape. Iterative refinement
improves the contour estimate after only a few iterations. The statistical filter reduces
the number of iterations that would be required by allowing the contour to react
rapidly when the shape estimate is uncertain.

The B-spline contour representation allows the efficient computation of the esti-
mated contour points and their associated normals. Moreover the number of sample
points can easily be increased (by increasing m) to improve accuracy on larger images
whilst utilising the same model.

The computational complexity of the tracker is O(l) where [ is the number of
shape parameters, requiring O(Imn) operations where mn is the number of sampled
curve points used. In comparison, the full (extended) Kalman Filter would require
O(1*mn) floating-point operations.

Future research will look into improving the stability and speed of the tracker to
allow the system to cope with more complex scenes with several pedestrians and to
model a typical walk sequence. Further work is required to investigate how well the

method works for other (possibly rigid) objects.
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Figure 2: Tracking without refinement: (a) initial estimate, (b) to (i) frames 0, 2, 4,

8,12, 16, 20 and 24
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Figure 3: Tracking with refinement: (a) to (f) frames 0, 1, 2,4 , 8 and 16
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Figure 4: Search window: (a) to (f) frames 0, 1, 2, 16, 32 and 50

(b) ©

(d) (€

Figure 5: Iterative refinement: (a) to (c) €
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