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Abstract

In this paper, we present an observation model based
on the Lucas and Kanade algorithm for computing optical
flow, to track objects using particle filter algorithms. Al-
though optical flow information enables us to know the dis-
placement of objects present in a scene, it cannot be used
directly to displace an object model since flow calculation
techniques lack the necessary precision. In view of the fact
that probabilistic tracking algorithms enable imprecise or
incomplete information to be handled naturally, this model
has been used as a natural means of incorporating flow in-
formation into the tracking.

1. Introduction

The probabilistic models applied to tracking
[10][9][4][14] enable us to estimate the a posteriori
probability distribution of the set of valid configurations for
the object to be tracked, represented by a vector X, from
the set of measurements Z executed on the images of the
sequence, p(XjZ). The likelihood in the previous instant
is combined with a dynamical model giving rise to the a
priori distribution in the current instant, p(X). The relation
between these distributions is given by Bayes’ Theorem:

p(XjZ) / p(X) � p(ZjX)

The distribution p(ZjX), known as the observation
model, represents the probability of the measurements Z
appearing in the images, assuming that a specific config-
uration of the model in the current instant is known.

In this paper, an observation model is defined based
on the optical flow of the sequence, checking his validity
within a scheme of particle filter tracking.

2. Optical flow

The most well-known hypothesis for calculating the op-
tical flow [7] assumes that the intensity structures found in
the image, on a local level, remain approximately constant
over time, at least during small intervals of time. This is to
say,

Ixu+ Iyv + It = 0 (1)

where Ix, Iy, It are partial derivatives of the image and
v = (u; v) represents the flow vector in each point. The
problem is ill-posed, since it only has one equation for the
calculation of two unknowns, which makes it necessary to
use various additional restrictions, in the majority of cases
of smoothness.

There is no algorithm for estimating the optical flow field
which is clearly superior to the others. Each may have small
advantages over the others in particular situations, but in
general it may be said that from a practical point of view all
are equivalent [1, 12].

3. Dynamical model

The model which represents the dynamical model of the
object will provide an a priori distribution on all the pos-
sible configurations in the instant tk, p(X(tk)), from the
estimated distributions in the previous instants of time. In
this paper, a second-order dynamical model has been used
in which the two previous states of the object model are
considered, and this is equivalent to taking a first-order dy-
namical model with a state vector for the instant tk of the
form [2]

Xtk = [Xtk�1 ; Xtk ]
T

The integration of the a priori distribution p(X) with the
set Z of the evidences present in each image, in order to ob-
tain the a posteriori distribution p(XjZ), is obtained with
Bayes’ Theorem. This fusion of information can be per-
formed, if the distributions are Gaussian, by using Kalman’s
Filter [10]. However, in general, the distributions involved



in the process are normally not Gaussian and multimodal
[4]. Sampling methods for modelling this type of distri-
bution [6] have shown themselves to be extremely useful,
and particle filter algorithms [8, 9, 5, 14] based on sets of
weighted random samples, enable their propagation to be
performed effectively.

4. Observation model based on optical flow

In order to build this model, we will use a technique de-
rived from the Lucas-Kanade algorithm[11] taking advan-
tage of knowledge of the position of the flow discontinuities
which predict the object model. Our hypothesis is based on
the fact that the point x of the model outline is situated on
the real outline of the object, and therefore we assume that
the flow in a neighborhood of x shall only take two values:
one on the inner part of the model, and the other on the outer
part.

Let x = f(Xtk ;m) (where Xtk defines the specific
configuration of the object model, and m is the parameter
vector which associates each point within the model with a
point on the image plane), a point belonging to the model
outline in the instant tk. Let S be a neighborhood of x sub-
divided inSi andSe (corresponding respectively to the parts
of the neighborhood which remain towards the interior and
exterior of the outline of the model), and d(X tk ;m) be cal-
culated using the expression:

d(Xtk ;m) = f(Xtk ;m)� f(Xtk�1 ;m) (2)

with I(k�1) and I (k) being the images corresponding to the
instants of time tk�1 and tk. The system of equations [11]
is therefore solved
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In order to obtain the flow vector fSx = (fx; fy), where

Sx shall be Si or Se, respectively, Ix and Iy are the spatial
derivatives of the image and

It(x) = I(k)(x+ d(Xtk ;m))� I(k�1)(x)

In this way, two different flow estimations are obtained,
fSi(Xtk ;m) and fSe(Xtk ;m), corresponding to the inner
and outer area of the neighborhood of x, respectively.

When it comes to partitioning the neighborhood S cor-
responding to a point x of the outline of the model into
two halves, one (Si) inside and the other (Se) outside the
model, respectively, a good approximation consists in using
the tangent to the outline in x (Figure 1) as the dividing line
between Si and Se. This subdivision is sufficient as long

as the size of the neighborhood in question is reasonably
small, and the point on the outline on which it is centered
does not have any large variations in its derivative. The first
condition must always be satisfied, since in order for it to
take on the value of d constant on all the surface of S, this
must be small. In order for the second to be satisfied, it is
sufficient to avoid choosing points on the outline where the
curvature is too great.
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Figure 1. Partition of the neighborhood of
the point x of the outline of the object cor-
responding to the outer (Se) and inner part
(Si). The approximation is carried out using
the tangent t to the outline r of the model on
the same point x.

The squared norm of the estimated flow vectors are then
calculated, which is equivalent to obtaining the quadratic
differences with the expected flow, which in this case equals
zero:

ZSi(Xtk ;m) = kfSi(Xtk ;m)k2

ZSe(Xtk ;m) = kfSe(Xtk ;m)k2
(4)

It should be noted that if the point x is really situated
on a flow discontinuity, and the flow in Si coincides with
d(Xtk ;m), the value of ZSi must be close to zero and the
value of ZSe must be considerably greater. Using the fol-
lowing expression, these values may be combined and a
value of Z(Xtk ;m) may therefore be obtained:

Z(Xtk ;m) =

8>>>>><
>>>>>:

ZSe(Xtk ;m)
ZSe(Xtk ;m) + ZSi(Xtk ;m)

ifZSe(Xtk ;m) 6= ZSi(Xtk ;m)

1=2 ifZSe(Xtk ;m) = ZSi(Xtk ;m)
(5)

The value of Z(Xtk ;m) satisfies the following proper-
ties:

� 0 � Z(Xtk ;m) � 1

� If ZSe(Xtk ;m) � ZSi(Xtk ;m), then Z(Xtk ;m) !
1, which indicates that the adjustment is much better
in Si than it is in Se, and therefore the point must be



situated exactly in a flow discontinuity, in which the
inner area coincides with the displacement predicted
by the model.

� If ZSe(Xtk ;m) � ZSi(Xtk ;m), then Z(Xtk ;m) !
0. The adjustment is worse in the inner area than it is
in the outer area, and therefore the estimated flow does
not match the model’s prediction.

� If ZSe(Xtk ;m) = ZSi(Xtk ;m), then the adjustment
is the same in the inner area as it is in the outer area,
and therefore the flow adequately matches the dis-
placement predicted by the model, but it is impossible
to guarantee that it is situated on a flow discontinuity.
In this case, Z(Xtk ;m) = 1=2.

It is possible that some of the areas Si or Se lack enough
structure to give a good flow estimate. In this paper, we
have used the inverse condition number [13] of the coef-
ficient matrix in the expression (3), R = �min=�max, in
order to check the stability of the equation system, so that if
it is too small (< 10�10), it is necessary to discard the flow
values obtained, and therefore Z(Xtk ;m)=1/2.

We shall consider that the presence probability of the
measurements obtained for the image, since they have been
caused by the point of the outline corresponding to the vec-
tor m of the sample in question, defined by the vector X tk ,
must be proportional to the function Z(X tk ;m) obtained
previously,

p(ZjXtk ;mi) / Z(Xtk ;mi) (6)

and that, given the independence between the different
points of the outline,

p(ZjXtk ) /
Y
i

Z(Xtk ;mi) (7)

5. Object model

In order to parameterize the object to be tracked, in ad-
dition to a spline-based object model [2], in this paper we
define a 2-dimensional articulated model based on a hierar-
chy of pieces, connected at a series of points, which act as
rotation axes for each piece. The points belonging to each
one are referenced according to an orthogonal base on the
plane, characterized by its origin OX , and two perpendic-
ular vectors u and v (see Figure 2), which are calculated
from the following set of parameters:

(px; py; cx; cy; Sx; Sy; S; �0; �;K)

Where

� The rotation axis for the piece B, RB , has the coordi-
nates (px; py) according to the base corresponding to
the father piece in the dependence tree, whose origin is
OA.

� The coordinates (cx; cy) represent the same point as
(px; py), except according to the base of pieceB itself.

α0
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(cx, cy )

(px, py )

vB

uB

uA

vA

RB

OB
α

BA

Figure 2. Articulated model.

� There are three scale factors, a global one (S), a hori-
zontal one (Sx) and a vertical one (Sy), so that kuBk =
S � Sx y kvBk = S � Sy.

� If K = 1, the rotation angle between piece A and B is
equal to �0 + �, that is to say, if A turns, so will B.

� If K = 0, the rotation angle of B is measured directly
from the main ordinate axis of the sensor plane, which
means that the turn angle of the previous piece does
not affect the current piece.

In this way, each point of the model is defined by a triplet
(P; x; y), where P represents the piece to which the point
belongs, and x and y are the coordinates of this point ac-
cording to the base corresponding to P . Depending on the
specific characteristics of the model, each of the parame-
ters which comprise the pieces may be defined as inside the
model, and be fixed, or as outside, and go on to form part of
the vectorX.

6. Experiments

In order to check the validity of the observation model
proposed, it has been incorporated into the CONDENSA-
TION algorithm [9], and its performance was compared with
that of the observation model based on normals as proposed
in [2]. In an additional experiment, the good performance
of the observation model has been verified when tracking
an articulated object.

For the experiments, three image sequences were
used, lasting 10 seconds, with 25 frames per sec-
ond, 320�240 pixels, 8 bits per band and pixel. The
first two correspond to the movement of a hand over
a background with and without noise, and the third
represents the movement of a human arm over a back-
ground with noise. Results can be downloaded from
http://wwwdi.ujaen.es/�mlucena/invest.html
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Figure 3. a) Results obtained with the ob-
servation model for the contour normals. b)
Results obtained with the observation model
based on optical flow restrictions. The dis-
tribution average appears in solid line in the
current frame, and the averages in some pre-
vious frames appear in dashed line.

6.1 Tracking an object over an uniform back-
ground

In order to model the hand, an outline model based on a
closed spline with 10 control points and a Euclidean simi-
larity deformation space were used. A second-order dynam-
ical model was used in which the object tended to maintain
velocity, and a preliminary tracking was carried out of the
hand by using the gradient observation model along the con-
tour normals. With the data obtained, the multidimensional
learning method proposed in [3, 2] was used to determine
the dynamic parameters.

For the observation model based on contour normals, 20
normals were sketched for each sample. The observation
model was applied with parameters � = 0:025 and � = 3,
incorporated into the CONDENSATION algorithm with 200
samples. The initialization was carried out manually, indi-
cating the position of the object in the first frame. Figure 3.a
shows the weighted average of the distribution obtained.

The observation model based on optical flow was used
on the same 20 points along the outline, defining a neigh-
borhood for each point of 7�7 pixels. In order to calcu-
late the spatial derivatives, each frame was convolved with
two Gaussian derivative masks, with vertical and horizon-
tal orientations respectively, with � = 1:0. The number of
samples was also 200, and the results obtained are shown in

Frame 50

Frame 100

Frame 150

Frame 200
a) b)

Figure 4. a) Results obtained with the ob-
servation model for the contour normals. b)
Results obtained with the observation model
based on optical flow restrictions.

Figure 3.b.

6.2 Tracking an object over a non uniform back-
ground

In this case, the parameters of the dynamic model were
adjusted manually for the first 50 frames, and these were
used to learn dynamics and to execute an initial tracking of
the sequence, using CONDENSATION with the observation
model for the contour normals. From the results obtained,
and using the same learning method as in the previous ex-
periment, the dynamic parameters were determined.

In order to use the observation model based on contour
normals, 18 normals were sketched to each outline. The
number of samples was still 200, and the parameters for the
observation model in this case were � = 3 and � = 0:055.
The results are shown in Figure 4.a.

The same parameters were used in the observation model
based on optical flow as in the previous sequence, that is to
say, spatial derivatives from Gaussian derivative masks with
� = 1:0, and neighborhoods of 7�7 pixels for each point.
The results obtained with 200 samples are shown in Figure
4.b.

6.3 Tracking an articulated object

The articulated model which represents the arm com-
prises four rigid pieces, joined by two rotation axes, cor-
responding to the shoulders and the elbow, respectively.
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Figure 5. a) Results obtained with the ob-
servation model for the contour normals. b)
Results obtained with the observation model
based on optical flow restrictions.

In order to apply the observation model fourteen points
were taken along the outline of the arm and hand. The
CONDENSATION algorithm was run with 200 samples.
The observation model was used in areas with 7x7 pixels,
and a convolution was used with a Gaussian derivative with
� = 1:0 in order to estimate the spatial derivatives. The
results are shown in Figure 5.

The dynamic parameters were learned using the same
algorithm as in previous experiments, from a training set of
samples adjusted to the hand for the first hundred frames of
a similar sequence.

It is clear that the results are satisfactory. Although the
flow values are virtually zero on the arm, only showing
significant values on the forearm and the hand, the model
matches the position of the object adequately in each frame.

7. Discussion and conclusions

The observation model based on contour normals be-
haves appropriately in the three sequences (Figures 3.a, 4.a
and 5.a). At no time does the tracker lose the object, al-
though it does have problems with noise in the sequence
due to the presence of clutter.

For the first sequence, the model based on optical flow,
although never completely losing the object, does have
problems focusing exactly on its outline. This is due to the
absence of texture on the outer part of the object. However,
for the others sequences, the presence of a background with
heavy clutter is not only irrelevant but also favors the good

behavior operation of the observation model.
The results obtained suggest that the observation models

based on optical flow are, in a way, complementary to those
based on gradient along normals. The presence of clut-
ter constitutes a source of noise for the first models, while
favoring the good behavior operation of models based on
flow.
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