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ABSTRACT

In this paper, we present an observation model to track objects
using particle filter algorithms based on matching techniques for
computing optical flow. Although optical flow information enables
us to know the displacement 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 information into the tracking.

1. INTRODUCTION

The probabilistic models applied to tracking [1][2][3][4] enable us
to estimate the a posteriori probability distribution of the set of
valid configurations for the object to be tracked, represented by a
vectorX, 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 dis-
tribution 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 configuration 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 optical flow
[5] assumes that the intensity structures found in the image, on a
local level, remain approximately constant over time, at least dur-
ing small intervals of time. Matching techniques [6, 7] are stable
and efficient in order to compute optical flow, specially with poor
signal-to-noise ratio.

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 [8, 9].

3. DYNAMICAL MODEL

The model which represents the dynamical model of the object will
provide an a priori distribution on all the possible 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
dynamical model with a state vector for the instant tk of the form
[10]

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 obtain the a
posteriori distribution p(XjZ), is obtained with Bayes’ Theorem.
This fusion of information can be performed, if the distributions
are Gaussian, by using Kalman’s Filter [1]. However, in general,
the distributions involved in the process are normally not Gaus-
sian and multimodal [3]. Sampling methods for modelling this
type of distribution [11] have shown themselves to be extremely
useful, and particle filter algorithms [12, 2, 13, 4] based on sets
of weighted random samples, enable their propagation to be per-
formed effectively.

4. OBSERVATION MODEL BASED ON OPTICAL FLOW

If the prediction which the model makes is good and the intensity
maps corresponding to the neighborhood of each point are super-
imposed, the inner part of the model must fit better than the outer
part. In the model defined in this section, in order to estimate
the observation probability of each point of the contour, similarity
measurements shall be used to quantify the degree to which the
inner part fits better than the outer part.

Let x = f(Xtk
;m) (where Xtk

defines the specific config-
uration of the object model, and m is the parameter vector which
associates each point within the model with a point on the im-
age plane), a point belonging to the model outline in the instant
tk, let S be a neighborhood of x subdivided in turn into Si and
Se (corresponding respectively to the parts of the neighborhood
which remain towards the interior and exterior of the outline of the
model).

When it comes to partitioning the neighborhood S correspond-
ing 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 sub-
division 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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Fig. 1. Partition of the neighborhood of the point x of the outline
of the object corresponding 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.

Let d(Xtk
;m) be calculated from expression:

d(Xtk
;m) = f(Xtk

;m)� f(Xtk�1
;m) (1)

and let I(k�1) and I(k) be images corresponding to the instants of
time tk�1 and tk. The quadratic errors are therefore calculated in
the following way:

ZSi
(Xtk

;m) =P
Si

W (x)
�
I(k�1)(x)� I(k)(x� d(Xtk

;m))
�2

ZSe(Xtk
;m) =P
Se

W (x)
�
I(k�1)(x)� I(k)(x� d(Xtk

;m))
�2

(2)
Two magnitudes are obtained which are greater than or equal

to zero, and may be combined to obtain a value of Z(Xtk ;m) by
using:

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)

(3)
The value of Z(Xtk

;m) satisfies the following properties:

� 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 co-
incides 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 there-
fore the flow adequately matches the displacement predicted
by the model, but it is impossible to guarantee that it is sit-
uated on a flow discontinuity. In this case, Z(Xtk

;m) =
1=2.

We shall consider that the presence probability of the measure-
ments obtained for the image, since they have been caused by the
point of the outline corresponding to the vector m of the sample
in question, defined by the vector Xtk , must be proportional to the
function Z(Xtk

;m) obtained previously,

p(ZjXtk
;mi) / Z(Xtk

;mi) (4)

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

p(ZjXtk
) /
Y
i

Z(Xtk
;mi) (5)

5. EXPERIMENTS

In order to check the validity of the observation model proposed, it
has been incorporated into the CONDENSATION algorithm [2], and
his performance was compared with that of the observation model
based on normals as proposed in [10].

For the experiments, two image sequences were used, lasting
10 seconds, with 25 frames per second, 320�240 pixels, 8 bits per
band and pixel, corresponding to the movement of a hand over an
uniform and non uniform background. Results can be downloaded
from http://wwwdi.ujaen.es/�mlucena/invest.html

5.1. Tracking an object over an uniform background

In order to model the hand, an outline model based on a closed
spline with 10 control points and a Euclidean similarity deforma-
tion space were used. A second-order dynamical 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 observa-
tion model along the contour normals. With the data obtained, the
multidimensional learning method proposed in [14, 10] was used
to determine the dynamic parameters.

For the observation model based on contour normals, 20 nor-
mals 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 initializa-
tion was carried out manually, indicating the position of the object
in the first frame. Figure 2.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 neighborhood of 5�5
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Fig. 2. a) Results obtained with the observation model for the
contour normals. b) Results obtained with the observation model
based on optical flow. The distribution average appears in solid
line in the current frame, and the averages in some previous frames
appear in dashed line.

pixels for each point. The result obtained is illustrated in Figure
2.b.

5.2. Tracking an object over a non uniform background

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, us-
ing CONDENSATION with the observation model for the contour
normals. From the results obtained, and using the same learn-
ing method as in the previous experiment, the dynamic parameters
were determined.

In order to use the observation model based on contour nor-
mals, 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 3.a.

For the observation model based on optical flow, neighbor-
hoods of 5�5 pixels and 200 samples for the CONDENSATION al-
gorithm were also used. The results obtained are shown in Figure
3.b.
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Fig. 3. a) Results obtained with the observation model for the
contour normals. b) Results obtained with the observation model
based on optical flow. The distribution average appears in solid
line in the current frame, and the averages in some previous frames
appear in dashed line.

6. DISCUSSION AND CONCLUSIONS

The observation model based on contour normals behaves appro-
priately in the two sequences (Figures 2.a and 3.a). At no time
does the tracker lose the object, although it does have problems
with noise in the sequence due to the presence of clutter.

Due to the fact that there is hardly any texture on the outer part
of the object in the first sequence, the observation model based on
optical flow tends to minimize the inner measurement.

Nevertheless, a slight deviation occurs at times towards the
hand’s shadow, since there is actually an ambiguity in the sequence,
as the shadow moves jointly with the hand, and by only consider-
ing the optical flow, it is impossible to separate them. In the second
sequence, there are no significant deviations from the real outline
of the object.

The results obtained suggest that the observation model based
on optical flow is, in a way, complementary to those based on gra-
dient along normals. The presence of clutter constitutes a source
of noise for the first models, while favoring the good behavior op-
eration of models based on flow.
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