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Abstract

Real-time object tracking is recently becoming more and more important

in the �eld of video analysis and processing. Applications like traÆc con-

trol, user-computer interaction, on-line video processing and production

and video surveillance need reliable and economically a�ordable video

tracking tools. It seems, however, that most of the available solutions are

computationally intensive and sometimes require expensive video hard-

ware, quite often without guaranteeing a suitable level of reliability. In this

paper we present a new approach to real-time object tracking from colour

video sequences. It relies on contours in order to track the shape, posi-

tion and orientation of objects, without exploiting snakes or \traditional"

active contours. A Closed-Loop control approach is adopted to enforce

motion tracking stability, while a separate shape model is maintained,

featuring a two-stage model and a median �ltering technique to cope with

temporary occlusions and noise. The system was tested in several di�er-

ent environments with di�erent constraints, and gave very encouraging

performance. Experimental results are reported and commented on.

1. Introduction

Tracking an object through a sequence of frames is the main task in several video

analysis applications. The tracked object may translate and rotate in the 3D

space: consequently, its projection on the image plane will undergo projective

transformations causing substantial deformations in its 2D shape. The object

may be partially and temporarily occluded by another object, or may gradually
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disappear from the scene: in such cases only a part of the object will be visible

and some way to recall its shape will be needed to track it until it is fully visible

again. On the other hand, the object may change its real shape: for example,

a man may raise an arm; this situation is extremely ambiguous, because it is

necessary to decide whether the model made of the object (the man) should

be modi�ed, or whether the change in its shape is to be considered transitory

(i.e. noise). An object may split into two or more objects: this occurs when the

�rst image of the sequence shows a cluster of similar objects very close to each

other. Depending on the technique adopted to determine the initial shape of the

object to track, it is very likely that the whole cluster will be selected as a single

object, until the objects it consists of move away from each other. It is therefore

necessary to update the model of the object promptly, according to the changes

in the image and an appropriate semantics.

Unlike o�-line (batch) video characterisation, real-time video analysis is sub-

ject to strict time constraints (deadlines) which, if missed, may lead to quality of

service degradation (soft deadlines) or even to some kind of failure (hard dead-

lines). Applications cover autonomous mobile systems (robots, etc), automatic

surveillance, real-time network traÆc control, human-computer interaction and

content-based, on-line, video browsing and retrieval.

Most applications in real-time image analysis exploit very powerful and some-

times even dedicated hardware. In this paper we present a real-time object track-

ing framework which exploits di�erent families of features according to the par-

ticular application, in order to track moving objects. The algorithm tracks the

position, orientation and shape of an object through a sequence of frames, deal-

ing with a moderate amount of occlusion and perspective transformation. The

main features of the approach presented are a low degree of complexity and a high

frame rate, even when running on a low-cost PC-based platform. By applying

the prediction - correction paradigm and multi-feature observation (exploiting

multiple features to locate point-to-point correspondence), stability can be en-

forced, thus providing reliable tracking for several applications. The framework

was tested in a number of cases, as a human face tracker, a hand tracker and a

traÆc monitoring system. In the next two sections we will give some of the rea-

sons for the research presented in the paper and a brief survey of related work,

while in Section 4 our approach is described. Experimental results are provided

in Section 5 for some of the applications referred to, and Section 6 concludes the

paper.

2. Real-Time object Tracking

A considerable amount of research has been done in past and recent years into

object tracking. The early work was mainly based on tracking arti�cial features,

such as coloured spots or lights placed ad hoc in the scene and on objects to

be tracked. The applicability of this approach was obviously quite limited, but

according to the number and quality of the markers used, the results were often
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satisfactory. Lately, the availability of more computational power at a lower cost

has induced researchers to develop algorithms with a wider applicability, capable

of tracking natural features in the images, i.e. features extracted directly from

the objects in the scene. Basically, three di�erent approaches to natural feature

tracking have emerged during the last few years.

� Low-Level tracking identi�es low-level features and tracks them through a

sequence of frames, if necessary adapting the set of features according to

any modi�cations which may have occurred in the scene during the pro-

cess. Di�erent techniques have been developed for feature selection [30] [36]

and accurate tracking, most of which are not especially devised for real-

time applications [37] [2] [25]. Due to the lack of structural information,

exploiting only low-level features often results in poor tracking, since oc-

clusions, noise, and similarities between feature values from di�erent points

can mislead the tracker [24] [30]. A very good feature selection and a robust

tracking algorithm can result in accurate and stable tracking, at the price

of a higher computational cost (hardly suitable for real-time tracking). For

this reason, most algorithms exploit some kind of higher-level coherence,

by grouping low-level tracked features which show similar (coherent) mo-

tion and monitoring how the resulting regions evolve through the frame

sequence. Regions which show internal homogeneous and coherent motion

are labelled as moving objects in the image sequence, and merged together

if they are contiguous and their motion parameters are similar [26] [9] [31].

However, the combination of low-level feature extraction, selection and clus-

tering can amount to a very slow algorithm, unlikely to be applicable to

real-time processing, unless very fast, expensive and, in some cases, dedi-

cated hardware is exploited [31] [6].

� Strictly Model-Based feature tracking is a possible, application-speci�c, so-

lution to the problem of needing both high-level features and fast compu-

tation. This approach is based on the availability of a prede�ned model of

the object to be tracked, expressed in terms of its low-level features. The

model is matched against each frame, and the combination of rigid motion

and/or similar transformations which results in the best match is found

[21] [10] [13]. The need for prede�ned models is the main weakness of this

approach, since a suitable model is often not available.

� High-Level feature tracking usually relies on some fast initialisation proce-

dure which creates a \startup" high-level model of the object to be tracked,

by processing the �rst few frames. Subsequently the model is matched with

each frame and adapted to any changes occurring in the frame sequence.

The changes are detected by comparing the model with its best match in

each frame, thus obtaining \temporary local" changes. Temporary local

changes are then integrated in a time window, thus obtaining a \stable"

change, which results in a modi�cation of the model [27]. This approach is

highly sensitive to initialisation, since incorrect initialisation will probably
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result in very poor tracking. Moreover, this initialisation process usually

needs a segmentation phase, which is generally known to be an open issue

but can be solved, provided that some conditions on the frame sequence

are met [9].

Our research concentrates on real-time object tracking, i.e. the tracking of

objects in a sequence of frames. We can de�ne an object as an image area with a

well-known shape and some \unifying" characteristic, common to all the points

belonging to the area. An object is always surrounded by a border, a contour;

this contour divides the object from other objects, and its 2D representation

is always a closed line. Objects can be tracked through a sequence of frames

by matching their characteristics in each frame; from this point of view, object

tracking belongs to the high-level feature tracking class.

3. Contour-based object tracking

Several techniques for real-time object tracking are based on the ability to de-

tect and track the contour of objects: this is due to the belief that the main

information about the shape of a 2D object lies in its contour. Moreover, since

2D contours are closed curves, it is possible to represent them in a 1D fashion,

thus reducing the computational complexity of the algorithms involved and the

size of the resources needed for shape comparison [1] [29] during the tracking

process. Other approaches to object tracking rely on blob tracking [39]: since

they need to match 2D areas instead of contour lines, these approaches can turn

out to be computationally expensive and they require fast hardware.

Shape-tracking techniques relying on active contours have received a large

amount of attention since the late 80's. Active contours are models represent-

ing open or closed curves which, having a very high capacity for morphological

adaptation, can accurately reveal the contours of any shape. These models are

called active because they automatically respond to speci�c characteristics of

the image points, changing their shape accordingly. An active contour can, for

example, respond to the edgeness values of points in an image by changing its

shape till it �ts all the points with the (locally) highest edgeness values (local

edgeness maxima). A particular type of active contour is the snake: it responds

both to a quantity called external energy, related to the local image properties

(image gradient, brightness, contrast, etc) and to a quantity called internal en-

ergy, related to speci�c internal laws ruling its shape and way of deformation

[19] [20].

There are two main reasons for exploiting active contours for real-time object

tracking:

1. Since the objects to be tracked can change in shape, position, orientation

and distance from the camera, and since the image perceived by the vision

system is substantially a projection of the 3D scene onto a 2D plane, it is

necessary to adopt a dynamic model to represent the shapes of the objects;
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2. Active contours have proven to be stable and reliable, and it is also relatively

easy to implement an active contour with appropriate properties to deal

with almost any particular kind of shape [23] [34].

The most popular active contours rely on iteratively �tting some kind of para-

metric curve onto the contour points [8] [19]. This �tting process slows the whole

tracking process and is likely to introduce some unwanted smoothing in the re-

trieved contour. Other active contours, on the other hand, exploit local proper-

ties, integrating them along the whole contour to obtain a global behaviour [20]

[5]. This approach, however, implies some energy minimisation in order to deter-

mine the correct motion for the contour, and this energy minimisation implies

calculating an energy value for each point of the contour.

Several discrete implementations of active contours have been developed, but

their properties and behaviour have only been demonstrated in the continuous

case, so their behaviour is sometimes not very clear [5] [38]. In order to avoid

a high level of computational complexity due to the minimisation process, dif-

ferent active contours have been developed, which do not rely on any energy

or functional minimisation. The underlying idea is that it should be possible to

develop a discrete active contour which is not derived from any continuous one.

This can be accomplished by aggregating a chain of moving points acting as

autonomous agents in the image and looking for object edges. The behaviour of

the agents should be well-de�ned and should be implemented in a fast way, in

order to speed up the motion; look-up tables, for example, can be exploited for

fast decision making [14]. An example of discrete active contours for fast object

tracking can be found in [15], but this algorithm currently only relies on image

gradients as pixel features.

Active contours alone cannot, however, reliably deal with real-world object

tracking applications: without some knowledge about the motion of the object,

it is extremely likely that the tracker will lose contact with the tracked object

[1]. Since in most cases some hypotheses or, at least, a set of constraints can

be stated about object motion, a suitable way should be found to exploit such

knowledge in the tracking algorithm. This issue has been thoroughly addressed in

the recent past, mainly exploiting techniques from control theory and statistics

[4]. An important contribution in this respect is perhaps the idea of exploiting

the concept of closed-loop control to correct the output of a predictive model,

used to predict the behaviour of the tracked object. The predictive model is ba-

sically a mathematical, usually linear, model embedding as much information as

possible about the constraints and hypotheses possibly stated on object motion.

The whole problem is usually dealt with in a statistic framework, in order to take

into account the uncertainty related to the observation process (observation den-

sity distribution), as well as the need for some 
exibility in the models (prior

distribution). Very interesting and thorough studies have been conducted in the

case of Gaussian [1] and non-Gaussian [16] observation density distribution.

Suitable mechanisms should also be introduced to cope with objects which

5



may undergo major changes in their shape and with composite objects (i.e.

objects composed by other objects, which may be occluded or in some way

not perceivable in a number of frames). This problem has not been completely

addressed yet (though some signi�cant studies have been conducted, for example,

on the separability of rigid and non-rigid face motion [3]).

In the next section we present a shape tracking technique which does not

rely on any traditional active contour: it is based on a radial representation of

the object contour [7], which is regularly updated according to changes in the

object shape, exploiting a suitable mechanism to cope with noise and moderate

occlusions and perspective deformations. Since the algorithm performs, at each

iteration (i.e. for each frame), just a few comparisons and integer calculations

for each point of the tracked contour, its complexity is inherently low and the

tracking process is fast. This allows us to use it for real-time video analysis.

4. The proposed solution

In our work we followed the prediction-measure-assimilation paradigm charac-

teristic of process control literature but recently adopted in real-time visual

tracking, as described in [4]. As shown in Fig. 1, the tracking system is basically

composed of two modules, the predictor and the controller. The two modules are

connected in a closed-loop fashion, so the controller can modify the parameters

of the predictor, according to the measure, in order to enhance the tracking per-

formance and take into account possible changes in object motion. The process

of correcting the prediction according to the observed measures is often called

Assimilation.

Figure 1: Closed-Loop tracking paradigm

The tracker needs to be initialised before it can start following the object.

The initialisation is usually accomplished by a segmentation algorithm [35], of-

ten user-driven [11]; it has the twofold purpose of locating the target and building

a representation of its shape. The segmentation technique should be chosen ac-

cording to the particular application, since no general-purpose approach has as

yet been identi�ed for image segmentation. The main issue is probably the choice
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of the image properties to be exploited to extract the image regions which are

to be considered as objects. Discussing segmentation techniques is beyond the

scope of this paper: we currently rely on a technique described in [14], and the

criteria adopted for choosing the image properties are brie
y described in Section

5.

In our algorithm we exploit a radial representation of the shape. As shown in

Fig. 2 (left), the centre of mass of the contour extracted by image segmentation

(during the initialisation stage) is calculated. Then, with uniform spacing, a

sequence of radii are driven from the centre of mass to intercept the object

contour. The angle # between two consecutive radii is constant, and the choice

of this angle is a trade-o� between shape resolution and tracking performance.

Multi-scale solutions are exploitable, in order to realise an approximate algorithm

which iteratively re�nes the shape model according to the time available before

the deadline expires (i.e., according to the time available before a new frame

has to be processed). This deadline can be adapted according to prediction of

the scene dynamics, i.e. according to the speed of the changes in the scene.

Currently, a constant angle solution is adopted in our prototype system, but

multi-scale algorithms are under development. The distance, from the centre of

mass and along each radius, of the intercept point on the outer contour of the

object is recorded, and the resulting vector is taken as a representation of the

shape of the object. In Fig. 2 (right), the radial representation is superimposed

on the outer contour of a face. The points of the contour were sub-sampled to

make the �gure more readable.

Figure 2: Scheme of the radial representation of a shape

4.1. A motion model and a shape model

After retrieving a representation of the shape and position of the contour, the

predict-measure-assimilate loop should be applied, but since its computational

cost is O (N3
X), where NX is the size of the status vector (the vector to be
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tracked), simply applying this paradigm to the whole shape model results in a

very slow operation. We therefore decided to maintain two models, separating

the shape model from the motion model.

The shape model is the radial representation of the contour:

SMi =
�
smi

1 : : : smi
n

�
(1)

For reasons which will be clear later in this section, we actually maintain

three shape models: SM0 is the shape model vector which was returned by the

initialisation process; SMi is the current shape model at the discrete time instant

i; MSMi is the Main Shape Model at the same discrete time instant i.

The motion model is a status vector representing the position, planar orienta-

tion and size (scaling factor with respect to the initial size) of the object at the

discrete instants i and i� 1:

Xi =

�
xi�1 yi�1 �i�1 fi�1
xi yi �i fi

�
(2)

In Eqn. (2), (xi; yi) is the position of the centre of mass of the tracked object

(in image co-ordinates); �i is the relative orientation with respect to the initial

orientation (i.e. the orientation returned by the initialisation phase); fi is the

scaling factor, i.e. the relative size with respect to the size returned by the

initialisation step.

The centre of mass is calculated at each iteration while building the shape

model SMi, as the centre of mass of the sequence of n points composing the

contour:

xc =
1

n

nX
j=1

xj

yc =
1

n

nX
j=1

yj

(3)

The relative orientation �i can be determined by aligning the shape-model

vector SMi with the one retrieved from the initialisation step, SM0. Let us

de�ne the alignment distance function adfk (A;B) of two vectors A and B of

size n, as follows:

adf (A;B; k) =

nX
j=1

jaj � b((i+k) mod n)j

k = 0; 1; : : : ; n� 1

(4)

This distance is function of the two vectors and of the circular shifting param-

eter k. Then, the two vectors A and B are aligned if the shifting parameter k

minimises the function adf(A;B; k). Since the angle between two consecutive
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rays in the shape model (i.e. the sample step #) is constant, this means that,

provided that this sampling step is small, the angle �i can be approximated by:

�i t k# (5)

The scaling factor fi can be determined as the ratio of the energies associated

to the shape representation vectors SMi and SM0:

fi =

Pn

j=1 sm
i
jPn

j=1 sm
0
j

(6)

where we have used the notation (1).

The model adopted for prediction is a linear, second-order auto-regressive

process (AR), and its parameters were determined manually according to the

particular application (see Fig. 5).

Let us now go back to the shape models and explain their meaning. As is

probably quite evident by now, the shape model SM0 is maintained in order to

have a �xed point to calculate the relative orientation and scaling factor. The

model SMi represents the current measure for the object shape and is used to

calculate the current measure for the motion status as well. The Main Shape

Model, MSMi, has a slightly less evident meaning. The target is to cope with

shape variations, which can be produced by actual variations in the shape of the

object, as well as by occlusions, noise, shadows and perspective e�ects. If the

cause is noise or some temporary occlusion, we need to �lter out those changes;

but if they are caused by long-lasting occlusions or actual changes in the object's

shape, we need to take them into account, changing our shape model. Similarly,

perspective deformations should be taken into account as actual changes in the

shape of the object. Last but not least, changes due to the appearance of new

parts of the object, previously not visible due to some occlusion, should also

be taken into account, changing the shape model accordingly. Several previous

works exploited similar transformations [4] [28], but the drawback of this ap-

proach is that it cannot cope with occlusions and the appearance of new object

parts, which produce deformations not compatible with similar transformations.

Moreover, calculating the similar transformations is computationally intensive,

since it requires the solution of a linear system of a usually large number of

equations�. We therefore decided to handle all of the shape changes in the per-

ceived object as actual changes in the object: to cope with temporary occlusions

and noise, we implemented a �ltering algorithm which removes spotty noise and

short-lasting, non-smooth changes, most likely caused by temporary occlusions

or noise.

�Theoretically, only 6 equations should be enough to solve the system, since 6 similar trans-
formation parameters are sought. But to obtain reliable results a larger number of equations
is usually required, and some robust regression method should be adopted to reduce the e�ect
of outlier points in the linear system [17]
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4.2. Filtering shape changes

The Main Shape Model is our actual shape model, while the Temporary Shape

Model is only used to calculate the motion parameters and to update the Main

Shape Model, according to equation (7) and the algorithm described below and

outlined in Fig. 3:

msmi
j = median

�=1:::m

�
sm�

j

�
(7)

This algorithm is basically an application of the median �lter to the shape

model. The median �lter [12] is a non-linear �lter commonly used to reduce the

e�ect of spotty noise in digital signals. Given a 1-D signal represented by its

sample vector V of length n, a window of size m is set to slide on V , centring on

each of the elements of V , so that for every element of V , a \neighbourhood"W

of size m < n is identi�ed. The elements of W are then sorted, and the element

of V that is the centre of the neighbourhood is replaced with the median value

of W .

As is well known, the median M of a set of values is such that half the values

of the set are less than M and half are greater than M .

We maintain a \bu�er" of temporary shape models, arranged as a circular

queue, with a size of m. At every time instant i, this bu�er contains the tem-

porary shape model SMi and the temporary shape models from the previous

m� 1 instants. At each iteration, the temporary models stored in the bu�er are

aligned with the Main Shape Model (this is a fast operation, since the values of

� are known for both the temporary models and the Main Shape Model) and the

Main Shape Model is updated, replacing each of its elements with the median

of the corresponding elements in the temporary models. This basically means

that each element in the Main Shape Model is replaced with the median of the

values that the corresponding point in the temporary model has taken in the

last m discrete time intervals. As regards the e�ect of changes in the temporary

models on the Main Shape Model, a modi�cation in one element will a�ect the

Main Shape Model only if its duration is at least equal to m=2 discrete instants,

as can easily be proved.

Repeat For each shape model stored in the buffer:

Align and scale the model according to the main model;

Repeat For each point in the main model:

Pick the corresponding points from the stored temporary models;

Sort them according to their displacement from the one

[in the main model;

Pick the median value as the new point value in the main model.

Figure 3: Main Shape Model Update algorithm

10



This approach has its drawbacks too, since the e�ectiveness of the �ltering

algorithm is conditioned by the hypothesis that the dynamic of the noise com-

ponent in shape changes is at least twice as fast as that of the other components.

This means that it should be possible to determine a maximum duration for the

noise component of shape changes: if a change in shape lasts less than this max-

imum duration, it will be cancelled. Otherwise, it will be taken into account

proportionally to its duration. This produces a strong limitation on the speed

of the allowable components in shape changes, which is not compatible with

some applications. However, as we will show in Section 5, in several common

applications the hypothesis described holds.

4.3. The tracker

We are now ready to build the tracker: its main algorithm is outlined in Fig. 4.

As mentioned above, it is mainly based on a closed-loop approach to maintain

the motion model, while the shape model is updated by means of the median

�ltering algorithm.

Initialize the shape model and the prediction parameters;

empty the temporary shape model bu�er;

loop: (Repeat for each frame)

Predict new position, size and orientation of the object;

Measure: Determine new position for each point in the contour

[(see �gure 6);

Build the new temporary shape model SMi;

Align the temporary shape model with SM0

[(measure orientation);

Rescale the temporary shape model with respect to SM0;

[(measure scaling factor);

Store the temporary shape model in the bu�er with

[its orientation and scaling factor;

Update the main shape model (see �gure 3);

Assimilate: Using the measure, let the controller update

[the predictive motion model (see �gure 5);

end loop: GOTO loop;

Figure 4: Main algorithm outline

The Prediction-Assimilation algorithm is outlined in Fig. 5: Z is the vector

of our measures for the motion model, so it has the same composition as Xi in

equation (2). The matrix Hi represents the linear relation between the measure

and the status: in our case, Hi = I. wi and vi represent the noise associated

with the status and the observation process. We assume that they both have a
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Gaussian distribution, a zero mean and respective variances of Bi and Ri. The

variance of Xi is Pi.

Prediction-Assimilation paradigm

eXi = Ai�1Xi�1 + wi�1 Prediction

Zi�1 = Hi�1Xi�1 + vi�1 Observation model

wi and vi have a zero mean and variances of Bi and Ri

Xi has a variance of PiePi = APi�1A
T + BBT

Riccati eqn.

Ki = ePi�1H
T
i

�
Hi
ePiH

T +Ri

�
�1

Kalman Gain

bXi = eXi +Ki

�
Zi �Hi

eXi

�
Assimilation

Pi = (I �KiHi) ePi

Figure 5: Prediction - Assimilation algorithm

The performance of the Kalman controller [32] described above is closely re-

lated to the hypothesis that both the noise vectors and the status vector have a

Gaussian distribution. This hypothesis does not always hold, for example when

the background is cluttered and contains points with features very similar to

those of the object contour. In these cases, other approaches to the problem of

prediction control can be exploited, like the CONDENSATION �lter described

in [16]. Our algorithm is basically independent of the predictor-controller used.

In our current implementation, both Kalman and CONDENSATION �lters were

tested, and while the Kalman �lter is faster, the CONDENSATION �lter gave

slightly better results for cluttered backgrounds. The results presented in this

paper were obtained using the Kalman �lter.

4.4. \Measuring" the object shape

How can we build a temporary shape model at each frame? So far we have only

dealt with shape initialisation (which, being based on image segmentation, is

intrinsically slow and cannot be repeated for each frame), and shape �ltering,

i.e. building the Main Shape Model. The algorithm for building the temporary

shape model is outlined in Fig. 6: a very simple active contour is placed in the new

frame (frame i), assuming the position, orientation and scaling factor produced

by the motion model described above. The shape of the active contour is the

shape of the Main Shape Model. A point of the active contour is only allowed

to move along a radius connecting the centre of mass of the contour with the

point itself. The point, then, starts scanning the radius, looking for the position
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which minimises the following (mis)matching function:

mf (x; y; xp; yp) =

NfX
h=1

(chjfh(x; y)� fh(xp; yp)j) (8)

where, with obvious notation, (xp; yp) are the co-ordinates of the point in the

Main Shape Model and (x; y) are the co-ordinates of the currently scanned po-

sition along the radius.

The image features fh are the image properties chosen to measure the degree

of similarity of two points in the image: according to the particular application,

di�erent features can be used. In this work, we exploit colour information on

either RGB or HSV colour spaces according to the applicationy. Ch is a positive

weight associated with the feature h.

Though substantially neglected for a long time, colour provides powerful in-

formation for several image analysis applications. In the last 10 years colour

matching techniques have gained a progressively increasing momentum due to

research in content-based image indexing [33] and human face/hand detection

and recognition [18]. Recently, colour has also been successfully exploited for

real-time segmentation and tracking [22].

The problem of colour constancy is well-known and has not yet been solved;

we addressed it by conducting most of our experiments in the HSV colour space,

and neglecting the value related to pixel brightness. This is not considered a

de�nitive solution, since for pixels with a very low intensity value hue becomes

very noisy, while with a very low saturation, hue is not de�ned. This means that

the performance of our tracker is in some way related to the quality and stability

of illumination. We have not yet performed any quantitative evaluations of this

relationship.

� Set the active contour in the new frame to position,

rotation and scaling factor given by the motion model;

� Let the active contour adapt to the image;

� Record the new shape in the temporary shape model;

� Record position, orientation, and scaling factor

in the observation (measure) vector Zi;

� Calculate Ri

Figure 6: Shape measure algorithm

The points of the active contour never scan the whole radius: a size Si for

yIt should be pointed out that conversion from one colour space to the other does not add
any substantial information, so it has not yet been proved, in general, that changing colour
space can signi�cantly improve the matching accuracy.
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the scanning interval is de�ned, at each frame, according to the norm k ePik of

the status variance predicted by the algorithm in Fig. 5. We used the following

formula:

S2
i = � � tr

� ePi

�
(9)

where � was determined manually and the norm of the matrix ePi was calculated

as its trace.

A point in the active contour can stop moving either because it has found an

optimal position (minimisingmf) or because it has entirely covered its scanning

interval. When all the points in the active contour have stopped, the new position

of the points is saved in the temporary shape model (as distances from the new

centre of mass).

Finally, the variance matrix Ri is calculated comparing the new temporary

shape model with the Main Shape Model and determining the error for the

position of the centre of mass, rotation and scaling factor. If it is greater than

a �xed threshold MaxV ar, then the whole measure is invalidated and a new

initialisation is invoked.

5. Experimental results

The tracking system presented was implemented in C language on a Windows-

based PC platform, and several tests were performed. For the speci�c purposes

of this paper, to demonstrate the e�ectiveness of our approach, we carried out

three di�erent tests. The �rst test was performed on a video downloaded from

the Internet, featuring an ordinary road with a bus approaching the camera (see

Fig. 7). The scene is substantially cluttered, and a severe occlusion appears.

Simply applying colour-based tracking would not give satisfactory results, since

the colours of the occluded parts of the bus are di�erent from the non-occluded

parts. We obtained the results shown here by exploiting both colour and gradient:

the image features used in equation (8) are colour (R,G,B) and the result of the

Sobel gradient operator. Since the gradient usually has a high value on the

border of an object, it is a useful feature for contour tracking. This is the only

test sequence which was not grabbed directly and processed in real time. Its

length was about 500 frames.

The hardware con�guration used to capture and process the next two test

sequences was a low-end PC with a Pentium II CPU andWindows98. The camera

is a webcam capable of capturing colour video sequences of 320x240 pixels at 30

frames per second.

The hand test sequence (see Fig. 8) shows the performance of the tracker

while tracking a user's hand: the sequence lasts about 600 frames, and the user

is moving his hand almost naturally. The size of the bu�er for the temporary

shape model is set to 5 frames, thus �xing the minimum duration for a meaningful

change in the hand shape at 3 frames. Since the sampling rate is about 30 frames

per second, this means that a gesture should last at least 0.1 seconds to be
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Figure 7: The Bus test sequence

correctly tracked. Faster gestures can only be correctly tracked in motion but

not in shape. The image features used for equation (8) are the hue and saturation

components in the HSV colour space.

Fig. 9 shows how the tracker reacts to occlusions: the user is waving his hand

in front of the camera, thus occluding the tracked object (his head). In this

case, since the probability of shape changes for the tracked object is de�nitely

low (only motion parameters are substantially a�ected by head movements),

we set the bu�er size to 19, thus �xing the minimum duration for meaningful

shape changes at 10 frames. The sampling rate is 25 frames per second, so the

maximum duration for the occlusion to be ignored is 0.4 sec. After this duration,

the occlusion will progressively a�ect the shape model. In the example shown,

the occlusion is considerably faster and does not sensibly a�ect the shape model.

This sequence was about 590 frames long.

The approach presented naturally has some weaknesses. The main problem

15



Figure 8: The hand test sequence

to be pointed out is related to the size of the bu�er for the temporary shape

model. Since it is currently �xed in advance, it does not adapt to the scene. In

Fig. 10, a typical e�ect is shown: the tracked object, the user's hand, changes

its shape very rapidly, while the size of the bu�er is set to 19, so the minimum

duration for a change to be detected is 10 frames (about 0.4 sec.). The result is

that, though the motion is still tracked, the shape is de�nitely missing. Reducing

the size of the bu�er will solve the problem (see Fig. 11), but the tracker will be

more sensitive to occlusions.

6. Conclusions

In this paper, an algorithm for real-time object tracking from colour video is

presented. The algorithm can be used to track objects which change in shape and

size, for example due to projective transformations. Its current implementation in

\C" language performs at about 25 frames per second. Very encouraging results

have been obtained with both outdoor and indoor scenes, and no particular

lighting conditions are needed. A two-stage shape model has been introduced,

and some techniques from control theory have been exploited in order to enforce
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Figure 9: The occlusion test sequence

Figure 10: The fault test sequence

tracking stability. Experimental results have been provided to demonstrate the

performance of the algorithm. It is currently being tested in a human-computer

interaction environment, as a person-tracking system. Other applications are

in the area of traÆc monitoring and on-line video editing and processing, for

example as an editing tool to track objects for on-line video production.
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Figure 11: The Correct-timing test sequence
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