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Abstract
We address the detection and tracking of moving objects

in a video stream obtained from a moving airborne platform.
The approach is based on the compensation of the image flow
induced by the motion of observation platform and the detec-
tion and tracking of moving regions. The use of such an ap-
proach leads us to deal with stabilization inaccuracies, false
alarms and non detection of moving objects and tracking diffi-
culties due to partial occlusion or stop and go motion. Our ap-
proach use a hierarchical, feature based stabilization scheme
and normal component of the residual flow for detecting mov-
ing objects. These objects are tracked using a dynamic tem-
plate for each object, and extracts trajectories as the result of
a graph searching algorithm. The proposed framework shows
that an integration of well known tools and an efficient de-
scription of the moving objects can give very accurate detec-
tion and tracking of moving objects.
Keywords: Dynamic vision, motion, Image stabilization,
ego-motion, object tracking, graph searching.

1 Introduction
We address the analysis of a video stream obtained from a

moving airborne platform. The context of this work is video
surveillance and monitoring. Partial automation of this work
is crucial, as further deployment of such platforms is bound
to overwhelm human analysts. Furthermore, boredom and
fatigue strongly affect the performance of human operators.
While the goal of our project is the semantic description of be-
haviors, the current paper only discusses detection and track-
ing of moving image regions.

We propose to perform these tasks in three steps:
� compensation of the image flow induced by the motion

of observation platform (also called imagestabilization)
� detection of moving regions in each frame,

� tracking of moving regions in time.

The issues addressed in this paper relate to:
� inaccuracies of the stabilization module due to poor im-

age quality, noise spikes and the presence of 3D distor-
tions.

� false alarms and non detection of the detection module,
due to failures of the stabilization module, or the very
small size of the objects (i.e. humans).

� tracking difficulties, due to failures of the previous mod-
ules, and partial occlusion of the objects, or stop and go
motion.

Furthermore, we do not use predefined templates for detection
and tracking, in order to keep our system general.

We start by reviewing some of the most relevant work in
section 2, then explain why we estimate the image induced by
the observer, rather than observer motion itself, in section 3,
and relate the two. In section 4, we present our hierarchi-
cal, feature based stabilization scheme, and show an exam-
ple of the resulting image mosaic, which is a byproduct of the
processing. Section 5 describes the detection module, which
makes use of the normal component of the residual flow. Sec-
tion 6 gives the details of the tracking module, which extracts
a dynamic template for each object, and extracts trajectories as
the result of a graph searching algorithm. Section 7 presents
some results on actual image sequences, and we discuss lim-
itations and extensions in section 8

2 Previous work
As pointed in the introduction, the innovative aspect of

the presented work relies on the detection of moving object
through image flow compensation. Taken separately, these
two topics have been extensively studied in the past years.
Image compensation or ego-motion estimation techniques are
based on the approximation of the general perspective model
using a parametric model [8, 10, 15]. Such a parametric model
is estimated using all image pixels or using a small set of fea-
ture points. The accuracy and the performance of these meth-
ods are enhanced using a multiresolutionapproach to avoid lo-
cal minima and reduce the computation time. Here, we use an
iterative affine parameter estimation approach based on fea-
ture points only.

The detection of moving objects in the warped image se-
quence is performed by computing the residual motion. This
can be achieved by using temporal gradients [4] and optical
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flow techniques [2, 9]. A temporal integration of the varia-
tions can also be used, as proposed by [3], where the temporal
derivatives of the image sequence are accumulated in order to
locate regions where motion occurs. Our approach is based on
the optical flow normal component, which takes into account
the mapping functions used to warp the image sequence to the
reference frame. This allows to take into account the change
in metric between the processed frame and the reference one,
and therefore increases the accuracy of the moving objects de-
tection.

The detected regions allows to derive a 2D dynamic tem-
plate of the moving object through its temporal coherence.
This dynamic template allows us to increase the accuracy of
the tracker algorithm in the case of motion segmentation er-
rors and occlusions.

3 Egomotion estimation
The ego-motion estimation is based on the camera model

which relates 3D points to their projection in the image plane.
The framework we use is to model the image induced flow,
instead of the 3D parameters of the general perspective trans-
form [8, 10, 13]. The parameters are estimated by tracking
a small set of feature points in the sequence. Furthermore, a
spatial hierarchy in the form of a pyramid is used to track se-
lected feature points. The pyramid consists of at least three
levels and an iterative affine parameter estimation produces
accurate results.

Let P = (X;Y; Z) denotes a 3D point in the world coor-
dinate system andp = (x; y) be the corresponding position
of P in the image plane defined by thex andy axes and per-
pendicular to theZ axis that contains the point(0; 0; f). The
perspective projection of the pointP in the image plane is:
p = (x; y) = (fX=Z; fY=Z) wheref is the camera focal
length.

Any arbitrary motion of the camera can be described by a
translationT and a rotationR, so that a pointP0 in the 3D
world coordinate system at timet0 has a new positionP1 at
time t1 given by:P1 = R01P0 + T01.

Using the rigid transform and the perspective projection,
we can derive the followingequationrelating the pointsp0 and
p1:
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where we have setZ0 = 1. Representing the rotation matrix
by the Euler angles(!; ';  ), we can derive the equation:

Z1 = sin'x0 � sin!cos'y0 + cos!cos'f1 (2)

The general perspective projection given by equation (1) is
non linear, so the use of such an equation is not suitable for real

time application, as it requires the use of iterative optimiza-
tion techniques [12]. Instead, we use a parametric approxi-
mation of the general perspective projection and therefore, an
estimate of the accuracy of the approximate model have to be
established. In the case of the affine and pan-tilt zoom mod-
els, we can derive the relationship between the coefficients of
the model to the general perspective projection equation.
3.1 The affine model

Recovering the rotation and translation parameters from a
perspective projection leads to the difficult solution of a non
linear set of equations. The proposed approaches are iterative
and are often applied to a set of images, rather than to a video
stream. However, an affine approximation of the general per-
spective model can be used in some specific cases. Indeed,
when the distance between the camera center and the object
is large compared to the depth of the scene being viewed, the
perspective equations can be well approximated through an
affine model.

Let us consider the affine model given by equation:
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which describes the relationship between the projection of the
3D pointsP0 andP1.

We can relate the parameters of the affine model to the Eu-
ler angles(!; ';  ) used in the general case by identifying the
affine model with the model given by equation (1). We have
the following equations:
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with Z1 given in Eq. (2).
We can use this set of equations to derive the relationship

between the affine parameters and the Euler angles used in the
rigid transformation (1). Indeed, if the scalarsa; b; c andd are
non zero, we have the following equation:
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An analytical solution of this set of equations leads to:n
�= 2arctan(t); != �2 arctan

�
x(t4�1)

2t(�t2+1+y+t2y)

�o
wherex =

sin'tan!, y =
cos'
cos! and t is the root of the equation:

(x2Z8+(4�4y2)Z6� (2x2+8+8y2)Z4+(4�4y2)Z2+
x2) = 0:

These equations describes the relationship between the
affine model and the perspective projection. They can be used
to correct the errors of the approximation model. Indeed, a
more accurate location of the projection can be derived from
the perspective equations. Note that, such an approach re-
quires a good estimate of the focal lengthsf0 andf1.

3.2 The Pan-Tilt Zoom model
The pan-tilt model is a three degrees of freedom model,

where we assume that the camera is on a fixed tripod but al-
lows rotations of the camera along theX andY axes, and a
change in camera focal length. The equations of the model
can be derived from the general perspective projection equa-
tion (1). The followingequation describes the relationship be-
tween the projection of two pointsp0 andp1 representing the
projection, on the image plane of the two pointsP0 andP1:
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whereZ1 is given by equation (2).

In the case of rotations of small amplitude, and if the dis-
tance between the camera center to the object is large com-
pared to depth of the scene being viewed, a good approxima-
tion is given by the zoom and translation model described by
the following equation:

�
x1 = sx0 + tx
y1 = sy0 + ty

(8)

The parameterss; tx andty of the pan-tilt-zoom model can be
obtained by identifying the equation (8) with equation (7):
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Henceforth, we can derive the relationship between the pa-
rameterss; tx andty and the Euler angles! and':

8<
:

! = atan
�
ty
f1

�
' = �atan

�
tx

f1cos!

� (10)

These equations can also be used to evaluate the accuracy of
the zoom and translation approximation of the pan-tilt zoom

model. Indeed, we can rewrite Pan-Tilt-Zoom equations (7)
in terms of the parameterss; tx andty:
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and use these points locations to increase the accuracy of the
coefficients estimation.

4 Image sequence stabilization
Given a reference imageI0 and a target imageI1, im-

age stabilization consists of registering the two images and
computing the geometric transformationT that warps the im-
ageI1 such that it aligns with the reference imageI0. Sev-
eral authors have proposed different approaches to solve this
problem. The most common models involve affine [7, 10] or
quadratic approximation of the motion [7]. However, for pro-
cessing a few number of frames, typically different pictures
of a scene, some authors do consider the general perspective
equations [13] since the computation time is not an important
issue. Among these methods we can distinguish two types of
approaches: intensity or feature based approaches. The in-
tensity approaches rely onall image pixels to recover the set
of parameters, while the feature based approach extract a set
of relevant points in the frames and derive the parameters ac-
cording to the matching of these points. This second approach
is less time consuming and allows fast and accurate registra-
tion of the frames.

Recovering the parameters of the geometric transformation
amounts to minimizing the least square criterion:

E =
X
i

(I0(x0; y0)� I1(x1; y1))
2

=
X
i

(I0(x0; y0)� I1(T (x0; y0)))
2 (12)

This criterion leads to a global non linear minimization
scheme which could be handled by a Levenberg-Marquardt
method [12]. An alternative solution can be obtained it-
eratively using all image points and a coarse to fine ap-
proach [11]. Both approaches are computationally expensive.

Our approach is based on multigrid matching of features
points extracted from the reference and target frames. There
are several ways to define a feature point and each defini-
tion is context dependent. However, corners or high curvature
points, are commonly used as feature points in matching algo-
rithms. The extraction of corner points can be done through
the use of acorner model [15] or a rough estimation can be
obtained through image partial derivatives. In this paper, we
extract the feature points by considering a partition of the im-
age into a regular grid and extract in each cell the point which
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Figure 1:Mosaic obtained by the hierarchical feature based
approach.

maximizes:jrxIj + jryIj. Moreover, we compute a pyra-
mid representation of each frame, and feature points are ex-
tracted at all resolutions. This coarse to fine approach allows
to recover large displacements between two adjacent frames
of the image sequence.

The features points selected in the reference image(x0; y0)
and in the target image(x1; y1) are matched using local cor-
relation. This gives us a set of pair of points from which we
can derive the parameters of the motion model by minimizing
the criterion given by eq. 12. Using the affine model, the min-
imum forE in eq. (12) is obtained by solving the set of linear
equations:�

x0 y0 1 0 0 0
0 0 0 x0 y0 1

�
i

�
a b tx c d ty

�T
= (x1; y1)

T
i (13)

wherei = 1::N is the index of the feature points. This system
of equations solved at each level of the pyramid by propagat-
ing the feature points and the parameters obtained at the pre-
vious level. Since this approach only works if all the points fit
the motion model, we have adapted the basic algorithm [12, 8]
to also handle the presence of independently moving objects
in the scene. This is achieved by scaling the coefficients of
the motion equations inversely proportional to the temporal
derivatives. Moving objects are not registered when the im-
ages are warped according to the camera induced motion field.
Therefore, pixels corresponding to moving objects have high
temporal derivatives, and consequently less weight. Figure 1
illustrates a byproduct of the processing, a mosaic obtained
from a video stream.

5 Detection of moving objects
Stabilization allows us to create a synthetic image se-

quence in which we have cancelled the motion field induced

by the displacement of the observer. The detection of moving
objects is accomplished by computing the residual motion in
this stabilized image sequence. This motion can be derived
through different schemes such as temporal gradients [4] or
optical flow [9, 2]. These detected variations are due to 3D
structures, not properly handled by the affine model, or the
moving objects in the scene. These regions are usually small
and cannot be used to infer the 3D geometry of the moving ob-
ject. However, we can use the redundancy of the information
and its temporal coherence in order to locate and track moving
objects in the scene. Our method is based on a 2D multiframe
motion analysis for locating and tracking moving objects.

Locating the regions of the image where residual motion
occurs is done using the normal component of the optical flow
field. Normal flow is derived from image spatio-temporal gra-
dients of the stabilized image sequence. Consequently, each
frame of the image sequence is obtained by mapping the orig-
inal frame to the selected reference frame. Indeed, letTij de-
notes the warping of the imagei to the reference framej, then
the stabilized image sequence is defined byIi = Ii(Tij).
These two frames do not, in general, have the same metric
since, in most cases, the mapping functionTij differs from the
identity, and therefore influences the computation of the nor-
mal flow. The mapping function is defined by the following
equation:

Tij =
Y

k=i;::;j+1

Tk;k�1 (14)

The optical flow equation associated to the image sequenceIi
is:

rIir
TIiw = �rIi

dIi
dt

(15)

wherew = (u; v)T is the optical flow. Expanding the previ-
ous equation we obtain:

rTijrIi(Tij)r
T Ii(Tij)r

TTijw =

�rTijrIi(Tij)(Ii+1(Ti+1;j)� Ii(Ti;j)): (16)

The normal floww? is then defined by:

w? = �
(Ii+1(Ti+1;j)� Ii(Ti;j))

krTijrIi(Tij)k
�

rTijrIi(Tij)

krTijrIi(Tij)k
(17)

Althoughw? does not always characterize image motion, due
to the aperture problem, it allows to locate accurately moving
points. Indeed, the amplitude ofw? is large near moving re-
gions, and becomes null near stationary regions. Figure 2 il-
lustrates the detection of a moving vehicle in a video stream
taken from an airborne platform.

Another advantage of using such a formulation is that all
computations are performed on the original image sequence,
and not on the warped images. The approach presented in this
section allows us to include the detection algorithm within the
stabilization step.
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Figure 2:Tracking of a car going through a road block. The
red rectangle corresponds to the bounding box of the moving
object, and the green lines displays its motion direction.

6 Tracking moving regions
The motion computation method presented above uses two

consecutive frames to detect moving objects. Such an ap-
proach can be satisfactory when dealing with a fixed camera,
or with objects having continuous motion. In video surveil-
lance applications, these requirements may not be satisfied,
since the objects in the scene stop and resume moving, or
may become partially occluded. Moreover, the camera mo-
tion has been compensated, and the remaining residual mo-
tion may be due to the inaccuracy of the model to characterize
properly the projection of a 3D object. Consequently, tracking
moving objects consists in matching the different detected re-
gions in order to derive a path describing their trajectory. This
step requires a good representation of the detected regions and
a similarity measure which can be used for properly match-
ing these regions. Moreover, a reliable approach for tracking
moving object must cope with false alerts while characteriz-
ing the moving objects.

6.1 Matching and data structures
The normal component given by equation (17) allows,

given a pair of frames, to locate points of the image where
a motion occurs. These points are merged into regions by
considering a thresholded value of the normal component of
the optical flow. These regions are then labeled using 4-
connectivity. Each of these connected components represents
a region of the image where a motion was detected.

The detection of the moving objects in the image sequence
gives us a set of regions which represents the locations where
a motion was detected. Tracking moving objects amounts to
matching these different regions in order to determine the tra-
jectories of the objects. The matching of these regions can
be done through different approaches such as template match-
ing [5] or correlation [14]. However, in video surveillance,
little information about the moving object is available, since
the observed objects are of various types. Also, the size of the
moving objects can be small and therefore unsuitable for tem-
plate matching.

Tracking moving objects based on three frames is very haz-
ardous since it may leads to erroneous matches, and is unsta-
ble in dealing with false alarms due to the inaccuracies of the
ego-motion compensation algorithm. In this paper, we pro-
pose instead to infer from the detected regions, a 2D template
of the object. Such a dynamic template is extracted by us-
ing the temporal coherence of the object over a number of
frames. In order to extract the templates we make a weak as-
sumption on the shape of the objects: the shape of the ob-
jects must be coherent during a small period of time (typically
3 to 5 frames). This assumption is usually satisfied in video
surveillance applications, since the frame sampling is high (10
to 15 Hz), and the moving objects have a coherent structure.
Temporal integration of the detected objects over a number
of frames allows the characterization of the moving objects
by computing the motion, its direction and the trajectory of
each object. In the presence of ego-motion, The temporal in-
tegration of each moving object can be done once the track-
ing is achieved. Indeed, we first have to locate and match the
moving objects before deriving, from a temporal integration
scheme, the shape and the direction of the moving objects.

6.2 Representation of moving objects
Each pair of frames gives us a set of regions where resid-

ual motion was detected (see Figure 3, left). These regions can
be related in the time sequence through a correlation. This is
done by computing the correlation between a region at time
t and a set of regions at timet + 1 located in its neighbor-
hood, each region may have multiple matches. The size of
this neighborhood is obtained from the objects motion ampli-
tude. A graph representation, as shown in Figure 3 is used in
order to represent the moving regions and the way they relate
one another. Each node is a region and each edge represent a
possible match between two regions in two different frames.
Figure 4 illustrates the attributes associated to each node. We
assign to each edge a cost which is the likelihood that the re-
gions correspond to the same object. In our case, the likeli-
hood function is the image grey level correlation between a
pair of regions.

Such a graph representation gives an exhaustive descrip-
tion of the regions where a motion was detected, and the way
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Frame 126

Frame 123, 4, L=40

Frame 124, 9, L=39

Frame 125, 11, L=38
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0.9999

0.9997

Figure 3:Detected regions and associated graph.

these regions relate to one another. This description is quite
efficient to handle situations where a single moving object is
detected as a set of small regions. This situation arises when,
locally, the normal component of the optical flow is null (aper-
ture problem) and consequently, instead of detecting one re-
gion, we have a set of smaller regions. These small regions
should be merged into a larger region, or have a trajectory of
their own. In both cases, these regions belong to the same con-
nected component of the graph and are therefore related.

A final step is needed to complete the graph description.
In video surveillance applications, objects often stop then re-
sume moving. Consequently, such an object will be described
through several connected components of the graph. How-
ever, we can merge these connected components by making
use of the temporal coherence of the object being tracked: we
propagate each node without a successor, into a given number
of frames and search for the matching regions in these areas.
This defines a set of possible matches which are incorporated
in the graph structure by defining new edges connecting the
matched regions. This step is illustrated in figure 5, where the
object not detected is in red. The obtained graph is a Directed

            

Mean
Variance
Velocity

Frame number
Centroid
Principal directions

Parents id and similarity
Childs id and similarity
Length

            

Figure 4: Description of the attributes associated to each
node of the graph. Each color represents a moving region.

Acyclic graph where, each connected component represents a
moving object.
6.3 Extraction of object trajectory

The extraction of object trajectory from the graph amounts
to extract an optimal path along each connected component.
The purpose is to automatically extract the trajectories of all
moving objects. Since we have neither a source, nor a goal
node, in the following we will consider each graph node with-
out a parent as a potential source node, and each node without
a successor as a potential goal node.

Defining an optimality criterion to characterize an optimal
path is equivalent to associating to each edge of the graph a
cost. Each edge of the graph corresponds to a match between
two patches. However, we have also to take into account the
location of each node, since nodes describing the same object
are likely to be close one to another. Therefore we assign for
each edge connecting regioni to j the following cost:

cij =
Cij

1 + d2ij
(18)

where,Cij is the correlation between regionsi andj, anddij
represents the distance between their centroids.

The edge cost given by equation (18) allows to extract the
local optimal path. Since there is no fixed goal node, the use
of a local criterion such the edge cost usually provides not the
optimal path, but a suboptimal solution. In the different ex-
perimental results, we have observed that this criterion yields
a part of the trajectory. The goal source was selected based
on the highest value of the cost regardless of the other nodes
belonging to the same connected component.

The graph described in the previous section allows us
to represent all the moving objects in the processed image
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Frame 102 Frame 103                        

Frame 105 Frame 106

Frame 101, 2, L=61

Frame 102, 7, L=60 Frame 102, 8, L=60

Frame 103, 8, L=59

*Frame 104, 7

Frame 106, 2, L=57

0.9997 0.9941

0.9997 0.9986

0.9939

0.9708

Figure 5:Propagation of the nodes in order to recover the de-
scription of undetected objects.

sequence. Furthermore, each connected component of this
graph represents a moving object in the scene and the loca-
tion of each node in the graph allows to characterize how far
this node is from a potential goal node. Such a characteri-
zation is done by assigning to each node the maximal length
of graph’s path starting at this node. The computation of the
node’s length is carried very efficiently by starting at the bot-
tom of the graph, i.e. nodes without successor, and assigning
for each parent node the maximum length of his successors
plus one. The length of a nodei is given by the following
equation:

li = maxflj ; j 2 successor(i)g + 1 (19)

with the initial estimate:li = 1; if successor(i) = 0.
The combination of the cost function (18) and the length of
each node allows us to define a new cost function for each
node. This cost function recover the optimal path among the
paths starting at the node being expanded. The cost function

            

Figure 6: Trajectory of the car and the locations where it
stopped (in blue).

associated to the edge connecting the nodei to the nodej is
then defined by:

Cij = ljcij (20)

wherecij is defined by (18) andlj is the length of the nodej
defined by equation (19).

The extraction of the optimal path is done by starting at
graph’s nodes without parent and expanding the node with
maximal value ofCij. This approach is illustrated in Figure 6,
where a trajectory of the car is shown.

7 Experimental results
The presented method was tested on a set of video streams

taken from an airborne platform and acquired at 15Hz. The
main objective is to help a tele-operator in monitoring sev-
eral scenes. We illustrate the approach on two video streams,
in which objects of different size are moving simultaneously.
The reader is encouraged to view the mpeg filesMovie-1 and
Movie-2 contained in the floppy. The first stream represents
the monitoring of a road block. The objective is to detect and
track (see Figure 2) the cars going through this road block and
locate the positions where the cars stop. These locations are
shown as blue rectangles. A trajectory of the car is also dis-
played in the figure 6.
The second example is more subtle. The scene monitored by
the airborne platform is a bridge where some human activity
takes place. In this image sequence, the size of the moving
objects is very small, typically 4 to 5 pixels width by 5 to 6
pixels height. Furthermore, the egomotion estimated with the
affine model is corrupted by the 3D geometry of the bridge.
In this case, the extraction of a dynamic template in the image
sequence and the graph representation of the different occur-
rences of this template allows us to extract almost perfectly the
trajectory of the people in the scene, as displayed in figure 7.
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Figure 7: Tracking of small objects (people) on a bridge.

8 Conclusion
We have addressed several problems related to the analysis

of a video stream. The framework proposed is based on a three
steps approach image stabilization, detection and tracking of
moving objects. Special consideration was given to the inac-
curacies or the failures of each module to handle some spe-
cific situations such as the false alarm of the detection mod-
ule due to 3D structures, not properly handled by the affine
model. We plan to further refine 3D effects using the epipolar
constraint [6].

The goal of our project is the semantic description of be-
haviors. This description is context based so the next step
is the integration of contextual information into the frame-
work [1].
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