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ABSTRACT

This article proposes a new method which allows the
detection of variations of orientation of video objet due to
rotations around axis parallel to the image plane. For that
purpose, the video objet sequence is decomposed into
temporal segments separated by key instants. The motion
between these key instants are therefore estimated using a
planar motion model. The validity of this model is tested
by comparing their texture and shape. It is assumed that
the considered video object is rigid and has been
previously segmented for each key instant with a high
quality level. If a variation of orientation has been
detected, the direction of the rotation axis is estimated.
Experimental results shows that this technique can classify
different key views according to modification of
camera/object orientation, and have an accurate estimation
of the rotation axis with large motion.

1. INTRODUCTION

Effective motion analysis is an essential part of digital
video processing. So it is not surprise that over the last
twenty years the determination and analysis of the block
or region based 2D motion has spurred considerable
research activity [1]. Now, with the development of
MPEG-4 standard [2], this research topic present a new
point of view: 2D motion object-based. MPEG-4 enables
contents based functionalities by introducing the concept
of video object planes (VOPs). This new concept
introduces the development of applications related to the
compression, the manipulation, the edition and the
composition of video object sequences [3]. For video
compression, one of the key problemsisto find the optimal
motion representation which allows the compensation of
the differences between the image which has to be coded
and a reference one (for example the previous one ). The
efficiency of the compression depends on the coding cost
of the motion parameters, and the gain obtained on the
reduction of the motion compensation error [1]. In the
context of video post-production applications, an efficient
motion or trajectory representation of video object
sequences would allow to extract meaningful information

about the behavior of the video objects [4]. Classicaly,
motion estimation algorithms are able to correctly
estimated displacement such as translation, divergence
and rotations around an axis parallel to the optical axis of
the camera, at least when the amplitude of the
displacement is not too large. At the opposite, the
detection and the estimation of rotation around axis
parallel to the image plane is not easy. This is due to the
fact that motion model such as the affine model does not
represent thiskind of motion.

In this paper, we propose a new technique which allows
the detection of variations of orientations generated by
non-planar rotations and the estimation of the rotation
axis. In practice, small rotations displacements may be
assimilated to translations. In order to avoid this problem,
it is therefore necessary to have larger rotations angles.
This can be obtained by segmented the video object
sequences into temporal segment separated by key instant
(in this paper, we consider that these key instants are
regularly sampled). The detection of the variations of
orientations of the video object relatively to the camerais
therefore performed only between two successive key
instants. This allows to detect only significant rotations.
This is done by testing the validity of a planar motion
model. Each temporal segment is therefore classified as
planar or non-planar motion using criterion based on the
relative shape and texture of the two considered key VOP.
Finally the direction of the rotation axes is automatically
estimated in order to characterize the displacement in the
non-planar temporal segments. Figure 1 illustrates the
decomposition of a video object sequence. The method
proposed here assume that the video object is rigid and
has been previously segmented using a semi-automatic
method.

2.2D MOTION ESTIMATION

The 2D apparent displacement of video objects in an
original video sequence is generated by the relative 3D
object/camera displacement [5]. The two following main
categories of motion can be distinguished according to a
variation of orientation criterion.

Planar Motion. Planar motions represent the relative
camera/object displacements which do not modify the
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Fig.1 Decomposition of avideo object trajectory

relative orientation object/camera. They corresponds to a
combination of translation (low amplitude compared to the
distance camera/object), divergence or rotation around an
axis parald to the image plane. Under reasonable
assumptions such kinds of motion can be represented
using affine or homographic motion models.

Non-planar Motion. Non-planar motions correspond to
rotations around axis parallel to the image plane, to large
amplitude (compared to the object-camera distance)
tranglation, and eventually combined with a planar motion.
With the exception of particular configurations (when the
object can be regarded as plane or when the optical center
of the camera is fixed relatively to the scene), this type of
motions cannot be represented using a simple model such
as the affine or homographic ones, often use in classical
motion estimation algorithms.

The proposed classification method is based on the
detection of non-planar motion existing between each
couple of key instants. For that purpose, the validity of the
planar motion model is successively tested between each
key instant. If this model is not able to represent correctly
the motion between these two VOP, it can reasonably be
assumed that the motion between these two time instants
contains a variation of orientation. The two main
assumptions done to perform this test are relative to the
object which is considered as rigid, and to the
segmentation which is considered as perfect. The planar
motion model is defined as:

dy =t +K(x - X3) - aly; - Yg) O
dy =ty +Kk(y1- Yg) +q(x - Xg)

Where dy, dy are the displacement of pixel p(x,y). The
planar motion parameters are estimated as follows:

1-Translation estimation. If there is no variation of
orientation, the centers of gravity of the successive VOP
correspond to the same physical 3D point [6]. The
translation can therefore be simply estimated as the
difference between the coordinates of the gravity centers
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2 - Divergence estimation. The scaling factor k is
estimated by comparison of the VOP surfaces at times t;

and t, asfollows:

K = /w 1 &)
S(VOP))

where S(VOP) represents the surface of the VOP , and
where S, >S; (this is only introduced to facilitate the

notation).

3 - Rotation estimation. The estimation of the 2D rotation
angle is done using the Hough transform [7]. The main
principle of this method is the determination of the general
orientation of the object between timest, and t, . Itisdone

by comparing, for the two considered time instants, the
orientation of each VOP. This orientation is defined by a
line L crossing the VOP gravity center, and for which the
distance between the two contours points (I and 1)
included in it is maximal. The orientation of the line L,
defined byq, , can be represented as follows:

q, =agmaxDisgt[l(q),!'@)]

where function Dist represents the Euclidian distance. The
estimated rotation angle q is then the difference between

theanglesq,, and q, . Findly, we have

q=qy -9, @
3.CLASSFICATION METHOD

The classification method is based on the comparison of
the two considered VOP after motion compensation. The
general principle is illustrated in Figure 2. Such a
comparison requires the definition of a similarity criterion.



Classically the Mean Square Error (MSE) is used to
compare two images, as it is for example done for video
compression applications. Nevertheless, the quality of the
similarity measure provided by this criterion is not
sufficiently robust. Effectively, for a given pixel, it is
important to know only if it is well compensated or not.
The amplitude of the compensation error is not significant
by itself. The MSE allots an important weight to the pixels
having a very large compensation error. A weak minority
of badly compensated pixels is then susceptible to give a
high M SE, and consequently, to invalidate the model, even
if these badly compensated pixel comes from small motion
estimation errors. To avoid this problem, a solution
consists of giving a binary label to each pixel specifying if
it is correctly compensated or not. If the attribution of this
label is carried out by comparison of the error to a given
quality threshold S_ the expression of the evaluation

criterionis:

C, =100 %Card{p/ MSE(p)<S} 0

Where MSE( p) :b/opl(p)- VOP,(p)|°, VOP: is the
compensated VOP,. C, represents the percentage of the

well compensated pixels and the N the common area
between thetwo VOP . Moreover, pixels being near to a
contour or in atextured area are likely to have a high MSE
due to small motion estimation errors. To reduce this
effect, it is possible to perform a local motion estimation.
Thequality criterion can then be written as:

c, =lOO%Card{p/MSEV(p) >S5}

With  MSEV(,) =min g VOP;(p) - VOP, (p+q)|
V =(x,y)/ X1 [ %, % b YT [- Vo, ¥o] is the search
window (MSEV(p) £ MSE(p)) . Since the non-covered

areas between the two VOP are relevant to estimate the
degree of similarity between them, the similarity criterion
can be modified asfollows:

Cs :1ooNi[Card{ p/MSEV(p) > S} +Card{ p/pl NRz}]
T

N isthe total number of pixels (covered and uncovered

areas) and NRZ the non recovering area. Finaly, the
geographical distribution of the non-covered points can be
taken into account asfollows:

c, :100N—1T Card{ p/ MSEV(p)> S,}+ & d(p)
Where function d(p) for pl NRZdenote the distance

between p and the closest point in the recovering area.
This function allows to give more weight to large regions

of pixel in the non recovering regions, which are more
significant than isolated points.

The proposed method has been validated on video test
sequences. The test sequences “cube”’, “tai”, “car”, and
“face" showsarigid object with planar (zoom, translation)
and non planar (rotation) motion with large rotation

angles. Figure 4, shows the evolution of criterion C,

versus the key VOP. It can be seen that the classification
process has correctly assigned each temporal segment, the
segment s classified as planar fesp. Non-planar), with
S=20. Nevertheless, the main limitations of the method
are related to the fact that it is difficult to correctly detect
non planar rotations with small rotations angles. This is
the reason why the temporal distance between the key
VOP may be high, with the risk to have more noise or
illumination variations which make the motion
compensation less efficient.

4. NON-PLANAR MOTION ANALYS S

The objective of this analysis phase consists in the
estimation of the direction of the rotation axis P of the
non- planar motion. This is done assuming the following
hypothesis: 1) The image projection is in perspective, 2)
the physical object is a plane with constant depth and 3)
the VOP turns in depth around an axis that crosses by its
gravity center. Let A1 and A2 (A1l and A2, respectively)
be the two areas of the VOP separated by P at time t, (t,,

respectively). These areas are modified when the VOP is
rotating, according to the following ratio:
Al A2
AT ©
If P. represents the axis perpendicular to P, then we have
also:
Bl, BL
B2, B2

where Bl, and Bl (B2, and B2 , respectively)

represents the two areas separated by P. at time t; (t,,

respectively).
The direction of P istherefore computed by minimizing the
following expression:

P Pr

+

P2 P2

a =agmin ()

a=-90,+90°

where a represents the angle between the horizontal axis
and P. Furthermore, when successive non-planar temporal
segments are detected, the estimated axis are temporally
smoothed to have a more robust estimation. Figure 3
shows that the direction of the non-planar rotation has



Fig3. Classification of object motion according to a variation of orientation criterion. B,D,F,H. Evolution of criterion C; versus
the key VOP. S: Classification threshold, Pm: planar segment, NPm: non-planar segment.

been correctly estimated for various rotation axis of the
sequences “cube”,” tai”, “car” and “face”.

5.CONCLUSION

This paper proposed a new method which alows to
decompose the tragjectory of rigid video object into
temporal segments classified into two categories
depending if the object displacement in each segment
contains or not variations of orientations of the object
relatively to the camera. These variations of orientations
generally comes from rotations of the object around axis
paralel to the image plane. This analysis algorithm is fully
automatic, but it is assumed that the object contours have
been previously segmented with a high level of quality,
which is generally possible only with a semi-automatic
segmentation approach. Experimental results show that
good object trajectory decomposition can be obtained
even for large rotation angles. Furthermore, the direction
of the rotation axis can be correctly estimated. The main
applications of this work are related to video object
manipulation for video post-production applications for
which it isinteresting to know the different points of view
available for each manipulated object. The main
perspectives of thiswork is related to the estimation of the
occlusion areas and of the rotation angles.
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