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Abstract

This report is concerned with the analysis and the interpretation of the dynamic content
of a scene observed by a camera which can be static or mobile. The tasks involved can
be for instance the detection of moving objects in a scene observed by a mobile camera,
or the identification of the movements of some relevant components of the scene. This
problem basically involves a motion-based segmentation step. Indeed regions corresponding
to different apparcent motion must be delincated before attempting to locate moving objects
and to describe their motion. A new motion-based segmentation method is presented which
ensurcs stable motion-based partitions owing to a statistical regularization approach. Besides
it does not require the explicit cstimation of optic flow ficlds. It also manages to link those
partitions in time. Therefore, the motion interpretation process can be performed on more
than two successive frames. The ability to follow a given coherently moving region within
an interval of several images of the sequence makes the interpretation process be more
robust and more comprehensive. The identification of the kinematical components of the
scene relies on an intermediate layer accomplishing a generic qualitative motion labeling.
Beyond the detection of mobile components of the scene observed by a moving camecra,
scene-related motion interpretation is expressed in terms of approaching motion, receding
motion, transversal motion to the right, transversal motion to the left. This also includes
quantitative parameters like time-to-collision. No 3D mcasurcments arc requirced. Results
obtaincd on scveral real image scquences corrcsponding to complex outdoor situations arc

reported.



Résumé

Cc rapport traite de 'analyse ct de linterprétation du contenu dynamique d’une scéne ob-
servée par unc caméra qui peut étre aussi bicn statique que mobile. 1l peut s’agir par exemple
de détecter des objets mobiles dans une sceéne vue par une caméra clle-méme en mouvement,
ou de caractériser les mouvements dans la scéne d’éléments d’intérét. Ce probléeme implique
fondamentalement une étape de segmentation au sens du mouvement. Il est en effet néces-
saire de délimiter les régions dans 'image ayant un mouvement apparent différent avant de
pouvoir localiser les objets effcctivement mobiles ou de pouvoir identifier leur mouvement.
Une nouvelle méthode de segmentation au sens du mouvement dans une séquence d’images a
été développce. Elle ne requiert pas estimation explicite du champ des vitesses apparentes,
et permet I’obtention de partitions stables ct reliées dans le temps grace a une approche de
régularisation statistique. Ainsi l'interprétation du mouvement peut étre effectuée en con-
sidérant plus de deux images successives. La capacilé a suivre une région cohérente au sens
du mouvement dans un intervalle de temps donné rend la phase d’interprétation plus ro-
buste et plus compléte. La caractérisation du contenu dynamique de la scéne repose sur une
étape intermédiaire réalisant un étiquetage qualitatif générique du mouvement. Deux taches
’analyse de scene dynamique ont été abordées: la détection des éléments effectivement mo-
biles d’une scéne observée par unc caméra cn mouvement; I'identification de trois types de
mouvement utiles a la détection d’obstacles pour la navigation d’un véhicule, mouvement
approchant, éloignement, mouvement latéral. L’analyse n’implique aucune mesure 3D. Un
ensemble significatif d’expérimentations a été mené. Des résultats tout-a-fait probants ont
été obtenus sur des séquences d’images réelles correspondant & des situations complexcs de

scene d’extérieur.



1. Introduction

Locating moving objects in a scene and identifying their motion is one of the main is-
sues in dynamic scene analysis. It is relevant to a large.variety of tasks such as surveillance,
tracking, obstacle detection, collision course determination. If the camera is static, moving
regions in the image plane necessarily correspond to moving objects in the scene. This has
induced the development of methods dedicated to this situation; a first class of approaches
takes into account a reference image of the static background, as in [KAR90], alternatives
are also available, such as in [BOU90] where local contextual statistical model are introduced
to recover moving object masks. If the camera itself undergoes motion, the solution is not
as straightforward as in the previous case. This issue is addressed in [THO90]; depending on
the knowledge of the camera motion, different cues are extracted from the optical flow field
previously estimated to detect moving objects in the scene. That situation obviously occurs
when the camera is attached to an entity whose primary function is to move, like a mobile
robot, a car, or a plane. It may also be due to actions such as panning or tilting. This report
is concerned with the detection of moving objects in a scene observed by a mobile camera.
It also deals with the identification of their motion.

This problem basically involves a motion-based segmentation step. Indeed regions corre-
sponding to different apparent motion must be delineated before attempting to locate moving
objects and to describe their motion. It is of vital importance for the subsequent analysis
to correctly achieve this early step. A new motion-based segmentation method is presented
which ensures stable motion-based partitions owing to a statistical regularization approach.
Besides 1t does not require the explicit estimation of optic flow fields. It also manages to
link those partitions in time. Therefore, the motion interpretation process can be performed
on more than two successive frames. The ability to follow a given coherently moving region
within an interval of several images of the sequence makes the interpretation process be more
robust and more comprehensive. The identification of the kinematical components of the
scene relies on an intermediate layer accomplishing a generic qualitative motion labeling.
The entire scheme is summarized in Fig.1. The final information level delivered depends
on the task at hand. If the goal is only to detect moving objects, temporally linked maps
indicate where projections of moving scene components are located in the image sequence.
If we aim to know how objects move in the scene, several typical classes are handled such
as approaching motion, receding motion, transversal motion to the right, transversal motion

to the left. This also includes quantitative parameters like time-to-collision. An important



point is that this can be achieved without any 3D measurements. We only need to know the
qualitative way the camera is moving, that is for instance panning motion or translational
motion along its optical axis of view. This information is easily retrievable in any mobile
rig.

The remainder of this report is organized as follows. Section 2 is concerned with the
motion-based segmentation step. Section 3 deals with the symbolic kinematical labeling
layer. It is based on the derivation described in [FRA90], but includes new developments
corresponding to temporal extensions. Section 4 describes how interpretation of the dynamic
content of the scene is handled. Results on several real image sequences corresponding to

complex outdoor situations are reported.
2. Motion-based segmentation

The goal of the motion-based region segmentation step is to separate regions in the image
corresponding to different motion entities. Once this partition is obtained, the kinematical
analysis can be performed in each one of these regions. A motion entity is supposed to
correspond to a given description level of real physical motion. In [ADI85], segmentation
is performed simultaneously to the estimation of 3D motion and structure parameters from
optical flow fields. Points are first gathered in elementary areas corresponding to 3D moving
planar patches using a Hough transform technique. Then these areas are merged accord-
ing to a hypothesize-and-verify paradigm. In [MURS7], the same description level is taken
into account, i.e., planar surface patches and 3D rigid motion, but the segmentation issue
is addressed as a relaxation problem based on markov random field models. In [BOU87],
no 3D parameter estimation is required, since motion entities are expressed in terms of 2D
velocity field models. The segmentation is achieved following a statistical approach based on
likelihood ratio tests associated to a region growing procedure. Other works take profit from

a multiresolution data representation, using the optical flow field or not, [BUR89], [HARS89],
[PEL90].

2.1 Problem statement

The approach described hereafter makes use of 2D linear motion models, and requires no
prior velocity field estimation, as in [BOU87]. The key point is that this new version is em-
bedded in a contextual statistical framework, i.e. Markov random field (MRF) and bayesian

criterion (MAP). Besides it manages to properly derive a temporal link between successive



motion-based partitions, whercas the other techniques usually do not supply such a struc-
tural information. These two characteristics jointly considered allow to get partitions stable
with respect to the algorithm parametrization, and stable in time. MRF models have already
been introduced in numerous low-level issues of static image analysis, and more recently of
image sequence analysis, like motion detection [BOU90], motion segmentation [MURS87], op-
tic flow estimation [HEI90], [KON89], [HUTS8S]. In regions where motion measurements are
ill-conditioned, MRF appear as a natural way to regularize the problem at hand. Besides,
due to the equivalence between MRF and Gibbs distributions, [GEM84], the modeling step
reduces to the definition of a global energy function, which in turn decomposes into local
potentials.

First we have to express what we consider as observations, and as labels, i.e., the motion
features to be determined. Observations are directly tied to image sequence data: they are
given by the spatio-temporal derivatives of the intensity function. On the other hand, label
values will consist of region numbers, r, r = 1, R. Let S be the set of sites s where these labels
are defined. S do not correspond to the pixel grid, but to a lower resolution, namely 2x2
small square windows of the original image grid. This allows to save computational time, to
avoid spurious detections, and to take into account more points in the identification of motion
model parameters, while still providing a sufficiently accurate segmentation. The points
involved in site s will be denoted by s;;7 = 1,4. Let 0 = {0,,s € S}, resp. e = {e,,s € S},
designate the observation field, resp. the label field. The observation at site s is given by:
os = {VI(s;), 1i(s;);7 = 1,4}, where I is the intensity function, VI = (I, I,) its spatial
gradient, I, its temporal derivative.

Second, we have to define the criterion allowing to determine the optimal motion-based
partition given the observations at hand, that is the array of spatio-temporal derivatives of
the intensity function, VI I,. Let us beforehand recall that this motion-based segmentation
only makes sense with respect to a motion model. For the while, let us only assume that this
model is parametrized by a global parameter vector §,, within a given region r, r = 1, R.
Let & = {0,,7 = 1,R}. To derive the unknown label field e along with the number of
regions R and the set of model parameters 8 from the observed fields (VI, I;), the following

optimization problem has to be solved (MAP criterion):
Tﬁ{){( p(VI, 1 ,e,0,R)

where p(VI, I;,e,0, R) is the joint distribution of the observed variables (VI, ;) and the
hidden ones e, knowing that R and 6 = {f,,7 = 1, R} are additional global parameters.

As previously outlined the distribution of observations and motion labels are specified using
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Markov random field model whose distribution can be written as follows, [GEM84],:

1
p(VI, I;,e,0,R) = 7 XP = U(VI, Ie0,R)

where Z is a normalizing factor. The energy function U in turn decomposes into the sum of
potential functions V locally defined on so-called cliques. A clique is a sub-set of sites which
are mutual neighbors.

We have designed energy function U as the combination of two terms:
U(VI, I,e,0,R) = Uye) + U(VI, I ,e,0,R). (1)

U, contains the expected generic properties of the resulting label field, (regularization effect),

while U, expresses the adequacy between observations and labels.

2.2 Modeling step
Prior model, energy term U,

Here we consider a second-order neighborhood system, and cliques used are binary ones,
denoted ¢ =< s,t >, (see Fig.2). Let C be the set of all binary cliques in the image. The

potential function is defined as follows:

- 0 if e, =¢
Vies,e) = a otherwise
= a (1—6c,=e)

where 6 designates the Kronecker symbol and « is a positive predetermined parameter.
These potentials have been defined in such a way as to favouring homogeneity of the label
field, knowing that a positive value of V' discourages the corresponding configuration. Other
kinds of potential functions have been tested, for instance based on parameter vectors 8,. In
fact this simplest one has been proved the most efficient one. Accordingly the first energy
term is given by:

Us(e) = ZO‘ (1 —8e,=e.) (2)

ceC

Observation-label interaction model, energy term U,

We have now to express the interaction model between observations and labels through
energy term U,. The starting idea is that we have to compare the velocity vectors corre-
sponding to the considered motion model to the true velocity vectors. A region can be stated
as coherent with respect to motion cue if its motion content can be described through one

model parametrization. Conversely a point can belong to region r if its true velocity vector
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is close to the one induced at this point by the motion model parametrized by vector 8,. Let
us denote the model-related velocity vector field by &p,. Formally, this leads to take into
account the difference: & — @y, . If the velocity vector field is not available, this quantity can
not be directly evaluated. However the spatio-temporal derivatives of the intensity function
are related to the apparent velocity vector by the well-known image flow constraint equation,
[SCHB86|:

VIE+ 1, =0

Therefore let us consider the following quantity at each point s;:
€(s;) = VI(s;)(ws, (85) — &(s5))

Using the above mentioned image flow constraint, this can be written as follows:
e(s;) = VI(s;).ws,(s;) + Ie(s;)

If correctly parametrized, the variables € are assumed to follow a zero-mean gaussian law of
variance o?. Moreover they are supposed to be independent. In practice, 2D linear models
are used:

0, = (a,b,,8,7,9)
and at point (z,y), the velocity vector generated by the linear motion model parametrized

by 0, is given by:
- [ ataldz+4v.Ay
o, (2,y) = ( b+ B.5z + .My )

where Az, and Ay designate the differential shift with respect to a reference point, which will
be the region gravity centre. The choice of such a linear model represents a good trade-off
between model complexity and model efficiency.

The energy term U, can now be expressed as follows:

1 & -
U2(VI, Ig, e, 9, R) = Z (EO—ZZ(VI(SJ').LU&C, (SJ') + Ig(Sj))z) (3)
SES j=1
Finally, maximizing the joint distribution (??) is equivalent to minimizing the following
energy function U:
J 2
U=sUr+U;=a3 (1 = bpee) + 3, (2—2 > (VI(s5)@a., (55) + Li(s)) ) (4)
c€C s€s \ <97 j=1
Let us point out that the same framework can take directly into account as observation the

optic flow field if available. We only need to define variable € by €(s;) = ||, (s;) — S(s;)]-

2.3 Relaxation scheme



The minimization of energy function U is carried out according to a deterministic relaxation,
of the ICM kind. The initial state of the variables to be identified at time ¢ is derived from
the optimal values obtained at time ¢ — 1 as explained in subsection 2.4 (apart from the case
corresponding to the very beginning of the sequence). The estimation of label field e and
the identification of global parameters § are performed in an alternate iterative way. We
mean that we do not continuously update the values of parameters 6, while modifying the
estimate of label field e. Briefly, we perform a number of minimization iterations concerning
only label field e while required, then within each currently delimited region r we estimate
the optimal parameter values §,; then we start again the estimation of label field e, and
so on. The main reason is that parameters 8, are global ones, whereas label field e is very
locally updated.

The estimation of the parameter vector 8, for each region r is achieved by minimizing
energy term U, while freezing the other variables, i.e. the label field e. This leads to a
least-square estimation of the parameters 4, within each region r. Before explaining how the
minimization of the energy function U with respect to e is pursued, let us comment how we
tackle the problem of deciding what is the right number of regions R to be considered. This
number is usually predetermined in markovian approaches dealing with image segmentation
issues. But it is not obvious to a priori define the number of different motion entities in an
image sequence. Therefore we take R equal to Ry at the very beginning of the processed
" image sequence and we update it as explained at the end of this subsection. The value Ry
depends on the choice of the initialization procedure. If the very initial label field consists of
one region for the entire image, Ry = 1; if we use the technique described in [BOU87] to get
an initial partition based on the two first images of the sequence, Rq is equal to the number
of regions found in this initial partition.

The estimation of label field e only involves very local computations. Sites are visited one
by one. As a matter of fact, we have a list of sites to be visited at iteration 7, which has been
built up during iteration t—1. At a given site s, all the possible discrete label values from 1 to
R should be tested. This could induce a tremendous amount of computations depending on
the current value of 2. In fact this can be reasonably avoided in our case. Indeed the purpose
here is not to classify but to segment into connected components. The labels likely to be
candidate at site s are those which are already present in its neighborhood, including the one
currently assigned to it. Nevertheless a supplementary label p must always be considered.

In practice, first the label value 7; among the ones existing in the neighborhood of s apart



from p is determined which minimizes the local energy defined by:

AU(r) = 3 (VI(s5).@s,(55) + Iu(s5)" + A 3 (1 = bep=r)

1=1 <s,t>

where A = 20%a. Then the local energy is evaluated for the label p:

AUL(p) =@+ A > (1 — bei=p)

<s,t>

where ® is positive parameter, which can be explicitly determined using tables associated
to x? statistical law. Indeed the restriction of U, to the the considered neighborhood, can
be assumed to follow a x? distribution with four degrees of freedom (since the 2x2 square
windows contain four points), if the site is assigned the right label. If we want the probability
to choose 7; be greater for instance than 0.9999, when it is the right one, we must take & = 25.
The label value finally selected is the one between 7; and p which minimizes the local energy
AU;.

After a certain quantity of iterations, we assign numbers ranging from R + 1 to R’ to
the areas of sufficient size labeled by p. The process is then rerun with R set to R. This
is iterated until convergence is reached (that is when the number of points whose label has
been changed is below a given threshold).

The use of Markovian models and of the associated relaxation process brings two major
interests, in comparison with the region-growing algorithm described in [BOUS87]. First,
segmentation is done only using local and regular computations, whereas the region-growing
algorithm induces a less workable implementation. Second, this statistical regularization
method ensures more stable results, than any region-growing procedure, usually sensitive to

the choice of input parameter values and the region merging order.

2.4 Temporal link of the successive partitions

When the process is completed at time ¢, the motion-based segmentation map at time
t (denoted g,) is available. Moreover for every region of this map, linear motion model
parameters have been estimated, that is § = {é,-,r =1, f?} 0, is the estimated parameter
vector of region r. It is straightforward to compute the corresponding model velocity field
from time t to time t + 1, Wy ;- Let us consider a point p(z,y) which belongs to region r.
At point p, the model-related velocity vector is determined by:

dr + a. Az + 4, Ay

J&‘,,z(p) = . . R
b + B. Az + 6, Ay



Since this model parametrization is the optimal one with respect to the segmentation stage,
it seems reasonable to use this model-related velocity field as follows. Using the segmentation
map g, and velocity field &y , at time ¢, we can build up a prediction 41 of the segmentation
map at time t+1. This is performed by projecting g, in the direction of motion given by &, .
It may happen that at some points, no label is predicted (because no velocity vector points
toward this point), or on the contrary more than one label are predicted (several velocity
vectors point toward this point). An interpolation step is achieved in order to correctly label
these points. Thus an initial motion-based segmentation map is avalaible at time ¢ + 1.
Moreover this process enables to link in time the different regions.

To determine if each region of ;41 map keeps on undergoing a similar motion as the one
at time ¢ of the region to which it is linked through this projection-interpolation process,
a first relaxation stage is performed taking into account motion parameters of time f, 0,,,.
Hence, if the underlying 3D motion of a region has significatively changed from time ¢ to
time ¢ 4+ 1, the same holds for apparent motion parameters of this region, accordingly this
region will be labeled by p. This first stage ensures that each region corresponds to a
scene component with a coherent 3D motion along the sequence (or a part of it). This is
important for the further interpretation step which makes use of several successive partition
maps. Once this first relaxation stage is achieved, the motion model parameters at time ¢ 41
are effectively estimated from this first updated version of the motion-based segmentation
map g;+1- Lhe complete relaxation process is then run as described above.

When the segmentation of a subset of successive frames is achieved, a global sequence
segmentation is available. The same label is assigned to each motion-based coherent region
along the sequence. Indeed, we get several "motion tubes”, each one corresponding to one
single motion entity. Afterwards, each entity could be described with global parameters such

as 3D global motion and structure parameters.

2.5 Results

The first considered sequence contains two cars manoeuvring in a park (Fig. 5). The first
car in the foreground is rotating and moving toward the camera. The second one in the
background is translating toward the camera. It partially hides a third car which is static.
The camera pans the scene from right to left. The image background consists of trees, some
of them being stirred by the wind (in particular in the centre of the image plane). Initial-

ization has been performed using the method presented in [BOU87|. Segmentation has been
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achieved with A = 25 and ® = 25 Results are shown in Fig. 6. The obtained motion-based
partition maps are quite stable in time and correctly linked from one image to the next. It
can also be notice that the linear motion model level is quite relevant and delivers motion
entities of practical use in the context of dynamic scene analysis.

The second sequence (Fig. 7) corresponds to a slow camera motion, which is translating
along its optical axis, in an urban context. The images include on the right a traffic light,
and in the middle a car which is transversally translating to the right. The initial partition
at the very beginning of the sequence is merely taken as a single region corresponding to
the whole image. The value of ® is the same (i.e., equal to 25), though A is set to 15. In
fact, this sequence is less complex and noisy than the previous one. The parameter A, which
is proportional to the variance of the noise, must be greater for the first sequence than for
the second one. Results are again satisfactory (Fig. 8). A part in the middle of the car is
merged with the image background. As a matter of fact the intensity function of this area is
quite uniform. Indeed it is very hard to see locally any motion or intensity boundary. That
is the reason why this part is merged to the background region. The apparent motion of
the background region is due to the camera movement. The same holds of course for the
region corresponding to the traffic light; but since there is a great difference in depth between
this object and the rest of the scene objects, it is normal that there i1s a discrepancy in the
perceived motion. Again, it is interesting to point out that this motion model level naturally
reflects both 3D motion and depth information, which is very important for instance in case
of an obstacle detection task.

It can be seen with these two examples that the proposed motion segmentation method
yields good results in different situations. Others sequences have been treated, and satis-
factory results have been again obtained. This algorithm is not cpu time consuming. A
segmentation process of a sequence of 20 images, of size 224 x224 pixels (whose output is 19
successive motion-based partition maps) takes about 80 seconds using a SUN-4 workstation,
that is 4 seconds per image. The main problem is the setting of the contextual parameter A.
It is necessary to take into account the complexity of the scene, the magnitude of apparent
motions and the intrinsic noise contained in the images. Roughly, if the scene is simple, with
small motions and few noise, this parameter must be fixed at a low value. On the contrary
if motions are important, it can be noticed that the underlying photometric model leading
to the optic flow constraint equation becomes inexact. In this case, A must be set to a great
value. However, for the whole set of sequences that we have processed, only two values for

A have to be used (15 and 25).
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3. Symbolic labeling

Before handling the scene-related motion interpretation step, which in fact depends on the
considered application, an intermediate layer is considered. This process provides a generic
qualitative kinematical labeling on which any further interpretation will rely on. Its purpose
is to describe any object movements by its motion type (e.g., translation or rotation) and
by its trajectory type (e.g., parallel to the optical axis or perpendicular to this it). The
basic idea of this approach is that the geometry of the 2D velocity vector field in the image
contains information about the 3D motion, which can be significant and sufficient enough
for interpretation. Besides a linearized version of the velocity field is considered, which is
coherent with the motion segmentation step. The method we use to derive this qualitative
labeling is described in [FRA90]. In the following we will only briefly recall the main as-
pects of this method. We will focus on important new temporal extensions which are of key

interest for interpretation.

3.1 2D-3D relations

The first point is to introduce relevant terms, describing specific forms of the vector field,
which could be easily and naturally interpreted. Some studies and experiments allow to
conclude that a first order development of a vector field can be sufficient to interpretation;
[MAI89], [FRA90], [SUB90|. The first order development of the 2D velocity vector field in
the image is then considered, and four terms which well describe the geometry of the velocity
field are derived. These terms are called divergence, rotational and hyperbolic terms. They
will be respectively denoted by div,rot, hypl and hyp2. They correspond to fields which
belong to four orthogonal supplementary subspaces. This is exemplified in Fig.3.

Any vector field can be approximated by a combination of a divergent field, a rotational
field, and two hyperbolic fields. In case of 2D velocity vector fields, projection in the image
planc of 3D velocity vector fields, a particular kind of motion in the scene implies a particular
combination of these basic fields. Indeed, a divergent velocity vector field is the result of
an axial motion, i.e. along the optical axis of the sensor. A rotational field appears as the
result of a rotation around this axis. Let us now briefly outline the link between 3D motion
parameters and each of the four terms above mentioned. Relations of this kind are also
derived in {SUB90] but in a slightly different way.

Let us consider the coordinate system given in Fig.4. Let T = (U,V, WHT and § =
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(A, B,C)T respectively denote the instantaneous translation vector and rotation vector rep-
resenting any 3D rigid motion [LON80]. Let Zo, 1,72 be the first order parameters of the
considered object surface patch (depth and orientation parameters). Using the well-known
relation (issued from the kinematical screw) between the 3D velocity vector V=(X,Y,2)T
of a point P = (X,Y, Z) on the object surface, and the instantatneous translation and ro-
tation vectors attached to this object, that is: V=T+QA O_P; using relations between 1%
and &, the 2D velocity vector of point p, projection in the image of point P; and considering

a linearized version of the 2D velocity ficld, and the surface function Z

Z=2Zo+nX +7Y (5)
it can be shown, [FRA90], that
o |24 U V g V U
dw_—QZa—'yle-—’ngE 1ot_2C'—’yIZO-+7;;ZE

[
hypl = —71%0 + 72%/5 hyp2 = —%% - 72%0

The qualitative analysis of the 3D motion will rely on these relations (6).

3.2 Qualitative description
. As far as we are concerned with a qualitative interpretation of motion, what is impor-
tant is the comparison of these terms to zero. Accordingly, to each quantitative term
dwv,rot, hypl, hyp2 is associated a qualitative (boolean) variable Vg, Viot, Vayp1, Vaype, €qual
to 0 if its quantitative value is non significant, and respectively D, R, H1, {2 otherwise.

From the relations (4), it is clear that several typical dynamic situations can be easily
expressed. For instance, in the (Vyiy, Vior, Vaypr, Vaype) basis, the (D,0,0,0) symbol associa-
tion is the qualitative description of a motion along the optical axis. In [NEL88| an obstacle
detection task is handled according to a qualitative way of reasoning and is based on such a
a divergence cue. (0, R,0,0) symbol association describes a rotation around this axis, and so
on. In the remainder, we will also call a symbol association a label (the word "label” is used
here with a different meaning than in the section devoted to the motion-based segmentation
step). The great interest of such a symbolic description level will be exemplified in the next
section.

It is worth stressing that the motion description is only based on the linear terms of the
velocity field. These terms do not depend on the reference point in the image. Therefore the

position of the optical center is not needed, and the FOE must not be estimated. Moreover,
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as the goal is to obtain a qualitative description, and not the precise quantitative estimation

of 3D parameters, a complete camera calibration is not required.

3.3 Labeling process

Once the motion-based image partition has been obtained, motion of each region can be
qualitatively labeled. The key point is to properly achieve the numerical-to-symbolic step:
that is deriving symbols from numerical data. Given an area in the image, the most con-
venient label must be determined, i.e. the best fit to the underlying 3D object motion.
The simple comparison of the magnitudes (or function of the magnitudes) of the quanti-
tative terms div,rot, hypl, hyp2 to a threshold, as initialy described in [THO84], remains
very difficult and tricky. On one hand, the threshold choice would be very dependent on
the context and goal of the analysis. On the other hand, a proper noise modeling with
such a procedure cannot be introduced, whereas the considered observations (related to op-
tical flow) are actually noisy. Moreover models that we deal with are not perfectly exact
(first order). That is the reason why a statistical approach is used to cope with this prob-
lem. The right state of each qualitative variable V4, Viot, Vaypr, Viypz must be determined.
To this end a method based on statistical tests has been designed, namely likelihood tests
which are known to be very powerful, [FRA90]. V,;, state is set by testing hypothesis Hy:
(D, R, Hy, H) against hypothesis H;: (0, R, Hy, H;). This formalizes that the state of V4, is
determined while letting the three other variables free. Practically, first the optimal parame-
ter vector 1y = (div, rot, hypl, hgjp2) for the (D, R, H,, H;) hypothesis, i.e. which maximizes
the likelihood function f(#), is estimated. The likelihood function is the joint density dis-
tribution, within the considered region r, of variables similar to the ones considered in the

motion-based segmentation step:

ey(2,y) = VI(z,y).Fy(e,y) + Li(2,y)
which are again supposed to be independant gaussian zero-mean variables. (The same remark
holds concerning the choice of the form of this variable if the velocity field is available).
¥1 = (0, rot, hypl, hyp2) for the (0, R, Hy, H;) hypothesis is similarily determined. Then the
likelihood ratio L(Vy,) = log (f(lzh)/f(l/;o)) is compared to a threshold A. If the ratio is

lower than this preset threshold, the Vy;, symbol is equal to D, 0 otherwise:

H, (0)
>
<
Ho (D)

L(Vdiv)

14



Depending on the application, the state of each symbol is determined through a predefined
decision tree. Once each symbol state is determined, the optimal label is defined as their
association. It appears, [FRA90], that only five associations among the sixteen possible
configurations have a physical meaning when dealing with rigid motion, that is (0,0,0,0);
(D,0,0,0); (0, R,0,0); (D, R,0,0); (D, R, H1, H2). The first one correspond to either static
part, a pan or tilt motion, or a lateral translation of planar surface parallel to the image
plane. The two next ones have already been commented. The fourth one is a combination

of the two last ones. The fifth one comprises all more complex combinations.

3.4 Temporal extensions

The four terms introduced above supply an instantaneous description of the motion, that
is, related to the geometry of the velocity field between two frames. In practice, some
instabilities in successive labeling maps may appear. Then it is interesting to consider
several successive frames as a global set of observations, and to perform the labeling process
globally on these successive images. This is reachable since we have defined in Section 2
a motion-based segmentation method which yields temporally-linked partition maps. The
advantages of such an approach are two-fold. First since a larger temporal interval is taken
into account, robustness is improved. Second this also enables to make the interpretation
level be more complete. The consideration of a temporal dimension in the 3D structure-and-
motion-from-2D-motion issue has already been proved attractive, [SUB89].

Nevertheless, even if the 3D motion of an analyzed object is constant in time, the four
description terms will change in time. Hence, temporal quantities need to be introduced
to express the temporal dimension of the problem at hand: namely the derivatives with
respect to time of the four terms defined above, div,rbt,hy'pl,hy.pl These new parameters
can be used for interpretation. Specific symbol associations again correspond to specific
kinematical configurations. Even if motion interpretation is still performed considering only
the four terms div,rot, hypl, hyp2, the temporal parameters d%v,r(.)t,hy'pl,hy.pQ must be
taken into account in the parameter estimation step.

 We consider a region, whose 3D motion parameters (U, V, W) and (A, B, C) are constant
within the time interval corresponding to the subset of successive frames to be considered.
The movement in space of an object usually implies changes in the structure parameters Zp,
71 and 7.
The introduction of the temporal parameters is done through a linear development in

time of the linearized version of the instantaneous velocity field. As previously defined, we
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have:

B, (z,y) = (Z) + M (2:)

where (a, b)7 is the constant part of the decomposition, and M is a matrix linearly depends

on the four terms div, rot, hypl, hyp2, which can be written as follows:

M= % div [D] + -;- rot [R] + % hypl [H1] + % hyp2 [H2)

CRTR N R AN

Adding a temporal dimension to this development leads to:

Go (21y) = (Z)+<Z>At + (M + Mat) (2:)

It can be easily shown that:

with

M = Ydiv.At[D] + lrot.At[R] + 1Lhypl .At[H1 + 1 hyp2 At[H2)

knowing that

div = a + § hypl = & — 6
rot = f — ¥ hypl = B + 7
Some elementary mathematical developments allow to obtain the following relations:
div = —’71% - ’72%/5 - 2%/5 div = (—71% - '7'2%/5) - %g div
rot = —’)’1%/5'*")’2%-{-20 rot = (—’71%/64");2%)* ZO(—’Yl'Z'-F’Y?%)
4
hypl = —717Ua+72%/5 hypt = (—71%+72%/5)—%§ hypl
_ v _ U o LV U\ 2
| hyp2 = —mg - g hyp2 = (=g —Tez) = 75 hypl

The last point is to express Zo,7, and v,. To this end, relation (5) is temporally derived,
then X,Y,Z are substituted for their expressions in the 3D velocity vector V, and Z for
its expression given in relation (5). Terms of similar order are grouped, and the following

relations are finally derived:

Zo = Wl =mB+mA) 71U -7V
m = —B(l-mB+mA)-7C
Y2 = A(l —mB+124)+nC
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It is now possible to relate temporal terms div, rot, hypl, hyp2 to 3D motion configura-
tions. A reasoning similar to the one done for the spatial terms div,rot, hypl, hyp2 in
section 3.2 allows to establish new more complete labels corresponding to specific kine-
matical configurations. Indeed the five labels of interest extend as follows: (0,0,0,0) into
(0,0,0,0,0,0,0,0), (D,0,0,0) into (D,0,0,0,d,0,0,0), (0, R,0,0) into (0, R,0,0,0,0,0,0),
(D, R,0,0) into (D, R,0,0,d,0,0,0), and (D,R,H1,H2) into (D,R,H1,H2,d,r, hl,h2),
where d, 7, h1, h2 are the symbols corresponding to significant values of resp. div, rot, hypl,
hyp2. These new labels can be used for motion interpretation in the same way than the five
"instantaneous” labels. They can induce a more robust in the labeling step. Supplementary
relations can also be found between those eight terms, leading to a more precise motion
description. In particular, it becomes possible to subdivide the large class corresponding to
the label (D, R, H1, H2) (transversal translation of a surface non parallel to the image plane,
combined with any other motions). Within this class indeed specific new relations can be

explicitly written:

o if the motion is a pure transversal translation of a non parallel surface:

div  rot hypl  hyp2

e if this translation is combined with a translation along the optical axis:

div rot hy.pl hy'p2

div _ rot hypl — hyp2

4 ~div (8)

e if this translation is combined with a rotation around the optical axis:

div + div? _ rot + rot? _ hypl + hypl? _ hyp2 + hyp2? (9
rot B div - hyp2 B hypl )

If a motion is labeled (D, R, H1, H2,d,r, h1, h2), but none of relations (7), (8), (9) is verified,
we can conclude that the motion is a complex combination of a transversal translation with

others motions.
4. Scene-related motion interpretation

The symbolic kinematical labeling is a very general intermediate layer which can be of
practical use in various situations to achieve scene-related motion interpretation. The labels

defined above can be used in the interpretation step in different ways depending on the goal
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of the application at hand. This will be illustrated by two examples of dynamic scene analy-
sis tasks relevant to significant applications. The first one is concerned with the detection of
moving objects in the scene knowing the type of camera motion. This situation is a current
one in numerous surveillance applications. The second one copes with an obstacle detection
issue in a car driving assistance application. We assume that the camera is translating along

its optical axis.

4.1 Example 1: Locating moving objects

This first example corresponds to the following camera motion, pan motion. This means that
the camera is rotating around the vertical axis (Y'), that is using the notations introduced
in Section 3, B # 0. The goal is to locate moving objects in the scene. Obviously the
interpretation will reduce into two classes: moving objects and static objects (in the absolute
coordinate system). In this situation, to any static object in the scene should be associated
an apparent motion corresponding to the label (0,0,0,0), according to relations (), since
in this case only parameter B is non zero. Therefore if a region in the image is assigned
any another label ((D,0,0,0), (0, R,0,0), (D, R,0,0) or (D, R,H1, H2)), this implies that
“the corresponding object in the scene is itself moving. Hence it is quite straightforward to
detect mobile objects, using only qualitative labels. Of course situations corrersponding to

other camera movements could be similarily handled.

Results

As previously outlined labeling is practically achieved using a small set of successive images
from the sequence. Here we take five successive images. The analyzed sequence is the se-
quence shown in Fig. 5). Three regions correspond to mobile entities in the scene: the car
in the foreground (turning toward the camera), another one in the background (translating
toward the camera), and the region in the middle of the images corresponding to trees signif-
icantly perceived as stirred by the wind. Generic symbolic motion labeling has been achieved
with a threshold value in the likelihood test of A = 0.01. Regions textured by vertical lines
correspond to moving components in the scene, whereas white regions are static parts of the
scene. The interpretation process gives good results, since only one region is misclassified.
It is located on the top of the image, and mainly corresponds to a piece of sky. This area
is nearly uniform, hence no motion information is truly available inside it. This can explain

that the parameter estimation is certainly poor, and infers a wrong motion characterization.
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On the other hand, mobile components of the scene are quite well located all along the

sequence, although complex (and some non rigid) apparent motions are observed.

4.2 Example 2: Recognizing 3D kinematical behaviours

Scene-related kinematical description can also be more complete. Indeed, many applications
require informations about object motion in the scene. A typical example is an obstacle
detection task for navigation purpose. Indeed we are concerned with an application dealing
with car driving assistance. We aim to supply information about kinematical behaviour of
the other scene components. We consider a car equipped with a camera looking ahead. The
car is supposed to move parallel to the optical axis. The problem is here to provide alarms,
when an "object” is potentially dangerous, e.g. if it is moving toward the camera or may have
a collision course. Three interpretation classes are defined: objects moving toward the cam-
era (class 1), objects moving away from the camera (class 2), and objects with a transversal
motion (class 3). In this situation, three labels are of real interest: (D,0,0,0) which cor-
responds to a relative translation along the optical axis, (classes 1 and 2), (D, R, H1, [{2)
which corresponds to entities undergoing motion with a significant lateral component, (class
3), (0,0,0,0) corresponding to static part when the car stops, we have also in this case
(a,b) = (0,0), otherwise it is a planar surface whose orientation and motion are parallel to
the image plane (class 3). Classes 1 and 2 are further discriminated depending on the sign
of the div term. Quantitative measurements are also available like time-to-collision given by
1/dwv. If the object is labeled by (0,0,0,0), the estimation of the constant term « can be
used to know the direction of the transversal translation (left if a is negative, right if a is
positive). Iinally, if the object is labeled by (D, R, H1, H2), this information can only be

used if the position of the optical center is roughly known.

Results
The labeling step is again achieved considering several successive linked partitions ;. For
display convenience, three textures are used. If an object is receding, the corresponding
region is textured with lines oriented to the left, if it is approaching, it is textured with full
grey, and if it i1s transversally translating, it is textured with lines oriented to the right. In
this last case a small arrow indicates the direction of the translation.

Experiments with several real sequences have been carried out. We only report here two
of them. In the first one (Fig. 11), the camera is static. A pedestrian on the left, and a

cyclist in the middle are transversally translating to the left. On the right, a second pedes-
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trian is moving away from the camera. The interpretation process yields the right label for
each one of these mobile scene components (Fig. 12). In the second sequence (Fig. 14), the
camera is attached to a car moving on the right lane of the road in a direction parallel to
the camera axis. The own car is crossing another car which is also translating toward the
camera along a direction parallel to the optical axis. On the right, there is a pole which

is static. Both objects should be considered as potentially dangerous, since their relative
‘ motion with respect to the camera is an approaching one. Effectively, they are labeled by
the right label "approaching” (fig 13). In both examples, the threshold value A in all the
likelihood tests involved in this labeling process is equal to 0.01. This proves that to set
this threshold to a relevant value is not a critical matter at all. Besides it is worth noticing
that the interpretation classes are correctly recognized all along the sequence. Since the
link between regions in successive partition maps are retrievable, some kind of "intelligent”

tracking could be considered.

5. Conclusion

This report has described a complete scheme for analyzing the dynamical content of a scene
observed by a moving camera. It takes into account as input a monocular image scquence
and involves three main steps: 1) a motion-based segmentation module allowing to track
regions along the sequence; 2) a spatio-temporal generic symbolic motion labeling module;
3) a scene-related motion interpretation module which is straightforwardly derived from the
previous one according to the application at hand. Several experiments have been reported
dealing with real sequence depicting complex outdoor situations, and corresponding to rel-
evant dynamic scene analysis tasks. The interests of this study are three-fold. First this
method does not require neither explicit 3D measurements nor the estimation of 2D velocity
field. It mainly relies on the spatio-temporal variations of the intensity function while making
use of motion models at an appropriate level (2D linear models which are a good trade-off
between computation complexity and description efficiency). Second since we deal with not
perfectly exact models and noisy measurements, statistical criteria have been considered for
the two first basic steps of this interpretation scheme. Third the temporal dimension of the
problem is properly taken into account. The ability to supply temporally-linked motion-
based segmentation maps enables the motion interpretation step to rely on more than two

successive frames, which makes it more robust and comprehensive.
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Figure 2: (a) Second order neighborhood system, (b) binary cliques.
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Figure 3: (a) divergent field, (b) rotational field, (c) and (d) hyperbolic fields

Figure 4: coordinate system
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Figure 5: Sequence 1: three images

out of the sequence at time t,, ts and tgy.
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Figure 6: Sequence 1: the motion-based segmentation maps from time t; to ty.
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Figure 7: Sequence 2: three images out of the sequence at time {1, i3 and ts.
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Figure 8: Sequence 2: the motion-based segmentation maps from time t, to ts.
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Figure 9: Sequence 1: three images out of the sequence at time t4, tg and tg.
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Figure 10: Sequence 1: the scene-related motion interpretation maps from time ty to ts.
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Figure 12: Sequence &: three images out of the sequence at at time t,, ts and to.

Figure 13: Sequence 3: the scene-related motion interpretation maps from time t, to tg.
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Figure 14: Sequence : three images out of the sequence at time ty, 14 and t7.
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