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1. Introduction 

Scene understanding using image sequence is a very challenging task [5]. Substantial 
works have been devoted to this topic, in particular to the recovery Of quantitative 3D 
motion and structure parameters in the scene from optic flow, [1]. Because of noisy 
measurement of apparent motion, problems of numerical instability and estimation errors 
of the 3D measures appear. Then, as primarily suggested by Thompson et al, [11], it 
becomes attractive to follow a qualitative approach, in order to obtain stable and robust 
descriptions, which still keeps enough richness of information in many situations. Indeed 
theoretical studies have pointed out that the geometry of the apparent velocity field 
contains by itself significant useful information, [4,6]. This paper is concerned with a 
qualitative description of the kinematic behaviours of the objects in the scene (including 
the sensor itself), comprising both the kind of motion (e.g. translation, rotation), and 
the type of trajectory (e.g. parMlel or perpendicular to the image plane). Nagel presents 
several approaches to provide conceptual descriptions of the scene, based on different 
typical situations, [7]. Burger and Bhanu in [3], try to reason using symbolic entities and 
multiple simultaneous qualitative interpretations of the scene. More recently, obstacle 
avoidance using a divergence cue has been treated according to a qualitative approach, 
by Nelson and Aloimonos, [8]. 

The problem is here addressed as follows : first, through a first order development, 
pertinent cues of the apparent velocity vector field in the 2D image are defined, each of 
them describing a particular aspect of this field (Section 1); then we establish the relation 
between these terms and the 3D motion parameters, and define possible sets of labels as- 
sociated with different kinematic behaviours (Section 2); the label (model) validation step 
is ~olved using statistical approaches, the first one consisting in a likelihood test tree, the 
other one based on an information criterion (Section 3); Results are presented in Section 4. 

2. 2D vec tor  field descr ip t ion 

The basic information we consider is the 2D apparent velocity vector field in the 
image, resulting from the relative motion between camera and objects in the scene. As 
emphasized later, this does not mean that an explicit estimation of this field is necessarily 
required. In this section, we will mathematically justify the introduction of particular 
cues on this field, which are very relevant for interpretation purposes, [8,11]. After some 
studies, it has appeared that first order description of a vector field can be sufficient to 
interpretation (second-order informations are likely to be very noisy while bringing few 
significant supplementary qualitative information). 

Let us consider the first order development of the velocity vector w_w_ around a point 
p (xv, yp) in the image : 
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w_(x,y) = (u,v) T = (%,bp) T + M . ( x - x p ,  y - y v )  T (~1) 
ou ou ov  m av  the coefficients of the matrix M are given by : mll = ~ ,  m12 = ~-~y, m21 = ~-~, 22 = ~ .  

M can be decomposed into, [10] : 
M = ½(trace M ) I  + ½ ( M  - M T) + ½ [M + M T - ( t r a c e  M)I]  (2) 

which leads to this formulation : 

1 [1  0 1 1  [ 0  0 1 1 1  [1  01] 1 .hyp2 . [O 1]  
M = ~ div. 0 1 + 2 r°t" 1 + ~ hypl. 0 - + z  1 0 (3) 

0~. (for divergence), rot 0" o= (for rotational), hypl o~ a, The terms div = ~ + ~ - ~, o~ - o~ oy 
and hyp2 = 0~ ~. 0~ (for hyperbolic terms) are much more convenient than 0~, 0~ a~ and 

Oy ~ ~x  Ox'  Oy'  Ox 

o~ because they correspond to particular fields, which can be quite naturally interpre- 
Oy 
tared. The interpretation of any vector field becomes much more easily based on these 
four first order terms. Moreover, they provide independant and complementary informa- 
tion, since the new decomposition is still obtained in an orthogonal basis. 

3. Defini t ion of the  label set 

When the analyzed field is a velocity vector one, the physical link between these 
four terms and the 3D structure and motion parameters can be explicitly proven. In a 
cartesian coordinate system O X Y Z  where O is the projection centre and OZ is along the 
optical axis, we Consider the 3D relative motion of an object consisting of translational 
velocity T = (U, V, W)  T, and rotational velocity f~ = (A, B,  C) T, i.e. for any point P of 
this object: Vp = T + f lxOP.  Using the classical perspective projection equations and 
deriving them with respect to time, it can be easily shown that : 

div = - 2  W-- v v 
zo - "~1~o - "~2 ~ 

h pl = + 
(4) 

where Z0, 71 and 72 are respectively the depth and first order structure parameters of the 
object surface patch, whose projection in the image lies around point p. 

For a qualitative interpretation of motion, what is important is the comparison of these 
terms to zero. Accordingly, we associate to each quantitative term div, rot, hypl,  hyp2 a 
qualitative (boolean) variable Vd~, V~ot, Vh~vl, Vh~p2, equzd to 0 if its quantitative value is 
non significant, and respectively D, R, H1, H2 otherwise. Now, we are no more reasoning 
on quantitative values, but symbols the associations of which correspond to particular 
motion configurations. 

From the relations (4), it is clear that several typical dynamic situations can be ex- 
pressed. For instance, in the (Vd~, V~ot, Vhypl, Vh~p2) basis, the (D, 0, 0, 0) association or 
label is the qualitative description of a motion along the optical axis (it is besides usual to 
base the obstacle detection on a divergence cue). (0, R, 0, 0) describes a rotation around 
this axis, and so on. To show it is of great interest in practical situations, let us consider 
very concrete cases. In a car driving situation, recognition of relative axial and transversal 
motion to the camera is crucial. The first one would be labeled (D, 0, 0, 0); the second 
one (0, 0, 0, 0) if the camera is static, (D, R, Hi ,  H2) otherwise. In an industrial context, 
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supervising a rotating device may be an useful task. By setting the optical axis of the 
camera along the rotation axis, the label would be (0, R, 0, 0). 

It is important to remark that t he  motion description is only based on the linear 
terms of the velocity field. These terms do not depend on the reference point in the im- 
age. Therefore we do not need to know the position of the optical center, or to estimate 
the FOE. Moreover, as we aim at obtaining a qualitative description, and not the exact 
estimation of 3D parameters, a complete camera calibration is not required. 

4. Labeling process 

Now, 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, we must determine 
which label (i.e. symbol association) is the most representative inside it, that is, decide 
which cue Values are significant or not. Merely comparing the magnitudes of the quanti- 
tative terms div, rot, hypl, hyp2 (or function of them) to a threshold, as initialy described 
in [11], remains very difficult and tricky. On one hand, the threshold choice would be 
very dependent on the context and objectives of the analysis. On the other hand, we can- 
not introduce noise model with this approach, though the considered observation (optical 
flow) is actually noisy. That is the reason why we resort to a statistical approach to deal 
with this problem. The first point is to define what we take as observation. 

Let us denote w_ the true velocity field, w__on the velocity field generated by the linear 
model m parametrized by O,~. For instance, for the (D, 0, 0, 0) label, Om = (div,O, 0, 0) 
and W__om = (ap + {.div.x, bp + ½.div.y) T. I is the image intensity, V I  and It its spatial 
and temporal derivatives, w_ and I are linked by the well-known image flow constraint 
equation, [1]: w.VI + -~ = 0 (5). If the true field has been estimated, we consider as 
observations the vectorial random variables : _eem (x, y) = W_em (x, y ) ' ~ ( x ,  y) (6) 
If the true velocity vector field is not available, we consider the following scalar random 
variables: eel(x,  y) = (W_em(X, y) - v_(x, y)).VI(x,  y) 

o I  i.e. using relation (5), corn(x, y) = w__e,~(x , y).V_I(x, y) + ~(x ,  y) (7) 
In both cases, the considered variables are supposed to be independant gaussian zero- 
mean variables. The second point now is to choose a proper decision criterion to realize 
the numerical-to-symbolic step. 

A first method corresponds to the determination of each qualitative variable state by 
a generalized likelihood ratio (GLR) test. For instance, Vd~ will be determined by testing 
hypothesis (D, R, H1, H2) against hypothesis (0, R, H1, H2), which means comparing to 
a threshold the ratio of the likelihood of each label (i.e. the joint density probability of 
the corresponding parametrized observations, f(eo,,)),  if the ratio is greater than the 
threshold, V~i. is declared to be equal to D, 0 otherwise. With this approach, we do 
not test directly the magnitude of the quantitative terms. Yet a threshold has still to be 
chosen; but in this case it is not a critical matter. The different tests for each qualitative 
variable must be considered according to a reasonable order depending on the application, 
which leads to a sequential decision tree. 

A more attractive method consists in defining a significant sub-set of labels {L,~} well 
suited to the application at hand, and in testing all together these labels. The optimal 
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label La is found using a statistical information criterion, of the kind: 

= arg mmin [-log[f(eo,~)] + q~(n).dim(Om)] (8) 

where O,~ denotes the parameter vector of the model m; dim(O,~) is the vector dimen- 
sion; f is again the likelihood of the model m; n, the number of points of the considered 
area; and k~ a given function. There exists a family of criteria i corresponding to different 
choices of qt, [9]. After preliminary tests, it appeared that the most interesting criterion 
for this application is the Rissanen criterion (RIC). In this case, ~(n) = log(n). By the 
way, this version of q/can also be derived from a Bayesian approach. Before comparing 
the models, the optimal parameter vector 6,~ has to be found for each model. The second 
term of the criterion (8) acts as a penalization term on the model complexity. Hence, if 
the likelihood of a given model is not really better than a simpler one, the more complete 
model wi]l be eliminated because of the penalization term. This means that in fact, it 
does not bring any significant additional information. 

5. Resu l t s  and Conc lus ion  

We present in Fig.1 some results of the two approaches on a real sequence. Labeling 
is undertaken after a spatio-temporal segmentation step which gives an image partition 
in areas in which an unique motion model is supposed to be present, [2]. In these experi- 
ments, the velocity field has not been estimated, and the observation variables are those 
of expression (7). A set of five labels has been considered (Fig,ld). The vehicles in the 
scene are moving toward the camera, which is itself fixed on a moving car, Fig.la. All the 
movements in the scene are parallel to its optical axis. The corresponding regions in the 
image should be labeled as (D, 0, 0, 0). As shown in Fig.lb-c, both methods give good and 
coherent results on the first car, which is the object of interest in this example. This has 
been confirmed by others experiments carried out with several real sequences acquired at 
the laboratory, corresponding to a static scene but different sensor motion. The type of 
the apparent resulting motion was correctly labeled. However, it sometimes happens that 
the second method fails, that is, selects a more complete model than the true one (for 
instance, instead of (D, 0, 0, 0) label, the complete one (D, R, H1, H2) is chosen). This 
may occur when the estimation of the model parameters is too rough. In this case, the 
likelihood term increases, which makes the penality term become negligible. Therefore, 
given advantages of each method (i.e. robustness for the GLR; convenience and generality 
for the RIC), we seek for a combination of them which in particular would avoid as often 
as possible thresholding steps. Besides, up to now, labeling is realized instantaneously (i.e. 
considering motion information between only two images). We are now integrating the 
temporal axis in the labeling process, which should improve the richness of the qualitative 
description and then the efficiency of the RIC method (the range of model dimensions 
should increase, which would reinforce the role of the penalty term). 

This paper has dealt with the derivation of a qualitative description of the kinematic 
behaviours of the objects in the scene. It rePresents a real alternative to quantitative 
estimations of the 3D motion and structure parameters. The interests of this study are 
two-fold. First, we have explicitly and analytically linked the description cues to the 2D 
apparent motion and the 3D motion. Second, we have described model-based statistical 
decision methods to achieve the numerical-to-symbolic step. They enable to address any 
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determination of qualitative motion information in a non ad-hoc and unified manner. 
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Figure 1: Results of labeling at two different timea in the sequence : (a) original image 
(first one of the considered pair), (b) labeling with the 1st method (GLR), (c) labeling with 
the 2nd method (RIC), (d) the set {Lm} of the five considered labels 


