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1. I n t roduc t i on  

The function often devoted to a vision system is to detect and track moving objects 
appearing in its field of view, [1-3]. A variety of applications are concerned with this 
problem, such as traffic control, remote surveillance of industrial areas, biomedical stud- 
ies or target tracking. When the camera is static, moving regions in the image plane 
necessarily correspond to moving objects in the scene. This paper addresses this basic 
issue of motion detection in an image sequence, and describes an original framework based 
on statistical models, namely spatio-temporal Markov fields. This method generalizes a 
first attempt of this kind we have recently presented in [4]. Substantial modifications 
have been introduced, which contribute to solve several shortcomings of the previous al- 
gorithm. This new version is able to handle textured moving objects and overlapping 
cases. By this last term, we mean both, situations where successive projections in time of 
a moving object overlap each other in the image plane, and occlusion situations between 
different moving ,objects. The ability to cope with overlapping cases also avoid to pay at- 
tention to the time sampling of the processed image sequence with respect to the size and 
speed of moving objects of interest. Besides the new way of modeling and using temporal 
contextual information enables to easily track moving regions through the image sequence. 

2. P r o b l e m  s t a t e m e n t  

If moving objects are present in the scene, obviously changes in time will occur in 
the image intensity array. In turn, when the camera is static, temporal intensity changes 
can be related mainly to motion. Nevertheless, motion detection cannot be reduced to 
temporal change detection. In particular a moving object gives raise to three kinds of 
change regions; first one corresponding to uncovered background, second to covered back- 
ground, third to the overlap of object projections (by the way, this last sub-class is often 
very partially perceptible). As a matter of fact what is only but completely sought for in 
every image are projections of moving objects, (also called moving object masks). Usual 
methods first extract successive temporal change maps, then try to recover projections 
of moving objects by applying some heuristics, [2,3]. We have adopted a quite different 
approach. The motion detection issue is considered as a whole and is stated as a statistical 
bayesian labeling problem based on Markov field models. Such an approach has already 
been proved relevant to other issues related to motion analysis, as reported in [5] for scene 
segmentation according to motion information, and in [6,7] for optic flow estimation. 

In a labeling problem, two sets of elements must be defined: observations, (i.e. data 
to be considered); labels (i.e. primitives to be extracted). The remarks of the paragraph 
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above naturally lead to take as observation the temporal derivative of the intensity func- 
tion f .  Let ot denote the observation array at time t, and p = (x, y) a pixel, we have: 
o,(p) = Of(p) /Ot .  In fact temporal derivatives will be approximated by finite differences 
between time t and time t - dr, denoted by i t .  Moreover another set of information is 
taken into account: the binary logical map of temporal changes between time t and time 
t - dr: 6t. It is obtained by an operator able to detect even weak temporal changes; the 
intensity is locally modeled by a linear function with an additive gaussian noise of con- 
stant variance and changes in the model parameter values are validated by a likelihood 
test as in [8]. 

On the other hand we consider primitives directly tied to the type of image content 
we want to delineate. Therefore the label set consists of two symbols, ~t = {a, b}, a 
for moving object masks, b for static background. A priori spatio-temporal models are 
associated with these primitives; these models must express what properties the solution 
is supposed to have (that forms the regularization effect). Let us first give some intuitive 
insights to the modeling step. All masks of moving objects obviously share some intrinsic 
basic spatio-temporal properties. They must show sufficient spatial coherence and their 
successive positions in time obey a certain law. This can be expressed in terms of required 
spatio-temporal contextual configurations, Then Markov field models represent very effi- 
cient and well-posed means to mathematically formulate this problem, [9]. Let us denote 
the label field at time t by et. This field is modeled as a Markov field in space and time; 
this will be explained in details in the next section. 

3. The  mode l ing  s tep  and the  decision cr i ter ion 

The markovian property in time is assumed in both directions along the time axis. 
Indeed we need contextual information from the close past and from the near future to 
identify the label field at time t. That is the reason why we consider label fields in pairs in 
the identification process. The solution to the labeling problem is formulated according 
to the maximum a posteriori (MAP) criterion: 

max~_~.~  P(et-dt ,  et /ot ,6t)  (1) 

The best interpretation in terms of moving object projections must have the greatest a pos- 
teriori probability given the observations at hand. This statistical approach also permits to 
properly deal with noise-corrupted observations. Maximizing expression (1) with respect 
to et-dt and et is equivalent to maximizing the joint probability ~ = P(et-dt ,  et, or, at). 
One attractive aspect of this approach is that we can build an explicit version of ( using 
the equivalence between Gibbs distributions and Markov fields, as primarily emphasized 
in the context of image processing in [9]. 

Local contextual models can then be related to potential functions defined on so-called 
cliques; ct!ques are subsets of sites (here sites are pixels) which are mutual neighbors. We 
consider the following spatio-tempora~ neighborhood system: a 3x3 spatial neighborhood 
centered in (p, t) and one-to-one connections from (p, t) towards (p, t - d t )  and (p, t+dt) .  As 
far as spatial cliques c8 are concerned, we only take into account the four ones comprising 
two sites (horizontal, vertical and two diagonal cliques). Spatial potentials V~ s have been 
defined in such a way as to favouring homogeneity of the label field, that is to have 
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a spatial regularization effect, (e.g. to eliminate isolated points). They are of logistic 
kind; that is equal to a predefined level, (resp. - ~ ,  and /~s ), according to the label 
configuration of the clique at hand, (resp. same labels and different labels), knowing that 
a negative value encourages the corresponding configuration. It is not necessary here to 
introduce a complementary edge-site system to take into account discontinuities as in [9], 
because of the existence of the temporal cliques. These potentials summed over spatial 
cliques form a first energy function W,. Of more specificity to the problem at hand, are 
potential functions tied to the temporal clique also containing two sites. Again they are 
of logistic kind. They contribute to determine which temporal configurations between 
(a,'a), (a, b), (b, a), (b, b), at pixel p, at two successive times, are encouraged and which 
axe discouraged, according to 6t(p) considered as a deterministic external information. 
They are described in Table 1 .  In particular overlapping situations are thus correctly 
handled. These temporal potentials V~ lead to a second energy function W,. The third 
energy function We will express the adequacy between observations and current estimates 
of the primitives. We assume that the relation between these two sets is defined by: 

o (p) = + (2) 

where ¢ can take a value among three possible ones which can be either predefined or 
locally estimated on-line; and n is a white (in space and time) zero-mean Gaussian noise 
of constant variance a 2. The corresponding energy function We is then given by: 

1 ~ [ ] , ( p )  _ ¢(e,_~,(p), e,(p))]~ (3) 
W~ = 20,2 

P 

The noise variance is estimated once at the beginning of the processed image sequence. 
Finally we get the total energy function 

(4) 

We can assume that ~ is proportional to exp( -W).  The optimal map of moving object 
masks will correspond to the lowest value of energy W. 

4. ° The  op t imiza t ion  p rocedure ,  the  t racking  scheme,  and resul t s  

To minimize W, we use an iterative deterministic method as in the early version 
described in [4]. It yields a very good trade-off in our case between computation speed 
and result quality. Moreover it is completed by an efficient procedure for iteratively 
selecting sites to be visited, as suggested in [10]. Let us outline that all computations are 
very local. The optimization of every label field et is done in a two-pass manner. First 
we derive a first estimate ~, when considering pair (at-dr, e,); second, considering pair 
(e,, at+d,), we update dt and we get the final estimate dr; of course the first estimate ~,+dt 
is simultaneously obtained. Afterwards the same holds for et+d, and so on. This prediction 
scheme, associated with the markovian property of the label field in time, explains that 
we can now easily implement a tracking procedure of the detected moving regions through 
the image sequence. 

This is essentially a matter of recursive number allocation. First, an initializing step 
is needed; that is, given the first estimated label field e~ 0 a different number is assigned to 
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each connected subset of a-labeled points. Then let us assume that the tracking process 
has been achieved until time t - dt, it is pursued at time t as follows. Let qk be a reference 
point among points with number k in the image at time t - dr. The same number k is 
assigned to the point pq in the image t belonging to the temporal clique of qk. This as- 
sumes that the intersection of two successive projections in time of a given moving object 
is not empty. Then starting from point pq, the assignment of number k in the image t 
is propagated step-by-step to the a-labeled points connected through the spatial cliques. 
When this is achieved, number k + 1 is taken into account, and so on. Two specific cases 
may happen: the merging and the splitting of moving masks. They can correspond for 
instance to the crossing of two different moving objects. The first case will be detected 
when two different numbers k and k' are present in a spatial clique. This conflict situation 
is easily solved by "equaling" k! to  k (i.e. by creating a link). The second case will provide 
the same situation as the one encountered when a new moving object is appeaxing. A sub- 
set of connected a-labeled points in the image at time t will remain without any number 
assigned at the end of the process. It will then receive a new number. This tracking stage 
has been separately presented to make the explanation easier. Actually numbers k can 
be considered as supplementary primitives which can be straightforwardly included in the 
modeling step. Therefore detection and tracking can be nearly simultaneously carried out. 

Numerous experiments with several image sequences depicting outdoor scenes have 
been processed. Results are quite fine. We present here one example. Fig.1 shows three 
(not successive) images from the input sequence taken at times tl, t2, t3. The camera is 
static and some cars are moving down and another one is moving up. The binary map of 
the change regions supplied by a simple temporal intensity change detector depicts very 
incomplete moving object masks and a lot of spurious isolated points all over the image. 
In the results obtained with the maxkovian approach, Fig.2, the stationary background is 
free of spuriously detected points and the extracted regions rather well correspond to the 
real masks of the moving objects: This is confirmed throughout the entire processed se- 
quence. Let us outline that the images are not of high quality and that the part missing in 
the moving object mask at the bottom of the image is due to the complete lack of contrast 
between background intensity and car windscreen intensity. It has also been found that 
the parametrization of the model is not a critica/problem for this motion detection issue; 
the same set of parameter values has been used for different image sequences. Moreover 
the number of parameters is rather small. 

We have described a general, model-based and robust method for motion detection 
in an image sequence, which besides leads to a simple tracking procedure. This method 
does not suppose any a priori knowledge on the respective intensity values of moving 
object projections and background; it does not require anymore any identification of the 
background intensity distribution. As all the computations axe local, an efficient fast 
implementation is indeed reachable, which Mlows an effective use in practical situations. 
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Figure 1: Three original images (not successive) out of  the sequence at times tl, t2, t3. 

Figure 2: The moving object masks at times tl, t2, t3; (fir = 100, ~'~ = 1000, ~s = 10) 
(The time interval dt indeed corresponds to the video rate). 

[ (et-dt, et, ot) [ ( b , b , 0 ) [ ( b , b , 1 ) [ ( a , b i 0 ) [ ( a , b , 1 ) [ ( b , a , 0 ) [ ( b , a , 1 ) [ ( a , a , 0 )  [(a,a,1)]  

Table 1: The temporal potentials (6t = 1, means temporal change, ot -- 0 no change) 


