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A b s t r a c t .  We present a method based on Kalman filtering, for image 
motion estimation. Within Kalman formalism, a motion boundary can be 
modelled as a jump in the evolution equation of the filter. The detection of 
such a jump relies on a Z a statistical test applied to the innovation signal. 
The optimal estimation of the jump parameters and the compensation of the 
current estimate are performed using a General Likelihood Ratio (GLR) 
algorithm. To exploit the spatial redundancy inherent to a motion boundary, 
the original GLR algorithm is reformulated by integrating spatiotemporal 
motion information. This results in a significant decrease of the 
compensation delay. 

1. Introduction 
This paper focuses on the estimation of dense image velocity fields from a monocular 
sequence of images [3],[4],[5]. It is well known that the motion information carried 
by the spatial and temporal derivatives of the intensity function at a given image 
point is associated with an anisotropic uncertainty. Several ways have been proposed 
to raise this uncertainty: integration of spatial coherence constraints [3],[5], and/or 
temporal coherence constraints [2],[5]. Of course, the coherence hypotheses are not 
always available. Points violating these hypotheses, generally called motion 
boundaries, are a priori unknown. The close relationship between motion estimation 
and detection of motion boundaries is one of the major difficulties in image motion 
analysis. 

Our approach consists of integrating the phases of image motion estimation and 
detection of spatiotemporai motion boundaries within a uniform, incremental, local 
estimation process based on Kalman filtering. This offers an explicit representation of 
the estimation error at each step of the estimation process and an explicit 
consideration of motion boundaries, detected as temporal discontinuities of the 
system's state vector to estimate. To deal with a motion boundary, a compensation 
mechanism based on a Generalised Likelihood Ratio (GLR) algorithm is introduced 
[61. 

2. Temporal Kalman filter for motion estimation 
Let us suppose the intensity function I to be conserved along the image trajectories. If  
the displacement vector w(p,0 at point p is small enough with respect to the 1st-order 
derivatives of I, then point p verifies the Motion Constraint Equation (MCE) [3]: 
VI(p,0.w(p,t) + It(p,t) = 0. In the sequel, we suppose that this equation is verified. 
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A lst-order state model is chosen in a way to provide a reasonable trade-off between an 
arbitrarily high order model leading to computational complexity and instabilities, and 
an arbitrarily low order model leading to underestimation. 

Let X(p,t)= [w(p,t) w(p,t)] be the state vector. The evolution equation is a lst- 

order temporal model perturbed by a zero mean Gaussian noise: 

I10 At] X(p, t+l )=~X(p, t )+r(p , t ) ,  ~ =  , r(p,t)=(O,R(p,t)). 

The observation z(p,t) at a point p at instant t is given by the MCE and is assumed to 
be affected by zero mean Gaussian noise: 

z(p, t) = H(p, t)X(p, t) + s(p, t), H(p, t) -- [Vl(p, t) 0] r ,  s(p, t) = (0, S(p, t)) 

When a motion boundary crosses a given pixel, the evolution model of the Kalman 
state vector is temporally no more adequate. The on-line detection of such a 
discrepancy constitutes the basis of our approach for localising motion boundaries. 

3. Cons iderat ion  o f  mot ion  boundar ies  

A motion boundary leads to a jump in the system state vector, which can be modelled 
by the following evolution equation: 

X(p,t + 1) = d~(t)X(p,t) + t~t+l, 0 V+ r(p,t) 

where 0 is the jump instant, and the vector v is the jump amplitude. Taking into 
account a motion boundary becomes then equivalent to detecting the jump, estimating 
its parameters 0 and v and compensating the current estimate. 

The GLR algori thm A way for estimating the parameters of a dynamic jump 
consist in using the principle called Generalised Likelihood Ratio (GLR). It is based 
on the detection of a non white component, within the Kalman innovation signal y(t) 
(see [6],[1]). The detection relies on the comparison of two opposite hypotheses: 

11o: Y(t) = ) tl  (t) (No jump) 

Hi: Y(t)= Y1(t)+G(t,O)v (,lump) 

where 1,1(t) is a zero mean Gaussian noise sequence which represents the innovation 
under the H 0 hypothesis. G(t,0)v is the response of the innovation signal to an 
additive jump of amplitude v. At each instant t, the signature G(t,0) of the jump 
which occurred at time 0 can recursively be computed, in relationship with the 
signature F(t,0) of the jump on the current estimate (see [6]). At time t, decision 
between HO or H1 is based on the computation of a log-likelihood ratio for H1 versus 
H0, given the observed innovations 1'(1), y(2) .... l'(t): 

L[y(1) ..... y(t) / H 1, 0 = 0(t), v = v(t)] 
A(t) 

L[y(1) ..... 7(t) / no ] ' 

where0(t) and ~(t) are the maximum likelihood estimates of 0 and v under the 
hypothesis H1. Ever since a jump is detected, the current value of the signature F(t,0) 
allows one to optimally update the estimate as well as the estimation error (see [6]). 
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The principle of the GLR algorithm is based on the measurement of the temporal 
correlation between the signature G(t,0) and the innovation signal y(t). This results in 
a very heavy general formalism and induces a delay on the compensation. To cope 
with all these, we propose a mixed (x2-GLR) algorithm, exploiting the spatial 
redundancy inherent to a motion boundary. This results in a significant simplification 
of the original GLR algorithm and a reduction of the compensation delay. 

Detect ion of  a motion boundary .  When the evolution equation is valid, and 
under convergence conditions, the innovation signal y(p,t) is a zero-mean Gaussian 
sequence with a known covariance matrix V(p,t). Consequently, the loss of one of 
these properties proves the inadequacy between the state model and the system to be 
estimated. Several approaches for such a detection are then possible [7]. An interesting 
one is based on the analysis of the following quantity: 

t 

l(p,t)= Z ( ? ' r ( p , j ) V - l ( p , j ) 7 ( P , J ) )  
j=t-N+l 

If there is no jump in the model, l(p,t) follows a Student law with N degrees of 
freedom, where N is the size of the temporal window. A probability of false alarms 
(Pfa) having been chosen, tables of the X 2 distribution provide the threshold e such 
that: l(p,t) > e ~ hypothesis H 1 (Jump). The Pfa is chosen in a way to provide a 

reasonable trade-off between false and missed alarms. After a jump detection, the jump 
instant x can be a posteriori determined, in the period [t-N,t]. Once a jump has been 
detected, the current estimate has to be updated. The first solution consists in 
increasing the evolution noise, so that the evolution model is temporally discarded. 
This way is quite reasonable, despite of the delay before a new convergence occurs. A 
more satisfactory way consists in optimally compensating the current estimate, using 
the GLR algorithm. However, it may introduce a degradation of the estimated field in 
the case of homogeneous areas due to the poor information contents of the innovation 
in this case and to the resulting instability in the estimation of the jump amplitude. 

The mixed x2-GLR algor i thm To estimate the magnitude of the jump, we use 
the GLR algorithm by injecting the knowledge about the jump instant x. Then the 
response G(p,t,x) is recursively computed (see [6]). Finally, the optimal magnitude of 

the jump ~(p, t) is computed by minimising: 

I 

f (v ,p, t )= Z [ ( y ( p , j ) - G ( p , j ,  r )v)  r V-l(p,j) (7(p, j ) -G(p, j ,  Tr)v)]. 
j=v 

The compensation equations are given in [6]. The compensation date is governed by 
the current value of the estimation en'or related to ~,(p,t). A method allowing one to 
considerably accelerate the estimation of v, by explicitly taking into account the 
spatiotemporal nature of the available image motion information, is the following. 

The mixed spat iotemporal  z2-GLR algor i thm Let p be a given pixel reached 
by a motion boundary at time x and let ~ be its neighbouring area. Let U('0 be the 
subset of f2 reached by the boundary at x. All the corresponding displacement vectors 
are then affected by a quite similar dynamic perturbation. By exploiting this 
information, it is possible to improve the robustness of the jump estimation through 
the GLR algorithm and therefore to considerably reduce the compensation delay. If 
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is small enough so that the magnitude of the jump can be considered constant over 
U(x), then v can be computed by minimising the new constraint: 

.f~e,,(v,p,t)= Zf (v ,q , t )  
qeU: 

leading to a spatiotemporal correlation between T and G, generalised over U(x). The 
overall gain in terms of delay of compensation is of the order of Card(U(x)). 

4. Experimental results 
We present some results obtained when applying our method to various sequences of 
real images. The first sequence, involving real textured areas animated by simulated 
motion, allows the illustration of all the different aspects of the GLR-based 
compensation method. 

Figurel: A sequence with two similar objects having different uniform translational 
motions: (a) the raw hnage of the original texture; (b) the estimated vector field without 

GLR compensation, (c) with a temporal GLR compensation and (d) with a spatiotemporal 
GLR compensation 
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The second, a well known testbed sequence, illustrates how Kalman filtering, 
combined with a ~2 statistical test, works on real motion sequences. 

First  test  sequence:  Real  images  with s imulated  m o t i o n  

We consider two textured areas (texture of figla) animated by different translational 
motions. The left object, moving from left to right, progressively occludes the right 
object, moving upwards. Fig l-b, 1-c, 1-d present the estimated fields in the case of 
Kalman filtering, without a compensation mechanism (fig I-b), with temporal GLR 
(fig 1-c), and with spatiotemporal GLR (fig l-d). A 5-pixels wide temporal window is 
used for the ~2 statistical test and a spatial neighbourhood of 4x4 pixels for the GLR. 

Figure 2: (a),(b) Two raw images of the Mobi sequence (CCETF Rennes-F); (c) The local 
motion field near the boundary between the poster and the calendar and (d) around the ball. 
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Second test sequence: A real  mot ion  sequence.  We present some results 
obtained with the Kalman filter on the "Mobi Sequence" (see figs 2-a, 2-b). The 
camera is making a pan motion. The calendar translates vertically and the toy train 
pushes the ball. The g2 test is used for the detection of motion boundaries. The 
estimation error related to homogeneous areas is maintained to the initial value. When 
detecting a motion discontinuity, the evolution noise is re-initialised. Figs 2-c and 2-d 
illustrate the local motion at the boundary between the poster and the calendar and 
around the ball, related to the areas where the convergence has been reached. 

5. C o n c l u s i o n  

We have presented a method that estimates motion based on temporal Kalman 
filtering. With respect to the classical computation of optical flow involving only 
spatial integration of motion information, Kalman filtering offers the advantage to 
introduce an additional temporal integration of motion data over several frames. 

We have shown that within the Kalman formalism, a motion boundary can be 
modelled as a jump in the evolution equation of the filter. A classical GLR algorithm 
could be used for this, but the implementational and computational costs are almost 
prohibitive. We have therefore devised an alternative solution based on a mixed 
statistical and GLR combination approach: a jump is detected by applying a statistical 
(Z2) test on the innovation signal and GLR is used only to quantify the jump and 
optimally estimate its magnitude. 

Such an approach introduces a significant delay in compensating the Kalman filter 
equations whenever a jump occurs. To exploit the spatial redundancy due to the 
presence of a motion boundary and to optimize the quantification delay of a jump, we 
have reformulated the original GLR algorithm by integrating spatiotemporal motion 
information. We have shown that this resulted in a significant decrease of the 
compensation delay. 
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