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A b s t r a c t .  The tracking of moving objects in the 3D space for long-term 
image sequences must be very robust with respect to noise and compu- 
tational errors. Thus, for example autoregressive, and Newtonian models 
have been adopted mainly with least-square, Kalman filter, and other 
techniques. The parameters measured are predicted/corrected on the ba- 
sis of the model adopted; which can be adaptive or not. In this paper, a 
new method for tracking objects in the 3D space belonging to the class of 
matching-based algorithms with an adaptive prediction/correction mech- 
anism is presented. The prediction/correction is based on 2D and 3D mo- 
tion estimations, and both these corrections are used for measuring the 
displacements on the image plane. The mechanism proposed is very robust 
with respect to the accumulation error and, thus, it is suitable for very 
long-term object tracking. 

1 I n t r o d u c t i o n  

The estimation of the 3D motion is of relevance in many problems such as 3D 
object reconstruction, object tracking and robot navigation. In order to estimate 
the 3D motion, its perspective projection on the image plane (i.e., motion field) is 
usually evaluated [1]. Given a point P(t) (at t ime t) in the 3D space identified by 
the vector P( t )  = (X, Y, Z) t, its perspective projection on the image plane (with 
focal length, Z = l) is the point p( t)  = (z, p, l) t (see Fig.l) .  Two main approaches 
for motion field estimation can be identified, that  is, the gradient-based and the 
matching-based approach. The former is based on the solution of partial  differential 
equations [2], [3], [4] and leads to the estimation of an approximated motion field 
called optical flow field. The matching-based approach is based on the well-know 
technique of correspondences [5], which, in turn, is based on the identification of 
a set of sparse and well-identifiable features of the moving object. By tracking 
these features, an inter-frame correspondence is searched to estimate the motion 
(displacement) of selected features on the image plane. The field of displacements 
est imated is equivalent to a sparse optical flow. 

Several techniques for 3D motion estimation take for granted the estimation 
of motio n.field - e.g., [6]. This assumption implies that  the estimation of a motion 
field is often considered as an error-free process, but unfortunately this is not 

*true. As regards, the tracking of moving objects in the 3D space, the estimation 
of motion fields by means of the gradient-based approach is affected by errors which 
are due to (i) the differential model itself (e.g., image brightness discontinuities 
due to noise, too crisp patterns,  etc.) and (ii) the lack of a stable correspondence 
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Fig. 1. The camera geometry and the motion field. 

between the vectors of the motion field and 3D points of the observed 3D moving 
object. On the contrary, the estimation of a motion field by means of the matching- 
based approach of image patterns is affected by the accumulation error (mainly 
due to the image discretization), and it is very sensitive to noise [7]. Several 
solutions have been proposed in order to make the tracking of the 3D motion 
robust enough to be used on very long sequences. To this end, autoregressive, 
Newtonian, and other models have been adopted mainly with least-square or 
Kalman filter techniques [8], [9], [10]. These approaches are based on the paradigm 
of motion prediction/correction where a reaction loop is closed after the estimation 
of the 2D motion, implementing a sort of passive correction where the system of 
measure is not involved in the correction loop. This method does not eliminate 
the well-known accumulation error, even if it improves the robustness of the 3D 
motion estimation with respect to noise. 

In this paper, a new method for tracking objects in the 3D space is presented. 
It belongs to the class of matching-based algorithms, and is based on a double- 
closed loop of prediction/correction, implementing an active correction on the 
system of measure. The mechanism proposed has a great robustness with respect 
to the accumulation error; thus, it is suitable for very long-term tracking. 

2 Motion Tracking 

The motion field estimation by means of the block-matching technique consists 
in finding coordinates (x', y') of the image segment center which minimize the 
correspondence between the image segments belonging to the image at time t and 
the reference image segment at time (t - At) with coordinates x, y (the pat tern 
is taken as the feature to be tracked [5]). The estimation of the correspondence is 
obtained by: 

MI2 NI2 

c (x , y ,x ' , y ' )  = 2, 
rn=-M/2 n=-N/2 

where: E(~,v,t ) is the image brightness value at time t with coordinates x, y (the 
time identifies an image in the long-term sequence); M and N are the dimensions 
of the image segment a long the x- and y-axes, respectivelyl; (x, y) and (x', y') 

1 In the following the image segments are considered squared, i.e., M = N. 
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are the image coordinates identifying the positions of the image segment at time 
t and t - At, respectively. The minimization consists in searching the minima of 
function C ( x ,  y, x ' ,  y ' )  around the image point x, y for x '  = x - F / 2 , . . ,  x + F / 2  

and y'  = y - F / 2 ,  .., y + F / 2  where F is the dimension of the image segment 
in which the minima is searched. The differences S x  = x ~ - x ,  S y  = y '  - y are 
the components of the image segment displacement on the image plane - i.e., the 
velocity of point p on the image plane (see Fig.l). 

With the b l o c k - m a t c h i n g  technique, the pattern of the image segment around 
the point under tracking at time t - At is used as the reference pattern for search- 
ing the displacement at time t. This mechanism of updating avoids the problems 
related to the progressive dismissal of the reference pattern with respect to the 
object pattern projected on the image. On the contrary, by updating the image 
pattern the so-called a c c u m u l a t i o n  e r ror  ( g a )  can be found [7]. This is due to 
the accumulation of the error in measuring the displacement of the tracked image 
pattern. The error in estimating the displacement is propagated to the successive 
measurements since the reference pattern is updated by using an imprecise mea- 
surement. The accumulation error tends to increase its value over time, leading 
to degenerative situations. If the ga is constrained to be very low, then long-term 
motion tracking is possible. 

2.1 M o t i o n  field p r e d i c t i o n / c o r r e c t i o n  

Typically, the prediction model is based on the schema shown in Fig.2. The model 
parameters are estimated on the basis of the history of corrected estimations 
( S e ( j )  per j = t - A t ,  .., t -- G ' A t ) ,  while the system of measure, which provides 
the position p ( t ) ,  is not influenced by the predicted/corrected values. This schema 
implements an adaptive estimation of the motion model. The old position p ( t  - 

At), is used to evaluate the measure of displacement S i n ( t )  = p ( t )  - p ( t  - A t ) .  

Model parameters are used to estimate the predicted displacement, S p ( t ) ,  and this 
is compared with the measured, S i n ( t ) .  In order to obtain the predicted/corrected 
displacement, S c ( t ) .  The correction is usually obtained by defining an algorithm 
based on statistics observations and/or simple rules. 

F q, 

~ predlctlon 

--6t)--~ least-square motion 
S(t---~' estimatlon parameters 

p(t) 

Sp(• 

1 
Sin(• ~correctlon Sc(t) 

( t -Z~ t )  

Fig. 2. System of measure with prediction/correction. 

The most frequently used m o t i o n  m o d e l  is the autoregressive model [9], which 
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is based on the following equation: 

S p ( t )  = a o S ( t  - A t )  + a l S i t  -- 2At) + ..... + a,~S(t  -- ( n + 1)At) + ~(t), (1) 

where: ai for i = 0, .., n are the model  parameters ;  n is the order of the model; 
Sp(t) is the estimation of predicted displacement at time t; and (r(t) represents the 
model of noise (e.g., Gaussian). The model parameters are estimated by taking 
into account G equations (1) defined in the previous time instants for t = (t - 
At) , . . ,  ( t -- (G + n + 1)At), with Sit  ) instead of Sp(t). Thus, an over-determined 
system of G equations in n + 1 unknowns, is defined. This is usually solved by 
using the least-square technique. A term for modeling the effect of noise, crit), is 
usually added to reduce the averaged error over time [9], and to avoid singularity 
in the over-determined system of G equations. 

A more robust motion model can be defined by means of t h e  polynomial 
interpolation by using the last G ~ instants: 

@(t )  = b0 + bl t + b~ t 2 + .... + b~ t ~ + ~(t), (2) 

where: bi for i = 0, .., n are the model  parame te r s ,  and n is the model order. These 
parameters are strongly different from the model parameters of the previously 
shown model (1). Thus, an over-determined system of G t equations in n + 1 
unknowns for t = (t - A t ) ,  .., (t - G ' A t )  is defined. If in both autoregressive 
and polynomial models the same model order, and the same number of old time 
instants, are used, then G t is equal to G + n + 1. In the case of first-order model 
(i.e., b~ = 0 if n > 1), equation (2) becomes: 

s ( t )  = bo + blt + 

If the last G ~ time instants are considered, then ~n over-determined system of G ~ 
equations with b0 and bl as unknowns is defined. Since At can be considered con- 
stant with respect to time the time t can be scaled with respect to the beginning 
of the temporal window comprised of G ~ time instants. Thus, the G ~ equations 

are: 
S i g  ) = bo + blg + ~(g)  for g = 0 , . . . , G ' - l .  

The least-square estimation leads to the expressions of model parameters: 

- -  [ E g . 0  ( s (g )  - b0 
a - 1  S 

The values of model parameters are used at each time instant in equation (2) to 
estimate the predicted value SPit ) according to Fig.2. The matrix of coefficients 
of the above system of equations depends only on the dimension of the temporal  
window G ~. This allows to estimate the matrix only one time and not at each time 
instant, thus reducing the computational effort. This characteristic is maintained if 
a higher order model is used. Therefore, the polynomial model is strongly different 
with respect to the autoregressive in which a system of equations must be solved 
at each time instant. 

In order to compare the above motion models, a system of prediction/correction 
has been tested without reaction, considering the measures of position as being 
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always correct (i.e., effective). The comparison is depicted in Tab.1 where the 
mean errors est imated by using both the autoregressive and polynomial  models 
are reported. K ~ t o p ( t )  presents a minimum when the range of r is equal to 
4-0.4, while the polynomial  model is affected by an error which is always lower 
with respect to tha t  of the autoregressive one, especially for small values of the 
range. Thus, for the polynomial,  the term for modeling the noise can be removed 
without any problem. Note that,  by using the autoregressive model without the 
noise model, the system of equations for estimating the motion parameters  is not 
solvable when the motion is uniform. For this reason, the value of K ~ t o p ( t )  for 
o- range equal 0.0 is missing. 

14- 0.014- 0.114- 0.214- 0.314- 0.414- 0.514- 0.614- 0.714- 0.814- 0.914- 1.011 
I(poZyp(t) 0.72 0.73 0.74 0.75 0.77 0.79 0.82 0.85 0.8710.91 0.94 
ICe,top(t) - -  1.70 1.22 1.07 1.03 1.05 1.06 1.08 1.10 I 1.15 1.23 

Table  1. Averaged errors in predicting displacements with autoregressive and polyno- 
mial first-order models as a function of the a range (n = 1, G = 4, G' = 6) (noisy 
sequence of 128 image frames). 

If higher order models are used, the relationships between the averaged errors 
of the compared models are maintained. As a conclusion, the proposed polynomial  
model is generally bet ter  ranked with respect to the autoregressive model. 

A c t i v e  p r e d i c t i o n / c o r r e c t i o n .  Considering the prediction/correction schema 
depicted in Fig.2, the accumulated error at t ime t for a temporal  window of T 
estimations can be evaluated by using: 

t 

Ca(t) = E (Sc(i)  -- S' rn( i ) ) ,  
i = - T  

where: Sc(t)  is the predicted and corrected displacement; S 'm( t )  = p ' ( t ) - - p ( t - A t )  
is the correct displacement of point p(t - A t )  in the interval t - (t - A t )  ~ At  
without any error of measurement,  and p'(t) is the correct position, while p(t) 
is its measure which is usually affected by errors. Therefore, Sin(t) - S 'm( t )  is 
the error at t ime t in measuring the displacement of point p(t) which was in the 
position p(t - A t )  (where Sin(t) = p(t) - p(t - At)) .  Therefore, the accumulation 
error is due to the errors of measurement in the time interval T. 

Fig.3 shows the typical behavior of the accumulation error, ga(t) ,  which is 
referred to the prediction/correction paradigm by means of the schema in Fig.2. 
In the same figure, also the accumulation error obtained by using our approach, 
gaa(t) ,  is reported; whose estimation is based on the schema shown in Fig.4, 
where S%(t)  = So(t). The main difference between this approach with respect to 
tha t  reported in Fig.2 consists in the fact that  in this case the predicted/corrected 
position/5(t) = S'c(t)  + p(t - At)  is used by the system of measure to correct the 
reference point for measuring the next position p(t) and hence the next displace- 
ment.  In the active model, the correction in the measure consists in updat ing the 
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Fig. 3. Typical behavior of the accumulation error: (a) simple prediction/correction 
(ga(t) in dark gray), and (b) active prediction/correction (gaa(t) in light gray); (with 
T = 41). 

reference pattern by using the image segment identified by the image coordinates 
of ~(t). This new reference pattern is employed for measuring the next position 
with the block-matching technique shown in the previous section. 

S(•177 ~ predIctlon 

i 
teas• T,_I 

~<~-~'"*> ;I es•177 Pa"ar~e• i ,Sk(r 

�9 0 s,,<*) P(• p(t) ~(t-At) ; 'Ic~177176 ~ 

,~ (~)q S'c(t) 

Fig. 4. Active prediction~correction schema. 

- - -~Sc(t )  

The technique proposed is capable of reducing the accumulation error (see 
Fig.3). It is also very efficient for reducing the error of measure by means of the 
simple prediction mechanism especially in the presence of noise. Furthermore, 
an additional mechanism of correction (the average of predicted and measured 
values if their difference is larger than a predefined threshold) has been adopted 
to reduce the tracking error. 

In Tab.2, the typical behavior of the mean errors, by using the schema in 
Fig.4, with respect to different conditions of image noise, is reported (R is the 
percentage of noise). The errors in the tables have been evaluated with respect 
to the true displacements S'rn(t) of point p(t - At) in the time interval At. if 
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I l a ' :  61R = olR = lOlR = 201R = 301R = 4011 
Em 0.00 0.83 1.39 2.26 2.99 
gp 1.24 1.38 1.57 2.10 2.12 
Ec 0.00 0.82 1.16 1.66 1.88 

Table 2. Typical behavior of measured prediction and correction errors in different 
conditions of noise(percentage error, R), on 128 image frames with G ~ = 6, M = 7 and 
F = l l .  

the noise is low, Era(t), is lower than the error of prediction gp(t), while this 
behavior is inverted when the noise increases. On the contrary, the error on the 
predicted and the corrected value, gc(t) is always the smallest among the others. 
This confers a high robustness to our system of 2D motion estimation. 

3 E x p e r i m e n t a l  R e s u l t s  

The technique proposed for 2D motion estimation has been used for 3D motion 
tracking by using the classical equations of motion field [1]. Considering a set 
of Q points under tracking by means of the proposed active prediction~correction 
technique. The predicted/corrected displacements should represent the projection 
of the same 3D motion, if these points belong to same rigid object. Thus, an esti- 
mation of the 3D motion components is obtained by solving an over-determined 
system of 2Q equations in 6 unknowns by means of the least-square technique, 
with Q >_ 3. The positions of the points which are more distant, than a pre- 
defined threshold, (in modeling the 3D motion components with respect to the 
least-square estimation of 3D motion) are corrected according to the estimated 
3D motion. 

For testing our approach for 3D motion tracking, a system for real-time head 
tracking has been implemented. This differs from other systems presented in the 
literature [11], [7], [12], since, it is computationally lighter. The estimated 3D 
motion has been assigned to a synthetic model of a head, the famous CANDIDE 
model [13]. In Fig.5, the tracking of a moving head together with the correspond- 
ing synthetic reconstructions is shown. The algorithm proposed for motion track- 
ing is capable for tracking 12 points (Q = 12) 15 times per second with M = 7 
and F = 11. Therefore a quasi-real-time head motion tracking has been obtained 
with a low-cost architecture. Only experiments have demonstrated that  the ap- 
proach proposed for 3D motion tracking is very robust with respect to noise. Only 
global movements of a human head have been considered, while the addition of 
local motions is under development to produce facial expressions with eyes and 
lips movements. The smearing of the pattern belonging to the real object under 
tracking on the synthetic model is also under development. 

4 C o n c l u s i o n s  

A robust method for tracking objects in the 3D space has been proposed, which is 
based on active prediction/correction, with 2D and 3D motion estimations. Both 
these corrections help the measurement mechanism to search the new position of 
tracked image segment. The mechanism proposed is able to reduce the accumula- 
tion error and, thus, it is suitable for very long-term tracking. This technique has 
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Fig. 5. Image sequence, where a human head is tracked (M = 7, F = 11, G' = 6) (10th, 
and 22nd frame). 

been tested in a multiprocessor environment for tracking human heads in real- 
time, without time-limits. Work is in progress to define a more complete model 
for the synthetic head and to provide the tracking of local motions. 
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