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Abstract 

This paper add- the problem of &tic visual backing of a target 
that moves in 3-D with translational motion. The amera is mounted on 
the enddfector d the robotic manipulator. W e  use simple Slso adaptive 
controllers in conjunction with a cartaian robotic conbolla for sucozssful 
tracking. Our scheme does not need expliat amputation of the target's 
relative depth with respect to the camera frame In addition, the relative 
motion of the target with respect to the camera is measured by using a 
auswsmhtion technique called Sum+fSqwred Diffex- (SO) o p  
tid flow. Experimental and simulation resulk are presented to show the 
efficacy of the p ropod  approach. 

Index T e r n  Adaptive Contrdler, Corrdation, Cartesian Controller, 
Optical Flow, Visual Tmcking, Visual Scrvoing. 

1. Introduction 
Operation in a constantly evolving environment requires con- 
tinuous flow of sensory information that has to be interpreted 
and transformed into control commands to drive the robotic 
device Vision sensors enhance the flexibility of a robotic 
manipulator by making it possible to react to changes in the 
environment. For example, vision permits on-line comection of a 
preplanned trajectory, real-time obstacle avoidance and robust 
visual inspection On the other hand, the robotic visual servoing 
problem poseg some difficulties The first difficulty is in the huge 
amount of vision information The second difficulty can be 
achibuted to the misy nature of this infoxmatiom Vision sensors 
such as CCD cameras provide a lot of information but this 
information is corrupted with noise. The noise can be reduced 
with elaborate vision algorithms that are computationally expen- 
sive and thus, inefficient for real-time operation. In addition, if 
the introduced computational delay is longer than the time in 
which the environment evolves, the control commands will turn 
out to be invalid. 

In this paper, w e  choose to deal with a smaller problem in this 
challenging area. This problem can be defined as: " m v e  the 
manipulator (the camera is mounted on the end-effector) in such 
a way that the projection of a moving object is always at  the 
desired location in the image". We propose algorithms that ad- 
dress the real-time robotic visual tracking of objects that m v e  in 
3-D with translational motion. To achieve this objective, com- 
puter vision techniques for detection of motion are combined 
with appropriate control strategies to compute the actuating 
signal for driving the manipulator. The problem is formulated 
from sys tem theory point of view. An advantage of this ap- 

proach is that the dynamics of the robotic device can be taken 
into account without changing the basic structure of the system 
In order to arcumvent the need to explicitly compute the depth 
map of the target, adaptive control techniques are proposed. 
Simulation and experimental results are presented to show the 
strengths and the weaknesses of the proposed approach. 

The organization of this paper is as follows: Section 2 gives an 
outline of the vision techrugues (optical flow, SSD surface) used 
for the computation of the object's motion parameters. The math- 
ematical formulation of the visual tracking problem is described 
in Section 3. The control strategies are discussed in Section 4. The 
simulation and the experimental results are presented in Section 
5. Finally, in Seaion 6, the paper is summarized. 

2. Measurement of Features' Motion 
We assume a pinhole camera model with a frame ( R )  attached to 
it. In addition, it is assumed that the projection is perspective and 
that the focal length is unity. A point P with coordinates 
(X,.Y,.Z,) in ( R )  projects onto a point p in the image plane with 
image coordinates ( x ,  y) given by: 

x = x , / z ,  and y = Y , l Z , .  (1) 
Any displacement of a rigid o b F  can be described by a rotation 
about an axis through the origin and a translation. If the angle of 
this rotation is small, the rotation can be characterized by three 
independent rotations about the X, Y, and Z axes. Let us a m  
that the camera m o v e  in a static environment with a trans- 
lational velocity T=Cr,.T,.TJT and with an  angular velocity 
R=(Rx.R,.RJTwith respect to thecamera frarne(R).Theoptical 
flow equations are 11.21: 

T* T* 
z, z, 
T z  Ty v = [  y - - - 
z, z, 

u = [ x - - -  I + [ x  Y R, - (1 + 2) Ry + Y Rzl (2) 

]+[(I + Y ~ ) R ~ - ~ Y R ~ - ~ ~ J  (3) 

where u=xand v=y .  Y and v are also known as the optical flow 
measurements. The computation of Y and v has been the focus of 
much research and many algorithms have been proposed 
[3,4,51. For accuracy reasons, we use a matching based tech- 

nique [61 also known as the Sum-of-Squared Differences (SSD) 
optical flow. For a pomt p(k-I)=(x(k-l),y(&-l))T in image 
(k-I) (the symbol k denotes the image (&) which belongs to a 
sTuence of imaged, we want to find the corresponding point 
p ( k ) = ( x ( k - l ) + u .  y ( k - I ) + v ) ) '  to which the point p(k-1) 
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moves in image (k). We assume that the intensity values in a 
neighborhood N of p (k- 1) remain almost constant over time, 
that the point p(k) is within an area R of p(k-I), and that 
velocities are normalized by time T to get the displacements. 
Thus, given a point p(k-l) ,  the SSD algorithm selects the dis- 
placementd=(~.v)~thatminimizg theSDmeasure:  

[ I t - , (x (k - 1) + m , y (k -  I )  + n)  - e (p (k -  1). d) = 
W E N  

-It ( x  (k - 1) + m +Y , y (k - 1) + n + v)]2 (4) 

where Y ,  v E R, N is an area around the pixel we are interested 
in, and /&-,(.), Ik(.) are the intensity functions in images ( k - 1 )  
and (k), respectively. Different values of the S D  measure create 

Figure 1: SSD surface that corresponds to a comer point. 

a surface called the SSD surfncc. The shape of the SSD surface 
depends on the position of the feature. The accuracy of the 
displacement vector measurements can be improved by using 
multiple windows. The selection of the best windows is based on 
some confidence measures which capture the special charac- 
teristics of the SSD surface. A S D  surface that corresponds to a 
comer point (one of the best fcatures which can be used) has a 

sharp minimum at the best match (Fig. 1). A feature point that 
belongs to an  edge ( t h e  points provide accurate measurements 
only in the direction perpendicular to the edge) has a SSD 
surface which has multiple local minimum in the direction of this 
edge. Finally, a SSD surface that corresponds to a feature point 
that belongs to an homogeneous area (these feature points 
provide inaccurate data) has multiple local minimum in all the 
directions. More details about thcse Confidence measures can be 
found in [I]. 

The next step in our algorithm involves the use of these measure- 
ments in the visual tracking process. T h e  measurements 
should be transformed into control commands to the robotic 
system Thus, a mathematical model for this transformation must 
be devebped In the next Section, we present the mathematical 
d e l  for the visual tracking problem 

3. Modeling of the Visual Tracking Problem 
Consider a target, with a frame (RJ attached to it, that m v e s  
with pure translational 3-D motion The projection of the target 
on the image plane is .the area QW in the image plane. The 
problem of 3-D visual tracking of a single object with trans- 
lational motion can be defined as: “find the camera translation 
Cr,, Ty , $) with mpect to the camera frame that keeps Rw sta- 
tionary‘. It is assumed that at initialization of the tracking 
process the camera frame (R,! and the target frame (RJ have their 
z axe9 aligned. If M (M 2) feature points of a moving target are 
selected to be used for visual tracking, it is assumed that the 
projections o n  the image plane of at least two of the feature 
points are not the same. The optical flow of the projection of 
each one  of the M feature points on the image plane is given by: 

vO)(k+l)-vO(k)+v=~’(k) + I .  .... M (6) 
where the index j represents each one of the M feature points, 
K Q)(k),v o(k) are the components of the optical flow for each 
feature point, and uC@ (k). vc@(k) are the components of the op- 
tical flow induced by the tracking motion of the camera. It 
should be mentioned that the depth of each feature point 2;) is 
now *varying and thus, we represent i ts  value at instant k by 
ZI0 (k).  By using (2)  and (3) with Rx = R = R, = 0, we obtain: 

Y 

and substitution in (5) and ( 6 )  results in: 

y 0) (k + 1) -y 0) ( k )  
j=1. . . . .  M T v O ( k +  1)= 

where T is the time between two consecutive image. Then, we 
substitute in (9) and (10) for Y o ) ( k +  I )  and v b ) ( k + l )  from (13) 
and (14) to obtain: 

Sxo’ (4 
x Q ( k + l ) - x  Q(k)+T-+Tu O ( k )  j = l . .  . . , M (15) z,@ ( k )  

Equations (15x16) can be augmented by introducing white noise 
terms to compensate for inaccuracie in modeling. In addition, 
we can subtract the coordinates of the desired position of the 
image feahues from both sides of the equations (15H16) without 
changing their structure. The control strategies that keep the 
target stationary are dixussed in detail in the next Section. 

4. Adaptive Visual Control 
Adaptive control techniques can be used for the visual tracking 
of either a feature or  an object when the depth information is not 
directly available. Adaptive control techniques are used ojy for 
recovering T, (k), Ty (k), and T, (k). The block diagram gf our 
scheme is shown in Fig. 2. Based on  the wtainty aphlence 
approach 171, the adaptive control technique use the estimated 
and not the actual values of the system‘s parameters. A large 
number of algorithms can be generated, depending on which 
parameter etimation scheme is used and which control law is 
chosen. The rest of the Section will be devoted to the detailed 



description of the system model, the estimation scheme, and 
finally, the computation of the control signal. Equations (15)416) 

Figure2 Structure of the adaptive robotic visual tracking 
scheme. 

(index j is negleaed for simplicity) can be transformed with the 
addition of noise terms (n-(k), n ( k )  are white noise t e r n )  into 
the following equations for a sing% feature point: 

(17)  

(18)  

(19) 

(m 
where coeffibenk bx and by depend on the values of the depth Zs 
and of the sampling interval T. For M feature points, we have M 
sets of the equations (17)-(20). 

The next step in our modeling is to remove the terms u ( k )  and 
v(k) from our formulation. In order to achieve that, we derive 
two time-varying SISO ARMAX models by subtractions and 
additions of the expressions for r(k), x ( k - 1 )  and x(k -2 ) ,  and 
y(k), y ( k - I )  and y(k -2 ) ,  respectively. For each feature, the cor- 
responding two time-varying SISO ARMAX models are: 

A i ( q - l ) y i ( k ) = q d ~ i ( q - ' ) u c l ( k ) + ~ l ( q - ' ) w i ( k )  k t 0 i =  1.2 (21)  

where 

x (k + 1) = x  (k) + bxSx (k)  + T u  (k)  

y (k + 1) = y (k) + by Sy (k )  + T v  (k )  

Y (k + 1) = U  (k) +TnWx(k) 

v (It + I )  = v (A) + Tn- (k)  

A; (q-') = I +ai1 q-l+ u12 q-2 i = 1.2 

Bi (q-I) = b, + bil q-' i = 1.2 
c; (q-') = 1 +Cil 4-1 + c12q-2 i= 1.2 

The Val- of the coeffidents oil ,ua, bn. bil .crl .cn depend on 
the values of T ,  bx, and by. The noise sequences wi(k) are 
assumed to satisfy the assumptions: 

E ( w , ( k ) I F ~ - , ) = O  E ( ~ ( k ) I F ~ - , ) = $  i = l J  

where the symbol E ( X )  denotes the expected value of the ran- 
dom variable X and Fi-] is the sigma algebra generated by the 
past measurements and the past control inputs u p  to time k-1 .  
The subscript i corresponds to the two SISO ARMAX models, the 
scalar input ub(k) now represents either S,(k) or Sy(k), and the 
scalary;(k) corresponds to the measured deviation of the feature 
point from its desired position in one of the X or Y directions. It 
can be shown that bl,=-bll=bf and bzo=-bZ1=by. For the time 
being, it is assumed that d =  1. 

The next step in our modeling is the formulation of an efficient 
model for estimation. The optimal one-stepahead predictor 
I71 which gives an optimal prediction of the output based on 
past measurements and inputs, has the form (d  = 1 ) :  

yT(kl(&- 1)) denotes the optimal prediction of the output while 
the ; i(k) denotes the output of the adaptive predictor. Since the 

yT( (k - l ) l (k -2 ) ) ,  yT( (k -2 ) l  ( k -3 ) ) ,  ... are not directly available, 
the previously estimated valucs $ i ( k -  I ) ,  ;;(k -2).. .  can be used 
instead. The $i(k)  are given by: 

where 

The symbols ( ~ i l ( k - l ) , ~ 2 ( k - l ) ] ,  h d ( k - l ) ) ,  and 
( ~ j l ( k - l ) , ~ a ( k - l ) )  denote the estimated values of the coef- 
ficients of the polynomials AT(q-'), BT(q-')  and Ci(q-'), respec- 
tively. The Au6(k) can be computed from the equation 
AuCj(k)=ud(k)-uci(k- I ) .  The next steps are the on-line estima- 
tion of these parameters and the appropriate selection of the 
control law. A detailed description can be found in[2]. Ex- 
perimental results[2] show that the b a t  control law can be 
derived by a cost function that includes the control signal 
change: 

Ji(& +d) = E( bj (k +d)-y: (k  + d)j2 + p i A  K:~ ( k )  IF:) i = 1.2 (24) 

This control law (SITWDU) introduce an integrator in the sys- 
tem by weighting the control signal change. This is in agreement 
with the structural and opa t iona l  characteristics of a robotic 
system A robotic system cannot track objects that have large 
changes in their image proyxtions during the sampling interval 
T. In addition, there are upper limits in the robotic tracking 
ability. Based on the relations between the coefficients of 
B:(q-'), the modified onestepahead predictor 171 is given by 

ci (q-')- [ y?(k + 1 I k )  - yi' (k + 1) + 
6: + P; 

+- Pi A Uc; (k)] = f! (k) e'&) + A  yCi (k) i = 1.2 

bIu 
(25) 

where q,'(k) is the vector that contains the coefficients of the 
polynomials: 

and the f!(k) is given by: 

yj (k)  , y; (k -  111 i = 1.2 

The control law is: 

The estimation scheme consists of the equations 171: 



1 - Qi 
b,+= 

bn 

i: (k) = 4: ( k -  1) +- pi (k- 1) f: (k-  1) ci(k) i= 1 .Z (27) 

1 
) i i ( k - l )  Pi(&- l)=- [ Pi (k- 2) - 

Pi(k - 2)  fi'(k - 1) fl'(k - 1) Pi (k -2)  

L ( k  - 1) + f'l- (k- 1) Pi (k- 2)  f; (k- 1) 
- ] i = 1 2  (28) 

Pi 
(29) ei ( k )  = - A uCi (k  - 1) + yi (k) - y; ( k )  i = 1.2 

bl, 

The symbol b i  denotes the initial estimate of the coefficient b, 

and thc scalar A i ( k ) = Z i  is the forgetting factor which is sclcctcd 
to be 0.95. It is assumed that the i i ( 0 )  is given and Pi(-l) is any 
positive definite matrix P, P, can be Seen as a measure of the 
confidence that we have in the initial etimate i i (0) .  Accurate 

knowledge of the vector 4 (0) corresponds to a small covariance 
matrix P,. The above algorithm minimizg the cost fundion (24) 

with a modified pi that we call p!=piba / b i  . Due to the fact 
that y; (k) =O V L > 0, the three last coefficients of the q,'(k) need 
not be computed. In total, eight parameters per feature p i n t  
should be estimated on-line This control scheme seems the mast 
appropriate for the speafic control problem that we have to 
solve The disadvantage of this type of controllers is the integrnl 
wind-up effect. This effect is more obvious in the presence of 
satumtion in the input or output. Our algorithm takes care of this 
by switching off the integrator. 

The next step of our algorithm is the computation of the Tx(k), 
Ty(k), and Tz(k),  From the adaptive controllers of each feature 
point, the ~ , ( k ) ' s  are computed each instant &. The ~ , ( k )  signal 
is either the SI(&) signal or the Sy(k) signal, defined by (11) o r  
(12), respectively. Thus, we create a set of equations for M feature 
points which are compactly represented as: 

H ( k )  T (k) = S (k) 

where the matrix H(k) E R Z M X 3  is 

H(k) = 
... ... 
... ... 

-1 0 x W(k) 

0 -1 y W(k) 

the vector T (k) =(Ti ( k )  , Ty (k )  , Tz (k)f is the translational 
velocity vector, and the vector S (k) =(Si') (k) ,Si') ( k )  , 
. . . . Siw ( k )  , Siw ( k )  )T is composed of the signals computed by 

the adaptive controllers attached to each feature point. The hans- 
lational velocity vector T can be computed as follows (least 
squares formulation): 

T ( k ) = ( H T ( k ) H ( k ) ) - ' H r ( k )  S ( k )  (31) 
The matrix H T ( k )  H ( k )  is invertible if at least two of the M feature 
points have different projections on the image plane (a formal 
proof is given in Appendix I). 

Assume that the maximum tmnslational speed in 3-D which can 

be achieved by the robot is 0, and the Euclidean n o m  of the 
vector T (k)  is II T (k) II. Then, the vector T (k) is transformed to the 
normalized vector T' (&) with the following components: 

This normalization is necessary due to the fact that the 
manipulator cannot track high speeds successfully. In  addition, 
this normalization affects the estimation scheme that we are 
using. To guarantee a good performance of the estimator, we 
must use normalized components of the translational velocity 
vector for the computation of the past input signals Auci(k). 
Thus, instead of using AuCi(k) signals in thc estimation process, 
we use signals A 

AK;' o)=- Cr;(k)  - ~ i ( k  - 1)) + ( x  ( k )  TJ ( k )  - -x (I. - I )  < (k - 1)) (33) 

(k) which are given by: 

A ui2 (k )  =- fl; ( k )  - T; (k  - I ) )  + (y ( k )  < ( k )  -y (k  - 1) Ti (k- 1)) (34) 

After the computation of the translational velocity vector T' ( k )  
with respect to the camera frame (RJ, we transform it to the 
end-effecbr frame (Rc) with the use of the transformation 7,. 
The transformed signals are fed to the robot controller. We use a 
cartesian PD robot control scheme with gravity compensation. 

The next Section describes the simulation and thc experimental 
results. 

5. Simulation and Experiments 
Our work involves both simulations and experiments. A num- 
ber of simulations have been used for determining the efficiency 
of the developed algorithms. The objects used in the simulated 
tracking examples are 3-D solid objects, such as cubes, cylinders, 
and prisms. These objects move in front of a highly textured 
background. Each pixel's intensity is corrupted with white 
noise The focal length of the simulated carncm is 7.5- and 
without loss of generality, we assume T =  1. 

The example shown in Fig. 3 has bccn implemented with 10% 
white noise. The objccts' center of m s s  trarxtories are given 
with respect to the target frame (RJ whose Z axis at k = O  is 
aligned with the 2 axis of the camera frame (R,). As mentioned 
earlier, the SSD optical flow technique is used for the computa- 
tion of the measurement vector. The measurements are taken 
from multiple windows. Each one of these windows is 10x10 and 
are spread out in the image plane. For each window, we com- 
pute a confidence measure that reflects the accuracy of the 
measurements that the window provides. The example shown 
in Fig. 3 is used to test the efficiency of the adaptive control 
techniques. The average initial depth of the center of mass of the 
targets is 6OOmm Assuming that the depth Z, is unknown, the 
ELS algorithm (version with exponential data weighting) is used 
to estimate the values of the coefficients of the two SISO ARMAX 
models per feature point. In all the c a s ,  Pn=14 and the initial 
value of the vector $ ( k )  is ;li' (0) = [-1.O, I.O,l.O,I.O]. The value 
of the scalar pi is 02. Larger pi means less emphasis on the 
minimization of the tracking error and more emphasis on the 
minimization of the control signal change. The disadvantage of 
the proposed scheme ( p i  s 0) is that it exhibits errors of large 
magnitude.when abrupt changes of the trajectories happen. The 
reason for this is that the change of the control signal is included 
in the cost function. Thus, the regulator cannot compensate ade- 
quately for abrupt changes. In addition, a larger tracking e m r  
appears in the Z direction. The reason is that the computation of 



the Z component of the translational velocity vector T(k) is 
sensitive to image noise. It should be mentioned that for the 
speafic camera model and the specific positions of the features 
in the image plane, tracking emr smaller than 5mm in the Z 
direction cannot be detected as a pixel displacement. Besides 
these disadvantages, it seems to be the most effiient adaptive 
conhol algorithm for robotic visual tracking. The next step of 
our work was to test the algorithms on a real system 

A number of experiments were performed on the Ch4U DD Arm 
II (Direct Drive Arm Il) system The hardware configuration of 
the CMU DD Arm II is described in 111. The camera is mounted 
on the end-effcctor. The focal length of the camera is 7 . 5 m  
while the objects are moving on a ramp (initial depth of the 
object's center of m a s s  with respect to the the c a m  f n m c  
Z,=sOOmm). The maximum permissible velocity of the end- 
effector is 10 cm/sec. The objective is to keep the projection of 
the target on the image plane stationary. The objects used in the 
hacking examples are books, pencils, and generally, items with 
distinct features. The user at  initialization selects the features that 
must be tracked. Then, the system evaluates on-line the quality 
of the measurements, based on the confidence measures 
described in 111. The same operation can be done automatically 
by a computer process that rum once and needs between 2 and 3 
secs, depending on the size of the interest operators which are 
used. Currently, four features are used and the size of the at- 
tached windows is 10x10. 

The gains of the controllers and the initial values of the 
parameters are the same as the ones used in the simulation. The 
experimental results are plotted in Fig. 4-5 where the dotdashed 
hajcciories correspond to the trajectories of the center of mass of 
the moving objects. The MezP vector represents the position of 
the end-effector with respect to the world frame. In particular, in 
Fig. 4 and 5, the three dotdashed trajcciories correspond to the 
tn)cctories of the center of mass of the object in 3-D. In Fig. 5, the 
vector (X [O), Y(O] ,Z [ O ] ) T  denotes the initial position of the object 
or the manipulator's end-effcctor with respect to the world 
frame, while the vector (X,Y .aT denotes the trajectoria in 3-D 
of the object or the manipulator's end-effector. 

The experimental results lead to some interesting observations. 
The observed oscillations are due to the fact that the robotic 
controller (PD with gravity compensation) does not take into 
consideration the mbot dynamics. In addition, the computation 
of the t r a n ~ l a t i o ~ l  velocity vector T(A) is extremely sensitive to 
image noise. Image noise can seriously affect the motion of the 
manipulator in the 2 direction. In addition, tracking errors 
smaller than 5mm in the Z direction cannot be detected as a pixel 
displacement in the image plane. This is due to the specific 
camera model and the specific positions of the features in the 
h g e  plane. The experimental results for this case are worse 
than the results provided by the simulations. The reason is that 
the large variations in the control signal create blurring in the 
images, and thus, errors in the visual measurements. 

. 

6. Conclusions 
We have proposed an adaptive control scheme as a solution to 
the robotic visual tracking (eye-in-hand configuration) of an 
object that moves with 3-D tr~nslational motion. W e  first 
presented a mathematical formulation of the problem. The 
derived model is a mapr contribution of this work and is based 
on measurcrncntS of thc vector of discrete displacements which 

are obtained by the Sum-ofSquared Differences (SSD) optical 
flow. This model is extended to 3-D by including a larger num- 
ber of feature points. In addition, it can incorporate the robot 
dynamics. The next step was to i n d u c e  an  adaptive control 
scheme for the case of inaccurate knowledge of some of the 
system's parameters (relative depth, noise model). This adaptive 
control scheme w a s  implemented on our experimental testbed, 
the DD Arm 11 system Experimental real-time results show that 
the method is quite accurate, robust and promising. The exten- 
sion of the algorithm to tracking of rotational motions, the ex- 
plicit use of the robot dynamics, the integration of other sensory 
measurements in the scheme, and the use of the 3-D model of the 
targct, arc issues currently being addressed. 
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L Conditions for the nonsingularity of the matrix 
( H T ( 4  H (4) 

The matrix ( H r ( k )  H (k ) )  is given by: 

LC4 . I [ :  5,(4 &(U G(4 

0 E,, (4 

M H'(k) H ( k )  = 

where C,, (k), (k) ,  Ij (k), qz (k), and q3 ( k )  are defined as: 
I = M  

I =  I 
I = M  

r,, (4 = r,, (4 = c -1 u, (4 

Ln (.t) = z, (4 = - Y (4 
I =  1 

l = M  

E,, (4 = c ((i (4 )* *o. (4)') 
I =  1 

The determinant of the matrix (HT(k)  H (k)) is: 
l = M  

I H ~ W  H (tH = z M (I p) I u) (t) + y  (.t) m (k)) - 
I = 1  

i=U I=U 

I = l  m = l  m s l  

I = M  l = M  

I = 1  m = l  m # l  

- W ( M - l )  c c (x O W r  W W + Y  O W Y  w(h) 05) 

By rearranging the terms of the detenninant, we can rewrite it as: 

IH'W H (kn = M C C I ( ~  (.t) - w (.t))* + 

+ ( I  ' (L) - Y W ' I  (36) 

We can conclude from the form of (36) that the determinant is 
not zero when at  least two of the feature points do not have the 
same projection on the image plane ( x  ( ' ) (k)  # x ("')(k) or 
y (4 (k) * y (m) (k)  for at  least one pair of rn, I). 
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Figure 3: Example of 3-D robotic visual tracking with m e a s u p  

mcnts from multiple windows (Simulation). 
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Figure 4: m W D U  SISO adaptive controUers in conjunction 
with a artesian PD robotic controller with gravity 
compensation (Experimental). This Figure shows the 
trajectories of the moving object and the manipuhtofs 
end-effector with respect to the world frame. 
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Figures: STRWDU SISO adaptive controllers (previous ex- 
ample) in conjunction with a Cartesian I'D robotic 
controller with gravity compensation (Experimental). 
This Figure shows the relative hapaones of the object 
and the manipulatofs end-effector in Y-X and 2-X 


