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Abstract 

In this paper, we present algorithms that address the real-time 
robotic visual tracking (eye-in-hand configuration) of satellites 
that move in 2-D space. To achieve our objective, we combine 
computer vision techniques, for detection of motion, with 
simple control strategies. The problem has been formulated 
from the systems theory point of view. This faalitates the 
extension of the algorithm to 3-D spaae. A uoss-oorrelation 
technique (SSD optical flow) is uscd for computing the vector 
of discrete displacements and is combined with an appropriate 
control scheme to calculate the required motion of the space 
robotic system. Shared and traded control modes enable the 
integration of the human operator with the autonomous track- 
ing modules. In this way, the human operator can intervene 
and correct the tracking motion through a pystick. The perfor- 
mance of the propOSed algorithms has been tested on a real 
system. the CMU DD Arm 11, and the results are presented in 
this paper. 

1. Introduction 
An important component of a space robotic system is 
the acquisition, pnxessing, and interpretation of the 
available sensory information. At the lowest level, the 
sensing information is used to derive control signals to 
drive the space robot and at a higher level this infor- 
mation is used to create models of the system and the 
e n h n m e n t .  The sensory information can be obtained 
through a variety of sensors such as position, velocity, 
force, tactile, and vision to a t e  a few. In this paper, w e  
address the use of vision for dynamically servoing a 
manipulator for satellite tracking. 

Reseamh in computer vision has traditionally em- 
phasized the paradigm of image understanding. 
However, some work has been reported towards the 
use of vision information for tracking [1,2,3,4]. In ad- 
dition, some research IS, 61 has been conducted in using 

vision information in the dynamic feedback loop. While 
we address the problem of using vision information in 
the dynamic feedback loop of a space robot, our 
paradigm is slightly different. Specifically, we claim that 
combining vision with control can result in better 
measurements. It is in this context that we view our 
current work which shows that noisy measurements 
from a vision sensor when combined with an ap- 
propriate control law can lead to an acceptable perfor- 
mance of a visual servoing algorithm. 

The goal of using autonomous robots for applications in 
space is to remove the human from the task site but not 
necessarily to remove the human/operator from the 
task itself. In fact due to safety considerations, it is very 
important that the human be able to remotely take con- 

trol of the task and the space robot system. For ex- 
ample, unpredictable events and complex evolving en- 
vironments q u i r e  the intervention of the human 
operator. The integration of the human operator in a 
space robotic system results in a system that combines 
man and machine capabilities and such a system is of- 
ten d e d  a spaae fdmbotic sysfem. We view a space 
telembotic system as a general multi-sensor environ- 
ment where the human operator and the autonomous 
sensory modules can cooperate and exchange control of 
the decision-making process. The exchange of control 
depends on the s w f i c  events which occur during the 
execution of a task. 

In this paper, we present algorithms for robotic (eye-in- 
hand configuration) real-time visual tracking of ar- 
bitrary satellites traveling at unknown velocities in a 
2-D space. The problem of visual tracking is formulated 
as a problem of combining control with computer vi- 



sion. We present a mathematical formulation that is 
general enough to be extended to the problem of track- 
ing satellites in 3-D space. We propose the use of Sum- 
o f - S q W  Differences (SSD) optical flow for the com- 
putation of the vector of discrete displacements each 
instant of time. These displacements can be fed either 
directly to a PI controller or to a pole assignment con- 
troller or to a discrete steady state Kalman filter. In the 
latter case, the Kalman filter calculates the estimated 
values of the system's states and of the exogenous dis- 
turbances and a discrete LQG controller computes the 
desired motion of the robotic system. The outputs of the 
controllers are sent to a Cartesian robotic controller that 
drives the robot. The structure of our framework is 
depicted in Fig. 1. Our architecture provides the means 
for the intervention of the human operator through a 
pystick Manual, autonomous, shared, and traded con- 
trol modes are supported. The performance of the 
proposed algorithms has been tested on  a real system, 
the CMU DD Arm 11, and the results are presented in 
this paper. 
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Figurel: Structure of the Robotic Visual Tracking 
Scheme. 

the measurements are discussed in Section 4. Section 5 
d e r i b e s  our strategies for the integration of the human 
operator with the autonomous visual tracking modules. 
Cartesian robot control schemes are presented in Sec- 
tion 6. Section 7 describes the hardware configuration of 
our'experimental testbed, DD Arm 11. Experimental 
results are presented in Section 8. Finally, in Sedion 9, 
the paper is summarized. 

2. Optical Flow 
An ob* in an image consists of brightness patterns. As 
the object moves in 3-D space, the brightness patterns in 
the image move simultaneously. Horn [7] defines the 
optical flow as "the apparent motion of the brightness 
patterns". For rigid objects the optical flow corresponds 
well to the motion field. We use optical flow as  the basis 
for the computation of the robot's driving signals. In the 
sequel, we present an outline of our vision techniques in 
order to illustrate their special characteristics (noise, 
computational complexity, quantization errors). This 
outline is essential due to the fact that these charac- 
teristics should be taken into consideration in the design 
of a vision based controller. In this way, the combina- 
tion of control and vision techniques will lead to an 
accurate solution of the robotic visual tracking problem. 

We assume a pinhole camera model with a frame RI 
attached to it. We also assume a perspective projection 
and the focal length to be unity. A point' P with coor- 
dinates (X,.Y,.ZJ in R, projects onto a point p in the 
image plane with image coordinates (x .y ) .  Let us as- 
sume that the camera moves in a static environment 
with translational velocity T= Cr,, Ty . T f  and with an- 
gular~elocityR=(R~.R~.R~)~with respect to thecamera 
frame R,. The optical flow equations are [4]: 

c w .  

The rest of the paper is devoted to the description of our 

algorithms and is organized as follows: In Sectin 2, we 
review the definition of the optical flow and p-t where u=xand v=$ Now, instead of assuming a static - 

object and a moving camera, if we were to assume a 
static camera and a moving object then we would obtain 
the same results as in (1) and (2) except for a sign 
reversal. The computation of u and v has been the focus 

, methods for computation of the vector of di&e dis- 
placements. We also introduce three types of confidence 
measure for each of the measuments  made The math- 
ematical formulation of the visual tracking problem is 
described in Section 3. The control strategies, the 
steady-state Kalman filter and the selection of the a p  
propriate control law with regards to the noise levd of Bold symbols denote veciors or matrices 



of much research and many algorithms have been 
pmposcd [8,9,10,11]. 

For accuracy reasons, we use a matching based tech- 
niqw[12] also known as the Sum-of-Squared Dif- 
ferences (SSD) optical flow. For a point 
p (k -  1) +x (k- 1). y (k- 11)' in image (k- 1) (the symbol k 
denotes the image (k) which belongs to a sequence of 
images) we want to find the point 
p ( k ) = ( x ( k - l ) + u . y ( k - I ) + ~ ) ) ~  to which the point 
p (k- 1) moves in image (k). F o r  the point p (k- I), the 
SSD algorithm selects the displacement d = (u , v)' that 
minimizes the SSD measure: 

e @ (k-  1). d) = C [Ik-l(x (k- 1) +my (k- 1) +n) - 
m,nE N 

- Ik (x (k -  1) +m +u , y (k- 1) +n + 412 (3) 
where u.v  E Q N is an area around the pixel we are 
interested in, and I,-, (;), I,(.:) are the intensity func- 
tions in images (k-1) and (k), respectively. The ac- 
curacy of this technique can be improved using sub- 
pixel fitting and multi-grid techniques at the cost of 
increasing the computational complexity. Its computa- 
tional speed can be improved by selecting an a p  
pmpriate small area N and by having velocity fields 
with few quantization levels. The selection of the win- 
dow size (N) is important. A small window will not 
provide an amrate  displacement vedor in areas where 
the intensity is almost uniform. On the other hand an 
extremely big window also will not provide an accurate 
displacement vector because it enhances the back- 
ground of the object. Thus, the algorithm can fail to 
detect small displaaments of the moving object. In ad- 
dition, the SSD technique fails when the image contains 
a lot of Rpeated patterns of same intensity because of 
multiple matches. 

The accuracy of the measurements of the displament 
vector can be improved by using multiple windows. 
The selection of the best measurements is based on the 
confidence measure of each window. The definition of 
an efficient and robust confidenoe measure is not trivial. 
Images are a noisy source of information and changes in 
illumination and surface reflectance can deteriorate the 
performance of any confidence measure. An effiaent 
confidence measure should recognize errors that are 
due to homogeneous areas and mlus ion  boundaries. 
Anandan [121 developed a confidence measure that con- 
fronts the maprity of these problems. He defined as an 

Figure2  SSD surface that corresponds'-to a corner 
point. 

Figure3: SSD surface that corresponds to a feature 
point that belongs to an edge. 

Figure4: SSD surface that corresponds to a feature 
point that belongs to an homogeneous area. 

SSD ~~~ the surface that is m t e d  by the different 
SSD values that correspond to different possible dis- 
placements. This surface is used to provide information 
about the quality of the measurements. A SSD surface 
that mrresponds to a comer point (one of the best fea- 
tures which can be used) presents a sharp minimum at 
the best match (Fig. 2). A feature point that belongs to 

an edge (these points provide accurate measurements 
only in the direction perpendicular to the edge) has a 
SSD surface which p m t s  multiple local minimum in 
the direction of this edge (Fig. 3). F i l l y ,  a SSD surface 
that coxresponds to a feature point that belongs to an 
homogeneous ama (these feature points provide in- 
accurate data) has multiple small local minimum in all 
the directions Fig. 4). We need a confidence measure 
that can capture all the topological changes of the SSD 



surface. It is important to mention that the shape of the 
SSD surface is maintained even under signifant noise 
corruption, commonly found in space applications. The 
curvature of the SSD surface seems to be proportional to 
the quality of the best match. Anandan p m p o d  an 
algorithm for computing the confidence measures based 
on the principal curvatures and h e  directions of the 
principal axes at the SSD surface minimum. The 
problem with Anandan's confidence measure is that it is 
based on the computation of the discrete second order 
derivatives. This computation is an illconditioned 
problem. Thus, this confidence masure is not robust in 
the presence of noise. Another problem appears when 
this confidence measure is applied to a window that is 
centered around a point that belongs to an edge. In the 
direction of the edge, the normalized directional second 
derivative is close to 1, and thus, the algorithm fails. 

Matthies et al.[13] computed the variance in the es- 
timate of one-dimensional displacement. The computa- 
tion is based on a parabolic fit to the SSD curve. The 
variance has been found to be 2o;la where o;is the 
variance of the image noise and a is the second order 
coefficient of the parabola e(d,.)=ad:+bdr+c. We have 
pmposed an extension of this technique to two dimen- 
sions by fitting parabolas to the directions of the prin- 
cipal axes in the area of the SSD surface minimum [141. 
Thus, we can compute the confidence measure for the 
i-th window as: 

(4) 
where a@ a4u and a13s are the second order coef- 
ficients of the parabolas that are fit to the directions of 
the four principal axes. They are computed by using the 
least squares method. Their computation increases the 
computational load but it improves the accuracy of the 
measurements. 

cofsf;:= min (ao. u.,~.  %, u13J 

In addition to the previously propod confidence 
measure, we have introduced two new confidencr! 
measures which have been used in the expe&nents [141. 
Their advantage is that they capture the sharpness and 
the Id properties of the minimum instead of fitting 
mathematid models of surfaces to the SSD surface The 
reasoning behind this is that a second order appmxima- 
tion of the SSD surface is not always the best represen- 
tation. 

The first confidence measure describes statistically the 

sharp minimum. Thus, for the i-th window the con- 
fidence measure is 

coqfi=min (so.s4s .sw.s13s) ( 5 )  
where the sis are the sample standard deviations in the 
directions of the four principal axes. Each one of these 
standard deviations is computed as: 

where the minimuk of the SSD surface is the median of 
the samples of size M, and e denotes the value of the 
SSD surface. Each sample consists of the valuts of the 
SSD surface adjamnt to the minimum in each of the four 
prinapal axes. The symbol Z denotes the mean value of 
each of the samples. Due to the local character of the 
minimum, the number M should be small. In addition, 
large M increases the computational load. 

The second confidence masure tries, in a heuristic 
manner, to capture the characteristics of the minimum. 
In this case, the confidence measure for the i-th window 
is 

co$.=min (~oo.s4s.sw.s13s) (7) 
where thesis are given by the equation 

. i = M  

The symbol ehm represents the minimum value of the . 
SSD surface and the si;'s are computed along the four 
prinapal axes. 

The selection of the best measurements is based on the 
values of their confidence measures. If the object moves 
with two translation degrees of M o m  in 2-D space, 
we need only one feature point. Thus, we have to select 
the point that has the highest confidence measure. A 
more complex scheme would involve averaging the 
measurements that correspond to feature points that 
have the same depth 2, This can create large m r s  due 
to the fact that we give equal weight to both good and 
bad measurements. This difficulty can be overcome by 
assigning different- weights to the measurements. We 
define the i-th weight ~ ~ = c u t $ l ( ~ ~  confi), where cot$ is 
the confidence measure of the i-th window. The arith- 
metic mean of u and v is 

, 

c WJVJ 

c "J 

(9) 
- J  

c "JUJ 

c "1 V=- - J  U=- 

J J 



In addition, the standard errors of the arithmetic means 
can be computed as: 

J J 
where n is the number of the feature points that are 
Used. 

The techniques discussed above can be extended from 
black/white images to color images. In 1141, a new SSD 
measure that is efficient for use with color images is 
proposed. The next step in our algorithm is the use of 
these measurements in the visual tracking process. Our 
algorithm transforms these measurements into control 
commands to the camera system. Thus, a mathematical 
model for this transformation must be developed. In the 
next -on, we develop the mathematical model for 
the visual tracking problem. This model combines both 
control and vision algorithms in order to achieve ac- 
curate robotic visual tracking. 

3. Mathematical Formulation of the Visual 

First we will present the mathematical model for the 
visual tracking of a feature point. Then, based on this 
model we will develop the mathematical model for the 
2-D visual tracking of a satellite. The 2-D visual tracking 
of a satellite is realized by visually tracking multiple 
feature points that belong to the satellite. 

3.L Visual Tracking of a Single Feature Point 
Consider a satellite that moves in a plane with a feature, 
located at  a point P, that we want to track The p w -  
tion of this point on the image plane is the point p. 
Consider also a neighborhood Ls, of p in the image 
plane The pmblem of 2-D visual mcking of a single 
feature point can be defined as: "find the catnera trans- 
lation Cx.TS with respect to the camera frame that 
keeps stationary in an area around the origin of 
the image frame". It is assumed that at initialization of 
the tracking process, the area i& is brought to the origin 
of the image frame, and that the plane of motion is 
perpendicular to the optical axis of the camera. The 
problem of visual tracking of a single feature point can 
also be defined as [41: "find the camera rotation (R,.R,) 
with mpect to the camera frame that keeps Qw station- 
ary in an area Q, amund the origin of the image frame". 

Tracking Problem 

The second definition of the visual tracking problem 
does not q u i r e  the computation of the depth 2, of the 
point P. Both definitions are used in our experiments. 

Assume that the optical flow of the point p at the instant 
of time k T i s  (u(kT),v(kT)) whereT is the timebetween 
two *consecutive frames. It can be shown that at time 
(&+ 1)T, the optical flow is: 

(1 1) ((k + 1)r) = Id ( k T )  + 11 (k r )  

v ( ( k +  l ) T ) = v ( k T ) + v c ( k T )  (12)  
where uc(kT),vc(kT) are the components of the optical 
flow induced by the tracking motion of the camera. 
Equations (11) and (12) are based on the assumption 
that the optical flow i n d u d  by motion of the feature 
does not change in the time interval T. Therefore, T 
should be as small as possible. Equations (11) and (12) 
do not include any computational delays that am as- 
sociated with the computation and the realization of the 
tracking motion of the camera. If we include these 
delays, equations (11) and (12) will be transformed to: 

(13) Id ((&+ 1)T) = u ( k T )  + Id ((& - 4 r )  

v ((k + 1)r) v (kT )  +v ( (k-4 n (14) 
where d is the delay factor. For the time being, the delay 
factor is assumed to be zero. To keep the notation 
simple and without any loss of generality, equations 
(11) and (12) will be used with kand ( k + l )  instead of &T . 
and (k + 1) T respectively. 

and By using the relations rc(k)= 

v (k )=  y ( k ) ) - ~ ( k - l ) ,  equations (11) and (12) can be trans- 

formd to state-space form as (the inaccuracies of the 
model are modeled as white noise): 

(15) 

.wh-" A=H=I ,  B=E=T$, ~ ( k )  E R2, g ( k )  E R2, 
d (k) E R2, and v (k) E R2. The vector x (k) = (x (k) , y (k))r 
is the state vector, ~ , ( k ) = ( u ~ ( k ) , v ~ ( k ) ) ~  is the control 
input vector, d (k) =(u (k) ,v(k)Ir is the exogenous distur- 
bances vector, and v(k)=(vl <k),~,(k))~ is the white 
noise vector. The measurement vector 
Y (4 = (Y1 (4 .y2 Wlr is given by 

(16) 
where w(k)=(~,(k).w~(k))~ is a white noise vector 

. 

%@)-%@-I)  
T 

x(k+  1) =A x(k) + B uc(k) + E d (k) + H v (k) 

y (k) = c x(k)  + w (k) 

%e symbol 1. denotes the identity matrix of order IC 



(w (k) -N(O.W)) and C =  5. The measuRment vector is 
computed using the SSD algorithm described in Section ... L. 
If the camera tracks the feature point with translation 
T,(k) and Ty(k) with respect to the camera frame, the 
optical flow that is generated by the motion of the 
camera with Tx(k) and Ty(k)  is 

We assume that for 2-D visual tracking the depth Z, 
remains constant. When the tracking motion of the 
camera is rotation with RJk) and Ry(k), the optical flow 
induced by the moving camera is: 

(18) 

(19) 

The model in equations (IS) and (16) can also be used 
for keeping the feature point stationary in an area R, 
different from the origin. If (rI.rY) is the center of this 
area R, then by transforming the state variables x ( k )  
and y ( k )  to a new pair of state variables, +(k) and yN(k )  
CxN(k)=x(k)-rx and y N ( k ) = y ( k ) - r y )  we obtain a model 
for keeping the feature point stationary. The matrices 
A,B,C.E .H remain unchanged under the transfor- 
mation. The SSD algorithm continuously computes the 
displacement vector of the feature point from its desired 
position. Thus, we have the ability to compensate for 
previous measurement errors that tend to accumulate. 

3 2  2-D Visual Tracking of a Satellite 
Consider a satellite that moves in a plane which is per- 
pendicular to the optical axis of the camera. The projec- 
tion of the satellite on the image plane is the ama R, in 
the image plane, The problem of 2-D visual tracking of a 
single m a t e  can be defined as: "find the camera trans- 
lation fl=.T$ and rotation (RJ with respect to the 
camera frame that keeps fZ,,, stationary". It is assumed 
that the target rotates around an a~& Z which at k=O 
coincides with the optical axis of the camera. The mth- 
ematical model of this problem in state-space fbrm is: 

(20) 

where A=H=I, B=E=TI,, x(k)  E R3, uc(k) E R3, 
d(k) E R3 and v(k) E R3. The vector 
x (k)  = (x (k)  , y (k), 8 (k)>= is the state vector, 
uc (k) = (uc (k) , vc (k) , R, (k))' is the control input vector, 
d ( k ) = ( u ( k ) , v ( k ) . o ( k ) ) =  is the exogenous disturbances 

u, (k) =RX ( k ) x  (4 y (4 -Ry(k) r.2 (k )e  11 

vC (4 =R,(k) V (4 + 1 I - Ry (k)x  (~IY (4 

x(k+ 1) = A x  (k) + B uc (k) +E d (k)+ H v(&) 

vector, and ~ ( k ) = ( v , . ( k ) . v ~ ( k ) . v ~ ( k ) ) ~  is the white noise 
vector. x(k), y(k), 8(k) are now the X, Y and roll com- 
ponent of the tracking emr, respectively. The measure- 
ment vector y (k) = (yl (k) , y2 (k ) ,  ys ( k ) y  is given by 

(21) 

where w(k)= (w,  (k),~,(k).w,(k))~ is a white noise vec- 
tor (w (k) -N(O,W)) and C= I,. The measurement vector 
is obtained in a slightly different way than in the case of 
the visual tracking of a single feature point. Erst, the 
tracking error of the projections of the two different 
feature points on the image plane is computed by using 
the SSD algorithm. Then, an algebraic system of four 
equations (two tracking error equations per  point) is 
formulated. The solution of the system is the X, Y and 
roll component of the tracking error. If the projmtions of 
the two feature points on the image plane are not the 
same, it is guaranteed that the system of equations has a 
solution. It is assumed that each one of these features at 
time r = O  is located at its desilrd position. The control 
strategies that k p  the projection of the satellite station- 
ary are discussed in detail in the next Section. 

y (k) = c x  (k) + w (k) 

4. Control Issues in the Visual Tracking 

The control techniques that will be presented for the 2-D 
visual tracking of a moving satellite can be used easily - 
for the visual tracking of a single moving feature point. 
The mathematical models for the two cases (feature, 
satellite) that were developed in the previous Section 
have the same structure. The only differences are in the 
order of the systems and in the way that the measure- 
ment vector is obtained. The following discussion of 
various control schemes tries to indicate the conditions 
under which these schemes should be used in the visual 
tracking problem. Some of these controllers (PI) are at- 
tractive due to iheir simpliaty and others (LQG, Pole 
Assignment) are more general. Appropriate selection 
can maximize the improvements that are derived by the 
combined use of control and vision techniques in the 

Problem 

visualtrackingproblem. 

41. PI Controller for Visual Tracking 
The control objective is to minimize at each instant of 
time the error vector e (k) = (x (k) -0, y (k) -0 ,  e (k) - olT 
by choosing an appropriate control input vector uc(k). 
One simple technique for the elimination of the distur- 
bances is the proportional-integral control technique (PI 
regulator). This linear control law is given by: 

I 



k 
uC (k) = [ K p  e (k) + K , T x  e (41 T-' (22) 

i=l 
where K p  and K, are constant proportional and integral 
gain matrices, respectively. There are several tech- 
niques for the calculation of the Kp and K, matri-. One 
obvious effect of the integral control is that it increases 
the type of the system by one. Thus, the steadystate 
error is reduced and the disturbances are s u p p m d .  
On the other hand, the new system can be less stable 
than the original or even &me unstable if the 
matrices K p  and K, are not pmperly selected. 

4.2. DARMA Model and Pole Assignment 

A more general technique for the design of the con- 
troller of the visual tracking system is the closed-loop 
pole assignment technique. This technique is superior to 
the simple PI regulation technique because it permits 
flexible tuning of the controller's performance by 
simply changing the positions of the closed-loop pole.  
The PI regulator can also be tuned by changing the 
values of the elements of the gain matrices but the loca- 
tions of the closed-loop poles are not apparent. Let the 
discretetime description of the system be: 

Controller 

~ ~ ( q - l ) y ( k ) = ~ ~ ( q - ' ) u ~ ( k )  k 2 0 (23) 

where the q-' is the backward shift operator. The above 
model is called the Deisministic AutoRegressioe Moving 
Amage ( D A N A )  model. Under certain assumptions 
(described in the sequel), the mathematical model of 
equations (20) and (21) can be transformed to the model 
desaibed by the equation (23). These assumptions are: 
a) the disturbances are deterministic and constant, and 
b) the noix tenns are neglected. Even though these 
assumptions ovenimplify the pmblem, p p e r  selection 
of the closed-toop poles can lead to a robust and ef- 
fiaent controller. The DARMA model for the 2-D visual 
backing problem is 

(24) 

(u) 
The derivation of the model is based on a procedure 
&scribed in US]. If the d e s M  output sequence is zero, 
the feedback conbol law is given by the equation 

(26) 

where L(q-') = L'(q-') (1 -q-')I,. The matrices L'(q-') 
and P(q-') are computed by solving the closed-loop 
pole assignment equation: 

AD (4-') = (1 - 2 q-'+ q-2) I, 

BO (q-') = TQ' (1 - Q') I, 

L (q-') uc (4 = - P(q-')y (4 

L'(q-')(l -Q'~++P(q-')TQ'I,=A'(q-') (27) 

where A'(Q*) is a matrix whose diagonal elements are 
the desired closed-loop polynomials. Equation (27) is 
always solvable for L'(q-') and P(q-')  since the 
polynomials that constitute the diagonal elements of the 
matrices (1 -q-')*I, and Tq-' I, are relatively prime. We 
obsenre that the MIMO (Multi-Input M u h i a t p u t )  
model is decoupled, SO we can work with three SISO 
(Single-Input S i n g r a t p u t )  models. This simplifies the 
analysis. Thus, equation (27) can bc decomposed into 
three polynomial equations: 

L~(q-')(I-q-'~+Pi(q-')Tq-' =A,!(q-') i =  1.23 (28) 

Each one of the polynomials A: (q-') must be of order 3 
and the polynomials Li(q-') and Pi(q-') must be of or- 
der 1. For stability reasons, the closed-loop poles should 
be chosen inside the unit circle. If we choose to locate all 
the poles at the origin, the controller becomes a onestep 
ahead controller. In the presence of noisy measure- 
ments, a controller of this type exhibits large oscil- 
lations. Thus, we prefer to place the poles at locations 
that guarantee stability and a good transient response. 

43. ARMAX Model and Pole Assignment 

The DARMA model does not incorporate the existing 
stochastic disturbances. Thus, we should use a more _ -  
general model that includes both the stochastic and the 
deterministic disturbances. An efficient mathematical 
model for this type of problem is the AufoRegressioe 
Mooing-Amrage d wifheXternal input (ARMAX) 

Controller 

- 
AD (q-') D (q-') y (4 =ED (q-' ) D (q-') uc (4 + 

+ED (q-') D (Q') w (k) k 2 0 (29) 
when2 .w(k) is the white noise vector that corrupts the 
measurement vector y(k) and D(q-l)=(l-q-l)G. If we 
assume constant deterministic disturbances, we obtaii 

that xD (q-') =cD (4-') =( 1 -q-')$ and ED (4-') = TQ'I,. 
If the set point -is described by the relationship 
S (q-I)y* (k) = 0, then a robust control law is given by the 
equation (161: 

(30) 
Each one of the diagonal elements of the matrices L (4-') 
and P (4-') should satisfy the equation 

L (4-9 s (4-9 D (4-1) uc (4 = P(q-9 [y* (k) - y (MI 

Li @)Si (q-1) (1 - q - y  +Pi (4-1) Tq-1 = 

= (q-I) A t  (q-I) i = 1.23 (31) 
where 



The polynomials q ( q - ' )  should be asymptotically st- 
able and (q-l)  are residuals that can be made as small 
as desired. Further, it can be shown 1161 that the track- 
ing e m r  converges to 

c: (q-l) 

q (q-l) 
i- ] wi(k) i=  1.2.3 0 3 )  

The performance of the controller can be made as close 
to optimal as desired by choosing q(4- l )  sufficiently 
small and A,' (Q') sufficiently big. The robustness of the 
controller can also be enhanced by keeping the roots of 
q (q-') a reasonable distance from the unit circle. Big 
Af(q-') mults in large rise time (or delay) which it is 
not desirable in a visual tracking system. The vision 
algorithms that we pmpose cannot detect image plane 
displacements greater than 18 pixels per sampling 
period T. Thus, a compromise between thew contradid- 
ing requirements should be made. 

4.4. LQG Controller for Visual Tracking 
A more complex control method is the LQG (Linear 
Quadratic Gaussian) control technique. This technique 
permits us to model the deterministic disturbances as 
timevarying while the previous mentioned control al- 
gorithms do not cover this case. The LQG controller can 
efficiently confront a larger set of 2-D satellite's trajec- 
tories. The control input vector uc(k) is given by 

(34) 

where ;e) is the estimated value of the state vector 
~ ( k ) ,  and i ( k )  is the estimated value of the disturbance 
vector d(k). More details about the design of the LQG 
controller can be found in [171. 

4.5. Computation of the Rotational and the 

The next step of our algorithm is the calculation of the 
pair flx(k).Ty(k)) or of the pair (Rx(k).Ry(k)) or of the 
triple Cr, (4 ,  Tr (k). Rz (k)). As was mentioned above, the 
first two cases correspond to the visual tracking of a 
p i n t  while the last case represents the visual tracking 
of a satellite. In the first case, T,(k) and T,(k) are com- 
puted by the equations (17). As we have mentioned 
before, these equations require the knowledge of the 

g (k) =- G Ei(k)- b (k) 

Translational Velocity Vectors 

depth 2,. In the second case, we have to solve the 
system of equations (18) and (19) and calculate R,(k) 
and R,(k). The determinant of the system is nonu3ro in 
an area around the origin and thus the system has a 
unique solution. In the third case, the calculation of the 
T,(k) and T,(k) is done in the same way as in the first 
cak R,(k) is given directly as the computed control 
signal. The knowledge of the depth 2, can be acquired 
in two ways. The first way is direct computation by a 
range Sensor or by stereo techniques 113). The use of 
stereo for the recovery of the depth is a difficult prorr- 
dure because it requires the solution of the c o m p o n -  
dence problem. A more effective strategy that requires 
the use of only one visual sensor is to use adaptive 
control techniques. The control law is based on the e+ 
timated on-line values of the model's parameters that 
depend on the depth. More details about our adaptive 
control schemes can be found in [18,19). 

5. Shared and Traded Visual Tracking 
In shared control mode, some degrces of freedom (DOR 
are commanded by the human operator and some by 
the autonomous modules. In traded control mode, there 
is a transition from the autonomous modules to the 
human operator and vice versa. There are a lot of dif- 
ferent ways of looking at the design of modules that 
support these modes. In 1201, mixing matrim and weighis . . 
are used to decide when and how the autonomous 
modules will mix with the human operator. On the 
other hand, in[21,22], the human operator and the 
autonomous modules are not allowed to command the 
same d e p e  of freedom (Don. The reason is to avoid 
the "fork in the road" problem which may occur when 
the human operator and the autonomous modules sug- 
gest opposite directions of motion dong a specific de- 
gree of freedom (Don. 
We choose to follow the latter appmach. The control 
input signal DX, (k) is defined as w(k) = (Tr (A). Rr (k)) 
and is expnsd  with mpect to the camera frame R,. 
Let US assume that the human operator commands a 
speed signal h C ( k )  with respect to the pystick frame. 
The speed signal h c ( k )  can be transformed through 
the transformation T, to the camera frame signal 
mDxc(k). We define the matrices Y, and R 

! 

(Y.Q E P): 

(35) 1 i f a = f l & d o f ( a ) = l  
0 otherwise 



where &Ja)=1 (a E ( 1 .  . . . .6)) implies that the 
human operator controls the a degree of freedom 
(DOF). The new rate reference signal cDxc(k) is ex- 
pressed in camera frame coordinates as: 

07) 

One of the possible problems of shared control mode is 
the possible coupling between the degrees of M o m  
@OF) that the human operator commands and the 
dcgnxs of frcedom commanded by the autonomous 
modules. For example, in our system, there is a strong 
coupling between Tx(k)  and Ry(k), and between Ty(k) 
and R,(k). Therefore, a modification of one of them 
makes necessary a modification of the other's value. 
The implementation of this scheme depends on the 
knowledge of the human operator about the type of 
coupling. The selection of the degrees of freedom (DO0 
which are manually commanded is not an easy task. 
The way that the CCD camera is mounted on the end- 
effector and the 2-D nature of the visual information 
force the human operator to select Rz(k), or T, and T, (k), 
as possible teleoperated degn?cs of freedom @OF). This 
observation is verified by the experimental results 
which are prexnted in Soction 8. 

a x c  (k) = f2 DX, (k) + Y mDx, (k) 

Another potential problem is the delay in the manual 
rate signal. I f  d, is a delay factor associatd with the 
transmission of the manual rate signal, then equation 
(37) becomes: 

0 8 )  

Large transmission delays which an? often present in 
space applications can significantly influeno? the tad<- 
ing performance and the stability of our algorithms. The 
estimation schemes ace influenced too, due to the faa 
that we apply different inputs to the system than the 
ones that the estimation schemes consider as ament. 
Tlmekm, the transmission delays must be taken into 
consideration during the design phase of the whole sys- 
tem. 

'Dx, (k) = R Dx, (k) + 'f' (k - dm) 

The traded control mode is useful during t h e  phases: 
a) Initialization, b) Emergency events, and c) Fiial 
stage. During these phases, there is an exchange of con- 
trol between the human operator and the autonomous 
modules. In particular, during Initialization, the human 

operator grossly positions the manipulator with respect 
to the satellite and selects a number of candidate fea- 
tures for tracking. Then, he/she passes control to the 
autonomous modules. During Emergency events (e.g. 
loss of one feature due to occlusion by an unknown 
object, singular configuration of the manipulator), the 
human operator takes control and tries to solve the ac- 

cumulated problems. If the Froblems are solved, then 
he/she again passes control to the autonomous 
modules. Finally, during the Final stage, the human 
operator takes control of the system and places the 
manipulator in its home position. 

In the next Section, we discuss the Cartesian robot mn- 
trol schemes we used in our experiments on traded and 
shared control. 

6. Robot Control Schemes 
After the computation of the translational T ( k )  and 
rotational ' R ( k )  velocity vectors with respect to the 
camera frame R, ( 'T(k) and %(k) are the components of 
the vector 'Dx, (k) ) ,  we transform them to the end- 
effector frame Re with the use of the transformation 7,. 
The transformed signals are fed to the robot controller. 
We experimented with two artesian robot control 
schemes: a artesian computed torque scheme, and a 
cartesian PD scheme with gravity compensation. The 
selection of the appropriate robot control method is es- 
sential to the success of our algorithms because small 
oscillations can create blurring in the acquired images. 
Blurring reduces the accuracy of the visual measure 
ments, and as a result the system cannot accurately 
track the moving satellite. The next Section describes 
the hadware configuration of our experimental testbed 
C t v l U  DD Arm II robotic system). 

7. Hardware Configuration 
The vision and pystick module of the CMU DD Arm I1 
(Dirpct Drive Arm n) system am parts of a bigger 
hardware environment Fig. 5) which runs under the 
CHIMERA II[231 nal-time operating system and con- 
sists of the following devices: 

Multiple Imnics M68020 boards. I 

A Mercury 32000 Floating Point Unit. 

A Sun 3/26Q host system on a VME bus. 

An IDAS/150 image processing system. 



Figures: DD Arm I 1  Hardware Configuration (Fig. 
taken from 1231). 

- A  Panasonic industrial CCD color camera, 
Model GP-CDIH. 

- S i x  Texas Instrument TMS320 DSP p'o~es- 
SOTS, each controlling one pint of the CMU 
DD Arm I1 system. 

Sensors such as a tactile Sensor and a force 
sensor. 

A six degrees of freedom pystick 
The IDAS/150 image p'Dcessing system carries out all 
the computational load of the image prooessing calcula- 
tions while the Mercury Floating Point Unit does all the 
m n t d  ~calculatons. An Imnics board is reSp0"sible for 
the malization of the shared control planner. The 
IDAS/150 contains a Heurikon 68030 boani as the con- 
troller of the vision module and two floating point 
boanis, each one with computational power of 20 
Mops. The system can be expanded to contain as many 
as eight of these boards. The six degrees of freedom 
pystick is a Dimension 6 T r a c W  [24,211. The applied 
forces and torques to the trackball are transformed to six 
reference signals which are computed at once. The refer- 
ence 6@dS correspond to either velocities or forces. 

The human operator can select the type and the refer- 
ence frame of the reference signals on-line. In OUT ex- 
periments, the u x r  commands motions with respect to 
the pystick frame, and then these motions arc trans- 
formed in Camera frame coordinates. The camera frame 
is parallel to the endeffoctor frame. 

The software is organized around 5 processes: 
Vision process. This process does all the im- 
age processing calculations and has a period 
of 150 ms. 

Interpolation process. This program reads 
the data from the vision system, interpolates 
the data and sends the rrference signals to 
the robot cartesian controller. It has a period 
of 5ms. 

Robot controller process. This process 
drives the robot and has a period of 333 ms. 

Joystick process. This process reads the data 
from the joystick and docs all the necessary 
data transformations. It has a period of 30 
ms. 

Joystick referrnce process. This process in- 
terpolates the data from the joystick process 
in order to guarantec a smooth robot trajec- 
tory. Its period is 9 ms. 

The next Section describes the experimental results. . 

8. Experimental Results 
A number of experiments wem performed on the CMU 
DD Arm I1 system. We performed two sets of experi- 
ments. In the first set, the autonomous tracking modules 
were used. In the second set, the human operator com- 
manded motion along some degrees of freedom O F )  
in conjunction with the autonomous modules. During 
the experiments, the camera is mounted on the end- 
effector and has a focal length of 75mm while the ob- 
jects are moving on a plane (average depth Z,= 68omm). 
The experimental setup is shown in Eg. 6. In the first set 

of experiments, the first trajectory is the line 
Y=0.74X+0.77 (Y and X in metes). The camera's pixel 
dimensions anz s,=O.O1278mm and sY=0.00986mm. The 
real images are 510x492 and are quantized to 256 gray ,' 
levels. The user, by moving the mouse around, 
proposes to the system some of the obpct's features that 
he is interested in. Then, the system evaluates on-line 
the quality of the measurements, based on the con- 
fidence measures described in Seaion 2. Cumntly, four 
features are used and the size of the attached windows 



near zero has a better performance (Fig. 10). These 
experiments are done with the same ob@. 

The observed oscillations are due to the fact that the 
robotic controller (PD with gravity compensation) does 
not take into consideration the robot dynamics. The per- 
forinance of the LQC controller in a nonlinear trajectory 
is shown in Fig. 13 and 14. In this example, along with 
the translational motion, the objccc performs a rotational 
motion around an axis that passes through the center of 
mass of the object. Due to noisy measurements, LQG 
controller seems to have the best performance. This be- 
comes more obvious, when one reduces the number of 
the windows which are used. PI is simple but does not 
compensate for the noise that is apparent in the actual 
measurements. The pole assignment has comparable 
performance with the LQG, but the selection of the 
closed-loop poles should be done cadully.  Selecting 
the closed loop poles without taking into consideration 
the special characteristics (noise, camera model) of the 
vision technique can lead to inaccurate tracking. In con- 
clusion, accurate vision algorithms require simple con- 
trollers (PI) for surressful visual tracking. However, 
accurate vision algorithms are computationally expen- 
sive and computational delays arc introduced. As an 
alternative, stochastic controllers (LQG) can be used to 
compensate for inamrate measurements without sig-. 
nificantly increasing the complexity of the whole s y s  
tem. 

Tarqet 

Robot 

Figure 6: Experimental setup. 

~~~~~ 

is 10x10. The gains for the controllers can be found in 
1251. The experimental results are plotted in Fig. 7-14 
where the dotdashed trajectories correspond to the 
trajectories of the center of mass of the moving objebs. 
The vector MezP r e p m n t s  the position of the end- 
effector in the world frame The experimental results 
lead to some interesting observations. The computed 
torque artesian scheme provides better performance 
than the simple PD with gravity compensation scheme. 
This is apparent from Fig. 7 and 8. The simple PD 
produces oscillations around the desired trajectory. The 
computed toque scheme is more accurate because it 
takes into consideration the full dynamics of the robot 
The problem with the computed toque scheme is that it 
requires the inversion of the Jacobian. Thus, the DD 
Arm II on easily become unstable (whenever two of the 
pmk are aligned). Due to this fact, in all other ex- 
amples. the Cartesian PD with p v i t y  compensation 
robotic controller is used. 

Another interesting observation is that the selection of 
the controller depends on the image noise and the num- 
ber and quality of the used feature points. When we 
denease the number of the used features and slightly 
defocus the camera, controllers with the poles near zero 
fail as in Fig. 11. In this example, a controller with the 
poles at 0.8 works better wig. 9). On the other hand, 
when we incwase the number of the used features and 
focus correctly the camera, a controller with the poles 

In the second set of experiments, the operator by using 
the joystick commands motions in the endeffector 
frame which is parallel to the camera frame. In these 
experimenk, the obwve is the tracking of a moving 
target (2-D transbtional and rotational motion) by mm- 
bining the human o p t o r  with the autonomous LQC 
visual tracking modules. The goal is to show the perfor- 
mance of the human operator in tracking. The msults 
are shown in Fig. 15. We obsexve that the performance 
of the human operator in this case is very satisfactory. 
MaP[O] and M4p[1] are commanded by autonomous 
LQG visual tracking modules, The trajectory in the X-Y 
plane is nonlinear which resulk in oscillatory tracking 
p e r f o m ~ ~ ~ e .  It is assumed that the depth 2, is known 
and that at time k=O the optical axis of the camera is 
&ped with the axis of rotation of the target. Rnally, it 
is assumed that the two feature points which are 
selected for tracking have similar depth with respect to 



the camera frame. The cunrnt and the desired posi- 
tions of the features are continuously highlighted in 
order to help the human operator accomplish his/her 
task. The system provides messages about the current 
tracking errors and the timing of the task These graphi- 
cal aids are realized on a graphical overlay of the video 
display which has a frame rate of 30 frames/=. 

9. Conclusions 
In this paper, we considered the robotic visual tracking 
problem of satellites. Specifically, we addressed the 
autonomous or s h a d  robotic visual tracking of ar- 
bitrary satellites traveling at unknown velocities in a 
2-D space. We first presented a mathematical model of 
the problem. This model is a major contribution of our 
work and is based on measurements of the vector of 
d i m e  displacements which are obtained by the Sum- 
of-Squared Differences (SSD) optical flow. This tech- 
nique seems to be accurate enough even though it is 
timeansuming. Other contributions of this work are a 
sophisticated multiplc windows measurement scheme 
and new efficient confidence measures that improve the 
accuracy of the visual measurements. The speed has 
also been improved by coarseto-fine tochniques and 
sub-pixel fitting. 

The next step was to show the effectiveness of the intw 
d u d  idea of the combination of control with vision for 
a n  efficient solution to the tracking problem of satellites. 
LQG or PI or pole assignment regulators in conjunction 
with Cartesian robotic controllers were s tud id  as pos- 
sible controllers. The selection of the most efficient is 
based on the vision technique that is used for the cal- 
culation of the displacement vebor. stochastic control 
techniques are effective in the case of noisy visual 
measurements while one step-ahead controllets are a p  
pmpriate for quite accurate visual observations. 
Generally, thew controllers are tuned easily and deal 
satisfactorily with the tracking constraints and with the 
noisy type of the measurements. Our flexible architec- 
turr provides the means for effective integration of the 
human operator with the autonomous tracking 
modules. Autonomous, manual, traded, and shared 
control modes are currently supported. The algorithms 
were tested on a real robotic environment, the C W  DD 
Arm 11. Experimental results show that the methods are 
quite accurate, robust and promising. Their most impor- 
tant characteristic is that they can be implemented in 
real-time. 

The extension of the method to the problem of 3-D 
visual tmcking, the use of more elaborate adaptive con- 
trol schemes, the investigation for more efficient motion 
detection algorithms and the interaction of the control 
schemes with the noisy vision algorithms are currently 
being addressed. 
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Figure2 PI controller in conjunction with a Cartesian 

PI) robotic controller with gravity compen- 
sation. 

c 

F i g w 8 :  PI controller in conjunction with a Cartesian 
computed torque mbotic controller. 
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Figure9 Pole assignment (poles at 0.8) controller in 
conjunction with a artesian PD robotic con- 
troller with gravity cornpensation. 

I 1 

Figurelo: Pole assignment (poles at 02) controller in 
conjunction with a cartesian PD robotic con- 
troller with gravity compensation. 
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Figurell: Pole assignment (poles at 0.2) controller in 
conjunction with a artesian PD robotic 
controller with gravity compensation. 
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Figure12 LQG controller in conjunction with a car- 
controller with gravity tesian PD robotic 

compensation. 
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F iPre13:  controller in conjunction with a car- 
tesian PD robotic controller with gravity 
compensation. 
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