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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-Dspace. To achieve our objective, we combine
computer ViSin techniques, for detection of motion, with
simple control strategies. The problem has been formulated
from the systems theory point of view. This facilitates the
extension of the algorithm to 3-D space. A cross-correlation
technique (SSD optical flow) is used for computing the vector
of discrete displacementsand icombined 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 oorrect the tracking motion through a pystick. The perfor-
mance of the proposed algorithms has been tested on a real
system. the CMU DD Arm 1i, and the results are presented in

this paper.

1 Introduction

An important component of a space robotic system is
the acquisition, processing, 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 lewel this infor-
mation is used to create nockls of the system and the
environment. The sensory information can be obtained
through a variety of sensors such as position, velocity,
force, tactile, and vision to ate a few. In this paper, we
address the use of vision for dynamically servoing a
manipulator for satellite tracking.

Research in computer vision has traditionally em-
phasized the paradigm of image understanding.
However, some work has been reported tonarts the
use of vision information for tracking (1, 2, 3, 4]. In ad-
dition, some research [5, 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 1o 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 quire the intervention of the human
qoeerator.  The integration of the human operator in a
space robotic system results in a system that combines
man and machine capabilitiesand such a system is of-
ten called a space telerobotic system. \Ne view a space
telerobotic system as a general multi-sensor environ-
ment where the human operator and the autonomous
sensory modules can cooperateand exchange control of
the decision-making process. The exchange of control
depends on the specific events which occur during the
execution dfa 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-Dspace. 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-
of-Squared Differences (SSD) gptical 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 outputsof 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-
tol modes are supported. The performance of the
proposed algorithms has been tested on a real system,
the CMU DD Arm 1i, and the results are presented in
this paper.
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Figure 1: Structure of the Robotic Visual Tracking
Scheme.

The rest of the paper is devoted to the description of our
algorithms and is organized as follows: In Section 2, we
review the definition of the goiical flow and present
methods for computation of the vector of discrete dis-
placements. We also introduce three types of confidence
measure for each of the measurements 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 ofthe a p
propriate control law with regards to the noise level of

the measurements are discussed in Section 4. Section 5
describes 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 II. Experimental
results are presented in Section 8. Finally, in Section 9,
the paper is summarized.

2. Optical Flow

An object 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 gotical 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 R,
attached to it. We also assume a perspective projection
and the focal length to be unity. A point' P with coor-
dinates (X,.Y,.Z) 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 trarslationel velocity T=(7,. 7, T)" and with an-
gular velocity R=(R,.R . R )T with respect to thecamera
frameR, The goacal flow equations are [4]:

T, T
u=[xzf—i]+[xykx—(l+r2)R’+yR,] )

T, T,
v={y Z - Z 1+[1 +y2)Rx—xyR’—xR,] @
where u=xand v=y Now, instead Of assuming a static
doject and a moving carera, if we were to assume a
staticcameraand a moving doject then we would obtain
the same results as in (1) and (2) except for a sign
reversal. Thecomputation of uand v has been the focus

Bold symbols denote vectors or matrices



of much research and many algorithms have been
proposed (8,9, 10, 11].

For accuracy reasons, we use a matching based tech-
nique (12} also known as the Sum-of-Squared Dif-
ferences (SSD) optical flow. For a point
P (k—1)=(x(k—1),y (k- 1))T in image (k- 1) (the symbol &
denotes the image (k) which belongs to a sequence of
images) we  want to find the point
pER=(xk-1D+u,yk—1+v))T to which the point
p (k—1) moves in image (k). For the point p (k-1), the
SSD algoritim selects the displacement d =(x ,v)7 that
minimizes the SSD measure:

e@*k-1)d)= Y, U qxk=1+myk—1)+n)-

—Ik(:(‘:f D) +m+u y(k=1)+n+v)P 3)
where «,v E Q, N is an area around the pixel we are
interested in, and 1,_, (,), 7,(",") 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 gquantization levels. The selection of the win-
dow size (N) is important. A small window will not
provide an accurate displacement vector 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 doject. Thus, the algorithm can fail to
detect small displacements of the moving object. In ad-
dition, the SSD technique fails when the image contains
a lot of repeated pattermns of same intensity because of
multiple matches.

The accuracy of the measurements of the displacement
vector can be improved by using multiple windows.
The selection oF the bsst measuremeTts is based on the
confidence measure of each window. The definition oF
an effident and robust confidence measure is not trivial.
Images are a noisy source ofinformation and changes in
illumination and surface reflectance can deteriorate the
performance o any confidence measure. An effiaent
confidence measure should recognize errors that are
due to homogeneous areas and occlusion boundaries.
Anandan (12] 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.

Figure 3: SSD surface that corresponds to a feature
point that belongs to an edge.

Figure 4: SSD surface that corresponds to a feature
point that belongs to an homogeneous area.

SSD surface the surface that is created 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 corresponds to a corer point (one of the best fea-
tures vinidn can be used) presents a sharp minimum at
the best match (Fig. 2). A feature point that belongs to
an edge (e points provide accurate measurements
only in the direction perpendicular to the edge) has a
SSD surface which presents multiple local minimum in
the direction of this edge (Fig. 3). Finally, a SSD surface
that corresponds to a feature point that belongs to an
homogeneous area (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 significant noise
corruption, commonly found in space applications. The
curvature of the SSDsurface seems to be proportional to
the quality of the best match. Anandan proposed an
algorithm for computing the confidence measures based
on the principal curvatures and the 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 ill<onditioned
problem. Thus, this confidence measure 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 20;/a where cs,2 is the
variance of the image noise and a is the second order
coefficient of the parabola e(d)=ad?+bd _+c. We have
proposed 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 {14].
Thus, we can compute the confidence measure for the
i-th window as:

conf,=min (ay,ay5, 399+ 4a;35) 4)
where ay a5, ag and a,,¢ 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.

In addition to the previously proposed confidence
measure, we have introduced two new oconfidence
measures which have been used in the experiments {14].
Their advantage is that they capture the sharpnessand
the local properties of the minimum instead oF fitting
mathematical models of surfaces to the SSD surface The
reasoning behind this is that a second order approxima-
tion of the SSD surface is not always the best represen-
tation.

The fst confidence measure describes statistically the

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

conf;=min (sy.5,5 .590,5135) (5)
where the s,’s are the sample standard deviations in the
directions of the four prindpal axes. Each one of these
standard deviations is computed as:

2 1 M 2 2

5t =M—_1[}:l (€))~MZ] ©
where the mirimum 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 values of the
SSD surface adjacent to the minimum in each of the four
prinapal axes. The symbol e denotes the mean value of
each of the samples. Due to the local character of the
minimum, the number A should be small. In addition,
largeM increasesthe computational load.

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

conf‘.= min (.s'o,.\'45 ,590..:135) O]
where the 5,’s are given by the equation

. =M
Q-
’:='M_—1" Z € epi)? (8)
I=1
The symbol e, represents the minimum value of the .

SSD surface and the s;’s are computed along the four
principal 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 freedom 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 Z,. ThiS can create large errors due
to the fact thet we give egual weight to both good and
bad measurements. TS difficulty can be overcome by
assigning different- weights to the measurements. We
define the i-th weight w‘-=corq2/(zj confy), where conf is
the confidence measure of the i-th window. The arith-
metic mean of w andv is
)Y ¥iYi
5d
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In addition, the standard errors of the arithmetic means
can be computed as:

2

PO

2
Z WI(VI_V)
2 ] 2 J
S; = S; =

-1, w; =1, w,

J J

where n is the number of the feature points that are
used.

(10)

The techniques discussed above can be extended from
black/white images to color images. In [14], 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 Section, 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
Tracking Problem

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-Dvisual tracking of a satellite. The 2-D visual tracking
of a satellite is realized by visually tracking multiple
feature pointsthat belong to the satellite.

3.L Visual Tracking of a Single Feature Point

Consider a satellitethat moves in a plane with a feature,
located at a point P, that we want to track. The projec-
tion df this point on the image plane is the point p.
Consider also a neighborhood Q of p in the image
plane The problem of 2-D visual tracking of a single
featurepoint can be defined as: "find the camera trans-
latin (7,,T,) with respect o the camera frame that
keeps Q. stationary in an area €1, around the origin of
the image frame". It is assumed that at initialization of
the tracking process, the areaQ,,, isbrought tothe 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 featurepoint can
also be defined as[4): "find the camera rotation (R,-R,)
with respect to the camera frame that keeps 2, station-
ary in an area £, around the origin of the image frame".

The second definition of the visual tracking problem
does not g uirethe computation of the depth Z_ 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 kT is (u(kT),v (kT)) where T is the time between
two *consecutiveframes. It can be shown that at time
(&+1)T, the optical flow is:

u(k+1)D)=ukT) +u (kT) (11)

v({(k+1)D=v(kT)+v _(kT) (12)
where «_(kT),v_(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 gotiical flow induced 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 are 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:

u(k+ DN =u kD) +u (k- T) (13)

v(k+)D=vkTD)+v ((k—)T) (14)
where 4 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
@1 and (@2)will be used with kand (k+1) instead of kT .
and (k+1) T respectively.

By using the relations W= XR=xED
£)—y(k-1) T
v(k)=y-———( ; , equations (11) and (12) can be trans-

formed to state-space form as (the inaccuracies of the
model are mockled as white noise):
x(k+1)=Ax(®)+Bu () +Ed® +Hv ()  (15)
where”™ A=H=1, B=E=TL, x(KER% u (H)E R,
d(k) E R? and V(k) E R2. The vector x (K)= (x (K).y &)7
is the state vector, “c(")=(“c(k)-"¢("»r is the control
input vector, d (k) =(« (k) ,v (k)T is the exogenous distur-
bances vector, and v (k)= (v, (k),v, ()T is the white
noise  \vector. The  measurement  vector
y ) =0, (0).y, ®) is given by
y®=Cx(k)tw (k) (16)
where w(k)=(w, (k),w,(k))T is a white noise vector

“The symbol I, denotes the identity matrix of order n



(w (k) ~N@O,W)) and C=1L,. The measurement vector is
computed using the SSD algorithm described in Section
zZ

I 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 Wwith T, (k) and T’(k) is

T, T,®
b Q=——F—. v, (=% an

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

u (K)=R ()x(R)y ()—R (k) (2 (k)y+ 1] 18)
v () =R (k) +1] =R () x (K) y (k) (19)

The model in equations (15) and (16) can also be used
for keeping the feature point stationary in an area §2,
different from the origin. If (rx,ry) is the center of this
area Q_ then by transforming the state variables x ()
and y (k) to a new pair of state variables, xy (k) and y,, (k)
Gy (k)=x(k)-r, and yN(k)=y(k)—-ry) 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 errorsthat tend to accumulate.

32. 2-DVisual 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 thearea Q_ in
the image plane, The problem of 2-D visual tracking of a
single satellite can be defined as: "'find the camera trans-
lation (T,.T’) and rotation (R) with respect to the
camera frame that keeps Q,, stationary". It is assumed
that the target rotates around an axis Z which at k=0

coincides Wiith the gotical axis of the camera. The math-
ematical mookel of thisproblem in state-space form is:
x(k+1)=Ax(k)tBu, (k) +Ed®)+Hv (&) (20)
where A=H=1, B=E=TI,, x(W)ER? u (E R’
d(ye R* and v E R The  vector
x(k)=(x(k) yk),0 )Y is the state  vector,
u ()=(u (k) v (k) R, (k)T is the control input vector,
d(R)=(uk),vk),o®)T is the exogenous disturbances

vector, and v (k) =(v,.(k), v, (k), vy (k)T is the white noise
vector. x(k), y(k), 6 (k) are now the X, Y and roll com-
ponent of the tracking error, respectively. The measure-
ment vector Y (K)=(y; (K),y, k). y5 ()T is given by

y(® =c x (k) +w k) @1
where w (k) = (w, (k) ,w, (k) . w; ()T is a white noise vec-
tor (w (k) ~N(O,W)) and C=1,, The measurement vector
is obtained in a slightly different way than in the case of
the visual tracking of a single feature point. First, 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 projections of
the two feature points on the image plane are not the
same, it is guaranteed that the system of equations hasa
solution. It is assumed that each one of these features at
time =0 is located at its desired position. The control
strategies that keep the projection of the satellite station-
ary are discussed in detail in the next Section.

4. Control Issues in the Visual Tracking
Problem

The control technigques 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 whisch these schemes should be used in the visual
tracking problem. Some of these controllers (PI) are at-
tractive due D their simplicity 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
visual tracking problem.

4.1. P1 Controller for Visual Tracking

The control objective is to minimize at each instant o
time the error vector e(k)=(x(k)-0,y(k)—0,8()—0)T
by choosing an appropriate control input vector u,_ (k).
One simple technique for the elimination of the distur-
bances is the proportional-integral control technique (Pl
regulator). This linear control law is given by:



k
u (D=[K,e®+K,TY e@®IT (22)
=1

where K, and K, are constant proportional and integral
gain matrices, respectively. There are several tech-
niques for the calculationof the K, and K, matrices. 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 suppressed.
On the other hand, the new system can be less stable
than the original or even become unstable if the
matrices K and X, are not properly selected.

4.2. DARMA Model and Pole Assignment
Controller
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 poles.
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
discrete-time description of the system be:
Ap(@hy®)=By(gHu (k) £20 23)
where the ¢7! is the backward shift operator. The above
model is called the Deterministic AutoRegressive Moving
Average (DARMA) model. Under certain assumptions
(described in the sequel), the mathematical model of
equations (20) and (21) can be transformed to the model
described by the equation (23). These assumptions are:
a) the disturbances are deterministic and constant, and
b) the noise tenns are neglected. Even though these
assumnptionsoversimplify the problem, proper selection
of the closed-oop poles can lead to a robust and ef-
fiaent controller. The DARMA model for the 2-D vigal
tracking problem is

ApgH=(1-2¢+4¢D)], 24)

By )=Tq' (1=¢H], 25)
The derivation of the model is based on a procedure
described in (15]. If the desired output sequence is zero,
the feedback control law isgiven by the equation

L™y (k) =-P@ )y ®) (26)

where L(g™)=L"(¢g7)(1-¢™)I,. The matrices L'(¢")
and P(q™!) are computed by solving the closed-loop
pole assignment equation:

L@ )U-¢q P L+Pg)Tg =A% @™) @7
where A*(¢!) is a matrix whose diagonal elements are
the desired closed-loop polynomials. Equation (27) is
always solvable for L'(s7!) and P(¢™!) since the
polynomials that constitute the diagonal elements of the
matrices (1 -4 !)2I,and Tq™! |, are relatively prime. We
observe that the MIMO (Multi-Input Multi-Output)
model is decoupled, so we can work with three SISO
(Single-Input Single-Output) models. This simplifies the
analysis. Thus, equation (27) can be decomposed into
three polynomial equations:

L:-(q"’)(l—4_1)2+P,~(q")74"’ =A!(g™) i=123 (28)
Each one of the polynomials A7 (¢™1y must be of order 3
and the polynomials L;(q") and P‘.(q_l) 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 one-step
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 stabilityand a good transient response.

4.3. ARMAX Model and Pole Assignment
Controller

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 AutoRegressive
Mooing-Amrage model with eXternal input (ARMAX)

A, @)YDE )y ®=B, @)D Hu (k) +

+Cp@HDEHW(K) k20 (29)
where w (k) is the Wil noise vector that corrupts the
measurement vector y (k) and D(g)=(1-¢ ML, If we
assume constant deterministic disturbances, we obtain

that Ay (¢7)=Cplg)=(1~¢g L, and B¢ ) =TI,
If the set point is described by the relationship
S@hHy* (K»=0, then a robust control law is given by the
equation (161:

L@ DS D@ )u (=P [y k) -y®] (0)
Each one ofthe diagonal elements of the matrices L (g!)
and P(g™?!) should satisfy the equation

L@ S (g™ (1-¢"P+P,(¢ ) Tq =
= Ci@NA (") =123 3n
where



Cpi@hHD(gH=Ci(@N+CE (™) i=1,23 32)
The polynomials C;?(q"l) should be asymptotically st-
able and C§(¢™") are residuals that can be made as small
as desired. Further, it can be shown [16] that the track-
ing error convergesto

L(gMs;@™)
y; (k) -y; (k)=——.——_l—'[1 +
A (@)
Cig™h
+—— Jw.(k) i=123 (33)

Ci@hy !
The performance of the controller can be made as close
to optimal as desired by choosing C‘f(q"‘) sufficiently
smalland A? (¢7!) sufficiently big. The robustness of the
controller can also be enhanced by keeping the roots of
Cj(q“) a reasonable distance from the unit circle. Big
A;(q“) results in large rise time (or delay) which it is
not desirable in a visual tracking system. The vision
algorithms that we propose cannot detect image plane
displacements greater than 18 pixels per sampling
period T. Thus, a compromise between these contradict-
ing requirements should be made.

44. LQG Controller for Visual Tracking

A more complex control method is the LQG (Linear
Quadratic Gaussian) control technique. TS technique
permits us to model the deterministic disturbances as
time-varying 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 “c(k) is given by

u ()=-Gkk)-d® (34)
where i(x) is the estimated value of the state vector
x (k), and d (k) is the estineted value of the disturbance

vector d (k). More details about the design of the LQG
controller canbe found in {17].

4.5. Computation of the Rotational and the
Translational Velocity Vectors

The next step of our algoritim is the calculation of the
pair (Tx(k).T,(k)) or of the pair (Rx(k).Ry(k)) or of the
triple 7, (k). T, (k). R, ()). As was mentioned above, the
first two cases correspond to the visual tracking of a
point while the last case represents the visual tracking
of a satellite. In the first case, T, (k) and Ty(k) are com-
puted by the equations (). As we have mentioned
before, these equations require the knowledge of the

depth Z. In the second case, we have to solve the
system of equations (18) and (19) and calculate R, ()
and Ry(k). The determinant of the system is nonzero in
an area around the origin and thus the system has a
unique solution. In the third case, the calculation of the
Tx(k) and T’(k) is done in the same way as in the first
case. R (k) is given directly as the computed control
signal. The knowledge of the depth Z_ can be acquired
in two ways. The first way is direct computation by a
range Sensor or by stereo techniques [13]. The use of
stereo for the recovery of the depth is a difficult proce-
dure because it requires the solution of the correspon-
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 es-
timated on-line values of the model's parameters that
depend on the depth. More details about our adaptive
control schemescan be found in (18, 19).

5 Shared and Traded Visual Tracking

In shared control mode, some degrees of freedom (DOF)
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 {20), mixing matrices and weights ..
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 degree of freedom (DOF). 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 along a specific de-
gree of freedom (DOF).

We choose to follow the latter approach. The control
input signal Dx, (k) is defined as DxT (k) = (TT (&), RT (k)
and is expressed with respect to the camera frameR.
Let us assume trat the human operator commands a
speed signal /Dx, (k) with respect to the pystick frame.
The speed signal /Dx, (k) can be transformed through
the transformation ‘Ti to the camera frame signal
"Dx_ (k). We define the matrices ¥, and Q
(¥.Q E RSS):

=Jd 1 ifa=f&dof(a)=1
Y@ {0 otherwise (35)



ﬂ<a.B)={1—‘g(a.B) ifo=p 6

otherwise
where dofla)=1 (ate {1. ....6)) implies that the
human operator controls the a degree of freedom

(DOF). The new rate reference signal ‘Dx_(k) is ex-
pressed in camera frame coordinates as:

“Dx, (k) =QDx, (k) +'¥ "Dx_ (k) a7

One of the possible problems of shared control mode is
the possible coupling between the degrees of freedom
(DOKF) that the human operator commands and the
degrees of freedom commanded by the autonomous
modules. For example, in our system, there s a strong
coupling between T (k) and Ry(k), and between T’(Ic)
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 (DOF)
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 &, (), or 7, and 7, (),
as possible teleoperated degrees of freedom (DOF). This
observation is verified by the experimental results
which are presented in Section 8.

Another potential problem is the delay in the manual
rate signal. If 4_ is a delay factor associated with the
transmission of the manual rate signal, then equation
(37) becomes:

Dx_ (k)=2Dx_ (k)*¥ "D, (k-d_) (38)

Large transmission delays whidh are often present in
space applications can significantly influence the track-
ing performance and the stabilityaof our algorithms. The
estimation schemes are influenced too, due 1D the fact
that we apply different Inputs to the system than the
ones that the estimation schemes consider as current.
Therefore, the transmission delays nust be taken into
consideration during the design phase of the whole sys-
tem.

The traded control mode is useful during three phases:
a) Initialization, b) Emergency events, and ¢) 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 problems 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 con-
trol schemeswe 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 frameR (‘T (k) and “R () are the components of
the vector “Dx_(k)), we transform them to the end-
effector frame R, with the use of the transformation ‘T .
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 ofthe appropriate robot control metihad s es-
sential to the success of our algorithms because small
oillatias 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 saellite. The next Section describes
the hardware configuration of our experimental testbed
(CMU DD Arm I robotic systerm).

7.Hardware Configuration
The vision and pystick module df the CMU DD Arm II

(Direct Drive Arm II) system are parts of a bigger
hardware environment Fig. §) which runs under the

CHIMERA 1 (23] real-time Qperating system and con-
sists f the ol lovingdevices:

e Multiple Ironics Mé8020 boards.

o A Mercury 32000 Floating Point Unit.

® A Sun 3/260 host system ona VME bus.
¢ An IDAS/150 image processing system.
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Figures: DD Arm 1I Hardware Configuration (Fig.
taken from [23]).

e A Panasonic industrial CCD color camera,
Model GP-CD1H.

« Six Te@s Instrument TMS320 DSP proces-
sors, each controlling one pint of the CMU
DD Arm II system.

e Sensors such as a tactile Sensor and a force
SEensor.

* A six degrees of freedom joystick.
The IDAS/150 image processing system carries out all
the computational load of the image processing calcula-
tios while the Meraury Floating Point Unit does all the
control calculations. An Ironics board is responsible for
the realization of the shared control planner. The
IDAS/150 contains a Heurikon 68030 board as the con-
troller of the vision module and two flaating point
boards, each one with computational power of 20
Mflops. The system can be expanded to contain as many
as eight of these boards. The six degrees of freedom
pystick is a Dimension 6 TrackBall (24, 21]. The applied
forces and torques to the trackball are transformed to Six
reference signals which are computed at once. The refer-
ence signals 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 our ex-
periments, the user commands motions with respect to
the pystick frame, and then these motions are trans-
formed in Camera frame coordinates. The camera frame
is parallel to the end -effector 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 reference signals to
the robot cartesian controller. It has a period
of 5ms.

e Robot controller process. This process
drivesthe 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 reference 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 describesthe experimental results.

8. Experimental Results

A number of experiments were performed on the CMU
DD Arm 1II 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 (DOF)
in conjunction with the autonomous modules. During
the experiments, the camera is mounted on the end-
effector and has a focal length of 7.5mm while the ob-
jects aremoving on aplane (averagedepth Z= 680mm).
The experimental setup is shown in Fig. 6. In the first set
of experiments, the first trajectory is the line
Y=0.74X +0.77 (¥ and X in meters). The camera's pixel
dimensionsare: 5,=0.01278mm and s,=0.00986mm. The
real images are 510x492 and are quantized to 256 gray
levels. The usr, by moving the mouse around,
proposes to the system some of the object’s Teaturesthat
he is interested in. Then, the system evaluates on-line
the quality of the measurements, based on the con-
fidencemeasures described in Section 2. Currently, four
featuresare used and the size of the attached windows

——
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Figure6: Experimental Setup.

is 10x10. The gains for the controllers can be found in
[25]. 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 objects.
The vector MezP represents 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 isthat it
requires the inversion of the Jacobian. Thus, the DD
Arm I can essily become unstable (whenever two of the
joints are aligned). Due to this fadt, in all other ex-
amples. the Cartesian PD with gravity compensation
robotic controller is used.

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

near zero has a better performance (Fig. 10). These
experimentsare done with the same object.

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-
formance of the LQG controller in a nonlinear trajectory
is shown in Fig. 13and 14. In this example, along with
the translational motion, the objecc 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. P 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 carefully. 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 successful 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 inaccurate measurements without sig-.
nificantly increasing the complexity of the whole sys
tem.

In the second set of experiments, the operator by using
the joystick commands motions in the end-effector
frame vihich is parallel to the camera frame. In these
experiments, the objective is the tracking of a moving
target (2-D translational and rotational motion) by com-
bining the human operator with the autonomous LQG
visual tracking modules. The goal is to show the perfor-
mance of the human operator in tracking. The results
are shown in Fig. 15. We observe that the performance
of the human operator in this case is Very satisfactory.
MezP{0] and MezP(1] are commanded by autonomous
LQG viaal tracking modulles, The trajectory in the X-Y
plane is nonlinear Whidh results in cecilllatory tracking
performance. It is assumed that the depth Z_ is known
and that at time k=0 the optical axis of the camera is
aligned 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 current and the desired posi-
tias 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 errorsand 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/sec.

9. Conclusions

In this paper, we considered the robotic visual tracking
problem of satellites. Specifically, we addressed the
autonomous or shared robotic visual tracking of ar-
bitrary satellites traveling at unknown velodities 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
discrete 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
time-consuming. Other contributions of this work are a
sophisticated multiple windows measurement scheme
and new efficientconfidence measures that improve the
accuracy of the visual measurements. The speed has
also been improved by coarseto-fine techniques and
sub-pixel fitting.

The next step was to show the effectiveness of the intro-
duced idea of the combination of control with vision for
an efficient solution to the tracking problem of satellites.
LQG ar Pl or pole assignment regulators in conjunction
with Cartesian robotic controllers were studied as p0OS-
sible controllers. The selection of the most efficient is
based on the vision technique that is used for the cal-
aulation of the displacement vector. stochastic control
techniques are effective in the case of noisy visual
measurements while one step-ahead controllers are a p
propriate for quite accurate visel desenatios.
Generally, thew controllers are tuned essily and deal
satisfactorily with the tradking constraints and with the
noisy type of the measurements. Our flexible architec-
ture 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 CMU DD
Arm II. 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 tracking, 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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FA Figure 15: LQG control and the human operator (2-D).

%: - MezP{0] and MezP[1] are commanded by

P a autonomous visual servoing modules while

Y . the roll angle is commanded by manual con-
- trol (shared control).
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Figure 14: Roll trajectory of the robot end-effector and
the object in the previous example.



