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1. Introduction 
In unsmctud and/or hazardous cnvir0nmtxu-s such as space. under- 
w e .  and radioactive silcs. autonomous robots me nccded to rcliably 
cope with mmplcx and divasc tasks. Autonomous capabilities arc 

hat provide information about the state of the task the robot. and the 
environment. and through sophisticated algorithms that acquire. inter- 
p. and use sensory information to drive the robot system. R m t  
advances in sensors. algorithms, and mmputa  technology have QL- 

abled the integration of sensors in the f&dback loop for d 4 m e  task 
execution. In spite of these advanax. present day robotic devices do 
not possess desirable charaderistia such as !laribility. reliability. 
adaptability, to name a few. and pure autonomy =mains an unachicved 
goal. 

Thc goal of using autonomous r o b  for applications in u m t m ~ d  
and/or hazardous anironmcnts is to move the human from the task 
site but not necessarily to remove the humanlopcrator from the task 
itself. In fact due to safety considerations, it is v a y  imporcant th;u the 
human be able to xunotdy take control of the task and the robot 
system. For example. unpredictable events and complex evolving 
mvironmenu raquire the havention of the human *or. ?he 
integration of the human operator in a robotic systan results in a 
syslem that combines man and machinecapabilitics and sucha systcm 
is often called a lclcroboiic system During the last decade, rcscatch 
efforts [I. 2,3.4] have focused on building telaobotic systems which 
provide a wide mge of mntrol modes. fium pure autonomous control 
to full t&opu-&on. Most of rhese effoas intcgmc the human 
operator with force@sition mbot control schunu Otha sensors, 
such as CCD cameraf am simply used to provide visual information to 
the human operator through a video display. In contmst. we view a 
tclmbotic system as a gamal multi-sensor environment whcn the 
human operator and the autonomous sensory modules can coopcrate 

developed uuoagh thc usc of scIlsors such as f- vision. tactile. clc.. 

and exchange control of the decision-making process. The exchange of 
con~rol depends on the spcdfic events which occur dunng lhe execu- 
tion of a ratk 

In this papa, we address Ihe problem of h e  intcgmon of a human 
opaator with autonomous visual savoing and tracking modules. In 
particnlar. we aaminc ways that the human operator can coopcme 
with these modules and improve their pcrformancc. Our previous 
work in visual smoing and tracking emphasized the design of vision 
and mu01 algorithms for uaddng of targets in unknown environ- 
ments [S. 6.71. The camera was mounted on the robot manipulator 
(eyein-hand configuration) and thc objective was to ketp the projec- 
tion of the l a rg~  at some desired position on the image plane. Our 
work differs significantly fiom previous work in visual s e r~o i lg  
[8.9] and d v e  depth estimation [lo. 111. The differences are in 

the use of a single moving camera (binocular viewing rtquins the 
mounting and the c a l i b d o n  of two cameras which is difficult). the 
ability to c o m p e n w  for unccnaintia in h e  relative distance of Ihc 
moving target from the camera frame and for unknown camera 
paramuas. and h e  gcnedity of our fiamework (we have 
demonslrated full 3-D robotic visual uacking [ 121). 

We prtscnt examples of visual xrvoing around a salic or moving 
targd The autonomous modules arc based on adaptive control tech- 
niques cspa5ally appropriate for operation in an unknown envimn- 
m a .  We assume that we do not h o w  the exact depth map of thc 
largeu and Ihal we have a limitcd knowledge of the camera model and 
the image noise. In certain cases, the autonomous modules perform 
better than the human operator. especially when an inexperienced user 
operates the joystick and inltrp~cls the visual data. Anorher important 
observation is the way the delays in the human rcaction influence [he 
stability of our algorithms. Large delays make the tracking unsuc- 
ccssful while small delays can be included in the mathem&cal model, 
and thtnfole. an approprialc control scheme can be designed. 

The papa is organized as follows: S d o n  2 presents b e  maihemawal 
modding of our problem. The different strategies for the solution of 
thc mboric visual tracking and savoing problem arc discussed in 
Section 3. In Section 4, we present ways for integration of the human 
operator with the autonomous modules. The archireclure of our ex- 
perimmtal teslbed. CMU DD Arm 11. is given in Section 5. The 
expuimuual mulu arc presented in Section 6. Finally, in Seaion 7, 
thepaperissummaxized. 

2. System Modeling 
This Scction desQibes the mathem;uical modeling of our problem. 
Due to the fact that the majority of the uacking and servolng examples 
can be decomposed into the simultaneous tracking of several f a u r e s ,  
only the tracking and scrvoing model for one feahxe IS presented in 
h i s  Seaion 

We assume a pinhole camera model with a frame (R,)  atlached IO i1. 
In cdditicn, we also assume a perspodive projeuion. Consider a slatic 



target with a feature. locat~d at a point' P with co~niimtcs cX,.Y,.Z,I 
in (R , ) .  ?he projection of this point on the image plane is the point p 
with image coordinates (x , y) given by 

(1) 
f y, f X ,  

Z , S X  ZS", 
and y = -  x = -  

when f is the focal length of the camera and sx , sy ,anz the dimensions 
(mdpixel) of the camera's pixels. In addition. it is assumed that 
Z, >> f. If (4, c,) is the origin of the image coordinate system (F,) 
then 

x * = x + c z  and y*=y+cy (2) 
where xa and ya arc the actual image co~rdinaccs in (Fa]. Any 
displacement of a rigid object can be desaibcd by a rotation about an 
axis through the Origin and a L o n  Ifthcangie of this rotation is 
small, the rocation can be charadaiztd by hecindcpcnda~ rotabions 
about the X, Y and Zaxa. Mus assume that the camera m o v a  in a 
static environment with a translational velocity T = Cr, . Ty , TJT and 
with an angular velocity R = (R,, Ry ,.RJr with respect to the camera 
frame ( R J .  ?he velocity of point P wth nspcd to the (RJ frame is 

dp 
-= - T - R x P .  
dt (3) 

By taking the time derivatives of the urprcssions for x and y and using 
(1) and (3) we obtain: 

when u = X  and v = j  u and v 
measurements. If we assume sz = sy =f= 1, equations (4)-(5) become: 

also known as the optical flow 

T, TX 

2 s  z, 1 + b y  R, - (1 +SI  Ry + Y RJ (6) u= [ x - -- 
T r n  

To keep the notation simple and without any loss of gamality. in the 
mathematical analysis that follows. we use only the relations described 
by (6)-(7). Assume chat the optical flow of the point p at time kT is 
(u (kn, v (k r) )  whae T is the time between two umsccutivc frames. It 
can be shown [5 J that at time k T, the optical flow is: 

(8) 

(9) 
when uc (k T) , vc (kT) arc the components of the optical flow induced 
at h e  time instant k T  by thc suvoing motion of the cam- and w h a t  

(k T) , vo (k r)  arc the components of the optical flow i n d u d  at the 
time instant k T by the possible motion of thc The coefficients 

u ( k T )  = pZ uo (k r)  + u (kr) 

v (k T )  = 5 Yo (k r )  + v c  (k r )  

px, pyLrdefinCdas: 

Equations (8) and (9>wiU henceforth be used with A instead of kT. 
Equations ( 8 )  and (9) do not include any computational delays that arc 
associated with the computation and the d o n  of the servoing 
motion of the camera. If we include these delays in the model, 
equations (8) and (9) arc transformed to: 

u (k) =pXuo (k) + Y  (k - d +  1) = pX uo (k) + 4- d +  u (k) 

v (k) '4 vo (k) + v ( k- d  + 1) =py yo (k) + q - d +  ' Y ( k )  

(1 1 ) 

(1 2) 

wherc d is the delay factor (d E [ 1 ,2, . . . )) and q-' IS  the back- 
ward shift operator [13]. For the time being, it is assumed that d =  1 
From (6) and (7), uc(k) and vc (k )  axt given by: 

In addition, it is known that: 
x(k+l)-x(k) 

T 

Y (k+ I ) - Y  (k) 
T 

u (k) = 

v (k) = 

If we subdtutc u(k) and v(k) in (11) and (12) with their equivalent 
exprcssicms 6um (15) and (16). then quations (1 1) and (12) can be 
wriuen as: 

x ( k +  1) =x (k) +Tuc (k) +pXTuo (k) + v, (k) 

Y (k + 1) =y (4 +T vc (4 + pYT vo (k) + vY (4 

(17) 

(18) 

when the white noise t Q m s  vx (k) and vu (k) are included io model the 
inaccuracies of the model (neglected accelerations. inaccurate robot 
control, etc). vz (A), vy (k) are zero-mean. mutually uncorrelated. sta- 
tionary random variables with v&ances 0,' and 0;. respectively. For 
every f a a m  point we obtain two e q u ~ o n s  that relae the new fea tu rc  
w o n h a t s  to the pxwious coordina~es in lerms of h e  sampling time 
(T)  and optical flow. Equations (17) and (18) can be represented 
compady in mauix-vector form (also known as state-space form) as: 

I,#+ 1)=A,(C)xp4)+B,(C)u.(C)+E,(C)uF(L)+HF(k) v F ( 4  (19 )  

-1 A ( 4  

(201 I p 0 
I ( t ) Y ( t )  - ( I * x 1 ( W  Hi) 

-1  Y ( 4  
0 q z q j  ( I . Y Z ( W  - a ( o Y v )  Z ( k )  

B,(Q = t 

The vector x,(k)-(x(k) ,y(k)) '  is the state vector, 
uc (k) = (Tx (k) , Ty (k) , T, (k) , R, (k) , Ry (k) , R, (k)Ir is the control mput 
vector. uF (k) = (uo (k) , vo (k))' is the disturbance vector. and 
vF (k) = (v, (k), vy (k))' is the white noise vector.  he measurement 

vector jF (k) = 

(21 ) 

when ~~(k)=(w~(k).w~(k))~ is a white noise vector 
(wp(k) -N(O.W)) and C,= $. The elements of the covariance m a m  
W a ~ t  sd lo some canslant and nominal values. Plausible estimates of 
these elements can be computed from the image (141. The measure- 
ment vector is computed using the SSD algorithm which is described 
in [SJ. In the next Seaion. we wil l  examine the autonomous control 
and dmation techniques that compute the control commands to the 
robotic system. 

(k) , yy (k))' for this feature is given by: 

YF (k) = cF xF (k) + WF (k) 



I 

3.3-D Visual Servoing Around a StatidMoving 
Target 

This stctiorl examines the control strategies tha lealizc the scrvoing 
and tracking motion. the estimalion scheme used to estimate the 
UnLnOwn paxamders of the modcl and the ways we can inttgratc the 
human opaator in the feedback ioop. First. we prtsenc the control 
stn~cture for m o i n g  around a static rarga. and thm we prescnt the 
structure for tracking a target that moves with 3-D aanslational motion 
It is assumed that the dcpth Z, (k) and the depth datd paaamctcrs @I 

initialize our system with some estimates of the deprh and the dcpth 

from the actual values by a fador of 2 10 3. This fad allows for the usc 
of our algorithms in poorly calibrated environmuU like underwata, 
space. and nuclear sites. The dcpth and the dcpth dated ~IE 

estimated on-line by using the motion of the cam--mbot s y s t ~ l  and 
the possible motion of the target. 

3.1. Visual Servoing Around a Static Target 
'& first example is visual scrvoing around a static taxga. First. we 
pnsmt  the autonomous visual scrvoing modules that p f o m  this task, 
and then, in Section 6. we comparc thc d t s  with thercslllts thal a 
human operatar can achieve. Tht concr~l objective is to move thc 
feat-' projcaions an the image planc to 60mc dcsind positions. The 
repositioning of the Projedions is rcalizal by an appropriate motion of 
the system robotcamera In [9]. it is proved that at lesst U ~ C  fcaturr 
points ll~c n e d e d .  especially when a cenain pose is not rtquired Ifa 
certain pose is nquired [15]. more than three feature points arenceded 
We assume that the target is stationary and thacfore px=p,,=O. Ihc 
measurement v w r  y (k) is composed of the positions of thr& feature 
points at every instant L A simple control law can be daived by the 
minimization of a cost fundion l  which includes the -1 signal: 

(1 9) and (20)) arc unknown or known inaazartc ly. In otha words we 

nlatul palamem. The values of lhsc param- can be diffm 

where the symbol E(X) denotes the cxpe~cd value of the random 
variable X and Fk denoles data (past measunments and control inputs) 
up to time k. The vector y' (k) represents the desired positions of the 
projections of the three features on the image plane. In OUT ut@- 
mmts. the vector yo (k) is known (I priori and is constant OVQ time. 
The control law is: 

u,(k) = - [kt (k) Q B (k) + L1-l BT (k) Q [p (k) - y. (k + l)] (23) 

where i (k) is the estimated value of the mauix B (k). The design 
parameters this control law ~ T C  the elements of Lhc matrim Q , L. 
The m$nx B (k) is depmdent on the estimated values of the features' 
depth Z!J)(k) (((/I E (( 1). (2 ) ,  (3))) and the OWTdinates of the fea- 
tures' image projections. ~n paztic~lar. the matrix i (A) is defined as 
follows: 

B i  '1 (k) 7 r 
I B (k) = ii (k) 

1 i2  3, (k) 1 

The estimation of the feature's depch Z!J)(k) with respact to the 
camera frame can be done in multiple ways We define the i n v a c  of 

~ d t p t h z , ( J ~ ( k ) a s ~ , ( J ) ( k ) .  Then. equations (19)-(21) of each feature 
point can be iewritten as: 

ys Q)(t)=Aro)(k- l)y,,@(k- 1) + c  ,(J'(k- I )  B, ( " ( k  - I )  T(k - I )  + 
( 2 4 )  +E, 04- l ) R  (t- I )  + n,@(k) 

when B, (Jl (k). B, (Jl (k) arc given by: 

and the vcdor n,,@(k) is a gaussian noise veaor with mean 0 and 
covarience NO@). By defining ti,("(&) and u,?(k) as 

uFl (k) = B, 0) (k)T (k) and u,o' (k) = 6, 0' (k) R (k).  respcctivel y, 
equation (24) is vansformcd into: 
yp 0) (t) =A,@ (&- 1)yp6)(k- 1) + 5 ,W- 1) U, O)(k - I )  + 

+ uf(k- 1) +np@ (k) (25) 

A last transformation of equation (25) is done by using the vector 
A y,, 0) (k) which is defined as: 

Thc new form of equation (25) is: 
A p, 0' (k) = yF (k) - yF 0' (k - 1) - u,(" (k - 1) 

Ay,O (k)= <!J)(k- 1) ul0(k- 1) + nFQ) (k) (26) 

T h c v c c l o ~ ~ A y , , ~ ) ( k )  and ulO)(k-l)azc h o r n  every instant orlime. 

while the scalar C,,'JI (k) (which is the inverse of the unknown depth 
z!Q(~)) is continuou~ly estimated. 11 is assumed  ha an initid es- 
timate c , ( J l ( O )  of ( j J ' ( 0 )  is given and p O ( 0 )  

=E([C,!J)(0)-[!J)(O)]2) is a positive scalar po. pOI (0 )  can be 
intaptie as a measure of the confidence that we have in the initial 
cstimatc C,,'JI(O). A ~ r ; i l e  knowledge of the scalar <,(J) corresponds 
to a small covariance scalar po. In our examples. N 0' ( k )  is a constant 
pdf ineed  matrix. In addition, for simplicity in notalion. h ( k )  IS used 
instrad of UIO' (k). 

The estimation equations arc (the superscript (-  ) denotes the predicted 
value of a variable while the superscript ( +  ) denotes its updaled value) 
[16]: 

(27) 

-p 0) (k)  = +p 0' (k- 1) +s ( k  - 1) (28) 

when so)(k) is a covariance scalar which comesponds to the w h l e  
noise that charaaerizes the transition between the states. The depth 
dated parameter C,,'Jl (k) is a time-varying variable since the camera 
translates along its optical axis and rotates along the X and Y axis. The 
estimation scheme of equations (27)-(31) can compensate for thc 
timevarying nature of <!J) (k )  because i t  is designed under the as- 
sumplion that thc eslimaled variable undergoes a random change. One 
problem is to L a p  the covariance scalar p Q ( k )  finite. Solutions for 
this type of problem can be found in[13]. In ad&tion. we Im- 
plemmted estimation techniques such as uponcruial data weighing 
and c ~ v u f k e  resethag [13] which deal with lime-varying 
ptUaHletcrS 



3.2. Visual Servoing Around a Target with 3-D 

This S d o n  presents our strategies for visual uacking of a moving 
target. Let us assume that the targd moves with 3-D translational 
motion and the objedivc is to keep the target's plojcaiar on the image 
plane srationary while the targu moves. ?hacfore, we must only 
compute Tx(k). Ty(k),  and T,(k). Due to the fad  that the targu is 
moving. we assume px= py= 1. In order to simplify the modeling of 
the noise. white noise terms are assumed to accompany the tenns u, (k) 
and v,(k). Thercforc. we transform equations (17) and 08)  (n,(k). 
n (k) an the white noise terms) into the following equations for a 
angle ftaturc point (R, (k) = Ry (k) = R, (k) = 0): 

(32) 

0 3 )  

0 4 )  

Trans la t iona l  Motion 

.my 

x (k+ 1) = x  (k) + b,S, (k) +Tu, (k) + v2/2) nlru (k) 

y (k + 1) = y (4 + bySy (k) + Tv,(k) +V2 / 2 )  n- (4 

u, (k + 1) = uo (k) + Tnlru(k) 

(35) 

and &fficients bx and by depend on the values of the dcpth 2, and of 
the sampling intexval T. For M fcaturc points. we have M seis of the 
quaiions (32)-(35). 

The next step in our modcling is to m o v e  the t u m s  u, (A) and v, (k) 
from our formulation. In order to achieve ht .  we da ivc  two timc- 

Moving-Average modcl with extanal input) models (the ARMAX 
[I31 model in this casc can be viewed as a compau way of writing 

down the innovations model). Thc ARhUX models a derived by 
subtxactions and additions of the apressions for %(A). x ( k - I )  and 

the corresponding two timevarying SISO ARMAX model art: 

var>ing SISO (Single-but Single Output) ARMAX (AutoR-siv~ 

~(k-2) ,andy(k) ,y(k-1)  andy(k-2),rtsptCti~ely. F0r-h f-n. 

Ai (q-l)yi (k) = q4Bi  (4-') we. (k) + Ci (q-') wi (k) 

Ai(q-1)=1+ui14-1+unq-2 i=1 .2  

Bi (q - ' )=  b,+ bil q-l 

~ ~ ( q - ' ) = 1 + c ~ ~ q - l + c ~ q - ~  i = 1 . 2  

k 2 0 i = 12 (36) 
where 

i =  1.2 

'Ihe values of the coefficients uil , an. bo. bi, ,til, c2 depend on the 
values of T .  b, , and b y .  The noise sequences wi (k) illl: assumed to 
satisfy the assumptions 

~ ( w ~ ( k )  I F L - ~ J  = O  ~ [ w f ( k )  I F:,) -4 i =  1.2 
where the symbol,E(X) denotes the expocled value of the random 
variable X and Fi-l denotes data (past control inputs and mcasure- 
ments) up to time k- 1. The i n k  i corresponds to the two d i f f m t  
SISO ARMAX modcls pcr fcaturc point, the scalar input uci(k) now 
rcprcsents either Sz (k) or S (A). and the scalar yi (k) cornsponds to the 
measured deviation ofthe Lure point from its desind position in one 
of the X or Y dircaions. It can be shown that bl0=--bll=br. and 

The control and estimation techniques which are used in order to 
compute an efficient adaptive control law can be found in [7]. 

b, = - b,,=bJ. 

4. Issues in Shared and Traded Control 
In s h a d  control mode. some degrces of freedom (DOF) are corn- 
man& by the human operator and some by the autonomous modules. 
In traded control mode, there is a transition from he autonomous 
modules to the human operiuor and vice vena. There are. a lot of 
d i f f m t  ways of looking at the design of modules that suppon these 
modes. In [2]. mixing marices and weighs are used to decide when 
and how the autonomous modules will mix with the human opemor. 
On the othcr hand, in 117.31. the human operator and the autonomous 
modules 811: not allowed to command the Same degree of freedom 
0. The rarson is to avoid the "fork in the road" problem which 
may occur when the human opcrator and the autonomous modules 
suggest opposite dircaions of motion along a specific degree of 
freedom @OF). 
In order to avoid thc "fork in the road" problem, we choose to follow 
the latter approach. As was mentioned in Section 2, the control input 
signal u, (k) is expressed with respect IO h e  camera frame ( R s )  Lct US 

assume that the human operator commands a speed signal IuC ( k )  with 
respect to the joystick frame. The sped signal 'uc (k) can be t r anb -  

formed lhrough the transformation Ti to the camera frame signal 
"'u, (k). We define the matrices Y,  and R (Y , R E R ~ ) :  

1 if a = @ & dof(a) = 1 
y(a.a)={ 0 othenvlse (37) 

when &fla)= 1 (a E [ 1 , . . . .6)) implies that the human operator 
controls the a degrce of freedom @om. The new rate reference signal 
'uc (k) is cxprcssed in camera h e  coordinates as: 

(39) 

One of the possible problems of shared control mode is the possiblc 
coupling between the degrees of frccdom @OF) that the human 
o m o r  commands and the degrces of f d o m  commanded by  the 
autonomou modules. For example. in our system, there is a strong 
coupling between Tz(k) and Ry(k) .  and between T ( k )  and R x ( k ) .  
h f m .  a modification of one of them makes necessary a modifica- 
tion of the other's value. The implementation of h s  scheme depends 
on the knowledge of the human operator about the type of coupling 
The s e l d o n  of the degrees of freedom @OF) which are manually 
commanded is not an easy task. The way ha the CCD camera is 
mounted on the endcffeclor and the 2-D nature of the visual infor- 
mation force the human operator to select Rz (k). or T, and T, (k). as 
possible teleoperafed degrtcs of f d o m  OF). This observation IS 
verified by the exptTimenlal r e s u h  whch are presented in Sechon 6. 
The cxpcrimmtal mul ls  show that manual control of T, ( k )  or Rx ( k )  
and Ry (k) gives poor tracking performance. 

hotha potential problem is the delay in the manual rate signal. I f  d ,  
is a delay faaor associated with the transmission of the manual m e  
signal then equation (39) becomes: 

'uc (k) = Q uc (k) + Y muc (k) 

(40) 'u, (k) = R uc (k) + Y '"u, (k - dm) 

Large transmission delays which are likely to be present for space 
telcrobots can significantly influence the traclang performance and the 
stability of OUT algorithms. The estimation schemes are influenced too, 
due to the faa that we apply different inputs to h e  system than the 
ones that the estimation schemes consider as current. Therefore. ihc 
transmission delays must be taken into consideration during the design 
phase of the whole system. 

The traded control mode is useful during three phases; a) 
Initialization, b) Emergency events, and c) Final stage. During these 
phases, them is an exchange of control betwoen h e  human operalor 
and the autonomous modules. In particular. during Initialization. the 



human opaator grossly positions the d p u l a t o r  with respect to the 
targct and SC~CUS a numbcr of candidate features for m g .  T h l h a ~  
he/she passes control to the autonomous modules During Emergency 
events (cg. loss of one feature due to occlusion by an unknown objtcl. 
singular configuration of the manipulaW the human operator takes 
w n m l  and tries to solve the accumulated problans. I€ the problems 
arc solved, tbm hdshc again pas= control to the aumnornous 
modules. Finally. during the Final stage, the human opcxator takm 
m n m l  of  the system and placcs the manipulator in its home position 
The next S d o n  d d k  the architcaurt of our experimental setup. 
C W  DD Arm IL 

5. System Architecture 
'Ihc vision and joystick modules of thc CMU DD Arm II (Ducct Drive 
Arm II) system arc parts of a biggm hardwan envirauntnt which runs 
under the CHIMERA II[18] d - t i m e  Operating system. The 
IDASfl50 image processing system d c s  out all the comput&od 
load of the image proassing calculations while the M m l y  Floating 
Point Unit docs all the control calculations An Ironics board is 
responsible for the &on of the s h a d  w n m l  planna. The 
IDASn50 contains a H d o n  68030 board as thc controllc~ of the 
vision module and two floating point baards. each m with computa- 
tional power of 20 Mflops. The system can be expanded to contain BS 

many as eight of thesc boarQ Tht six degrtcs ofmtdom joystickis a 
Dimension 6 TrackBall[19.17]. The applied forcts and toques to the 
uackball arc transformed to six rcferrnct signals which ~IC computed 
at once. The nference signals cornspond to atha velocities or forcts. 
The human Operator can select the type and the r c f c n n a  frame of the 
rc fenna  signals on-line In our urpcximents. the user commands 
motions with respecl to the joystick frame. and then these motions are 
transformed in camera h e  cwrdha~cs. The camera frame is parallel 
to the end-effector frame. 

The software is organized murid 5 proctsses: 
Visioo procts. This process docs all the image pnxess- 
ing calculations and has a paid of 150 ms. 

Interpolation process. This program reads the data &om 
the vision system. in~apolales the data and scnds the 
ref- signals to the robot cmesian mtrollsr. It has a 
period of 5ms. 

Robot controller process. 'Ihis process drives the robot 
and has a period of 3.33 ms. The robot wntrol scheme thaf 
is used is a cartesian PD controller with gravity compen- 
sbon .  

Joystick process. This pnxess reads the data h m  the 
joystick and does all the necessary daca transformations. It 
has a period of 30 ms. 

Joystick reference process. This process interpolates the 
data from the joysrick proass in order to guarantee a 
smooth robot trajectory. Its paid is 9 ms. 

The next Scction desQibes the experimcntal results. 

6.  Experimental Results 
A number of experiments w a e  performed on our experimental testbad. 
the C M  DD Arm ll robotic system. A camera, whose parameters are 
given in Table 1. is mounted on the end-effector. The opaator by 
using the joystick commands motions in the dcf fedor  b e  which 
is parallel to the camera 6ame The objcds arc static or moving (the 
initial depth of the objects' center of mass with respect to the camaa 
hame 2, varies from 500 mm to 1 OOO mm). Thc maximum pamissiblc 
translational veloaty of the cnd-cffcctor is 10 cm/w and each one of 
the components (roll. pitch, yaw) of the end-cffector's zotatianal 
velocity does not exceed 0.05 d s c c .  

The objcaivc of the first expenment was to move the manipulator so 
that the image projedions of certain chosen features of the object move 
to some desirtd image positions. We tried to operate the system first in 
Butanomous mode and thm in manual mode. The results an plotted in 
Fig- 3-5. Thc user. by using the mouse, proposes to h e  syslem 
some of the object's featurcs that he is intauted in. Then, the syaem 
eva luau  on-line the quality of the features, based on the confidencc 
measures dcscribcd in [SI. The same opemion can be done automati- 
cally by a mmpum process that runs once and needs bet ween 2 and 3 
minutes, &pending on the size of the interest operators which are uscd. 
The Lhrte best fuuuns an selected and used for the robotic visual 
savoing task 'Ihc size of windows is 10x10. In addition, the user 
selects the desircd positions of hcsc features. The current and the 
dtsind positions a n  continuously highlighted in order to help the 
human opaator accomplish his/her mk. The system provides mes- 
sages about thc cumnt suvoing m r s  and the timing of the task. 
These p p h i a l  aids BTC d z e d  on a graphical overlay of the video 
display which has a frame rate of 30 frameshec. 

The gain matrices for the autonomous visual control modules are 
Q =I, and L= &ug(O.ozS,O.OU, 0.25.2 x 1 0 s .  2 x 10' , 2  I 10'). The 
computation of the kT(k) Q B (k) + L]-' matrix is done on a Heurikon 
68030 board. To reduce the computational load of the matrix inversion. 
we usc thc techniques described in (91. The knowledge of the depth Z, 
is assumed to be inaccurate. As shown in Figurrs 3-5. h e  results from 
the autonomous modules a r ~  far better than h e  results that h e  human 
opaator xhicves 'Ihc results of the human operator show large delays 
and aeady-state errors. EEpeclally in figure 5,  one can observe the 
large stcady state m r  of the X componmt of the tracking e m r  when 
the human operator is in charge (manual mode). One reason for the bad 
performma of the human operator is his/hn lack of understanding of 
the depth. 'Ihc images in the display give a good idea about motions in 
2-D but not in 3-D. me large delays arc associated with the delays that 
the human openrror introduces in the control loop (delays of reaction). 
These delays arc increased when the human operator is inexperienced 
which in cutah cases ~ u l t s  in unsuccessful completion of the task. 

The sccond experiment involved tracking of a moving targct (3-D 
translational motion) unda  aulonomous operation and also mixed 
operation. In lhesc urpcrimenls. we used four fwures and selected the 
two best based on the confidence mcasures described in[5]. l h c  
experimental rcsults of the 3-D case are plotted in Figures 6- 13. The 
knowledge of the depth Z, is assumed to be inaccurate. The property of 
our algorithms to compensate for un& depth and camera 
parametas is extremely valuable due to the fact that in certain robotic 
applidcms (space. underwater) we do not have to ability to accumely 
calibrate he operational space. The MezP vector represents the posi- 
tion of thc end-effcaor with respect to the world frame. In particular. 
in €?gum 6-13 the h e  dotdashed trajectories correspond to the 
trajectories of the center of mass of the object in 3-D. In Figures 7 , 9 ,  
11. and 13 the vector (X [O] . Y [O] , Z [O])T denotes the initial position of 
the objea or h e  manipulator's endeffector wih respect to the  world 
frame. while the vector (x , Y ,  Z)' denotes the Uajectories in 3-D of the 
object or the manipulator's end-effector. In Figures 6 and 7, the results 
from the application of h e  autonomous adaptive techniques an: 
prcscntcd (autonomous mode). Their main characteristic is good 
tracking Performanc~ with small oscillations. The presence of oscil- 
lations is due to the fact thal the computation of the translational 
velocity vector T is scnsitivc to image noise. Image noise can affect the 
motion of the manipulator in the Z direction. In addition, a tracking 
crro~ smda than 2 mm in the direction cannot be detected as a pixel 
displacement in the image plane. This is due to the specific camera 
model and h? SpCdk positions of the features' projections on the 
image plane. 

In Figuns 8 and 9, we sec the results of h e  combined effon of the 
human opaator with the autonomous tracking modules ( s h a d  con- 
trol). The human operator commands the robot motion a m s s  the 
optical axis of the camera MezP[2]  whle MezP[O] and Mer/'[ 1 1  arc 



f 

I Valuel 7.5 mm I 12.78 I 9.86 E I 255 pixels I 246 pixels I 
PuCl 

sx SY 1 cx  I CY 

Table 1: Parametem of the camera model. 

7. Conclusions 
This papa has addressed issues related with the integration of a human 
operator with autonomous robotic visual servoing and tracking 
modules. We view the elcrobotic control as rhc integration of the 
human operator with an environmau tha consists of multiple sensors 
and robots. Our work provides a framework for such an intcgnuion and 
an experimental &up has bear built to test its potCntiaL In particular, 
we stated the problem of telmbotic visual savoing as a p b l e m  of 
combining the abilities and the experience of a human operator with 
the efficacy of simple autonomous visual tracking and scrvoing 
modules. We testcd these ideas on our expaimental tcstbtd. the CMU 
DD Arm IL Expcrimmts in visual savoing and visual tracking were 
performed while the human opaator was included in the control loop 
through a joystick. 'Ihe operator w i v e d  visual information only 
through a video monitor and was not d o w c d  to see the sane. The 
autonomous modules were based on thc SSD algorithm for detection of 
motion and on adaptive control techniques for p q r z  estimation of the 
unknown parameters of the e n v i a m e n t  (depth camera model, etc.). 

?he experiments lead us to some intatsting observations. The human 
operator can compensate fast for mrs in 2-D and can provide a 
contingency plan for tracking failunx (bad feature selection. sudden 
target occlusion by another object etc.). On the otha hand. thc human 
operator reads with delay due to delays associated with the &a of 
visual information. and has a poor pmxption of the depth paramcter. 
In particular, it is extnmely difficult for the opmtor to undastand and 
react to motion p a d e l  to the optical axis of the camera Autonomous 
visual servoing modules allow for fast tracking in 3-D. even when the 
motion is parallel to the optical axis of thc camrra, adaptability to 

TepoSitioning of the robot with respect to thc targcc and high aoxracy. 

'Ihe integration of multiple camcras in the system (redundant visual 
information), the computational improvement of our algorithms. the 
introduaion and usc of "slakes" for autonomous contour scrvoing. the 

unlolown parametas (unknown shape, inaccurate calibration). fast 

modeling of the delays of the human operator, the use of known CAD 
models for fast and ilccu~iilc tracking, and the investigation of stability 
issues that arise with the presence of the human o p e r a t o r ,  are issues for 
future m a r c h .  
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