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Abstract

We describe an implemented model-based telerobotic
system designed to investigate assembly and other tasksin-
volving contact and manipulation of known objects. Key
features of our system include ease of maintaining aworld
model at the operator site and a task-centric operator inter-
face. Our system incorporates gray-scal e model-based vi-
sion to assist in building and maintaining the local model.
The local model is used to provide a task-centric operator
interface, emphasizing the natural and direct manipulation
of objects, withtherobot’spresence indicatedinamore ab-
stract fashion. The operator interface is designed to work
with widely available and inexpensive desktop computers
withlow DOF input devices (such asamouse). Wea so de-
scribe experimental resultsto date which include perform-
ing assembly-like tasks over theinternet.

1 Introduction

Model-based telerobotics, sometimes also referred to as
teleprogramming [ 7], has recently been proposed asameans
of overcoming the problems of time-delay and/or limited
bandwi dth between atel eoperated manipul ator and an oper-
ator control station. Under this framework, an operator in-
teracts with amodel of the remote site, rather than with the
remote site directly. Thisinteractionisin turn used by the
system to generate motion and task commands which are
transmitted to the remote site. Besides overcoming time-
delay, model-based tel eprogramming systems permit other
advantages, such as operator control of the viewpoint, the
ability to test and preview actions, and the introduction of
artificial graphical and kinesthetic aids for task specifica
tion. More generaly, they provide the opportunity to raise
the semantic level of the interaction between the operator
and the manipulator system.

However, there are severa problems that must be re-
solved before tel erobotic systems can become morewidely
used. This paper describes a model-based telerobotic sys-
tem developed at the University of British Columbiato ad-
dress some of these problems. We focus on two of the most
critical: ease of maintaining a useful world model, and de-
velopment of natural, task-oriented interfaces on widely
available platforms.

Model acquisition and update. A central problemin
model -based tel eroboti ¢ technol ogy isobtaining and main-
taining accurate models of the remote site. Our system fa-

cilitatesthisusing afast gray-scale vision system at there-
mote site which can recognize objects of known type and
return their spatial positionsto the operator.

Task-oriented interfaces. Existingteleroboticsystems
have atendency to be somewhat “robot-centric”, in requir-
ing the operator to specify tasks by controlling a virtual
robot withinthe local model. We believe that the existence
of aloca model provides the opportunity to specify tasks
more directly and in ways that may be more intuitive for
the operator. Correspondingly, the “presence” of the re-
mote manipulator in the task specification process can be
reduced, as long as the constraintsit places on task execu-
tion are still clearly conveyed.

A deliberate decision was made to base the operator in-
terface on inputs from a ssimple 2D mouse, because such
devices are both inexpensive and ubiquitous. Relatively
expensive, specialized equipment will always have to be
located at the remote site, but avoiding the need for spe-
cialized equipment at the operator site reduces costs and
greatly increases operator site “portability”. Similar con-
Siderationsare expressed in [20].

The system described below has been used successfully
in a series of demonstrationsin which the operator sitewas
located in Montreal, Canada, the remote site was located
in Vancouver, and communication between thetwo was ef-
fected through the Internet. The operator interface was a
low-end Indy workstation with no special hardware. Nev-
ertheless, users were able to successfully perform manip-
ulation tasks involving physical contact at the remote site
with only a couple of minutes of training.

The remainder of this paper is organized as follows:
Section 2 gives an overview of previouswork. A genera
description of the system and its hardware is givenin Sec-
tion 3. Section 4 presents the vision system and its model -
based recognition algorithm. The task specification inter-
face and related topics are covered in Section 5. Finally,
Section 6 discussesthe system’s performancein the above-
mentioned Montreal -Vancouver demonstration.

2 Reated Work

Teleoperation has a long history that predates robotics it-
self; a good overview is given in [21]. Inserting envi-
ronmental models into the control loop to insulate against
time delay is a more recent concept. Predictive graphical
displays have been used, particularly in space-based teler-
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Figure 1: System architecture.

oboticapplications[11, 4]. Extendingthe use of local mod-
els to include kinesthetic as well as visual feedback is de-
scribed in [7]. A behavior-based tel eprogramming system
isdescribed in [22]. Various researchers have also consid-
ered introducing synthetic aids for task specification into
the operator’sdisplay [19, 15].

Commands sent to aremote sitein tel eprogramming sys-
tems tend to be at the level of “guarded moves’. The abil-
ity to send higher level commands asking the remote ma-
nipul ator to achieve aparticular contact state (recovering if
necessary from any intervening contact states which can be
anticipated) isinvestigated in [5], using a Petri-Net-based
contact state model.

L ess attention seems to have been paid to the problem of
initializing and maintaining the local model. A traditional
technique, also included in our system as a backup, is to
have the operator manually indicate known object features
in a video image of the remote site, and use the 2D image
coordinates of these features to solve for the 3D positions
of the associated objects[16, 12].

Finally, in the last couple of years there have been a
number of projects making teleoperated robotic systems of
various kinds available to casual users on the World Wide
Web [17, 8, 23].

3 System Overview

The system (Figure 1) consists of an operator siteand are-
mote site, connected by communication linksimplemented
as TCP/IPsockets. Thisallowscommunication to berouted
throughthe Internet to create varioustime delays and band-
width limitations.

3.1 Remotesitearchitecture

At theremote sitethereisavideo/vision modul ewhich con-
tinuoudly collects camera images and processes them us-
ing a model-based vision agorithmto locate objectsin the
scene. A list of the objects found, along with their spa-
tial positions, is then transmitted back to the operator site.
Thecameraimageitself isal so compressed and transmitted
back to the operator site, where it isdisplayed in aseparate
window. If bandwidth islimited, the full image will likely
arrive more slowly than the recognition data, allowing the
latter to be thought of as a sophisticated form of compres-
sion. The video/vision module runs asynchronously with
respect to the rest of the system.

A task controller takes motion and manipulation com-
mands from the operator site, executes them, and returns
status and error information. It is implemented using the
Robot Control C Library (RCCL) [13], and is divided into
an asynchronous supervisor program and a 100 Hz tra-
jectory generator. The former resolves operator site com-
mands into individual motions and analyses their perfor-
mance, while the latter performs the inverse kinematics,
motion interpolation, and smoothing required for each mo-
tion, implements a position-based impedance control sim-
ilar to that described in [18], and monitors motion termi-
nation conditions. Output from the trajectory generator
consists of a stream of joint position setpoints which are
tracked by a 1 Khz joint servo controller.

3.2 Operator stearchitecture

At the operator site, there is a working model of the re-
mote site environment, with which the operator interacts



Figure2: Remotesite, showing therobot, camera, andwork area.

(viaatask specification module) in order to specify remote
tasks. Themodel consists of a polyhedral representation of
the work space objects, plus kinematic and geometric in-
formation about the remote manipulator (dynamical infor-
meation isnot necessary for thelow-speed contact operation
presently being investigated). Other information about the
remote objects, such as friction and stiffness models, may
be added later if required. Internally, the objects are stored
using structures provided by the SGI 3D modeling package
Open Inventor [25]. Geometrical relationshi psbetween ob-
jects are described using an Inventor scene graph. Inventor
was chosen because of its extensive capabilitiesfor graph-
ical rendering and viewing, itswidespread availability, and
the possibilitiesfor migrationto VRML.

At present, object dimensions are assumed to be fixed,
and so the model information that needs to be determined
on-lineislimited to object existence and spatial positions.
This can be obtained in three ways:

A. automatic reporting by the vision system;

B. manual reporting, using operator indicated object fea
turesin the video image to solve for object position
[12];

C. contactinference, using manipulator positionand con-
tact state to constrain object positions.

A model manager administerstheseinformation sources
and reconcilesdifferences between them. It also usesknown
constraints (such as the fact that objects close to the work

space table surface must beresting on the surface) toreduce
positioning errors.

Information from source A isfirst deposited into a sep-
arate feedback model, which has its own Inventor-based
graphicwindow and can be viewed at any angleby theoper-
ator. Wireframe renderings of the objects can also be over-
laid on the camera image returned from the remote site.
At the request of the operator, the contents of the feedback
model are added to theworkingmode!. Inthe event of spu-
riousresults by the vision system, the operator can graphi-
cally edit the objects (by “clicking on them™) and sel ect par-
ticular ones to be added. Correspondence between the two
models is not presently maintained. Instead, the operator
can al so graphically edit the contents of theworking model,
deleting some or al objects to make room for the updates.

Information from source B, provided as a backup to
source A, isunder operator control and so is deposited di-
rectly into the working model. Source B is aso used (for
now) toinitialy determinethe position of therobot and the
remote site table top.

Source C hasonly been implemented in avery rudimen-
tary fashion. For instance, the »z coordinate of the remote
sSite table top can be determined by a manipulator guarded
move,

3.3 Hardwaredetails

The video/vision modul e executes on an SGI Indy rated
at about 20 Mflops. The task controller runs on a SUN
SparcStation V under Solaris2.X with 48 Mbytes of mem-
ory (Solaris has sufficient real-time capabilities to run the
RCCL trajectory generator at 100 Hz.). We usethe 1 Khz
PID joint servo controller supplied by the robot manufac-
turer, connected to the Sparc V viaadirect link.

Therobot itself isaCRS A460, which hasaPUMA-like
geometry without the shoulder offset. Force information
isobtained (at 100 HZz) using a wrist-mounted Zebra force
torque sensor, with a connection into the Sparc V system.
Part grasping is accomplished using a parallel jaw electri-
cally actuated gripper. Figure2 showsaphotoof theremote
sitework area

Another SGI Indy serves as the operator station. Four
windows are used: two for displaying the working model
and feedback model, one for showing the camera image,
and another for textua interaction (Figure 3). As men-
tioned in theintroduction, operator inputsfor manipulating
obj ects are obtained using a standard 2D mouse.

4 Vison System

The vision system, which is itself model based, must be
able to provide accurate identification and location of ob-
jects in the work space. Model-based vision has only re-
cently developed to the point where these capabilities can
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Figure 3: Screen image on the operator site workstation. Clockwise from bottom-right: working model window (with tall block being
manipulated by adragger box), feedback model window, cameraimage window, and textual interface window. Note the partial occlusion

of several of the recognized blocks.

be achieved with reasonable speed and reliability. This

project employsthemodel -based recognition system of Beis
and Lowe[3], which usesanovel form of rapid indexingto

recognize 3-D objectsfrom any point of view in single 2-D

images.

Thevisionsystemiscurrently restricted to using straight
edges of the objects in the recognition process. A model
must be provided for each object type which specifies sur-
face visibility and the 3-D location of al prominent lines
and edges. For the demonstrations described in this paper,
these model s were generated by hand. However, aseparate
tool has also been developed that alows models to be au-
tomatically generated from a number of images of an ob-
ject, with human input limited to pointing out correspond-
ing edgesin the different images [2].

4.1 Recognition and matching

The recognition process begins by finding al linear edges
in an image and identifying groups of edges that are con-
nected to one another or are nearby and parallel. Groups of
4 or more line segments (see Figure 4) are used to gener-
ate avector of measurements giving the relative lengths or
angles between the lines. This“index” vector is invariant
to 2-D trandation, rotation and scaling, but will vary with
the projection of different 3-D rotations of the object. In
contrast, most other current methodsrequirefully invariant
feature groupings, which severely limits the type of object
that can be used. A precomputed index covering a sample

of all 3-D object rotationsisused to estimate the probability
that aparticular vector was produced by a particul ar object.
Full details of thisindexing approach are given in the paper
by Beisand Lowe [3].

Once a tentative interpretation has been made for some
image features, it is possibleto estimate the object location
and orientation in 3-D [14]. Thisis used to predict the lo-
cations of other object edges in the image and obtain fur-
ther correspondences. At each stage, the solutionfor object
location and orientation in 3-D is performed with a least-
sguares fit minimizing residuals in predicted versus actual
image locations. So, while the current system uses only
straight edges, models might easily contain other festure
types with location information, to aid in verification and
pose determination. The solution for object pose is sub-
stantially over-determined, which meansthereislittlelike-
lihood that an incorrect correspondence will be found to fit
more than a few image features. If a good fit is not found
for a number of image edges, then the match is rejected
and anew indexing hypothesisisused. Therefore, thefinal
recognition has good robustness and accuracy, even though
theinitia indexing is probabilistic.

4.2 Speed, accuracy, and calibration

Thefull recognition process currently requires about 5 sec-
ondsrunningon the SGI Indy describedin Section 3.3. This
will be much improved in the future once a number of op-
timizations have been made for speed. Much of the time



Figure 4: Left frame shows cropped image of work space over-
laid with wire-frame modelsat positions determined by the recog-
nition algorithm. Right frame shows edge-detected image with
examples of correct and incorrect feature groupings used in the
indexing process.

is currently spent on the low-level edge detection process,
which could greatly accelerated by using some image pro-
cessing hardware.

Image lines are determined through a least-squaresfit to
each pixel along an edge, and mode! location isbased on a
least-squares fit to these lines. Therefore, accuracy is usu-
ally precise down to the pixel level of theimage, athough
its mapping to the 3-D world depends on the camera loca-
tion and optics. With a single camera, the location of the
object parallel to the camera image plane is more precise
thanlocationtowardsand away fromthe camera. If thisisa
problem, then it would be possibleto use asimilar approach
to recognition with 2 or more cameras to achieve full accu-
racy in al dimensions. For this project, accuracy was im-
proved using other constraints, such asthefact that objects
closeto the worktable surface must in fact beresting onthe
surface.

A standard pin-hole camera model is assumed. Intrin-
sic parameters (focal-lengthand radial distortion) were cal-
ibrated off-line using the algorithm in [24]. The camera
position relative to the work space was calibrated manu-
ally by having the operator identify, in the camera image,
workspace features of known position.

5 Task Specification

Our aim hasbeen to create atask specification interface that
isboth intuitiveand “task-centric.” To the extent possible,
wewould liketo support the operator’ smental model of di-
rectly manipulating objects relevant to the task, with mini-
mal emphasis on the remote manipulator.

The principal tasks to be performed are part placement
and part mating. These may be specified by having the op-
erator graphically “select” and move a desired part within

the display of the working model. Based on the operator’s
actions, appropriate grasping and repositioning commands
are generated and sent to the remote site. Generdly this
occurs a the request of the operator. For example, after a
part has been satisfactorily repositioned within the work-
ing model, the operator can confirm (with a single mouse
click) that the system should generate the appropriate re-
mote commands for grasping and repositioning.

Direct manipul ation of objectsinthemodel doesnot pre-
cludethe need to restrict the operator to taskswhich there-
mote manipulator system can actualy perform. In partic-
ular, selected parts must be graspable, and goa positions
(plus the intervening path) should not penetrate obstacles
in the workspace and must be physically realizable by the
manipulator.

Graspability isensured when the operator sel ects a part:
the face on which the operator clicks in order to do the se-
lection is used to indicate the grasp; if thisleads to an in-
feasible grasp or a collision between the robot and the en-
vironment, the selection is disallowed.

After the part is selected, a rendering of the gripper as-
sembly appears around the object, al ong with adragger box
(see Figure 5). Asthe part/gripper combination is dragged
around the working model, any motions which result in
penetrating collisionswith the environment are disallowed.
Keeping the robot away from joint [imits and singularities
(or collisions involving more proximal parts of the arm)
could be achieved similarly, though at present theserestric-
tionsare handled by confining actionsto awell-behaved re-
gion of the manipulator’sworkspace.

Figure5 shows atypical example of thisinteraction.

5.1 Dynamicsfor User Interaction

Our means of task specification entails having the operator
directly manipulate the positions of solid models. In gen-
era, thisisnot an easy problem, particularly when contact
isinvolved. The problemisfurther complicated by our de-
liberate decision to use an ordinary 2D mouse as an input
device.

Fortunately, object positioning can be made much ess-
ier be endowing any part being manipulated with simple
dynamics that allow it to “dide-around” obstacles in the
workspace. For instance, to place a part exactly in a corner
by positioning aloneis tedious (particularly when trying to
get the orientation correct). On the other hand, with our dy-
namics model, one can simply didethe part into the corner
and it will automatically align and seat itself. Being ableto
exploit the natura constraints of the workspace in thisway
isimportant. Some authors have implemented “virtual fix-
tures’ within teleprogramming systemsfor achieving simi-
lar ends[19]. Here, our aimisto usethe environment itself
asafixture, which hasanatura advantageintermsof being
intuitivefor the operator to use.



Figure 5: Example of user interaction. A part can be selected by “clicking” on it with amouse. A rendering of the gripper assembly is
then placed around it, along with a graphical Inventor object known as a*“box dragger” (second frame from left). The operator can then
“click” on different faces or edges of the dragger and “drag” the object to other parts of the scene, using 2D mouse movements which
are mapped into suitable planar or rotational motions within the scene depending on which face or edge of the dragger box was picked.
A “ghost image” marks the original object position (third frame from left), until the operator confirms the repositioning action, at which

point the ghost, gripper, and dragger are removed.

We found that afirst order dynamics model (as opposed
toasecond order dynamicsinvolvinginertia), withfriction-
less rigid body contacts, results in motions that are stable
and easily understood by the operator. They are also eas-
ier to compute; for instance, there is no need to emulate
Coulomb friction to bring objects suddenly torest. We em-
phasize that the purpose of this dynamic modd is only to
assist in theinteraction and not to simulate the dynamics at
theremote site. Recall that in the teleprogramming frame-
work, the actions performed by the operator are not sent di-
rectly to the remote site, but are trandated into remote site
commands which achieve the same goal state.

Computingtherequiredinteraction dynamicsrequirethat
we be able to detect penetrating collisions between objects,
aswell as determinethedistances (and closest features) be-
tween objects which are not colliding. Thisis achieved by
modeling all objects as the union of aset of convex objects
and then using the package I-CoOLLIDE [6].

Theinteraction dynamicsaredetermined asfollows: mo-
tionisinitiated by clicking on aparticular point of thedrag-
ger box containing the gripper and object. Let the three-
dimensional point so selected be called the grab point x,,.
Subsequent mouse positionsare mapped into another three-
dimensional pointx,, called thepull point. Pointsx, andx,
are then assumed to be connected by a virtua spring, cre-
ating an applied force

D

This force acts on the body at x,. Asfor obstacles, if the
gripper/objectislocated sufficiently closeto another object,
it isassumed to be in contact with that object. Information
returned by |-COLLIDE can be used to determine a suit-
able finite set of contact points p; and normals n; model-

(o3}

ingall the contacts'. Forcesf; acting along the contact nor-
malsinreaction totheappliedforcef, are determined using
Baraff’'sagorithm[1]. The net force and moment acting at
x, isgiven by

f=> fi+f,

Object motion is then induced using afirst-order dynamic
model, sothat if (v w’)T isthespatia velocity at x,, then

2

where d; and d,. are suitable constants. All these calcula-
tions can be comfortably performed in real time.

Within the graphical display system, motions are cal cu-
lated incrementally using a fixed time step (generally 50
msec). Equation (2) isused to compute adesired linear dis-
placement for the object/gripper at the beginning of each
time step. If this displacement is found to result in a pen-
etrating collision with an object, then the displacement is
truncated at apointwhere collisionfirst occurs(such apoint
can be found, to within sufficient precision, using a binary
search along the proposed path). At the end of each time
step, the set of contact pointsis updated.

m= Z(pZ —xg) x ;.

7

v=d{ and w=d.m

5.2 Robot Programs from Operator Actions

The system is primarily designed for assembly-like tasks
inwhich objects are repositioned and mated with other ob-
jectsin the workspace. Certainly the positioning aspect of
thetask is easy to specify: the part should be placed where

1Face-face or edge-face contacts can be reasonably simulated using a
finite set of point contacts; see[9].



the operator dragsit. The problem, of course, isthat asim-
ple repositioning command may fail a the remote site due
to modeling uncertainties. Instead, the remote site needs
to execute a short robot program: a guarded grasp of the
object; motion to a “free zone” away from obstacles; ap-
proach to a position near the goal; and object placement
withaguarded move. Wenotethat in general thisisacom-
plex motion planning problem, but is considerably simpler
if the specific task domain allows simplifications (see, for
example, [10]).

In addition to a standard set of free-space motion and
gripper control commands, two basic repositioning pro-
gram primitives have been implemented:

¢> guarded grasp, in which the geometry of the object
isused to prepare a schedule of guarded moves that
allow an object to be approached and grasped. This
includes a ssimple search strategy to be triggered in
the event of premature contact.

¢> guarded place, inwhich guarded movesand impedance

control are used to place an object in a specified lo-
cation.

At present, the guarded move schedules produced for
these primitivesdo not alow for recovery fromintervening
contacts. In other words, the motions should succeed pro-
vided that the anticipated final contact state is the first one
arrived at. We are currently experimenting with more el ab-
orate planning techniques to handle intervening contacts,
thisproblemisaso considered in [5].

Upon compl etion of each remote command, an acknowl-
edgement is returned to the operator site containing the
command compl etion status and the current robot state. An
error is assumed to have occurred when a command does
not meet the anti ci pated termination predi cates. Further op-
erationsare then discarded until areset command issent by
the operator. When the operator receives error notification,
she may use video imagery and remote object recognition
data to determine the nature of the error and edit (if neces-
sary) theworking model. A more elaborate error recovery
procedure, involving the automatic unwinding of actions
within the working model to the point where the error oc-
curred, isdescribed in [20]. We have not (yet) found thisto
be necessary because the operator can easily use the feed-
back model to correct the working model.

6 Operational Resultsand Discussion

Thissystem was successfully demonstrated at the 1996 PRE-
CARN meeting in Montreal, with the operator site located
there, and the remote site in Vancouver. Communication
was effected through the Internet.

Meeting attendeeswereinvitedto usethesystemtorepo-
sition a set of blockslocated at the remote site. Typically

about four or five blocks of the type shown in Figure 4
were present at any given session. Between operator ses-
sions, the blockswere rearranged randomly by an attendant
at theremotesite. Rectangular blockswere used to simplify
grasping and contact operations, not to provide simplicity
for the vision system. In fact, the vision system tends to
perform better on more complex objects which have larger
numbers of straight-linefeatures.

Novice operatorsfound thetask interface quite easy and
intuitiveto use. There were occasional questions concern-
ing the contents of the feedback model window compared
with the camera image window, largely because the infor-
mation in thesetwo windowsarrives at different rates. Op-
erators also had an interesting habit of moving blocksto a
part of the workspace out of view of the camera and then
relying solely on the model to retrieve them.

Some mention should be made of calibration. A signif-
icant amount of the time spent devel oping the system was
spent addressing calibration issues, including the determi-
nation of cameraintrinsic parameters and the devel opment
of procedures for calibrating the remote site camera and
robot positions (procedures which are manua but could be
automated using the vision system itself). The robot kine-
meatics also had to be calibrated, since the nominal kine-
matic model resulted in positioning errors of up to 1.5 cm
over aworkspace about 60 cm inlength (not unusual for se-
rial manipulators). However, thiserror could be reduced to
about 1 mm using alocal linear correction.

Some comments should also be made about the per-
formance of the vision system. In generdl, it exhibited a
significant degree of robustness, as there were no specia
lighting arrangements and the recognition agorithm tol-
erated a moderate degree of occlusion. Indexing did oc-
casionally fail due to occlusion and/or noise, if no appro-
priate feature grouping were detected for a particular ob-
ject. Full robustness in this area can be achieved by in-
dexing with severa types of grouping in parale. Mod-
ules using smaller, more loca groupings can then succeed
in the difficult cases of major occlusions, at a penalty of
dightly increased processing time, with the larger group-
ingsproviding better efficiency inthetypical cases. During
an early instantiation of thedemonstration, it was noted that
sometimes objects were fasely detected, due to the sim-
plicity of the verification criterion (50% of visible feature
lengths matched). More sophisticated criteria should in-
deed be used, athough thisis rarely a problem when the
objectshave greater complexity. For the PRECARN demon-
gtration, false positives were eliminated using constraints
on therange of the robotic arm, by pruning objectsfar from
the mani pul ator’ sworkspace.



7 Conclusion

We have successfully demonstrated the practica ability of
using gray-scale vision techniques to provide world model
construction and maintenance for model -based telerobotic
applications. Whileimprovementsin the generality, speed,
and accuracy of the vision system would certainly be use-
ful, the system has already shown its utility in the mod-
erately simple applications described above. It provides
an enormous saving in time over the alternative method of
model updating, which is to have the operator manually
indicate features in the camera image. Robustness of the
method can be guaranteed by all owing the operator control
over the model update process (by editing the contents of
the feedback model into the working model), and by pro-
viding a manual system as a backup.

We have also successfully demonstrated the ability to
easily specify part positioning tasks, in cluttered environ-
ments, using operator inputs from low degree of freedom
devices such as a 2D mouse. Thiswas done using various
graphic aids (e.g., dragger boxes) combined with appropri-
ate 2D to 3D mappings, acting in combination with a first-
order dynamic behavior which alowed the part being ma-
nipul ated to dlide along and bere-oriented by contacts made
with other workspace objects.

Our intention in designing this system is to experiment

withmore*“task-centric” ways of specifyingtel erobotictasks.

We believe that the environmental model inherent in the
teleprogramming paradigm offers significant opportunity
to simplify the programming of robotic tasks in general,
and that theutility of model -based tel eroboticsextendswell
beyondtel eoperation situationsinvol vingtimedelay or lim-
ited bandwidth.

Acknowledgement

The authors would like to thank Jane Mulligan, Rod Barman, Stewart
Kingdon, and Brian Gilgan. This work was supported in part by the In-
stitute for Robotics and Intelligent Systems (IRIS projects 1S-6, HMI-6,
and IC-1), the BC Advanced Systems Institute, and the National Sciences
and Engineering Research Council (NSERC).

References

[1] D. Baraff, “Fast Contact Force Computation for Nonpentrating
Rigid Bodies’, S GGRAPH 94 Conference Proceedings, July 1994,
pp. 23-34.

[2] J. S Beis, “Building models with planar faces using a structure-
from-motion algorithm plus a small amount of post-processing”.
Technical Report number TR-96-14, Computer Science Depart-
ment, University of British Columbia, June 1996.

[3] J S Beisand D. G. Lowe, "Learning indexing functions for 3-D
model-based object recognition,” |EEE Conferenceon Computer Vi-
sion and Pattern Recognition, Seattle (June 1994), pp. 275-280.

[4] A.K.Begjczy, W. S. Kim, and S. C. Venema, “ The Phantom Robot:
Predictive Displays for Teleoperation with Time Delay”. Proceed-
ingsof the 19901 EEE | nter national Conferenceon Roboticsand Au-
tomation, Cincinnati, Ohio, May 1990, pp. 546-551.

[5] Y.J.Cho, T.Kotoku, and K. Tanie, “ Discrete-Event-Based Planning
and Control of Telerobotic Part-Mating Process with Communica-
tion Delay and Geometric Uncertainty”. Proceedings of the 1995

(6]

(7]

(8l
(9

[10]

(11

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

IEEE/RSJ International Conference on Intelligent Robots and Sys-
tems (IROS), Pittsburgh, Pennsylvania, August 1995, pp. 1-6 (Vol.
2).

J. Cohen, M. Lin, D. Manochaand K. Ponamgi, “I-CoLLIDE: An
Interactive and Exact Collision Detection System for Large-Scaled
Environments’. Proceedings of ACM Int. 3D Graphics Conference,
1995, pp. 189-196.

J. Funda, T. S. Lindsay, and R. P. Paul, “ Teleprogramming: Toward
delay-invariant remote manipulation”. Presence, Winter 1992, pp.
2944 (Vol. 1, No. 1).

http://cw s. usc. edu/ dept/ garden/ .

S. Goyadl, E. N. Pinson, and F. W. Sinden, “ Simulation of Dynamics
of Interacting Rigid Bodies Including Friction I: General Problems
and Contact Model” . Engineeringwith Computers, Springer-Verlag,
London, 1994, pp. 162-174 (Vol. 10).

T. Lozano-Pérez, J. Jones, E. Mazer, P. O’ Donnell, W. E. L. Grim-
son, and A. Lanusse, “Handey: A Robot System That Recognizes,
Plans and Manipulates’. Proceedings of the 1987 |IEEE Interna-
tional Conferenceon Roboticsand Automation, Raleigh, North Car-
olina, April 1987, pp. 1713-1717.

G. Hirzinger, B. Brunner, J. Dietrich, and J. Heindl, “ Sensor-Based
Space Robotics — ROTEX and Its Telerobotic Features’. |EEE
Transactions on Robotics and Automation, October 1993, pp. 649—
663 (Vol. RA-9, No. 5).

W. S.Kimand L. W. Stark, “ Cooperative Control of Visual Displays
for Telemanipulation”. Proceedings of the 1989 | EEE International
Conference on Robotics and Automation, Scottsdale, Arizona, May
14-19, 1989, pp. 1327 —1332.

J. E. Lloyd and V. Hayward, Multi-RCCL User’s Guide. Technical
Report, Center for Intelligent Machines, McGill University, April
1992.

D. G. Lowe, " Fitting parameterized three-dimensional modelstoim-
ages,” |EEE Transactions on Pattern Analysis and Machine Intelli-
gence, 13, 5 (May 1991), pp. 441-450.

National Research Council (U.S.A.), Virtual Reality. Scientific and
Technological Challenges. National Academy Press, Washington,
D.C. 1995.

E. Oyama, N. Tsunemoto, S. Tachi, and Y. Inoue, “Experimental
Study on Remote Manipulation Using Virtual Reality”. Presence,
Spring 1993, pp. 112-124(Vol. 2, No. 2).

E. Paulosand J. Canny, “ Delivering Real Reality to the World Wide
Web via Telerobotics’. Proceedings of the 1996 | EEE International
Conference on Robotics and Automation, Minneapolis, Minnesota,
April 1996, pp. 1694-1699.

M. Pelletier and M. Doyon, “On the Implementation and Perfor-
mance of Impedance Control on Position Controlled Robots’. Pro-
ceedings of the 1994 IEEE International Conference on Robotics
and Automation, San Diego, CaliforniaMay 8-13, 1994, pp. 1228—
1233 (Vol. 2).

C.R. Sayersand R. P. Paul, “ An Operator Interfacefor Teleprogram-
ming Employing Synthetic Fixtures’. Presence, Fall 1994, pp. 309—
320, (Vol. 3, No. 4).

C. R. Sayers, “Operator Control of Telerobotic Systems for Real
World Intervention”. Ph. D. thesis, Department of Computer and
Information Science, University of Pennsylvania, Philadelphia, PA
19104 USA, 1995.

T. Sheridan, “Telerobotics, Automation, and Human Supervisory
Control”. MIT Press, Cambridge, Massachusetts, 1992.

M. R. Stein and R. P. Paul, “ Operator Interaction, for Time-Delayed
Teleoperation, with a Behaviour-Based Controller” . Proceedings of
the 1994 |EEE International Conference on Robotics and Automa-
tion, San Diego, California, May 1994, pp. 231-236.

http://tel erobot. nech. uwa. edu. au/ .



[24] R. Tsai, “A Versatile Camera Calibration Technique for High-
Accuracy 3D Machine Vision Metrology Using Off-the-Shelf TV
Camerasand Lenses’. | EEE Transactions on Robotics and Automa-
tion, August 1987, pp. 323-344 (Vol. RA-3, No. 4).

[25] J. Wernecke, The Inventor Mentor. Addison-Wesley, Reading, Mas-
sachusetts, 1994.



