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I OBJECTIVE

The objective of this research is to investigate some selected basic problems
in flexible assembly that make human programming of assembly tasks difficult
and to incorporate the results of such investigation into a graphics-oriented,

assembly task development system.
II AIR FORCE RELEVANCE

This research addresses some problems in flexible assembly of
electromechanical components. Improved automation of small batch assemblies

should raise production efficiency, improve product quality, and lower costs.

II THE DIFFICULTIES IN MANUAL PROGRAMMING

It is difficult to write programs for a flexible assembly system because of the
sensing and decision making capabilities entailed. From previous experiences at
SRI in sensor-guided assembly, we picked three problems we considered most

important for research:

e Locational Uncertainty—Estimation of errors in relations among
workpieces, sensors, and effectors due to part tolerances,
measurement errors, and positioning errors.

e Spatial Reasoning—Analyzing the relationships among solid
objects in a three-dimensional space.

o Sensor Usage—Selecting sensors, determining their parameters,
estimating sensor output values, and verifying actions by sensing
(execution monitoring).

The current status of our research in these areas is summarized below, with

detailed information contained in three appended papers.
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A Location Uncertainty

Because of part tolerances, measurement errors, and positioning errors, the

T
x

A

locations of objects and relevant features (such as holes) are never known exactly.

i
&4

Transformations, which represent relative translations and rotations between

.

object coordinate frames, are thus in error. These transformations are often

.~ .
>

compounded—relating, for example, the coordinate system of a peg in a

P

manipulator’s hand to a hole in a workpiece. The magnitude of the total error in
the relationship should be analyzed to ensure that the error falls within the
accuracy requirement for successful completion of a given task (e.g., putting the

peg in the hole). -

A representation of spatial relationships which incorporates knowledge Ny
about uncertainties, in the form of probabilities, is described in an appended
paper. Our initial research has concentrated on spatial relationships with three
degrees of freedom (two translations and a rotation in the plane). Within that -
framework, we present a first-order method for estimating the error when oo

uncertain relationships are

(1) Compounded, increasing the overall uncertainty

(2) Merged, or “‘averaged,” reducing the uncertainty

Compounding is illustrated by the sequential motions of a mobile robot,
whose every (noisy) move increases the uncertainty about its current location with ._(

reference to its starting point.

In merging, two estimates of a relationship are combined to produce a better
estimate of the relationship. A (noisy) sensor measurement of the robot's location
can be combined with a second estimate of the location obtained by compounding
the movements, providing a better location estimate than either of the original

pieces of information.

The first-order estimation method provides a general tool for combining =
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uncertain information (given in probabilistic form), and is quite accurate over the
range of errors anticipated in assembly processes (or mobile robot applications).
The work is an advance over previous work which used worst-case analyses of
compounded errors, because our method, when applicable, produces much more
accurate estimates. Accuracy of our estimates have been checked by Monte Carlo

simulations.

The uncertainty analysis will utilimately be applied as an off-line decision

aid for picking assembly strategies that can accommodate the estimated spatial

variations in a particular situation.

B. Spatial Reasoning

A particularly important problem in spatial reasoning is the problem of
collision avoidance—{inding a safe trajectory for a manipulator through an
environment of obstacles. The general problem is unsolved. Our work has
focussed on developing tools that aid a user of an off-line robot programming
system in defining robot trajectories that are collision free. Robot motions can be
visually inspected by the programmer, if they are graphically simulated.
However, experimentation showed that this kind of visual inspection for collisions
in the simulated robot workcell was tedious and prone to error. An automatic
technique to detect simulated collisions quickly was developed, and is described in
a second appended paper. The technique relies on the use of VLSI “clipping”
hardware, which will be common in advanced graphic workstations of the future.
Such hardware exists in the IRIS 2400 graphic workstation used in our off-iine
programming system, called WORKMATE. The paper describes an algorithm
that can detect collisions (in simulation) between a manipulator and its

environment at high speed—sufficiently fast for animation. It is implemented in
WORKMATE.




C. Sensor Usage

It is highly desirable to develop approaches for determining the location of a
workpiece in a manipulator’s hand; the error in the grasp can then be estimated
and corrective motions made by the manipulator. A method is being developed to
determine the error in the grasp of an object based on measured forces and
torques exerted by the object on the robot’s wrist. The mis-position of the object
can be determined by ‘‘weighing” it after putting the hand in several different
positions. The mis-orientation of the part in the hand can be determined by
measuring forces and torques at the robot wrist during a controlled acceleration.

Thus, if

(1) The velocity/acceleration of the robot motion can be Specified
by the programmer

(2) A sensitive force/torque sensor is placed on the robot's wrist.

then it is theoretically feasible to accurately estimate the error in the grasp
of a held object, even while the manipulator acquires and transfers it. The
advantage of this procedure lies in removing the necessity of first moving the part
to an inspection area, where the grasping error would be determined—thus saving
time. A major implementation problem is that robot manufacturers do not
currently provide the user with velocity and acceleration control over the robot.
However, rather than controlling the acceleration of the robot, we can define
several fixed motions for the robot to make, and measure the accelerations. When
these motions are later made by the manipulator, the acceleration parameter,
estimated a priori, can be used in our calculations. This laboratory experiment
has not yet been performed. Details of this ongoing work will be supplied in a

paper appended to the {inal report.
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D. Workmate

Using results derived from our research on the above basic problems, and
existing methods, we are developing a workstation modeling, analysis, training,
and emulation system (WORKMATE). WORKMATE will be described briefly,
followed by an account of an off-line programming demonstration that used it.
More detailed information is being prepared in paper form, and will be submitted
with the final project report. A long-range goal of this effort is to implement a
graphic-based workstation that a non-specialist can use to develop, simulate, and
debug robot workcell programs off-line. Accordingly, with this philosophy, user
interaction with WORKMATE will be through the use of:

(1) Graphics to define geometric information
(2) Menus to encapsulate system commands or options

(3) Use of an electronic mouse or joystick to point at graphic
objects, or provide control information.

To the extent possible, WORKMATE will avoid forcing the user to enter
numeric data, or write instructions in textual programming languages.
WORKMATE is written in the C programming language, and is implemented on
a Silicon Graphies IRIS 2400 graphic workstation.

1. Modeling

It is anticipated that at least two representations will be used in the
geometric models of the workcell and its components: models that can be
rendered quickly for interaction with the user; and detailed models when :etail is
more important than display speed. We believe that detailed models are best
derived from a commercial modeling package, and thus the work entailed involves
interfacing it to the WORKMATE system. We have deferred that action
indefinitely, while developing a simpler modeling package which supports quick
rendering, real-time interaction with the user, and animation. Many of our

research problems can be addressed directly with the modeling capabilities so far

developed.
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: The current modeling system defines objects as collections of convex Z:
volumes. Object surfaces are drawn—not just wire frames of the surfaces. The :
§ surfaces are colored and shaded, and hidden surfaces are removed. The models E'
K are currently defined in text files, and are parsed into a geometric data base when -
loaded by WORKMATE. The underlying facilities have been developed to enable
interactive graphic definition of the models, but that extension has not yet been :‘_:'
made. :
To define a collection of objects, their relationships, as well as their surfaces
must be defined. Relationships are defined between object coordinate frames, and
there are six degrees of freedom (three translation and three rotation) which must
be given fixed values. The relationship is represented as the product of a
primitive translation matrix (4 x 4) and three rotation matrices (4 x 4) in
. homogeneous coordinate form. Thus ,

X = translate(x,y,z) * rot(z,phi) * rot(y,theta) * rot(x, psi) e

represents a relative change by first translating x,y,z distances along the current
axes, and defining the new orientation by successive ‘‘roll, pitch, and yaw"

rotations.

a. Robot Modeling
The modeling system supports the notion of ‘‘joint,” and allows any of these

degrees of freedom to be labeled as variables, thus implementing rotational and

prismatic jointed mechanisms.

The modeler can “build” a robot with any number of joints, by supplying

the robot’s joints, links, and similar parameters given directly from the “A
matrices”’ (Dennavit and Hartenberg matrices) defining the robot’s kinematic
structure. The modeler also specifies joint limits and maximum velocities as part
of the joint definitions. The robot’s “‘skin’ is modeled as convex volumes defined

with respect to the joint axes. Given this information in the modeling file,

............ _-{-_*.; N
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WORKMATE can parse the robot definition, and create a graphically simulated
robot. Two robots, the PUMA 560 (Figure 1), and a GMF S-480 robot”
containing a parallelogram linkage (Figure 2) have been modeled using the same
system. The user can access menus to position and move the robot by controlling
the joints, and ask the system to simulate a generalized joint-interpolated motion
of the robot through a series of saved poses. These operations use only forward

kinematic calculations.

Some robot positioning commands in the menus require inverse kinematic
calculations—i.e., solutions for the robot joint values given a desired Cartesian
coordinate description of the robot tool position and orientation. For a general
robot, there may not be a closed form solution to the inverse kinematics, and no
attempt is made to analyze the robot structure in order to produce these
calculations automatically. Instead, the modeler must supply a routine to perform
the inverse kinematic calculations—producing joint values from a specified
Cartesian tool position and orientation. A pointer to this routine is saved when
the model file is parsed; if no inverse routine is specified, a default routine will
print a warning message whenever menu commands requiring inverse calculations
are accessed.

2. Analysis

Having modeled the workcell components, and configured a workcell with
them, the next problem is to describe a task for the cell to perform. We have
defined some simple, high-level tasks, such as PICKUP or FIND (defined for our
binary vision system), and built a menu of these tasks to present to the user. The
user decides which task should be performed next, and picks it from the menu.
WORKMATE has a semantic model for each task, and uses it to prompt the user
for necessary information. The user indicates some of this information by

pointing, or ‘'picking’’ an object in the graphic scene with the graphic cursor (e.g.,

*
We gratefully acknowledge GMF for supplying the modeling information.
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answering the question, “‘Which robot should be used?”’). Other information
about desired geometric relationships between objects can be trained, as discussed

in the following section.

To date, several sequential programs (those without loops or conditional
branches) have been developed off-line by this method of ‘‘pasting-together’ tasks
from menu. Development of more elaborate programs is outside the scope of the
current effort.

3. Training

While the user is defining the nominal task sequence, the analysis package

determines what information must be supplied by the user to implement the

tasks. The user typically supplies information by:

(1) Pointing at objects in the scene with a cursor

(2) Modifying system parameters by moving a joystick or mouse A
(e.g., robot joint values, positions and orientations of objects).

Several menus have been developed for teaching robot positions, or training
robot paths. One menu allows individual joint control, and is presented §
graphically like the typical robot teach pendant. Other menus allow the user to
move the robot tool in straight lines in tool coordinates, robot base coordinates, or
the coordinates of any other designated object in the scene. A tool trajectory is
defined as a series of static poses, and information about whether the trajectory
between the poses is to be in straight lines, or joint interpolated. Additionally,
the trajectory may be defined relative to a variable coordinate base frame, so the
same relative motion can be made, for example, in acquiring a part from a ’:

location to be determined by sensing at task execution time. '

To facilitate robot motion training, 8 menu of interactive view positioning

commands was developed; these include panning, zooming in and out, centering

the view on different objects, and changing the azimuth and elevation of the
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To define motions of a manipulator’s end-effector in space with a graphic

interface, the user needs more than a single two-dimensional perspective view of
the scene. We have experimented with simultaneously displayed top, front, and
side views to provide more three-dimensional information. We implemented
another viewing mode with a scene view, and a simultaneous view from an ‘‘eye
in the hand” of the manipulator as it is maneuvered. We have also developed an
anaglyphic (red/green) stereo viewing mode. Two pictures, one in red, the other
in green, are presented to the viewer who wears glasses with the same colored
filters. A striking perception of depth is created---elements of the scene can be
made to ‘‘stand out” from the screen up to seven or eight inches. This viewing
mode may be particularly useful when maneuvering the manipulator’s tool into
position near a workpiece.
4. Emulation

Once a portion of a task sequence has been specified, and its parameters
given values, the user will want to view the resulting program fragment in
simulation, and get other simulation data. WORKMATE simulates the actions of
robots in the workcell and draws a scene after each simulation time increment.
The time increment is under control of the user, and can be dynamically altered
simply by moving the mouse over a graphic ‘‘time line.”” Thus, time can be
speeded up, slowed down, or stopped at any arbitrary point in the simulation.
Though not a current capability, it should not be a problem to run sections of the
simulation backwards in time as well. A practical result of this flexibility is that
uncritical sections of simulation can be bypassed (manipulators just *‘jump’ from
their starting points to their destinations at the future time). Alternatively,
critical simulation sections can be slowed or stopped, allowing the user to change

viewpoints for better inspection of the action, occuring in slow motion.

11
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5. Demonstration

WORKMATE was demonstrated in the off-line programming of a visually-
guided part acquisition task. Prior to developing the off-line program, a real
workcell was set up in the laboratory. It consisted of one Unimation PUMA 560
manipulator, a servoed two-fingered electric hand, and a worktable containing
simple block objects. The objects were illuminated from above and viewed with a
camera attached to an Automatix AV4 vision system. Two-dimensional silhouette
images of the objects were captured, and used in building prototypes to be used in

automatic recognition of the objects.

The robot and vision system activities are coordinated by commands sent to
them from a VAX 11/750 over an Ethernet network. Programs generated off-line
by WORKMATE produce code in a text file that is passed over the Ethernet to
the VAX, and there interpreted for execution.

The model workcell configuration is calibrated by reading in special
calibration data files—initially containing only the nominal relationships among
all the components defined in the cell layout. After physical calibration of the
equipment to determine the actual coordinate frame relations, the calibration files
are updated. When the model workcell is next regenerated, the computed
(calibrated) relationships are used; and thereafter, programs written off-line for

this workcell should perform accurately on the real equipment.

The nominally configured workcell model was loaded into WORKMATE
and an off-line program for calibrating the robot and camera to each other was
written. It consisted of training a trajectory for the simulated arm, which
positioned it at a number of points in the camera field of view. Next, a FIND
command was programmed to request the vision system to locate (in image
coordinates) the calibration object on the robot hand, when it stopped at each
location. At execution time, the two sets of data—calibration object locations and

associated image locations—were used to compute the relationship between the

12
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robot and camera. This calibration information was then used to update the
relational workcell mode! in WORKMATE, and used in a second off-line

programming task.

The second task was to pick up a cylinder, located by the vision system, and
place it accurately on top of a second cylinder, also found with vision. A series of
actions to implement the task were selected from a task menu, including
PICKUP, FIND. and MOVE. Once an action is selected from menu, the system
guides the user through its development. For instance, when *‘Pickup’ is
selected, the user is asked to define graphically the object-relative approach,
grasp, and departure motions of the robot. The motions are defined relative to
the coordinate frame defined in a nominally positioned cylinder; when the real
cylinder’s location is found using vision during program execution, the trained

robot motions will he made relative to that location.

A series of actions were thus picked from menu, and interactively defined to
implement the task. The resulting task was graphically simulated. and finally,
real workcell program code was generated by WORKMATE. The demonstration,
including programming and execution, takes less than 30 minutes, and was
presented to the Industrial Affiliates of the Robotics L.aboratory during the last
meeting in July 1985.
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On the Representation and Estimation
of Spatial Uncertainty

Randall Smith

Peter Cheeseman *

SRI International
333 Ravenswood Avenue
Menlo Park, California 94025

Abstract

This paper describes a general method for estimating the nominal relationship and
expected error (covariance) between coordinate frames representing the relative loca-
tions of objects. The frames may be known only indirectly through a series of spatial
relationships, each with its associated error. These uncertain relationships (called un-
certain transformations) can arise from diverse causes, including positioning errors,
measurement errors, or tolerances in part dimensions. This estimation method can be
used to answer such questions as whether a camera attached to a robot is likely to
have a particular reference object in its field of view. The calculated estimates agree
well with those from an independent Monte Carlo simulation. The method makes it

possible to decide in advance whether an uncertain relationship is known accurately
enongh for some task and, if not, how much of an improvement in locational knowl-
edge a proposed sensor will provide. The method presented can be generalized to six
degrees of freedom, and provides a practical means of estimating the relationships (po-
sition and orient~tion) between objects, as well as the uncertainty associated with the

relationship.

* Currently of NASA-Ames Research Center
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On the Representation and Estimation
of Spatial Uncertainty

1 Introduction

In many applications it is necessary to reason on the basis of inaccurate information
about spatial relationships among objects. For example, a mobile robot needs to repre-
sent and reason about the approximate relationships between itselfl and other objects.
In addition, the robot must be able to use sensor information to reduce locational
uncertainty (in both position and orientation) to a degree sufficient for achieving par-
ticular tasks. This problem is complicated in practice because the location of one object
relative to another may be known only indirectly through a sequence of relative frames
of reference with uncertainty. In this paper, we present a method for explicitly rep-
resenting and manipulating the uncertainty associated with these transformations; we
also show how sensors can be used to reduce this uncertainty. This formalism makes
it possible to estimate, in advance, the answers to such questions as the probability
of a robot going through a door given the current uncertainty of the robot and door
location, the probability of a camera having an object in its field of view, whether a
particular sensor will have sufficient accuracy to accomplish a particular task, and so

on.

Brooks (1985) argues that it is not appropriate for mobile robots to use a global
reference frame—a set of local reference frames linked via uncertain transformations is
better. We show how the uncertainty of a frame relative to another can be estimated
and how the reduction in sensing uncertainty can be mapped into any frame, regardless
of in which frame the sensing was performed (e.g. the robot frame). Because of this
flexibility, no particular frame is necessary as an absolute reference.

In the following sections, we show how to estimate the uncertainty in three degrees

of freedom—(r. y, §)—using a mobile robot as the example. As the robot moves from
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one place to another, its uncertainty about its location with respect to its initial loca-
tion grows. We present a method for making quantitative estimates of the resulting
error. provided the moves are discrete. By using sensors (e.g. acoustic range, vision),
the uncertainty of the location of sensed objects as well as that of the robot can be re-
duced. Because the estimation and update formulas and associated procedures require
only simple matrix computations, the proposed method is computationally simple and
fast. The theory assumes that the contributing errors are “small”, allowing a good
approximation with a first-order model of errors, and that the sensor errors are inde-
pendent of the locational error. Although the example presented is for a mobile robot,
the formulas for estimating locational uncertainty are applicable to many other do-
mains. In fact, this work was originally motivated by the need to represent and reason

about uncertainty in off-line programming applications for industrial manipulators.

2 Basic Operations for Estimating Uncertainty

In this paper, we introduce two basic operations that allow the estimation of the un-
certain relationship between any two coordinate frames, given the chain of relative
transformations linking them. These relative transformations (here called “uncertain
transformations”) typically arise from relative motions or from sensing operations. The
first operation, called “compounding”, allows a chain of relative uncertain transforma-
tions to be collapsed (recursively) into a single uncertain transformation. The final
compounded transformation has greater uncertainty than its components. The second
operation, called “merging”, combines information from parallel uncertain transforma-
tions to produce a resultant uncertain transformation with uncertainty less than its

components.
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2.1 Compounding of Uncertain Transformations

A simple robot example of compounding shown in Fig. 1, is similar to that discussed
in Brooks (1935)

Figure 1—A Sequence of Uncertain Transformations

In this example, the robot makes a number of moves and ends up near its initial position
. The uncertainty of the robot’s final location with respect to W is large, as indicated
by the large error ellipse. The dashed error ellipses express the uncertainty of the
robot with respect to its last position, while the solid ellipses express the uncertainty
of the robot with respect to W. Note that the uncertainty of the robot’s location
with respect to the world frame grows with each move. In Section 3 we show how
to calculate compounded uncertain transformations, such as E and G. An uncertain
transformation consists of a nominal (mean) relation of a frame relative to another
and a covariance matrix that expresses the uncertainty of the nominal transformation.
This is represented symbolically by an arrow going from the reference frame to the
relative location, as shown in Fig. 1. The diagonal terms of the covariance matrix
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express the variance of the corresponding coordinate, and the off-diagonal terms give
the covariances between these coordinates.

2.2 Merging of Uncertain Transformations

A different situation arises when there is more than one independent uncertain trans-
formation relating the frame of interest relative to a given base. For example, if the
robot in Fig. 1 observes its starting point (the frame W) from L,, then we have two
uncertain transformations from W to L,—uncertain transformation G, calculated by
compounding, and the inverse of uncertain transformation S given by the sensor. These
two transformations are combined using a Kalman filter approach described in Section
4, to give a more accurate uncertain transformation G' that expresses the best linear
estimate of the location of L, with respect to W. The error (covariance) of the uncer-
tain transformation S comes from the intrinsic error of the sensor, which is assumed
to be unbiased (i.e. the error distribution has a zero expectation around the nominal

value).

The basic theory for calculating compound uncertain transformations is given in
Section 3, and the theory for merging uncertain transformations is given in Section 4.

3 Estimating Compound Uncertain Transformations

In this section, we describe the procedure, called “compounding”, for calculating the
nominal location and associated error (expressed as a covariance matrix) of any object
relative to any other object linked through a chain of “uncertain” transformations
{e.g. Fig. 1). This approach differs from that presented by Brooks (1982.1985). who
used a max/min representation of the error. The max/min approach assumes the
worst case when errors are compounded and so can badly overestimate the error when
the results .r» computed through several transformations. Also. the interpretation

of the max/min bounds are unclear—Do they mean that no observation could cver
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fall outside the bounds, or just very unlikely to do so (if so, how unlikely)? The
approach described by Chatila and Laumond (1985) for the HILARE robot is more
similar to that described here; however, they used a scalar error estimate of position,
and were not concerned with angular error. Futhermore, they described a procedure
that seems to back-propagate the results of measurements to update previous estimates.
This procedure does not appear to be correct in general because the same uncertain

relationships are reused in back-propagating, even though they are not new information.

3.1 Formulas for Compounding

In Fig. 1, we wish to describe the coordinates of L, (X, Ys, 03) with respect to reference
frame V. We are compounding transformations A (X, Y;,0,) and B (X3, }5,0.). The
explicit transformation is given in Eqn. (1), and is derived from the formulas for

transforming one frame into another, as shown in Paul (1981), for example.

XS = f(‘Yl!Yhah" 2y Y2|02)
= X2 C050| - ),2 sin 01 + X'l
Ys = 9(X, 1,0, Xz, Y2 00)

= 1\’2 sin 01 + )’2 C0501 + )'l (l)
03 = h(-Yl,)"laoly‘".'1)".’102)
= b0 +6:

We wish to estimate the means and covariances of these three functions. The vari-
ables are now assumed to be random variables. The functions are approximated by a
first-order Taylor series expansion about the means of the variables. T'he mean values
of the functions will be the functions themselves [e.g., Xy = f(.('l, Y. 01 Na, Ya. 0.) ] (to
first order). In addition to estimating the mean transformation, an uncertain transfor-

mation includes the associated covariance matrix C of this transformation. To estimate

.
Ay =y Y Y
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the covariance matrix for this case, we express the previous Taylor series expansion in
matrix lorm, resulting in the following (deviate) matrix:

AXs
AYs | 2T (AX,, AYy, Aby, AX,, AY,, AG:)' (2)
Al
where J is the (3x6) Jacobian of the transformation evaluated at the mean values of
the input variables:

8 8 af df 3 3f - ~-Y)) —gi
3X, B3V, 230, 9X; 3Y: 062 1 0 (Ya Y]) C050| sm0| 0
| 2 8 9 o o 2 |= _ : .
J Y I o I Iy ah 0 1 (Xs-X,) sin6, cosf, O
oh ok ok b oA Ok
X, ay, a0, aX2 93Y, 382 00 1 0 0 1

and Xjs, Ys are given in Eqn. (1). Covariance is defined as the expectation of the
squared deviates. We “square” both sides of Eqn. (2) by multiplying both sides of the
equation by their respective transposes. Taking the expectation of the result, we get

C,eJ(C' 0 )J' (3)

the covariance matrix Cy:

0 GC.
The 3x3 matrix C; expresses the covariances of the coordinates of L. with respect to
IV, computed from the input covariance matrices C; and C. (which express the error
on the input variables of A and B). Because an element of the covariance matrix is by
definition C;; = E(Ar;Ar;) and the standard deviation of variable x is 0, = \/I:'(A.r'-').
an element of the covariance matrix can be expressed as:

E(Ar;Az;)
Ci; = pjoio; ; pij =
VE(AzP)E(Az?)

where p;; is the correlation coefficient. On the diagonal of the covariance matrix. i = J.
thus p;; is 1, and Cy; is just the variance.

Equations (1) and (3) are all that is needed to compute the compound uncertain

transformation for more than two component uncertain transformations. The method
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consists of computing the compound of two adjacent uncertain transformations and
effectively replacing the pair by this result. The uncertain transformation between any
pair of connected frames can be computed by a combination of such reductions. That
is, a series of relative transformations can be computed by compounding the first two
transformations to form a new composite transformation, then compounding this new
transformation with the third transformation to form a new composite, and so on. In
Fig. 1, for example, A and B are compounded to give uncertain transformation E,
then E and C are compounded to give F, and finally F and D are compounded to give
G.

REVERSE (8!}

Figure 2(a) Figure 2(b)
Examples of Compounding Situations

A given directed graph of uncertain relationships may not be directly in a form ready
to be computed using the above formulas. For example in Fig. 2(a), B is pointing in
the opposite direction to the form assumed above. To create the correct form, it is
necessary to first reverse B as in Fig. 2(b). This reversal is easily accomplished using
the following formulas (the nominal inverse relationship):

X' = —Xcosf-Ysind
Y' = Xsinf ~Y cosd
9 = -9
7
R S S L N T Ot B U Nt A
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As before, the first-order estimate of the mean values of the dashed coordinates is
simply the given functions of the mean variables. The covariance matrix for the reversed

transformation is computed from the given covariance matrix of B, {(the matrix C):
C'xJ+«Cx+J!

where J is the Jacobian of the above transformation equations; that is. J is given by

» - ’ - -
ox ax 8« —cosf —sinf )}’
. » ’ . -
J = ar! gy'!  ay! = sin @ —cosf -\ (1)

ax a9y s
T T _
ax a8y a8 0 0 1

With this inverse operation and the pairwise compounding operation given above, it is
possible to compute the compound uncertain transformation between any two frames

of reference that are linked by a chain of uncertain transformations, as in I'ig. 1.

3.2 The Assumptions for Compounding

The assumptions behind this compounding operation are:

e The first order approximation expressed by Eqn. (2) is sufficiently accurate.

e The covariances of different transformations are independent.

The first-order approximation is reasonable provided that the standard deviations of
the variables (e.g. oz,) are small, because we are neglecting terms of order (0,)° and
higher orders. More accurately, the function should be “smooth” about the estimated
point over an interval roughly the magnitude of a standard deviation of the variable.
This approximation can underestimate the error for a covariance element when the
corresponding Jacobian element is zero because, in this case, the approximation predicts
that the function variance does not depend on the error in the corresponding input
variable. In such cases, the second-order terms may be significant.
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The assumption that successive uncertain transformations have independent error

gives a compound covariance matrix with zero elements, as in Eqn. (3). If these

%

errors are known to be dependent, a compound uncertain transformation with non-zero

covariance elements can be given directly; that is, the dependent case can he handled N
by treating the dependent combination as a unit, with given compound covariance, and -]
replacing the components with this unit.

4 Merging of Uncertain Transformations

The second basic operation is the combination (“merging”) of two or more parallel .
uncertain transformations to obtain a more accurate combination. For example, in
Fig. 1. we can compute G. which expresses the uncertain relationship of L; with -

respect to the frame W, and we are given the uncertain transformation S describing

11" with respect to L,. The problem we are considering is how to estimate the relation

(IR

of Ly with respect to W given both parallel transformations. The procedure we use for

.

merging is based on the use of Kalman filter theory (for static-state estimation).

AN LT,
SN

4.1 Formulas for Merging

K

The first step is to find all the uncertain transformations linking the frames of interest.
For cach independent chain of transformations between these frames, compute the

compound uncertain transformations. For the example in Fig. 1, G must be computed

N .'..,' "y -, .

using the methods described in Section 3 to calculate the uncertain transformation
of Ly with respect to W. The next step is to ensure that all the parallel uncertain
transformations to be merged are pointing in the desired direction, and to reverse
those that are not. In the Fig. 1 example, S should be reversed. The reversal of an

uncertain transformation is given by Eqn. (4) above.

Once all the parallel uncertain transformations to be merged have been computed

(including any necessary reversals), the merging procedure combines them in pairs,
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using the result of the last merge as an input to the next merge. The merging hegins
with any pair, and proceeds by merging one uncertain transformation at a time until
all have been merged. Consequently, it is only necessary to describe the pairwise merge
procedure. In the following, let C, and C. be the covariance matrices of the uncertain
transformations to be merged, and Cjy be the covariance matrix of the resulting merged
pair. Similarly, X; and X- are the estimated mean values (expressed as a vector) of
the transformations to be merged, and X is the resulting estimated mean. The first

step in the merging operation is to compute the Kalman gain factor defined by:

K= Cl * [C] + CJ::]-l (5)

This factor is used to compute the required merged covariance matrix:

Cs=C-K=+C, (6)
and the merged mean:
Xs=Xi+K=*(X;- X)) (7)

These formulas are sufficient for merging any number of parallel uncertain trans-
formations. The apparent asymmetry of Eqns. (5), (6) and (7) is not real, because
the same result is obtained regardless of which transformation is labeled C, or Ca,
and so on. That is, the order in which the mergings are performed is irrelevant. In
one imension, these formulas reduce to the following simple forms (where V's are
variances):

AL ; X, = Vs V2 na
i+V; Vi +Va Vi+Va

That is, the covariance matrices reduce to simple variances combined as shown and the

Vy = X (8)

merged mean is just a weighted average of the contributing means. If the compounding
operation described in Section 3 is also reduced to one dimension, we find that variances
in series transformations simply add to give the compound variance. If this result and
Eqn. (3) are combined, we find an equivalence to electric circuit theory where variances

10
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are analogous to resistances. That is, in a network of resistors, serics resistances add :‘_:'
and parallel resistances combine according to Eqn. (8) to give a combined resistance 0
{(variance) between any two points. -
' This equivalence points to a difficulty with the method described. becanse not all
circuits can be analyzed by a simple combination of serial and parallel calculations :
{e.g. the Wheatstone bridge). That is, it is not always possible to “reduce” a network
of uncertain relationships by replacing series or parallel components with their equiv-
) alent values. However, by deleting links in the uncertain transformation network, it
E is possible to produce a reducible network and so compute an estimate for the mean
. and covariance. By considering alternative deletions and finding the set that gives the _’.:
* “best” final covariance, it is usually possible to get an estimate that does not signifi- -
- cantly overestimate the final covariance. Such estimates are overestimates because they -
. do not utilize all the available information. Note that the first order approximation we ‘
' are using can under or over estimate the error when the input errors are large, so the N
failure to use all the information may not be important. -
4.2 The Assumptions for Merging -

Kalman filter theory, or state estimation, is described in many texts on control theory:
the derivation of the basic formulas is lengthy, and is not presented here (see Nahi,
1976). The basic assumptions of the theory in this context are:

e The covariance matrices to be merged are independent; that is, the errors in one
uncertain transformation are not correlated in any way with the errors in any

other uncertain transformation. This prevents the same sensor results being used

more than once, for example.

e Covariance matrices contain only constants. This assumption prevents the ele-
ments of the covariance matrices from being dependent on the actual mean. If

the covariance elements depend only weakly on the mean (compared with the
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magnitude of the errors), no significant error is introduced by using covariances

defined by evaluating the expression for the error at the nominal location.

e The errors are unbiased; that is, an input error (from which the covariance matri-
ces are defined) has zero expectation around the mean value of the variable. This
assumption excludes systematic errors, which are usually climinated by suitable

calibration.

e The covariance matrices and means to be merged are expressed in the same
coordinate system {e.g. Cartesian). If this is not true, suitable mappings must

first be performed.

When these assumptions are satisfied, the Kalman filter supplies the best linear un-
biased estimate for the updated mean and variance matrices. Note that the Kalman
filter theory does not require that the error model of the locational and sensor uncer-
tainty be Gaussian. The Kalman filter theory can be extended in various ways if some

of these assumptions are violated. For example, if the contributing covariances are
not independent, the resultant system may be modeled by introducing an additional

correlation matrix that corrects for the known dependencies.

5 A Mobile Robot Example

A mobile robot needs to use its sensors to build and update a world map to navigate
in both known and unknown environments. At any stage, this map can be viewed
as a network of uncertain relations that can be used to decide important navigational
questions. Initially, the robot will take its starting position as the “world” frame. As
it moves from its initial position, the uncertainty of its location with respect to the
world grows with each successive move, as shown in Fig. 1. The error in these moves
is usually given relative to the last location (e.g. wheel counters) and is represented by
an uncertain transformation. After a number of such moves the robot’s location with

12
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respect to the world frame becomes so uncertain that the robot is unlikely to succeed in
actions, (e.g. going through a doorway), based purely on its current information. The
procedures described above allow the robot to estimate the uncertainty of its location
and decide whether the accuracy given by this estimate is sufficient for the particular
task. Note that because this estimate can be made ahead of time, the robot can decide
that proposed motions will create too much uncertainty before they are performed, or

that sensing will be necessary.

5.1 Robot Sensing

A mobile robot is usually equipped with sensors that allow it to determine the location
of objects to an accuracy determined by the sensor resolution. Such sensed relation-
ships are also represented as uncertain transformations in the uncertain transformation
network, along with those due to motion. The sensed information allows the robot to
reduce the uncertainty of its location with respect to other objects or the world. Be-
cause the reduction of uncertainty tarough sensing can be calculated ahecad of time,
it is possible to decide if proposed sensing steps will provide sufficient accuracy for a
task before performing the sensing. If a proposed sensing step is not sufficiently accu-
rate, alternative sensing strategies can be evaluated. This means that the uncertain
transformation estimation procedure can be used for off-line programming of a robot,
as well as for maintaining the best current “run-time” estimate.

It is important that the robot sense as accurately as practical the location of many
reference objects while it is still in its initial position (“world”). Once the robot moves,
these objects allow the robot to estimate its position with respect to the world with the
greatest possible accuracy. Even if the robot is unable to sense the original reference
objects, accurate world locations can still be found if the original reference objects are
related to other observable objects through accurately sensed relationships. That is, a
rich connected network of uncertain transformations allows the robot to locate itself

with respect to any object (in the network) with an accuracy largely determined by

13
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the accuracy of the sensors. Note that the method advocated here is for the robot to
maintain a network of raw uncertain transformations resulting from individual motions
or sensing operations and to compute composite uncertain transformations as required.
This is different from the method proposed by Chatila and Laumond (1985), for ex-
ample. who seem to update previously computed composite uncertainty relationships
whenever new information becomes available (“backpropagation”). Update procedures
can lead to incorrect results because they use the same uncertain relations more than
once (the prior uncertain relations), even though there is no new information about

them.

5.2 The Sensing Procedure

Given that it has decided to perform a sensor step, the procedure the robot should
follow in adding a sensor based uncertain transformation to the current network is as

follows:

1. Determine whether sensing is possible—Using the current estimated uncertain
transformation calculated by the procedure described above, decide whether the
sensor is capable of making the desired observations. For example, decide whether
a wall is likely to be close enough to be detected with an acoustic range sensor,
or whether the object to be sensed is in the field of view of a camera (an example
of the latter case is given in Appendix A).

2. Decide whether the actual observation is reasonable—Given the uncertain prior
location of the object to be sensed (estimated from the current uncertain transfor-
mations) and the error associated with the sensor, decide whether the probability
of the actual observation is below a predetermined threshold. Such errors would

occur, for example, if the camera locked onto the wrong object.

3. Combine multiple sensings—Merge independent measurements by the sensor into
a single uncertain transformation using the merging Eqns. (5), (6) and (7). If the

14
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sensing information is in a different coordinate system (e.g. Polar rather than
Cartesian), then the merging operation is performed in the sensor system and
the final uncertain transformation is mapped back into the Cartesian form (the '
specific formulas for performing this mapping in the case of Polar to Cartesian B

are given in Appendix B).
The above sensing procedure makes a number of assumptions: i
«

_1

e The error of the sensor is independent of the prior locational error.

e The error of the sensor is independent of the nominal location . This is equiv- 5
alent to requiring that the sensor error be expressed by a constant covariance i
matrix (it could be a different constant matrix for measurements made from dif- :
ferent positions). This requirement ensures that the update is linear, as required

for this theory to be applicable. This requirement can be relaxed with little

loss of accuracy provided that covariance is a slowly varying function of location

compared to the error range.

e The sensor error is unbiased, i.e. the expected error is zero around the nominal

value.

5.3 Monte Carlo Simulations

To test the assumptions in the theory, we ran an independent Monte (‘arlo simulation, 4
where the robot’s position is calculated many times using Gaussian distributions for the H;
input errors. Fig. 3 shows the resulting robot positions as points with the estimated ]

K

90 confidence contour superimposed on them. This contour is formed by assuming

that the underlying probability density function is Gaussian. Numerically. the esti-
mated and simulated means and covariances generally agree to within 1°¢, unless the

inpat errors are very large.
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Figure 3-—A Monte Carlo Simulation

If the angnlar errors are large, the probability of the actual position Iving within a
aiven error ellipse (assuming the distribution is Gaussian) diverges from the actual case
(a~in Fig. 3). However. the mean and covariance estimates still agree to within 190 1t
i~ the Gaussian assumption that is breaking down. The divergence oconrs heease of {
nonlinearities in the Jacobian (i.e. its dependence on the trigonometrie functions of )
whoen the input ananlar errors are large. Even in this case the probalaliny disteibation
for the final position. formed from two approximately perpendicular motions, s very ]

close ta Gangssian., NL

When decisions requiring a probability distribution are necessarys such as decidine

Joan object is moa camera’s field of view. 1t s necessary to assume a partienhae dis-

tribirton, given only two moments (the mean and the varmnee). When the mean and l

varianee of an unknown probability distribution are the only information avalables o ?

4

simple maximm entropy derivation gives the Ganssian disteibution s e s bate ]
that assures the least imformation. The possibaliny of aaner Boborca e o oo

-
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being investigated. If the probability distributions of the input variables are not Gaus-
sian, the central limit theorem assures us that the final compound distribution will be

approximately Gaussian provided that there are a “large” number of inputs.

6 Discussion

The previous sections describe a procedure for making accurate quantitative estimates
of the mean and covariance of the location (position and orientation) of any frame
relative to any other given a network of uncertain transformations. If the distribution
associated with these estimates is assumed to be Gaussian, then probabilities, such
as whether a sensor can make a particular measurement (i.e. the expected location
is within sensor constraints) can be calculated. Examples of the application of this
theory are presented and the estimates are compared with Monte Carlo simulations for
a three-degree-of-freedom mobile robot. The only significant divergence hetween the
estimates and the simulation occurs when the angular error is large compared with a
subsequent displacement error. Under these circumstances, the resultant probability
distribution is significantly non-Gaussian (i.e. noticeably nonelliptical in C'artesian
space). In all other cases, the mean and variance estimates agreed extremely well with
the simulated values. Even when the angular errors are large, the nonlinearities tend
to cancel, except when the moves are approximately colinear.

The formulas given for three degrees of freedom (X,Y,8) can be easily extended
to include the Z coordinate in the obvious way. Unfortunately, the extension to the
full six-degrees-of-freedom case (X, Y, Z,0, ¢,¢) is not so simple. The main problem
is the additional angular terms can introduce singularities (“poles™) into the Jacohian:
that is. the estimated covariance shows extreme sensitivity to the error of particnlar
input angles in the vacinity of a pole. These singularities destroy the value of the
estimates provided by the estimation procedure unless corrective measures are taken.
One approach we are investigating is to prerotate the world frame so that none of the
uncertain transformations have nominal angles in the vacinity of a pole.
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There are many uses for the estimation procedures described in this paper. The
major use motivating this work is the ability to estimate ahead of time when sensing

steps are necessary and determining whether a particular sensor is capable of making

a particular measurement or supplying the required accuracy. The procedure also sup-
plies a quantitative method for judging when a sensor has “glitched” —i.e. its measured
value is too unlikely, given the prior expectations. Another possibility being investi-
gated is whether the results of running this procedure can be used to revise the error

models used for particular mobile robots or sensors, giving a form of autocalibration.

The major limitation of the estimation procedure described in this paper is that
only two moments (the mean and covariance) are estimated, hence the knowledge of
the probability distribution satisfying these moments is very limited. By assuming
the (multivariate) distribution is Gaussian, we can still make probabilistic estimates
that agree with simulations very well, except when the angular errors are large. A
way around this difficulty that we are investigating is to estimate a third moment (a

“skewness” measure).
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Appendix A: Derivation of Ellipse Parameters

The determination of whether the probability of observing the object is greater than a
given threshold requires assuming that the probability distribution of our knowledge of
the objeci’s location is a multivariate (z,y.0) Gaussian distribution. The general form
is given by:
P(i) = S S e~ HE-X)Cle-X))
v (2m)rdet C

where n is the number of dimensions, C is the covariance matrix, X is the nominal
mean vector, and I is a vector denoting a particular point. The contours of equal
probability of this equation form ellipsoids in n dimensional space that are centered at
the mean location X, and whose axes are only aligned with the Cartesian frame if the
covariance matrix C is diagonal. The formulas for extracting the principal axes of a
2-D ellipsoid are given below. In the case where we are only interested in the positional
error ellipse, C is the reduced (2x2) covariance matrix formed from the (3x3) matrix by
extracting only the X, Y terms. In this case, the resulting marginal probability density

is:
1 - 12_[s_+_-m+u_| o° L
P(z,y) = ¢ T ey I B
2mfoloi(1 - p?) po.o, O

where p is the correlation coefficient for z and y. For example, we might waut to check
the probability of a camera seeing a particular object given our current locational un-
certainty. We decide this question by determining whether the the ellipse corresponding
to a given confidence limit is completely contained within the field of view.

For decision making purposes (e.g. the field-of-view-case), it is necessary to de-
termine the explicit equiprobable contours (ellipses or ellipsoids) of the wultivariate
Gaussian dist "ibution specified by given mean X and covariance C, wmatrices. These
ellipses can be used to determine the probability that a given vector will lie within, say,
the 90% confidence ellipse. The ellipsoid formula is:

t—1 2
(z- X)'C: (z = X) = k (A1)
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. where k is a constant chosen for a particular confidence ellipsoid, and z is a point on :
X the ellipsoid boundary. The relationship between k and the probability of a point lying 3
‘ .
within the ellipsoid specified by k is: .
N =1, P= ! + 2erf(k)
K - ' \/57;' ;
2 >
A N = 2 P=1-¢% _
. 1 2 2 N
: N = 3 = — /L kexn™ .
. 3 P Jar + 2erf(k) \/;L exp 2
. r
A where NV is the number of dimensions, and erf is the error function. :
¥ In the particular case where the two-dimensional (z, y) error ellipse is required given 5
- the three dimensional (x, y.8) covariance matrix, the procedure is as follows. Firstly, -
. produce the 2-D marginal covariance matrix from the 3-D covariance matrix by striking ,}:
out the row and column of the unwanted variable. That is: ;
; Cs(323) = C>(2x2) '
"
o -
N The corresponding family of 2-D ellipses is given by Eqn. {Al), and in this case -
reduces to: .
Az* +2Bzy+ Cy* - k* =0 :'.
where A, B, C are found from the 2-D covariance matrix and Eqn. (A1). The angle 0 o
the major axis of this ellipse makes with the positive X axis is given by: -
. 1 2B -7 T 3
N 0= Earctan(:‘—_—é), 0[2 o) :
1 ~-
) .
~ If we define: -
T =VA?+C? - 2AC + 4B?
X X
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then we find the following lengths:

EXRALS

2k* 4
A+C-T

. . / 2k? -
half minor azis = AYCTT

As given above, the probability of a point being located inside an ellipse defined by a

half major aris =

particular k is given by: o
. a2 :
3 P(z,y € ellipse) =1—¢e7;  k*=—2log(l — Pr) 3
A ‘;

which the following confidence ellipses for different k:

- 50% = k*=1.386

.
T 0 e

: 90% = k* =4.605
Appendix B: Coordinate Frame Mappings
This appendix gives the explicit formulas for mapping the mean and covariance matrix >

from polar (r, ¢, #) representation to an equivalent Cartesian form, where ¢ is the ro-
tation of the coordinate frame in both the polar and Cartesian case. This mapping is

) necessary, for example, if a camera expresses the location of an object in polar coordi- -
nates and the camera error is also given in polar coordinates, but the result of sensing ;:
(or the merged results of many sensings) is required in a Cartesian represenation. The
nominal (mean) transformation is given by: x
'
i = fif8)=Fcos(d) 2
§y = [af,¢) = Fsin(¢) -
o é = f3 = é
N
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A R, the Jacobian of the transformation, is given by: K
9
, an A Ay : _y 0 N,
ar 09 06 r Y V.

| az o2 o | -~
! R=| 52 5% W=t =0 "
. 3fs 3fs 2 b
s ow oW 0 0 1 X
' &
Using a first-order approximation similar to that in Section 3, we get the following o

H
k)

Cartesian covariance matrix:

C(z,y,0) R+ C(r,¢,0) xR’ R
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ABSTRACT

Off-line robot programming and simulation systems are emerging based on
graphic workstations. These simulate robot motion, but do not usually check for
collision of the robot with other objects. A fast method is presented for such
detection, making use of existing VLSI graphic hardware. This paper discusses the
design of a future robot controller that would use graphic hardware .cchnology to
predict potential collisions in real time.
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I INTRODUCTION

Robot programming is a task that entails three-dimer<ional spatial
reasoning. The programmer must, for example, create a program that moves a
manipulator through a complicated three-dimensional environment so that it does
not collide with objects in its path. Advanced graphic hardware addresses the
programmer'’s need to ‘‘see’’ the robot and its environment through graphic
simulation, and is helpful in many phases of program development and debugging.
However, even graphic-based programming systems should not leave collision
detection as an inspection task for the user because:

e The programmer may not have the right ‘‘view” to detect the :'.j.{
collision visually. ]

e [t may take too long to visually inspect robot trajectories,
especially when they are variable (e.g., guided by simulated
$ensors).

An algorithm for automated collision detection must be fast if it is to serve
as a valuable tool for checking interactively defined manipulator trajectories
developed with an off-line programming system. In addition, if the robot
controller itself is ever to predict and avoid collisions, the algorithm must work
fast enough so that the manipulator is not delayed while checking a path.

Accuracy is a requirement for some modes of operation. Collision detection
for gross motion planning can be practically implemented by bounding robot
components and other objects with simple boxes or spheres |[7]; these can be
intersected quickly when what is needed is a conservative description of the
enclosed shapes, rather than fine detail. Such systems do not work well for fine
motion planning, however, for example when the robot is in close proximity to its
environment or performing part grasping or part mating operations.
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H PREVIOUS WORK

This paper describes a fast method to detect whether two objects intersect,
a process often called interference checking. A number of methods for performing
interference tests have been described, and can be roughly categorized according
to the representations used for the objects.

Interference tests have been reported between simple bounding volumes,
such as boxes and spheres (7], between quadratic surfaces (4], or between
polyhedra [6], [8]. The work referenced on quadratic surfaces also computed the
intersection description. In addition, surfaces composed from bicubic patches can
be subdivided into smaller patches approximated by planar regions (2], {1], and
the polyhedra intersection tests can be performed.

We will examine the use of *‘clipping’’ algorithms from computer graphics to
perform fast collision detection, because some of these algorithms can be
implemented in hardware. A general outline of collision detection using clipping
hardware is given next, followed by a restricted implementation using available
hardware. Finally, the concepts are generalized to other possible hardware
architectures, concluding with a discussion of the design of a robot controller able
to predict collisions (in order to avoid them).
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I CLIPPING

Clipping is a fundamental operation in graphics, defined as the process of
exiracting a portion of a data base. It is used in algorithms for hidden line and
hidden surface removal. among others. A basic clipping operation is the
intersection of line segments and polygons with a “‘clipping plane”; only data
portions lying on a chosen side of the plane are kept. The chosen side may
arbitrarily be defined as the side pointed to by the plane normal. Suppose we
wish to clip out surfaces not contained inside a given convex volume, defined by a
set of intersecting planes with inward-pointing normals. Clipping a polygon to
the convex volume (Figure 1) can be thought of as clipping the polygon to each of
the volume's defining planes in turn: At each stage, portions of the polygon lying
“outside” the plane are discarded, and the new polygon is passed on for more
clipping. Subtleties of clipping algorithms are given in [10]:

CONVEX
VOLUME

POLYGON

FIGURE 1 CLIPPING TO A CONVEX VOLUME

Algorithms [11] and (later) VLSI chips [3] have been designed to exploit the
serial clipping process just described. The VLSI chips are arranged in a
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“pipeline” of clipping stages, with each individual “‘clipper” performing the
clipping to its “own’’ plane. The clippers collectively define a “clipping
polyhedron.”

Clippers not only determine whether interference occurred, but compute the
intersection between the clipping volume and object as well. The extra
information will be useful in collision avoidance; i.e., avoiding a collision once it is
predicted along the path of the robot. For present purposes, the clipping system
need only maintain a vector of bits indicating which, if any, individual planes
were intersected.

The most common use of clipping is the extraction of a portion of a world
data base to be seen on a two-dimensional screen. Most advanced graphic systems
in the future can be expected to have clipping hardware available for that purpose
at least. Section V shows how such hardware may be exploited. We will assume
the availability of clipping hardware, and capitalize on its speed.
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IV GENERAL APPROACH

The method outlined in this paper determines interference between a convex
polyhedron (CP) and an arbitrarily constructed obstacle. The convex polyhedron
bounds a “‘test object” to be guarded--presumably a moving component of a
manipulator. “Obstacles” are any other modeled objects in the manipulator’s
workspace. Hardware clippers are loaded with clipping planes that form the
boundaries of the convex polyhedron guarding the test object. Obstacle models
are then clipped, by hardware, against this clipping polyhedron to determine
interference. As in Maruyama's procedure [6] all objects of interest are bounded
by circumscribed and inscribed spheres to enable some simple preliminary
interference tests. All objects may additionally have enclosing and enclosed
convex polyhedra.

The comparisons between the test object and obstacle and their bounding
volumes (in order of simplicity) are:

If the outer spheres do not overlap, there is no intersection.
If the inner spheres overlap, there must be an intersection.

If the inner CPs overlap, there must be an intersection.
If the outer CPs do not overlap, there is no intersection.

If the obstacle and outer CP of the test object do not overlap,
there is no intersection.

If the obstacle and inner CP of the test object do overlap,
there must be an intersection.

Otherwise, there MAY BE an intersection between the test object and the
obstacle. Further tests would be necessary to decide.

Not all the tests above need be tried. If the obstacle is not very detailed, all
of its bounding volumes except the enclosing sphere may be left undefined; testing
the obstacle directly will be relatively efficient in that case. The guarded object
should at least have an enclosing convex polyhedron defined for it.

Line segments or planar polygons are the primitive elements of each object
model tested for interference with the clipping polyhedron. Thus, a general curve
is first approximated with a series of short line segments, which are then tested.
A surface can be checked against the clipping polyhedron in two ways: by ruling
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the surface with a set of curves and intersecting the curves with the polyhedron
(see Figure 2), or by approximating the surface as a set of polygons and testing
the polygons. If we rule the surface, the curve spacing must be small enough that
the clipping polyhedron cannot penetrate the ruled volume to any significant
extent without intersecting a curve. Otherwise, the interference would go
undetected.

Figure 3 shows how an obstacle model is clipped to the convex polyhedron
guarding the test object. The pipeline of clippers is loaded with plane data
representing the sides of the clipping polyhedron. Obstacles are broken down into
constituent line segments and polygons, whose vertices are transformed into
clipping volume coordinates by the 4 x 4 matrix multiplier. A pair of transformed
vertices represent a line segment which is passed through the clipping stages, each
clipper eliminating any portion of the segment not *inside* its plane. Any data
left at the end of the pipeline lies in the interior of the clipping polyhedron. See
Appendix A for the procedure details.

FIGURE 2 INTERFERENCE OF RULED SURFACE WITH TEST POLYHEDRON

A particular implementatior of the method is next described which iimits
the guarding polyhedron for the test object to a parallelopiped (rectangular or
skewed) or truncated pyramid (possibly skewed). The limitation arises from the
particular organization of the graphic hardware used.
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FIGURE 3 CONCEPTUAL MODEL OF AN INTERFERENCE TEST N
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Collision detection is implementated as part of WORKMATE, an off-line
robot programming system under development at SRI based on the Silicon Ehe!
Graphies IRIS 2400 workstation. Objects and manipulators are modeled as
collections of convex volumes. Figure 4 shows a Unimation PUMA 560, rendered
with shading, whose motions can be computed and drawn approximately six times
per second with this level of detail. Collision testing generally takes only a small
amount of time, although the time is dependent on the complexity and number of
the objects tested. The IRIS transforms and clips primitive coordinates with a
hardware pipeline, as depicted in Figure 3, at a rate of about 65,000
coordinates/second, or one coordinate every 16 microseconds. Thus, an obstacle
polyhedron with 100 vertices can be checked for: collision with the clipping
polyhedron in a few milliseconds. In our sub-optimal implementation, an object
with 100 vertices is checked for collision with the clipping polyhedron in 7
milliseconds.
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The clipping hardware of the IRIS is normally used to limit viewing to a
volume of the world specified by the user. The ‘“view volume' is defined by an
‘“‘eye’’ peering through a rectangular window. When the eye is placed at infinity,
X the projection of rays through the window is parallel, and the view volume -
3 defined is an infinite parallelopiped; otherwise, the rays passing through the
X window converge at the eye, defining a semi-infinite pyramid (Figure 5). The
\ volumes are made finite by two planes parallel to the plane of the window, which
truncate the view volume at both ends. The IRIS contains six clippers, four to
define a rectangular window and two more to define the near and far clipping g
planes parallel to the window plane. -

x v -
o
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The class VVOLS is the class of convex polyhedra representable by this
standard clipper organization. VVOLS is limited to (potentially skewed)
parallelopipeds and truncated pyramids. Thus the outer or inner convex A
polyhedron guarding any test object must belong to the class VVOLS, in this <
implementation. "

The clippers in the IRIS are preset to clip to a cubical region with
diagonally opposite vertices at (1,1,1) and (-1,-1,-1). This arrangement simplifies

the plane equations, and thus the clipping calculations performed by the t
hardware. Before the clippers can clip to the view volume or guarding -
polyhedron, the volume must first be ‘‘normalized” to this cube. A truncated )

pyramid can be turned into a parallelopiped by the perspective transformation
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FIGURE4 AN EXAMPLE SCENE USING WORKMATE
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FIGURE.S VIEW VOLUMES USING A SQUARE WINDOW .

(not to be confused with the perspective projection). Skewing can be removed by
the shear transformation, producing rectangular parallelopipeds. The result can
be scaled to the correct unit dimensions by the scale transformation. All of these
operations can be composed into one 4 x 4 matrix using homogenous coordinates
9], [5]. The operation of “normalizing” a view volume to a canonical volume i
before clipping is described in detail in [5]. The normalizing matrix is computed, j
a priori, for each different guarding polyhedron to be described, and saved as part
of the model. »

When a particular test volume (VOL) is selected, the normalization matrix
(NORM) for the guarding polyhedron is retrieved, and used to transform the i’
coordinates of obstacle primitives into normalized the coordinates (NVOL) (see -
Figure 3):

NVOL primitives = NORM * IVOLLOC * OBLOC * OB primitives.

Collision detection then proceeds as previously described. N
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t VI EXTENSIONS o
A. Other General Viewing Windows Py

The implementation was limited to a certain set of polyhedra for bounding >,
' volumes because the clipping hardware was set up for a square viewing window. t
E If the clipping VLSI can clip against arbitrary planes, other fixed window N
arrangements may be useful. For example, octagonal windows define view o
volumes that are approximations to (potentially skewed) cylinders and cones, o=
under parallel and perspective projection, respectively, as seen in Figure 6. These

' shapes can be normalized to a unit, 8-sided “‘cylinder” (plus front and back faces). o
; If the clipping planes marked in the figure can be selectively disabled, the '.'3:
) previous class of parallelopipeds and pyramids are included as well, and the N
normalization matrix is the same. Thus, the hardware could be used for common ~

! viewing operations in one mode, and, with the additional four clippers, be able to g
: represent boxes, pyramids, and approximations to cylinders and cones as bounding X
. polyhedra. P
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FIGURE6 VIEW VOLUMES APPROXIMATING CYLINDERS AND CONES vy
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Finally, if a system has n programmable clippers, they can be loaded to
represent any n-sided convex volume to be used as a bounding polyhedron.

B. Application to Robot Controller Design

As mentioned at the beginning of the paper, robot trajectories are variable
when sensors are used to locate objects for acquisition. It may be impractical for
an off-line programming system to determine, a priori, whether robot motions will
be collision-free in every circumstance, except in simple environments. To do so
analytically might require computing the volume swept out by the manipulator as
it moves to every possible location in the range of the object it is acquiring, from
every possible starting position, and so on. Monte Carlo simulations may help,
but could also be prohibitively time consuming to achieve sufficient reliability.

One solution is to make the collision detection test at ‘‘run-time,” when the
manipulator motion has been determined (perhaps from sensor information). In
this situation, of course, the goal is collision prediction: The detection algorithm is
applied to points lying ahead of the manipulator on its determined path. A
speculative model of a robot controller incorporating collision prediction hardware
is illustrated in (Figure 7).

It is presumed that the robot controller can provide information about
intermediate destinations along its trajectory, in advance, to the collision
prediction subsystem. The length of advance notice is based on the computation
speed of the subsystem and a safe reaction interval for the arm, to avoid any
impending collision.

The subsystem contains a world model of the arm’s surroundings, which
may be loaded from an off-line programming system. It also contains a model of
the arm subvolumes, 1 to k. Each subvolume is approximated by n planar
surfaces defining a convex volume, in its own coordinate system. An associated
set of n clippers is preloaded with the set of clipping planes for that convex
volume.

The subsystem gets a future point along the current robot trajectory from
the controller, and computes new values to be loaded into the matrix multipliers
M[i] based on the future locations of the arm subvolumes (see Figure 3 for the
computation). The coordinates of the primitive elements for an obstacle are then
transformed into each local coordinate system in parallel by the matrix multipliers
M(i], and clipped against the modeled arm members. That is, each potential
obstacle is checked, in parallel, against the arm subvolumes for intersection. As
previously noted, this intersection may take only a few milliseconds for
moderately complex obstacles models. The collision prediction subsystem returns

12
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FIGURE 7 ROBOT CONTROLLER WITH COLLISION DETECTION HARDWARE
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a status to the robot controller notifying it of any impending collision. An extra
matrix multiplier and row of | rogrammable clippers can be used to predict
collisions of obstacles with any object held by the manipulator. When an object is
grasped, the extra clippers must be programmed to clip to the object’s bounding
convex polyvhedron.

[

’ If VLSI clippers and matrix multipliers become abundant and inexpensive
because of the graphics market, then collision prediction hardware in the robot
controller may become economically feasible.
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\ Appendix A
Collision Detection Using Clipping

For each object or subobject of interest:

CP means convex polyhedron

WLD is the common, world coordinate frame

F(obj) is the coordinate frame of the object obj A
RO(obj) is the radius of a circumscribed sphere o
RI(cbj) is the radius of an inscribed sphere

CS(obj) is the origin of both spheres with respect to F :
PO(obj) is an outer, object-enclosing CP defined with respect to F o
PI(obj) in an inner, object-enclosed CP defined with respect to F

VOL is the volume to be safeguarded against collision

IVOLLOC is the inverse relation fo F(VOL) to WLD 5

- 0B is a particular obstacle from a list of obstacles OL §
- OBLOC is the relatiom of F(0B) to WLD g
- HIT is a vector clipping flags: HIT[k] is ON if the )
kth plane (clipper) intersected OB -

o
R

y b
o
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A description of the method is as follows:

Choose VOL and OL.
Clear the HIT vector.

For each obstacle OB in OL

NEXTOB: if no more obstacles return NO INTERSECTION.

1. [Compute the relation of F(OB) to F(VOL): ]
REL = IVOLLOC * OBLOC.

2. [Compute distance between bounding spheres of VOL and 0B.]
D = dist(CS(VOL), REL * CS(0OB))

3. [If spheres don’t overlap, no intersection with this O0B.]
if D > RO(VOL) + RO(OB) goto NEXTOB.
4. [If inside spheres overlap, VOL and OB must intersect.]
if both RI are defined then -
if D < RI(VOL) + RI(OB) return INTERSECTED. -
5. if COLLIDE( PO(OB), PO(VOL), REL ) = no R
goto NEXTOB. X
6. if COLLIDE( PI(0B), PI(VOL), REL ) = yes
return INTERSECTED. n
7. if COLLIDE( OB, PI(VOL), REL ) = yes ﬁ
return INTERSECTED. 5
8. if COLLIDE( OB, PO(VOL), REL ) = no ]
goto NEXTOB. o
else return MAYBE INTERSECTED. :1
fH
COLLIDE(OBJ, CLIPVOL, RELATION) B

If OBJ or CLIPVOL not defined return ignore.
Load clippers with CLIPVOL plane data.
For each primitive P of OBJ
Convert each vertex V of P to F(CLIPVOL) coordinates
by V' = RELATION * V
Clip P’ against CLIPVOL
If any HIT(k] are ON,
clear HIT. return yes.
(No more primitives] return no.

17
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If the routine returns ‘‘maybe,’” a collision may have occurred, but the test
results are not conclusive. Further testing could be implemented by subdividing
the volume between PO(VOL) and PI(VOL) into convex subvolumes, and clipping
OB against them. The subdivision is performed just once, when the model of
VOL is defined. Our implementation, however, does not carry out these second-
level tests.
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