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Conventional robot systems operate slowly and
methodically, often playing back a pretaught sequence
ofpositions. To investigate the construction offast,
intelligent robot systems, we have built a robot ping­
pong player. We will examine the techniques required
to cope with a dynamic environment, from the vision
system to the robot's low-level control algorithms. We
also describe an "expert controller," which executes
loosely specified strategies in real time in spiteofcon­
straints imposed by the robot and by task geometry.
Introduction

Robots can be designed for many tasks. How well a robot per­
forms a taskdetermines how cost-effective it is. Surprisingly, the
computers currently usedto control robots limit performance. Without
accurate data, the controller must adopt excessively conservative esti­
mates ofthe manipulator's performance when planning a motion. We
can increase a robot system's speed and functionality byincreasing the
controller's knowledge ofthe manipulator's physical capabilities and by
providing effective ways to use thisinformation. We created the robot
ping-pong experiment to investigate how to build robot systems thatcan
display reasonably intelligent performance-enhancing behavior.

Themost intelligent AI (artificial intelligence) programs can .
exhibit symbolic reasoning butare tooslow to respond inthe robot's
dynamic environment. Speed is notthe only issue, however, because AI
systems concentrate onsymbols to the exclusion ofnumbers; we need
numbers to runrobots. Robot controllers use directly coded numeric
algorithms to attain the speed required to drive the robot; consequently,
they donotdisplay veryinteresting or complex behavior patterns.

We propose anintermediate level between the AI system and
the robot controller, which we have dubbed anexpert controller. The
expertcontroller can do numeric and simple symbolic processing at the
rates required for the robot's operation, while, hopefully, emulating the
skilled behavior patterns ofanathlete or assembly-line worker.

We use robot ping-pong as anexperimental subject (Panel 1)
because it is a stable, well-defined problem with many degrees of

73



xy

74

AT" 260



Vision

SR
. .. processor

camera......-.. ..

Figure 3. Simplified blockdiagram.Thecameras [long-range
left (LL), long-range right (LR), short-range left (SL), short­
range right (SR)] feed the vision processors, EyeO and Eye1.
Data are sent to the trajectory analyzer, which produces pre­
dictions of the ball's path for the expertcontroller processor.
A kinematics and dynamics slaveprocessor (KID) andtwo
joint servo processors (J1-3, J4-6) drive the robot.

freedom and stringent performance requirements. Robot
ping-pong hasnobest solution; best can only be defined in
terms ofsome arbitrary evaluator. We know only one true
evaluator: who won the point? Given anincoming trajec­
tory, the robot controller must pick a suitable returnthat
satisfies the constraints ofthe robot and the rules ofping­
pong. Because the robot system must actbefore it can
accurately sense, the robot must continually adapt its
motion as additional, more accurate, sensordata arrive. In
essence, the robot usesinternal feedback to improve
motion.

The techniques presented inthispaper apply to
robot systems with redundant degrees offreedom (such as
robots with seven or more joints), with anthropomorphic
hands, or to robot systems onmovable bases. Such sys­
temscontain physical manipulator redundancies; task
redundancies are useful as well. (Ping-pong contains both
types.) We can exploit redundant degrees offreedom to
increase speed and robustness.

Possible applications include combinations oftask
and manipulator redundancies such as:
• Manipulating objects onmoving conveyor belts.
• Interacting with devices thathave a fixed time cycle

(machine tending).
• Scheduling multirobot systems.

• Conventional applications inwhich performance is at a
premium.

Constructing a real-time intelligent system
requires attention to every component's design, notjust
the expert controller. Accordingly, we have divided the
paper into four major sections. First, we will describe the
ping-pong player's system engineering. Theremaining sec­
tions trace a single stroke from the vision system through
the expert controller to the low-level robot controller.

System Design
Thesystem operates ona network ofIntel Corpo­

ration Multibus ™ single-board computers containing
Motorola 68020 microprocessors. They can communicate
with high bandwidth and low latency across the SlNet, a
local area network developed at AT&T Bell Laboratories. 1

(See Figure 3.) TheMeglos multiprocessing and multitask­
ing operating system, also developed at Bell Laboratories,
supports real-time programming. 2

There are two subsystems essential notonly to
the robot ping-pong player, butto any other fast, intelligent
robot system as well. These are the clock subsystem, which
enables the system to generate accurately timed motions,
and the data logging subsystem, which we use to debug the
system.

. Achieving Accurate Timing. To get to the right place at
the right time to make a hit, the robot system must recog­
nize and compensate for system latencies. Asensor output
statement such as "the ball is 0.5meters (m) above the
table" is useless, because it is inaccurate soon after it is
generated. Any sensorreading ofa time-varying signal
must be stamped with the time at which it was taken; this
defines the only time at which it has any validity. Sensor
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data may be extrapolated forward in timeto yield predicted
sensor data. The processor canpian its action based on
predicted sensor data. Taking intoaccount processor and
actuator latencies, it canstart the actuator so that the
actuator position will match the predicted sensordataat
the sameinstant.

We mustbe able to measure precisely an event's
timeofoccurrence. Microprocessor systems have timers
that are readable bysoftware (with substantial overhead).
However, an approach that includes software in the mea­
surement pathis guaranteed to be inaccurate (a) because
the processor may execute an arbitrary sequence of
instructions between the event's time ofoccurrence and
the time the software reads the timer, and (b) because
cache misses, refresh, scheduling, andI/O (input/output)
interrupts canoccur.

Oursensors andactuators are distributed across
multiple processors. Thus, weneeda "wall clock," accessi­
ble to all processors at once, to maintain a consistent view
oftimeacross the system. We use a specialized board that
resides ineachprocessor; a specialized clock busconnects
the boards.

Makingthe System Work. To have a fast, intelligent
robot system, wemusthave a way to debug it. Techniques
that add print statementsor set breakpoints are impossible
to use inreal-time systems because theyeither slow it
down or bring it to a complete halt.

The only fast way oflogging a program's data is to
store it in main memory (large buffers are currently possi­
ble). The log canbe analyzed online bylearning programs,
or writtento disk for permanent storage andanalysis by
humans or programs.

The pr i nt log routine emulates the UNIX® sys­
temp r i nt f subroutine call, butwrites the datato the log
instead ofthe UNIX I/O system. Pr i nt log execution
times range from 50-100 microseconds (us), depending on
theamount ofdatastored. Onaverage, wegenerate 90kil­
obytes (Kbyte) ofdataina several-second volley.

The rtd program serves as the interface
between the real-time system andthe human controller.
The user may request logged entries to be displayed or
plotted, or alter parameters in running programs with a
remote procedure call (RPC) facility.

We will use dataandplots extracted from the data

logging system throughout the remainder ofthe paperto
show how the system performs.

Vision System
Processing begins in the vision system, which

mustpredict the exactfuture trajectory ofthe ball through
four-dimensional (4-D) space-time at 60 Hz. First, we
extractthe ball's 2-D position inseveral images, combine
the 2-D positions using stereo to find the 3-D position,
thenprocess the 3-D position sequence to find the
trajectory.

ImageTransduction. Black-and-white video cameras
convert the optical image to an electrical video signal. An
analog-to-digital converter digitizes the analog video signal
to eight bitsofgray-scale. We use four cameras to achieve
a large field ofview; these serve as a shod-range anda
long-range stereo pair (Figure 3).

Unlike past experience in computer vision, a
model of the camera's dynamic characteristics mustbe
used to obtain accurate data. Images viewed bythe
television cameras varyrapidly withtime. We need to
understand whatthe camera will output as a function of
the scene, so that wecandefine a self-consistent object
position andtime.

Television cameras constructed withvidicon (vac­
uum) tubes have a decay function suchthat the output at
any timemight be affected bya bright image many frames
ago (an effect similar to the persistence of CRT displays).
Each point of the image is sampled at a different timeas
the beam sweeps over it, so that a vertical bar moving hor­
izontally results ina picture ofa diagonal bar.

CCD (charge-coupled device) cameras operate as
pipelined devices, integrating oneimage while reading out
the previous one. Every pixel is integrated over the same
finite time interval, so the bar staysvertical.

We usea third camera, anMOS (metal-oxide semi­
conductor) camera, which resets eachpixel asitis being read
out. Thestart ofthe (finite) sampling interval isdifferent for
each pixel. MOS cameras produce adiagonal barimage.

ImageProcessing. Conventional image processing
systems either (a) convert the image to binary, thenstore
a run-length-coded image, or (b) directly store the gray­
scale data. However, to keep the system running at 60Hz,
wemustprocess the dataas theyare generated.



pixelout = max (pixelin - threshold, 0) (1)

To separate the ball from the background image,
we use gray-scale thresholding (implemented bya look-up
table):

The ping-pong player's environmental design ensures that
any nonzero pixel is part of the ball.

We locate the ball using moments, as found in
physics and statistics:

where i ranges over the x axis andj ranges over they axis;
ai j is the gray-scale intensity of thatpixel.

, Acustom-integrated circuit performs the moment
calculations in real time. The chips reside ona circuit
board with support circuits; four ofthese cards plus four
additional copies ofananalog/digital converter card process
data from all four cameras in real time. Thesevideo proc­
essing cards were designed forgeneral application to
robotic and inspection tasks, notjust for ping-pong. They
can determine the position, size, and orientation ofan
object.

Once the moments have beenobtained, we can
correctfor several effects that occur earlier in the process.
We compensate forlens distortions with a technique that
analyzes the residual errors from the calibration of the
camera's location in the workspace. (We watch a light at
each ofa large number ofknown locations.) This reduces
the short-range cameras' root-mean-square error from 6.3
millimeters to 0.9 millimeters (mm), and the long-range
cameras' from 1.6 mm to 1.1 mm.

Once all the corrections have beenapplied, the
system's nominal staticaccuracy is approximately 1 mm,
with repeatability better than that.
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Finding the Sampling Time. If wetake the moments of
the smear flashed onto the camera by a single, moving sur­
face patch, we get the average position ofthe patch during
the interval ofobservation. If the patch's velocity remains
constant during the sampling interval, the computed cen­
troid corresponds to the temporal centerofthe frame's
sampling interval. By induction, this result applies to the
ball's entireimage.

Because MOS cameras reset each pixel as it is
being read, each pixel's sampling interval is different. At
3.0 meters per second (m!s), the 16-millisecond (ms) dif­
ference inthe sampling interval between the top and
bottom ofthe image causes a 5-centimeter (em) shift in
the ball's apparent position. The effect is especially notice­
able when the ball jumps from the bottom ofthe long-range
stereopair to the topofthe short-range pair. The sampling
time can be computed from the ball's y coordinate.

Three-Dimensional Trajectory Analysis. Unlike vision
resear-ch with general scenes, wedo nothave to worry
about finding the correspondence between features inthe
leftversus right camera images, because wetrack only
one object. Instead, wehave otherproblems. Stereo view­
ing usually means that we have two observations ofthe
same body at the same position. Because the two cameras'
effective sampling times differ, weviolate this assumption.
Inpractice, bothy values are similar because we have ori­
entedthe cameras predominantly inthe same plane; we
use the average ofthe two y values.

The ball's 3-D location is computed from two 4 by
3 perspective transform matrices using closed-form least
squares. Figure 4 shows the xyz trajectory from the middle
ofa volley. The human opponent hashita reasonably hard
6.1-m!s shotat the robot, which the latterhasreturned.

Theball's trajectory mustbecomputed each
1/60 second (when anew positionbecomes available) and the
trajectoryusedtopredict thefuture path. Theneed for pre­
diction imposes agreatdemand onthetrajectoryfitting proc­
ess.It isnotenough tofitsome high-order polynomial tothe
data. This will track thenoise, and generate grosslyunstable
predictions. We must performanoise reducingfitand use
knowledge ofthetrajectories toperform theextrapolation.

Motion interpretation studies typically assume a
constant velocity; because weneedanaccurate treatment
ofthe motion model, wecan not. Although notdiscussed

(3)
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Figure 4. Trajectory of
incoming volley. The
human hits the first
shotfrom rightto left.
Thehuman's shot is
shown in blue;the
robot's in red.

Figure 5. Prediction
errors. Asabove, the
human's shot is in
blue;the robot's in
red.

here, the trajectory analysis usesquadratic fits, but feeds
forward corrections to compensate for higher-order terms.

Theprediction error data inFigure 5 show the
error ona moving ball. Subsequent to T = 5 s, the ball is
2 m away, and the depth error is predictably higher. The
expert controller receives the time, position, velocity, and
spin at which the ball will cross the robot's endofthe table
(where y = 0).

Real-Time Expert Controller
Thereal-time expertcontroller, the heartofthe

robot ping-pong player, revolves about a small number of
"freevariables" whose values are notdirectly determined
from sensor data. When the ping-pong system's expert
controller receives the first reportofa ball's trajectory, it
must generate initial values for the free variables
induding:



Figure 6. Evaluator for
x hit position. The
Inputto the model Is
thex position, xh, at
which the ball might
be hit. Thecentral
curve, marked with
squares, generates a
figure of meritforthe
position. Theouter
curves, marked with
triangles, Indicate
that the position is
too far to the side,
Including a numeric
severity.

- How farfrom the table to hit the ball
- Where on the paddle to hit the ball
- The ball's returnvelocity
- The robot's configuration.
Having done that, it can compute values for the multitude
ofdetailed variables that ultimately produce anarm
trajectory.

We are concerned herenotwith the detailed
numeric calculations, butwith the process ofcontrolling
the free variables. Many free-variable selections result in
aninfeasible plan, butwe donotknow the constraints until
the free variables are known. Theexpertcontroller must
capture expertknowledge about how to generate feasible
solutions rapidly.

To begin processing, the robot ping-pong player
must choose the position along the ball's trajectory at
which the robot should hit the ball. The hitplane depth
(HPD) defines thislocation bythey-axis value ofthe point
ofcontact. We consider threepossible HPDs, correspond­
ing to "upclose," "nominal," and "farback."

We evaluate each possible HPD by:
- The time until the ball arrives there
- Its descent rate
- How hard the position is to reach.
Aspecial data structure, called a model, contains the eval­
uating data. Amodel is a generalized look-up table that can
return different output types. Figure 6 shows anevaluator

for the ball's x position when it is hit. It returns either:

(ok..t.o.ji ; t, figurcofJ1Zerit)
(too_wide, how_far)

Accordingly, the model returns both symbolic and numeric
information. Themodel appears in the program as a C­
language subroutine, although a support program gener­
ates the subroutine from the model's data.

Once each hitplane hasbeenevaluated (pinpoint­
ing infeasible depths), the decide routine makes the
final selection:

hpdno = decide (hpd_count, FOMt,
FOMrate,FOMx,FOMz,FOMreach,OL)

where FOMs are arrays containing the figures ofmerit.
Decide is a generic routine thatforms a figure ofmerit
from the sum ofthe evaluators, thenselects the alterna­
tive with the highest figure ofmerit.

Table I shows aninitial planning decision from the
log system. Column headings show the time at which each
message was logged (in microseconds). Decide has
selected the deepest hit plane (#2) at - 400 mm, largely
onthe basis ofa favorable descent slope evaluation (qt.h).

Asimilar routine, combine, picks values for
continuous variables. Instead ofevaluators, the input to
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Table I. Initial Planning Decision

Variables

Time ball will cross this hit plane (t, sec)

Position at crossing (P, mm)

Velocity at crossing (v, rrun/sec)

Evaluation of:

Timeuntilcrossing (qt)
X at crossing (qx)
Z at crossing (qz)
Ascent/descent angle (qth)
Duration from loss of

visual contactto hit (qcum)

Reachability of this position (qoO)
Reachability of this position (qol)

HPDO evaluation, -100 mm
HPDl evaluation, - 250mm
HPD2 evaluation, - 400mm
BestHPD

combine is possible values for the output variable; com­
bine selects the (possibly weighted) average value.

For example, the returnvelocity must be planned
in thexy plane. Thefirst part ofourstrategy is to hit the
ball directly across from where it is now, butdisplaced
somewhat toward the middle ofthe opposing frame if
the ball would be close to anedge horizontally. We could
do this with two separate rules, butit is faster and easier
to understand ifwe doit with only one model. The
aim_lr-al model (see below) also varies the horizontal
target, aLn.xc, depending onthexyangle ofthe ball.

Mer testing, we discovered thatadditional
semantics were required. If the ball is nearone ofthe
side wires, we must aim at the opposing corner to avoid
running into the side wire at the robot's endofthe table.
To correct this, we modified the aim point to the opposite
corner when the ball is neara side wire (Figure 7), and
additionally, generated a weight (w) thatcauses the oppo­
site-corner aim point to dominate the value determined

Log Time (us)

933671 935016 936360 937029

1335310 1391525 1448597

146.0 139.4 132.9
-100.0 -250.0 -400.0

204.4 267.7 298.3

-117.4 -115.7 -114.0
-2687.8 -2648.8 -2609.6

1421.9 832.1 247.6

0.804 0.883 0.921
0.949 0.943 0.943
0.986 0.873 0.758
0.359 0.529 0.863
0.990 0.967 0.934

-0.153 0.395 -0.265
-0.960 -0.978 -0.998

3.604468
3.801466
3.859097

2

from thexy angle:

w= Aim_lr_xh ( ) ;
Aim_lr_al ( ) ;
aim_xc =combinew

( 2, v , a i.n.Lr.xn , 1. ,aim_lr_al) ;

While creating the initial plan, the system contin­
ually evaluates its quality. Once the returnvelocity has
been chosen, the initial planner simulates the ball's return
flight indetail, using the full aerodynamic model. By
9 L;812 6 in the example excerpted inTable I, the system
determines that the ball's flight will last0.46 s, crossing
the table's farendat x = 176 mm, z= 44mm. The simula­
tion ensures thata valid velocity hasbeenchosen. The
planner stores a description ofthe trajectory as anaid to
laterprocessing.

Theinitial plan need notbe perfect. Subsequent
updating processes will improve the plan's success as new



Figure 7. Horizontal
aim pointvalue. The
model generates an x
position at which to
aim from thex posi­
tionat which the ball
will be hit.

sensordata arrive. It is much easier to solve problems
during temporal updating, when all constraints are visible,
than it is to solve problems during initial planning, when
they are not. To further justify this approach, notice that
the initial sensordata are flawed because notmuch ofthe
ball's trajectory has beenseen. We should notdevote
excessive effort and time (especially in the real-time con­
text) to finding the optimal plan based onincomplete data
(i.e., garbage in, garbage out).

Temporal Updating. Once we have formulated an ini­
tial plan and execution hasbegun, we must update the plan
as additional sensordata become available. Temporal
updating has two objectives:
- To change the plan inresponse to new sensordata
- To provide information about laterstages ofprocessing to

earlier stages, giving abettersolution totheproblem.
For example, ifa particular joint approaches its

maximum torque output, the expertcontroller should
begin to compensate for the problem inadvance.

Thefree variables define the state ofthe system.
We carryfree variables from one plan to the next, modify­
ing them each cycle to improve the plan. Routines called
"tuners" perform the modifications; a tunercontrols one
free variable, or sometimes a small number ofrelated vari­
ables. Although a tuneraffects only one variable, its
decision reflects the state ofthe entiresystem.

One ping-pong tuner, tunealpha, controls the
direction ofthe return inthexyplane via the alp ha free

variable, complementing the aim_xc planner. (The initial
planner converts aim_xc into an alpha value shortly
afterit is generated.) Tunealpha maintains the two ini­
tial planning objectives: (a) that the ball stayaway from the
table's edges, and (b) that the ball avoid the near side wire.

Our models evaluate the current plan by process­
ing data stored when the plan was generated and then
indicating preferred relative changes in the input. The
xfaceval model (Figure 8) evaluates the position at
which the ball crosses the table's far end, proposing a cor­
rection to thatcrossing position. We can encode a time­
varying strategy in the shape ofthe curve without any
additional state, making it simpler and more robust.

The same evaluator can produce several evalua­
tions, conveying symbolic as well as numeric information.
The xfaceval model creates a single bitofsymbolic
information during normal updating, indicating whether a
correction is needed. The bitresides ina Boolean variable,
which we call a note (suspectrrar..x , inthis case). A
small code block proposes the correction to alp ha:

if (visible (suspecLfacx) )
{

wei[nfact] =fabs (criLfacx) ;
val[nfact] =criLfacx /

(2000. -chiLdesc->P.y);
nfact++;

};
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Figure 8. Xfar_eval
model. Themodel pro­
poses a correction to
thex position at
which the ball will
cross the table'sfar
end.
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The symbolic information enables the system to spend
time only onthose conditions thatare necessary at the
time, speeding upexecution.

After a similar code block to avoid the nearwire, a
combine routine makes the final update:

target_alpha += combinewv
( nfact, wei, val) ;

More complicated tuners for the returnvelocity
and robot configuration take into account notjustproblems
in theping-pong task, butin the robot system as well.
These tuners combine the different proposed changes in
the same fashion. The partial derivatives ofthe manipula­
tor's position with respect to the joint angles (the Jacobian)
and the derivative ofthe ball's returnvelocity with respect
to the paddle orientation improve coordination between
the taskand robot domains. We can, for example, adjust
the ball's returnvelocity when the paddle can notbe accel­
erated fastenough.

When designing tuners, we must remember that
we arenotunder any obligation to make a change at all, let
alone an"optimal" correction. The tuner's behavior is
loosely specified; we want to create tuners thatexhibit the
desired effects.

Exception Recovery. In a complex, dynamic environ­
ment, problems occur regularly as new sensordata

demand responses ofwhich the robot is incapable (despite
temporal updating), or as a result ofunexecutable initial
plans. Theexpertcontroller has a centralized exception­
recovery mechanism thatattempts to solve the problem
and returnto the normal taskas rapidly as possible. We
use tuners to determine and execute the correction.

Once theinitial planner or temporal updater has
identified anerror, it invokes thecentralized handler (CEO,
from "chiefexecutive officer," showing adelegation of
authority). (See Figure 9.)TheCEO executes global checks
ontherecovery process. For example, itcan break off proc­
essing tomeetanupcoming deadline such asthecontact
time between ball and paddle. Otherwise, theCEO chooses
aVP (from "vice president") capable ofhandling thatparticu­
larclass ofproblems, using symbolic information about the
problem's classification. Thesoftware module imp Vp han­
dles problems intheball's returnflight.

TheVP must select a tuner to attempt a correc­
tion; the selection isbased onsymbolic information or
model-generated factors. The two most important factors
are that the problem be sensitive to the attempted correc­
tion, and the length oftime required to effect a correction.
The tune alp ha tuneris the only means to prevent the
ball from heading off the table's edge.

The imp VP will call the tuner, thencause the
execution to resume immediately following the generation
ofalpha inthe normal initial planning or temporal updat-



Figure 9. Exception
handling architecture.
Anexception occurs
in Step 5, causing
CEO, VP1, andTuner2
to be invoked in that
order. AfterTuner2 Is
run,VPl adjusts the
notes and doesa
longj mpi control
passes to Step 2.

ing sequence. The overall program organization is such
that the correct point ofexecution may be established sim­
ply byexamining the symbolic notes. TheUNIX set j mp
and 10n9j mp routines erase the subroutine calling
sequence to the toplevel; when execution proceeds, the
program rapidly falls through tests until the right code
block is found (Panel 2).

Once a single exception has taken place, addi­
tional exceptions may occur, especially when the sensor
datachange late ina motion. Additional exceptions may
also result from anexception's cure; with this inmind, we
reevaluate the original exception handling path.

If the same problem hasrecurred, the problem's
severity may be compared to the original value. If the
problem hasbeen mitigated, it is worthwhile to call the
same tuneragain; otherwise, a new strategy should be
selected with that tuner excluded. Aglobal algorithm,
worthwhile, makes this decision, ensuring that the
error recovery process will notresult inaninfinite loop,
even across a collection ofVPs.

Robot Controller
Therobot ping-pong system must operate the

actuator as close to its mechanical capabilities as possible.
Totakeadvantage ofthe robot's performance while still
maintaining accuracy, we must compensate for the robot's

dynamics, which become more significant as the robot's
speed increases. Also, we must be able to predict the
robot's performance to plan the motion.

Trajectory Representation With Polynomials. We must
have a means ofdescribing the trajectory the robot will fol­
low. We plan each joint's trajectory Ul(t), J2(t), J3(t) ... ],
rather than planning trajectories through space [x(t), y(t),
z(t)], because the robot's joints are limited, notits spatial
properties. It is the speed ofthejoints thatlimits the
wrist's total speed. Similarly, the angular range ofthe
joints limit the robot's position, while the torques ofthe
joints limit acceleration.

Polynomials are a natural choice for a motion rep­
resentation because theirproperties are well known, and
closed-form results may often be derived. Asingle poly­
nomial can represent the entire trajectory, so thatthe
trajectory is inherently smooth and easy to evaluate. The
derivatives are easy to compute, and may be represented
in the same form. We use fifth-order, or quintic, polyno­
mials to match the six degrees offreedom (positions,
velocities, and accelerations at the beginning and end of
the motion) required for trajectory planning. By evaluating
the trajectory and its derivatives at a transition time, we
can easily find the initial conditions ofthe next trajectory,
ensuring a smooth transition. The wall clock system sup­
plies the time input to all trajectories.
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Figure 10. Robot con­
trollerarchitecture.
Theexpertcontroller
runs in the processor
at top left. TheKID
processor performs
background kinemat·
ics and dynamics. The
interfaceboards at
the rightcontain the
optical encoder cir­
cuitsand digital-to­
analogconverters.
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Dynamics and Control. Once a trajectory has been
proposed, it must be evaluated to determine ifit can be
successfully executed bythe robot, and thenit must be
executed as accurately as possible. We use the manipulator
dynamics for both tasks.

The torque at a joint ofa manipulator may be
written as: 4

666

t, = 2. Dijaj + 2. 2. DijkVlk
j=l j=l k=l (4)
+Di- Fivi- 5isgn(v)

where Dijare the coupling inertias and Dii includes the
actuator inertia. The acceleration ofjoint j is aj; Dijkare
centripetal and Coriolis terms; vj is the velocity ofjoint j;
Di is the gravitational load onjoint i; F, is the viscous
damping coefficient for joint i; and S, is the intercept ofthe
friction at rest. The function sgn (x) equals:
- +1 forx>O
- 0 for x = 0
- -1 forx<O

We compute the joint inertias, gravity loads, and
some coupling inertias. Atpresent, only the coupling iner­
tias to and from the wristjoints are computed. We do not
feed-forward centripetal and Coriolis effects.

During the planning process, we must establish
whether a proposed trajectory is feasible. That is, can the
actuators cause the robot to follow thistrajectory accu­
rately? The manipulator dynamics can be usedto make
this determination, butthe entire motion must be simu­
lated. Instead, we doa "quasi-worst-case" analysis with
the maximum value ofeach parameter at the beginning and
end ofthe trajectory. (We neglect the coupling torques to
save time.) We are clearly throwing away system perform­
ance by thissimplification, and furthermore, we runthe



Figure 11. Cartesian
velocities during
motion. (Desired tra­
jectory shown in red;
actualtrajectory
shown in black.)
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riskofnotcatching actual limits.
Implementation. Figure 10shows the computing

hardware ofthe robot controller. Thecomputational bur­
den demands multiple processors; the communications
bandwidth requires shared memory. Timing analysis shows
that the processing architecture will be able to handle the
full dynamics, although we have notcompleted it yet.

Theexpertcontroller generates trajectory poly­
nomials (including theirexact starting time and duration)
and queues themfor execution onboth the KID (kinetics
and dynamics) slave processor and the joint servo proces­
sor for thejoint. The KID processor computes the

dynamics feed-forwards at the centerofthe next 26-ms
window; the main processor transports them to the servo
processors so that they may be usedthroughout that cycle.

Our servo control is based ona position-and­
derivative (PD) controller. Thejoint servos execute the
PD routine every 830 I.t.S, computing the feed-forward due
to the friction and acceleration (of thatjoint alone), then
adding the feed-forward for that26-ms cycle.

Analysis of a Hit. Figure 11shows the Cartesian
velocity ofthe paddle's center. The desired trajectory and
the actual trajectory are overlaid. Most ofthevelocity is in
they direction toward the opponent. Thepeak paddle
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acceleration is 2.5 g. At the contact time (3.5 s), the total
position error from all sources was 3 mm [Ioint 6 06) was
0.3° off), while the armwas moving at 1500 mm/s. The
effective timing accuracy was 2 ms. Thevelocity error was
40mm/s (5°/s onjfi), We believe that flexibility inthe
motor-to-joint transmission contributes significantly to
these errors.

Summary
The immediate experimental result ofthis work is

a ping-pong system able to beathuman beings. We have
attained volleys of21 hits by human and machine-a credit
to the performance ofboth. It is too easy to see this per­
formance and forget how and why it was done. The
underlying design techniques should be applied to new
robot system designs.

We described anarchitecture for constructing
complex and robust real-time systems that process contin­
uous streams ofsensordata to solve poorly specified
problems. Our most important lesson is thatwe have to
view short-term taskplanning as an ongoing process, not
something that is done once, thenfollowed by blind plan
execution. Every taskcontains redundant degrees offree­
dom that the controller may exploit. We have to identify
these degrees offreedom, and invest the controller with
the authority to alter them. The continuous self-perception
ofthe robot's motion and the critical evaluation ofthat
motion's quality seemmuch closer to the human experi­
ence than the blind plan/move cycles oftoday's robots.

To ensure aninformed decision, the expertcon­
troller must be supplied with a continuous stream of
external and internal sensordata. Our moment generator
vision system illustrates one viable sensor system applica­
ble to a variety oftasks. Interpreting a dynamic image
sequence is certainly notjust a matterofexamining
enough snapshots. Not only did we have to model the cam­
era's spatial characteristics, including the lenses' distortion
and illumination conditions, butinaddition, we had to
model the cameras' temporal characteristics.

Our low-level robot controller was designed to
predict the robot's own limits, so that the robot could be
operated as close as possible to those limits. We simplified
the robot's dynamics to a form suitable for real-time exe-

cution. As more processor cycles become available, we will
continue to be able to increase the arm's speed and
accuracy.

Asenseoftime pervades ourentiresystem. We
have to view every taskinthe continuous-time domain,
because we live ina continuous-time world. Thewall clock
system was essential for generating and applying temporal
data throughout the system.

Theexpertcontroller enables us to exploit
humanlike heuristics quickly enough for a real-time robot
system. Thesystem fills the gap between the slow sym­
bolic AI systems, and the fast, numeric robot controllers,
much as humans have a range ofprocessing levels from
rational thought to trained reflexes. It leads the way
toward even faster and more intelligent future systems.
For further discussion ofthis system, see Reference 5.

References
1. S. R. Ahuja, "SlNet: A High SpeedInterconnect forMultiple

Computers," IEEE Journal ofSelectedAreas in Communication,
Vol. SAC-I, No.5, November 1983, pp. 751-756.

2. R. D. Gaglianello andH. P. Katseff, "Meglos: AnOperating Sys­
temfora Multiprocessor Environment," Proceedings ofthe Fifth
International Conference onDistributed Computing Systems, May
1985.

3. J. Billingsley, "Machineroe Joins New Title Fight," Practical
Robotics, May/June 1984, pp. 14-16.

4. R. P. Paul, "Robot Manipulators: Mathematics, Programming,
andControl," The MITPress, Cambridge, Massachusetts, 1981.

5. Andersson, R. L., A Robot Ping-Pong Player: Experiment inReal­
time Intelligent Control, The MITPress, Cambridge, Massachu-
setts, 1988. .

(Manuscript received October 27, 1987)

MARCH/APRIL 1988'VOLUME 67' ISSUE 2

AT&T TECHNICAL JOURNAL


