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Abstract

Robots not needing any quantitative models of themselves or of the world and, thus, no
calibration of their sensors, their actuators or their kinematics promise great advantages
over conventional robots in terms of robustness, adaptability and cost of ownership.
Conceptsfor such robots are introduced and results obtained in real -world experiments
are reported. Similarly to infants and young animals, such robots learn relationships
between internal motion control commands on one hand and resulting effects on data
produced by their sensorsthrough interactionswith the world on the other hand. On the
basis of such knowledge they reach goals in the world by controlling their motionsin
such a way that equivalent goals in their internal sensor data space are reached.
Experiments show that object manipulation and an automatic build-up of skill by such
robots has been accomplished.
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1 Introduction

Conventional robots depend heavily on quantitatively
correct models of their own characteristics and of the
relevant parts of their environments. Generating those
models and maintaining their accuracy in an ever-
changing and often unpredictable world isdifficult and
expensive.

Robots depending neither on inbuilt quantitative
models nor on pre-defined numerical values of any
parameter would never need any explicit calibration
and, therefore, promise great advantages in terms of
robustness and cost of ownership. Such robots are

will be included in the term “calibration-free.” Truly
calibration-free robots are robust, not only against
modeling errors, but also against later changes of
parameter values, because they do not use such data.
Self-calibrating robotsan be similarlyabust, if they

do not limit themselves to an initial self-calibration,
but continue to determine the actual values of the
relevant parameters during their normal operation.

Self-calibration is a kind of learning. To adapt to
changes, a self-calibrating robot should never cease to
learn. Also, it should be able to forget or modify pre-
viously acquired knowledge that has become irrelevant
due to changed circumstances.

called “calibration-free.” Some types of quantitative
model knowledge are trivial to provide, such as the
number of motors to be controlled or the number of
sensors used by the robot. If a robot is provided wit
this type of knowledge, but not with any other quant-
itative knowledge, it is still considered calibration-free.

The completely calibration-free robot may be an ideali-
zation, or it may in some cases be so difficult to realize
that a realization is not practicable. However, robots
hat are not calibration-free, but require only a coarse,
approximate, and easy-to-perform calibration provide
similar advantages as calibration-free robots in terms
In some cases it is difficult to distinguish between trulyof robustness and cost of ownership. Therefore, they
calibration-free robots and self-calibrating ones. Whileare of practical interest, too, and their design may be
truly calibration-free robots do not use any quantitativebased on largely the same concepts as those used for
model knowledge, self-calibrating ones use somecalibration-free robots. An example of a coarsely
guantitative model knowledge, but they acquire thecalibrated robot would be a vision-guided vehicle with
necessary knowledge automatically, either during aa forward-looking camera where the actual orientation
distinct calibration phase or as a side effect of theirof the camera is allowed to deviate by, say, 20 degrees
normal operation. In the sequel self-calibrating robotsin any direction from its assumed ideal orientation.

*
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Concepts for the redlization of vision- o
guided calibration-free robots will be ;
presented in the sequel and an
introduction into some related
problems will be given. Among the
problems that will be discussed are:

camera a

» Manipulation: How can a robot
manipulate objects without inbuilt
knowledge of its optica and
kinematic parameters?

gripper
]

o

camera gripper
——

object

camera b

» Knowledge representation and
learning: How can arobot learn by Figure 1: Figure2:
doing? What should be learned? ~ Manipulator robot consisting of an articulated arm  Schematic diagram of the
How should it be represented? (5 degrees of freedom) with a two-finger gripper  articulated arm and the

How can the leaming speed be and a stereo vision system. camera arrangement.
optimized? How should forgetting etc.) to be known with
and relearning be organized in the interest of an great accuracy. The stereo evaluation would then
adaptation to changing situations? deliver the location of the object to be grasped relative

to some coordinate system that is defined by the
orientations and locations of the cameras. As an alter-
native, a carefully aligned projector illuminating the

scene with a specific light pattern could be used in
combination with one or two cameras. In both cases
the coordinates of the object in a ground-based
coordinate system would then be determined by an
2 Robot Control appropriate coordinate transformation critically de-

2.1 An Example: Object Manipulation pending on a substantial number of parameters.

Although not all of these questions can be answered
yet, some solutions will be presented and results of
real-world experiments with calibration-free robots
will be reported.

Finally, the joints of the robot would be controlled in
such a way as to move the gripper to that point in the
ground-based coordinate system which was determined
to coincide with the location of the object. This control
implies a coordinate transformation (inverse kinematic
transformation) between the ground-based coordinate
system and the joint angles, which requires accurate
knowledge of the robot’s dimensions, kinematics, joint
angles and control characteristics.

A manipulator arm equipped with a pair of video
cameras and performing object manipulation may
serveasan exampleof acalibration-freerobot (Figures

1 and 2). The manipulation task studied is simple, but
characteristic: An object that isplaced at someinitially
unknown location in the robot’'s work space is to be
grasped and picked up by the robot’s 2-finger gripper
To simplify the explanation of the calibration-free ap-
proach, it will be assumed initially that the objects to
be manipulated are of rotational symmetry (e.g., cylin-
ders or spheres) with a vertical axis. Only 3 of the
robot's 5 degrees of freedom (J8t, and J) need
then to be considered;, Jhay be controlled in such a The main advantage of model-based control is that it
way as to always keep the gripper in a verticallends itself to the application of classical control theory
orientation, and the rotation of the gripper around itsand, thus, may be considered a conventional and well-
vertical axis () is irrelevant due to the rotational understood approach.

symmetry of the object.

Advantage

Shortcomings
2.2 The Traditional Model-Based

The control of vision-guided manipulators according to
Approach J P g

the traditional model-based approach depends critically
on an accurate calibration of the camera parameters
and the arm kinematics. Model-based control breaks
A classical approach for controlling such a robotdown when there is no accurate quantitative agreement
would evaluate the camera images according to thbetween reality and the models. Differences between
well-known methods for stereo evaluation (a kind ofreality and models may come about easily; an error in
inverse perspective transformation). This transform-one of the many coefficients that are part of the

ation requires all internal and external camera parameiumerical models may be sufficient for causing a

ters (location, orientation, focal length, principal point, failure of the robot. Among the many possible causes

Concept
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for discrepancies areinitial calibration errors, aging of
components, changes of environmental conditions,
such as temperature, humidity, electromagnetic fields
or illumination, maintenance work and replacement of
components, to mention only a few. Conseguently,
robots depending on model -based control usually work
only in carefully controlled environments and need
frequent recalibrations, in addition to a cumbersome
and expensive initial calibration.

2.3 Calibration-Free Robot Control
Concept

To overcome the shortcomings of model-based robot
control many researchers have striven to develop robot
control concepts that avoid, or at least reduce, the
necessity of modeling and calibration. [ Cooperstock,
Milios 1993] use a set of neura networks to realize a
robot able, after atraining phase, to approach an object
and grasp it without requiring a calibration. [Yoshimi,
Allen 1994] use an uncalibrated camera system to
perform a peg-in-hole task utilizing rotational invari-
ance in a specific setup. [Hollinghurst, Cipolla 1994]
avoid using an exact camera model by performing a
self-calibration at four known positions. Doing this,
they can handle calibration errors of the cameras as
well as linear modeling errors of the manipulator.

In the sequel a method introduced by [Graefe 1995]
will be described. It was devel oped independently of a
similar work by [Conkie, Chongstitvatana 1990]; it
differsfrom that work by using the motor control word
spaceinstead of thejoint space, thus avoiding the need
of calibrating the joints. In contrast to [Cooperstock,
Milios 1993] it does not require any initial training of
the robot.

A key point of the method introduced by [Graefe
1995] is the way how the robot and the world are
modeled (Figure 3). The robot controller models

everything outside itself as one “black box” of

Graefe: Calibration-Free Robots

black box
sensor robot
data SeNnsors fy|
robot robot || . [external
controller structure world
control T
commands actuators I
Figure3

The controller of acalibration-free robot and its model of the
world and of the robot; the internal structure of the “black
box” is unknown to the robot controller.

between control commands on one hand, and resulting
sensor data, or changes in sensor data, on the other
hand. It may acquire such knowledge either by being
programmed accordingly, or by learning.

When we humans assign a task t@laot we tend to
define a goal in terms of a desired state of the world,
e.g., a box being placed on a pallet, or an object being
grasped by the robot. For the controller of a
calibration-free robot such task descriptions or goals
are meaningless. It understands as goals to be achieved
certain combinations of sensor data, and in pursuing
such goals it will issue control commands intended to
bring the desired sensor data about. Taking a grasping
operation as an example, some sensor data may, in
human terms, reflect the locations and orientations of
the object and the gripper. The robot could then
accomplish the grasping by first making the sensor
data relating to the locations and orientations of the
open gripper and the object identical, then sending a
control command that causes the gripper to close, and
finally evaluate sensor data that reflect the degree of
success of the grasping operation, if such data are
available.

unknown internal structure. The black box includes the

entire external world, but also the sensors, actuator$he robot control method introduced by [Graefe 1995]
and other components of the robot. The robotis based on such concepts. It eliminates the need for a
controller can send control commands to that blackcalibration of the robot and of the vision system, it uses
box and receives sensor data from it. We humans knowo world coordinates, and it comprises an automatic
that control commands cause the robot’s actuators tadaptation to changing parameters. It is based on the
move, and the state of the robot and of objects in thatilization of laws of projective geometry that always
world to change, and that the sensor data have sonapply, regardless of camera characteristics, on machine
meaning and reflect the state of objects in the worldlearning for the acquisition of knowledge concerning

The robot controlledoes noknow any such things.

the relationships between control commands and

All it knows is that some sensor data will changesubsequent changes in sensor data, and on a direct
(actually, due to independent motions of externaltransition from visual input information to control
objects, but from the robot's point of view seemingly atcommands (without any models of the robot and the
random) even if the controller does not send anyexternal world, as indicated in Figure 3). Different
control commands, other sensor data will change in gorms of learning and knowledge representation have
more or less systematic, and thus predictable, way asteeen studied in connection with this method, allowing
consequence of the control commands the controlleeither the rapid adaptation to changes of the system
issued. Its world model consists of a set of associations
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parameters or the gradual improvement of skills by an » the exact viewing directions and the internal
accumulation of knowledge. parameters of the cameras
(except that both cameralsosild have the actual

The learning concept that we have implemented for work space of the robot in their fields of view)

calibration-free grasping has been inspired by nature.
While the robot watches its end effector with its » the dimensions, kinematics and joint angles of the
cameras, like a playing infant watches his hands with robot

hiseyes, it executes “test motions” by sending more or  (except that, for practical reasons, we presently
less arbitrary control commands to its motors. By  assume that the robot is of the articulated arm type,
observing the resulting changes in the camera images and that the general type of the gripper and the
it “learns” the relationships between such changes in  number of degrees of freedom of the system are
the images and the control commands that caused known)

them. After having executed test motions in a variety,
of configurations the robot is able to move its end

effector to any position in the camera images that
corresponds to a physically reachable position in the
world. If, in addition to the end effector, an object is

the quantitative relationships between the control
words sent to the motor controllers and the
resulting motions

(except that these relationships are assumed to be

visible in the images, the end effector can kmught SMOOtH’).
to the object in both camera images and, thus, in the
real world. Shortcomings

Based on this concept a robot can grasp object¥he concept as such has no known shortcomings.
without any knowledge of its kinematics or its cameraHowever, in the present implementation it is still
parameters. In contrast to other approaches withecessary to execute test motions in addition to the
similar goals, but based on neural nets, no training iactually desired motions of the robot, which slows
needed before the manipulation may start. down the operation. Also, some problems related to the
é'nitialization of the robot when it is switched on, and to
he optimization of learning and knowledge represen-
ation have not been fully solved, yet.

It should be possible to have the robot learn th
relationships between motor control commands an
resulting image motions by having it observe its own
motions during its ordinary operation, instead of
having it execute specific test motions. This would

lead to a faster operation, but it has not been tested yet. 3 Realization
3.1 Experimental Setup
Advantages We have implemented the concept on a robot consist-
In sharp contrast to the classical approach, ours rdDg of an articulated arm (Mitsubishi Movemaster RV-
quires no knowledge regarding: M2) with 5 degrees of freedom, corresponding to the 5
) joints, Ji to Jt (Figures 1 and 2), and a stereo vision
> the exact locations of the cameras system as the only sensor. The cameras have been at-

(except that the cameras should be located at Somgched to the robot on metal rods at the first link, so
distance from the work plane of the robot, prefer-that they rotate around the (vertical) axis ptdgether
ably in an opposite arrangement) with the arm. They are mounted in a rather unstable
way to make the impossibility of any calibration or
precise adjustment obvious, and to allow easy random
modifications of the camera arrangement. Figure 4

DSP Network Sensors s
< shows the setup used for our experiments.
Image processing [€ E‘ In the context of this particular work, we are only
_ ~and cameras interested in the problem of robot control without
< Motion control - model knowledge, not in grasping strategies, collision

avoidance or complex vision problems. Therefore, we

A : have structured the environment for our experiments in
: such a way that both the gripper and the object are
Host - PC v easy to locate in the images, and that the object is easy
Communication [€ = to grasp by a gripper approaching it from above
Human interface|¢ 5| Drive ) without any risk of collisions with the table or other
Mass storage unit Arm objects. For the purpose of describing the concept of
Figure4 our approach we model both the gripper and the object

The experimental setup, including the arm, the host computer as visible points. 'I_'he robot’s vision §yst§m recqgnizes
and the DSP network for stereo vision and mation control and tracks the gripper and the object in the images,
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assigns reference points to them, and continuously X, d, Xy d,
delivers the image coordinates of both points in the Y[ = — Yo [ =
images of both cameras (Figure 5). The grasping may * Pariper
be considered to have been accomplished when the
two points, gripper and object, coincide in the red
world. Regardless of any camera characteristics, thisis ® Pobjoct
the case if, and only if, they coincide in the images of
both cameras. The rendezvous between the gripper and
the object may, therefore, be brought about by any

° pgrlpper
d,

o Pobject

Figure5
The gripper and the object (modeled as points) in the

sequence of robot motions that makes the two points images of two cameras, a (left) and b (right)
coincide in the images(!) of both cameras simultane-
oudly. Jt, or J; move (the work plane of the robot). The task

of picking up an object may, therefore, be decomposed
into two subtasks: a rotation of the robot around its

object to be picked up, and a motion of the gripper

In implementing the concept we made the following within the work plane.

assumptions: . - :
P The control for the motion within the work plane will

> The robot's gripper and the object to be graspedbe described first. Let us assume for the moment that
are visible for both cameras; the vision systemthe work plane already coincides with the object. The
recognizes them and delivers continuously theirtask is then to modify the angles of the joints afid
image coordinates in both camera images. Jt, (Figure 1), in such a way that the gripper coincides

»  The internal and external camera parameters (optiith the object. The image from either one of the

cal characteristics, locations, and viewing direct-C@meras may be used for accomplishing this goal. Let
ions) are unknown us assume, as an example, that the camera, a, is being

used. It performs a one-to-one mapping between an
» The motions of the cameras are unknown. Thearea of the robot’s work plane and the camera’s image
cameras may either be at rest (located somewhergiane. The images of the object and of the gripper
outside the robot), or they may move together withcoincide if, and only if, the object and the gripper are
some part of the robot (not necessarily the endat the same location. To grasp the object it is,
effector); they do not move independently, andtherefore, sufficient to make the image coordinates of
they do not move relative to each other. the gripper identical to the image coordinates of the
Lobject. (It is a key point of the calibration-free ap-
proach that we are concerned only with the robot-
internal image data, but not with any quantitative
» The robot's motions are controlled by numerical relationships between those image data and the states
control words, one for each motor. The functional of external objects.)

dependencies of world coordinates of the gripper . . . - .
on control words are unknown. Also. the func- [N @ calibration-free robot the gain coefficients relating

tional dependencies of image coordinates on world€ magnitudes of motor control words to the resulting
coordinates are unknown, since we do not usé:hanges in the image coordinates of the gripper are

quantitative models. However, we assume that anitially unknown. They may be determined by sending
zero control word causes no nwtj while a control words to both joints to make them execute
control word of small magnitude causes a smaliSmall test motions and observing the resulting changes

motion, and a control word of larger magnitude'n the images. The gain _coefficients r_elating _the 2
causes a larger motion. control words to the resulting changes in both image

coordinates in both camera images form a 2*2
Two implementations were realized: the first one uti-Jacobian matrix. Since this Jacobian relates sensor data
lizing qualitative knowledge of the robot's kinematics directly to motor control words it is called sensor-
treated the rotation of the arm around its vertical axisontrol Jacobian [Graefe, Maryniak 1998]. Having
separately from the motions of the arm jointsadid  determined the elements of the sensor-control Jacob-
Jt, while the second one did not use such knowledggan, it is easy to compute those control words which
and treated all degrees of freedom in a unified way. would make the gripper coincide with the object, if the

system were linear. In reality, due to the non-linearity

of the system and other reasons, executing a motion
The First Implementation according to the computed control words will not bring

To be picked up, an object must be located in thaf’® 9ripper exactly to the object, but at least the
plane in which the gripper moves when the joints, Jt distance between the gripper and the object will be

» The dimensions and joint angles of the robot ar
unknown; there is no kinematic redundancy.
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reduced. Repeating the procedure camera a controlled by a set, or vecta, of
once or twice makes the distance 4\@ numerical control words (one
small enough for grasping the control word for each motor) that is
object. 0, 0, . sent to the actuators.

Up to this point it has been as- _7;!: & e If d =(d,, d,, d;, d,)" (Figure 5) is
sumed that the object was initially | Jo) ,/’o‘\ / the vector of image distances
located in the work plane. axis : between the gripper and the object
Therefore, only one of the two ” camerab  work plane in all dimensions used @ndy in
cameras was necessary, and it did Figure6 both images), then the task of mak-

. Disparity of apparent object locations, O, . : .
not matter which one of them was and O, corresponding to an object. O, ing the gripper rendezvous with the

actually used. Their images, and ) iside of the robot's work plane object is equivalent to the task of
the sensor-control Jacobians, are makingd vanish.

different, but the control words . . . -
computed in step 1 of the rendezvous procedure above It Jis the sensor—contrql J'apobla_n matrix containing
.the partial derivatives of individual image distancks,

are the same, regardless of which camera’s image is N
) . n control words,c,, a control word vectorc®,

used. The reason is that there is only one correciamisr in

motion of the gripper in the world and, thus, only one ying

correct set of control words. d=J-¢ (1

Now let us assume that the object is not located in th@,ouid make d equal to O if the system were linear.
work plane. In this case, the angle of joinf dtust be  Because of the non-linearity of the (unknown) function
modified. Whether such a situation exists, may bepetween control commands and image distance, out-
determined by computing the control words accordingytting ¢ will generally not make d become zero.
to step 1 of the rendezvous procedure once each witQowever, it will decrease its magnituae, and iterating
the image from each camera, without executing &he process will finally lead to a sufficiently small
motion. In the rendezvous procedure it is assumegmage distance vector, d, such that the grasping task is

implicitly that any object seen is located in the robot’sbeing accomplished (for more details see [Graefe,
work plane. If actually the object is not located in thearyniak 1998]).

work plane, the two cameras will see the object at ] ] )
different locations in the work plane, as Figure 6Oneproblemwiththismethodisthat thereare4 sensor

shows, and consequently the two sets of control word§ataand, thus, 4 equations for computing the 3 control
will be different. Controlling the joints, Jand J;, ~ Words forming the control word vector, c°. Conse-
based on the image of the camera, a, would, thereforguently, the system of equations, (1), is over-
generate a motion of the gripper toward, Ghe determined. Thls_pr'oblem may be solvgd in various
projection of O onto the work plane as seen by theV&s, €., by omitting one of the equations [Graefe,
camera, a. Similarly, basing the motion control on théViaryniak 1998], by atransformation from the original
image of the other camera, b, will cause a motion oft-D sensor dataspaceinto a3-D dataspace [Maryniak,
the gripper toward © The two sets of motion control Graefe 1998], or by utilizing the redundancy inherent
words will be identical if, and only if, O is located in N the over-determined system for improving the
the work plane, because only then wil, @,, and O robustness of the robot control [Maryniak, Graefe

be at the same location. 1999].

If the two sets of control words computed on the basis )
of the two images are different, the angle of the first3.3 Experimental Results

joint, Jy, should be modified by issuing a suitable Both methods were successful in enabling the robot to
control word. The correct sign and magnitude of the

) .~ " ~grasp objects, although no knowledge regarding the
cqr;trc;l w%r_d which I;nalées the_ w((j)rfk pIanhe (()j(?thldG optical or kinematic parameters of the robot, or of the
with the object may be determined from the diSparity, oiqns of the objects, was used. Even arbitrary rota-

between the two sets of cqntrol words for the joinjs, ‘]ttionsof the cameras were tolerated while the robot was
and .‘]5’ co_mputed from the Images of the two CE"merasoperar[i ng. Key to this unusual robustnessis the renun-
An lterative method similar to the one used for ciation of quantitative model knowledge (i.e., camera
controlling Jj and Jy may be used for this. model and kinematic model of the arm) and the direct

transition from image coordinates to motor control
The Second Implementation commands, without using any inverse perspective or

. . . . kinematic transformations.
The second implementation differs from the first one

by treating all degrees of freedom in the same wayJhe gripper approached the object in a series of steps
without using any knowledge of the robot’s kinemat- With some test motions in-between (“look-think-move”
ics. We assume that the motion of the robot is
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approach). The grasping process
was, therefore, relatively slow
(about 50 s).

are either lying flat on a table or
standing upright, the gripper's
axis may be vertical, and a
rotation of the gripper around;Jt
is sufficient for obtaining a

3.4 Discussion suitable orientation of the gripper.

The correct orientation of the
gripper may be reached by first
bringing the gripper to a location
where it is near the object in the
camera images. Then it is rotated
until the edges of the gripper are
parallel to the main axis of the
object in the image. Since the

The viability of the concept and
of both implementations was
demonstrated. In one respect,
however, the robot is not
completely calibration-free. To
avoid the risk of the gripper
colliding with the object during
the approach, the gripper actually

. . Figure7 . .. - - .
approaches an intermediate  Opjectsthat could be manipulated gripper is in a vertical orientation,
position, a few cm above the and since the main axis of the
object, before finally grasping it. object to be grasped is either

In our implementation this has been realized by  vertical or horizontal, this will occur simultaneously in
implicitly using the knowledge that the y-coordinates ~ both images. Even if the edge of the gripper is exactly
in the images (Figure 5) correspond approximately to parallel to the object axis in the images, due to
“down” in the world, and that an offset of a certain perspective distortion this does not mean that they are
number of pixels in the vertical image coordinates oféxactly parallel in the world, too. However, if the
the object corresponds to a suitable distance in th@bject is near the gripper, the angle difference is small
world between the intermediate position and theenough to allow the object to be grasped.

object. Consequently, a rotation of a camera by mor?

than about 20 ° around its optical axis or a change o enerally cannot be grasped by a robot with only 5
the focal length by more than about 50% might not beyegrees” of freedom. We are currently investigating

tolerable. In these respects the robot may be consideredain special cases where objects as shown in Figure
coarsely calibrated. If the intermediate position had, may be grasped in an almost arbitrary orientation by

been defined as, say, “one gripper diameter away frorg ¢ |ipration-free robot with 5 degrees of freedom.
the object in the direction of the gripper’s axis” the

robot could be considered calibration-free in this
respect. However, this has not been implemented yet.

bjects of arbitrary shape in arbitrary orientations

4 Learning
In both implementations described the gripper is

controlled in such a way that its axis always remaing.1 Concept
approximately vertical. One reason for this is that AP0 a calibration

proaching the object from above and with a verticaIIyShOWn in Figure 3, learning means that the robot con-

prlented gripper minimizes the risk of collisions, for troller learns relationships between control commands
mgtanc,e ' W'?h the_ tab[e ’ Although the accuracy of theand subsequent sensor data changes, for instance in the
gripper’s orientation is not critical, the attempt to form of the location-dependent sensor-control Jacob-
maintain gspecific orientati(_)n of the gr_ipper relative Oan. In the implementations described above, the
the' gravity vector c_joes imply a k'm'd of coarse relationships between control commands and the
cal|brat|on_. Avoiding it seems to be difficult, though. resulting motions of features in the camera images that
Propgbly it would require the robot to have SOME,vere learned before each motion step by executing test
addmongl gepera! knowledge of the world, of_p_re- motions were forgotten immediately after the motion
ferred' dlrectlon§ in it, and of ways for recognizing step. This made the system completely insensitive to
them in camera images. parameter changes between motion steps, but it also
prevented the robot from accumulating experiences
and thereby improving its skills over time.

-free robot according to the concept

3.5 Additional Degrees of Freedom _
o o ) [Xie et al. 1997] have presented a method for knowl-
While in the initial implementations of the concept ggge representation that allows a robot to remember
only objects of rotational symmetry could be handled,ynich control word vectors cause the gripper to move
the first implementation was augmented by [Nguyeny, specific locations in the camera images. Once the
1997] to allow a greater variety of objects to be maniopot has moved the gripper to a specific location, it
pulated (Figure 7 shows examples). To grasp suchan then move it to the same location again later in a
objects, the gripper must not only be in the rightgjngle step without performing test motions. If the
position, but also in the right orientation. If the ObJeCthripper is to be moved not to exactly the same location
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as before, but to a point in a neighborhood of corrected data will be entered into the records
previously reached points, suitable control wordsfora  belonging to the corner points of the cell.

one-step motion may be estimated by interpolation. If

execution of the interpolated control word vector fails

to move the gripper to the desired location with 4.3 Experimental Results and Discussion
sufficient accuracy, thelocal sensor-control Jacobianis

determined by test motions, and on this basis the goal [Xie et al. 1997] have shown, that it is, indeed,
is reached. possible to realize permanent learning and an auto-

' _ _ matic skill improvement (“learning by doing”) by this
Whenever a grasping experiment is performed a a  method. With each experiment the motions of the
“new” location within the robot's work space, the robot become faster and smoother, and after a few suc-

control words belonging to that location are added tacessful grasps the time required for grasping an object
the knowledge base. As a consequence, the robotigduces to only a few seconds.
knowledge becomes more comprehensive, and the

operation of the robot gets faster as more graspin%'aCh'ne learning |sdoften asscl)mated wgr neural nets.
experiments are performed. owever, compared to neural nets, tables as we use

them have several advantages:

» |tis obvious what has been learned.

4.2 Implementation - :
P » No training phase is necessary; the robot can start

The 4-D sensor data space (2 coordinates in each of 2 working and learning even with an empty knowl-
images, 512points altogether) is divided (arbitrarily) edge base.

into 8 cells (hypercubes) of 64points each. The
knowledge base is realized as a table allowing for 9
(= 6561) records, corresponding to tHec®rners of
those cells. (It does not matter that some of the corner
points do not correspond to physically reachable points
in the world.) Each record belonging to a specific> During the operation of the robot table entries may
corner point in the 4-D image space may contain as continuously be independently updated to average
data that control word vector which, when executed, out measurement noise or to adapt to changes in
makes the image of the gripper move to that point. the world (another form of incremental learning).

Adding knowledge for additional locations to the
knowledge base does not interfere with the
existing knowledge (the so-called incremental
learning is realized without any special effort).

Initially the knowledge base contains no data, and thé&calability could be a problem with this approach. If
motion of the gripper is controlled by executing testwe included the direction of the main axis of the object
motions according to the method described aboveto be grasped in the images of both cameras in our
When the gripper has reached its destination, theensor data space, we would need a 6-D table with
control words corresponding to that location areabout 9 (=531,441) entries. It would probably take an
assigned to all 16 corner points of the cell containingunreasonable amount of time, before a substantial part
the goal point. of such a large table would be filled with data by
learning and before a skill improvement could be

If later the gripper IS _to be moved to a point within a bserved. We are, therefore, experimenting with other
cell that has been visited before, the records for all 1 ; .
orms of knowledge representation, for instance, a

comers o e el contan et In = cese o “Lompinaon of nahicl 10 or 2. taies for e
. ; individual degrees of freedom of the robot.

control word vectors belonging to the corner points of

the cell. If the resulting motion brings the gripper to Distributing the support points (the corners of the

the desired location, we are finished. If not, a cor-hypercubes) equally over the sensor data space is

rective motion is executed according to one of theprobably not the best possible approach. It may be

methods described above, and corrections are applidaetter to let the system automatically assign support

to the data records belonging to the corner points opoints in an irregular pattern where they are actually

the cell. The magnitude of the corrections applied toneeded.

the control word vector belonging to a corner point

depends on the distance between the corner point and

the gripper location (for details see [Xie et al. 1997]). 5 Conclusions and Outlook

If the gripper is to be moved into a cell that has Nt jipration-free vision-guided robots requiring no
been visited before, records for some of the corneg antitative knowledge about their sensors and their
points of that cell will contain no data. In this case theyjnematics can be realized. In contrast to conventional
motion is performed according to one of the testohats they do not perform any operations that depend
motion-based methods described above, and new Qfitically on substantial numbers of hard-to-determine

parameters, such as inverse perspective or inverse
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kinematic transforms. Instead, they use direct
transformati ons between sensor data (e.g., image coor-
dinates) and motor control words. The parameters
describing thetransformationsareinitially learned, and
then continuously updated, by the robot during its
interactions with the world.

Although calibration-free robots do not make explicit
references to the real world, they can, nevertheless,
reach user-defined goal states in the real world. They
doit by approaching equivalent goal statesintheir sen-
sor data space. Grasping is an example: the user wants
the robot to grasp an object. The robot performs this
task without reference to world coordinates or other
entities in the world. Instead, it moves its arm in such
away that theimage coordinates of the gripper become
identical to the image coordinates of the object, and
then closes the gripper.

By renouncing the utilization of world coordinates and
by not attempting to model quantitatively the robot, the
world, and the interactions between the robot and the
externa world, calibration-free robots achieve a high
degree of robustness and adaptability. These character-
istics will be especially useful for future service and

Graefe: Calibration-Free Robots

Significant advantages stand to be gained by a wide-
spread tilization of calibration-free robots. They cer-
tainly justify some effort to develop this concept
further and to solve the remaining open questions
related to it.
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