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Abstract

A learning method is presemted which improves the
dynamic accuracy of conventional indusirial robots with
integrated  position control. The method is based on
fecdforward controd being able to follow off-line pro-
arammed (rajectories with high speed and negligible pose
errors, For learning, the robot has io be moved along a
given path. The aleorithm then estimates a simple model.
Ihis moded is wsed to build up a controller which is able
to modify positional commands, thees reducing the posi
tional path ervor from some millimeters to approximately
2.2 mun for a mamec r2 robot, Thic improvement is valid
aleer for other, non-trained trajeciories. Por repetive con-
ol of a single path the ervor will be even less. Measure-
ments of path accuracy are l.'r'u_'..ff('ff pring data of a
fovree targue sensor during tracking a fenenen contour,

1. Introduction

There is a lot of literature about leamning control of
robots, but most papers deal with improvement of the
accuracy of fixed paths by repetitive control (see e g
[2]. 4] or [11]) or with learning to react on sensory
sipnals (see e g [ 3] [5]. or [T]).

()n the contrary this paper treats the case that the robot
is trained only once and should then be able to follow
arbitrary paths with high accuray without any further
learning, This is important for off-line programmed
tasks which take into account the shape of nominal tra-
jectories but normally don’t care about the dynamic
behaviour of the robot which even may differ among
robots of the same type.

In literature this task was dicussed in the past only for
rohots with joint torque interface (see ¢ g. [6] or [ 10]),
often assuming knowledge of an inverse robot model
{see e, g [17). Such an approach in general is not based
on positional control which, however, is standard for
most existing robois. So we developed a method which
easily can be integrated into the normal control system

of industrial robots. Por our tests it was realized as an
external add-on to the robot controller.

As testbed we use an industnal robot manutec 12 (see
Figure 1) with the appropriate SIEMENS robot con-
troller RCM3 which allows to send positional joint
commands every 8 ms and to measure the corresponding
actual values at the same rate.

Lasrnimg S5 stems

Figure 1. Robot with wrist force sensor in starting position
These commands are the input of cascaded joint con
trollers which finally move the links to the commanded
positions, Unfortunately the delays of the resulting tra-
jectanes are different for different joints. This can be
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visualized best by plotting the cartesian projections of a
commanded path and the resulting actual movements,
Figure 2 displays such a sample trajectory, defined hy a
horizontal and a vertical circular movement of the
endeffector without changing the orientation. The start-
ing configuration is shown in Figure 1, The actual path
af the vertical movement is distorted becanse of the high
speed of 500 mm/s, whereas in the horizontal circle
deviations are mainly harmless trailing errors,
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Figure 2. Projection of commanded (desived) and acal

path o the xy-plane

The actual positions in Vigure 2 are computed using the
joint angles measured by the encoders of the motors. So
they do not represent the real joint values. Chap. 4.
ronghly ealeulates the error,

Chap. 2 explains the method for minimization of the
measurable deviations, followed by experimental resulis
in chap. 1.

2. The Learning System

Compensation of path deviations is performed hicrar-
chically in three levels. Virst a coarse model of the robot
is buill {sect. 2,10 Then this model is used 1o modify the
commands of the spvfiﬁcr' p;!lh such that the control
error i minimized (seet. 2.2), Those modifications can

be learned in a feedforward controller being able 1o cor-
rect even untrained paths (sect. 2.5).

I carning is execoted on joint level. Tt turns out that the
joints are different but fairly decoupled. So in this
chapter we may focus on the treatment of single joints.

2.1 ldentification of a Simple Maodel

ldentification of a coarse robot model means leaming
of a mapping between the positional joint commands
1(k) und the measured actual joint positions p(k). The
experiments show that a lincar decoupled mapping is
sulTicient for this task so that different but scalar models
foor the individual joints are appropriate. The approach
lor cach of those models s

L
n

Wk 4 1y = mylk) + Zf, -k —i+ 1) (N

=1

with k and s, denoting the index of the sampling instant
and the number of steps until the first reaction i retum
tora command can be measured, respectively.

A recursive Kalman filter as a sample ol a linear
parameter estimation method determines the estimated
values 2. of the impulse response function. The theore-
tical number of elements of this function is mfinite, but
for asymptotically stable processes it can he cut, Exper-
iments with our rabot vield #, = 7 clements being suffi-
cient when using sampling intervals of 16 ms,

The additional function g,(k) is necessary for the esti-
mation to converge in spite of static differences between
wiky and pik) due to the imited resolution of the meas-
ured values.

To ensure comvergence in case of a4 smooth path it is
firther necessary 1o add some stochastical excitation 10
the comimanded values,

2.2 Learning to Follow a Given 'ath

This model can now be used to madify the positional
commands such that the measured values coincide with
the desired path. The overall structure 15 summarized in
Figure 3.

The lower part shows the on-line exceution of memo-
rized commands. The small blocks lelt Blank collect data
of the whole trajectory allowing off-line learning in the
rest of the figure, So the vectors represent the sealar
aloes at different time mstants.,
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Figure 3.

The optimization procedure determines commands that
are appropriate for the control error ef(k) = wik) — (k)
io vanish. To do so, a system of lincar equations
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has to bhe solved, with the required changes of the
memaorzed commands

Al kY = riy, () — k) (3

as unknowns. Instead, the unknowns can be estimated,
thus enabling the explicit consideration of noise in the
measurements,

This estimation is performed using the inverse Kalman
filter (scc c. g [97). which can be modified 1o reduce the
computing effort to be only proportional to the length
N of the trajectory, This vields essential acceleration of
the optimization, since Nxa,

Tistimation and exceution of the inimﬁl commands can
be repeated  iteratively, until performance does not
improve any more. Convergence can be improved when
the learning parameters of the inverse Kalman filter, as
¢ g the assumed noise on the measured values, are
determined in advance by comparing real data and the
prediction of the model.

2.3 Maodification of Commands for Arbitrary Paths

Maodifications of the commanded path according to the
previous chapter require new learning for every new
path or speed. So a parameterized version is necessary
for on-line modification ol arbitrary frajectories after
initial training.

It proves to be sufficient for this modification to train a
linear feedforward filter using some subsequently desired
positions wik + i) as input.

Fiw

k) = wik) 4 }_:’} ik + oy i) = wik)) (4)

=1

For the experiments in chapt. 3. a, = n, = 7 is used. So
with m, = 3 only 10 predicted steps of the path are nec-
casary, making the approach applicable for on-line path
planning as well,

This kind of feedforward control is superior to any
algorithm implemented in the robot controller, because
additional information about the future path is always
provided and not restricted to simple, in most cases even
lincar moves. On the other side the knowledge of the
future path can be a restriction, especially for sensor
guided movements. This disadvantage can be compen-
sated by using a predictive sensor [ 12] which in combi-
nation with the proposed feedforward control allows to
make fast and accurale sensor controlled movements.
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L earning (upper part) and vsage (lower part) of
feedlforward controller

Figure 4.

The resulting learning and control structure can be
obtained from Figure 3 by replacing the path memory
hlock by Figure 4. Training 15 performed by estimating
the parameters £ of equation (4) according to the target
signals 1, using a recursive Kalman filter as for the
identification in scet. 2.1, So the adaptation of learning
parameters is possible as well,
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1. Experimental Results

Fixperiments with our laboratory setup prove that it is
sufficient 1o execute a slow movement with superposed
stochastical excitation of about 200 sampling sieps {o
get a madel that is accurate enough,

Thereafter the path specific modification of the com-
mands according to sect. 2.2 converges within fow iter-
ations (see Uigure 5 for deviations in carlesian space).

The positional pose errors without modification of
commands are approximately the joint angles covered
in 80 ms. Transferred to cartesian values within 200 iter-
ations the pose error is reduced 1o about 0.1 mm (see
Ird column in Table 1)

The more important positional path error, i o, the part
of the positional pose error normal to the dircetion of
movement, can be reduced by a factor of 40 for this
high-speed trajectory. Accuracy is limited by the resol-
ution of the encoders (about 0,05 mm) and, for high
speed movements, by model crrors,

Orientational pose error and orientational path error are
not regarded, it may be assumed, however, that similar
improvements are ohservable as well, because modifica-
tions are learned from joint errors and not from carte-
siar poSitions,

The leamed feedforward controller cannot compele with
the accuracy of real path learning, Nevertheless the error
15 reduced substantially, even for non-trained paths, if
the training path is suitable, as are trajectories planned
in cartesian space for leamning in joint space. Table |
and Takle 2 show the results afier training of the first
path of Table 2 (which is not identical with the path of
Table 1). The resultant positional pose error is abow
0.2 mm. Unforunately, path deviations can be caleu-
lated easily only for cireular paths, so that this eriterion
is dropped in Table 20 However, the cireular path of
Table | proves a reduction of factor 20 for the posi-
tional path error of high speed movermnents,

The inferiority of feedforward control to the path spe-
cific modification of commands may be cxplained by
nonlincar effects which are compensated in iterative
correction of commands, but which cannol be repres-
ented by a linear feedforward filter. Besides, the model
is learned only for one path, so it is unsuitable for pre-
dicting different reactions at different regions of the
working space.

If the accuracy reached by fecdforward control is not
sulTicient, il is P{iﬁaihk‘. of course, to continue Iuarninp.
with path specific modifications of the commands as

x—component,
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Figure 5. Positional error of harizontal cireular path before

learning and afler the first twa ilerations
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crror criterion without learning

maod. of commands feedlorward control

pose error of joint |
pose error of joint 2
pose error of joint 3
pose ereor of joint 4
pose error of joint 5
pose error of joint 6

3R 746 mrad
S0.270 mrad
A1.572 mrad
11604 mrad
[ 171 mrad
AX050 mrad

01250 mrad
(1.215 mrad
01,242 mrad
01.767 mrad
01.364 mrad
(16609 mrad

(0,109 mrand
0,054 mrad
(L.075 mrad
0103 mrad
0.093% mrad
1,252 mrad

23091 mm
2.107 mm
22.994 mm

carfesian pose error
cartesian path crror
cartesian trailing crror

0.216 mm
0114 mm
183 mm

LO6% mm
0.6 mm
.05l mm

Tahle 1.

described in chap. 2. Then the control error can be
reduced additionally by a factor of 2.

Concerning the range of paths it can be said that the
aceeleration limits of the robot are reached, so that faster
mavements are hardly possible. The two lower paths in
Table 2 cover maximal changes of the ineria ol joint
1, fromm small values of £ according to the maximal joint
speed to an almost singular configuration with big values
of x.

Orientation of the gripper was held constant, either
upside as i Figare 1, or downside as in Vigure 6. 8o
joint 4 was not moved at all, thus disabling any
improvement by feedforward control.

4. Verification of Path Measurements

Sov far, the error reduction only deals with the joint val-

path specd

Comparison of dilferent error criteria doring execntion of o horizomtal cirele with 275 mm s

ues measured at the motor shafts. To assess the real
joint error, sensor signals have o be evaluated measur-
ing the position relative 1o some fixed objects. In our
case a compliant force/torque sensor is used, goaranice-
ing a high positional resolution.

The gripper is commanded along a known contour as
in Figure 6 evaluating the torgque values to detect radial
path deviations.

Unfortunately, sensible contact forces influenee the
dynamic behaviour of the robot. So, for the estimation
of the error not direetly measurable and for Turther
applications with force contact at the endeffector an
extension Lo the deseribed feedforward control is useful.

4.1 Fxtension to React on External Forees

xtension to the presented feedforwand control can be
made i different ways. The first idea [7] was to include

carlesiamn Tnﬂt‘. CrroT
without with
feedforwand contral

hor, and vert. circles,
gripper upside

SO0 mmy/s
250 mim/s

3990 mm
21,523 mm

0187 mm
0130 mm

hor. cirele,
gripper downside

375 mm/=
188 mim/s

0,216 mm
134 mm

23,091 mm
13,546 mm

vert. circle,
gripper downside

M5 mim/=
IRE mim/s

24053 mm
14,126 mm

182 mm
M2 mm

hor. cirlees, gripper upside,
from x= 100 mm to x= 650 mm

175 mm/s
188 mm/s

0 1R mm
0,123 mm

32074 mm
16,709 mm

hor. rectangles, gripper upside,
from x= 125 mm to x= 65 mm

35 mm)s
188 mm/s

185 mm
0,155 mm

272 mm
14,218 mm

Table 2. Pose Lreeors at Dillerent Paths
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Conliguration [or verification of measured posi
lion

Figure .

feedback control. Experiments with our laboratory setup
proved, however, that at a sampling rate of 125 ¢ps fur-
ther improvements are not possible [&].

The same turns out to be valid for foree feedback in the
outer loop, provided that the programmed path exerts
only small forces as in the experiments of sect. 4.2

It is, however, possible to include predicte
force in the Tearned feedforward control. This 1z done
just by replacing the feedforward controller of equation
(4}

1
Wiy = wik) 4 \ Fogr = (K 4 mn 1) — wik))
e

i {5}

-
4 > s A+ ) fE3]]

d
=1

The predicted forces £{k) have to be computed using the
analytical description of the path and the contact surface
or using a predictive sensor as in [ 12]. Prediction using
the actual sensor values does not give any additional
information. Tt should be mentioned further, that pre-

d changes of

position in mm

B T

o 18 209 3@ 4 S0 60

path in mm

IHilerence hetween sensed and measured radial
]m_-:'rti-.n for velocities of 31 mm /s, 125 mm /s, and

Fignre 7.
375 mim s

dicted and sensed forces are multiplicd by the Tacobian
transpase hefore being used in equation (5),

4.2 Evaluation of Scnsor Data

IFor a compliant sensor, measured forees/torques repre-
sent deviations from the nominal position, the devi-
ations being proportional to the measured values with
known elasticity factors, 2.5 N/mm and 0.5 Nm/mm,
respectively, with respeet o the contact point. These
deviations are caunsed either by external confact forces
Teets due to acceleration,

or by internal ¢

In relation to the path devistions to be verified, the
sensor is regarded to be stff. So the tool center point is
assumed 1o be at the position of the contour, displaced
by the sensed deviation. As a resuli the computed car-
tesian position is influenced by elasticity in the joints but
not in the sensor,

I'here are two problems lelt for an accurate path
deteetion, First, the absolute position of the contour to
be tracked is unkown. So it 15 only possible to detect
relative path errors, caused by inferior repeatability or
by dynamical effcets, The static error cannot be deter-
imined.

The second problem are forces or torgues, sensed due
to acceleration of the gripper. They have to be com-
pensated  separately, wsing the approximately known
trajectory.

Figure 7 shows the absolute values of the differences
between the sensed contour and the path measured in
the joints. Friction as well as centrifugal forces in the
sensed data are compensated. The graphs are always
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difference between
no. of test speed meastred sensed contour and teal (sensed)

path error contour of 1t test path error
| 3 mm)s (103 mm - .
2 31 mmy/s (037 mm (0.048 mm 0046 mm
5 125 mmy/s 11129 mm 0091 mm 0.173% mm
4 250 mmys N.078 mm 0126 mm 0138 mm
5 375 mm/s 0.1 10 o 11156 mm 161 mm
fH 31 mm/s 0.217 mm 067 mm 0.263 mm
7 125 mm/s 0810 mm (179 mm 0.959 mm

Table 3. Mean radial path error for different speeds using Tearned feedferward control (upper part) or the original robot

controller (lower part).

positive to guaranfee contact, They are not constant
because of irregularities i the circular shape of the
contour. But those disturbances are the same for all
trajectories. The difference between the curves is a mea-
sure for the dynamical deviations that are tel measur-
able using the joint values (sce dth column in Table 3.

Comparing the curves yields a distinction between sto-
chastical disturbances of about 0,05 mm and a velocity-
dependent part of about 0.1 mm. The stochastical part
is caused by the pose repeatability of the robot and by
measurement noise, The velocity-dependent part comes
from elasticity in the joints vielding compliance beeanse
of dynamical Torees,

Measured and 1otal deviations are correlated, the mean
difference not exceeding 0.1 mm {Table 1), So this is an
upper bound for the additional error, not regarded in
Table 1 or Table 2, vielding real (total) path crrors of
about 0.2 mm,

In addition the velocity-dependent disturbance seems fo
be observable or learnable. To do so, the true position
has 1o be modeled and the real joint control error has
1o be minimized, not the one caleulated by joint meas-
urements. This would require external measurement of
the exact six dimensional pose which was not realized
in the context of this paper,

5. Discussion

The proposed method on-line reduces measurable con-
trol errors for arbitrary paths after initial learning using
a suitable trajectory, For our laboratory sctup improve-

ments by factors up 1o 20 are reachable when no contact
forces are present. On the other side predictible contact
forces can he compensated by feedforward control as
well.

Robots with such a learned control behaviour are able
to precisely exeente off-line programmed paths, without
eaplicit modifications due 1o dynamical deviations.

For high precision requirements the control error can
be further halved by learning modifications of the com-
mands.

These improvements are observed using the internal
joint encoders. So for the real joint control error an
unknown  static deviation and a dynamical one are
present, too. The static error 15 of no importance for
sensor aided path planning. The dynamical part does not
exceed 0.1 mm. Beyond that it may be learned except
for the stochastical noise of less than 0.05 mm, provided
that the real control error can he sensed, This sensing
setup can be removed after learmning, however, because
feedforward control docs not feed back the actual values,

So far the robot was treated 1o be essentially decoupled.
Pxisting couplings between the individually controlled
joints are observable but are not dominant, For the
future we plan to map and compensate these couplings
using neoral networks.,

All experiments were exeeuted using a manutec 12 robot
with the comesponding industrial controller. There is no
reason (o expect =ome completely different behaviour
with another hardware setup. For a direct-drive robot,
however, extensions may be desirable to compensate
couplings or position dependent motor charactenstics.
Nevertheless the learning method as it is proposed can
be used i this case, too.
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