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Toward exploiting the benefits of ILC in non-repetitive motion
applications

T.J.A. de Vries and W.J.R. Velthuis1

                                                          
1 T.J.A. de Vries and W.J.R. Velthuis are with the Control Laboratory of the Faculty of Electrical Engineering,
University of Twente, Enschede, The Netherlands. Correspondence: T.J.A. de Vries, EL–RT, University of
Twente, P.O. Box 217, NL-7500 AE  ENSCHEDE, The Netherlands, phone: +31 – 53 489 2817, fax: +31–53 489
22 23, email: icontrol@rt.el.utwente.nl

Iterative Learning Control (ILC) [3] is a control
strategy that is used for accurate control of motion
applications that are subject to reproducible
disturbances. The control system can be considered as
consisting of a conventional feedback controller and an
adaptive feed-forward part which is adapted on the
basis of the tracking error (figure 1).

Fig. 1: Iterative Learning Control scheme

The input of the feed-forward part is the motion time.
As the feed-forward signal is stored as a function of
the motion time, ILC can only learn to track one
specific motion. In case of large motion times a
considerable amount of computer memory is needed to
implement an ILC. This problem can be overcome by
storing the feed-forward signal in a neural network in
stead of a memory loop (fig 2).

Fig.2: ILC using neural networks

Because the learning controller is intended for real-
time purposes, a neural network must be chosen which
is computationally cheap. In this research the neural
network is implemented as a B-Spline Network (BSN)
[1]. To create an input-output mapping a BSN utilises
B-splines, which consist of piece-wise polynomial
functions. The width of the B-splines fulfils the role of
the Q filter. Furthermore, the stability of the learning
controller depends on the width of the B-splines [6].

We may now conclude that by implementing the
adaptive feed-forward part as a BSN we have obtained
a controller which is able to accurately control
processes that are subject to reproducible disturbances
and that does not have large memory requirements.

However, the ILC is still able to learn to track 1
specific motion. Each time a new motion is performed
a new ILC must be trained. Exploiting the nature of the
reproducible disturbances may lead to a solution to this
problem. Namely, for many types of processes the
reproducible disturbances, d, depend on the state of the
process. The process and the disturbance in figure 1
and 2 can thus be represented as:

Fig 3: State dependent disturbances

Consider the situation that r is a servo motion that
is tracked almost error-free. Because d depends on
specific states of the process, it can be compensated by
a feed-forward controller that has the reference
trajectory of these states as inputs, in stead of the
motion time (figure 4). Storing the compensation of
state-dependent disturbances as a function of the
reference state enables learning control of non-
repetitive motions.

To illustrate this we consider a process that is
subject to position dependent disturbances. In order to
compensate the disturbances, the input of the BSN has
to consist of the reference position. Next consider a
reference trajectory that covers the entire range of
possible reference positions: [xmin,xmax]. When learning
has converged, the controller is able to compensate d
for any position. Since the compensation of d is stored
as a function of the reference position, the learning
controller is able to compensate the position dependent
disturbances for the any motion.

Our research is concerned with this type of control;
we call it Learning Feed Forward Control (LFFC)
[2,4,5,7].
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Fig. 4: Learning Feed Forward Control

The inputs of the BSN should be chosen such that they
correspond to the states on which the disturbances
depend. In case of a process with position dependent
friction, a BSN should be used that has both the
reference position and the reference velocity as inputs.
If several disturbances act on the system, additive
BSNs can be used, that each compensate one type of
disturbance. An example of such a system is a Linear
Motion Motor System (LiMMS) which consists of a
base plate covered with permanent magnets, and a
sliding part, the translator, which holds the electric
coils and their iron cores. Due to the attracting forces
between the permanent magnets and the iron translator
a position dependent disturbance force is experienced.
Furthermore, the LiMMS is subject to unknown
velocity dependent friction. Finally, the mass of the
translator is unknown, which can be represented as an
acceleration dependent disturbance. The LFFC must
thus consist of 3 BSNs, that have as input the reference
position, velocity and acceleration, respectively (figure
5). Experiments performed with this set-up showed
that LFFC was able to considerably improve the
performance of the feedback controller, while
performing non-repetitive motions.

Fig. 5: LFFC of a linear motion motor system

A LFFC that is constructed in this way is able to
accurately control processes that have state-dependent
disturbances. However, the following problems occur.
Firstly, no proof of stability for LFFC has been given
yet. Secondly unlike training an LFFC that consists of
1 BSN, training an LFFC that consists of several BSNs
is not a trivial task. It is not guaranteed that each
network learns to compensate the disturbance it is
intended to compensate and not other disturbances.
When e.g. a BSN that is designed to compensate
position dependent disturbances also compensates part
of a velocity dependent disturbance, the learning
controller is no longer able to accurately track random

motions. By carefully choosing training experiments
this problem can be overcome. Another problem
occurs when processes have disturbances that depend
on several states. This requires multi-dimensional
BSNs, that have multi-dimensional B-splines. This is
comparable to a multi-dimensional table and hence the
number of multi-dimensional B-splines depends on the
dimension of the BSN in an exponential way. Large
number of multi-dimensional B-splines causes:

−  Large training sets. In order to successfully train
the network a number of training samples should
be present for each B-spline.

−  Larger memory requirements. When implementing
a LFFC on a computer each B-spline must be
stored in memory.

−  Poor generalising ability. By using basis functions
a neural network is able to generate sensible
outputs for inputs that were not presented during
training but resemble the training data. This
generalising ability decreases as the number of B-
splines increases.

Since LFFC stores the feed-forward signal as a
function of the reference trajectory, it enables accurate
tracking of random motions. Is seems applicable for a
more wide range of applications than ILC. However,
before it can be applied in commercial products, some
theoretical problems need to be solved.
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