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Multivariable Iterative Learning Control for Flexible
Tasks with Application to Semiconductor Bonding

Machines
Georgios Maleas

Abstract—In this project, ILC with basis functions is used to
investigate whether the motion control performance of semicon-
ductor bonding machines can be improved, while maintaining a
good level of performance under the execution of varying tasks.
Hereby, ILC with basis functions is applied on a MIMO system,
where the coupling and the interactions between the motion axes
can impact the motion behavior of the machine. An important
aspect of the algorithm that is analyzed is the effect that the
interactions have on the algorithm convergence and performance.
Lastly, the problem of persistence of excitation in the MIMO
ILC with basis functions algorithm is addressed. This is relevant
for the extrapolation property, namely the ability to achieve
good performance even for iteration-varying setpoints, and for
obtaining the physical parameters of the system.

I. INTRODUCTION

Next generations of semiconductor back-end machines re-
quire continuous improvements in position accuracy, through-
put and reliability. At the same time, market competition limits
their selling prices. Motion control is one of the key aspects to
enable performance, i.e., accuracy, throughput, and reliability
improvements in the semiconductor machines. An example of
a wire bonding machine produced by ASM Pacific Technology
(ASMPT)1 is shown in Figure I.1.

Fig. I.1. ASMPT wire bonder machine: Left: Model AB383. Right: Motion
stage with two perpendicular translations in the horizontal plane (X-axis and
Y-axis) and one vertical translation (Z-axis) which is realized by a pivot
mechanism that enables rotation around the X-axis.

From a motion control perspective, there are several chal-
lenges inherent to these machines [1]. In the increasingly

1This graduation project is conducted in collaboration with the ASMPT
Center of Competency (CoC), Beuningen, The Netherlands.

competitive semiconductor industry, high accelerations are
required in order to achieve the necessary throughput, namely,
to produce more interconnections for a given period of time.
Despite such aggressive movements, a micrometer-range mo-
tion accuracy is expected in all motion directions. This is
required in order to accommodate a larger number of smaller
interconnections of wires within a compact limited space of
the packaging unit and to avoid production faults. Furthermore,
the semiconductor machines are expected to be robust, in the
sense that they should be able to achieve similar performance
from customer to customer, while avoiding manual adjust-
ments on a machine-to-machine basis. This is why motion
control performance of these machines should be insensitive
to differences in the machine environments and variations in
machine-to-machine behavior. Moreover, the motion stages of
the machines are usually required to execute a variety of
motion tasks in a non-repetitive fashion. These tasks may
involve simultaneous motions in multiple axes, which may
introduce interactions and increases the complexity of the
control problem. Lastly, the specified motion performance is
hampered by varying friction, mechanical stiffness properties,
and the dynamical couplings between the motion axes.

The control scheme of a typical semiconductor machine
motion stage consists of state-of-the-art motion controllers
featuring both feedback as well as feedforward control. As
dedicated tuning per machine is not manageable due to
large-scale production series, an identical controller tuning is
typically used across all the machines of the same model.
Such a tuning is based on the worst-case bounds, by taking
into account the most extreme variations. Consequently, the
performance of the individual machines is typically lower than
what could be achieved by dedicated tuning per machine.
Thus, there is a performance-robustness trade-off and there
arises the need for a control solution that can accommodate the
specific properties and operating conditions of each individual
machine (e.g. friction characteristics, repeating disturbances
etc.). At the same time, the specifications on speed and
accuracy should be achieved, while operating with minimal
manual intervention.

A control method that achieves high performance motion
control for mechatronic systems under varying environments
is iterative learning control (ILC). This method can achieve
high performance when exactly repeating motion tasks are
performed, despite large model uncertainties and repeating
disturbances [2], [3]. ILC is an advanced feedforward data-
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driven technique that makes use of the errors and feedforward
actions of previously performed iterations of a task, in order
to learn a new feedforward action for the next iteration that
will result in a smaller error. However, when the motion tasks
are not exactly repeating but vary to some extent, conventional
ILC may even cause performance degradations [4], [5], thus
violating an important requirement for motion control, as
previously stated.

It is possible to account for varying motion tasks, by
parameterizing the feedforward signal as a function of the
reference motion profile and its time-derivatives [6], [7]. The
reference profile and the time-derivatives appear in so-called
basis functions that are parametrized by the corresponding
feedforward controller coefficients. Instead of learning the
feedforward signal per se, the ILC algorithm iteratively learns
the basis function coefficients by optimizing a selected crite-
rion. The resulting feedforward filter, consisting of the basis
functions and the corresponding learnt coefficients, should
approximate the system dynamics as accurate as possible.

ILC with basis functions has the potential to tackle the
challenges posed in the semiconductor industry. In [8], an
extensive study is conducted on improving the control perfor-
mance of the motion stage of an ASM semiconductor machine
using ILC with basis functions. In particular, polynomial basis
functions are selected [7], [9], [10] representing differentiators
of sufficient order of the motion reference, as well as non-
linear terms resulting from the equations of motion of the
stage. The coefficients of the feedforward controller are learnt
after every iteration for each motion axis independently, even
when the reference profile involves motion in several axes
simultaneously. While the resulting tracking errors are reduced
significantly in comparison to the errors without feedforward,
the remaining errors still contain repetitive patterns. ILC
is applied in [8] using a Single-Input-Single-Output (SISO)
structure, despite the fact that a typical semiconductor machine
involves motions in multiple axes, and is therefore a Multiple-
Input-Multiple-Output (MIMO) system. A MIMO system in-
troduces interactions and coupling between the motion axes,
which are ignored when a SISO ILC structure is implemented,
thus potentially compromising the achievable performance, or
even yielding lack of convergence.

Although the results of [8] are promising, the above remarks
imply that the performance of the ILC algorithm may be im-
proved even further by implementing a MIMO ILC approach
during simultaneous motions of multiple axes. In this project,
the main goal is to develop a complete design framework for
the application of MIMO ILC with basis functions, in order
to improve the motion control performance of semiconduc-
tor bonding machines. This allows for more robustness in
the performance of the machines, by allowing simultaneous
motions in all axes, while retaining the extrapolation capa-
bility for non-repeating tasks. Furthermore, specific design
aspects of the MIMO ILC with basis functions algorithm are
identified as research topics. These include the effect of the
impulse response matrix in MIMO ILC with basis functions,
as well as the problem of persistence of excitation, which

is a prerequisite for its successful application. The discussed
topics are experimentally validated on the motion stage of
a commercial ASMPT AB383 wire bonder. In summary, the
following contributions are identified:
C1: MIMO ILC with basis functions design with application

on an ASMPT wire bonder motion stage, choice of basis
functions based on the dynamic model of the motion stage
and experimental validation.

C2: Investigation of using a full instead of a block-diagonal
impulse response matrix in the MIMO ILC algorithm.

C3: Investigation of the effect of reference and basis functions
selection on the persistence-of-excitation conditions for
the MIMO ILC algorithm.

The combination of these contributions allows the application
of MIMO ILC with basis functions in bonding machines,
yielding significant improvements in the motion control per-
formance.

The outline of the paper is as follows. In Section II, the con-
trol problem is formulated. In Section III, the MIMO algorithm
ILC with basis functions algorithm is presented. In Section
IV, the effect of using a full impulse response matrix in the
MIMO ILC algorithm is investigated. In Section V, persistence
of excitation is investigated and the relevant conditions that
must be satisfied are analyzed. The conclusions are given in
Section VI. In Appendix A, the rigid-body equations of motion
of the wire bonder motion stage are presented. In Appendix
B, simulation results of MIMO ILC with basis functions are
given. In Appendix C, the derivation of the impulse response
of the system from the frequency response measurements is
illustrated. In Appendix D, simulation results of ILC under
unknown and varying motor force constants are presented.

II. CONTROL PROBLEM FORMULATION

In this section, the control problem is described and the
norm-optimal ILC solution to this problem is derived. Addi-
tionally, ILC with basis functions is covered, which introduces
extrapolation capabilities, namely the ability to achieve good
performance even when the motion tasks are iteration-varying.

A. Problem setup

C G

fj

ejrj
−

yj

F (θj)

uj

Fig. II.1. Closed-loop control scheme.

Consider the control scheme depicted in Figure II.1. Here,
G ∈ Rny×nu(z) is assumed to be a discrete-time MIMO
plant, C ∈ Rnu×ny (z) is a discrete-time stabilizing feedback
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controller, rj ∈ RNny×1 is the discrete-time motion setpoint
profile and fj ∈ RNnu×1 is the discrete-time feedforward
signal in iteration j. Moreover, all signals are finite in time
with length N . The goal is to design feedback and feedforward
controllers such as to produce a control signal uj ∈ RNnu×1

which minimizes the tracking error

ej = rj − yj
= S0rj − S0Gfj

= S0rj − J0fj

(II.1)

with the lifted representations of the sensitivity function S0 =
(I+GC)−1 ∈ RNny×Nny and process sensitivity J0 = SG ∈
RNny×Nnu . The notation

xj = [xj(0), xj(1), . . . , xj(N − 1)]T (II.2)

is used, where xj is a column vector representing N data
points collected in iteration j of, for instance error ej , feed-
forward signal fj , reference profile rj etc. The aim of ILC is
to compute a feedforward signal fj+1 for trial j + 1 such as
to minimize

ej+1 = Srj+1 − Jfj+1. (II.3)

Here, S ∈ RNny×Nny and J ∈ RNny×Nnu are models of the
actual sensitivity S0 and the process sensitivity J0 respectively
[11], [12] and are inevitably subject to model-mismatch. The
minimization of (II.3) can be achieved by exploiting the error
and feedforward data of previous iterations of a task. A way to
use this data is by minimizing a certain cost function, leading
to norm-optimal ILC.

B. Norm-optimal ILC

Iterative Learning Control can significantly improve the
performance of systems that perform repeating tasks, i.e.
rj+1 = rj . Under this assumption, from (II.3) we obtain

Srj+1 =Srj = ej + Jfj

ej+1 =ej − J(fj+1 − fj).
(II.4)

In norm-optimal ILC [13], [14] the feedforward signal fj+1

is determined as

fj+1 = arg min
fj+1

J (fj+1) (II.5)

where the data-based performance criterion J (fj+1), [5],
[15], [16], is typically of the general form

J (fj+1) = ‖ej+1 (fj+1)‖2We
+‖fj+1‖2Wf

+‖fj+1 − fj‖2W∆f

(II.6)
with ‖x‖W = x>Wx. Using the weighting matrices, We � 0,
Wf ,W∆f � 0, a trade-off can be made between performance
and robustness. Improved robustness with respect to model
uncertainty can be achieved by setting Wf � 0, and it can
be tuned such as to keep the feedforward signal within the
actuator limits. Robustness against trial varying disturbances
can be addressed by increasing W∆f which lowers the rate of
the learning speed. These user-defined weighing matrices can
be time-varying and iteration-varying.

C. Norm-optimal ILC with basis functions

It is desired that ILC has extrapolation properties, so that
good performance can be achieved even for iteration-varying
setpoints [7]. When the key assumption underlying ILC is
not satisfied, i.e., rj+1 = rj , the performance of standard
norm-optimal ILC may severely deteriorate [4], [5]. In ILC
with basis functions, the feedforward signal is parametrized
as a function of the setpoint profile in order to accommodate
variations in the motion tasks [7], [15]. For a linear plant G,
this parametrization results in

fj (θj) = F (θj) rj (II.7)

where θj ∈ Rnθ are the parameters of F (θj), see e.g. [17],
[18]. In order to minimize the tracking error ej , it should hold
that

F (θj) ≈ G−1. (II.8)

This follows from substitution of (II.7) for j + 1 into (II.3),
which results in

ej+1 (θj+1) = Srj+1 − JF (θj+1) rj+1. (II.9)

A polynomial parameterization of the feedforward filter is
given by

F (θj) = θ>j Ψ(z) (II.10)

and therefore, the feedforward signal can be written as

fj (θj) = Ψrjθj (II.11)

where, Ψrj =
[
ψ1rj ψ2rj . . . ψnθrj

]
∈ RNnu×nθ are

the basis functions depending on the reference trajectory rj
and θj ∈ Rnθ are the corresponding parameters. The selection
of the basis functions can be made according to the dynamic
model of G [8].

For a general nonlinear plant G, (II.7) does not hold.
Instead, a nonlinear mapping from rj till fj must be used
for feedforward control. In this case, Ψrj can be a matrix
containing nonlinear basis functions depending on rj , e.g.,
r2
j , sin(rj), etc.

The parameters of the feedforward control law (II.7) that
are optimal in terms of (II.6) are obtained by solving

θj+1 = arg min
θj+1

J (θj+1) . (II.12)

By substitution of (II.11) into (II.4), (II.6) is quadratic in θj+1,
hence the solution of (II.12) is the following parameter update
law

θj+1 = Qθj + Lej (II.13)

where

Q =
(

Ψ>rj
(
J>WeJ +Wf +W∆f

)
Ψrj

)−1

Ψ>rj
(
J>WeJ +W∆f

)
Ψrj ,

L =
(

Ψ>rj
(
J>WeJ +Wf +W∆f

)
Ψrj

)−1

Ψ>rjJ
>We.

(II.14)
It is evident from (II.14), that there are certain aspects in

ILC with basis functions that need to be carefully accounted
for, in order to guarantee convergence and satisfactory perfor-
mance. For instance, matrix J appears in the equations and its
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design may influence the algorithm. Additionally, the matrix
inversion in the equation imposes a full-rank condition, for
which persistence of excitation has an important role. These
topics are further examined in this work.

III. MIMO ILC WITH BASIS FUNCTIONS

In this section, the application of ILC with basis functions
for MIMO systems is analyzed. Firstly, the limitation of the
pre-existing application of ILC at the ASM wirebonders is
discussed. Subsequently, a solution is proposed that is based
on the system dynamics. To validate the theoretical concepts,
experimental results from the application of MIMO ILC on
the commercial AB383 wirebonder are given. Using these
results, an effort is made to enrich the basis function set, in
order to improve the motion performance. Lastly, performance
comparison is done with the results derived using standard
norm-optimal ILC. These topics constitute contribution C1 of
the paper.

A. Analysis of limitations of pre-existing ILC application

To achieve flexibility for varying motion tasks, as well as
good performance, ILC with basis function can be imple-
mented. Initially, this has been investigated for the SISO case,
see earlier results in [8], namely, the parameters corresponding
to the basis functions that are determined in [8] are learnt
independently for each axis. In particular, a set of basis
functions {ψx(rj , ṙj , . . . ), ψy(rj , ṙj , . . . ), ψz(rj , ṙj , . . . )}2 is
determined, separately for each axis X,Y,Z, based on the
equations of motion of the AB383 motion stage. These equa-
tions describe rigid-body dynamics of the stage [19], and
are presented in Appendix A. This set of basis functions
includes terms that are linear and nonlinear functions of the
reference motion profile and its time-derivatives. When ILC is
applied to the MIMO system in [8], the feedforward signals
are calculated as

 fx,j
fy,j
fz,j

 =

 ψx(rj) 0 0
0 ψy(rj) 0
0 0 ψz(rj)

 θj (III.1)

with
ψx(rj) =r̈x,j

ψy(rj) = [r̈y,j p(rj) q(rj)]

ψz(rj) = [r̈γ,j rγ,j v(rj) w(rj)]

(III.2)

θj =

 θx,j
θy,j
θz,j

 (III.3)

θx,j =m1 +m2 +m3

θy,j = [m2 +m3 m3b32,y m3b32,z]
>

θz,j =
[
I3,xx +m3

(
b232,y + b232,z

)
kγ . . .

m3b32,y m3b32,z]
>

(III.4)

2For the rest of the text, ψi(rj), i ∈ {x, y, z} indicates in general possi-
ble dependency of ψi on rj and its higher derivatives, i.e. ψi(rj , ṙj , r̈j , . . . ).

where

p(rj) = r̈γ,j sin (rγ,j) + ṙ2
γ,j cos (rγ,j)

q(rj) = r̈γ,j cos (rγ,j)− ṙ2
γ,j sin (rγ,j)

v(rj) = r̈y,j sin (rγ,j)− g cos (rγ,j)

w(rj) = r̈y,j cos (rγ,j) + g sin (rγ,j)

(III.5)

and rγ,j = − 1
l rz,j . Here, fi,j ∈ RN , θi,j ∈ Rnθi , ψi ∈

RN×nθi , i ∈ {x, y, z}. With this approach the parameters
m3b32,y and m3b32,z , which represent physical quantities in
(A.1), appear in both θy,j and θz,j in (III.4). In the ideal case
that (II.8) holds, i.e. the chosen basis functions accurately
represent the system, this parameter redundancy will not be
a problem and the algorithm will learn the correct real values
of m3b32,y and m3b32,z , in both θy,j and θz,j . However, in
practice, the basis functions set may not capture all the relevant
dynamics, hence there will be underfitting and bias in the
learnt parameters, or irrelevant basis functions may be chosen,
hence there will be overfitting and again the wrong parameter
values will be calculated. Thus, this redundancy in the learnt
parameters may cause different values to be learnt for the same
physical parameters, thereby yielding loss of extrapolation.
With a repetitive setpoint there can be a convergent reduction
of the error 2-norm, but when at a certain trial the setpoint
is changed the 2-norm of the error will increase. However,
the ability to deal with iteration-varying setpoints is the main
motivation of using ILC with basis functions. This analysis
implies that the SISO ILC structure is the root cause of this
undesired behavior, which comes as a result of the parameter
redundancy and indicates a loss of the extrapolation property.

B. Solution to the parameter redundancy problem

Instead of the SISO ILC structure, full MIMO ILC with
basis functions is used in this project, thus avoiding the
redundancy in some parameters, as well as accounting for in-
teractions. To that end, the basis function matrix is redesigned
as

Ψ1 =

 ψx(rj) 0 0 0
0 ψy(rj) ψc,y(rj) 0
0 0 ψc,z(rj) ψz(rj)

 (III.6)

with
ψx(rj) =r̈x,j

ψy(rj) =r̈y,j

ψc,y(rj) = [p(rj) q(rj)]

ψc,z(rj) = [v(rj) w(rj)]

ψz(rj) = [r̈γ,j rγ,j ]

(III.7)

and

fj =

 fx,j
fy,j
fz,j

 = Ψ1θj (III.8)
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where

θj = [m1 +m2 +m3 m2 +m3 m3b32,y . . .

m3b32,z I3,xx +m3

(
b232,y + b232,z

)
kγ
]>
.

(III.9)
Here, θj ∈ Rnθ , is a column vector of the parameters-to-

be-learnt, ψc,y(rj), ψc,z(rj) are the nonlinear cross-coupling
basis functions between the Y- and Z-axes, which share the
same parameters in the rigid-body model (A.1) p with v, q with
w, see (III.5). Hence, parametrizing the basis functions as in
(III.7), the physical variables m3b32,y and m3b32,z are learnt
once, thus redundancy in the estimation of the parameters is
avoided. This is evident by the size of θj that has reduced
from nθ = 8 in (III.3) to nθ = 6 in (III.9). The MIMO ILC
algorithm will learn the physical values that the parameters in
θj represent, satisfying (II.8), thereby yielding extrapolation
and flexibility for non-repeating motion tasks.

The theoretical concepts discussed in this section were first
tested in a simulated environment, the results of which are
shown in Appendix B. In the following subsection, experi-
mental results of the application of MIMO ILC on the ASM
AB383 wirebonder are presented.

C. Experimental application of MIMO ILC with basis func-
tions

To validate the concepts presented in this section, experi-
ments are carried out on the ASM commercial AB383 wire-
bonder. After obtaining experimental results, the basis function
set is augmented in order to achieve better performance and
the experiments are repeated. Furthermore, the performance
of the algorithm to varying reference profiles is illustrated.
Lastly, a comparison with standard norm-optimal ILC is made
to investigate the margin for further improvement.

In all the experiments the system starts in the initial position
that is the center position in the X-Y plane and the Z-axis
in equilibrium. Although model information is available, no
initial estimates of any parameters are applied at the start of
an experiment, i.e., θ0 = 0. The first iteration is performed
using feedback control only to obtain the e0 (error without
feedforward). A time-delay compensation is applied in all
the experiments by shifting the basis functions forwards in
time with respect to the position setpoint. All axes move
simultaneously, as depicted in Figure III.1.

1) Results with basis function matrix Ψ1: The following
weights are applied We = I , Wf = 4 · 10−4 · I and W∆f =
0 · I . These weights were determined such that the control
action stays within the actuation limits and the error 2-norm
convergence rate is sufficiently fast. The impulse response
matrix is chosen as a block-diagonal one, the effect of this is
investigated in Section IV. The resulting maximum tracking
error is given in Fig. III.2 and it shows the convergence of the
error3. The maximum errors are still high after convergence,
compared to standard norm-optimal ILC, as shown in Figure

3Due to confidentiality conditions of ASMPT all measurement results
are normalized and not presented in SI units. Time units are represented by
number of samples nsp =

t[s]
Ts[s]

.

III.9, which indicates that the chosen basis functions do not
fully capture the dynamics, thereby not satisfying (II.8).
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Fig. III.1. Reference profiles used to test the MIMO ILC algorithm. The
profiles were generated using 7th order profile generator. The motion times
for the axes are different.
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Fig. III.2. Maximum errors with basis function matrix Ψ1, (acceleration
and coupling terms), block-diagonal J . Algorithm converges, but the errors
are relatively high, which motivates the addition of more basis functions to
capture more dynamics.

2) Adding basis function to better capture dynamics: To
achieve better feedforward compensation, more basis functions
can be added in the basis function matrix [20], [21]. To
compensate for viscous friction, velocity terms can be added
[8] as basis functions,

ψx(rj) = [r̈x,j ṙx,j ]

ψy(rj) = [r̈y,j ṙy,j ]

ψz(rj) = [r̈γ,j ṙγ,j rγ,j ]

(III.10)

and still using parametrization (III.6) a corresponding basis
function matrix Ψ2 is derived, with the corresponding param-
eter vector
θj =

[
m1 +m2 +m3 kvx m2 +m3 kvy m3b32,y . . .

m3b32,z I3,xx +m3

(
b232,y + b232,z

)
kvz kγ

]>
.

(III.11)
The resulting maximum errors are presented in Figure III.3.
The error decrease is substantial in comparison to Figure III.2,
which shows that more dynamics were captured by introducing
the velocity basis functions to compensate for viscous friction.

Additionally, it is known from engineering observations at
ASM that the rotational spring stiffness at the pivot point is
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Fig. III.3. Maximum errors with basis function matrix Ψ2 (added velocity
basis functions). Further reduction of the error compared to Figure III.2 shows
that the viscous friction compensation is beneficial.

a nonlinear function of the angular displacement. Tentatively,
we consider a 3rd order polynomial function of the angle to ap-
proximate the nonlinear stiffness characteristics. Consequently,
we extend the basis functions ψz(rj) to include the polynomial
function of the reference rγ,j , namely

ψz(rj) =
[
r̈γ,j ṙγ,j 1 rγ,j r2

γ,j r3
γ,j

]
. (III.12)

By substituting ψz from (III.12) into (III.6), we obtain a basis
function matrix Ψ3. Figure III.4 shows the resulting maximum
errors. There is a notable reduction in Z-axis error, highlighting
the benefit of including the 3rd order polynomial stiffness
terms. Furthermore, snap compensation can be included for
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or
 [
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z

Fig. III.4. Maximum errors with basis functions matrix Ψ3 (added 3rd order
polynomial stiffness terms for Z-axis), block-diagonal J . Significant error
reduction in Z-axis indicates that the addition of stiffness terms is justified.

each axis to compensate for low-frequency contributions of
all residual flexible modes, see e.g. [8], [22],

ψx(rj) =

[
d4

dt4
rx,j r̈x,j ṙx,j

]
ψy(rj) =

[
d4

dt4
ry,j r̈y,j ṙy,j

]
ψz(rj) =

[
d4

dt4
rz,j r̈γ,j ṙγ,j 1 rγ,j r2

γ,j r3
γ,j

]
(III.13)

and from (III.6) this results in a basis function matrix Ψ4.
The performance is given in Figure III.5. From the graph it is

evident that adding the addition of snap terms does not seem to
provide significant gains. While there is a small improvement
in the error of Y-axis, the X and Z axis exhibit small increase
in the error. For this reason, in the rest of the text snap terms
are not used.
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Fig. III.5. Maximum errors with basis functions matrix Ψ4(added snap basis
functions). While there is a small improvement in the error of Y-axis, the X
and Z axis exhibit small increase in the error. The use of snap basis functions
does not yield significant benefits and is omitted in the following of the paper.

The time-domain tracking errors with the basis functions
matrix Ψ3 are given in Fig. III.6, normalized with respect to
the errors without feedforward. This shows that appropriate
selection of the basis functions and correct parametrization of
the basis functions matrix Ψ, thereby satisfaction of (II.8), can
contribute to a significant decrease of the tracking error.
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Fig. III.6. Normalized tracking errors with basis functions matrix Ψ3 at
iteration 6, after the ILC algorithm has converged.

3) Changing setpoint: At iterations 9-12, the setpoints are
varied by ±5% with respect to the setpoints of iterations 1-8,
see Figure III.7. From Fig. III.8, however, it is clear that while
the errors for the X and the Y axes remain small, the error
for the Z axis exhibits an abrupt increase. This means that
extrapolation is achieved with the chosen parametrization for
X and Y axes. However, the error increase in Z axis indicates
that its dynamics are not fully captured by the chosen basis
function set and that better performance may be achieved
by adding appropriate basis functions for that axis. Further
investigation of this issue is beyond the scope of this project.

4) Comparison with standard norm-optimal ILC perfor-
mance: In order to investigate the margin of performance
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Fig. III.7. Setpoint changes after iteration 9, normalized w.r.t. setpoint at
iteration 1. Same maximum acceleration is retained.
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Fig. III.8. Maximum errors with basis functions matrix Ψ3. At iteration 9 the
setpoint changes. Z-axis error exhibits abrupt increase of error, indicating that
its dynamics are not fully captured by the chosen basis functions. At iteration
11 the setpoint remains the same and the error reduces again. At iteration 12
the setpoints of X and Y axes change, but this affects Z axis more, indicating
the coupling behavior.

improvement that the MIMO ILC with basis functions algo-
rithm could offer, it is instructive to compare its performance
to what can be achieved with standard norm-optimal ILC,
i.e., without parametrization of the feedforward signal. This
is equivalent to setting Ψ = IN and θj ∈ RN is the param-
eter vector containing the feedforward action at every time
instant. In theory, since standard ILC has a larger parameter
space (N � nθ), it is able to achieve better performance
than ILC with basis functions under the same conditions, by
optimizing the control action at every time instant. However,
this optimization is only valid for the task executed at that
particular iteration, hence the lack of extrapolation. ILC with
basis functions essentially limits the parameter space to obtain
flexibility for non-repetitive motion tasks at the expense of
performance.

This reasoning is indeed verified for the Y-axis of the ASM
wirebonder motion stage, as shown in Figure III.9. Standard
norm-optimal ILC is applied in a MIMO setting, but results
only for Y-axis are shown for simplicity. From the figure it can
be concluded that standard ILC achieves better performance,
which implies that there is still margin in the ILC with basis
functions algorithm to include additional basis functions that
will capture essential dynamics. Careful selection of the basis
functions will yield better performance, with the potential to

reach the one achieved by the standard ILC algorithm.
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Fig. III.9. Y-axis maximum error convergence (left) and tracking errors (right)
with MIMO ILC with basis functions (red) and standard norm-optimal ILC
(blue) at iteration 8. The superior performance of standard norm-optimal ILC
indicates that more basis functions should be added in the MIMO ILC with
basis functions algorithm to capture more dynamics.

IV. USING A FULL IMPULSE RESPONSE MATRIX IN THE
MIMO ILC ALGORITHM

In this section, the effect of the impulse response matrix J
on the MIMO ILC algorithm is discussed. This is motivated
by the observation that in a MIMO motion system interac-
tions may exist between the motion axes. It is possible that
these interactions and the cross-coupling may cause undesired
behavior in the ILC algorithm if they are ignored during the
design. The impulse response matrix represents the model of
the system in the algorithm and it can affect the convergence
and performance of ILC. Hence, it is desired to study how the
use of a full impulse response matrix, whereby cross-coupling
between axes is incorporated, affects the convergence and per-
formance of ILC compared to using a block-diagonal impulse
response matrix, where the interactions are ignored. These
concepts are validated through experiments and constitute the
contribution C2 of this paper.

A. Effect of impulse response matrix J

Let H(z) denote a discrete-time, linear time-invariant (LTI),
single-input, single-output system. Given input and output
vectors u, y ∈ RN×1, let h(t) be the impulse response vector
of H(z). Then, the finite-time response of the possibly non-
causal H(z) to input u is given by the truncated convolution
y[t] =

∑t
l=1−N h(l)u[t− l], where 0 ≤ t < N and zero initial

and final conditions are assumed, i.e., u(t) = 0, y(t) = 0, for
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all t < 0 and t ≥ N . The finite-time convolution is denoted
as

y[0]
y[1]

...
y[N − 1]


︸ ︷︷ ︸

y


h(0) h(−1) . . . h(1−N)
h(1) h(0) . . . h(2−N)

...
...

. . .
...

h(N − 1) h(N − 2) · · · h(0)


︸ ︷︷ ︸

J


u[0]
u[1]

...
u[N − 1]


︸ ︷︷ ︸

u

,

(IV.1)
with J the convolution or impulse response matrix correspond-
ing to H(z).

When the signals are structured as in (III.8), the matrix J
has the general form

J =

 Jxx Jxy Jxz
Jyx Jyy Jyz
Jzx Jzy Jzz

 (IV.2)

where Jij are Toeplitz matrices containing the impulse re-
sponse coefficients from input j to output i. If the impulse
response matrix J is considered as block-diagonal, i.e. Jij =
0, i, j ∈ {x, y, z}, i 6= j, potential interactions between axes
are ignored, see [8]. This may cause the ILC algorithm not to
converge, when applied to a MIMO system where interactions
are not negligible [23]. To illustrate this, the convergence and
performance conditions are considered below.

1) Convergence of ILC with basis functions: The system
with ILC controller is monotonic convergent under a given
norm ‖ • ‖ if

‖e∞ − ej+1‖ ≤ γ ‖e∞ − ej‖ (IV.3)

for γ ∈ [0, 1),∀r. Considering rj+1 = rj = r, the error ej at
trial j is defined from (II.3) and (II.11) as

ej = Sr − JΨrθj (IV.4)

and the error update ej+1 at trial j + 1 equals

ej+1 = Sr − JΨrθj+1 (IV.5)

Furthermore, from (II.3) and (II.13)

θj+1 = (Q− LJΨr) θj + LSr. (IV.6)

The feedforward parameter vector θ∞ for j → ∞ is defined
as θ∞ = θj+1 = θj . From (IV.6),

θ∞ = (Q− LJΨr) θ∞ + LSr (IV.7)

and from (IV.5) the error e∞ for j →∞ is

e∞ = Sr − JΨrθ∞. (IV.8)

Taking the norms ‖e∞ − ej+1‖ and ‖e∞ − ej‖, it can be
concluded that monotonic convergence, in terms of (IV.3),
occurs if

‖(Q− LJΨr)‖ < 1. (IV.9)

Using the 2-norm, condition (IV.9) translates to

σ̄(Q− LJΨr) < 1, (IV.10)

which from (II.14) is guaranteed if

Ψ>r
(
J>WeJ +Wf +W∆f

)
Ψr � 0. (IV.11)

2) Steady-state error of ILC with basis functions: An inter-
esting performance measure of ILC is the achievable steady-
state error in iteration domain, e∞. From substitution of (IV.7)
to (IV.8) the steady-state error of the ILC with basis functions
algorithm is derived, namely with iteration j →∞ as

e∞ =
(
I − JΨr(I −Q+ LJΨr)

−1L
)
Sr. (IV.12)

In terms of convergence and steady-state error, see (IV.11)
and (IV.12) respectively, it is clear that matrix J can influence
both of these properties of the ILC with basis functions
algorithm. If Wf = W∆f = 0 and J is non-singular, the
application of the ILC algorithm on the physical setup will
converge to e∞ = 0 as long as J is an accurate description of
the system. However, J can never fully describe the dynamics
a physical system due to limitations in the identification
procedure, resulting in a mismatch between the system and
the model. Another source of such inaccuracies is the use
of block-diagonal J matrix for a system where interactions
exist. In such a case, having Wf = W∆f = 0 will result
in a divergence of the error. As mentioned in Section II-B,
monotonic convergence can still be guaranteed by setting the
weight Wf � 0 at the expense of a larger steady-state error
and a reduced performance.

B. Experimental investigation of using a full instead of a
block-diagonal impulse response matrix in the MIMO ILC
algorithm

In [8] the ILC algorithm was applied in a SISO setting,
thereby ignoring interactions between axes and the potential
effect using a full J matrix may have. Hence, an experimental
investigation is conducted to identify how the choice of J
matrix affects convergence and performance in practice. J
is usually derived by fitting a parametric model of suitable
order to the calculated Frequency Response Function (FRF)
of the system, which is computed by performing system iden-
tification techniques, and then obtaining the models’ impulse
response of the system [8]. In an effort to automatize the
derivation of J and reduce human intervention, an approach
using the Inverse Fourier Transform (IFT) on the FRFs is
implemented. The calculation of the FRFs together with the
derivation of matrix J are illustrated in Appendix C.

In Figure IV.1 are presented the maximum errors achieved
for each axis using a block-diagonal and a full impulse
response matrix J . The applied weights are We = I , Wf =
4 · 10−4 · I and W∆f = 0 · I . It is clear from the graph,
that both approaches yield very similar convergence rates and
performance, hence for the rest of this project a block-diagonal
J matrix is used. The choice of Wf � 0 ensures robustness
against the model uncertainties, which is particularly beneficial
for the case with block-diagonal J that ignores the interactions.
The fact that the use of a full J does not yield significant
advantages implies that is the cross-coupling between the axes
is not detrimental for the performance of the MIMO ILC
algorithm for the motion stage of the ASM AB383 wirebon-
ders. Furthermore, using ILC with basis functions instead of
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Fig. IV.1. Maximum errors with basis functions matrix Ψ3, with full and
block-diagonal J . No significant benefit in using a full J matrix results for
the AB383 wire bonder, hence in the rest of this text a block-diagonal J
matrix is used.

standard norm-optimal ILC induces further robustness due to
the smaller parameter space, as described in Section III.

V. INVESTIGATION OF PERSISTENCE-OF-EXCITATION
CONDITIONS

In this section, the topic of persistence of excitation of the
MIMO ILC with basis functions algorithm is examined. Since
ILC with basis functions updates the parameter vector θj in a
batch-wise fashion based on measured data from a completed
task, the persistence of excitation conditions are more easily
satisfied than by applying, e.g., adaptive feedforward control,
whereby parameters are typically updated at each sample. In
ILC a vastly larger amount of data is exploited [18], however,
still care needs to be taken in the design of rj and Ψrj in order
to ensure that enough information is available to retrieve the
desired parameters. This is demonstrated with a discussion on
the theory as well as an experimental investigation on the ASM
commercial AB383 wirebonder. The contents of this section
constitute contribution C3 of the project.

A. Persistence of excitation theory

An excitation to a system is called persistent when it is rich
enough to excite all the important dynamics of the system
[24]. This concept is particularly important for ILC with basis
functions, since a persistently exciting input will allow the
algorithm to learn the physical parameters that impact the
dynamic behavior of the system. In ILC the persistence of
excitation requirement arises by inspection of (II.14), where
the matrix

A = Ψ>rj
(
J>WeJ +Wf +W∆f

)
Ψrj (V.1)

must be non-singular. It is possible, however, that certain
references rj in combination with the design of matrix Ψrj

may make matrix A singular. For instance, this problem can
occur if two columns of Ψrj are linearly dependent. This

imposes a persistence of excitation condition on rj as well
as on Ψrj , see, e.g. [18].

As mentioned in Section III, it is desired to learn the phys-
ical parameters of the system, in order to have extrapolation
for non-repetitive motion tasks. However, if persistence of
excitation conditions are not met, it is likely that the learnt
parameters will not be the physical ones, hence there will be
a loss of extrapolation, see Section III. The parametrization of
the system, namely the choice of matrix Ψrj , together with
the reference rj can affect whether persistence of excitation is
achieved. The effect that different choices of rj and Ψrj can
have on this can be demonstrated by the application of ILC
with basis functions on the ASM AB383 wirebonder motion
stage.

B. Persistence of excitation-application on ASMPT wire bon-
ders

As stated in Section III, given the equations of motion
(A.1) developed in [19], [8], a possible design of the basis
functions matrix and the corresponding parameter vector and
feedforward signals (in N and Nm) is given by (III.10)-(III.11).
The resulting control forces (III.8) must be transformed into
the currents that the amplifier must supply to the electric
motors by

Ij =

 Ix,j
Iy,j
Iz,j

 =

 1
Kx
fx,j

1
Ky
fy,j

1
aKz

fz,j


=

 1
Kx
ψx(rj) 0 0 0

0 1
Ky
ψy(rj)

1
Ky
ψc,y(rj) 0

0 0 1
aKz

ψc,z(rj)
1

aKz
ψz(rj)

 θj
= Ψmθj ,

(V.2)
with

ψx(rj) = [r̈x,j ṙx,j ]

ψy(rj) = [r̈y,j ṙy,j ]

ψz(rj) = [r̈γ,j ṙγ,j rγ,j ]

ψc,y(rj) = [p(rj) q(rj)]

ψc,z(rj) = [v(rj) w(rj)] ,

(V.3)

whereby the motor force constants Ki, i ∈ {x, y, z} and the
pivot length a are assumed known and constant and θj is given
by

θj =
[
m1 +m2 +m3 kvx m2 +m3 kvy m3b32,y . . .

m3b32,z I3,xx +m3

(
b232,y + b232,z

)
kvz kγ

]>
.

(V.4)
In this way, the basis functions matrix is based on the minimal
parametrization principle [25], namely achieving the smallest
possible dimension of the basis functions matrix (nθ = 9).

This design offers benefits with regards to the persistence
of excitation. This is evident when examining the case that
the reference accelerations of the motion profiles in Y-and-Z
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axes are proportional, and the reference angle rγ,j is small,
namely,

r̈y,j = c · r̈γ,j , c ∈ R
w(rj) ≈ r̈y,j

q(rj) ≈ r̈γ,j .

(V.5)

By inspection of Ψm it can be noted that in case (V.5) holds,
the persistence of excitation condition is met. Specifically,
when r̈y,j = cr̈γ,j , the sixth column of Ψm remains linearly
independent of the third and seventh column; these columns
contain accelerations of the Y- and Z-axes. Thus, in theory,
matrix A (V.1) does not lose rank, the reference is persistently
exciting and extrapolation capabilities are achieved. However,
the overall performance may be limited, since the motor force
constants are assumed known beforehand. In Appendix D, the
effect of not exactly knowing the motor force constants on the
performance of MIMO ILC with basis functions is analyzed
in a rigid-body simulation. Thereby it is demonstrated that if
the values of the motor force constants are assumed known, a
potential mismatch in the actual values results in deterioration
of performance.

A different parametrization can also be used, assuming that
the motor force constants are not readily known. That param-
eterization increases number of basis functions as follows:

Ij =

 Ix,j
Iy,j
Iz,j

 =

 ψx(rj) 0 0
0 ψy(rj) 0
0 0 ψz(rj)

 θj
= Ψlθj

(V.6)

with
ψx(rj) = [r̈x,j ṙx,j ]

ψy(rj) = [r̈y,j ṙy,j p(rj) q(rj)]

ψz(rj) = [v(rj) w(rj) r̈γ,j ṙγ,j rγ,j ]

(V.7)

θj =

[
m1 +m2 +m3

Kx

kvx
Kx

m2 +m3

Ky

kvy
Ky

. . .

m3b32,y

Ky

m3b32,z

Ky

m3b32,y

aKz

m3b32,z

aKz
. . .

I3,xx +m3(b232,y + b232,z)

aKz

kvz
aKz

kγ
aKz

]>
.

(V.8)

Since the motor force constants are considered unknown, they
appear in the vector of parameters vector to-be-learnt. Further-
more, the nonlinear cross-coupling basis functions between the
Y- and Z-axes, which share the same parameters in the rigid-
body model (A.1), p with v, q with w, no longer share the
same parameters when the motor force constants are unknown.
This results in a larger dimension of the basis functions matrix
Ψl (nθ = 11). Since in reality the motor force constants are
usually not exactly known and may also degrade with time, it
would be convenient if MIMO ILC could be used to learn the
motor force constants, hence resulting in better performance.

However, there is a potential problem when (V.5) holds. In
this case, there exists a linear dependency between columns
3, 6, 8 and 9 of Ψl, which causes Ψl and the corresponding

A matrix (V.1) to lose rank. This may result in a non-unique
solution of the least squares problem (II.12), thus the learnt
parameter vector θj may not represent the actual physical
parameters of the system, see Section III. As a result, when the
feedforward action will be applied in a different motion task,
worse performance could be observed in terms of the tracking
error. This would imply loss of the extrapolation property due
to the violation of the persistence of excitation. Thus, for this
specific choice of basis function matrix, care should be taken
that the Y-and-Z axes perform tasks with r̈y,j 6= cr̈γ,j .

In order to verify these concepts, an experimental investi-
gation is carried out on the ASM AB383 wirebonder, using
the aforementioned parametrizations Ψm and Ψl.

C. Experimental investigation of the effect of different basis
function parametrizations on the persistence-of-excitation con-
ditions

To investigate the effects of the different structure of the
basis functions matrix, i.e., Ψm and Ψl, together with the
persistence of excitation onto motion performance for the
ASM AB383 wirebonder, experiments are conducted, where
it holds r̈y,j = cr̈γ,j , since this is the case where the reference
can cause the loss of rank of Ψ and A, as mentioned in
the previous subsection. The accelerations for each axis are
similar to those used in experiments of sections III and IV.
The reference profiles used are shown normalized in Figure
V.1.
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Fig. V.1. Normalized reference profiles used to test the persistence of
excitation in the MIMO ILC algorithm.

The resulting position errors are shown in Figure V.2. By
inspection of this figure one can notice that the ILC algorithm
converges with both structures of the basis functions matrix,
and the performance is similar with the two approaches.

However, an examination of the parameters that the algo-
rithm learns in Table V.1, reveals that when the acceleration
profiles in Y-and-Z axes are proportional, the parameters do
not correspond to the physical values for axes Y and Z. In
this table, the first column shows the parameters learnt during
the experiments of Section III, after convergence, whereby
r̈y,j 6= cr̈γ,j . In this case, persistence of excitation was satis-
fied and the learnt parameters are very close to the physical
ones. Hence all the parameters in a row are normalized with
respect to the parameter of the first column in that row, for
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Fig. V.2. Results in terms of the maximum error for each axis, using the
two different structures of the basis functions matrix Ψm and Ψl. Both cases
exhibit similar convergence and performance, however it is shown in Table
V.1 that extrapolation is lost.

confidentiality reasons. For the X-axis, r̈y,j = cr̈γ,j does not
have an effect, since as can be seen from the equations of
motion (A.1) and the parametrizations Ψm and Ψl, this axis
is not coupled with the others and does not share common
parameters with them. It can be observed, however, that when
r̈y,j = cr̈γ,j , the parameters learnt for the Y and Z axes do not
correspond to their physical ones, for both parametrizations.
This indicates that there is a loss of extrapolation and of the
capability of the MIMO ILC algorithm to maintain a good
performance if the reference for the next iteration changes.
This can be validated also with the difference in the condition
numbers [26] of matrix A for the different parametrizations,
also shown in Table V.1. A high condition number indicates
ill-conditioning of the matrix and potential loss of rank.

TABLE V.1
LEARNT PARAMETER VALUES WITH DIFFERENT PARAMETRIZATIONS Ψ

AND REFERENCE ACCELERATION PROFILES

Parameter
Lin. dep. of reference accelerations
r̈y,j 6= cr̈γ,j r̈y,j = cr̈γ,j

Ψ3 Ψm Ψl
Mass x [-] 1 1.01 1.004
Mass y [-] 1 891 3903
Inertia z [-] 1 1401 6904

Condition number of A 1·105 6·108 2·1010

It is hence recommended that in order to maintain a persis-
tence of excitation, reference profiles for different axes with
the proportional accelerations should be avoided, no matter
the chosen parametrization of the basis function matrix Ψ.
This will yield the desired extrapolation capability and the
performance of ILC during the execution of different motion
tasks will remain acceptable. Furthermore, if it is desired to
derive information about the ratio between the motor force
constants of axis Y and Z, an expanded parametrization
of the type Ψl can be implemented. This also gives better
performance when the motor force constants are not exactly

known, as long as persistence of excitation is guaranteed, as
verified by the simulations in Appendix D.

VI. CONCLUSION

In this project it is shown that high motion control perfor-
mance of semiconductor bonding machines can be achieved
under the execution of varying motion tasks. In this paper,
the novelty is in the application of ILC with basis functions
in a MIMO system, utilizing the knowledge of the system
dynamics, while taking into account the coupling and the
interactions that impact the motion behavior of the machine. In
this scope, the effect that the impulse response matrix has on
the algorithm convergence and performance is analyzed. This
is a critical aspect of the algorithm, since it is shown that if for
a MIMO system the corresponding impulse response matrix is
not full, measures need to be taken to ensure robustness against
the ignored interactions. Furthermore, the conditions that must
hold to ensure the persistence of excitation are presented,
which is important in order to obtain extrapolation and to learn
the physical parameters of the system.

These concepts are experimentally validated on an ASM
AB383 commercial wirebonder. It is shown that the MIMO
ILC with basis functions algorithm can achieve fast conver-
gence and good performance, both for repeating and non-
repeating tasks, provided that the system dynamics are well-
described by the basis functions. To that end, more basis
functions can be added in the algorithm, possibly consisting
of nonlinear terms, in order to capture more dynamics and
to improve performance. Furthermore, it is verified that a full
impulse response matrix does not yield a detrimental benefit on
the convergence and performance of ILC with basis functions
for the AB383 wire bonder, although always care should be
taken to enhance the robustness of the algorithm by choosing
the appropriate weightings. Lastly, it is observed that the
persistence of excitation can be lost when the acceleration
profiles in Y- and Z-axes are proportional, which directly
results in loss of extrapolation to different motion tasks for
the system.

In the future, possibilities to further improve the motion
control performance of semiconductor machines can be in-
vestigated by introducing rational instead of polynomial basis
functions [15], [9], to capture more system dynamics. Another
possibility would be joint input shaping and feedforward
control, by solving a linear optimization problem, as proposed
in [27]. Additionally, frequency domain MIMO ILC with
basis functions can be useful [17], [28], which makes the
tuning of the Q and L filters more intuitive by applying
loop-shaping techniques. Furthermore, it would be instructive
to perform MIMO ILC experiments assuming unknown and
varying motor force constants, in order to verify whether
and to what degree the simulation results of Appendix D
are replicated in practice. Lastly, the proposed methodology
for the MIMO ILC with basis functions is not confined to
semiconductor machine applications only, but can be applied
to any other MIMO plant where coupling and interactions are
a dominant factor.
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APPENDIX A
MULTIBODY EQUATIONS OF MOTION

The nonlinear rigid-body equations of motion corresponding
to the schematics of the motion stage depicted in Fig. A.1, see
[19], [8], are

Fx = (m1 +m2 +m3) ẍ

Fy = (m2 +m3) ÿ +m3b32,y

(
γ̈ sin(γ) + γ̇2 cos(γ)

)
+

m3b32,z

(
γ̈ cos(γ)− γ̇2 sin(γ)

)
aFz =

(
I3,xx +m3

(
b232,y + b232,z

))
γ̈

+m3b32,y(ÿ sin(γ)− g cos(γ))+

m3b32,z(ÿ cos(γ) + g sin(γ)) + kγγ.
(A.1)
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Fig. A.1. Schematics of the wirebonder motion stage.

APPENDIX B
SIMULATION RESULTS OF MIMO ILC WITH BASIS

FUNCTIONS

Before conducting experiments on the physical wire bonder
of ASMPT, the MIMO ILC with basis functions algorithm
is tested in simulation. The simulation model is based on
the rigid-body equations of motion described by (A.1), thus
the basis functions matrix structure of (III.6) is used in the
ILC algorithm. The resulting maximum errors achieved in the
simulation for each axis are shown in Figure B.1. The weights
used are We = 1010 · I , Wf = 10−10 · I and W∆f = 0 · I .
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Fig. B.1. Normalized maximum errors during the simulation of MIMO ILC
with basis functions for the rigid-body model of the ASMPT wirebonder
motion stage.

By inspection of the figure, it can be observed that MIMO
ILC with basis functions achieves excellent performance in
simulation. This can be explained by the fact that in the sim-
ulation the system is exactly known, hence, the chosen basis
functions, which are derived from the equations of motion

of the system, can exactly capture the dynamics and yield
the desired behavior. This is verified by the learnt parameter
vector θj , whose values are very close (< 1% difference) to
the values of the simulation model. This analysis verifies the
theoretical properties of the MIMO ILC algorithm with basis
functions algorithm and gives the motivation to proceed with
the experiments on the physical equipment.

APPENDIX C
FRF MEASUREMENTS AND IMPULSE RESPONSE

CALCULATION

For the computation of the Q and L matrices (II.14),
knowledge of the process sensitivity function J of the MIMO
system is required. knowledge can be captured by measur-
ing the frequency response function (FRF) [29], [30] of
the system. The corresponding FRF-graphs at the coordinate
(x, y, z) = (0, 0, 0) are shown normalized in Figure C.1 for
the plant and C.2 for the process sensitivity. Random-phase
multisine excitation signals are used to obtain these FRFs and
the processing is done using Welch’s periodogram averaging
method.
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Fig. C.1. Normalized magnitude characteristics of the FRF measurements-
Plant.

The impulse response of the system is then derived as the
Inverse Fourier Transform (IFT) of the process sensitivity.
The corresponding impulse responses are shown in Figure
C.3. Because the high-frequency dynamics result in aggressive
feedforward control action, only FRF data up to half of the
Nyquist frequency are used for the calculation of the impulse
responses.
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APPENDIX D
SIMULATION RESULTS OF ILC WITH UNKNOWN MOTOR

FORCE CONSTANTS

The performance of the MIMO ILC algorithm with basis
functions under variations of the motor force constants is of
particular interest. Considering the equations of motion (A.1),
the forces can be expressed as a function of the motor currents
as

Fi = KiIi, i = x, y, z, (D.1)

where Ki is the motor force constant of the corresponding
motor. When the motor force constants in the basis functions
exactly match those of the simulation model, the coupling
parameters in the Y-and-Z-axis equations of motion (A.1) are
common, see (V.4), and this leads to the best performance
of the ILC algorithm. However, in reality, the motor force
constants may not be exactly known or may vary with time.
Hence, it is desired to investigate how MIMO ILC with basis
functions performs under such variations.

Such an analysis is conducted in simulation, where the
motor force constants of the Y-and-Z-axis are varied in the
basis functions, in a range of [-20,20] percent with respect
to the known constants of the simulation model. The results
of this analysis are shown is shown in Figures D.1 and D.2,
displaying the maximum Y- and Z-errors, respectively, after
convergence of the algorithm is shown in Figures D.1 and
D.2, for the errors of Y and Z axis respectively.
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Fig. D.1. Maximum errors of Y axis under varying motor force constants,
after convergence.

Clearly, when the motor force constants vary by the same
percentage, the performance is unaffected. This makes sense,
since the relative dynamics between the Y-and-Z-axes do not
change, only the corresponding learnt parameters deviate from
the real ones by the said percentage. Also, the larger the
percentage difference gap between the motor force constants
in the basis functions, the larger the error, since the relative
dynamics between the Y-and-Z-axes change more strongly. It
is worthy to note, though, that the maximum errors do not
exceed 0.15µm, which seems not critical.

Even though in simulations the effect of the mismatch in
the motor force constants appears to be small, in practice
it can be more significant. Thus, it would be worthwhile to
perform experiments with varying motor force constants on
the physical wire bonder, to determine the effect and whether
such a convex shape of the error, as in Figures D.1 and D.2,
can be retrieved. This could be further exploited to obtain
information on the actual physical values of the motor force
constants, by taking advantage of the convexity.
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