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domain as the ratio of the Fourier transforms of the input
and output. In [14], significant performance improvement is
reported if the Signal-to-Disturbance Ratio (SDR) is large
enough, which is defined in this paper as the ratio of the
LTI output and the output disturbance. A consequence of this
approach is that tracking and disturbance rejection can only be
obtained at those frequencies that are sufficiently excited by
the reference and the suppression of nonlinear contributions
such as hysteresis and friction is limited [15].

Abstract—Model-Free Inversion-based Iterative Control
(MFIIC) enables tracking performance improvement of systems
that perform repeating tasks without using a model of the
system. The aim of this paper is (i) to show that MFIIC can result
in a severe loss of performance if the Signal-to-DisturbanceRatio (SDR) approaches 1, and (ii) to propose a solution to this
problem. The Smoothed MFIIC (SMFIIC) method is developed,
which does not suffer from the undesirable learning transient
behavior. This is achieved by adaptively regulating the learning
speed to ensure smooth convergence. The existence of bad
learning transients in MFIIC and the efficacy of SMFIIC are
illustrated on an experimental desktop printer.
Index Terms—Iterative learning control, Motion Control,
Frequency domain-analysis

Although IIC methods have been significantly developed
and extended to improve tracking performance by merely
using input-output data, at present, convergence can only be
guaranteed if the disturbances are sufficiently small [8]. In
fact, it is shown in this paper that the error can severely
increase during the next trial if the SDR in the previous
trial was close to 1. This behavior, which is referred to as
a poor learning transient, results in large input amplitudes,
which inevitably deteriorate the tracking performance and
can possibly damage the system. Since the SDR is typically
unknown due to unmeasured disturbances, and can strongly
vary since the output changes per trial due to the iterative
update strategy, the occurrence of learning transients can typically not be predicted and excluded. To avoid this potentially
harmful mode of operation, this paper aims to eliminate the
poor learning transients from the MFIIC method, which is
achieved through the following contributions.

I. I NTRODUCTION
Inversion-based Iterative Control (IIC) enables high tracking performance for systems that perform repeating tasks [1],
[2], [3], such as are common in Scanning Probe Microscopy
(SPM) [4], [5] and printing applications [6], [7]. This is
achieved in IIC by iteratively updating a feedforward input
in the frequency domain, based on the residual tracking
error and the inverse of a Frequency Response Function
(FRF) model of the system. The convergence speed and
the performance upon convergence depend explicitly on the
accuracy of the FRF and various IIC extensions exist to
account for robustness against plant variations and to improve
the overall convergence behavior [8], [9].
A key advantage of IIC is that fast convergence is obtained
with low requirements on modeling. Indeed, merely a FRF
model is required, which is typically relatively accurate,
inexpensive, and fast to obtain. Alternative methods that
exploit the repetitive nature of the tasks, including Repetitive
Control (RC) [10] and Iterative Learning Control (ILC) [11],
commonly require a parametric model [9]. Such models are
relatively costly to obtain and their accuracy depends on the
chosen model structure and identification criterion [12], [13].
Model-Free IIC (MFIIC) [14] aims to further reduce the
modeling requirement by eliminating the need for a predetermined FRF model. In this adaptive IIC approach a new
inverse plant model is estimated after each trial by merely
using the input-output data that was obtained during that trial.
By assuming that the system is Linear Time-Invariant (LTI),
the inverse dynamics model is estimated in the frequency
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(C1) A deterministic analysis of the MFIIC method reveals
that diverging learning transient behavior can occur
when the SDR approaches 1 (Section IV).
(C2) The Smoothed MFIIC (SMFIIC) method is proposed
in which adaptive learning is exploited to eliminate the
diverging learning transients (Section V).
(C3) Both MFIIC and SMFIIC are applied to a desktop
printer to illustrate the effect of poor learning transients
and how these are eliminated by adaptive learning
(Section VI).
This is preceded in Section III by the introduction of the IIC
framework and a motivating example is presented to illustrate
the occurrence of learning transients in MFIIC.
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II. P RELIMINARIES
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|Ei |

The sets of real numbers, nonnegative real numbers, complex numbers and integers are denoted by R, R+ = [0, ∞), C,
and Z. In this paper, Discrete Time (DT) signals are considered and an LTI DT system is denoted by its transfer function
G(z), with z ∈ C a complex indeterminate. Throughout, xi
denotes the signal x that corresponds to iteration i.
III. P ROBLEM F ORMULATION
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In this section, the IIC approach is presented as a means to
iteratively solve a general tracking problem. This is followed
by introducing the Model-Free IIC method and a motivating
example shows that a severe loss of performance can occur
when the MFIIC method is applied.

SMFIIC, β = 2.5
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Fig. 1. (Left) The evolution of |Ei | for MFIIC, for the case described in
Example 1, shows that the error grows severely before converging. (Right) In
the SMFIIC method, which is developed in Section V, the learning behavior
is improved by adaptive learning. More specifically, (6) and (10) are applied
to Example 1 with β = 2.5.

A. Iterative Inversion-based Control
In this paper, the following tracking problem is considered.

Yi = 0 to avoid unbounded inputs. To analyze the behavior
of the MFIIC method, it is assumed that the DFT coefficients
of the output are given by,

Problem 1. For a stable system G(z) with output y, and a
reference r, define the tracking error as e = r − y. Determine
the input u such that e is small in a chosen sense.

Yi (k) = G(ejωk )Ui (k) + D(k),

IIC can be employed to solve this problem by iteratively
updating the input signal as follows.

k = 0, ..., N − 1, (2)

where D(k) is the output disturbance that represents contributions of nonlinear dynamics, measurement noise and leakage
[12]. Note that it is assumed in (2) that Di (k) is trial invariant,
i.e. does not depend on i. This enables fixed-point analysis
methods in the following sections that lead to key insights
which extend to the case in which Di (k) varies per trial.
Consider now the following example which shows the
evolution of Ei (k) for a single frequency k, when Ui+1 (k)
is governed by (1) and Yi (k) is given by (2).

Algorithm IIC
1) Apply the input ui to the system and record the tracking
error ei = r − yi , where r is the reference.
2) Obtain Ui and Ei by transforming ui and ei to the frequency domain. Update the input as Ui+1 = f (Ui , Ei )
and transform the result back to the time domain.
3) Repeat until ei converges to satisfy the chosen criterion.
Several suggestions appear in the literature for the update
function f (Ui , Ei ) [1], [15], and MFIIC provides a modelfree update law, as is discussed next. In contrast to common
ILC and RC approaches, in IIC, the input update is explicitly
computed in the frequency domain and the time domain result
is obtained by means of inverse transformation. This enables
the use of a nonparametric FRF model as opposed to requiring
a parametric model to compute the time domain results [9].

Example 1. Consider the iteration dynamics described by (1)
and (2) for a single frequency k, then |Ei | = |R − Yi | evolves
as shown in Figure 1 (left) for R = −1 − 1j, G = 21 + 12 j,
U0 = 1, and D = d + dj, d = 0.501.
This example illustrates that by applying MFIIC the error
can grow severely before converging, which is a typical
example of a poor learning transient. The aim of sections
IV and V is (i) to provide an explanation for this behavior
by analyzing the MFIIC method and (ii) to develop a method
that does not suffer from large transients. This effort results in
the SMFIIC method which improves the iteration transients
by adaptive learning as is shown on the right in Figure 1.

B. Model-Free Iterative Inversion-based Control
The main idea in MFIIC [14] is to estimate an inverse FRF
model using the data from the previous trial, and to use this
model to update the input. To this end, the signals ei ui and yi
are transformed using the Discrete Fourier Transform (DFT)
to result in the DFT coefficients Ei (k), Ui (k) and Yi (k), with
k = 0, ..., N -1, and the update law reads,

IV. A NALYSIS OF MFIIC

U1 (k) = α(k)R(k), α(k) ∈ C,


Ui (k) + Ui (k) Ei (k),


Yi (k)
Ui+1 (k) =
(1)
when
R(k)
6= 0 and Yi (k) 6= 0, i > 1,




0 otherwise,

In this section, the behavior of (1) is investigated for the
case that Yi is given by (2). This deterministic analysis of
the MFIIC method, which constitutes contribution C1, leads
to key insights that enable the development of the SMFIIC
method in Section V. Due to space limitations, the proofs of
the theorems in this paper are omitted and will be presented
elsewhere.

where α is typically the inverse of the DC-gain of the system,
i.e. α(k) ≈ G−1 (ej0 ) ∀k. Note that Ui+1 = 0 when the
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occur if the SDR tends to 1. In the next section, an approach
is developed that significantly improves the learning behavior.

A. Fixed point analysis
First, consider the following theorem which states that the
MFIIC possesses two fixed points. Note that the dependence
on k is occasionally omitted to increase readability.

V. S MOOTHED MFIIC
In this section, the SMFIIC method is developed, which introduces an adaptive learning gain to eliminate poor learning
transients. General requirements on the learning gain function
are derived from a fixed point and convergence analysis, and
an explicit adaptive learning gain function is proposed. The
resulting SMFIIC method, in combination with the provided
tuning guidelines constitute contribution C2.

Theorem 1. For Yi (k) given by (2), the MFIIC algorithm (1)
possesses the fixed points,
U∞1 = G−1 (R − D),

U∞2 = 0,

(3)

which correspond to the limit errors and outputs,
E∞1 = 0,

E∞2 = R − D,

Y∞1 = R,

Y∞2 = −D.

A. The SMFIIC update law

Moreover, U∞1 is asymptotically stable and U∞2 is unstable
∀D ∈ SI [16], and the reverse holds ∀D ∈ SII where
SI , {D ∈ C | R ∈ C, |R| > |D|},

(4)

SII , {D ∈ C | R ∈ C, |R| < |D|}.

(5)

The SMFIIC method eliminates the learning transients in
MFIIC by including an adaptive learning gain ρ as follows,
U1 (k) = α(k)R(k), α(k) ∈ C,


Ui (k) + ρ(Yi (k)) Ui (k) Ei (k)


Yi (k)
(6)
Ui+1 (k) =
when R(k) 6= 0, and Yi (k) 6= 0, i ≥ 1



0 otherwise,

This theorem shows the existence of two different modes.
The first mode U∞1 , corresponds to perfect rejection, whereas
the second mode is U∞2 , corresponds to zero actuation. The
R
|, determine which
sets SI and SII , which depends on | D
fixed point is attracting or repelling. Namely, for |R| > |D|
the rejection mode U∞1 is locally stable, while the passive
mode U∞2 is unstable. For |R| < |D| the reverse holds, and
for |R| = |D| stability cannot be inferred.

with ρ : C 7→ [0, ρmax ),

ρmax ∈ R+ .

The rationale behind this approach is to reduce learning when
|Yi | is small. Next, it is shown that this leaves the fixed points
unaltered such that perfect rejection can similarly be achieved,
whereas the poor learning transients can be removed by a
suitable choice of ρ.

B. Convergence analysis
Since the aim is to converge to U∞1 , it is investigated when
the convergence to U∞1 is global and monotonic. To this end,
recall the definition of monotonic convergence.

B. Fixed point analysis
Consider the following theorem on the fixed points of the
SMFIIC method and their local stability properties.

Definition 1. A sequence {Xi }∞
i=0 , Xi ∈ C, is said to
convergence monotonically to a fixed point X∞ ∈ C if there
exists a κ ∈ [0, 1) such that, |Xi+1 − X∞ | ≤ κ|Xi − X∞ | ∀i.

Theorem 3. For Yi (k) given by (2), the SMFIIC algorithm
given by (6) possesses the same fixed points as the MFIIC
algorithm as given (3) in Theorem 1 and are independent
of ρ(Yi ). Moreover, U∞1 is asymptotically stable ∀D ∈ SIρ
and unstable ∀D ∈
/ SIρ , and U∞,2 is asymptotically stable
ρ
ρ
∀D ∈ SII and unstable ∀D ∈
/ SII
, where


SIρ , D ∈ C | R ∈ C, 1 + ρ(Y∞1 ) D
< 1 ,(7)
R −1


ρ
R
SII , D ∈ C | R ∈ C, 1 + ρ(Y∞2 ) D − 1 < 1 .(8)

The next theorem shows that (1) does not necessarily
convergence monotonically and that error can become unbounded.
Theorem 2. For some k, monotonic convergence of Ei (k)
to the fixed point E∞,1 (k) = 0 is guaranteed if there exists
a δ > 2 such that |G(ejωk )Ui (k)| ≥ δ|D(k)| ∀i, whereas
|Ei+1 (k)| can become unbounded for Yi (k) → 0.

This theorem reveals that ρ(Yi ) does not affect the location
of fixed points. Moreover, if ρmax = 1, the sets of disturbances for which the fixed points are asymptotically stable
are enlarged, as is made explicit in the following corollary.

This theorem shows that monotonic convergence of Ei (k)
i
at frequency k is guaranteed if the SDR, given by GU
D , is
larger than 2. More importantly, the error becomes unbounded
when Yi tends to 0, or equivalently, when GUi = −D,
which corresponds to an SDR of 1. Consequently, undesirable learning behavior can arise in MFIIC, as illustrated
in Example 1. The occurrence of such transients may be
difficult to predict since Ui changes per iteration as a result of
updating. Moreover, in case the disturbance is trial-varying,
i.e. D = Di , the large transients can be similarly induced
whenever Yi ≈ 0, which can occur randomly occur due to
nonlinear effects, measurement noise and leakage.
In this section, a fixed point and monotonic convergence
analysis of the MFIIC show that poor learning transients can

Corollary 1. If ρmax = 1, the set of disturbances for which
the fixed points of the SMFIIC are asymptotically stable
are enlarged with respect to the MFIIC method and are
ρ
ρ
overlapping, i.e., SI ⊂ SIρ , SII ⊂ SII
and SIρ ∩ SII
6= ∅,
ρ
ρ
where SI , SII , SI and SII are given by (4), (5), (7) and (8)
respectively.
This corollary shows that if the learning gain does not
exceed 1, at least one of the fixed points is asymptotically
ρ
stable. Moreover, since the sets SIρ and SII
overlap, there
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exist disturbances for which both points are asymptotically
stable. This implies that choosing suitable initial conditions
may be more relevant for SMFIIC.

Await steady state

C. Convergence analysis
The key advantage of including the learning gain ρ(Yi )
is that the learning transient behavior can be significantly
improved. The following theorem provides the conditions that
allow the suitable selection of ρ(Yi ) such that this is achieved.

Measure error Await steady state
i=1

Update input
Wait

Measure error

reset

Theorem 4. Consider SMFIIC (6) with Yi (k) given by (2).
dρ
(0) exists, it holds that,
Then if ρ(0) = 0 and dY
i
lim |Ei+1 | = lim |1 −

Yi →0

Yi →0

dρ
dYi GUi ||Ei |.

3

dρ
dYi GUi (k)

= lim

Yi →0+

6

8

9

7

Fig. 3. Reconfigured desktop printer with; 1 direct current motor 2 drive
belt 3 end stop 4 print head without cartridges 5 slide guide 6 encoder
belt 6 motor input 7 end stop output 6 encoder output. The motor is
current controlled using an amplifier with voltage input in the range ±2.5 V.
The output is a quantized signal with 600 counts per inch. A laptop running
Simulink Real-Time™ is connected to an in-house developed E/box unit that
provides the data exchange with the printer.

E. Implementation for periodic tasks
It is clear from Theorem 3 that convergence is more readily
achieved when |D| is small. Leakage that results from the
DFT operation can provide a significant contribution to D.
To avoid leakage, the transformed signals need to be either
periodic or time limited [12]. Consequently, the effect of
leakage can be reduced by waiting until the output has reached
a periodic steady state, or until it has returned to rest. In the
remainder of this paper, the case is considered for which r
is a periodic signal of length N . In Figure 2, it is illustrated
how the IIC algorithm as presented in Section III-A can be
implemented in a continuous or batch-to-batch fashion by
only measuring the output when the system is in steady state.

i (k)
1 − β GU
R(k)

β
dρ
i (k)| d|Yi |
= cosh(β |Y
since limYi →0+ dY
|R(k)| ) dYi R(k) =
i
Moreover, since GUi = −D for Yi = 0, (9) results in,

5

1

This choice is motivated by results presented in Theorem 4
as follows. Clearly it holds that ρ(0) = 0. To ensure that
dρ
+
dYi (0) exist, the limit and derivative are taken along R .
Consequently, (9) determines the evolution of the error for
Yi → 0+ and is determined by recognizing that,
1−

4

2

D. An explicit learning gain function
To eliminate the poor transient behavior whilst improving
tracking performance by using the SMFIIC method, the
following adaptive learning gain function is proposed,


i (k)|
ρ(Yi (k)) = tanh β |Y
β ∈ R+ .
(10)
|R(k)| ,

lim

reset

Measure error

Fig. 2. In IIC for periodic tasks, the error is measured when the system is
approximately in steady state. Then, the periodic input is updated and applied
to the system until steady state is achieved, i.e. the grey instants are ignored.
This process is repeated iteratively and can be applied both in continuous
operation (top) or in a batch-to-batch fashion (bottom).

2
ρi

Theorem 4 shows that in contrast to the MFIIC method,
the error propagation is bounded for |Yi | → 0, and depends
dρ
, if it holds that limYi →0 ρ(Yi ) = 0. These
on limYi →0 dY
i
insights are used next to select a suitable function ρ(Yi ). In
addition, this theorem states that for SMFIIC the SDR needs
to be larger than ρ(Y2 i ) to guarantee monotonic convergence.

Yi →0+

Wait

Update input

(9)

In addition, monotonic convergence is guaranteed if ∃ δ >
such that |GUi | ≥ δ|D| ∀i and ρmax = 1.

Measure error
i=2

β
R(k) .

lim |Ei+1 (k)| = 1 + β D(k)
R(k) |Ei (k)|.

Yi →0+

This shows that the design parameter β can be used to
effectively reduce the growth of |Ei+1 | when Yi → 0+ by
R(k)
taking β < | D(k)
|. In practice, Yi ≈ 0 typically occurs when
|R| and |D| are of equal magnitude, and hence, taking β < 1
is a suitable choice. Recall however from Theorem 4 that
achieving monotonic convergence is more readily achieved
for ρ ≈ 1, which correspond to higher values of β. These
insights lead to the following guidelines on using SMFIIC.

In this section, the learning transients that are inherent to
MFIIC are eliminated in the proposed SMFIIC method by
employing adaptive learning. In the next section, the presented
design and implementation guidelines are used to show that
smooth and reliable convergence results by using SMFIIC.

Design Guidelines SMFIIC
−1
• Apply (6) with (10), where β < 1 and α(k) = Gm (k),
where G−1
(k)
=
1
if
no
FRF
model
G
is
available.
m
m
• If the convergence speed is too slow, increase β.
• If the |Ei (k)| does not decrease, increase |R(k)| if there
is additional freedom to change the reference r.

VI. A PPLICATION : D ESKTOP P RINTER
In this section, the MFIIC and SMFIIC method are applied
to a desktop printer. It is experimentally shown that poor
learning transients indeed occur in the MFIIC method and
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Fig. 6. |E(k)|, at the first 10 excited frequency lines k = 1, 3, 5, ..., 19.
Left: For the MFIIC method E(15) displays a bad learning transient and is
not rejected. Right: For the SMFIIC method all |E(k)|, including E(15),
converge without displaying a poor learning transient. The level of nonrepeating errors is estimated and indicated by the shaded area.
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Fig. 5. Closed-loop scheme.
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that these can be readily eliminated by using the SMFIIC
approach, which constitutes contribution C3.
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A. The Periodic Iterative Control Problem
The control objective is to have the print head, of the printer
as shown in Figure 3, to continuously and accurately follow
a smoothed triangle trajectory of which a single period is
shown in Figure 4. The bottom plot shows that the reference
contains mostly low frequency energy content and excites the
frequencies 12 n, n = 1, 3, ..., 999. To show that the MFIIC and
SMFIIC method can be applied in closed-loop, the printer H
is controlled in feedback at a sampling frequency of 2 kHz
by a 9 Hz bandwidth controller as is shown in Figure 5.
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B. Applying MFIIC and SMFIIC
To achieve the control objective, MFIIC and SMFIIC
are applied in the batch-to-batch setting as is presented in
Section V-E and as illustrated in Figure 2 (bottom). To this
end, the periodic input ui is applied to the system for 3
consecutive periods. Then, ei is measured during the 3rd
period, at which point the system is approximately in steady
state. The periodic signals are transformed by using the DFT
and ui is updated before starting the next trial according to
(1) and (6) for MFIIC and SMFIIC, respectively. To account
for the fact that the system operates in closed loop as is
shown in Figure 5, note that Yi = G(z)[Fi + Cf b (z)R] + D,
where G(z) , H(z)S(z) is the process sensitivity, S(z) ,
(1+Cf b (z)H(z))−1 the sensitivity function and D , S(z)D̃
the equivalent output disturbance. Consequently, by taking
Ui , Fi + Cf b (z)R in (1) and (6), the presented results hold
equivalently.

SMFIIC: k = 15
SMFIIC: k = 1, 3, ..., 19
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Fig. 7. |Y (k)|, |U (k)|, at the first 10 excited frequency lines k =
3, 5, ..., 21. Left: For the MFIIC method the amplitude of Y (15) decreases
rapidly, resulting in a learning transient, after which the input converges to
zero, which corresponds to the passive mode of the MFIIC method. Right:
For the SMFIIC method converges to the desired input for all displayed
frequencies.

k = 1, 3, ..., 19. Clearly, most coefficients converge to zero
during the first 5 trials, whereas |Ei (15)| displays undesirable
growth before converging to a non-zero value. Figure 7 shows
that this behavior occurs when |Yi (15)| decreases, thereby
affirming Theorem 2, which states that |Ei+1 | may increase
significantly when |Yi | becomes small. Moreover, Figure 7
shows that |Ui (15)| converges to the passive mode, i.e.,
|Ui (15)| → 0, as is predicted by Theorem 1, which states that
U∞,2 = 0 is an asymptotically stable fixed point if |D| > |R|.
In contrast, applying SMFIIC with ρ given by (10) for
β = 1 does not result in a learning transient, as is evidenced
by the right plots of Figure 6 and Figure 7, which display
overall convergence to the rejection mode. This confirms that

C. Experimental results
Applying MFIIC results in a learning transient at the
16-th frequency bin, as is shown on the left in Figure 6.
This figure shows the amplitude of the DFT-coefficients
of ei at the first 10 excited frequency lines, i.e., |Ei (k)|,
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VII. C ONCLUSION
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The MFIIC method is shown to suffer from poor learning
transients when the signal-to-disturbance ratio approaches 1.
To avoid this undesirable behavior, the Smoothed MFIIC
method is developed in which adaptive learning is used to
eliminate the learning transients. The presented results are
experimentally validated by application to a desktop printer.
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adaptive learning can effectively eliminate learning transients,
as is presented in Theorem 4. Moreover, note that for |E(k)|,
k 6= 15, similar converged behavior is obtained. This confirms
Theorem 3, which states that the fixed-points are unaltered by
ρ, and that these are stable for larger sets of disturbances. This
enables convergence to the rejection mode for k = 15.
To complete the comparison, consider e15 in Figure 8,
which shows that superior performance is achieved by the
SMFIIC method. Moreover, the power spectrum density of
e0 and e15 in Figure 9 similarly shows that for MFIIC the
dominant error component occurs at k = 15, which is rejected
in the SMFIIC method. For both methods, convergence to the
rejection mode is achieved at the excited frequency lines up
to 19 Hz. For higher frequencies, Ui converges to the passive
mode, since |R| is significantly lower, as shown in Figure 4.
In this section, MFIIC and SMFIIC are applied to a desktop
printer which confirms that MFIIC can suffer from poor
transients, whereas these are effectively removed in SMFIIC.

460

Powered by TCPDF (www.tcpdf.org)

[1] S. Tien, Q. Zou, and S. Devasia, “Iterative control of dynamicscoupling-caused errors in piezoscanners during high-speed AFM operation,” IEEE Trans. Control Syst. Technol., vol. 13, no. 6, pp. 921–931,
2005.
[2] Y. Yan, H. Wang, and Q. Zou, “A decoupled inversion-based iterative
control approach to multi-axis precision positioning: 3d nanopositioning example,” Automatica, vol. 48, no. 1, pp. 167–176, 2012.
[3] Y. Wu and Q. Zou, “Iterative control approach to compensate for both
the hysteresis and the dynamics effects of piezo actuators,” IEEE Trans.
Control Syst. Technol., vol. 15, no. 5, pp. 936–944, 2007.
[4] G. M. Clayton, S. Tien, K. K. Leang, Q. Zou, and S. Devasia, “A
review of feedforward control approaches in nanopositioning for highspeed SPM,” J. Dynamic Syst., Measurement, Control, vol. 131, no. 6,
p. 061101, 2009.
[5] G. Schitter and A. Stemmer, “Identification and open-loop tracking control of a piezoelectric tube scanner for high-speed scanningprobe microscopy,” IEEE Transactions on Control Systems Technology,
vol. 12, no. 3, pp. 449–454, 2004.
[6] D. Harriman, “Control systems challenges in the hp personal ink jet
printing application,” in Proc. Amer. Control Conf., Portland, OR.
IEEE, 2005, pp. 1138–1141.
[7] J. Bolder, T. Oomen, S. Koekebakker, and M. Steinbuch, “Using
iterative learning control with basis functions to compensate medium
deformation in a wide-format inkjet printer,” IFAC Mechatronics,
vol. 24, pp. 944–953, 2014.
[8] Q. Zou, K.-S. Kim, and C. Su, “Iteration-based Scan-Trajectory Design and Control with Output-Oscillation Minimization: Atomic Force
Microscope Example,” Proc. Amer. Control Conf. New York, NY, pp.
4227–4233, 2007.
[9] R. de Rozario, A. J. Fleming, and T. Oomen, “Iterative control for periodic tasks with robustness considerations, applied to a nanopositioning
stage,” IFAC-PapersOnLine, vol. 49, no. 21, pp. 623–628, 2016.
[10] S. Hara, Y. Yamamoto, T. Omata, and M. Nakano, “Repetitive Control
System: A New Type Servo System for Periodic Exogenous Signals,”
IEEE Trans. Automatic Control, vol. 33, no. 7, pp. 659–668, 1988.
[11] K. Moore, Iterative Learning Control for Deterministic Systems.
Springer-Verlag London, 1993.
[12] R. Pintelon and J. Schoukens, System identification: a frequency domain
approach. John Wiley & Sons, 2012.
[13] T. Oomen, “Advanced motion control for precision mechatronics:
Control, identification, and learning of complex systems,” in IEEJ
Journal of Industry Applications. IEEJ, 2018, pp. 1–14.
[14] K.-S. Kim and Q. Zou, “A modeling-free inversion-based iterative feedforward control for precision output tracking of linear time-invariant
systems,” IEEE/ASME Transactions on Mechatronics, vol. 18, no. 6,
pp. 1767–1777, 2013.
[15] L. Yang and J. Bechhoefer, “Feedforward control of a piezoelectric
flexure stage for AFM,” in Proc. Amer. Control Conf. Seattle, WA.
IEEE, 2008, pp. 2703–2709.
[16] H. Sedaghat, Nonlinear difference equations: Theory with applications
to social science models. Springer Science & Business Media, 2013,
vol. 15.

