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Abstract—Positioning systems are often subject to positiondomain disturbances: these are periodic in the position domain
yet can appear a-periodic in the time domain. The aim of this
paper is to develop a position-domain repetitive control approach
that allows to attenuate disturbances with arbitrary varying
period. The key idea is to implement a memory loop in the
position domain on the basis of non-equidistantly distributed
observations, which are inherent to the position domain. An
experimental validation on an industrial substrate carrier shows
a major performance improvement for a large range of velocities.
Index Terms—Repetitive Control, Position Domain, Motion
Systems

I. I NTRODUCTION
Periodic disturbances that have an underlying position domain nature are often encountered in positioning systems.
Examples include; a system with cogging [2], a CD-player
[3], or a wafer stage performing repeating motions [4]. In the
present paper, a substrate carrier system, being used in the
printing industry, is considered. It consists of a steel belt that
rotates along two rollers. The rotational nature of the system
induces a disturbance that depends on the roller angle. This
disturbance is periodic in the roller position domain. However,
in the time domain the disturbance period may change or
become a-periodic depending on the roller velocity.
Repetitive control (RC) can asymptotically reject periodic
disturbances with a fixed and known frequency [5]–[7]. The
underlying mechanism is the internal model principle, stating
that a model of the disturbance must be captured in the
feedback loop [8]. In RC the disturbance model is typically a
time-domain buffer. The size of the buffer is fixed and equal
to the disturbance period time, such that an integer multiple
of the disturbance fits exactly in the buffer. If this condition is
met, then RC is able to asymptotically reject the disturbance.
Repetitive control is not applicable to high-precision motion systems that are subject to disturbances with a varying
period. Positioning systems that operate at arbitrary (angular)
velocities experience these type of disturbances. Consider, for
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example, a varying angular velocity of the belt in the considered substrate carrier, leading to a variation of the disturbance
period. Repetitive control is not effective in this situation, and
may even lead to disastrous performance deterioration [6], [9].
In [3], an approach is presented where multiple memory loops
are used to allow for small variations in disturbance frequency.
In [10], [11], an alternative is presented where RC is combined
with adaptive control. This allows for varying disturbance
periods with a constant buffer size by adapting the sampling
time. In [12], an alternative is presented where the internal
model is synthesized in the spatial domain. Furthermore, in
[2] an approach is presented where the state of the system is
used to compensate for cogging effects. This approach utilizes
position information, however it requires that the reference
trajectory is repeating.
Although important progress has been made to improve RC
for systems with varying disturbance frequencies, a solution
for arbitrary variations has not yet been established. The aim
of this paper is to enable attenuation of disturbances with
arbitrary period by means of position-domain RC. The key
idea is to define the memory loop in the position domain
instead of the time domain. This is done by storing, besides
the time-domain information, also position information, essentially transforming the time-domain signals to the positiondomain, involving the following aspects;
(1) due to equidistantly sampled time-domain observations, the
observations become inherently non-equidistantly distributed
in the position domain due to velocity variations,
(2) the current position is stored in the buffer, requiring an
infinitely large buffer due to the the intermittent position
observations, and
(3) to evaluate the buffer at the current position an additional
estimation step is required.
This lead to the following contributions:
• position-domain repetitive control design for suppression
of disturbances of arbitrary period, by creating a buffer
in the position-domain;
• a novel reading and writing algorithm is developed to
deal with non-equidistant data in a finite buffer size; and
• experimental validation on a substrate carrier system.
Note that this approach is related to basis functions approaches
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Fig. 1. Experimental substrate carrier setup.

repetitive controller with learning filter L and robustness filter
Q. The disturbance is represented by d(t) on the input, and
r(t) is the reference to be tracked. Note that the reference is
set to zero in the considered application. The RC framework
resembles the traditional RC framework as in [5], with a key
difference that the time-domain memory loop, i.e., delay line,
is replaced by a position-domain memory loop, being the main
contribution of this paper.
C. Position-domain disturbance

as in iterative learning control (ILC), see e.g., [13], [14]. Here
the mapping from time domain to position domain can be
seen as a basis function, allowing for extrapolation to varying
disturbance frequencies.
The outline of this paper is as follows. In Section II
the considered system and problem setting are discussed. In
Section III, the position-domain RC framework is presented.
Furthermore, an algorithm is provided to integrate a position
based buffer in the traditional RC setting, efficiently dealing
with non-equidistant observations. In Section IV, experimental
validation shows that the developed method outperforms traditional RC for a varying operating velocity. Finally, conclusions
are provided in Section V. Throughout this paper all plots have
been normalized for confidentiality reasons.
II. E XPERIMENTAL S ETUP AND P ROBLEM D EFINITION
In this section, the experimental substrate carrier setup is
explained in detail. The positioning error is analyzed, indeed
showing that the system exhibits disturbances that are periodic
in the position domain. Finally, the considered problem is
defined.
A. Experimental setup
The experimental setup is shown in Fig. 1. It consists of a
steel belt that rotates along two segmented rollers, see [15],
[16] for more details. The aim is to position a point on the belt,
i.e., the Point-of-Interest (PoI), accurately under a printing unit
as schematically depicted in Fig. 2. The paper is fixated to the
belt by means of a vacuum, thus accurate control of the belt
implies accurate positioning of the paper. Depending on the
operation of the system, the belt moves either with a fixed or
a varying velocity.
The PoI is controlled in three degrees of freedom; the
transport direction y, lateral direction x and the rotation rz , see
Fig. 1. The actuators are placed in the segmented rollers, one
of which controls the transport direction. They also contain
multiple actuated segments that allow the belt to be steered in
the the x and rz directions. The position of the PoI is measured
using two sensors in the x-direction, which are combined to
find the x and rz coordinates, an encoder is used to determine
the y coordinate.

The disturbance is periodic in the position-domain, but may
manifests non-periodically in the time domain due to velocity
variations, i.e., the following is assumed.
Assumption 1 The time-domain disturbance d(t) is composed from a periodic and constant position-domain function
dp (p), and the (roller) position p(t), i.e.,
d(t) = dp ◦ p = dp (p(t))

where dp satisfies dp (p) = dp (p+k2π) with k ∈ Z and p ∈ R.
Next, it is shown that the disturbance acting on the experimental setup, indeed has a periodic equivalent in the roller
position domain and satisfies Assumption 1. The disturbance
cannot be measured directly and is reconstructed on the basis
of measured error data e(t), and corresponding roller position
data p(t). This analyses is performed for multiple operating
velocities, since a higher velocity induces a higher disturbance
frequency as can be seen in Fig. 4. This clearly shows that
the disturbance period varies in the time domain. The aim is
to validate Assumption 1, i.e., that the varying time-domain
disturbances map to the same position domain equivalent
dp (p). Note that the disturbance frequencies have different
attenuation properties induced by the feedback controller. This
is compensated to compare multiple velocities. A disturbance
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Remark 1 In this paper, the focus is on the x-direction where
the disturbance is most pronounced.
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B. Control framework
The control setup is depicted in Fig. 3, in which Cfb is a
stabilizing feedback controller, P is an LTI plant and R is the
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Fig. 3. Control framework with add-on position-domain repetitive controller.

table, requires interpolation to store the observations in
the buffer. An alternative approach is developed in this
paper, where the current position is directly stored in the
buffer without interpolation, but in theory requiring an
infinite buffer size.
• Reading from the buffer at random positions. To inject the
output of the RC in the feedback loop, the buffer value at
the current position must be read. However, the current
position is not necessary present in the buffer. Hence an
additional reading algorithm is presented.
Finally, the buffer is integrated in the traditional RC setting.
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Fig. 4. Capture of the error for three different operating velocities
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In this section, the repetitive control framework is established, more specifically the integration of a position-domain
memory loop in the traditional RC setting, see Fig. 3. Furthermore, a novel algorithm is provided for reading and writing to
the memory loop, on the basis of non-equidistant observations.
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Fig. 5. Positioning error in the position-domain for multiple angular velocities,
with a zoom to indicate the actual measurements are non-equidistant.

A. Position-domain RC framework
Consider again the RC framework introduced in Fig. 3. The
aim is to develop a position-based memory loop, also referred
to as buffer, while maintaining the traditional RC setting. In
traditional RC, the learning filter L and robustness filter Q are
often designed according to the following procedure.
Procedure 1 (Repetitive control design guidelines)

estimate is generated on the basis of measured error data and
a model of the system
n
o
ˆ = F −1 (PˆS)−1 (jω)E(jω) ,
d(t)
(2)

1) Identify a parametric model of the plant P and compute
the complementary sensitivity function estimate
T̂ =

where
d
P
S=

P̂
1 + Cfb P̂

, and E(jω) = F {e(t)}

(3)

in which P̂ is an identified frequency response function of
the setup. The corresponding position p(t) is also measured,
such that the resulting disturbance estimate can be represented
in the roller position domain, mapped to one period [0, 2π)
corresponding to one revolution as shown in Fig. 5.
This confirms that the disturbance is highly similar for the
different velocities, and repeating over one revolution which
validates Assumption 1. Furthermore, it can be seen that the
observations in the position domain, indicated by the bullets,
are differently distributed for each velocities. This experiment
analyses confirms that indeed the substrate carrier system
suffers form a disturbance that is repeating in the position
domain.
D. Problem Definition
The considered problem in this paper is to construct a buffer
in the position domain, while maintaining the frequently used
design procedure in traditional RC. This involves the following
aspects:
• Constructing a position-domain memory loop on the basis
of non-equidistant observations. Creating a buffer that
is defined on fixed pre-defined positions, i.e., a discrete

P̂ Cfb
1 + P̂ Cfb

.

(4)

2) Design the learning filter as L = T̂ −1
3) Design the robustness filter Q such that the following
stability condition holds [17].
|Q(eiω )(I − T (eiω )L(eiω ))−1 | < 1 ∀ω ∈ [0, π].

(5)

Remark 2 If T̂ has non-minimum phase behavior, the inverse
becomes unstable. There are several options to compute a
stable but possibly non-causal inverse using for example
stable-inversion or ZPETC, see e.g., [18], [19].
Remark 3 Note that the provided stability condition (5) only
holds if the given observations in the position-domain are
piecewise linear, such that linear interpolation between two
position given an exact estimate of the intermediate position
as will become clear in the remainder of this paper.
Note that both the robustness filter Q and the learning filter
L are allowed to have finite preview, i.e, non-causality, for
example
L = z nl Lc

(6)

where Lc is causal and nl are the number of samples of
preview. The preview is integrated in the buffer, as shown
later in this section.
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Fig. 6. Time-based memory loop in tradition repetitive control.

In traditional RC, a delay line of N samples, i.e., z −N , is
used as a memory loop, where N corresponds to an integer
times the disturbance period, see Fig. 6. Hence, writing in
the buffer at the current sample k takes place based on the
previous value at sample k − N , i.e.,
`(k) = e(k) + z −N `(k)
= e(k) + `(k − N )

(7a)
(7b)

where Q = 1 for the ease of notation. Updating the buffer
values as such allows to learn a periodic signal in the buffer
that exactly compensates for the disturbance, assuming that the
disturbance is periodic with period N . This mechanism allows
the error to become zero while the buffer remains constant.
However, if the period varies, due to varying roller velocity,
going back N samples does not correspond to one disturbance
period. Hence, the time-domain memory loop is not effective
if the disturbance period changes.
According to Assumption 1 and Fig. 5, the disturbance is
periodic and fixed in the position domain, independent of
the rotational velocity. Furthermore, the period corresponds
to one revolution of the roller. Hence, the key idea is to
base the memory loop on position rather than time, i.e.,
write the new buffer value based on the previous buffer value
at that specific position. This method allows to extrapolate
the learned memory loop content in the position domain to
the time domain for varying velocities. Essentially using the
transformations between time and position domain as basis
functions similar to basis functions in ILC.
Remark 4 Note that this is similar to modifying the value of
N every sample in the time-domain memory loop based on
the speed variations, i.e., creating a time varying N (t).
B. Position-Domain Buffer
In this section, a buffer that deals with non-equidistant
observations is presented. This involves two challenges;
(i) the current position pcur (k), which can occur anywhere in
the interval pcur ∈ [0, 2π), is stored in the buffer at sample k.
Hence the buffer size required is essentially infinite, and
(ii) the buffer value at the current position, i.e., one period
old denoted with pprev , is required to write the new value `
to the buffer, however, pprev is generally not exactly present
in the buffer data and must be estimated from neighboring
observations.
Next, a buffer with finite size and corresponding reading
and writing algorithm are presented. Thereafter, an estimation
step is provided for the case where the current position is not
present in the buffer.

(3) update buffer using `prev and e(k)

`new

Fig. 7. Position-domain circular buffer reading and writing algorithm. The
current position Pcur is written in the buffer directly, the buffer value `new
is updated value on the bases of the previous value `old that is one period
old and the current error e(k).

Circular buffer implementation: In order to write the current
buffer value, the previous buffer value exactly one period
old is required. All information before this entry is not used
anymore, i.e., only information from one roller revolution is
essential. This limits the size of the memory loop already to
one roller revolution, after which these entries can be overwritten. This is graphically depicted in Fig. 7. The required buffer
size is determined by the lowest operating velocity ṗmin in
rad/s, since this generates the most samples per rotation. This
sets the minimal buffer size as follows,
pper
Nmin =
fs
(8)
ṗmin
where pper in radians is the period in the position domain,
which is 2π radians in this case.
Remark 5 Note that the sampling frequency must be sufficiently high depending on the operating velocity, i.e., satisfy
the Shannon sampling criterion [20].
Next, the reading and writing principle is explained, assuming for the moment that the current position is already stored
in the buffer, i.e., interpolation is not required. Subsequently a
regression method is presented that utilizes the available data
to estimate the buffer value at the current position.
C. Reading and writing principle
Given the current position p(k), the position domain period
pper , the minimal buffer size (8), and the error measurement
e(k), the buffer is updated according to the following procedure.
Procedure 2 (Reading/writing algorithm)
Initialize a timer i = 1 and execute the following steps
every sample k:
1) Map the position p(k) to the interval p ∈ (0, pper ], i.e.,
pcur (k) =

mod (p(k), pper ).

(9)

where mod defines the modulo operator.
2) Write pcur (k) in the buffer at index i.
3) Find the index iprev which is exactly one period old∗ .
4) Read the buffer value denoted as
`prev = buffer(iprev + nl + nq )

(10)

|pcur (k)−p−1 |

Pcur − pper

prev
and compute β = |p+1 −p−1
.
prev
prev |
2) Compute the buffer values:

Pcur

p−1
prev
p

p+1
prev

`

i−1
prev

i+1
prev

−1
`−1
prev = buffer(iprev )

(14)

`+1
prev

(15)

=

buffer(i+1
prev )

and perform a linear interpolation to estimate the buffer
value at pcur (k)
+1
`ˆprev = (1 − β)`−1
prev + β`prev

i

`prev

(16)

3) Perform step (5) in Procedure 2 with `prev = `ˆprev .

Fig. 8. Situation where current position is not present in the buffer.

where nl and nq are the preview terms in L and Q
respectively ∗∗ .
5) Write the new buffer value given by,
`(k) = `prev + αe(k)

(11)

at index i, where α ∈ (0, 1] is an optional learning gain.
6) Update the counter:
• if i ≤ Nmin set i = i + 1
• if i = Nmin set i = 1
and repeat from step 1).
* Searching for iprev is a position-based search that can be
done in many ways, for example using a bi-section algorithm.
** To compensate for the preview, assume that the system
operates in steady-state.
*** If p(k) < pper set `prev = 0.
Note that a learning gain α is present in the update (11), this
allows to limit the learning such that the algorithm becomes
less sensitive to non-repeating errors. The next section focuses
on how to estimate `prev , if p(k) is not present in the buffer.
D. Estimation buffer values
In practice it will occur that the current position is inbetween two previous buffer positions. In this case, an estimate
of the buffer at current position, i.e., `prev , is required to write
the new value to the buffer. There are numerous options to
do so, e.g., by means of interpolation, averaging, or more
advanced methods such as a Gaussian process. To point out
the main idea, a linear interpolation is used here, more refined
approached will be published elsewhere.
Note that in the considered circular buffer approach the
estimation step is only required to find `prev . In alternative
methods, where the buffer is defined on fixed position, an
estimation step is required both for reading and writing.
Procedure 3 (Reading with interpolation)
Obtain pcur (k) using (9) and the neighboring buffer indexes
+1
i−1
prev and iprev as in Fig. 8. Next, execute the following:
1) Read the position at the nearest buffer indexes
−1
p−1
prev = buffer(iprev )

(12)

p+1
prev

(13)

=

buffer(i+1
prev )

The output of the RC is simply given by filtering `prev with
the learning filter L. This completes the algorithm in case that
the current position is not present in the buffer.
IV. E XPERIMENTAL VALIDATION
In this section, the position domain RC method is applied
to the experimental setup, and the limitations of traditional RC
are shown.
A. RC Design
To design the learning filter, a model of the plant is required.
This is obtained with a closed-loop identification experiment,
resulting in a frequency response function (FRF) of the plant.
To compute the learning filter, according to Procedure 3, a
parametric fit is generated. Next, the complementary sensitivity function T̂ is generated, which is inverted using ZPETC,
to obtain the learning filter. Furthermore, a robustness filter
Q is designed to satisfy the stability criterion (5). Finally, the
period in the roller position domain is set to pper = 2π radians,
corresponding to one roller revolution.
B. Results
Experiments have been conducted with only PID control, in
addition the traditional RC and the developed position-domain
RC approach are applied. The resulting error is analyzed using
cumulative power spectral density (CPSD) which is shown in
Fig. 9. It can be seen that by using PID control (–), there is a
large increase in the error, corresponding to the main harmonic
of the disturbance induced by the rollers. Next, traditional RC
approach (–) is applied where buffer size, i.e., the value of N ,
is as close ass possible to disturbance period. This shows a
major reduction in the error value.
Remark 6 Note that the effect of the disturbance is not
completely mitigated in the traditional RC approach. This
is caused by the fact that the disturbance is driven by a
position signal p(t), in this case the roller position. Due to
small variations in the roller velocity, the disturbance period
varies slightly over time. The nominal value has been used to
obtained these results.
Furthermore, the traditional RC has been applied while modifying the buffer size by 2.5% (–), which is equivalent to
changing the velocity. This leads to a major performance
decrease, indeed showing that traditional RC cannot deal with
varying velocities. Finally, the proposed position-domain RC
method is applied (–). This shown an even greater reduction
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of the disturbance effect leading to a major performance
improvement of approximately 45%.
To show that the developed approach is effective for multiple disturbance frequencies, the velocity is varied over time as
shown in Fig. 10. From this result it follows that the error does
not grow for changing velocities, being a major improvement
with respect to traditional RC.
V. C ONCLUSION
Position-domain disturbances are present in many industrial
applications. Such disturbances have an underlying periodic
position-domain equivalent, but may manifest a-periodically
in the time domain. In this situation, traditional RC is not
effective. A new approach is presented where the key idea is to
use a position-domain memory loop instead. A novel reading
and writing logarithm is provided allowing to integrate the
position-domain memory loop within the traditional RC setting. This enables attenuation of position-domain disturbances
with varying period in the time domain, i.e., where traditional
RC is not effective. This approach is successfully applied to
a substrate carrier system resulting in a 45% performance
improvement. Ongoing work focuses on Gaussian Process
regression, see e.g., [21] for its use in feedforward control,
and extensions to the multivariable case [22].
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