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Abstract

Free-space optical communication is the next step in high speed high density communica-
tion. An important aspect of these the terminals used is the acquisition of a link between
terminals. To improve the acquisition time of a free-space optical terminal, the terminal
itself is investigated to determine critical components. The FSM, one of the critical
components in the terminals for acquisition, is chosen to investigate further. The specific
use-case further investigated uses a single acquisition trajectory and the bandwidth of the
FSM is limited due to noise originating in other components of the terminal. To increase
performance of the FSM above the bandwidth, frequency domain ILC is applied to the
FSM. A framework is defined to accurately estimate the performance of the ILC algorithm
on the FSM based on the frequency content of the acquisition trajectory. The accuracy of
the framework is verified through measurements on the FSM. The framework includes a
spectral analysis on the tracking error. The spectral analysis is used to determine the
optimal learning gain depending on the frequency content of the acquisition trajectory.
The accuracy of the spectral analysis is verified using measurements on the FSM. It is
also shown that using ILC can significantly improve the tracking performance of the FSM
above the bandwidth. It is however also shown that tracking performance is a sufficient yet
not necessary requirement for a successful acquisition, meaning that improving tracking
performance of the FSM is not a complete solution to improving acquisition time of a
free-space optical communication terminal.
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Chapter 1

Introduction

In this chapter the background for the research in this report is explained. An introduction
into laser communication in space terminals is followed by a more detailed explanation of
one of the main components in these space terminals. This is followed by an introduction
into acquisition and why high performance is required to accomplish this. Finally a
summation of the research contributions made in this report is presented.

1.1 Research motivation

1.1.1 Free-space optical communication

With an increasing demand of data communication worldwide, the radio frequency meth-
ods currently employed for communication on satellites are reaching their limits. The
next step in high density satellite communication is optical communication. A common
frequency band used by radio frequency communication is the Ku-band, which is defined
as the frequency range from 12 to 18 GHz or wavelengths between approximately 16.7mm
and 25.0mm. This band is for example used on the first generation Starlink satellites
by SpaceX [7], the communication system of the International Space Station [10] and in
several projects by TNO [13]. Common lasers on the other hand have wavelengths ranging
from 193nm (Argon-Fluoride) to 10600nm (Carbon Dioxide) depending on the type of
laser. Lasers typically used for optical communication are part of the infrared spectrum
and have wavelengths ranging from 1260 nm to 1675 nm corresponding to approximately a
frequency range of 180THz to 240THz. This significantly higher carrier frequency directly
translates into significantly higher potential data transfer rates with a theoretical increase
of a factor of about 104. Another major point of interest of laser communication is safety.
Data send through a laser can only be intercepted by putting a receiver in the path of the
laser beam, making it much harder to wiretap laser communication as opposed to radio
frequencies.

Lasers can be used to facilitate the communication between a ground station and a
receiving terminal with a satellite, or network of satellites, as intermediate terminal, an
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Figure 1.1: Example of usage for laser communication between space terminal and several
different ground terminals[14].

example is shown in Figure 1.1. The lasers are thus used both between ground stations
or terminals and satellites as well as between multiple satellites in a network. The first
is to connect the ground station to a terminal to receive and provide information, for
example between an airplane and the air traffic control tower. By using a network of
satellites it is not necessary for both the ground station and the end terminal to be in the
range of the same satellite. When the satellite that connects to the end terminal is not
in range of the ground station it can connect to a different satellite using a laser until
the data line reaches a satellite in range of the ground station. This can also be used to
provide an internet connection to remote places like the north and south pole to which
a cable can not be provided. This is for example one of the intentions of the Starlink
satellites from SpaceX: “Starlink is ideally suited for areas of the globe where connectivity
has typically been a challenge. Unbounded by traditional ground infrastructure, Starlink
can deliver high-speed broadband internet to locations where access has been unreliable
or completely unavailable.” [1]. Although the current generation of Starlink satellites
use radio frequency waves, the same principal can be applied to optical communication
terminals to create a large network of satellites.

1.1.2 Acquisition of a free-space optical link

To connect several satellites in a network, or to establish a connection between terminals
to transfer data, a link between terminals has to be established. Since the terminals
often do not know their exact orientation and the orientation of the target terminal, an
acquisition has to be performed to find the correct orientation to establish the link between
terminals. This acquisition has to be performed in as little time as possible to prevent
down time of the data transfer. By decreasing the acquisition time, the link between
terminals can be established faster, meaning the data transfer can start and thus finish
sooner. A slow acquisition means a longer waiting time for the link to be established and
effectively mitigating the increased data transfer speeds of using a laser instead of radio
waves.
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There are several different scenarios where acquisition is needed and every scenario
has different requirements from the terminals. Two scenarios are illustrated in figure
1.4. These two scenarios are often used as they illustrate on the left the scenario of
establishing a link between a terminal in space and a terminal on earth, and on the right a
link between two terminals in space that could for example be used to create a network of
satellites. These two scenarios also show how requirements can differ significantly between
different acquisition cases. When a connection between a terminal in space and on earth
has to be established, the acquisition is purely performed by the terminal in space. The
ground station uses a beacon light source with a relatively large divergence which is highly
certain to reach the satellite. The terminal will have to find the correct orientation to
correctly receive the incoming laser and activate the outgoing laser such that it will reach
the ground terminal. The other case, when two terminals in space have to establish a
link between each other, both satellites will have to perform the acquisition. In this case,
there is more uncertainty, meaning the acquisition will take longer as the uncertainty cone
is reduced over time. Essentially this means that no acquisition is ever the same and in
certain cases the acquisition changes over time during the acquisition.

This report will be limited to the use case of establishing a link between a terminal
in space and on earth. Since this use case does not change the acquisition over time,
this use case is one of the least complex cases to analyze performance and acquisition
times. To further investigate how the acquisition times can be improved, the different
components of an optical communication terminal are shortly explained after which one
crucial component is investigated further.

1.1.3 Optical communication terminals

Satellites will be oriented in an advantageous way such that the transmitting laser beam is
directed towards the receiver. Satellites are equipped with an optical communication termi-
nal which houses the critical components to facilitate optical communication. An example
of such a terminal is the CubeCAT designed by TNO of which the functional architecture
is shown in Figure 1.2 [6]. The specifications of the CubeCAT [8] consist among others of
a constraint on the host satellite that requires the satellite to have a pointing accuracy of
less than 8.7mrad, or half a degree. For accurate pointing, satellites are typically equipped
with an ADCS, an Attitude Determination and Control System. The ADCS consists of
several sensors, typically a star tracker, and actuators. Since the CubeCAT was originally
designed as a product for the company Hyperion, it was therefor meant to work with an
ADCS from Hyperion. As seen in the specifications of the iADCS200, an ADCS by Hyper-
ion and Berlin Space Technologies [9], the used star tracker has an attitude determination
accuracy of 30 arcseconds, about 0.15mrad. However, due to among others the low update
frequency of 5Hz, the pointing accuracy is specified as much less than 1 degree, about
17.5mrad. Although laser beams are divergent, this divergence is typically in the order of
tens of µrad. This means that the pointing accuracy of a satellite is a factor of about 102

to 103 off, considering the divergence of the laser beam. This gives reason to the fact that
a satellite is equipped with a more elaborate terminal instead of simply a laser light source.
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Figure 1.2: Block diagram depicting the
architecture of the CubeCAT terminal.

Figure 1.3: Design of the fine steering mirror
(FSM) by TNO. The FSM has a tip/tilt

range of ± 1 degrees to accurately direct the
laser.

The terminal contains a laser light source to create the transmitting beam (TX). The
receiving beam (RX) is directed to a tracking sensor. In CubeCAT this sensor is a
quadrant detector consisting of four photosensitive sectors. The optical system inside the
terminal focuses the incoming RX beam onto a spot on the detector, translating beam
angle variations into spot displacements. The output current of each sector can be used to
determine the coordinates of the laser spot on the detector and based on those coordinates
the tip and tilt offset of the incoming RX beam can be determined [16].

A fine steering mirror (FSM) is placed in the path of both the receiving and trans-
mitting beams and is used to correct the TX angle based on the offset of the RX beam.
The processing unit determines the corrections for the FSM based on the data received
from the quadcell. These corrections of the FSM are made to correct orientation changes of
the satellite. Moreover, since the FSM is placed in the path of both the RX and TX beams,
the corrections are made to both the receiving and transmitting paths simultaneously. A
beamsplitter (BS) in the optical bench is used to separate the RX and TX channels.

The FSM is one of the crucial components when performing an acquisition. The FSM is
designed to make small corrections to the direction of the incoming and outgoing lasers.
When performing an acquisition, the FSM is therefor the component that will follow a
trajectory that will ensure the link can be established. By improving the performance
of the FSM, the acquisition times could be improved. For that reason this report will
focus on the FSM to improve the acquisition times of a free-space optical communication
terminal.

1.1.4 Fine Steering Mirror (FSM)

In a typical terminal there are two major components that determine the accuracy of the
transmitting beam, the FSM and the quadcell. This report further investigates the FSM
and its applications. The FSM is a small mirror that can perform a tip and tilt motion of
2 degrees, an FSM designed by TNO is shown in Figure 1.3. Through this motion the
TX beam can be pointed accurately based on the information the FSM receives from
the processing unit. This can correct for changes in the satellite orientation and reject
disturbances through small corrections. However, the FSM can also be used for acquisition
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when the connection between transmitter and receiver has been interrupted or not yet
established. At such a moment the correct orientation to establish a communications
channel is unknown although the general orientation of the satellite is assumed to be
close enough such that with the limited motion of the FSM the correct orientation can be
acquired. When the orientation of the satellite deviates more, the receiver is not in the
field of view of the FSM and a connection can not be made, in this study it is therefor
assumed that the used ADCS is accurate enough to ensure that the receiver is always
in the field of view of the FSM, such that the connection can always be made between
terminals. To acquire the correct orientation, the FSM has to scan a 2D space. When the
transmitting laser then hits the receivers light cell, the receiver can respond by sending
a laser back at the transmission terminal to indicate that the correct orientation was
acquired. It is however crucial to keep the acquisition time to a minimum since it takes
away time from sending or receiving data. Thus, the scanning of the 2D space has to
be done as efficiently as possible to reduce the acquisition time. When the FSM tracks
an acquisition trajectory perfectly, and the target is within the space spanned by the
trajectory, the acquisition has great potential to be successful.

A typical limitation in terms of frequency content of a trajectory that a system can
track accurately is the bandwidth frequency. This bandwidth is determined by the dy-
namics of the system combined with the designed controller. In certain cases when the
FSM is mounted on a terminal, the bandwidth has to be limited due to amount of sensor
noise originating from different components in the terminal. In these cases however, it is
still important to perform an acquisition in as little time as possible. To overcome the
limit imposed by the low bandwidth, an advanced control method is required to improve
the acquisition time.

1.2 Research objective and outline

As mentioned before, this report will focus on the specific use case of establishing a link
between a terminal in space and on earth. This use case will track the same trajectory
every time it is performed and will not change the trajectory during the acquisition. The
FSM, which tracks the trajectory, is investigated to improve the acquisition times. What
makes the FSM more complex is the fact that it is a MIMO non-linear system. Both
aspects separately can significantly complicate control methods and thus have to be looked
at in detail to properly address them. To improve the acquisition time of free-space
optical communication terminals, two main research objectives can be formulated. Firstly,
the design of the acquisition trajectory can be investigated to determine the shape and
specifications of the trajectory and their effect on the acquisition time. Secondly, the
tracking of the acquisition trajectory, specifically when the frequency content of the
trajectory is above the bandwidth.

The main research contribution of this report is a framework to determine the potential
performance of a learning control algorithm based on the frequency content of the reference
signal. By enabling a performance estimation, the potential performance of the learning
algorithm can be evaluated before conducting experiments. This enables the user to verify
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Figure 1.4: Two scenarios for acquisition using spiral references for the FSM. On the left
a space terminal transmitting to a stationary ground station. On the right two space

terminals that both need to do an acquisition to establish a link with the other terminal.
The maximum uncertainty cone is the uncertainty in the orientation of the satellite due
to the pointing accuracy of the satellite. The line-of-sight is the orientation the laser

should find during acquisition.

whether or not the algorithm will perform up to the requirements without having to
perform time consuming measurements. In addition, the framework allows for identifying
the optimal learning gain that minimizes the remaining error after convergence of the
algorithm. Typically this is done through trial-and-error. The accuracy of the framework
is verified by applying the algorithm to the FSM and comparing the measured results
with the predicted results.

The next chapter explores the trajectory design for acquisition purposes and explains
the limitations for decreasing the acquisition time. Chapter 3 explores advanced control
methods to decrease the acquisition time despite the previously mentioned limitations.
The potential performance increase is determined to compare a feedback controller to
the advanced control method. In chapter 4 the results of actual measurements are shown
and compared to the potential performance to investigate the accuracy of the predictions.
An analysis on the results is performed and the short comings of the control method
for the acquisition case are mentioned. Chapter 5 shortly summarizes the conclusions
and mentions the recommended steps to further increase performance and decrease the
acquisition time.
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Chapter 2

Acquisition trajectories for optical
communication terminals

In this chapter the design of a suitable acquisition trajectory is discussed. As mentioned
in the previous chapter, the design of the trajectory is one of the potential areas of interest
to decrease the acquisition time in an optical communication terminal. The important
variables when designing the trajectory and the different types of tracking are discussed.
Next, the performance of the FSM using only a feedback controller when tracking this
acquisition trajectory is discussed and what limitations prevent directly decreasing the
acquisition time. Lastly, several feedforward control methods are briefly discussed and
compared to the acquisition case of the FSM.

2.1 Acquisition trajectory design

To design a trajectory for acquisition purposes, it is important to keep in mind the
objective of the acquisition. The objective is to scan a space to find another terminal in
as little time as possible. The terminal could be anywhere within this space. Translating
the situation from figure 1.4 to a 2D framework is shown in figure 2.1. The angle of the
uncertainty cone is used as the outer radius of a circular area that represents the entire
scannable 3D space. The angle of the divergence of the laser is used as the radius of the
spot on the 2D area that scans the area. By using the angles of both the uncertainty
cone and the laser divergence, the distance between the terminal and the target is not
necessary information opposed to when using the actual radius of the cone and laser at a
certain distance from the terminal. Since the distance between the terminal and target is
not known, using the angles is the best solution. To determine the performance of the
FSM during acquisition, the coverage of the 2D area is used. The coverage in this case
entails both the area spanned by the laser while performing the acquisition as well as the
intensity, or amount of time, of light each spot in the area receives. Perfect coverage is
when the entire 2D area is spanned by the laser spot and each infinitesimally small part of
the area receives the same amount of time, i.e. a homogeneous coverage of the area.

An efficient trajectory to scan a circular 2D area is by using an archimedean spiral
trajectory. An archimedean spiral has the advantageous property that the distance between
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Figure 2.1: Translating the 3D case of the acquisition into a 2D framework. By using the
angle of the uncertainty cone and the angle of divergence of the laser, the distance

between the optical communication terminal and the target is not required to determine
a 2D framework.

consecutive turnings of the spiral is constant, contrary to for example a logarithmic spiral
where this distance increases with increasing radius. This distance between turnings, or
lanes, of the spiral is also called the pitch. With a constant pitch, the spiral becomes
a trajectory that fills up the circular area in a homogeneous way. This is an important
aspect to treat the entire area as the potential target for the laser without prioritizing or
ignoring any part of the area. Other methods to scan a 2D area include the Lissajous
curve. The difference between a Lissajous curve an archimedean spiral can be seen in
figure 2.2. The main difference is that the Lissajous curve uses two different angular
frequencies for the x and y direction resulting in the shape shown. The equations design
a Lissajous curve are

x(t) = A sin(at+ δ) (2.1)

y(t) = B sin bt. (2.2)

Where A and B determine the size of the curve and the ratio between the two determines
the width-to-height ratio of the curve, and a and b determine the frequency in both
directions and the ratio between a and b determines the number of loops, or complexity,
of the curve. The archimedean spiral uses a single angular frequency in both directions to
design the trajectory. The spiral can be described in polar coordinates as

r = a+ bθ. (2.3)

Here, r is the radius and theta is the angle of the spiral. Using the equation in polar
coordinates, and realizing that the angular frequency is constant, the equations in the x
and y directions over time become

x(t) = r(t) cosωt (2.4)

y(t) = r(t) sinωt. (2.5)
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Figure 2.2: The archimedean spiral on the left maintains a constant angular velocity that
is equal in both the x and y directions. The Lissajous curve on the right uses different
angular frequencies for both directions, the ratio between the two frequencies determines

the shape of the curve.

Here, ω is the constant angular frequency. The angular frequency being the same in both
directions makes the archimedean spiral better suited to use in this use case to be able
to extensively analyse performance and control methods at specific frequencies. When
different frequencies are used in the same trajectory, the analysis using transfer functions
becomes more complex.

Looking at the definition of the coverage mentioned, and the fact that an archimedean
spiral will be used as acquisition trajectory, it must be concluded that although good
tracking performance will result in a good coverage, the opposite is not necessarily true.
With poor tracking performance the coverage could still be better than expected from
purely the tracking performance. When the tracking error is mainly caused by a phase
shift, in 2D this translates into a spiral that is rotated around the center point. Since the
result is still a spiral that covers the entire 2D area, the coverage with this phase shift
induced tracking error can still be acceptable. This means that tracking alone will not
provide all information about coverage performance during the acquisition. However, to
keep the research problem well defined, and as a first proof of concept, this report will
only focus on the tracking performance.

With the shape of the trajectory decided, another aspect is the tracking velocity. The
trajectory itself is designed based on a fixed angular frequency, however the tracking can
be done using a different frequency or velocity. Two common methods of tracking a spiral
trajectory are using a constant linear velocity (CLV) or a constant angular velocity (CAV).
Each come with their own advantages and disadvantages. For acquisition purposes these
advantages and disadvantages are investigated.

As the name suggests, the CLV spiral is tracked using a constant linear velocity. The
linear velocity on a spiral trajectory is the velocity tangential to the trajectory path. By
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Figure 2.3: The coverage of the 2D area when using a CLV spiral on a simple simulation.
The darker the color red, the longer the spot is exposed to the laser. The coverage is very

homogeneous, except near the center.

using a constant linear velocity, every spot in the 2D area receives light from the laser
for the same amount of time. For scanning purposes this means that every part of the
area to scan is treated as a potential target for the receiving terminal to be in without
prioritizing or ignoring any part of the area. This is however under the assumption that
the spiral is tracked perfectly. Since perfect tracking is often not achievable, especially at
higher velocities, the actual coverage depends on the tracking performance of the system.
When tracking is not perfect, the main downside of a CLV spiral is the fact that due to
the jump to a constant velocity from standstill, the angular frequency approaches infinity
near the center of the spiral. This can also be seen from the velocity of a CLV spiral
which can be approximated as

v = r(t) · ω(t). (2.6)

When the radius approaches zero, the angular frequency will approach infinity to maintain
the constant velocity. Since the tracking error typically increases at higher frequencies,
the result in terms of coverage of the area to scan could be a gap near the center of the
spiral. An example of the coverage of a CLV spiral is shown in figure 2.3. In this figure,
the darkness of the red color indicates the time the spot is exposed to the laser. It can be
seen that the coverage looks very homogeneous except the center of the spiral. This is
undesirable since it is possible for the target to be near the center of the spiral, meaning
the gap in the coverage could result in a failed acquisition when the target is not found.

The CAV spiral uses a constant angular frequency to track the spiral. Since the angular
velocity is now constant, the angular velocity will never approach infinity. For tracking
purposes this is a great advantage and should decrease the tracking error near the center,
reducing the probability of gaps in the coverage near the center. However, when again
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Figure 2.4: The coverage of the 2D area when using a CAV spiral on a simple simulation.
The darker the color red, the longer the spot is exposed to the laser. The coverage is

higher near the center and reduces with increasing radius.

looking at (2.6), by now setting the angular velocity to a constant value, it can be seen
that with increasing radius, the linear velocity increases. This means that at higher radii,
the spots on the 2D area will not receive light from the laser the same amount of time as
spots near the center. This essentially means that when using CAV spirals, the area near
the center of spiral is favored as the potential target area. An example of the coverage of
a CAV spiral is shown in figure 2.4. It can be seen that near the center the coverage is
without gaps and at increasing radius the red color fades more and more meaning the area
is exposed to light from the laser for a shorter amount of time. While this is undesirable
for scanning purposes, the main advantage of a CAV spiral is that due to the fact that
only a single frequency is used throughout the entire spiral, the analysis becomes easier
using transfer functions.

The CAV and CLV spirals however can also be combined as done in [17]. The combined
spiral, here called the optimal spiral (OPT), is a combination of a CAV spiral near the
center and a CLV spiral after a certain point away from the center. This combines
the spirals in such a way that the advantages of each spiral is used to cancel out the
disadvantages of the other spiral. Using this spiral, a maximum angular frequency can be
supplied, for example to keep the frequency content below a bandwidth frequency, and a
maximum linear velocity to complete the second part of the spiral. Since the advantages
of both spirals are combined, this type of spiral has the potential to reduce the tracking
error while maximizing the tracking speed within the limits of the system. An example of
the coverage of an OPT spiral is shown in figure 2.5. It can be seen that the best parts
of the CAV and CLV spirals are used. Near the center the CAV spiral ensures that the
angular frequency remains within set bounds and the coverage does not show the gaps are
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Figure 2.5: The coverage of the 2D area when using a CAV spiral on a simple simulation.
The darker the color red, the longer the spot is exposed to the laser. By combining the

CAV and CLV spirals, the coverage becomes homogeneous over the entire area.

caused by the CLV spiral. At higher radii, the CLV spiral keeps the linear velocity to a
set value and thus the decrease of exposure time to the laser from the CAV spiral is removed.

The pitch is another aspect of the spiral that can be adjusted to fit the requirements of
the objective. In the case of perfect tracking, the ideal spiral for acquisition would have
a pitch equal to the divergence of the laser used. This creates a spiral that will fully
cover the entire area with the shortest possible trajectory length. Since typically perfect
tracking is not possible, the pitch can be reduced to be smaller than the radius of the
laser. This creates a theoretical overlap between two consecutive lanes to compensate
for a small tracking error. This does however increase the length of the spiral and thus
increases the acquisition time again. The pitch should thus be chosen as close to the
divergence of the laser as possible while keeping in mind the potential tracking error, but
a smaller pitch could open the possibility for a higher tracking speed due to overlapping
lanes increasing coverage when tracking errors would result in gaps without overlap.

2.2 Advanced feedforward control

Since the bandwidth is deliberately kept low due to the noise in the terminal, the challenge
is to find a different control method to increase the tracking performance above the
bandwidth. There are however other methods to increase the tracking performance of a
system. Investigating the tracking error reveals an interesting aspect of the error. Figure
2.6 shows the tracking error of the FSM tracking the same trajectory ten times. It can
be seen that the error is very similar every time. This means that a certain pattern
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Figure 2.6: Plotting the tracking error of the system when tracking the same trajectory
ten times shows that the error is very similar between measurements. A certain pattern

exists in these measured signals.

exists within the tracking error. This pattern could be removed or reduced by using a
feedforward signal based on the pattern. When this pattern is removed from the previous
measurements, the potential tracking error becomes apparent as shown in figure 2.7. It can
be seen that the maximum error is reduced from approximately 40 µrad to approximately
5 µrad. The pattern in the error can often be addressed to system dynamics such as
friction. A feedforward can be designed by hand based on measurements designed to
specifically chart the dry friction, viscous friction and acceleration of the rigid body for
example. Clearly, the more complex the system and the system dynamics, the more
difficult the feedforward design becomes. However, the tuning of the feedforward system
can be automated to remove the complexity involved with manual tuning. When the
input is assumed to be periodic over time or when the measurements are done in a
batch-by-batch way, there are advanced techniques that can design a feedforward signal
based on the measured tracking error. This method is no longer limited to specific
system dynamics but take into account the measured tracking error and adapt the feedfor-
ward iterating over several measurements to reduce the repeating part of the tracking error.

When the input is not periodic over time but is unchanging between consecutive mea-
surements, a method called Iterative Learning Control (ILC) can be used to design the
feedforward signal [11]. After each measurement, or trial, the measured tracking error is
used to design and update the feedforward signal that is meant to reduce the tracking
error to zero. This is done iteratively over several trials where the feedforward is updated
after each trial to further reduce the tracking error for the next trial. Since the feedforward
for the next trial is thus based on the measured tracking error of the current trial, it is
necessary that the input is unchanged between trials. When the input would change, so
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Figure 2.7: When the pattern is removed from the previously measured error signals, a
potential error when using a feedforward signal becomes visible.

would the tracking error and the feedforward would no longer be designed to reduce that
new tracking error. Extensions to this have resulted in slightly more complex control
methods that sacrifice performance for flexibility towards changing references [5]. When
there is no noise in the system and the tracking error is exactly the same when measured
several times, ILC could lead to a perfect tracking. Since this is hardly ever the case,
robustness must be guaranteed and the actual performance will be dependant on sev-
eral factors including accuracy of the used system model and the necessary robustness filter.

A method very similar to ILC is Repetitive Control (RC). The main difference is that in-
stead of separate measurements where the tracking error is similar between measurements,
in RC it is assumed that the tracking error is continuous and shows a repetitive pattern
[3]. This results in slightly different equations for creating the feedforward signal while
the main idea remains the same. With each repetition of the pattern, the tracking error
should decrease. When using RC, a robustness filter will also guarantee convergence of
the tracking error while sacrificing some performance. RC is preferable over ILC when the
system it is applied on should operate continuously and should not be stopped between
trials.

The goal of this report is to decrease the acquisition time of the FSM using an ad-
vanced control method. Since the considered use case mentioned in the previous chapter
uses a single trajectory with each acquisition, and thus it is reasonable to assume that the
FSM can be stopped after each measurement, this report will continue using ILC. Using
ILC opens the possibility to extensively analyze the results and even predict performance
before a measurement. The results can be used to determine the feasibility of using
learning control on the FSM for acquisition purposes. When the results are promising,
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the expansion towards flexibility with respect to changing references can be made for the
case when the trajectory does change between measurements.
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Chapter 3

Advanced control methods for
acquisition

This chapter briefly explores three different methods to designing learning control al-
gorithms and summarizes the advantages and disadvantages the methods have when
implemented on the FSM for acquisition purposes. The chosen control method is then
explained in more detail and what aspects of the FSM determine how the algorithm is
designed. Finally an extensive analysis of the potential performance of the algorithm
when applied to the FSM is conducted.

3.1 Learning control for acquisition

Iterative learning control can be applied to a system in several different ways. Each
method comes with different advantages and disadvantages. Determining which method to
use for acquisition depends on the way the acquisition is performed. The use case as chosen
in Chapter 1 states that the acquisition will be performed using the same acquisition
trajectory at every iteration within an acquisition. This is an especially beneficial use
case to use standard frequency domain ILC. In frequency domain ILC, the feedforward
signal is designed based on the tracking error filtered through a learning filter designed
based on the system dynamics, usually obtained through FRF measurements. Since the
feedforward signal is designed based on the previously measured tracking error, changing
the trajectory would result in an increased tracking error in the next iteration due to
a mismatch between the designed feedforward and the new trajectory as shown in [11].
Other ILC methods offer different advantages. For example the main advantage of ILC
using basis functions is the ability to instantly adjust to a changing trajectory unlike
frequency domain ILC. The disadvantage however is that the time required to optimize the
algorithm is greatly increased compared to frequency domain ILC. Since the use case of
this report uses only a single trajectory during the acquisition, basis function ILC will offer
no significant advantages. Another ILC technique is lifted ILC. Lifted ILC uses an impulse
response matrix of the system instead of a frequency domain model. The advantage of
this is that a finite time preview is used when designing the feedforward signal as opposed
to the infinite time preview frequency domain ILC uses. The main disadvantage of lifted
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ILC however is that the computational resources required for lifted ILC grows quickly
with an increasing trajectory length. This disadvantage does not outweigh the advantage
of the finite time preview since the infinite time preview can be taken into account when
designing a feedforward signal. Considering the use case of this report, and the mentioned
advantages and disadvantages, a frequency domain ILC algorithm will be designed to
improve tracking performance of the FSM during acquisition.

3.2 Learning in the frequency domain

For the remainder of this report, frequency domain ILC is used. Frequency domain ILC
allows for an extended analysis of the potential performance which can be validated
using references containing a single harmonic. Frequency domain ILC can therefor give a
reasonable idea of the potential of using learning control for acquisition on the FSM.

3.2.1 General equations

In [11] the equations for a frequency domain ILC algorithm are derived based on the
block diagram in figure 3.1. With these equations, a convergence condition is defined to
guarantee monotonic convergence of the iterations. The equation for the tracking error at
the current iteration is

ej = Sr −GSfj, (3.1)

and the feedforward update for the next iteration is

fj+1 = Q (fj + Lej) , (3.2)

where S = (1−GC)−1, GS = (1−GC)−1G, Q a robustness filter and L the learning
filter designed as L = (GS)−1. By combining (3.1) and (3.2), the equation for the error
propagation becomes

ej+1 = Q (1−GSL) ej + (1−Q)Sr. (3.3)

From (3.3) it can be seen that the robustness filter Q should be as close to 1 as possible to
minimize the remaining error of the first iteration, Sr. Secondly, a convergence criterion
can be defined as

|Q (1−GSL)| < 1 ∀ω, (3.4)

to guarantee monotonic convergence of iteration (3.3). When the learning filter L is not
the exact inverse ofGS, a robustness filterQ is necessary to meet the convergence condition.

The previous equations do not contain a term for the measurement noise. This noise
however is inherently trial variant, meaning the signal is different at each trial. When
applying the above equations, this trial variant noise will be amplified over the iterations.
To minimize the effect of the trial variant noise, a learning gain is used. This learning
gain is used to limit the attenuation of the measurement noise, at the cost of a slower
convergence of the iterations. This learning gain is applied by substituting L with αL,
where α ≤ 1 is the learning gain. When the learning gain is 1, the algorithm iterates
to the best solution in 1 trial, with a lower learning gain the measurement noise will be
attenuated more while it takes more trials to converge to the best feedforward solution.
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Figure 3.1: A block diagram of a control loop with an implementation of ILC.[11]

Since the learning gain also affects convergence criterion (3.4), it is recommended to
validate the criterion with the learning gain to be used.

3.2.2 Defining characteristics of the FSM for learning control

Since the FSM is a MIMO system, it is important to investigate the effect of interaction on
an ILC algorithm. When interaction is ignored, and the algorithm is designed as two stable,
converging single-input single-output (SISO) loops, the result when applied to the MIMO
system could be unstable and non-converging. However, when the interaction terms are
negligible, the system is considered to be decoupled. This means that when a controller is
designed as two separate SISO loops, when applied to the MIMO system, the system is
still stable. This also holds for an ILC design. In [2] it is shown that separate SISO loops
can indeed result in a good performance when the system is considered to be decoupled.
An algorithm that takes the interaction into account will have better performance, however
this comes at the cost of complex design methods. When performance with separate SISO
loops is insufficient, the algorithm can be improved by either using a MIMO robustness
filter or by using a full MIMO parametric model of the system. A MIMO parametric
model is difficult to obtain, and as such it is advised to attempt SISO design first and
decide whether the effort is worth the increase in performance. An intermediate step to
account for interaction without the necessity of a full MIMO model is robust multi-loop
SISO design. This method uses a different convergence condition. The new convergence
condition uses the maximum singular value of the MIMO system instead of the 2-norm.
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This essentially means taking the worst direction at each frequency point. The new
condition is defined as

|qd|σ (I −GSL) < 1∀ω, (3.5)

where qd is the SISO robustness filter which is applied as Q = qdI in the MIMO system.
This method requires a MIMO FRF of the system while not requiring a MIMO model
since the learning filter L is still designed using the SISO models. The robustness filter
is adjusted to account for interaction terms. The choice is therefor made to design the
learning filter based on two SISO models of the system in the two main directions and
using (3.5) to verify convergence when applied as a MIMO filter.

The second aspect is the fact that the FSM is a non-linear system. The learning filter L
in the ILC algorithm is an LTI model, and is based on FRF data of the system. This
means that when using a single FRF measurement to design an LTI learning filter, it
can not capture the full behaviour of the system and can thus not fully compensate the
tracking error through a feedforward signal. In [18] it is shown that using a poorly chosen
LTI model, can lead to a non converging ILC algorithm without strong robustness filters.
Using a smarter choice for the LTI model, such as the model around the average position
of the system, can give satisfying results. The solution will converge, but at a lower rate.
These results suggest that when using the LTI model of the FSM around the origin, the
algorithm could yield successful results and converge to a minimum error. The learning
filter will be designed using a single SISO model around the center position of the FSM
for both main directions. Assuming the convergence condition is met, a MIMO model of
the system will not be necessary.

3.2.3 Learning control filter

The learning filter will be made using linear SISO models in both directions. The filter in
MIMO will then be designed as

Lx = GS−1
x (3.6)

Ly = GS−1
y (3.7)

L =

[
Lx 0
0 Ly

]
. (3.8)

The inverse of GS is made using the stable inversion technique from [15]. Figure 3.2 shows
how the learning filters Lx and Ly compare to GSx and GSy. Visually the figure seems to
indicate that the inverse is the exact inverse of the system. However, if that is true, the
convergence criterion (3.4) should be satisfied at all frequencies. In figure 3.3 convergence
condition (3.4) is shown using FRF measurements of the FSM both with and without a
robustness filter. It can be seen that the convergence condition is met at all frequencies,
although the margin is very small at higher frequencies. To increase the margin for the
convergence condition, the choice was made to use a low-pass filter as robustness filter
although from figure 3.3 it would not seem to be necessary. To prevent the robustness
filter form introducing phase shifts, the filter is applied both forward and backward in
time, in matlab using the command filtfilt. By applying the filter this way, any phase
from the filter will be removed, while in turn the magnitude of the filter is applied squared.
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Figure 3.2: The inverse of GS, L, is shown for both directions. It can be seen that the
inverse is close to exact when analyzed visually.

Therefor the criteria plot is made using Q2. The plot is made using the MIMO system
and controller, while the learning and robustness filters are designed in SISO. Only the
two main directions are investigated for the convergence criterion.

To ensure the SISO filters will result in a converging algorithm when applied as a MIMO
filter, convergence criterion (3.5) is analyzed as well. This condition is analyzed using
FRFs of the system over a range of offset positions. By using a range of offset positions,
it can be concluded whether the algorithm will remain converging at different positions
considering that the FSM is a non-linear system. Convergence condition (3.5) is shown in
figure 3.4 using a range of FRF measurements with different offset positions on the FSM.
It can be seen that at one offset the condition is violated and at another offset position
the margin is very small. This would indicate that the algorithm would not converge
when the trajectory moves close to these offset positions. It was however chosen to ignore
this violation of the convergence condition since these are close to the maximum deflection
of the FSM. Since this report is focused on a first proof-of-concept for learning control
to improve acquisition times, it is not necessary to use the full deflection of the FSM
and only a small percentage of the maximum deflection will be used. Within this limited
deflection, the condition is not violated at any offset position for any frequency. It can
therefor be reasonably assumed that the algorithm will result in a converging algorithm
when the SISO filters based on the FRF around a single offset position are applied as a
MIMO filter.
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Figure 3.3: Convergence condition (3.4) for the FSM with and without a robustness filter.

3.3 Potential performance increase

3.3.1 Output and tracking error

To investigate the potential performance of the ILC algorithm, the transfer functions from
the reference to the output and tracking error can be used. These transfers show how the
reference influences the output and tracking error in the frequency domain. This means
that when the frequency content of the reference is known, a reasonable approximation of
the output and tracking error can be made. From the block diagram in figure 3.1 it can
be seen that the equation for the output at the current iteration can be derived as

yj = r − ej. (3.9)

To determine the performance of the ILC algorithm after convergence, the limit of the
iterations to infinity should be taken. Assuming monotonic convergence, taking the limit
to infinity will reveal the transfers from reference to output and tracking error after
convergence. Taking the limit of j to infinity in (3.9) and (3.1) results in

y∞ = r − e∞ (3.10)

e∞ = Sr −GSf∞. (3.11)

Since (3.11) requires a representation of the feedforward after convergence, (3.2) is the
first equation to work out. Taking the limit of j to infinity results in

f∞ = Q (f∞ + Le∞)

(I −Q)f∞ = QLe∞

f∞ = (I −Q)−1QLe∞.

(3.12)
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Figure 3.4: Convergence condition (3.5) for the FSM with a range of FRF measurements
at different offset positions. The condition is met for all measurements.

Substituting (3.12) in (3.11) gives the transfer from the reference to the tracking error
after convergence as

e∞ = Sr −GS (I −Q)−1QLe∞(
I +GS (I −Q)−1QL

)
e∞ = Sr

e∞ =
(
I +GS (I −Q)−1QL

)−1
Sr.

(3.13)

Substituting (3.13) in (3.10) results in the transfer from the reference to the output after
convergence as

y∞ =
(
I −

(
I +GS (I −Q)−1QL

)−1
S
)
r. (3.14)

The reference induced error from (3.13) is shown in figure 3.5 using a linear model around
the origin. The result is compared to the sensitivity function of the standard feedback
loop, the reference induced error without ILC. It can be seen that in the two main
directions, the error decreases significantly up to about 1kHz. The interaction terms are
also decreased at lower frequencies indicating that the non-linearities in the system do
not prevent convergence of the error. This comparison shows the potential performance
increase of an ILC algorithm compared to using no advanced control methods. The
frequency up to which this increase is present depends mostly on the cut-off frequency of
the robustness filter. In this example the cut-off frequency of the robustness filter is 1571Hz.

Figure 3.6 shows the transfer from reference to output from (3.14) compared to the
closed-loop transfer of the feedback loop. It can be seen that the transfer on the main
directions remains close to 0dB at a larger frequency range whereas the feedback closed-
loop shows local drops and peaks moving away from 0dB at frequencies as low as 20Hz.
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Figure 3.5: A comparison between the reference induced tracking error with only a
feedback controller and after convergence of the ILC algorithm. At low frequencies the
reference induced error is reduced significantly. Only at high frequencies above the cut-off

frequency of the low-pass filter the error is similar between feedback and ILC.

This essentially means that using an ILC algorithm will ensure the output will track the
reference signal more accurately up to a significantly higher frequency.

Using the derived equations in this section, the performance of the ILC algorithm can be
analyzed without performing measurements. It is shown that the potential performance
increase is significant even up to frequencies well above the bandwidth. In the next chapter
these equations will be validated to ensure that the potential performance increase is
indeed representative for the actual performance increase when using ILC.

3.3.2 Spectral noise analysis

In the previous section, the learning gain is explained to affect the learning speed and
measurement noise amplification. To identify the exact effect of the learning gain on
the noise amplification and the error mitigation, a spectral analysis is performed. This
analysis has been done before in [12] using SISO equations, the same analysis is performed
here using MIMO equations.

The reason to perform the noise analysis as a spectral density analysis becomes clear when
expanding (3.1) into

ej = Sr −GSfj − Svj, (3.15)

to include the measurement noise term. Taking the limit to infinity of (3.15) would now
yield a meaningless result due to the noise term. The noise is a random trial varying
signal, meaning that there is no final noise representation v∞. The same is true for the
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Figure 3.6: A comparison between the reference induced output of the FSM. For an
accurate tracking, the transfer from reference to output should be 0dB up to a high

enough frequency, depending on the reference. Using ILC this transfer is close to 0dB at
a much larger range of frequencies compared to using only a feedback controller.

equation for the feedforward update which in (3.2), when including the noise term from
(3.15), will be

fj+1 = Q ((I −GSL) fj + LSr − LSvj) . (3.16)

Since (3.15) requires the current feedforward instead of the feedforward update, a rep-
resentation for the feedforward at the current iteration should be derived. Assum-
ing that f0 = 0, the next feedforward representations will be f1 = Q (LSr − LSv0),
f2 = Q ((I −GSL)Q (LSr − LSv0) + LSr − LSv1). This can leads to the equation for
the feedforward at iteration j as

fj =

j−1∑
i=0

(Q (I −GSL))iQLSr −
j−1∑
n=0

(Q (I −GSL))nQLSvj−1−n. (3.17)

Using the geometric series

j−1∑
l=0

rl =
(
1− rj

)
(1− r)−1 , (3.18)

(3.17) can be written as

fj =
(
I − (Q (I −GSL))j

)
(I −Q (I −GSL))−1QLSr

−
j−1∑
n=0

(Q (I −GSL))nQLSvj−1−n. (3.19)
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Substituting (3.19) in (3.15) yields

ej =
(
I −GS

(
I − (Q (I −GSL))j

)
(I −Q (I −GSL))−1QL

)
Sr

− Svj −GS

j−1∑
n=0

(Q (I −GSL))nQLSvj−1−n. (3.20)

The noise term, which is now within a summation, still prevents directly taking the limit
to infinity of the error. However, by assuming the noise is white, the spectral density of
the noise signal will be trial invariant. Therefor by writing the equation in the spectral
density form, taking the limit becomes possible. The spectral density form of (3.20), using
(3.18) to remove the summation again, becomes

ϕej =
∣∣∣(I −GS

(
I − (Q (I −GSL))j

)
(I −Q (I −GSL))−1QL

)
S
∣∣∣2 ϕr

+
(
|S|2 + |GSQLS|2

(
I − |Q (I −GSL)|2j

) (
I − |Q (I −GSL)|2

)−1
)
ϕv, (3.21)

where ϕe, ϕr and ϕv are the spectral densities of the error, reference and noise respectively.
Now assuming monotonic convergence, i.e. |Q(I −GSL)| < 1, and taking the limit of the
iterations to infinity implies that |Q(I −GSL)|j approaches zero. Using this leads to the
final representation of the spectral density of the error as

ϕej =
∣∣(I −GS

(
(I −Q (I −GSL))−1)QL

)
S
∣∣2 ϕr

+
(
|S|2 + |GSQLS|2

(
I − |Q (I −GSL)|2

)−1
)
ϕv. (3.22)

The spectral density of the error is composed of two parts, a reference induced and a noise
induced part. Applying a learning gain by replacing L with αL enables an analysis of
the effect of the learning gain on the spectrum of the tracking error after convergence. A
similar analysis could be performed for the two other components designed by the user, the
L and Q filter. The L filter however is typically designed to be as close to a perfect inverse
of the system as possible and as such does not leave much room to alter it. The robustness
filter is designed such that the convergence criterion is met. There is some freedom in
designing this filter, however, it is typically optimal to keep the filter as close to 1, or
I in for MIMO systems, as possible as can be deducted from the error propagation in (3.3).

Figures 3.7 and 3.8 show the reference induced and noise induced components of (3.22)
respectively for a small range of learning gains. It can be seen that while a larger learning
gain indeed amplifies the noise more, the reference induced part of the error reduces
with a higher learning gain. This means that depending on the frequency content of the
reference and the power spectral density of the reference and noise, an optimal learning
gain can be found. When the noise is dominant in the final error signal, a low learning
gain is the better option to reduce the power of the noise. When the reference is the
dominant contributor to the error signal a higher learning gain will suppress this signal
more and thus yield a lower final error. Depending on the exact power of the noise and
reference, there will be a turning point beneath which a lower learning gain and above
which a higher learning gain will be the better option. Using a noise measurement and
the pre-designed reference signal, the optimal learning gain can be determined before
conducting the experiment. This will be shown in the next chapter.
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Figure 3.7: Reference induced error power spectrum. Increasing the learning gain shows a
decrease in the remaining power of the error induced by the reference.

Figure 3.8: Noise induced error power spectrum. Increasing the learning gain shows an
increase in the remaining power of the error induced by the measurement noise.
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Chapter 4

Experiments and results

In this chapter the expected performance from the previous chapter is compared to the
measured performance on the FSM. First an overview of the experimental setup is given.
Followed by experimental results which are compared to the expected results. Finally,
using information about the trajectory and the measurement noise, it is shown that the
performance can be predicted and can be used to determine the best learning gain before
an actual measurement.

4.1 Experimental setup

This section explains the setup used to perform measurements using the FSM. The
implementation of the acquisition trajectory is explained in more detail and finally the
implementation aspects on the real system are explained.

4.1.1 System setup

To investigate the potential of an ILC algorithm on the FSM, experiments have been
conducted at TNO Delft. The used FSM was mounted on a terminal called the LEOCAT
which is shown in figure 4.1. The FSM can rotate in two directions, tip and tilt, with a
maximum deflection of about 1 degree. A second safety precaution is a maximum input
of ±0.3A, this is especially important when using ILC since a feedforward signal typically
increases the input signal to the plant.

The on-board sensors of the FSM are used for feedback. These sensors have been re-
calibrated in order to ensure accurate readings. Since the used terminal had not been used
in some time, the previous calibration data may have been outdated. It is also important
for the analysis to investigate the noise level measured to perform an accurate analysis on
the measurement data. The power spectral density of the measurement noise is shown in
figure 4.4. The measurement to determine the noise was done by storing the output from
the sensors for 90 seconds without applying an input to the system. This is done at a
range of offset positions, in the figure indicated with different color lines, to determine
the effect of the position on the noise level. The noise can reasonably be assumed to be
white noise, the dashed line indicates the power level of a white noise estimate averaged
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Figure 4.1: The FSM, located in the red circle, mounted on the terminal called LEOCAT.

over the range of offset positions. This means that the spectral analysis of the noise as
explained in the previous chapter is possible to perform on the FSM. The full calibration
report can be found in Appendix A.

A feedback controller consisting of a double lead filter, an integrator and a lowpass
filter is implemented. The open-loop is shown in figure 4.2. To investigate the stability
of the controller, the characteristic locii are plotted in figure 4.3. Since the point -1
remains on the left of the locii, the system is proven to be stable. Using this controller
leads to a bandwidth frequency of just over 40Hz when evaluated on the linear model
around the center position. Although controllers can be designed for the FSM with a
higher bandwidth, this report will be limited to the case of a low bandwidth to study the
use case where a high bandwidth is undesirable due to limitations imposed by different
components in the terminal. It was also found in an early testing phase that using spirals
with a frequency content above approximately 500Hz would activate the build in safety
due to the maximum input amperage. Since one of the goals of this report is to increase
tracking performance above the bandwidth of the system, a high bandwidth controller
combined with the limited capabilities of using high frequencies in the input would prevent
a conclusive analysis on the possibilities of tracking spirals above the bandwidth.

28



Figure 4.2: Open-loop transfer of the FSM using a feedback controller. The different
colors indicate different offset positions.

4.1.2 Trajectory implementation

The used spiral trajectories are designed in a for-loop over time. The equations within
the for-loop depend on the type of spiral chosen. For a CAV spiral the basic principle
used is that the radius and angle over time evolve linearly over time. The used equations
for the spiral in polar coordinates are

r(t) = R
t

T
(4.1)

θ(t) = 2πN
t

T
, (4.2)

where R is the maximum radius, N is the amount of revolutions determined by dividing
the maximum radius by the pitch and T is the time it takes to complete the spiral
determined by dividing the amount of revolutions by the frequency. The radius and angle
over time can then be used to calculate the tip and tilt trajectories. These equations are
for the spiral moving from the center point to the maximum radius, the same equations
are used for the returning spiral back to the center but backwards in time and starting at
the end point of the outward moving spiral. The equations for the tip and tilt directions
are

x(t) = r(t) · cos θ(t) (4.3)

y(t) = r(t) · sin θ(t). (4.4)

To limit the time needed for each measurement, the measurements are all done using a
maximum radius of 1mrad. This is only a small part of the maximum range the FSM
can achieve. However, using a pitch of 65 µrad, which is the approximate divergence of a
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Figure 4.3: Characteristic locii of the open-loop of the FSM. Since the point -1 remains
on the left, the system is proven to be stable.

laser typically used in this setup, this results in 15 revolutions per spiral which will give
a good insight in the performance potential of an ILC algorithm. By reducing the time
needed for each measurement, more time remains for an extensive analysis of the results
with more data to support the analysis.

4.1.3 Measurement implementation

The implementation of the trajectory and ILC on the FSM is done through Simulink.
The trajectory and feedforward signals are started at the exact same time by utilising a
single trigger for both signals. This is done to prevent a delay between the start of each
signal which could cause an unstable algorithm. The actual start of these signals however
is random due to delays between the Simulink model and the dSpace system. The dSpace
system is the physical connection between the Simulink model and the FSM. Due to this
random delay, the consecutive measurements will not have the same error signal but they
will be shifted with respect to each other. Since this shift would result in a discrepancy
between the the calculated feedforward signal and the trajectory, this shift has to be
compensated for. This is done by determining the delay after each measurement, and
removing it from the output data. By measuring the reference signal, it can be compared
to the reference signal actually used as input. The amount of shift between the measured
and actual reference is the random delay. With the delay removed, the feedforward signal
can be determined accurately and stored for use in the next iteration.
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Figure 4.4: Power spectral density of the measurement noise. The dashed line indicates a
reasonable assumed power level representing the noise as a white noise.

4.2 Performance analysis

To determine the potential of using iterative learning control to reduce the acquisition
time of free-space optical communication terminals, the algorithm is applied to the FSM.
First the equations from chapter 3 for the potential performance increase are validated
using measurement data from the FSM. Secondly the actual performance of the FSM is
compared between feedback only control and ILC.

4.2.1 Expected performance validation

Using (3.13) and (3.14), the expected tracking error and output can be determined when
the reference signal is known. When using a CAV spiral as reference this boils down to
multiplying the amplitude of the trajectory signal with the magnitude of the transfer at
the used frequency and shifting the signal based on the phase shift at the used frequency.
To validate the equations from the previous chapter, the expected error and output are
compared to measurement results. By comparing the expected error and output to the
measured error and output, the accuracy of the equations can be determined. Figures
4.5 and 4.6 show the comparison between the expected and measured tracking error and
output respectively. It can be seen that only a small difference exists between the expected
and measured signals. This small difference can be explained by the fact that the transfer
functions expect a steady state input. Since the spiral does not have a constant amplitude
over time, this signal is not steady state. This results in a small deviation from the
expected result. The equation has been tested at a range of frequencies, at all frequencies
the results show a similar small difference. The equations for the expected error and
output can be assumed accurate enough to predict the performance of the ILC algorithm
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Figure 4.5: Comparison of the measured tracking error after convergence with the
expected error based on the results from (3.13).

on the FSM before actually performing a measurement.

4.2.2 Measured performance increase

Besides validating the accuracy of the equations for the expected error and output, mea-
surements can be used to investigate the performance increase gained by using an ILC
algorithm instead of only a feedback controller. Since figure 3.6 clearly shows that the
increase in performance depends on the frequency content of the used reference, a compar-
ison is made at a range of frequencies. At frequencies well below the eigenfrequency, the
FSM accurately tracks the trajectory using only the feedback controller. The performance
increase at these frequencies is thus limited. Above the eigenfrequency, the performance
using only a feedback controller deteriorates quickly with increasing frequency. At higher
frequencies the potential increase in performance is thus more significant. An example is
shown in figure 4.7 which shows the 2-norm of the error over the trials for both directions.
In both directions the 2-norm of the error is reduced by a factor 50. Looking at the 2D
spiral in figure 4.8 it is clear that the ILC algorithm significantly increases the tracking
performance at 100Hz. Without ILC only a quarter of the area is actually covered by the
laser, whereas after convergence the ILC algorithm ensures that the trajectory is followed
much more accurately up to the maximum radius.

Looking at a different frequency however shows that indeed a good tracking in both
directions separately is not necessary for a good coverage as mentioned in Chapter 2.
Using only the tracking error in both the tip and tilt directions does not provide the
required information about the coverage of the 2D area. While it is true that when the
tracking error in both directions is small, the coverage is likely to be high, the opposite is
not necessarily true. This can be seen when using a 200Hz CAV spiral. The 2-norm of
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Figure 4.6: Comparison of the measured output after convergence with the expected
output based on the results from (3.14).

the error when using a 200Hz spiral is shown in figure 4.9. It can be seen that the error
reduces, the 2-norm is reduced by a factor 20. However, when looking at the spiral in 2D
as shown in figure 4.10, it becomes clear that even without ILC the spiral covers a large
area already and this is not improved with ILC. This is due to the fact that the tracking
error at this frequency is mostly caused by a phase shift between the reference and output.
The error signal will then have a significant amplitude, and the ILC algorithm will reduce
this amplitude by effectively reducing the phase shift effect. However, a pure phase shift
will not have any negative effects on the coverage of the 2D area when looking at the
spiral in 2D. As long as the amplitude of the spiral is tracked accurately over time, the
angle at which the spiral starts and then continues is not important. This means that
even though it would seem that ILC increases the tracking performance of the FSM at
200Hz by a factor 20, in fact the performance with respect to scanning the area is not
increased at all. It is therefor not possible to guarantee an increased performance based
solely on the tracking error in both directions separately. The transfer from the reference
to the output as seen in figure 3.6 gives a better idea since it shows how well the radius is
tracked in both directions. It would however be better to design the algorithm not based
on decreasing the tracking error in both directions, but to reduce the tracking error of
the radius over time. This is a typical situation for inferential ILC as in [4] where the
measured variables are not directly the performance variables.

4.3 Spectral analysis

Another part of the analysis is the spectral analysis to investigate the effect of the ILC
algorithm on the noise and investigating whether the learning gain can be determined
without trial-and-error measurements. First the accuracy of (3.22) is investigated to
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Figure 4.7: RMS of the tracking error over the trials using a 100Hz CAV spiral trajectory.
The error converges monotonically as expected.

verify that the equation can estimate the PSD of the error after convergence and thus can
be used to investigate what learning gain would be best. The equation is compared to
measured results at a range of frequencies to ensure accuracy. For three different cases
the comparison between the measured and expected error is shown in figures 4.11, 4.12
and 4.13. In figure 4.11 a 30Hz CAV spiral is used as trajectory which is just below the
bandwidth of the FSM. In figure 4.12 a 80Hz CAV spiral is used which is just above the
bandwidth. Figure 4.13 shows the comparison using a 200Hz CAV spiral which is well
above the bandwidth. The red dash-dotted line is the expected error PSD. It can be seen
that the expected PSD gives a reasonable indication of the true result at frequencies below,
around and well above the bandwidth. The cumulative PSD shows the expected result is
higher than the measured result. Looking closely reveals that this overestimation is purely
caused by the fact that the peak caused by the spiral is slightly higher in the prediction
than it is in the measurements. This is not necessarily an issue for investigating the best
learning gain. The estimation is conservative with the spiral induced error peak, but this
is true for all situations. The conservative estimation will then also result in a conservative
estimation for the learning gain. However, in practise it is likely that the learning gain
will not be a fixed value, but a reducing value over the iterations. By starting with a high
learning gain the convergence of the error is fast at first, by lowering the learning gain
after a certain amount of iterations results in a decrease of the final error by targeting the
trial variant noise. The learning gain that can be calculated before measurements can act
as a guideline for what the values for the learning gain should be based on the frequency
content of the reference.

To identify what learning gain should be used at what frequency, a prediction is made
using (3.22) for a range of frequencies and a range of learning gains. For each frequency,
the learning gain that resulted in the lowest cumulative PSD is considered the best option
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Figure 4.8: Comparison of the 2D output between using only a feedback controller and
after convergence of the ILC algorithm. The trajectory used is a 100Hz CAV spiral.

for that frequency. The result is shown in figure 4.14. The shape of the result over the
frequency reminds of the shape of the sensitivity function, including the dip around the
eigenfrequency of the FSM. This indicates a clear relation between the suppression of
the reference induced error and the optimal learning gain. It can be seen that at lower
frequencies a lower learning gain results in a smaller remaining error after convergence.
This is due to the fact that at lower frequencies the noise will be dominant in the remaining
error and a lower learning gain will attenuate the noise more. At higher frequencies the
reference will be reduced less by the ILC algorithm and thus the remaining error will be
more dominated by the reference induced error. In this situation a higher learning gain
will result in a smaller remaining error since the reference induced error will be attenuated
more. From 150Hz the best possible learning gain is the highest possible learning gain
which still results in a monotonically converging algorithm. In the results shown in figure
4.14 the stability of the algorithm is not considered when determining the best learning
gain. The choice however was made to not include a learning gain above 1.8 since a
higher learning gain resulted in a situation where (3.22) showed unexpected behaviour
and such high learning gains resulted in an unstable algorithm. What is interesting is
the fact that from 50Hz and up, a learning gain above 1 is identified as the best learning
gain. Theoretically, a learning gain of 1 is the perfect learning gain assuming the inverse
L = GS−1 is perfect and the robustness filter Q = I. It seems that the fact that the
robustness filter is necessary, a learning gain of 1 no longer represents a perfect situation.
Figure 4.15 shows how the best learning gain was found for each frequency. By using
an estimation of the remaining error after convergence based on the reference, the noise
level and (3.22) for a range of learning gains, the best learning gain can be determined. It
can be seen that at lower frequencies a minimum can be found, although the difference
with higher learning gains is limited. Around the eigenfrequency of the system the best
learning gain decreases slightly. At higher frequencies, specifically above 150Hz, it can be
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Figure 4.9: RMS of the tracking error over the trials using a 200Hz CAV spiral trajectory.
The error converges monotonically as expected.

seen that the function seems to asymptotically continue after a learning gain of 1.8 which
was the highest learning gain tested. This clearly shows that at these high frequencies the
highest possible learning gain will always result in the smallest possible remaining error.
These results are however dependant on the amount of noise present in the measurements.
Since typically the FSM is mounted in a terminal resulting in a larger noise influence,
this analysis can be done with a higher amount of noise. For example, figures 4.16 and
4.17 show the same results as before but now using a noise level 30 times higher. It can
be seen that overall the best learning gain reduces due to the higher amount of noise
present. This further proves that the learning gain is dependant on the ratio between the
remaining reference induced error and the noise.
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Figure 4.10: Comparison of the 2D output between using only a feedback controller and
after convergence of the ILC algorithm. The trajectory used is a 200Hz CAV spiral.

Figure 4.11: Power spectral density of the error in both directions after convergence using
a 30Hz CAV spiral. The red dash-dotted line indicates the expected PSD based on (3.22).
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Figure 4.12: Power spectral density of the error in both directions after convergence using
a 80Hz CAV spiral. The red dash-dotted line indicates the expected PSD based on (3.22).

Figure 4.13: Power spectral density of the error in both directions after convergence using
a 200Hz CAV spiral. The red dash-dotted line indicates the expected PSD based on

(3.22).
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Figure 4.14: Finding the best learning gain for each frequency which results in the
smallest remaining error after convergence.

Figure 4.15: Per frequency a range of learning gains has been tested to find which gain
resulted in the smallest possible remaining error which is indicated by the black stars.
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Figure 4.16: Using a white noise with a power 30 times higher than before, the results
shift to a smaller learning gain at all frequencies.

Figure 4.17: Using a white noise with a power 30 times higher than before, the overall
error RMS increases while the local minima for each frequency move to a smaller learning

gain.
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Chapter 5

Conclusions and recommendations

5.1 Conclusions

An essential step in laser satellite communication and increasing the data transfer speed
is decreasing the acquisition time of the link between terminals. By decreasing the acqui-
sition time, the link between terminals can be established faster and thus data can be
transferred sooner. The acquisition time depends on the speed at which the FSM can
track an acquisition trajectory at a high accuracy. Due to external limitations, the band-
width of the FSM will be limited and thus the trajectory will quickly contain frequencies
above the bandwidth. It is therefor essential to increase tracking performance above the
bandwidth frequency which requires an advanced control method such as iterative learning
control (ILC). A useful aspect of ILC is the possibility to estimate the performance of
the algorithm before conducting experiments. This gives a useful insight in the potential
of the algorithm and when the analysis is done as a spectral analysis on top of the time
domain analysis, it is possible to determine an important variable in the algorithm, the
learning gain.

In Chapter 3 the analysis on the ILC algorithm has been conducted. The performance
increase is clear, especially at lower frequencies. This performance increase remains
significant until well above the bandwidth frequency proving that using ILC leads to
the possibility of using a trajectory above the bandwidth while maintaining a decent
performance. The analysis is currently done using a single system model around the origin
to simplify the analysis and ensure clearly visible results. This is justified by the fact
that all experiments to verify the analysis results will be done using only about 6% of
the maximum deflection of the FSM. When using a larger range of the FSM motion, the
analysis should be expanded to include models around more points further away from the
origin. The spectral analysis is also performed. The spectral analysis of the remaining
tracking error is divided in two parts, the reference induced and noise induced error. The
analysis clearly shows the effect of the learning gain on both parts of the remaining error.
The reference induced error decreases with increasing learning gain, whereas the noise
induced error increases with increasing learning gain.
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In Chapter 4 the analysis is validated through measurements on the FSM. Over a range
of different frequencies it is shown that the performance estimation is accurate for both
the tracking error and the output. The tracking error deviates slightly at low frequencies
since at low frequencies the measured signals are dominated by the noise and details
about the reference induced error get lost in the noise. With this accurate estimation, the
performance of the algorithm can be predicted and it can be validated if the performance
meets the requirements at the preferred frequencies. The spectral analysis is also shown
to be accurate. By using the analysis results, simulations can be done using the preferred
acquisition trajectory to determine the optimal learning gain given the frequency content
of the trajectory and the level of the noise on the system. The analysis for the optimal
learning gain has been conducted over a range of fixed frequencies to determine which
learning gain is optimal for what frequency of the trajectory. The conclusion is that the
shape of the optimal learning gain over the frequencies is similar to the sensitivity function.
This underlines the conclusion that the learning gain is directly affected by the amount
of reference induced remaining error. The learning gain however is also affected by the
noise level. With a higher noise level, the optimal learning gain will decrease to prevent
amplification of this stronger noise. The signal-to-noise ratio is therefor the deciding
factor for the learning gain.

5.2 Recommendations

Although the tracking performance is significantly increased as shown in Chapter 4, the
increased performance is taken separately in the two main directions. The result is that
while the ILC algorithm does what it is designed to do, the actual performance in 2D
is not always increased. Since a spiral is used to scan a 2D circular surface, pure phase
shifts will not cause the coverage to decrease. The ILC algorithm however will remove
phase shifts since the error signal in the two main directions will be significant. A better
solution would therefor be to use the 2D performance for the ILC algorithm. This can
for instance be achieved by using inferential ILC. By combining the measured variables
into a different performance variable, the ILC algorithm can increase the performance in
2D. The most logical performance variable would be the radius of the spiral over time.
As long as the radius of the trajectory is tracked accurately, the performance in 2D will
be guaranteed and the coverage will remain high at higher frequencies. Using the radius
eliminates the unnecessary decrease of the phase shifts and thus a false sense of increased
performance like it is the case when taking the two main directions separately.

It would also be beneficial to increase the range used by the FSM. Using only 6%
of the maximum deflection results in a system that is close to being linear. It is therefor
not guaranteed that the algorithm will remain as functional when the non-linearities of
the FSM are truly influencing the motion. In Chapter 3 it is shown that the algorithm
should be stable and monotonically converging by using a criterion that takes into account
the non-linear system. This criterion however has been investigated using linear models
around a set of offset positions. This does not fully capture the non-linear dynamics
of the system. A further investigation on the effect of the non-linear dynamics on the
designed ILC algorithm should provide a better insight in how these dynamics affect the
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performance of the algorithm. When increasing the maximum deflection, it would be
advised to use a different type of spiral since CAV spirals increase in linear velocity at
higher radii. A better trajectory could be the OPT spiral as mentioned in Chapter 2. The
CAV spiral near the center will ensure a limited frequency content near the center while
the CLV spiral at higher radii limits the linear velocity.
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Appendix A

Sensor Calibration

Using an advanced learning control algorithm will increase the tracking performance of
the FSM resulting in a potential decrease of the acquisition time of the FSM. A vital
part of increasing the tracking performance is to ensure the used sensors are calibrated
correctly. A learning control algorithm will reduce the tracking error based on the sensor
readings, when these readings do not match the actual motion of the FSM, the tracking
error is only reduced theoretically while in practise the FSM could be moving completely
differently. The sensors used with the FSM are eddy-current sensors from Kaman. These
sensors are typically probes placed in shafts to measure a changing magnetic field with
a high resolution and at high speeds making them ideal for the FSM. Since they are
mounted in a shaft, the accuracy of mounting influences the sensor readings, especially
the zero state of the sensors. Since these sensors are already mounted on the FSM, the
sensors have to be calibrated using an external sensor to compare measurements between
the two sensors. The external sensor used for calibration is a theodolite. By using a
laser source aimed at the FSM which will then exit the LEOCAT terminal and enter the
lens of the theodolite, the measurements of the theodolite can be compared to the sensor
readings of the FSM sensors. The main characteristics of importance are the sensor noise
to determine the resolution of the sensors, the precision to determine whether the sensors
will yield a similar output when the position is similar and the accuracy to determine if
the sensors yield accurate results without a large offset. The precision and accuracy are
determined after performing a full calibration using the theodolite.

A.1 Sensor noise

An important aspect of the sensors to be able to analyze both the calibration measurements
and the actual measurements during an experiment, is the sensor noise. The amount of
noise registered by the sensors determines the resolution of the sensor. With resolution
in this case is meant the smallest possible change in the output the sensor can register.
When the change in the output is smaller than the noise, the sensor will not register this
correctly as the signal is dominated by noise.

To determine the noise level on the sensor, the sensor output is monitored for a cer-
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tain amount of time while no input is given to the system. This measurement is done at a
range of offset positions to determine the effect of the position on the sensor noise. By
taking the power spectral density of the measured output, a noise spectrum is revealed at
each offset position. This is shown in figure 4.4. The bottom figures show the cumulative
spectrum. The final value of this spectrum is the root-mean-square (RMS) value of the
noise signal of the sensors. This RMS value is shown in the top figures as the dashed
line. This noise level can be taken as an approximate white noise representing the sensor
noise. The peaks occur mostly at 50Hz and its multiplications. These peaks originate
from the power supply which runs at 50Hz. These peaks however do not contain much
power as can be seen in the cumulative plot. It can be seen that the RMS value of the
noise signal is around 3µrad. This indicates that a change in the output can be identified
from the output signal when it is larger than 3µrad. Smaller changes in the output will
be dominated by the noise and are thus indistinguishable from the sensor output.

A.2 Calibration using theodolite measurements

To ensure the sensor output represents the actual motion of the FSM, a sensor calibration
has been done. This calibration is done by using an external sensor to verify the sensor
output. Since the external sensor uses the laser beam exiting the LEOCAT terminal while
the sensors of the FSM use the mechanical motion of the FSM, several aspects have to
be taken into account when processing the output of both sensors. First of all, due to
the mounting of the FSM in LEOCAT and the path of the laser after reflecting off the
mirror, the horizontal and vertical direction is changed between the FSM sensors and
the theodolite. This means that when the theodolite measures a change in the horizontal
direction, it indicates a motion of the FSM in the vertical direction. The second point of
attention is the fact that a laser beam is used that moves through a series of lenses on the
path from the FSM to the exit of the terminal. These lenses affect the motion of the laser
beam. The result is that the angle the laser beam makes at the exit is approximately 8
times smaller than the angle the FSM makes. The measured angles on the theodolite
are therefor multiplied by a factor 8. This is not the exact multiplication factor that
the laser undergoes, however it is the best approximation that can be made at this time.
The third important aspect is the fact that the FSM is mounted under an angle of 45
degrees compared to the fixed world. This can be seen in figure 4.1. This means that
a mechanical angle change of the FSM in the horizontal direction results in an optical
change of the angle of twice the mechanical change. In the vertical direction this is a
factor of the square root of 2. The measured output of the theodolite should be adjusted
accordingly. The last aspect to take into account is the fact that the theodolite might not
be positioned exactly in the same frame as the terminal. The theodolite is placed as level
as possible using levels, however there is still the possibility of human error during this
process. This means that there could be an offset between the vertical axis of the termi-
nal and the theodolite. This has to be investigated on the outputs and adjusted accordingly.

By validating the sensor output at 81 positions between the sensor output and the
theodolite measurements, a new calibration matrix can be defined. This matrix indicates
the change necessary on the sensor output to adjust the output to the actual situation
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Figure A.1: Best fit of the sensor output on the theodolite data. It can be seen that
especially in the y-direction a significant adjustment is necessary. The offset position at

the zero state is limited.

according the the theodolite measurements. The resulting fit is shown in figure A.1. It can
be seen that especially in the y-direction an adjustment is needed on the sensor output.
This is indicated by the multiplication factor of 1,25 on the sensor output indicated by
Rykaman. The used data is adjusted according to the factor from the lenses and the
mounting angle of the FSM. The rotation between the axis of the theodolite and the
kaman sensors is not yet determined in this result. The rotation can clearly been seen
however in figure A.2 where the output of both the kaman sensor and the theodolite is
shown in the 2D grid. By determining the angle difference between each corresponding
point and taking the average of all the points, the rotation between the axis is determined.
This rotation is then applied to the calibration matrix. The calibration measurement is
done again with the new calibration matrix. The results of the new measurement are
shown in figure A.3 and show that the new calibration matrix results in an output much
closer to the theodolite measurements. A new calibration matrix would be very close to
identity indicating the new calibration matrix is accurate.

A.3 Precision and accuracy

With the new calibration matrix, it is essential to determine the accuracy and precision of
the sensors. When the sensor is not accurate or precise, the output may still not represent
the real position and motion of the system. Precision in terms of sensor output is the
spread of the sensor output when the system is moved to the same position several times.
In a perfect situation the sensor output would be exactly the same every time the system
moves the to the exact same position. Accuracy is how close the average of several sensor
outputs is to the true position of the system. By moving the system to a smell set of
positions several times in a random order, the accuracy and precision of the sensor output
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Figure A.2: Kaman and theodolite outputs in the 2D grid show the rotation between the
axis of the kaman sensors and the theodolite.

can be determined by comparing the output to with the theodolite measurement. The
measurements of the theodolite are considered to be the true output. By performing the
measurements in closed loop, the sensor output will be close to the setpoint every time.
The theodolite measurements then show the actual position of the FSM and show the
accuracy and precision of the sensors. The result around one of the points is shown in
figure A.4. It can be seen that the mean of the points has a certain offset from the setpoint
and there is a spread in the measurements. It is however important to realize that the
theodolite measurements contain a certain user induced error. The used theodolite has
a standard deviation of 0.5 arcseconds according to the manual, this is approximately
0.0024mrad and thus negligible compared to the measurement results. The user induced
error has been tested through a quick measurement of 3 points, each repeated five times.
The difference between the measurements on average was approximately 0.002 degrees,
which is about 0.035mrad. The mean of all measurements as seen in figure A.4 remains
approximately within this user induced error. It can therefor be concluded that the sensor
is accurate up to the limits of the user defined operating accuracy. The spread of the
points is slightly larger than the user induced error, especially in the tilt direction. This
indicates that the sensors used in the tilt direction are slightly less precise compared to
the sensors in the tip direction.
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Figure A.3: Best fit of the sensor output on the theodolite data with the new calibration
matrix. It can be seen that the best fit is now very close to the simply taking the x and y

directions as they are.

Figure A.4: The FSM moved to the same position several times in closed loop. The
theodolite measurements show the actual position of the FSM compared to the sensor

output which due to the closed loop are the on top of the setpoint.
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