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Abstract

This thesis delves into the complexities of a prototype Beam Wire Scanner (BWS) with a Tubu-
lar Linear Magnetic Coupling (TLMC), a critical instrument in particle accelerators and beam
physics experiments. Employing nonlinear system identification techniques, particularly neural
networks, the TLMC system is characterized, revealing its suitability for accurately calculating
wire position without significantly impacting beam size accuracy. Optimal reference trajectory
generation methods are explored, demonstrating their efficacy in minimizing wire vibration and
enhancing the repeatability and reliability of the BWS. Recognizing the impact of evolving me-
chanical conditions on the Permanent Magnet Synchronous Motor (PMSM), the thesis focuses on
novel data-driven motor drive control strategies. Simulations showcase that the proposed Deep
Predictive Control (DeePC) architecture adapts well to changing motor parameters, ensuring
high performance and adaptability in BWS operations.
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Chapter 1

Introduction

This chapter briefly introduces the European Organization for Nuclear Research (CERN) and
its particle accelerators, and the constituents of Beam Wire Scanners, the instrument that is the
major focus of this thesis. Later, we formulate the problem that this thesis aims to resolve and
conclude the chapter with an outline of the thesis.

1.1 CERN and Particle Accelerators

The European Organization for Nuclear Research (In French: Organisation Européene pour la
Recherche Nucléaire), CERN (formerly, Conseil Européen pour la Recherche Nucléaire) is the
largest particle physics laboratory in the world. Established in 1954, it is spread across the
French-Swiss border in the suburbs of Geneva. Starting off with 12 Member States, CERN now
has grown to consist of 23 Full-Member States and 10 Associate Member States.

1.1.1 LHC Injectors Chain

The major focus at CERN is to study the interactions between different subatomic particles and
for this reason, it houses around a dozen particle accelerators that accelerate protons, heavy ions
and other subatomic particles to very high energies. The Large Hadron Collider (LHC) is the
largest particle accelerator in the world and one of the largest machines ever built by humans.
Built 100 m underground, with about 27 Km of circumference, it is designed to reach collision
energies of 2 x 7 TeV for protons nominally.

However, the journey of a particle to achieve such high collision energies starts from a bottle of
hydrogen gas injected into a plasma chamber. An electric field ionises the atoms of hydrogen,
stripping it of its electrons leaving the protons behind at about 100 KeV. LINAC4, a linear
accelerator then accelerates these protons to an energy of about 160 MeV and the particles
travel at around one-third of the speed of light. The Proton Synchrotron Booster (PSB), the
smallest circular accelerator at CERN. then brings up the energy of the protons to around 2
GeV at 91.6% the speed of light. The 628m circumferential Proton Synchrotron (PS) ramps up
the energy of the particles to 26 GeV while the particles travel at 99.9% the speed of light. The
second largest machine at CERN, the Super Proton Synchrotron (SPS), then accelerates the
beam of protons to LHC Injection Energy of 450 GeV. Finally, the beam of particles is split into
two LHC rings in the opposing directions and brought up to nominal collision energy of 2 x 7
TeV. Apart from protons, the LHC also accelerates lead ions, at 2.8 TeV. These ions, produced
in LINAC3 and accumulated in Low Energy Ion Ring (LEIR), are injected into the PS next and
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then follow the same path as the protons. The complete accelerator complex can be seen in
Figure 1.1.

The CERN accelerator complex
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ALICE o, North Area LHCb

S P S TT42
0 | 1976 7 km) | AWAKE

HiRadMat
[N

AD )
ISOLDE
| 1999 (182 m) |
(162 m)
Mo Rits REX/HIE
’
n_TO}
— o PS
Ay s CLEAR
g
A LEIR
ons | 2005 73 m) |
| 1994 |
) H™ (hydrogen anions) ) ions D RIBs (Radioactive lon Beams) ) n (neutrons) ) p (antiprotons) ) e (electrons)

LHC - Large Hadron Collider // SPS - Super Proton Synchrotron // PS - Proton Synchrotron // AD - Antiproton Decelerator // CLEAR - CERN Linear
Electron Accelerator for Research // AWAKE - Advanced WAKefield Experiment // ISOLDE - Isotope Separator OnlLine // REX/HIE - Radioactive
EXperiment/High Intensity and Energy ISOLDE // LEIR - Low Energy lon Ring // LINAC - LINear ACcelerator // n_TOF - Neutrons Time Of Flight //
HiRadMat - High-Radiation to Materials

Figure 1.1: CERN Accelerator Complex and Experiments [24]

1.1.2 Experiments at CERN

The particle accelerators provide the high energy particles to different interaction points, where
various experiments are located [6]. Each experiment is designed for a specific purpose. The LHC
houses nine experiments that use various types of detectors to study the different particles pro-
duced by the collisions. ATLAS and CMS are the largest experiments that are general purpose
detectors. ALICE is dedicated to heavy ion physics and LHCb studies b quarks. These exper-
iments are situated in a cavern underground. TOTEM and LHCf are the smallest experiments
at the LHC that focus on forward particles.

Apart from the experiments at the LHC, CERN also has fixed-target experiments, in which the
accelerated beam is made to hit a fixed solid, liquid or gas target which forms the detector.
The SPS provides the accelerated beam to most of these type of experiments while the PS also
houses some. Two decelerators: Antiproton Decelerator (AD) and ELENA also contain numerous
experiments that study the properties of antimatter.
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1.2 Beam Profile Measurements

The building blocks of accelerators that guide the beam particles along a reference path are the
quadrupole magnets. The magnetic field generated by these magnets affects all the particles of
the beam. A series of magnets with alternating polarities is used to focus the beam through the
accelerator. The focussing magnets cause the particles to form a Gaussian profile on each of the
transversal planes. The rate of interaction of these particles is coupled with the size of the beam,
which strongly motivates the accurate measurement of the beam profiles.

In particle physics experiments, the primary parameters are energy and the number of useful
interactions. Colliding beams with high center-of-mass energy, especially in studying rare events,
with a small cross-section o, are essential [14]. Luminosity (L) quantifies a particle accelerator’s
ability to produce interactions. It relates the event rate per second (%) to the cross-section o,
as % = Loy,

When two bunches with particles n; and ns collide at machine revolution frequency f ., and
zero crossing angle, luminosity is given by

_ frev’nl s N2

L
dro,oy

where o, and o, are standard deviations of the Gaussian profile of the beam, also referred to as
the ‘beam size’.

It is now easy to understand the importance of instruments that measure transverse beam profile.
Various instruments with differing principles of operation are employed for this purpose each with
its own pros and cons. Depending on whether the instruments come in contact with the beam,
they can be classified as interceptive and non-interceptive. Some of the major instruments used
for beam profile measurement, and a short description of each instrument is given in Table 1.1.

1.3 Beam Wire Scanners

Beam Wire Scanners (BWS) stand as integral components in particle accelerators, providing
crucial insights into the transverse profiles of particle beams. Employing a combination of
electro-mechanical components and photoelectric detection systems, BWS plays a pivotal role in
measuring and reconstructing beam density profiles with high precision and reliability.

The operational principle of BWS revolves around its ability to interact with proton beams using
a slender 30pum wire, traveling at a rapid displacement speed exceeding 20 m/s within vacuum
pipes. As the wire traverses the beam, secondary particle radiation is generated, detected by a
scintillating material, and transformed into light. This light undergoes amplification through a
photo multiplication process, resulting in a current proportional to the concentration of secondary
particles at the wire’s location. A rotational wire scanner and a simplified overview of the
operation of BWS is shown in Figure 1.2.

BWS can be broadly categorized into two main families: linear and rotational. Linear scanners,
present in facilities such as the SPS and LHC, employ bellows for motion transfer from air to
vacuum and potentiometers for position measurement. However, the linear architecture limits
their scan speed to 1 m/s, impacting the intensity of safely scanned beams. On the other hand,
rotational scanners, can reach speeds upto 20 m/s [8]. However, the latter’s complex mechanics
introduces challenges such as mechanical play and increased measurement uncertainty caused by
vibrations during acceleration.

A nominal scan cycle with air side and vacuum side positions is depicted in Figure 1.3. The
initial movement when the wire goes from initial position 0 mm to the full stroke length 90 mm
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Instrument Type Description

Synchrotron Non- These monitors profit from the light produced on dipole

Light Monitor | Interceptive magnets when highly relativistic particles are deflected by

(BSRT) a magnetic field. Synchotron monitors are usually placed
to make use of this parasitic light after a dipole and be-
hind an "undulator" magnet, where the beam is deflected
several times to enhance the photon emission.

Beam Gas | Non- Tonisation of the rest gas (or injected gas) on the vacuum

Tonisation Interceptive chamber, the electrons generated by ionisation are accel-

Monitor erated by a strong electric field towards one side of the

(BGI) chamber, where they are detected. The footprint of the
electron distribution on the detector represents the beam
dimensions in one plane.

Beam Gas | Non- The BGV is a beam-gas interaction device. Its beam pro-

Vertex Detec- | Interceptive file measurement method is based on reconstructing the

tor (BGV) track of secondary particles, produced by inelastic beam-
gas collisions, exiting the beam pipe.

Secondary Interceptive SEM-grids consists on a series of thin filaments arranged

Emission in parallel. When the beam crosses the grid, a current is

Grids (SEM- generated in each of its filaments by secondary electron

Grids) emission. The current in each filament is proportional to
the beam intensity in the wire position.

Optical Tran- | Interceptive OTR is emitted when a charged particle beam goes

sition  Radi- through an interface with different dielectric constant. A

ation (OTR) luminous image with the footprint of the beam is gener-

Screens ated on the material offering bi-dimensional information
of the beam in a single shot.

Beam  Wire | Interceptive A very thin carbon wire (around 30 pm) is passed through

Scanners the particle beam. A shower of secondary particles is gen-

(BWS) erated by the beam-wire interaction which is detected with

a scintillator, and transformed into an electrical current
through a Photo-Multiplier Tube (PMT). The shower in-
tensity is proportional to the beam intensity at a given
wire position. The beam profile in a single plane can be
obtained by correlating the wire position with the secon-
daries shower intensity.

Table 1.1: Beam Profile Measurement Instruments [30]
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Figure 1.2: Working Principle of BWS [10]

is called the IN Stroke. When the wire comes back to its initial position from the full stroke
length, the action is referred to as the OUT Stroke. The two strokes are when the wire is expected
to come in contact with the beam.

100 . : : :

80
6O - | | T

10 | | ]

Displacement (mm}

— Air side
— Vacimm side

20 T 1 L I
0 0.5 1 1.5 2 2.5

Time(sec)

Figure 1.3: A Nominal Scan Cycle of BWS

Installing the mechanical actuator within the extreme conditions of a particle accelerator presents
a significant challenge. The environment is characterized by varying pressure, temperature,
and magnetic fields, necessitating careful design considerations. Typically, a bellow facilitates
motion transfer from the external environment to the vacuum chamber, minimizing outgassing
and protecting sensitive components from the baking procedure.

However, the bellows are subject to wear and tear over time and breakage of bellows can compro-
mise the accelerator vacuum. Replacements for bellows, such as a Tubular-type Linear Magnetic
Coupling (TLMC) are currently under investigation. This thesis revolves around the characteri-
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zation and development of a control scheme for this TLMC based BWS. The following subsections
provide an overview of the important components of this prototype of BWS and the experimental
setup.

1.3.1 Permanent Magnet Synchronous Motor (PMSM)

One of the major components of the BWS is the motor, that generates the required torque to
bring about the motion of the fork and the wire through the beam. Several types of motors
have been used in the past, the ones in operation include Brushless DC (BLDC) and Permanent
Magnet Synchronous Motor (PMSM). The BWS under investigation, has an AC Motor Drive
system with the PMSM motor driving the moving parts.

A Permanent Magnet Synchronous Motor (PMSM) is a type of electric motor that relies on
permanent magnets to generate the magnetic field required for its operation. Unlike induc-
tion motors, PMSMs have magnets embedded in the rotor, typically made of materials such as
neodymium. The stator, on the other hand, carries windings through which alternating current
(AC) is supplied. The interaction between the magnetic field generated by the stator windings
and the permanent magnets in the rotor produces a rotating magnetic field, inducing motion in
the rotor.

The operation of a PMSM is highly dependent on precise control of the current supplied to
the stator windings. To achieve optimal performance, the feedback control system adjusts the
amplitude and phase of the stator current, ensuring that the rotor follows the rotating magnetic
field. This control is often facilitated by sensors, such as encoders or resolver devices, which
provide feedback on the rotor’s position and speed.

The PMSM motor used in the experimental setup is Kollmorgen AKM23F-ACC2R-00. The
important parameters of the motor are listed in Table 1.2.

PMSM Parameter Value

Stator resistance Rg 2.34 Q

Stator inductance Lg 4.68 mH

Back EMF constant Kg 0.1681 V rad—! s~ !
Torque constant Krp 0.27 Nm/A

Pole pairs p 3

DC bus voltage Uyq, 320V

Nominal current Iy 4.31 A

Peak current I, 172 A

Rotor inertia J,qt 0.232 x 1074 kg m?
Max. mechanical speed §2,, 837.75 rad s~ !
Nominal mechanical speed €y 837.75 rad s~}
Peak torque T, 3.88 Nm

Nominal torque T 0.94 Nm
Operating temperature -20°C to 40°C

Table 1.2: PMSM Parameters and Requirements

1.3.2 Tubular-type Linear Magnetic Coupling (TLMC)

Tubular linear magnetic couplings operate on the principle of utilizing magnetic fields to trans-
mit torque or motion through a non-magnetic barrier, such as a wall or casing. Consisting of
magnet arrangements on both sides with aligned polarities, these couplings enable the transfer
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of motion without physical contact, providing advantages such as hermetic sealing and preven-
tion of mechanical wear. The interaction of magnetic fields through the barrier facilitates the
transmission of rotational or linear motion, making these couplings ideal for applications where
a sealed or sterile environment must be maintained on one side while allowing mechanical mo-
tion on the other. Their use is prominent in industries such as medical, chemical, and food
processing, offering an efficient solution for scenarios requiring isolation and controlled motion
transfer. While using radial magnetics for torque transfer is a widely studied application, using
tubular-type magnets to transmit motion is a relatively lesser studied field. The TLMCs provide
a viable alternative for bellows and form an integral part of motion transfer in the BWS. Figure
1.4 shows the structure and an analytical model of the TLMC.

The experimental setup uses the Ball screw Actuated Linear Translator (BAT) drive designed
by UHV Design. It has a linear breakaway thrust of 90N and can nominally be operated at a
speed of 1 ms™!

|

Tron-pale | T Outer PM
-+ T -t T, -
E:) l Iron-pole I C:I Inner PM
Non Material | i a
-
Air(VI)
"""" i
k. | Airgap(ILIV)
T eman
T e

Figure 1.4: Structure and Analytical model of TLMC [1§]

1.3.3 Linear Magnetic Encoder

A linear magnetic encoder operates on the principle of utilizing magnetized tracks on a linear
scale to provide precise position feedback. The encoder consists of a magnetized scale, typi-
cally composed of stainless steel, and a read head containing sensors, such as Hall sensors and
anisotropic magnetoresistive (AMR) sensors. As the scale moves relative to the read head, the
sensors detect changes in the magnetic field generated by specific magnetization patterns on the
scale. Interpolation electronics within the readhead process these variations to achieve higher
resolution in position measurements, and custom logic circuitry refines the signals for transmis-
sion. The signals are then sent to an internal microcontroller unit (MCU), where specialized
algorithms decode the magnetic signatures, determining the absolute position of the linear scale.
The resulting position information is output to external systems or controllers, enabling pre-
cise control over the position of the associated device or machinery. The contact-less nature
of this technology, along with its ability to offer high-resolution feedback, makes linear mag-
netic encoders suitable for applications requiring accuracy and reliability in motion control and
industrial automation.
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The Linear Magnetic Encoders fitted to the experimental setup are LA11 manufactured by RLS.
They can be configured to work in both absolute and incremental modes and are characterized
with a resolution of about 0.244um.

1.3.4 Fork Assembly and Wire

The part of BWS that travels through the beam line in high vacuum conditions are the fork
assembly and the wire. A metallic fork consisting of two arms is fixed on a shaft, which is
interfaced to the moving part of the instrument. The wire, made of a single carbon fibre 34 um
in diameter is stretched in the rigid fork and the tension on the wire is maintained due to its
elasticity. Carbon with its high melting point, good thermal conductivity and comparatively low
density make it a suitable choice of material for the wire.

1.3.5 Secondary Shower Detection

Another important component of the BWS is its detection system, where a scintillating material
captures the escaping secondary particles. The scintillator properties are usually dependent on
the accelerator. This scintillation-induced light is then amplified by a photo multiplier tube
(PMT), converting it into a measurable current signal. A digitized signal from the detector is
then processed. The entire process allows for the reconstruction of the transverse beam intensity
profile, achieved by plotting the current intensity against the wire’s position.

1.3.6 Experimental Setup

The experimental setup consists of the prototype of BWS composed of the PMSM, the TLMC
and two Linear Magnetic Encoders, one to measure the displacement in the air side and the other
to measure the displacement in the vacuum side. The setup does not contain the fork assembly
and secondary particle acquisition system as of now. The motor is controlled real-time by a
dSPACE MicroLabBox with a sampling frequency of 16 kHz. The power supply of the motor
is developed in-house and deployed to actuate all the wire scanners in operation at CERN |§].
There is also a magnetic brake attached to the PMSM. An image of the experimental setup at
CERN is shown in Figure 1.5.

Figure 1.5: Experimental Setup
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1.3.7 Operational Systems Overview

At the time of writing of this thesis, there are 17 Rotational BWS, installed in the PSB, PS and
SPS as a part of LHC Injectors Upgrade [8]. In addition, there are 8 Linear BWS instruments
that are in operation in the LHC.

1.4 Problem Statement

This thesis aims at the complete characterization of the TLMC based BWS prototype and the
development of different control schemes that require minimal tuning of parameters, and are
robust to parameter changes.

Accurate and precise wire positioning is of great importance to get an accurate profile of the
particle beam. Moreover, the wire should not be subjected to vibrations when passing through
the beam and possess a reproducible motion profile. Hence, we would like to identify a suitable
model for the TLMC and characterize its natural frequency. Optimal Reference Trajectory
Generation Methods that produce reproducible and vibration free motion are also to be studied.
The current iteration of the control for PMSM drive uses FOC containing three cascade PID
loops. Changes in motor parameters over time, due to change in orientation and other me-
chanical causes causes the control scheme to under perform thus necessitating an adaptive, self-
commissioning like technique. Hence, we turn our attention towards data-driven control methods
and study the feasibility and real-time application capabilities of such methods.

Summarizing, the major goals of the thesis are as follows:

1. Characterization of the TLMC using System Identification techniques

2. Implementation of Optimal S-Curve (Reference Trajectory) generation techniques and
study its effects on reproducibility of motion

3. Analysis of different data-driven control methods for the PMSM drive and compare them

4. Experimental verification and validation of the above methods using the experimental setup
in real-time

1.5 Thesis Outline

We start with the different system identification techniques in Chapter 2, provide the necessary
theory and their applications to TLMC-BWS. We discuss and compare the results obtained
from the different techniques. In Chapter 3, we present two different approaches for optimal
trajectory generation, implement it on the real-time system and compare them. We move on to
the control problem in Chapter 4, where we introduce the mathematical fundamentals required
for the understanding of the different data-driven control methods including a review of the Model
Predictive Control basics and relevant theory, notations from Behavioral Systems. Finally, in
Chapter 5 we propose different data-driven control schemes for application to BWS and analyze
the results obtained. We present a summary of the work done and potential directions for future
research in Chapter 6.



Chapter 2

System Identification and
Data-driven Characterization of

TLMC

As described in Section 1.3, the rotational motion generated by the motor is translated into linear
motion using a ball screw. This motion happens outside of the beam line, outside vacuum, what
we term as the ‘air side’. It is transmitted to a fork attached that is present in the beam line
through a Tubular-type Linear Magnetic Coupling (TLMC). It is of paramount importance to
know the precise position of the fork and the wire in the ‘vacuum side’. However, the sensors need
to be designed to be radiation hard. In this chapter, we characterize the TLMC and analyze if the
vacuum side position can be predicted just with data from the air side and how the predictions
ultimately affect the beam size estimations.

2.1 Wire Position Accuracy

Prior to delving into the system identification methods, it is important to establish the impor-
tance of the accuracy of the wire position measurement in the vacuum side. An extensive analysis
and experimental simulations on the contribution of all the sources of error that can occur in the
Beam Wire Scanner is detailed in [30]. In this section we only focus on the relevant parts, the
contribution of error in position measurement to the relative beam size error.

As explained in 1.2, the nominal profile of a beam can be expected to be described by a Gaussian
curve (shown in Figure 2.1) and the size of the beam is given by its standard deviation, cpeqm-
The relative beam size error ,¢; is defined as,

Omeasured — Obeam
57’6[ =

Obeam

10
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Figure 2.1: Simulation of Nominal Beam profile with opeqm = Imm

with 0yeasureq being the size of the beam measured by the BWS. A histogram of measured beam
sizes, with a sufficiently large number of entries can be approximated by a Gaussian distribution,
with a mean u, and a standard deviation o,, as shown in Figure 2.2. The difference between
the actual beam size and the mean of the histogram represents the ‘systematic error’, while the
standard deviation of the histogram gives the ‘statistic’ or ‘random error’. Mathematically, they
can be described as,

Obeam — Mo

€systematic = pu
beam
0o
Estatistic —
Obeam

Studies performed in [30] show that the €systematic does not depend on the accuracy of the wire
position but only on the wire diameter. However, the statistic error, €sqsistic, depends on the
error of wire position (egnrz), error of the photomultiplier tube (PMT) amplitude (esyry) and
the error due to number of particles crossing the detector surface (eyrr), and is given by,

_ 2 2 2
€statistic = \/fsNRz +€snry T ENTE

Consider n two-dimensional points representing a beam profile, (zp,cq.i, ¥i) € R?,Vi € [n] where
Tpred,i represents the predicted value of wire position and §; represents the wire amplitude from
the PMTs. Let @4y ; represent the true value of the wire position. The difference between pyeq.s
and Zirye,i gives the absolute error in the prediction. Let each @pyeq,i, due to the influence of
the prediction error, be a Gaussian Random variable with mean Z,,eq,; and a standard deviation
Opred,i- When the mean of the random variable, for some v, can be expressed as,

jpred,i = Ttrue,i T "Y,VZ € [’ﬂ]

we can write the error of the wire position as,
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0.4 max opred,i
€ESNRx = 7 :

Obeam 'Uscan)

where f(Gpeam; Vscan) = Tbeam 1/ 2242 frep With fr.e,, the machine revolution frequency and vseqn

Vscan

the velocity of a scan cycle. The value +, typically chosen to ensure that the centre of the beam
lies at 0, can be imagined to be a factor that causes a shift in the beam position. The effect of
the centering of the beam is pictorially represented in Figure 2.3. It however has no impact on
€statistic and thus the beam size calculations. An experimental verification of this is presented
in subsequent subsections of this chapter. Calculation of esyry and enrg lie outside the scope
of this document and more information can be obtained from [30].

40 40 s

o True Value o True Value
o Predicted Value o Predicted Value

Anplitude (aa)
Amplitude (aa.)

10 10

‘Wire position (mm) Wire position (mm)

(a) Before Centering (b) After Centering

Figure 2.3: Beam Size Comparison
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For a nominal beam of 100um at the LHC with the scanner moving at a speed of 1ms~! and

a machine revolution frequency of 11kHz, the contribution of egy g, and eyrg turn out to be
3.33 x 107° and 3.66 x 107 respectively. In order to measure the beam within an accuracy of
1%, the value of max opreq,; turns out to be 4pm.

1

The major inferences from this section are,
e The inaccuracies in wire position affect the beam size calculation only through €giqtistic

e Irrespective of the value of 7, €gtqtistic can be reduced by bounding max opreq,; suitably,
K3

which is expected to be 4um under typical working conditions

2.2 Linear Methods

Several works have previously been done to study the magnetic characteristics of the TLMC [18].
However, no previous works are known to take a system-theoretical approach to characterize the
force and the motion associated with the TLMC to the knowledge of the author. We consider
the TLMC to be a black-box and use system identification techniques to come up with a model
for the TLMC that can be used to predict the position in the vacuum side, based on the position
on the air side. We start by assuming the TLMC exhibits only linear characteristics, since there
is no evidence suggesting otherwise. In this section, we study and analyze the effectiveness of
two linear system identification techniques - one in frequency domain and one in time domain.
Mathematically, we assume that the TLMC can be expressed as is,

y(t) = G(s)ult) + H(s)d(t)

where, y(t) is the vacuum side displacement, u(t) is the air side displacement, G(s) is the transfer
function that describes the relationship between the two displacements in Laplace domain, and
the term H(s)d(t) denotes how all the disturbances affect the vacuum side displacement value.

2.2.1 Empirical Transfer Function Estimate

The physical interpretation of any transfer function of a system G(s) the complex number given
by G(e') gives the amplitude and phase change that happens to the output of the system, when
it is fed by an input sinusoidal signal at a frequency of w. The frequency response of a system can
then be obtained by choosing an input signal u(t) = asinwt, Vt, calculating an estimate of the
amplitude and phase shift of the input signal and repeating the process for several frequencies,
w corresponding to a region of interest.

Extending the above idea to the case of multi-frequency inputs, the estimate of a transfer function
given by,

iw YN (eiw)
GN(e ) - UN(eiw)
N
where, Yy (e') = Zy(t)e_m
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the ratio between the N-point Discrete Fourier Transform (DFT) of the output signal and the
input signal is called the Empirical Transfer Function Estimate (ETFE) of the system.

Input Signal Selection

As in most real-world applications, there exist a number of challenges on the choice of the input
signal. The most important one being that the selected input signal cannot be applied directly
to the air side displacement u(t), but can only be given as a reference trajectory ,.5(t) to be
followed by the PMSM control system. The air side displacement u(t), can only be measured
and not manipulated directly. Thus, we are limited by the control capabilities of the existing
control system.
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Figure 2.4: Application of Gaussian White Noise to identify TLMC

The simplest choice of an input signal would be a filtered Gaussian White Noise. Any signal
spectrum can be achieved with the suitable design of filters. Figure 2.4, shows the application
of a white noise signal as the reference to the control system. Clearly, the intended signal is not
being translated by the control system from 6,..r(t) to u(t). Moreover, significant changes to the
frequency components of the signal can also be observed, especially after 100 rad/sec. Thus,
we tend to lose the desirable properties of the white noise signal while using it to identify the
TLMC. A similar result is also observed, on the application of Random Binary Signal (RBS) and
Pseudo Random Binary Signal (PRBS) to the system.

Thus, we turn our attention towards sinusoidal signals. A chirp signal is a sinusoidal signal with
frequencies that increase or change continuously over a certain range i.e. Yw € [wy,ws] over a
specific time range Vt € [0,T]. They can be expressed as,

(OJQ — (JJ1)fZ2

u(t) = Acos(wit + 5T

)
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Figure 2.5: Application of chirp signal to identify TLMC

Figure 2.5, shows the application of a chirp signal with wy = 1 rad/sec,ws = 1000 rad/sec, T =
10 sec and A = 0.1 at the sampling frequency of 16 kH z as the reference to the control system.
Again, we notice that the chirp signal does not completely translate from 6, ;(t) to u(t). However,
a closer look at the frequency spectra of the signals indicates a similarity in shape and equivalence
in the magnitudes over the frequency range. Figure 2.6 shows the Power Spectral Density (PSD)
of the chirp signal over the desired frequency range and a comparison of the PSD of the measured
air side displacement signal.

Results and Model Approximation

We choose the chirp signal to perform the ETFE procedure outlined. The measured air side
displacement u(¢) and the vacuum side displacement y(t), on the application of the chirp signal
is depicted in Figure 2.7.

The Bode Plot obtained after performing ETFE is shown in Figure 2.8. In the region of interest,
between 1 rad/sec and 1000 rad/sec, the TLMC exhibits typical second order characteristics,
with the presence of a corner frequency, where the magnitude peaks, and the phase shifts from
0° to —180°. It would not be unreasonable to assume that the TLMC is a second order system.
We can estimate the parameters of the approximate second order system from the Bode Plot
characteristics. )

The transfer function model of a second order system is written as S Ty in which w,
represents the natural frequency of oscillation of the system and ( is the damping coefficient
of the system. These two parameters can be calculated from the size of the peak M, and the
frequency at which the peak occurs w, and the relationship is given as,
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A quick calculation of the parameters by plugging in the peak size M, = 18 dB and w, =
236 rad/sec results in the following second order approximation of the model,

Gs) = 56412.6774
T $2 4 20.88874s + 56412.6774

(2.1)

Model Validation and Residual Analysis

Model validation involves establishing confidence in the estimated model’s ability to capture
essential aspects of system behavior, extending beyond the data used for its estimation. A
commonly employed method for this purpose is Cross Validation. This entails creating a separate
validation data set distinct from the one used for model estimation. The model is then simulated
using the validation input, and the resulting output is compared with the measured validation
output. Evaluation methods include visual inspection or the computation of a quantitative
measure of fit. Additionally, a further validation test involves residual analysis, which examines
the "leftover" portion in the model, denoted as €(t) = y(t) — G(s)u(t), representing the output
unaccounted for by the model. It is crucial that these residuals are independent or at least
uncorrelated with the information available during the model output formation. Residual analysis
typically includes computing the auto-correlation function for the residuals and cross-correlation
function between residuals and past inputs, with the expectation that these functions do not
significantly deviate from zero. Cross-validation with the PMSM tracking Gaussian White Noise
is shown in Figure 2.9 while 2.10 shows the results of a nominal scan cycle of the BWS.
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From Figures 2.9 and 2.10, it is evident that the second order linear model approximation cal-
culated from ETFE captures most of the characteristics of the TLMC. However, the residuals
seem to increase in magnitude with the increase in speed of the scan vgeq,. Estimation of the
static gain of the system seems reasonable. More information can be obtained by performing
the cross-correlation between the input w(¢) and the residuals €(t), shown in Figure 2.11. The
cross-correlation is negligible between the residuals from Gaussian White Noise validation and
the corresponding inputs. This indicates that the linear model almost completely captures every-
thing the input has to offer in this case and it performs quite well. However, the cross-correlation
in the nominal scan cycle case is quite high indicating that the linear model does not adequately
perform well. This dual nature of the result, indicates discrepancies in considering the TLMC
to be completely linear.
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Figure 2.11: Cross-correlation Analysis

2.2.2 Auto Regressive Exogeneous

The Autoregressive with eXogenous input (ARX) model is a widely used mathematical framework
in system identification and time-series analysis. In this model, the output of a system at a given
time is expressed as a linear combination of its past values (auto regressive component) and the
effects of external inputs (exogenous component). The ARX model is mathematically represented
as:

y(t) = a1y(t—1)+agy(t—2)+...4an, y(t—ng)+biu(t—1)+bou(t—2)+. ..+ by, u(t —np) +e(t)

Here, y(t) denotes the system output at time ¢, u(t) is the input to the system, a; to a,, are
auto-regressive coeflicients, b; to b,, are coeflicients associated with the input terms, n, is the
auto-regressive order, n; is the exogenous input order, and e(t) represents the model’s error or
disturbance term.

ARX models are valuable for understanding and predicting the dynamic behavior of systems
based on historical data and external influences. Our inferences from performing ETFE analysis
indicates the presence of higher-order terms in the system or nonlinearities depending upon the
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velocity of scan. In order to understand this in better light and to explain the residuals better,
we perform a study using ARX models of differing orders.

Estimation of ARX Parameters

Estimating the ARX parameters involves using observed input-output data to find the values
of a; to a,, and by to b,, that minimize the difference between the predicted output from the
model and the actual output.

One common approach is to use the least squares method, where the objective is to minimize
the sum of the squared differences between the predicted output and the actual output over all
available data points. This leads to a set of linear equations that can be solved to obtain the
parameter values.

The regressor matrix, often denoted as ®(t), is a matrix that collects the input and output values
for each time step and is used in the parameter estimation process. For the ARX model, the
regressor matrix is constructed by stacking the lagged output and input values,

T
o) =[-yt—1) —yt—2) ... —ylt—na) u(t—1) ut—2) ... u(lt—m)] (2.2)
The parameter estimation problem is then formulated as,

(1) = y(?)
where © = [al as ... ap, by by ... bnb}T

a

Data set and Validation Criteria

The input signal selection discussed in detail in subsection 2.2.1 also holds here. Hence, we use
the signal shown in Figure 2.5 for ARX model identification as well. We use this data to identify
different orders of ARX model, given by Vn, € {3,4,...,20},Vn; € [n,] to ensure the causality
of the identified model.

According to the input signal selection criteria given in Chapter 9.5 of [25], one of the major
consideration points is the purpose of the modelling. Our purpose of the characterization and
modelling of the TLMC is for simulation and prediction of the vacuum side displacement and
not for designing a controller. Hence, it is objectively more important for the model to perform
better in capturing the dynamics of the TLMC under nominal operating conditions rather than
capturing the complete dynamics of the TLMC. Thus, we also consider a data set comprised
of 170 experiments of nominal scan cycles of the BWS. An example of a nominal scan cycle is
shown in 1.3. Thus the two data sets considered are,

1. D1: Chirp signal that has sinusoidal frequencies from 1 rad/sec to 1000 rad/sec
2. D2: 170 experiments of nominal scan cycles of BWS

With data set D1, we are interested in the Extrapolation behaviour of the model, i.e., how it
behaves when the simulation input and output lie outside the region of the training data. On
the contrary, with data set D2, we are more interested in how the model behaves between the
training samples, i.e., its Interpolation behaviour. We also define two criteria for the validation
of the ARX models of different orders based on Mean Squared Error (MSE) of the residuals (¢),
given as MSE = 4 Zivzl €(t)?. They are,

1. C1: MSE obtained from simulating Gaussian White Noise averaged over 5 sets of validation
data
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2. C2: MSE obtained from simulating Nominal Scan Cycle averaged over 5 sets of validation
data

Table 2.1 shows the two data sets and which behaviour of the model can be characterized from
the two evaluation criteria obtained from these data sets.

C1 C2
D1 Interpolation Extrapolation
D2 Extrapolation Interpolation

Table 2.1: Model Behaviour Characterization

Results and Discussion

Figure 2.12 shows the costs obtained by applying criteria C1 with data set D1 for the different
models. The lowest cost obtained is for the model (n,,n) = (3,3). While n, < 11 and np > 5,
the costs are higher while the costs remain almost similar for very high order models n, > 12
and ny, > 12. Similar results are also observed from criteria C2 shown in Figure 2.13. Higher
order models do not seem to explain the residuals well when compared to lower order models.

10

ny
L 0 p Ta

Figure 2.12: Variation of criteria C1 with n, and n, with data set D1

Figure 2.14 shows the residuals obtained after applying the ARX Model (3,3) to the validation
data. We observe larger residuals when compared to the residuals obtained from the second
order model approximated from ETFE. With data set D2, the ARX model (4,3) turned out to
be the best one under both C1 and C2. Figure 2.15 shows the corresponding residuals. We
see comparatively lower residuals, than the residuals obtained from D1. The model obtained
from D2 exhibits significantly better interpolation and extrapolation behaviours when compared
to the one obtained from D1. Other models like Auto-Regressive Moving Average Exogenous
(ARMAX) and Output Error (OE) did not give better results either. We conclude this subsection
by saying with the inference that higher order models cannot satisfactorily explain the TLMC.
It is thus required to turn our attention towards nonlinear models.
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Figure 2.14: Residual Analysis of ARX (3,3) with dataset D1

(b) Residuals from criteria C2
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Figure 2.15: Residual Analysis of ARX (4,3) with dataset D2

2.3 Nonlinear Methods

2.3.1 Nonlinear Auto Regressive Exogeneous

The Nonlinear AutoRegressive with eXogenous input (NARX) model is an extension of the
traditional ARX model, introducing the capability to capture nonlinear relationships within a
system. In the NARX model, the output at a given time is expressed as a nonlinear function of
both its past values and external inputs. The mathematical representation can be expressed as:

y(t) = fly(t —=1),...,y(t —na),u(t —1),...,u(t —np)) + e(t)

Here, y(t) is the system output, u(t) is the input, n, is the auto regressive order, n; is the
exogenous input order, f is a nonlinear function that characterizes the system’s dynamics, and
e(t) represents the model’s error or disturbance.

NARX models are particularly useful when dealing with systems exhibiting nonlinear behavior,
making them applicable in various fields such as control systems, time-series prediction, and
system identification. These models offer a more flexible and accurate representation of complex
systems by allowing for the incorporation of nonlinear dependencies between variables. In prac-
tice, NARX models are employed to capture and analyze intricate relationships, enabling a more
nuanced understanding. It is widely used for one-step ahead prediction of system responses,
which makes it unsuitable for our application. However, we would like to understand if the non-
linear prediction method would explain the relationship between the displacements better than
the previously described linear models.

Model Architecture, Data set and Training

We use Neural Networks composed of Multi Layer Perceptrons to learn the unknown function
f. Based on the selected order of the model n, and n;, the number of neurons in the input layer
varies. Specifically it is n, + np while the number of neurons in the output layer is always 1,
corresponding to one-step ahead prediction. The training data set is composed of D2, in which
each individual training data made up of each row of the equation (2.2). The output for the
training is the corresponding y(¢). Very much similar to ARX, instead of using regression to
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find out linear coefficients, the neural network is trained with the data set to learn the unknown
function f. We use 1 hidden layer of neurons arbitrarily with ReLU activation function. A
simplified depiction of the neural network architecture used for NARX identification is shown in
2.16. Each of the arrows is associated with a weight, which is learned through back propagation
in the training phase. For the one-step prediction, the corresponding u and y values are given to
the network as inputs, which then outputs the prediction.

u(t
u(t

ut
()
y(t
y(t

ylt :

Figure 2.16: Simplified NARX Architecture

Results and Inferences

Figure 2.17 shows the average absolute prediction error in each of the one-step predictions for dif-
ferent orders of the model. Although the results cannot be directly translated for our application
to simulate the complete system response of a scan cycle, we note that the order of prediction
error obtained is much smaller than the residuals from the linear model. This motivates us to
look into other nonlinear architectures that are more suitable towards our requirements.
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Figure 2.17: Average Absolute One-Step Prediction Error
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2.3.2 Supplementary Nonlinear Model

The approach of using a nonlinear model in conjunction with a linear model to identify nonlinear

systems is suggested in Chapter 19.4 of [25]. The approach outlined in this discussion offers

distinct advantages. Notably, the linear model captures the dominant linear dynamics of the

system, helping improve the extrapolation behaviour of the model, while the nonlinear model

helps improve the interpolation behaviour. Two primary strategies for model identification, as
e

Linear Qutput
Linear Model

| —
Input Output

Nonlinear Model
Nonlinear Qutput

| ——

Figure 2.18: Supplementary Nonlinear Model

depicted in 2.18, can be distinguished:

1. Sequential Estimation: Initially estimate the parameters of the linear model. Subsequently,
train the supplementary model using the error of the linear model while keeping the linear
model fixed.

2. Simultaneous Training: Train both the supplementary and linear models concurrently.

The second strategy is more flexible, as the number of effective parameters equals the sum of the
parameters of both models, generally leading to higher model accuracy, especially on the training
data. However, the linear model is identified only in conjunction with the nonlinear one, making
it potentially less representative of the process on its own, and its extrapolation behavior may
not be realistic. Instability of the linear model is also a concern.

On the other hand, the first strategy is less flexible, with a smaller number of effective parameters
compared to both models combined. Unlike the second strategy, the linear model in this approach
typically captures an average representation of the nonlinear process dynamics and is more
likely to be stable, though not guaranteed. Consequently, the first approach is more reliable in
producing realistic extrapolation behavior. Due to the availability of linear models from 2.2, and
the simplicity of the approach we stick with the first strategy.

Model Architecture, Data set and Training

The architecture of the proposed model is depicted in Figure 2.19a. Analogous to the model
explained above, we consider the Air side displacement, u(t) to be the input to both the linear
model G and the nonlinear model fni(.,.). When passed through the estimated linear model, it
generates ¢;(t), which forms the other input to f,,;(.,.). The nonlinear model takes in u(¢) and
91(t) to predict §,;(¢t). The final predicted Vacuum side displacement §(t) is given as,

§(t) = G(s)u(t) + far(u(t), G(s)u(t)) = Gu(t) + i (t)

We have already obtained different candidates for G: the approximated second order model from
ETFE, the ARX(3,3) model obtained from D1 and the ARX(4,3) model obtained from D2. Due
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Figure 2.19: Architecture and Training of the Nonlinear Model

to the lower residuals obtained from the model from ETFE, we select this model as the fixed
linear model G(s).

From our observations in Section 2.2, we concluded that the model obtained from D2 performed
better than the model obtained from D1. Thus we select D2 comprising of 170 experiments of
nominal BWS scans to be the data set of u(t) to estimate f;(.,.). Corresponding to the 170
experiments, we also calculate §;(t) from the chosen G(s) to finish up the input data set needed
for the estimation. The output data set is made of the residuals e(t) = y(¢) — ¢;(¢), the difference
between the measured value of the vacuum side displacement and the output of the estimated
linear model. The residuals for each corresponding experiment can be calculated and it forms
the output data set for the estimation. We use an MLP NN similar to the one described in
subsection 2.3.1 to learn and identify f,;(.,.). The training architecture is given by Figure 2.19b.

Results and Discussion

The expectation from the supplementary nonlinear model is that, it would be able to decrease
the residuals obtained only after the linear model and that it would reduce the cross-correlation
seen between the inputs and the residuals. Using the data set D2 for the learning of the function
fni(.,.) we require the interpolation performance of the model to be good, since it would be used
only for the prediction of vacuum side displacements in other nominal scan cycles.

We consider an input layer of dimension 2f7T', where f is the sampling frequency and T is the
total lengths of the scan cycle. The output layer is of dimension f7'. Initially we start off with
a single hidden layer. Training is performed using the data set D2, and data is prepared for
training as detailed earlier. Of the 170 sets of data, we have a training and testing split of 70%
and 30% respectively. Figure 2.20a shows the value of the maximum absolute prediction error,
ly(t) — g(t)| over 30 sets of validation data, for ReLU activation function, while 2.20b shows the
same for sigmoid activation function for different number of neurons in the hidden layer. For
the network using ReLLU activation function, there aren’t any significant improvements in the



Chapter 2. System Identification and Data-driven Characterization of TLMC 27

1.15 - T T N 0.6 T T T T T
0040 00 00 cdc’o % 000450 b
5 or0e . Con 0o%0 © %o 00oo0000000°0°°°°oooo°q°°9°°o
== il 0.5+ 1
o 2 o 2
105t o 8 | = o
™y 64 = 040 64 | 4
o 128 T o 128
[ 25611 o 256
il =03} Al
D \;‘;
L o =
° o ° =
°°o°°°°°°o°°o° %6400 000% %, S 02l |
D
0.85 | O o 01r000§00000g00 §;°°°°° 00000020—9
©0000009050°% 0 %oq 0, 090%°%, 89 88980 Bog~ %0 0® 0898008
0 L L L L L
08 L L L L L 5
95
0 5 10 T 25 30 0 5 0 L = %30
Validation Data # Validation Data #
(a) Variation of maximum absolute prediction (b) Variation of maximum absolute prediction
error with number of neurons for ReLU activa- error with number of neurons for Sigmoid acti-
tion function vation function

Figure 2.20: Comparison of activation functions and size of hidden layer

maximum absolute prediction error as the number of neurons increases. In fact, the maximum
absolute prediction error increases with the increase in number of neurons which seems counter-
intuitive. However, the network using sigmoid activation function shows significant reduction in
the maximum absolute prediction error for initial increase in number of neurons. As the number
of neurons becomes large enough, the value does not change significantly. Comparing the two
activation functions, it is evident that the sigmoid activation function performs better than ReLU

in learning the nonlinearities.

0.12 -

[s] o 8 i
° | o &
01fog . LSS R oo 128
8000 b o o 6
= o z 80 i o
= o Lol
7008 g
el 8
+ k=]
“5 o
5 0.061 : °8 8 3 8
= 8 g o
g8 02 8o | gg og°
00412 90 idid DR
0.02 . . . . . ;
0 5 10 15 20 25 30

Validation Data #

Figure 2.21: Variation of maximum absolute prediction error with number of neurons for two
hidden layers

We then train the neural network with two hidden layers, the first one made of ReLU activa-
tion functions and the second hidden layer made if sigmoid activation functions and Figure 2.21
shows the variation of the maximum absolute prediction error with number of neurons for this
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architecture. A slight improvement from the single hidden layer architecture with sigmoid func-
tions is noticed. We see that the optimum value of neurons would either be 64 or 128 from the
data, while over fitting is possible for the network containing 256 neurons causing degradation
of performance.
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Figure 2.22: Comparison of Prediction Error of NN Architectures

The actual prediction error over 30 sets of validation data for two hidden layers with 64 neurons
each and 128 neurons each is shown in Figure 2.22. Clearly, the nonlinear model does a better
job than the linear model in capturing the residuals and the final prediction error has been
brought down by almost 10 times when compared to the residuals observed from the second
order approximation model from ETFE.

Plotting the cross-correlation between the prediction error and the inputs, the 128 neuron net-
work seems to have lower correlation than the 64 neuron network. Although not close to 0,
which suggests there are still some characteristics of the input to be captured by the model, the
amplitude is less than half the amplitude as observed by just using the linear model from ETFE.
The accuracy of the nonlinear model is significantly higher than the accuracy of the linear model,
with the average prediction error lying in the order of 20 microns. Although this is not very
accurate when compared to the smallest beam size of LHC which is 200 microns, as discussed
in Section 2.1, the prediction error in general tends to affect the position of the beam, while the
spread of the prediction error affects the beam size. Thus, in order to study how the model would
behave in the estimation of beam sizes, we need to perform further simulations and is explained
in the forthcoming subsection.

2.4 Beam Size Estimation and Simulations

The determination of the vacuum side displacement, which is the wire position in reality, is
ultimately important in the calculation of the beam size. In this subsection, we analyze the rela-
tionship between the results that we have obtained in the prediction of vacuum side displacement
using the nonlinear model and beam size estimation.
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2.4.1 Steps and Implementation

The aim of the simulation is to study how the actual beam size estimated from true vacuum side
displacement varies when compared to the beam size estimated from the predicted vacuum side
displacement. In essence, we simulated the amplitude values of the PMT, against the measured
and predicted displacement values. Under the assumption that the beam centre can lie anywhere
between 30 mm and 65 mm, we try and to fit a Gaussian curve, representing the values measured
by the PMT to each of these points. The steps in the simulation can be enumerated as,

—(t—pe)?

127T exp( 557 ) with o, corresponding to

1. Generate a Gaussian Functional fgquss(t) = =
the desired beam size opeqr, and py as the time instant of the beam centre.

2. Identify y(u), the measured value of vacuum side displacement at time p; and fit fyquss(t)
with y(u¢) as the mean. The actual beam size, opeqm Which is the standard deviation of
the Gaussian Fit should be the same as the desired value.

3. Identify §(u:), the predicted value of vacuum side displacement at time g and fit fgquss(t)
with §(u¢) as the mean. The estimated beam size, Gpeqrm is the standard deviation of the
Gaussian Fit.

4. Repeat steps 1-3 for different values of 1, all possible beam centres.

5. Repeat step 4 for different sets of validation data.

The simulation can also be performed to study how the beam size is estimated just from the
air side displacement values, by performing the same steps given above, but by replacing
9(pe) with u(py), the measured value of air side displacement for comparison purposes.

2.4.2 Results and Inferences

Figure 2.24 shows the histogram of beam sizes obtained by performing the simulation for three
different beam sizes, opeqm = 2 mm, 1 mm, 0.2 mm as described in the previous subsection. As
described in Section 2.1, we can calculate the systematic and the statistic errors in beam size
calculation. The results are tabulated in Table 2.2.

In order to achieve consistent beam size estimations with an accuracy of 1%, and under the
Gaussian approximation of the beam size histogram, we would require 6¢€systematic < 0.01, which



Chapter 2. System Identification and Data-driven Characterization of TLMC

30

of Measurcments

No.

No. of Measurements

of Measurements

No.

2000

1500

1500+

1000+

500}

0
1.999

2
Beam size (mm)

1000

500

of Measurements

No.

=

2.001

4000 ,» 3000
£
3000 £
£ 2000
2000 | z
-
1000
1000} g
0 “ 0
0.999 gt 1.001
Beam size (mm)
8000 L 4000
=]
6000 £ 3000
4000 5 2000
-
2000 8 1000
0 “ 0
0.198 0.2 0.202

Beam size (mm)

1.098 2

2.002

Beam size (mm)

0.998 1

1.002

Beam size (mm)

0.199 0.2
Beam size (mm)

0.201

Figure 2.24: Histogram of beam sizes calculated from predictions (left) measured air side dis-
placement (right) for 2mm, Imm and 0.2 mm beam sizes (corresponding rows)

Beam €systematic Estatistic from €systematic Estatistic from
Size from ¥ (us) ¥ (pe) from u(pu) u(yit)

2 mm 1.15 x 107° 1.32 x 10~* 5.7 x 107° 5.5 x 1077

1 mm 2.6 x 1076 2.28 x 1074 3.3x 1076 7.74 x 1074
0.2 mm 0.2 x 1075 1.49 x 1073 1.5 x 107° 2.02 x 1073

Table 2.2: Systematic and Statistic Error Comparison
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§(ue) achieve. The accuracy of the beam size estimation progressively worsens as the size of
the beam decreases, which is intuitive. The simulation results show that the predicted vacuum
side displacements from the model in subsection 2.3.2 can be used in the estimation of beam
sizes to give the desired accuracy. Moreover, for higher beam sizes, just the measurements of
the air side displacement from the encoder would suffice to satisfy the accuracy requirements.
However, this is under the assumption that the position measurement device (encoders) and the
PMTs work perfectly without any noise and there is no wire vibration. Naturally, the size of the
beam estimated from the predictions performs better than just estimating it from the air side
displacement values, indicating that it would be more robust to the influence of errors in other
components of the BWS.

Thus, we conclude this chapter having explored the importance of wire position accuracy, different
data-driven system identification techniques for the TLMC, and the effect of the predicted values
on beam size estimations.

translates to €systematic < 1.67 X 103, which all the histograms calculated from the predictions



Chapter 3

Optimal Reference Trajectory
(Generation

One of the major sources of uncertainties in the wire position has been attributed to vibrations
in the wire attached to the fork. Several previous works have been carried out in order to
characterize these vibrations, including developing a dynamic model for the wire [1]. A complete
study on how wire vibrations cause inaccuracies in position measurement and a design that
mitigates the effect of vibrations can be found in [15]. In this chapter, we provide a different
approach to minimize the wire vibrations: by optimizing the reference trajectory to reduce
vibrations in the system. In addition we also study how the velocity of the wire motion can be
maximized optimally.

3.1 Time Optimal Trajectory

Pre-shaping reference trajectories to suppress vibrations, as initially proposed by Singer in 1990
[29], has found application in various systems. Overcoming the challenge of attaining rapid
motions with minimal or no vibrations is crucial across different industries. While a simple
trapezoidal velocity profile can achieve swift motions by accelerating the system to a constant
velocity and then decelerating it to reach the desired position, it often leads to undesired oscil-
lations due to abrupt velocity changes at the endpoints.

To address this issue, the use of S-curve velocity profiles has become prevalent. Figure 3.1
illustrates the difference between a Trapezoidal and an S-Curve Motion Profile. In the context
of Beam Wire Scanners, it is imperative for the reference trajectory to meet specific objectives:

e Final Position: The system must reach a final position corresponding to a predefined
stroke length.

e High Speed: While in motion, the system should attain at least a predefined minimum
velocity to ensure efficiency and preferably operate at high speeds.

e Avoid Excitation of Natural Frequency: The identified natural frequency of the sys-
tem should not be excited during its motion. This is crucial for maintaining stability and
precision in position.

By integrating these goals into the design of the reference trajectory, Beam Wire Scanners can

32
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optimize their performance, achieving rapid and precise motions without inducing harmful vi-
brations.
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Figure 3.1: Motion Profiles

3.1.1 Theory and Algorithm

Among the several methods proposed for time optimal reference trajectory generation, we explore
and implement the methods presented in [3] owing to the simplicity, modularity and the ease of
implementation of the algorithm proposed. A brief overview of the method in [3] is given in this
subsection.

S-Curve trajectories of order n are composed of polynomial segments joined to assure the conti-
nuity of derivative of order up to n — 1. A cascade of n filters called "rectangular smoothers",
each with the transfer function,

11—e %

Mi(s) = T; S

in which the free parameter 7T; denotes the time length of the impulse response of each of the
filters. The cascade arrangement of the rectangular smoothers to generate the trajectory is shown
in Figure 3.2. The input to the trajectory generator is defined as u(t) = gin + qfinh(t); with g
denoting the initial position and gy;, denoting the final position.

We would also like to add constraints to each of the n orders i.e., position, velocity, jerk, accel-
eration etc. If the constraints are also symmetric, they can be formulated as,

~Gne < 4V (1) < 453

max
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Figure 3.2: Cascade of Filters for Time Optimal Trajectory Generation

where ¢(9) denotes the it" derivative of position. Finally, it is shown that the vector of optimal
time parameters T = [T1T,...T,] € R™ can be obtained by solving the following non-linear
optimization problem,

n
T = arg minZT;C
T k=

s.t. AI(I’?a?x H Ty = qAI(I(ngLx
k=1

i I T =dld, Vieh-1]

k=i+1
AT <0,
-1 1 1 0 ... 0
o -1 1 1 ... 0
where A = | | ) . |- The vector of values obtained T™ by solving the
0o 0 o0 o ... -1

above optimization problem, gives the minimum duration to achieve the final position specified
by gfin, subjected to the constraints on different characteristics of motion. The other goal of
the trajectory generation is to suppress the excitation of the identified natural frequency of the
system. The optimization algorithm above can in principle be modified, to include the vibration
suppression by adding a filter each for each of the natural frequency to be suppressed. However
this finally leads to a ‘sub-optimal’ result with the addition of more rectangular smoothers. Thus,
a different approach has been proposed and detailed in Algorithm 1.
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Algorithm 1 Frequency Suppression for Time Optimal Trajectory Generation

Input Optimal Time Values T* and Frequencies to be suppressed T,
Output Optimal Time Values after frequencies are suppressed TOP*
: for j < 1 to min(n, my,) do
k = ceil(T*/T,,;)
Find [ such that k; € k minimizes (k;T,,, — T}")
Add kT, to TP '
Remove T} from T*
end for
: Add the remaining elements of T* or T,, to T°P*

D g W

For any resonant frequency w;, the corresponding fundamental time period 7,,, = i—” is calculated
and a vector T,, € Rt is constructed from the m;,; resonant frequencies to be suppressed.
The algorithm takes in as input, the vector of optimal parameters T* and T, as input. It

approximates an element of T*, the one that minimizes the residual time (lewj —T7) with T,

3.1.2 Implementation, Results and Discussion

The outlined method and Algorithm 1 are implemented on MATLAB for the same final position,
but for different constraints on the other derivatives of position. The generated trajectories are
then applied to the test bench and the results are discussed in this subsection.

The specification for the final position to be reached is 28.274339 rad, which translates to a stroke
length of 90 mm after the translation of motion by the bolt screw. As identified in subsection
2.2.1, we would like to suppress the natural frequency of the magnetic coupling which is around
236.9446 rad/sec. For the application on BWS, we do not have any system driven constraints
on the acceleration and jerk of the trajectory. However, we would like the system to move with
a scan velocity of at least 1 ms—!'. We do not specify this constraint explicitly on the trajectory
generation algorithm. We generate different trajectories with varying level of constraints on the
jerk, to study how the optimal velocity varies. Figure 3.3 shows the frequency response of the
cascade of the rectangular smoothers used to generate the trajectory for position.
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Figure 3.3: Frequency Response of the Cascade of Filters

From the figure, we can clearly see that the natural frequency a of the magnetic coupling at
236.9446 rad /sec is suppressed, since it has a magnitude of less than —90dB. The motion profile
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of a trajectory generated by the proposed method, with n = 4,(}%@ = 28.2743 rad, qEﬁLT =
430 rad/sec,qu()m =6 x 10* rad/sec{cj%?m = 2.5 x 10° rad/sec® and T, = m is shown in
Figure 3.4. The total optimal time obtained by the method is 0.1563 sec. Figure 3.5 compares the
DFTs of the displacements measured applying existing trajectory and time optimal trajectory to

the experimental setup. A difference in magnitude of only about 10dB is noticed at the identified
resonant frequency.
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Figure 3.4: Motion Profile of a time optimal trajectory

It is interesting to see how this translates to the time domain, the actual displacement and
position measured in the vacuum side. Figure 3.6 shows the IN stroke, when the wire would
come into contact with the beam of the existing and the proposed trajectories for 10 different
scan cycles. It is clear to see the vibration-free motion of the instrument under the proposed
trajectory. Similar results are also observed in the OUT stroke of the instrument

Moreover, we analyse the repeatability of the trajectories and see how the values are spread over
different scan cycles. Although this is also a property of the controller in use, we use the same
controller for fair comparison between the two trajectories. Over the same 10 trajectories shown
above, the range of time optimal trajectory is almost 10 times lesser than the existing trajectory,
indicating that it produces highly repeatable motion. This property, over a complete scan cycle,
is depicted in Figure 3.7.

Having proven experimentally that the time optimal trajectory produces less vibrating and more
repeatable motion over scan cycles, the question of selecting a suitable trajectory that reaches
high velocities while still maintaining lower jerk remains. To this extent we generate different
trajectories and plot the relationship between the highest velocity it reaches during the stroke
and the maximum jerk it generates. A suitable trade-off needs to be found to balance the
requirements.

Figure 3.8 shows the variation of the peak velocity with peak jerk and the optimum total time
with peak jerk for different trajectories. The minimum linear scan velocity of 1 ms~!, equates
to 314.1593 rad/sec and all the trajectories that reach a peak velocity above this value would
satisfy our requirements. This plot enables in the selection of a suitable trajectory that reaches
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a specific speed but also minimizes the peak jerk and the time taken.

3.2 Minimum Squared Jerk Trajectory

Jerk, the time derivative of acceleration is associated with rapidly changing actuator forces. A
high jerk, not only has a detrimental effect on the actuators but is also associated with inducing
resonant vibrations on the system and is detailed extensively in [2]. Extensive research has been
done to generate trajectories that minimize the accumulated jerk over time, the maximum jerk
at a point and so on [20], [19] and [13]. We investigate one such approach in this section and
analyse how it performs on the BWS.

3.2.1 Theory and Methodology

We would like to minimize the total energy of the jerk, i.e.,

1 tin
min 7/ (¢®)? da
2 0

while adhering to the constraints on the final position reached and the system stops moving.
This can be formally formulated as,

¢0)=0 ¢ (tpin) =4\
dM0)=0 ¢V(tyin) =0
d20)=0 ¢ (tyin) =0 (3.1)

Several techniques and methods have been adopted to solve this trajectory generation problem
including calculus of variations and various optimization methods. We cast this problem in the
framework of Pontryagin [27] and apply the minimum principle to arrive at a solution for this
problem.

We start by defining a simple system with three states, ¢(?), ¢(Yand ¢®. The jerk ¢(® can be
considered as an input and the state equations are written as,

g (1) = ¢V(t)
gV (1) = ¢ (1)
4@ (t) = ¢ (t)

We define the co-state variables as AT = [A\1(t) A2(t) A3(t)]. The final time ¢, is taken to be
a given value for this problem. Trajectories can be generated for different values of ¢ ¢;,, such that
they satisfy the minimum velocity constraint. The Hamiltonian of the problem can be written
as,

1

H(g™M (®),4% (1),d" (1), A7) = M (B (1) + 22(8)g (1) + Aa(£)g () + 5

(@@ (t))?

By the minimum principle, the following differential equations are the necessary conditions for
a minimum to exist:
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OH

PrEIn) =0 — ¢® = —x(1)
A{(t):—aﬁf(wzo — M =0
Ao (t) = —8(]%% = —A\(t) = Aa(t) = —cit+ 2
As(t) = 3(1?2];[@) = () = X3(t) = fcé — ¢t — ¢3

With the above conditions, we can calculate the positon and its derivatives directly.

2
d® ) = 01% + cot +c3
t3 t2
¢ ) = g oy +ostta
dW) = clﬁ + czﬁ + c::,ﬁ + 4t + ¢
24 6 2
q(o)(t) = cli + czﬁ + 03ﬁ + C4ﬁ + c5t + cg
120 24 6 2
By applying Equation 3.1, it is easy to see that, ¢4 = ¢5 = ¢g = 0. We can calculate the other
constants by solving the simultaneous linear equation given below.

5 4 3 0
tj;zn tfgln tle’ﬂ €1 q;z)n
S At 33| [ef = |0

The above trajectory ¢(©) (t) is the trajectory that minimizes the energy of jerk in the time period
tfin. As remarked earlier, the trajectory can be generated for different final time values ¢ y;, and
the velocities and the resonant frequency suppression capabilities can be analyzed.

3.2.2 Implementation, Results and Discussion

To foster direct comparison with the time optimal trajectory discussed in the previous subsection,
we generate the minimum jerk trajectory with ty;, = 0.1563 sec, the optimum total time for
the trajectory depicted in Figure 3.4. The motion profile of the resultant trajectory is shown in
Figure 3.9.

We notice that the maximum velocity this trajectory reaches is only 339.1835 rad/sec while its
time optimal counterpart reaches 355.4169 rad/sec. Additionally, the peak jerk produced by this
trajectory is 4.4429 x 10° rad/sec®, more than twice the peak jerk produced by the time optimal
trajectory. However, as expected the total squared jerk is almost an order of magnitude less than
that of the time optimal trajectory. We see if this has any impact on the repeatability of motion
in Figure 3.10. The spread, although comparable to time optimal trajectory, is slightly higher.
The results prompt us to conclude the chapter with the inference that time optimal trajectories
perform better than the minimum squared jerk trajectories for the same time length. In addition,
it is experimentally proven to reduce vibrations in the motion and produce a more reliable motion
over scan cycles at high speeds, thus satisfying the requirements for application to BWS.
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Figure 3.9: Motion Profile of a minimum squared jerk trajectory
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Chapter 4

Mathematical Preliminaries of
Data-driven Control Methods

The aim of this chapter is to provide the mathematical fundamentals of the two data-driven
control methods namely DeePC and SPC, that form the core subject of Chapter 5 to make
this thesis self-contained. The understanding of this chapter is key to build up on the insights
presented in the next chapter. However, the reader may move on to the next chapter about the
implementation of the methods if they have a thorough understanding of the fundamentals.

4.1 Model Predictive Control

Data Enabled Predictive Control is an adaptation of the popular Model Predictive Control
(MPC), with the main difference being the fact that a parametric model of the system is re-
placed directly with data for DeePC. We present a brief review of the MPC Algorithm [7] in
order to enable a better understanding and to build insights on how it compares with the DeePC
Algorithm. Consider the discrete-time Linear Time Invariant (LTI) System described by the
below equations.

z(t+1) = Az(t) + Bu(t)
y(t) = Cx(t) + Du(t) (4.1)

where A € R"*" B e R**™ (C € RP*™ D € RP*™_ denote the parameters of a system with m
inputs and p outputs. The vectors z(t) € R™, u(t) € R™ and y(t) € RP denote the system state,
inputs and outputs at time instant ¢t € Z>. Model Predictive Control solves an optimization
problem at each time instant ¢ in a receding-horizon manner, with a prediction horizon of N to
track the given reference trajectory r = {r(¢),r(t +1),...,r(t + N)} € RP which is given as,

N—-1
it X o el ¢l
s.t. Ik+1:A$k+Buk VkE{ONfl}
yr = Cxp + Dup, Vke{0...N —1} (4.2)
xoz,@(t)
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up < up <uyy, Vke{0...N -1}
y <Yk <yw Vke{0...N -1}

The vectors zy, yx, and ug for all k € {0... N — 1} represent predicted values of the state,
output, and control input at time instant k. The matrices Q € RP*? and R € R™*™ denote
output cost and control input cost matrices. The estimated state value at time ¢ is denoted
as Z(t). The sets wyp, u;py € R™ indicate upper and lower bound constraints on each control
input w, and yup, yip € RP represent upper and lower bound constraints on each output y. The
MPC algorithm solves the optimization problem given by 4.2 in a receding horizon manner while
continuously updating the state estimate &(t).

The MPC algorithm relies on an accurate system model described by matrices A, B, C, and
D in equation (4.1) to solve the optimization problem 4.2. However, difficulties arise when a
system can’t be precisely modeled or identified due to complexity and noise. DeePC addresses
this challenge by enabling control without the need for an explicit model or system identification
techniques.

4.2 Data Enabled Predictive Control

Traditional control methods rely on accurate parametric models, which can be challenging for
complex systems. Data-driven control, leveraging the abundance of available data, eliminates
the need for precise system models. Optimal trajectory tracking, a key challenge in control sys-
tems, is often addressed by Model Predictive Control (MPC), requiring accurate system models.
Data-Enabled Predictive Control (DeePC), proposed in [7], offers an alternative by relying solely
on data, avoiding the need for any system model. DeePC utilizes a behavioral systems perspec-
tive [22] and solves a convex optimization problem online, similar to MPC, based on Hankel
matrices constructed with data exhibiting persistence of excitation [31]. This section introduces
the mathematical foundations of DeePC, emphasizing its non-parametric approach to system
behavior.

4.2.1 Behavioral Systems Theory

Classical Systems Theory associates a dynamic system with a specific representation, such as
the state space representation, defining system properties accordingly. In contrast, Behavioral
Systems Theory views a dynamic system based on the subspaces of its inputs and outputs.
This section introduces definitions and properties of dynamical systems from a behavioral theory
perspective, crucial for understanding DeePC [23].

Definition 4.2.1. (Dynamical System) A dynamical system is a 3-tuple (Z>o, W, B) with Z>¢
being the discrete-time axis, W the signal space and B C W%>0 denotes the behaviour of the
system.

Definition 4.2.2. (Linearity, Time Invariance and Completeness of a Dynamical System)

e The dynamical system (Z>¢, W, B) is linear if W is a vector space and B is a linear subspace
of W#=0

e The dynamical system (Z>o, W, B) is time invariant if B C 08 where o denotes the forward
time shift operator given by cw(t) = w(t + 1) and 0B = {ow|w € (B)}

e The dynamical system (Z>o, W, B) is complete if and only if its behaviour is closed in the
topology of point-wise convergence, i.e., if w; € B, for i € B and w; — w(t)Vt € Z>(, then
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w € B. The completeness property implies that if the dynamical system is LTI, then it is
finite dimensional.

The systems in £L™P are denoted by B and are characterized by linearity, time invariance, and
completeness. The behavior B is represented as the product space B* x BY, where B* = (R™)%20
and BY = (RP)%zo0,

The input signal’s persistence of excitation is crucial, where a signal is persistently exciting if
it is rich enough, and its corresponding output signal captures the system’s complete behavior.
The Hankel matrix of order L for an input signal u, denoted as Hp (u), is formed by stacking
sub sequences of length L + 1 from the input sequence.

U1 u e Ur—r+1
U us N ur—r

How = | 0 : (4.3)
uy, Ur+1 e ur

Definition 4.2.3. (Persistence of Excitation [31]) The input w is said to be persistently exciting
of the order of L if the Hankel Matrix Hp,(u) given by 4.3 has full row rank.

The properties controllability and observability of a behavioral system B are two other important
preliminaries required to establish the concept of DeePC.

Definition 4.2.4. (Controllability) A system B € L7 is said to be controllable if VT' € Zxo,
w! € Bp,w? e BIweBand T € Z> such that w; = w} for 1 <t < T and wy = wf_T_T, for
t>T+T

In other words, the system B is controllable if any two trajectories can be patched together in
finite time. The property of observability is essential to define the lag {(B) of the system B.
Consider the equivalent parametric representation of B € L£L™*? given by B(A, B,C, D). The
parametric representation with the smallest state dimension is called the minimal representation
of B and it’s order is denoted as n(B). We also introduce the lower triangular Toeplitz matrix
of B(A,B,C, D) as follows:

D 0 0
CB D 0

Tn(A,B,C, D) = : : , . (4.4)
CAN=2B ... CB D

Definition 4.2.5. (Lag of a Dynamical System) The lag I(B) of the behavioral system B is de-
fined as the smallest integer  such that the observability matrix O;(A, C) = col(C,CA, ..., CA1)
has rank n(B).

Based on the above properties and definitions, we introduce two Lemmata that are central to
the concept of DeePC.

Lemma 4.2.1. Let B € L™*? be a behavioral system with minimal representation B(A4, B, C, D).
Let Tini, N € Z>¢ with T;,,; > 1(B) and col (wing, U, Yini, ¥) € Br,,,+n~- Then there exists a unique
Zini € R™®B) such that

Yy = ON(A,C).’L'Z'”Z‘ +TN(A,B,C, D)u (45)
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The equation 4.5 exemplifies the fact that given a sufficiently long window of data col(zin;, Yini),
the state and the output to which the system B goes to is unique and given the matrices A, B, C, D
the system state z;,; can be calculated.

Lemma 4.2.2. (Fundamental Lemma [22]) Consider a controllable system B € L™*?. Let
T,t € Z>o and w = col(u,y) € Br. If u is persistently exciting of the order ¢ + n(B) then,

colspan(Hi(w)) = By (4.6)

The Fundamental Lemma proves that if the data points are sufficient and persistently exciting,
then the trajectory of the system B can be constructed using a finite number of data points.
This replaces the need for a parametric model for control purposes.

4.2.2 DeePC Algorithm

We consider that the data is generated from an LTI System B € L™*P. Let T,T;,;, N € Z>o
such that T" > (m + 1)(Tini + Np(B)) — 1 to ensure the persistence of excitation. Assume
that u? = col(u‘f,ug,...,u%) € RT™ be the sequence of input data applied to B and y¢ =
col(yd,yd,...,y%) € RTP be the corresponding output data generated by the system that are

collected offline. The collected data is split into two parts as defined below.

G@ = M () G%) = Hr N () (4.7)

Here, the matrices U, and Y, contain the initial T},,; rows of the respective Hankel matrices while
the matrices Uy and Yy contain the final IV rows of the respective Hankel matrices. With the
help of 4.6 given by Lemma 2.1.2, we can generate trajectories of length T;,; + N with the help
of the collected data. This trajectory would belong to the LTI System Br, iy if and only if
dg € RT—Tini=N+1 guch that

Uing

Up
Y, _ | Yini
U, g=1" (4.8)
Y

)

Moreover, if T;,; > I(B) then Lemma 2.1.1 through 4.5 ensures that Jx;,;, which is unique for
a unique output y. However, the state z;,; is implicit and is not required in any calculations.
Equation 4.8 enables us to solve for a g given the initial trajectory u;,; and y;,; and a sequence
of future inputs u. This can then be used to predict the future output trajectory as y = Yyg.
On the contrary, given a reference output value r, 4.8 can be used to calculate the control input
u as well.

Furthermore, given the prediction horizon N € Zsg, the reference trajectory r € (RP)Zz0, the
control and output cost matrices R and (), the past input and output data wini, yini € Br,,,
and the constraints wp, uy, € R™ and ypp, yup € R™, the DeePC optimization problem can be
formulated as,

min| |y, — rerrllG + [luxl%
gy



Chapter 4. Mathematical Preliminaries of Data-driven Control Methods 46

Up Uing
such that [}]/;; g= yZ” (4.9)
Yy y

up < ug < Uy, Vk €{0,1,...,N -1}
Yib < Yk < yub7Vk{071a"'7N7 1}

The formulation of the above optimization problem enables us to define the DeePC algorithm as
presented in.

Algorithm 2 DeePC Algorithm [7]

Inputs col(u?,y?), wini, Yini, 7, Q, R, N

Output u*

Compute 4.9 for g*

Calculate optimal input sequence u* = Uyg*

Apply the input (u(t),...,u(t +s)) = (uy,...,uk) for some s < N —1
Set t to t + s and update u;,; and y;n; to the T;,; most recent values
Iterate through steps 1 to 4

4.2.3 Quadratic Regularization on DeePC

The work [17] proves that robustness to disturbances in the data is induced by adding a quadratic
regularization term to the optimization problem given by in 4.9 and the modified DeePC opti-

mization problem is given as,

min||Ag — bll5 + Aglgll3

such that Gg — ¢ <0 (4.10)
Uf Uyb
1 1 Y U
)\?5 YP )‘?3 Yini _[j’ _yul;b
where, A = R%Uf b= 0 ,G = Fland ¢ =
1 1 Yy ~Yib
Q ’ Yf Q °r UP —Uing
*Up Uini

The values A, and A, correspond to the penalizing factor that have been added as a result of
eliminating the equality constraints and adding them to the cost function directly, whereas A, is
the regularization term that imposes a one-norm penalty on g to increase the robustness of the
DeePC algorithm against uncertainty and noisy data. The optimization problem given by 4.10
would be of major interest to us as we try to tackle the problem of improving the speed of the

DeePC Algorithm.

4.3 Subspace Predictive Control

Subspace Predictive Control (SPC) is another data-driven control technique, similar to DeePC,
but uses the subspace identification method to predict the values of the output instead of the
Fundamental Lemma which is used in DeePC. SPC was first proposed in [12].
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The major idea behind subspace identification is that we can use a linear predictor to approximate
the future output values, given the past inputs and outputs and the future inputs, i.e.,

Vi = Ly, [}U/p] + LUy (4.11)
p

in which the previous definitions of Hankel matrices are still valid. Thus, the first step becomes
the estimation of the unknown parameters L,, and L, as,

YZD
min 1Yy = [Lu Lu] |Up] | (4.12)
w u Uf

After the estimation of the matrices, the future outputs can be predicted as,

i = Lu [Zﬂ + Lyuy (4.13)

where uy denotes the future inputs and g represents the predicted outputs. Thus, the SPC
optimization problem can be formulated as,

min [|y; — revllg + lluxl % (4.14)

such that y, = Ly, {ylm] + P, ug
m
up < Uk < Uyb
Yib < Yk < Yub
A receding horizon algorithm, similar to Algorithm 2 can be used for the implementation of SPC.
Having introduced the mathematical fundamentals of the control algorithms to be tried out, we
move on to their implementations in the subsequent chapter.



Chapter 5

Implementation of Data-driven
Control Methods

An important facet of the BWS is its ability to perform and endure multiple scan cycles through-
out its lifetime. Chapter 3 dealt with developing an optimal reference trajectory that would
minimize vibrations on the wire improving its performance. Chapter 2 explained the importance
of accurate positioning of the wire during these scan cycles in beam size estimation. The other
important piece of puzzle is to make the instrument follow the reference trajectory perfectly,
which is the subject of this chapter. In this chapter, we describe the system to be controlled,
motivate the needs for a data-driven control scheme, describe different methods discuss, and
analyze the results obtained.

5.1 PMSM Model and Field Oriented Control

A brief introduction to the working of the PMSM is given in subsection 1.3.1. The PMSM drives
the wire through the beam and hence, the wire position is controlled by controlling the angular
displacement 6,,, of the motor. Understanding the relationship between the electrical quantities
of the motor is crucial in order to design an effective control system. The following subsections
define the mathematical model of PMSM and explain the existing control architecture with the
associated difficulties.

5.1.1 Mathematical Model

The idea of using a synchronous frame of reference (d,q) to represent three phase electrical
quantities (a, b, ¢) is well-researched and documented [28]. The d-q frame simplifies the analysis,
provides an intuitive understanding and easier for control algorithm development. The voltages
in the d-q frame of reference are given as,

i

ug = Rig + Ldﬁ — weLyi, (5.1)
o

ug = Rig + qu + weLaia + wetdy (5.2)

In the above equations, iq and i, are the currents in the d-q frame respectively. Ly and L, are the
inductances relative to the d-q frame, w, is the angular speed of rotation of the motor from the

48
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electrical frame of reference while v, is the permanent magnet flux linkage defined as v, = %.

K is the motor torque constant and p is the number of pole pairs which are inherent properties
of the motor. The relation ship between the angular speed of rotation in the electrical frame and
mechanical frame of reference is defined as,

db,

pﬁ (5.3)

We = PWm =
When the inductances, Ly = Lg4, the torque generated by the motor can easily be written as
T, = Kris. The mechanical equation of the motor can be written from the torque-balance
equation as,

dwm . B
= — %(KTzq — = L) (5.4)

where B and J are the viscous coefficient and the moment of inertia of the load, while T}, is the
load torque. The relationship between the quantities in three phase, the abc frame of reference
to the quantities in d-q frame is given by the transformation,

la o | cos(be)  cos(fe — 2m)  cos(fe + & iy
‘ ( (

iq| =5 |—sin(fe) —sin(0. — ) —sin(@e + )| | (5.5)
1 1 1 ;
20 2 D) 2 te
lg
Ic
. 1 -1 _1
5 cos(f.) sin(6.) O B 2 2
where, Kp =2 | ~sin(0) cos(0) 0| mnd Ko =[2 o A 5
3 311 1 1
0 0 1 2 2 2

where 0, = pb,, is the angular position from the electrical frame of reference. In the above set
of equations, K¢ is the Clarke transformation that transforms abc to 80 frame and Kp is the
Park transformation that transforms a0 to the dg frame of reference. The same equations can
also be used for voltage transformation. Together, they form the Clarke-Park Transformation
equations. For converting quantities in dg frame back to abc frame of reference, the Inverse
Clarke-Park Transformation given by, i = Ko lKglidqo is used. These transformations were
first proposed in [26].

The equations (5.1),(5.2), (5.3) and (5.4) describe the behaviour of the PMSM entirely. Having
described the mathematical model of the PMSM that we control, we discuss the existing control
strategy in place in the following subsection.

5.1.2 Field Oriented Control

Field Oriented Control (FOC), also known as Vector Control, is a sophisticated control technique
widely employed in electric motor drives, particularly in applications requiring high-performance
and precise control. FOC provides a means to decouple the control of the motor’s magnetic field
and torque components, allowing for independent and optimized control of each. By aligning the
motor’s magnetic field with the rotor flux, FOC minimizes torque ripple, improves efficiency, and
enhances dynamic response. This control strategy involves transforming the three-phase stator
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currents from the stationary reference frame to a rotating reference frame, simplifying the control
equations. FOC is commonly used in various industries, including robotics, electric vehicles, and
industrial automation, where achieving precise control over motor behavior is critical for efficient
and effective operation.

re
I — -
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Figure 5.1: Control Architecture of FOC for PMSM in BWS Application [11]

Figure 5.1 shows the FOC architecture for the PMSM used in BWS. The fundamental idea
of the architecture is to have a cascade control loop with the outermost loop regulating the
angular position 6,,, which makes adjustment to the reference of the middle loop that controls
the angular velocity w,, which in turn adjusts the reference to the innermost loop that controls
the quadrature current 4,. A separate control loop is used to keep the direct current i4 at 0. The
manipulated variables are the voltages uq and u,, which is subjected to the inverse Clarke-Park
transformation to get the phase voltage values before being fed to the PMSM through a PWM
and Inverter. The reference trajectory for the cascade loops for each scan cycle is generated
offline and then fed to the control system. The control system also includes decouplers for iy4
and i, and a Steady State Kalman Filter (SSKF) for the estimation of wy,. A detailed account
on the design of the control scheme can be found in [21]. Over the years, this control scheme has
been validated on different experimental setups, and is operational on the accelerators. More
information about the design and the validation methodology and an improvement to the cascade
control scheme can be found in [11] and [10] respectively.

5.1.3 Drawbacks and Motivation for Data-driven Control

The design of the FOC scheme, depends to a large extent on the parameters of the PMSM as in
any other control system design. However, the parameters associated with PMSM change over
time due to different reasons. Wear and tear of the mechanical part of the instrument, changes
to the orientation of the instrument, changes to the load torque, and harsh working conditions
including high electromagnetic radiation can cause these parameter changes. The constants of
the PI controllers in use right now are sensitive to these parameter changes causing a degradation
in the required control performance. This requires constant tuning and re-tuning of the controller
until satisfactory performance is attained.

The tuning process is made more complex by the fact that there are four controllers to be tuned,
and the tuning is inter-dependent. This warrants the exploration of simpler control schemes,
such as the one proposed in [10]. Again, the drawback of this scheme is the requirement of
accurate system model which is more involved for real-world applications such as the BWS. A
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system identification based controller design has been carried out in [9], which urges research
into more advanced control schemes.
To summarize, the requirement from a new control scheme is two-fold:

1. The control scheme should be adaptive to parameter changes in the system and more robust
to the operating conditions

2. The control scheme should have a simple implementation and operate in real time at high
sampling rates

Although several approaches to self-commissioning of a PMSM have been proposed already, the
implementation of Data-enabled Predictive Control (DeePC) and other data-driven methods to
current control in synchronous motor drives in [4] and [5] motivate us in the implementation
of data-driven methods for PMSM. The data-driven control methods are advantageous with
their simple online implementation and can be easily adapted to parameter changes. In the
subsequent sections of this chapter, we discuss these control schemes and the results obtained
from their implementation.

5.2 Data-enabled Predictive Control Methods

A comprehensive overview of the DeePC algorithm and the mathematical fundamentals of DeePC
has been provided in Chapter 4. In this section we focus on DeePC, and modifications to the
algorithm to make it suitable for real-time application. We propose a novel architecture that
controls the angular position, velocity and the current of the PMSM and analyze the control
capabilities of the proposed scheme to parameter variations.

5.2.1 Closed-form Solution Derivation

It is really important that the developed control scheme works at high sampling rates in the
real-time system about 16 kHz. However, DeePC requires an optimization problem to be solved
at every time instant increasing its computational complexity. However, in the absence of con-
straints on the input and output, a closed-form solution can be derived and the solution to the
optimization problem is reduced to a linear map. This solution has already been developed in
[17]. We provide a detailed derivation of the closed-form solution. In the absence of constraints,
the optimization problem given by 4.10 can be reduced to,

min|Ag — bIf3 + Aqllgll3

such that U,g — ujn; =0 (5.6)
)‘éyp )‘Z%yini
where, A = R%Uf ,b= 0
Q:Y; Qar

We recall that the solution to the optimization problem is ¢* € T — T}, — N + 1 and u* = Usg*
is the optimal control input. For the sake of brevity, we define H =T — T},; — N + 1. A closed
form solution to this equality constrained optimization problem can be developed by analyzing
the Karush-Kuhn-Tucker (KKT) Conditions. The Lagrangian of the optimization problem can
be written as,
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L(g,p) = ||Ag — bl13 + Mgllgll3 + 1" (Upg — wini) (5.7)

where p is the vector of dual variables corresponding to the equality constraints. There exists a
solution (g*, ©*) to the KKT conditions of the optimization problem which are given as,

L
8ggg’m =0 = (2ATA+2\Iy)g+U, n=2ATb (5.8)

Upg = tini (5.9)

They form a pair of simultaneous equations in g and p and the solution to the equations gives
the optimal values. It is easy to see that the solution can be written as,

[g*} _ [2ATA+2/\H]IH uy ]‘1 [MW] (5.10)

ur U, 0 Uini
2ATA + 20,1y UJ

U, 0
H rows of the expression given by,

-1
Let M = } . Then the optimal control input can be written as the first

i T
wt = UM FA b” (5.11)
L Wini (1:H,*)
)\éyim
.
o [P0 (5.12)
Qzr
L Wini (1:H %)

From the above equation, it is easy to see that the optimal control input u* can be written as the
linear map, u* = Kyyin; + K7 + Kyun;. Thus, we have shown that the control algorithm does
not require solving of an optimization problem at every time instant but rather can be expressed
by matrix vector multiplications and addition operations in the absence of constraints on the
inputs and outputs. This greatly improves the real-time performance of the control algorithm.
However, a question arises as to how restrictive it is to assume the absence of input and output
constraints. In the application to BWS, the assumption is quite justifiable since it is supposed
to track a pre-defined trajectory over and over. Precautions can be taken while generating the
reference trajectory to ensure that the nominal values of inputs and outputs are always in an
admissible range. Moreover, the existing control scheme does not impose any constraints but
rather uses saturation blocks to prevent the application of very high or very low inputs to the
system.

5.2.2 Nominal DeePC Architecture

The DeePC control algorithm consists of an offline data collection step and the online algorithm
that has to be executed every time instant. We begin designing the current control loop that
only regulates i, to a pre-defined reference trajectory and tries to keep 4 close to 0. A simplified
architecture of the offline design is shown in Figure 5.2. In all the architecture portrayals, the
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Figure 5.2: Offline Design of Nominal DeePC

Pulse Width Modulation (PWM) and Inverter components that lie between the Inverse Clarke-
Park Transform and the PMSM blocks in the actual system are not shown for simplicity of the
system and since the focus is on the architecture of the controller rather than the system in itself.
In order to control the currents, we have to regulate the voltages u4 and ug,evident from
equations (5.1) and (5.2) which form the control inputs. Thus we collect the data matrices
ud = [Ud(l) ‘e ud(fom) uq(l) [N uq(fom)] and yd = [Zd(l) [N id(foin) Zq(l) NN iq(foin)]a
where T';y, determines the length of the data collection. The Hankel matrices U,,Uy,Y, and Yy
can be constructed as given by 4.7. It is to be ensured that the inputs ug and u, satisfy the
persistency of excitation condition. The offline design also includes the construction of the A
matrix defined in the optimization problem 5.6. Following the offline design, we move on to the
online implementation of the controller depicted in the figure 5.3.

[r‘w (kik+ N)] Reference

Trajectory
X, <::| e SSEn
wy(k
@ a(k) o N (O —— W
k) —>
sum @ Inverse Clarke- o BSM Lk Clarke-Park
SE Park Transforms wlk) ’ [(: Transforms
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[ b= ——m(E—> ig(k)
X, El Ky DeePC
-1
[ud(k Ttk 1)]
"-’-q(k*ﬂm?:k*l) q
Memory Buffer i
Tini
il — Ty k= 1)
gl — Tou s b — 1) Memory Buffer
Tini

Figure 5.3: Online Control Architecture of Nominal DeePC and signals at instant k

As described in subsection 5.2.1, the controller is reduced to a linear map with K;,K5 and K3
matrices calculated offline from the constructed Hankel matrices, the input and output cost
matrices R and @, and other hyperparameters. The selector is used to output the first element
of the optimal vectors u}, uy € N that is to be applied to the motor. A memory buffer of length
Tini is used to store the previous Tj,; values of the inputs and outputs for feeding back these
values to the controller. The reference trajectory generator outputs a vector of dimension N for
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each of the outputs comprising of the reference in the current and future reference values.

Hyperparameter Value

Data Length T, 0.02 s

Sampling Frequency f 16 kHz
Prediction Horizon N 15

Initial Trajectory Length Tj,; 5

Input Cost Matrix R 0.97Iy v

Output Cost Matrix @ [12(])11\] 28.(;]11\7]
Output Slack Penalization A, 10

Quadratic Regularization Parameter )\, 0.1

Table 5.1: Hyperparameters for Nominal DeePC

For DeePC to perform satisfactorily, appropriate cost matrices and hyperparameters are to be
selected. A note on hyperparameter tuning for DeePC is given in [16]. For the simulations,
hyperparameters are tuned iteratively and are chosen based on the control performance. The
hyperparameter values used for the simulation are shown in Table 5.1. Results of simulations
performed on a model of the PMSM with parameters in Table 1.2 using MATLAB and Simulink
are shown in Figures 5.4 and 5.5. The model of the PMSM utilized for the simulations was

developed in the work [32]

3 . - - 20

Voltage
Current

0 100 200 300 0 100 200 300
Time Sample Time Sample

Figure 5.4: Offline data collection of voltages (left) and currents (right)

The reference trajectory for ¢, is generated from the time optimal trajectory implemented in
subsection 3.1.2, and applying the mechanical model of the motor given in Equation (5.4). The
consequences of using the model of the system in generating the reference trajectory is explained
in the following subsection. The current i; shows significant deviation from the ideal value of 0,
while we can clearly observe a steady-state error in the tracking of i,. This behaviour of DeePC
is expected since there are disturbances affecting reference tracking, most notably the back EMF
induced by the magnets. The mitigation for this is introduced in the following subsection. The
angular position and velocity values are not relevant here due to poor tracking of current.

5.2.3 Incremental DeePC Architecture

The effect of the steady-state error in tracking of current can be reduced by introducing an
‘integral’ action in the optimization problem. This is done by re-formulating the optimization
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Figure 5.5: Nominal DeePC Current Control

problem 5.6, in incremental or velocity form. This solution is prevalent in MPC and is also
implemented for DeePC in [5]. The optimization problem to be solved now becomes,

min||A1g — by 15 + Al 9113

such that U)g — Aun; = 0 (5.13)
1 1
where, A1 = | Rz Uj’c Jby = 0
1
Q=Y] Q= (r—y)

The Hankel matrices U,,U%,Y, and Y} are constructed from the incremental data instead of
the absolute values of the data collected. The values Aw;,; and Ay;,; are now made up of the
incremental data of the previous time steps. The solution to the optimization problem now gives
ou = Ulg, the first instant of which is summed with the previous value in order to get the
absolute value to be applied to the motor. The closed-form solution derived in subsection 5.2.1
cannot be directly applied to this optimization problem due to the presence of an additional
optimization variable y. In order to be able to use the closed-form solution, a couple of extra
steps are to be performed. The vector r — y can be expanded as,

r(k) —y(k)
r(k+1)—yk+1)

_r(k—l—N—l)—.y(k—&-N—l)
' r<k>_y<k_1>__:§1 Ay(i)

r(k+1)—yk—-1)— iAy(z)

r(k+N71)—y(kfl)—§:Ay(i)

L 1=1 m
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r—ylk—11ly — |i=1

Li=1 _
1 0 0 0] [ Ay(1)
110 0| | Ay2)

=r—ylk—1)1y — S .
111 .1 Ay

=7r— y(k — 1)]1]\[ — lA}NYf/g

where 1 n represents the lower triangular matrix of ones and 1 is the vector of ones. This
simplification enables us to re-write the optimization problem as,

min||Ag = V'[3 + Agllgll3

such that U[’)g — AUini =0 (5.14)
)‘y%y;; )\EAyini
where, A’ = R%U} b= 0
(Q* +1an)Y} Q= (r —y(k—1)1y)

This optimization problem can now be exactly solved by the closed-form solution derived in
subsection 5.2.1, by replacing U, with U}, uin; with Au;,; and A, b with A, b’ respectively. The
data collection step remains the same and the only change comes in constructing the Hankel
matrices, which is now done using

IS

1) d 2) — Uq 1) . ud(fom) — ud(fom — 1)

( ( (

(1) q(2) —ug(1) .. ug(fTpin) — ug(fTin — 1)]

Yy = [id(l) id(2) — ’L'd(l) e id(foin) — id(foin — 1)
iq(l) iq(2) - iq(l) cee iq(foin) - iq(foin - 1)]

Thus, the offline design shown in Figure 5.2 remains the same. However, the online architecture
of the control loop has some minimal changes and is shown in Figure 5.6. With the changes
to the optimization problem, the controller has the same structure of a linear map with the
matrices K;,K?; and K, calculated offline with the modified matrices. The only changes occur
on the inputs to the controller that have to be fed as incremental values, with the additional
delay, multiplexer and difference blocks introduced for this purpose.

u® = [ug

—
IS
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Figure 5.6: Online Control Architecture of Incremental DeePC and signals at instant k

The results of the incremental architecture in controlling the currents of the motor is shown in
Figure 5.7. The parameters of the controller used are the same as tabulated in Table 5.1. The
incremental DeePC controller does a much better job in the tight control of current i, especially
the rapid changes in the trajectory are tracked better when compared to the nominal DeePC

controller.

15

Reference

ig 10

iy

Reference

0 0.5

However, a slight modification of the input cost matrix, reducing it to be R = 0.3I35, makes
the controller follow the trajectory of i, closer than the previous result. The current 4 is also
regulated better. This is seen in Figure 5.8. A comparison of the control inputs, the voltages
uq and ug between the two input cost matrix values is shown in Figure 5.9. Counter intuitively,
the voltages tend to stay closer to 0 when the cost matrix is reduced. A detailed analysis of
the influence of hyper parameters and cost matrices on the stability and control performance is

1 1.5

Time (sec)

conducted in the forthcoming subsections.

0.5 1

1.5

Time (sec)

Figure 5.7: Incremental DeePC Current Control
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It is also interesting to take a look at the speed and the position of the motor and to what
extent the control of current regulates these values. As mentioned, the reference trajectory for
the current i, is calculated from the required position trajectory and applying the model of the
motor in equation 5.4. Figure 5.10 shows the references and the actual simulated values for
speed and displacement. From the plots, it is seen that regulating only the currents is not very
effective in regulating the desired values of velocity and ultimately position. This re-iterates the
deficiencies of the model and the need for a data-driven controller. Moreover, the results we have
obtained point out that, in order to be able to control precisely the motion of the PMSM and
the wire inside the vacuum, an additional control of the velocity and/or position is required.

- 500 . . . . 40

Reference
— b

0 0.5 1 1.5 2 25 0 0.5 1 1.5 2 25
Time (sec) Time (sec)

Wi

Angular Velocity (rad/sec)
Angular Position (rad}

|
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/
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Figure 5.10: Angular velocity and position values in current control

5.2.4 Integration of Speed Control

The need for speed control for application to BWS is justified from the results shown in the
previous subsection. Controlling only the currents of the motor is not effective to reach the level
of precision that we desire. This motivates us to look into adding a speed control element to the
controller. In this subsection, we propose a novel control architecture, applying DeePC to the
speed and current control of a PMSM Drive System. This is an addition to the work done in
We continue using the incremental architecture, since it produces substantially better results
than the nominal architecture. The only modification in the offline design of the controller is the
additional collection of the angular velocity w,, data in addition to the data of iq and i,. Thus
the data collection vectors now become,

Ud = [Ud(l) ud(2) d(]-) . Ud(fozn) — Ud(foin — ].)
ug(1)  uq(2) —ug(l) ... ug(fTfin) — uq(fom - 1]

Zd(2) Zd( )
iq(2) —ig(1) . ig(fTfin) — Zq(fom - )
wmn(1) wn(2) = wm(1) ... wn(fTrin) — Wn(fTrin — 1)]

The modified offline and online architectures are shown in Figures 5.11 and 5.12 respectively.
There are no addition or deletion of blocks and the only changes are the addition of the signal
wpm to the data collection offline; and the addition of the reference for w,, and the incremental
feedback online.

Only the hyperparameters that differ from the ones mentioned in Table 5.1 are tabulated in
Table 5.2. It is to be noted that the speed output is weighed almost 10 times that of the current
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outputs in the chosen parameters and the inputs are given much more wight when compared to
the output to maintain the stability of the system.
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Figure 5.12: Online Architecture for integration of speed control

Hyperparameter Value
Input Cost Matrix R 0.1I5n
1075y 0 0
Output Cost Matrix @ 0 1075y 0
0 0 10~ 4In
Output Slack Penalization A, 50
Quadratic Regularization Parameter )\, 1

Table 5.2: DeePC Hyperparameters for Speed Control Integration

The values of the currents i4 and i, over time for the proposed speed integration architecture is
shown in Figure 5.13. The control performance of the currents is not as good when compared
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to the results shown in Figure 5.8 due to the addition of another controlled variable with more
precedence. The value of iy can be maintained close to 0, by increasing its corresponding weight
in the output cost matrix. Of more importance is the evolution of the angular velocity and
position with time. The incorporation of speed control has improved the ability of the device to
follow the reference trajectories, as expected. This is attributed to the fact that the controller
doesn’t just rely on the model through the reference trajectory of the current to regulate the
speed, but also actively takes actions to compensate any errors in the speed. The complete speed
and position trajectories of a nominal scan cycle is shown in 5.14a. A closer look of the controller
performance at the IN Stroke and the OUT Stroke of the BWS, the actions in which the wire of
the BWS would come in contact with the beam, is shown in Figures 5.14b and 5.14c respectively.
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Figure 5.13: Current trajectories upon integration of speed control

The results from the integration of speed control into the incremental DeePC show that this
architecture is good enough to track the angular position without any steady-state error or
degradation of performance. Since the major goal of the designed controller is to be able to adapt
itself to parameter changes, a comparison of the controller performance under nominal conditions
is not of major interest. Instead, we compare the performance of the different architectures when
subjected to parameter variation in one of the forthcoming subsections.

5.2.5 Integration of Position Control

Although the integration of speed control also provides desired level of accuracy in tracking
angular position, it is still important to analyze the behaviour of the system when angular
position is also added as a controlled variable. The changes to the offline and online design of
the control scheme are analogous to the changes presented in the previous subsection. Hence
we delve straight into the chosen values of hyper parameters and the results obtained from the
integration of position control listed in Table 5.3.
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Hyperparameter Value
Input Cost Matrix R 0.115n

1072Iy 0 0 0

-5
Output Cost Matrix @ g 8 x 18 Iy 3 x 18_4HN 8
0 0 0 8 x 10~y

Output Slack Penalization A, 50
Quadratic Regularization Param- | 20
eter A,

Table 5.3: DeePC Hyperparameters for Position Control Integration

The value of i4 stays much closer to 0, due to the increase in its corresponding weight in the cost
matrix. The behaviour of the other controlled variables do not change much when compared to
the results obtained with just the speed control element and no position control. We use the same
hyperparameters from Table 5.3 for the comparison, with just the corresponding output cost for
position removed in the control loop without position control. The metric used for comparison
is Mean Absolute Error (MAE) which is defined as the average of the absolute deviation of the
value from its reference at all time instants.

Speed MAE during IN Stroke
Speed MAE during OUT Stroke

1.2928 rad/sec
1.3153 rad/sec

Without Position | With Position Con-
Control trol

Position MAE during IN Stroke 0.1801 rad 0.0225 rad

Position MAE during OUT Stroke 0.1804 rad 0.0290 rad

1.4944 rad/sec
1.4326 rad/sec

Table 5.4: Comparison of control schemes with and without position control

From the values in Table 5.4, we can see that the integration of position control greatly reduced
the average error in angular position when the system is in motion. This only slightly decreases
the performance of speed control. On the other hand, the memory and the computational
complexity of the controller increases due to the addition of one more control variable. Thus it is
essential to find a trade-off between control performance and complexity of the controller when
deciding to integrate position control into the architecture.

5.2.6 Unified DeePC Algorithm for Application to BWS

Algorithm 3 provides the sequential steps to be followed for the application of DeePC to BWS
operation in real-time. This algorithm can be followed to adapt the controller whenever necessary
and used in other cases for controlling the motor in nominal scan cycles.

Initially we start off with the collection of available data ug, ug, t4, iq, Wm and 6,,. This can
be limited based on the chosen architecture of the controller. Next, we construct the Hankel
matrices from the collected data and calculate the static gain matrices K;J7 K/, and K/, from
the chosen hyperparameters and cost matrices which make up the controller. The first two steps
of the algorithm happen offline, when no scans are required to be done or downtime of the beam.
We move on to step 3, where k = 0 signifies the beginning of the scan cycle. We calculate the
optimal inputs from the feedback of input and output values and the reference trajectory to be
followed. From the calculated inputs, we apply only the first value and repeat this process until
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Algorithm 3 DeePC Algorithm for BWS Operation
Inputs Tini7 r, Q, R, N, )\g, )\y
1: Collect data from the PMSM (u?, %) corresponding to the chosen architecture.
2: Construct the matrices K Z’},Ku’ and K/ from the collected data and chosen hyperparameters
given by 5.12.
3: for k = 0 to Tseqn do
: Calculate u*(k : k+ N —1) = K; Ayini(k —Tini : k—=1)+ K. (r(k : k+N)—  y(k)1y)+
5: Apply the first value of the optimal inputs, u}(k) and u}(k) by selecting the appro-
priate value from u*(k: k+ N —1).
end for
if Controller performance is subpar or a PMSM parameter changes then
Go to Step 1 for adapting the controller
else
10: Go to Step 3 for the next scan cycle
11: end if

the end of the scan cycle at k = T4, This forms the receding horizon approach. Once the scan
cycle is complete, if the controller performance is not satisfactory or if a known change in any
parameter of the PMSM occurs, we go back to the data collection step to adapt the controller
to the new conditions.

5.2.7 Adaptability to Parameter Variations

One of the major purposes behind the design of a data-driven control scheme is its ability to
combat parameter changes over time. Hence it is important to analyze how the proposed control
schemes behave under these parameter variations. We study how good the controller is able to
adapt itself when directed, by comparing the controller performances, with respect to changes
in motor parameters, when it is allowed to modify and adapt itself.

The motor parameters and the extent of changes it can experience vary based on operating
conditions, maintenance practices, and other factors. Changes in some of the most important
motor parameters are discussed below:

1. The inertia J represents the motor’s resistance to changes in angular velocity. Mechanical
wear, aging, or changes in the load dynamics can influence the effective inertia over time.
Changes in load characteristics or modifications to the mechanical system connected to the
motor may also impact inertia.

2. Changes in resistance R due to temperature variations are typically within a few percentage
points. High temperatures can lead to increased resistance, affecting the overall efficiency
of the motor.

3. Inductance values Ly and L, may experience relatively small changes under normal oper-
ating conditions.

4. The voltage constant Kg is often considered relatively stable over time. It is primarily
influenced by the physical properties of the magnets used in the motor. However, changes
can cause high impact to the performance of the motor.
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5. Mechanical friction in the motor bearings and other components can change over time due
to wear. Lubrication practices and the quality of materials used in bearings play a role in
determining the rate of frictional changes.

We choose to study the effects of three parameters that are more prone to changes: the intertia
J, the voltage constant Kp and the mechanical friction. Wealready know how J and K affect
the system equations; However we still need to understand how friction acts on the motor. The
friction torque T'friction acts as a load on the motor. To calculate the friction torque, a distinction
must be made between the static and dynamic cases. In the static case, the friction torque cancels
out the sum of the other torques as long as it is less than the static friction constant T . In
the dynamic case, the friction torque varies as a function of the speed of rotation and opposes
the direction of rotation. A detailed representation of the friction torque is given as,

Ty if wy, =0 and Tyum < =Ty
—Tsy if wy, = 0 and Tsum > Tsy
Ttriction = § —Tsum if wy, =0 and — Tsf < Tsum < Tsf

T — po - wm i wpy >0
Tof — py - W if wy <0

where Ty, is the torque generated by the motor without any in the absence of any load, Ty
is the initial static friction torque, Ty is the initial dynamic friction torque, p, is the coeflicient
of dynamic friction. The friction torque model is discussed in detail in [32]. For the purpose of
robustness analysis, we consider a change in the coefficient of dynamic friction pu,,.

The performance of the current controller introduced in subsection 5.2.3 with respect to variation
in motor parameters is shown in Figure 5.15. The metric used is Mean Squared Error, which
represents the average squared deviation of the value from its reference value. As expected the
controller exhibits poor performance in regulation of angular position and speed. The adaptive
capabilities of the controller is also poor, with the M SE in both ¢4 and 7, showing significant
increase to variation in the parameters.

The integration of speed controller however, shows significant improvement in results as inferred
from Figure 5.16. Not only does it reduce the MSE values for both angular position and speed,
but the adaptability of the controller is also quite good as the magnitude of MSE for high and
low Change % values does not is not very high when compared to the absence of parameter
change.

The integration of a position controller indicates even better performance, which can be seen
from From 5.17. Without inhibiting the performance in other control variables, it also enhances
the performance of position control. The adaptability of the controller is also quite good as seen
by minimal variations in MSE over a wide range of parameter changes.

5.2.8 Computational and Memory Complexity

The online implementation of the proposed architectures are all in the form of a Linear Map
defined in subsection 5.2.1. Computationally, the online implementation of the controller only
involves multiplication and addition operations, the complexity of which increases linearly with
Tini, N and the number of control variables. Similar is also the case for offline calculations of
the linear map, which in addition also increases linearly with Ty, .

On the memory front, the online implementation requires buffers for each of the control variables
and the inputs, capable of storing the past Tj,; values. Additionally, we also need to store the
complete reference trajectory for the control variables, that increases linearly with the sampling
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frequency fs and scan cycle time Ts.q.,. The offline storage is the data collected that again
depends linearly on f; and T¥;p,.

5.3 Subspace Predictive Control Methods

The idea of Subspace Predictive Control was introduced in the previous chapter. Similar to
DeePC, in the absence of constraints on the inputs and outputs, the SPC optimization problem
described by 4.14, can be reduced to a closed-form solution easier for real-time implementation.
The value of the optimal inputs in this case becomes,

w0 = (R4 LIQL) QUL [W7] -1 (5.15)

mn
Based on our inferences from the implementation of DeePC, the incremental form provides
better results, by introducing an ‘integral’ action. Thus, the analogous representation of the
above closed from solution in incremental form is given by,

() = (R LLQL) ™ LIQ(w [ 3] = (k= 115) (5.16)

The data collection and the offline design remains the same as DeePC. The online architecture
is also designed to be as similar to DeePC as possible except for the controller itself, that differs
slightly due to the change in the linear map representation.
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Hyperparameter Value
Data Length Ty, 0.02s
Sampling Frequency f 16 kHz
Prediction Horizon N 15
Initial Trajectory Length T;,; 5
Input Cost Matrix R 0.08I5 5

10~ 5Ty 0 0 0

—6
Output Cost Matrix @ 8 2x 18 In mgﬂN 8
0 0 0 1072y

Table 5.5: SPC Hyperparameters

The hyperparameters used for SPC simulation are given in Table 5.5. Other than the cost
matrices, the other parameters are kept as close to DeePC as possible in order to enable direct
comparisons. The results obtained are shown in Figures 5.18 and 5.19.
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Figure 5.18: Current trajectories of SPC
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Figure 5.19: Speed and Position Trajectories of SPC

From the results obtained, SPC does not seem to perform as good as DeePC in regulating the
different control variables to their respective set point values. This may be attributed to the
lack of regularization and thus robustness in the algorithm. With the same prediction horizon
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and initial trajectory length, no better cost matrices can be found that perform better than the
potrayed results. Thus, we conclude that without increasing the computational complexity of
the algorithm, SPC does not perform better than DeePC for the application to BWS.

Having explored different architectures for the application of data-driven control and compared
them in simulation we conclude this chapter. At the time of writing this thesis, we are unable to
test the proposed control architectures on the test bench. However, this is planned to be done
soon in the forseeable future.



Chapter 6

Conclusion and Outlook

This thesis has explored and elucidated the intricate workings of a prototype of the Beam Wire
Scanner based on Tubular Linear Magnetic Coupling, as a pivotal instrument in the realm of
particle accelerators and beam physics experiments. The innovative design featuring a Tubular-
Type Permanent Magnet Linear Magnetic Coupling has successfully been characterized with the
application of nonlinear system identification techniques based on neural networks. Experiments
and simulations have shown the identified model to perform well in the calculation of different
beam sizes. Additionally, the identified resonant frequency of the TLMC has enabled us to
generate reference trajectories that would avoid this frequency.

As part of the broader investigation, different optimal reference trajectory generation methods
have been analyzed. Promising results show that their application can reduce wire vibration and
improve the repeatability and reliability of the BWS.

The evolving mechanical conditions of the PMSM in the BWS over time have been identified as a
potential obstacle to sustained controller performance. Recognizing this challenge, the thesis has
centered its attention on the implementation and evaluation of novel data-driven drive control
strategies. Simulations show that the proposed architecture of DeePC adapts itself quite well to
the change in motor parameters and produces exceptional control performance. In a nutshell,
the key results of this thesis are:

1. The TLMC does not significantly alter the displacement of the wire in BWS and the
developed model of the TLMC can be used to calculate the wire position without affecting
the accuracy of beam size considerably.

2. Reference trajectories to the BWS, specifically to the PMSM can be optimized to produce
swift, repeatable and vibration-free motion of the wire.

3. Data-driven control methods, especially DeePC can be used to control the PMSM ensuring
high performance and adaptability to the operating conditions of the BWS.

Building upon the groundwork laid in this thesis, several promising avenues for future research
and development can be considered. Implementation of hardware-in-the-loop (HIL) simulation
techniques to create a more realistic testing environment for the control system would be the
logical next step. This includes adapting the architecture to run on DSpace and FPGA. This
allows for comprehensive testing and validation of the proposed control architectures before
deployment in the actual BWS system. Additionally this would also validate the ability of
unconstrained DeePC to run on an FPGA and open it up for more real-time applications.

70
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This thesis highlights the application of optimal control solutions for complex and dynamic sys-
tems in the ever-evolving field of accelerator science. The culmination of these efforts not only
addresses the immediate challenges posed by mechanical degradation but also significantly con-
tributes to the evolving landscape of beam diagnostics and instrumentation. By systematically
assessing and implementing various advanced strategies, this research aims to set the stage for
enhanced performance, longevity, and reliability of the BWS, thereby advancing the capabilities
of particle beam diagnostics in accelerator facilities.
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