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Abstract

Wind tunnel testing is a fundamental part in wind energy control validation. Despite that,
facilities around the globe used for wind energy control experiments offer limited capability in
generating spatially heterogeneous and non-stationary inflow conditions in a controlled and
repeatable manner. The WindShaper facility in the WindAI Lab at the Delft Center for
Systems and Control (DCSC) provides independent control of a 729 fan-array and therefore
offers the potential for spatial and temporal flow control. This thesis investigates to what ex-
tent the WindShaper facility is able to generate prescribed heterogeneous and non-stationary
reference profiles.

The high-dimensional actuator space was first reduced to three spatial input coefficients, from
which a static input-output model was identified. The static map captured the general input-
output behaviour well but was not accurate enough for open-loop tracking. Fixed-input
experiments showed that both stationary and non-stationary flow remained approximately
temporally stable over a duration of 1800 s, suggesting that within-run drift is unlikely to be
a dominant source of the observed tracking errors. Fixed-model feedback experiments showed
that the identified static map contained sufficient sensitivity information for accurate reference
tracking, while periodic tracking experiments showed the relevance of temporal dynamics.

To account for sensitivity to model uncertainty, the static input-output model was updated
online through several adaptive least-squares approaches and combined with a regularized
inverse control law. The recursive least-squares approach showed the strongest tracking im-
provement. Under nominal conditions, the recursive least-squares algorithm saw a tracking
improvement of 33.2 % relative to the open-loop controller and of 57.5 % under enforced
model mismatch conditions. Under enforced model mismatch conditions, ten repeated recur-
sive least-squares experiments were found to be statistically consistent with the repeatability
limit estimated from the data. Under stricter and more relevant repeatability conditions
repeatability coverage was found to depend on operating conditions and no universal re-
peatability was observed.

The results show that the WindShaper facility is able to generate repeatable prescribed mean-
velocity profiles under the investigated operating conditions and that online model adaptation
significantly improved robustness to model uncertainty. The achievable run-to-run repeata-
bility depends on the operating conditions and the specific criterion used to assess it.
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Chapter 1

Introduction

If wind energy is to play a larger role in a low-carbon electricity system, further improvements
in its performance, reliability, and cost-effectiveness are required. In this context, control plays
an important role: for individual wind turbines common control objectives are load mitigation
and maximizing power output, whereas for wind farms emphasis is often put on maximizing
power output [1].

Bianchini et al. [2] mention that the actual power production of a wind farm is significantly
lower than the nominal cumulative nameplate capacity of all the installed turbines in the
farm. Although this difference cannot solely be accounted for by aerodynamic interactions
between turbines, wake effects are an important source of wind farm power losses. In a wind
farm, turbines are usually placed in the far wake of upstream turbines, which falls in the range
of three to ten rotor diameters [3]. This leads to the wind downstream of a turbine having
a lower incoming flow velocity, resulting in lower power production for downstream turbines
compared to when they would operate in isolation [4, 5, 1, 6]. In addition to the occurring
velocity deficit, this region is also characterized by an increase in turbulence intensity with
respect to free-stream wind, which can lead to higher loads on downstream turbines [1].
Control strategies have therefore been implemented to influence these wakes and minimize
these loads. Examples include Individual Pitch Control (IPC) [7, 1] for mitigating periodic
loads, and Dynamic Induction Control (DIC) [8] and the Helix approach [9, 10] for actively
manipulating wake development and recovery.

Validation of these different control strategies is generally done in what is known as a four
step process [6]. These steps are: high-fidelity simulation, wind tunnel testing on scaled
models, testing on research turbines and full scale field experiments. High-fidelity simulations
are well suited for assessing controller behaviour under idealized operating conditions and
full-scale testing provides us information on how turbines will behave under true operating
conditions. Wind tunnel testing is generally done as an intermediate step and tests control
concepts on scaled-down turbines under controlled inflow conditions [6]. Besides the controller
performance, such experiments allow for the analysis of physical flow-turbine interactions.

True flow that is found in the Atmospheric Boundary Layer (ABL) can exhibit heterogeneity
(spatially varying), non-stationary (time-varying) and stochastic fluctuations. Many conven-
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2 Introduction

tional wind tunnel facilities that are used for such strategies are able to produce selected
characteristics of the ABL [11, 1]. However, these facilities are typically limited in their abil-
ity to produce controlled, heterogeneous, non-stationary and stochastic flow in a repeatable
manner. As a result, validation of control strategies in wind tunnels under realistic complex
inflow conditions, as seen in the ABL, remains challenging. For validation of control strategies
under complex inflow conditions, it is therefore desirable to control both spatial and temporal
variations in the inflow. Aside from these control capabilities, repeatability is an important
requirement for controlled wind-tunnel experiments, since repeated tests should expose the
investigated experiments to comparable inflow conditions. Previous active grid studies have
therefore explicitly assessed the reproducibility of prescribed inflow by comparing repeated
time histories and their spectral characteristics [1]. A facility with these capabilities is able to
prescribe both temporal and spatial variations across a predefined test-section over the dura-
tion of an experiment and do so repeatedly over multiple experimental runs. In this research,
however, repeatability is not treated as a control objective but more so as an experimental
validation requirement.

The WindAI Lab at the Delft Center for Systems and Control contains an experimental
setup with a WindShaper fan array. This WindShaper fan array offers a flexible way of
generating flow since each of its 729 individual fans can be individually controlled. Therefore,
the WindShaper potentially provides spatial and temporal control over the flow.

A challenge associated with the WindShaper is that due to its high input dimensionality,
it is difficult to describe the system through a physical model [12]. Furthermore, since this
research only uses three sensors, the system is highly over-actuated, meaning that many ac-
tuator combinations may lead to the same desired reference profile. The high-dimensionality
and non-uniqueness of the problem may be accounted for through regularization or by re-
ducing the actuator space through parametrization. Therefore, in this thesis, the actuator
space is reduced to a low dimensional parametrized coefficient-space, from which a static
input-output map to the mean measured velocities is identified. The static map approach
has been introduced by Zavala et al. [12] and offers a simple and interpretable modelling ap-
proach. However, it is uncertain whether a static model identified under selected experimental
conditions is sufficiently accurate for a broader operating range.

If the available static model does not represent the system with high enough accuracy for
accurate reference tracking, this model mismatch must be compensated for. One way of
doing so is by keeping a fixed model and applying feedback using the measured tracking error
to tune the control input. Another approach is to use past measurements to adapt the input-
output model online, after which the updated model is used to find the appropriate control
input. These approaches motivated the control architectures that are to be implemented in
this thesis.

Therefore, this thesis will investigate whether the WindShaper in the WindAI Lab at the
Delft Center for Systems and Control can be controlled in such a way that it can generate
repeatable, non-stationary and heterogeneous prescribed flow patterns which are controlled
through the mean velocity under uncertainty in its input-output behaviour. This introduces
the main research question.

RQ1 : To what extent can the WindShaper facility in the WindAI Lab track pre-
scribed heterogeneous and non-stationary mean velocity profiles under uncertainty
in its input-output behaviour?

Shane van Rhijn Master of Science Thesis



Answering this main research question requires solving some challenges. First, the high
dimensional input space requires a comprehensible representation of the relationship between
the parametrized inputs and mean velocity outputs. Second, the temporal behaviour of the
WindShaper must be investigated under fixed stationary and non-stationary input sequences.
Finally, observed model inaccuracy needs to be compensated for through an appropriate
control architecture. This leads to the following sub-questions.

SQ1 : How can the relationship between WindShaper actuation and measured
mean velocity be described in a suitable way for control?

SQ2 : How does the measured WindShaper response behave over time under fixed
stationary and non-stationary input sequences?

SQ3 : What capabilities and limitations does feedback control provide for tracking
prescribed mean velocity reference profiles under model uncertainty?

SQ4 : To what extent can online adaptation of the input-output model improve
tracking accuracy under model uncertainty?

The remainder of this report is structured as follows. Chapter 2 discusses the experimental
facility and how the system will be modelled. Chapter 3 investigates the behaviour of the
WindShaper by assessing within run temporal stability under fixed input sequences. Chap-
ter 4 introduces the different control architectures that are applied in this research. Chapter 5
implements fixed-model feedback control approaches to the WindShaper. Chapter 6 imple-
ments online model adaptation in a simulation environment through a least-squares approach.
Chapter 7 presents the results of the experimental validation of the adaptive least-squares ap-
proaches implemented to the WindShaper. Finally, the conclusion is presented in Chapter 8.
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Chapter 2

Experimental System

In this chapter, the experimental facility will be introduced and a static input-output model
will be identified. This chapter is aimed at understanding the facility and investigating the
static model. The findings presented in this chapter in combination with the drift assessment
in Chapter 3 motivate the control architectures in Chapter 4.

2-1 Experimental Facility

A better understanding of the experimental facility is required to be able to formulate a
control problem. This section will describe the experimental facility and all of the equipment
needed in order to achieve the thesis objective of reproducing prescribed flow profiles. A
general visualisation of the WindAI Lab is given in Figure 2-1 and its different parts of the
WindAI Lab are described as follows:

e WindShaper: The WindShaper is the actuator of the experimental setup. It consists
of 729 individual fans that each consist of two fan layers, which can be controlled as a
whole or individually. Fan commands can be described globally or spatially, allowing
for the production of different mean-flow variations across the fan array.

e Wind Box: The wind box forms the open-return experimental environment between
actuation and measurements. Airflow generated by the WindShaper moves through the
box before it reaches the measurement locations. Therefore the spatial and temporal
behaviour of the flow can be seen by the controller at these locations. The fact that the
box is open-return means that ambient conditions are not isolated and can therefore
act as disturbances on the input-output model.

e Robot Arm: The robot arm determines the position of the measurements system
within the wind box. It can be moved in the stream-wise, lateral and vertical directions.
During experiments, the position is kept fixed, such that measured outputs correspond
to specific spatial locations.

Shane van Rhijn Master of Science Thesis



2-1 Experimental Facility 5

2.2m

e TriSonica: Three TriSonica LI-560 sonic anemometers are used to measure the veloc-

ity of the incoming flow. Each have a maximum sampling frequency of 100 Hz. In the
0-10 ms~! range the TriSonica LI-560 has an accuracy of + 1 ms~!. The TriSonicas
need to be placed at a 1 m distance from each other to ensure they do not interfere with
each others measurements [13]. Some of the other sensors that have been considered for
this research are described in Appendix A.

Sensor Rake: The sensor rake has been designed and manufactured specifically for
this purpose and determines the relative location of the sensors. It therefore defines the
three measured outputs of the control problem. The sensor locations are denoted as T,
R, L corresponding to top, right and left respectively when viewed downstream. The
rake is denoted by number 1 in Figure 2-1. For a more detailed view of the rake and
sensors see Figure 2-2.

WindShaper Computer: The WindShaper Computer receives the real-time TriSon-
ica measurements, averages them over a specified duration to obtain mean measure-
ments, evaluates a control algorithm and sends the resulting commands to the Wind-
Shaper.

0.75m

‘-\3,,: z-translation -

y-translation

X-translation —
(out of plane) A

WindShaper Fan Array /

Figure 2-1: Schematic side view of the WindAl Lab experimental facility. The modular wind
box consists of 0.75 m sections and has a height of 2.2 m. The robot arm can translate the
sensor rake in the stream-wise, lateral and vertical directions; lateral motion is perpendicular to
the illustrated plane. Flow generated by the WindShaper enters the wind box from the right. (1)
is the sensor rake, (2) the robot arm and (3) the modular wind box.

These components together could form a closed-loop control architecture. The control al-
gorithm generates a command, which is sent to the WindShaper through the WindShaper
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6 Experimental System

computer. The resulting flow generated by the WindShaper then makes its way through the
wind box until it is sensed by the three TriSonicas, which correspond to the controlled out-
puts. The measured output signals are sent back to the WindShaper computer which averages
them to obtain mean velocity measurements which are fed back into the control algorithm.

The WindShaper can be commanded through its Graphical User Interface (GUI) or through
a Python interface. The Python interface has been used for all the experiments done in
this research. Although the WindShaper consists of 729 individually controllable fans, for
this research this actuator space has been reduced to a lower-dimensional decision-space, as
described in Section 2-3.

(a) Sensor Rake used to mount the three (b) Close-up of a LI-560 TriSonica mounted
TriSonicas at fixed relative positions. on the rake for real-time velocity measure-
ments in the Wind Box.

Figure 2-2: Experimental sensor configuration used in the WindAl Lab.

2-2 Control-Oriented Facility Characterization

The purpose of this facility characterization is to obtain a better understanding of the flow
quality and to establish a suitable downstream sensing plane for control of the flow. Owen and
Owen [14] mention that poor wind flow quality can have significant effects on experimental
testing. Flow irregularities can be found in the form of spatial non-uniformities, swirl, low-
frequency unsteadiness and turbulence. These irregularities are not caused by a total circuit
but more by the primary components of a wind tunnel such as the fan nacelle or wind tunnel
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2-2 Control-Oriented Facility Characterization 7

contractions. These irregularities can also be registered in the form of sensor noise caused by
sensor vibrations for example.

This characterization can therefore be used to assess how the mean flow and turbulence
intensity (TI) develop throughout the box, investigate spatial non-uniformities and select
the most suitable plane for future closed-loop repeatability experiments. This is not to be
mistaken with an aerodynamic characterization of the facility.

Flow characterization, in this context, consists of assessing the mean flow, local velocity
fluctuations and spatial mean flow variations. The local velocity variations are defined with
the TT and is defined as

TI = 100%[][%] (2-1)

where oy is the standard deviation of the velocity measurements and U the mean velocity of
the measurements. Since coarse planar measurements were taken, however, and the measure-
ments are subject to actuator limitations, this characterization merely acts as an indication
of the quality of the flow field.

Measurements were done by taking a single TriSonica and traversing it through four stream-
wise planes using the robot arm. The distance between the planes is 693 mm and from the
WindShaper to plane 2 is approximately 1.5 m. At each plane, top and bottom measurements
were taken separately due to the robot arms movement limitations. These measurements were
repeated for 20%, 40%, 60% and 80% of the WindShapers maximum capacity. Preliminary
testing showed that stopping the robot arm at individual measurement points introduced sen-
sor vibrations and increased disturbance on the measurement signal. It was therefore chosen
to characterize the flow using continuous measurements. A comparison of the continuous and
step-wise measurements is given in Appendix B.

Since the characterization was done using coarse measurements, each plane is subdivided into
20x20 mm bins. For each bin, the mean velocity and local T1 is calculated using the samples
belonging to that bin. Then the mean planar velocity and mean planar TT is calculated from
the average of all bins in each plane. The maximum TT is obtained from the bin with the
highest calculated TI for each plane. Bins that included robot stops or turnarounds were
discarded since they contained robot-transition effects rather than only flow effects. Because
the sensor traverses through each bin continuously, the calculated local TI may contain both
temporal fluctuations and residual spatial variations within each bin. Therefore it is merely
used as an indication of downstream flow fluctuations rather than a precise local turbulence
characterization.

Wind box blockage effects were initially quantified by measuring WindShaper flow at a prede-
fined location using an Oxford Probe without the box. No measurable difference was observed
at the investigated location between the configurations with and without the wind box.

The mean velocity, mean TI and maximum TIT of the different planes at the different op-
erating speeds are given in Figure 2-3. For all WindShaper commands, the mean velocity
experiences a small downstream trend for increasing downstream distances. For example, at
60% WindShaper capacity the mean velocity varies between 8.236 ms™! at plane 2 and 8.006
ms~! at plane 5. The observed differences are smaller than the manufacturers stated abso-
lute accuracy of +£1 ms~! and should therefore be interpreted cautiously in terms of absolute
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Figure 2-3: Flow characterisation at four downstream planes and four uniform WindShaper
operating conditions. Mean velocity and mean turbulence intensity (TI) are spatial averages over
the measured 20 x 20 mm bins. Maximum TI| denotes the largest local bin value within the
complete measured plane after removal of bins associated with robot pauses or turnarounds.

magnitude. More importantly, for the present control objective, the mean flow magnitude
remains approximately preserved for the different downstream planes.

The mean TT shows a more distinct downstream trend. For all operating conditions the high-
est mean TI is observed at the plane closest to the WindShaper. For further downstream
distances, the mean TI becomes increasingly less. Additionally, the differences in mean T1I be-
tween the first and last plane increase in magnitude under increasing WindShaper commands.
For a 20 % WindShaper command the mean TT decreases from 6.493 % at plane 2 to 5.779
% at plane 5, whereas at a 80 % WindShaper command the mean TI decreases from 5.187
% at plane 2 to 3.926 % at plane 5. Even though the maximum TT differs substantially from
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2-2 Control-Oriented Facility Characterization 9

the spatial mean, the same overall decreasing trend is visible for larger downstream distances.
However, for a 20% and 80% WindShaper capacity, the maximum TT shows a slight increase
between planes 4 and 5. Therefore, the mean T1 provides the clearest indication of decreasing
local flow fluctuations for further downstream planes.

The spatial variation of the mean velocity measurements was also analysed to investigate
the spatial non-uniformity of the mean flow. For each bin, the local mean velocity was
compared to the planar spatially averaged mean velocity. The corresponding deviation maps
for WindShaper input commands of 40% and 60 % are given in Figures B-2-B-5 in Appendix B.
These maps show that spatial non-uniformities remain persistent for further downstream
planes for both cases. Therefore, in terms of the most spatially uniform flow, there does not
seem to be one plane that stands out in particular. That being said, for flow control, these
spatial variations are less restrictive since the location of the sensor rake is fixed. Therefore
persistent location dependent differences can simply be represented in the identified input-
output model.

Overall, the characterization does not identify a preferable region for the sensing plane with
the objective of flow control through the mean velocity. The spatially averaged mean velocity
is approximately preserved throughout the investigated region and no plane provides consis-
tent spatial uniformity. The main difference for the downstream planes is the reduction of
the mean TI at further downstream distances which settles by plane 4. Since the velocity
measurements will be averaged in future experiments, the high frequency velocity fluctuations
will be attenuated. This means the mean TT is still a good indicator of flow fluctuations but
becomes a less important metric for assessing suitable locations for mean velocity flow control.
However, since the region between planes 4 and 5 has lower velocity fluctuations, this region
is selected for the future control experiments.

2-2-1 Sensor Assessment

Before modelling the input-output relation or developing any controllers, an initial experi-
ment was conducted to analyse the short-term input-output behaviour of the WindShaper.
A sequence of uniform step functions with commands ranging between 10% and 60% of the
maximum capacity was applied to the WindShaper and the velocities measured at the three
sensor locations. Figure 2-4 shows that applying consecutive inputs results in approximately
the same measurement. This provides an initial indication of short-term within run consis-
tency under repeated input commands, which will be further evaluated in Chapter 3.

This experiment also reveals consistent offsets between the measured outputs. These dif-
ferences are already observed when no input is applied to the WindShaper, indicating that
there are sensor specific offsets, local background flow or a combination of both. However,
when non-zero inputs are applied, the order of these offsets does not remain consistent. For
lower velocities sensor 2 consistently measures the highest velocity whereas at higher velocity
sensor 3 measures slightly higher than sensor 2. This shows that the differences between mea-
sured outputs vary with operating condition and therefore cannot be modelled by constant
sensor-specific offsets.

To distinguish sensor dependencies from location dependencies, three additional experiments
were done. Again, uniform step inputs are applied to the WindShaper with the measurements
initialised by applying no input for the first 20 s. For each consecutive experiment the sensors
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Figure 2-4: Measured velocity response at the three sensor locations to repeated uniform Wind-
Shaper step commands. Each input is applied twice, providing an initial indication of short-term
within-run consistency and revealing persistent differences between the measured sensor outputs.

are switched from position, such that each sensor is placed at one of the sensor locations once.
The sensors are identified as: S7, Se and S5 while the fixed locations are defined by T, L and
R. The resulting mean velocities are summarized in Table 2-1.

When no input is applied, the sensor at location R consistently measures the highest mean
velocity, with values ranging between 0.3888-0.4501 m s~!, suggesting local flow contribution.
However, at 20 % WindShaper input, sensor S7 consistently measures the lowest velocity at
each location. These observations suggest the presence of sensor-dependent effects. However,
each configuration was only tested once, and the magnitude of the observed differences lies
within the stated absolute sensor accuracy. Therefore, these experiments can not determine
if these observations are repeatable, nor whether these differences have explicit sensor or
location dependencies.

Even though the exact cause behind these irregularities cannot be isolated, these observed
differences between sensor configurations and locations do not prevent the identification of
an approximate input-output model of the WindShaper facility. Although the offsets cannot
be represented exactly by a single constant, a constant offset for a fixed sensor configuration
can still be used as an approximation. Any remaining operating-dependent differences can
then be modelled by the input-output relationship or left as modelling errors.

2-3 Control Problem Formulation

Fan-array wind generators provide significant flexibility because they offer individual control
of the fans. This allows them to generate spatially and temporally varying flow conditions.
Babu et al. [15] review facilities with these capabilities and show that programmable and
coordinated fan actuation can be used to achieve a wide range of flow profiles. For this
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2-3 Control Problem Formulation 11

Table 2-1: Mean measured velocities for three sensor configurations under uniform WindShaper
inputs. The sensors are denoted by S1, S2, and S3, while T', L, and R denote the fixed measure-
ment locations.

Sensor configuration Input Mean velocity [m/s]

T L R %] T L R
ST Ss3 So 0 0.0679 -0.0092 0.3888
S1 S3 So 10 2.6224 29144 3.1201
S1 S3 So 20 5.4450 6.1044 6.0508
S3 S S 0 0.1415 -0.0369 0.4464
S3  So S 10 3.0180 2.7779 2.9266
S3  Ss S1 20 6.1233 5.8046 5.5711
Sy S S3 0 0.2101 0.0424 0.4501
Ss  S1 S3 10 2.8793 2.6160 3.1877
Sy S S3 20 5.7848 5.5045 6.1966

research, this actuator flexibility is explicitly considered for controlled flow for wind energy
control experiments, where heterogeneous and temporally varying inflow conditions need to
be generated repeatedly.

The downside to this actuator flexibility is that independent fan actuation results in a high
dimensional actuator space. The WindShaper in the Wind AT Lab consists of 729 individually
controllable fans, which results in the high-dimensional input-space:

u, = [uLk C. U7297k] € R729

Since there are only three TriSonicas, the mean output-space is y, € R3. For tracking
prescribed reference profiles, the control objective at time-step k is generally described as
minimizing a cost function such as

1
Jp = §||1‘/<: —-vil3 (2-2)

where r, is the desired reference profile. If 729 actuators control the three measured out-
puts, the control problem is inherently underdetermined: many different fan commands can
lead to similar outputs. Therefore, direct optimization of the full input space would require
regularization and constraints to find unique and feasible solutions. The WindShaper GUI
provides the capability to prescribe input functions in a form of spatial functions. The GUI
in Figure 2-5 shows that the WindShaper can be controlled through input functions described
through a time variable ¢ and two position variables (z,y). The input function can there-
fore be described as a sum of scalable basis functions. To define these input functions more
conveniently, the WindShaper coordinate system is normalized, as shown in Figure 2-5. The
physical coordinates (z,y) € [0, Ly] x [0, L,] are therefore mapped to normalized coordinates:

r—05L,  y—0.5L
05L, ' 05L,

(=

such that ({,n) € [-1,1]. In order to generate flow capable of producing uniform, x-gradient
and y-gradient flow, the following basis functions were chosen: ¢1 = 1, ¢o = ¢ and ¢3 = 7.
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Figure 2-5: The WindShaper GUI showing the normalized coordinate system used to define
spatial input functions. The fan-array plane is normalized to {,n € [—1, 1], and the approximate
locations of the three measurement sensors are indicated as viewed from the front of the Wind-
Shaper.

By scaling these basis functions with scaling coefficients

o,k
ap = |agp (2-3)
Qy k

it is possible to produce different kinds of uniform, x-gradient and y-gradient profiles and
combine these flow patterns. By defining this parametrized input function, the decision
variable space is reduced from u € R™ to o € R3. As a result, the parametrized input
function can be rewritten as:

up(C,m) = ook + g k¢ + ay i (2-4)

The controller will therefore optimize the three physically interpretable decision variables
rather than the full 729 independent actuators. This makes the control problem more struc-
tured, although it restricts the possible commands to the possible combinations of the basis
functions.
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2-4 Static Map

For high-dimensional input-output models, black-box models provide an alternative when
the input-output dynamics are difficult to derive from first principles [16]. Zavala et al. [12]
identify a surrogate model by fitting a regularised linear map using fan-array measurements
and use this for open-loop control. They showed that the relation between constant fan-array
speeds and time-averaged stream wise velocities are dominantly linear. This finding motivates
an approach of modelling the input-output system through a static affine input-output model.
However, rather than identifying the input-output map directly from fan commands to mean
velocities, it will be identified using the reduced actuator space a € R3 introduced in the
previous section. This is done directly through the input variables o and the corresponding
mean velocity measurements at the three sensor locations. The model at time-step & is defined
as

v = Gap+b+eg (2-5)

where y; € R3 is the mean velocity, G € R3*3 the input-output mapping matrix, b € R3 a
constant offset vector and e;, € R? measurement and modelling errors. The fully written out
model is defined as

Y1,k g11 912 913| |0k b1
Yok | = [921 922 923| |Qwk| + |b2| +ex (2-6)
Y3,k 931 932 933| |Qyk b3

This model is not intended to capture any transient or delay effects but captures the approx-
imate relation between the parametrized inputs and mean-velocity measurements.

The static model is identified using 26 constant spatial commands spanning between 5 %
to 75 % of the WindShaper command range in order to have enough variation in the input
directions. The operating range of these input commands contain uniform, x-gradient, y-
gradient and combinations of these command patterns. Each input was applied for 20 s but
only the averaged middle ten seconds were used to reduce the effects of transient behaviour.
Each input command therefore contributed to one input-output pair:

(a(J)7y(j))7 j = 17 A ‘7N (2_7)

The obtained input-output pairs were divided into training and validation data, a complete
overview of the applied inputs can be found in Appendix C. It was made sure each group
consisted of similar ranges of (v, o, ay). In addition, the input-output pairs were distributed
equally to reduce the probability that one group contains slow temporal variations.

The model parameters were estimated using a linear least-squares approach. For operating
point j, the regressor was defined as

a[()j)
a:(c])

d)(j) = () (2'8)

The regressor corresponding to the training data was found to be full rank, satisfying the
rank condition required for unique least-squares estimation of the affine model parameters.
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The corresponding parameter matrix is defined as
©=[G b (2-9)
For a single operating point, the model can be written as
y9) = @¢l) 4 el (2-10)

Stacking this for all operating points N gives:

Y=0%+E (2-11)
where
Y = [y(l) y<N)] (2-12)
and
& — {qs(l) ¢(N)} (2-13)

The corresponding least-squares estimate is then given by
o =Yv&"(®d7)! (2-14)

The resulting parameter estimates are

0.1459495 0.004413  0.082286 —0.363964
Go = | 0.147269  0.065835 —0.050907 |, by = | 0.011524 (2-15)
0.143442 —0.061525 —0.058173 0.368323

where the subscript 0 denotes the initial offline model estimate.

The obtained parameter estimates are consistent with the input commands. Each entry for
the first column of Gy is approximately equal, indicating that when only a uniform input (ag)
is applied, approximately equal measurements are observed. The second column represents
the response to the x-gradient (o) command. This shows that the second and third entries
are centered approximately equally around the first entry. This is consistent with the way the
sensor rake is positioned in box, see Figure 2-5, where sensor 1 is located near the horizontal
centre and sensors 2 and 3 at equal opposite sides. A similar pattern can be observed for the
third column of Go, which represents the response to (o). Sensors 2 and 3 are placed below
the vertical centre and have similar magnitudes and sensor 1 above the vertical centre.

The unequal entries in the estimated bias vector by represent output dependent contributions
in the affine model that can not be described by Goa. They may be dependent on modelling
errors, background flow or sensor location dependencies. However, section 2-2 showed that
the exact reason can not be isolated. Since the entries of b are the result of estimating both
b and G they cannot be directly explained as sensor dependent offsets.

The obtained matrix has full rank, and its singular values are o = [0.2528 0.1121 0.089].
This corresponds to a condition number of n(@) = 2.8277. The three parametrized input
directions therefore produce linearly independent modelled output responses, and the result-
ing estimated input-output map Gy is not ill-conditioned. The performance metrics of the

parameter estimation are given in Table 2-2. The high R2-score and relatively low RMSE for
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Sensor | Dataset | Runs R2 RMSE [ms~!] | MAE [ms™!]
1 Training 16 0.971647 0.202134 0.146583
2 Training 16 0.963262 0.232413 0.156375
3 Training 16 | 0.970403 0.207110 0.165801
1 Validation 10 0.431488 0.557916 0.320035
2 Validation 10 0.825437 0.360179 0.195260
3 Validation 10 0.925120 0.352286 0.229270

Table 2-2: Training and validation performance of the identified static affine model at each
sensor location, evaluated using R? RMSE and MAE.

the training data indicate the model fits the training data well. These metrics, in combination
with Figure 2-6 show that the the input-output relation is approximately linear.

The validation performance is clearly weaker, with RMSE values ranging between approxi-
mately 0.35-0.56 ms~! and a lower R?-score. The R? score for sensor 1 on the validation data
indicates that the static model explains only a limited fraction of the observed validation-
output variation. This is in line with the relatively high RMSE and MAE values for this
case. Figure 2-6b shows several validation operating points with substantially larger pre-
diction errors. However, without further validation it can not be confirmed whether these
offsets are caused by temporal changes, measurement variability or other forms of model mis-
match. The performance metrics support the use of the affine static model as an approximate
representation of the dominant input-output relationship.

Overall, the static model represents the mean input-output behaviour relatively well. Despite
this linear relation, significant offsets observed with respect to the validation data suggest
the static model is not accurate enough for open-loop tracking. Before introducing control
approaches that compensate for this model uncertainty for accurate reference tracking, it is
necessary to investigate whether the input-output behaviour of the WindShaper experiences
changes over the duration of an experiment. Therefore, the next chapter will assess within-
run temporal stability of the WindShaper by analysing the output behaviour under fixed
stationary and non-stationary inputs
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Figure 2-6: Comparison of measured and static model-predicted mean velocities at the three
sensor locations for the training and validation datasets. The dashed line denotes ypreq = Ymeas-
The training data lies close to this line while the validation data shows larger prediction errors,
illustrating reduced model accuracy outside the fitted dataset.
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Chapter 3

Within-run Temporal Stability

Experimental facilities used for wind energy control experiments not only require prescribed
flow conditions but also sufficiently stable behaviour over the duration of an experiment.
Chapter 2 showed that an affine static model can represent the input-output relation well,
but is not accurate enough for open-loop tracking. Before introducing control architectures
to compensate for this model uncertainty, it is valuable to know whether the input-output
system experiences any systematic changes over the duration of an experiment. Therefore, this
chapter will assess the temporal stability of the input-output relation under fixed stationary
and periodic input sequences.

Drift in this context is considered as a systematic temporal change in the measured output
while the prescribed input sequence remains unchanged. Rather than comparing measure-
ments between two selected intervals, drift is quantified primarily through a fitted rate of
change over the duration of each experiment. The accumulated fitted change over the com-
plete run is then used to determine whether the observed trend fits actual drift.

Both stationary and non-stationary fixed input sequences are considered, ranging from uni-
form, x-and y-gradient to periodic input sequences. Each drift assessment has a duration of
1800 s and is done once. Since these assessments are only done once, they are only useful to
investigate behaviour over that duration and cannot be used to assess run-to-run repeatability.
For a complete overview of the different experimental runs, see Table 3-1. Even though tem-
perature was monitored, it is not independently controlled, therefore no causal relationship
can be established between temperature and velocity measurements. Temperature is therefore
treated as supporting information, while temporal stability is only assessed from the fitted
change with respect to time. For the temperature evolution over the different experiments,
see Figure D-1 in Appendix D-1.

The stationary experiments were averaged over a duration of 0.75 s. The first 80 samples,
corresponding to the first 60 s of each run, were discarded to remove any transient start up
effects. Using this data, a linear time-dependent model for each sensor was defined by an
initial fitted velocity, a constant drift rate and a residual term. The slope therefore represents
velocity change per unit of time. The periodic flow used raw data sampled at 100 Hz and was
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Table 3-1: Overview of the ten fixed-input experiments used for the temporal-stability assessment.
Each individual input setting was applied once for a duration of 1800 s. The response was analysed
separately at each of the three sensor locations.

Flow category Individual input settings Runs Analysis performed

Uniform ag € {35,45,55,65}%, with o, = 4 One linear velocity-drift model fit-
ay =0 ted per sensor and experiment.
z-gradient ag = 30%, with agp = ay =0 1 One linear velocity-drift model fit-
ted per sensor.
y-gradient ay = 30%, with g =z, =0 1 One linear velocity-drift model fit-
ted per sensor.
Periodic T, € {7.5,15,30,60} s, periodic in- 4 Mean level, amplitude and phase
put with an amplitude of 5% estimated for every complete pe-

riod, followed by a temporal trend
fit for each sensor.

Total 10

filtered using a Butterworth filter at 1 Hz. This cut-off frequency lies well above the highest
imposed periodic frequency of 0.133 Hz (Ts = 7.5 s). However the goal is not to isolate a
specific frequency range, more so to remove high frequency noise. The data was also filtered
with a cut-off frequency of 0.5 Hz and showed negligible differences in the filtered signal. For
the non-stationary experiments the first 60 s of each run was also discarded to remove any
transient effects.

A periodic response can be defined in mean value, amplitude and phase, meaning its temporal
stability cannot be determined using a single slope. Therefore the response is fitted for each
individual period. The obtained parameter estimates from each individual period are then
fitted over the whole duration, resulting in linear rates of change for the mean value, amplitude
and phase. The uncertainty of each fitted rate is quantified using a 95 % confidence interval
(CI) [17] , see Equation 3-1.

CI = ¢ £ togms N—25E(C) (3-1)

This interval is obtained from the estimated rate (¢), the corresponding critical Student’s
t-distribution (¢) and the standard error of the fitted rate (SE(¢)), which is defined by
~ Se
SE(E) = - (3-2)
22;1(% - t)2

where s, is the residual standard deviation defined by

_ Zg: (Yn — On)?
Se = \/ 1]\]— 9 (3_3)

Since for every linear fitted model an intercept and slope are estimated, the regression has
N — 2 degrees of freedom, where N is the number of observations used for the linear fit. For
the stationary experiments N represents the number of averaged velocity measurements. For
the periodic experiments N represents the number of complete periods used to estimate the
change in corresponding sinusoidal parameter value. When the confidence interval excludes
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zero, the fitted rate is statistically distinguishable from zero at the 95 % confidence level
under the the assumptions of the linear regression model. If the confidence interval contains
zero, the available data do not provide sufficient evidence to determine the sign of the rate at
that confidence level.

The obtained CI need a slight correction in their interpretation. Since it is based on a
ordinary least-squares formulation, it assumes temporally uncorrelated residuals. When this
assumption is violated, the estimated standard errors and corresponding confidence intervals
may no longer accurately represent the uncertainty of the regression coefficients [18]. To verify
this assumption, the autocorrelation of the different fitted rates can be found in Appendix D.

3-1 Stationary Input Sequences

The main way of determining drift of the measured velocity is fitting the velocity against
time. For sensor 7 and time-step k, this relation can be written as

Yik = Uio + Cit(ty — to) + €r (3-4)

Here y; is the initial fitted measurement, ¢; the the rate of change in [m s71] per sample,
t — to the elapsed time in samples and e the regression residual. Parameters ¢;0 and c;;
can be found by treating this as a linear regression problem and are therefore found through

ordinary least-squares. The measured flow was fitted in ms™! per sample and later converted
1 1

toms™ min~".
® Sensorl1 #§ Sensor 2 Sensor 3
A Stationary-flow drift rates with 95% confidence intervals
T T T T T T
| ; _
2L -

o+ ¥ |

4 | | | | | |
ayg =35 ay =45 ay = 55 ag = 65 a, = 30 o, = 30

Fixed input condition

Figure 3-1: Estimated velocity drift rates for the stationary input experiments after discarding
the first 60 s. Error bars denote the 95 % confidence intervals of the fitted rates, while the dashed
horizontal line indicates zero drift.
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The obtained ¢;; and confidence interval for each run and sensor are given in Figure 3-1, for
a more detailed overview see Table D-1 in Appendix D. A total of five out of 18 confidence
intervals contain zero, while the remaining 13 intervals exclude zero. This indicates that for
13 out of 18 intervals, there is sufficient confidence in their direction based on the linear
regression model obtained from the available data. However, it was found that the residual
independence assumption was not fully satisfied. Autocorrelation is especially present between
closely spaced measurement. This is visualised in Figure D-2 in Appendix D. Therefore the
C1Is should be treated as supporting rather than decisive evidence.

The largest observed rate of change was at sensor s for the uniform ag = 35 run, with a rate
of —3.2757 x 1073 [ms~! min~!]. This trend for 3, can clearly be observed in Figure 3-2. Ac-
cording to the linear drift model in Equation 3-4 this would result in Ays = —0.0946 [ms™!]
over the whole duration excluding the first 60 s. This is only a decrease of approximately
—1.73 % with respect to the fitted initial velocity. This combined with the confidence inter-
vals support that the most extreme changes remain below approximately 2 % of the initial
fitted velocity. It must be stated, however, that the observed autocorrelation also introduces
uncertainty in the absolute fitted changes.

Uniform input: oy = 35 — velocity drift with respect to time

Measurements Linear fit

Sensor 1: ¢; = 0.358 x 1072 m s~ ! min~!
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Figure 3-2: Linear drift models fitted to the 0.75 s averaged velocity measurements for the
ap = 35 uniform input experiment after discarding the first 60 s. The measured flow was fitted in
ms~! per sample and later converted to ms~! min~!. Results are shown separately for the three
sensor outputs.
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3-2 Periodic Input Sequences

For the temporal stability assessment of periodic flow, the emphasis is limited to sinusoidal
input sequences. Tests were done for sinusoidal input functions with different periods and
a fixed amplitude. Determining drift is less straight forward compared to the stationary
input signals. A sinusoidal function can generally be described with three distinct traits: its
amplitude, phase and mean offset. For each sensor 7, a sinusoidal output is therefore described
as

yi(t) = A; + Risin(wt + ¢;) (3-5)

Where A [ms™!] is the mean velocity, R [ms~!] is the amplitude, ¢ [rad] the phase and
w = 27 /Ts [rads™!]. This can then be rewritten in a form that is linear in parameters A, B
and C"

y; = A; + B;sin(wt) + Cjcos(wt) (3-6)

The amplitude and phase can then be defined by
R; = B,L2 + C,?, ¢; = atan2(Ci, Bl) (3—7)

For every completed period p with IV, measurements, the parameters can be estimated using
(p)

linear least-squares, by defining an estimator 8;"” and a regressor R

vy = el 4 P (3-8)
where
vi(t1)
yi(tn,
and
67 = [4® pY O,(m}T (3-10)
and

1 sin(wty)  cos(wty)
e = |: : : e RNpx3 (3-11)
1 sin(wty,) cos(win,)

This gives one estimate for A, R and ¢ for each period p. Before estimating the phase
drift, each identified phase sequence is unwrapped to prevent discontinuities at £m. Since
the sinusoidal amplitude is kept fixed for all experiments and only the excitation period T is
varied, differences in fitted amplitude and phase can be used to assess frequency dependencies
of the WindShaper. Table 3-2 shows the mean estimated values for A, R and c;AS of all fitted
periods for each experimental run. The mean velocity stays approximately constant across
all different sinusoidal frequencies. The mean amplitude on the other hand sees a decreasing
trend as the frequency increases. For Ty = 60 s and Ts = 30 s mean fitted amplitude remains
approximately constant but for higher frequencies the mean fitted amplitude decreases. The
reduced fitted amplitude at shorter periods suggests frequency dependent attenuation of the
WindShapers input-output response.
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22 Within-run Temporal Stability

Table 3-2: Mean fitted sinusoidal parameters for each excitation period and sensor. The first
60 s of each experiment were discarded, after which the reported values were averaged over all
remaining complete periods. The phase difference is defined relative to the zero-phase sinusoidal
input.

T, [s] Sensor Mean level A [ms~!'] Mean amplitude R [ms~'] Mean phase difference A¢ [rad]

1 6.1359 0.58388 -0.50053
30 2 6.5497 0.61715 -0.51191
3 6.9227 0.67137 -0.49456
1 6.1355 0.58627 -0.30358
60 2 6.5125 0.62111 -0.30274
3 6.9315 0.67176 -0.29603
1 6.1216 0.44917 -1.35590
15 2 6.5236 0.45344 -1.36210
3 6.9533 0.50725 -1.38250
1 6.2384 0.30324 -2.39970
7.5 2 6.6363 0.30025 -2.35520
3 7.0766 0.32792 -2.37850

To quantify changes in these model parameters over the duration of each experimental run,
for each sensor ¢ and period p, they can be fitted onto the following linear models.

Agp) = AO,i + CAJ‘(tp — to) =+ 6%’)2- (3—12)
RY = Ry + cralty — to) + ) (3-13)
o) = G0+ coilty —to) + €] (3-14)

Here, ca4, cr, and cy; represent the fitted rates of change of the mean offset, amplitude and
phase for each sensor respectively, and ¢, the midpoint time of period p. For each run and
sensor the different rates and their corresponding confidence intervals are given in Figure 3-3.
For ca seven out of twelve confidence intervals exclude zero, indicating that changes in the
mean-output can be resolved for several instances. For cg only two out of twelve confidence
intervals exclude zero. For c4 all of the confidence intervals contain zero. Therefore, no
systematic phase drift can be resolved at the 95 % confidence interval. The intervals for all
rates, however, need to be treated with caution. While the residual autocorrelation for the
amplitude and phase remain limited, this is more pronounced for the mean velocity level.
This indicates that the reliability of the obtained CIs varies between the different rates and
experiments.

In absolute terms, however, Table 3-3 shows that the largest observed amplitude change
is -5.15 %, largest mean velocity change is 0.69 % and largest phase difference -0.0956 s.
However, especially for the mean velocity trend, the autocorrelation between fitted residuals
also introduce uncertainty in the absolute fitted changes. The trends for the input sequence
with Ts = 30 s is given in Figure 3-4.

Overall, the experiments show that the WindShaper is approximately temporally stable for
fixed stationary and periodic inputs over a duration of 1800 s. Several fitted rates visibly differ
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ca [107* m s7! min™!]

cp [1073 m s7! min!]

g [1073 rad min~1]

ot

Periodic-flow parameter drift rates and 95% confidence intervals
® Sensor1l & Sensor 2 Sensor 3

(a) Mean parameter A

Sine period T [s]

Figure 3-3: The estimated temporal drift rates of the period wise fitted mean level A, amplitude
R and unwrapped phase ¢ for all periodic input experiments. Markers denote the three sensor
locations and error bars indicate the 95 % confidence intervals of the fitted rates. The dashed

horizontal line denotes zero drift.

from zero, but the overall accumulated changes remained relatively small. For the periodic in-
put experiments, the amplitude and phase offset showed only limited systematic change over
the run. Residual autocorrelation was present in several occasions, reducing the certainty

Parameter Input and sensor | Fitted change

Mean A T, = 60 s, sensor 3 | +0.0477 ms~!

Amplitude R | Ts = 30 s, sensor 2 | -0.0326 ms™!
Phase ¢ Ts = 30 s, sensor 2 -0.0200 rad

Relative interpretation
0.69 %
-5.15 %
-0.0956 s

Table 3-3: Largest accumulated fitted changes in mean level, amplitude and phase among the
12 excitation period-sensor combinations while excluding transient effects. Changes in mean level
and amplitude are also expressed relative to their fitted initial values. The phase shift is converted

to the corresponding time shift.
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Period-wise sinusoidal parameters: Ts = 30 s, sensor 2

O Period-wise estimate Linear fit
66 Mean parameter: ¢y = —0.430 x 107 m s~! min~!
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Figure 3-4: Period-wise drift rates of the fitted mean level A, amplitude R and unwrapped phase
¢ for sensor 2 under the T = 30 s periodic input. Solid lines show the fitted linear temporal
trends after removal of the first 60 s.

with which the fitted rates and corresponding accumulated changes can be interpreted as un-
derlying drift, and may cause the ordinary least-squares confidence intervals to underestimate
their uncertainty. Nevertheless, the observed fitted changes remained small over the inves-
tigated 1800 s duration. The WindShaper is therefore considered approximately temporally
stable within the scope of these experiments. The claim of within-run temporal stability over
the duration of the experiments must not be confused with run-to-run repeatability, which
will be further investigated in Chapter 7

From a control perspective, these results suggest that any tracking errors observed in future ex-
periments cannot be dominantly explained by within-run drift. Model mismatch, unmodelled
dynamics and disturbances remain possible contributors. This motivates the investigation of
different control architectures to compensate for this uncertainty in input-output behaviour
in Chapter 4.
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Chapter 4

Control Architectures

Chapter 2 showed that it is justifiable to model the parametrized input and the mean velocity
measurements with an affine static input-output model. Even though this model captures
input-output sensitivities well, due to the remaining prediction error, it was not found to be
accurate enough for open-loop reference tracking. Chapter 3 showed that under fixed station-
ary and periodic input sequences, the WindShaper shows approximate within-run temporal
stability over the duration of the experiments. Even though clear trends were visible, the
absolute differences remained small. This indicates that within-run temporal drift alone can-
not explain the remaining prediction errors of the identified static model, motivating control
approaches that can compensate for the remaining plant-model mismatch.

In this research, two conceptually different approaches are investigated. First, the input-
output sensitivities will be kept fixed, and tracking errors will be compensated for by using
measured tracking errors in a feedback controller. The second approach uses past input-
output data to update the model online and determines the control input from the updated
static model. These approaches will be referred to as: fixed-model feedback control and online
model adaptation with inverse control.

4-1 Fixed-Model Feedback Control

With the objective being accurate reference tracking, open-loop tracking can only be applied
when the model describes the system with sufficient accuracy. If the model is inaccurate,
directly inverting the static model could lead to persistent tracking errors. By applying
feedback laws based on real-time measurements, it is possible to compensate for those errors
despite using an inaccurate model.

Even though the static model is not accurate enough for open-loop tracking, the static map
G may still be very useful for feedback purposes, since it captures the dominant input-
output directions. The first feedback approach investigated in this thesis is Online Feedback
Optimization (OFO), which is an optimization based feedback controller that relies on the
identified steady-state input-output sensitivity of the system in its update law. By relying on
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26 Control Architectures

this, OFO does not require a detailed dynamic model, but instead uses the static input-output
direction G to determine how the input should be updated. The resulting tracking perfor-
mance is a direct indicator whether G provides a sufficiently representative approximation of
the steady-state input-output sensitivity for feedback control. A basic block-scheme of this
algorithm is given in Figure 4-1. This shows how real-time measurements from the plant are
fed back into the update law. Applying operational constraints restricts the control input to
the admissible input set. By mapping the tracking error on the input-output sensitivity, this
algorithm can compensate for model mismatch and disturbances that appear as steady-state
output errors.

disturbance w

|

Optimization-based . - : WlndShape}f
esdlsdl comialles leY Operational constraints a plant dynamics

o acA T = f(z,a,w)
a1 = o — VoV (Y, o) M o)

A

Y

Figure 4-1: General optimization-based feedback control architecture for the WindShaper facility.
The controller uses the measured flow output and the identified static map G to update the
parametrized input online, while control inputs are restricted to the operational constraints of the
admissible input set.

Secondly, a model predictive controller (MPC) will be implemented. In contrast to OFO,
MPC is investigated to include the temporal response of the WindShaper. Where OFO uses
a static map and therefore does not explicitly account for dynamics, MPC uses a dynamic
model over which it can predict behaviour over a receding horizon. This allows temporal
effects and input constraints to be incorporated into the control problem. Therefore, MPC
is used to investigate whether the temporal dynamics left out in the static model become
relevant for non-stationary reference tracking. Figure 4-2 shows a block-scheme of an MPC
architecture. Since the prediction model is not accurate enough for open-loop tracking, the
bias is updated by using real-time prediction errors. The updated bias is then fed to the
MPC.

The goal of these approaches is not to provide an extensive comparison between these and
future approaches, but to explore the capabilities and limitations of fixed-model feedback
of the WindShaper. Their mathematical description and experimental tracking results are
presented in Chapter 5.
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Figure 4-2: General model predictive feedback control architecture for the WindShaper facility.
A fixed dynamic model is used to predict the system response and determine the control action
over a receding horizon. The prediction error y, — ¥ is used to update the output-bias estimate
by, allowing part of the plant-model mismatch to be compensated without adapting the identified
dynamic sensitivities.

4-2 Online Model Adaptation and Inverse Control

Initial model fitting in Chapter 2 has shown that a static model fitted over a finite dataset is
not able to represent the investigated operating conditions well enough for reference tracking.
Therefore, the second architecture proposes to learn these model parameters online through
an adaptive least-squares approach. The control input is then defined by using the current
model estimates. The static model using estimated model parameters G and b is then written
as R X

Vi = Groy + by, (4-1)

the control law can then simply be defined as an inverse control law
o = G (ri — by) (4-2)

given that the estimated model parameters are sufficiently conditioned and invertible. Al-
though the physical input-output system remains coupled, since each parametrised input
generally affects multiple outputs, model inversion provides a way of accounting for this
coupling. Instead of assigning an individual input to each output, the inverse determines
a combination of ap, «a, and a, such that the desired output is produced. For a square
and invertible Gk, substituting Equation 4-2 into 4-1 gives ¥; = rj since ka}gl =1 In
this model-based sense, the outputs are decoupled through the control law based on model
inversion. In practice however, model mismatch means that exact decoupling can not be
guaranteed, while poor conditioning can make model inversion highly sensitive.

Poor conditioning, however, can be accounted for through regularization. The inverse control
law is then defined as
ar = (GF Gy + pgI) 'GE (ry, — by) (4-3)

where I is the identity matrix and pg the regularization term. The regularised inverse control
law no longer provides exact model decoupling since the regularization introduces a bias. It
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deliberately sacrifices exact inversion to suppress large control actions associated with small
singular values of Gyg.

Compared with the fixed-model feedback controllers, real-time measurements are used to
improve the model estimates to obtain a control input rather than updating the control input
directly. How well this approach works is dependent on the quality of the online parameter
estimates. If certain input directions are insufficiently excited, the data contain insufficient
information to estimate the associated model parameters reliably. Therefore, sufficient input
excitation is a key requirement for reliable parameter estimates.

Online model adaptation naturally fits in a least-squares framework. Least-squares estimation
can be implemented in various ways, differing in how data is treated. This offers a trade-off
in adaptation speed to a changing plant and in estimation reliability. A basic block scheme
of an online model adaptation algorithm with an adaptive least-squares approach is given in
Figure 4-3. The different least-squares approaches and simulation performances are described
in Chapter 6.

disturbance w

|

Model-based . WindShapo.r
Tk inverse control e Operational constraints Qg plant dynamics Vi
az = (Ggék aF ng)71G£ (I‘k — bk) acA T = f(a:,a,w)

y = h(z, a, w)

A

Online model adaptation [<«— Yk

Least-squares estimation
Gy, by

Gy, by

Figure 4-3: Online model adaptation and inverse-control architecture for the WindShaper facility.
Measured input-output data are used to update the estimated static map Gy, and offset by, online.
The updated model is subsequently used to determine the control input required for tracking the
prescribed mean-velocity reference.

The two architectures discussed in this chapter tackle the same underlying problem in different
ways: minimizing tracking error by compensating for input-output uncertainty. The following
chapters are aimed at implementing both architectures and assessing their performance with
respect to reference tracking.
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Chapter 5

Feedback Control

This chapter experimentally investigates the fixed-model feedback controllers introduced in
Chapter 4. The objective here is not to provide an extensive comparison between controllers,
but to provide insight into what the fixed input-output model has to offer in a feedback ar-
chitecture. First, OFO is implemented to determine whether the static map is sufficiently
informative for closed-loop reference tracking. Next, an MPC architecture is used to investi-
gate the relevance of including temporal dynamics.

5-1 Online Feedback Optimization

OFO allows us to assess whether the input-output behaviour is informative enough for closed-
loop reference tracking. This algorithm relies on a steady-state map to drive the optimization
problem towards the solution. Such a steady-state input-output relation is generally described
as

y=ha) +w (5-1)

where h(«) is the steady-state map and w represents unknown disturbances. Therefore OFO
does not rely on a complicated dynamic model. The control objective for OFO is generally
described as

min  ¥(y)

st. y=h(a)+w,
a € A,
ye Y.

where ¥ is the objective function and A and ) represent the admissible input and output
space. The actual control update is done through a gradient descent update, which modifies
the optimization variable with respect to the cost function. The gradient descent update law
is written as

a1 = oy, — pVo ¥ (yg, ag)] (5-2)
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where p is the learning rate and II 4 the projector operator onto the admissible input set.
The full derivation with the static model is done as follows. For the static model

y=Ga+b (5-3)
the cost function in the optimization problem is defined as
1
v =y c-y) (5-4)
By using the chain rule gradient, the update part of Equation 5-2 can then be written as
oh
Val = —(5 )" (r - ) (5-5)
where the steady-state map is approximated as
oh
— =G 5-6
S (5-6)

Then the online feedback optimization update rule is written as
a1 = Maloy, + pG” (v — yi)] (5-7)

For the WindShaper the following input constraints are applied.

20 (7)) 80
—15| < |az| < |15 (5-8)
—15 Qyy 15

Velocity [m/s]
0w L=

an]
T

O 1 1 1
0 50 100 150 200 250

Time [s]

Figure 5-1: Measured mean-velocity tracking of a homogeneous stationary reference using online
feedback optimization with the fixed static input-output map. Dashed lines denote the prescribed
references and solid lines the three measured sensor outputs.
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Figure 5-2: Measured mean-velocity tracking of a heterogeneous stationary reference using online
feedback optimization with the fixed static input-output map. Dashed lines denote the prescribed
references at the three sensor locations and solid lines the corresponding measured outputs.

Figures 5-1 and 5-2 visualize the tracking performance of the online feedback optimization
algorithm to a homogeneous and heterogenous reference profile respectively. This shows that
the algorithm is well able to track stationary reference profiles.

These experiments show that online feedback optimization is well able to account for the
inaccuracies of the static model and track prescribed stationary reference profiles accurately.
The formulation of this algorithm, however, relies on a steady-state input-output map and
does not describe transient behaviour between the WindShaper and the measurement system.

This is a prominent limitation when it comes to tracking dynamic reference profiles. Since
the flow produced by the WindShaper needs to travel towards the measurement system, this
introduces a delay d and means that measurements at some time-step k are influenced by
inputs at time-step k — d. Therefore instantaneous tracking no longer corresponds to the
current control input. This is visualised in Figure 5-3, showing that although the output
follows the variation of the reference well, a phase offset remains. This motivates explicitly
accounting for the delay and transient response when tracking dynamic references. The
following section briefly goes into this dynamic relation in more detail.

5-2 Dynamic Model

The static model introduced in Section 2-4 described an input-output model that does not
incorporate any transient effects. The previous section showed this works well for stationary
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Figure 5-3: Measured tracking of a periodic reference with Ts = 30 s using online feedback
optimization based on the fixed static input-output map. The measured outputs follow the
periodic reference variation but exhibit a phase offset, illustrating the limitation of a static model
for non-stationary reference tracking.

reference signals. However, for dynamic reference signals, transient effects become relevant.

A Finite Impulse Response (FIR) model can be used as the prediction model for MPC [19].
Using the same input vector v and output vector y, such a model is generally written as

m—1

yr=b+ > Hiay 4 (5-9)
i=0

where H; describes the effect of previous inputs on the current output, b is a bias term, d
the delay and m determines the finite memory of the FIR model. The update law for b is
defined as

by = b1+ N(yr — 37) (5-10)

where y, is the prediction before updating the bias, This is defined as

m—1

¥ =bi1+ > Hiay g (5-11)
i=0

A Pseudo Random Binary Signal was designed over a duration of 1200 s to excite the system.

The different input coefficients varied between 35 < ag < 45, —10 < a, < 10 and —10 <
ay < 10. Each constant level was held for 6 s to let the flow settle.
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A model memory of three time-steps was selected, such that
©=[Hy -+ Hy, b
and a corresponding regressor vector
i, = {ag—d a{—d—l T a;{—d—mﬂ 1}T
A single sample therefore simply is
Yk = Ok + € (5-12)

By stacking all samples for which the complete delayed input history is available, the regression
matrices are defined as

Y = {Yderfl Ydtm .- YN—I} ;
P = {¢d+m—1 Pitm - ¢N—1} ; (5-13)
E = {Gd—i-m—l €d+m - -- GN—I} .

allowing the FIR model to be written in the linear regression form of
Y=0®+E

The FIR coefficients were estimated from input-output data using a least-squares approach.
The length of the memory was selected by comparing the magnitude of the entries in each H;
for large m. It was found that for a sampling time of 0.375 s, a memory of m = 3 represented
the system well and the magnitudes of H; for larger m became negligible. It must be noted
that a different sampling time is used here compared to other experiments.

To assess whether incorporating temporal dynamics can compensate for the limitations ob-
served with the static model OFO approach, the FIR model was applied in a model predictive
framework. This means that at each time-step, the controller predicts the future output over
a predefined horizon and determines the optimal control input based on minimizing the track-
ing error over the horizon. To compensate for persistent model inaccuracies, the bias estimate
was updated online using the prediction error, see Equation 5-10.

The optimization problem selected for the MPC is

N
min 3 (I§ken — teinll?, + 1B0kin 13, (5-14)

n=1

where y is the predicted output, r the desired reference and Aa the input rate of change.
The MPC has the following controller settings

50 0 000l 0 0
Q, =105 0[,Sa=| 0 001 0 |,N=10,A=02,d=3 (5-15)
005 0 0 0.1

Where Q, is the output-tracking weight matrix, S, the input-rate weight matrix, N the
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Figure 5-4: Measured tracking of a sinusoidal reference with Ts = 30 s using the FIR-based
model predictive controller with online output-bias adaptation. The dynamic model explicitly
accounts for the identified input-output delay and finite response memory.

prediction horizon, d the delay and A, the learning rate for online bias adaptation. With
input-rate constraints of

—0.5 AO&O 0.5
—0.25| < |Aa,| < [0.25 (5-16)
—0.25 Aay 0.25

Figure 5-4 shows the tracking for a periodic reference with Ty = 30 s. When comparing
this to the static-model-based approach, the MPC controller can explicitly account for the
temporal variations through the identified FIR model. The accurate tracking performance
indicates that the dynamic behaviour that is left out of the static model is actually relevant
when it comes to non-stationary reference profiles. This result, however, should be considered
as a proof of concept for the control relevance of the identified dynamic model instead of an
assessment of dynamic reference tracking. No systematic analysis of the FIR model in a MPC
framework was done since only a limited set of reference profiles and controller settings were
considered. Therefore, the dynamic controller is not further considered in this research.

5-3 Final Remarks

The experimental results in this chapter have shown that the fixed identified static model is
sufficiently informative for closed-loop reference tracking in a OFO framework. The accurate
tracking of stationary reference profiles within this framework also supports interpreting the
identified map Gg as a representative steady-state input-output sensitivity matrix under
the investigated operating conditions. The MPC experiments additionally showed that the
temporal dynamics omitted by the static model become relevant for non-stationary reference
tracking and that the FIR model can be used in a predictive way within a constrained feedback
architecture.

Ultimately, a feedback architecture is undesired for future wind energy control experiments.
If a sensor setup is placed in the wind box, this can provide spatial and temporal control at
the sensor locations but will also result in disturbed flow further downstream. Therefore a

Shane van Rhijn Master of Science Thesis



5-3 Final Remarks 35

feedback architecture will not be investigated further. Instead, the next Chapter will inves-
tigate the online model adaptation with an inverse control architecture further. This could
fit the facility better since the most suitable parameters can be learned during a calibration
phase for certain operating conditions, after which the sensors can be removed.
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Chapter 6

Online Model Estimation and Inverse
Control

Chapter 4 introduces online model adaptation with inverse control as an alternative approach
to fixed-model feedback control. Instead of using the measured tracking error to directly
update the control input, input-output data is used to update the model parameters online
and apply them in the inverse control law. For the static input-output model

i =Goy +b (6-1)

the control input can be determined from the estimates G, and by using the regularized
inverse control law in Equation 6-2.

o = (GFGy + pgI) 'GE (), — by) (6-2)

When a known input-output delay of d samples is included, the input applied at time-step
k is computed using the future reference ryy4. However, this chapter solely discusses the
mathematical formulation of the different online model estimation approaches and implements
them in a simulation model which did not include any delays. The delays were accounted for
during the experimental validation in Chapter 7

If the estimates are an accurate representation of the system, the control law becomes a
model-based feedforward action for tracking prescribed references. This means that the accu-
racy of the reference tracking is directly dependent on the quality of the online estimates. The
relevance of this is accurately depicted in Figure 6-1. Here the offline estimated model pa-
rameters are used in the inverse control law and applied to the actual WindShaper, resulting
in persistent tracking errors.

The reliability of these estimates is not merely determined by the amount of data. It must
be made sure that the applied inputs are sufficiently excited to distinguish input-output
sensitivities from the measured data. Online model adaptation will be implemented with
several different applications of an adaptive least-squares algorithm. By introducing trade-offs
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Figure 6-1: Open-loop inverse control tracking using the fixed identified static model. The
prescribed reference, model predicted output G + b and measured output are shown for each
sensor channel

in adaptability and estimation reliability, there are different ways of treating past data. This
chapter investigates whether adaptive least-squares algorithms can improve reference tracking
compared to the fixed nominal model in open-loop under different operating conditions in a
simulation environment. Furthermore, it will investigate under which excitation conditions
and data-usage the online estimations remain reliable. The resulting insights are used to
define the settings for experimental validation under nominal and enforced model mismatch
conditions.

6-1 Adaptive Least-Squares

The online estimation problem uses the same structure as the offline identification problem.
For each time-step k, the input-output model is written as

Vi = Orod,. + e (6-3)

where

o= |V ert oo Ber (64
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For a selected dataset Dy at time-step k with Np samples, the stacked representation of the
regression problem becomes

Yp=0®p+Ep

with

YD = [ydl Yd, - deD} c R3><ND’ (6—5)
and

dp = {d’dl Ga, - ¢dND} e R¥Np, (6-6)
Here, the notation dy,...,dy, stands for time-steps 1,..., Np within dataset Dj. For sim-

plicity, Yp, ®p and Ep denote matrices constructed from the currently selected dataset Dy.
The regularised least-squares estimate is then given by

N —1
Ok = Ypo} (®p®} + pol) (6-7)

where pg is the least-squares regularization parameter and I the identity matrix. Since the
regularisation term in the estimate of ®p only helps for numerical stability and does not
make G well conditioned, regularization is also done for the inverse control law as is defined
in Equation 6-2. The updated model parameters from the least-squares estimate are extracted
as

0, = [Gk Bk} : (6-8)

The following sections define four different ways of implementing an adaptive least-squares
algorithm

6-1-1 Cumulative least-squares

In cumulative least-squares, all samples collected since the start of each run are used for each
model update. After a minimum of N,,;, samples are collected, the cumulative least-squares
approach updates its estimate at time-step k by defining dataset

Dr=1{1.2,....k}

This means the amount of data used for the cumulative least-squares approach grows contin-
uously throughout each experimental run. The advantage of this approach is that throughout
an experiment the estimation becomes less sensitive to measurement noise. The disadvantage
is that old data remains dominant. This makes it less adaptive to changing model param-
eters. The algorithm for the cumulative least-squares uses the general solution as given in
Equation 6-7. The whole algorithm is given below.
if kK < Npyin then
G A\ Gnom
b + buom
else
D]i (—A {1,2,...,k}
[G,b] + LS(Dy)
end if
ap (Ggék + pgf)_léf(rmd - bAk)
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6-1-2 Batch-wise least-squares

In batch-wise least-squares, the model is only updated after a new batch of N, samples is
collected. After a minimum of N,,;, samples, at time-step k, where k is an integer multiple
of N, the dataset is defined as

Dy ={k—Ny+1,...,k}

Only this most recent non-overlapping batch Dy, is used for the parameter estimate. Compared
to cumulative least-squares, it is more sensitive to measurement noise and poor excitation
since it uses less data points. However, it is more adaptive to changes in the plant since it
forgets old data after each new batch. The algorithm for the batch-wise least-squares uses
the general solution as given in Equation 6-7. The whole algorithm is given below.
if £ < Npin then
G — Gnom
B — bl’lOl’l’l
else if mod(k, N) = 0 then
Dy« {k—Ny+1,...,k}
(G, b] « LS(Dy)
end if
oy (G{Gk + pgf)_lég(rker — bAk)

6-1-3 Moving-window least-squares

In moving-window least-squares, the model is updated continuously after each window of
sample size IN,, is collected. Therefore, after a minimum of N,, samples, at time-step k£ the
dataset Dy, is defined as

Dp={k—Ny+1,...,k}

This approach has each consecutive window overlap with each other. This means one old data
point is removed while one is added. This makes the parameter updates more continuous
than the batch-wise update, while still allowing the old data to be forgotten. This approach
is therefore expected to adapt smoother. The disadvantage is that the estimate can become
sensitive to noise or poor excitation if the window is too short. The algorithm for the moving-
window least-squares uses the general solution as given in Equation 6-7. The whole algorithm
is given below.
if £ < N, then
G A\ Gnom
B — bnom
else
Dy« {k—Ny+1,....k}
(G, b] « LS(Dy)
end if
ap — (Ggék + pgf)_léf(rmd - bAk)
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6-1-4 Recursive Least Squares

The recursive least-squares algorithm can be seen as a combination of the cumulative and
moving-window least-squares approach. In essence, none of the data is forgotten but by
applying an exponentially decaying forgetting factor A to the cumulatively obtained data, it
turns into a soft moving-window approach. Only now the data within this moving-window
is not equally dominant due to this exponentially decaying forgetting factor. The effective
window is defined as approximately

1

N, P
1= ArLs

The derivation of the recursive least-squares algorithm goes as follows. The static input-
output model at time-step k is written as

where

© =[G bl R, ¢ =[aok wr ay 1}T e RY (6-10)

Since G and b have a total of 12 to be identified variables, at least four sufficiently exciting
data points are required to reliably estimate G and b online. More specific, the weighted re-
gression information matrix must have rank four for all parameter directions to be identifiable.
The exponentially weighted least-squares cost function is defined as

k
J(©) =" Nisllyi — O] (6-11)

i=1

This can also be rewritten into a stacked representation as

Yk’ = [yl yo - yk::| c R?}Xk’ (6-12)
= [ & - ] eRVE (6-13)

and
W), = diag ()\RLS, A2 AL, 1) , (6-14)

This allows the cost function to be written as
Ji(©) = H(Yk —0%)) W1/2H (6-15)
To find the optimal estimate, the derivative of © is set to zero which gives
O = Y, W, 7 (2W,d7) !

This can be rewritten as

O, = SiR; ! (6-16)
where
Sk =Y, W;®] = Z Aoyl (6-17)
=1
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and i
Ry = &, Wid[ = > Np/sdip] (6-18)

i=1

Both R and S; can be updated recursively

Ry, = AresRi1 + o161, (6-19)
Sk = ArLSSk-1 + Yr®i - (6-20)
The problem that arises with Equation 6-16 is that for models with large dimensions the
inversion of Ry is very computationally intensive. By defining P, = R,;l and using the

Matrix Inversion Lemma [20], it is possible to rewrite this inversion such that the inversion
is done with a scalar instead of matrices.

1 P 10,0 Py
- (Pk—l - T
ARLS ARLS + O Pr_19y

The corresponding recursive least-squares gain can then be written as

Pi_1¢;

Py ) (6-21)

K= ArLs + 4 Pro19y, (622
Then finally, this results in O, being written as
O = Sk)\ ! (Pr—1 — Pk_lqbk?zpk_l (6-23)
RLS ARLS + @p Pr_19y,
The recursive update law for ©), then becomes
O = Op—1 + (Y — On_10,) K] (6-24)

The recursion must be initialized with an initial model estimate and covariance, for example
(:)0 = [Gnom bnom} , PO = pOI4- (6‘25)

The value of pg expresses the initial uncertainty in the model. A larger pgy results in larger
initial adaptation gains, whereas a smaller value places more confidence in the initial model
estimate.

6-1-5 Expected performance and tuning trade-off

The four online least-squares approaches introduce a trade-off between noise rejection, adapta-
tion speed and data richness. A large dataset generally improves noise rejection as individual
noisy measurements have less influence on the least-squares estimate. Besides that, it also
generally improves the conditioning of the regression matrix ®p, provided it has enough varia-
tion in g, o, and ayy. The downside is that larger batches are generally less effective at faster
adaptation to time-varying plant behaviour, since they are more dependent on older data.
Therefore, cumulative least-squares is expected to give the most robust parameter estimation
for stationary model mismatch, while it is expected to adapt slowly when the true model
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42 Online Model Estimation and Inverse Control

changes over time. Batch-wise least-squares, is expected to adapt faster to changing model
parameters as it forgets old data after each new batch. That also means that its estimates
are more sensitive to noisy measurements and poorly excited data. Therefore its performance
is expected to be more robust to poor excitation for larger batch sizes. Moving-window
least-squares also forgets old data but does so continuously. For identical dataset sizes it is
expected to react smoother to changing model parameters than batch-wise least-squares as
it only forgets one data sample at a time. Lastly, with an appropriately selected forgetting
factor, the recursive least-squares algorithm is expected to adapt the fastest if the true model
parameters change as its newest obtained sample is most dominant in the estimation. Unlike
the moving-window approach, the RLS algorithm does not discard old data, instead their
influence exponentially decays. This provides a smoother trade-off between retaining past in-
formation and adapting to recent data. Though sufficiently rich excitation remains necessary
for reliable estimation.

For implementation of all four least-squares approaches the reliability not only depends on
the size of dataset D, but also the richness of the data. If the input data is too poorly excited,
the regression matrix ®p can become ill-conditioned resulting in an unreliable estimate of G
and b. In the simulations, the approaches are therefore compared primarily by their tracking
accuracy and by the conditioning of the least-squares regression problem.

6-2 Simulations

To explore the expected limitations and advantages of each approach, their performance is
simulated in identical simulation environments in Matlab. It must be noted that the simula-
tions are not intended as a high-fidelity WindShaper model. Instead, they provide controlled
test cases in which the behaviour of the least-squares adaptation strategies can be isolated.
This allows the influence of data-window size, model mismatch, drift, and measurement noise
to be studied before experimental validation. The controlled simulation cases are described
in Table 6-1, the most important performance metrics in Table 6-2 and for an elaborate
overview of the simulation settings, see Appendix E-1. For each case, Girye and by, are
substituted by the corresponding model parameters into Equation 6-26 that are in line with
the simulation objective. A sampling time of dt = 0.75 s was used.

Ye = Gtrueak + btrue,k + €noise,k (6'26)

6-2-1 Can online least-squares damage performance when the model is already
good?

Table 6-3 shows that for the nominal case, the open-loop controller shows a very high overall
tracking accuracy. The simulations in this environment show that adaptive least-squares
approaches that make use of datasets of preselected size, the batch-wise and moving-window
approach, have worse tracking performance for smaller than for larger batch sizes. This
is especially visible for the batch-wise update. At smaller batch sizes, the poor tracking
coincides with insufficient regressor excitation. For Np = 60, 13 out of 15 updates were rank
deficient, while for Np = 100, two out of nine were rank deficient. Overall, the nominal
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Case Girue brrue,k Purpose
Nominal Gip bip Correct initial
model
T
Bias mismatch Gip bip + {0.30 —0.25 0.20} Offset  correc-
tion
T
Gain and bias mis-  Gip + AG bip + {0.25 ~0.15 0.20} Full  model
match adaptation
0.15 0.30
Slow drift Gip + AG bp + [-0.10| + | —=0.20 Time-varying

0.10 015 | I mismatch

0.018 —0.006 0.010
AG = [-0.012 0.015 —0.008] , ty =675.75 s.
0.010 0.006 —0.016

Table 6-1: Overview of the four different simulation cases.

Metric or setting Implementation

Overall RMSE Computed over all three outputs and all 902 samples.

Constant-reference RMSE RMSE onst computed over all three outputs using only the sam-
ples belonging to the constant-reference part of the reference
sequence.

Sinusoidal-reference RMSE RMSEgine computed over all three outputs using only the sam-
ples belonging to the sinusoidal-reference part of the reference
sequence.

Sensor-wise RMSE RMSE calculated separately for 1, yo, and ys.

Tracking improvement Inmse = 100(RMSEpen — RMSELs)/RMSEpen-

Conditioning Median values of x(®p), together with the median value of

omin(Pp), evaluated at model-update instants.

Table 6-2: Evaluation settings and performance metrics used in the simulations.

case shows that online least-squares has little systematic error to correct when the model is
already accurate. Any loss in tracking performance is therefore mainly caused by noisy or ill-
conditioned parameter updates. Although tracking performance for small batch sizes is poor,
for sufficiently large datasets, the updates become less sensitive and the tracking performance
approaches that of the open-loop inverse control law.

6-2-2 Can online least-squares improve tracking when the model is wrong?

Figure 6-2 shows that online model adaptation becomes clearly beneficial when model mis-
match is introduced. For all model mismatch cases the open-loop inverse control law performs
worse than it did for the nominal case. The main exception is batch-wise least-squares with
D = 60 samples, which sees poor tracking accuracy go hand in hand with poor regressor
conditioning, see Figures 6-3 and 6-4. This demonstrates that online model adaptation can
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Table 6-3: Simulation results for the nominal plant case, where the identified model parameters
are equal to the true model parameters. For RLS, the conditioning is evaluated using the expo-

nentially weighted regressor @kW,lc/z. Rank-deficient evaluations correspond to regressors with

rank smaller than four.

Algorithm

Np /A RMSE RMSE.,; RMSEy, median(rg)

Rank deficient / evaluations

Open-loop inverse
Cumulative LS
Batch-wise LS
Batch-wise LS
Batch-wise LS
Batch-wise LS
Batch-wise LS
Moving-window LS
Moving-window LS
Moving-window LS
Moving-window LS
Moving-window LS
RLS

RLS

A=0.95
A =098

60
100
140
180
220

60
100
140
180
220

0.043
0.047
0.826
0.229
0.044
0.045
0.043
0.061
0.053
0.044
0.043
0.043
0.046
0.044

0.043
0.048
0.807
0.258
0.044
0.046
0.043
0.060
0.053
0.045
0.044
0.043
0.046
0.044

0.042 -
0.042 198.0
0.891 1.01 x 10%7
0.048 825.7
0.044 300.4
0.044 285.9
0.045 271.1
0.065 3305.5
0.056 592.0
0.042 336.6
0.042 281.7
0.042 257.6
0.044 973.8
0.042 396.8

1/843
13/ 15
2/9
0/6
0/5
0/4
1/843
1/ 803
0/ 763
0/ 723
0/ 683
1/ 843
1/843

improve tracking accuracy under model mismatch, provided that the data used for every
update is sufficiently informative. It also confirms that a time-varying reference does not
guarantee useful identification data by itself. The resulting control inputs must sufficiently
excite the independent regressor directions.

Improved tracking relative to cpen-loop [%]

100

50

Tracking improvement for selected online LS approaches

I Cumulative LS

[ RLS, lambda = 0.98
[RLS, lambda = 0.95

[ Batch-wise LS, D = 220
|:|Mowng-wmdow LS, D =60
-Mowng-wmdow LS, D =220

-50

o\
‘(\\(\
W0

2 “.:a\do o o
W N N
6""% © . 6\'3‘% S =
A0
o

Figure 6-2: overall RMSE improvement Iz);sp of selected adaptive least-squares approaches
relative to open-loop inverse control for the four simulation cases. Positive values indicate im-
proved tracking, whereas negative values indicate degraded tracking.
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Dataset-size trade-off in non-nominal cases

Gain + bias mismatch Slow drift

0.8 T T T 0.8 .

0.7 0.7+
= 0.6 = 06 | —— Batc.h-wis.e LS I
= = =& Moving-window LS
E E — = = Open-loop
w5 W g5t | [ Cumulative LS
g % RLS, A =0.98
D_C D_C RLS, A =0.95
s 040 c:v
Q [oh]
= =
O3 O

0.2

0.1 ' ' ' . ' ' '

50 100 150 200 250 50 100 150 200 250

Dataset size D [samples] Dataset size D [samples]

Figure 6-3: Overall RMSE versus dataset size for batch-wise and moving-window least-squares
in the gain-and-bias-mismatch and slow-drift cases. The open-loop inverse controller, cumula-
tive least-squares, and RLS results are included as reference levels. The opposing trends of the
batch-wise and moving-window approaches illustrate the different role of dataset size in the two
estimators.

6-2-3 What does the dataset size trade-off look like?

Figures 6-3 and 6-4 show how the dataset size affects batch-wise and moving-window least
squares differently. The batch-wise approach sees a substantial increase in tracking accu-
racy for increasing batch-sizes in the non-nominal cases, although the tracking performance
slightly deteriorates beyond approximately 140 samples, which may result from the reduced
adaptability associated with larger batches.

The moving-window approach, on the other hand, shows decreasing tracking accuracy as the
dataset size increases. Smaller windows generally improve tracking accuracy since it allows
for faster adaptation to a changing plant because it is based more strongly on recent data.
Though an increasing dataset size improves conditioning, it also uses more outdated data
samples in its estimate. This shows that better conditioning does not necessarily result in
more accurate tracking.

Very poor tracking for the batch-wise approach with D = 60 samples can be related to the
way the reference sequence is designed. A batch of 60 samples corresponds to 45 s and
therefore contains about 2.25 of the 20 s reference steps. This provides only a limited number
of distinct input directions within a single batch. This can explain why the median value for
those batch sizes in Figure 6-4 is extremely high.

Overall, this shows that the dataset size has a different role for the two approaches. In
the batch-wise approach, the dataset size mainly determines whether each periodic update
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Regression conditioning versus dataset size

Gain + bias mismatch Slow drift

1020 1020 ; ;
—©&— Batch-wise LS
—E&— Moving-window LS
------------- Cumulative LS
15 RLS, A =0.98
1077 —— _
RLS, A =0.95

1010 L

Median regression condition number
Median regression condition number

105 L
=g D
10° ' ' ' 10° ' ' '
50 100 150 200 250 50 100 150 200 250
Dataset size D [samples] Dataset size D [samples]

Figure 6-4: Median condition number of the regression matrix & at model-update instants
versus dataset size for batch-wise and moving-window least-squares in the gain-and-bias-mismatch
and slow-drift cases. RLS and cumulative results are included as reference levels, and the vertical
axis is logarithmic.

is reliable. In the moving-window approach, the dataset size shows the trade-off between
a well-conditioned estimate and a more accurate local estimate. The moving-window ap-
proach therefore offers a useful trade-off for slowly changing model errors, provided that
ill-conditioned updates are detected and potentially rejected.

6-2-4 What is the effect of the regularisation terms?

Regularisation is used both in the inverse control law and in the model estimation. In the
least-squares estimate, it ensures numerical stability for matrix inversion when the regressor
becomes singular or nearly singular. It can also help attenuation error amplification in weakly
excited directions. Although this only becomes significant when the corresponding squared
singular values are comparable or smaller than the regularization term.

For the unregularised case, the derivation of the norm of the parameter estimation error is
derived as follows. By substituting Y = @® + E into the general unregularised least-squares
solution gives

©=(0®+E)oT(oa7)!
Assuming ® has full rank, the parameter estimation error is then written as
© -0 =E®f (6-27)
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The two norm of ®T is defined as

1
bl = ———
Il = -
This results in the following bound
A [1E] 2
O -0 < 6-28
160l < = (6-25)

This bound shows that the residual term can be strongly amplified for very small singular
values. By adding the regularisation term the estimate can be written as

0, =YoT (88" + ppl)™!
Substituting in Y = O@® + E gives
0,0 = —ps0(®d” + pol) ! + E®T (30T 4 psl)~! (6-29)
Using the singular value decomposition, the regularised inverse of ® can be written as

3" (®3T + pol) ! = Vg diag(—5——)US
o; + pe
Without regularisation, the amplification factor would be 1/0;. By regularising, whenever
0? < pe, these directions get attenuated by pe while directions for which o? > pg remain
amplified. Therefore, for certain bounds in weakly informed directions, the estimation residual
gets attenuated. However this must not be confused with recovering information that is absent
from the data. While pg can have a suppressing effect on the residual, Equation 6-29 shows
that ps also results in a bias term on the estimation error.

In the simulations, for the cumulative, batch-wise and moving-window approach pg = 1076
was used. This means regularization only becomes significant for singular values of approxi-
mately 1073 or smaller. The RLS singular values are also included to analyse the excitation
of the weighted regressor. The minimum median values in table 6-4 show substantially higher
values than this threshold. This implies that the regularisation has very little influence during
typical model updates. In some cases however, rank deficient updates do occur, explaining
the near zero minimum singular values. In these cases, the regularization term acts as an en-
forcer of inverting the regressor and ensure numerical stability. Its primary role during these
simulations is therefore more being a safeguard rather than reducing residual amplification.

The same regularization logic applies to the inverse control law
ar = (GG + pe1) ' GE (r)1q — br)
The singular value decomposition of G is written as
G =UgZgVE
then the regularised inverse becomes

AT A 1A . 0G,i T
GIGL + pc]) LG = Vadiag(————)U
(G ) Gy (aéﬁpc) G

The role of the regularisation in the inverse control law is therefore to suppress large control
actions in directions where G has small singular values.
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Table 6-4: Worst-case smallest-singular-value and rank diagnostics across the nominal, bias-
mismatch, gain-and-bias-mismatch, and slow-drift simulations. The minimum median is the
lowest case-wise median value of opin(®), whereas the overall minimum is the smallest value
observed at any evaluated model-update instant. For RLS, ® denotes the exponentially weighted

1/2

regressor P Wk/ .
Approach Minimum median oy, (®) Overall minimum o0,;,,(®) Rank deficient / evaluations
Cumulative LS 3.52 247 x 1071 4/ 3372
Batch-wise LS, N, = 220 1.75 1.64 0/16
Moving-window LS, Ny, = 60 7.98 x 1072 2.47 x 1071° 4 /3372
Moving-window LS, N,, = 220 1.81 0.857 0/ 2732
RLS, A = 0.98 0.603 1.58 x 10715 4/ 3372
RLS, A = 0.95 0.162 8.43 x 10716 4/ 3372

Tracking comparison for gain + bias mismatch
= = = 'Reference e Open-loop inverse Batch-wise LS, D =180 — — — - Moving-window LS, D = 100
RLS, A =0.08 RLS, A =0.05

Time [s]

Figure 6-5: Reference tracking trajectories for the gain and bias mismatch simulations, comparing
open-loop inverse control with selected adaptive least-squares approaches for the three measured
outputs.

6-2-5 Takeaways for experimental validation

Figure 6-5 gives a visualisation of the proof that adaptive least-squares algorithms actually
have the potential to reduce tracking errors. Other than that, the results of these simulations
offer useful insights for an experimental validation phase. The following takeaways will be
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taken into account for those experiments.

¢ Unreliable updates: Rank-deficient and strongly ill-conditioned regressors occurred
for insufficiently excited datasets. Both regressor rank and conditioning should therefore
be monitored.

o Initial excitation phase: To ensure there is enough variability in the regression matrix
from the start. The input signal should be excited such that initial estimates of G and
b are trustworthy.

o Large datasets for Batch-wise: The dataset must be sufficiently large to obtain in-
formative full-rank regressors. However, unnecessarily large batches reduce adaptability,
so dataset size must balance excitation and adaptation speed.

¢ Window-size tuning for moving-window LS: smaller windows can improve adap-
tation to changing model parameters, but require extra attention towards conditioning
to take notice of unreliable estimates from poorly excited data.

o Conditioning is a safeguard, not a performance objective: lower x(®p) indi-
cates a more reliable estimation problem, but the best-conditioned dataset does not
necessarily give the best tracking when the plant changes over time.

6-3 Experimental Validation Setup

The simulations in Section 6-2 were used to investigate under which conditions online least-
squares estimation can improve closed-loop tracking. In particular, the simulations examined
the reliability of the parameter estimates, the influence of the dataset size and the amount
of excitation required for informative estimates. The simulations introduced two central
questions: whether online least-squares can damage tracking performance when the model is
already good, and whether online least-squares can improve tracking performance when the
model is wrong.

The experimental validation aims to answer these questions under two separate system con-
figurations: a nominal configuration (NC) and a configuration with enforced model mismatch
(EMM). In the simulations, the nominal case represented the system where Gop = Grp and
by = brp. In these experiments, the nominal configuration corresponds to the same sensor-rake
location as was used for identifying the initial system. However, the system was reidentified
with respect to Section 2-4 because the prior downstream location could not be precisely
established. The corresponding identified model parameters are:

0.10874723  0.01051375  0.08157615 1.32021694
Grp = |0.10871767 0.06459176  —0.04993271|, b;p = |1.63022557
0.12169866 —0.04846226 —0.05842624 1.58919714

The identified input-output map has a condition number of G;p = 2.4760 and its smallest
singular value is o, = 0.0799. An input-output delay of 1.5 s (2 samples) was selected
empirically and included in the inverse control law. For both experimental configurations,
the adaptive least-squares algorithms use G;p and byp as their initial estimates. The model
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Figure 6-6: Sensor-rake configurations used for experimental validation. The Nominal Configu-
ration (NC) uses the location at which the initial model was identified, while the Enforced Model
Mismatch (EMM) configuration displaces the rake by 300 mm without reidentifying the model,
thereby intentionally introducing plant-model mismatch.

estimation uses a regularisation term of pg = 1E — 6 for the cumulative, batch-wise and
moving-window approach, while the inverse control law uses pg = 1E — 4. For the RLS algo-
rithm, the singular values of the weighted regressor are also computed to assess its excitation.

The two experimental configurations only differ in the sensor-rake location. The EMM config-
uration is translated upwards 300 mm with respect to the NC. This enforced model mismatch
is visualised in Figure 6-6. By not reidentifying the model parameters at this new robot arm
location, mismatch is forced onto the model.

Each adaptive least-squares algorithm was run five times per configuration using identical es-
timation and controller settings. Five experimental runs were chosen since that was achievable
in the available time. The open-loop inverse controller was run three times per configuration
under identical settings. For each algorithm and run, the same reference sequence was used.
The same input constraints were applied as were initially done for the OFO algorithm in
Section 5-1. If the inputs exceeded these constraints, the inputs were clipped accordingly.

The estimator settings for each approach were informed by the simulation results. For the
batch-wise least-squares, the simulations showed that larger batch-sizes are required for ac-
curate tracking and reliable updates. Therefore, a batch-size of 180 samples is selected.
The moving-window approach showed that smaller window-sizes result in faster adaptation
to changing model parameters. To balance adaptation speed with estimation reliability a
window-size of 100 samples is selected for validation. For a full overview of the different
adaptive least-squares settings, see table 6-5. Compared with the reference sequence used in
the simulation, more variability is added throughout the run and initial input excitation is
enforced by applying a multi-sine to the initial part of the reference.
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Table 6-5: Algorithm-specific settings used in the experimental validation.
Approach Dataset and update rule Settings
Open-loop The offline identified model (Gip, bip) remains fixed  No online
inverse control throughout the run. parameter
updates.
Cumulative LS All valid input—output pairs collected since the start ~ Minimum
of the run are retained. After initialization, the initialization
model is updated after every new valid sample. dataset:
Npin = 180
samples.
Batch-wise LS The model is estimated from non-overlapping Batch size:
batches. An update is performed after each complete Ng = 180
batch, after which the data are discarded. samples
(135 s).
Moving-window Only the most recent input—output samples are Window size:
LS retained. Once the window is full, the model is Ny =100
updated after every new valid sample. samples
(75 s).
Recursive LS After the initialV,,;, updates, the estimates are used Arps = 0.98,
in the inverse control law at every proceeding time Py =14,
step. Previous data are exponentially discounted Npin = 60
using the forgetting factor. samples.
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Chapter 7

Experimental Validation

Chapter 6 introduced online model adaptation as a means of reducing the dependence of
the inverse control law on the initially identified input-output model. This chapter will
experimentally evaluate the different adaptive control architectures. First, Section 7-1 will
analyse the tracking performance of the different adaptive least-squares algorithms for the
NC'. Section 7-2 will follow by analysing the same algorithms for the EM M configuration.
Finally, Section 7-3 will assess run-to-run repeatability for the RLS approach for the EM M
configuration.

7-1 Nominal Configuration

The nominal configuration evaluates whether the adaptive least-squares algorithms degrade
tracking performance when the initial model already provides a reasonably accurate repre-
sentation of the system. The open-loop inverse controller acts as a baseline, after which the
different adaptive least-squares algorithms are compared with the obtained baseline for the
same reference sequence. Figure 7-1 shows the RMSFE of the open-loop controller and the
different adaptive least-squares approaches, while Table 7-1 summarizes the overall RMSE
and RMSE per constant and periodic parts of the reference. The results show that the in-
verse control law using the identified model is able to track the references at sensors y; and o
relatively accurately, whereas sensor y3 has the most dominant contribution to the tracking
error. Consequently, most of the improvements obtained through online model adaptation
occur at sensor y3. Table 7-1 shows that all the adaptive least-squares algorithms are able to
improve overall tracking. The batch-wise approach has the smallest improvement, reducing
RMSE by 13.9%. Even though the cumulative and moving-window approach differ in op-
erating conditions, they have a similar improvement, reducing RMSE by 19.3% and 19.0%,
respectively. The cumulative approach has a lower RMSE for the constant part of the refer-
ence, whereas the moving-window approach has a lower RMSE for the periodic part of the
reference.
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Experimental tracking accuracy by approach

Measured output
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Figure 7-1: Sensor-specific RMSE comparison for the open-loop inverse controller and adaptive
least-squares approaches under the nominal configuration. Bars show the mean across three
open-loop runs and five runs for each adaptive approach; error bars denote one standard deviation
across runs.

Table 7-1: Tracking performance of the inverse controller and adaptive least-squares approaches
for the nominal case. The first 10 s of each run are excluded to remove the initial transient.

Overall RMSE Constant RMSE Periodic RMSE Improvement

Approach [ms~1] [ms~1] ms™!] (%]
Open-loop inverse 0.331 0.325 0.333 -

Cumulative LS 0.267 0.245 0.282 19.3
Batch-wise LS, Np = 180 0.285 0.277 0.291 13.9
Moving-window LS, Np = 100 0.268 0.284 0.248 19.0
RLS, Agrrs = 0.98 0.221 0.217 0.224 33.2

Recursive least-squares achieves the lowest overall RMSE of 0.221 [ms™!], with an overall
improvement of 33.2% with respect to the open-loop inverse. Furthermore, Figure 7-1 shows
that only the RLS algorithm is able to improve RMSE tracking at all three sensor locations.

Table 7-2 summarizes the conditioning of the regressor matrix and the estimated input-output
map over all five runs of each adaptive least-squares approach. Although no rank deficient up-
dates occurred across all approaches, the relatively high regressor condition number suggests
that not all directions were equally excited. The cumulative approach had the best condi-
tioned regressors, with a maximum condition value of 289. The moving-window approach
had lesser conditioned regressors, with a maximum condition value of 9257. This shows
that despite remaining full rank, some moving-window updates were poorly conditioned and
therefore highly sensitive to estimation errors in the weakly excited directions.
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Table 7-2: Regressor and estimated-gain conditioning metrics for the nominal case, evaluated
over all five runs of each adaptive least-squares algorithm.

Rank-deficient

Approach updates Min Opin (®) max £(®) min o (G) max k(G)
Batch 0 0.44 1039.0 0.0799 3.4325
Cumulative 0 1.54 289 0.0799 3.3895
Moving-window 0 0.03 9257.0 0.0047 53.9273
RLS 0 0.18 1276 0.0230 7.9182

The effect of regularisation can be assessed by comparing o2, (®) with pg = 1076. The

min
moving-window approach had the lowest observed singular value at 0.03. In this case 02, (®) =
9 x 10~* | which remains significantly higher than pg. Therefore the regularisation term had
a negligible effect on ensuring numerical stability for parameter estimates and acted primarily

as a safeguard.

The estimated input-output matrices were more poorly conditioned than the originally iden-
tified model parameters, for which x(Grp) = 2.4760. This is consistent with Gp being fitted
from a richer dataset than what is available within the online adaptation windows. The largest
increase in condition number was observed for the moving window, with /ﬁ;(é) = 53.9273. The
effect of regularisation on the inverse control law is determined by comparing afnin(é}) with
pe = 107%. Only for the moving-window approach was o2, (G) < pg observed. Without

regularisation, the gain in the corresponding direction caused by 0., would be

w1
Tmin _ = = 21277
O min Omin

With regularisation, the corresponding gain would be

S Tmin__ _ 3850,
Omin +pc

This shows that regularisation has a significant effect in suppressing large control actions in
the direction of g,,;,. Figure 7-2 shows the ensemble mean and standard deviation of the
RLS response across all five experimental runs. The low constant and periodic RMSE values
indicate accurate absolute tracking, while the relatively narrow standard deviation across
runs indicates the consistent behaviour between the five experiments. This is also in line with
the low constant and periodic RMSE values found in Table 7-1.

Overall, the nominal experiments show that online model adaptation remains beneficial for
improving tracking accuracy, even when the initial estimate represents the input-output be
haviour relatively well. All adaptive modelling approaches reduced the overall RMSE, with
the RLS algorithm achieving the largest improvement and improving tracking at every sensor
location. Nevertheless, higher estimator adaptability does not automatically result in higher
tracking performance. The moving-window approach had the worst conditioned estimate and
did not outperform the cumulative approach.
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Figure 7-2: Ensemble-mean tracking trajectory of the RLS controller across five runs for the NC'
case. The shaded region denotes 41 standard deviation across runs.

7-2 Model Mismatch

The EM M configuration aims to answer the question whether online model adaptation can
improve tracking performance when the initial model does not accurately represent the sys-
tem. The same identified model, open-loop inverse controller, adaptive least-squares ap-
proaches and reference sequence are used as in the nominal configuration. Model mismatch
is enforced by translating the robot arm 300 mm upward in the y-direction.

Figure 7-3 shows that the model mismatch has a large negative effect on the tracking per-
formance for the open-loop controller. The overall RMSE is increased from 0.331 m/s in the
NC to 0.510 m/s in the EM M configuration. The degradation is especially visible for sensor
y1. This demonstrates that the initially identified model is not able to accurately capture the
input-output behaviour for the displaced measurement case.

All the adaptive least-squares algorithms are able to improve overall tracking and even do
so at every sensor location. Their across run performance is summarized in Table 7-3. The
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Experimental tracking accuracy by approach

0.7 1 Measured output

Tracking RMSE [m/s]

ative \S

e allES
op Bat(‘.\’\‘w is€ Cum\,\\

Mo\f\\'\g'w i

Figure 7-3: Sensor-specific RMSE comparison for the open-loop inverse controller and the adap-
tive least-squares approaches under enforced model mismatch. The bars show the mean over
three open-loop runs and five runs for each adaptive approach. Error bars indicate one standard
deviation across runs.

cumulative, batch-wise and moving window least-squares have approximately the same over-
all RMSFE tracking value. Where the moving-window and batch-wise approach have more
accurate tracking for the periodic part of the reference, the cumulative approach has more
accurate tracking for the constant part of the reference. The recursive least-squares algo-
rithm outperforms the other approaches and achieves an overall RMSE of 0.21 m/s. This
corresponds to an overall improvement of 57.5% with respect to the open-loop controller.

Table 7-4 summarizes the conditioning of the regressor matrices and the estimated input-
output matrices for the EM M configuration. Similar to the NC, no rank deficient updates
were observed. The maximum regressor condition number was obtained for the moving-
window approach, with 4316, and the lowest for the cumulative approach, with 274. The
significance of the regularization term used for the model estimation is assessed by comparing

Table 7-3: Tracking performance of the inverse controller and adaptive least-squares approaches
for the EM M configuration. The first 10 s of each run are excluded to remove the initial transient.

Overall RMSE Constant RMSE Periodic RMSE Improvement

Approach [ms~1] [ms~1] [ms~1] (%]
Open-loop inverse 0.510 0.521 0.496 -

Cumulative LS 0.275 0.265 0.278 46.1
Batch-wise LS, Np = 180 0.278 0.281 0.271 45.5
Moving-window LS, Np = 100 0.275 0.278 0.268 46.1
RLS, Agrs = 0.98 0.217 0.210 0.223 57.5
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Table 7-4: Regressor and estimated-gain conditioning metrics for the EM M configuration,
evaluated over all five runs of each adaptive least-squares algorithm.

Rank-deficient

Approach updates min o, (®) max £(®) minomin(G) max k(G)
Batch-wise LS 0 0.51 941 0.0799 3.5572
Cumulative LS 0 1.54 274 0.0782 3.5044
Moving-window LS 0 0.08 4316 0.0009 246.5712
RLS 0 0.21 1107 0.0263 9.6914

02, (®) with pg = 1076, The smallest singular value was 0.08 for the moving-window ap-

proach, giving 02, (®) = 6.4x 1073. This remains larger than pg, therefore, the regularisation

has a negligible effect on the parameter estimation and acted only as a safeguard.

The obtained input-output estimates for the cumulative and batch-wise approaches remained
well-conditioned with values close to the originally identified G;p. The moving-window ap-
proach obtained the highest condition number with 246.5712, and with 0.0009 the smallest
singular value. This suggests the presence of excessive control inputs in this singular direction
when no regularization is applied.

A

The effect of regularisation in the inverse control law is determined by comparing o2, (G) with
pc = 1074, Only for the moving-window was 02 (G) found to be smaller than pg = 1074
Without regularisation, the gain in this smallest singular direction would be

Omin 1 3
= —— =111 x 10
O min Omin

With regularisation, the gain in this same direction would be

O
——— =8.93.
Omin + PG
This shows the effect of the regularisation term on attenuating large control actions in the
direction corresponding to this singular value.

Although the enforced model mismatch increased the open-loop RMSE from 0.331 to 0.510
m/s, RLS achieved nearly identical absolute tracking performance in the NC' and EM M
configurations, with overall RMSE values of 0.221 and 0.217 m/s, respectively. This indicates
that the recursive adaptation largely compensated for the imposed model mismatch.

Overall, the model mismatch configuration shows the real benefit of applying online model
adaptation algorithms. Every adaptive least-squares algorithm is able to improve tracking
performance for every sensor with respect to the open-loop controller. The RLS algorithm
outperforms the other approaches and achieves approximately the same tracking error as was
observed for the nominal configuration. For the average trajectory of the RLS algorithm for
the EM M configuration, see Figure 7-4. This visualizes how the RLS algorithm can largely
compensate for the enforced model mismatch.

These results reinforce the finding that faster adaptation does not automatically result in more
accurate tracking. The moving-window approach, while being more adaptive than the batch
wise and cumulative approach, has more unreliable estimates and does not outperform the
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Figure 7-4: Ensemble-mean tracking trajectory of the RLS controller across five runs for the
EMM configuration. The shaded region denotes +1 standard deviation across runs.

other approaches. The RLS approach has the highest tracking accuracy while having lesser
regressor conditioning than the batch-wise and cumulative approach but better regressor
conditioning than the moving-window approach. The RLS algorithm therefore provided the
best combination of tracking performance and estimator conditioning of all the investigated
approaches.

7-3 Closed-Loop Recursive Least-Squares Repeatability Assessment

Having determined that the RLS algorithm is the best performing adaptive modelling ap-
proach across the investigated operating conditions, this section will assess whether its closed-
loop response can be reproduced across independent runs under the EM M configuration. For
this configuration, five additional experiments were done to get a total of ten experimental
runs for a run-to-run repeatability assessment of the closed-loop recursive least-squares algo-
rithm.
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Repeatability will be assessed in accordance with the repeatability limit defined by the Amer-
ican Society for Testing and Materials (ASTM) International [21]. ASTM E177 defines the
repeatability limit r, such that the difference between runs is expected to be lower than r
with a probability of approximately 95%. This limit is commonly approximated as r =~ 2.8s,.,
where s, is the repeatability standard deviation.

However, since they define the repeatability assessment based on the difference between runs,
and the reference sequence is time-varying in this case, looking at the absolute difference
between runs is not informative. Instead, the repeated experimental runs are aligned on a
common time grid and repeatability is then evaluated point-wise for each sensor of the EM M
configuration.

At each time instant k, the repeatability standard deviation is calculated across the ten runs
independently for each sensor j as

LS B - R)E =10, (1)

i=1

srj(k) =

n—1

where y; j(k) is the measured velocity at sensor j in run 4, and y;(k) is the corresponding
mean velocity across the ten runs. The pointwise repeatability limit for sensor j is then

rrep,j(k) = 2.8ST’j<k). (7—2)

10
( 2) =45 (7-3)

unique pairwise differences are evaluated at each time instant and for each sensor separately.
A difference between runs p and ¢ at sensor j satisfies the pointwise repeatability limit when

1Yp,i (k) = Yg,j (k)| < Trep,j (k). (7-4)

For ten repeated runs,

For an assessment containing N time samples, this results in 45N pairwise comparisons per
sensor. If at least 95% of these comparisons satisfy the repeatability limit, the measurements
at that sensor are regarded as repeatable. The ten repeated runs and their ensemble mean
are given in Figure 7-5.

To analyse repeatability across different operating conditions, three complementary assess-
ments are performed. First, the repeatability limit is applied to the whole experimental run,
including start-up and other transient parts of the experiment. Secondly, the first 60 samples
of each experimental run are discarded, along with the first five seconds of each step. Lastly,
the first 60 samples of each experimental run are discarded and the first whole period of
each periodic reference is discarded. These last two assessments are to determine whether
repeatability changes by excluding within-run transients.

Table 7-5 shows the repeatability coverage for these three assessments. It shows that even
when transient effects are included, the flow satisfies the ASTM-style point-wise coverage
criterion across all experimental runs. By excluding transient effects a slight increase in
repeatability coverage can be observed. However, satisfaction of the point-wise coverage
criterion is demonstrated regardless. The observed pairwise differences are therefore generally
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consistent with the repeatability limit obtained from the ten repeated experiments. These
coverage percentages alone do not tell whether the run-to-run spread is small or large in
terms of the experiments. Apart from repeatable flow, the closed-loop controller must be
able to reliably track the desired reference. To evaluate whether the pairwise variations are

Individual runs Ensemble mean = = = :Prescribed reference

Sensor 1

Sensor 2

Sensor 3

200 300 400 500 600 700 800
Aligned experiment time [s]

Figure 7-5: Ten repeated runs for the RLS algorithm in the EM M configuration.
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Table 7-5: ASTM-style pairwise repeatability results for the three aggregate assessments. Cov-
erage is the percentage of pair-time comparisons satisfying |y; (k) — y;(k)| < 2.8s,(k). Bold
entries satisfy the required coverage of 95%.

Sensor 1 Sensor 2 Sensor 3

Assessment [%] [%] (%]

Complete sequence 96.09 95.81 95.98
Established constant levels 96.12 96.20 96.37
Established periodic flow 96.15 95.83 95.84

sufficiently small, an additional reference-based tolerance is introduced:
T(k) = 0.05 |yrer (k)] (7-5)

where ye(k) is the common prescribed reference. This tolerance is used in two additional
assessments. First, the observed pairwise difference is compared directly with the tolerance:

19p,i (k) = yq.3(F)| < Tj(k). (7-6)

The resulting coverage represents the percentage of observed pairwise differences that stay
within 5% of the prescribed reference at that time instance.

The second assessment, is checking whether the estimated repeatability limit is smaller than
the reference based tolerance. Resulting in:

Trep,j(K) < Tj(k) (7-7)

The corresponding coverage represents the percentage of time instances for which the esti-
mated repeatability limit remains within this reference-based tolerance. These criteria de-
scribe the magnitude of the run-to-run variability with respect to the prescribed reference and
are not to be mistaken with the tracking error. Acceptable tracking should be determined by
looking at the RMSE with respect to the reference as was done in Sections 7-1 and 7-2.

Table 7-6 shows that when the repeatability limit is compared against the reference-based
tolerance the total accepted point-wise coverage reduces significantly. For the complete refer-
ence sequence, non of the sensors satisfy the required threshold. After excluding the warm-up

Table 7-6: Coverage relative to the application-specific tolerance 0.05|y.0f(k)|. Pairwise coverage
evaluates the observed differences |y;(k) —y;(k)|, whereas limit adequacy evaluates the pointwise
repeatability limit 2.8s,. (k). Bold entries satisfy the required coverage of 95%.

Sensor 1 Sensor 2 Sensor 3

Assessment Criterion (%] (%] (%]
Complete sequence Observed pairs within 5% 84.75 92.30 94.46
Repeatability limit within 5% 32.19 65.64 74.42
Established constants Observed pairs within 5% 87.01 96.11 95.00
Repeatability limit within 5%  36.83 78.29 79.27
Established periodic flow Observed pairs within 5% 85.29 93.37 96.56
Repeatability limit within 5% 28.50 64.63 79.90
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and constant reference transient effects, only for sensors 2 and 3 does the coverage surpass
95 % when the pairwise difference is smaller than the 5 % tolerance. When the warm up and
periodic transient effects are excluded only sensor 3 surpasses the required threshold for when
the pairwise difference is smaller than 5 %. When the repeatability limit is assessed against
the 5 % tolerance, in none of the cases is the repeatability threshold satisfied. In order to
determine whether or not the repeatability criteria are not met due to consistent variability or
because some part of the reference has more outliers, the reference sequence is split into four
equal segments. Table 7-7 shows the repeatability coverage based on the reference tolerance.
Segments 1 and 4 consistently have the lowest coverage, with no sensors exceeding the 95 %
threshold for either criteria. The low coverage for segment 1 can be partially explained by
warm-up effects, which have not been excluded in these assessments. Although this is not
likely the most dominant effect since segment 4 also consistently has low coverage. Segments 2
and 3 have the highest coverage for sensors 2 and 3. With these segments even surpassing the
95 % threshold for the pairwise differences being smaller than the reference-based tolerance.
Despite none of the four segments having consistent acceptable repeatability coverage. These
findings do indicate that repeatability coverage has a dependence on operating conditions.

Overall, the experiments satisfy the ASTM-repeatability criterion for all sensors based on the
pointwise repeatability limit estimated from the data. This indicates that the observed differ-
ences between repeated experiments are generally in line with the repeatability limit estimated
from the data. When the pairwise difference is assessed with respect to the reference-based
tolerance 0.05|y,.f(k)| for settled constant flow, sensors 2 and 3 satisfy the repeatability
threshold. For the settled periodic flow, only sensor 3 satisfies the repeatability threshold.

Table 7-7: Temporal variation in repeatability over four equal segments of the complete experi-
mental sequence. Pairwise coverage is the percentage of observed pair—time differences satisfying
lyi(k) — yj(k)| < 0.05|yres(k)|. Limit adequacy is the percentage of time samples satisfying
2.8s,(k) < 0.05|yree(k)|. No transient samples are excluded. Bold entries satisfy the required
coverage of 95%.

Time interval Sensor 1 Sensor 2 Sensor 3
Segment [s] Criterion [%] [%] [%]

1 0.8-224.7 Observed pairs 79.86 86.93 89.66
within 5%
Repeatability  limit 19.73 55.52 57.53
within 5%

2 225.5-449.5  Observed pairs 92.50 97.73 98.84
within 5%
Repeatability  limit 54.85 86.29 91.97
within 5%

3 450.2-674.2  Observed pairs 82.58 97.96 97.93
within 5%
Repeatability  limit 30.44 82.61 89.97
within 5%

4 675.0-898.9  Observed pairs 84.05 86.59 91.41
within 5%
Repeatability  limit 23.75 38.13 58.19
within 5%
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The estimated repeatability limit does in no case remain within this reference-based tolerance
for 95 % of the evaluated time-samples. Therefore, the experiments demonstrate statistical
repeatability according to the pointwise repeatability criterion, but no universal repeatability
with respect to a reference-based tolerance.
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Conclusion

The objective of this research was to assess to what extent the WindShaper can track pre-
scribed stationary and non-stationary mean-velocity profiles under uncertainty in its input-
output behaviour. This was assessed by first developing a reduced representation of the
input-output relation and assessing its temporal stability. This was followed by investigating
fixed-model feedback control and online model adaptation with inverse control for compen-
sating model inaccuracies during reference tracking.

How can the relationship between WindShaper actuation and measured mean velocity
be described in a suitable way for control? The first part of this research was aimed at
finding a suitable way of modelling the input-output behaviour of the WindShaper. In order
to significantly reduce the input-space, the input function was parametrized with relevant
spatial basis functions. This allowed the input-output relation to be represented through an
affine static model. The identified model was found to capture the dominant input-output
sensitivities across the investigated operating range. However, the remaining modelling error
with the validation data indicated that the static input-output model should be considered
as an approximate representation of the plant rather than an exact predictor.

This is an important distinction in terms of control, since this makes the identified static
model unsuitable for precise open-loop reference tracking. The experimental results showed
that control through open-loop inversion resulted in persistent tracking errors. Despite that,
it was observed that the static-model captured the input-output behaviour sufficiently well
to determine appropriate input update directions in an OFO feedback architecture. The
accurate tracking with the OFO architecture also supports the claim of the offline identified
input-output map having steady-state characteristics. Therefore, the reduced static model
provides useful information for control, but its prediction accuracy remains limited in a stand-
alone open-loop architecture.
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How does the measured WindShaper response behave over time under fixed stationary
and non-stationary input sequences? Long-term measured WindShaper response under
fixed stationary and periodic input sequences was investigated by assessing temporal stability.
For stationary flow, the largest fitted change was Ay = —0.0946 ms~!, measured at sensor
location yo for the ag = 35 uniform case. For periodic flow, temporal changes were assessed
through the fitted mean velocity A, amplitude R and phase ¢. The largest fitted changes
were AA = 0.0477 ms~! for sensor y3 at Ty = 60 s, AR = —0.0326 ms~' for sensor y, at
Ts = 30 s and A¢ = —0.0200 rad for sensor ys at Ts = 30 s.

Overall, both the stationary and non-stationary experiments support approximate within-run
temporal stability over the investigated duration of 1800 s. For the stationary experiments,
13 out of 18 C'Is excluded zero, indicating that several rates were statistically distinguishable
from zero under the linear regression model. However, short-range residual autocorrelation
was present, violating the assumption of residual independence. Therefore the ranges of
the observed CIs must be interpreted with caution. For the periodic experiments, residual
autocorrelation was generally limited for the amplitude and phase fits and for several mean
velocity fits, indicating that the resulting C'Is are more informative. The more persistent
residual dependence was observed for larger excitation periods, so their corresponding Cls
also need to be interpreted with more caution.

The fitted rates and absolute fitted changes should therefore be interpreted as indicators of
the trends observed during the individual experimental runs rather than as precise estimates
of drift. Despite the associated uncertainty, the magnitudes of the observed accumulated
changes remained relatively small over the investigated duration. The WindShaper is therefore
considered approximately stable under the investigated conditions. Therefore, within-run
drift is not likely to be a dominant factor of the tracking errors that were observed in later
reference tracking experiments. This motivated the control architecture compensating for
model mismatch.

What capabilities and limitations does feedback control provide for tracking prescribed
mean velocity reference profiles under model uncertainty? The fixed-model feedback ar-
chitecture showed that the identified input-output models contained useful information for
correcting tracking errors, despite not being accurate enough for open-loop inversion. The
OFO architecture using the static map resulted in accurate tracking of stationary references,
which showed that the static map represented the input-output sensitivity directions well
enough to update the control input. Therefore, feedback can compensate for steady-state
model mismatch without the static model perfectly capturing the input-output behaviour.

Non-stationary reference tracking, however, showed the limitations for the OFO architecture.
Incorporating a FIR model into an MPC architecture improved the tracking of non-stationary
reference profiles. This was merely a proof of concept but showed that implementing a
dynamic model can be useful for control of non-stationary profiles. This does not inherently
imply that a dynamic model is necessary for non-stationary references but does show that the
limitations of the static model become more relevant when temporal aspects are introduced.
As aresult, since both feedback architectures rely on a fixed model, their tracking performance
relies on how well the model captures the input-output relation of the WindShaper. This
motivated the online model adaptation approach.
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To what extent can online adaptation of the input-output model improve tracking ac-
curacy under model uncertainty? Online model adaptation significantly improved tracking
for all the tested adaptive least-squares algorithms in both configurations. The RLS achieved
the largest improvements in both configurations, reducing overall RMSE by 33.2% for the
NC and 57.5% for EM M configuration. The absolute RMSE hardly differed between these
two cases, with the RLS achieving 0.221 ms~! in the NC and 0.217 ms™! in the EM M con-
figuration. Since the open-loop controller increased from 0.331 to 0.510 ms~! under model
mismatch, this shows that RLS largely compensated for the additional model mismatch.

For the facility to be relevant for future wind energy control experiments, run-to-run repeata-
bility was assessed using ten repetitions of the closed-loop RLS algorithm under enforced
model mismatch. Based on the pointwise statistical repeatability limit, all three sensors sat-
isfy the required 95% pairwise coverage for the complete sequence, demonstrating statistical
repeatability. Repeatability in terms of the stricter reference-based tolerance of 0.05|yyet (k)]
resulted in none of the sensors achieving 95% pairwise coverage over the whole sequence.
However, the pairwise differences satisfied the criterion when transient effects were left out
for certain sensors. The point-wise repeatability limit did not stay within the reference-based
tolerance for 95% of the evaluated time samples in any assessment.

Therefore, the repeated experiments show statistical repeatability, but no universal repeata-
bility with respect to the 5% reference-based tolerance. Run-to-run variability is found to
depend on sensor location and operating condition, while their effects were not isolated.

To what extent can the WindShaper facility in the WindAl Lab track prescribed hetero-
geneous and non-stationary mean velocity profiles under uncertainty in its input-output
behaviour? This research has shown that the WindShaper is able to generate and track
heterogeneous and non-stationary mean velocity reference profiles under the investigated op-
erating conditions. The achievable tracking accuracy is directly dependent on how model
uncertainty is treated. The identified static model was found to capture the dominant input-
output sensitivities well but is not accurate enough for precise open-loop tracking through
model inversion. The measured output remained temporally stable under fixed inputs over
the investigated duration of 1800 s. It was found that fixed-model feedback can compensate
for tracking errors when the model contains sufficient input-output sensitivity or dynamic
information. The online model adaptation was able to reduce the dependency on the initial
model by updating the estimated input-output model from the measured data.

The RLS algorithm provided the strongest experimental improvement compared to the other
adaptive least-squares approaches. For the NC', it reduced overall RMSE from 0.331 to
0.221 ms~! and for the EM M configuration it reduced overall RMSE from 0.510 to 0.217 ms~!
resulting in approximately equal absolute tracking in both configurations. These results show
that the WindShaper is able to improve tracking significantly over the investigated hetero-
geneous and non-stationary reference profiles despite uncertainty in the initial input-output
model. This is given that the provided measured output is available and the online input-
output data provide sufficient excitation for adaptation. This capability is limited to the
operating conditions, measurement locations and temporal range investigated in this research.

Future Work Several aspects of this research need to be addressed in future work. First of
all, the sensor irregularities that were observed in Chapter 2. The observed inconsistencies
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may originate from sensor calibration differences, local flow irregularities or a combination of
both. Their individual contributions could not be isolated from the experiments. Although
these inconsistencies could be compensated for through feedback and online model adaptation,
future experiments require the measurement system to provide consistent and reliable velocity
measurements. This can be investigated by comparing the sensor measurements at different
locations and comparing them with an independent sensor.

With the fixed input sequences, the experiments demonstrated within-run temporal stabil-
ity over the investigated duration, while the closed-loop RLS approach achieved statistically
run-to-run repeatability. However, the operating range of these findings has not been sys-
tematically determined. This is particularly relevant for periodic flow, for which the output
amplitude and phase response were found to depend on excitation frequency. For future work,
the experiments that were done in the temporal stability assessment need to be expanded for
a wider range of mean operating conditions, amplitudes and excitation frequencies to obtain
a clearer picture of the dynamic bandwidth of the WindShaper facility.

For future wind energy control experiments, the flow in the region of interest should not
be disturbed by external objects such as a measurement setup. A possible next step is to
separate model learning from flow generation. Online model adaptation can first be used in
real-time to learn the model parameters under specific operating conditions. These model
estimates can then be used in an open-loop feedforward architecture, generating prescribed
flow profiles without requiring a measurement setup for these experiments. Future work would
therefore require to asses how accurate and how long, these adapted model estimates retain
their tracking performance across repeated runs and changing operating conditions.

The scope of this research was limited to producing uniform, heterogeneous and non-stationary
flow profiles controlled in terms of mean-velocity. However, to be particularly relevant for fu-
ture wind energy control experiments the flow is desired to be controllable through turbulence
intensity or spectral content. This could distinguish the WindShaper facility with respect to
other wind energy control experimental facilities, since other facilities offer limited control
over spatial and temporal flow characteristics.
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Appendix A

Alternative Flow Measurement
Techniques

This appendix summarizes alternative flow-measurement techniques considered during the
selection of the measurement system. The comparison focuses on characteristics relevant to
the WindShaper facility and experiments, including temporal resolution, spatial resolution,
suitability for real-time feedback, calibration requirements and practical implementation.

Hot-Wire Anemometer

A commonly used point measurement technique for measuring and characterizing flow is the
Hot-Wire Anemometer(HWA)[22, 14]. A HWA generally consists of two probes with a thin
metallic wire attached between them, usually in the order of microns, made from tungsten,
platinum or platinum-iridium [23, 24]. This wire is heated by applying an electrical current.
As wind flow passes by the wire, the temperature of the wire fluctuates accordingly. It
is important to note that a hot-wire does not measure a velocity, but heat loss from a wire,
which is done by measuring the voltage fluctuations. In order to obtain velocity (fluctuations),
it is necessary to calibrate the measurements. HWA’s such as in Figure A-1 contain a single
wire, but triple wire setups also exist to obtain three dimensional measurements [22].

This method is able to determine variables such as mean velocity components, velocity fluc-
tuations, mean temperature and temperature fluctuations [23, 24]. Furthermore, this method
is known to have a high spatial and temporal resolution. This is very useful property as it is
able to capture velocity fluctuations at the smallest scale [22].

When it comes to point-wise velocity measurements, hot-wire anemometry (HWA) is known
to provide more accurate results than pressure-based probes for both stationary flows and
flows with temporal velocity fluctuations, due to its small sensing volume and high temporal
resolution [23]. Hot wire anemometer calibration requires a lot of attention. Owen and
Owen [14] mention that it is necessary to use the exact same equipment and data acquisition
techniques that were used during calibration as for experiments. Slight alterations in the
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different steps of the measurement chain: anemometers, cables, signal conditioners, filter and
analog-to-digital converters can immediately affect the voltage-velocity relation. Therefore
additional frequent calibrations are required during tests.

A downside to this method is that in high turbulence conditions, flow velocity can be under-
estimated due to thermal transient effects along the wire [22]. Additionally, the thin wires
very fragile and can fail under high wind loading.

Particle Image Velocimetry

According to Raffel et al. [26], Particle Image Velocimetry (PIV) is a non-intrusive measuring
method that captures flow by photographic recording of microparticles in a fluid flow. In
their book ’Particle Image Velocimetry: a practical guide’, they describe that the setup of
a PIV system can generally be divided into several subsystems: seeding; the tracer particles
that are to be tracked are released into the flow at the desired location, illumination; for the
tracking of the particles they must be illuminated in a specified plane or volume they must
be illuminated twice within a specified time interval, Recording; the light scattered by the
particles must be recorded in either two separate frames or a sequence of frames, calibration;
this is required in order to find the correct relationship between particle displacement in
the image plane and the flow, evaluation; the displacement of the tracked particles must be
determined by evaluating the recordings, post-processing; removing inaccurate measurements
and isolating the desired flow characteristics requires extensive post-processing.

For wind tunnel and aerodynamic applications the usage of PIV is attractive because it can
capture instantaneous flow fields over a specific test section, obtaining spatial characteristics
such as mean flow, while not intruding the flow. When used at a very high temporal frequency,
it can provide information about unsteady flow fields, something that is more difficult with
other measurement techniques [26, 27].

PIV is very effective at measuring full flow fields and investigating causal effects. Van der
Hoek et al. [28] used tomographic PIV for measuring the wake behind the upstream turbine
to compare wake behaviour for different control strategies. Wang et al. [29] used PIV to
characterize turbulent flow structures and the unsteady tip and root vortices evolution in
wakes downstream of turbines. A major downside to this measurement method though, are
the high costs that come with it [30].

Figure A-1: Example of a single-wire hot-wire anemometer used for pointwise velocity measure-
ments [25].
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Figure A-2: Experimental setup of the standard (planar) 2C-2D PIV method [26].

Figure A-3: Design of the Oxford probe with different probe diameters. [31]

Oxford Probe

Common tip shapes of five-hole probes are spherical, truncated canonical and pyramidical
tips. Tips with sharper edges are generally less sensitive to Reynolds numbers because their
separation points are better defined. Additionally, they are easier to manufacture than spher-
ical tips. Therefore, five-hole probes with sharper edges such as the truncated canonical and
pyramidical tips are most common. The tip angle (¢) typically ranges between 60° and 90°.
Hall and Povey [31] found that the least Reynolds sensitivity was found for a pyramidical tip
with a tip angle of 90°. This led them to a new probe design, the Oxford probe.

The characteristics of the Oxford probe are: a pyramidical tip head with a tip angle of ¢ = 90°,
which was chosen because of the reduced Reynolds sensitivity and appropriate for additive
manufacturing processes. Furthermore, the tip-to-hole diameter ratio (Dpyobe/dholte) =5, Where
Dpope is the probe diameter and dpge is the diameter of the holes, and the ratio of the tip
diameter to length of the side of the frontal square(Dp,ope/w)=3.75. Additionally, the tip
head is joined by an extended cone with an angle ¢p=14.2° which has a length in accordance
with L > 2D, ope. Figure A-3 gives a visualisation of the design of the Oxford probe and the
different parameters that define it.

According to Hall [31], no physical calibration is needed if the flow is in the incompressible
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Alternative Flow Measurement Techniques

Table A-1: Minimum inflow velocity associated with the recommended Reynolds-number range

for different Oxford-probe diameters [31].

Table A-2: Comparison of the flow-measurement techniques considered for the WindShaper
experiments in terms of temporal and spatial resolution, real-time capability, practical implemen-

D [mm] 416

8 | 12 | 24

53 | 35

26 | 18| 9

tation and calibration requirements.

’ Requirement‘ HWA ‘ Oxford Probe ‘ PIV ‘ LDA TriSonica
Temporal High (kHz) | Moderate ( 100 Hz) | Low (post- | High (kHz) | Moderate
resolution processed) ( 100 Hz)
Spatial res- | Point [23] Point [23] Volumetric [26] Point [32] Point
olution
Real-time Yes Yes No [26] No Yes
feedback
Cost/Ease | Moderate/ | Low/ Moderate High [30]/Complex | High [30] / | High
of use Moderate Complex cost/Easy

use
Calibration | Frequent [14]| Minimal [31] Complex Complex Minimal
needs
Suitability Limited by | Ideal Impractical Overkill Ideal
for Wind- | fragility
Shaper

range and the Re range based on the tip size Rep criticar > 15 X 103. If this is the case the
probes are able to measure with good accuracy. In this case, the calibration map provided
by [31] can be used. Under ambient air conditions, for each probe diameter the minimum
inflow velocity is given in table A-1. Furthermore, the probe is easily implementable in the
windshaper and multiple can be inserted to obtain a more complete picture of the flow.
Besides that, it only measures pressure and orientation, making it a non complex method.
That being said, it has external pressure transducers potentially meaning a reduced temporal

bandwidth.

Table A-2 gives an overview of all the pro’s and cons of the considered measurement tech-

niques.

Shane van Rhijn
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Appendix B

Facility Characterization

The facility characterization performed in Chapter 2 was performed using continuous planar
measurements. Preliminary measurements showed that step-wise measurement resulted in sig-
nificant sensor vibrations which introduced additional measurement disturbances. Figure B-1
compares the resulting velocity field obtained from step-wise and continuous measurements
and supports the use of continuous measurements for the facility characterization.

This appendix provides additional planar measurements supporting the control-oriented fa-
cility characterisation presented in Chapter 2.
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Trisonica LI-560 — U component (streamwise) (m/s) [30%]
Stepwise (skip 2.5s / use 2.5s) vs Continuous (r=15.0mm bins)
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Figure B-1: Comparison of the mean velocity field obtained using stepwise and continuous
TriSonica motion. The continuous measurement provides a smoother spatial representation of
the flow field. The velocity deficit visible in the measurement plane is induced by the wind turbine.
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B-1 Spatial Non-Uniformities

Figures B-2 and B-3 show the spatial variation with respect to the mean velocity. The spatial
deviation of the flow is defined with the Root-Mean-Square (RMS) deviation of the local mean
velocities, as

1 M

UU,sp = ﬁb z:l(U] - Uplane)2 (B_l)
]:

where o o, is the spatial RMS deviation of the binned mean velocity. Nj the amount of
20x20 mm bins ﬁj the mean velocity per bin and U'plane the mean velocity per plane.
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Figure B-2: Spatial mean-velocity deviation for a uniform 40% WindShaper command for the
bottom half of the downstream planes 2-5. Colours indicate the deviation of the local mean
velocity from the spatial mean velocity of the corresponding plane. Spatial non-uniformities
remain present throughout the wind box and do not decrease for further downstream distances.
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Spatial mean-velocity deviation
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Figure B-3: Spatial mean-velocity deviation for a uniform 40% WindShaper command for the
top half of the downstream planes 2-5. Colours indicate the deviation of the local mean velocity
from the spatial mean velocity of the corresponding plane. Less non-uniformities seem present
than for the bottom half but still remain present at all downstream distances.
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Plane 2 Plane 3

RZ [mm]
RZ [mm]

100 - E L o5

RY [mm]
I 0.0

Plane 4 Plane 5

800 = 3

Mean velocity deviation from plane mean [m/s]

700 4 3

i ] -1.0
600 - E
500 3

400 4

RZ [mm]
RZ [mm]

300 = E
200 - -
100 = 3

. : ' : ' ey N
0 200 400 600 800 1000 1200 1400 1600 0 200 400 600 800 1000 1200 1400 1600
RY [mm] RY [mm]

Figure B-4: Spatial mean-velocity deviation for a uniform 60% WindShaper command for the
bottom half of the downstream planes 2-5. Colours indicate the deviation of the local mean
velocity from the spatial mean velocity of the corresponding plane. Spatial non-uniformities
remain present throughout the wind box and do not decrease for further downstream distances.
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Spatial mean-velocity deviation
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Figure B-5: Spatial mean-velocity deviation for a uniform 60% WindShaper command for the
top half of the downstream planes 2-5. Colours indicate the deviation of the local mean velocity
from the spatial mean velocity of the corresponding plane. Spatial non-uniformities remain present
throughout the wind box and do not decrease for further downstream distances.
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Appendix C

Static-Model Identification Inputs

The static model was identified and validated using 26 prescribed spatial input functions.
These input functions were designed to sufficiently excite the uniform, horizontal gradient and
vertical gradient basis directions individually and in combination. The operating points were
distributed between the training and validation datasets across the experimental sequence
to reduce sensitivity of the split to slow temporal changes in experimental conditions. The
complete set of prescribed input functions is listed below.

ui(z,y) = 45+ 15¢ — 150, ug(x,y) = 40, (C-1)
us(x,y) = 35 — 15¢ + 150, ug(x,y) = 45 — 15¢ — 15, (C-2)
us(x,y) = 40 + 20, ug(x,y) = 35+ 15¢ + 150, (C-3)
ur(z,y) = ug(z,y) = 40 — 20¢, (C-4)
ug(z,y) = 35 — 15¢ — 157, uo(w,y) = 45 + 15¢ + 15m, (C-5)
uii(x,y) = 35, uiz(z,y) = 40 + 20, (C-6)
u13(z,y) = 35 + 15¢ — 157, u14(z,y) = 45 — 15¢ + 151, (C-7)
us(2, y) = 40 — 20, ui6(, y) = 40, (C-8)
uir(z,y) = 32 + 12¢ + 8n, uis(w,y) = 44, (C-9)
urg(z,y) = 38 — 12¢ + 8n, ugo(z,y) = 36 + 14¢ — 8n, (C-10)
ugy (x,y) = 42 — 18¢ + 61, ugo(x,y) = 32 + 8¢ + 121, (C-11)
ugs(x,y) = 38 + 15¢ — 15n, ugy(x,y) = 36 — 8¢ — 14n), (C-12)
ugs(x,y) =42 4+ 6¢ + 18n, uge(x,y) = 44. (C-13)
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Appendix D

Within Run Temporal Stability

This appendix provides supporting information to the within run temporal stability assess-
ment that was done in Chapter 3. It includes the measured temperature evolution across all
experiments, the complete stationary drift results and the residual autocorrelation diagnostics

to assess the temporal independence of the fitted residuals behind the ordinary least-squares
ClI.

D-1 Temperature Evolution
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Mean temperature evolution
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Figure D-1: Measured ambient-temperature evolution during the ten stationary and periodic
experiments used for the within-run temporal-stability assessment. Temperature was monitored
as supporting information and was not independently controlled.
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Within Run Temporal Stability

D-2 Stationary Input Sequences

Table D-1: Estimated initial velocities and velocity drift rates for the stationary input experiments
after discarding the first 60 s. The confidence intervals describe the uncertainty of the fitted rate

Ct.
Input condition Sensor ¢ [ms™!] ¢ msT'min~!]  95% confidence interval [ms~! min~!]
o 4.9709 3.5783 x 107*  [9.6120 x 107°, 6.1955 x 1074]
Uniform: oy = 35 Yo 54796  —3.2757 x 1073 [-3.5128 x 1073, —3.0387 x 107?]
Y3 5.5505 6.2460 x 10~%  [3.3115 x 10~%, 9.1804 x 10~4]
Y1 6.2124  —1.6476 x 1072 [-1.9690 x 1073, —1.3263 x 1073
Uniform: o = 45 Yo 6.6218 —2.7375 x 1072 [-3.0645 x 1073, —2.4106 x 1073
Y3 6.9304 1.4449 x 1073 [1.0964 x 1073, 1.7934 x 1073
o 7.3140 3.0738 x 1073 [2.7150 x 1073, 3.4326 x 1073]
Uniform: oy = 55 Yo 7.6959  —1.1110 x 1073 [~1.6522 x 1073, —5.6981 x 10~%]
Y3 8.3087 —1.0305 x 1073 [~1.4180 x 1073, —6.4305 x 1074
o 8.7416  —9.9760 x 107>  [~4.7959 x 10~%, 2.8007 x 1074
Uniform: oy = 65 Y2 0.1482 1.4689 x 1073 [7.2469 x 1074, 2.2131 x 1073
Y3 9.7574  —2.4886 x 107*  [~6.7974 x 10~%, 1.8203 x 1074
1 4.5416  —T7.4157 x 107*  [-1.2566 x 1073, —2.2652 x 10™*]
z-gradient: a, =30 o 6.4729 1.0034 x 1073 [7.7513 x 1074, 1.2317 x 1073
Y3 2.6334  —4.5925 x 107%  [-1.2324 x 1073, 3.1390 x 1074
o 7.1795 7.0116 x 107*  [4.4559 x 1074, 9.5673 x 1074]
y-gradient: o, =30  yo 2.6327 —5.6764 x 107*  [~1.6472 x 1072, 5.1195 x 1074]
Y3 2.6887  —3.7575 x 107%  [~1.2233 x 1073, 4.7178 x 10~4]

The confidence intervals used in Chapter 3 assume temporally uncorrelated regression resid-
uals. To assess this assumption, the autocorrelation function was computed for the residuals
remaining after removal of the fitted linear drift. For the stationary experiments, one lag
corresponds to one 0.75-s averaged measurement.
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Figure D-2: Residual autocorrelation after removal of the fitted linear drift for the stationary
fixed-input experiments. The three curves correspond to the three sensor outputs. One lag
represents one 0.75-s averaged measurement, and the dashed lines indicate approximate 95%
white-noise bounds.
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D-3 Periodic Input Sequences

For the periodic experiments, residual autocorrelation was evaluated separately for the linear
temporal trends fitted to the period-wise mean level A, amplitude R, and unwrapped phase
¢. Since each observation corresponds to one fitted excitation period, a lag of one represents
one complete period Ts. Consequently, the physical time represented by a given lag differs
between excitation periods.

Mean parameter A

—e— Sensor 1 —&— Sensor 2 Sensor 3

T, =75s T, =15s

0.6 - 1 0.6 |

«Q -
0.2f < - 02p===eeee Lo ]
-0.4 ¢ - 0.4}
0.6} 1 06t
5 5

Lag ¢ [periods]

Figure D-3: Residual autocorrelation of the fitted mean-level A drift models for the periodic input
experiments. Each panel corresponds to one excitation period T, and the three curves denote
the sensor outputs. One lag represents one complete excitation period; dashed lines indicate
approximate 95% white-noise bounds.
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Amplitude parameter R
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T,=75s T, =15s

Lag ¢ [periods]

Figure D-4: Residual autocorrelation of the fitted amplitude R drift models for the periodic
input experiments. One lag represents one complete excitation period; dashed lines indicate
approximate 95% white-noise bounds.
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Phase parameter ¢
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Figure D-5: Residual autocorrelation of the fitted unwrapped-phase ¢ drift models for the
periodic input experiments. One lag represents one complete excitation period; dashed lines
indicate approximate 95% white-noise bounds.
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Appendix E

Least-Squares Simulation Details

E-1 Simulation Settings

This appendix summarizes the numerical settings used for the adaptive least-squares simu-
lations in Chapter 6. The simulations were intended as controlled test cases for comparing
estimator behaviour rather than as a high-fidelity model of the WindShaper dynamics.
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88 Least-Squares Simulation Details
Table E-1: Numerical settings and implementation choices used for the adaptive least-squares
simulations presented in Chapter 6.

Setting Implementation

Plant model

Initial model

Plant cases

Sampling and duration
Reference sequence

Measurement noise

Regularisation

Open-loop inverse
Cumulative LS

Batch-wise LS
Moving-window LS

Recursive LS

Input constraints

Randomisation

Vi = Girue@k + biruc (k) + €. No additional input—output delay was
simulated.

C}O = Gp and 130 = byp, using the offline-identified static model
from Section 2-4.

Nominal, bias mismatch, gain-and-bias mismatch, and slow drift, as
defined in Table 6-1.

At =0.75 s, N = 902 samples, and t; = 675.75 s.

Twenty-six constant-reference segments of approximately 20 s, fol-
lowed by three periods of a T" = 20 s sinusoid and three periods of a
T = 30 s sinusoid.

Independent zero-mean Gaussian noise, €, ~ N(0,0.04%I3). The
same noise realisation was used for all algorithms within each plant
case.

Least-squares regularisation ps = 107% and inverse-control regulari-
sation pg = 107%.

Gip and byp remained fixed throughout the simulation.
Adaptation started after N;, = 60 samples. The model was subse-
quently updated at every sample using all available data.
Non-overlapping datasets with Np € {60,100, 140, 180,220}. The
model was updated after each complete batch.

Sliding datasets with Np € {60,100, 140, 180,220}. The model was
updated at every sample after the window was filled.

Arrs € {0.98,0.95} and Py = I;. RLS processed measurements
from the start, while its estimate was used for inverse control after
60 samples.

No coefficient clipping or spatial PWM-feasibility constraints were
imposed in the simulations.

MATLAB random-number seed rng(1); one noise realisation was
evaluated per plant case.
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