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1 Learning Objectives

The learning objectives for this MSc project are compliant with the expected learning out-
comes shared by DTU Wind Energy department. The learning objectives are the follow-

ing:

General objectives

» Communicate the challenges faced during the development of the project and ex-
plain the possible solutions considered

+ Collaborate with the group members involved in the CONTINUE project to carry out
the investigation.

Related to LIDAR measurements

» Understand how LIDARs work and the governing differences between the Continu-
ous Wave (CW) technology and pulsed technology.

+ Identify and discuss the limitations of LIDAR technology, and how it impacts the
measurements

» Determine the most relevant LIDAR configuration to support the simulations that will
be used for the inflow estimation

Related to the establishment of the data-set

* Understand the requirements to produce a FAIR database (Findable, Accessible,
Interoperable and Reusable) [1]

» Understand the assumptions behind the Mann model, and the parameters needed
to create turbulence boxes.

+ Collaborate to create a FAIR database containing Mann boxes and simulated LIDAR
measurements from the chosen configurations.

Related to physics-informed machine learning

» Understand how the structure of physics-informed neural networks is relevant for
real-time inflow estimation

» Apply the current methods employed in PIML to develop a neural network relevant
for inflow estimation based on LIDAR measurements

+ Validate the estimation method by simulating loads on the NREL SMW turbine and
comparing the reconstructed turbulence box to the original.
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2 Summary of the project

The control of wind turbines is currently mostly relying on feedback methods, where the
controller reacts to the state of the turbine and acts upon it. It implies that the turbine
needs to be out of equilibrium for the controller to change. That is why feed-forward
techniques are being explored, where the controller would now react to information of the
flow happening ahead of the turbine, to anticipate the changes. This is expected to reduce
loads and lifetime fatigue.

In this regard, LIDAR measurements could prove to be useful, as this measurement tech-
nique is able to scan the space ahead of the turbine and provide wind measurements in
real time of the incoming flow. The possibility of mounting such devices on the nacelle or
the hub of a turbine could prove to be beneficial. However, these measurements remain
sparse and do not depict the full rotor plane.

This project thus aims at reconstructing the full incoming inflow, using data measurements
from a hub-mounted LiDAR, in movement with the rotor. The measurements will originate
from simulated Mann turbulence boxes, where different configurations of the LiDAR will
be tested.

The estimation will be achieved through the use of physics-informed machine learning,
that will rely on both the simulated measurements and the Navier-Stokes equations to
output the velocities. The resulting inflow will be then compared to the initial Mann box to
evaluate the performance of the network. Furthermore, simulations of the response of the
NREL 5MW [2] turbine will be performed in the aeroelastic tool HAWC2 [3], to evaluate
the effect of the errors in estimation.

2 Inflow estimation using LIDAR measurements and physics-informed machine learning



3 State of the Art

3.1 Introduction

As wind turbines grow bigger in power and size, it has become increasingly important
to tackle the resulting loads on the structure, to either achieve a longer lifetime, or opti-
mize the structure to cut cost. The Light Detection and Ranging (LIiDAR) technology has
been emerging recently as a method to improve the control of wind turbines. The goal is
to drift away from the current feedback methods where the turbine is only reacting to a
disturbance, and implement feed-forward strategies where the controller would anticipate
the changes in wind. Moreover, it is becoming increasingly relevant as the turbines grow
bigger and a singular measurement from the hub is no longer a reliable information for
the entirety of the rotor plane area. Meteorological masts are also increasingly expensive
as they grow taller, especially in offshore conditions [4]; thus LIiDARs could become an
attractive replacement.

3.2 Wind measurement - LiDAR technology

3.21 LiDAR measurements

LiDAR systems are employed to measure the wind speed remotely, in the direction of its
beams. The measurement relies on the signal received from back scattered light: the
fraction of the beam reflected from the moving particles in the air will have a change
in frequency from the Doppler effect. By measuring this difference in frequency in the
resulting signal, the speed of the particle can be derived. By assuming the speed of the
particle matches the wind, the wind speed in the line of sight is thus acquired [5]. Two
main technologies exist to acquire the speed at a specific point in space: Continuous
Wave (CW) systems and Pulsed LIDAR. CW LiDARs will focus the beam through a lens
to acquire data at a certain distance, while pulsed devices emit laser pulses and rely on
time of flight to separate the different distances of measurements. In this project, a pulsed
LiDAR is considered, a technology that has the advantage of measuring several distances
in a quasi-instantaneous way, but consequently with a slower sampling frequency from
one beam to the next[6].

The devices can be ground based, as seen in [7] where the measurements were used
to reconstruct the wind field. However, for the purpose of determining indicators at hub
height, where the longitudinal component is the most critical, it is more practical to mount
the LIDAR on the turbine itself. Two positions can be looked at: on the nacelle behind
the blades, pointing forward ('nacelle-mounted’), or rotating with the hub, in front of the
blades ('hub mounted’). The main difference between both will be the potential blockage
with the blades passing through the line of sight.

The paper [8] reconstructs a wind field by using a simulated LiDAR. The authors model the
blockage of the blades by filtering out some data. They estimate that the availability would
drop as low as 60% for the lower beams. The article [9] presents an algorithm to improve
data reliability, and among other improvements detect when the LiDAR hits the blades, to
exclude these points. With this method, it is claimed that for the V52 Vestas turbine, where
a Spinner LIiDAR was mounted on, data availability from field measurements ranged from
57% to 89%, depending on the position of the beam. It was found that the lower part of
the pattern, as expected with increased blade thickness, experienced on average lower
availability. Mounting the LiDAR on the hub is expected to raise the availability, as one
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clear and constant source of data falsification will be removed. However, it will be harder
to define regularly spaced patterns, as the beams for the project are expected to be fixed
at a given angle to the hub, and spinning at this fixed angle.

3.2.2 Challenges and shortcomings

Though LiDARs offer clear new use cases by their advantages compared to a cup anemome-
ter, some shortcomings, mainly coming from the spatial averaging and line of sight, are
important to underline, to best understand the challenges to overcome when using LiDAR
data.

A LiDAR will only measure the line of sight wind velocity, meaning the velocity perceived
along the beam direction. This is often referred in the literature as the 'Cyclops Dilemma’,
that can be circumvented using several assumptions [10]:

» the wind is purely one directional, and this direction is known: the wind can be
calculated based on the line of sight wind and the beam angle.

+ the wind has no vertical component and the flow is considered homogeneous at a
given height. the wind can then be deduced from two separate measurements of
the same height.

N

X2
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21|/

Figure 3.1: The cyclops dilemma: how to derive the actual wind speed using only line-of-
sight wind speeds, from [10]

In Figure 3.1, the dash-dotted lines represent the values of the wind derived from the
assumption that v = w = 0, the vertical and cross-horizontal components of the wind. The
dashed lines represent the wind value derived from the assumption of a homogeneous
flow and no vertical component, which is thus obtained by using both LOS wind speeds
to derive v and v. It can be assumed that adding a third beam at a different angle could
allow to remove the assumption w = 0, if the homogeneous simplification is kept.

Furthermore, as the pulse used to measure the wind velocity cannot be infinitely small,
the resulting wind speed will be an average of the line of sight velocity within a cylinder
the size of the beam. This will result in the loss of higher frequency content, due to the
spatial averaging.

However, as can be seen in Figure 3.1, the configuration of the beams has a major role to
play in improving the reliability of the results, as a singular beam with a fixed angle would
likely result in partial information on the wind only.
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3.2.3 LiDAR configuration

The article [11] simulates several LIDAR configurations, where the turbulence field is re-
constructed for load validation using constrained Gaussian turbulence field. The con-
straints are imposed using simulated LIDAR data from 6 different patterns,the perfor-
mance of each is evaluated based on the variance in loads observed after simulating
cases with and without constraints on the turbulence boxes. The simulations are based
on Mann turbulence boxes and the simulations are run in HAWC2. The main categories
of LIDAR configurations studied are:

* point-based measurements: singular central one, but also four points placed as a
square with a central point as seen in Figure 3.2a

* moving patterns: from a simple circular pattern with no central beam as seen in
Figure 3.2b, to a more intricate Lissajous curve plotted in Figure 3.2c. The paper
explores as well the Spinner LiDAR configuration presented in detail in [12].

(a) Square design (b) Circle design (c) Lissajous curve

Figure 3.2: Three types of LIDAR configuration, derived from [11]

It is shown that for the purpose of load validation, the smallest uncertainty was reached for
the moving beam patterns, with the exception of the simple circular pattern. However, the
authors underline how their specific use case (load validation) could influence the choice
of pattern: an example they cite found the circular pattern to be ideal for yaw realignment.
Thus no optimal pattern can be chosen for inflow estimation without sensitivity analyses.

3.3 LiDAR-based inflow estimation methods
A substantial effort is currently put forward to use LIDAR measurements from in the wind

energy sector, with goals varying from extracting wind characteristics to recreate the entire
inflow.

3.3.1 Partial inflow reconstruction

A first approach to the use of sparse LIDAR measurements lies in determining spatially
averaged values, or characteristics from the flow that used to be estimated on a singular
measurement from a cup anemometer, such as the free stream velocity, or the Rotor-
Averaged Wind Speed (RAWS).

An example of this approach can be found in [8], where the RAWS and the Rotor-Averaged
Wind Direction (RAWD) are determined from simulated LiDAR data. The fictitious wind
field is generated based on the Kaimal spectrum with added vertical sheer following a
power law. To simulate the actual measurements, the authors added Gaussian white
noise and a Gaussian weighting function was used to account for the spatial averaging
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of the device. The reconstruction of the wind flow is treated as an optimization problem,
where a discrete-time Kalman filter is implemented “and several simplification assumptions
are made on the 3D flow, among which the Taylor frozen turbulence hypothesis. The
assumptions lead to having full knowledge of the global correlation matrix of the wind
components at specific locations. This matrix is then used in the Kalman filter to estimate
the flow. However, only averaged quantities are displayed in the article, so it is not known
if such a method would be applicable for the full 3D reconstruction. The performance of
the method was evaluated by calculating the Root Mean Squared Error (RMSE) of the
selected indicators, which varied from 0.405ms~! to 0.818ms~! for the RAWS.

In [13], the free-stream velocity is the target of the estimation, by using experimental Li-
DAR measurements, despite the measurements being taken in the induction zone. The
author use the Levenberg-Macquardt algorithm to minimize the error between the mea-
surement and the wind model from which they deduce the free stream velocity. This wind
model assumes horizontal homogeneity, a known vertical shear profile and homogeneous
wind direction. Furthermore, a one-dimensional induction model is added to account for
the effect of the rotor onto the stream. With this method, was found that the modeled wind
speed was withing 1-1.5% of the mast-measured results.

Alternatively, full reconstruction of the wind field without focusing on perfect replication
has been explored in [11]. The emphasis is here not put on simulating a flow field very ac-
curately, but rather getting the subsequent loads close, in order to give a better prediction
of energy prediction and loads than the current methods prescribed the IEC standard[14].
The method used to produce the turbulent field relies on constrained Gaussian turbu-
lence, where only the longitudinal component of the wind u is constrained, for simplicity.
Mann turbulence boxes are created, and their constrained versions are derived from it by
selecting what would correspond to LIDAR measurements, and modifying the cross cor-
relation matrices used in the turbulence model accordingly. A graphical representation of
the constrained Gaussian method is displayed in Figure 3.3

Unconstrained field Constrained field

g(t)
o
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Ensemble mean

~~~~~~~~~ Mean + variance
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----- Random realizations

200 400 600 800 1000 1200 200 400 600 800 1000 1200
t [sec] t[sec]

Unconstrained field, examples

Constrained field, examples

g(t)

4
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Figure 3.3: One-dimensional, zero-mean and unit-variance Gaussian field on which a
single constraint is imposed, from [11]
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3.4 Physics informed machine learning

As the previous section showed, achieving full flow reconstruction based only the sparse
data LiDAR measurements provide is a complex task, that result in heavy assumptions
(flow homogeneity for example), or settle to compute aggregated variables. Machine
Learning-based method could potentially bridge the gap, as they are known to be more
flexible with the use of noisy data, with a smaller computational cost in some instances
[15]. However, such methods generally require a lot of data for the training of the neural
network before being able to output results using the trained network. Such datasets
can be prohibitively expensive to get to apply this method. However, Physics-informed
Machine Learning (PIML) methods offer the alternative to both rely on data and known
equations that define the state to estimate. Thus less data would be needed, as the
solutions are already more constrained using Partial Differential Equations (PDEs).

3.41 Method and motivation

A generic neural network can be defined as L layers, containing each n;¢[; 1) neurons. For
a fully connected network, each neuron of a given layer is connected to each neuron of the
next layer; the connection is materialized by a weight wf)ﬁp where [ € [1, L] materializes the
I-th layer, o € [1,n;] the o-th neuron of this layer, connected to the p-th neuron of the next
layer: p € [1,n;41]. Each neuron has additionally a biais attached to itself, v., that acts
as an activation threshold. To train the network means to adjust each weight and biais
for every data fed to the network during the learning phase, so that the input matches the
desired output, by minimizing a defined loss function [16].

In the case of Physics-informed Neural Network (PINN), the loss function is not just relying
on data, but on a defined set of (partial) differential equations. By taking the general form
given in [17], let us define the problem:

ug + Nu(t,z)] = 0,2 € Q,t € [0,T] (3.1)

Where u(t, z) is the solution to estimate, and N[-] is a nonlinear differential operator, (2 is
a subset of R”.

The addition of the differential operator, compared to a conventional neural network, result
in a change in the lean squared error loss that will now be:

MSE = MSE, + MSE; (3.2)
Where [ = u; + Nu(t, x)], and:

Nu
MSE, = NLZ |u (tz,xlu) — ui‘Q
Ui=1

is the root mean squared error to minimize to get close to the data points;
1 Al P iv2
MSEp =~ _|f (t}.«})|
Ny
is the root mean squared error to minimize to comply with the partial differential equations.

Such a method can provide solutions to otherwise complex or analytically unsolvable
equations, such as the coupled Stokes-Darcy equation in [18]. A PINN was used to suc-
cessfully model a complex interface problem with heterogeneous conditions.

As a flow field can be described by the Navier-Stokes equations, PINN can be a method
to explore in the case of flow reconstruction.
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3.4.2 Application to inflow estimation

The estimation of an incoming flow has been carried out using PINN, in two consec-
utive papers by the same main author. In [19], the method is first tested using only
two-dimensional Navier Stokes equations, and simulated LIDAR measurements. The re-
search scope is then extended in [20], where the estimated flow is now three-dimensional,
and the effective viscosity from the equations is no longer assumed but becomes an es-
timated parameter. If the results are promising, with the RMSE for all three wind compo-
nents being consistently below 13% of the mean wind speed, only a single LiDAR config-
uration is explored. Furthermore, no explanation or hypothesis is given for the increasing
error away from the rotor center, which could become challenging for bigger scopes: their
rotor diameter was only of about 60m, while the NREL 5MW as a diameter of 126m.
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4 Research Questions

RQ1: What LiDAR configurations can be achieved using a rotating
hub-mounted device?

The configurations should be compliant with the LiDAR that will be used in the CONTINUE
project. The specifications can be found in [21]. This device is a pulsed LiDAR with up
to 6 beams, and a sampling frequency of 1Hz. The measurements cannot be taken from
several beams simultaneously. However, it is assumed that all distances from a given
beam are measured at the same time.

RQ2: Can the inflow be reconstructed for a Mann box large enough to fit
the NREL 5MW turbine, using PIML?

The papers [19] and the continued work in [20] used a method relying on PINN to recon-
struct a turbulent flow. If the results looked promising, the wind turbine considered was
however small (with a diameter of 60 meters), and the error in estimation was progres-
sively worse the further away from the hub center. It will thus be crucial in this work to
adapt the method used to improve this effect.

RQ3: Is there a LiDAR configuration that minimizes the error in the
estimation of the flow?

Several LIDAR configurations will be explored in this work, and an assessment of the
optimal setup will be carried out.

RQ4: Is the error in estimation acceptable with regards to the resulting
difference in loads observed in simulation?

Once the estimations have been carried out, load simulations should be performed in
HAWC2 on the NREL 5MW, to compare the response of the turbine between the original
Mann box and its estimated counterpart. This analysis would provide additional perfor-
mance indicator, mainly on the influence of errors on the structure.

If time allows for it, the following research question could also be explored:

RQ5: Can the method be improved by changing the parameters of the
neural network?

A neural network can be defined by its number of layers and the number of nodes per layer
(the 'neurons’), which will result in the degrees of freedom of the training variables at hand.
The network used in [19] uses 12 hidden layers of 128 neurons each, resulting in 149378
possible weights and biases to change during the training phase. These parameters are
chosen during the elaboration of the structure, and a sensitivity analysis could be carried
out to estimate a combination that would improve the training time and the estimation
results.
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5 Project Management

The provisional calendar for the thesis tasks is displayed in Figure 5.1

MSc. Thesis Project Plan

ACTIVITY START END
Project Plan
Literature Review 09 - Jan 22 -Feb
Research Question 1 05 - Feb 20 - Apr
Python Project Visualization 05 - Feb 15 - Feb
Turbulence Mann boxes 13 -Feb 13 - Mar
LiDAR implementation in HAWC2 20 - Feb 20 - Mar
FAIR DB polishing 20 - Mar 20 - Apr
Research Question 2 27 - Feb 30 - Apr
Building a PINN for 3D flow estimation 27 -Feb 30 - Mar
Training the NN on the DB 20 - Mar 20 - Apr
Post processing data 15 - Apr 30 - Apr
Research Question 3 30 - Apr 15 - May
Sensitivity analyses on LiDAR configuratio 30 - Apr 07 - May
Post processing data 07 - May 15 - May
Mid-Semester Report 10 - Apr 14 - Apr
Break 17 - Apr 21 - Apr
Research Question 4 07 - May 20 - May
Loads simulations HAWC2 07 - May 14 - May
Post processing data 10 - May 20 - May
Thesis Writing 19 - May 08 -Jun |

Figure 5.1: Thesis plan. In dark red, are the completed tasks; light red the tasks in
progress and in blue the penging tasks.

10 Inflow estimation using LIDAR measurements and physics-informed machine learning



Nomenclature
CW Continuous Wave.
LiDAR Light Detection and Ranging.

PDEs Partial Differential Equations.
PIML Physics-informed Machine Learning.
PINN Physics-informed Neural Network.

RAWD Rotor-Averaged Wind Direction.
RAWS Rotor-Averaged Wind Speed.
RMSE Root Mean Squared Error.
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