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ABSTRACT

Driven by the challenges in measuring blade deformations, this study presents a novel machine learning methodology to predict
blade tip deformation using inflow wind data and operational parameters. Using a long short-term memory (LSTM) model and a
novel feature selection approach based on mutual information and recursive feature addition, this study presents a robust frame-

work for multivariate time series prediction. The developed model offers significant computational cost reductions compared

to full-dynamic simulations and also allows virtual sensing. This work empowers efficient and reliable wind turbine operation

by providing an accurate and computationally efficient blade response prediction tool that can assist in improved wind turbine

management, site-specific analysis and fatigue assessment.

1 | Introduction

Over the last two decades, wind turbines have dramatically
increased in size. The growing demand for sustainable energy
paired with technological advancements has led to the develop-
ment of multimegawatt turbines featuring taller hubs and ex-
tended blades to enhance energy capture [1]. While scaling up
these structures has the benefit of increased energy capture, it
also causes a decrease in the stiffness of the towers and blades.
As a result, modern wind turbines are more flexible, presenting
challenges such as increased fatigue loads, bend-twist coupling
and high-frequency vibrations [1-3]. Maintaining consistent
reliability is crucial for the safe operation of these structures.
According to current IEC design practices, wind turbine models
are designed assuming a specific site class, which prescribes the

wind conditions to be used for design calculations. Nonetheless,
wind and other environmental factors can vary significantly
across different locations, resulting in varied load envelopes ex-
perienced by these structures. Consequently, turbines designed
to IEC standards may not maintain a uniform safety factor
across different installation location. In this context, it is im-
portant to assess the site-specific load distribution to achieve the
desired level of reliability at each installation location.

The high cost of performing dynamic analysis of wind turbines
using numerical models, coupled with the requirement of run-
ning extensive simulations, prohibits such precise site-specific
investigations. To address this, the authors propose a method-
ology to develop a surrogate model for predicting the dynamic
response of wind turbines subjected to turbulent wind inflow
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using a machine learning-based sequence modelling algorithm.
This study specifically focuses on modelling the response of
wind turbine blades due to the more challenging nature of this
element involving twisted-curved geometry, use of compos-
ite materials and relatively lower stiffness. The rotation of the
blades adds further complexity. This study aims to predict the
blade deformation response using aerodynamic forces at blade
nodes as the input. A feature sensitivity study is performed to
minimise the number of inputs required for accurate response
prediction. The findings from this analysis also provide useful
guidelines for the sensor installation. The surrogate model de-
veloped in this study can predict the dynamic response of the
blade at a fraction of the computational cost required for full-
dynamic simulation of the detailed wind turbine model and can
make rapid estimations of fatigue damage and load distribution
computationally feasible.

During the operational phase, it is important to monitor the be-
haviour of these structures to derive a quantitative estimate of
their performance. However, not all operational parameters are
accurately measurable with physical sensors [4]. Additionally,
deploying a large number of sensors increases operational costs.
Blade-mounted sensors are particularly problematic as their
installation disrupts the airfoil's continuity and may negatively
impact their aerodynamic efficiency [5]. Thus, there remains a
challenge in efficiently monitoring wind turbine performance
with a minimum number of sensors without affecting the opera-
tions. This study extends the surrogate model approach to func-
tion as a virtual sensor, enabling digital measurement of blade
deformations. Virtual sensors can optimise the collection of
operational parameter data by minimising reliance on physical
sensors. A comprehensive framework for developing a machine
learning model that functions as a virtual sensor and predicts
the dynamic behaviour of blade deformation is presented in this
manuscript.

The use of surrogate modelling for site-specific load estimation
and fatigue analysis has been widely researched by the wind
turbine community using statistical analysis [6, 7], parametric
models [8-10] and response surface method [11, 12]. Out of
the different surrogate modelling techniques, the majority of
the case studies are presented using polynomial chaos expan-
sion (PCE) and Kriging. These methods (PCE and Kriging)
offer superior flexibility and accuracy in capturing complex,
nonlinear relationships and spatial correlations, outperform-
ing traditional surrogate modelling techniques that rely on
simpler, parametric assumptions or linear regression. [13] has
presented the state-of-the-art methods in multifidelity surro-
gate modelling using PCE and has applied them for predicting
the fore-aft bending moment in wind turbine towers. [14] used
PCE to predict blade loads and [15] has combined PCE with
nonnegative matrix factorisation, a dimensionality reduction
technique, to predict the long-term degradation of composite
blades due to fatigue. PCE has also been used to predict aero-
dynamic loads on wind turbine rotors [16] and uncertainty
propagation [17]. Kriging method has been found effective in
similar areas of research, such as [18], who applied Kriging
for fatigue damage prediction and reliability analysis [19, 20],
who performed reliability-based design optimisation of the
tripod substructure for an offshore wind turbine considering
dynamic response requirement. The Kriging approach is also

applied for reliability analysis [10] and damage detection [21].
Surrogate modelling has been used in diverse applications.
[22] has compared the performance of commonly used surro-
gate modelling techniques in estimating site-specific loads as
a function of environmental variables. The authors concluded
that PCE is the best approach considering the computational
time and performance achieved.

A typical feature found in many of the studies mentioned
above is their reliance on predictions centred around aggre-
gated statistics, leading to the development of static models
that often fall short of addressing the system's dynamic as-
pects. While trying to establish a surrogate model linking
aggregated statistics, these models frequently fail to effec-
tively represent dynamics occurring at shorter time scales.
In addition, although the methods discussed here have been
very promising and have shown excellent results, as with any
statistical mapping, the accuracy of these models depends
on the quality of the data the model is being trained on. The
training data should be representative of the actual conditions
the model will experience during the operations. Although
once the model is trained, the computational cost of subse-
quent applications is insignificant, generating data for train-
ing the model requires significant computational efforts. As
such, the statistical surrogate model development approach
is not entirely free of computational limitations; instead, the
computational cost is shifted from the analysis stage to the
model development stage. As an alternative to this approach,
this manuscript proposes a long short-term memory (LSTM)
model-based approach, which aims to learn the dynamics of
the system rather than the statistical mapping. For training
these models, the training data generation is independent of
the probability distribution of the uncertain variables. Instead,
these distributions are used to define the practical bounds of
the variables used for training. After training, these models
can be used to generate a large amount of data at much less
computational cost, which can be used to develop a statistical
mapping surrogate. To this end, the presented LSTM model is
not a replacement for the statistical surrogate modelling tech-
nique but rather a complementary approach to further reduce
computational efforts.

The LSTM method has shown its effectiveness in solving a
wide range of problems involving sequential data. LSTM
models have been successfully implemented in wind turbines
for power forecasting [23-25] and damage detection [26-28].
Using a similar approach, this study focuses primarily on pre-
dicting the deformation response of the tip of a wind turbine
blade. Blade tip deformation is chosen as the target variable,
as the actual measurement of blade deformation during wind
turbine operation is very challenging; These challenges in
blade deformation measurement are highlighted by [29]. [30]
in their study further addresses this issue and highlights the
lack of studies addressing the challenges in measurement and
prediction of blade deformations. [30] have predicted blade de-
formation using the LSTM method, where the LSTM model is
treated as a virtual sensor using the inputs from the supervi-
sory control and data acquisition (SCADA) data and the load
measurement system. To get the best performance out of an
LSTM model, the optimum selection of input features and
network architecture is of paramount importance. In their
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study, [30] have used a wrapper-type trial and error-based
qualitative approach for feature selection, which is compu-
tationally prohibitive when a large number of input features
are available, and network architecture based on experience
and previous studies has been used, which may not be optimal
for the problem being addressed. In addition, the effect of the
stochastic nature of the inflow for a set of environmental pa-
rameters is not explicitly discussed. In addition, the selection
of features for multivariate time series is not a trivial task and
has been studied extensively. In this context, the current study
presents a mutual information-based minimum redundancy
maximum relevance algorithm to select the optimum set of
input features. The performance of the commonly used recur-
sive feature selection method with exhaustive feature search
is compared, and insights into the computational cost of the
respective methods and achieved accuracy are also presented.
A combination of wrapper-type and filter-type approaches for
optimal feature selection is presented. After feature selection,
the Bayesian optimisation model is used to tune the model hy-
perparameters. A learning rate scheduling approach based on
validation loss plateaus is also proposed, which ensures opti-
mal convergence. This study only uses inputs as obtainable
from Light Detection and Ranging (LIDAR) and SCADA sys-
tems to avoid the uncertainty encountered during load system
measurements.

The manuscript is structured as follows: Section 2 discusses
the problem formulation and objectives of this study, while
Section 3 presents the theoretical formulation of the numer-
ical model used to generate training data. Section 4 deals
with the choice of modelling algorithm, variable selection
and training data generation. Feature selection methods are
discussed in Section 5, followed by hyperparameter tuning
in Section 6. Section 7 presents the numerical results, with
key findings discussed in Section 8. Finally, conclusions are
drawn in Section 9.

2 | Problem Formulation

As described in Section 1, quick prediction of the blade de-
formation response and its accurate measurement is a chal-
lenging task. In this study, the authors propose a surrogate
modelling approach that alleviates the computational cost of
predicting the dynamic time history of blade tip deformations.
Traditionally, numerical methods, such as time-stepping al-
gorithms, are used to solve a numerical model to compute
the deformation response. Time-stepping algorithms often
require small step sizes for convergence, resulting in lengthy
computational times. Consequently, the evaluation of the de-
formation response contributes significantly to the overall
computational time required to analyse the numerical model.
In addition, the computational cost increases significantly
while performing a large number of simulations. For a wind
turbine, this higher computational cost makes optimisation
and site suitability analysis computationally exhaustive.
To address this challenge, the authors propose employing a
data-driven LSTM model to predict blade deformation. LSTM
models are particularly well-suited for capturing short- and
long-term dependencies within sequential data, making them
ideal for time series analysis. LSTM networks can effectively

learn complex temporal patterns by adjusting fixed and recur-
rent weights. LSTM-based predictions significantly reduce
computation time compared to complete dynamic analysis,
improving efficiency without compromising accuracy.

Typically, when dealing with a large number of features, the
recursive feature addition (RFA) method is often used. This
approach continuously adds features to the model until their
inclusion no longer enhances performance. Similarly, the recur-
sive feature elimination (RFE) method starts with a full set of
features and progressively removes them until the drop of a fea-
ture significantly affects the prediction accuracy. However, both
methods assume linear dependence and prioritise individual
feature importance, overlooking feature interactions. Although
these methods have delivered good results in many applications,
they may yield suboptimal results for nonlinear systems where
feature combinations heavily influence system response. To this
end, exhaustive feature combinations are tested to effectively
study the impact of interactions among input features on predic-
tion accuracy. A comparative analysis of the performance and
computational costs of RFA is performed, and an exhaustive fea-
ture search for feature selection is also conducted. Additionally,
Bayesian optimisation is implemented for hyperparameter tun-
ing, and a loss-based learning rate scheduling approach based
on validation loss plateaus is proposed to ensure optimal conver-
gence. This paper offers a comprehensive approach to multivar-
iate time series modelling, addressing various aspects of model
development to achieve optimal performance.

3 | Numerical Model of IEA-15-MW Wind Turbine

This study aims to develop a surrogate model for estimat-
ing blade tip deformation response in wind turbines. As di-
rect measurement during operation proves challenging, this
work relies on the results of a numerical model. The numer-
ical model used in this study is developed using the multi-
body dynamics approach leveraging the principles of Kane's
dynamics [31]. Kane's method was chosen specifically for its
efficient handling of the complex interactions between vari-
ous turbine components, enabling an accurate representation
of the overall dynamics. This method reduces the effort re-
quired to derive equations of motion and offers simpler com-
puter implementation compared to classical approaches like
Euler-Lagrange and D'Alembert's principle. A total of 22° of
freedom are considered to capture the dynamics of various
components of wind turbine. Six degrees of freedom are used
to model the foundation, which includes three translation
motions and three rotational motions. The tower is modelled
using the modal summation method, using four principal
mode shapes representing the tower motion in fore-aft and
side-to-side direction. The axial shortening and twisting of the
tower from the external load application are not considered.
The Generator azimuth and twisting of the low-speed shaft
are considered for capturing the rotor speed variations. The
blades are modelled as flexible members using the modal sum-
mation method where three mode shapes for each blade are
considered, two modes representing the blade deformations in
flapwise direction and one mode to represent the deformation
in edgewise direction. Various reference frames are defined
to describe the motion of different components of the system
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and to define their orientation with respect to the other mem-
bers. Using this model representation, the equilibrium equa-
tions for a simple holonomic multibody system using Kane's
approach are given by the following:

F.+F'=0 (@)

where F, stands for the generalised active forces and F} rep-
resents the inertia force. These forces can be expressed in terms
of the kinematic quantities as follows:

n
F,= ) Byl Y4 Ee)t . MM ©)
i=1

n
Fr* - _ Z Evi(i(mNiEaXi) _ Ea)lr\’i .EfN; 3)
i=1

where F%iis a force vector acting on the centre of mass of point X;
and MY is the moment vector acting on the rigid body N;. £ v)and
E a)I,V‘ are the partial linear and partial angular velocity of the point
X, and rigid body N,, respectively. ¥ HN: is the time derivative of the
angular momentum of the rigid body N; about its centre of mass X;
in the inertial frame, given by the following equation

. =N; =N;
EANo =T . BaNi 4 BN x T - B @)

The final equation of the system is of the form
M(q,0)j+f(q,q,t)=0 5)

where M(q,t) is the inertia matrix and § is the acceleration
vector, whereas f(g, g,t) is the force vector consisting of the
external and restoring forces acting on the structure. This sys-
tem of equations is solved using numerical methods. The au-
thors used the fourth-order Runge-Kutta method in this study
to solve the system's governing equation. A complete deriva-
tion of these equations of motion is beyond the scope of this
study, and interested readers can refer to the work of [32] for
more insights. The research undertaken in this study is per-
formed using the specifications of the International Energy
Agency (IEA) 15-MW wind turbine, which is an International
Electrotechnical Commission (IEC) Class 1B direct-drive ma-
chine with a rotor diameter of 240 m and a hub height of 150
m. A representative model of the IEA 15-MW wind turbine is
shown in Figure 1, reproduced from the technical report on
the definition of the IEA 15-megawatt reference wind turbine
[33], and the details of operating parameters are presented in
Table 1.

Wind turbines experience random turbulent wind inflow
during operation, influencing both power output and loads
on the turbine components. Therefore, producing a represen-
tative wind inflow model is essential for the accuracy of the
simulation results. This research employs TurbSim [34] to
generate the wind fields acting on a wind turbine. TurbSim is
a stochastic tool for simulating turbulent wind patterns, pro-
viding a comprehensive model of wind inflow. Using a statisti-
cal framework, it generates a time series of three-dimensional

Rotor Radius
120 m

- Hub Height
150 m

Transition Piece

Mean Sea Level

FIGURE1 | ThelEA 15-MW reference wind turbine.

TABLE1 | Key parameters of the IEA-15-MW wind turbine.

Parameter Value
Hub height 150m
Rotor diameter 240m
Cut-in wind speed 3.00 m/s
Rated wind speed 10.59 m/s
Cut-out wind speed 25.00 m/s
Minimum rotor speed 5.00 rpm
Maximum rotor speed 7.56 rpm
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wind speed vectors over a fixed two-dimensional vertical grid
that remains stationary throughout the simulation. To create
wind fields adapted to specific wind turbine configurations
and site conditions, TurbSim offers adjustable parameters re-
lated to turbine structure and meteorological conditions that
define the wind speed field. For an in-depth discussion of
these parameters, the readers are referred to the TurbSim user
guide [34].

This wind turbine is modelled using the methodology pre-
sented in the previous paragraph. The multibody model devel-
oped in this study has been benchmarked against the National
Renewable Energy Laboratory's (NREL) multibody dynamic
wind turbine model, OpenFast [35], a widely used open-source
model. OpenFast has been benchmarked against the experimen-
tal results and thus very closely represents the actual behaviour
of wind turbines. Benchmarking the numerical model in this
study against OpenFast is a way to ascertain the accuracy of our
model. The results from the validation exercise are presented in
Figure 2.

A good agreement between OpenFast and the numerical model
derived in this study is observed. This model is further used
to generate the data required for training the machine learn-
ing model.

4 | Surrogate Model Development

This study aims to estimate the time-dependent deforma-
tion patterns at the blade tip utilising a machine learning
technique. The LSTM model is selected to capture the force-
deformation dynamics based on training data generated using
the numerical model presented in Section 3. The choice of
the LSTM model is based on the fundamental architecture
of the algorithm, which effectively models time dependency
by selectively retaining and discarding information through
multiple gates present in its unit. These gates consist of fixed
and recurrent weights that are adjusted to appropriately weigh
the input data at a given time step and the hidden state from
the previous time step. Such models have demonstrated ex-
emplary performance in simulating time series responses of
numerical models [36-38]. Readers interested in LSTM cell ar-
chitecture and its core mathematical formulation are referred
to the seminal work of [39].

The LSTM model learns the force-deformation dynamics from
training data; thus, to ensure its generalisability and accuracy, it
is important to simulate the force time history covering a range
of potential values and deformation patterns encountered during
operations. In a wind turbine, the primary dynamic forces re-
sult from aerodynamic loads acting on the system. Variations in
other load components, like gravity loads, are relatively consis-
tent. It is assumed that the impact of gravity forces will produce
a predictable deformation pattern, which the algorithm will cap-
ture. Among various operational parameters, rotor speed, gener-
ator azimuth angle and blade pitch angle are considered as input
features to capture the deformation response. These features are
chosen because they significantly influence the deformations
experienced by the wind turbine blade and are easily measur-
able during operation, supporting the model's application as a

virtual sensor. In addition to these operational quantities, aero-
dynamic forces are considered as input features for predicting
deformation.

The aerodynamic forces acting on the blade are a function of
the turbulent inflow and the aerodynamic properties of the
wind turbine blade. In this study, the blade geometry and
aerodynamic characteristics are assumed to remain constant
during the operation. Therefore, the variation in aerodynamic
forces can be captured by generating various environmental
conditions. [22] has studied the effect of environmental vari-
ables on aerodynamic loading, especially the fatigue response.
It has been found that the major factors governing the aero-
dynamic loads are the mean wind speed, turbulence intensity
and the shear exponent. Also, these variables uniquely define
an IEC site class, so selecting these input variables ensures
that this model will be applicable to all the different IEC site
classes. While sampling these variables, mean wind speed is
chosen as the only independent input variable, and the turbu-
lence intensity (TT) and shear exponent («) are modelled as the
dependent variable of mean wind speed. The mean wind speed
values are first generated using the Sobol sequence and using
the equations presented in Table 2, the bounds for TT and « are
determined. The random samples for these variables are sim-
ulated following these bounds using the Sobol sequence. The
sampled values of these variables are passed as input to the
TurbSim application, which generates a unique wind flow pat-
tern for each combination of these values. A total of 50 unique
combinations of these environmental variables are generated
using the Sobol sequence. During the operation of wind tur-
bines, the major source of uncertainty is contributed by the
stochastic nature of wind inflow. To take this into account, a
total of 15 random seeds are considered for each combination
of the environmental variables. Since the environmental vari-
able defines the statistical properties of the wind field, random
seeds are used to produce different turbulence structures hav-
ing the same statistical properties. Generating multiple ran-
dom seed ensures that uncertainty due to the turbulent nature
of the inflow is taken into account during the model training.
To this end, out of the 15 turbulent wind fields generated for
each combination of environmental variables, nine are used
for training, and six are used for testing and validation.

5 | Feature Selection

Optimum feature identification is of paramount importance
in developing a robust machine learning surrogate. A care-
fully selected feature set is crucial in improving model per-
formance, reducing chances of overfitting and enhancing the
interpretability of the model. By selecting a subset of infor-
mative features, computational resources are conserved, and
model complexity is reduced, leading to more efficient and
effective machine learning models. Two primary approaches
for feature identification are feature extraction and feature
selection. Feature extraction involves manipulating available
input data through various operators to derive a set of features
in alternative parameter spaces. Techniques such as principal
component analysis (PCA) [40], linear discriminant analysis
(LDA) [41] and Autoencoders [42] are commonly employed
in feature extraction. For features identified through feature

50f 23

85U8017 SUOWILLOD 3A1TER1D) 8|qeo! dde auy Ag peuob 81 Sapiie YO ‘8sh JO S8l 10j AeiqT 8UIUO A8]1M UO (SUORIPUOD-PUR-SUBYLLO" A |IM"AeIq 1 Ul |UO//SdNY) SUORIPUOD pue swie | 8y} 89S *[6202/50/9T] Uo Arigiauluo A8|im ‘ uljgna abe|j0D Aluu - plesebziid upeig A 22002 '9M/Z00T 0T/I0p/Wo A8 | im Ariq1uljuo//Sciy wolj pepeoiumod ‘9 ‘5202 ‘#28T660T



Blade In-plane Deformations at 3mps
T

=2
£ ‘ | ‘ — = —Matlab Model
— 7\ / R A / A A 3 \
1 7\ /A 73 /R 7 /R IR\ /R \ \ —— Openfast
a 7 /R A N f
5] 7\ [ VA N WA N Y A U O O A U A B
co /N N A N A T A A Y LU B
g J LN A N A Y A A N LU N \
. ) \ N NN [ A N
£1 // \ \ Y W/ \ W A/ i \ —
© / \J W \ \ \J J J
o
-2 il —
o | | | | |

0 50 100 . 15 200 250 300

Time (sec)

5 Blade In-plane Deformations at 7mps
€ \ \ \ \ \
=
o 1 \ N \ 7\ \ \ \ \ i~ \ ) vy ~ \
a AU A AT A A /\\ 72 S AN AL 74\ R £ VO A\ S /A RO L N Y Vo AR T
4] ST A S A T T W O R O O VO O N A O P N A O A R A N A R M R AN
<o ‘(,ll‘«\,\l ,\/1/\,\‘1\1\;,’1,v/‘,\r‘(y,»
a ,;1"‘1‘1\‘ ""Vt’\l\“,"vA’\,l\“\"v;\",’
0 WA W A /I (Y R H TR V1 Pl LW e 1 e
£-1 R N O T Y VA Y (R Y O Y R Y E R Y TR R ERR RV R M AR
° YRR VAN VA VAR VAR RV e A WY ;o\ ;W | h !
kel 2 4 4 d q g o / ) ! v / \ " \/
T -2 -
om | | | | |

0 50 100 .15 200 250 300

Time (sec)
Blade In-plane Deformations at 9mps

g1 T \ \
B oL
a0
)
=
© -1
<
£
© -2 i _
o
s
o3 | | | | |

0 50 100 150 200 250 300

(a) Blade in-plane deformations

Time (sec)

Blade Out-of-plane Deformations at 7mps
T

€ Blade Out-of-plane Deformations at 3mps

g ° | | | _
a

[}

c

K]

<

ko

5

@]

[}

e

©

o 0 50 100 200 250 300

15i
Time &ec)

E

810 -
e N

< \ N N\S N\ N\S 7\ 24 - 7 TN - G VA VA VA VOl VIl VA VSN
s - NS X 7 7 A 4 7 7 4 ” @ Z < @ 7 s L7 ” Z s 2 |
5 5 il
5

e}

()

3 | | | | |

& 0

o o 50 100 200 250 300

15
Time ?sec)

(b) Blade out of plane deformations

FIGURE2 | Model verification: Comparison of blade response.

extraction methods that rely on specific operations or calcula-
tions involving input data from all channels, it is necessary to
record data from all input channels after model deployment.
Conversely, feature selection involves ranking available input
features based on a scoring criterion within the same coordi-
nate space. Based on the procedure used for feature ranking,
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these methods are classified into filter-type and wrapper-type
methods. Filter-type methods utilise statistical properties such
as correlation coefficient, covariance and chi-square statistics
to evaluate the relevance of each input feature with reference
to the target variable. The input features are ranked based on
their relevance. Conversely, wrapper-type methods integrate
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TABLE 2 | Uncertain environmental variables and their limits.

Lower
Variable bound Upper bound
Mean wind 3 25
speed (m/s)
Turbulence 0.025 018 (6 ¢ 4 075 U + 3( 12 2
intensity (%) 7 + + (U )
Shear 0 <R ) ( Unax )

a +0.4( 2 ) ( Lo

exponent U8 /AU

the machine learning model into the selection process, train-
ing it on various feature subsets to identify the subset yield-
ing the best performance. While wrapper-type methods often
yield better results, these methods are computationally inten-
sive due to the need to train the model for each feature subset.
This study employs a hybrid approach combining filter and
wrapper methods to achieve optimal input feature combina-
tions. This study uses a mutual information-based minimum
redundancy and maximum relevance (MRMR) algorithm to
rank the features based on their relevance. Based on a thresh-
olding criterion, the first few features are selected. A wrapper-
type approach is implemented on these selected features to
arrive at the feature subset yielding the best performance.
The hybrid approach of combining filter and wrapper meth-
ods leverages the strengths of both methods, exploiting sta-
tistical relationships between features while also considering
the performance of the machine learning model. By balancing
computational efficiency with model performance, the hybrid
approach enables the identification of optimal feature combi-
nations at a reasonable computational cost. The details of this
method are presented in the next section.

5.1 | MRMR Algorithm

MRMR algorithm [43] selects a subset of input features such that
each selected feature provides unique information about the tar-
get variable. This method is particularly useful in cases where a
large set of correlated input features is available. In this study,
mutual information is used as the criterion to quantify the rel-
evance of an input feature with respect to the target variable.
Mutual information is based on the concept of entropy, which
measures the uncertainty associated with a random variable.
The entropy of a discrete random variable X with probability
mass function p(X) is given by Equation (6).

H(X) = - )" p(x)log p(x) 6)

Here X is used to represent random variable and x is used to rep-
resent its realisation. Similarly, conditional entropy is a measure
of average uncertainty present in a variable given the outcome
of another random variable. Conditional entropy is defined in
Equation (7).

HX[Y) = - ' p(x.y)logp(xly) @

Xy

where p(x,y) is a joint distribution of random variables x and y
and p(x|y) is a conditional distribution of x given y. Using these
concepts, intuitively, mutual information quantifies how much
information one random variable gives about another. The for-
mal definition of mutual information between two random vari-
ables X and Y is defined in Equation (8).

px,y)

I(X,Y) =Y p(x,y)log === 20900) ®)

Xy

Mutual information can be expressed in terms of entropy as pre-
sented in Equation (9).

I(X,Y) = HX) - HX|Y) ©)

In the context of feature selection, assuming X represents an
input feature and Y represents the target variable, the MRMR
algorithm's aim is to identify a subset of input features X
which maximises the mutual information between X; and Y
and minimises the mutual information between the compo-
nents of X,. Mathematically, MRMR algorithm is defined in
Equation (10).

1X] Xl 1X]

21051~ e & HECENED

Sli:l i=1 j=l,y

maxX, =

where | X, | represents the number of features selected in subset
X,, I(X,,Y) represents the mutual information between each

individual feature X, and target variable Y and I (XS‘ ,ij> rep-

resents the mutual information between pairs of selected fea-
tures in subset X, with i#j to avoid calculating mutual
information of a feature with itself. The MRMR algorithm it-
eratively selects features based on their relevance to the target
variable and their redundancy with respect to other selected
features, ultimately resulting in a subset of input features that
maximise predictive performance while minimising
redundancy.

For the implementation in this study, fsrmrmr feature in Matlab
is used. In this algorithm in Matlab’, each feature is assigned a
score using the mutual information quotient (MIQ) presented
in Equation (11), such that the feature with higher score corre-
sponds to more relevance with the target variable.

I(x,y)

MIQ, = ———2
ﬁZzeSI(X,Z)

X

an

In this algorithm, a reduction in the feature score represents
improved confidence in the feature selection. Using this prop-
erty, the difference in scores of the features is computed and
the number of features with a threshold of reduction in feature
score are selected for the further process of model training.
Using this approach, a small subset (|X,|) of features is identi-
fied. However, these features are selected based on the statisti-
cal properties and may not lead to the optimum performance.
To ensure an optimum performance, the subset of feature
is evaluated using wrapper-type method to select the final
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optimum subset most suitable for the specific machine learn-
ing algorithm considered for the study. Two possible ways of
wrapper type method based on the combination of subsets are
presented in the next section.

5.2 | Recursive Feature Selection

The concept of the recursive feature selection method is
briefly discussed in Section 1. These iterative techniques op-
erate by systematically exploring the feature space, to iden-
tify an optimal subset of input features that maximise the
predictive performance of the machine learning model. The
starting point can be either an empty set or the complete set
of features, and the selection process operates through se-
quential addition (forward selection) or removal (backward
elimination) of features. Forward selection, also known as re-
cursive feature addition (RFA), starts with an empty feature
set (denoted as X|) and iteratively incorporates features based
on their individual relevance to the target variable (Y). This
relevance is assessed by evaluating the impact of each fea-
ture on a chosen performance metric, such as the root mean
squared error (RMSE) employed in this study. The feature
leading to the lowest RMSE is then added to X,. This process
continues by evaluating all remaining features in combination
with the chosen ones, exploring the combination that further
enhances the model performance. These steps are repeated
iteratively until a predefined stopping criterion is met, such
as reaching a desired number of features or achieving a sat-
isfactory level of model performance. The method terminates
when adding extra features to X, does not improve the per-
formance. Conversely, backward elimination, also known as
recursive feature elimination (RFE), starts with the complete
set of features (X|) and iteratively removes the least informa-
tive features such that the removal does not significantly com-
promise model performance. RFE identifies and removes the
least impactful members, ultimately retaining the core group
of features that delivers optimal results. By formalising these
concepts, the forward selection process can be expressed as
X, = X,,a» Where X, denotes the evolving feature set, and X,
symbolises the set of most impactful features. In contrast,
RFE's iterative refinement is captured byX; = X, — X,,,;,,» signi-
fying the removal of the least informative feature set (X,,,;,)
from the complete set X,. While RFS methods are effective in
identifying an optimal subset leading to a robust feature iden-
tification, a major limitation of these models is the computa-
tional efforts required. Using RFA, the number of simulations,
N, required to select n number of features from N available

Si
features is given by Equation (12)

n2N -n+1)
Ny = "t D a2

The computational cost increases with increase in available
features ‘N’ and final required number of features ’. In this
context, pairing this method with MRMR algorithm and operat-
ing on a subset X, |X;| < < |X|can significantly bring down the
computational cost by reducing the total number of features ‘N’
from |X| to |X,|. One of the major disadvantages of this method
is that this method focuses on the individual feature importance
and does not take into account feature interaction, potentially

leading to sub-optimal solutions. This limitation can lead to a
suboptimal performance for nonlinear systems where feature
interactions can significantly affect the system dynamics. To
further investigate the impact of neglecting feature interactions,
the performance of RFA on a reduced feature set (X,) will be
compared with an exhaustive evaluation of all possible feature
combinations within X. This will lead a total number of simula-
tions given by Equation (13)

- N!
Ny, = 1;1 C(N,k); C(N, k) = KN =01 @13)
While exhaustive evaluation could be computationally inten-
sive for larger datasets, pairing this method with MRMR re-
duces the total number of simulations required. Further, this
approach enables a direct comparison and highlights the po-
tential performance loss due to neglecting interactions while
remaining computationally feasible. The findings of our study
demonstrate the broader applicability of RFA to nonlinear
systems.

6 | Hyperparameter Tuning and Model Training

LSTMs offer exceptional flexibility and power in sequential
data modelling, but their true potential hinges on carefully
selecting architectural settings known as hyperparame-
ters. Hyperparameters are key architectural parameters of a
machine learning model defined prior to model training, di-
rectly affecting the model performance and generalisation
ability. Effective hyperparameter tuning is, therefore, para-
mount for realising an efficient and well-performing LSTM
model. The hyperparameter tuning process aims to identify
the optimal combination of hyperparameter values, poten-
tially leading to greater accuracy, faster convergence, and
enhanced generalisation of unseen data. Mathematically, this
process is defined in Equation (14), where 6 represents a set
of hyperparameters and h(6) represents the objective func-
tion being minimised, which is a model performance metric
such that minimising the objective function results in greater
model performance.

0* = argminh(9)
égeG) (14)

In Equation (14), ® represents the domain of possible values
the hyperparameters can assume. For each set of hyperpa-
rameters, the model must be trained to compute the value of
the objective function. Since this domain usually represents
a large set of points and model training is computationally
intensive, defining the boundaries of this domain and select-
ing a suitable optimisation algorithm is of paramount impor-
tance to ensure efficient hyperparameter optimisation. The
study leverages the Bayesian optimisation technique as im-
plemented in Matlab. This approach constructs a probabilistic
surrogate model of the objective function, guiding informed
decisions about generating new parameter combinations
within a predefined range. The Bayesian optimisation pro-
cess continually updates the surrogate probability model after
each objective function evaluation. This sequential evaluation
of the hyperparameter ensures that the optimisation learns
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from the previous objective function evaluation and uses that
information to guide the optimisation process to track the
minimum value in a minimum number of model evaluations.
The optimisation process employs an acquisition function,
‘expected improvement plus', strategically balancing explor-
ing new regions with exploiting promising regions identified
thus far.

Prior to hyperparameter tuning, a two-layer LSTM architec-
ture was established through preliminary trials. This con-
figuration was chosen based on its initial performance and
suitability for capturing temporal dependencies within the
data. This study considers the number of hidden units in each
LSTM layer, drop-out probability and batch size in the hy-
perparameter tuning process. The number of hidden units in
each LSTM layer directly governs the model learning perfor-
mance and its capability to capture the relationship between
input and output variables. The drop-out probability refers to
the percentage of data that would be randomly set to zero; this
parameter governs the model's generalisation capability and
helps avoid overfitting. Batch size, controlling the data fed per
training iteration, presents a trade-off between frequent up-
dates, faster training with less memory (smaller batches) and
smoother gradient updates with higher memory requirements
(larger batches). The hyperparameter tuning process chooses
an optimum combination of these parameters to achieve the
best performance (minimum RMSE). A total of 40 hyperpa-
rameter combinations are evaluated to arrive at the optimum
hyperparameter combination, leading to a minimum RMSE
in the validation data set.

Having established the optimal architecture, the LSTM model
is trained using the adaptive moment estimation (Adam) al-
gorithm [44]. The Adam optimiser tackles the limitations of
Stochastic Gradient Descent by incorporating decaying aver-
ages of past gradients, enabling it to escape local minima and
converge towards the global optimum. A plateauing validation
loss-based learning rate schedule is developed to further fine-
tune the learning process. In this approach, the learning rate
was reduced by a factor of § if the validation loss remained
stagnant for n, consecutive epochs, ensuring progress towards
the minimum. A minimum learning rate was also set to pre-
vent stagnation and overly prolonged training. Interestingly,
after m reductions in the learning rate, if performance pla-
teaued again, the learning rate is increased by a factor of &.
This step ensures that the model does not get stuck in saddle
points, which are plateaus in the loss landscape that are not
the global minimum. Based on empirical observations, this
strategy often produces superior results compared to a con-
stant learning rate approach. In addition, during training, es-
pecially in deep networks, gradients can become very small,
slowing down the learning process. A controlled increase in
learning rate can counteract this issue and accelerate prog-
ress, particularly when approaching the minimum. The per-
formance of the presented learning rate schedule strategy
depends on the values chosen for m, Ny, &, and ¢ for this study
the values considered of 5, 10, 1.5 and 0.9 give good results.
These values should be selected based on the nature of the
problem and the training data. The complete process of de-
veloping an LSTM surrogate for sequence-to-sequence regres-
sion is presented in Algorithm 1.

Algorithm 1 Machine learning model development algorithm
Input: Raw data (X, y) Output: Optimised machine learning model

1: 1. Data Preprocessing

2: Outlier Removal: Apply a suitable outlier detection and removal
technique

3: Data Downsampling: Use an appropriate downsampling technique
to reduce the quantity of the data

4: 2.Feature Selection

5: Normalisation: Normalise features so that feature ranking is not
impacted by the absolute value of the data

6: 2.1 MRMR Feature Ranking:

7: forX; € Xdo

Calculate mutual information /(X;,y) between X; and y using

Equation (8).

9:  forX;eXdo

10: if X; # X; then

11: Calculate mutual information  (X;, X;) between X; and X;
using Equation (8).

12: end if

13:  endfor

14: Calculate MIQ score MIQ, for X; using Equation (11).

15: end for

16: Select a subset X; of features based on the highest MIQ scores,
accounting for a drop in scores for confidence.

17: 2.2 Initial Hyperparameter Tuning

18: Define the LSTM model architecture.

19: Select hyperparameters to tune

20: Perform initial hyperparameter tuning on X, using Bayesian optimi-
sation.

21: 2.3 Wrapper-based Feature Selection:

22: Recursive Feature Addition (RFA):

23: X =g

24: while improvement criteria met do

25: for X; € X, do

26: Evaluate model performance with X,.

27: end for

28: Select the X; that yields the best performance.

29:  Addthe selected X; to Xf™.

30: end while

31: Exhaustive Feature Search:

32: for all possible subsets of X; do

33: Evaluate model performance with the subset.

34: end for

35: Select the subset X7 that yields the best performance.

36: Choose  the  final  refined  subset: X =
argmax (performance (X&) , performance (XEP)).

37: 3.Hyperparameter Tuning (optional)

38: Further refine hyperparameter tuning on the selected subset X;.

39: 4.Model Training

40: Train the model using the selected hyperparameters and Adam
optimiser with a proposed learning rate scheduling approach.

41: 5.Model Evaluation

42: Evaluate the performance of the trained model on unseen data
using appropriate metrics.

Ensure: Optimised machine learning model ready for deployment
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7 | Numerical Results

Using the numerical model in combination with the training
data generation approach, the numerical model is used to eval-
uate the wind turbine response for the turbulent wind inflow
generated using Turbsim [34]. The time history of aerodynamic
forces acting at each node of the wind turbine blade and the
blade tip deformations are recorded. The aerodynamic forces are
the input features, and the blade response represents the target
variable.

Following the details presented in Algorithm 1, the first step
was to perform the data preprocessing. Since this study uses the
output coming from a numerical model, extensive preprocess-
ing or outlier detection is not implemented. The only prepro-
cessing carried out in this study is the downsampling of data.
The numerical model uses a time step of 0.005 s to achieve the

convergence; however, such fine resolution may not be required
in the development of the surrogate model. The downsampling
frequency should be chosen such that the dynamics of the sys-
tem are sufficiently captured without omitting any significant
frequency. In blade deformation response, the blade rotations
and the low-frequency component of wind would contribute
to the lower frequency response. As per the operating parame-
ters of the 15-MW wind turbine, the cut-in rotor speed is 3 rpm
which corresponds to 0.05 Hz. So the downsampled data should
have a frequency more than 0.05Hz to sufficiently capture the
response at this frequency. From the model training and mem-
ory management perspective, downsampling reduces the total
quantity of data, leading to faster training time and lesser mem-
ory requirements. The downsampling frequency also depends
on the model deployment conditions, as for these models, the
data should be fed at the same frequency as that of the data
considered during training. Assuming a hub-mounted light

Turbulent Inflow

\ 4

Numerical Model

Blade Deformation

BEM Surrogate

Aerodynamic

LSTM Model

FIGURE 3 | Graphical representation of computing blade deformations from turbulent inflow using a surrogate modelling approach. Details of

BEM surrogate can be found in Ref. [46].
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(b) Correlation matrix for forces tangential to rotor plane

FIGURES5 | Correlation matrix showing high correlation in feature set.

detection and ranging (LIDAR) system to measure the incoming
wind speed, the frequency of data used during training should
match the frequency of data measurement. With reference to
NRELSs research on LIDAR wind speed measurements of evolv-
ing wind fields [45], the LIDAR sampling frequency is assumed
to be 50 Hz. The data from the numerical model are sampled to
50 Hz.

To extend the applicability of the proposed model to an opera-
tional wind turbine with a LIDAR system, this study only uses
variables as measurable by the LIDAR system. The input features
for the LSTM model are regarded as the aerodynamic forces.
Since these forces cannot be measured directly on site, it is nec-
essary to derive a method to estimate them from the measured
wind speed. Earlier, the authors proposed a surrogate-based
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approach to estimate aerodynamic forces using wind speed data
[46]. This approach uses a feed-forward neural network (FFNN)
to predict the angle of attack using wind speeds, rotor speed and
pitch angle. Given that the blade element momentum (BEM)
equations are not explicitly dependent on the past values of the
governing variables, an FFNN algorithm was utilised to de-
velop the surrogate model, as FFNN operates on each input data
point individually. A physics-informed neural network (PINN)
and a data-driven neural network (DDNN) surrogate were con-
structed and validated under various operational conditions.
While a detailed discussion of this algorithm is outside the scope
of our study, interested readers can find more information in
Ref. [46]. Based on this work, it is assumed that LIDAR data can
be used with the neural network-based surrogate model of BEM
[46] to predict aerodynamic forces. These predictions can then
be integrated into the LSTM model developed in this study to
predict blade tip deformations. Integrating these two surrogate
models can allow a rapid estimation of blade tip deformations
using LIDAR measurements. Figure 3 illustrates this process
graphically.

Now, assuming that the aerodynamic forces at each blade node
is known, the aim is to identify the subset of these data which
can accurately predict the blade deformations. For the 15-MW
wind turbine blade, a total of 50 such nodes are present, and at
each node, the aerodynamic forces normal to the rotor plane
and tangential to the rotor plane are recorded. For the purpose
of surrogate model development, the first and the last blade
nodes are not considered. Therefore, the complete set of aero-
dynamic forces considered for this study has a total of 96 input
features. These features are passed through the MRMR algo-
rithm to compute the MIQ quotient using Equation (11). The re-
sults of feature scores predicted by the algorithm are presented
in Figure 4.

Using the drop in predicted feature score as the criterion, the
MRMR algorithm presents 10 features which represent the

—_

Feature number
o [Ce] (o] ~ » ()] N w N
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—_

1 2 3 4 5
Feature number

Correlation matrix of features identified using MRMR algorithm.

FIGUREG6 |

6

subset X defined in Algorithm 1. The relevant nodes chosen
by the MRMR algorithm are well distributed along the blade
length, as shown in Figure 4. The forces at these nodes can cap-
ture a unique component of the blade deformation response as
the nodes placed close to each other will exhibit a high correla-
tion, leading to less unique information. The correlation matrix
for the raw data and the data picked by the MRMR algorithm is
presented in Figures 5 and 6, respectively. These figures show
that the correlation between the features chosen through the
MRMR algorithm is very low, implying that these features will
provide unique information about the response.

Using the features identified using the MRMR algorithm, hyper-
parameter tuning is performed to determine the best combina-
tion of hyperparameters. The Bayesian optimisation algorithm
in Matlab is used for this tuning process. The bounds of values
for this optimisation are chosen based on the commonly adopted
values in literature and are presented in Table 3.

In the next step, using the set of optimised parameters, the model
is trained using the recursive feature addition (RFA) method. In
all the model training exercises for the below-rated wind speeds,
the azimuthal position of the blade and rotor speed are kept as
the constant features of a subset X, while for above-rated op-
erating conditions, the azimuthal position of the blade and the
pitching angle are the constant features. For the RFA approach,

TABLE 3 | Hyperparameter bounds considered for tuning.
Hyperparameters Lower bound Upper bound
Number of hidden layers 50 200
in LSTM
Drop-out probability 0.1 0.6
Batch size 1 15

1

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2

7 8 9 10 11
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the average RMSE value across all the wind speeds is consid-
ered as the performance metric. This algorithm keeps adding
the features until the addition of the features leads to a reduc-
tion in RMSE. The general process for this approach is presented
in Algorithm 1. The performance of the model developed using
the features identified using the MRMR algorithm is presented

Force Channels -1 Force Channels -2

Force Channels -3

in Figures 7 and 8. Figure 7 shows a qualitative representation
of model performance for different subsets of the input feature
set identified by the MRMR algorithm, where the subset size is
linearly increased by adding the features based on their feature
scores such that the feature with the highest score is added first
and then the next feature with the second highest score and so
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FIGURE 12 | Performance of LSTM model across different stochastic realisations.

on. However, increasing the number of input features may not
always lead to improved performance. This fact is highlighted
through Figure 8, where the achieved RMSE is plotted against
the number of input features considered.

From Figure 8, it is evident that the best model performance is
achieved when a total five aerodynamic input features are con-
sidered. The results for the model trained on these features are
presented in Figures 9 and 10.
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However, the wrapper-based feature selection methods are re-
quired to ensure that an optimum subset of the input features
is identified. In wrapper-based selection, first, the RFA method
is performed on the subset of input features identified using the
MRMR algorithm. The performance of the final model devel-
oped using this method is presented in Figures 11 and 12.

Following the RFA approach, the best model performance is ob-
served by considering the following input features:

+ Normal force at Node 31

« Tangential force at Node 47

« Rotor speed

« Blade azimuth angle
Figure 11 shows that the model can capture the trend of the
blade tip deformation using the information from the normal

force at node 31. The results are further improved when the tan-
gential force at node 47 is considered. The effect of adding more

TABLE 4 | Effect of number of input force channels on RMSE.

Number of nodes RMSE
1 0.5658
2 0.4758
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channels in terms of the average RMSE value is presented in
Table 4. Quantitative analysis of the loss values shows that the
addition of information from node 47 results in a 18.91% reduc-
tion in the RMSE. Since the model developed using information
from only nodes is able to capture the trend well, the need for
the addition of further nodes depends on the expected perfor-
mance of the model and the resources available at the installa-
tion location.

To study the effect of feature interaction, the model is trained
using the exhaustive feature search method. The results of
the exhaustive feature search are presented in Figures 13 and
14. The best performance for the exhaustive feature search
method is observed for the following combination of input
features:

» Normal force at Node 30

« Tangential force at Node 45

« Rotor speed

« Blade azimuth angle
To compare the performance of the three feature selection
methods presented in this study, the final RMSE obtained by
the LSTM model trained on the best feature subset identified
by these methods is presented in Table 5. It can be seen that the

exhaustive feature search method achieves better results but at
the cost of an increased computational resource.

Wind Speed-6mps-Alpha-0.070416-TI-23.0036
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g J,f”*\# M ﬂ”h il
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FIGURE 13 | Performance of LSTM model trained using exhaustive feature search across different mean wind speeds.
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FIGURE 14 | Performance of LSTM model trained using exhaustive feature search across different stochastic realisations.

TABLE 5 | Feature selection method and obtained RMSE metric.

Feature selection

method Validation data Test data
MRMR 0.5765 0.7983
MRMR + RFA 0.4758 0.5247
MRMR + Exhaustive 0.4218 0.3691

feature identification

7.1 | Dealing With Noisy Input Signals

One of the possible applications of the LSTM model developed in
this study is as a virtual sensor for analysing blade response in
operating wind turbines. Due to its ability to handle sequential
data, it is possible that this model could work online in conjunc-
tion with wind turbine controllers or be used for offline applica-
tions. In such scenarios, where the model works with real-world
measurements, the model inputs will often be subjected to un-
certainty due to measurement noise or sensitivity limitations.
To evaluate the model's robustness against this uncertainty,
synthetic Gaussian noise is introduced into the simulated wind
velocity data.

The noise levels chosen (10%, 20% and 30%) represent scenar-
ios with a high uncertainty of the measurement. While generic,
these values are chosen to be consistent with typical error
ranges considered in the literature. However, a more accurate

representation would require accounting for the propagation of
instrument-specific uncertainties in wind speed measurements
through aerodynamic force calculations. This detailed uncer-
tainty analysis is beyond the scope of this study but remains an
important consideration for real-world deployment.

The model's performance is evaluated under these noise levels
by comparing its predictions with the noise-free ground truth.
Figure 15 visually shows the impact of noise on predictions at
a mean wind speed of 8 m/s, and Table 6 summarises the cor-
responding root mean square error (RMSE) and the percentage
change observed in the mean and maximum value of predic-
tions with noisy data and the corresponding values with the zero
noise case.

To ensure that the comparison of model performance provides
statistically significant results, 10 independent noise realisations
are simulated for each noise level, and the average of RMSE,
mean and maximum values is used to calculate the deviations
presented in Table 6. The results demonstrate good overall ro-
bustness to uncertainty in the input signal. The acceptable level
of uncertainty in the input signals depends on the specific appli-
cation domain. For applications such as fatigue analysis, where
results rely primarily on aggregate statistics, comparatively high
noise levels could be considered acceptable. However, appli-
cations focussing on extreme values, such as structural health
monitoring, might be significantly affected by high noise levels.
Further detailed analysis can be performed based on the ex-
pected application of the model.
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FIGURE 15 | LSTM model predictions for noisy input data.
TABLE 6 | Effect of noise on LSTM model performance. identified by these feature selection methods on the blade are
represented in Figure 16.
Noise Achieved % Change % Change
level RMSE in mean in maxima This localisation of features through the wrapper-type
10% 0.9495 0.07 0.65 methods reveals the blade locations that capture most infor-
mation about the blade tip deformation. A further analysis
20% 1.4742 0.94 2.63 of these locations from a structural engineering perspective
30% 2.0776 3.53 5.54 shows that the locations identified through the feature selec-

8 | Discussion

The results presented in this study highlight several key find-
ings on feature selection, model performance and noise han-
dling capabilities. The filter type feature selection method, the
MRMR algorithm in particular, provides an efficient approach
to identify a most informative feature subset based on statisti-
cal properties of the data, drastically reducing the input feature
size from 96 to a mere 10 feature subset (Figures 4 and 6). The
surrogate model trained on this subset further highlights that
increasing the number of input features may not lead to better
performance (Figure 8), highlighting the need to further refine
the set of input features to extract pertinent information while
maintaining efficiency. Further refinement through recursive
feature addition (RFA) led to better results, with fewer input
features. Although exhaustive feature search yielded the best
performance, it comes at the cost of increased computational
burden. Therefore, the best choice between these methods is
based on specific application requirements and resource con-
straints. This trade-off is crucial in practical applications where
resource limitations cannot be ignored.

Analysing the locations of the chosen features on the blade
offered valuable information. The locations of the features

tion approach represent areas with lower stiffness and higher
levels of deformation. Naturally, these regions will contrib-
ute substantially to the blade tip deformations. These regions
and the corresponding mode shape and rigidity are presented
in Figure 17, where the areas are shaded using a rectangu-
lar patch.

The performance of the surrogate model has been demon-
strated by showcasing the predictive capability of the model for
a range of different mean wind speed values (Figures 9, 11 and
13). These results show that the model can predict the blade re-
sponse over a range of wind velocities encountered during the
wind turbine operation. Further, as the stochastic nature of the
inflow wind is the most significant source of uncertainty en-
countered during wind turbine operation, the performance of
the model across different stochastic realisations further high-
lights the efficiency of the surrogate in handling the turbulent
inflow encountered during the operation (Figures 12 and 14).
The results presented comprehensively demonstrate the capa-
bility of this model to predict the blade response at a minimal
computational cost. A numerical simulation of wind turbine
blades using the model described in Section 3 for a duration of
600 s requires approximately 300 s of CPU time. In contrast,
the LSTM model estimates the deformation response in less
than a second, demonstrating the computational superiority
of the LSTM surrogate model. It is important to note that the
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(a) Nodes identified through exhaustive feature search: 30 and 45

(b) Nodes identified through recursive feature addition: 31 and 47

(c) Nodes identified through MRMR: 2, 3, 31, 45 and 47

FIGURE 16 | Nodes identified through different feature identification approaches.

computational advantage does not consider the time invested in
generating training data and developing the model; however, the
advantages of employing such models for recurrent tasks like
site-specific analysis or fatigue evaluation are crucial. For eval-
uating the computational improvements, all simulations were
conducted on a system equipped with an 8-core Intel Xeon CPU
operating at a clock speed of 3.8 GHz, utilising 32 GB RAM and
running on Microsoft Windows 10 Pro. Advanced techniques
like Gated Recurrent Units (GRU), Transformers, and Neural
ODE offer potential solutions to the problem examined in this
study. However, the LSTM model provided satisfactory results,
so this study did not investigate these methods further. Future

research could aim to compare the performance of these tech-
niques with the LSTM model.

One of the major applications of this model could be as a virtual
sensor for digitally measuring the blade deformation response
due to measured inflow conditions. Since this application will
inherently require a model that can produce good results under
noisy measurements, the performance of the model under noisy
input is investigated (Figure 15). The model exhibited robust-
ness against simulated Gaussian noise, even at levels as high
as 30%. Interestingly, the noise had a more pronounced effect
on extreme values than the response’s mean values. This aligns
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with our intuition, as fluctuations in extreme values are natu-
rally more susceptible to distortion by noise. However, the ac-
ceptable noise level depends on the intended application. For
instance, fatigue analysis, primarily concerned with aggregate
statistics, can tolerate higher noise levels than applications
like structural health monitoring, which rely heavily on pre-
cise extreme value estimations. Further, delving deeper into
the specific application can inform a more detailed analysis of
noise tolerance. While this study investigates robustness using
simulated noise, it is crucial to acknowledge the limitations of
this approach. Real-world noise characteristics can differ from
assumed distributions and exhibit dynamic variations. Future
work should explore incorporating uncertainty quantification
techniques and calibration methods to bridge the gap between
simulated and real-world scenarios. Additionally, investigating
performance with actual sensor data from wind turbines will
provide a more comprehensive understanding of the model's ro-
bustness in practical applications.

9 | Conclusion

The authors demonstrated the application of LSTM in predict-
ing the blade tip deformation response time series. A detailed
algorithm to develop a machine learning surrogate for sequence
prediction addressing the most important steps in model devel-
opment is presented. A comprehensive analysis of the model's
accuracy and robustness against measurement uncertainty is
demonstrated. The following major conclusions can be drawn
from this study:

« Following the methodology presented in this study, robust
LSTM surrogate models can be developed for multivariate
time series regression applications.

« The comparative analysis of feature selection methods pro-
vides a comprehensive analysis to identify the important
features based on the required model performance and the
available computational resources.
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« The learning rate scheduling approach presented in this
study leads to optimum parameter convergence.

» The application of the surrogate for wind turbine monitor-
ing and sensing applications can reduce the number of sen-
sors required and can produce satisfactory performance.
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