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Abstract  

Difficulties with wind turbines can arise during operation due to external forces provoked by the 

wind. Calculating the deflection of the blades can be used to give break points for maintenance, 

design and/or monitoring purposes. Fiber Bragg Grating (FBG) sensors can be installed on the 

wind blades to detect signals that can be reinterpreted as deflection in different directions. In this 

project a tool was developed that can take this information in real time to analyze critical issues 

which is important to save time and operational and maintenance costs (O&M). To do so, a 

predictive model is used to anticipate the deflection in the blades caused by the impact of the wind 

in different orientations. The main purpose of this work is to show an algorithm that can transform 

optical signals from the FBG sensors into a shape calculator for the deflection for maintenance 

purposes. At the same time, it is shown that this algorithm can be used as a forecast tool taking 

into consideration the weather data.   
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1. Introduction 

The world is facing an energy transition pathway that is expected to change 
the global energy sector from a fossil-based scheme to a zero-carbon envi-
ronment thanks to the usage of different renewable technologies and sus-
tainability scenarios. One of the fastest-growing technologies in the past 
years is wind power due to decreasing prices and the high technical availa-
bility to develop new projects in onshore and offshore farms. Following the 
latest reports from IRENA (International Renewable Energy Agency) the 
global capacity of this technology has increased considerably, passing from 
7,6 GW to 564 GW, between 1997 and 2018 indicating a positive produc-
tion among the other renewable sources, accounting for 16% of the electric-
ity generated [1]. 
 

Taking into consideration the geographical conditions that provide strong 
wind speeds in some locations around the world, the total investment in 
projects in wind farms is around 100 billion dollars for onshore, and around 
25 billion dollars for offshore in the latest years [2]. Countries like Portu-
gal, the Netherlands, Sweden, Scotland, and others, are increasing the re-
search, testing and usage of wind turbines. This is done in order to supply 
the existing demand with fast and frequent service, generating unexpected 
costs on repairs and maintenance. According to the SgurrEnergy brochure, 
most wind farms are presenting an underperformance between 5 and 11% 
due to the low efficiency in maintenance protocols and procedures [3].  
 
Right now, most of the techniques used demand several working hours, 
direct interaction from operators (generating possible risk impacts) and in-
spections made by aired monitoring systems. Some companies and startups 
are using the latter as a possible solution to use monitoring systems as pre-
dictive and/or corrective analysis schemes using simulation tools like finite 
elements methods, computational fluids dynamics analysis or mechanical 
curve testing like power or beam theory [3].  
 

One of the goals that the companies are looking for in the monitoring sys-
tems and processes is to increase the effectiveness of each technique de-
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pending not just on the theory involved and equipment but also on the time 
response in execution, data transmission and treatment. With that in mind, 
the theory behind the design of an algorithm that predicts possible failures 
in some of the components of the wind turbines, like the rotor, blades, etc.; 
should follow a basic mechanical theory that could exemplify the behavior 
under different forces and give an understandable measurement to analyze. 
 
Current wind turbines suffer deformation caused by the impact of the air 
from various directions during its functionality, generating rupture in the 
material and creating a structural problem. FBG sensor technology is an 
example of one of the current researched techniques based on the obtention 
of optical signals that could be treated due to their strain response. The uti-
lization of optic fiber sensors in blades have helped to trace how this de-
formation behaves through a certain deployed time of execution, generating 
a histogram for the movement and a shape of the blades that could deter-
mine some limits in contrast of the maximum force/resistance capacity. [4]. 
 
Fibersail is one of the companies that is testing FBG integrated analysis to 
monitor and analyze the windmill blades by a shaping generator system. 
The real time information obtained by this monitoring process looks to 
monitor performance and availability in the functionality while preventing 
failures during the process, helping to decrease the maintenance costs. For 
future operational pilots using real unique shape data from the blades, Fi-
bersail looks for an efficient validation tool that could supply the parame-
ters described before taking into account large structures [5].  
 

- Question of the thesis: The previous statement opens the question 
of is it efficient to develop an algorithm based on the measurements 
made by FBG sensors to analyze the deflection on a blade and to 
potentially create a predictive-analytic model for maintenance in 
the wind sector? 
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1.1 Objectives 

 
General: 

 

- Develop a shape sensing algorithm (geometrical visualization pro-
gram) in Python of a wind blade based on fiber optic wavelengths 
positioned on the shape sensor to measure the deflection generated 
for prediction monitoring and calibration analysis. 

 
Specific: 
 

- Develop a shape calculator that converts strain data from FBG sen-
sors located in several cross sections to distance points that can 
measure deflection behavior. 
 

- Generate an automated plotting and analysis program of the blade tip 
position in Python to fulfil the demand of an enormous amount of da-
ta collected during the experimentation. 

 
- Create a script to predict weather forecast based on Machine learning 

algorithms to anticipate excessive load behaviors, helping to reduce 
fatigue and O&M costs, and extend the structural lifetime. 

 

 

 

1.2 Certification of condition monitoring 
 

Monitoring systems are gaining importance in wind power projects due to 
their ability to measure vibration and structure-borne sound at some of the 
components of the system taking into consideration several operational pa-
rameters as the power input/output, wind speed, temperature, etc.  
 
This acquired data is often used to establish boundary values that determine 
certain criteria in evaluation and validation tests, making it useful for pre-
dictive maintenance purposes. Due to the importance of the good quality of 
the signals obtained with this mechanism and the interpretation of the 
measured values to be integrated into any control system, the demand of 
guidelines that can regulate this has increased in the past years. The DNV 
GL (Det Norske Veritas and Germanischer Lloyd) guideline for the certifi-
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cation of monitoring systems defined a standard for security based in the 
quality of the measurements, the external and internal conditions of the 
components taking into consideration the material properties, application 
and function of the whole system [6]. 
 
For a general understanding of how the certification guideline works, some 
of the features presented in the references GL-IV-1 and GL-IV-4 (Guide-
line for the Certification of Condition Monitoring Systems for Wind Tur-
bines) that are taken into consideration are the following: 
 

- Principles and procedures that are taken into consideration in a vali-
dation scheme according to technical requirements (IEC 61400-22). 

- Technical requirements from standards used or implemented by na-
tional authorities, international regulations or company specifications 
not linked with DNV GL. 

- Product documents associated with DNV GL or any other recom-
mended practices provided by an engineering consultation or safety 
regulation company (ISO 13373-1) [6]. 

 

1.3 Machine learning in Python 

 
To develop a proper maintenance process in the wind power fields, the 
monitoring system usually works with long datasets to obtain a more accu-
rate result through a certain time. For the establishment of a predicted pro-
cess aided by computational programming, several companies and re-
searchers have implemented machine learning techniques to teach the pro-
gram how to react depending on specific parameters, in this case, wind 
speed, force, direction, temperature, etc. The highest efficiency is reached 
at the designed wind speed where the output power reaches the rated capac-
ity establishing a limiting value in the rotor to keep these two values close 
and reducing the driving forces of each rotor blade [7].  
 

As it was explained before, the rotor is one of the components that is more 
affected due to the air stream conditions and the turbulence generated by 
the high wind speed in the blades that are not facing the air. There is a need 
for reliable and cost-efficient monitoring solutions for the rotor, to digital-
ize the structural condition and allow for predictive maintenance plans. One 
of the best ways to store and treat big data is by using a programing lan-
guage coding source like C/C++, java, python, or an environment numeric 
computing software like MATLAB. As the main purpose is to have an easy 
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environment that can read and understand the data in a simple way, python 
is often used because it has interpreted language (run line by line), is free 
and open source with a variety of libraries and has a portability scheme to 
be run anywhere [8].  
 
To understand why machine learning can be a suitable solution for large 
datasets it is important to know what type of data the program is dealing 
with. First of all, the numerical type refers to numbers that can be limited to 
integer values or represent an infinity – steady quantity, these data can be 
seen in pricing management, signal recording, etc. The categorical data 
represent the values that cannot be measured up against each other like col-
ors, superficial characteristics, or yes/no answers. Last but not least, the 
ordinal data sets are similar to the categorical but can be measured up 
against each other, for example grades, performance schedules, mainte-
nance protocols [9]. 
Once the data is understood for a specific environment, it is important to 
understand the learning model taking into consideration the improvement of 
the performance, the execution of the task and the experience learned by the 
code. Data can be represented in different ways as figure 1 shows. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1. Performance, task and experience model – Mitchell 

[10]. 

 

The task represents the environment to define the problem, this should be 
related to a real case that can be measured or evaluated, in this context it 
should be based on the process and several data points stablished by the 
programmer. Once the program evaluates the points provided by the algo-
rithm it will generate results iteratively until the model learns by itself, this 
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would be considered as a gain of experience derived from several attributes. 
The relation between these two concepts is defined by the process executed 
by time until it reaches a point of similarity, satisfaction, which could be a 
quantitative metric that evaluates both task and experience or a matrix that 
fulfills certain requirements made by the designer. This step should get bet-
ter after a certain iterative number of runs, and it is considered as the per-
formance of the machine learning system [10].  
 
For the proper execution of these three components, there are some tech-
niques that can be executed depending on the process to be approached. 
Some examples of tasks are classification, regression, clustering, transcrip-
tion, dimensionality reduction, model selection and preprocessing; in paral-
lel to this approach, the learning method is divided in three techniques: su-
pervised, unsupervised and reinforcement learning machines. To under-
stand the performance of the machine learning model the most common 
techniques used are the accuracy score, F1 score, confusion matrix, preci-
sion, recall and sensitivity analysis, that have to deal with certain challenges 
like the quality of data, the time consuming, the lack of specialists overfit-
ting and underfitting, and deployment related with real life applications [10] 
[11]. 
 
One way to see the model reflected in python is by the libraries that can be 
implemented during the development of the task. In the current environ-
ment design for data science, the most used extensions are NumPy, SciPy, 
matplotlib and pandas to manage and organize the input values during the 
process. In the case of the machine learning model some of the most com-
mon libraries used are Scikit-learn, Pytorch and TensorFlow that are simple 
efficient open source tools used for data analysis and organization in deep 
learning [12].  
 
It is important to define the most suitable method for a specific dataset to be 
implemented considering qualitative or quantitative performance criteria. 
To establish a classification matrix it is important to define the theoretical 
and conceptual features that define the behavior of the experiment, the 
software and tools used, and the goal to achieve related with external pa-
rameters. The methodology explained in this document relates this feature 
in a descriptive environment and creates an introductory preparation for a 
qualitative comparison between data-based methods and network-based 
methods [13].  
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2. Theoretical framework 

This chapter shows some technical theorems and definitions that are used in 
current experiments in the wind power field at the same time as the equa-
tions to be used in the methodology. 
 

2.1 Fiber Bragg Grating 

 
Current research has demonstrated the good performance of optical fiber 

sensors for structural monitoring of wind turbine blades and the shape de-

tection during its operation. This kind of system operates often in a full-

scale measurement of strain and deflection emulating the behavior of a flex-

ible beam, because its geometry is like a blade profile. Nowadays new 

technologies have been developed to secure a better level of accuracy and 

efficiency during the execution considering more parameters like the tem-

perature, wind characteristics (direction, speed, etc), material properties and 

operation features [14]. Fiber Bragg grating sensing is one of the methods 

that have been presenting good performance because of its high efficiency, 

sustainability, stability, life cycle, resolution, and security. This monitoring 

system has a combined functionality of automatic data processing (for fail-

ure detection purposes) and remote transmission/taking for structural safety 

and at the same time brings an opportunity to integrate smart systems to 

analyze the information [15]. 

 

The basic principle of the FBG monitoring system consists of the capture of 

light from a certain wavelength while reflecting any other optical signal 

from the grating (grid pattern). At the same time, external temperature and 

strain changes have a major impact on the signal. Usually, the measurement 

of the strain is highly affected by the variation of temperature for which it is 

necessary to establish two possible options. The first one indicating an in-

stallation of an external temperature sensor in close vicinity to the strain 

sensor, and the second one to use a tight fiber with contact to the monitor-
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ing structure and an extra one for the temperature monitoring [15] [16]. The 

basic principle explained above is shown in Figure 2. 

 

 

Figure 2.Basic principle of a Fiber Bragg grating monitoring system 

[15]. 

 

The interaction of the reflected light with the Bragg wavelength can be seen 

in the following equation: 

λB =  2neΛ                                                                                                            

(1) 

 

In equation (1), the λB represents the Bragg wavelength, ne the effective 

refractive index and Λ the period of the grating. Equation (1) shows that the 

wavelength is a function of the refractive index and the period of the grat-

ing. During the test there is a displacement of the first wavelength from the 

Bragg, an increment of temperature and a change in the presented strain. 

 
ΔλB

λB
= (α + ξ)ΔT + (1 − Pe)ε                                                                   (2)    

 

In equation (2) α, ξ and Pe represents the thermal expansion coefficient of a 

fiber core, thermo-optic coefficient, and the effective elastic-optical coeffi-

cient respectively that react with the change of temperature and strain varia-

tion. Taking into consideration a normal fiber cable, the shift wavelength 

changes primordially because the change of temperature, but at the same 

time it can be assumed in some cases as a constant parameter between the 
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Bragg and the grating wavelength [15][4]. The following equation shows 

how the strain behaves under the previous parameters explained: 

ε =
1

1−Pe

ΔλB

λB
                                                                                                 (3) 

 

Equation (3) shows the physical strain that can be calculated by measuring 

the wavelength shift of the reflected signal of the Brigg sensor located in a 

wind blade. If the distance of the fiber grating to the neutral plane is con-

sidered, the curvature generated in the beam can also be calculated from the 

wavelength variation. 

 

k =
2ΔλB

λB(1−Pe)d
                                                                                              (4) 

 

Comparing equations (3) and (4) between the strain and the curvature, ε =
kd/2, where d is the distance of the fiber to the neutral plane and k is the 

curvature can be seen. A better way to understand how the curvature is pre-

sented in a wind blade is by using the classical beam theory where the de-

flection can be calculated if it is assumed that the blade is deformed as a 

simple beam with a small displacement [16]. 

 

One important approach to take into account is how the FBG sensors are 

used in wind blades, principally in reduced quantity due to frequent rup-

tures on it. 

 

Embedding technique: To integrate the fiber into the wind blade used a 

structural adhesive with high viscosity mixing resin and a hardener is often, 

at the same time there is a generation of voids between the two materials 

that intensify the signal distortions and need to be corrected with an extra 

filling procedure to avoid the non-uniform stresses. By adding a new adhe-

sive in the composite covering the existing layer, a structure similar to a 

sandwich is created and the voids are partially covered. It is important to 

know that this technique is not 100% effective but reduces the peak splits 

presented and also provides a better alignment of the sensors during the 

installation [4]. 
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2.2 Beam theory 

 
To understand how the curvature and deflection can be calculated in a wind 

blade assuming its behavior as a classical beam component, it is important 

to define the principal features that build this theory. 

 

- Beam: In engineering mechanics it is a component that is designed to 

support transverse loads that are applied perpendicular to a longitudi-

nal axis. The beam itself supports the load by bending thanks to the 

supports that it has; these can be rolled, pinned or fixed. 

 

Figure 3.Beam deflection by applied 

[17]. 

 

When the beam is bent by the action of the force and/or pressure presented, 

the fibers near the top contract in length whereas the ones near the bottom 

expand. The intersection of the longitudinal plane and the neutral surface is 

often called the axis of the beam and when it gets deformed, it is called the 

deflection curve [17]. 

 

- Deflection: The deflection curve of the beam represents the dis-

placement of the neutral axis in a positive upwards or negative back-

wards. The slope at any cross section is given by the first derivative 

and taking into consideration the type of material, it can be shown 

that the radius of curvature is related to the second derivative. 

 

 

      
1

R
=

d2v

dx2
                                                                                                                (5) 
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If k = 1/R and ε = kd/2, equation (5) can be represented in terms of the 

position along the blade, the deflection, the longitudinal strain, and the dis-

tance from the neutral axis. 
 

  k(x) =
d2v(x)

dx2 = −
ε(x)

y(x)
                                                                                          (6) 

 

In equation (6) the values of “y” and “x” are the distance from the neutral 

axis and the position along the blade, respectively. Taking into considera-

tion what it was expressed in equation (6) the deflection can be easily eval-

uated by integrating it twice with respect to x which makes those two con-

stants disappear since the root of the blade is zero. This is demonstrated in 

the following equation: 
 

  v(x) = ∫ ∫ −
ε(x)

y(x)
dx

x

0

dx

x

0

                                                                                   (7) 

 

The deflection in the beam can be calculated assuming that the strains be-

tween two sensing points change linearly. In Figure 4 this phenomenon can 

be seen along the blade having several sensing sections and the tip of the 

blade as the maximum deflecting point. 

 

 

Figure 4.Tip deflection of a wind turbine blade 

[4]. 

 

Figure 4. shows the displacement taken from the tip and how all the cross-
section points follow this trajectory. To understand how the wind blade 
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reacts against the wind forces it is important to know about the aerodynam-
ic features that affect the turbine. 
 

- Aerodynamic Damping: This effect is generated due to the wind-
structure interaction in the turbine and is influenced by the properties 
of the system itself, the characteristics of the blade, the steady and 
unsteady properties, and the couplings to the nacelle and tower. The 
damping itself can be taken as a harmonic motion-translation (as well 
as pitching) in a constant air stream produced as an oscillate move-
ment in different directions (commonly x and y) [18].  

 

Figure 5.Cross section damping movement[18]. 

Figure 5 shows how a cross section of the blade reacts to the damping 

movement per unit length, generating a pitch inclination and an angle rela-

tive to the rotor plane. The motion generated in each one of the axes is 

called “Flapwise” and “Edgewise” due to the rotational effect caused. 

 

- Flapwise:  Happens when the airfoil oscillates in the “y” direction 

perpendicular to the rotor plane due to the vibration caused as a cer-

tain frequency. 

- Edgewise: Happens when the airfoil oscillates in the “z” direction 

relative to the rotor plane with a relative angle due to the vibration 

caused as a certain frequency. 
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The previous definitions can be seen in Figure 6. 

 

Figure 6.Flapwise and edgewise direction on the wind turbine 

[19]. 

 
Torsional vibrations happen due to a high stiffness that causes a pitch varia-
tion corresponding to a mechanical coupling between the flap and the edge. 
In the methodology used in this work, the distance caused for the deflection 
is going to be evaluated from a geometrical point of view taking into con-
sideration the input values taken by the FBG sensors using a processing 
software that, at the same time, elaborate a suitable algorithm to describe 
and execute the process. 
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3. Conceptual framework 

To establish a proper methodology that describes the algorithm to be used 
in this work is important to identify not just the theoretical base behind it 
but also the concepts that define the coding program. For this thesis, Python 
is a good choice to interpretate and treat data generated from the FBG sens-
ing system due to the ease of use of domain-specific scripting languages 
and the variety of libraries focused on visualization, statistics, treatment, 
and image processing. In this chapter not just the concepts and arguments 
that make Python useful for this experimentation it will be shown but also 
the approach that it has for creation of complex graphical interfaces, inte-
gration into existing systems and machine learning operations [20]. 
 

 

3.1 Python Coding 

 
One of the main advantages of Python is the ability to interact directly with 

the code taking into consideration its easy learning syntax and the open-

source language that it manages (having features of Java, C, C++, 

MATLAB). In terms of data science, the multiple tools that Python has 

makes the collaboration between teams (and the community) easy, this can 

be noticed when using the Jupiter notebook tool that allows to share, re-

search, and reproduce code, data and results. As an interesting addition to 

that field , Python offers a multi-purpose environment that allows develop-

ers to address all kinds of operations from a common platform to any other 

linked language thanks to an interconnected library or another add on; for 

example if a project is coded in Java, the Jython implementation could use 

the library without rewriting the interface or base code [21]. 

 

In the data science field, one of the most important libraries is scikit-learn 

for machine learning purposes due to its wide range of algorithms covering 

major areas for supervised, unsupervised and semi supervised methods. 
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This library is mostly written in Python but has a particular add on to in-

crease the performance written in Cython, at the same time uses wrappers 

to execute algorithms like logistic regression (LIBLINEAR) and support 

vector machines (LIBSVM). It is important to define which other compo-

nents enhance the experience and functionality of this library, starting with 

the fact that it is built on top of NumPy and SciPy (scientific libraries), 

which combine perfectly with pandas (data import management) and mat-

plotlib (data visualization) [20] [21].  

Name of the 

package 

Description 

NumPy 

One of the fundamental libraries for data science in Python. It 

consists of a multidimensional array of objects that can be 

operate with mathematical and logical operations, fourier 

transformation and linear algebra calculations [10].   

SciPy 

A collection of functions that aids in advanced linear algebra, 

optimization schemes, signal processing, interpolation and 

statistical distributions. In the machine learning field, this 

library helps the algorithms with its representation of data, for 

example scipy.sparse that provides sparse matrices [20]. 

Pandas 

This add on is used for data manipulation, wrangling and 

analysis following five essential steps: load, preparation, ma-

nipulation, modelling and analysis. The key feature of this 

library is the DataFrame which consists of a table that can be 

modified and operated between columns, rows or tables. An-

other important feature of this add on is the adaptability of 

imported data from different formats (.txt, .csv, .xsl) [10] 

[20]. 

Matplotlib 

The primary function of this library is the visualization of data 

in different forms such as charts, histograms, scatter plots, and 

so on. In the coding process, this library can show figures 

directly in the browser that can be saved or added to the ex-

port data. At the same time, it provides an interactive envi-

ronment for analysis, regression, etc [20]. 

Table 1.Essential libraries to be used in Python and machine learning purposes. 

Table 1. shows some of the features that the basic “base” libraries offer to 

build a proper environment for coding and machine learning purposes. 

Once the principal environment is stablished, the code can be fed into a 
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machine learning model, but to do so, it would be important to identify the 

advantages, procedures, API involved and how it has been linked with the 

wind energy sector. 

 

3.2 Machine Learning 

 
As an introduction to understand how machine learning protocols can im-

prove codes and algorithms, it is important to know the definition of this 

model and what the principal aspects are that make it suitable for problem 

solving. 

 

- Machine Learning (ML): One principal aspect is that this model is 

about extracting knowledge from data focusing on the intersection of 

statistics, computer science, predictive analysis and learning. In the 

last decades, many projects have been developed to help computers 

and other devices to sense data in a similar way as human beings do. 

Another way to define ML technology is as an artificial intelligence 

(AI) that extracts patterns from input data using an algorithm as prin-

cipal method and providing experience as alternative output to learn 

from it before the next implementation of it [10].  

Human behavior and understanding are crucial for the establishment 

of the model craft initial decision rules and limit parameters. The ini-

tial use of hand coding rules present two major disadvantages: the 

first one is regarding the logic required to perform a task in a specific 

domain, indicating that if this task is changed or modified, the code 

might require a rewrite of the whole system; the second one is re-

garding the designing rules that, initially would require a deep 

knowledge of how the process should be and this parametrization 

should be made by a human expert [20]. 

 

The disadvantages explained above also serve as initial parameters to 

explore how ML could be useful in the resolution of several tasks 

and which areas define the “why” and “when” to use this model. The 

first scenario where this kind of model can be implemented is in the 

learning and data-driven decisions-making where the human exper-

tise is not enough, for example in exploratory systems. The second 
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scenario is the one that changes over time due to external factors or 

behaviors and the model wants to learn from the output “experience” 

to improve the performance. These kinds of scenarios are suitable for 

maintenance, network connectivity and organization. The third sce-

nario involves several domains in which humans use their expertise, 

but it is not possible to translate it into computational tasks. In this 

case, ML is useful for recognition and identification processes [10]. 

 

Machine Learning has multiple techniques that can be used to build 

models to perform solutions in the scenarios described before. These 

methods can be classified by taking into consideration the human in-

teraction or involvement with the process as supervised, unsuper-

vised, semi supervised and reinforcement [21]. 

 

- Supervised learning: This type of method takes the data sample and 

its associated output during the training process of the model to learn 

a mapping between both to perform multiple trainings. The main ob-

jective for these algorithms is to approximate the associated function 

as much as possible for when new input data is registered, the predic-

tion of the output variable can be done easily. Some examples for 

these kinds of algorithms are Decision tree, logistic regression, 

Random Forest and KNN [10] [21]. 

- Unsupervised learning: This kind of algorithm tries to extract in-

formation from data rather to predict an outcome based on previously 

generated output. Unsupervised methods are useful in scenarios with 

limits, unlike in supervised learning. At the same time, these tech-

niques do not require any supervision or guidance. One important 

feature is that the results obtained in this process have more uncer-

tainty but have the potential to gain a lot of information that was pre-

viously unavailable to view. Some examples of these algorithms are 

K-nearest neighbors and K-means clustering [10] [21]. 

 

Taking into consideration that the most common methods used currently in 

the wind energy field are supervised and unsupervised learning it is im-

portant to know some of the classes useful for the work presented in this 

thesis.  
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Supervised learning Unsupervised learning 

Classification: The key objective 

consists of predicting responses 

(output) that can be categorized 

depending on the input data of the 

model or what has been learned in 

the training phase. Mathematically, 

it is the task of approximating a 

mapping function from input data 

to a specific response training a 

classifier to develop the task [21]. 

There are two kinds of learners in 

the classification class; the lazy 

kind that waits for the testing data 

to appeare after storing the training 

results (K-nearest neighbor), and 

the eager ones which construct the 

model, spending more time on 

training and not in the prediction 

(Decision Trees) [10]. 

Clustering: This method tries to 

find patterns of similarity and rela-

tionships among data samples and 

then cluster them into various 

groups focusing on similarity based 

on attributes. The establishment of 

features or keywords might be use-

ful to create clusters near each oth-

er and make a possible overlap 

[21]. 

Some of the types for clustering 

are: centroid based, hierarchical, 

distribution based and density 

based; at the same time recent 

methodologies are being intro-

duced in clustering such as Birch 

and Clarans [21]. 

Regression: The main objective in 

this model is to value estimations 

by regression tasks, training input 

data samples to have responses as 

numeric values. This model is di-

vided in two groups: simple model 

where the predictions are formed 

from a single univariate feature of 

the data, and multiple where the 

predictions are formed from multi-

ple features of the sample [21].  

Dimensionality Reduction: These 

types of methods are used when the 

feature space gets bloated up with 

many parameters. In this case the 

model reduces the number of vari-

ables by extracting a set of princi-

pal parameters. Some of the exist-

ing algorithms in this group are: 

Principal Component Analysis, 

nearest neighbors and discriminant 

analysis. The two major classifica-

tion groups for these methods are 

the feature selection (specific fea-

tures are selected for each sample, 

no new features are generated) and 

feature extraction (new features are 

extracted from the original sample 

and reduced subset of parameters 
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contain newly generated points 

independent of the original source) 

[21]. 

Decision Tree: Is a predictive 

modelling part of the classification 

type. These algorithms can be con-

structed by an algorithmic ap-

proach that can split datasets in 

different ways depending on sever-

al conditions. One example of this 

model are the binary trees that can 

predict various outcomes depend-

ing on the fit or unfit approach 

[21]. The final outcome is an acy-

clic graph that can be used as a 

reference of decision making in-

specting one feature at the time 

[22]. 

Anomaly Detection: These kinds 

of methods are focused on finding 

out occurrences of rare events that 

typically do not occur in historical 

data processes. In this case the 

model can be used to train the algo-

rithm on training dataset having 

normal, non-anomalous samples. 

Once the code learns from patterns, 

relations and more, it will be able 

to identify less anomalous points 

[21]. 

 Association Rule-Mining: This is 

used to examine and analyze large 

sets of data to find patterns and 

rules of interest. Association rules 

are useful in predicting patterns 

based on the knowledge and it 

gains from training these transac-

tions [21]. 

Table 2.Methodologies of supervised and unsupervised learning useful in ML 
processes. 

Current investigations in the wind energy field use regression methods and 

classification standards to evaluate the behavior of several parameters ex-

tracted from wind to the generation of power. Creating predictive power 

generation schemes using wind speed information could allow ML tech-

niques to be used in weather forecasting environments. To give an accurate 

evaluation of the models used it is important to take into account some out-

come values like the error, confusion matrix and a classification report [22] 

[23]. For the evaluation and development of this wind module, different 

scenarios are deployed focused in regressive and classification models and 

validation metrics like absolute, percentage and maximum error. 
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4. Methodology 

The methodology used in this experiment was stablished following a step-

ping process that defines the algorithm and how this is implemented in Py-

thon. The data provided by Fibersail is explored in this chapter featuring the 

preprocessing, treatment and processing following the mathematic model 

(structural theory) explained before. For the development of the blade 

shape, various tests were made to find an accurate visualization of the error 

presented between the code and the laboratory procedure. Once the under-

standing of the shape calculator is done, a machine learning algorithm re-

lates the parameters of the wind with a possible outcome (like a weather 

forecast environment). 

As an introduction to understand the first part of this chapter, the stepping 

process is the following: 

1. Identify the wavelength values from each sensor, which represents 

the deflection movement presented during the test. 

2. Analyze each cross section with their respective sensors. 

3. Generate a neutral position for the data points following the equa-

tions presented before (pass to coordinate 0). 

4. Obtain the differential values for flapwise and edgewise for each 

section and the respective tip histogram. 

5. Make an interpolation process for each one of the cross sections to 

obtain a whole set of points. 

6. Apply the integration process to the new data set to obtain a final 

deflection/curvature result frame. 

7. Create a fitting method with the previous points to get the proper 

equation that would define a final curve. 

8. Compare with the image data from the lab test and check the results. 

[Validation State] 
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For the second part of this chapter, the methodology explains the treatment 

and understanding of the dataset, and the test that would manage the meth-

odologies during the process. The main objective is to produce a forecast 

focused in one specific feature, the power generated, or the deflection 

caused.  

 

Figure 7.Forecast of the actual power produced in an interval of 15 minutes. 
Source: Own source. 

 

Figure 7. shows a forecast plot of the power registered from a wind park 

taking into consideration the effects of the wind over the turbine. Following 

this relation, the model to be explain ahead will evaluate this prediction and 

find the most appropriate configuration. 

4.1 Shape Calculator in Python 

 
To create the shape of a blade, it is important to understand what it is and 

what it is valuable for. First, the shape could be defined as the trajectory 

made during the test when the blade is under the effect of external forces. 

During operation time the blades are affected by external factors like wind 

force, vibration and speed generated by the turbine, and possible impact 

with small particles. In a predictive environment, knowing how these pa-

rameters could deform the beam before the installation could save O&M 

costs and increase the generation performance [24].  

Knowing a generated shape that describes a deformation/bending move-

ment through a time series can help to identify the critical points or limits 
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that can be affected during the process. One way to register this trajectory is 

with the help of sensors that can register or transmit movement, in this case, 

the FBG sensors fulfill this requirement.  

 

Figure 8.Sensor-montage in Fibersail laboratories. Source: Fibersail 

Figure 8 shows where the sensors are in different sections of a beam during 

a test for bending purposes. The FBG sensors capture the optical signals 

generated during the test allowing the visualization of the curves (wave-

lengths) that represent the resulting trajectory. However, to understand how 

this can be taken as deflection/bending, usually for every cross-section area, 

more than one sensor is used. 

 

 

 

 

 

 

 

 

 

 

 

Figure 9.Distribution of sensors per cross-section in the beam. Source: Fibersail 
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As it can be seen in the previous figure there are four sensors in each cross 

section, located near each corner. With this configuration each sensor 

transmits a wavelength that can be imported and visualized, in this case, 

with Python. 

 

Figure 10.Wavelengths values from sensor “A” in five cross sections. 

Source: Fibersail. 

Figure 10 shows the wavelength data registered by the FBG sensors in each 

cross-sectional area. In this case the sensors are denoted with the letter’s 

“A”, “B”, “C” and “D” which correspond to “I”, “J”, “L” and “K” respec-

tively in Figure 9. With all these points taken, equation (2) can be applied 

to calculate the wavelength displacement during the test taking the first 

point as reference. 

 

Figure 11.Wavelength displacement. Source: Own source. 
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Once the displacement presented during the test is obtained the curvature 

and deflection can be calculated. However, to have a better understanding 

of how this affects the beam, it is important to deduce the displacement in 

edgewise and flapwise directions. To do that the following equations were 

established taking into consideration the scheme distribution showed in 

Figure 9. 

                                                                                                            

 

                                                         

 

Equations (8) and (9) are used to calculate the displacement made in each 

direction taking into consideration the four sensors used. As a result, the 

new points will represent the deflection per cross section, making the anal-

ysis better for the experiment. 

 

Figure 12. Differential points estimated for the flapwise direction. Source: Own 
source 

Figure 12 shows the displacement made by each one of the cross-sectional 

areas in the flapwise direction during the test. To generate a more accurate 

shape for the blade, the cross-sectional points can be used to make an inter-

polation process and generate an equation to fit a proper curve. 

 

𝐹𝑙𝑎𝑝𝑤𝑖𝑠𝑒 =  (
𝐼+𝐽

2
) − (

𝐿+𝐾

2
)                                                                      (8) 

𝐸𝑑𝑔𝑒𝑤𝑖𝑠𝑒 = − ((
𝐼+𝐿

2
) + (

𝐽+𝐾

2
))                                                             (9) 
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Figure 13. Interpolation process for one flapwise row. Source: Own source 

Figure 13 shows the interpolation process taken from five initial points 

(from the cross-sectional areas) generating a more constant curve. After this 

process two methodologies can be done, the first one focused on the inte-

gration process described in equations (6) and (7), and the second one fo-

cused on the generation of a fitting curve equation and followed by the ap-

plication of the equations mentioned before. 

 

- Integration after Interpolation: As mentioned before, after the in-

terpolation process, the resulting points were integrated twice to get 

the proper final deflection. 
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Figure 14. First integral made for one row. Source: Own source 

 

Figure 15. Second integral made for one row. Source: Own source 
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Figures 14 and 15 exemplify the double integral process described in equa-

tion (7) giving as a result the deflection curve presented during the test. To 

generate the complete shape, this process is repeated through the whole 

data set. 

- Curve fit equation and Integration: With this methodology, in-

stead of integrating the direct interpolated points, an equation to fit a 

curve was generated to give a more accurate result than the cubic 

spline. In this case the equation used to fit the curve is a fifth degree 

one where the coefficients calculated will be shown in the following 

picture. It is important to acknowledge the importance of the regular-

ization of the curve to have a better accuracy and avoid overfitting. 

The purpose of generating an equation that fit the curve is to take into 

consideration the proper behavior of the sample, however, not always 

a complex function is the best solution. The interpolation process al-

ready showed how to avoid an underfitting behavior due to the num-

ber of points obtained and the spline generated.  

 

𝑓(𝜃) = 𝜃1𝑥 + 𝜃2𝑥2 + 𝜃3𝑥3 + 𝜃4𝑥4 + 𝜃5𝑥5 + 𝜃6                         (10) 

 

A fifth-grade polynomial equation would generally give an overfit 

solution for any sample, however, looking at the high variance that 

the spline shows, this kind of functions could fit this model.  Some of 

the alternatives that can deal with this problem are: 

o Reduce the number of features involve in the sample by a 

manual selection or a filtering process. 

o Keep the features but reduce the magnitude of 𝜃 to almost 0. 

The last point explained above is the main goal for the regularization 

process. To do so, the curve-fitting library in python uses an optimi-

zation background that establish as an objective the minimization of 

the coefficients. 
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Figure 16. Curve fitting equation to parametrize the cubic spline. Source: 
Own source 

Figure 16 shows the equation generated for the regulation process to 

give a better accuracy in the results. In this case the value for “x” cor-

responds to the number of sections that the test has and, which also 

could be the number of desired sections to visualize the curve. 

 

Figure 17.Curve fitting visualization. Source: Own source 

The curve visualized in Figure 17 shows a “smoother” version in 

comparison with the one in Figure 15, obtained just with the interpo-

lation process. 

These two methodologies are also applied to the edgewise direction 

to obtain the interpolation adjustment and the curve fit equation. 
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Figure 18. Second integral made for Edgewise direction. Source: Own source 

 

Figure 19. Curve fitting for Edgewise direction. Source: Own source 
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It is important to establish an automated process for the previous methodol-

ogy developed in Python to recreate the second integrations and the curve 

equations for all the data rows that the input data has. At the same time, a 

validation scheme is necessary not just to approve the resulting shape but 

also to calibrate both the code and the Fibersail equipment.  

 

4.2 Automated analysis in Python 
To generate a proper shape that can be compared with the image system 

(deflection generated by Fibersail equipment) given by the company, it is 

crucial that the python code runs in all the data points to have a histogram 

from the tip of the blade. In this experiment, analyzing the histogram made 

by the tip in flapwise and edgewise directions would give the moments 

where the beam deflects in a positive and/or negative way [14]. 

 

Figure 20. Histogram from the tip made in the Flapwise direction. Source: Own 
source 
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Figure 21. Histogram from the tip made in the Edgewise direction. Source: Own 
source 

Figures 20 and 21 show the behavior of the tip calculated with the curve fit 

equation through all the data points. In both cases, the steps represent the 

grade of bending of the beam during the test showing a higher activity in 

the beginning of the flapwise and at the end of the edgewise. For the valida-

tion of these results, it would be useful the import data from the image sys-

tem to visualize the shape desired and the tip behavior from the experiment. 

 

4.2.1 Testing vs Image 
One way to validate the test is to intercalate both histograms of the tip (test-

ing vs image) in a single graph and observe the differences presented. 

 

 

Figure 22. Histogram comparison between the Image system and the coding pro-
cess. Source: Own source 



 

 43 

Figure 22 shows the intercalation of the histogram resulted from the deflec-

tion process (blue), the one generated by the curve fitting equation (orange) 

and the one prevised by the image sample. The first thing to observe is that 

the error presented in the flapwise is considerably smaller than the one pre-

sented in the edgewise, where in the peak points, the error is big. In the 

same image, the steps are divided by areas to identify the behavior of the tip 

in both image and test.  

 

 

Figure 23. Behaviour of the beam according to the areas presented in the histo-
gram. Source: Own source 

 

The oscillation presented in the figure above shows all the stages of the 

deflection presented in both directions, flapwise and edgewise. One of the 

principal aspects that can be noticed is that the behavior of each area is mir-

rored in one direction respectively to the other one. To validate a proper 

comparison with the image system of this movement a more detailed obser-

vation of a point in one of the areas is necessary.  
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Figure 24. Shape comparison for points 1200 and 60 from Curve fitting/Deflection 
and Image System in flapwise direction, respectively. Source: Own source 

 

Figure 24 shows two points from Area 1 (row 60 and 1200 from the image 

and curve fitting respectively) that has a decreasing or negative bending 

behavior. The difference/error shown between both shapes is minimum 

indicating a good performance and validation for the results. 
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Figure 25. Shape comparison for points 4900 and 196 from Curve fit-
ting/Deflection and Image System in edgewise direction, respectively. Source: 

Own source 

Like the previous case the shape obtained from the two methodologies in 

edgewise is like the one prevised by the image system indicating a small 

error in their behavior. It is important to acknowledge that the resulted data 

from the curve fitting/deflection process has a different scale due to the 

geometrical interpretation taken in the beam theory. Commonly a shape 

factor is necessary to interpret these results properly. However, for this ex-

periment, the behavior and tendencies of the curve have more weight for 

comparison purposes.  

 

 

Considering the validation schemes presented before, the shape calculator 

algorithm is adequate to be used in different tests, for calibration proce-

dures and experiments based in the rotor. Once that the program is validat-

ed under the parameters defined by the laboratory a new code that relates 

𝑆ℎ𝑎𝑝𝑒 𝐹𝑎𝑐𝑡𝑜𝑟 =
𝐿𝑒𝑛𝑔𝑡ℎ+𝑤𝑖𝑑𝑡ℎ

𝑇ℎ𝑖𝑐𝑘𝑛𝑒𝑠𝑠
/

𝐿𝑜𝑎𝑑𝑒𝑑 𝐴𝑟𝑒𝑎

𝐵𝑢𝑙𝑔𝑒 𝐴𝑟𝑒𝑎
                                                 (11) 
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the characteristics of the wind with the parameters given for/by the turbine 

(stability, power, etc) is created. 

 

4.3 Predictive module based on Machine Learning 
 

This chapter will show a Python code that takes into consideration some 

parameters from the wind in relation to the performance of the turbine. As a 

predictive module is desired to be used for maintenance and design, this 

code will be built as a ML program. As the turbine is under the effects of 

the wind during operation, it is important to define the parameters that are 

necessary for training this module. 

 

Parameter Importance 

Speed The speed is directly related to the impact against the 

blade that generate a deformation force. 

Temperature Due to the material properties and the temperature gen-

erated by the operation on the turbine, this aspect can 

generate a deformation that could affect the perfor-

mance. 

Gust This sudden increase in the speed can give a better un-

derstanding of specific peaks or failures in the blades. 

Direction Defines the direction of impact in the blade that produce 

deflections in flapwise or/and edgewise. 

Table 3. Wind parameters related to the power generation and deflection. [23]. 

 

Taking into consideration the parameters shown in Table 3, the machine 

learning model can be designed to focus on the different methodologies 

explained in Table 2. For this module, generally the most used methodolo-

gies are the classifier, regression and decision-based ones. The source to 

obtain these parameters should be subject to an official institution that regu-

lates the set of data by different time intervals and meteorology schemes. 
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Figure 26. Wind data obtain with TenneT GmbH under the Royal Netherlands 
Meteorolog-ical institute (KNMI) regulations[25] [26]. Source: Own source 

Figure 26 shows the wind parameters extracted by Visual Crossing Corpo-

ration under the KNMI regulations [25], and the power availability regis-

tered as a total generation and offshore contribution by TenneT GmbH [26]. 

In this case the dataset obtained corresponds to three days of signal taking 

of weather and functionality of a wind park in the Netherlands. For this 

dataset, it is important to make a pre-processing to categorize the values 

presented in classification or range scales. 

For classifying purposes, the given data for the wind direction, that initially 

is in degrees, could be expressed in terms of cardinal points or coordinates. 

Another possible classifier parameter could be the day, the month or the 

year for a time series track purpose. As part of the pre-processing, it is im-

portant to identify the empty or “null” values in the data set, which in some 

models can be considered as perturbances or irregularities.  

 

Figure 27. New data set visualization with the cardinal point column. Source: Own 
source 

Figure 27. shows the cardinal points taken as a reference the brosen wind 

rose scheme. For this classification, the mean direction value (deduced by 

range) was taken into consideration to designate the proper cardinal direc-
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tion. The irregularities presented are filled with the median since it is more 

robust than the mean and can be classified easily. This reinterpretation is 

also used to approximate or classify the speed, gust and direction data into a 

range of values. With the dataset ready the forecast model can be build fol-

lowing the methodologies explained in chapter 3.2 and recurring to differ-

ent testing to see the proper performance. 

 

4.3.1 Wind parameters/power forecast modelling 
 

For an appropriate modeling of a prediction algorithm, it is important to 

define a test that allows the evaluation of the raw data through the method-

ologies selected. In this case the modelling is divided in three to see the 

performance of the three techniques discussed in the beginning of this chap-

ter: regression, decision tree and classification. 

 

- First Testing: This test is orientated to a regression analysis based 

on the forecast of one parameter, in this case, the power generated by 

the wind turbine. The first step is to evaluate if the model is station-

ary or not and verify if whether amount of data is enough or not. A 

time series is stationary when it doesn’t contain seasonal or trending 

effects, making it easier to treat and analyze.  

 

Figure 28. Adfuller library to test if the time series is stationary or not sta-
tionary. Source: Own source 

Figure 28. shows how the adfuller (Augmented Dickey-Fuller) is 

used to analyze the dataset. To define the result, the process is based 

on two hypotheses that indicates if the data has unit root or not de-

pending on if the evidence (observed points) is weak or strong. As its 

final result the test should show a negative number that the higher it 

gets, the more likely it is of being stationary  [27]. As the set in this 
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experiment consists of three days of measurements regarding the 

weather and a wind park production in the Netherlands, the seasonal 

or variance component is represented in the daily change (from 

morning to evening).  

 

 

Figure 29. Adfuller results. Source: Own source 

 

Figure 29. shows the adfuller result that, in first instance shows a 

negative value but is not that far away from 0. As for this first test the 

forecasted target is the actual power presented, this one has 193 

points in total where 188 from those were used as observations. Due 

to what was said before, the ADF shows that this time series is non-

stationary as was expected. 

 

Working with a time series shows a constant evolution of the points 

registered, however there should be a correlation between these steps 

that shows the strength of their relationship. The autocorrelation pro-

cess shows the tendency of the points to be related with each other 

through a specific testing time [28].  

 

Figure 30. Autocorrelation process. Source: Own source 

Figure 30 shows how the data get correlated after a certain number of 

lags, in other words, iterations. The descending points represent the 

evolution of the data points, indicating a lower independence where it 

gets close to the axis. The blue range shows the evolution of the au-

tocorrelation specter reaching an almost constant phase [29]. Another 
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way to see this relationship is with the partial autocorrelation func-

tion that shows a summary of the interaction of the time series with a 

lagged version of itself [29].  

 

 

Figure 31. Partial Autocorrelation process. Source: Own source 

In comparison to Figure 30, the blue area in this case shows a con-

stant behavior after the removal of any other effect of past correla-

tions. The main difference with the autocorrelation process is that the 

partial visualization only describes a direct strong relationship with 

the lag avoiding indirect dependence on the previous observations 

analyzed [29]. 

 

The final step of this first testing is the analysis of the time series 

with a regression-based model. To take into consideration the lagged 

observations made and direct/indirect independence of the observed 

point and the errors, the Autoregressive Integrated Moving Average 

model (ARIMA) can be applied to this test. The parameters involved 

in this model are the lag order (# of observations included), the de-

gree of differencing or number of times that the lags are differenced, 

and the moving average (size of the average window) [30]. 
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Figure 32. First ARIMA model configuration. Source: Own source 

 

To start understanding the model, the first configuration has one lag 

for autoregression, a value of 0 for the difference order and a moving 

average number of 0. At the same time the residual errors that can 

contain information not taken in the model and the density of these 

values can be visualized. 

 

Figure 33. ARIMA model results. Source: Own source 

The results of the first configuration show the number of observa-

tions taken into consideration, the standard error and the trending 

function. As it can be seen, the standard coefficient is 0.9988, almost 

1 indicating a very close approximation for the predicted data. How-

ever, these results are based on a first configuration that avoids some 

of the characteristics that the time series showed before, like the non-
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stationarity and the proper number of lags presented in the autocorre-

lation process. 

  

Figure 34. Residual trend and density error represented as a gaussian bell. 
Source: Own source 

The residuals presented in the figure above show a trend of infor-

mation points not used in the model, at the same time, the density 

shows a non-zero mean and a 0.2% of error. The summary of this 

process can also be visualized. 

 

 

Figure 35. Summary of the results taken from the ARIMA process. Source: 
Own source 

In Figure 35, the mean, standard deviation and max/min points are 

shown. One aspect to take into consideration from this summary is 

that the mean has a negative value far from zero, indicating that the 

error can be improved, and the model refined. For the forecast train-

ing model, an iterative process should be done to find a fitting con-

figuration that reduces the error and gives a mean close to zero. 

 

- Second Testing: The second test is focused on a prediction model 

that takes as training values another registered set of data, the wind 

properties. As preparation, the data should be cleaned to represent a 

proper relationship between the wind parameters and the power de-
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livered by the turbine. For this pre-processing the following aspects 

are being considered: 

o Wind speed values smaller than 3.5 and bigger than 25.5 are 

removed. This is because according to the turbine power 

curve, the turbine works between these values. 

o Wind speed values bigger than 3.5 with active power is zero, 

which means the turbine is out of order, so should be avoided. 

o The loss that represents the difference between the Offshore 

contribution (MW) and Actual Power (MW). 

Taking the previous parameters in consideration, a summary of the 

wind speed data after the cleaning process can be visualized in the 

following figure. 

 

 

Figure 36. Summary of the wind speed data points after the cleaning proce-
dure. Source: Own source 

In the previous figure, the speed values are organized taking into 

consideration the points registered and adding a column that counts 

how many points share this same value. Another important value 

shown in the summary is the loss percentage calculated once the off-

shore contribution is taken away. The losses oscillate between 35-

67% which is normal in the wind energy field, but also shows the 

importance of the offshore contribution. To have another perspective, 

a summary of the wind direction can be obtained. 
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Figure 37. Summary of the wind direction data points after the cleaning 
procedure. Source: Own source 

Looking at the classification of wind direction, the point where more 

power is produced can be seen, and the average wind speed is regis-

tered in that set of coordinates. This understanding is important to 

have a previous vision of where the crucial point for design and 

maintenance will be in the future, in other words, the point the fore-

cast should focus on. The previous tendency can be seen also in the 

total generation graph. 

 

Figure 38. Total generation graph, power curve vs wind direction. Source: 
Own source 

Figure 38 shows the distribution of the power generated in different 

wind directions registered, indicating that the west points registered 

the highest values. Looking at these west-direction points, the speed 

values can be visualized thanks to a wind rose chart. 
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Figure 39. Wind rose chart showing the speed distributed in the different 
directions. Source: Own source 

The wind rose chart presented above is divided in degrees that repre-

sent the cardinal zones and, at the same time, shows the distribution 

of speed registered. Reaching the same conclusion as in Figure 38, 

the most concurred directions, also with the highest speed values, are 

the west directed points.  

The model to be trained should take into consideration the crucial 

points explained before. To do so, a validation method would test a 

part of the set using a certain remain data, like a cross-validation in-

tuition model. The K-Fold model gives the possibility to create sub-

sets for training to evaluate the mean and standard deviation to obtain 

the performance of each fold. As an input configuration, the number 

of splits should be given, also if it is required to shuffle the data be-

fore the splitting and the order of the indices that randomize each 

fold [31]. 

 

Figure 40.K-Fold configuration. Source: Own source 
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As initial configuration, the number of folds should be higher than 2 

to get a proper initial comparison, at the same time shuffling of data 

is advisable to get a better performance of the training. For the esti-

mator process, there are several techniques to reduce the complexity 

and prevent over-fitting.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 4. Techniques used for prediction models. 

For a proper comparison of the techniques showed in Table 4, the 

mean can be extracted, and the standard deviation of the folds evalu-

ated. However, these models do not work very well with global sets 

of data because the prediction errors already made which can’t get 

corrected by prior models. As it was explained in chapter 3, decision 

tree models are often used to manage largest sets as the wind proper-

ties or/and weather register points. To evaluate the performance of 

decision tree models, the R2 score,  

and the mean square error (MSE) can give a correlation level value 

and the average difference of the errors. As one of the goals is to 

reach a high performance and efficiency, the boosting to work should 

be high. The XGB (Extreme gradient booster) and LGBM (Light 

gradient booster) regressor models support the previous requirements 

explained and give a faster training process. 

Technique Description 

Lasso Regression The absolute sum of the coeffi-

cients which values increase from 

0 until penalize, then decreasing 

in order to reduce losses [32]. 

Ridge Regression Makes the model simpler but dont 

reduce the number of variables, 

but minimizes it [32]. 

HistGradient 

BoostingRegressor 

 

Useful for big datasets and miss-

ing values. The model learns from 

each sample while the training 

tree grows [33]. 

KNeighborsRegressor 

 

Based on interpolation taking as a 

reference the nearest neighbors of 

sample. 



 

 57 

 

Figure 41.XGB first configuration. Source: Own source 

 

 

Figure 42. LGBM first configuration. Source: Own source 

 

Figures 41 and 42 show the first configuration of the gradient booster 

techniques taking 100 as initial number of estimators and a learning 

rate below 1. To evaluate the performance of the prediction, increas-

ing the estimators should give a better forecast that fits the objective. 

 

- Third Testing: As one of the important sets is the wind direction, a 

model that classifies the rest of the data under this parameter would 

give an important forecast for design, maintenance or defects detec-

tion.  

 

Figure 43. Wind parameters to be consider for the classification model. 
Source: Own source 

As it can be seen in Figure 43, the parameters to be considered are 

divided in two groups, “y” the set objective to be trained and “x” the 

one to be classified. The wind speed, direction (in coordinates), the 

gust, cloud cover and humidity conform group “x” and the direction 

expressed in cardinal points the group “y”. For this classifier meth-

odology, the models used in previous tests could give an interesting 

approach. 
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Figure 44. Models for the classifier model. Source: Own source 

As it can be observed in Figure 44, the tests listed correspond to re-

gression and decision tree models but, for comparison purposes, a 

support vector machine is added. For the evaluation of the test in 

turn, the k-fold validator can be used to make the splits and extract 

the mean and standard deviation scores, as it was used in the second 

test. 

 

Figure 45. K-fold cross validator. Source: Own source 

For the prediction validation the values to be used are the accuracy 

and precision score, to see how certain the classification at the end 

was. At the same time, the confusion matrix and the classification re-

port give a better insight into how this process was taken and evalu-

ated. In comparison with the other two tests, the classifier model is 

shorter and easy to understand, however the result gives just a first 

input to be consider in maintenance or design of the wind turbines, 

but not a specific set of numerical values to be analyzed. 

 

To obtain an accurate validation of the methodologies explained in this 

chapter, several tests should be conducted to evaluate the performance un-

der different circumstances. In the case of the shape calculator, some of the 

possible scenarios can be the data points obtained in the laboratory, a static 

behavior and rotational movement of the blades (simulating the wind tur-

bine functionality). For the ML modeling, the forecast parameters can be 

changed until they reach a level of satisfaction for the prediction that can 

fulfill the standards of each test and bring accurate data that can be used for 

maintenance or design.  
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5.  Results 

This chapter is focused on showing the results obtained from the different 
tests made to validate the shape calculator program and the performance 
statistics of each machine learning test explained and the improvement ad-
justments to reach an acceptable prediction. 
 

For the shape evaluation, a total of six tests were implemented where four 
of them belonged to experimental data sent from the lab, one generated on 
live transmission and the last one deployed in a rotational movement, simu-
lating the performance of a wind turbine. For the machine learning code, 
two scenarios are taken into consideration: the first one analyzing the 
weather data obtained and variating the parameters of the test to increase 
the accuracy, and the second one analyzing real data provided by a wind 
turbine to predict a shape.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 46. Fibersail laboratory. Source: Fibersail 
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5.1 Plot comparison 
 
 
As an initial validation scheme, the observation of the trend generated by 
the deflection algorithm and the curve-fit equation against the behavior of 
the image system should give an input that validates the results. An initial 
test is important to analyze the first configuration and the precision of the 
points generated. 

Figure 47. Test 1, Flapwise histogram comparison. Source: Fibersail 

 
The histogram presented in Figure 46 shows a diphase on the samples gen-
erated by the deflection and curve-fit, and the image system. In the “x” axis 
a previous displacement of the points generated by the program can be no-
ticed, indicating that the time sample is escalated by a certain factor. Look-
ing at the “y” axis, the values of both trends are similar but on a different 
scale, confirming the previous statement. Now, to validate the proper shape 
of the program, two points can be chosen from the samples to see the dif-
ferences of their trends; it is important to not choose the same point, but the 
ones which trends look similar. 
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Figure 48. Comparison of points 150 from the image and deflection sam-
ples. Source: Own source 

As it can be seen in the previous figure, both shapes overlap upon each oth-
er, following the same trend. Observing the values from each sample, the 
difference in comparison with the image system is a factor of 100, a value 
that could refer to the previous difference of time explained or a shape fac-
tor that should be applied. The same observations made for flapwise, must 
be done for edgewise. 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 49. Test 1, edgewise comparison of Image and deflection samples. Source: 
Own source 
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Figure 50. Comparison of points 100 from the image and deflection samples. 
Source: Own source 

Figures 49 and 50 show the histogram and shape comparisons for the 
edgewise direction of test 1. In this occasion the displacement is a bit high-
er but still related to the difference times of the probes. The difference fac-
tor for the shape observed is 10. 
 
This first test shows as a validation result that although the calculator pro-
gram works in describing the proper behavior of the data, the image sys-
tems seem to not be calibrated. These aspects must be considered to per-
form a better validation of the following tests. 

 
 
 
 
 
 
 
 
 
 
 

Figure 51. Test 23.2, Comparison of histograms for image system and deflection 
samples in a) Flapwise and b) Edgewise. Source: Own source 

For the test 23.2, the comparison of the histograms shows the same time set 
for the deflection and the image system, indicating a proper calibration be-
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tween samples. Both trends present a similar behavior respective their im-
age equal, however there is still some error in the measurements. 

 

Figure 52. Test 23.2, Comparison of shapes for image system and deflection sam-
ples in a) Flapwise and b) Edgewise. Source: Own source 

 
Figure 52 shows the trends of the shapes of points 250 and 100 for Flap-
wise/edgewise vs image system respectively. The visualization of these 
points in the flapwise trend can be taken as an example of the importance 
and utility of the shape calculator because, in this case, the behavior of the 
image sample presents a failure at the end, but the curve fit gives a possible 
fix sequence of points. The error showed in this shape is about a factor be-
tween 20 and 50 in both cases, lower values in comparison with the previ-
ous test (100 and 10) 
 
Test 51 has a difference behavior in comparison to the previously men-
tioned experiments. In this case, the flapwise and edgewise have a similar 
behavior during the performance in the laboratory and were performed for a 
longer time.  
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Figure 53. Test 51, Comparison of histograms for image system and deflection 
samples. Source: Own source 

The validation of the test shows a good calibration and register of the wave-
lengths indicating not just a similar time set, but also that both trends in the 
histogram have a small error. By making a direct comparison it can be de-
duced that the dimensional error is a factor of 100.  
 
 

 

 

 

 

 

 

 

 

Figure 54. Test 51, Comparison of shapes for image system and deflection sam-
ples in a) Flapwise and b) Edgewise. Source: Own source 

The shapes presented in the previous figure show a similar trend for both 
directions in point 10000 but changing the sign (even though it has the 
same behavior, in one it has a positive trend and in the other a negative 
one). The edgewise shape in this case shows a bigger margin of error in 
some points, an effect that was already observed in the edgewise shape 
from past tests.  
 

As an important validation parameter, a live testing procedure is necessary 
not just to observe the calibration and execution parameters described be-
fore, but also to evaluate the accuracy and precision in the register. 
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Figure 55. Live test, Comparison of histograms for image system and deflection 
samples in a) Flapwise and b) Edgewise. Source: Own source 

 

One important feature observed in this test is, that even though there is a 
positive calibration, due to the lag presented during the take, there is an 
error presented in some parts of the set. In the flapwise a bigger difference 
in the beginning of the experiment can be noticed but at the final stage it 
gets normalized. In the case of the edgewise, the difference and diphase is 
bigger but the trend on both histograms is the same. 

 

 

Figure 56. Live test, Comparison of shapes for image system and curve fit samples 
in a) Flapwise and b) Edgewise. Source: Own source 

Figure 56 shows the shape comparison between the image system and the 
flapwise and edgewise direction generated by the curve fit equation. The 
flapwise trend shows a similar behavior with a tiny error in the beginning, 
but in the case of the edgewise, the behavior is quite different. The image 
system shape shows an inconsistence, like noise in the sample; but on the 
other hand, the one generated by the curve fit represents a steadier behav-
ior. Taking the last statement into consideration, the curve fit could be a 
more useful solution in terms of analyzing the performance of a test and 
identifying the proper trend in deflection. 
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As a final environment for the validation of the shape calculator, a rotation-
al simulation test is performed. The previous tests help to validate in com-
parison to the image system, however this test is focused on the perfor-
mance between the normal deflection calculator and the curve fit equation. 
 

 

Figure 57. Rotational test, Comparison of histograms deflection and curve fit sam-
ples in a) Flapwise and b) Edgewise. Source: Own source 

 
The histograms presented in the previous figure defers in comparison to the 
ones observed in previous tests. In both cases, the first part of the experi-
ment shows a bigger movement that became smaller through the time of the 
test. At the same time, the flapwise deflection is bigger than the edgewise, 
showing a dominance due to the rotation of the blade. The curve fit trend is 
basically the same as the deflection one, just a little bit more precise, which 
can be observed in more detail in the shape. 
 

 
 
 
 

 

 

 

 

Figure 58. Rotational test, Comparison of shapes from deflection and curve fit 
sam-ples in a) Flapwise and b) Edgewise. Source: Own source 

 

The shapes presented in figure 58, show the deflection from point 1600 in 
flapwise and edgewise directions. In this case the curve fit equation per-
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forms a good representation of the deflection, synchronizing almost perfect-
ly with the points generated by the direct calculations.  
 
After the comparison of each test to their image system counterpart, the 
validation of the calibration and trends generated by the deflection calcula-
tions, and the evaluation of the curve fit equation are accepted as a suitable 
option for design and prediction purposes for wind parks. Once the first 
methodology is validated, the second one should pass by a performance 
improvement of the tests explained. To do that, the next subchapter will 
show the results of the machine learning program and how this could be 
improved. 
 

5.2 Performance Analysis 
 
To evaluate the performance of the machine learning methodology, it is 
necessary to validate each of the tests showed before starting from an initial 
point. For a proper evaluation of each test, some parameters must be con-
sidered to approach an accurate and precise validation of the results.  
 

- First Test: The initial point in this test is the first configuration of 
the ARIMA model explained in the methodology section. This initial 
modeling has an order of (1,0,0) and take the whole data points for 
the actual generation (kW). 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 59. Starting configuration and evaluation metrics. Source: Own 
source 
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Figure 59 shows in first instance the initial partition for the testing in 
the forecast, taking from the data 15 points to be tested. At the same 
time, it shows the metrics to be taken into consideration for the prop-
er analysis of performance, where mean absolute percentage error 
(MAPE) is the one to have in more in consideration.  

 

 

 

 

 

 

 

 

 

Figure 60. Metrics results for initial configuration. Source: Own source 

 

As it can be observed, the MAPE results show a 16.66% of error in 
the testing, indicating that the partition of data was acceptable for the 
learning process. However, the mean absolute error (MAE) is quite 
high (the ideal value should be close to 0) and the correlation factor 
is small (as it was explained before, should be near to -1 or 1). One 
way to improve the performance of the learning process is by taking 
a specific rage of the data to be trained, separated from the testing 
one. For this test, the partition between the training set and the testing 
one is by a factor of 95%, which means that just 5% of the set would 
be used for testing. 
 
 

 

 

 

 

 

 

Figure 61. Metrics results for partition training/test. Source: Own source 

 

The MAPE value in this case is around 6.4% of error which is a good 
result, while the mean value is lower indicating a better accuracy in 
the test. One factor to take into consideration again is the correlation 
factor that is like the one obtained in the initial configuration.  
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Figure 62. Forecast result for partition training/test. Source: Own source 

 

In Figure 62 the trend projected for the tested points is represented 
with a green line, the grey area is the error generated by the learning 
outcome and the orange line shows the real data. In this case the 
forecast trend shows a linear behavior, that confirms the low correla-
tion factor. Due to the previous statement, as an improvement point, 
the initial ARIMA configuration can be altered to reach a better pre-
cision. A way to obtain a possible new configuration can be the per-
formance of a SARIMA model. 
 
 

 

 

 

 

 

 

 

 

 

 

Figure 63. SARIMA Results. Source: Own source 

 

The results of the SARIMA model shows that the best configuration 
for this data set is (3, 1, 3) and (2, 1, 0) if the goal is to achieve a 
more precise model. 
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Figure 64. Metrics results for configuration (3, 1, 1). Source: Own source 

The result of the new configuration shows a 13.64% of error and 0.44 
of correlation, thus the values are not as good as the ones obtained in 
the previous arrangement.  

Figure 65. Metrics results for configuration (2, 1, 0). Source: Own 

source 

 
The MAPE value in this last configuration shows an 8.8% of error 
and a 0.477 correlation factor, which is higher than the ones present-
ed before. This arrangement delivers a good prediction model that 
can be useful to build a more robust one taking into consideration the 
seasonal change. Nevertheless, to reach this next assumption, a big-
ger set of data that shows a more notorious seasonal impact is need-
ed. 
 

- Second Test: For this test, the learning program was based in not 
just one data column as in the previous one but taking into considera-
tion three parameters as reference. 
 

 

Figure 66. Training parameters. Source: Own source 
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Once the parameters are defined for the training, the models ex-
plained in the methodology can be evaluated generating as scores the 
mean value and the standard deviation. 

Technique Mean squared Standard dev 

Lasso 2859.8850 886.3780 
ridge 2855.3836 889.4115 

HistGB 3133.6540 1083.0922 
KNR 2999.0835 740.2738 

XGBRegressor 1462.01273 -- 
LGBMRegressor 1825.9013 -- 

Table 5. Techniques results for evaluation. Source: Own source 

Table 5 shows the different results obtained with the techniques 
showed in the methodology. As it was used in the previous test, the 
mean value obtained should be used as a decisive point to choose two 
models. XGB and LGBM regressors got the best results with 1462.01 
and 1825.9 respectively. As a starting point, the number of estimators 
for both models are the same and the levels used are the standard. 
 
 

 

 

Table 6. R2 results for Regressor models.  Source: Own 

The R^2 results show that the XGB regressor model has a better per-
formance due to the predictability of the dependent variables. This 
can be observed in a graphic that compares the forecast with the ac-
tual data. 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 67XGB forecast vs Actual generation. Source: Own source 

Model R^2 score 

XGBRegressor 0.606917 
LGBMRegressor 0.386893 
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Figure 68. LGB forecast vs Actual generation. Source: Own source 

 
As it can be seen in the previous figures, the XGB trend expresses a 
fluctuating behavior like a seasonal change, but the LGB stays con-
stant. Even that the curve fluctuates, it has a constant future represen-
tation. The main reason for this phenomenon is the lack of data 
points to train the model; usually for this type of weather forecast six 
months of historical registers are necessary as a minimum size set. 
To improve the forecast of these models, the number of estimators is 
increased to 500, 750 and 1000. 
 

 XGB LGB 

500 0.8796 0.4520 

750 0.91269 0.47156 

1000 0.93889 0.4850 

Table 7. R2 results for 500, 750 and 1000 estimators. Source: Own source 

 
As it is shown in Table 7, increasing the number of estimators also 
increases the affinity of the forecast to reach a good prediction. An-
other important observation is that the LGB model needs more esti-
mators to perform a good seasonal approach due to its linear back-
ground. 
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Figure 69. XGB and LGB forecast for 1000 estimators. Source: Own 
source 

As it can be seen the XGB trend aligns better with the actual genera-
tion curve with 1000 estimators. The LGB curve shows a fluctuating 
behavior that assimilates more to the desired forecast; however, it 
still has a linear based performance. Increasing the number of estima-
tors could require a higher computational power and time for pro-
cessing. So, for both models, the best way to reach a highest R^2 
score is with a bigger amount of data. 
 

- Third Test: For the classifier test, the set is divided into two groups 
for validation and training. As in the test before, for the learning base 
six features are chosen to train the model and classify it under anoth-
er parameter, in this case, the wind direction. 
 
 

 

 

Figure 70. Data split for classifier model. Source: Own source 

After the splitting of the set, each one of the techniques explained in 
the methodology are performed to evaluate the accuracy in the mean 
and standard deviation.  
 
 

 

 

 

 

Figure 71. Classifier results for each model. Source: Own source 



 

 74 

 

The previous results show the accuracy of the models taken from a k-
fold division (18 folds) with a random performance. As a first in-
sight, the accuracy of all the models is similar, between 80 and 90%. 
Another way to visualize these results is by a box chart. 
 
 

 

 

 

 

 

 

 

 

 

 

Figure 72. Visual algorithm comparison. Source: Own source 

The algorithm comparison shows the different margins/ranges that 
each model has for this data set. Even though KNN, NB and SVM 
have a close accuracy, the range is narrow and could affect the preci-
sion of the test. LR, LDA and CART obtained a lower score but their 
margin for action is wider. Now, once the models were evaluated for 
their own performance, it should be evaluated again in a prediction 
environment. 
 
 
 
 

 

 

 

 

 

 

 

 

 

Figure 73. Prediction evaluation for SVC (Virtual Machine) model. Source: 
Own source 
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Figure 72 shows the evaluation for the SVC model in a predictive 
environment. The two major scores in this evaluation are the accura-
cy and precision of the prediction. For the SVC the accuracy is 
around 0.87179, a good value to describe the trend. However, the 
precision is 0.4358 indicating that the values present a big error in 
comparison to the training data and the classification set. For the rest 
of the models, the results are shown in the following table. 
 
 
  

 

 

 

 

 

 

 

Table 8. Accuracy and precision results for the classifier models. Source: 
Own source 

According to Table 8, the two most adequate models for a classifier 
algorithm are the linear regression and the decision tree, showing a 
high precision score and a good level of accuracy. It is important to 
acuate that with a higher data set, these values can increase especially 
in a decision tree environment. 
 

 
Once that the models are validated following the test’s parameters, the al-
gorithm can be used to predict more values related to the turbine besides the 
generated power, vibration or deflection, the protagonist parameter of this 
experiment. To perform an analysis of a real turbine, the measurement of 
the wavelengths or deflection points, should be coordinated with a weather 
register that has a similar data time sample. 

  

Model Accuracy Precision 

LR 0.92307 0.95945 

LDA 0.87179 0.43589 

KNN 0.6923 0.42187 

CART 0.87179 0.70714 

NB 0.87179 0.43589 

SVM 0.87179 0.43589 
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5.3 Real Time Analysis 
 
A real time series for deflection points was provided by a third-party com-
pany in the Netherlands who has an alliance with Fibersail. The data set 
was performed in 10 minutes with a total of 76800 rows registered in 10 
cross sections.  

Figure 74. Histogram of the real-time dataset. Source: Own source 

The deflection points showed in the previous figure were taken in a facility 
near Medemblik with FBG sensors. With the shape calculator, the flapwise 
and edgewise movements are predicted generating the proper curve fit 
equation. 
 
 

 

 

 

 

 

 

 

 

Figure 75. Real time Flapwise and Edgewise calculation. Source: Own source 
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As it can be seen in Figure 74, there is more incidence in the flapwise de-
flection than in the edgewise, but this second movement presents greater 
variation through the time sample. 
 

 
 

 

 

 

 

 

 

 

Figure 76. Flapwise and edgewise shape from point 40000. Source: Own source 

 

Figure 75 shows the deflection shape for point 40000 that following the 
respective histogram, represents a negative bending movement in both sides 
with similar magnitude. To understand how this deflection is affected by 
the weather parameters, it is important to visualize the trends of the speed 
and direction in Medemblik. 
 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 77. Wind speed vs Wind direction. Source: Own source 
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Figure 76 shows the incidence of the wind speed in each direction regis-
tered on site. As it can be seen, the highest incident is in the north direction 
but the highest speed point registered lays in the western area. One way to 
understand how the deflection is performed when these parameters affect 
the turbine is relating them in a plot chart. 
 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 78. Flapwise vs Speed. Source: Own source 

 

A graphic relation shows how the deflection points have certain incidence 
by the speed during the test. Even though the information presented shows 
some critical points, there is not a specific trend that represents a time se-
ries. To do that, the machine learning methodologies can give an approach 
of how the trend can be assumed as a time series and be used for predictive 
purposes. 
 
In the first instance the model is stationary indicating a seasonal variance in 
the timeline. As the first tests just analyze the deflection itself (correlation 
scheme), the ARIMA configuration for this model is (3,0,0) avoiding the 
fluctuating behavior that can be produced by a wind parameter. As the test 
designed was aimed at performing a 95% of partition between the training 
set and the testing one, the amount of data for the experiment is significant-
ly larger than the one used before. 
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Figure 79. Forecast vs Actual for the tip. Source: Own source 

 

Observing the forecast trend, the result presents a wide range of error that 
represents an accurate result for the learning process, however the final 
estimation with this test is linear. 
 
 
 

 

 

 

 

 

Figure 80. Metrics results. Source: Own source 

 

The MAPE result shows a 2.15% of error and a median of 0.0388 for the 
data set evaluated, indicating a good accuracy in the model. However, the 
correlation factor is way farther from 1, giving a value of 0.05 that repre-
sents the non-fluctuation of the linear projection. To overcome this variabil-
ity, the deflection trend should be trained respective to some parameters of 
the winds, like speed, direction, gust, humidity, etc. 
 

 mean_squared_error r2_score 
XGBRegressor 0.024721 0.691610 
LGBMRegressor 0.04114 0.14571 

Table 9. Results for Regressor models. Source: Own source 
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As in the weather results the two most adequate techniques to be used were 
the extreme and linear gradient boost regressor, these models are used tak-
ing into consideration 30000 estimators. This last value was chosen due to 
the high number of rows taken in the sample. However, if the experiment 
includes an even higher value, the score won’t change because it is reaching 
a convergency state. Like the weather prediction scheme, the most accurate 
model is the XGB giving a similarity score of 69.16% and mean lower than 
in the previous test. 
 

Figure 81. XGB and LGB prediction trends. Source: Own source 

 
Figure 80 shows the trends generated by the prediction models explained 
before. The XGB model shows a more accurate result that can be taken as 
an initial point for prediction, however, the precision needs to be refined. 
This last detail happens due to the small data set of 10 minutes; with a sea-
sonal variance of data (like a 6-month data set) the precision can be in-
creased. 
 
For a possible classifier test where the deflection shape can be distributed 
into different cardinal directions, the same techniques must be evaluated to 
see which ones perform better. 

 Figure 82. Classifier models results. Source: Own source 
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In this occasion, the models that show a better accuracy score are the KNN 
and CART with 0.188062 and 0.207465 respectively. This does not mean 
that they are the most adequate for training since the learning range should 
be wider. 
 
 
 

 

 

 

 

 

 

 

 

 

 

 

Figure 83. Algorithm comparison for classifier models. Source: Own source 

 

As it can be seen in Figure 82, the previous result is validated for the KNN 
and CART models, that show a better prediction range for the training pro-
cess. For the simulations of each technique in a learning environment, the 
results are the following:  
 
 
 

 

 

 

 

 

 

 

Table 10. Accuracy and Precision results for Regressor models. Source: Own 
source 

Table 10 shows the different results obtained from the training modeling of 
the classifier techniques taking into consideration the deflection and wind 
direction. As it can be seen the best model for a classification environment 

Model Accuracy Precision 

LR 0.179906 0.01499 

LDA 0.19889 0.10271 

KNN 0.19032 0.17115 

CART 0.20584 0.17637 

NB 0.16683 0.06964 

SVM 0.1799 0.01499 
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is the decision tree technique that shows a decent level of accuracy and the 
highest precision score of the whole set.  
 

The results of the three tests made with real data are like the ones per-
formed with the weather forecast scheme but, at the same time, indicate a 
big inflection point that is the size of the data set and how it should be (in 
this area) to generate a good learning outcome. 
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6. Conclusions 

In this work, a shape calculator program was developed to understand the 
deflection caused in the blades of the turbines by an external (or induced) 
force. At the same time, this program is validated for predictive purposes, 
calibration and design. Taking the same path, the machine learning algo-
rithm developed presents a first overview of the possible behavior of the 
weather parameters through a certain time and how this interact with each 
other With this outcome, both calculator and predictive code are joined to 
identify a potential trend, shape or tip behavior that can be caused by the 
wind in real time. For a more detailed conclusion for this work, the conclu-
sions can be divided into accuracy, performance and precision. 
 

- Accuracy:  
 

o The shape calculator results show a good approach of the data 
in comparison to the image system procedure developed in 
the laboratory. The trends obtained allow to visualize the pos-
sible behavior of the blade following the optical signals, how-
ever the result does not have the real size due to the lack of a 
shape factor. The latter means that for analysis and under-
standing of the blade geometry, the shape calculator is suc-
cessful. 

o The linear regression and gradient booster models show a 
high accuracy score for the learning process oscillating be-
tween 60% and 96%. To reach a high percentage of this score 
is important to use a bigger number of folds and estimators 
that can create an iterative learning process. 

o The real time data experiment shows a good trend behavior in 
the visualization of the shape to be used for deflection predic-
tions. Comparing this behavior to the predicted tip performed 
by the different techniques, the trend error is not big, and the 
accuracy score is between 2-3%. However, the latter said 
does not mean that the result is precise. 
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- Performance:  
 

o The curve fit calculator has a better performance in compari-
son to the normal beam theory calculator. The coefficients 
generated fit the equation arrangement (order) that explains 
each one of the shapes that represents the deflection spec-
trum. Using the curve-fit saves two process steps compared to 
the deflection calculator, in other words, it saves time. 

o Having more than one data reference for a classification mod-
el changes the performance due to the increase of learning 
rate. At the same time, having a bigger data set could help 
avoid the usage of several parameters, estimators and/or 
folds. 

 
- Precision: 
 

o The real time data and the live test shows the importance of 
calibration not just to reach a certain level of accuracy in the 
trend but also to reach a precision between the generated 
shape and the possible image system measurements. The ab-
sence of the shape factor is a sign of the lack of precision. 

o The regression models are good to aim accuracy trend in a 
prediction model, but often avoids the stationary or non-
stationary component. The gradient boost models focused 
more on the precision alignment with the R^2 score and in the 
case of a classification scheme, this score is important to 
maintain the learning/testing range. 
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7. Importance of the project 

The main reason for this project is the creation of a model that can interpret 
different sets of data to make a predictive environment that can be used for 
design, analysis, maintenance, cost reduction, etc. One of the main ques-
tions that opened this document was how to perform this model in a good 
way, taking into consideration the software to interpretate the data and the 
sources to obtain it. As a second important reason for this modeling, the 
aim to reduce operational/processing time for the analysis of the signals is 
crucial for the determination of the proper methodology. For example, the 
shape calculator background was initially performed in excel to understand 
the process and compare it to the proper algorithm in Python. 
 

Shape calculator attempt Time of performance 

Excel – solver/interpolator add-on 00:01:48:45 temp (h/min/sec) 
Python algorithm 00:00:08:35 temp (h/min/sec) 

Table 11. Initial time of performance. Source: Own source 

 

The Python algorithm considerably reduces the operational time of the 

stepping process for the shape calculator. Comparing the calculator perfor-

mance with the live test, the time of performance was 48 minutes while all 

the adjustment made in the lab with the image system and the registration 

of the results took 1 hour and 15 minutes.  

 

Each of the chapters in this document represents an important aspect that is 

necessary to understand to reach the proper goal to aim for. Some of the 

competences that can contribute to the prediction and reduction schemes 

are the following: 

 

- Data Science 

- Analytics 

- Maintenance 

- Programming 
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- Engineering 

- Physics 

- Mathematics 

- Meteorology  

 

 

7.1 Learning Outcome 
 

The principal learning outcome is related to the prediction scheme itself and 

how to reach it properly. The difference of accuracy and precision is im-

portant at the time to evaluate if the model fits all the requirements and 

goals stablished.  

 

Another important learning outcome is the proper implementation of py-

thon and its libraries. Understanding how each one of them interacts with 

each other offers the possibility to “play” with some of the parameters to 

evaluate the performance and realize a convergence analysis to reach an 

optimal result.  

 

As an outcome, the testing of a real data set can bring more inconveniences 

due to the high fluctuation that appear in the registered points. Even though 

the theoretical base claims a certain amount of data to train or to be tested 

in a different set of environments, at the time that this real factor is related 

with another continuous register the conditions change. For a real data set, 

the time series should be treated as a non-stationary model that reacts with a 

seasonal environment aiming for a bigger set of data points. 
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8. Recommendations 

As a final chapter of this document, several recommendations should be 
considered if future work is to be done. Some of these suggestions are the 
following: 
 

- Involve a more powerful machine to reduce the operational time for 
the pre-processing, filtering, post-processing, and learning models. 
One example of this situation is at the time of combining the shape 
calculator with the machine learning methodology where several li-
braries must be loaded and subprocess must be done. 

- For the creation of a more robust machine learning algorithm, a 
deeper convergence analysis should be done to evaluate all the mod-
els under the same parameters and create an iterative process that can 
bring an optimal solution. 

- Use a bigger data set (6 months minimum) for a prediction environ-
ment that relates not just the characteristics of the wind turbine per-
formances but also the variability of the weather data that can be af-
fected due to seasonal changes. As a future optimal aim, the percent-
age of precision for the forecast should be higher than 80% with an 
accuracy higher than 95%. 

- As a possible solution for the proper detection of the deflection 
shapes, a double forecast algorithm can be put in practice. This dou-
ble model can be focused on the prediction of the weather data for 
one side, and the deflection of the blade by the other side. At the end 
a classification or comparison analysis could be done to reach an in-
flection point between the two target sets. 

- As it was explained in the results, the prediction of the generated 
power can be useful if it is mixed with the behaviour of the blades, 
specially to reduce O&M costs and save maintenance time. 
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