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Abstract 

 

Concentrated Solar Power (CSP) and Wind Turbine (WT) energy are 

an alternative to the conventional energy sources. There is a 

significant rising in new and sophisticate CSP and WT farms due to 

global energy demands. They require improving the operational and 

maintainability in this industry. A proper predictive maintenance 

program is required to detect defects at an early stage, to reduce 

corrective maintenance costs and increase the reliability, availability, 

and safety. Recently, Structural Health Monitoring (SHM) systems 

and methods have been developed for Wind Turbine Blades (WTB) and 

CSP pipelines. SHM is a key technique for measuring and evaluating 

structural integrity in the new “smart-blade” concept, which involves 

the entire WTB life cycle, including design, operation, maintenance, 

repair, and recycling. Pattern recognition techniques play an 

important role in fault detection and diagnosis.  

Different damages or faults have been analysed in this research work 

for WTB and CSP: Delamination is a common problem in WTBs, 

leading stress areas that can generate the partial or complete rupture 

of the blade; dirt and mud on WTB reduce productivity and can 
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generate stops and downtimes; ice on WTB increases the surface 

roughness and reduce the aerodynamic efficiency, generating an 

imbalance in the rotor that produces stress in WTB and drives train; 

the absorber tubes in normal working conditions must withstand high 

temperatures, that could cause faults, e.g. corrosion, in areas such as 

welding, or it can cause hot spots due to defects or corrosion. 

The thesis deals with a novel research on Advanced Analytical 

Methods in Maintenance Management based on Ultrasonic Guided 

Waves. The main objective of this research is to approach different 

techniques of Pattern Recognition using ultrasonic Guided Waves 

(GWs) applied to WTB and CSP.   

The aim of this research is to provide new solutions for locating, 

detecting and classifying damages in WTBs, e.g. delamination, ice, dirt 

and mud, or in CSP, e.g. notch, temperature analysis, etc. Pattern 

recognition methodology has been developed in two main blocks: Signal 

Processing techniques, e.g. Wavelet Daubechies Energy, Times 

Frequency Analysis and Energy Attenuation, and; Machine Learning 

by the analysis of Linear and Nonlinear models at different frequency 

levels. 

Keywords 

Maintenance Management; Wind Turbine; Concentrated Solar Plant; 

Condition Monitoring; Ultrasonic Guided Waves; Pattern Recognition; 

Wavelet Transform; Machine Learning; Neural Network; Classifiers; 

Fault Detection and Diagnosis. 
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1 Overview 

1.1 Background and Motivation 

1.1.1 Advanced Analytics in Maintenance Wind 

Turbine 

Wind Turbines (WT) are one of the fastest growing sources of 

renewable energy production. Nowadays, the major economies are 

focused on to develop this industry in offshore. The main problems 

found in any wind farms are: 

• It is complex to evaluate and simulate the characteristics of the 

wind. 

• The large investment costs. 

• Operation and maintenance tasks are complicate and expensive.  

Most of the WTs are three-blade units. Once the wind drives the 

blades, the energy is transmitted via the main shaft through the 

gearbox to the generator. At the top of the tower, assembled on a base 

or foundation, the housing or nacelle is mounted and the alignment 

with the direction of the wind is controlled by a yaw system. There is 

a pitch system in each blade. This mechanism controls the wind power 

and sometimes is employed as an aerodynamic brake.  
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Wind Turbine Blades (WTBs) are working in heavy conditions, e.g. 

environments, impacts, muds, etc. [1]. It generates high mechanical 

loads that requires important maintenance tasks to provide accost-

effective power output, and care the life cycle of the equipment [2-4].  

The main objective in this industry is to maximize the Reliability, 

availability, maintainability, and safety (RAMS) of the WT, i.e. this 

industry requires to the reduction in operating and maintenance costs 

and increased reliability of wind turbines [5,6]. Therefore, according to 

the resources, the maintenance task will be done in the WTs that have 

productivity [7]. It will lead to predict any preventive/predictive 

maintenance task over the time [8]. The importance measurement will 

define the components of the WT that need a maintenance task.  

Every fault has associated a downtime that will lead to set the time of 

the maintenance task. The downtime can be defined as the period that 

is required to carry out the corresponding maintenance task. The 

downtime depends on endogenous and exogenous variables. 

Commercial turbines have incorporated a basic Condition Monitoring 

System (CMS) [9]. Some non-destructive testing techniques are used 

in the Condition Based Maintenance (CBM) to prevent critical failures 

in the main components, e.g. blades, gearbox or tower [10,11]. 

Monitoring can be processed online or in certain time intervals. The 

procurement of accurate data is critical to determine the occurrence of 

a problem and the solution to apply [12,13]. Different techniques are 

available for CMS: Vibration analysis; acoustic emission; ultrasonic 

testing techniques; oil analysis; thermography; other methods [14]. 

Data acquisition is the first step of the CMS process [15]. It measures 

the required conditions, e.g. sound, vibration, voltage, temperature, 

speed, etc. The sensors and placement are critical. Signal processing 
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introduces the handling, e.g. Fast Fourier Transform (FFT), Wavelet 

Transforms, hidden Markov models, statistical methods and trend 

analysis, and storage of data. Fault Detection and Diagnosis (FDD) 

involves both CMS and the signal processing. 

Ultrasonic Testing (UT) is a non-destructive technique used in 

Structural Health Monitoring (SHM) [10]. UT are generally used for 

the detection and qualitative evaluation of the surface and structural 

defects [16,17]  

The aim of this research is to provide new approaches for detecting and 

classifying damages in WTB such as delamination, ice, dirt and mud. 

Pattern recognition methodology has been developed in two main 

blocks: the first, by means of Signal Processing techniques and second, 

by Machine Learning (ML) through the analysis of Linear and 

Nonlinear models at different states. 

1.1.2 Advanced Analytics in Maintenance 

Concentrate Solar Plant 

In Spain, thermal solar energy increased its electricity production in 

2017 to 5,347 GWh in the first nine months of the year, i.e. an increase 

of 5.5% over 2016 and a historic record for electricity generation by 

solar thermal power plants. Badajoz is the province that has generated 

more solar thermal energy, with more than 1,570,000 MWh, followed 

by Seville (with almost 919,000 MWh) and Ciudad Real (743,000 MWh) 

[18]. 

Similarly, the solar thermal power plant has increased its contribution 

to the energy mix to 2.2% of total electricity generation in Spain, with 

demand coverage peaks of over 10%, reducing the significant increase 

in the efficiency of solar thermal power plants. 
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According to data estimated by Red Eléctrica Española, in 2017, 22.6% 

of electricity production came from nuclear power, 17.4% from coal, 

13.8% from the combined cycle, 19.2% from wind power, 11.5% from 

cogeneration, 7.3% from hydropower, 3.2% from photovoltaic solar 

energy, 2.2% from solar thermal power, 1.3% from waste and 1.3% 

from solar energy. 

Non-destructive testing (NDT) for fault detection and diagnosis (FDD) 

in structures has more importance nowadays due to the advances in 

instrumentation technology and digital signal processing [19-21]. 

Techniques for SHM leads the FDD and their location on the basis of 

changes in static and dynamic structural features [22]. The capability 

of NDT to prevent the evolution of faults to catastrophic failures is one 

of its main advantages, resulting in the achievement of better 

reliability, availability, maintainability and overall cost reduction of 

the system [23,24].  

GWs are a common technique employed for SHM into the NDT field 

[25-27]. This technology is based on the excitation of low frequency 

ultrasonic waves flowing along the pipeline over long distances. It 

allows inspections of large pipes without any relocation of the 

interrogating unit [28]. 

The cost of Linear Fresnel Receivers can reach 30% of the overall CSP 

cost. Therefore, the correct maintenance of the receivers is important 

to assure the competitiveness of a CSP [17,29-31]. The average annual 

Parabolic Trough Receivers (PTR) replacement rate was about 5.5% in 

the first years of CSP (1997-2001) [32]. Nowadays, it has been reduced 

to 3.37 % [33], and forecasts indicate that the replacement rates could 

decrease up to 0.5 %. 
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The overheating, or tube thinning, has been analysed by 

thermographic inspection [34]. The thermograms got by infrared 

cameras are unreliable because of the presence of the glass envelope 

and cermet coating.  

Magnetic Flux Leakage, Eddy Current Testing, Ultrasonic Testing, 

etc., are employed as conventional Non-destructive Evaluation to 

inspect insulated pipes [28]. The removal of pipe insulation is time-

consuming and can potentially result in damage to both pipes and 

insulation. Moreover, removal of the insulation is only safe during 

plant shutdown, since corroded or cracked pipelines may rupture 

during the removal process while they are still in-service, posing an 

unacceptable risk to the safety of maintenance engineers.  

Tangential radiography can be applied for the detection of corrosion in 

in-service pipelines without the need of removing the insulation [35]. 

However, its use involves health and safety considerations and, 

therefore, exclusion zones need to be imposed before radiographic 

inspection can begin. It is also impossible to inspect every single 

section of insulated piping.  

Conventional Long Range Ultrasonic Testing (LRUT), or guided 

waves, based on piezoelectric transducers on the other hand, can be 

employed for the inspection of long section of insulated pipes but only 

during a planned outage [36]. The installation of the inflatable ring 

containing the piezoelectric transducers also requires the removal of 

the insulation in the area that the ring is mounted on. Since there is 

always a risk of pipe rupture, the ring can only be safely installed when 

the pipe is out of service. Even if the pipe is known to be defect free, 

the piezoelectric elements (typically lead zirconate titanate or PZT 

crystals) and inflatable ring are not designed to operate at 
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temperatures above 120°C, that is much lower than the operational 

temperatures of in-service CSP pipelines.  

LRUT based on Electromagnetic Acoustic Transducers (EMATs) can 

be applied without the need of physical contact of the sensors with the 

inspected tube or surface. EMATs operate to long distance and can be 

also designed with a cooling circuit to maintain their temperature 

constant always. EMAT design is simple, consisting of a rare earth 

magnet or DC electromagnet and a coil excited by an alternating 

current fed at ultrasonic frequencies [37-39]. In contrast, piezoelectric 

transducers are much more expensive (>€300/unit), and their 

performance deteriorates with time, particularly when operating at 

adverse environmental conditions. The quality of the piezoelectric 

elements also needs to be assessed to ensure an acceptable level of 

consistency from batch to batch. EMAT rings can be permanently fixed 

in any area of interest on the pipeline, regardless of the temperature 

of the fluid contained into the pipe. EMATs perform continuous 

monitoring of a section of solar receiver piping or insulated piping at a 

very low cost and without the need to perform any post-installation 

maintenance on the inspection unit.   

Structural defects found in solar receivers and insulated pipes can be 

classified either as critical or non-critical. Non-critical defects are those 

which do not compromise imminently the structural integrity of the 

solar receivers and insulated piping or the safety of CSP plant 

operations. Critical defects are those which can unexpectedly result in 

failure of the solar receiver and pipes, potentially compromising the 

power generation process [28].  

The purpose of this thesis is to design a FDD [4,40-42] model using 

ultrasound signals, together with advanced signal processing methods, 
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to monitor the structural assessment of PTR in a CSP [38,43-45]. On 

the other hand, to eliminate temperature detection devices, it has been 

possible to obtain temperature ranges by means of lamb waves by 

means of pattern recognition through ML. 

1.2 Ultrasonic Guided Waves: Lamb Waves 

Discovered by Horace Lamb in 1917, Worlton [46] introduced lamb 

waves as a method of damage detection in 1961, laying the basis for 

the use of lamb waves as a prominent non-destructive tool for 

assessment. 

Lamb waves are a type of GWs that can be easily generated in 

structures such as plates or shells [47]. It can detect structural changes 

inside the material or on its surface [48]. Lamb waves propagation is 

confined between the two surfaces, and the attenuation is lower for this 

type of geometries. The longitudinal modes of Lamb waves produce a 

particle displacement which is perpendicular to the direction of wave 

propagation. Longitudinal Lamb waves are composed of two different 

vibration modes: symmetric and anti-symmetric modes [49].  

 

Figure 1.1 Propagation modes of Lamb waves: Symmetric (left) and Anti-symmetric 

(right) [50]. 
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Several phenomena appear in the propagation of Lamb waves, such as 

dispersion, different phase, velocities and vibration modes, etc. In 

composites, an anisotropic material, the slowness factor is important 

because of the propagation velocity depends on the propagation 

direction, i.e. WTB are composed of layers of fibres with a specific 

orientation, and the wave propagation is sensitive to the fibres 

direction [51]. 

The interest in Lamb waves to identify structural damage has 

increased in recent years [52-58]. Lamb waves have the property of 

propagating for long distances in plates and sheets and its application 

is useful for covering large areas [59].  

A review on the state of the art of Lamb wave-based damage 

identification approaches for composite structures is done in [51]. 

Reference [60] presents a new Lamb wave-based delamination 

detection technology that allows detection of delamination in a single 

wave propagation path without using prior baseline data or a 

predetermined decision boundary. A numerical modelling and 

simulations of PZT-induced Lamb wave propagation in plate-like 

structures by using the spectral finite element method is introduced in 

reference [61]. A pattern recognition is employed in reference [62], 

where the accuracy is increased by algorithm by the reconstruction of 

the baseline signal.  

There are novel research studies that show the fault detection in pipes 

by Lamb Waves inspection [63-65]. Fault identification using Lamb 

waves is in an early stage of development compared with other 

techniques, e.g. ultrasonic scanning. Depending on the directions of 

propagation, GWs in cylindrical pipes can travel in circumferential or 

axial direction. Gazis et al. studied the propagation of harmonic waves 
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in a long elastic hollow cylinder [66,67]. Fitch, Silk and Bainton 

[65,68], applied and studied the different wave modes in hollow 

cylinders. 

The Guided Wave mode selection and the excitation frequency depend 

on the type of defect. In the references [69,70], it is suggested that the 

S0 is more sensitive to detect cracks located in the centre of the 

thickness. However, the S1 is more efficiency for detecting cracks close 

to the surfaces. The calculation of the reflection factor for a 

longitudinal mode showed that close to the first cut off frequency there 

were many mode conversion, and the results found were not clear 

enough. The problem could not be analysed employing lower-

frequency, i.e. it did not present a clear sensitivity to detect small 

cracks. The results are good when the shear horizontal mode is used. 

The shear horizontal circumferential GWs were used for detecting the 

crack. 

Different methodologies to detect and locate cracks in pipelines by the 

Time of Flight (ToF) and the analysis of the Lamb waves propagation 

have been done. Tua et al. used it for the detection of cracks in an 

aluminium plates with welds and pipes [71,72]. The novel approach 

presented in this work identifies, determines the size and locates 

defects in pipelines for short distances. The approach finds a solution 

and then it is validated analysing the signal that flows by other way, 

presenting a novelty regarding to the state of the art. 

There are only a few references that consider GW ultrasonic signals in 

SHM on the blades of wind turbines. Altabey and Noori show a review 

of methodologies based on Lamb Wavelets and ANN developed for the 

detection of damage in composite structures [73]. Feklistova and Hein 

identify the size and location of delamination in homogeneous and 
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composite laminates using an aggregated approach that combines 

Haar, SVM and ANN Wavelets [74]. Pavlopoulou et al. developed a 

work based on the SHM in real time of adhesive composite repairs, 

using guided ultrasonic waves with post-processing techniques of 

signals by Features Extraction (FE) and Features Selection (FS) by 

Principal Components Analysis (PCA) and Nonlinear Principal 

Components Analysis (NLPCA) [75]. Panu Pratumnopharat et al. 

carried out a new approach using Meyer's Mexh, Meyer, Daubachies, 

Morlet and Discrete Wavelets to obtain a history of horizontal axis 

stress time on the wind turbine utilizing vibration signals [76]. 

Wavelets transforms are employed to analyse the Lamb waves and to 

diagnosis the ice, mud, and delamination condition on the WTB 

surface. Morlet Wavelet Transform has been also employed for filtering 

the signal.  

1.3 Outline of thesis 

Chapter 2 shows a general introduction to the Recognition of Patterns 

and Damages studied in this research. Chapter 3 introduces the 

Wavelet Transformed Filtering Techniques employed in this thesis as 

well as the case studies of application. Chapter 4 presents the 

methodology for patterns recognition employing different signal 

processing techniques. This chapter describes the case studies for 

detection of diverse levels of ice and mud in WTB, and notches 

detection and location in CSP. Finally, a new pattern recognition 

approach based on the energy attenuation curve of the ultrasonic GWs, 

employed to study the damage in pipelines. Chapter 5 shows a pattern 

recognition by ML. New approaches based on non-linear and Nonlinear 

Autoregressive Exogenous (NARX), hierarchical Nonlinear Principal 
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Component Analysis (h-NLPCA) or Neighbourhood Component 

Analysis (NCA), are employed in Chapter 5 to SHM by feature election 

and selection Chapter 6 presents the case studies. The cases are 

analysed by ultrasonic signals in single frequency and multi-frequency 

mode, together with multilevel states. Different case studies have been 

evaluated for detection and classification of delamination, ice, and mud 

on WTB, and temperature in CSP pipelines. Chapter 7 shows the 

conclusions and the future works. 
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2 Introduction 

2.1 SHM and Pattern Recognition  

Smart technology is a term widely used in the field of intelligent 

materials and structures which a control system responds to the signal 

from sensors, detecting disturbances, processing information, and 

transmitting the corresponding reaction to actuators. Therefore, SHM 

systems are classified as a category of smart systems. According to 

Ostachowicz et al. [77] SHM techniques can be classified into: 

Vibration, Guided Waves, Fibre Optic, Acoustic Emission, Differential 

Pressures, and Electromagnetic fields based methods, etc. Farrar and 

Sohn applied pattern recognition SHM, where the approach is 

summarised in the four stages shown in Figure 2.1 [78]. 

 

Figure 2.1 Methodology SHM. 

Data acquisition and normalization involve the following process: the 

choice of sensors and their location, the normalization procedure of the 
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data collected, and the selection of the data to be used in the feature 

selection process. There are numerous pre-processing techniques for 

signal processing, such as Fourier Analysis for stationary time-

invariant, and time-varying methods, such as Wavelet, time-

frequency, and time series analysis methods. The main methods for 

time frequency analysis are: Short Time Fourier Transform (STFT), 

Wigner-Ville Distribution (WVD), among others. In this thesis the 

Wavelet Transform will be used for certain processes due to the 

advantages mentioned below. [79].  

Dimensionality reduction techniques have been developed to remove 

noise and redundant features by Feature Extraction (FE) and Feature 

Selection (FS). FE contains the characteristic information of the signal 

that distinguishes between a fault or free of fault in a structure [80]. 

FS selects the number of terms that are more appropriate for the model 

created for fault detection and diagnosis, and the dimension of the 

dataset is reduced [78,81]. FE and FS techniques most frequently used 

in the literature are Markov models, linear regressions, Reduced Order 

Modelling (ROM), Singular Value Decomposition (SVD), Independent 

Component Analysis (ICA), Proper Orthogonal Decomposition (POD), 

Principal Component Analysis (PCA), Non-Linear (NLPCA), 

Multidirectional Principal Component Analysis (MPCA).  

Finally, classifiers ML, based on statistical models, are employed to 

calculate and classify the data depending on the fault. These classifiers 

are grouped into two categories: Supervised Learning (SL) and 

Unsupervised Learning [82].  

The application of advanced control strategies and the SHM 

improvement are the major challenges facing the energy industry in 

this decade. In order to reduce operation and maintenance cost, SHM 
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systems has become an important research topics [83]. Further, the 

fast development of digital systems, e.g. Digital Signal Processors 

(DSP) [84], increasing computing capacity, e.g. parallel processing with 

Graphics Processing Units (GPUs) [85,86], and the advancement of 

programmable logic devices, e.g. Field Programmable Gate Array 

(FPGAs) [87], make it possible to be widely used. 

Recently, SHM systems and methods have been developed for WTB 

[88]. It is worth mentioning that SHM is a key technique to measure 

and evaluate the structural integrity in the new concept of “smart-

blade”, that involves the whole life cycle of the blade including design, 

operation, maintenance, repair and recycling. Figure 2.2 shows the 

methodology of an “smart-blade”. 

 

Figure 2.2 Life stages of a WTB: “smart-blade” [89]. 

SHM provide a diagnosis supported by a prognostic tool to obtain a 

smart auto-sensory structure with a condition-based life strategy.  

SHM can be divided into four stages: damage detection, damage 

location, damage size assessment and remaining life. The first three 
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stages diagnose a comprehensive SHM system, while the last stage 

dictates the prognosis of the monitored component based on damage 

and prescribed load history [90]. 

Detection of damage, and its severity level, is crucial for the application 

of an SHM system. This reasoning leads to the implementation of the 

Pattern Recognition technique, to know the severity of the damage and 

to establish states levels that imply a clearer decision and prognosis. 

2.2 Damages in Wind Turbine Blades 

In the overall terms, damage can be defined as changes in a structure 

that may affect your current or future performance. In this section, the 

different damages to WTB and the proposal for their detection and 

classification are analysed. 

2.2.1 Ice. 

The ice on WTB is being one of the most critical issues for the operators 

to reduce costs and downtimes. This study is based on research project 

IncinBlades [91], where  windfarm considered generates around 650 

MW employing more than 500 wind turbines in Spain. The windfarm 

presented a reduction of 19 GWh due to the icing blades in two and a 

half years. Figure 2.3 shows the main causes of the production energy 

losses, being the highest the ice on blades.  

In recent years, Wind farms are growing in Cold Climate (CC) zones, 

12 GW per year until 2020 in Scandinavia, North America, Europe, 

and Asia [92]. Icing on Wind Turbines in CC environments is one of 

the main challenges of the wind power industry [12,93]. The most 

important problems caused by icing are power losses due to the 
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reduction of aerodynamic efficiency, loads on turbines, influence in the 

lifetime of the components, increased noise generated by blades, 

changes in blade surfaces by ice accretion, safety hazards, and 

measurement errors [8,94]. The mass of ice on WTB has special 

significance in the operation of the wind turbine [95]. It operates to a 

limit of ice mass when ice accumulation appears on the blades to 

prevent possible damage [13]. Post-icing, the last stage, the turbine 

continues stopped until the ice disappears [93,96].  

 

Figure 2.3 Power losses due to different alarms in ICINGBLADES [91]. 

The appearance of ice in WTB can be due to variables such as 

temperature, wind speed, relative humidity or air density, but can be 

also others. There are different ice types, e.g. in-cloud icing, 

precipitation and hoar frost [97]. They appear in clouds with high 

humidity and atmospheric temperature below 0ºC. The characteristics 

of ice (colour, strength…) are influenced by the parameters specified in 

the ISO 12494, 2001 (Atmospheric icing of structures) [98]. These 
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parameters will be considered as scenarios and simulated in the 

laboratory.  

It is estimated that 20% of the wind farms are in areas with high 

probability of icing [99], and exposed to freezing temperatures [100]. It 

generates a reduction of wind farm productivity and increases the costs 

[101]. The Wind Energy in Cold Climate (WECO) project analysed the 

ice effects, energy generation and icing in wind turbines. It shows that 

frost is the most common cause of ice appearance in wind turbines, 

where it can appear in any place of the surface, but mainly in edge of 

the WTB [102]. Figure 2.4 shows examples of ice on wind turbines. 

  

(a) (b) 

Figure 2.4  (a) Turbine on Scout Moor. Waterfoot, Great Britain, and; (b) ice on a 150kW 

WTB in Grenchenberg, Switzerland [103]. 

There are several techniques for ice detection [104]. Ultrasonic signals 

by GWs are one of the most efficient and reliable techniques due to it 

can detect large areas [10,105]. Recent works show that the 

methodology based on GW detects different patterns of ice thickness 

[79]. GW have been also used as systems of protection and elimination 

of the ice. For example, H. Habibi et al. [106] studied a dual de-icing 

system for WTB employing high power ultrasonic GWs and low 
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frequency forced vibrations. Delce-UT develops de-icing devices based 

on the stress created by the GW in the junction of the two materials 

[107].  

What is presented in this thesis is novel with respect to the existing 

literature that consider the transducers and sensors Macro-Fibre 

Composite (MFC) types for icing detection in WTB. MFC, composed by 

piezoceramics unidirectionally aligned fibres, generates and collects 

Lamb waves [17]. It has been employed in the literature to detect 

faults, delamination, etc. [108-110], but not ice in WTB. 

2.2.2 Dirt and Mud  

WTB is a critical component in an aerogenerator. The WTB movement 

is generated by the pressure difference that produces an air foil 

between the upper and lower sides of the WTB [15]. WTB are designed 

to generate a low pressure and suction zone on the upper side of the 

WTB, and a high-pressure zone on the underside of the WTB [8]. The 

soiling generates turbulence that reduces the efficiency of the WTB, 

i.e. less production of electricity and less profit for this industry.  

Soiling on wind turbine WTB is present mainly in the edges, caused by 

insects, mud, dust, salt, ice, etc. Soiling can also be caused by 

intermittent rain, low humidity, farming activities, flying insects, etc., 

where the geographical situation and the season also affect the 

severity of soiling [111].  
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Figure 2.5  Accumulation of mud and mosquitoes on a WTB [112]. 

The soiling on the leading edge reduces the WTB performance and 

energy production and increases the emitted noise. It also produces 

disturbances in the air flow layers, close to the surface, generating a 

turbulent regime in the air flow, favouring the emergence of the ‘stall’ 

phenomenon. Kinetic energy is decreased and, therefore, mechanical 

rotation energy and the electricity generated [113]. In addition, it 

produces false alarms due to the reduction in the performance of the 

wind turbine. The cleaning task of a WTB is an expensive operation 

that requires special equipment such as cranes, qualified staff, etc., 

moreover, it is necessary to stop wind turbines [114,115].  

As mentioned above, although ultrasonic GWs is a NDT technique 

used for the inspection of WTBs, according to the literature, it has not 

been used in the detection of mud and dirt.  Lamb waves are ultrasonic 

waves that are utilised in structures as plates or shell shape, being 

sensitive to changes in the material, e.g. soiling.  

The mud and dirt accumulated on a WTB surface execute a force on 

the surface particles that opposes the free movement of these particles, 

resulting in small variations in the ultrasonic signals. The use of 
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advanced signal processing and pattern recognition methods for 

detection and diagnosis is required for CBM [116].  

The detection and diagnosis of dust and mud on WTB has not been 

sufficiently covered in literature to date. It is being done indirectly 

through dataset analysis from Supervisory Control and Data 

Acquisition (SCADA) [93]. Trend analysis techniques for the main 

parameters of a wind turbine, e.g. power, pitch angle, rotational speed 

or wind speed, are employed to detect dirt accumulation [117]. Direct 

detection techniques have been studied using passive sensors, e.g. 

multispectral, short-wave infrared, mid-wave infrared, long-wave 

infrared, polarisation or stereo sensors [118]. Images taken from the 

sensors, through their visible spectral bands, are used to detect mud. 

Milinda et al. propose a new algorithm for detecting types of dirt on 

textured surfaces using camera images for domestic robotics [119].  

2.2.3 Delamination  

Detecting delamination in composite materials is researched in 

different fields: energy, aerospace, aeronautics, civil and mechanical 

engineering systems. Delamination is one of the most common 

problems in composite materials, caused by the disunion of their layers 

or by the detachment of their adhesive bonds. Low speed impact on 

working conditions can create a visible fault on WTB [8,93]. The 

microstructural fault increases because of the cyclic fatigue loads, and 

it can degrade the rigidity and strength of the composite [120]. 

Similarly, delamination can be generated by an error in the 

manufacturing process.  

State space models are employed to predict the growth of delamination 

by stress/strain, fracture mechanic, cohesive zone, extended finite 
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element method based models [121]. Sohn et al. used a Wavelet-based 

signal processing technique, together with an active sensing system, to 

detect delamination in near-real-time for composite structures [122].  

Delamination in WTB is a common structural problem that can 

generate large costs [123] due to possible WTB failures, generating WT 

downtime and replacement costs. Early detection of delamination is 

crucial for the prevention of breakages and downtime. 

2.3 Damages in Concentrate Solar Plant 

Pipelines are used in long-distance transport of gas and liquid, e.g. 

fossil fuel. The environmental impact due to any failure of the pipes 

can be critical. The main defects are corrosion [124] delamination [60] 

and cracks [61,125,126], that can occur on both inner and outer 

surface. It is crucial to detect faults in an early state, before they grow 

and could traverse the thickness of the pipe, causing any failure [51].  

The importance of non-destructive testing for pipelines has 

significantly increased in recent years due to the surge of pipelines in 

the gas, petrol, chemical and energy generation industries. Non-

destructive testing techniques can identify structural damage at a very 

early stage and prevent further failures, reducing economic loses [45]. 

Structural health monitoring, together with advanced signal 

processing methods provide current status of the pipes [21]. This 

information leads the identification and diagnosis of the fault in a pipe 

and its location [95,127], and thus, strategies can be set for predictive 

maintenance [128-131]. In addition, these techniques can be controlled 

remotely, reducing the maintenance costs, downtimes, etc. [29,132-

134]. 
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Most of the absorber pipes are made of austenitic stainless steel, whose 

properties can be exposed to large temperature ranges. The ultrasonic 

waves are sensitive to the temperature changes because it modifies the 

properties of the steel like: density, Young’s modulus and Poisson ratio. 

Temperature changes directly affect to the propagation velocity and 

attenuation, modifying the waveform the ultrasonic waves. These 

changes are difficult to detect with traditional methods of signal 

processing; therefore, it has become necessary to seek for new 

techniques to find patterns within the signal at a certain temperature. 

In this thesis, a type of ANN has been used to train and recognize 

temperatures ranges in a test rig that simulates the working 

conditions of a CSP.  
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3 Filtering by Wavelet 

Transform 

3.1 Introduction 

Sensors generate noise from a variety of sources and therefore a signal 

pre-processing is necessary to eliminate/reduce the dataset that does 

not provide useful information [135]. Standard statistical techniques 

have been employed in references [136,137]. Yu et al. [138] were able 

to reduce global noise using averaging techniques and Daubechies 

Wavelet (DW) to eliminate local high-frequency perturbations. 

Denoising and compression signal in GW based on the Discrete 

Wavelet Transform (DWT) was employed by Rizzo and di Scalea [139]. 

There are a large number of research and reviews articles on filtering 

in the treatment of ultrasonic GWs [10]. Hamming[140] performs a 

review about low-pass filters available for data smoothing. This thesis 

will consider Wavelet transforms for filtering the signals. This chapter 

presents the Wavelet transform filtering technique and its application 

in case studies. Likewise, the different case studies analysed in this 

thesis are presented. 
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3.2  Methodology: Wavelet Transform 

3.2.1 Daubechies 

It has been demonstrated that Wavelet Transforms improve the 

limitations of resolution and the loss of information presented by the 

Short-Time Fourier Transform or the FFT [141].  

Wavelet Transforms are commonly categorized as continuous Wavelet 

Transforms (CWT), DWT or Wavelet Packet Transforms (PWT), etc. 

[142].  

DWT is employed in this thesis to set the coefficients in a Wavelet 

series, i.e. the local energies at certain levels. The most recurrent 

families of Wavelet Transforms are Haar, Daubechies, Biortogonal, 

Coiflets, Morlet or Symlet transforms [143]. The Daubechies Wavelet 

family were employed in this thesis. It is demonstrated that they are 

more sensitive to sudden changes [144].  

 The mother Wavelet is given by the equation (1), 

 

where 𝑠 is the scale factor, and 𝜏 is the translational factor. The 

Wavelet Transform 𝑊𝑓(𝑠, 𝜏) of a function 𝑓(𝑡) ∈  𝐿2(ℜ) is the 

decomposition of 𝑓(𝑡) in a set of functions forming a base with the 

conjugate of the mother Wavelet(ψ*s,τ(t)), where * is the conjugate of 

the function, defined by equation (2). 

𝑊𝑓(𝑠, 𝜏) = |𝑠|
−1/2  ∫ 𝑓(𝑡)𝜓∗ (

𝑡−𝜏

𝑠
)

+∞
𝑑𝑡        (2)  

 

𝜓𝑠,𝜏(𝑡) = |𝑠|
−1/2𝜓 (

𝑡−𝜏

𝑠
)     𝑠, 𝜏 ∈ 𝑅, 𝑠 ≠ 0    (1) 
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Wavelet Transforms can be also expressed as equation (3),  

𝑊(𝑠, 𝜏) = √𝑠𝐹−1   {𝑋(𝑓)𝜓∗(𝑠𝑓) } (3) 

where 𝑋(𝑓) is the Fourier transform of the signal x(t), 𝜓∗(𝑓) is the 

Fourier transform of 𝜓∗(𝑡) and 𝐹−1 is the inverse of the Fourier 

Transform. 

The information can be set in a hierarchical scheme of nested 

subspaces called multiresolution analysis in 𝐿2(ℜ) (equation (4)), 

where  𝐿2(ℜ) is decomposed into into sum of the subspaces 𝑊𝑗 , j from 

−∞ to +∞. 

𝐿2(ℜ) = ⋯𝑊−3⨁𝑊−2⨁𝑊−1⨁𝑊0⨁𝑊1⨁𝑊2⨁𝑊3⨁⋯ (4) 

 

DWT provides the multiresolution decomposition of the original signal 

S(t) by equation (5), 

𝑆(𝑡) = ∑ 𝑐𝑘

∞

𝑘=−∞

𝜙(𝑡 − 𝑘) + ∑ ∑ 𝑑𝑗,𝑘𝜓(2
𝑗𝑡 − 𝑘)

∞

𝑘=−∞

∞

𝑗=−∞

 (5) 

 

where 𝑐𝑘 are the scaling coefficients, 𝜙(·) is the scaling function, 𝑑𝑗,𝑘 

are the Wavelet coefficients and 𝜓(t) is a set of Wavelet function. 

 ∑ 𝑐𝑘
∞
𝑘=−∞ 𝜙(𝑡 − 𝑘) provides an approximation to the general trend of 

the signal, and ∑ ∑ 𝑑𝑗,𝑘𝜓(2
𝑗𝑡 − 𝑘)∞

𝑘=−∞
∞
𝑗=−∞  shows the local details. The 

Wavelet coefficient 𝑑𝑗,𝑘 multiplying with the dilated and translated 

Wavelet function is the detail of the original signal at scale j, which is 

defined by equation (6). 

𝑟𝑗(𝑘) = ∑ 𝑑𝑗,𝑘𝜓(2
𝑗𝑡 − 𝑘)

∞

𝑘=−∞

 (6) 
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DWT transforms uses a variable window size by the scaling functions, 

for large windows, where it is required accuracy in low frequencies, 

and Wavelet functions, for small windows, where the information is 

done in high frequencies. The resulting signal from low pass filter is 

the Approximations (Ai) (Figure 3.1) and from the high pass filter are 

the details (Di) (Figure 3.1), where c is the subsampling. It can be 

applied single-level or multi-level filters for discrete signals. The sum 

of the approximations and details is the original signal [145].  

 

Figure 3.1 Wavelet decomposition scheme. 

3.2.2 Morlet 

Morlet Wavelet has been employed for denoising to validate obtained 

with Daubechies Wavelet. The Morlet Wavelet is given by equation (7). 

𝜓(𝑡) = 𝜋−1/4𝑒𝑡
2/2 cos(𝜔0𝑡)  (7) 

 

The mother Wavelet is given by the real part of the Morlet function for 

Wavelet Transform of a real signal according to equation (8). 

𝜓(𝑡) = 𝜋−1/4𝑒𝑡
2/2 cos(5𝑡) (8) 

The scale factor has been optimized by cross validation method (CVM) 

according to references [146,147], i.e.: It is set the scale range [m,n] 

and then is determined the scale factor m+ki that minimise the cost 
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function smallest by CVM. Then the scale range is reduced to 

[𝑚 + (𝑘 − 1)𝑖,𝑚 + (𝑘 + 1)𝑖] consideting the step to i. It is done until is 

found the best scale factor. 

Figure 3.2(a) shows the original signal, and the signal filtered 

employing Morlet Wavelet with scale ranges [1,100] (Figure 3.2 (b)) 

and [1,50] (Figure 3.2(c)). The optimal range found was at [147,152]. 

The results where compared by previous filter and there were not 

present significant differences in the results. They were employed to 

validate the filters. 

  

(a) 

 

(b) 
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(c) 

Figure 3.2 (a) Signal in sensor 1 at 30 kHz at room temperature. (b) Signal filtered with 

Morlet Wavelet and scale window 100. (c) Signal filtered with Morlet Wavelet and scale 

window 150. 

3.3 Wind Turbine Blades 

3.3.1 Frozen 

This thesis considers the GWs to inspect WTB, i.e. composite 

materials. In this research, Lamb waves flow over a long distance, even 

in materials with a high attenuation ratio, e.g. fibre-reinforced 

composite structures. In anisotropic materials, Lamb wave 

propagation is even more complex to predict than in isotropic 

materials, where the properties are strongly dependent on the 

direction of propagation.  

The CMS employs an ultrasonic system (Figure 3.3), composed by a 

data board to acquire and generate signals at 4 MS/s. The channels are 

isolated and can work simultaneously in both differential and single 

ended mode. The platform is controlled by a computer, where 
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experiments are programmed, and the dataset are processed online. 

The pulse function is set to the signal generator (Figure 3.3.1), that is 

amplified by 50 using a high-power amplifier (Figure 3.3.2) and sent to 

a piezoelectric transducer. It generates the Lamb waves and the 

ultrasonic mechanic waves flow through the composite material 

(Figure 3.3.3). The wave is received by two ultrasonic transducers that 

convert the mechanic waves in analog electrical signals. They are 

collected by the acquisition module (Figure 3.3.4), and registered in the 

computer by an analogic digital converter (Figure 3.3.5). The 

temperature affects the propagation velocity of the wave and the ice on 

the WTB modify its flow [16]. The change in the wave velocities with 

temperature depends on frequency of the wave. Lower frequencies will 

be less affected by temperature than higher frequencies [148]. Low 

frequencies were chosen to reduce the influence of temperature on the 

waves, with the aim of seeing more clearly the changes detected by the 

ice. It has been the main reference for designing the novel signal 

processing approach presented in this work. 

 

Figure 3.3  Icing condition monitoring system. 
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The transducers used are MFC types. It is composed by piezoceramics 

unidirectionally aligned fibres. The electrodes are interdigitated in a 

polyamide film and embedded in an adhesive polymer matrix 

composite. The use of MFC has been done in areas of research and 

development [108]. The main advantages of these sensors are the low 

cost, flexibility and adaptation to the surfaces. MFC is used in this 

work in FDD, but they have been employed in the literature to 

demonstrate the versatility of the composite, together of signal 

processing using Wavelet Transform [109,110]. The optimal location 

and number of the MFC sensors have been studied in the last few years 

[149-151]. 

Three scenarios are set in the experiments in order to detect and 

diagnosis the cases consider in ISO 12494, 2001 (Atmospheric icing of 

structures) [98]: The first experiment was carried out at room 

temperature; the second was realized with the frozen WTB but with no 

ice on the WTB; the third experiment has been performed with the 

frozen WTB and ice on the WTB.  

The ultrasonic transducers have been aligned, where the transducer 

(Tx) emits ultrasonic signals that will become into elastic waves having 

the same frequency. It will be collected by the sensor 1 (S1), and then 

by the sensor 2 (S2) (see Figure 3.4). It is expected that the elastic wave 

flowing through the WTB, made of fiberglass with sandwich structure, 

changes its shape, amplitude, energy, phase, etc. An attenuation 

appears between the sensor 1 and sensor 2 due to the properties of 

fiberglass that dissipates more energy than other composite materials, 

such as the carbon fibber. In addition, it is assumed to have the 

influence of temperature on Lamb wave propagation [152], i.e. when 

the temperature decreases the speed of the lamb wave propagation 

increases.  
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Figure 3.4  WTB dimensions and sensors locations 

The excitation frequency has been set experimentally by sweep tests 

[0,100] kHz. Figure 3.5 shows the spectral amplitudes, or periodograms, 

for the main scenarios for ice detection: (a) Room temperature; (b) 

frozen without ice; (c) frozen with ice. The experimental tests show that 

the optimal frequency is between 26-33 kHz for sensors 1 (s1) and 2 

(s2). It has been set in this work 30 kHz to achieve a compromise 

between good response and MFC limitations when they work as 

actuators.  

The experiments will be done for 20, 30 and 50 kHz to compare the 

results in the considered scenarios. The emitted ultrasonic signal will 

be a Hanning pulse at 5 cycles to create a narrow pulse and the 

sampling frequency of 4,000,000 samples per second.  
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Figure 3.5  Frequency analysis for sensor 1(s1) and sensor 2 (s2): (a) Room temperature 

for sensor 1; (b) frozen without ice; (c) frozen with ice. 

White noise was also emitted by the actuator and collected by the 

sensor to analyse the most suitable frequencies. Figure 3.6 shows the 

spectral amplitudes, or periodograms. The experimental tests show the 

same conclusions obtained by Figure 3.5.  
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Figure 3.6  Frequency analysis employing Gaussian noise for sensor 1 (s1) and sensor 2 

(s2): (a) Room temperature; (b) frozen without ice; (c) frozen with ice. 

The experiments have been repeated three times. The WTB was 

introduced in a chest freezer for 24 hours with the sensors and drops 

of water have been deposited on the surface periodically until the 

formation of a layer of frost and ice to recreate the conditions that 

would have a real frozen blade. Recent works for robustness diagnosis 

for stochastic dynamic are considered to consider the noise and random 

factors [153].  

The signals analysed in this work present three information sources: 

vibrations (low frequencies); acoustic emission (medium frequencies), 



3. Filtering by Wavelet Transform 

 

34 Advanced Analytics in Maintenance Management  

based on Ultrasonic Guided Waves. 

 

and; ultrasonic signals (high frequencies) [154]. Low frequencies are 

related to vibration conditions. They are employed to the structure 

integrity analysis [146,147]. Low frequencies consider the natural 

frequencies of a blade and the harmonics. Medium frequencies are 

associated to acoustic emission (In the range of the audible). It is 

employed to detect micro-breaks in the blades [155]. The material 

breakage generates elastic waves. This work is focused in high 

frequencies of the signal. 

The signal processing approach employs Wavelets techniques to 

denoise the signals, i.e. low and medium frequencies are filtered and 

not considered in this work, therefore the dynamic effect of the wind 

turbine and blades are omitted for signal processing. The study of the 

received frequency is delimited by a small range with respect to the 

excitation frequency, filtering other frequencies. 

The denoising of the signal is performed employing a multilevel 1-D 

Wavelet analysis using Daubechies family. The Wavelet decomposition 

structure of the signal is extracted. The threshold for the de-noising is 

obtained by a Wavelet coefficients selection rule using a penalization 

method provided by Birgé-Massart. An overly aggressive filtering 

could eliminate data that should show, for example, small echoes that 

come from defects. Figure 3.7 shows the original signal and the de-

noised signal when it is applied the Wavelet de-noised filter. In 

contrast to other digital filters, the Wavelet de-noising filter does not 

produce an unwanted signal delay. 
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Figure 3.7  Decomposition detail five (D5), De-noised D5 and extracted residual noise. 

It is observed that the filter removes noise significantly and does not 

eliminate information that is related to different structural features.  

The signal obtained with the sensors on the frozen WTB without ice 

has bigger amplitude than the signals at room temperature. The 

amplitude is lower when the WTB has ice on its surface. This is 

because of the ice opposes the free displacement of the waves.  

3.3.2 Delamination 

The real case study is based on delamination detection in a WTB. A 

blade section of Gamesa model NACA 63.XXX + FFA-W3 was 

employed for carrying out the ultrasonic test. This blade is usually 

installed in wind turbines model G80-2.0 MW. It is made with fibre 

glass with a PVC foam core and it is 39 meters length. 

Ultrasonic waves were transmitted through the delamination of the 

composite material to monitor the condition of the blade. There are 

studies that show these signals working in long blades [156]. The 

transmitter was excited with a sweep of frequencies to experimentally 
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determine those that are best transmitted through the blade with this 

sensor (MFC) [10]. Figure 3.8 shows the sweep signals in the frequency 

domain, where 55 kHz is one of the frequencies which have been better 

transmitted.  

The most sensitive frequencies for the detection of delamination were: 

25, 37, 55 and 100 kHz, being 37 and 55 kHz the frequencies that 

provided better results. 

 

 

Figure 3.8  Frequency sweep response for the WTB and the MFC transducer. 

Six different scenarios were studied:  

1. The blade is under ‘healthy’ conditions (without delamination).  

2. A disbond between layers is shown in Figure 4. It is named 

scenario 1, where the delamination length ‘x’ is 1 cm.  5 more 

scenarios with different lengths of x are also discussed. The 

details are given in Table I. The depth of the delamination was 

progressively increased 1 cm in each of the following cases. 
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Table 1 Delamination Size 

Scenario  ‘x’ (cm) Delamination 

Area(cm2) 

1 0 (Undamaged) 0 

2 1 1 

3 2 2 

4 3 3 

5 4 4 

6 5 5 

  

 

Table 1 shows all the scenarios considered in the experiments. 

GWs were generated in the blade using macro fibre composite (MFC) 

transducers. The technique used in these tests is known as ‘pitch and 

catch’, where a short ultrasonic pulse is emitted by the MFC 

transmitter (Tx), and is then collected by the MFC sensor (Rx). A six 

cycle Hanning pulse with two different excitation frequencies, 37 kHz 

and 55 kHz, were conducted for each scenario. Six hundred 

experiments under each excitation frequency were carried out. Figure 

3.9 shows the signal for 55 kHz in all six scenarios with 4 million of 

samples per second. The amplitude differences between the signals are 

also due to material anisotropy and size of defects. The different sizes 

of defects affect the propagation of the Lamb waves in a difficult 

predictable way. Although difficult to predict, it always behaves in the 

same way under the same conditions, allowing to sort successfully. 

The signals are firstly filtered and de-noised by Wavelet Transforms 

[16,17]. The signals contain noise that appears at high frequencies 

(random noise). The information in the signal appears at 55 kHz, for 
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that reason has been chosen the bandwidth from 0 to 100 kHz, and the 

rest of frequencies are efficiently removed using Wavelet Transform. 

The Wavelet Transform is a powerful method that allows to identify 

the local characteristics of a signal in the time and frequency domain. 

It presents some advantages that improves the limitations of 

resolution and the loss of information presented by the Short-Time 

Fourier Transform or the FFT [141]. The Wavelet transform has 

several level decompositions. Each level decomposition is essentially a 

combination of two filters where one is low pass filter, generating the 

filtered results that are called approximations, and another is high 

pass filter, producing the results called details [145]. 

In the case of the multi-level filters, they repeat the filtering process 

with the output signals from the previous level, leading the Wavelet 

decomposition trees. Additional information is obtained by filtering at 

each level. However, more decompositions levels do not always mean 

better accurate results.  

The Daubechies Wavelet family were employed according to reference 

[157], where it is demonstrated that they are the most suitable for this 

type of signals because they are more sensitive to sudden changes, and 

they handle with boundary problems for finite length signals, being 

their biggest advantage over other families. The number of levels was 

set at seven after several experiments, where it was get the highest 

percentage of information. 

The lower Wavelet approximation is removed from the original signal 

to avoid the trend and other components that appear in the low 

frequencies. 
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The denoising of the signals is performed employing a multilevel 1-D 

Wavelet analysis using the Daubechies family. An overly aggressive 

filtering could eliminate information about the condition, e.g. small 

echoes that come from defects. The threshold for the de-noising is 

obtained by a Wavelet coefficients selection rule using a penalization 

method provided by Birgé-Massart, which produces good results [158]. 

In contrast to other digital filters, the Wavelet de-noising filter does 

not produce an unwanted distortion of the characteristic parameters of 

the signals, e.g. time of flight [159]. 

 

 
Figure 3.9  Set of signals for different scenarios, collected for 55 kHz. (Left: without 

filtered; Right: Filtered) 



3. Filtering by Wavelet Transform 

 

40 Advanced Analytics in Maintenance Management  

based on Ultrasonic Guided Waves. 

 

3.3.3 Dirt and Mud 

A layer of mud was applied to the surface of a WTB section to simulate 

dirt, composed of a mixture of sand and a solution of water and glue.  

The first thickness of the mud layer was set between 5 and 6.5 mm. 

Then, the thickness was reduced gradually. Five levels of mud on the 

WTB were considered, and they are shown in Table 2. The 

measurements were taken using a high precision digital calliper. 

Table 2  Thickness of mud layer. 

Level of mud Layer thickness 

1 5-6.5mm (max) 

2 3.5-5mm 

3 2-2.5mm 

4 0.5-1.5mm 

5 0 mm  

 

GWs were generated using Macro Fibre Composite (MFC) transducers 

[160]. The technique used is called ‘pitch and catch’, where a short 

ultrasonic pulse is emitted by the MFC transmitter (Tx), and it is 

collected by the MFC sensor (Rx). The optimal emission pulse for this 

case study was a six-cycle pulse cycle modulated with a Hanning 

window. The direct pulse transmitted from the Tx to Rx detects and 

diagnoses the dirt or mud on the WTB. According to the manufacturer, 

MFC must be applied to the surface ensuring they make a correct 

contact with the WTB. It has been tested that an excess of bonding can 

impede the transmission of movement from MFC to the WTB. The 

transducers are separated from the edges of the WTB to avoid 

unwanted echoes from the edges. 
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Six different excitation frequencies in Tx were employed for each 

scenario to set the most sensitive frequencies for detecting and 

diagnosing mud on the surface. The frequencies of the transmitter 

were: 18 kHz, 20 kHz, 25 kHz, 30 kHz 40 kHz and 50 kHz. 50 signals 

were collected from each frequency and each level of mud, and 3570 

samples per capture, with 4 Mega samples per second of sample rate. 

Figure 3.10 shows all the frequencies employed with the maximum 

level of mud (level 1). 

Like the previous case Wavelet Transform have been applied to 

denoise the signals. 

 

Figure 3.10  Set of signals for level 1 for [18, 20, 25, 30, 40, 50] kHz. 
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3.4 Concentrate Solar Plant 

3.4.1 Case 1: Signal filtering to obtain 

temperatures 

The experiment was carried out in a test rig (Figure 3.11) consisting in 

316L austenitic stainless-steel tubes, four meters long, similar to those 

used in CSP, whereby oil is circulated at high temperature. 

 Two Macro Fibre Composite (MFC) transducers were placed in the 

test rig, where one acts as a transmitter and the other as receiver (pitch 

and catch). The transmitter transducer generates short pulses (6 

cycles) of 250 kHz. The receiver transducer collects the ultrasonic 

wave, by converting the mechanical movement of the wave into 

electrical signal [24].  

The oil that circulates inside the pipes was heated from 25ºC to 75ºC 

and the external surface of the pipe reached 55 ºC. During the heating 

of the experimental platform were collected 1100 ultrasonic signals 

with their respective temperatures. 

The signal obtained must be conditioned to properly train the neuronal 

network. For this purpose, it has been used Wavelet Transform to 

perform a signal de-noising. Wavelet Transform has been shown to be 

a powerful tool to remove noise and to extract the relevant information 

within the signal [16,17,23]. The Daubechies family of Wavelets was 

chosen to perform the signal denoising. 
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(a) 

 
                             (b)                                (c) 

Figure 3.11   Test rig: (a) austenitic stainless-steel pipes, (b) Storage tank and heater (c) 

Pump of the test rig 

3.4.2 Case 2: Signal filtering in CSP pipelines 

The main purpose of the case study is to test in a laboratory for the 

detection, localization and characterization of structural defects in 

pipes of CSP. A test rig has been designed and constructed to simulate 

the conditions of a PTR (Figure 3.11) and create similar temperature 

and thermo-mechanical fatigue conditions. The test rig consists in an 

oil heater, the circulation pump, the storage tank and a control panel. 

It has two 4 m long stainless-steel tube samples. It can be simulated 

for temperature conditions, cracks, welds faults, or flows. The main 

components of the test rig are: 

• Special steel pipes and elbows designed for high temperature. 
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• Pumping and heating systems for working with different fluids: 

water or oil. 

• Heating system 

The test rig is compound by two sections of pipe, one for warming, 

which simulate the circuit portion that absorbs solar radiation in a 

CSP, and return section, being the tubes of austenitic stainless steel. 

The dimensions of the plant have been selected to reproduce at least 

two sections of solar collectors in actual installations, i.e. two 4.06 

meters tubes welded to a connector of the same type of steel. 

The test rig allows to study the influence of the welds on the 

transmission of ultrasonic waves, and the distance travelled by the 

waves over 8 meters.  

The main aim of the experiments is to detect changes in the thickness 

of the pipe. The changes on the thickness may be due to welding or 

defects, e.g. cracks or corrosion in the pipe. A novel signal processing 

approach has been designed to detect in the tubes this type of defects 

and to locate them.  

A wavelet-based algorithm has been designed and applied to EMAT 

signals. De-noising algorithm has been applied to improve SNR 

without introducing time delay in the original signals [161]. Figure 

3.12 shows the original signal and the de-noised signal after applied 

different de-noised filters. In contrast to other digital filters, the 

Wavelet de-noising filter does not produce an undesired signal delay 

[16,162]. 

It is observed that the filter removes noise significantly, and it also 

does not eliminate events occurring in the signal with a specific 

frequency.  
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Figure 3.12 Wavelet decomposition detail eleven (D11) (upper panel), and de-noised D11 

and extracted residual noise signal with two welds (bottom panel). 
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4 Pattern Recognition and 

Signal Processing 

4.1 Introduction 

To set a proper signal processing and data analysis techniques is 

critical to CMS success. Different patterns can be obtained and typified 

by the evaluation of signal features in each state of damage. Therefore, 

these characteristics are important keys to fault diagnosis. This 

chapter presents different techniques for pattern recognition based on 

extracting signal features. Firstly, a novel approach is developed based 

on the different energy levels of the Daubechies wavelets and then 

applied to the case studies for the detection of ice and mud in WTB. 

Secondly, the methodology is developed based on the Hilbert 

Transform where it is applied in all the cases studied in order to obtain 

the envelope of the signal and the main events of the signal. In addition 

to the above, the method of pattern recognition is implemented based 

on the Signal Correlation, which are applied to the cases of ice on WTB 

and notch in CSP pipelines. Similarly, approaches based on time-

frequency analysis by means of the Wigner-Wille Distribution have 

been able to detect different levels of ice thickness on WTB. Finally, a 
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new pattern recognition technique is proposed based on the Energy 

Attenuation Curve of the signal, as well as the location of the welds in 

pipes by means of the flight of time technique in time domain analysis 

signal. 

4.2 Wavelet Energy Daubechies 

The energy of 𝑑𝑗,𝑘 is considered as the energy at the N different 

decomposition levels, 𝐸𝑗 , 𝑗 = 1,⋯ ,𝑁, by equation (9).  

𝐸𝑗 =∑|𝑑𝑗,𝑘|
2

𝑘

        𝑗 = 1,⋯ ,𝑁 (9) 

It can be assumed the energy at decomposition level N + 1,  𝐸𝑁+1, is the 

energy of 𝑐𝑘, given by equation (10). 

𝐸𝑁+1 =∑|𝑐𝑘|
2

𝑘

 (10) 

The total energy, 𝐸𝑡𝑜𝑡𝑎𝑙, is done by equation (11)  

𝐸𝑡𝑜𝑡𝑎𝑙 = ∑ 𝐸𝑗

𝑁+1

𝐽=1

 (11) 

being the Relative Wavelet Energy (RWE), 𝜌𝑗, givenby equation (12) 

𝜌𝑗 =
𝐸𝑗

𝐸𝑡𝑜𝑡𝑎𝑙
   𝑗 = 1,⋯ , 𝑁 + 1 (12) 

where ∑ 𝜌𝑗𝑗 = 1, and the distribution {𝜌𝑗} can be considered as a time-

scale density. 𝜌𝑗 is employed in this thesis to characterize the signal 

energy distribution at different frequency bands. The optimal level was 

at seven. It was used a multi-signal analysis to study the three 

different cases together and obtained the energy and the percentage of 

information of the decompositions for each signal.  
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4.2.1 Wind Turbine: Ice on Blades.  

Table 3 shows the results for all scenarios, showing the energy for each 

signal according to the Wavelet decomposition, and the energy percent 

for approximations and details. D7 decomposition contains the highest 

percentage of energy of the original signal in most of the cases. It is 

associated with the frequency range from 125.6 kHz to 31.25 kHz. It is 

consistent with the excitation frequencies of the Hanning pulse used 

in the actuator. 

The composite material is highly dispersive, where the dispersion 

depends on the direction of wave propagation, the orientation and 

arrangement of the layers of fibre glass. Therefore, the waves received 

by the sensors contain frequencies that deviate from the centre 

frequency of excitation. 

Table 3 Wavelet Decomposition of the received signal in the sensor 1. 

Sensor 1 

  A7 % D7 % D6 % D5 % D4% D3 % D2 % D % Energy 

2
0

 k
H

z
 

Room T 25.60 47.48 19.50 5.51 1.42 0.36 0.09 0.03 16,49 

Frozen 17.78 52.47 21.50 6.14 1.59 0.40 0.10 0.03 41,77 

Frozen + Ice 56.83 25.77 12.72 3.48 0.89 0.23 0.06 0.02 4 

3
0

 k
H

z
 Room T 28.14 45.38 19.16 5.43 1.40 0.36 0.10 0.04 5,22 

Frozen 20.34 49.08 22.09 6.32 1.63 0.41 0.10 0.03 16 

Frozen + Ice 49.06 28.35 16.02 4.77 1.24 0.34 0.12 0.10 0,85 

5
0

 k
H

z
 Room T  24.18 47.86 20.21 5.73 1.49 0.38 0.11 0.05 0,69 

Frozen 20.34 49.08 22.09 6.32 1.63 0.41 0.10 0.03 16 

Frozen + Ice 24.00 45.96 21.54 6.25 1.64 0.43 0.12 0.07 0,48 
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Sensor 2 

 A7 % D7 % D6 % D5 % D4 % D3 % D2 % D % Energy 
2

0
 k

H
z
 Room T  22.98 48.57 20.17 5.76 1.53 0.45 0.23 0.31 0.2712 

Frozen 20.82 49.18 21.54 6.16 1.61 0.43 0.15 0.12 0.4003 

Frozen + Ice 29.29 47.38 16.70 4.72 1.24 0.35 0.15 0.17 0.2661 

3
0

 k
H

z
 Room T  23.34 47.37 20.07 5.79 1.57 0.56 0.49 0.80 0.09954 

Frozen 17.23 49.65 23.49 6.90 1.80 0.50 0.21 0.22 0.1965 

Frozen + Ice 28.92 38.51 22.20 6.46 1.82 0.65 0.54 0.90 0.0432 

5
0

 k
H

z
 Room T  24.07 46.75 19.39 5.62 1.55 0.63 0.71 1.27 0.0163 

Frozen 17.18 49.80 23.56 6.92 1.80 0.47 0.16 0.13 0.1960 

Frozen + Ice 15.65 47.07 23.22 6.90 2.10 1.09 1.38 2.58 0.0074 

 

The three scenarios can be identified by the energies shown in Table 3 

Analysing the energy of the WTB at room temperature, the frozen 

WTB with ice has a higher energy (more than doubled to the rest of 

scenarios). However, when the WTB has ice on the surface, and the 

energy received by the sensor was about 25% of the energy received at 

room temperature. Considering 50 kHz, the energy of the signal at 

room temperature is similar when the WTB has ice, therefore, this 

frequency is not suitable for determining the state of the WTB.  

 

Figure 4.1 Energy of each state and frequency received in sensor 1 
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Figure 4.2 Energy of each state and frequency received in sensor 2 

In sensor 2 (Figure 4.1), the energy is smaller due to the distance. The 

energy in each state of the WTB has a similar relationship to the 

results given by sensor 1, but at 20 kHz it is difficult to distinguish 

between the cases at room temperature and with the frozen WTB with 

ice. The optimal frequency was at 30 kHz for this experiment. 

Figures 4.2 and 4.3 show the energies of the original signal for each 

level of decomposition in Sensor 1 and 2. The levels with more energy 

are: A7, D7 and D6. The signal has two peaks when that WTB has ice, 

at 20 and 30 kHz, while D7 and D6 have less energy. This could be due 

by presence of ice on the surface of the WTB. Other decompositions also 

present less energy, but the percentage of signal information is low. D7 

has a period without peaks at 20 and 30 kHz using sensor 2, while the 

decomposition A7 has peaks in these cases. 

The optimal frequency to determine differences in the state of the WTB 

is 30 kHz. Sensors 1 and 2 have been able to identify clearly the 

scenarios, where the decompositions A7, D7 and D6 provide more 

information about the condition of the scenarios. 
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4.2.2 Wind Turbine: Dirt and Mud.  

Tests without prior information about the icing blade status of the 

WTB has been considered. A layer of mud was applied to the surface 

of WTB section to simulate dirt and soiling on the WTB, composed of a 

mixture of sand and a solution of water and glue, to simulate the 

soiling. The first thickness of the mud layer has been set between 5 

and 6.5 mm. Subsequently, the thickness has been reduced gradually. 

It has been considered 3 different levels of mud on the blade, being the 

last one without mud. The signal was generated as the previous 

scenarios in order to study the response of the approach. 

 

Figure 4.3 Energy for cases with mud: 0 cm; 3 cm; 5 cm  

Figure 4.3 shows a similar pattern to Figure 4.1 and Figure 4.2. The 

presence of ice or mud on the blade could be therefore identify clearly 

when the temperature is known, or the system can be detected the mud 

previously than the temperature are under cero. Supervisory Control 

and Data Acquisition (SCADA) system of the wind turbine provides 

several environment temperatures that can been considered together 

with the approach presented in this work.  
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4.3 Hilbert Transform. 

Hilbert Transform [163] of a real time function x(t) is given by equation 

(13):   

�̂�(𝑡) = 𝐻[𝑥(𝑡)] =
1

𝜋
 ∫ 𝑥(𝜏)

1

𝑡 − 𝜏
𝑑𝜏

∞

−∞

 (13) 

It can be seen that the independent variable does not change as a result 

of this transformation, therefore �̂�(𝑡) is also a time-dependent function. 

In addition, �̂�(𝑡) is a linear function of x(t) obtained from x(t) by 

applying convolution (𝜋𝑡)−1 with as shown in equation(14) : 

�̂�(𝑡) =
1

𝜋𝑡
∗ 𝑥(𝑡) (14) 

Applying in equation (14) the Fourier Transform results in equation 

(15) 

𝐹{�̂�(𝑡)} =
1

𝜋
{
1

𝑡
} 𝐹{𝑥(𝑡)} (15) 

since,  

𝐹 {
1

𝑡
} = ∫

1

𝑥
𝑒−𝑗2𝜋𝑓𝑥𝑑𝑥

∞

−∞

= −𝑗𝜋 𝑠𝑔𝑛 𝑓 (16) 

 

where  𝑠𝑔𝑛 𝑓 is +1 for  𝑓 > 0, 0 for  𝑓 = 0, and -1 for 𝑓 < 0 

From equation (15) is obtained the equation (17) for the Fourier 

transform of the Hilbert transform of x(t) 

𝐹{�̂�(𝑡)} = −𝑗 𝑠𝑔𝑛 𝑓𝐹{𝑥(𝑡)} (17) 

In considering the concept of analytic signal or pre-envelope of a real 

signal x(t), it can be described by equation (18): 

𝑦(𝑡) = 𝑥(𝑡) + 𝑗�̂�(𝑡) (18) 
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The envelope B(t) of y(t) is given by equation (19): 

𝐵(𝑡) = √𝑥2(𝑡) + �̂�2(𝑡) (19) 

4.4 Time-Frequency Analysis: Wigner-Ville 

distribution 

Wigner-Ville distribution (WVD) has been employed as time-frequency 

analysis. Auto terms window (ATW) function is used to suppress the 

cross terms in WVD according to reference [164], describing the 

suitable window function. It suggests that the auto terms and cross 

terms have different features in nature, and they can be omitted by 

cross-correlation. The cross terms can be suppressed by using ideal as 

a template to do two-dimension cross-correlation when both terms are 

not overlap, then it can be obtained equation (20) 

𝑊(𝑡, 𝜔) = 𝑊𝑥(𝑡, 𝜔) ∙ 𝑊𝑥,𝑎𝑢𝑡𝑜(𝑡, 𝜔) (20) 

being 𝑊𝑥 (𝑡, 𝜔)   the cross term and  𝑊𝑥 ,𝑎𝑢𝑡𝑜(𝑡, 𝜔) the auto term. 

Figure 4.4 shows the time-frequency analysis for the cases of frozen 

with ice (Figure 4.4(a)), at room temperature (Figure 4.4b)), and frozen 

without ice (Figure 4.4 (c)) for sensor 1. The results show that there is 

a minimum of cross terms, i.e. it presents an accuracy time-frequency 

resolution and energy aggregation. Figure 4.4(a) presents a different 

pattern to Figures 4.4(b) and 4.4(c) due to the presence of ice. Figure 

4.4(b) and Figure 4.4(c) present similar patterns, being of less impact 

in Figure 4.4(c), as it was found with the approach (see Figure 4.1).  
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(a) 

 
(b) 

 

 (c) 

Figure 4.4  Time-frequency graphs of WVD with de-noising by Morlet Wavelet:(a) frozen 

with ice;(b) room temperature; (c) frozen without ice. 
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4.5 Welds Location Methods in Concentrate Solar 

Plant Pipes 

4.5.1 Method 

The collector tubes are usually welded to a short tube anchored to the 

support in a CSP, shown in Figure 3.11. This part is the most critical 

component of the installation because it is prone to faults such as 

corrosion, bad welds or leaks. It must be considered these two welds, 

and its effect on the received signal, for a proper inspection of CSP 

collector tubes. Therefore, it is crucial to correctly identify these welds 

find the defects in the rest of the pipe, or bad welding. 

The approach [116] firstly identifies the echoes that come from the 

edges of the pipe. The GWs generated by the actuator are propagated 

in two directions, forward and backward. Also, both modes L(0,1) and 

L(0,2) are generated in both directions. L(0,2) mode is analysed and 

direct pulse is detected, and the propagation velocity determined.  

Then, two edge echoes on each path are studied. On the forward path, 

the first two edge echoes (F.1 and F.2) are found (Figure 4.5). In the 

same way, the first two reflections along the back path are detected 

(B.1 and B.2) (Figure 4.5). 

 The location of the echoes that come from the edges are theoretically 

calculated by the travelled distance (forward and back) and the 

propagation velocity. They are analysed together with the 

experimental results, and the real echoes in the signal (peaks) that 

coincide with the theoretical edge echoes are identified. 

For the location of the welds the procedure is based on the search for 

two echoes that come from the same weld but have different routes. It 
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considers that if the ToF employed to traverse a common section is 

almost equal, the defect is detected and therefore located. 

 

Figure 4.5.  Two shortest paths from actuator to sensor detecting the crack.  

4.5.2 Case study: Two welds between the EMATs 

  

Figure 4.6 Welds and sensors placement in the test rig to identify welds in CSP. 

This experiment was carry out in the CSP test rig, which replicates the 

dimensions of a CSP, and the objective was to identify welding in the 

pipes with the EMAT and the Shear waves. Figure 4.6 shows the 

arrangement of the sensors and the welds in the experimental 

platform.  

The results are analysed according to the following criteria: weld 

detection and location; Two welds between the EMATs. Figure 4.7 
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presents the results considering two welds between the EMATs. It 

shows the edges and welds reflections by the path a.  

Figure 4.7 Edges and welds reflections. 

The two welds can be perfectly identified, which allows to establish this 

signal as benchmark signal. If there is any element that disturbs the 

transmission of the ultrasonic signal, such as bad welding, the signal 

obtained will be different from the reference signal, shown in Figure 

15, and it can be determined that there is a possible defect in that 

junction. 

The method detects the welds. They are shown in a schema with the 

real dimensions of the pipe and the position of the sensors (Figure 4.8). 

The absolute error for weld 1 (left side in Figure 4.8) is 0.9 mm, being 

the relative error of 0.0225%. The absolute error to locate the weld 2 

(right side in Figure 4.8) is 0.9 mm, being the relative error is 0.02%. 

It shows that the accuracy of the presented method is high. 

 

 

Figure 4.8 Welds location relative to the left edge in meters. 
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5 Machine Learning for 

Pattern Recognition: 

Methodology 

5.1 Introduction 

Pattern recognition by ML is used to establish a “damages map” that 

evaluates the SHM, allowing an efficient operation of the wind turbine 

in terms of load relief, limited maintenance, and repairs. This chapter 

explores the methodology through ML, proposing new techniques to 

the cases study and a new approach to the extraction and selection 

features of non-linear models using the hybrid NARX -NCA method. 

Throughout this chapter, the method of each one of the phases of the 

process will be explained and finally, the methodology used in its 

entirety for both linear and non-linear models will be detailed. 

Pattern recognition employing ML has been used in many different 

issues. Pérez-Ortiz et al. perform a comprehensive review of problems 

and classification algorithms with ML in the field of renewable 

energies [165]. Joshuva and Sugumaran present a compressive review 
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on failure diagnosis methods and Structural Health Condition 

Monitoring (SHCM) for WT [166]. N. Dervilis et al. apply pattern 

recognition for blade failure diagnosis, with PCA, NLPCA, ANN with 

Radial Base Functions (RBF) using vibration signals [167]. ANN 

demonstrates advantages, such as speed, simplicity, and robustness 

[168]. Rasit Ata presents a review of ANN applied in wind energy 

systems [169]. Bork et al. [170,171], Yam et al. [172], and Su and Ye 

[51] have issued different approaches considering Lamb waves and 

ANN.  

The filtering of the GW ultrasonic signal is studied in Chapter 3. 

5.2 Normalization 

The normalization of extracted ultrasonic signals regarding the 

variation in environmental and operational conditions is a key issue in 

order to avoid false positive evidence of damage [173]. Among the 

multiple techniques used in the normalization of ultrasonic signals, 

the mean value of the time series has been used to remove DC offset 

from the signal. This result is divided by the standard deviation of the 

signal in order to normalize varying amplitudes in the signal. 

Before being adjusted to the AR model, each set of ultrasonic signals 

of each delamination level are averaged and normalized by the 

equation (21) in order to avoid false positive damage 

�̂� =
𝑦 − 𝜇𝑦

𝜎𝑦
 (21) 

where �̂� is the normalized signal, 𝜇𝑦 is the mean and 𝜎𝑦 is the standard 

deviation of y. 

Normalization has been carried out in all cases study. 
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5.3 Feature Extraction 

FE is employed to determine the condition of the component, such as 

the WTB or CSP pipeline. FE aims to create representative features 

with lower dimensionality than the original data. Simple features can 

be done by information gain and fisher score [174]. Simple features 

may only be suitable for very simple problems. In many applications, 

including our cases study, complex features are needed. Complex 

features can be extracted from models, such as Markov models, 

reduced order modelling, and autoregressive (AR) [23,45,175,176]. The 

AR model is one of the most popular methods for time-series data FE 

[177,178]. However, AR is a linear method, and a nonlinear 

relationship presented in the signal cannot be represented, and this 

may limit classification performance due to the lost nonlinear 

information. In this section, different extraction techniques of linear 

and non-linear features are analysed, such as AR, NARX, PCA and h-

NLPCA. 

5.3.1 AR 

5.3.1.1 Introduction 

AR model has high sensitivity to damage features [14,179,180]. This 

technique has been employed in time series analysis and predictive 

models for fault detection [181,182], but it has not been studied enough 

for pattern recognition. Yao et al. applied statistical algorithms of 

pattern recognition using AR FE techniques by spectral model and 

residual AR with acceleration data [183]. Nardi et al. studied 

delamination by means of AR models [184]. Figueiredo et al. [185] 

propose an AR-based approach using acceleration time series in order 

to distinguish variations in characteristics related to damage from 
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those related to operational and environmental effects. In this thesis, 

selection of the number of AR model parameters is carried out. A 

higher order model can fit the dataset but cannot be generalized to 

other datasets. A lower model order may not adequately represent the 

physical dynamics of the system. 

5.3.1.2 Model 

AR is a lineal mathematical model commonly employed for FE because 

of its high computational performance. AR method is popular because 

estimation of AR parameters (features) is achieved easily by solving 

linear Yule-Walker equations [186]. 

The output is a linear combination of the past p outputs plus a white 

noise input in an AR model of order p. The weights on the p past 

outputs minimize the mean-square prediction error of the auto-

regression, given by equation (22). 

𝑦(𝑡) =∑∅𝑖

𝑝

𝑖=1

𝑦(𝑡 − 𝑖) +  𝜉(𝑡) (22) 

where y(t) is the time series to be modelled, ∅𝑖 are the model 

coefficients, 𝜉(𝑡) is white noise, and parameter p is the order of the AR 

model. An AR model of order p, denoted by AR(p), indicates that 

current observation depends on p past observations. The coefficients 

are set by Yule-Walker AR by equation (23)  [187,188]: 

𝑦(𝑖 + 1) =∑∅1

𝑝

𝑖=1

𝑦(𝑖) + ∅2 𝑦(𝑡 − 𝑖) + ⋯+ ∅𝑝 𝑦(𝑖 − 𝑝 + 1)

+  𝜉(𝑖 + 1) 

(23) 
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The AR coefficients (∅) are obtained using the Levison–Durbin 

algorithm [189]. Figure 5.1 shows Yule–Walker power spectral density 

(PSD) of all delamination levels in the WTB. 

 
Figure 5.1  Yule–Walker power spectral density for signals at 55 kHz in each scenario. 

5.3.2 NARX 

5.3.2.1 Introduction 

The NARX feature is employed for WTB damage detection for the first 

time according to the references, although NARX models have been 

used in SHM. Further, the NARX feature is demonstrated to be 

significantly better than linear AR feature for blade damage detection 

as the proposed NARX model can describe the inherent nonlinearity of 

blade delamination very well.  

The propagation of Lamb waves through different defects is complex 

and nonlinear when they are applied in anisotropic materials such as 

WTB. NARX is one of the most powerful, simple and versatile 

algorithms for identifying non-linear dynamic systems when noise is 

assumed as Gaussian. NARX was introduced by Leontaritis and 
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Billings to describe a wide class on nonlinear systems [190,191]. On 

the other hand, it has rarely been used as a technique for FE, to later 

be classified by ML and establish different patterns, as in this case.  

NARX models predict the current of the system output value 𝑦𝑖  using 

a non-linear function F from the previous inputs 𝑥𝑖 , 𝑖. 𝑒  𝑦𝑖 =

𝐹(𝑦𝑖−1⋯𝑦𝑖−𝑛𝑦; 𝑥𝑖−1⋯𝑥𝑖−𝑛𝑥) . The F function can draw from any number 

of regression approaches: multinomial regression, non-parametric 

model forms based on automatic learning, such as the Multi-layer 

Perceptron neural networks (MLP) and the radio base function (RBF) 

or, more recently, Gaussian Process (GP) NARX model [192]. 

NARX has been developed as a methodology in ML by applying a data-

driven approach to prediction through the application a non-linear 

auto regressive neural network with exogenous inputs (NARX-NN) in 

a large number of cases [193]. NARX-NN has been implemented in 

Wind Turbines for predicting gear and bearing models in general 

rotary machinery [194,195], predictive control [196] or speed and 

power forecast [197].  

Polynomial NARX models are frequently applied due to their 

simplicity in the nonlinear model identification framework, linearity of 

parameters and easy interpretation of terms. The NARX model is often 

formulated as a linear combination of nonlinear functions to reduce 

computational costs and is referred to as the linear-in-the-parameters 

model. The linear-in-the-parameter models are well structured for 

adaptive learning, have the capability of parallel processing and have 

been widely applied for monitoring, controlling and supervising [198].  

NARX has been proven to be very efficient in dynamic modelling with 

a large amount of data and especially when data is obtained online 

[199]. Online training is an improvement in NARX methodology 
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because the model is adaptable to any dynamics that the model does 

not know. Training data does not contain all the behaviours of the 

system and consequently the identification of patterns and 

consequently the identification of patterns becomes incomplete or 

erroneous. Therefore, this methodology establishes more real patterns 

to the changes produced.  

Based on the literature presented above, the technique FE based on 

NARX linear-in-the-parameter models is proper for the treatment of 

lamb waves in nonlinear systems as is the case of delamination in 

WTB. In addition, an online data processing allows this extraction 

technique to be more optimal for the detection of untrained patterns. 

The difficulty of the polynomial NARX approach lies in selecting the 

model structure since the number of possible terms in polynomial 

expansions grows rapidly. There is an extensive literature of selection 

methods for NARX such as the Forward Regression Orthogonal 

Estimator (FROE)[200], Randomized MSS (RaMSS) [201] or recently 

Randomized Features Selection and Classifier (RFSC) [202]. 

5.3.2.2 Model 

The nonlinear function in the NARX model has to be chosen. In this 

work, a polynomial is used as the nonlinear function. The polynomial 

NARX model with an order up to 3 is given by equation (24) [203]. 

𝑦(𝑡) = ∑ 𝑦(𝑡 − 𝑖1)

𝑀

𝑖1=1

𝜃𝑖1 + ∑ ∑ 𝑦(𝑡 − 𝑖1)

𝑀

𝑖2=𝑖1

𝑦(𝑡 − 𝑖2)𝜃𝑖1𝑖2

𝑀

𝑖1=1

+ ∑ ⋯

𝑀

𝑖1=1

∑ 𝑦(𝑡 − 𝑖2)…

𝑀

𝑖𝑙=𝑖𝑙−1

𝑦(𝑡 − 𝑖2)𝜃𝑖1…𝑖𝑙 + ξ(𝑡) 

(24) 

where 𝑦(t) are data sample at time t, t=1,…,N, and 𝑦(𝑡 − 𝑖1)are the 

delayed data with lagged 𝑖1, 𝑖1 = 1,… , r. The coefficient 𝜃 are the 
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features. Nonlinear AR (NAR) is a special case of NARX where the 

input coefficients are zeros. In other words, the input has no 

contribution to the model. To make it clear, NAR instead of NARX is 

used in the revised thesis. 

Given a set of N training samples, equation (24) can be expressed in 

the matrix form as equation (25), 

𝐲 = 𝐏𝚯 +  𝚵 (25) 

where y = [y(1), . . . , y(N)]T is the coefficient vector, 𝚯 = [𝜃1, … . . 𝜃𝑀]T 

is the unknown parameter vector,  𝚵= [ξ (1), . . . , ξ(N)]T is the residual 

vector, and P = [p1, . . . , pi , . . . , pM] is a N-by-M matrix, being pi =[pj 

(x(1), vj), . . . , pj (x(N), vj) ]T  [191]. 

5.3.2.3 Features Extraction  

The coefficients of NARX, given in equation (24), are obtained as: 

Step 1. The matrix of first-order terms (∑ 𝑥𝑖1(𝑡)
𝑀
𝑖1=1

𝜃𝑖1) is  

𝐀 (𝑀) = (

𝑦(𝑡) 𝑦(𝑡−1) ⋯ 𝑦(𝑡−𝑀)

⋮ ⋮
𝑦(𝑁−1) 𝑦(𝑁−2) ⋯ 𝑦(𝑁−𝑀)

) (26) 

when M = 3, then: 

𝐀 (3) = (

𝑦(𝑡) 𝑦(𝑡−1) ⋯ 𝑦(𝑡−2)

⋮ ⋮
𝑦(𝑁−1) 𝑦(𝑁−2) ⋯ 𝑦(𝑁−3)

) (27) 

 

Step 2. The matrix of second-order terms 

(∑ ∑ 𝑥𝑖1(𝑡)
𝑀
𝑖2=𝑖1

𝑥𝑖2(𝑡)𝜃𝑖1𝑖2
𝑀
𝑖1=1

) is: 
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𝐁(𝑀) =

(

 
 

𝑦(𝑡)𝑦(𝑡−1) ⋯ 𝑦(𝑡)𝑦(𝑡−𝑀)

𝑦(𝑡+1)𝑦(𝑡) ⋯ 𝑦(𝑡+1)𝑦(𝑡−𝑀) 𝑦(𝑡)𝑦(𝑡)

⋮ ⋮
𝑦(𝑁−1)𝑦(𝑁−2) ⋯ 𝑦(𝑁−1)𝑦(𝑁−𝑀) 𝑦(𝑁−2)𝑦(𝑁−𝑀) ⋯ 𝑦(𝑁−𝑀)𝑦(𝑁−𝑀))

 
 

            (28) 

 

For M=3, 

𝐁(3) = (

𝑦(𝑡)𝑦(𝑡−1) 𝑦(𝑡)𝑦(𝑡−2)

𝑦(𝑡+1)𝑦(𝑡) 𝑦(𝑡+1)𝑦(𝑡−1) 𝑦(𝑡)𝑦(𝑡)
𝑦(𝑁−1)𝑦(𝑁−2) 𝑦(𝑁−1)𝑦(𝑁−3) 𝑦(𝑡+1)𝑦(𝑡+1) 𝑦(𝑡)𝑦(𝑡) 𝑦(𝑡)𝑦(𝑡)

)                    (29) 

 

There are two reasons for choosing the model order M=3. The first 

reason is that the higher order terms have much less contributions 

than lower model terms. This can be illustrated using Taylor 

expansion, where the contributions of higher order model terms are 

negligible. Moreover, the higher order terms can easily approximate 

noises. The second reason is that the higher orders introduce 

significant model complexity. According to parsimonious principle, a 

simple model is always preferable to a complex one when they have 

similar model performance. Sometime, a model with higher order 

terms could be too complex and performs poorer than the simpler 

models. Therefore, majority practical application only used model 

order up to 3. 

Step 3. For matrix of N variables, each term is the product of the N 

values ∑ ⋯𝑀
𝑖1=1

∑ 𝑥𝑖1(𝑡)…
𝑀
𝑖𝑙=𝑖𝑙−1

𝑥𝑖𝑙(𝑡)𝜃𝑖1…𝑖𝑙. For example, for a polynomial 

of 3 variables and M = 4, the terms are shown in Table 4. 
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Table 4 Terms for three variables polynomial and M=4. 

Nº TERMS 

1-5 y(t-1), y(t-2), y(t-3), ,y(t-4), y2
(t-1) 

6-8 y(t-1) y(t-2),y(t-1)y(t-3),y(t-1)y(t-4) 

9-12 y2
(t-2),y(t-2)y(t-3),y(t-2)y(t-4),y2

(t-3) 

13-16 y(t-3)y(t-4),y2
(t-4),y3

(t-1),y2
(t-1)y(t-2) 

17-19 y2
(t-1) y(t-3), y2

(t-1)y(t-4),y(t-1)y2
(t-2) 

20-21 y(t-1)y2
(t-3),y(t-1)y2

(t-4) 

22-23 y(t-1)y(t-2)y(t-3),y(t-1)y(t-2)y(t-4) 

24-25 y(t-1)y(t-3)y(t-4),y3
(t-2) 

26-28 y2
(t-2)y(t-3),y2

(t-2)y(t-4),y(t-2) y2
(t-3) 

29-31 y(t-2)y2
(t-4),y(t-2)y(t-3)y(t-4),y3

(t-3) 

31-34 y2
(t-3)y(t-4),y(t-3)y2

(t-4),y3
(t-4) 

 

Step 4. P matrix consists of the matrices involved (A, B) 

Step 5. The solution of equation (25) is given by equation (30) 

𝚯 = 𝐏−1𝐲 (30) 

where 𝚯 = [𝜃1, … . . 𝜃𝑀]T is the extraction features parameter vector. 

The direct inverse of P matrix can be used to solve the model 

parameters. Alternatively, least squares methods are often used to 

compute the model coefficients by using the equation 𝚯 = (𝐏T𝐏)
−1
𝐏T𝐘. 

The least squares method tends to be more popular as it is more 

numerically robust than direct inverse operation. 

5.3.3 PCA 

PCA is a technique for mapping multidimensional data into lower 

dimensions with minimal loss of information [29]. Let Y a n x m matrix, 

where n is the number of observations and m is the number of 

variables. PCA is an optimal factorization of Y into two matrices, 

�̿�𝑛×𝑓called score matrix, and �̿�𝑚×𝑓 named loadings matrix, plus a 
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matrix of residuals �̿�, where 𝑓 is the number of factors (𝑓 < 𝑚). Linear 

PCA is expressed by equation (31): 

𝐘 = �̿��̿�𝑇 + �̿� (31) 

PCA can be also expressed as a linear mapping of data from ℛmto ℛf 

given by equation (32): 

�̿�𝑗 = 𝐘𝑗�̿� (32) 

where 𝐘𝑗 is the jth observation of 𝐘, �̿�𝑗 is the corresponding row of �̿� 

and �̿� is the loading matrix that contains the coefficients for the 

transformation. The information lost due to transformation in this 

mapping can be evaluated by the measurement vector reconstruction 

by reversing the projection back to 𝓡𝑚 by equations (32) and (33): 

𝐘𝑗
′ = �̿�𝑗�̿� (33) 

where 𝐘𝑗
′ is the jth observation of 𝐘 in ℛ𝑚. The residual error vector �̿�𝑗 

is given by equation (34): 

�̿�𝑗 = 𝐘𝑗 − 𝐘𝑗
′ (34) 

5.3.4 Hierarchical NLPCA 

Nonlinear Principal Components Analysis (NLPCA) is an auto-

associative neural network based on the approach presented by 

Kramer [204,205]. It can be subdivided in two variations: normal 

NLPCA and hierarchical NLPCA. The mapping into feature space is 

generalized to allow arbitrary nonlinear functions. Mapping in NLPCA 

is done by equation (35), similar to equation (32): 

�̿�𝑗 = �̿�𝐘𝑗 (35) 



5. Pattern Recognition by Machine Learning: Methodology 

Advanced Analytics in Maintenance Management  

based on Ultrasonic Guided Waves. 
69 

 

where �̿� is nonlinear vector, composed of 𝑓 individual nonlinear 

functions; �̿� = {�̿�1, �̿�2, . . . . �̿�𝑓}, analogous to the columns of �̿� in linear 

PCA. 

Equation (35) can also be expressed in terms of the 𝑖𝑡ℎ  factors by 

equation (36): 

�̿�𝑗,𝑖 = �̿�𝑖𝐘𝑗 (36) 

where �̿�𝑗,𝑖  are the ith elements of �̿�𝑗, �̿�𝑖 is the ith nonlinear factor of the 

jth observation. 

The inverse transformation will be performed by nonlinear function 

�̿� = {�̿�1, �̿�2, . . . . �̿�𝑛} in equation (37), similar to equation (33): 

𝐘𝑗
′ = �̿��̿�𝑗 (37) 

Figure 5.2 shows a neural network of two feed-forward. The network 

is designed by five layers, composed of three hidden layers (mapping, 

bottle-neck and de-mapping), and an input (first layer) and an output 

layer (fifth layer). This architecture is designed to estimate nonlinear 

vector functions �̿� (mapping layer) and vector functions  �̿� (de-mapping 

layer). The bootle-neck layer resolves the features �̿�𝑗,𝑓. 

The number of mapping nodes is related to the complexity of the 

nonlinear functions that can be generated by the network [206]. This 

network could provide low accuracy if the number of nodes is lower, or 

to lead overfitting if there are many mapping nodes. Kramer proposes 

to restrict the number of weights in the network to a fraction of the 

number of restrictions imposed by the data set. A constrain is imposed 

by each output node for each data vector. 
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Figure 5.2 Network layout for NLPCA. 

The number of parameter that can be adjusted must be less than j x n. 

The number of adjustable parameters is given by equation (38) 

assuming all nodes have biases for the whole network: 

(𝑗 + 𝑓 + 1)(𝑀1 +𝑀2) + 𝑗 + 𝑓 (38) 

where 𝑀1 and 𝑀2 are the number of nodes in the mapping and 

demapping layers, implying the inequality by equation (39):  

𝑀1 +𝑀2 ≪
𝑗(𝑛 − 𝑓)

𝑗 + 𝑓 + 1
 (39) 

Equation (39) can be expressed by equation (40) for a relatively small 

number of factors (𝑓 ≪ 𝑗, 𝑛): 

𝑀1 +𝑀2 ≪ 𝑛 (40) 

Scholz and Vigário [207] propose h-NLPCA that extends PCA into 

NLPCA through a hierarchical type of learning. The h-NLPCA 

algorithm performs an identity mapping, where the output nonlinear 

𝐘′𝑗,𝑛 is obliged to be equal to the input nonlinear 𝐘𝑗,𝑛. The aim is 
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achieved by minimizing the Squared Reconstruction Error (SRE), 

defined by equation (41): 

𝑆𝑅𝐸 =
1

𝑗𝑛
 ∑∑(𝐘𝑗,𝑛 − 𝐘′𝑗,𝑛)

2
𝑛

𝑛=1

𝑗

𝑗=1

 (41) 

 

while all components are treated equally by the NLPCA algorithm, i.e.  

there is not a particular order. The h-NLPCA orders in a hierarchically 

way, where its first n components indicate the maximum variance of 

the data that are included in an n dimensional subspace. 

5.4 Feature Selection 

NCA is a feature selection method with excellent performance in 

dimensionality reduction [208]. NCA is proposed by Goldberger et 

al.[209] for learning a Mahalanobis distance measure to be used in the 

KNN classification algorithm. Zhou et al.  establish a condition 

monitoring and fault diagnosis system to prevent abrupt bearing 

breaks during operation using NCA as a feature selection method. 

Akaike’s information criteria (AIC) [210], final prediction error (FPE) 

criterion [211], partial autocorrelation function (PAF) [212], root mean 

square (RMS) [213] and singular value decomposition (SVD) [214] have 

been employed in this thesis. The NCA and AIC methods stand out 

because they are the best adapted to the case studies. 

5.4.1 Akaike’s Information Criterion 

The Akaike’s information criterion (AIC) has been used to reduce the 

dimensionality of the feature extraction. The AIC is a measure of the 

goodness-of-fit of an estimated statistical model, based on the trade-off 
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between fitting accuracy and the number of estimated parameters. AIC 

is given by equation (42). 

𝐴𝐼𝐶 = 𝑁𝑡 ln(𝜖) + 2𝑁𝑝  

 

(42) 

𝜖 = 𝑆𝑆𝑅/𝑁𝑡 (43) 

where 𝑁𝑝 is the number of estimated parameters, 𝑁𝑡 the number of 

predicted data points, 𝜖 the error, and 𝑆𝑆𝑅 the average sum-of-square 

residual error. 

5.4.2 Neighbourhood Component Analysis 

Neighbourhood Component Analysis (NCA)  method  has been applied 

in order to reduce dimensionality in AR and NARX [208,215,216]. Let 

𝐘 = {𝐲1, 𝐲2,…,𝐲n} be labelled features set, where 𝐲i ∈ ℝ
d and the 

corresponding class labels are {𝐜1, 𝐜2,…,𝐜n} .  

The objective is to find a vector of weighting w to select the subset of 

characteristics optimizing the classification of nearest neighbours. w is 

the weighted distance between two samples 𝑦𝑖 and 𝑦𝑗  , given by 

equation (44) 

𝐷w(𝑦𝑖 , 𝑦𝑗) =∑𝑤𝑙
2|𝑦𝑖𝑙 − 𝑦𝑗𝑙|

𝑑

𝑙=1

 (44) 

 

where 𝑤𝑙 is a weight associated with 𝑙th feature.  

The reference point in NCA is chosen randomly, where all points in 𝐗 

have a probability of being selected as the reference point. The point 𝑥𝑖 

selects the point 𝑥𝑗 as its neighbour with a probability 𝑝𝑖𝑗, receiving the 
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class label from the neighbour selected. The probability 𝑝𝑖𝑗 is defined 

by equation (45): 

{
 
 

 
 
𝑝𝑖𝑗 =

𝒦 (𝐷w(𝑦𝑖 , 𝑦𝑗))

∑ 𝒦 (𝐷w(𝑦𝑖 , 𝑦𝑘))𝑘≠𝑖

; 𝑖𝑓 𝑖 ≠ 𝑗

𝑝𝑖𝑗 = 0; 𝑖𝑓 𝑖 = 𝑗

 (45) 

 

where 𝒦(𝑧) = exp (−
𝑧

𝜎
) is a Kernel function, and the Kernel with 𝜎 is 

an input parameter that influences the probability of each point to be 

selected as the reference point. The probability of the query point xi to 

be correctly classified is given by equation (46): 

𝑝𝑖 =∑ 𝐶𝑖𝑗 𝑝𝑖𝑗
𝑗

 (46) 

Where 𝐶𝑖𝑗 = 1 if the class label 𝐶𝑖 = 𝐶𝑗 , and 𝐶𝑖𝑗 = 0 if the class label 

𝐶𝑖 ≠ 𝐶𝑗  

The true leave-one-out classification accuracy 𝜉(𝑤) is calculated by 

equation (47): 

𝜉(𝑤) =∑∑𝐶𝑖𝑗 𝑝𝑖𝑗
𝑗𝑖

− 𝜆∑𝑤𝑙
2

𝑑

𝑙=1

 (47) 

where 𝜆 is a regularization parameter set by cross validation. The 

regularization term 𝜆 ∑ 𝑤𝑙
2𝑑

𝑙=1  is introduced in the equation (47) to 

improve the feature selection and avoid overfitting. 

A gradient rule is applied by differentiating 𝜉(𝑤) regarding to 𝑤𝑙 in 

equation (48): 
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𝜕𝜉(𝑤)

𝜕𝑤𝑙
= 2(

1

𝜎
∑(𝑝𝑖∑ 𝑝𝑖𝑗|𝑦𝑖𝑙 − 𝑦𝑗𝑙|

𝑗≠𝑖
𝑖

−∑ 𝐶𝑖𝑗 𝑝𝑖𝑗|𝑦𝑖𝑙 − 𝑦𝑗𝑙| − 𝜆
𝑗

)𝑤𝑙) 

(48) 

5.5 Classifiers 

A supervised classification is considered in ML, where the same 

number of signals is set for each group, or population. The cross-

validation technique has been employed to estimate the probability of 

misclassification, and to avoid overfitting in all cases considered. 

5.5.1 Artificial Neural Network 

Three layers of processing units are used as the structure (15/15/6). 

Backpropagation, together with the algorithm scaled conjugate 

gradient and performance cross entropy [217,218] with “early 

stopping” to avoid overfitting [219], has been employed as the training 

mode. ANN is given by equation (49): 

𝑧𝑘 =∑𝑤′𝑘𝑗𝑦𝑗 − 𝜃′𝑖

 

𝑗

=∑𝑤′𝑘𝑗

 

𝑗

𝑓 (∑𝑤𝑗𝑖
𝑖

 𝑥𝑖 − 𝜃𝑗) − 𝜃′𝑗 (49) 

where 𝑥𝑖 is the input, 𝑦𝑖 the hidden layer output, 𝑧𝑖 the final layer 

output, 𝑡𝑘 the target output, 𝑤𝑗𝑖 the hidden layer weight, 𝑤′𝑘𝑗 the final 

layer weight, 𝜃𝑗 hidden layer bias, 𝜃′𝑘 the final layer bias, and 𝑓(·) is 

the activation function sigmoid type. 

The sigmoid function, Figure 3, is used as the activation function of the 

ANN, given by equation (50). It provides an output in the range [0, 1].  
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𝑓(𝑥) =
1

1 + 𝑒−𝑥
 (50) 

 

Figure 5.3 Sigmoid activation function. 

The MLP is tested initially with an ANN architecture, and trained 

with 70% of the experiments. The ANN architecture is chosen 

according to the best accuracy and performance. The network is 

validated with different cases (30%) to determine if the learning is 

correct, and to check if it classifies correctly. 

Training Process 

Backpropagation (BP) is one of the simplest and most general methods 

for supervised training of multilayer ANNs. Techniques, such as 

scaled, have been developed to accelerate the training method BP, 

standardization, or normalization that performs pre-processing inputs. 

In this work, BP mode algorithms are the scaled conjugate gradient 

and performance cross entropy.  

Conjugate gradient algorithm, based on performing gradient 

descendent, is a second-order analysis of the error, employed to 

determine the optimal rate of learning, and extract information 

provided by the second derivative of the error by the Hessian matrix, 

(H), equation (51). 

0



6. Case Studies and Results 
 

76 Advanced Analytics in Maintenance Management  

based on Ultrasonic Guided Waves. 

 

𝐇 =
𝜕2𝐸(𝐖)

𝜕𝑤𝑖𝑗𝜕𝑤𝑘𝑙
  (51)  

The algorithm uses different approaches to avoid high computational 

costs. The MLP is employed in different stages during the learning 

process, where the reduction of error can be slow. It is suggested that 

the Mean Square Error (MSE) replaces the cross-entropy error 

function, because MSE shows a better network performance. 

Architecture of the Network 

Different ANN structures have been tested, and the structure that 

provides the best results was a hidden layer with 15 neurons, based on 

comparative performance by trial and error. The network architecture 

set was 15-15-6 (Figure 4). 

 

Figure 5.4 Artificial Neural Networks (ANN) architecture.  
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5.5.2 Decision Trees 

Decision Tree (DT) [220] is a classifier used to determine if the dataset 

contains different classes of objects that can be interpreted 

significantly in the context of a substantive theory. DT generates a 

split of space from a labelled training set. The objective is to separate 

the elements of each class into different labelled regions, called leaves, 

minimizing a local error. Each internal node in the tree is a question, 

or decision, that determines the branch of the tree that must be taken 

to reach a leaf. DT is determined in the following cases: how to split 

the space, called Splitting Rules (SR); stopping the condition of 

splitting; labelling function of a region, and; measurement of error.  

The purpose of the SR is to minimize the impurity of the node. In this 

case, SR is based on Gini’s Diversity Index (GDI) [221], given by 

equation (52): 

𝐺𝐷𝐼 = 1 −∑𝑝2(𝑖)

𝑖

 (52) 

where the sum is over the classes i at the node, and p(i) is the observed 

fraction of classes with the class i that has the node. For a node with 

only one class, called the pure node, GDI = 0, being GDI > 0 in other 

cases. The algorithm stops if the node is pre-set at maximum depth; all 

elements of the node are the same class; there is no empty sub node; or 

SR does not reach a pre-set value.  

The optimal tree generally presents overfitting [222]. The second 

phase of the process is the reduce the size of the tree, which consists 

of cutting off terminal nodes until the optimal size. The tree is divided 

in different subtrees, that are compared to find the optimal, 
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considering the measure of cost complexity  𝑅𝛼(𝑇) given by equation 

(53),     

𝑅𝛼(𝑇) = 𝑅(𝑇) + 𝛼|�̃�| (53) 

being 𝑅(𝑇) the average within-node sum of squares, |�̃�| is the tree 

complexity, i.e. the total number of nodes of the subtree, and 𝛼 the 

complexity parameter employed as a penalty for each additional 

terminal node. 𝛼 is gradually increased from 0 to 1 in the pruning 

procedure, and it is considered the value that minimizes  𝑅𝛼(𝑇). The 

optimal subtrees are selected according to the minimal predictive error 

models employing cross validation. 

DT labels a leaf, or region, when it is already considered as a terminal. 

The labelling function is set by equation ((54): 

𝑙′ = 𝑎𝑟𝑔𝑚𝑖 𝑙′ {∑𝑁𝐼  ×  𝑐𝑙,𝑙′

𝑘

𝑙=1

} ((54) 

where 𝑁𝐼 is the number of elements of class l, 𝑙′ is the class to label, 

and 𝑐𝑙,𝑙′ is the labelling cost. 

The labelling cost considering all classes is calculated, and 𝑙′ is selected 

to minimize the error, where a random one is chosen in case of a tie. 

Equation (55) provides a classification average error:  

𝜖 =
1

𝑁
 ∑ 𝑒𝑟𝑟 (𝑙𝑖

𝑁
𝐼=1 , 𝑙𝑖

′) (55) 

where 𝑒𝑟𝑟 (𝑙𝑖 , 𝑙
′
𝑖) is the error of labelling a class l as l’. This error will 

be solved by splitting the space and assigning a label to each split. 

The number of partitions has been adjusted using the Decision Tree 

Complex (DTC) algorithm. It allows a maximum of 100 partitions to 

avoid overfitting. The Decision Tree Medium (DTM) algorithm is 
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applied on the number of leaves to make finer distinctions between 

classes with the maximum number of divisions being 20. Decision Tree 

Simple (DTS) algorithm establishes few leaves to make coarse 

distinctions between classes (maximum number of splits is 4). 

5.5.3 Discriminant Analysis 

The ultrasonic signals are homogeneous for the same frequency. This 

is the main reason that the Linear Discriminant Analysis (LDA) 

classifier provides better results [223]. This classifier is also valid for 

ultrasonic signals obtained at different frequencies. It is based on a 

geometrical approach, where a linear function, representing a decision 

limit, divides a feature space into regions that have common 

properties. The aim of this method is to find the expression of linear 

discriminant functions that enable the classification of objects in the 

considered classes. The linear discriminant function g(x) is given by 

equation (56) 

𝑔(𝑥) = 𝑤0 +∑𝑤𝑖𝑥𝑖

𝑑

𝑖=1

 (56)  

where the coefficients 𝒘𝒊 are the components of the weight vector w. 

The model has the same covariance matrix for each class, and only the 

means vary. The classifier calculates the sample mean of each class, 

then it computes the sample covariance. The hyperparameters are set 

by linear coefficient threshold (Delta) and coefficient of regularization 

(Gamma) to minimize the loss of five-fold cross validation. 

Quadratic Discriminant Analysis (QDA) is employed to classify each 

feature (x) in pre-existing different groups, from the information of a 

set of variables (x), called variable classifiers [224]. The information of 

each variable (x) is synthesized in a discriminant function. The process 
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of classifying a discriminant analysis can be summarized in the 

following steps:  

a) calculate the prior probability 𝜋𝑖 of the class i, i.e. the expected 

proportion of observations belonging to each group 

b) determine if the variance or covariance matrix is homogeneous 

in all groups. It is assumed that the vector of feature variables 

X is multivariate normally distributed in the group with mean 

vector 𝛍𝐤 and the class have a diferent covariance matrix ∑𝒌  

c) estimate the necessary parameters for the conditional 

probability functions using Gaussian mixture distribution, 

given by equation (57):  

𝑓𝑘(𝑥) =
1

(2𝜋)𝑃/2|∑  𝑘 |
1/2

 𝑒𝑥𝑝 [−
1

2
 (𝑥 − 𝜇𝑘)

𝑇  ∑(𝑥 − 𝜇𝑘)

−1

𝑘

] (57) 

where 𝜇𝑖 and ∑𝑘  is the class k (k ≤ i ≤ K) population mean vector 

and covariance matrix. 𝑃 is a dimension factor (2 for QDA), and 

T is a transpose operator. 

 

The metric distance to each class is calculated using the 

variance–covariance matrix of each class, instead of the global 

matrix grouped in QDA [225], according to equation (58);  

𝑑𝑖𝑘
2 = (𝑥𝑖 − 𝑥𝑘̅̅ ̅)𝑪𝑘

−1(𝑥𝑖 − 𝑥𝑘̅̅ ̅)
′ (58) 

where 𝑑𝑖𝑘
2  is the squared distance between sample i, and the 

class k centroid, and 𝑪𝐾 is the corresponding variance–

covariance matrix for that class. 

d) calculate the result of the discriminant function. The maximum 

of the a posteriori discriminant function 𝑔𝑘(𝑥), employing the 

Bayes rule and natural logs, is given by equation (59): 
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𝑔𝑘(𝑥) = −
1

2
 (𝑥 − 𝜇𝑘)

𝑇∑(𝑥 − 𝜇𝑘)

−1

𝑘

−
1

2
𝑙𝑜𝑔 (|∑  

𝑘
|) + 𝑙𝑜𝑔 (𝜋𝑘) (59) 

e) use cross-validation to estimate the probabilities of 

misclassifications.  

5.5.4 Support Vector Machine 

Support Vector Machine (SVM) is a supervised multivariate 

classification method, where “supervised” refers to a training step in 

which the algorithm learns the differences between pre-specified 

groups to be classified [226]. SVM treats each feature as a point in a 

high-dimensional space, being the number of dimensions equal to the 

number of rating levels. Each feature is assigned to a group, and the 

linear classification function learns the characteristics that are to be 

discriminated into the five groups. A limit of decision, or hyperplane (a 

generalization of a plane of n-1 dimensions which divides an n-

dimensional space), is defined to cluster the dataset, based on class 

membership to classify the dataset linearly. However, for a linearly 

separable problem there are infinite hyperplanes correctly classified 

for the dataset. SVM algorithm finds the optimal solution 

characterized by the largest margin between classes. The margin is 

defined as the distance of the closest training data points of the 

hyperplane. These points are the most difficult to classify and are 

called support vectors. The hyperplane is defined by a weight vector, 

which is a linear combination of the support vectors, and specifies a 

direction and a displacement that define the maximum margin 

classifier.  

The decision function is given by equation (60), 
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𝐷(𝑥) = 𝑤∅(𝑥) + 𝑏 (60) 

where 𝑤 and 𝑏 are the SVM parameters, and ∅(𝑥) is a kernel function. 

The hyperplane is defined by equation (60), and the distance between 

the hyperplane and pattern x is written as 
𝐷(𝑥)

‖𝑤‖
. 

A training classifier is designed to find the value w that maximizes the 

difference between the class boundary and the training patterns. The 

objective function of the training algorithm is given by equation (61). 

𝐽 =
‖𝑤‖2

2
 (61) 

The Linear, Polynomial and Gaussian Radial Basis Kernel functions 

[54] have been used to modify the different Kernel parameters in each 

case. The Kernel linear function provided the best results. The 

Sequential Minimal Optimization (SMO) method has been applied to 

set the training algorithm to find the separating hyperplane.  

On the other hand, both the tolerance and the fraction of variables 

allowed to violate Karush-Kuhn-Tucker [55] (KKT) conditions have 

also been adjusted for the SMO training method. The algorithm 

automatically centres the data points at their mean and scales them to 

a unit standard deviation before training.  

The box constraint level parameter controls the maximum penalty 

imposed on observations that violate the soft margin and helps to 

prevent excessive adjustment (regulation). The best box constraint 

level parameter found in this work is 1. The Kernel scale parameter is 

selected based on a heuristic procedure.  

One against one method has been implemented for multiclass 

classification [227]. All possible two-class classifiers are evaluated 
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from the training set of n classes, each classifier being trained in only 

two out of n classes, giving a total of n(n–1)/2 classifiers. The label of 

the class with most votes is assigned to the dataset, where a vote is 

given to the winning class, applying each classifier to the test dataset.  

5.5.5 K-Nearest Neighbours 

Classifier has been used for pattern classification and ML. The KNN 

is based on the principle that an unclassified instance within a dataset 

is assigned to the class of the nearest previously sorted instances [228]. 

Each instance can be considered as a point within an n-dimensional 

instance space, where each of the n-dimensions corresponds to one of 

the n-features that define an instance [229]. 

Given a set training observations X of n feature measurements, 𝐗 =

(𝑥1, ⋯ , 𝑥𝑁)
𝑇 , and the class label Y = 1,…,C, a KNN classifier allows to 

find the K nearest neighbours of a query point 𝑥0 in X, and then it 

predicts the class label of 𝑥0. Given a query 𝑥0, its unknown class 𝑦0 is 

assigned by two steps. Firstly, a set of k similar labelled target 

neighbours for the query 𝑥0 is identified. The Euclidian distance is 

given by equation (62) for a set 𝑇′ = {𝑥𝑖
𝑁𝑁 , 𝑦𝑖

𝑁𝑁 }
𝑖=1

𝑘
 ordered in a growing 

order in terms of Euclidean distance 𝑑 (𝑥0, 𝑥𝑖
𝑁𝑁) between 𝑥0 and 𝑥𝑖

𝑁𝑁. 

𝑑(x0, 𝑥𝑖
𝑁𝑁) = √(x0 − 𝑥𝑖

𝑁𝑁)
𝑇
(x0 − 𝑥𝑖

𝑁𝑁) (62) 

Secondly, the class label of the query point is predicted by the majority 

voting of its nearest neighbours, given by equation (63),  

𝑦0 = argmax
𝑦

∑ 𝛿(𝑦 = 𝑦𝑖
𝑁𝑁)

(𝑥𝑖
𝑁𝑁,𝑦𝑖

𝑁𝑁)∈𝑇′

 
(63) 
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where y is the class label, 𝑦𝑖
𝑁𝑁 is the class label for i-th nearest 

neighbour among its k nearest neighbours. The Dirac delta function is 

expressed by equation (64),  

𝛿(𝑦 = 𝑦𝑖
𝑁𝑁) = {1 𝑖𝑓 𝑦 = 𝑦𝑖

𝑁𝑁 

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (64) 

 

Weighted KNN (WKNN) classifier has been used in this thesis, where 

the nearest neighbours outweigh the farthest. The nearest neighbours 

have a higher weight than the farther ones in WKNN. Consequently, 

the weighted distance function shall be used, where the 𝜔0
𝑖  weight for 

the i-th nearest neighbour of the query 𝐱0 is defined by equation (65). 

𝜔0
𝑖  ={

𝑑(x0,𝑥𝑘
𝑁𝑁)−𝑑(x0,𝑥𝑖

𝑁𝑁)

𝑑(x0,𝑥𝑘
𝑁𝑁)−𝑑(x0,𝑥1

𝑁𝑁)
, 𝑖𝑓  𝑑(x0, 𝑥𝑘

𝑁𝑁) ≠ 𝑑(x0, 𝑥1
𝑁𝑁)  

1                              , 𝑖𝑓  𝑑(x0, 𝑥𝑘
𝑁𝑁) = 𝑑(x0, 𝑥1

𝑁𝑁)
 (65) 

the result of the classification of the vote, based on the weighted 

majority vote, is obtained by equation (66) 

𝑦0 = argmax
𝑦

∑ 𝜔0
𝑖  × 𝛿(𝑦 = 𝑦𝑖

𝑁𝑁)

(𝑥𝑖
𝑁𝑁,𝑦𝑖

𝑁𝑁)∈𝑇′

 
(66) 

Equation (66) indicates that a neighbour with less distance has a 

weight greater than one with more distance. Therefore, the nearest 

neighbour will have a weight whose value is 1, and the furthest 

neighbour will have a weight value of 0. The neighbours between these 

distances will have linearly scaled weights. The advantage of this 

classifier as a search technique is its simplicity. 

The number of neighbours, k, affects the classification performance of 

the k-NN algorithm [229]. A larger k could be used when noise is 

presented in the locality of the query instance. A smaller k is employed 
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when the region defining the class is small. In this approach, different 

numbers of k (0-10) have been tested. The best result is obtained with 

a value of k=5. 

5.5.6 Ensembles Classifiers 

Ensemble methods are learning algorithms that construct a set of 

classifiers whose individual decisions are combined in some way, 

generally by weighted or unweighted voting, to classify the set of 

features of each pattern [230].  

Bagging, boosting, and random subspaces are general techniques that 

can be used with any type of base classifier.  

5.5.6.1 Ensemble Bagged Tree  

Ensemble Bagged Tree (EBT) depends of two parameters: the number 

of splits, and; the number of learners. The complexity of the tree 

increases with the number of splits. An overfitting is done when the 

number of splits is not correct. The accuracy is proportional to the 

number of learners, but it can be time consuming to fit. A high 

predictive power can be get by a few hundreds of learners. The 

parameters that affect to the algorithm complexity for the EBT are the 

number of learners and the number of splits. It is necessary to carry 

out different tests to set the hits percentage for each algorithm varying 

the value of them. EBT uses the Breiman's “random forest” algorithm 

[231], i.e. a combination of tree predictors, where each tree depends of 

a random vector sampled independently. The distribution of all the all 

trees in the forest is the same. The size of the trees in the forest is 

limited by the generalization error for forests converges. This error 

depends on the correlation between the trees and their strength.  
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5.5.6.2 Ensemble Subspace Discriminant   

Ensemble Subspace Discriminant (ESD) is a predictive model 

composed of a weighted combination of multiple classification models. 

Bagging, boosting and the random subspace methods are employed in 

order to improve weak classifiers. In general, combining multiple 

classification models increases predictive performance. The Random 

Subspace Method (RSM) is a parallel learning algorithm proposed by 

Ho [232], where the generation of a discriminant classifier is 

independent in each subspace from the original dimensional feature 

space. The training data is then modified and performed in the feature 

space [233]. The same hyperparameters have been used for LDA. 

5.6 Decision Making 

5.6.1 Confusion Matrix 

Confusion Matrix (CMa) determines the quality of a classifier and its 

performance. The CMa (Table 5) is employed to evaluate the classifiers 

by the Receiver Operating Characteristic (ROC) analysis. The CMa 

determines the accuracy of a classifier and measures its performance. 

Table 5 presents the CMa compounds by the true positive, TP, the real 

successes of the classifier, and the error, E. 

The CMa has the following characteristics: 

• The total number of test examples of any class is the sum of the 

corresponding row. 

• The total number of false negatives (FN) for a class is the sum 

of values in the corresponding row, excluding the TP. 
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• The total number of false positives (FP) for a class is the sum of 

values in the corresponding column, excluding the TP. 

• The total number of true negatives (TN) for a certain class is 

the sum of all columns and rows, excluding the column and row 

of the class. 

 

Table 5 CMa 
 

A
C

T
U

A
L

 

  

PREDICTED 

Level 1 2 3 4 5 

1 TP E12 E13 E14 E15 

2 E2

1 

TP E23 E24 E25 

3 E3

1 

E32 TP E34 E35 

4 E4

1 

E42 E43 TP E45 

5 E5

1 

E52 E53 E54 TP 

 

The main parameters considered in CMa are: 

• TP: True positive is the real success of the classifier. 

• FP: False positive is the sum of the values of a class in the 

corresponding CM column, excluding the TP. 

• FN: False negative is the sum of the values of a class in the 

corresponding CM row, excluding the TP.  

• TN: True negative is the sum of all columns and rows, excluding 

the column and row of the class. 

The following equations will be applied to find the main measurement 

parameters when they are known: 
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• Recall, R, known as true positive rate, is the probability of being 

correctly classified, given by equation (67). 

𝑅 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (67) 

• Specificity, S, also called the true negative rate, measures the 

proportion of negatives that are correctly identified, given by 

equation (68). 

𝑆 =  
𝑇𝑁

𝐹𝑃 + 𝑇𝑁
 (68) 

Additional terms associated with ROC curves and CM are: 

• Precision, P, 

𝑃 =  
𝑇𝑃

𝐹𝑃 + 𝑇𝑃
 (69) 

• F-score, F, 

𝐹 =  
2 × 𝑃 × 𝑅

𝑃 + 𝑅
 (70) 

The average performance in all categories is set by two conventional 

methods [234]: 

• Macro average (𝑃𝑖
𝑀): 𝑃𝑀, 𝑅𝑀, 𝐹𝑀 is obtained by the averaging 

overall 𝑃𝑖
𝑀, where M denotes macro average, and i is the 

scenario. They are calculated for each category, i.e., the values 

precision is evaluated locally, 𝑃𝑖
𝑀, and then globally, 𝑃𝑀. 

• Micro average (𝑃𝑖
𝜇
): 𝑃𝜇, 𝑅𝜇 and 𝐹𝜇 value is obtained as: (i) TPi, 

FPi, FNi values are calculated for each of the scenarios; (ii) the 

value of TP, FP, and FN are calculated as the sum of TPi, FPi, 

FNi; and (iii) applying the equation of the measure that 

corresponds to it.  



5. Pattern Recognition by Machine Learning: Methodology 

Advanced Analytics in Maintenance Management  

based on Ultrasonic Guided Waves. 
89 

 

5.6.2 Receiver Operating Characteristics 

ROC analysis, based on CMa, is used to evaluate the classification. 

There are several indices that are extracted from the ROC curve to 

evaluate the efficiency of a classifier. The Area Under Curve (AUC), 

value between 0.5 and 1, is the area between the ROC curve and the 

negative diagonal [235,236]. AUC ≤ 0.5 indicates that the classifier is 

invalid, and AUC = 1 indicates a perfect rating, because there is a 

region in which, for any point cut, the value of R and P is 1. The 

statistical property of AUC is equivalent to the Wilcoxon test of ranks 

[236]. The AUC is also closely related to the Gini coefficient [237], 

which is twice the area between the diagonal and the ROC curve.  

AUC is optimized by equations (71) and (72). 

𝐴𝑈𝐶 = (𝑃 − 𝑓𝑝𝑟𝑎𝑡𝑒 + 1)/2 (71) 

𝑓𝑝𝑟𝑎𝑡𝑒 = 𝑓𝑝/(𝑓𝑝 + 𝑓𝑛)   (72) 

5.6.3 Classifiers Evaluation 

The recommendations by Demšar [238], or its modification made by 

Garcia and Herrera [239], have been used to compare the different 

classifiers and analyze their best performance.  

Firstly, the Friedman Test will be used to test the null hypothesis that 

all classifiers achieve the same average. The Post-hoc Bonferroni–

Dunn test will be applied to determine significant differences between 

the top-ranked classifier and the next one. The Holm test will be 

applied to contrast the results. 
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5.6.3.1 Friedman Test 

The Friedman test is a global test that is used to compare more than 

two classifiers, allowing differences to be detected considering the 

overall set of classifiers. Given 𝑟𝑗𝑖 rank of the 𝑗-th of 𝑘 algorithms on 

the 𝑖-th of N data sets. The Friedman test compares the average ranks 

of algorithms, given by equation (73), 

 𝑅𝑗 =
1

𝑁
∑ 𝑟𝑖

𝑗

𝑖
  (73) 

Based on the criterion of null hypothesis, the Friedman test statistic 

𝜒𝐹
2  (equation (74)) determines that all algorithms are equivalent and 

therefore their 𝑅𝑗 ranks should be equal. 

𝜒𝐹
2 =

12

𝑘(𝑘 + 1)
[∑𝑅𝑗

2 −
𝑘(𝑘 + 1)

4
𝑗

] (74) 

When N and 𝑘 are large (as a rule of a thumb, N > 10 and 𝑘 > 5), the 

probability distribution of 𝜒𝐹
2 can be approximated by that of a chi-

squared distribution. For a smaller number of algorithms and data 

sets, exact critical values have been calculated [240].  

The probability (p-value) is used to decide the statistical significance 

of the results. For a confidence value 𝛼= 0.05, a value of 𝑝 ≤ 0.05, 

indicates the reject of the null hypothesis implying a proposal of an 

alternative hypothesis.   

5.6.3.2 Post-Hoc Test 

In post-hoc tests, a hypothesis family is defined to establish an 

interrelationship of comparison between the control algorithm and the 

rest of the study algorithms. Each family will be composed of k-1 or 

k(k-1)/2 hypotheses. Consequently, the application of the post-hoc test 
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may lead to a p-value that determines the degree of rejection of each 

hypothesis. 

The p-value of every hypothesis can be calculated by converting the 

rankings calculated for each test using a normal approximation. The 

test statistic for comparing (z) is given by the equation (75)   

𝑧 = (𝑅𝑖 − 𝑅𝑗) √
𝑘(𝑘 + 1)

6𝑁
⁄  (75) 

where 𝑅𝑖 and 𝑅𝑗 are the average rankings by the Friedman test of de 

algorithms compared. The 𝑧-value is used to find the corresponding p-

value from the table of normal distribution N(0,1), which is then 

compared with an appropriate 𝛼 (Table A1 in [241]). Post-hoc tests 

differ in how they adjust 𝛼-value to compensate for multiple 

comparisons. 

The Bonferroni-Dunn and Holm procedures have been applied for 

adjusting the p-value.The Bonferroni-Dunn procedure [242] adjust the 

value of 𝛼 in a single step by dividing it by the number of comparisons 

made (k-1). 

The Holm procedure [243] adjusts 𝛼-value in a step-down procedure 

sequentially.  Let 𝑝1, 𝑝2, … , 𝑝𝑘−1 be the ordered p-values (smallest to 

largest) and let 𝐻1, 𝐻2, … , 𝐻𝑖−1 be the corresponding hypotheses. The 

Holm procedure rejects 𝐻1 to  𝐻𝑖−1 if i is the smallest integer such that 

𝑝𝑖 >
𝛼
𝑘 − 1⁄  . Holm’s step-down procedure starts with the most 

significant p-value. If 𝑝1 is below (𝛼 𝑘 − 1⁄ ), the corresponding 

hypothesis is rejected, and we are allowed to compare 𝑝2 with 

(𝛼 𝑘 − 2⁄ ). If the second hypothesis is rejected, the test proceeds with 



6. Case Studies and Results 
 

92 Advanced Analytics in Maintenance Management  

based on Ultrasonic Guided Waves. 

 

the third, and so on. As soon as a certain null hypothesis cannot be 

rejected, all the remaining hypotheses are kept as well. 

For further information, we recommend reading the bibliography 

referenced in this section 5.6.3. 

5.7 Pattern Recognition Linear Model 

According to the criteria of FE, Patterns Recognition by ML has been 

classified by means of linear and non-linear model. In the case of the 

linear models, the autoregressive method AR and PCA have been 

considered. 

Ultrasonic GWs are generated by MFC transducers. The technique 

used is so-called ‘pitch and catch’, where a short ultrasonic pulse is 

emitted by the MFC transmitter, and then is collected by the MFC 

sensor. Different excitation frequencies are performed for each damage 

scenario to check the accuracy of the best frequency. The signals are 

firstly filtered and de-noised by Wavelet Transform. The signals 

contain noise that appears at high frequencies (random noise).  

Similarly to section 3, Wavelet Transform is used to denoise the signals 

to improve the limitations of resolution and the loss of information 

presented by the Short-Time Fourier Transform or the Fast Fourier 

Transform. It uses a variable window size to extract the low 

frequencies (approximations, A) and the high frequencies (details, D) 

from the original signal. The process of noise filtering with Wavelet 

Transform eliminates certain high frequency bands maintaining the 

main information of the signal for pattern recognition.  

The Daubechies Wavelet family is employed because it is more 

sensitive to sudden changes in the signal. All signals have been 
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normalized in accordance with section 5.2. So far, the process is 

repeated in all models. The stage that defines whether the process is 

linear or non-linear is FE. AR and PCA models have been used for this 

purpose (see sections 5.3.1 and 5.3.3). Mainly, AIC and NCA methods 

have been used for FS. Other methods such as FPE criterion, PAF, 

RMS and SVD have been applied in this Thesis to obtain the most 

suitable AR model by choosing the number of parameters. Since it is a 

supervised learning process, once the FE have been obtained, these 

will be the inputs of the different classifiers analysed and the outputs 

will be the assigned pattern.  

The classifiers used to identify the pattern are ANN, DT, DA [244], 

SVM, KNN [245], and Ensemble Classifiers (see section 5.5.6). The 

CMa is employed to evaluate the classification using the receiver 

operating characteristic analysis by: recall, specificity, precision and 

F-score. The conventional methods to establish the average 

performance in all categories were macro and micro average. The 

recommendations by Demšar, Garcia and Herrera have been used to 

compare the classifiers and analyse their results. The Friedman test 

has been used to test the null hypothesis that all classifiers achieve the 

same average. The Bonferroni–Dunn test has been applied to 

determine significant differences between the top-ranked classifier 

and the next one. The Holm test was applied to contrast the results. 

When this approach was used, all the scenarios showed a high level of 

accuracy. 

The main novelty is to employ the abovementioned approach for fault 

detection and diagnosis in WTB that employs guided waves, where it 

has not been found in literature for detecting the cases study damages 

in WTB. 



6. Case Studies and Results 
 

94 Advanced Analytics in Maintenance Management  

based on Ultrasonic Guided Waves. 

 

The schematized process of the approach is shown in Figure 5.5 

 

Figure 5.5 Schematized process pattern recognition linear model 

5.8 Pattern Recognition Nonlinear Model 

The process is similar to the previous section. The difference lies in the 

Feature Extraction process which in this case the non-linear models 

NARX and h-NLPCA are employed. On the other hand, all linear and 

non-linear classifiers have been implemented. Therefore, this 

difference has not been applied in this research. The NARX and h-

NLPCA models can be seen in the sections 0 and 5.3.4. The novelty lies 

in the application of NARX as a technique for FE and the application 

to the case study of the hybrid NARX-NCA method, as mentioned in 
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previous sections. The schematized process of the approach is shown 

in Figure 5.6. 

 

Figure 5.6 Schematized process pattern recognition non-linear model 
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6 Machine Learning for Pattern 

Recognition: Cases Study and 

Results 

6.1 Ice Detection on Wind Turbines Blades 

6.1.1 Introduction 

A real case study is studied based on ice detection in a WTB. Ultrasonic 

waves were transmitted through the different thicknesses of ice to 

monitor the condition of the blade. Five scenarios were studied in the 

experiments to detect and diagnosis the cases considered in ISO 12494, 

2001 (Atmospheric icing of structures) [98]: The first experiment was 

carried out at room temperature; the second was realized with frozen 

but with no ice on the WTB; the rest of experiments have been done 

with frozen WTB and ice on the WTB, where the thicknesses of ice were 

progressively increased in each scenario.  
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Figure 6.1 Icing detection system 

The experiment details are shown in Table 6 

Table 6 Scenarios and delamination size 

 

GW were generated by MFC transducers. Figure 6.1 shows the 

condition monitoring system. The technique used in the experiments 

is called ‘pitch and catch’, where a short ultrasonic pulse is emitted by 

the MFC transmitter (Tx), and then is collected by the MFC sensor 

(Rx). A six cycle Hanning pulse with four different excitation 

frequencies (20 kHz, 30 kHz, 50 kHz, and 100 kHz) were conducted for 

each scenario. 500 experiments under each excitation frequency were 

carried out. Figure 6.2 shows the signals for every scenario at 50 kHz. 
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Figure 6.2 Set of signals for different scenarios, collected at 50 kHz. 

6.1.2 Novel approach in WTB ice detection. 

Figure 6.3 presents the flowchart for the novel approach presented in 

this work. 

 

Figure 6.3 Flowchart of novel approach on ice detection 

The signals are firstly filtered and de-noised by Wavelet Transforms 

[16,17,79]. Section 5.7 and 5.8 describes the FE of each ultrasonic 

signal extracted by linear (ARX and PCA) and non-linear models (h-

NLPCA and NARX). Section 5.4.2 presents the FS by Neighbourhood 

Component Analysis (NCA). The pattern recognition has been made by 

ML by supervised learning. The results were compared and analysed 

by: Decision Trees, Linear Discriminant Analysis, Support Vector 

Machines, K-Nearest Neighbours, and Ensemble Classification. The 

 
 

 

Signal 
acquisition

Signal Pre-processing 

(Denoising, FE (Linerar 
and Nonlinear Model and 

FS(NCA))

Classifier 
(DT, DA, 

SVM, KNN, 
EC)

Decision 
making



6. Case Studies and Results 

Advanced Analytics in Maintenance Management  

based on Ultrasonic Guided Waves. 
99 

 

CMa has been employed to evaluate the classification, obtaining the 

precision. 

6.1.3 Results and Discussion 

6.1.3.1 Features Extraction 

FE was carried out using the non-linear methodologies NARX and h-

NLPCA. Linear methods have been used to verify and compare both 

methodologies. Figure 6.4 shows the first three components applying 

FE by the h-NLPCA method. The same number of main components 

are chosen to compare the performance of the h-NLPCA with the linear 

PCA. The set of patterns for the first three components of each state 

are detected a three-dimensional graph.  

The architecture of the network has been tested different 

configurations, being the optimal for 5 nodes according to the accuracy 

of the results. When the number of mapping layers and demapping is 

smaller the results of the prediction accuracy are worse, and if it is 

high the network is susceptible to overfitting.  

The network architecture consists of 12 hidden nodes in the mapping 

and demapping layers, and 5 nodes in the bottleneck layer 

corresponding to the number of components chosen according to 

Kramer's recommendations (equations 14 and 15). The number of 

features will be 5 for all models, being the first 5 components for PCA 

and h-NLPCA due to the hierarchy of the models. The number of 

features has been selected by AIC in the case of AR and NARX, see the 

results in Figure 6.5. 
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Figure 6.4 Three-dimensional graphical representation on the first three components by 

the NLPCA methodology, 50 kHz signals.  

 

Figure 6.5 AIC Curve Features. 
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According to the results given by AIC (Figure 6.5), p = 15 has been set 

for the Yule Walker method, and p = 30 for NARX because the first 15 

features are of the first order. 

6.1.3.2 Features Selection 

The main features for AR and NARX method has been selected by 

NCA, being the weights of the non-relevant features are zero. 

According to the results shown in Figure 9.A results given by NCA, the 

relevant features numbers for AR FS are: 2,7,9,11,12,13 y 15 (Figure 

6.6 A). The main features are 1,2,9,11,13 and 30 for NARX (Figure 6.6 

B).  

 

Figure 6.6 Features selection by NCA AR (A) and NARX (B) at 50 kHz. 
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6.1.3.3 Precision: Analysis at each frequency 

The AR, NARX, PCA and h-NLPCA methods are compared for each 

frequency with different classifiers and for each scenario. The results 

are shown in Table 11. The row indicates a classifier, grouped into five 

main blocks of classifiers: DT, DA, SVM, KNN and Ensemble 

Classification. The columns show the accuracy of all scenarios and for 

each FE method at the frequency of the first row.  

 Figure 6.7 shows a comparative analysis of the FE. The average 

accuracy is more than 90,9 % for all cases. The best accuracy is 

obtained by QSVM, 99.6%. h-NLPCA improves the results of PCA in 

most of the cases, and NARX to the AR results. The best results are at 

50 KHz. 

6.1.3.4 Precision: Multifrequency Analysis 

Table 8 shows de precision measure for all classifiers applied to a 

multifrequency analysis. Discriminant Analysis classifiers provide 

lower accuracy than the classifiers. In contrast, K-Nearest Neighbours 

classifiers obtain a high accuracy, with a successful percentage more 

than 98%, where only CSKNN provide a low percentage of 91.95%. 

The first main column in  Table 9 show the scenarios and precision 

parameters. The rest of columns present different classifiers, and each 

one is subdivided into four sub-columns. The first sub-column shows 

the FE results employing AR by Yule-Walker, the second the NARX 

results and the third and fourth columns the precision of the PCA and 

h-NLPCA methods. The values of micro and macro precision 

accuracies are showed in the six and seven rows. The coefficient given 

by Friedman tests and their classification are shown in last rows. 
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Table 7 Precision Results f=20 KHz f=30 KHz f=50 KHz f=100 KHz Average 

success 

classifiers  AR NARX PCA 
h-NL 

PCA 
AR NARX PCA 

h-NL 

PCA 
AR NARX PCA 

h-NL 

PCA 
AR NARX PCA 

h-NL 

PCA 

DECISION TREE   

Decision Tree Complex (DTC) 0,978 0,958 1,000 0,998 0,956 0,926 1,000 1,000 0,982 0,984 1,000 1,000 0,944 0,962 1,000 1,000 0,981 

Decision Tree Medium (DTM) 0,978 0,958 1,000 0,998 0,956 0,926 1,000 1,000 0,982 0,984 1,000 1,000 0,944 0,962 1,000 1,000 0,981 

Decision Tree Simple (DTS) 0,956 0,726 1,000 0,998 0,914 0,772 1,000 1,000 0,952 0,962 1,000 1,000 0,930 0,902 1,000 1,000 0,946 

DISCRIMINANT ANALYSIS   

Linear DA (LDA) 0,940 0,838 1,000 1,000 0,810 0,808 1,000 0,980 0,956 0,966 1,000 1,000 0,912 0,886 1,000 1,000 0,947 

Quadratic DA (QDA) 0,948 0,882 1,000 0,998 0,874 0,904 1,000 1,000 0,970 0,984 1,000 1,000 0,936 0,924 1,000 1,000 0,965 

SUPPORT VECTOR MACHINES   

Linear SVM (LSVM) 0,998 0,996 1,000 1,000 0,974 0,950 1,000 1,000 0,988 0,994 1,000 1,000 0,990 0,992 1,000 1,000 0,993 

Quadratic SVM (QSVM) 0,992 0,994 1,000 1,000 0,998 0,972 1,000 0,998 0,998 0,996 1,000 1,000 0,990 0,996 1,000 1,000 0,996 

Cubic SVM (CSVM) 0,996 0,994 1,000 1,000 0,988 0,954 1,000 0,998 1,000 0,996 1,000 1,000 0,988 0,996 0,980 1,000 0,993 

Fine Gaussian SVM (FGSVM) 0,982 0,990 0,988 0,994 0,976 0,942 0,960 0,988 0,996 0,984 0,966 1,000 0,978 0,972 1,000 1,000 0,982 

Medium Gaussian SVM (MGSVM) 0,992 0,996 0,998 0,998 0,974 0,960 1,000 1,000 0,988 0,994 0,998 1,000 0,988 0,990 0,998 1,000 0,992 

Coarse Gaussian SVM (COGSVM) 0,970 0,960 1,000 1,000 0,896 0,910 1,000 0,996 0,982 0,990 1,000 1,000 0,974 0,976 1,000 1,000 0,979 

K-NEAREST NEIGHBOURS   

Fine KNN (FKNN) 0,988 0,994 1,000 1,000 0,984 0,960 1,000 1,000 1,000 1,000 1,000 1,000 0,988 0,984 1,000 1,000 0,993 

Medium KNN (MKNN) 0,988 0,980 1,000 1,000 0,954 0,938 0,994 0,998 0,988 0,988 0,998 1,000 0,984 0,984 0,996 1,000 0,987 

Coarse KNN (COKNN) 0,918 0,828 0,968 0,990 0,698 0,698 0,806 0,910 0,952 0,960 0,954 1,000 0,876 0,858 1,000 0,928 0,898 

Cosine KNN (CSKNN) 0,986 0,974 1,000 1,000 0,962 0,914 1,000 1,000 0,988 0,986 1,000 1,000 0,984 0,984 1,000 1,000 0,986 

Cubic KNN (CKNN) 0,988 0,978 0,984 1,000 0,956 0,93 0,956 1,000 0,988 0,988 0,994 1,000 0,984 0,984 0,992 1,000 0,983 

Weigthed KNN (WKNN) 0,992 0,992 1,000 1,000 0,976 0,964 1,000 1,000 0,996 1,000 0,998 1,000 0,998 0,988 1,000 1,000 0,994 

ENSEMBLE CLASSIFICATION   

Ensemble Bagged Trees (EBT) 0,988 0,984  1,000     1,000    0,976 0,964  1,000     0,994    0,994 0,998  1,000     1,000    0,980 0,984  1,000     1,000    0,991 

Ensemble Subspace Discriminant (ESD) 0,968 0,914  1,000     1,000    0,922 0,860  1,000     0,996    0,996 0,962  1,000     1,000    0,964 0,964  1,000     1,000    0,972 

Ensemble Subspace KNN (ESKNN) 0,988 0,986  1,000     1,000    0,974 0,926  1,000     1,000    1,000 1,000  1,000     1,000    0,988 0,982  1,000     1,000    0,990 

                  

Average success in each method all classifiers 0,977 0,946 0,997 0,999 0,936 0,909 0,986 0,993 0,985 0,986 0,995 1,000 0,966 0,964 0,998 0,996  
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  Figure 6.7 Bar graph results
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Table 8 Results Precision all scenarios multifrequency 
 

 AR NARX PCA h-

NLPCA 

Average 

success 

classifiers 

DECISION TREE  

Decision Tree Complex (DTC) 0,960 0,944 0,999 0,999 0,9755 

Decision Tree Medium (DTM) 0,908 0,877 0,999 0,999 0,9457 

Decision Tree Simple (DTS) 0,699 0,720 0,745 0,699 0,7157 

DISCRIMINANT ANALYSIS  

Linear DA (LDA) 0,635 0,650 0,550 0,502 0,5842 

Quadratic DA (QDA) 0,650 0,661 0,760 0,791 0,7155 

SUPPORT VECTOR MACHINES  

Linear SVM (LSVM) 0,870 0,899 0,870 0,897 0,8840 

Quadratic SVM (QSVM) 0,980 0,970 1,000 1,000 0,9875 

Cubic SVM (CSVM) 0,990 0,984 1,000 1,000 0,9935 

Fine Gaussian SVM (FGSVM) 0,985 0,987 1,000 1,000 0,9930 

Medium Gaussian SVM (MGSVM) 0,964 0,951 1,000 1,000 0,9787 

Coarse Gaussian SVM (COGSVM) 0,845 0,862 0,850 0,800 0,8392 

K-NEAREST NEIGHBOURS  

Fine KNN (FKNN) 0,987 0,985 1,000 1,000 0,9930 

Medium KNN (MKNN) 0,978 0,969 1,000 1,000 0,9867 

Coarse KNN (COKNN) 0,835 0,843 1,000 1,000 0,9195 

Cosine KNN (CSKNN) 0,972 0,965 1,000 1,000 0,9842 

Cubic KNN (CKNN) 0,975 0,969 1,000 1,000 0,9860 

Weigthed KNN (WKNN) 0,986 0,980 1,000 1,000 0,9915 

ENSEMBLE CLASSIFICATION  

Ensemble Bagged Trees (EBT) 0,980 0,972 1,000 0,999 0,9877 

Ensemble Subspace Discriminant (ESD) 0,980 0,741 0,528 0,469 0,6795 

Ensemble Subspace KNN (ESKNN) 0,895 0,974 1,000 1,000 0,9672 

  

Average success in each method all 

classifiers 

0,9037 0,89515 0,91505 0,90775  

 

The Demšar recommendations has been employed to identify the 

significant difference of the classifiers to ranking them. The test 

results for significant differences between classifiers and for each 

experiment show that the Friedman test for all methods did not reject 

the null hypothesis (p-value = 1,09e-09≤ 0,05). The Bonferroni-Dunn 

test, see Figure 6.8, rejects the null hypothesis for p ≤ 0,05, with a 

confidence α=0,05 for the classifier 5 (QDA for AR), 6 (QDA for NARX) 
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and 8 QDA for h-NLPCA). Holm test reject the null hypothesis for the 

classifiers 2-4. 

 

Figure 6.8 Bonferroni-Dunn test for all method with α=0,05. 

The results for AR and NARX provides that the classifier with more 

precision is QSVM ( Table 9). It is observed that all classifiers by the 

PCA method obtain the best results. Finally, the test indicates that 

FKNN and QSVM classifiers are the best classifier for h-NLPCA and 

PCA. 

Table 7 shows that the best results are found at 50 KHz in all 

classifiers and FEs. The best accuracy is 100% found by AR, NCA FS 

and FKNNN classifiers, being the general accuracy ranging from 

95.2% to 100%. 100% accuracy is achieved for NARX FE, NCA FS and 

the FKNNN, WKNNN and ESKNN classifiers, i.e. the non-linear 

NARX provides the best results by KNN. The NARX FE accuracy, from 

96% to 100%, is better than AR FE. Most of classifiers provide 100% 

accuracy in FE PCA techniques, being 95.4% the worst. All classifiers 

give 100% accuracy for the h-NLPCA. In conclusion, nonlinear FE 

 
 



 

 

provides better results than linear FE. The best classifier for FE and 

FS techniques is the Quadratic SVM with an average accuracy of 

99.6%. The minimal accuracy found is 89.8%. 

The best classification accuracy results were found at 50 KHz, being 

100% in h-NLPCA FE and, KNN and SVM classifiers. Table 8 shows 

that the best classifier is QSVM employing PCA and h-NLPCA FE to 

identify the levels of ice.
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 Table 9 Precision Results  
 

 DECISION TREE COMPLEX QDA QSVM FINE KNN ENSEMBLE BAGGED TREE 
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1 1,0000 0,9975 1,0000 0,9925 0,9925 0,9900 1,0000 0,9901 0,9926 0,9950 1,0000 1,0000 0,9926 0,9876 1,0000 1,0000 0,9926 0,9975 1,0000 1,0000 

2 0,9075 0,9050 1,0000 0,2350 0,2350 0,3975 1,0000 0,7500 0,9725 0,9650 1,0000 1,0000 0,9550 0,9650 1,0000 1,0000 0,9375 0,9375 1,0000 0,9950 

3 0,9400 0,9500 0,9925 0,6975 0,6975 0,6350 1,0000 0,5125 0,9825 0,9700 1,0000 1,0000 0,9825 0,9850 1,0000 1,0000 0,9825 0,9675 1,0000 0,9975 

4 0,9575 0,8975 1,0000 0,9125 0,9125 0,9150 1,0000 0,7500 0,9950 0,9875 1,0000 1,0000 0,9950 0,9800 1,0000 1,0000 0,9825 0,9625 1,0000 1,0000 

5 0,9925 0,9700 1,0000 0,4150 0,4150 0,3675 1,0000 0,9450 1,0000 1,0000 1,0000 1,0000 1,0000 0,9975 1,0000 1,0000 1,0000 0,9950 1,0000 1,0000 

𝑷
𝝁

 0,960 0,944 0,999 0,999 0,650 0,661 0,760 0,791 0,980 0,970 1,000 1,000 0,987 0,985 1,000 1,000 0,980 0,972 1,000 0,999 

𝑷𝑴 0,960 0,944 0,999 0,999 0,650 0,661 0,760 0,791 0,980 0,970 1,000 1,000 0,987 0,985 1,000 1,000 0,980 0,972 1,000 0,999 

RANKING 6,90 4,90 14,90 14,40 2,60 2,20 16,00 2,20 10,10 9,50 16,00 16,00 9,50 7,10 16,00 16,00 8,70 6,80 16,00 14,20 

CLASSIFIC. 9 11 2 3 12 13 1 13 5 6 1 1 6 8 1 1 7 10 1 4 
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6.2 Delamination Detection in Wind Turbines Blades 

by linear methods 

6.2.1 Introduction 

The experiments were carried out in laboratory conditions. Regarding 

reference [246], it is possible to reproduce the test in working 

conditions by a multi frequency analysis. Low frequencies are 

associated with the vibration of the blade, medium frequencies with 

acoustic emissions, and high frequencies with the ultrasonic excitation 

signal. 

Delamination, perpendicular to the direction of propagation according 

to Reference [51], has been carried out, with the smallest side 

perpendicular to the direction of propagation, and the larger side 

parallel to the propagation direction. The occurrence of multiple-

delamination and transverse cracking has not been encountered in this 

study, but, according to [246], it would be affected in a similar way to 

the case study considered in this work. Therefore, it would be possible 

to detect a potential failure with the presented approach.  

Six different scenarios have been studied (Table 10): the WTB without 

delamination (free of fault) was considered in the first scenario. A 

separation of layers was induced in the second scenario. The 

dimensions of the disunion were one centimetre wide by one centimetre 

deep. Subsequently, from scenarios three to six, deeper delamination 

was induced by increasing the depth in a centimetre in each state. 

Figure 6.9 shows the arrangement of the transducers and 

delamination in the WTB section, and Table 1 shows the deep values 

(x). 
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Figure 6.9 Scheme of Macro Fiber Composite (MFC) transducers location for 

delamination detection. 

Table 10 Delamination size in WTB section. 

Level x (cm) Delamination Area 

(cm2) 

1 0 (free of fault) 0 

2 1 1 

3 2 2 

4 3 3 

5 4 4 

6 5 5 

 

GWs were generated in the WTB section using Macro Fibber 

Composite (MFC) transducers. Figure 6.10 shows the transducer 

arrangement on the downwind side of the WTB. The ultrasonic 

technique used is called “pitch and catch” [160]. A short ultrasonic 

pulse is emitted by the MFC transmitter (Tx). The signal is collected 

by the MFC sensor (Rx). The excitation pulse is a six cycle Hanning 

pulse [116,247]. 
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Figure 6.10 Placement of sensor and delamination. 

Five different excitation frequencies were conducted for each scenario 

of delamination to check the accuracy regarding the frequencies of 

delamination detection: 18 kHz, 25 kHz, 30 kHz, 37 Hz, and 55 kHz. 

Six hundred signals from each frequency were collected. The best 

accuracy was found at 55 kHz. Figure 6.11 shows signals acquired at 

55 kHz in all scenarios.  

 

Figure 6.11 Signals for different scenarios at 55 kHz. 
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6.2.2 Novel approach in WTB Delamination 

detection  

Figure 6.12 shows the flowchart for the novel approach presented in 

this work. 

 

Figure 6.12 Flowchart of novel approach in delamination detection 

The signals are firstly filtered and de-noised by Wavelet Transforms 

[16,17]. The signals contain noise that appears at high frequencies 

(random noise). The information in the signal appears at 55 kHz, for 

that reason has been chosen the bandwidth from 0 to 100 kHz, and the 

rest of frequencies are efficiently removed using Wavelet Transform. 

The signal filtering process has been followed according to section 5.2 

and chapter 3.  

FE of each ultrasonic signal extracted are performed by AR and NARX. 

Section 5.B indicates the FS by AIC. The pattern recognition was done 

by ML through supervised learning. The results from the following 

classifiers were compared: Decision Trees, Linear Discriminant 

Analysis, Support Vector Machines, K-Nearest Neighbours and 

Ensemble Classification. The analysis receiver operating 

characteristic (ROC), as the CMa, has been employed to evaluate the 

classification, and obtain precision.  

The recommendations by Demšar, and the extensions by Garcia and 

Herrera, have been employed to perform the comparative analysis of 

Signal 
acquisition

Signal Pre-processing 
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classifiers. The Friedman test is used to confirm the null hypothesis 

that all classifiers achieve the same average. The Bonferroni-Dunn 

test is applied to determine any significant differences between the 

top-ranked classifier and, finally, the Holm Test is employed to 

contrast the results. 

6.2.3 Results and Discussion 

6.2.3.1 Features Extraction and Selection  

Fifteen features (the optimal range being from 15 to 30) have been used 

initially to avoid the problem of overfitting and over-dimensioning of 

the ANN architecture. The AIC method has been applied in all levels. 

In this case, the number of features that optimizes the model is p = 15 

(see Figure 6.13) because the minimum AIC value for all levels is 

found. Therefore, the inputs were set to 15 for each classifier. The FPE 

criterion has been used and produced similar results. 

 

Figure 6.13 Akaike’s Information Criterion (AIC) curve features. AR: Auto-Regressive. 
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6.2.3.2 Precision 

Table 11 shows that the lowest precision is for QDA classifier at Level 

3, and it is 28.50% in the worst case. The best case is found for WKNN 

at Level 5, 99.83%. Level 5 provides the best results in all classifiers. 

The results of micro average and macro average vary from 62.25% to 

91.50%. 

The recommendations by Demšar have been employed to analyse the 

results of the classifiers. The Friedman test E-1 did not reject the null 

hypothesis (p-value = 0.0169 ≤ 0.05). The Bonferroni–Dunn test 

rejected the null hypothesis for p ≤ 0.05, with a confidence value α = 

0.05 (Figure 6.14). The Holm test rejected the null hypothesis for 

classifier 2. The best accuracy was found by employing the ANN 

classifier (Table 11). The test indicates that QDA should be discarded. 

Table 11. Precision. DTC; QDA; WKNN; ANN 

Level DTC QDA WKNN ANN 

1 0.8267 0.5633 0.8717 0.9262 

2 0.8133 0.4000 0.8550 0.8583 

3 0.7667 0.2850 0.8350 0.8593 

4 0.9200 0.9217 0.9700 0.9089 

5 0.9633 0.9733 0.9983 0.9934 

6 0.8933 0.5917 0.9283 0.9457 

𝑷𝝁 0.8639 0.6225 0.9097 0.9150 

𝑷𝑴 0.8639 0.6225 0.9097 0.9150 

Ranking 1.8700 1.3700 3.2500 3.5000 

Position 3 4 2 1 
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Figure 6.14 Bonferroni-Dunn test. ANN; WKNN; QDA; DTC. 

6.2.3.3 Recall 

The results are shown in Table 12. The Friedman test rejected the null 

hypothesis (p-value = 0.000076 ≤ 0.05). The rejection of the null 

hypothesis was confirmed by a post hoc test.  

Table 12. Recall. 

Level DTC QDA WKNN ANN 

1 0.8656 0.7161 0.9175 0.9200 

2 0.7428 0.5240 0.8328 0.8783 

3 0.8028 0.3087 0.8254 0.8450 

4 0.9200 0.7238 0.9417 0.9483 

5 0.9666 0.6213 0.9788 0.9983 

6 0.8948 0.8617 0.9653 0.9000 

𝑹𝝁 0.8639 0.6225 0.9097 0.9150 

𝑹𝑴 0.8654 0.6259 0.9103 0.9150 

Ranking 2.0000 1.0000 3.1700 3.8300 

Position 3 4 2 1 
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The Holm and Bonferroni–Dunn tests rejected the null hypothesis for 

the QDA classifier (Table 13). 

Table 13. Test Holm. 

Test p-Value α Comment 

2–4 0.0002 0.0085 Reject Ho 

2–3 0.0003 0.0102 Reject Ho 

1–2 0.0015 0.0127 Reject Ho 

1–4 0.4551 0.0170 Fail to Reject Ho 

1–3 0.4988 No comparison made Ho is accepted 

6.2.3.4 F-score 

The results given by F-score are shown in Table 14. The Friedman test 

rejected the null hypothesis (p-value = 0.000938 ≤ 0.05). The post hoc 

test showed that there is a significant difference between ANN and 

QDA classifiers. The Holm test showed the same results. 

Table 14. F-score. 

Level DTC QDA WKNN ANN 

1 0.8457 0.6306 0.8940 0.9231 

2 0.7765 0.4537 0.8438 0.8682 

3 0.7843 0.2964 0.8302 0.8521 

4 0.9200 0.8109 0.9557 0.9282 

5 0.9649 0.7584 0.9884 0.9958 

6 0.8941 0.7016 0.9465 0.9223 

𝑭𝟏
𝝁
 0.8639 0.6225 0.9097 0.9150 

𝑭𝟏
𝑴 0.8642 0.6086 0.9098 0.9150 

Ranking 1.8300 1.5000 3.3300 3.3400 

Position 3 4 2 1 
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6.2.3.5 Area under Curve (AUC) 

The Friedman, Holm, and post hoc tests rejected the QDA classifier 

(see Table 15). The classifiers WKNN and ANN showed the best 

results.  

Table 15. Area Under Curve (AUC). 

Level DTC QDA WKNN ANN 

1 0.9170 0.8400 0.9480 0.9551 

2 0.8760 0.7590 0.9070 0.9169 

3 0.9030 0.6810 0.9020 0.9142 

4 0.9520 0.8580 0.9680 0.9494 

5 0.9890 0.8100 0.9890 0.9965 

6 0.9510 0.9030 0.9760 0.9630 

Ranking 2.4200 1.0000 3.0800 3.5000 

Position 3 4 2 1 

6.2.3.6 Discussion  

The selection process is based on trial and error, and technical AIC for 

ANN. The optimal architecture of ANN is 15 input neurons, 15 hidden 

layer neurons, and 6 output neurons (number of levels).  

ANN is the most accurate classifier with 91.50% success in real 

positives, where WKNN presents 90.97%. WKKN provides higher 

accuracy in 4 and 5 scenarios. ANN presents more sensitivity (91.50%). 

F-score shows the best harmonic average of the precision and recall 

(91.50% for ANN and 90.98 for WKNN). 

The AUC results are more than 0.91 for every level and ANN/WKNN. 

QDA classifier was rejected. The Friedman, post hoc, Bonferroni–Dunn 

and Holm tests showed the existence of significant differences. In all 
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cases, except for the QDA classifier, they indicated an accuracy rate of 

more than an 85% average, and 90% for the best classifier. 

6.3 Novel approach in WTB Delamination detection 

by nonlinear methods. 

6.3.1 Introduction 

The real case study is based on delamination detection in a wind 

turbine blade. A blade section of Gamesa model NACA 63.XXX + FFA-

W3 was employed for carrying out the ultrasonic test. This blade is 

usually installed in wind turbines model G80-2.0 MW. It is made with 

fibre glass with a PVC foam core and it is 39 meters length. 

Ultrasonic waves were transmitted through the delamination of the 

composite material to monitor the condition of the blade. There are 

studies that show these signals working in long blades [156]. The 

transmitter was excited with a sweep of frequencies to experimentally 

determine those that are best transmitted through the blade with this 

sensor (MFC) [10]. Figure 6.15 shows the sweep signals in the 

frequency domain, where 55 kHz is one of the frequencies which have 

been better transmitted. 

The most sensitive frequencies for the detection of delamination were: 

25, 37, 55 and 100 kHz, being 37 and 55 kHz the frequencies that 

provided better results. 
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Figure 6.15 Frequency sweep response for the wind turbine blade and the MFC 

transducer. 

Six different scenarios were studied:  

1. The blade is under ‘healthy’ conditions (without delamination).  

2. A disbond between layers is shown in Figure 6.16. It is named 

scenario 1, where the delamination length ‘x’ is 1 cm.  5 more 

scenarios with different lengths of x are also discussed. The 

details are given in Table 16. The depth of the delamination was 

progressively increased 1 cm in each of the following cases. 

 

 
 
Figure 6.16 Scheme of MFC location for delamination detection. 
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Table 16 Delamination size in WTB section. 

Level x (cm) Delamination Area 

(cm2) 

1 0 (free of fault) 0 

2 1 1 

3 2 2 

4 3 3 

5 4 4 

6 5 5 

 

GWs were generated in the blade using macro fibre composite (MFC) 

transducers. Figure 6.16 shows the transducer locations. The 

technique used in these tests is known as ‘pitch and catch’, where a 

short ultrasonic pulse is emitted by the MFC transmitter (Tx), and is 

then collected by the MFC sensor (Rx). A six cycle Hanning pulse with 

two different excitation frequencies, 37 kHz and 55 kHz, were 

conducted for each scenario. Six hundred experiments for each 

excitation frequency were carried out. Figure 6.17 shows the signal for 

55 kHz in all six scenarios with 4 million of samples per second. The 

amplitude differences between the signals are also due to material 

anisotropy and size of defects. The different sizes of defects affect the 

propagation of the Lamb waves in a difficult predictable way. Although 

difficult to predict, it always behaves in the same way under the same 

conditions, allowing to sort successfully. 
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Figure 6.17 Set of signals for different scenarios, collected for 55 kHz. (Left: without 

filtered; Right: Filtered) 

6.3.2 Novel approach in WTB Delamination 

detection 

Figure 6.18 shows the flowchart for the novel approach presented in 

this work. 

 

Figure 6.18 Flowchart of novel approach in delamination detection 
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The denoising of the signals is performed employing a multilevel 1-D 

Wavelet analysis using the Daubechies family. FE of each ultrasonic 

signal extracted by AR and NARX. FS has been carried out by NCA. 

The pattern recognition was done by machine learning through 

supervised learning. The results from the following classifiers were 

compared: Decision Trees, Linear Discriminant Analysis, Support 

Vector Machines, K-Nearest Neighbours and Ensemble Classification. 

The analysis receiver operating characteristic (ROC), as the CMa, has 

been employed to evaluate the classification, and obtain precision.  

The recommendations by Demšar, and the extensions by Garcia and 

Herrera, have been employed to perform the comparative analysis of 

classifiers.  

6.3.3  Results and Discussion 

6.3.3.1 Selection Features 

The signal has been analysed in the region where it provides more 

information about the fault, i.e. in the second third.  

The feature parameter vector Θ has been obtained to reduce the 

number of features to, i.e. avoid “the curse of the dimensionality. 15 

features have been used for the Yule Walker method, and 30 for NARX 

method (the first 15 features are of the first order). 

The number of features has been selected by NCA, and the results are 

shown in Figure 6.19 for NARX.  
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Figure 6.19 Features selection by NARX. 

According to the results given by NCA, the value p = 15 has been 

selected for both methods. 

6.3.3.2 Precision  

The classification is done when the FE is obtained by NARX and AR 

methods and the features number is selected. The FS vector of each 

signal has been introduced in different classifiers. The FS number p 

=15 is the number of inputs in the classifier. The NARX and AR 

methods are compared with different classifiers, where the results are 

shown in Table 17.  The first main column describes the scenarios and 

the precision parameters; the remaining columns show different 

classifiers, and each one is subdivided into three sub-columns. The 

first sub-column shows the FE results employing AR by Yule-Walker. 

The second corresponds to the NARX results. The last sub-column 

indicates an improvement in the NARX results compared to the results 

given by AR. The values of micro and macro precision accuracies are 

given in the seven and eighth rows. The coefficient given by the 
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Friedman tests and their classification are shown in the last rows. The 

FE provided by NARX gives better results than AR in all scenarios.  

The Demšar method has been employed to identify the significant 

difference between the classifiers and to establish the ranking between 

them. 

The test results for significant differences between classifiers and for 

each experiment show that the Friedman test for AR did not reject the 

null hypothesis (p-value = 7,8894-04 ≤ 0,05). The Bonferroni-Dunn test 

rejects the null hypothesis for p ≤ 0,05, with a confidence value α=0,05 

for the DTC. The Holm test does not reject the null hypothesis for the 

classifier. 

The NARX Friedman test did not reject the null hypothesis because no 

significant differences were found (p-value=0.0042 ≤ 0.05). The 

Bonferroni-Dunn test rejects the null hypothesis with p ≤ 0,05, with a 

confidence value α=0,05 for classifier 1 (DTC), while the test Holm does 

not reject the null hypothesis. 

The results for AR indicate that the classifier with more precision is 

the QSVM classifier (Table 17). Finally, the test indicates that the 

QDA classifier is the best classifier for the method NARX.  

 

All scenarios exceed 0.87 (87%) of successes in the method AR FE, and 

0.92 (92%) in the NARX FE. Furthermore, it is observed that QSVM 

and LDA classifiers are close to 1 (100%) in all scenarios (see Table 

18).  
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Figure 6.20 shows the results of the best classifier with AR FE (a) and 

NARX FE (b) methods. It shows that, for LDA NARX, all the curves 

are closer to one compared to the curves for LDA AR.  

The test results for AUC are close to the previous sections, i.e. the 

Friedman test, as in post-hoc tests, show the QDA classifier for the E-

1; the Holm test confirms that the QDA classifier gives better results. 

The selection process is based on trial and error, and technical AIC for 

ANN. The optimal architecture of ANN is 15 input neurons, 15 hidden 

layer neurons, and 6 output neurons (number of levels).  

ANN is the most accurate classifier with 91.50% success in real 

positives, where WKNN presents 90.97%. WKKN provides higher 

accuracy in 4 and 5 scenarios. ANN presents more sensitivity 

(91.50%). 

F-score shows the best harmonic average of the precision and recall 

(91.50% for ANN and 90.98 for WKNN). 

The AUC results are more than 0.91 for every level and ANN/WKNN. 

QDA classifier was rejected. The Friedman post hoc, Bonferroni–Dunn 

and Holm tests showed the existence of significant differences. In all 

cases, except for the QDA classifier, they indicated an accuracy rate of 

more than an 85% average, and 90% for the best classifier. 

The selection process is based on trial and error, and technical AIC for 

ANN. The optimal architecture of ANN is 15 input neurons, 15 hidden 

layer neurons, and 6 output neurons (number of levels).  
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Figure 6.20 Curve ROC Classification. LDA AR (a) and LDA NARX (b) 

ANN is the most accurate classifier with 91.50% success in real 

positives, where WKNN presents 90.97%. WKKN provides higher 

accuracy in 4 and 5 scenarios. ANN presents more sensitivity 

(91.50%). 

F-score shows the best harmonic average of the precision and recall 

(91.50% for ANN and 90.98 for WKNN). 

The AUC results are more than 0.91 for every level and ANN/WKNN. 

QDA classifier was rejected. The Friedman post hoc, Bonferroni–Dunn 

and Holm tests showed the existence of significant differences. In all 

cases, except for the QDA classifier, they indicated an accuracy rate of 

more than an 85% average, and 90% for the best classifier. 
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Table 17. Precision Results. 
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1 0,827 0,915 8,8 0,857 0,995 13,8 0,913 0,968 5,5 0,872 0,865 -0,7 0,898 0,955 5,7 

2 0,813 0,900 8,7 0,982 0,992 1,0 0,963 0,970 0,7 0,855 0,947 9,2 0,878 0,945 6,7 

3 0,767 0,867 10,0 0,873 0,953 6,0 0,943 0,965 2,2 0,835 0,857 2,2 0,840 0,927 8,7 

4 0,920 0,987 6,7 0,997 1,000 0,3 0,992 1,000 0,8 0,970 1,000 3,0 0,958 1,000 4,2 

5 0,963 0,970 0,7 1,000 1,000 0,0 1,000 1,000 0,0 0,998 0,995 -0,3 0,997 0,997 0,0 

6 0,893 1,000 10,7 1,000 1,000 0,0 0,982 1,000 1,8 0,928 1,000 7,2 0,948 1,000 5,2 

𝑷
𝝁

 0,864 0,940 7,6 0,951 0,990 3,9 0,966 0,984 1,8 0,909 0,944 3,5 0,920 0,971 5,1 

𝑷𝑴𝒂 0,864 0,940 7,6 0,951 0,990 3,9 0,966 0,984 1,8 0,909 0,944 3,5 0,920 0,971 5,1 

RANKING 1 1,67  4,25 4,17  4,41 4,00  2,50 2,25  2,83 2,92  

CLASSIFIC. 5 5  2 1  1 2  4 4  3 3  
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Table 18. AUC Results. 
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1 0,917 0,945 2,8 0,940 0,993 5,30 0,969 0,989 2,0 0,948 0,946 -0,20 0,940 0,977 3,70 

2 0,876 0,937 6,10 0,981 0,973 -0,80 0,974 0,989 1,5 0,907 0,949 4,20 0,912 0,973 6,10 

3 0,903 0,919 1,60 0,918 0,985 6,70 0,954 0,973 1,9 0,902 0,926 2,40 0,931 0,955 2,40 

4 0,952 0,991 3,90 0,999 1,000 0,10 0,993 1,000 0,7 0,968 0,993 2,50 0,972 1,000 2,80 

5 0,989 0,980 -0,90 0,998 0,999 0,10 0,996 0,993 -0,3 0,989 0,990 0,10 0,996 0,997 0,10 

6 0,951 1,000 4,90 1,000 1,000 0,00 0,993 1,000 0,7 0,976 1,000 2,40 0,972 1,000 2,80 

RANKING 1,25 1,33  4,25 4,16  4,25 3,83  2,25 2,16  3,00 3,50  

CLASSIFIC. 5 5  1 1  1 2  4 4  3 3  
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6.4 Mud and Dirt Detection on Wind Turbines Blades  

6.4.1 Introduction 

A layer of mud was applied to the surface of a WTB section to simulate 

dirt (see section 3.3.3). Figure 6.21 shows the stages of the experiments 

with different levels of mud and dirt. 

  

Level 1 Level 2 

  

Level 3 Level 4 

 

Level 5 

 
Figure 6.21  Mud on a WTB. 
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Table 19  defines de the thickness of the different levels of mud and 

dirt. 

Table 19. Thickness of mud layer. 

 
Level of mud Layer thickness 

1 5-6.5mm (max) 

2 3.5-5mm 

3 2-2.5mm 

4 0.5-1.5mm 

5 0 mm  

 

GWs were generated using Macro Fiber Composite (MFC) transducers 

[160] (see Figure 6.22). The technique used is called ‘pitch and catch’, 

where the optimal emission pulse was a six cycle pulse cycle modulated 

with a Hanning window.  

 

Figure 6.22   Scheme of MFC location for mud detection. 
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Six different excitation frequencies in Tx were employed for each 

scenario to set the most sensitive frequencies for detecting and 

diagnosing mud on the surface. The frequencies of the transmitter 

were: 18 kHz, 20 kHz, 25 kHz, 30 kHz 40 kHz and 50 kHz. 50 signals 

were collected from each frequency and each level of mud, and 3570 

samples per experiment, with 4 Msamples/s of sample rate. 

6.4.2 Novel approach in WTB Mud and Dirt 

detection. 

The signal is conditioned and de-noised to train the classifiers by 

Wavelet Transform [16,17]. The number of inputs and the training 

patterns will determine the performance and architecture of the 

classifiers. It is necessary to reduce the number of inputs and to 

maintain the main information of the signal regarding the condition of 

the WTB. FE were extracted by employing AR, the Yule-Walker 

method, and PCA. The number of terms for the FS was done by NCA. 

Akaike information criterion (AIC) was also employed, but the results 

obtained were not considered in this Thesis because they were worse 

than the results obtained by NCA. 

Different classifiers have been employed to detect and diagnose the 

mud: Ensemble Subspace Discriminant; k-Nearest Neighbours; 

Linear Support Vector Machine; Linear Discriminant Analysis, and; 

Decision Trees. A training cross validation has been employed to avoid 

overfitting. Figure 6.23 shows the schema of the approach. 

Figure 6.23 Process flow to detect and diagnose mud and dirt in WTB. 

Signal 
acquisition

Signal Pre-processing 

(Denoising, FE 
(Linear Model) and 

FS(NCA,AIC))

Classifier (DT, 
LDA, LSVM, 
FKNN, ESD)

Decision 
making
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Two scenarios have been considered to test the accuracy of the 

classifiers:  

• E-1. Classification levels with short ultrasonic pulses at the 

same frequency (25 kHz). 

• E-2. Classification levels with short ultrasonic pulses at 

different frequencies [18, 20, 25, 30, 40, 50] kHz. 

 

6.4.3 Results and Discussion 

6.4.3.1 Features Extraction 

The NCA has been applied for FS. NCA selects 5 features for the E1 

scenario from the 15 features extracted by the AR method, (see Figure 

6.24). It has been applied to avoid the so called “course of 

dimensionality”.  

 

Figure 6.24 NCA for E-1. 
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6.4.3.2 Precision 

Table 20 shows the experimental Precision results provided by the 5 

classifiers for E-1 (signal at 25 kHz). The first column indicates the 

level of mud and the precision parameters. The last two rows show the 

ranking by the classifiers and their position given by Friedman tests. 

The table is divided into five main columns corresponding to the 

classifiers, which are subdivided into two sub-columns. The first sub-

column shows the precision results by the AR FE/NCA FS methods, 

and the second corresponds to the PCA method. The values of micro 

and macro precisions are included in the sixth and seventh rows. 

Table 20. Precision results E-1 (25 kHz) 

 

Table 20 shows the precision results for E-1. Level 1, for AR, provides 

lower precision, with 50% in the worst case for DT, and 90% in the best 

case, where level 5 shows the best results. The results of micro-average 

 

L
E

V
E

L
 O

F
 

M
U

D
 

DT LDA LSVM FKNN ESD 

A
R

 

P
C

A
 

A
R

 

P
C

A
 

A
R

 

P
C

A
 

A
R

 

P
C

A
 

A
R

 

P
C

A
 

1 0.50 1.00 0.50 1.00 0.90 1.00 0.60 1.00 0.90 1.00 

2 0.80 0.90 0.80 1.00 0.90 1.00 0.90 1.00 0.90 1.00 

3 0.80 1.00 0.90 1.00 0.80 1.00 0.80 1.00 0.90 1.00 

4 0.70 1.00 0.60 1.00 0.90 1.00 0.60 1.00 0.90 1.00 

5 0.80 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

𝑷
𝝁

 0.72 0.98 0.76 1.00 0.90 1.00 0.78 1.00 0.92 1.00 

𝑷𝑴 0.717 0.982 0.768 1.00 0.916 1.00 0.84 1.00 0.93 1.00 

RANKING 1.80 2.60 2.50 3.10 3.70 3.10 2.80 3.10 4.20 3.10 

CLASSIFIC. 5 1 4 1 2 1 3 1 1 1 
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are from 72% to 92%, and the macro-average from 71.7% to 93 %. The 

PCA method shows better precision values in most classifiers. Table 

21 contains the precision results for E-2.  

Table 21. Precision results E-2 (Multi frequency Analysis) 

Table 21 displays that level 1 provides the lower precision for the AR 

FE method, 38% in the worst case, and 65% in the best, where level 5 

gives the best results. The results of micro-average are from 55% to 

65%, and micro-average from 54.9% to 65.9%. PCA shows excellent 

and poor results. 

The significant difference between the classifiers studied has been 

analysed according to Demšar's recommendations. The test indices 

indicate the comparisons of the different classifiers shown in Tables 

Table 22, Table 23, and Table 24 (first column) (TEST), where 1 is DT, 

2 - LDA, 3 - LSVM, 4 - FKNN and 5 - ESD. According to the Friedman 

test for E-1, AR rejects the null hypothesis because no significant 
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1 0.55 0.92 0.38 0.33 0.65 0.38 0.65 1.00 0.67    0.33    

2 0.72 0.97 0.48 0.28 0.68 0.55 0.77 1.00 0.63    0.30    

3 0.30 0.93 0.70 0.22 0.62 0.54 0.68 1.00 0.55    0.18    

4 0.37 0.90 0.33 0.10 0.45 0.63 0.68 1.00 0.48    0.10    

5 0.83 1.00 0.63 0.43 0.83 0.50 0.90 1,00 0.88    0.50    

𝑷
𝝁

 0.55 0.94 0.51 0.27 0.65 0.52 0.74 1.00 0.64    0.28    

𝑷𝑴 0.549 0.94 0.527 0.27 0.659 0.52 0.739 1.00 0.651 0.28 

RANKING 2,30 4,10 1,80 1,40 3,00 2,90 4,50 4,90 3,40 1,70 

CLASSIFIC. 4 2 5 5 3 3 1 1 2 4 
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differences were found (p-value = 0.0471 ≤ 0.05). Holm test (Table 22) 

rejects de null hypothesis for DT and ESD classifiers.  

PCA did not reject the null hypothesis for E-1 (p-value = 0.4060 ≥ 

0.05). The Bonferroni-Dunn test did not reject the null hypothesis for 

p ≤ 0.05, with α =0.05 (Figure 6.25).  

AR did not reject for E-2 (p-value = 0.4060 ≥ 0.05), while PCA rejects 

the null hypothesis for E-2 (p-value = 0.000816 ≤ 0.05). Holm test 

rejects the null hypothesis for DT and ESD classifiers. 

Table 22. Results Test Holm E-2 

Test p-value alpha Comment 

2-4 0.0000 0.0051 Reject Ho 

4-5 0.0000 0.0057 Reject Ho 

1-2 0.0000 0.0064 Reject Ho 

1-5 0.0000 0.0073 Reject Ho 

3-4 0.0000 0.0085 Reject Ho 

1-3 0.0000 0.0102 Reject Ho 

2-3 0.0007 0.0127 Reject Ho 

3-5 0.0011 0.0170 Reject Ho 

1-4 0.3797 0.0253 Fail to reject Ho 

3-5 0.8742 No comparison  Ho is accepted 
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Figure 6.25  Measure precision Bonferroni-Dunn test for PCA in E-2. The mean column 

rank of LDA, ESD and FKNN groups are significantly different. 

The results for E-1 indicate that ESD is the most accurate classifier 

(Table 21), and FKNN is the best for E-2 (Table 22). The test indicates 

that LDA can be discarded for all cases. ESD cannot be considered for 

E-2 either.  

When the t-Test is applied for AR and E-1 (Table 23), the test rejects 

the null hypothesis in the cases of the 1- 3 and 1-5 classifiers. 

Consequently, classifier 1, DT can be discarded. The T-test does not 

reject the null hypothesis for PCA and E-1.  

Table 23. Results T-Test: AR and E-1 

Test p-value Comment 

1-3 0.0265 Reject Ho 

1-5 0.0118 Reject Ho 

 



6. Case Studies and Results 

Advanced Analytics in Maintenance Management  

based on Ultrasonic Guided Waves. 

137 

 

Table 24 shows t-Test results for AR and E-2. LDA classifier is 

discarded. 

Table 24. Results T-Test: AR and E-2 

Test p-value Comment 

2-4 0.0250 Reject Ho 

6.4.3.3 Measure recall 

Table 25 and 30 show the Recall results obtained from the E-1 and E-

2 experiments. Bonferroni-Dunn test rejects the null hypothesis for DT 

and ESD. Friedman test does not reject the null hypothesis for PCA 

and E-1 (p-value = 0.3504 ≥ 0.05). Friedman test rejects the null 

hypothesis for E-2 (p-value = 0.0061 ≤ 0.05; p-value = 0.0014 ≤ 0.05), 

according to the null hypothesis tested with post-hoc test. Bonferroni-

Dunn test rejects the null hypothesis for DT, LDA and FKNN. The t-

Test confirms these results. 

 

Figure 6.26  Measure Recall Bonferroni-Dunn test for E-1 
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Table 25. Results Recall (E-1) 

 

Table 26. Results Recall (E-2) 
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1 0.63 1.00 0.50 1.00 0.90 0.91 0.86 1.00 1.00 1.00 

2 0.89 1.00 0.89 1.00 1.00 1.00 0.90 1.00 1.00 1.00 

3 0.80 1.00 0.64 1.00 0.89 1.00 0.62 0.90 0.90 1.00 

4 0.54 0.91 0.71 1.00 0.75 1.00 0.60 1.00 0.75 1.00 

5 0.80 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

𝑹
𝝁

 0.72 0.98 0.74 1.00 0.90 0.98 0.78 0.98 0.92 1.00 

𝑹𝑴 0.717 0.98 0.74 1.00 0.90 0.98 0.78 0.98 0.92 1.00 

RANKING 1.70 2.40 2.20 3.50 4.10 3.00 2.50 2.60 4.50 3.50 

CLASSIFIC. 5 5 4 2 2 3 3 4 1 1 
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1 0.52 0.95 0.46 0.45 0.61 0.44 0.67 1.00 0.60 0.45 

2 0.62 0.85 0.63 0.15 0.77 0.39 0.74 1.00 0.81 0.15 

3 0.56 1.00 0.43 0.31 0.53 0.77 0.71 1.00 0.57 0.31 

4 0.35 0.95 0.36 0.15 0.46 0.45 0.63 1.00 0.45 0.15 

5 0.69 0.98 0.76 0.45 0.93 0.75 0.95 1.00 0.83 0.48 

𝑹
𝝁

 0.55 0.94 0.51 0.27 0.65 0.52 0.74 1.00 0.64 0.28 

𝑹𝑴 0.55 0.94 0.51 0.27 0.65 0.52 0.74 1.00 0.64 0.28 

RANKING 0.60 4.10 1.60 1.60 3.60 2.60 4.60 4.90 3.60 1.80 

CLASSIFIC. 4 2 5 5 2 3 1 1 3 4 
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Friedman test rejects the null hypothesis for AR and E-1 (p-

value = 0.0077 ≤ 0.05), according to the null hypothesis tested with 

post-hoc test. Figure 6.26 shows the results of the Bonferroni test.  

6.4.3.4 F-Score. 

Table 27 and 32 provide the F-score results for E-1 and E-2. 

Friedman test rejects the null hypothesis for AR and E-1 (p-

value = 0.0081 ≤ 0.05). The post-hoc test indicates that there is a 

significant difference between LDA and 5 ESD for AR and E-1. 

Friedman test (p-value = 0.3084 ≥ 0.05) does not reject the null 

hypothesis for PCA and E-1.  

The classifier with better accuracy for AR and E-2 is KFNN, and the 

Bonferroni test discard classifiers DT for the AR case, and LDA and 

ESD for PCA. The Holm test and T-test confirm these results.  

Table 27. Results F-Score (E-1) 
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1 0.56    1.00    0.50    1.00 0.9 0.95    0.71    1.00 0.95    1.00 

2 0.84    0.95    0.84    1.00 0.95 1.00    0.90    0.95 0.95    1.00 

3 0.80    1.00    0.75    1.00 0.84 0.95    0.70    0.95 0.90    1.00 

4 0.61    0.95    0.59    1.00 0.75 1.00    0.60    1.00 0.82    1.00 

5 0.80    1.00    1.00    1.00 1.00 1.00    1.00    1.00 1.00    1.00 

𝑭
𝝁

 0.72 0.98 0.74 1.00 0.90 0.98 0.78 0.98 0.92 1.00 

𝑭𝑴 0.72 0.98 0.74 1.00 0.90 0.98 0.78 0.98 0.92 1.00 

RANKING 2,10 2,60 1,80 3,60 4 2,60 2,50 2,60 4,60 3,60 

CLASSIFIC. 4 5 5 2 2 3 3 4 1 1 
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Table 28. Results F-Score (E-2) 

 

6.4.3.5  Area under Curve (AUC) 

Table 29 and 34 present AUC results for E-1 and E-2. Friedman and 

Post-Hoc tests exclude the DT classifier for AR and E-1. DT and LDA 

are excluded for E-2.  

The classifier that detects and identifies mud in all cases is ESD for E-

1, with an accuracy of 93% (AR) and 100% (PCA). FKKN is the best 

classifier for E-2, with a precision of 74% (AR) and 100% (PCA). The 

most effective classifier is FKNN for PCA in all cases. Level 5 (no mud) 

is usually detected and identified with high accuracy, considering the 

AUC parameters (Tables 33 and 34), with a minimal success rate of 

89% (E-1) and 67% (E-2). The remaining mud levels demonstrate a 

success rate of around 60%. This indicates the robustness of the 

classifier for any frequency, especially for the FKNN classifier. 
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1 0.53    0.99    0.42    0.38   0.63    0.41    0.66 1.00 0.63    0.38    

2 0.67    0.96    0.55    0.19   0.73    0.46    0.75   1.00 0.71    0.20    

3 0.39    1.00    0.53    0.25   0.57    0.64    0.69    1.00 0.56    0.23    

4 0.36    0.99    0.34    0.12    0.45    0.53    0.66    1.00 0.47    0.12    

5 0.76    1.00    0.69    0.44   0.88    0.60    0.92   1.00 0.85    0.49    

𝑭
𝝁

 0.54 0.94 0.51 0.28 0.65 0.53 0.74 1.00 0.64 0.29 

𝑭𝑴 0,54 0,94 0,51 0,28 0,65 0,53 0,74 1,00 0.64 0,29 

RANKING 1,80 4,20 1,20 1,40 3,70 3,00 5 4,80 3,30 1,60 

CLASSIFIC. 4 2 5 5 2 3 1 1 3 5 
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Table 29. Results AUC (E-1) 

  

Table 30. Results AUC (E-2) 
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1 0.80 1.00 0.75 1.00 0.94 1.00 0.90 1.00 0.98 1.00 

2 0.89 0.99 0.93 1.00 0.99 1.00 0.94 1.00 0.99 1.00 

3 0.85 1.00 0.82 1.00 0.93 0.99 0.89 1.00 0.94 1.00 

4 0.81 0.95 0.83 1.00 0.87 1.00 0.75 1.00 0.86 1.00 

5 0.89 1.00 1.00 1.00 1.00 1.00 0.95 1.00 1.00 1.00 

RANKING 1.60 2.30 2.20 3.30 4.30 2.80 2.40 3.30 4.50 3.30 

CLASSIFIC. 5 3 4 1 2 2 3 1 1 1 
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1 0.76    0.96 0.74    0.66 0.79    0.69 0.82 1.00 0.79  0.63 

2 0.80    0.97 0.80    0.62 0.87    0.73 0.86 1.00 0.88    0.62 

3 0.77    0.99 0.72    0.59 0.76    0.76 0.84 1.00 0.78    0.60 

4 0.70    0.95 0.70 0.64 0.73    0.81 0.80 1.00 0.73   0.64 

5 0.84    1.00 0.86    0.71 0.95    0.75 0.96 1.00 0.90  0.67 

RANKING 1,80 4,10 1,40 1,60 3,40 3,00 4,60 4,90 3,80 1,40 

CLASSIFIC. 4 2 5 4 3 3 1 1 2 5 
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6.5 Temperatures Detection in Concentrate Solar 

Plant 

6.5.1 Introduction 

The aim of this Thesis is to determine the temperature of the tubes 

only by using piezoelectric sensors. It can lead to cost savings and to 

optimize the number of structural health monitoring sensors of CSP. 

It was carried out emissions of ultrasonic short pulses at different 

temperatures, and the signals were processed to train a neuronal 

network. The output of the neuronal network allows knowing the 

temperature of the pipe.  

The experiment was carried out in a test rig consisting in 316L 

austenitic stainless-steel tubes, four meters long, similar to those used 

in CSP, whereby oil is circulated at high temperature.  

Two Macro fibre Composite (MFC) transducers were placed in the test 

rig, where one acts as a transmitter and the other as receiver (pitch 

and catch). The transmitter transducer generates short pulses (6 

cycles) of 250 kHz. The receiver transducer collects the ultrasonic 

wave, by converting the mechanical movement of the wave into 

electrical signal [24]. Also, the temperature is collected by using a 

thermocouple on the pipe, in order to train the neuronal network. 

The oil that circulates inside the pipes was heated from 25ºC to 75ºC 

and the external surface of the pipe reached 55 ºC. During the heating 

of the experimental platform were collected 1100 ultrasonic signals 

with their respective temperatures. 
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6.5.2 Novel approach in Temperatures Detection. 

Figure 6.27 shows the flowchart for the novel approach presented in 

this case study. 

 

Figure 6.27 Flowchart of novel approach in temperatures detection 

The signal obtained must be conditioned in order to properly train the 

neuronal network. For this purpose, has been used Wavelet Transform 

to perform a signal de-noising. The Daubechies family of Wavelets was 

chosen to perform the signal denoising. 

110 signals are obtained for each temperature measurement and each 

signal contains 2000 samples. If each sample is considered an input of 

the neuronal network, in this case, to have a large number of inputs, 

would generate a high number of learning patterns and therefore, the 

error would be significant. Otherwise, it would be producing an 

overlearning network, which degrades the generalization ability of the 

neuronal network. This is called the curse of dimensionality, [248-

250]. 

It is necessary to use a technique that allows reducing the number of 

inputs while maintaining the characteristic signal information. The 

features coefficients of each ultrasonic signal were extracted by using 

the autoregressive model AR.  
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The ultrasonic signals provide different parameters, such as 

waveform, peaks, energy, amplitude, etc., that are used for pattern 

recognition. The knowledge in this field aids to select such parameters. 

The results obtained have been verified with trial and error.  

Different classical approaches have been employed in order to achieve 

adequate results for neural networks, e.g. time domain (time of flight 

of the ultrasonic echoes of the signal, maximum amplitude, peak 

position, rise time and descent time, energy, etc.) or frequency domain 

(arithmetic mean, mode, standard deviation or variance). However, 

the outcomes of these methods are not accurate enough.  

For pattern recognition has been used a Neural Network 

Unidirectional supervised through a Multilayer Perceptron (MLP) 

with training by backpropagation algorithm [251]. The inputs of the 

NN are the AR coefficients of the ultrasonic signal and the outputs are 

the temperature rages of the experiments. It has been stablished 11 

ranges between 25ºC and 55ºC, whereby each range comprises 2.7 ºC.  

The architecture of the neuronal network, and the configuration of the 

hidden layer, depending on the structure of the input data. In this 

work it has been tested the following input parameter of the signal: 

AR (2), AR (5), AR (10), AR (15) and AR (20).  It has been designed a 

neural network with one hidden layer because it has been found 

empirically that networks with multiple hidden layers are more prone 

to getting caught in undesirable local minima. Therefore, we have 

proceeded to use with a single hidden layer. It has tested different 

neural network architectures based on patterns obtained in the 

experimental phase. First it was tested with a Multilayer Perceptron 

05/02/11 (first layer with two input neurons, hidden layer with five 
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neurons and output layer of 11 neurons). Later we were increasing the 

number of inputs, the number of hidden neurons, to achieve the 

desired goals.  

Samples the set of signals we performed in order to generalize the 

network (cross validation) apart in sets: Training: 70%; Validation: 

15%; Test: 15%. On the other hand, it has selected another set of 

signals (15%) to perform a check on the external network to test modes. 

Two training modes backpropagation algorithm have been applied:  

1º Gradient descent with momentum and adaptive learning rate 

backpropagation and performance mean square error (MSE) 

[252,253]. 

2º Scaled conjugate gradient and performance Cross Entropy [254]. 

 In the second case we obtained best results with higher performance. 

6.5.3 Results and Discussion 

During the design of the architecture of neural network, it has been 

determined the following parameters: 

- Number of inputs to define the neural input layer: The original 

signals with the relevant information of the received ultrasonic 

pulses is composed by 2000 samples: The number of inputs is 

significantly reduced after extracting the characteristics of the 

signal through the method of autoregression (AR). Network has 

been tested with different inputs as can be seen in Figure 6.28, 

and the AR-10 method provides better results. 
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Figure 6.28 Success rate of the AR employed 

- Numbers of outputs. A neuronal network with fewer outputs 

have better results that with more outputs. It was decided to 

have more outputs for the range of temperature range were 

lower. Thus, each range has a range of 2.7 ° C, corresponding 

to eleven outputs elected. 

The numbers of neurons in the hidden layer is treated by many 

authors problem. There are criteria based on the number of inputs and 

training patterns. This is one of the main problems of MLP. For the 

calculation of the hidden neurons we've had on one hand the network 

performance through the mean square error and on the other the 

number of patterns to train. In this study we have trained, validated 

test in order to generalize the neural network. 

Scaled conjugate gradient and performance Cross Entropy has been 

training mode chosen as the best performance. 
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The established neural network architecture has been trained with the 

following results (Figure 6.29): 

 

Figure 6.29 Success rate of the neural network to determine the temperature range. 
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7 Conclusions and Future 

Works 

7.1 Conclusions 

The main novelties presented in this thesis are based on different 

approaches for detecting and diagnosing ice, dirt and mud, and 

delamination in Wind Turbine Blades (WTB), and notch, welds, 

temperatures in Concentrated Solar Plant (CSP) pipelines by Guided 

Waves (GW). The signals were experimentally obtained in a real WTB 

and a test rig consisting in 316L austenitic stainless-steel tubes, four 

meters long, similar to those used in CSP.  

This thesis has been focused on the fault detection and location, 

employing signal processing and Machine Learning techniques in 

ultrasonic GWs signals. 

Filtering technique is done by Wavelet Transform. The transducers 

used were composed of macrofiber and EMATs. Lamb waves were 

generated and flow through the WTB and pipes, being sensitive to 

damages such as ice, mud, delamination, temperature, welding, or 
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notch. This technique, together with Hilbert's transformation, produce 

a high accuracy in signal processing. Morlet waveform transformation 

has also been used to filter the signal with high accuracy. 

A set of pattern recognition techniques are applied to GW. A 

Daubechies wavelet transform with seven levels of decomposition is 

used to diagnose certain scenarios. Signal energies and percentage of 

decomposition are analysed to determine conditions. The Wigner-Ville 

distribution is used for time frequency analysis. Finally, Hilbert 

Transform is used to obtain the filtered signal envelope. A novel 

approach is developed based on signal processing to identify and locate 

pipe welds. This approach involves pre-filtering and denoising using 

Wavelet and Hilbert Transform methodologies to detect relevant 

peaks. The echo flight time is theoretically calculated and then 

compared with experimental times to determine the echoes come from 

the edges. Any other echo represents a potential weld. The echoes of 

the same defect are compared by traveling on different paths, and the 

defect is located considering each amplitude. These techniques have 

been successfully applied to the case studies of multi-level detection of 

ice and mud in WTB and CSP pipelines. 

A new approach has been introduced to classify distinct levels of ice, 

mud and delamination in WTB. A robust and advanced signal 

processing approach has been applied to GW. The signal processing is 

based twenty linear and non-linear classifiers of Machine Learning. 

Different scenarios have been tested. A pre-processing signal was done 

by a pre-filter and de-noising by Wavelet Transforms. Features 

Extraction was performed using linear, AutoRegressive (AR) and 

Principal Componen Analysis (PCA), and Nonlinear AR Exogenous 

(NARX) and h-Non-Linear PCA (NLPCA) methods to reduce the 
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dimensionality of the signal data. Feature Selection (FS) has been 

tested in all classifiers with different configurations of components to 

avoid overfitting of the Neural Network employed. FS was made by 

Akaike’s Information Criteria (AIC) and Neighbourhood Component 

Analysis (NCA). The classification has been performed comparing 

signals of each scenario at the same frequency and at multifrequency 

mode. The main conclusions are: 

- This novel methodological approach can detect and diagnosis 

ice, mud and delamination in different scenarios with high accuracy, 

in many cases 100 %, in both single frequency and multifrequency 

cases. 

- In the case of multi-level ice detection, in general, with all FE 

methods is obtained 89.5% as the mean results of prediction accuracy 

in the worst case, and 91.50% in the best. This margin is short due to 

the linear proportionality of the ice thickness and the temperature. 

The non-linear classifiers Support Vector Machine (SVM) and K-

Nearest Neighbours (KNN) provide an accuracy better than 95%. 

- The results show that the combination of the KNN with the 

PCA provide the best results for the detection and diagnosis of mud. 

The classifier that detects and identifies mud in all cases is Ensemble 

Subspace Discriminant ESD for E-1. Fine KNN is the best classifier 

for E-2. 

- Artificial Neural Network (ANN) is the most accurate classifier 

with 91.50% success in real positives analysing delamination, where 

Weigthed KNN presents 90.97%. WKNN provides higher accuracy in 

the 4 and 5 scenarios. ANN presents more sensitivity (91.50%). In all 



7. Conclusions and Future Works 

Advanced Analytics in Maintenance Management  

based on Ultrasonic Guided Waves. 

151 

 

cases, except for the QDA classifier, they indicated an accuracy rate 

more than 85%, being 90% for the best classifier. 

- ANN can find the temperature in CSP pipelines with an margin 

of 2.7º C and an accuracy of 93.30% at best, being 81.81% in worst case. 

7.2 Future Works 

Different pattern recognition techniques have been employed in this 

work and, on this basis, it is possible to develop a damage map. Pattern 

setting simplifies the detection task and, consequently, the decision-

making process. A future work proposed is the elaboration of a more 

complete damage map, setting up critical states of operability in WT 

and CSP.  

The advance of application of convolutional networks are suggested to 

be implemented for pattern recognition using GW. These networks are 

based on graphical models that learn to extract a deep hierarchical 

representation of training data with good accuracy. No new FE and FS 

techniques based on deep learning will make it possible to improve the 

accuracy of classifiers.  

Big Data together with recognized patterns is proposed. This thesis 

analyses a signal to detect different damage or states of a component. 

This would significantly simplify the number of sensors. It is also 

suggested new algorithms with lower computational cost, in order to 

be applied online, cloud computer, etc. 
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