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Abstract

Objective of this thesis is to find optimal sensor placements regarding vibration-based damage
by utilizing modal parameters of a structure. The location of sensors is crucial for correct
identification of the mode shapes of complicated mechanical structures. In this study, a specific
model of a 100m wind tower was analyzed to determine the optimal sensor placement
algorithm for vibration-based damage detection. The vibration-based damage detection was
conducted to the system and damage was localized using a mode shape-based damage
identification technique. The optimal sensor placements were obtained by minimization of
weighted off-diagonal elements, QR decomposition, the genetic algorithm with maximum error
and the genetic algorithm with weighted off-diagonal criteria. Among these three algorithms,
the genetic algorithm with weighted off-diagonal criteria yielded the most effective sensor

placements for the highest damage detection accuracy.
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1.Introduction

The research and development of wind energy systems are significantly increasing due
to energy needs in the world. The main concern is to be able to ensure the safety and durability
of the wind turbine towers. Structural health monitoring (SHM) can help bridges last longer,
boost safety between planned inspections, and allow for a prioritized assessment following
exceptional events. One of the most difficult tasks is determining whether problems may be
diagnosed (i.e., detected or localized), which is necessary for determining the value of a SHM
system before it is deployed and optimizing sensor location. Optimizing sensor placement has
a critical effect on SHM. This thesis presents an optimal sensor solution using current research
developments in the field of structural health monitoring.

1.1. Why Wind Energy

The energy is mostly supplied from fossil fuels, basically coal, oil, and gas. These sources in
the end will run out. Additionally, the environment has been damaged by the intensive use of
these fossil fuels resulting in global warming, extinction of species, and health problems. Wind
energy and other renewable energy sources’ impact on the environment is significantly lower
compared to fossil fuels.

Mongolia is heavily dependent on coal energy and it is responsible for around 66% of the
greenhouse gas emissions in Mongolia. This has created severe air pollution in the country
accompanying health problems. 93% of total power generation is from coal-fired combined
heat and power, which is providing more than 80% of the domestic demand. Aging CHP plants
are facing challenges during peak hours in winter exceeding 90%. The energy supply shortage
is an urgent challenge that the country is facing. Furthermore, additional mining energy
demand is coming into place. Mongolia’s wind energy potential could be realized at 1100GW.
TsogtTsetsii 50MW, Sainshand Wind Farm 55MW, Salkhit wind farm 49.6MW are currently
generating wind energy in Mongolia. Further wind farms could be invested if the country

improves its grid system and regulation reserves.

1.2 Anatomy of wind turbines

Today's commercial wind turbines are primarily horizontal-axis designs with three blades, as
shown in Figure 1. The primary subsystems of a horizontal axis wind turbine can be divided
into five categories: rotor, nacelle, tower, foundation, and electrical system. The blades and
hub are on the rotor, while the gearbox, drive train, control elements, and yaw system are on
the nacelle. Depending on the type of turbine and whether it is onshore or offshore, the tower

structure and foundation are developed.
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Figure 1: Horizontal wind turbine diagram Figure 2: Tubular steel wind turbine tower

The purpose of the wind tower is to support the rotor and nacelle’s mass. Wind turbine
tower costs around 35% of the total investment. Minimizing the mass of the tower contributes
to avoiding the big costs for the tower. Nowadays, wind turbine towers can be made of many
different materials in many types. As for the material, towers have been made from concrete,
structural steel, or a combination of these materials. Generally, towers are divided into lattice,
cylindrical, concrete, and hybrid.

Steel cylindrical towers can be seen most commonly in the world. These types of towers are
economical and also lighter than other types. The main reason to choose this structure is that
it is much stronger. The tower's sections are connected with bolts. The diameter of the structure
gets smaller from bottom to top. The thickness of the tower changes due to the loads. One of
the important issues is transporting components, especially in Mongolia, which is a road
problem. Steel cylindrical towers are most favored in Mongolia. Hence, this type of tower is

selected for the test structure in the study.
1.3. Objectives of the Research

The objectives of this thesis are to study the vibration-based damage detection algorithm and
optimization of sensor placements and evaluate the results of those. In this thesis, damage
types of the wind turbine tower and sensor types used in vibration damage detection are
described. Vibration based damage detection algorithms and optimization of sensor
placements are studied. After that, mode shape-based damage detection method is used to
detect damage on different damage scenarios. As for the sensor placement optimization,
minimization off diagonal elements, QR decomposition and genetic algorithms are studied and
used to find optimal sensor placements. The results of these optimization algorithms are

compared.
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2. Literature review

This section is divided into two parts; vibration-based damage detection and optimal sensor

placement algorithm.

2.1 Vibration-based damage detection

The vibration-base damage detection’s logic primarily relies on the fact that stiff, mass, and
damping properties of the structure changes when the damage is present. Due to the health
and safety of structures depend on monitoring the occurrence, creation, and dissemination of
structural damage, structural monitoring has been a persistent focus of research. Several
studies on vibration-based structural damage detection systems to identify and quantify
structural damage have been published. Vibration-based damage detection is used to identify,
locate, and quantify damage in the structure. The table shows the overview of the damage

detection methods(1).

Features Methodology

Modal Natural frequency e Frequency changes

parameters e Residual force optimization
Mode shapes e Mode shape changes

e Modal strain energy
e Mode shape derivatives

Matrix Stiffness-based e Optimization techniques
methods e Model updating
Flexibility-based e Dynamically measured flexibility
Machine Genetic algorithm e Stiffness parameter optimization
learning e minimization of the objective function
Artificial neural e Backpropagation network training
network e time-delay neural network

e Neural network systems identification with

neural network damage detection

Table 1: Vibration-based damage detection methodology
Frequency-based approaches are based on the idea that resonant frequency changes occur

when the structure's structural properties alter. Frequency information alone does not offer



THE OPTIMAL SENSOR PLACEMENTS FOR VIBRATION-BASED DAMAGE DETECTION OF
WIND TURBINE TOWER

reliable results, particularly when multiple different types of structural damage(2) can induce
the same natural frequency variations. The limited sensitivity of frequency shifts to damage
needs either very precise frequency variation readings or large amounts of damage for

massive civil engineering structures.

To improve sensitivity to damage detection and localization, methods that use mode
shapes generally compare acquired mode shapes directly, or the characteristics like curvature
or modal strain energy. The expansion of acquired modal data to meet a finite element model
was proposed by Law et al.(3), and the measured modal frequency changes were employed
to evaluate damage severity using a sensitivity-based technique. Kim et al. (4) proposed the
damage index approach to detect changes in modal strain energy to identify, locate, and
guantify damage, where mode shapes were employed to identify the as-built and existing
structures' modal stiffness qualities. The method was founded on the idea that during a minor
damage event, the sensitivity of fractional modal strain energy of a possible damaged element

is invariant.

The ability to find and assess the level of damage by comparing damaged and
undamaged system matrices is inherent in the assembly and evaluation of system matrices
from modal parameters. However, due to insufficient measurements or the inability to identify
all modes of the structure, system matrices are only partially filled. Damage is identified,

located, and quantified using stiffness reduction estimation.

Escobar et al. (5) introduced a transformation matrix approach for reducing a structure's
global stiffness matrix to a condensed state with only the main degrees of freedom, which
correspond to the structure's rigid body movements. With the eigensystem realization
algorithm, Sivico et al. (6) created a damage detection algorithm that used a discrete state-
space model of the time domain structural response to estimate stiffness and damping

parameters.

Park and Reich (7) proposed a flexibility-based method based on the subdivided
flexibility equation for detecting various sub-structural features by comparing observed global
flexibilities before and after damage. A structure's global flexibility matrix was calculated using
experimentally obtained modal characteristics. The link between measured global and local
FRFs was used to create a sub-structural flexibility matrix. An increase in flexibility was
discovered, localized, and quantified via a comparison of localized flexibilities of the

undamaged and present state of a structure.

Machine learning is the creation of learning computing systems, often known as expert

systems (8). Because of their effectiveness and robustness in dealing with uncertainty,
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insufficient information, and noise, computational intelligence methods such as neural
networks and genetic algorithms are appealing procedures in the area of structural damage
identification (8). Inductive learning, or learning by example, is a common method for the
application of machine learning algorithms to structural damage detection. For the
characterization of damage in vibration-based damage detection of structures, artificial neural
networks (ANN) and genetic algorithms (GA) are used.

With the primary components of the FRF as input in a neural network, Zang and
Imregun (9) used principal component analysis, a linear data compression technique for
dimensionality reduction. Hung and Kao (10) used experimental data to train a neural damage
detection network (NDDN) to distinguish partial derivatives of accelerations, velocities, and
displacements from a finite element update. It was presumed that some a priori knowledge of
the system existed.

Static displacement measurements were used by Chou and Ghaboussi (11) for
structural damage diagnosis, which was posed as an optimization problem with unknown
stiffness factors. To determine the best-fit solution for the unknown stiffness values, GA was
used. Hao and Xia (12) proposed using GA to compare changes in measured modal
parameters from the undamaged and damaged structure to those of an analytical model, with
the goal of estimating the stiffness reduction factor for each structural element while keeping
the objective function as small as possible.

It's worth noting that a number of the approaches covered in this section illustrate the
capacity to use numerical simulations to identify, locate, and assess the severity of damage in
structures. However, due to signal noise, the lack of field validations reduces their
effectiveness, limiting their potential for damage detection of FRP repaired bridge structures.
Machine learning techniques keep receiving a lot of attention in the field of structural damage
detection, with their ability to identify, locate, and estimate damage severity. However, the
training of the network and the quantity of input information required for GA and ANN are still
unresolved issues, and no methods have demonstrated robustness with field-measured data.

In this study, from above mentioned methods for vibration-based damage detection,
mode-shape-based damage detection (MBDD) Method (13) is studied to localize the damage

of the wind turbine tower

2.2 Optimization of sensor placement (OSP)

Wind turbines must have optimized dynamic behavior in order to operate reliably and
economically over their expected lifetime. The modal dynamics of a wind turbine are thoroughly
investigated using numerical simulation models for a wide range of operational situations in

order to minimize component loads and achieve optimal overall system control behavior.
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Extensive experimental modal analysis on a prototype under operational conditions is done to
validate the realization of the design objectives for the dynamic behavior of a new wind turbine.
The wind turbine's modal properties, such as eigenfrequencies, damping, and mode shapes,
are computed using data from acceleration sensors dispersed throughout the structure. The
optimal placement of a particular set of sensors on the structure in order to clearly identify the
mode shapes in the important frequency range is a fundamental feature of experimental modal
analysis.

The importance of sensor placement for experimental modal analysis is briefly described in
Figure 1 using the mode shape one and two of the model structure. The goal is to use two
acceleration sensors to detect the first and third mode shapes. Sensor position 2 is
inconvenient since the two-mode shapes are difficult to distinguish. Sensor position 3 is also
not optimal, with the third mode shape being imperceptible due to the sensor being placed on
its node. Sensor locations 1 and 4 are sufficient to distinguish the two-mode shapes.

Comparison of sensor placements

T T 1 ; ; :
100 Sensor4 e------- -a |
Sensor 3. g~ :
90 S
Sensor 2 i
1
el ! ]
#
70
!
/
60 [ |
= 'y \
o Sensor 1 nl -------------------
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Mode 1
or Mode 3| |
4 05 0 05 1 15
Modal Amplitude <1073

Figure 3: Basic sensor placements comparison
Using numerical data from a finite element model, optimal sensor placements on a complex
mechanical structure are often obtained. Multibody models, on the other hand, are best for
simulating the dynamic behavior of wind turbines under operational settings. Multibody models
allow time-domain simulations of complex overall systems since they have a far smaller

number of degrees of freedom than FE models. Wind turbine multibody models are built up of
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elastic bodies defined by modally reduced FE models or lumped-mass models. In practice,
only operational modal analysis can be used to do the experimental modal analysis of wind
turbines.

The study compares three numerical methods for discovering appropriate sensor placements
on the wind tower from a numerical modal analysis of the elastic multibody model for a 5SMW
wind turbine. This takes advantage of multibody model’s ability to precisely describe the wind

turbine's operational behavior.

3.Wind turbine tower modeling

3.1 Description of the test structure
An WTT structure was used in this study to assess the viability of the damage detection

method and sensor placement optimization algorithms. The target structure was a 5 MW
onshore WTT. The structure stands 100 meters tall and is made up of two segments. The both
base and upper steel towers are 50 meters long. Table 2 shows how the thickness of the
section changes as the height rises. At the lowest and top levels, the outer diameters were
4.572 m and 8.839 m, respectively (14). The WT head and tower weights are 480076 kg and
51816 kg.

Height [m] 0+50 51 + 100
Thickness [m] 0.0365 + 0.0349 0.0349 + 0.0222
Diameter [m] 8.839 = 6.706 6.706 = 4.572

Table 2: Thickness and diameter of the tower model(14)

Input variables that used in the FE modelling of tower is described in the table 3.

Input variable into FE model Value

Height of the tower 100 m
Hub mass 480076 kg
Density of the material 8700 kg/m?3
Elasticity of the steel 2.1 % 101N /m?
Number of elements 50

Table 3: Input variables for FE model on MATLAB

3.2 Finite Element modeling
The numerical studies of WTT model carried out within MATLAB, in which the finite element

method is applied. Tower model selected as it has two degrees of freedom (one translation
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motion in the x direction and one rotational motion in the y axis) at each node. Dynamic
response of the tower model uses modal parameters represented by finite-element models.

Normal mode orthogonality and eigen value equation describes as follows (15)
OTMP =1, €Y)
Kd = MdQ2. ()

The @ is a normal modal matrix, natural frequency Q2 is a diagonal matrix. In the equations 3,
4 element stiffness and mass matrices (16) are described.

12 6L —-12 6l
_Ell 61 412 —61 212

“Bl-12 -6l 12 -—e6l|’ ®)
6l 212 —61 41>

Ke

156 221 54 —13l
_PALL 220 42 131 312 )
" 420| 54 131 156 =221

—131 =312 =221 41>

Me

The system is constructed using element matrices and lumped mass is included at the top of
tower model using head mass of the WT. Eigenvalues and eigenvectors are computed by

MATLAB’s “eig()” function. The natural frequency Q2 is computed by

_ Jeigenvals([M]~1[K])

02 - . (5)

The unscaled (not mass normalized) mode shape matrix ¥ is generated as eigenvectors. The
normalized mode shape characteristic indicated in the equation 6. If the mode shape does not
show this characteristic, it is then mass normalized by equation 8 using factor a (17) calculated
in the equation 7.

WM = [1] ©)
NI
@) =a- (W) ®)

Figure 5 and 6 indicate first three mode shapes and cylindrical tower model structure. The

mass of the hub is inserted in the system mass matrix as lumped mass system.
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Figure 4: The first three mode shapes

of the tower Figure 5: The FE tower model

4. Damage Identification and Optimization of
Sensor Location

4.1. Damage types of wind turbine tower

Wind turbine towers are exposed to a range of loads such as wind, earthquakes, temperature,
and weight. Because most wind turbine towers are vertical, horizontal loads have a significant
impact. As a result, wind speed and direction are frequently considered important control
elements. Many accidents and failures have shown how a single action can set off a chain of
events that leads to incidents or failure. A list of lessons learned addressing the fields of
structural design assessment, construction and quality control, and scientific document
analyses are collected, with practical suggestions for risk assessment and actions. Tower
collapse is most usually caused by severe winds, insufficient bolt strength, and poor bolt quality
inspection during construction. Bolt failure and wind turbine tower buckling were the two most

common failure types for wind turbine towers (18).

Wind turbine tower wall buckling was responsible for 52 percent of wind turbine tower
collapses, while wind turbine tower bolt failure was responsible for just 36 percent. Wind turbine

tower wall buckling has been the most common cause of wind turbine collapse around the

world.
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Types of wind turbine disasters

Frequency of occurrence [ %]

1 Blade failure 22
2 Fire 18
3 Environmental damage 16
4 Transport 14
5 Structural failure 11
6 Human injury 10
7 Fatal incidents 8

8 Ice throw 1

Table 4: Wind turbine disasters and its frequencies from 2007 to 2017 (19)

25

20

15

10

Number of wind turbine collapse

Wind turbine tower buckling

Tower bolt fraciure Tower foundation failure

Figure 6: Statistics of wind turbine tower fracture

The 81% of collapses (19) occurred between the foundation and the third of the height of the
wind turbine tower, which indicates that lower part of the tower is primary location of the
damage. The wind turbine blades are parallel to the wind at wind speed of 50 m/s, wind turbine
tower experiences great bending moment under excessive stress resulting in wall buckling,

tower bolt fractures, and foundation overturn. Hence, pitch system failure causes a chain

reaction that results in collapse of wind turbine tower.

4.2. Damage identification of the tower

The mode shape-based damage localization algorithm developed by Kim et al. is
introduced to localize damage. The method uses a damage index approach to detect changes
in modal strain energy to identify, locate, and quantify damage, where mode shapes were
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employed to identify the as-built and existing structures' modal stiffness qualities. The method
is based on the idea that during a minor damage event, the sensitivity of fractional modal strain

energy of a possible damaged element is invariant. It is described by (20)
Fij = F;} (9)

where Fj; is the fractional strain energy change contribution of the jth member to the ith mode,
Fj; indicates fractional strain energy change for the damaged case.

In terms of modal shape approach, a finite element structural system with NE elements with
NM nodes is considered. Damage localization indicator 3 for the jth member is calculated
by (20)

NM «T * NE *T *

Yic1 (P} Cjo®]+Tke1 D] Cro®; K,
NM [T NE T

LT (@] Cjo @i+ ERE, @] Cro®i)K]

B, = (10)

The ith modal stiffness K;, the ith modal stiffness for damaged case K;*, system total stiffness
matrix (considering only geometrical properties) C;, are calculated by equations 11, 12, and

13. The @; is the ith modal vector, @; is for the damaged structure and C is the total system

stiffness matrix.
K; = o Co; (11)
K =o;TCco; (12)

In the equation 13, E; is the element stiffness and C; is element stiffness matrices.

Values of the indicator ,b’j are normalized according to the rule described in the equation 14,

where f is the mean of the g; population, and g is the standard deviation of the population.
Level of significance defined as 2 meaning if Z; is greater than k, the jth member is

damaged, if it is less, otherwise.

Bi-B
Damage severity a; is calculated by equation 15.
1
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4.3. Sensor types used for damage detection

New sensors have been developed as a result of the increased usage of SHM
techniques to improve the efficiency of detection, location, and characterization systems (21).
One of the most significant aspects of damage detection is sensor selection. Damage
detection, as well as damage location, quantification, and classification, are all possible with
the right sensor (22).

Piezoelectric materials are made of ceramics and polymers and exhibit both direct and inverse
piezoelectric effects (23).This is why vibration-based sensors and actuators are frequently
made from these materials. These piezoelectric sensors are also adaptable to the geometry
of the structure in the area where they are installed. It is possible to measure vibration and
collect information about several variables, such as deformation(24) or corrosion(25)(26),

using these sensors.

Fiber optics are employed in applications requiring great precision and immunity to
electromagnetic interference(27). Fiber optics is based on the notion of white-light
interference(28). Any physical variable can be used to relate the absolute shifting of a signal
emitted by a light source(29). Deformation, temperature, material concentrations, acceleration,
rotation, pressure, vibrations, and shifting are all measured using this type of sensor. Fiber
Bragg grating (FBG) and fiber optics sensors (FOS) are the most common deformation
sensors. A single-axis FBG acceleration sensor is ideal for measuring minor vibrations at low
frequencies. The sensor is appropriate for measuring structural responses to dynamic stimuli,
such as earthquake-damaged structures, wind turbines under gust loading, and ship hulls

under wave loading(30).

Deformation can be measured in three ways: (i) point sensors or discrete deformation, which
can locate the deformation(31); (i) quasi-distributed deformation sensors, which are a
collection of point sensors(32); and (iii) distributed deformation sensors, which can determine
a complete profile of deformations(33). Wire-based sensors are frequently put at different

points on the tower wall, usually the platforms or the nacelle, with easy access to the supplied
energy supply.

The goal of most acceleration recordings is to evaluate a vibration spectrum and a shift in
eigenfrequencies, which indicates a change in structural stiffness, i.e., potential damage. The
vibration spectrum, on the other hand, contains a global picture of a structure, whereas
damages have only local impacts(34). The closer a sensor is nearby a point of damage, the

more likely it is to detect the local effect.
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4.4. Optimization of Sensor Placements

i. Auto Modal Assurance Criterion AutoMAC

AutoMAC is a measure that determines whether a given set of sensor positions is able
to distinguish the modal shapes from each other. nO-dimensional mode shape vectors are
obtained from a modal analysis of the multibody model of the wind turbine with nO degrees of
freedom (DOF). By measuring p DOF, where p is the number of sensors available, the goal is
to identify m of these mode shapes, which are referred to as target mode shapes. Not all of
the numerical model's nO degrees of freedom can be employed as measurement points. For
example, acceleration sensors can't measure rotational DOF, and the simulation model has
DOF that can't be measured. The number of possible sensor positions is reduced to n by
removing those degrees of freedom. The goal of this research is to locate p measurement
degrees of freedom out of n degrees of freedom in order to identify m target mode forms. The
AutoMAC compares a group of modes to each other and can be used to see if the position of

a set of p measurement DOF is adequate to identify the modes(35).
P=[pr 92 - Oml (16)

(v79)"

MAC(ij) = —————,
G = o) oTe))

ij=1,..,m (17)

Since the mode shapes are associated with themselves in the event i = j, all diagonal
members of the AutoMAC matrix are equivalent to one, however, in the case i # j, the off-
diagonal elements have values from 0 to 1 depending on the linear dependency between the
mode shape | and j. The optimal sensor placement is a solution that generates an AutoMAC

matrix with the lowest off-diagonal elements.
ii.  Minimizing weighted off-diagonal elements

Breitfeld (36) first introduced this optimization approach. A matrix ¥B = dia(1, ...,1,0,1, ...,1)
with a zero at the k-th element is built up to explain the elimination of one measurement point
with index k, starting with a sensor set that includes all reduced n DoF. The AutoMAC matrix

proposed by Brietfiels is given by(35)

(400 (90

kMAC(i’j) i (( kB(Pi)T( kB(pi))<( kB‘Pj)T( kB(pj)) |

ij=1,..,m (18)

The objective function is used to determine the impact of removing point k from the AutoMAC
matrix(35).
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m-—1 m
Z(k) = Z ,.kam(i’j)“ — i (19)

It is the weighted sum of the top AutoMAC elements that are off-diagonal. Due to the term
|i — j|, the correlations between mode shapes that are far apart in frequency have less impact
on Z if the mode forms in the mode shape matrix from (1) are ordered according to their
eigenfrequencies. Mode forms with neighboring eigenfrequencies must be easily recognized,

this weighting is critical for effective sensor placement.

The technique of eliminating one measurement point k with kB, assessing the AutoMAC matrix
kMAC 1), and measuring the impact of the removal with Z(k), is repeated for each potential
measurement point. Because its removal causes off-diagonal elements of the AutoMAC matrix
to increase the most, the position k with the largest value of Z(K) is selected as a measurement
point. This point will be removed from the selection procedure, and the process will repeat until

the required amount of measurement points, p, is reached.
iii. QR decomposition

Link et al. devised the QR Decomposition (QRD) approach, which tries to find a subset
of structural DOFs as measurement points to maximize the linear independence of the mode
shapes to be measured. The underlying concept is that the modal matrix's most linearly
independent rows imply the DOFs that should be selected as measuring points since they
produce the smallest possible modal matrix, which results in a MAC matrix with the minimum
off-diagonal terms, making it easier to differentiate between similar mode shapes. By QR
decomposition of a transposed mode shape matrix in computation, the QRD method extracts

those rows to produce the effective subset(37).

Schedlinski et al. (35) were the first to propose using the QR decomposition to
determine ideal sensor placements. The QR decomposition minimizes an initial sensor set of
all n potential sensor positions to an optimal set of the required p sensor positions, similar to

the prior method. For the model matrix @ QR decomposition is performed according to
¢"P = (R, (20)

where P € R™" is a permutation matrix, Q € R™ ™ orthogonal matrix, and R € R™ ™ an upper
triangular matrix. The element R;, 4 ;.1 in R is a measure for the linear dependency between
the j-th and j+ 1-th columns of the transposed modal matrix T, as defined by the QR
decomposition. The greater the R, j,, value, the more linearly dependent those columns are.

Because each column of T reflects information obtained from the associated potential
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measurement point, the transposed modal matrix is examined in the equation. T columns that
are linearly independent correspond to linearly independent measurement signals. The

permutation matrix P is constructed using the components in R and arranges the diagonal

o . ~T : ,
elements in R in descending order. @ 's columns are arranged by linear dependency, with the

first column corresponding to the most linearly independent measurement point.

& =oTp 21)
The first p columns are then used to pick the optimum sensor positions p of 3. The number
of m diagonal elements in R is thus limited to p. If p is greater than m, the required sensor

positions p exceeds the target mode shape m, the first m columns of & are picked and the
associated @ columns in are set to zero. The new @ is then subjected to QR decomposition,

and the remaining p — m sensor positions are chosen from the new.

iv.  Genetic algorithm

Genetic algorithms are a type of evolutionary algorithm that uses processes including
inheritance, mutation, selection, and crossover that are inspired by evolutionary biology(38). A
computer simulation is used to develop a customized genetic algorithm in which the genome
improves toward better solutions. Each answer is referred to as an individual unique solution.
In this approach, solutions are generated as binary strings of Os and 1s. Evolution occurs in
generations and begins with a population of randomly created individuals. Each generation
assesses the fitness of each individual in the population. A predetermined number of
individuals are randomly chosen from the present population depending on their fithess and
maybe recombined (crossover) or even mutated to create a new population. The new

population is subsequently employed in the algorithm's following iteration.

One potential set of sensor positions is expressed as an individual in a genetic
algorithm. A binary vector is a simple approach to coding an individual so it provides a

combination of possible sensor positions given with
s,=[1 01 0 1 .. 0] (22)

The number of possible sensor locations n is equal to the length of s,,. A zero means that no

sensor is set at this location, while a one indicates that a sensor is installed. As a result, the
number of required sensors p is equal to the sum of the elements in sp. Anderson (39)
proposes a different description. The length of the vector of potential sensor positions s, is p,

and it contains the position numbers of the sensors under evaluation. So, the Sp becomes
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Sp=[1 3 5 -] (23)

Upon the s, coding of an individual, the corresponding fitness must be determined. Fitness

determines the individual's survival to the following generation. The fitness index is defined in
(40) by Stabb et al.

f=rs (24)

The index employs an error function E to indicate an individual's weakness. The definition of
an individual's fitness is important to the genetic algorithm's effectiveness. As a reason, in this

analysis, two different error functions E will be evaluated.
E; = max(9] ¢; — Olna iPina ;) (25)

The first error function (E;) calculates the maximum error between the correlation of ¢, <pjand

Pinair Pina,j- The shapes Pinair Ping; &€ built up from the @ with the sensor positioned
elements.
m-1 m
Fo= ) ). MACig (i j)e? i) (26)
T j=it1

The second error function (E,) used for fitness index evaluates the weighted sum of the

individual upper off-diagonal AutoMAC elements.

An initial population of stochastically selected individuals must be created before the genetic
algorithm begins. The population is categorized in accordance with the equation 23, and each
individual's fitness is assessed using equation 24. The natural selection criterion, which
determines whether individuals move on to the next generation, must then be defined.
According to Stabb et al (40), the 10 percent strongest individuals based on fithess should be
immediately reproduced. Crossover reproduction, mutation, and direct reproduction will be
used to generate the remaining 90% of the new generation. By combining two randomly
selected individuals from the previous generation, crossover reproduction produces a new
individual (child). A binary crossover vector is created at random for this combination.
Crossover vector indicates where 1 indicates a child inherits a corresponding gene from 1st

parent, otherwise from the second parent. Example with the p=10 sensors read,;
parent = [7577 798199 101 ], 27)

parent , = [1115698191 101 ], (28)
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crossover =[110100], (29)
child = [7577 698191 101 ] (30)

The above crossover reproduction produces a majority of the individuals for the new
generation. The other individuals are created through direct reproduction and mutation to
maintain independence from the randomly created initial population. With direct reproduction,
new individuals are developed randomly similar to the initial population. A child individual is

created by modifying one random gene of a parent individual through mutation.

The preceding process is repeated until the termination criterion that determines the best
sensor configuration is found. two termination criteria are used in this method. The first criterion
is that the difference between maximum fitness and the average fitness of a generation should
be smaller than a user defined e(41). The second criterion is to establish a large enough

number c such that the algorithm ends if f,,,, has not changed in the through c iterations.

|fmax - favg | <& (31)

User designed input data for the genetic algorithm is presented in the Table 5 and 6

Input | Sensors | Direct Natural Crossover | Mutation from | Generation
data |[] reproduction Selection | [%] crossover child | size []
[%6] [%] [%6]
Value | 10 10 10 80 10 100
Table 5: User designed input data of generation of sensor placements with genetic algorithm
Input data | €[] c[]
Value 1%107°> | 150

Table 6: User defined data of two criteria of stopping iteration for genetic algorithm

4.5. Result and Discussion

i. Damage localization
Damage localization of the tower model is performed on MATLAB using mode-shape based
vibration-based damage detection by Kim et.al(20).
The four cases of damage are induced in the system by decreasing stiffness of the certain

elements. As shown in figure 11, damage algorithm successfully locates the damages in the
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system, which are member 5 for case 1, member 36 for case 2 and 3, and member 5 and 43

for case 4.
Casel Case 2 Case 3 Case 4
Member(s) 5 36 36 5,43
Damage -25% -10% -25% -25%, -25%
Table 7: Damage scenarios of the model
Case 1 Case 2
7 T 7 <o
6 6
5 (— Memberrs B @)
4f i
N N
<) = 3
g g
B 22
| £
1 { 3
olh - Fe"
| L ALl | Y )
4 4 4 L L = 2 s " N L "
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a) Member Number b) Member Number
Case 3 Case 4
Tr T y
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S Member 36 {——>» <«———{ Member 5
al
B 'E
1+
of I|"1I‘-l-1
0 20 30 40 50 0 10 20 30 40 50
C) Member Number d) Member Number

Figure 7: Damage indication for different damage case events; a) Case 1, b) Case 2, c) Case 3 and d) Case 4

The severity of the damaged is computed using equation 15. Damage severity of the localized

damage by the algorithm shown in the table. Predicted severity estimation increase

significantly when the number of target mode of the system is more. It is assumed that the

target mode should be far less than number of degrees of freedom. For this table, number of

target mode considered to be 10. The ratios of the predicted and simulated magnitudes of the
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damages are relatively low and these indicates that the algorithm is underestimating the

severity when the target mode shape is fewer.

Damage | Damage location/ Simulated Predicted Ratio
case member magnitude magnitude

1 5 -0.25 -0.10 0.4

2 36 -0.10 -0.04 0.4

3 36 -0.25 -0.13 0.52

4 5,43 -0.25, 0.25 -0.10, -0.11 0.4,0.44

Table 8: Severity estimation of simulated and predicted structure

ii. Sensor placement optimization

In order to find an optimal set of sensor placements modal data were applied to the sensor
placement optimization scheme described above. Besides @, the only input data required for
minimizing of the weighted off-diagonal scheme as well as for the QR decomposition is given
number of sensors, here m=6 and m=10. The genetic algorithm on the other hand required
additional input data listed in the Table 7 and 8. The result of the sensor placements algorithm
with 6 and 10 sensors are illustrated in Figure 12. As genetic algorithm generates random
population for every iteration, the 100 iterations are placed in the algorithm and mode of the
population are then found out for every sensor placement. As shown in the Figure 12, for the
minimization weighted off-diagonal element, QR decomposition the primary sensor
placements are located mostly between the two third and top of the tower (Figure 12a),
secondary most focused placements are located between bottom and one third of the tower
(Figure 12b). However, genetic algorithm with maximum error criteria generates placements
as mainly focused on between the two third and the top of the tower (Figure 12a, b). The
placements generated by genetic algorithm with weighted off-diagonal criteria are mainly in

the lower half of the tower.
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Figure 8: Sensor placement for MIN weighted off diagonal elements (MIN), QR decomposition (QR), Genetic
algorithm with maximum error criteria (GEN1) and Genetic algorithm with weighted off diagonal criteria (GEN2) with
a) 6 sensors and b) 10 sensors

Methods Case 1 (6 sensors) Case 2 (10 sensors)

Minimum weighted off [75 77 79 8199 101] [1315 17197577 798199 101]

diagonal elements

QR decomposition [11 15698191 101] [711131517 1969 8191 101]

Genetic algorithm with [25 69 79 81 89 91] [1127 4367 69 77 79 81 91 93]

maximum error criteria

Genetic algorithm with [1317 31 3751 101] [11517 29 31 35456199 101]

weighted off diagonal criteria

Table 9: Sensor positions obtained by different methods with cases of 6 and 10 sensors
The AutoMAC matrices, presented in Figures 14-21, are used to evaluate the sensor sets that
each method produces. The weaker the dependence between the sensor mode shapes, and
thus the greater the measurement quality, the smaller the off-diagonal AutoMAC elements are.
To assess the MAC matrixes of different methods, MAC value of 0.4 is compared to the matrix

elements.

Case for 6 sensors
Figure 13 shows the AutoMAC matrix obtained by the minimizing off-diagonal elements
scheme. Overall, the resulting AutoMAC matrix indicates certain low of linear dependency

between some of the target mode shapes. The mode shape pairs 2-6 indicated with MAC value
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of 0.4507. The mode shapes 1 and 3 could be clearly identified during a measurement with

the proposed sensor configuration.
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Sensor 6 . 1
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Figure 10: AutoMAC matrix generated by QR
decomposition

Figure 9: AutoMAC matrix generated by minimizing
weighted off-diagonal elements

0.8
0.6
04
0.2

Sensor
B 1 Sensor Sensor 6 . 2 0

1 Sensor
Figure 11: AutoMAC matrix generated by genetic ) . .
algorithm with maximum error criteria Figure 12: AutoMAC matrix generated by genetic

algorithm with weighted off-diagonal criteria

The AutoMAC matrix obtained with the QR-decomposition is shown in Figure 14. Here the off-
diagonal elements indicate a sensor configuration of lower quality than the one proposed by
the first scheme. The Matrix indicates strong linear dependency between mode shape pairs 1-
2, 1-4 and 5-6 with values over 0.4. Only mode shape 3 could be identified since their MAC
values show weak correlation with the other mode shapes. The AutoMAC in Figure 15 is
calculated based on the genetic algorithm with the maximum error criterion. The Matrix
indicates strong linear dependency between mode shape pairs 1-2 and 5-6 with MAC values
of 0.7210 and 0.7332. The mode shapes 3 and 4 could be clearly identified. The matrix in
Figure 16 is obtained with the weighted off-diagonal criterion. The Matrix indicates strong linear
dependency between mode shape pairs 1-4, 2-5 and 3-4 with MAC values over 0.4. Only the

mode shape 6 could be identified.
Case for 10 sensors

In Figure 17, the resulting AutoMAC matrix indicates certain level of linear dependency
between some of the target mode shapes. The mode shape pairs 4-5 with MAC value of

0.4124. In Figure 18, the resulting AutoMAC matrix indicates certain level of linear dependency
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between some of the target mode shapes. The mode shape pairs 5-6 with MAC value of
0.4082. In Figure 19, the Matrix indicates certain linear dependency between mode shape
pairs 1-2, 1-4, 1-8 and 2-4 with values over 0.5.

08 084

06 | 06

D 04

02 024
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>
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Sensor 10

Sensor Sensor 910 78 © 5
Figure 13: AutoMAC matrix generated by minimizing Figure 14: AutoMAC matrix generated by QR
weighted off-diagonal elements decomposition

Sensor 8. - }
19: ~ = Sensor 9 10 - o
Sensor

Figure 15: AutoMAC matrix generated by genetic Figure 16: AutoMAC matrix generated by genetic
algorithm with maximum error criteria algorithm with weighted off-diagonal criteria

Sensor

The AutoMAC in Figure 20 is calculated based on the genetic algorithm with the weighted off
diagonal criteria. The Matrix indicates relatively low linear dependency between mode shape
pairs with the MAC values smaller than 0.4. Most of the mode shapes could be clearly identified

compared to the other methods.

For the case of 6 sensor configuration, minimization of weighted off-diagonal element method
generates smaller linear independency between modes compared to the other methods.
However, for the case of 10 sensors, AutoMAC matrix obtained by genetic algorithm with
weighted off-diagonal criteria has smaller off-diagonal elements, hence, it produces greater

measurement quality.
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5.Conclusion

In this thesis, damage types of the wind turbine tower and sensor types, which used in
structural health monitoring for the case of vibration-based damage, are studied. The mode
shape-based approach for damage detection is shown to be successful for localizing damage
of the element with the reduced stiffness in the system. The estimated severity of the damage
was underestimated due to the smaller number of target modes.

The most of the wind tower damages generally start at the lower part of the tower. The
closer the sensor locations between two neighboring sensors near the simulated damage
location, the more likely it is to detect the local effect. As the most of the tower collapses
primarily starts at the lower one third part of the tower, the sensor location should be deployed
on those locations first. From the sensor placements results, only genetic algorithm with
weighted off-diagonal criteria generated the sensor placements, which were concentrated on
the lower part with 6 sensors configuration performed better than the other methods. With the
10 sensors, all of the method located the sensors throughout the tower including damage

susceptible lower part.

The AutoMAC matrices yielded different measurement quality for 6 and 10 sensor placements.
In the case of 6 sensor configuration, sensor placements generated by minimization of off-
diagonal element method produced lower linear dependency of mode shapes, as it indicates
higher quality sensor method than others. However, when the number of sensors is 10, the
genetic algorithm with the weighted off-diagonal criteria showed more accurate measurement

results than other methods.

For those reasons, the genetic algorithm with weighted off-diagonal criteria is considered as a
suitable method for optimal sensor placement of the tower model considering only one

translation motion in the x direction for degree of freedom.

6. Future recommendation

The interconnection between vibration-based damage detection and the optimal sensor
optimizations could be studied further. Moreover, other types of degrees of freedom might be

considered in the future study.
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Appendix

Tables 10-17 shows AutoMAC values of different sensor placement algorithms. The values

greater than 0.4 are highlighted in yellow.

1.0000 0.0607 0.1288 0.0863 0.0122 0.0211
1.0000 0.0806 0.2950 0.3107 0.4507

1.0000 0.0369 0.1150 0.0673

1.0000 0.2826 0.1845

1.0000 0.0266

sym 1.0000
Table 10: AutoMAC matrix generated by minimizing weighted off-diagonal elements for 6 sensors

1.0000 0.6027 0.1460 0.5538 0.0555 0.2743
1.0000 0.0064 0.2501 0.1342 0.0076

1.0000 0.2688 0.1674 0.1739

1.0000 0.2974 0.0933

1.0000 0.4584

sym 1.0000
Table 11: AutoMAC matrix generated by QR decomposition for 6 sensors

1.0000 0.7210 0.0029 0.2569 0.2142 0.0603

1.0000 0.0651 0.0279 0.0324 0.0289

1.0000 0.1058 0.0009 0.1538

1.0000 0.2143 0.1448

1.0000 0.7332

sym 1.0000
Table 12: AutoMAC matrix generated by genetic algorithm with maximum error criteria for 6 sensors

1.0000 0.0210 0.0234 0.4572 0.0252 0.0075

1.0000 0.2537 0.1114 0.6535 0.1933

1.0000 0.5847 0.3068 0.1255

1.0000 0.0847 0.1439

1.0000 0.0358

sym 1.0000
Table 13: AutoMAC matrix generated by genetic algorithm with weighted off-diagonal criteria for 6 sensors
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1.0000 0.0579 0.3525 0.0006 0.1689 0.1675 0.0792 0.3721 0.1024 0.0000
1.0000 0.0009 0.1896 0.0718 0.1170 0.3173 0.2100 0.2184 0.0637
1.0000 0.1454 0.0053 0.5036 0.1212 0.2657 0.0891 0.1426

1.0000 0.4124 0.1619 0.1280 0.0425 0.0002 0.1226

1.0000 0.1262 0.0921 0.0049 0.0190 0.0685

1.0000 0.1089 0.2244 0.0044 0.0428

1.0000 0.0973 0.0003 0.0168

1.0000 0.0037 0.0043

1.0000 0.4343

sym 1.0000
Table 14: AutoMAC matrix generated by minimizing weighted off-diagonal elements for 10 sensors

1.0000 0.2252 0.0302 0.2787 0.0590 0.1630 0.0316 0.0511 0.0133 0.0345
1.0000 0.0452 0.1682 0.0027 0.2371 0.1460 0.2033 0.0004 0.1575
1.0000 0.2874 0.0011 0.1756 0.0151 0.1345 0.0071 0.1469

1.0000 0.0301 0.0943 0.0016 0.2692 0.0155 0.1199

1.0000 0.4082 0.0806 0.0174 0.0007 0.0914

1.0000 0.0002 0.0036 0.0621 0.1042

1.0000 0.0186 0.0169 0.0947

1.0000 0.3025 0.0101

1.0000 0.1762

sym 1.0000
Table 15: AutoMAC matrix generated by QR decomposition for 10 sensors

1.0000 0.5825 0.0035 0.7616 0.0430 0.0057 0.3567 0.5958 0.0133 0.0380
1.0000 0.2507 0.6479 0.0157 0.0089 0.1483 0.4005 0.0012 0.0214
1.0000 0.0069 0.0212 0.0237 0.0354 0.0204 0.0183 0.0226

1.0000 0.0614 0.0006 0.2024 0.5015 0.0289 0.0615

1.0000 0.0277 0.0786 0.1724 0.0350 0.0310

1.0000 0.1562 0.0567 0.1906 0.0296

1.0000 0.0354 0.1215 0.0030

1.0000 0.0011 0.1633

1.0000 0.0500
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sym 1.0000
Table 16: AutoMAC matrix generated by genetic algorithm with maximum error criteria for 10 sensors

1.0000 0.0180 0.0902 0.3282 0.2098 0.3073 0.0188 0.0004 0.0009 0.0000
1.0000 0.0228 0.1827 0.2870 0.0356 0.1820 0.0138 0.1833 0.0000
1.0000 0.0165 0.3843 0.0317 0.0566 0.0068 0.0834 0.0000

1.0000 0.2461 0.3984 0.1113 0.0689 0.1185 0.0000

1.0000 0.0462 0.2650 0.0037 0.1334 0.0000

1.0000 0.0065 0.0005 0.0016 0.0000

1.0000 0.0792 0.1234 0.0000

1.0000 0.0500 0.0000

1.0000 0.0113

sym 1.0000
Table 17: AutoMAC matrix generated by genetic algorithm with weighted off-diagonal criteria for 10 sensors
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MATLAB code

%% Undamaged case computing
% damage detection algorithm
% modal stiffness

clc

clear

nelm=50;

ndof= 2*nelm+2;

M (ndof,ndof)=0.0;
C(ndof,ndof)=0.0;

roh=8700; $kg/m3 $structural design optimiztion of wind
towers

E=2.1E11; % (N/m"2)
1=100/nelm;

secoftower=2;
sss=100/secoftower;

% A=0.076058; %m"2

% I=0.0557243; $(m"4)

d DI1=(8.839-6.706) /sss;

t D1=(0.0365-0.0349) /sss;
d_D2=(6.706—4.572)/SSS;

t D2=(0.0349-0.0222) /sss;

D1=8.839; t1=0.0365;

D2=6.706; t2=0.0349;

% D3=4.572; t3=0.0222;

for i=1:(nelm/2)
A(i)=pi*(((Dl—i*d_Dl)/Z)A2—((Dl—i*d_Dl)/2—(t1—i*t_Dl))A2);
I(i)=pi/64*((Dl—i*d_Dl)A4—((Dl—i*d_Dl)—2*(tl—i*t_Dl))A4);

Ce(:,:,1)=(E*I(1)/173)*[12 6*1 (-12) 6*1;
6*1 4*x172 (-6*1) (2*%1°2);
(-12) (-6*1) 12 (-6*1);
6*1 (2*172) (-6*1) (4*172)1;
Me(:,:,1)= (roh*A(1)*1/420)*[156 22*1 54 -13*1;
22*1 4*x172 13*1 -3*1"2;
54 13*1 156 -22*1;
—-13*1 =-3*1"2 -22*1 4*17217;
end

for i=(nelm/2) :nelm
A(i):pi*(((D2—i*d_D2)/2)A2—((D2—i*d_D2)/2—(t2—i*t_D2))A2);
I(i)=pi/64*((D2—i*d_D2)A4—((D2—i*d_D2)—2*(t2—i*t_D2))A4);

Ce(:,:,1)=(E*I(1)/1"3)*[12 6*1 (-12) 6*1;
6*1 4*17°2 (-6%1) (2*%17°2);
(-12) (-6*1) 12 (-6*1);
6*1 (2*172) (-6*1) (4*%172)1;
Me(:,:,1)= (roh*A(i)*1/420)*[156 22*1 54 -13*1;
22*1 4*%172 13*1 -3*1"2;
54 13*1 156 -22*1;
-13*1 -=-3*1"2 -22*1 4*%17°27;
End

Mechanical Engineering Program at GMIT period of study September 2018 - June 2022



o©
Il o°

0;
q=0;
for ne=l:nelm
for ii=1:4
for jj=1:4
M(p+ii,g+jj)=M(p+ii,g+jj)+ Me(ii,jj,ne);
C(p+tii,gt3j)=C(p+ii,g+3jj)+ Ce(ii,Jj,ne);
end
end
p=p+2;
a=q+2;
end
C(1l,1)=1E15;
C(2,2)=1E15;

[o)

M(ndof-1,ndof-1)=M(ndof-1,ndof-1)+480076;
M (ndof, ndof)=M(ndof, ndof)+480076;

%********************************

o

[evec,eval]=eig (C,M);
fhz (ndof, ndof)=0.0;
for i=l:ndof

eval (1,1i)=sqrt(eval (i,1));

fhz (i,1)= eval(i,1)/ (2*pi);
end
%% Consider only Vertical DOF
Pho = zeros (ndof);
Pho = Pho + evec;
$Checking mass normalised mode shape
a=zeros (l, ndof);
for i=l:ndof
a(i) = Pho(:,i)."' * M * Pho(:,1i);
if a(i)==1.00
else

Pho(:,1) = 1/sgrt(a(i)) * Pho(:,1);
end
end
%1 th modal stiffness K i %K i=Pho i'T * C * Pho i
Ki=zeros (1, ndof) ;
for i=l:ndof
Ki(i)= Pho(:,1i)."'" * C * Pho(:,1);
end
scontribution of the j th member to the i th modal stiffness K ij
$K _ij=Pho i'T * Cj * Pho i
% making Cj matrix
Cj=zeros (ndof,ndof,nelm);
for i=l:nelm

b=2*i-1;
Cj(b: (b+3),b: (b+3),1)=Ce(:,:,1);
end

Kij=zeros(l,1,nelm);
for i= l:ndof

for j=l:nelm
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Kij(:,1i,3)= Pho(:,i)." * Cj(:,:,]) * Pho(:,1);

end
end
$F ij=K 1j/K 1
% fraction of modal energy for i1 th mode that is concentrated in the
J th member (the sensitivity of the j th member to the i th mode)
Fij(1,ndof,nelm)=0.0;
for i=l:ndof
for j=l:nelm
Fij(:,1i,3)=Kij(:,1i,3)/Ki(:,1);
end
end
%% plotting mode shapes
plot Pho=zeros (20, 3);
for §=1:3

Jko=2*3-1;
for 1=1:20

ok=2*1i-1;

plot Pho (i, j)=Pho (ok, jko);
end
end
figure (1)
x=linspace (0,100, 20);
plot(plot Pho(:,1),x,'-r.")

o\

hold on

plot (plot Pho(:,2),x,'-b.")

hold on

plot (plot Pho(:,3),x,'-m.")

title('First three mode shapes - undamaged case')

legend({'Mode 1', '"Mode 2', '"Mode 3'}, 'Location', 'southeast')
xlabel ('"Modal Amplitude')

ylabel ('Location')

hold off

o°

% Damaged case computing
%Condition:

dmgmem=[5; 0.25];
dmn(1:2, 1l:nelm)=0.0;
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for i=l:nelm
for o=l:length (dmgmem (1, :))
if i == dmgmem(1l,0)
dmn (1,i)=1;
dmn (2,1i)=dmgmem (2, 0) ;
end
end
end
M d=M;, % damaged mass matrix, same
C d(ndof,ndof)=0.0; % damaged system stiffness matrix
p=0;
a=0;
for ne d=l:nelm
if dmn(l, ne d) == 1
for ii=1:4
for jj=1:4
C_d(p+ii,q+3j)=C_d(p+ii,q+3ij)+ Ce(ii,jj,ne_d) * (1-
dmn (2,ne_d)); % inserting damaged member
end
end
else
for ii=1:4
for jj=1:4
C d(p+ii,g+jj)=C d(p+ii,g+3jj)+ Ce(ii,jj,ne d);
end
end
end
p=p+2;
q=q+2;
end
C d(1,1)=1E15;
C d(2,2)=1E15;

%********************************

% el=eig (K,M);
[evec d,eval d]=eig(C d,M d);
fhz d(ndof,ndof)=0.0;

for i=l:ndof

eval d(i,i)=sqgrt(eval d(i,i));
fhz d(i,i)= eval d(i,1i)/(2*pi);
end

Pho d = zeros(ndof);

Pho d = Pho d + evec d;
%Checking mass normalized mode shape
a d=zeros (1, ndof);

for i=l:ndof

a d(i) = Pho d(:,1)." * M d * Pho d(:,1);
if a d(i)==1.00
else
Pho d(:,i) = 1/sgrt(a _d(i)) * Pho d(:,1i);
end
end
%1 th modal stiffness K i d %K i d=Pho i 4d'T * C d * Pho 1 d

Ki d=zeros(1l,ndof);
for i=1:ndof



THE OPTIMAL SENSOR PLACEMENTS FOR VIBRATION-BASED DAMAGE DETECTION OF
WIND TURBINE TOWER

Ki d(i)= Pho d(:,i)."'" * C d * Pho d(:,1);

end

scontribution of the j th member to the i th modal stiffness K ij d
$K ij d=Pho i d'T * Cj d * Pho i d

Cj d=Cj;
for i=l:nelm
if dmn(i) == 1
Cj d(:,:,i)=(1-dmn(2,1i)) * Cj(:,:,1);
end
end

%****************************

Kij d=zeros(l,ndof,nelm);
for i= l:ndof
for j=l:nelm
Kij d(:,i,j)= Pho d(:,i).' * Cj d(:,:,3J) * Pho d(:,1);
end
end
F ij d=K ij d/K i d
fraction of modal energy for i th mode that is concentrated in the
Jj th member (the sensitivity of the 7 th member to the i th mode)
Fij d(1,ndof,nelm)=0.0;
for i=1:ndof
for j=l:nelm
Fij d(:,1i,3J)=Kij_d(:,1i,3)/Ki_d(:,1);
end
end
$Ej represents material stiffness property
Ej=zeros (l,nelm) +E;
%$Cjo involves only geometric quantities
Cjo (ndof,ndof,nelm)=0.0;
for j=l:nelm
% Co(J)=C(:,:,3)/E];
Cjo(:,:,3)=CJy(:,:,3)/EJ(I);
end
% plotting mode shapes damaged
plot Pho d=zeros(20,3);
for j=1:3
Jko=2*3-1;
for i=1:20
ok=2*1i-1;
plot Pho d(i,Jj)=Pho _d(ok,jko);
end
end
figure (2)
subplot (1,3,1)
x=linspace(0,100,20);
plot (plot Pho(:,1),x,'-r.")
hold on
plot (plot Pho d(:,1),x,'-b.")
title('Mode 1")
legend ({'Undamaged', 'Damaged'}, 'Location’', 'southeast')
xlabel ('Modal Amplitude')
ylabel ('Location')
hold off

o° o°

o\
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subplot (1, 3,2)

x=linspace (0,100,20);

plot (plot Pho(:,2),x,'-r.")

hold on

plot (plot Pho d(:,2),x,'-b.")

title('Mode 2'")

legend ({'Undamaged', 'Damaged'}, 'Location', 'southeast"')
xlabel ('"Modal Amplitude')

ylabel ('Location')

hold off

°

subplot (1,3, 3)

x=linspace(0,100,20);

plot (plot Pho(:,3),x,'-r.")

hold on

plot (plot Pho d(:,3),x,'-b.")

title ('Mode 3')

legend ({'Undamaged', 'Damaged'}, 'Location', 'southeast"')
xlabel ('Modal Amplitude')

ylabel ('Location'")

hold off

t = flip(0:0.1:10);

r = 1/2.1335*t+2.286;

[X,Y,Z2] = cylinder(r);

h=100;

Z=7*h;

figure (3)

surf (X,Y,Z2)

daspect ([1 1 17])

arrow = mArrow3([-10 10 dmgmem(1l,1)],[-5 5 dmgmem(1l,1)],
'facealpha', 1, 'color', 'red', 'stemWidth', 0.1);
title('Damage indicated on the tower model')

o

% Damage localization indicator
%EJj d represnts damaged material stiffnes property

Ej d=Ej;
for i=l:nelm
if dmn(l,i) == 1
Ej d(i)=Ej d(i)* (1-dmn(2,1i));
end
end

c (ndof,nelm)=0
d(ndof,nelm)=0
e (ndof,nelm)=0.

)

)

)

)=0.0

)=0.0

0

sumofc (1, ndof)=0.
0

0

0

c_d(ndof,nelm)=
d d(ndof,nelm

Kie d=zeros(1l,ndof);
Kie=zeros (1, ndof);
Bij top(ndof,nelm)=0.0;
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Bij bot (ndof,nelm)=0.0;
Bj top(l,nelm)=0.0;
Bj bot (1,nelm)=0.0;
Bj(1l,nelm)=0.0;
for j=l:nelm

for i=1:10

for k=l:nelm
c d(i,k)=Pho d(:,1i)." * Cjo(:,:,k) * Pho d(:,1); 5%

damaged
c(i,k)=Pho(:,1i)."'" * Cjo(:,:,k) * Pho(:,1);
end
for o=l:ndof
sumofc _d(o)=sum(c_d(o,:));
sumofc (o)=sum(c (o, :));
end
d d(i,j)=Pho d(:,1i)." * Cjo(:,:,J) * Pho d(:,1);
d(i,j)=Pho(:,i)." * Cjo(:,:,J) * Pho(:,1);
e d(i,j)=d d(i,J)+sumofc d(1,1i);
e(i,j)=d(i,j)tsumofc(1l,1);
Kie(i)= Pho(:,i)."' * C * Pho(:,1);
Kie d(i)= Pho d(:,1i)."'" * C * Pho d(:,1);
Bij top(i,j)=e d(i,])*Kie(i);
Bij bot(i,j)=e(i,J)*Kie d(1);

end
Bj top(j)=sum(Bij top(:,3));
Bj bot (j)=sum(Bij bot(:,3));
Bj (§)=Bj_top(j) /BI_bot (3) ;

end
for i=l:nelm
Bj(i)=sum(Bij (:,1));
end
B mean= mean (Bj) ;
B std= std(Bj);
% normalization of B value
Z3(1l,nelm)=0.0;
for i=l:nelm
Zz3(1)=(Bj (1) -B mean) /B std;
end
H(l,nelm)=0.0;
kof=2; % k=2, level of significance is 0.024
for i=l:nelm
if Z3 (i) >kof
H(i)=1;
else
H(i)=0;
end
end

o0
°0°

oo o©

o°

figure (4)

bar (Z7j)

title('Casel')

xlabel ('Member Number')
ylabel ('Indicator 72')

[o)

%% Damage severity estimation
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alpha(1:10,1:nelm)=0.0; % the fractional change in the stiffness
for j=l:nelm
for i=1:10
% alpha(i,j)=(Pho(:,i)."'" * Cjo(:,:,7J) * Ph
* Cjo(:,:,3J) * Pho d(:,1i))*(Kie d(i))/ (Kie (1))
alpha (i, j)=Bij bot (i, j)/Bij_top(i,j)-1;
end
end
sumofalpha(l,1:nelm)=0.0;
for i=l:nelm
sumofalpha (i)=sum(alpha(:,1));
end
%% modal assurance critirean
m=5;
mac_dmg (m)=0.0;
for i=1:m
for j=1:m
mac dmg(i,j)=(Pho(:,1)"' * Pho(:,3))"2/((Pho(:,1)"' *
Pho(:,1))*(Pho(:,3)"' * Pho(:,3)));
end
end
figure (5)
barMAC = bar3(mac_dmg) ;

o(:,1))/(Pho_d(:,1i)."

4

for k = 1l:1length (barMAC)

zdata = barMAC (k) .ZData;
barMAC (k) .Chata = zdata;
barMAC (k) .FaceColor = 'interp';
end

colormap (jet) ;

colorbar

xlabel ("Mode', "fontsize',15)

ylabel ('Mode', "fontsize',15)

title('Modal Assurance Criterion, m=15', 'fontsize',15)
box on

%% MIn weighted off diagonal elements

format long

m=5; % target mode shapes

p=10; % number of sensors

$reduced ndof=ndof/2 ===k? every possible measurement point ==
kdof=ndof/2; % k=redndof;

k=kdof;

diagvec(l,1:k)=1; diagmat=diag(diagvec):;

B(l:k,1:%k,1:k)=0.0;

for i=1:k

B(:,:,1)=diagmat;
B(i,i,1i)=0;
end
ttPho(l:k,1:k)=0.0; S%Snxm
for iii=1:k
aa=2*iii-1;
for jjj=1:k
bb=2*3373-1;
ttPho(iii, jjj)=Pho (aa,bb);
end
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end
tPho=ttPho(:,1:m);
kMAC (m, m, k)=0.0;
for kk=1l:k
for i=1:m

for j=1:m

kMAC(i,j,kk)=(( ( ,kk) * tPho(:,1))."'" * (B(:,:,kk) *

tPho(:,3)))"2 / (((B(: ) * tPho(:,i))." * (B(:,:,kk) *
tPho(:,1))) * ((B(.,.,kk) * tPho(:,3))." * (B(:,:,kk) *
tPho(:,3))));

end
end
end
Z=[1;
Z2k=[1;
Zkk=11;
for kk=1l:k
for i=1: (m-1)

for j=(i+1):
Zkk (1, )—kMAC(i,j,kk)*abs(i—j);

end

Zk (kk,i)=sum(Zkk (i, :));
end
Z (kk)=sum(zk (kk, :));
end

oo

%% removing max Z from the list and iteration
%72 (2,:)=1:k;

end

senlocc=sort (senloc);
sppl=senlocc*2-1;

figure (6)

plot (0.5,sppl, '-0', '"MarkerEdgeColor','g', 'MarkerFaceColor', 'k'")
hold on

x1line([0.5 0.6 0.7 0.81])
title('Sensor placements')
ylabel ('Location')

axis ([0 1 0 1051);

hold on

%**********************************************

o°

% QR decomposition method
t tPho=tPho.'

[aq, rr, gr_ppl] = gr(t_tPho,0);
grplotto=sort (qr pp(l:p));
grplot=qgrplotto*2-1;

figure (6)

plot (0.6,grplot, '-0o', '"MarkerEdgeColor','y', 'MarkerFaceColor','k'")

hold on
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%% gen
gen locs finall=[15 29 47 69 73 75 79 85 89 93];%[27 09 79 79

89 9171;

gen locs final2=[1 15 21 27 33 39 43 59 97 101];%[13 17 31 45
51 1011,

figure (6)

plot (0.7,gen locs finall, '-
o', 'MarkerEdgeColor', 'b', "MarkerFaceColor', 'k")
hold on
plot (0.8,gen locs final2, '-o', '"MarkerEdgeColor','r',
'MarkerFaceColor', 'k")
title('Sensor placements')
legend ({'MIN', "QR', '"GEN1"', "GEN2"'})
hold off
%% modal assurance critirean min
mac min(l:p,1:p)=0.0;
min Pho(l:p,1:p)=0.0;
for h=l:p

for oo=l:p

min Pho (h,co)=ttPho (senlocc (h),senlocc (00));

end
end
for i=1l:p
for j=l:p

mac min(i,J)=(min Pho(:,i)' * min Pho(:,J)) "2/ ((min Pho(:,i)"' *

min Pho(:,1i))* (min Pho(:,Jj)"' * min Pho(:,J)))
end
end
figure (7)
barMAC = bar3(mac min);

4

for k = 1l:1length (barMAC)

zdata = barMAC (k) .zZData;
barMAC (k) .Chata = zdata;
barMAC (k) .FaceColor = 'interp';
end

colormap (jet) ;

colorbar

xlabel ('Sensor', '"fontsize',10)
ylabel ('Sensor', 'fontsize', 10)
title('AutoMAC matrix generated by minimizing weighted off-diagonal
elements', 'fontsize',12)
box on
%% modal assurance critirean gr
mac gr(l:p,1:p)=0.0;
gr Pho(l:p,1:p)=0.0;
for h=l:p
for oo=l:p
gr_Pho (h, 0o0)=ttPho (grplotto (h),grplotto (00));
end
end
for i=l:p
for j=1l:p
mac_ gr (i,
gr Pho(:,1i))~*

’

j)=(gqr_Pho(:,i)' * gr Pho(:,J))"2/((gr Pho(:,i)' *
(qr_Pho(:,3j)" * gr Pho(:,3)))
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end

end

figure (8)

barMAC = bar3(mac_dr);

for k = 1l:length (barMAC)

zdata = barMAC (k) .ZData;
barMAC (k) .Chata = zdata;
barMAC (k) .FaceColor = 'interp';
end

colormap (jet) ;

colorbar

xlabel ('Sensor', "fontsize',10)

ylabel ('Sensor', 'fontsize',10)

title ('AutoMAC matrix generated by QR-decomposition.', 'fontsize',12)
box on

%**********************************************

[o)

% Genetic algorithm
tic

sens_ite=100;

for jkk=l:sens ite

Q

% function a=geneticalalgorithm()

f max=[];

f avg=[];

eep=[];

ite=130; %criteria 1
N=100;

gen sen locs(l:N,1l:p,1:ite)=0.0;

sorted gen sen locs(1:N,1:p,1l:ite)=0.0;
for 1l=l:ite

%% nulling matrices

in pop(l:N,1:p)=0.0;

sp=1[1;

ind tPho(l:k,1:m)=0.0;
E11=[];

El1=[];

ind MAC=[];
E222=[1;
E22=[];

E2=[];

ind fit=[];
nats=[];
parentl=[];
parent2=[];
child=[];

ind parent=[];
soo=1[];

crit E11=[];

crit El1=[];
ind MAC(m,m)=0.0;
crit ind MAC=[];
crit E222=[]

crit E22=[];

crit E2=[];

4

Mechanical Engineering Program at GMIT period of study September 2018 - June 2022



crit ind fit=[];
%% natural selection
for i=1:N
k=kdof;
in pop (i, :)=randperm(k,p);
spp (i, :)=sort (in_pop(i,:));
sp=zeros (i, k) ;
for j=1:k
for o=l:p
if j == spp(i,o0)
sp(i,j)=1;
end
end

end
ind tPho(l:k,1:m)=0.0;
for h=1:k
if sp(i,h) ==
ind tPho (h, :)=tPho(h, :);
end
end
for g=1l:m
for 1=1:m
El1l(g,1,1i)=(tPho(:,g)."' * tPho(:,1) - ind tPho(:,g)."' *
ind tPho(:,1));
end
end
El(i)=max(max(E1Ll(:,:,1)));
% ind MAC (m,m)=0.0;
for z=1:m
for x=1:m
ind MAC(z,x)=(ind tPho(:,z)' * ind tPho(:,x))"2/((ind tPho(:,z)"' *
ind tPho(:,z))*(ind tPho(:,x)' * ind tPho(:,x)));

E22(r,1)=sum(E222(xr, :,1));
end

E2(1)=sum(E22(:,1));

ind fit(1,1)=1/(1+E1(1));
ind fit(2,1)=1/(1+E2(1));
end

indtest=ind fit;

nat sel=10;

nats(l,nat sel)=0.0;

for j=1:2
for i=l:nat sel
[nat val(j), nat loc(Jj)]=max(ind fit(3j,:));

ind fit(j,nat loc(j))=0.0;
nats (j,i)=nat loc(Jj);
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end

end

for i=l:nat sel
gen_sen locs(i,:,1l)=in pop(nats(l,1i),:);
end

%% crossover function
cf=zeros (1,p);

for i=1: (round(p/2)-1)
cf(i)=1;

end

cf (round(p/2) +1)=1;
cross_sel=80;

% creating parents
for i=l:cross_sel

parentl (i, :)=randperm(k, p) ;
parent2 (i, :)=randperm(k, p) ;
for j=1l:p
if cf(j) ==
child (i, j)=parentl (i, Jj);
else
for ko=1:j
if parent2(i,j) == child(i, ko)
child (i, j)=parentl (i, J);
else
child (i, j)=parent2 (i, Jj);
end
end
end
end
end
gen sen locs((nat sel+l): (nat sel+cross sel),:,1l)=child(:,:);

[ele]

%% mutation from an individual parent
mut sel=10;

for i=l:mut sel

ind parent (i, :)=randperm(k,p);

end

% 1nd parren=ind parent;

for i=l:mut sel

indl = round(l + (p-1) * rand(1l,1));
ind2 = round(l + (k-1) * rand(1,1));

for j=1l:p
if ind2 ==ind parent (i, Jj)
ind2 = round(l + k * rand(1,1));
for jj=l:p
if ind2 ==ind parent (i, ])
ind2 = round(l + k * rand(1,1));
end
end
end
end
ind parent (i, indl)=ind2;
end
gen _sen locs((nat sel+cross sel+l): (nat sel+cross sel+mut sel),:,11)

=ind parent(:,:);
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%% criterian 1
% population==gen sen locs

sorted gen sen locs=sort(gen sen locs,2);

soo(1l:N,1:k)=0.0;

for pp=1:N
for j=1:k
for o=l:p
if j == sorted gen sen locs(pp,o,11)
soo (pp,J)=1;
end
end
end
ind tPho(l:k,1:m)=0.0;
for h=1l:k

if soo(pp,h) ==
ind tPho (h, :)=tPho(h, :);
end
end
for g=1l:m
for 1=1:m
crit E11(
ind tPho(:
end
end
crit El (pp)=max (max(crit EI11(:,:,pp)));
% ind MAC (m,m)=0.0;
for z=1:m
for x=1:m
crit ind MAC(z,

F1))

(ind tPho(:,z) "' *

x)= _
ind tPho(. x))”"2/((ind tPho(:,z)"' * ind tPho(:,

ind_tPho(:,x)));

for t=(r+1):
crit E222(r,
end

crit E22(r,pp)=sum(crit E222(r,:,pp)):’
end

crit E2 (pp)=sum(crit E22(:,pp));
crit ind fit(1,pp)=1/(l+crit EI(
crit ind fit(2,pp)=1/(l+crit E2(
end

$finding max £
[f max(1,11),

pp));
pp));

loc f max(1,11)

1=
f_avg(l,ll)=mean(crlt ind fit(1,:));

[f max(2,11), loc f max(2,11)]=
f_avg(2,ll)=mean(crlt ind fit(2,:));
eep(l,11l)=abs(f max(1l,11)-f avg(l,11));
eep(2,11)=abs (f max(2,11)-f avg(2,11));

end

g,1l,pp)=(tPho(:,q9)."' * tPho(:,1)

z))*

max (crit ind fit (1,

max (crit ind fit (2,

- ind tPho(:,g)." *

(ind tPho(:,

,Pp)=crit ind MAC(r, t)*exp(2-abs(r-t));

)

)

x) "'
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% extracting sensor locations aka parents with maximum fit from
ite=500

% 1teration this populations can be used for sensor placement to
check

Qo

% optimal sensor is doing good.

model vals freg=[];

for oo=1:11

max fit parentsl (oo, :)=sorted gen sen locs(loc f max(l,o00),:,00);
max fit parents2 (oo, :)=sorted gen sen locs(loc f max(2,00),:,00);
end

% finding most frequently occured sensor locations from above
population

% this will extract optimal placement from number of iterations.
for hj=l:p

[model vals freql(1l,hj),
model vals freql (2,hj)]=mode (max fit parentsl(:,hj),1);
[model vals freqg2(1l,hj
model vals freq2(2,h]
end

% removing davtagdsan location from moded placements
mode2 valsl (jkk, :)=model vals freql(l,:)*2-1;

mode2 vals2 (jkk, :)=model vals freqg2(1l,:)*2-1;

end

gen locs finall=mode (mode2 valsl,1);

gen locs finalZ2=mode (mode2 vals2,1);

figure (6)

plot (0.7,gen locs finall,'-0o"')

hold on

plot (0.8,gen locs final2,'-o"')

title('Sensor placements')

legends ({'MIN', "QR', "GEN1"', "GEN2"'})

hold off

toc

)
)
),
) ]=mode (max_ fit parents2(:,hj),1);

[ele]

%% modal assurance critirean genetic
mac genl(l:p,1:p)=0.0;
gen Phol(l:p,1:p)=0.0;
for h=1l:p
for oo=l:p
gen Phol (h,o0)=ttPho((gen locs finall (h)+1)/2, (gen locs finall (o
0)+1)/2);
end
end
for i=l:p
for j=1l:p
mac_genl (i, j)=(gen Phol(:,1)"' *
gen Phol(:,3))"2/((gen Phol(:,i)' * gen Phol(:,1i))*(gen Phol(:,3j)"' *
gen Phol(:,3)));
end
end
figure (9)
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barMAC = bar3(mac_genl);

for k = 1l:length (barMAC)

zdata = barMAC (k) .ZData;
barMAC (k) .Chata = zdata;
barMAC (k) .FaceColor = 'interp';
end

colormap (jet) ;

colorbar

xlabel ('Sensor', "fontsize',10)

ylabel ('Sensor', "fontsize',10)

title ('AutoMAC matrix generated by genetic algorithm with maximum
error criteria', 'fontsize',12)

box on

for oo=1l:p
gen Pho2 (h,o0o0)=ttPho((gen locs final2(h)+1)/2, (gen locs final2 (o
0)+1)/2);
end
end
for i=1l:p
for j=l:p
mac _gen2(i,j)=(gen Pho2(:,1)"' *
gen Pho2(:,3))"2/((gen Pho2(:,1i)' * gen Pho2(:,1i))*(gen Pho2(:,3j)"' *
gen_Pho2(:,3)));
end
end
figure (10)
barMAC = bar3(mac_gen2);
for k = 1l:1length (barMAC)

zdata = barMAC (k) .zZData;
barMAC (k) .Chata = zdata;
barMAC (k) .FaceColor = 'interp';
end

colormap (jet) ;

colorbar

xlabel ('Sensor', '"fontsize',10)

ylabel ('Sensor', 'fontsize', 10)

title ('AutoMAC matrix generated by genetic algorithm with weighted
off-diagonal criteria', 'fontsize',12)

box on



