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Version Number
February 6, 2023



Preface

The thesis is written by Casper Aaskov Drangsfeldt and is a part of the Master’s program in
Structural Engineering at the University of Southern Denmark. The thesis is based on the acces-
sibility of experimental data of a laboratory-scale wind turbine blade. Therefore, gratitude for
this work is acknowledged. Furthermore, the supervision from Luis David Avendaño-Valencia
throughout the thesis was invaluable. Last, but not least, the author hopes the reader will find as
much interest in reading the thesis as the author had during the work.

Casper Aaskov Drangsfeldt

Signature

Date

i



Abstract

The necessity of the green transition is today more extensive than ever before. Consequently,
wind turbines along with wind farms are compelled to grow rapidly to encounter the obliga-
tion of a sustainable source of energy. Facing extensive expenses associated with maintenance,
the exploration of a well-functional Structural Health Monitoring (SHM) system is crucial.
Hence, by utilizing data from a laboratory-scale wind turbine blade in a controlled environ-
ment, numerous Damage Sensitive Features (DSFs) along with several techniques to mitigate
the effect of Environmental and Operational Variability (EOV) are investigated. In this work,
we consider DSFs originating from Vector Auto-Regressive (VAR) models, including natural
frequencies and damping ratios as a physical quantity, and the parameters of the models as
a non-physical quantity. The inevitable obscuring of the DSFs caused by EOV is mitigated
by utilizing two distinct approaches. Bayesian non-linear regression models and the Princi-
pal Component Analysis (PCA) methodology, designated as an explicit and implicit approach
respectively. In addition, a novel approach combining the implicit and explicit methodology
is proposed. Through a comparative analysis, various considerations of interest were derived.
The applicability of the various DSFs was measured in terms of correctly detected damages
utilizing the multivariate squared Mahalanobis distance as a one-class classifier. The derivation
was that the usage of the non-physical quantity did show prominent applicability. Generally,
the combined implicit-explicit methodology showed superior efficiency. Despite the acknowl-
edgement regarding complicating aspects entering an uncontrolled environment, the conviction
of efficiency is preserved yet reduced to some extent.
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Introduction

Nowadays wind farms are expanding while wind turbines are growing in size owing to the
quest of sustainable energy sources. Additionally, the necessity for harvesting wind energy is
forecasted to grow even more [16]. Typically, some of the best locations for harvesting wind
energy are also some of the most remote locations, embracing offshore locations. Due to the re-
moteness of these locations, extensive expenses are associated with shutdowns. Therefore, the
maintenance and service are tightly scheduled and established on experience. The objective of
a meticulously thought out service and maintenance schedule is to minimize the cost associated
with both transport and downtime. In addition, the profit is also enhanced by minimizing down-
time. Yet, up to one-third of the energy cost is comprised by operation and maintenance costs
including spare parts, repair costs and loss of production due to shutdowns [30]. While service
and maintenance are carefully scheduled to enhance the probability of a well-functional wind
turbine, the risk and cost of unexpected breakdown cannot be avoided. In this sense, the ser-
vice and maintenance schedule of wind turbines can be optimized by implementing a Structural
Health Monitoring (SHM) system [28, 24].

Providing and constructing an SHM system for an operating wind turbine comes along with
a range of challenges. Among these challenges is the influence of environmental changes during
monitoring [2]. A common strategy for constructing an SHM system is to trace any variability
in the natural frequency of the structure. Structural damage will change the stiffness of the
structure and thereby the natural frequency. In this sense, the natural frequency of a structure
may be deemed as a Damage Sensitive Feature (DSF). [19, 26, 27]. Challenges arise, since
the structural stiffness depends on the temperature as well. In addition, precipitations could
cause variability in the natural frequency since there will be a change in the mass density. Thus,
changing environmental conditions will have an effect in the natural frequency as well. [4].

Various DSFs can be extracted from vibration-based data and utilized for detection of dam-
ages. However, the manifestation of the effect of environmental changes is almost inevitable
[13, 32]. Therefore, it is important to develop methods to quantify and compensate Environ-
mental and Operational Variability (EOV), minimizing the variability caused by non-damaged
conditions. Currently, the development of such methods is one of the most relevant topics within
the field of SHM. Those methodologies developed is designated as either explicit or implicit ap-
proaches. Explicit approaches comprise characteristics of measured parameters while implicit
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approaches utilize the recognition of patterns in the DSFs [17, 27]. Beside mitigating the effect
of EOV, the ability to detect small damages highly depends on the choice of DSF [9, 25]. Thus,
the requirements of DSF comprise sensitivity towards damages along with minimum sensitivity
to the effect of EOV.

The main objective of this study comprises the selection of appropriate DSFs along with
most effective EOV compensation methods. The selection of appropriate DSFs is to be ana-
lyzed thoroughly to obtain features highly sensitive towards damages. Within this framework,
this investigation includes a study on the utility of modal parameters as DSF, in contrast to
non-physical quantities, presently in the form of the coefficients of parametric time-series mod-
els. Moreover, the most effective EOV compensation method is derived from a comparative
analysis of several methods. The comparative analysis includes explicit, implicit and joint im-
plicit/explicit compensation strategies.

The work in this study is focused on experimental vibration data originating from a small-
scale wind turbine blade set in a controlled environment. The controlled parameters comprise
the ambient temperature and humidity. Additionally, the excitation of the blade is conducted
with a shaker fixed near the blade root. On this setup, a variety of testing within a grid of temper-
ature and humidity set points was performed. For each environmental configuration, multiple
experiments have been conducted to enhance the statistical certainty, while three conditions
were assessed: healthy, and two types of damage [18].

With the accessibility of these data, an efficient damage detection methodology shall be ana-
lyzed through various DSFs (modal parameter estimates and coefficients of time-series models).
Furthermore, effective mitigation of the controlled environmental changes shall be investigated
through statistical approaches and pattern recognition. The effectiveness, and thereby the suit-
ableness of the approach, is determined in terms of increased detectability. In preparation for
future work and to strengthen the accessibility of the outcome of this study, the SHM system
of this laboratory-scale wind turbine blade is based solely on AOMA (the measured excitation
is neglected). Due to the experimental nature of the data, considerations regarding the adaption
for an operational environment will be deliberated.

In association with the above, a former study regarding the identification of the laboratory-
scale wind turbine blade was performed aiming at optimizing various model structures and
reducing the uncertainty of modal parameter estimates, which in the present work are used as
DSFs [1].
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State of the art

As stated before, one of the main challenges related to the development of a SHM system
is the effect of environmental changes. The DSF used to distinguish a reference state from
damages, are also impacted by the effect of EOV. Since this issue may be the one with the
highest relevance within this scientific field, a thorough investigation of the state of the art is
crucial. A vast amount of approaches to mitigate the variability in DSFs caused by EOV are
currently available [17, 27, 35, 36].

Some approaches to mitigating the effect of EOV are presented in [27]. The main approach
to mitigate the effect of EOV on the natural frequencies of a bridge is by the use of Second
Order Blind Identification (SOBI), an implicit approach. It is stated if measurements of the En-
vironmental and Operational Parameters (EOPs) are available, regression analysis is the most
straightforward process, an explicit approach. Therefore, a comparative analysis of the implicit
and explicit approach is conducted to assess the effectiveness while two EOPs are available.
The effectiveness of the implicit approach did show a perceptible advantage in the compensa-
tion of EOV. Vast amounts of different environmental and operational conditions are present in
the vibration-based data of the bridge, some more severe to the natural frequencies than others.
Furthermore, variability in the EOPs can occur between the different locations of the measured
responses or measurements of important EOPs are not available [26, 36]. Therefore, implicit
approaches to mitigate the effect of EOV, such as SOBI, can be crucial to removing the influence
of EOV, since no requirements of measured EOPs are present.

Another implicit approach to mitigate the effect of EOV, properly more used than SOBI
[27], is Principal Component Analysis (PCA). The utility of PCA to mitigate the effect of EOV
is employed in [36], where the DSF comprise the residual error of the PCA model obtained. To
validate the performance of the proposed method, testing on both numerical and experimental
data is conducted. For both examples, the main attribution to EOV was temperature changes,
yet for the experimental data, other EOPs might have been present. The PCA methodology to
mitigate the effect of EOV present in this study proved to be effective and convenient since the
method does not require the measurements of any EOPs.

The aforementioned studies did infer more effective mitigation of EOV using an implicit
method to mitigate the influence of EOV. In [17], both an implicit and explicit method for com-
pensating the effect of EOV are investigated. The explicit method is a multivariate nonlinear
regression, based on Least Square (LS) regression, and the implicit method comprises an Ar-
tificial Neural Network (ANN). Each method is implemented on data from a wind turbine at
an operational speed of 43rpm. Furthermore, the measured EOPs comprise temperature, wind
speed and the azimuth angle. Also, the standard deviation and maximum amplitude of the re-
sponse closest to an actuator excitation are used as EOPs. The True Positive Rate (TPR) is
increased significantly after mitigating the effect of the 5 EOPs used, both for the implicit and
explicit method. Yet, the False Negative Rate (FNR) is increased for the implicit method after
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compensation. An interesting aspect is the increment of the False Positive Rate (FPR) for the
testing data when explicitly compensating for the EOPs. As discussed in the study this might be
due to the effect of overcompensating since the EOV differ from the training set to the testing
set. Regardless of the increment of the FPR while explicitly mitigate of the influence of EOV,
this study showed better damage detectability using an explicit method to mitigate the effect of
EOV.

In [4], the effect of a set of measured EOPs is mitigated by the use of Gaussian Process (GP)
time-series methodology, on low-frequency and high-frequency data. The data originates from
multiple acceleration measurements of a wind turbine. In low frequency, the vibration response
develops from natural ambient excitation, while for the high-frequency range, the excitation
arises from an actuator installed in the blade. The advantage of excitation with an actuator
is the ability to excite higher-order modes due to its dynamics. Due to the subsets of data
with various behaviour, different DSFs are used. The DSF of the low-frequency content is the
coefficients of Linear Parameter Varying Vector Auto-Regressive model (LPV-VAR). The DSF
of the high-frequency content is chosen as the components in the Morlet Continuous Wavelet
Transform (CWT). Since the DSF chosen are highly correlated, PCA is conducted to achieve an
orthogonal representation of the DSF. In addition, the PCA ensure a dimensionality reduction
of the DSF. Subsequently, the Principal Components (PCs) are evaluated individually where
each of them represents the response of the Gaussian Process Regression (GPR) with the input
being the different EOPs. By the use of the GP time-series model, the effect of each EOP is
analyzed for feature normalization and thereby enhancing the detectability of damages. The
main objective of using the coefficients of the parametric system identification method can
prove to be useful, since extraction of modal parameters from time-series models comes with
some challenges, such as separating physical modes from spurious modes [3].

A similar approach with the use of coefficients from time-series modelling is presented in
[29]. The proposed methodology for damage detection and localization is based on the use
of coefficients from Auto-Regression with Exogenous Variable (ARX) models as DSF. One of
four available responses is used to model the input since the governing equation showed that the
coefficients then directly relate to the structural stiffness of a numerical shear building. With the
use of the Kolmogorov-Smirnov test statistical distance of the ARX-model residual error, the
localization of damages was possible. The methodology was also tested experimentally with
the presence of damping, noise and multiple damages to prove the ability to localize damages.
Undoubtedly, the coefficients from time-series modelling as DSF are influenced by the effect
of EOV, which is not studied thoroughly in this study. Yet the main approach of using the
coefficients as DSF is shared with the aforementioned study.

Several studies utilize the modal parameters as DSFs instead of the aforementioned utiliza-
tion of coefficients from time-series modelling [9, 10, 19, 26]. One possible drawback when
utilizing the modal parameters is that not all modes of interest can be identified simultaneously
under changing ambient environmental conditions [35]. In [11] a vibration-based damage de-
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tection approach of a real steel truss bridge is based on the modal parameters estimated by
Auto-Regressive (AR) models. The bridge is only used for experiments and is equipped with
eight accelerometers. Five on the side where the damages are artificially introduced, and three
on the opposite side. By the use of stabilization plots to obtain accurate estimates of the modal
parameters, the use of natural frequencies as DSF yielded accurate results in detecting dam-
ages, especially the first three modes showed high sensitivity. The Modal Assurance Criterion
(MAC) and Coordinate Modal Assurance Criterion (COMAC) as DSF also proved to have high
sensitivity towards the damages if a sufficient amount of modes were considered. Although the
usage of the MAC and COMAC proved to have high damage sensitivity, the requirement of a
sufficient amount of modes can be complicated if high-order modes are not excited.

A challenging aspect associated with the estimation of the modal parameters, especially for
AOMA, is the estimation of accurate damping ratios [5, 12], yet their influence on structural be-
haviour is extensive [22]. The usage of damping as DSF are investigated in [9] for two types of
infrastructures, namely reinforced concrete structures and composites. The acknowledgement
of the complexity related to identifying the damping is of minor significance with the statement
of damping being more sensitive to damages than natural frequency. The usage of damping as
DSF is shared in [14] where two experimental setups are utilized. First a small two-dimensional
concrete frame, and secondly a three-dimensional aluminium frame, both excited with seismic
base excitation. Despite the high potential of utilizing damping for damage detection shared in
the aforementioned studies, the investigation hereof is less extensive compared to the usage of
natural frequencies.

In previous work [1], numerous non-parametric and parametric system identification meth-
ods were tested on a Finite Element (FE) representation of the laboratory-scale wind turbine
blade used for this study. The objective was to highlight methods with superior accuracy of
the estimated modal parameters for a numerical model of the laboratory-scale wind turbine
blade. The numerical model was subjected to white Gaussian noise as excitation since random
environmental loads can be modelled as white noise [8]. The results showed noticeably higher
accuracy for AR models, especially for AOMA where the input is absent. Therefore, simultane-
ous with the investigation of state of the art approaches, a comparative analysis of the utility of
different features for damage detection should be performed. Namely the natural frequencies,
damping ratios, and AR coefficients. Furthermore, both implicit, explicit, and a combination
should be explored to mitigate the effect of EOV, mainly caused by temperature changes. The
basis for the explicit method is Bayesian non-linear regression whereas the implicit method is
based on PCA.
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Methodology

The overall methodology appraised in this work is presented in Figure 1.1, where the main
methodological components are displayed for each step of the methodology. Subsequently, this
chapter is devoted to clarifying the processes leading to the main objective of this work, damage
detection.

Figure 1.1: Flow chart of the methodology adopted throughout this study
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1.1 Database

A brief description of the setup and the various dataset are provided before a further investiga-
tion to clarify the origin of the database utilized. A laboratory-scale representation of a wind
turbine blade has been manufactured for the purpose of testing in a controlled environment
(temperature and humidity). The experimental design and data acquisition were performed in
the Stochastic Mechanical Systems Laboratory of the University of Patras, Greece. A more
detailed description of the experiment can be found in [18]. The root of the blade is clamped.
Hence, the setup is comparable to a cantilevered setup. A shaker is attached to the fixture at the
blade root with the purpose of excitation of the blade, Figure 1.2b. For measurements of the
response, four accelerometers have been mounted along the blade, as depicted in Figure 1.2a.

Figure 1.2: Setup of the laboratory-scale wind turbine blade. (a) The loca-
tion of each accelerometers (distances in cm). (b) An overview of the setup
including the shaker. [18]

The specifications of both the accelerometers used and the shaker are presented in Table
1.1. The excitation is assumed to be a random stationary force. Furthermore, the excitation is
assumed to have a flat spectrum inside the specified bandwidth.
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Accelerometer Shaker
Type PCB ICP 352C22 PCB M288D01

Bandwidth 0.003-10kHz 20-2000Hz
Sensitivity 1.052mV/m/s2 98.41mV/lb

System specification
Sampling frequency, fs 5120Hz

Sampling time, t 6.4 seconds
Blocksize, N 32768

Table 1.1: Specifications of accelerometer, shaker and system setup.

During the experiments, the environmental variabilities consist of temperature variation and
for some of the experiments, water has been sprayed onto the blade to simulate rainy conditions.
For each condition of the blade at each temperature setting 40 experiments have been conducted,
Table 1.2.

Condition Temperature span ∆T

Healthy [−22◦C;+20◦C] 2◦C
Healthy Water [−20◦C;+20◦C] 4◦C

Damage 1 [−20◦C;+20◦C] 4◦C
Damage 2 [−20◦C;+20◦C] 2◦C

Damage 2 Water [−20◦C;+20◦C] 4◦C

Table 1.2: The available temperature setting for each of the 5 conditions of
the blade. The index Water indicates the spraying of water to simulate rainy
conditions

Pertaining to the damages in Table 1.2, Damage 1 and Damage 2, one damage with two
levels of severeness has been introduced to the blade, Figure 1.3. Damage 1 comprises a small
drilling hole in the trailing edge of the blade. Damage 2 comprises an elongation of damage 1
where the drilling hole is extended.
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Figure 1.3: Overview of the inflicted damages. (a) Damage 1 (D1) com-
prises a semicircular hole with a diameter of 5mm in the trailing edge. (b)
Damage 2 (D2) comprises an enlargement of damage 1 to a total length of
15mm where the width is retained. [18]

Throughout the study, different models are trained with the data obtained from the healthy
state of the blade. Furthermore, some of the data should be used for validation of the training
phase. Therefore, the data is divided into training, validation, and testing alone, Table 1.3.
The training data are chosen such that 36 out of 40 datasets for each temperature in the range
T = [−20◦C;4◦C;20◦C] are randomly chosen for the healthy state and healthy state with water
applied. Still, data from the healthy state condition with water are not utilized for training
regression models. One dataset consists of four measured responses, each with a blocksize of
32 768 [18].

Healthy Healthy water D1 D2 D2 water
Training Validation Testing Training Testing Testing Testing Testing

396 44 440 396 44 440 840 440

Table 1.3: Subset of the dataset used for training, validation and testing

The database referred to throughout this study is formed by all the available data in a sin-
gle three-dimensional matrix where the first dimension comprises all experiments, the second
dimension comprises the four measured responses, and the third dimension comprise the data
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points within the four measured responses:

Database =



Healthy ∈
[

n−22◦C n−20◦C . . . n20◦C

]T

Healthy Water ∈
[

n−20◦C n−16◦C . . . n20◦C

]T

Damage 1 ∈
[

n−20◦C n−16◦C . . . n20◦C

]T

Damage 2 ∈
[

n−20◦C n−18◦C . . . n20◦C

]T

Damage 2 Water ∈
[

n−20◦C n−16◦C . . . n20◦C

]T


[3040×4×32768]

(1.1)

Where:

n = Comprise 40 samples (1 sample is equal to four measured responses with
the specified blocksize) within each temperature configuration

Throughout the study, especially in Chapter 2, reference to the ith dataset comprise the rows of
the Database where i = 1,2,3, . . . ,3040 which are used for calculation of the relevant DSF.

Since the objective of this study is the detection of known damages through AOMA, the
measured excitation will not be utilized. In real-life structures the excitation usually consist of
different EOPs where available measurements are confined, [4, 8, 17]. Therefore, the acces-
sibility of the outcome of this study may be strengthened if only the measured responses are
used.

1.2 Damage Sensitive Features

As stated previously the damage detection should be based on several features assumed to be
sensitive to the damages introduced, Section 1.1. Three types of features should be extracted
from the data, namely the natural frequencies, the damping ratios, and the coefficients of AR-
models. The achievement of such features is investigated in the following section.

1.2.1 Vector Auto-Regressive models

Since Auto-Regressive (AR) models were found to have an appreciable accuracy for a FE rep-
resentation of the setup that has been used throughout this study, the system identification is
based on the vector AR model (VAR). [1].

First, the theory of the VAR model is examined to enhance the knowledge concerning the
use of the model. In general, AR models are used to predict future values of a time series with
the knowledge of previous data points. Given m responses as column vectors, yyy(n):

yyy(n) =−
na

∑
i=1

AAAi ·yyy(n− i)+www(n) (1.2)
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where the multivariate innovations, comprise the part that cannot be predicted by previous data,
are Normally and Independently Distributed (NID) with a zero mean and covariance matrix,
ΣΣΣw:

www(n)∼ NID(000,ΣΣΣw) (1.3)

and the AR coefficients, AAA, are gathered in the parameter matrix:

ΘΘΘ =
[

AAA1 AAA2 . . . AAAna

]
m×m·na

(1.4)

Obtaining the parameter matrix is an optimization problem to yield the best fit of the avail-
able observations. One of the most common approaches, also adopted through this study, is
based on the Least Square (LS) criterion, based on the one-step-ahead Prediction Error (PE).
The one-step-ahead PE is defined as:

ê̂êe(n) = yyy(n)− ŷ̂ŷy(n) (1.5)

The one-step-ahead prediction can be written as (based on Equation (1.2)):

ŷ̂ŷy(n) =−
na

∑
i=1

AAAi ·yyy(n− i) (1.6)

subsequently, the one-step-ahead PE takes the form:

ê̂êe(n) = yyy(n)+
na

∑
i=1

AAAi ·yyy(n− i) (1.7)

which commonly is re-written in the regression form:

ê̂êe(n) = yyy(n)−φφφ(n)T ·ΘΘΘ (1.8)

The regression matrix, also referred to as design matrix, is defined as:

φφφ(n) =
[
−yyyT (n−1) . . . −yyyT (n−na)

]T
(1.9)

The use of PE of the signal to time instance n does not assess the complete model. To assess
the entire signal of length N, the LS error is used which, combined with the regression form, is
defined as:

VN(ΘΘΘ,ZZZN) =
1
N

N

∑
n=1

(yyy(n)− ŷyy(n))2 =
1
N

tr
{
(YYY N −ΘΘΘ ·ΦΦΦN) · (YYY N −ΘΘΘ ·ΦΦΦN)

T} (1.10)

Where:

tr = the sum of the diagonal of the matrix
{
(YYY N −ΘΘΘ ·ΦΦΦN) · (YYY N −ΘΘΘ ·ΦΦΦN)

T}
ZZZN = Dataset of input and output
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The regression matrix defined in Equation (1.9) is for the signal at time instance n. The
regression matrix for the complete signal is defined as:

ΦΦΦN =
[

φφφ(1) φφφ(2) . . . φφφ(N)
]

(1.11)

Moreover, the response matrix, YYY N , is defined as:

YYY N =
[

yyy(1) yyy(2) . . . yyy(N)
]

(1.12)

Henceforth, the LS error in Equation (1.10) should be minimized to obtain the best fit. This can
be expressed as:

Θ̂̂Θ̂ΘLS = argmax
ΘΘΘ

VN(ΘΘΘ,ZZZN) (1.13)

Since the proposed model is linear, the optimization follows a simple methodology. Calculate
the derivative of Equation (1.10) with respect to the AR-coefficients in the parameter matrix ΘΘΘ

given in Equation (1.4), set to zero for local minimum and solve for ΘΘΘ, yielding the following:

Θ̂̂Θ̂ΘLS =YYY NΦΦΦ
T
N
(
ΦΦΦNΦΦΦ

T
N
)−1

(1.14)

Subsequently, when Θ̂ΘΘLS is obtained, a state space representation of the VAR model, Equa-
tion (1.2), leads to the state matrix:

AAAd =



−AAA1 −AAA2 . . . −AAAna−1 −AAAna

III 0 . . . 0 0
0 III . . . 0 0
...

... . . . ...
...

0 0
... III 0


(1.15)

and through eigenvalue decomposition of the state matrix AAAd , modal analysis can be performed.
The eigenvalue decomposition is defined as:

(µnIII −AAAd)ψψψn = 0 (1.16)

and since the defined system is in discrete time and not a continuous system, the relationship
between the poles and the modal parameters is defined as: [3, 23]

ωn =

∣∣∣∣ ln µn

Ts

∣∣∣∣ (1.17)

ζn =−cos(∠ln µn) (1.18)

Where:

Ts = Sample period
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1.2.1.1 Selection of suitable model structure

An important consideration is the selection of the best model structure, na in Equation (1.2). As
na increases the PE decreases, but it is not desirable to let na tend to a high value for several
reasons.

• Numerical issues are increased for very complex model structures.

• The stability of the estimated modal parameters, Equation (1.16), deteriorates at some
point, leading to poor estimates.

• Complex model structures are computationally heavy.

Therefore, the choice of na should be based on high model accuracy without too complex
a model structure. The choice is established by a thorough analysis of the Residual Sum of
Squares over the Series Sum of Squares (RSS/SSS),

RSS/SSS =
∑

N
i=1(yi − ŷi)

2

∑
N
i=1 y2

i
(1.19)

the Bayesian Information Criterion (BIC),

BIC = N ln σ̂
2
w +d lnN (1.20)

Where:

d = The size of ΘΘΘ containing the AR coefficients

the Samples Per Parameter (SPP),

SPP =
N ·m
NΘ

(1.21)

Where:

NΘ = Number of AR coefficients
m = Number of responses

and the frequency stabilisation plot. The RSS/SSS is an explanation of how much of the signal
can be explained by the model. The analysis of the RSS/SSS can not stand alone since it does
not measure the adaptation of different datasets. The BIC can be used as a supplement since it
includes a penalization term which penalizes the model complexity. Furthermore, for reliable
estimates of the modal parameters, a sufficient amount of SPP should be present. Lastly, an in-
vestigation of a frequency stabilization plot can provide the basis for choosing na. The content
of the frequency stabilization plot is all the modes determined by the modal analysis, Equation
(1.16-1.18). Some of them are spurious modes and others are physical modes, where the phys-
ical modes should tend to stabilize as na increases. Commonly, the frequency stabilization plot
is compared to the Power Spectral Density (PSD). This gives the visual ability for analyzing if
the consistent frequencies are matching the corresponding peaks in the PSD. [3].
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For choosing a suitable model order, a single data set from the healthy state of the blade is
used at a temperature of 0◦C. The frequency stabilization plot hereof for na ∈ [1,100] is shown
in Figure 1.4. Especially for low-order models, many of the modes are not stable up until a
model order of 60-65. Another potential issue is the increment of spurious modes for a high
value of na. Based solely on the frequency stabilization plot in Figure 1.4, a model order of 65
appears to be suitable.

Figure 1.4: Frequency stabilization plot for na ∈ [1,100]. The dataset used
origins from the healthy state of the blade.

For validating the choice of model order, an analysis of RSS/SSS, BIC and SPP is required.
The analysis can be seen in Figure 1.5. For a model order of 65, the SPP is approximately 17
which is assumed to be sufficient. Furthermore, the RSS/SSS decrease and then stabilize from
a model order of 50. The BIC does not seem to stabilize but increases as na increases. Due to
the penalization term in Equation (1.20), the choice of na should be aimed to reduce the value
of the BIC. Since the low-order modes do not stabilize until a model order of 60-65, a lower
value of the BIC can be difficult to obtain. Therefore, a model order of 65 is chosen.
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Figure 1.5: RSS/SSS, BIC, SPP and the conditions number for increasing
na

1.2.1.2 Extracting the natural frequencies of interest

After calculating the frequencies according to Equation (1.16-1.18) at a specific model order, a
vital procedure of the VAR model as system identification is the extraction of not at least the
physical modes but also those of interest. The number of frequencies determined by Equation
(1.16-1.18) correspond to the chosen model order, na, times the number of responses. Figure
1.6 is an overview of all frequencies at a specific model order of 65. These frequencies can
be categorized as either frequencies of a physical mode or frequencies of a spurious mode.
Spurious modes are not related to the structural dynamics yet a result of a numerical resolution.
Therefore, the challenging aspect is to quantify and extract the physical frequencies instead of
the spurious frequencies in Figure 1.6.

Figure 1.6: All frequencies of the VAR model at a specific model order of
65
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One method of extracting the natural frequencies is the usage of the Euclidean distance
between a reference frequency and those obtained from the VAR model [15]. The reference
frequencies may originate from peak picking of the PSD or other non-parametric methods.
Initially, all possible resonance peaks in the PSD are chosen, Figure 1.7.

Figure 1.7: Power Spectral Density of all four responses. The black lines
are the chosen peaks. The dataset used origins from the reference state at a
temperature of 0◦C

Then, the Euclidean distance can be calculated between the frequencies determined by
Equation (1.17), x̂xx j, and those obtained from the PSD, xxxr [20]:

d(xxxr,x̂xx j) =

(
n

∑
i=1

(xri − x̂ ji)
2

)1/2

(1.22)

Afterwards, those frequencies from the VAR model closest to the reference are kept with
their corresponding mode shape and damping ratio, Equation (1.16) and (1.18). To enable which
natural frequencies are of interest, an analysis of each mode should be conducted. The estimated
mode shapes determined by Equation (1.16) can be simulated to identify the natural frequency
of interest. To ease the simulation of the mode shapes, the mode shapes are normalized with
respect to the maximum of the imaginary part:

ψψψ =
ψψψ

max{|Im{ψψψ}|}
(1.23)

and with the knowledge of the location of the accelerometers, a grid for the blade can be created,
Figure 1.8.
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Figure 1.8: Created grid of the blade with the location of the accelerometers.
The black dots represent the locations according to Figure 1.2. The black
solid line represent the restraint of the blade.

The purpose of the simulation is to divide the modes into three categories of motion. With
no knowledge of the excitation (since the basis of this study is AOMA), the estimated modes
can be highly affected by the dynamics of the excitation [7]. Therefore, the modes that do not
fit within these categories are rejected. The three categories can be seen in Figure 1.9.

(a) (b) (c)

Figure 1.9: The three categories of mode shapes. (a) Bending mode in the
flapwise direction. (b) Mode dominated by torsional deflection. (c) Mode
dominated by flapping motion.

After carefully evaluating the mode shapes in Equation (1.23) for all the estimated natural
frequencies, the categorization led to nine natural frequencies of interest:

Bending Torsion Flapping

f̂b1 = 70 f̂t1 = 180 f̂ f1 = 240
f̂b2 = 148.75 f̂t2 = 287.5 f̂ f2 = 482.5

f̂b3 = 985 f̂t3 = 326.26 f̂ f3 = 726.25

Table 1.4: First three natural frequencies of the three categories. All es-
timated natural frequencies are stated in Hz. Furthermore, the frequencies
origins from the healthy state at 0◦C
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1.3 Mitigating the effect of Environmental and Operational
Variability

Independent of the chosen DSF, it can be altered by EOV. If the effect of EOV is not mitigated, it
can be interpreted as an effect of damage in the system. Therefore, it is essential to mitigate the
effect of EOV before any damage detection. This process is also referred to as data normaliza-
tion and can be accomplished by several methods. The overall process of data normalization is
allocated in two main approaches, an explicit method and an implicit method. Explicit methods
use available measurements of different EOPs to enhance the possibility of compensating, typ-
ically by the use of regression models to track the trend caused by the EOPs. Implicit methods
are based solely on the observed pattern for a reference state. One such approach is projection
methods where a projection of the DSF into a specific space aid the process of mitigating the
effect of EOV. [15, 17].

1.3.1 Explicit method

To explicit mitigate the effect of EOV, measurements of at least one EOP are required. By
the assumption that a given cause, the EOP, affects the DSF, a functional relationship with the
EOP as input can be established. Several methods for building a functional relationship exist.
Mainly, two general models can be utilized, either deterministic models or stochastic models.
The deterministic models comprise classical regression models such as LS regression. The
disadvantage of utilising classical regression models is the sensitivity to outliers. On the other
hand, stochastic models seek to represent the observed trend and the associated uncertainty.
Stochastic models comprise Bayesian regression models where the regression model is obtained
by the posterior distribution (the probability of the regression model given the observations).
[17].

1.3.1.1 Bayesian regression

To obtain knowledge of how the DSF changes without any form of damage, regression models
of the DSF extracted from the healthy state of the blade can be used (The specified training
data of the healthy state without water applied, Table 1.3). Then these regression models should
track the change in the specific DSF due to the EOP (the temperature in this case) since they are
trained with data that do not have any damages introduced.

The simplest regression model is based on the Ordinary Least Square (OLS) method. The
methodology is simply minimizing the sum of squared differences between the observed data
and the response of the regression model. Considering a linear relationship between the input

18



and output:

YYY = β0 +β1XXX +εεε =ΦΦΦβββ +εεε (1.24)

Where:

ΦΦΦ =
[

1 XXX
]
, βββ =

[
β0

β1

]
εεε = Errors of the observations where εi ∼ N(0,σ2)

XXX = Column vector with input observations
YYY = Column vector with the output observations

Since the residual error is independent and identically normally distributed, the likelihood
function corresponds to a similar distribution:

p(YYY |ΦΦΦ,βββ ,σ2) ∝ (σ2)−
n
2 exp

(
− 1

2σ2 (YYY −ΦΦΦβββ )T (YYY −ΦΦΦβββ )

)
(1.25)

For a single set of input and output, the residual can be written as:

εi = yi − ŷi = yi −ΦΦΦ(xi)βββ (1.26)

and by sum up all of the residuals squared, the Residual Sum of Squares (RSS) can then be
expressed as:

RSS = ε
2
1 + ε

2
2 + . . .+ ε

2
n =

n

∑
i=1

(yi −ΦΦΦ(xi)βββ )
2 (1.27)

which should be minimized. By calculus similar to minimizing the residual errors in Section
1.2.1 the estimated parameters can then be calculated as:

β̂ββ = (ΦΦΦT
ΦΦΦ)−1

ΦΦΦ
TYYY (1.28)

The regression model in (1.24) is with the assumption of a linear relationship between the
input and output. The regression model can be modified to the assumption of a non-linear
relationship between the input and output. By the use of polynomials the non-linear relationship
can be written as:

YYY = β0 +β1XXX +β2XXX2 . . .βpXXX p +εεε =ΦΦΦβββ +εεε (1.29)

Where:

ΦΦΦ =
[

1 XXX XXX2 · · · XXX p
]
, βββ =


β0

β1

β2
...

βp


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The parameters of the regression model in (1.29) can be calculated as (1.28). [20, 34]. The
obtained estimate of the parameters, βββ , relies heavily on the number of observations. Further-
more, the estimate of βββ relies on the assumption that the observations are specific points rather
than originating from a distribution. Since the available training data is limited and the ob-
served response must be a consequence of a distribution, the likelihood function in (1.25) can
be supplemented with a prior belief of the parameter distribution. This is known as Bayesian
regression. The posterior distribution of the parameters can be written as:

p(βββ ,σ2|YYYΦΦΦ) ∝ p(YYY |ΦΦΦ,βββ ,σ2)p(βββ |σ2)p(σ2) (1.30)

Where:

p(YYY |ΦΦΦ,βββ ,σ2) = Likelihood of YYY given the input observations, ΦΦΦ, and the
parameters, βββ and σ2

p(βββ |σ2) = Normal distribution of the parameter, βββ , given the variance of
the residual errors, the prior belief of the mean values and
precision matrix (Inverse of the covariance matrix)

p(σ2) = Inverse-Gamma distribution of the variance of the residual
error given the prior belief of the shape and scaling factors

The posterior mean can be expressed by the OLS estimate, β̂ββ , and the prior mean, µµµ0,
weighted by the prior precision matrix, ΛΛΛ0:

µnµnµn =
(
ΦΦΦ

T
ΦΦΦ+ΛΛΛ0

)−1
(

ΦΦΦ
T

ΦΦΦβ̂ββ +ΛΛΛ0µµµ0

)
(1.31)

then with some re-arrangement, the posterior can be expressed as:

p(βββ ,σ2|YYYΦΦΦ) ∝ p(βββ |σ2,YYY ,ΦΦΦ)p(σ2|YYY ,ΦΦΦ) (1.32)

Where:

p(βββ |σ2,YYY ,ΦΦΦ) = N(µn,σ
2Λ−1

n )

p(σ2|YYY ,ΦΦΦ) = Inverse-Gamma distribution given the shape factor and scaling
factor, an and bn

The posterior mean values and the precision matrix are weighted by the prior belief as:

ΛΛΛn =
(
ΦΦΦ

T
ΦΦΦ+ΛΛΛ0

)
(1.33)

µnµnµn = (ΛΛΛn)
−1
(

ΦΦΦ
T

ΦΦΦβ̂ββ +ΛΛΛ0µµµ0

)
(1.34)

Similarly, the posterior shape and scaling factor of the Inverse-Gamma distribution is weighted
by the prior belief and the posterior mean values and precision matrix:

an = a0 +
n
2

(1.35)
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bn = b0 +
1
2
(
YYY TYYY +µµµ

T
0 ΛΛΛ0µµµ0 −µµµ

T
n ΛΛΛnµµµn

)
(1.36)

One of the advantages of the Bayesian approach is the ability of updating the prior belief
with the posterior until the parameters converge. Thereby, the impact of the lack of observations
is not as severe as seen for the OLS approach. [33].

1.3.1.2 Assessing the performance

When a model of the training observations is obtained, several measurements can be conducted
to assess the accuracy. An important consideration is the complexity of the model. As the com-
plexity increase, the training error decrease. But a highly complex model can have decreased
predictability to observations different from the training observations. Therefore, it is essential
to assess the performance of both training observations and validation observations, with the
latter being of substantial importance.

Determination of the model complexity can be based on the Mean Squared Error (MSE)
of the training and validation observations respectively. The MSE is simply a measurement of
how close the predicted value is to the given observation:

MSE =
1
n

n

∑
i=1

(
yi − f̂ (xi)

)2 (1.37)

As the complexity increase, the MSE of training and validation data decrease. But at some
point, the MSE of validation data will increase due to the effect of overfitting the model towards
the training data, Figure 1.10. Therefore, the model complexity should be chosen to obtain the
minimum MSE for both the training and validation data.

Figure 1.10: MSE of both training and validation data for increasing model
complexity. For this simple example, the polynomial order of the regression
model, p in Equation (1.29), should be chosen to be six.

After the selection of the model complexity, other statistical measurements of how well the
model fits the data should be conducted. The coefficient of determination, or simply R2, is
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a ratio between how much of the variance that can be explained by the model and the total
variance:

R2 =
T SS−RSS

T SS
= 1− ∑

n
i=1 (yi − ŷi)

2

∑
n
i=1 (yi − ȳ)2 (1.38)

Where:

T SS = Total Sum of Squares
ȳ = Mean value of observed responses

The R2 value ranges from 0 to 1. If R2 equals one, all the variance in the observed responses
can be explained by the obtained model. A low R2 value does not indicate a poor model neces-
sarily, since significant variance of the observations can be present.

Another statistical procedure is to check if there is a relationship between the predictor and
the response, XXX and YYY in Equation (1.29) respectively, also referred to as the hypothesis test.
The null hypothesis is defined as no relationship between the predictor and the response:

H0 : β1 = β2 = β3 = . . .= βp = 0 (1.39)

and the alternative hypothesis defined as a relationship between the predictor and the response
is present (at least one of the parameters, β j, is different from 0):

Ha : β j ̸= 0 (1.40)

To determine whether the null hypothesis, H0, should be rejected or not, the F-statistic is cal-
culated. An F-statistic larger than one indicates evidence against the null hypothesis. If a vast
amount of data is used to determine the F-statistic (n), a value close to one provides evidence
enough to reject H0. Otherwise, an F-statistic significance larger than one is required. [20]. The
F-statistic is defined as:

F =
(T SS−RSS) · (n− p−1)

RSS · p
(1.41)

1.3.1.3 Regression matrix

To build the nonlinear regression matrix in the Bayesian regression approach, ΦΦΦ in Equation
(1.29), several approaches can be pursued. The approach in Equation (1.29) can be prone to
instability for high orders. If a vast-ranging input exists high orders regressors tend to a signif-
icantly small value, and therefore, are sensitive to numerical calculations. To avoid numerical
instability, a variety of different polynomials exist. Among these is Legendre Polynomials:

Pn(x) =
M

∑
m=0

(−1)m · (2n−2m)!
2nm!(n−m)!(n−2m)!

xn−2m (1.42)
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Where:

M = n
2 or n−1

2 depending on which is an integer.

Legendre polynomials are defined within the space of [−1,1], Figure 1.11. [21]. The
Bayesian nonlinear regression models obtained throughout this study will be based on Leg-
endre Polynomials.

Figure 1.11: First six Legendre polynomials

1.3.1.4 Procedure

Given the hypothesis test in Section 1.3.1.2 an analysis whether a relationship between the EOP
and the variability in the DSF exist of not can be conducted. If the null hypothesis is rejected, it
can be assumed that the given EOP is causing the variability in the DSF. [17].

Initially, if the DSF are shown versus a given EOP, namely the temperature, a visual in-
spection whether the cause have an effect can be conducted. Figure 1.12 illustrate three of the
estimated natural frequencies versus the temperature. Clearly, the temperature is affecting the
natural frequency to some extent. Furthermore, almost a linear relationship is observed.

23



Figure 1.12: Visualization of the three bending modes estimated natural
frequency versus the temperatures. Only training data are shown, Table 1.3.
All nine estimated natural frequencies are shown in Appendix A.2.

Different observations can be noticed when three of the AR coefficients, Equation (1.14),
are illustrated versus the temperature, Figure 1.13. Some influence by the temperature can
be observed, but the tendency can be unclear. However, a non-linear tendency is observed,
definitely.

Figure 1.13: Visualization of the three first estimated AR coefficients versus
the temperatures. Only training data are shown, Table 1.3.

Lastly, when the estimated damping ratios are shown versus the temperature, Figure 1.14,
significant variability is observed. Some might be caused by the temperature, but the majority
is caused by poor estimates [1].
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Figure 1.14: Visualization of the three bending modes estimated damping
ratios versus the temperatures. Only training data are shown, Table 1.3. All
nine estimated damping ratios are shown in Appendix A.3

.

The observed trends in the estimated natural frequencies are traced using Bayesian regres-
sion models, Section 1.3.1.1, where the polynomial order is selected by a thorough investigation
of the MSE, Section 1.3.1.2. The posterior parameters, Equation (1.33-1.36), are updated 20
times since the parameters converged. The traced trends for the three bending modes in Figure
1.12 are shown in Figure 1.15.

Figure 1.15: Bayesian regression model to trace the observed trend in the
three bending modes estimated natural frequencies including the uncertainty
bounds. The regression models are trained using the training data specified
in Table 1.3.

A similar approach is pursued for the AR coefficients and the estimated damping ratios to
trace the observable trend caused by the temperature. The traced trend for the first three AR
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coefficients and estimated damping ratios of the three bending modes are shown in Figure 1.16
and 1.17.

Figure 1.16: Bayesian regression model to trace the observed trend in the
AR coefficients including the uncertainty bounds. The regression models are
trained using the training data specified in Table 1.3.

Figure 1.17: Bayesian regression model to trace the observed trend in the es-
timated damping ratios of the three bending modes including the uncertainty
bounds. The regression models are trained using the training data specified
in Table 1.3.

In the context of explicitly mitigate the variability caused by the temperature, those DSFs
that are found to accept the regression models, with sufficient high F-statistic to reject the null
hypothesis in Section 1.3.1.2, are adjusted according to the regression model:

f̃i = fi − f̂i(T ) (1.43)

ãi = ai − âi(T ) (1.44)
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ζ̃i = ζi − ζ̂i(T ) (1.45)

and those DSFs that reject the regression models, sufficient low F-statistic, are kept as original,
yet normalized by the mean value obtained from the training set used for the regression models.
The adjusted DSF, Equation (1.43-1.45), comprises the error between the estimated DSF and
the traced trend rather than the original DSF.

1.3.2 Implicit method

The implicit methods comply with another approach where only the effect on the DSF are cap-
tured. Hence no measurements of EOPs are necessary. The approach relies solely on capturing
the different patterns in the DSF of the reference state. One of the implicit approaches can be
categorised as projection methods. The main proposition of projection methods is the projec-
tion of the DSF into a space where the effect of EOV can be eliminated more straightforwardly,
to some extent. One such projection method is PCA. [17].

1.3.2.1 Principal Component Analysis

The PCA is a method to project the DSF into a new set of Cartesian coordinates with the di-
mension p, (z1,z2,z3, . . . ,zp). The properties of the new coordinates, the Principle Components
(PCs), is that the first PC is a linear combination of the original DSF which accounts for most of
the variance. The second PC then explicate most of the remaining variance, and so forth for the
dimension p, Figure 1.18. The main proposition is that the main part of the variance associated
with the features originates from the EOV. Therefore, the first PCs are assumed to carry most of
the influence caused by EOV.

Figure 1.18: Visualization of two PCs of a set of two DSF. The first PC is
a linear combination of the two originals DSF and accounts for most of the
variance. The second PC is orthogonal to the first PC and accounts for most
of the remaining variance. [15]
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The transformation of the original DSF into the p-dimensional space are conducted by Sin-
gular Value Decomposition (SVD) of the covariance matrix of the DSF, defined as:

ΣΣΣ =XXXTXXX (1.46)

Where:

XXX = DSF matrix

The SVD of the DSF matrix can be expressed as:

XXX =UUU ·

[
ΛΛΛ

0

]
·VVV T (1.47)

Where:

UUU = Left singular vector matrix
VVV = Right singular vector matrix
ΛΛΛ = Diagonal singular matrix, ΛΛΛ =diag(λ1,λ2, . . . ,λp)

By replacing the SVD of the DSF into the expression for the DSF covariance matrix, Equa-
tion (1.46), the following expression for the covariance matrix can be made:

ΣΣΣ =VVV ·
[

ΛΛΛ 0
]
·UUUT ·UUU ·

[
ΛΛΛ

0

]
·VVV T (1.48)

which can be reduced due to orthogonality (UUUT ·UUU = III):

ΣΣΣ =VVV ·ΛΛΛ2 ·VVV T (1.49)

It can be deduced from Equation (1.49) that the DSF covariance matrix has identical left
and right singular vector matrices, which is equivalent to the right singular vector matrix. From
Equation (1.46) and (1.49) an expression for the diagonal singular matrix takes the form of:

ΛΛΛ
2 = (XXXVVV )TXXXVVV (1.50)

Then the transformed variables can be defined as:

ZZZTZZZ =ΛΛΛ
2 (1.51)

and combining Equation (1.50) and (1.51), the transformed variables, the PCs, can be calcu-
lated. [15, 20].

ZZZ =XXX ·VVV (1.52)

28



1.3.2.2 Procedure

Since the first PCs, the PCs with the highest eigenvalue, carry most of the variance which
are assumed to originate from EOV mainly, the first PCs should be removed before damage
detection. If the cumulative variance according to the PCs is analyzed, Figure 1.19, it can be
observed that many of the first PCs hold most of the total variance, and therefore, should be
removed. Furthermore, the PCs with the lowest eigenvalue are assumed to contain noise mostly
and should also be removed. [15, 31].

Figure 1.19: Cumulative variance plot according to the PCs, where the PCs
are obtained from PCA of the AR coefficients.

The challenges arise when choosing the number of PCs to reject. Less literature exists
guiding the removal of the first PCs, yet one approach is to select those PCs which constitute
95% of the total variance [4]. Another suggestion is to select those PCs which constitute at least
70% of the total variance [6].

1.3.3 Combined method

While several methods exist for mitigating the effect of EOV, e.g Bayesian regression as an
explicit method and PCA as an implicit method, each has some disadvantages. A disadvantage
of the explicit methods is the lack of measured EOPs. Furthermore, even if measured EOPs
are available, it is not certain that the EOPs explain the variance of the DSF. A disadvantage
of the implicit methods, the projection methods, is the consequence of an unsupervised/semi-
supervised approach where the EOV not necessarily are removed from the damage state. Fur-
thermore, in PCA, the removal of those PCs assumed to be sensitive to the EOV may contain
information about damages. [15, 17]. Therefore, a proposed method combining the afore-
mentioned approaches should be investigated. The main objective of the combined method is
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initially to follow the PCA methodology. To trace the variability in the PCs caused by the EOP,
assumably the first PCs, Bayesian regression models are utilized. Those PCs which accept the
proposed regression models are adjusted and the remaining are kept as original. The acceptance
of the regression models is according to the F-statistic.

First, PCA of the DSF matrix, XXX , are conducted by SVD as described in Section 1.3.2:

XXX =UUU ·

[
ΛΛΛ

0

]
·VVV T (1.53)

ZZZ =XXX ·VVV (1.54)

where the variability of the first three PCs with respect to the temperature is shown in Figure
1.20. Next, regression models for each PC, zi, are trained with the known temperature as input:

zi = β0 +β1 ·T +β2 ·T 2 + . . .+βp ·T p + εi (1.55)

where the polynomial order of the regression model is chosen through an analysis of the MSE,
Section 1.3.1.2. The trained regression models for the first three PCs are shown in Figure 1.21.

Figure 1.20: Effect on the first three PCs caused by the temperature. The
PCs are the transformed coordinates of the AR coefficients.

30



Figure 1.21: Bayesian nonlinear regression to trace the variability in the
PCs. Here shown for the first three PCs of Figure 1.20

The regression models of each PC are evaluated individually. The null hypothesis is based
on no evident correlation between the temperature and the PC. In opposition, the alternative
hypothesis is defined as a comprehensible relationship being established. Therefore, if the F-
statistic is above a certain threshold, the null hypothesis is rejected:

F =
(T SS−RSS) · (n− p−1)

RSS · p
> ϑ (1.56)

Where:

ϑ = Threshold in the F-statistic to reject the null hypothesis

and if the null hypothesis is rejected, a possible correlation between the EOP and the PC exists.
Therefore, the PC is adjusted with the obtained regression model:

z̃i = zi − ẑi (1.57)

and those PCs where the null hypothesis is not rejected are kept as original.

1.4 Classification

After extracting the DSF and mitigating the effect of EOV according to the observed pattern
in the training data of the healthy state, Table 1.3, an outliers analysis is essential to determine
the state of the blade. Consequently, the data should be either classified as healthy or damaged.
Since the conditions of the blade are known, a comparative analysis of the proposed methods for
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mitigating the effect of EOV can be performed. For the multivariate data, a vector comprising
of the selected DSF for a specific dataset, the ith dataset, the squared Mahalanobis distance
is utilized to assess the condition of the blade as a one-class classifier [15, 17]. The squared
Mahalanobis distance is calculated for each DSF vector, where each DSF vector comprises a
set of selected DSF obtained from the ith dataset:

d2
(

X̃XX ,Σ̂ΣΣu

)
= X̃XXT

Σ̂ΣΣ
−1
u X̃XX (1.58)

Where:

X̃XX = Vector of corrected (or original) DSF according to Section 1.3.1, 1.3.2 and
1.3.3.

Σ̂ΣΣu = Covariance matrix of the corrected (or original) DSF obtained from the
training data.

The condition of the blade is then assessed by comparing the squared Mahalanobis distance,
Equation (1.58), to a predefined threshold, ϑ . Consequently, written as the following hypothe-
ses, which are comparable to the null hypothesis. Hypothesis Hu indicates that no damage is
present, whereas the hypothesis Hd assesses that a damage is present:

Hu : d2
(

X̃XX ,Σ̂ΣΣu

)
≤ ϑ → Healthy (1.59a)

Hd : d2
(

X̃XX ,Σ̂ΣΣu

)
> ϑ → Damaged (1.59b)

Several approaches to setting a suitable threshold can be taken to estimate whether or not the
given squared Mahalanobis distance indicates a damaged state of the blade. The approach taken
throughout this study is derived in the ensuing section.

1.5 Damage detection

To classify whether or not the indices of the squared Mahalanobis distances belong to the
healthy class or the damaged class, the hypotheses in Equation (1.59), a threshold, ϑ , is re-
quired. One approach is to obtain the optimum threshold by examining the level of correct
classified indices, namely True Positive (TP) alarms and True Negative (TN) alarms, versus the
false classified indices, False Positive (FP) alarms and False Negative (FN) alarms, for a vast
range of thresholds. However, a more analytical approach exists comprised using the squared
Mahalanobis distances sorted from the lowest value to the highest as a threshold vector for the
actual distances. Subsequently, counting the TP alarms and FP alarms for each index of the
threshold vector yields the rate of FP alarms versus the rate of TP alarms. Due to simplicity and
to eliminate the risk of biasing the result towards a high rate of TP alarms with a high rate of
FP alarms, the latter approach is utilized for classification, where the classification is performed
for the healthy state versus the different conditions of the blade individually.
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First, after the calculation of the squared Mahalanobis distances, Equation (1.58), a sort-
ing ranking from the lowest value to the maximum defines the threshold vector for the given
conditions individually. Therefore, four threshold vectors in total for each damage detection
technique (the chosen DSF with a specific method to mitigate the effect of EOV) are defined.
The four threshold vectors comprise classification between healthy versus damage 1, healthy
versus damage 2, healthy versus damage 2 with water applied, and healthy versus all condi-
tions, Figure 1.22.

Figure 1.22: Threshold vector used for classification of the four conditions

The classification procedure involves the knowledge of the actual conditions. The procedure
is then to analyze the squared Mahalanobis distances for each index of the threshold vector,
Figure 1.22. Those distances that are known to belong to the damaged class and are above the
current index of the threshold vector, are classified as TP alarms. Opposite to those distances
that are known to belong to the healthy class but are above the current index of the threshold
vector which then is classified as FP alarms. Subsequently, the performance of the damage
detection approach can easily be assessed by analyzing the rate of TP alarms versus the rate of
FP alarms for the defined threshold vector. This graphical illustration is known as the Receiver
Operating Characteristic (ROC) curve, Figure 1.23.
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Figure 1.23: ROC curve for a graphical presentation of the TP rate versus
the FP rate for the four different settings - healthy versus damage 1, healthy
versus damage 2, healthy versus damage 2 with water, and healthy versus all
conditions.

More pronounced the performance is measured in terms of the Area Under the Curve (AUC)
of the given ROC curve. Desirable is 100% of TP alarms without any FP alarms, indicated by an
AUC value of one. Therefore, the utility of the proposed DSF for an SHM system is investigated
by a thorough analysis of the ROC curve in the ensuing chapter. Furthermore, the effect of EOV
is mitigated by either the explicit method, the implicit method, or the combined method.
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Results

To ease the presentation of the results, the section will be divided into main sections compris-
ing the proposed DSF. As suggested in Section 1.3, three distinct approaches to mitigate the
influence of EOV are implemented for each DSF. Furthermore, damage detection without com-
pensating for the effect of EOV serves as a reference. The damage detection approach is build
upon the one-class classifier, the squared Mahalanobis distance. Subsequently, the analysis of
the ROC curve would be the baseline for a comparative analysis of the chosen DSF, as well as
the proposed methods to mitigate the effect of EOV, Figure 2.1.

Figure 2.1: Flow chart of the presentation of the results
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2.1 Natural Frequencies

To extract the estimated natural frequencies from the proposed VAR-model, Equation (1.17),
reference frequencies obtained from peak-picking of the PSD were used to calculate the Eu-
clidean distance, Equation (1.22). Subsequently, the frequencies obtained at a temperature of
0◦C are stated in Table 1.4. This procedure is accompanied by some challenges since variabil-
ity in the natural frequencies due to temperature changes are inevitable. To conquer this issue,
peak-picking of the PSD for each training dataset is conducted to trace the change in reference
frequencies due to temperature changes. The traced natural frequency references for each mode
in Table 1.4 are shown in Appendix A.1.

2.1.1 Explicit compensation

As proclaimed in Section 1.3.1.2, by the utilization of the F-statistic it can be determined which
estimated natural frequency that accepts the regression model of the variability due to the tem-
perature changes. Although an F-statistic above the value of one should be sufficient to reject
the null hypothesis, an adequate threshold should be determined.

First, through an investigation of the MSE for increasing polynomial order of the regression
model, Appendix A.4, a polynomial order of three is chosen. Then, a thorough examination
of the ROC curve derived an adequate threshold of one. The chosen threshold yielded the
acceptance of all nine regression models obtained from training data of the healthy state without
water applied, Figure 2.2.

Figure 2.2: R2 for both the training and validation data of the healthy state,
Table 1.3. For both instances, the value is close to one indicating an accept-
able fit. Furthermore, due to the high F-statistic, all regression models are
adopted with high confidence.
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Since all the estimated natural frequencies accepted their regression model, the mitigation
of the influence of the EOP, namely the measured temperature, is accomplished by Equation
(1.43). The compensation yields the residuals of the estimated natural frequencies, referred to
as the adjusted natural frequencies, for the nine estimated natural frequencies of dataset i:

f̃ff i = fff i − f̂ff (T ) (2.1)

Then, the estimated natural frequencies for all available datasets are adjusted and gathered in a
single DSF matrix:

X̃XX =
[

f̃ff 1 f̃ff 2 . . . f̃ff i

]T
(2.2)

Subsequently, to calculate the squared Mahalanobis distance given in Equation (1.58), the
covariance of the healthy training data is calculated using the available training data (both the
healthy state and the healthy state with water applied, Table 1.3):

Σ̂ΣΣu = X̃XXT
∗ X̃XX∗ (2.3)

Where:

X̃XX∗ = Comprises the adjusted natural frequencies obtained from the specified
training data from both the healthy state and the healthy state with water
applied

Then the squared Mahalanobis distance of each index of X̃XX can be evaluated for the purpose of
damage detection, Figure 2.3. No distinct separations between the different conditions of the
blade are observed complicating the process of detection damages.

Figure 2.3: Squared Mahalanobis distances for all the adjusted natural fre-
quencies according to Equation 2.1
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Lastly is only to evaluate the ROC curve to assess the performance of the damage detection
using natural frequencies estimated from VAR-models as DSF. Furthermore, explicitly com-
pensating for the temperature change, Figure 2.4.

Figure 2.4: ROC curve for the explicit adjusted estimated natural frequen-
cies obtained from VAR-modelling

The AUC for the ROC curves shown in Figure 2.4 for the healthy case versus the different
introduced damages is presented in Table 2.1. Especially for the healthy state versus damage 2
with water applied an acceptable rate of TP alarms is present. Acceptable overall performance
can be deduced but improvement is desirable.

Cases AUC [%]

Healthy versus Damage 1 65.3
Healthy versus Damage 2 67.1

Healthy versus Damage 2 with water 89.0
Healthy versus All 72.2

Table 2.1: AUC for the different cases. Healthy comprises the healthy state
and the healthy state with water applied during the experiment

38



2.1.2 Implicit compensation

While the objective of the previous section was to mitigate the influence of the temperature
changes explicitly, the objective of the forthcoming section is to implicit mitigate the influence
of EOV. The procedure of extracting the estimated natural frequencies is identical to the pro-
cedure in the latter section. The nine estimated natural frequencies from each dataset, fff i, are
gathered in a DSF matrix as:

XXX =
[

fff 1 fff 2 . . . fff i

]T
(2.4)

Then, the calculation of the transformed variables follows the methodology stated in Section
1.3.2.1 where the covariance matrix is defined similarly as Equation (2.3):

Σ̂ΣΣu =XXXT
∗XXX∗ (2.5)

Where:

XXX∗ = Comprises the estimated natural frequencies obtained from the specified
training data from both the healthy state and the healthy state with water
applied

Then by the SVD decomposition of the training DSF matrix XXX∗:

XXX∗ =UUU ·

[
ΛΛΛ

0

]
·VVV T (2.6)

the PCs can be obtained as:

ZZZ =XXX ·VVV =
[

zzz1 zzz2 . . . zzzi

]T
(2.7)

The main objective when PCA is utilized to mitigate the influence of EOV is the removal
of the first PCs since these are assumed to bear most of the variability caused by EOV. The
complex aspect of this procedure is the selection of the first PCs as stated in Section 1.3.2.2.
Prospectively, those PCs which constitute at least 90% of the total variance are kept. By the
means of the total variance of the PCs obtained from the estimated natural frequencies, the first
two PCs are rejected since the first two PCs are below the 90% threshold, Figure 2.5.
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Figure 2.5: The total variance explained by the PCs obtained from the esti-
mated natural frequencies

With the rejection of the first two PCs, the squared Mahalanobis distance would be of a
vector containing the third PC up to the ninth PC for each dataset:

zzzi =
[

z3 z4 . . . z9

]T

i
(2.8)

The squared Mahalanobis distance of each vector, zzzi, is defined as:

d2(zzzi) = zzzT
i ΛΛΛ

−2zzzi (2.9)

where the Mahalanobis distance for the available datasets after implicitly compensating the
effect of EOV in the estimated natural frequencies are presented in Figure 2.6. Similar to the
latter section, no distinct clusters are observed, yet some of the damage conditions tend to have
more variance compared to the healthy state.

Figure 2.6: Squared Mahalanobis distance for the third PC up to the last PC
obtained from the estimated natural frequencies
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With the calculated squared Mahalanobis distance of each PC vector, zzzi, where the first two
are rejected, the graphical illustration of the FP alarms versus the TP alarms can be performed
in terms of the ROC curve, Figure 2.7.

Figure 2.7: ROC curve for the estimated natural frequencies where the in-
fluence of EOV is implicit mitigated by the use of PCA

To clarify the performance of the damage detection approach the AUC of the ROC curve is
presented in Table 2.2. The approach is while using estimated natural frequencies and implicit
mitigate the effect of EOV.

Cases AUC [%]

Healthy versus Damage 1 58.9
Healthy versus Damage 2 64.3

Healthy versus Damage 2 with water 86.4
Healthy versus All 68.6

Table 2.2: AUC for the different cases. Healthy comprises the healthy state
and the healthy state with water applied during the experiment

A minor reduction in the performance of the damage detection method is observed, Table
2.2, compared to Table 2.1 although the utilized DSF are identical.
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2.1.3 Combined compensation

To improve the performance of the damage detection, a combined approach to mitigate the ef-
fect of EOV is suggested in Section 1.3.3. The procedure is similar to the above-mentioned
section except for the rejection of the first PCs. Regression models of each PC are obtained
using Bayesian non-linear regression, Section 1.3.1.1, with the measured temperature as input.
The polynomial order is set to eight by an examination of the MSE with an increasing polyno-
mial order, Appendix A.4. Then, those PC which accepts their regression model are adjusted
according to Equation (1.57).

The choice of an adequate threshold in the F-statistic stem from an investigation of the ROC
curve with different thresholds. Subsequently, a suitable threshold in the F-statistic appears
to be a value of one. With the specified threshold, all PCs accepted their regression model
where the regression models are trained using training data from the healthy state without water
applied, Figure 2.8. However, low R2 values indicate either poor fits or high level of variance in
the PCs. Since the F-statistics are assumed to be high enough to deduce a correlation between
the measured temperatures and the variability in each PC, a vector containing the nine PCs for
each dataset are adjusted using the obtained regression models:

z̃zzi = zzzi − ẑzz(T ) (2.10)

and then gathered in one matrix as:

Z̃ZZ =
[

z̃zz1 z̃zz2 . . . z̃zzi

]T
(2.11)

Figure 2.8: Statistics of the accepted regression models. Poor R2 values are
observed yet the F-statistic is above the specified threshold
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After mitigating the influence of temperature changes in the PCs, the squared Mahalanobis
distance can be calculated similarly to Equation (2.9). However, the adjusted PC vector, Z̃ZZi, is
used for each dataset:

d2(Z̃ZZi) = Z̃ZZT
i ΛΛΛ

−2Z̃ZZi (2.12)

The squared Mahalanobis distances for all available datasets are presented in Figure 2.9.

Figure 2.9: Squared Mahalanobis distance of the adjusted PCs

If the squared Mahalanobis distances, Figure 2.9, are compared to squared Mahalanobis
distances for the explicit and implicit approach for mitigating the effect of EOV, Figure 2.3 and
2.6, a distinct difference is complicated to deduce. Therefore, in terms of comparative analysis,
the ROC curve is presented, Figure 2.10.
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Figure 2.10: ROC curve for the estimated natural frequencies where the
effect of temperature changes are compensated in the PCs, Section 1.3.3

and a clarification of the AUC of the ROC curves for the damage detection method is shown
in Table 2.3. The method is based on the utilization of the natural frequencies as DSF and the
effect of EOV is mitigated with a combined method.

Cases AUC [%]

Healthy versus Damage 1 68.5
Healthy versus Damage 2 67.5

Healthy versus Damage 2 with water 89.4
Healthy versus All 73.4

Table 2.3: AUC for the different cases. Healthy comprises the healthy state
and the healthy state with water applied during the experiment

Compared to the previous two sections concerning the explicit and implicit methods, in
general, a minor improvement is observed indicating the advantage of the combined method
where none of the PCs are rejected.
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2.1.4 No compensation

To identify which of the proposed methods to mitigate the effect of EOV are most efficient
for this setup, each method should be compared to a damage detection approach without any
compensation. Therefore, the squared Mahalanobis distance is calculated directly from the nine
estimated natural frequencies from dataset i:

d2
(

fff i,Σ̂ΣΣu

)
= ( fff i −µµµ∗)

T
Σ̂ΣΣ
−1
u ( fff i −µµµ∗) (2.13)

Where:

fff i = Vector comprising the nine estimated natural frequencies from
VAR-modelling of dataset i

Σ̂ΣΣu = Covariance matrix of the estimated natural frequencies only for the
healthy training state (Both healthy state and healthy state with water
applied)

µµµ∗ = Mean value of the estimated natural frequencies only for the healthy
training state, with and without water applied

The squared Mahalanobis distances for all available datasets, Figure 2.11, do not contain
any observable separation equivalent to the previous observations, Figure 2.3, 2.6 and 2.9.

Figure 2.11: Squared Mahalanobis distance of the estimated natural fre-
quencies

Afterwards, an analysis of the ROC curve provides a more accurate estimation of the damage
detection performance. The approach is with the utility of estimated natural frequencies without
any compensation, Figure 2.12.
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Figure 2.12: ROC curve for the squared Mahalanobis distances of the esti-
mated natural frequencies without any compensation

and the associated AUC for each of the conditions to assess the performance of the damage
detection approach, Table 2.4.

Cases AUC [%]

Healthy versus Damage 1 66.3
Healthy versus Damage 2 64.3

Healthy versus Damage 2 with water 89.1
Healthy versus All 71.1

Table 2.4: AUC for the different cases. Healthy comprises the healthy state
and the healthy state with water applied during the experiment

The AUC in Table 2.4 serves as a reference to deduce if the previous three sections im-
prove the performance of detection damages. Both the explicit method and the combined im-
plicit/explicit have higher AUC values than the reference. In addition, the implicit method have
a reduced performance compared to the reference.
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2.2 Damping Ratios

After extraction of the estimated natural frequencies, Section 2.1, the appertaining damping
ratios can be determined according to Equation (1.18). The same indices of Equation (1.16) as
for the estimated natural frequencies are utilized. These damping ratios are gathered in a vector
containing nine damping ratios for each dataset. Then each vector is used as DSF while the
proposed methods to mitigate the effect of EOV are utilized in the ensuing sections.

2.2.1 Explicit compensation

To trace the influence caused by the temperature changes, the MSE of increasing polynomial
order is examined to select a suitable order for the Bayesian non-linear regression models.
The examination led to a polynomial order of five, Appendix A.5. Next is to determine a
suitable threshold for the F-statistic to deduce which of the estimated damping ratios accept
their regression model or not. By an investigation of the ROC curve for different thresholds,
a suitable threshold is set to 200. Thereby, six of the nine estimated damping ratios in total
accepted their regression model. The regression models are trained using training data of the
healthy state without water applied, Figure 2.13.

Figure 2.13: 6 out of 9 of the damping ratios accepted their regression model
with the specified threshold. An acceptable R2-value is observed both for the
training and validation set (healthy state without water). Furthermore, the
level of F-statistics appears to be sufficient to accept the regression models.
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For those estimated damping ratios that accepted the regression model, the estimated damp-
ing ratio is compensated using the regression model. For those estimated damping ratios that
rejected their regression model, the mean value is subtracted. The mean value is obtained from
the training data of the healthy state without water applied. For dataset i this is expressed as:

ζ̃ζζ i =



ζb1

ζb2

ζb3

ζt1

ζt2

ζt3

ζ f1

ζ f2

ζ f3


i

−



ζ̂b1

ζ̂b2

ζ̂b3

ζ̂t1

ζ̂t2

µt3

ζ̂ f1

µ f2

µ f3


(T )

(2.14)

For the calculation of the squared Mahalanobis distances for all datasets, the approach is
similar to the calculation of the squared Mahalanobis distances in Section 2.1.1. The DSF
vector, X̃XX , comprises the nine estimated damping ratios for each dataset:

X̃XX =
[

ζ̃ζζ 1 ζ̃ζζ 2 . . . ζ̃ζζ i

]T
(2.15)

All of the squared Mahalanobis distances are then evaluated, Figure 2.14.

Figure 2.14: Squared Mahalanobis distances for the explicit compensated
estimated damping ratios

No distinct clusters are observed between the different conditions of the blade, possibly
reducing the performance of the damage detection approach. A more accurate evaluation of the
performance is obtained by the ROC curve for each condition, Figure 2.15.
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Figure 2.15: ROC curve when the damping ratios are used as DSF and
the influence of temperature changes is explicit compensated in 6 out of 9
damping ratios.

Lastly, the AUC of the ROC curves are presented in Table 2.5 for clarification and to ease
the accessibility. The individual and overall performances are poorly indicated by a ratio of
nearly 50% FP alarms versus TP alarms.

Cases AUC [%]

Healthy versus Damage 1 50.2
Healthy versus Damage 2 48.6

Healthy versus Damage 2 with water 64.8
Healthy versus All 53.1

Table 2.5: AUC for the different cases. Healthy comprises the healthy state
and the healthy state with water applied during the experiment

2.2.2 Implicit compensation

The procedure in Section 1.3.2 to implicit mitigate the effect of EOV is utilized similarly to the
implicit compensation of the estimated natural frequencies, Section 2.1.2. The only exception
is the usage of the estimated damping ratios as DSF. First, the cumulative variance for each PCs
is calculated to deduce the rejection process of those PCs which are assumed to bear most of
the variability caused by EOV. According to the statement in Section 2.1.2, only the eighth and
ninth PC are chosen due to the 90% threshold of the total variance, Figure 2.16.
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Figure 2.16: The cumulative variance of the PCs obtained from a transfor-
mation of the estimated damping ratios

With the rejection of most of the PCs, the squared Mahalanobis distance for each dataset,
both testing and training, are evaluated similarly to Equation (2.9). The PC vector, zzzi, comprises
the eighth and ninth PC:

zzzi =

[
z8

z9

]
(2.16)

A visual inspection of the squared Mahalanobis distances for all the available datasets reveals
one common cluster rather than distinct clusters for each group of damage, Figure 2.17. This
indicates poor damage detection performance similar to the aforementioned section.

Figure 2.17: Squared Mahalanobis distances for the PCs obtained from the
estimated damping ratios

To infer a poor damage detection performance while using estimated damping ratios as DSF
and the effect of EOV is implicit mitigated, an analysis of the ROC curve is essential. The ability
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to detect damages for each condition of the blade is graphically illustrated in terms of FP alarms
versus TP alarms, Figure 2.18.

Figure 2.18: ROC curve to analyze the FP alarms versus the TP alarms

Further clarification of the performance is obtained by an analysis of the AUC for the ROC
curves. The AUC for each scenario is given in Table 2.6. A minor reduction for all conditions
is observed compared to Table 2.5 where the same estimated damping ratios are explicit com-
pensated for the influence of the temperature changes. In general, the ratio of FP alarms versus
TP alarms is around 50% which is inappropriate in the context of an SHM system.

Cases AUC [%]

Healthy versus Damage 1 48.4
Healthy versus Damage 2 45.8

Healthy versus Damage 2 with water 55.5
Healthy versus All 49.0

Table 2.6: AUC for the different cases. Healthy comprises the healthy state
and the healthy state with water applied during the experiment
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2.2.3 Combined compensation

Since most of the PCs were rejected while following the PCA methodology, the proposed com-
bined method, Section 1.3.3, could improve the ability to detect damages since all PCs are used.
The procedure is to first transform the given variables to obtain the PCs. The SVD of the train-
ing data (both healthy state and healthy state with water) is used for this purpose. Next, instead
of rejecting most of the PCs, regression models for each of PCs are trained to trace possible
trends caused by temperature changes (training data for the regression models origins from the
healthy state without water applied). By introducing a certain threshold in the F-statistics, each
PC is adjusted if the regression model is accepted.

First, by an examination of the MSE for increasing polynomial order, a polynomial order
of seven is chosen to trace the trend in the PCs, Appendix A.5. Then, by a thorough investi-
gation of the ROC curve for different levels of threshold in the F-statistic, a threshold of one
is chosen. Consequently, all nine regression models are accepted by their PC. The fit of the
regression models is deficient indicated by a low R2 although the F-statistics of the training data
are above the specified threshold, Figure 2.19. This might be an indication of poor estimates.
The adjustment of the nine PCs for dataset i is carried out as:

z̃zzi = zzzi − ẑzz(T ) (2.17)

and the PCs for all available datasets are adjusted by the regression models trained using the
specified training data:

Z̃ZZ =
[

z̃zz1 z̃zz2 . . . z̃zzi

]T
(2.18)

Figure 2.19: Measurements of how well the regression models fit the data
utilizing the R2 value and F-statistic
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With the adjustment of the PCs for dataset i, the evaluation of the squared Mahalanobis
distance can be performed similarly to Equation (2.12). The squared Mahalanobis distances for
all datasets, Figure 2.20, does not indicate a proper damage detection performance using the
estimated damping ratios as DSF and the proposed combined method to mitigate the effect of
EOV. However, less variance is observed within each condition.

Figure 2.20: Squared Mahalanobis distance for each dataset when the esti-
mated damping ratios as utilized as DSF and the proposed combined method
to mitigate the effect of EOV is used

To analyze the damage detection performance, the ROC curve provides a better estimate of
the performance. Diagonal lines indicate 50% possibility of TP alarms.

Figure 2.21: FP versus TP alarms of the damage detection technique
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And lastly, the AUC of the ROC curves provides a clarification of the performance which
will be used for the comparative analysis, Table 2.7. If Table 2.7 is compared to the latter sec-
tion, Table 2.6, an improvement is observed using all PCs proposed in the combined methodol-
ogy to mitigate the effect of EOV.

Cases AUC [%]

Healthy versus Damage 1 49.5
Healthy versus Damage 2 48.9

Healthy versus Damage 2 with water 66.2
Healthy versus All 53.5

Table 2.7: AUC for the different cases. Healthy comprises the healthy state
and the healthy state with water applied during the experiment

2.2.4 No compensation

In the aforementioned sections, the nine estimated damping ratios are used as DSF where the
effect of EOV is mitigated both implicit, explicit and with a combination. To deduce the ef-
ficiency of the methods utilized to mitigate the effect of EOV, a damage detection technique
straightly from the obtained DSF is performed.

The squared Mahalanobis distance can be calculated directly from the estimated damping
ratios, comprised in a vector for each dataset:

ζζζ i =
[

ζb1 ζb2 ζb3 ζt1 . . . ζ f1 . . . ζ f3

]T

i
(2.19)

and with the mean value and covariance obtained from the training data, the squared Maha-
lanobis distance can be calculated as:

d2(ζζζ i,Σ̂ΣΣu) = (ζζζ i −µµµ∗)
T

Σ̂ΣΣ
−1
u (ζζζ i −µµµ∗) (2.20)

Where:

Σ̂ΣΣu = Covariance matrix of the estimated damping ratios only for the healthy
training state (Both healthy state and healthy state with water applied)

µµµ∗ = Mean value of the estimated damping ratios only for the healthy training
state, with and without water applied

The squared Mahalanobis distance for each dataset, both training and testing datasets, are
evaluated and illustrated in Figure 2.22. The damage detection performance can be complicated
to deduce from an analysis of the squared Mahalanobis distance since no distinct separations
are present.
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Figure 2.22: Squared Mahalanobis distance for each dataset when the esti-
mated damping ratios are used as DSF. No compensation for the temperature
changes is implemented

An estimate of the damage detection performance is more accurately obtained by an analysis
of the ROC-curve, Figure 2.23. An improvement in the ability to detect the present damages is
not seen.

Figure 2.23: ROC curves for the different conditions of the blade using es-
timated damping ratios as DSF. Furthermore, no compensation for the tem-
perature influence is done

Lastly, to clarify the performance of the damage detection technique, the AUC of the ROC
curves are presented in Table 2.8. Although the ability to detect the damages is not improved,
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the performance is similar to previous sections, Section 2.2.1, 2.2.2 and 2.2.3, with minor vari-
ations.

Cases AUC [%]

Healthy versus Damage 1 48.1
Healthy versus Damage 2 47.4

Healthy versus Damage 2 with water 63.1
Healthy versus All 51.6

Table 2.8: AUC for the different cases. Healthy comprises the healthy state
and the healthy state with water applied during the experiment

2.3 AR coefficients

The previous sections were based on the modal parameters as DSF, namely the natural fre-
quencies and damping ratios. The modal parameters were estimated using a VAR-model of
the signals for each dataset. Specifically, the AR coefficients of the VAR-model are utilized
to estimate the natural frequencies and damping ratios, Equation (1.17) and (1.18). Therefore,
the AR coefficients are assumed to hold at least as much information of the damages as the
estimated modal parameters derived from the coefficients. In Section 1.2.1.1 a model order of
65 is chosen for the VAR-models. Therefore, the amount of AR coefficients for each dataset is
the model order, na, times the number of responses, np, squared:

NΘ = na ·n2
p = 65 ·42 = 1040 (2.21)

Whether or not the AR coefficients are affected by the temperature changes, or any other EOV,
is unknown. Therefore, in the following sections the influence, if present, will be mitigated
explicit, implicit and with a combination hereof to analyze the ability to detect the present
damages.

2.3.1 Explicit compensation

For each AR coefficient obtained from the training datasets (healthy state without water ap-
plied), regression models are trained with the temperature as input to trace any variability. The
variability is assumed to be caused by the temperature changes. If the AR coefficients accept
their regression model by the means of a sufficient F-statistic, the variability is caused by the
temperature changes. Consequently, the AR coefficients which have accepted their regression
model are adjusted by subtracting the regression models. Furthermore, those AR coefficients
that rejected their regression model are left as original except a normalization by the mean value
is conducted.
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By a thorough investigation of the MSE for increasing polynomial order of different AR
coefficients, a polynomial order of eight is chosen for the regression models, Appendix A.6.
Subsequently, a suitable threshold for the F-statistics to deduce whether or not the regression
models are accepted is obtained by investigating the ROC curve for different levels of thresh-
olds. A suitable threshold is chosen to be 350, contributing that 178 AR coefficients accepted
their regression models. In general, the fit of the accepted regression models is acceptable
indicated by a high R2 value, Figure 2.24.

Figure 2.24: Statistics of the accepted regression models. Both the R2 values
and F-statistics indicates an acceptable fit

The indices of the AR coefficients that accepted their regression model in the training phase
(using training data of the healthy state without water applied) are used to adjust the AR coeffi-
cients obtained from each dataset:

Θ̃ΘΘi =ΘΘΘi −Θ̂ΘΘ(T ) (2.22)

Where:

Θ̂ΘΘ(T ) = Is a vector containing indices of all 1040 coefficients. The indices of
the accepted regression models comprise the 178 accepted models. The
indices of the rejected regression models are substituted by their mean
value obtained from the same training data

After the adjustment of all coefficients for each dataset, the variables are gathered in a
common DSF matrix:

X̃XX =
[

Θ̃ΘΘ1 Θ̃ΘΘ2 . . . Θ̃ΘΘi

]T
(2.23)
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The covariance matrix, Σ̂ΣΣu, is calculated similar to Equation (2.3) while using the DSF matrix
in Equation (2.23). The squared Mahalanobis distance of each index in X̃XX can be calculated as:

d2(X̃XX i,Σ̂ΣΣu) = X̃XXT
i Σ̂ΣΣ

−1
u X̃XX i (2.24)

All squared Mahalanobis distances are evaluated, Figure 2.25. Distinct clusters for each
condition of the blade are observed indicating a high-performance damage detection technique.

Figure 2.25: Squared Mahalanobis distances for the adjusted DSF com-
prised the AR coefficients

To deduce the performance of the damage detection technique where the AR coefficients
are used as DSF and the influence of temperature changes are explicit compensated, the ROC
curve is presented, Figure 2.26.

Figure 2.26: ROC curve for illustrating the performance of the damage de-
tection technique
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And lastly, the AUC of the ROC curves are presented for clarification, Table 2.9. A high TP
rate is present, indicating the AR coefficients are sensible towards the introduced damages after
explicit mitigate the influence of temperature changes.

Cases AUC [%]

Healthy versus Damage 1 99.8
Healthy versus Damage 2 99.8

Healthy versus Damage 2 with water 99.8
Healthy versus All 99.8

Table 2.9: AUC for the different cases. Healthy comprises the healthy state
and the healthy state with water applied

2.3.2 Implicit compensation

In the latter section, the AR coefficients were revealed to be sensitive towards the introduced
damages after the influence of temperature changes is mitigated. The latter approach was with
an explicit compensation. In the following section, the effect of EOV is mitigated implicit by
the use of the proposed PCA methodology. The AR coefficients for each dataset are gathered
in a common DSF matrix:

XXX =
[

ΘΘΘ1 ΘΘΘ2 . . . ΘΘΘi

]T
(2.25)

then by SVD of the training indices of XXX (both the healthy state and healthy state with water
applied), the right singular vector matrix, VVV , is obtained. The right singular vector matrix is
then used for transformation of the DSF according to Section 1.3.2:

ZZZ =XXX ·VVV (2.26)

To deduce the rejection of the first PCs, the cumulative variance of the PCs is evaluated, Figure
2.27. As stated in Section 2.1.2 those PCs below a threshold of 90% of the total variance
are rejected. Therefore, the first 83 PCs are rejected out of 792 PCs in total for each dataset.
Furthermore, the last 92 PCs are also rejected since it is assumed that they comprise noise,
primarily.
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Figure 2.27: Cumulative variance of the PCs obtained from the AR coeffi-
cients

Subsequently, the vector of PCs for each dataset after rejecting those PCs that are assumed
to bear most of the influence caused by EOV takes the form of:

zzzi =
[

z84 z85 . . . z700

]T
(2.27)

and the squared Mahalanobis distance for each dataset can be evaluated similarly to Equation
(2.9) with the use of zzzi. An evaluation of the distances for all available datasets, Figure 2.28,
showed distinct clusters for each of the conditions. However, less distinct clusters compared to
the latter section.

Figure 2.28: Squared Mahalanobis distances for all available data when the
effect of EOV is implicit mitigated with the use of PCA

The probability of detecting damages, the TP alarms, is illustrated against the probability of
detecting false damages, the FP alarms, to visualize the performance of the proposed damage
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detection approach, Figure 2.29. The ROC curve indicates almost perfect damage detection
with a high rate of TP alarms with almost no FP alarms.

Figure 2.29: The probability of TP alarms versus the probability of FP
alarms graphical illustrated by the ROC curve

Exactly how accurate the damage detection approach emerges to be is clarified by the AUC
for the ROC curves, Table 2.10. For all indices of damages introduced, the AUC is close to
one. A value close to one indicates TP alarms with almost no FP alarms. The performance is
practically identical to the latter section. A close inspection of the upper left corner of the ROC
curve indicates a slight reduction compared to the latter section, yet not significant enough to
be measurable by the first decimal of the AUC-values.

Cases AUC [%]

Healthy versus Damage 1 99.8
Healthy versus Damage 2 99.8

Healthy versus Damage 2 with water 99.8
Healthy versus All 99.8

Table 2.10: AUC for the different cases. Healthy comprises the healthy state
and the healthy state with water applied
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2.3.3 Combined compensation

Despite the previous sections showing accurate detection of the damaged states, the combined
method to mitigate the effect of EOV is investigated. The procedure is similar to the latter
section except no PCs are rejected. Instead, regression models of each PC are trained using
the specified training data (healthy state without water applied). Subsequently, by a sufficient
level of F-statistics, some of the regression models are accepted and thereby the respective PC
is adjusted. As a consequence, the first PCs are not rejected but utilized for damage detection.
However, the last PCs are rejected due to noise similar to the previous section.

For determination of the polynomial order of the regression model, the MSE for an increas-
ing polynomial order is analysed, Appendix A.6. The analysis led to a polynomial order of 10.
Afterwards, an adequate threshold in the F-statistic for acceptance of the regression models is
obtained by a thorough analysis of the ROC curve for different thresholds. The threshold is set
to five, leading to the acceptance of 27 regression models out of 792 models in total, Figure
2.30. It is observed that the PCs which accepted their regression models primarily consist of the
first PCs. This indicates the sensitivity towards the temperature changes are high for the first
PCs.

Figure 2.30: Fitness statistics of the accepted regression models by mean of
the R2 values and F-statistics

Those PCs that accepted their regression model are adjusted by subtracting the regression
model leaving the residuals for further usage. Those PCs which rejected their regression model
are kept as original. The PCs for dataset i then comprises 700 PCs, some adjusted and some
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not:

z̃zzi,[700×1] (2.28)

which is gathered in a common DSF matrix for the PCs of all available datasets:

Z̃ZZ =
[

z̃zz1 z̃zz2 . . . z̃zzi

]T
(2.29)

With the common DSF matrix, Z̃ZZ, the squared Mahalanobis distance for each index of Z̃ZZ can
be calculated to evaluate if the damage states can be detected by the suggested approach. The
squared Mahalanobis distance for each index of Z̃ZZ can be calculated as Equation (2.12).

Figure 2.31: Squared Mahalanobis distances for each dataset, both training,
validation and testing

The squared Mahalanobis distance for each dataset is evaluated, Figure 2.31. Evident clus-
ters are observed similarly to the previous section where the effect of EOV was implicit mit-
igated. A performative analysis of the damage detection approach utilizing the ROC curve is
presented in Figure 2.32.
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Figure 2.32: ROC curve to visualize the performance of the damage detec-
tion approach

Lastly, the AUC for the ROC curves are presented for clarification and to ease the compar-
ative analysis of each method, Table 2.11. The ability to detect the damages is identical to the
previous sections.

Cases AUC [%]

Healthy versus Damage 1 99.8
Healthy versus Damage 2 99.8

Healthy versus Damage 2 with water 99.8
Healthy versus All 99.8

Table 2.11: AUC for the different cases. Healthy comprises the healthy state
and the healthy state with water applied

2.3.4 No compensation

From a comparative perspective of the three latter methods for mitigating the effect of EOV, an
approach without any compensation is implemented. Therefore, the AR coefficients for each
dataset:

ΘΘΘi =
[

A1,1 A1,2 . . . A1,4 A2,1 . . . Ana·np,np

]T
(2.30)

are gathered in a common DSF matrix containing the coefficients for all available datasets:

XXX =
[

ΘΘΘ1 ΘΘΘ2 . . . ΘΘΘi

]T
(2.31)
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Subsequently, the squared Mahalanobis distance for each index of XXX is calculated using the
mean value and covariance matrix obtained from the training data (healthy state and healthy
state with water applied):

d2(ΘΘΘi,Σ̂ΣΣu) = (ΘΘΘi −µµµ∗)
T

Σ̂ΣΣ
−1
u (ΘΘΘi −µµµ∗) (2.32)

The squared Mahalanobis distances for all datasets are evaluated, Figure 2.33. Again, distinct
clusters are observed indicating an acceptable damage detection performance.

Figure 2.33: Squared Mahalanobis distances for the AR coefficients as DSF
and the effect of EOV neglected

An analysis of the ability to detect the present damages is accomplished by the ROC curve
where the probability of TP alarms versus the probability of FP alarms is visualized, Figure
2.34.
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Figure 2.34: ROC curves for the different conditions of the blade versus the
healthy state

A visual inspection of the ROC curve, Figure 2.34, states a well-functional damage detection
technique towards the introduced damages. As a clarification, the AUC of the ROC curves are
gathered and presented, Table 2.12.

Cases AUC [%]

Healthy versus Damage 1 99.8
Healthy versus Damage 2 99.8

Healthy versus Damage 2 with water 99.8
Healthy versus All 99.8

Table 2.12: AUC for the different cases. Healthy comprises the healthy state
and the healthy state with water applied

The performance for the explicit, the implicit and the combined method to mitigate the
effect of EOV are identical to the approach with no compensation, at least concerning the first
decimal of the AUC-values. A visual inspection of the ROC curves deduces that the explicit
approach and the approach with no compensation should have the highest AUC value. At least
if more decimals were used.
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2.4 Overview

For further discussion, an overview of the previous results is gathered, Table 2.13. The table
of results also serves as an easily accessible comparative analysis. An apparent observation of
the table is the performance of detecting the damages with the use of AR coefficients as DSF.
Independent of the method utilized to mitigate the effect of EOV, the performance is unchanged.

H-D1 H-D2 H-D2w H-All

Natural frequencies, f̂

Explicit method 65.3% 67.3% 89.0% 72.2%

Implicit method 58.9% 64.3% 86.4% 68.6%

Combined method 68.5% 67.5% 89.4% 73.4%

No compensation 66.3% 64.3% 89.1% 71.1%

Damping ratios, ζ̂

Explicit method 50.2% 48.6% 64.8% 53.1%

Implicit method 48.4% 45.8% 55.5% 49.0%

Combined method 49.5% 48.9% 66.2% 53.5%

No compensation 48.1% 47.4% 63.1% 51.6%

AR coefficients, Θ̂

Explicit method 99.8% 99.8% 99.8% 99.8%

Implicit method 99.8% 99.8% 99.8% 99.8%

Combined method 99.8% 99.8% 99.8% 99.8%

No compensation 99.8% 99.8% 99.8% 99.8%

Table 2.13: AUC of the ROC curves for the healthy versus all other condi-
tions of the blade using the proposed features as DSF and different methods
to mitigate the effect of EOV

Subsequently, with the presentation of the results, is only left to evaluate critically and
compare each approach and outcome. These evaluations are carried out in the ensuing chapter.
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Discussion

The division of the results into three main sections comprised of each DSF derives a similar
split of the discussion. Therefore, the discussion will take part in three subsections comprised
of each proposed DSF. In each subsection, the methods utilized to mitigate the effect of EOV
are discussed. Lastly, a common discussion of the overall methodologies are conducted, Figure
3.1.

Figure 3.1: Flowchart of the division of the discussion

3.1 Natural frequencies

The estimated natural frequencies used for damage detection originate from VAR-models where
the extracting process involves the Euclidean distance to a reference frequency. The reference
frequencies are obtained in two main steps. First, the modes of interest are selected for a single
dataset of the healthy state at 0◦C. This is accomplished by picking all possible resonances
observed in the PSD of the specific dataset, Figure 1.7. These resonances are utilized as refer-
ences to extract all possible modes of the VAR model. By an analysis of the mode shapes hereof,
Figure 1.9, nine modes are selected which are assumed to be physical modes due to their be-
haviour. Next, reference models of the nine modes variability due to temperature changes in
the training data are obtained by peak-picking in the PSD for each temperature setting in the
range of [−20◦C;4◦C;20◦C]. The variability is then traced by the use of Bayesian non-linear
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regression, Appendix A.1. These regression models comprise the reference frequencies. One
disadvantage of using the Euclidean distance is the risk of extracting spurious modes with the
belief of extracting physical modes. If the damaged state of the blade alters the estimated fre-
quencies from the VAR model, a possibility that the Euclidean distance to the frequency of
interest increases. Thereby, the frequency of interest may not be the one with the minimum dis-
tance anymore. Therefore, the estimated frequencies used as DSF might hold spurious modes
following the trend of the reference frequencies instead of the trend of the damaged state. If so,
it would decrease the ability to detect the damages. Therefore, an increment of the AUC-values
is assumed if the accuracy of the estimated natural frequencies is increased. Such enhancement
could be obtained by using reference mode shapes instead of reference frequencies, assumably.
The reference mode shapes are given by the analysis in Section 1.2.1.2. Another possibility
could be to extract stable poles in a range of model orders similar to the frequency stabilization
plot, Figure 1.4. Yet this method increases the complexity significantly since the VAR-models
should be calculated with increasing model orders instead of a single model order.

With the utility of the estimated frequencies as DSF, three methods to mitigate the effect
of EOV are investigated. Additionally, a damage detection approach with no compensation is
conducted as a reference. Generally, the explicit method to mitigate the effect of EOV increases
the detectability. However, only a small increment is observed compared to the reference with
no compensation. In Section 1.3.1.4 a variability in the estimated natural frequencies due to
temperature changes is observed. Therefore, it was expected that the explicit approach should
have had a higher performance of damage detection than observed since the regression models
traced this trend with an accurate fit, Figure 2.2. If the squared Mahalanobis distances, Figure
2.3, are analyzed, the variance of the distances within each condition of the blade is significant.
Significant variance within each condition might indicate high variance between the multivariate
DSF vectors for each dataset. If the accuracy of the estimated natural frequencies is enhanced,
the ability to detect damages should also improve.

The implicit approach to mitigate the effect of EOV was based on the PCA methodology.
A decision of rejecting those PCs below a threshold of 90% of the total variance yielded the
rejection of the first two PCs for each dataset. Since the data origins from an experimental
setup, it is expected that the temperature changes account for most of the variability. Yet the
advantage of following the PCA methodology to mitigate the effect of EOV is among others
that any unknown EOPs (unknown comprise non-measured) are mitigated likewise the known
EOPs. Despite this expected advantage, a decrease in the AUC-values is observed compared
to the reference with no compensation. The aforementioned variance of the estimated natural
frequencies should not decrease the AUC-values more than observed for the reference. There-
fore, it might indicate that the first two PCs hold information concerning the damages. If so,
that information has been lost due to the rejection part of the PCA methodology.

The contention of the first PCs holds information regarding the damaged state is the essence
of the combined method. For the implicit approach of mitigating the influence of EOV, the
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first two PC was rejected. The rejection hereof worsens the performance of the damage detec-
tion. Following the combined methodology, a suggestion of lowering the threshold for the PCA
methodology can be made. The fit of the regression models indicates which PCs are correlated
to the effect of temperature changes. If the fit of the regression models is analyzed, Figure 2.8,
the first PC is highly correlated with the temperature as the only PC reasoned by a high R2

value. Therefore, a presumption of increased AUC-values if only the first PC is rejected fol-
lowing the PCA methodology appears to be valid. Succeeding the proposed combined method
all nine PCs are adjusted according to the respective regression model. Despite the same high
variance for the squared Mahalanobis distances within the conditions of the blade, Figure 2.9,
the AUC-values are elevated. Therefore, some information regarding damages must be held by
the first PCs.

3.2 Damping ratios

As discussed in the previous section, Section 3.1, the process of extracting the modal parameters
might conflict with the presumption of rejecting spurious modes. Moreover, statements of the
complicated aspects associated with the estimation of damping insinuate the usage of damping
ratios as DSF can be arduous. Significant variance in three out of nine estimated damping ratios
shown are observed, Figure 1.14. The vast amount of outliers due to the high variance affects
the regression models to some extent leading to poor compensation. Yet the performance of
the damage detection approach when the temperature changes are explicitly compensated does
not differ significantly from the approach with no compensation. This indicates either that the
estimated damping ratios are not influenced by the temperature changes or that the regression
models do not trace the trend sufficiently. Due to the high variance observed, it is most likely
the regression models do not trace the trend. Additionally, the high variance observed in the
estimated damping ratios is also present in the squared Mahalanobis distances, Figure 2.14.
In the latter section, the explicit compensation while using the estimated natural frequencies
showed acceptable functionality. Therefore, the poor detectability using the estimated damping
ratios as DSF and explicitly compensating for the temperature changes seems to be caused by
poor estimates.

To implicitly compensate for the effect of EOV, the PCA methodology is pursued with
the rejection of those PCs that are below the 90% threshold of the cumulative variance plot.
The rejection process led to the rejection of seven out of nine PCs. With only two PCs for
each dataset the squared Mahalanobis distances showed no distinct clusters of the conditions,
Figure 2.17. Observably, the same amount of variance for the explicit compensation approach
is present even with some increment. Analyzing the ROC curves and the associated AUC-
values indicates an unsuitable technique for damage detection since the probability of TP and
FP alarms is nearly equal, Figure 2.18. Moreover, lower values of the AUC compared to both
the reference approach and the explicit compensation approach are noticed. The reduced AUC-
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values indicate some information about the damages is removed in the rejection process of the
PCs. A similar assumption was made in the latter section. However, it is assumed that the
detectability will increase if more accurate estimates of the damping ratios can be conducted.

The statement of some information regarding the damages being lost in the process of re-
jecting PCs is endorsed by analyzing the proposed combined methodology while using the
estimated damping ratios. The regression models of the nine PCs have a poor fit indicated by a
low R2 value and low F-statistics. Furthermore, the F-statistics of the validation data are below
one. It is arguable whether or not the null hypothesis can be rejected when the F-statistics of
the validation data are below one. Yet the null hypothesis is chosen to be rejected since high
variance were present in the estimated damping ratios leading to poor fits of the PCs, assumably.
The fit of the regression model of the first PC appears to have a minor increment yielding some
dependency towards the temperature changes. Therefore, lowering the threshold of the PCA
methodology to implicitly mitigate the effect of EOV might improve the ability to detect dam-
ages. The usage of the proposed combined method to mitigate the influence of EOV did show
the best performance in detecting the introduced damages, yet unsuitable due to AUC-values
near 50%. However, the improvement using the combined method where all PCs are included
provides some validation for the statement regarding the loss of information about the damages
following the PCA methodology.

3.3 AR coefficients

The two aforementioned sections are based on building a damage detection approach using
modal parameters as DSF, namely the estimated natural frequencies and estimated damping
ratios. The estimation of natural frequencies and damping ratios origins from a VAR-model
of each dataset. Prior to the eigenvalue decomposition, Equation (1.16), the AR coefficients
are determined and utilized for the eigenvalue decomposition through a state space representa-
tion. Therefore, the information regarding the damages held by the estimated modal parameters
was expected not to be any greater than the information held by the AR coefficients. Thus an
expectation of improved ability to detect damages using the AR coefficients as DSF appeared
correctly. The expectation is fulfilled if the damage detection approach with no compensation
regarding the effect of EOV is analyzed, Table 2.13. Despite the approach with no compen-
sation yielded high AUC-values, it was still investigated whether or not the explicit, implicit,
or combined method to mitigate the influence of EOV could increase the AUC-values. How-
ever, no significant improvements were observed. Still, different observations of interest were
conducted, clarified in the following discussion.

Pursuing the proposed explicit method to mitigate the effect of temperature changes led
to the acceptance of 178 regression models out of 1040 possible, Figure 2.24. The majority
of the coefficients rejected their regression model, which can be caused for several reasons.
One possible cause could be that the majority of the coefficients are insensitive towards tem-
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perature changes. However, this is assumed to be incorrect since some affecting is observed
in the squared Mahalanobis distances of the reference with no compensation, 2.33. The pre-
sentation of the squared Mahalanobis distances is sorted from the lowest temperature to the
highest for each group. Another possibility is that the coefficients comprise noise or other vari-
ability which cannot be predicted by regression models where the temperature is utilized as
input. The statement of some of the coefficients comprise noise and other variability inexpli-
cable by the temperature appears reasonable. Reasonableness originates from analyzing the
implicit and combined approach to mitigate the effect of EOV. The last 92 PCs were rejected
by the assumption of containing noise. This removal is assumed to cause the more levelled
trends observed, Figure 2.28 and 2.31. Therefore, it is assumed that the rejection of the major-
ity of the regression models was due to variability inexplicable by the temperature changes. If
the squared Mahalanobis distances of the explicit approach, Figure 2.25, are compared to the
distances of the reference approach no distinct difference is observed. Consequently, the effect
of the explicit compensation might have been of minor importance. However, for the healthy
testing state, some increased variance is observed. The majority of the healthy testing state
originates from the temperatures in between the training data, namely in the temperature range
of [−18◦C;4◦C;18◦C]. Therefore, this increased variance can be caused by the regression mod-
els. The regression models are trained with the use of temperatures different from the healthy
testing data. Therefore, some unseen tendency in the testing data might have been compensated
poorly.

The PCA methodology to implicit mitigate the effect of EOV resulted in the rejection of
the first 83 PCs due to the assumption of bearing most of the variability caused by EOV. Fur-
thermore, the last 92 PCs were also rejected with the assumption of containing noise mostly.
Leaving 617 PCs for each dataset the squared Mahalanobis distances, Figure 2.28, are observ-
ably more levelled as those of the reference approach, Figure 2.33. The more levelled trends
can be caused by two possibilities. Either the rejection of the first 83 PCs which are assumed
to bear the effect of EOV or the rejection of the last 92 PCs which are assumed to bear noise
mostly. Since most of the regression models were rejected in the explicit approach, it seems
reasonable to assume that the levelled trends originate from the removal of noise. Following the
PCA methodology to implicit mitigate the effect of EOV did show acceptable effectiveness. Yet,
some affecting due to the temperature is still observed in the squared Mahalanobis distances.
However, distinct clusters are present using the squared Mahalanobis distance for simple clas-
sification. Therefore, the performance of the damage detection approach is acceptably high yet
similar to the reference approach with no compensation.

The implicit approach to mitigate the effect of EOV yielded highly accurate damage detec-
tion similar to the explicit approach and the reference. Since the proposed combined method
showed an increased ability to detect damages while using the modal parameters as DSF, it
was expected to perform similarly using the AR coefficients as DSF. The adopted regression
models contribute 27 out of 792 where mainly the first PCs accepted their regression model,
Figure 2.30. The first few PCs adopted the regression models with both high fit and confidence
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in terms of high R2 value and F-statistics. Therefore, the first PCs are assumed to have some
correlation with the temperature changes. Despite the inclusion of all PCs, some adjusted by re-
gression models, the squared Mahalanobis distances, Figure 2.31, are similar to those obtained
by the PCA methodology. Due to the similarity, the cause of levelling trends origins from the
assumption of noise held by the last 92 PCs.

The use of the AR coefficients as DSF proved to be applicable. Furthermore, the statement
of damage information held by the modal parameters is no greater than the information held by
the coefficients shown to be valid. The AUC-values for the different proposed methods to miti-
gate the effect of EOV are equal, at least to the first decimal, Table 2.13. The high-performance
damage detecting approach independent of the method to mitigate the effect of EOV might be
caused by the simplicity of the setup. If the introduced damages are significant enough to be
detected independent of the influence caused by temperature changes, equal performances in-
dependent of the different methods to mitigate the effect of EOV will be present. Furthermore,
most of the variability is caused by temperature changes different from an operational envi-
ronment where many parameters constitute the variability. Thus, the effect of mitigating the
influence of EOV should be more significant than the approach with no compensation.

3.4 Common discussion

An individual discussion regarding each choice of DSF and the proposed methods to mitigate
the effect of EOV derived different observations yet also some mutual observations. Prior to the
conclusion the mutually shared observations are emphasized and discussed.

The increased performance in detecting damages using the proposed combined implicit-
explicit method is mutually shared, except while using the AR coefficients. The assumed risk
regarding rejecting information concerning damages following the PCA methodology where
the first PCs are rejected appears reasonable. The reasonableness is endorsed by adjusting the
first PCs according to their adopted regression model and included in the damage detecting
approach. The endorsement origins from the increased AUC-values. Moreover, a comparative
analysis of the combined method, the explicit approach and the implicit approach proved the
assumed functionality of the combined method. Throughout the comparative analysis, a pro-
posal of lowering the threshold of the total variance utilized for the rejection of PCs is assumed
to improve the PCA methodology. The proposal is attributed to the revelation of fewer PCs
adopted their regression model than the PCA methodology rejected.

A single significant outlier is observed in the squared Mahalanobis distances while using
the AR coefficients as DSF, Figure 2.25, 2.28, 2.31 and 2.33. Such outliers can rather easily
be removed since the distance of the outlier is greater than the clustering observed. Therefore,
such outliers should be removed to increase the detectability. The main objective of removing
outliers before damage detection is mutually shared with the estimation of natural frequencies,

73



damping ratios and AR coefficients, Figure 1.15, 1.17 and 1.16. The utilization of Bayesian
non-linear regression was with the assumption of being less prone to outliers. Yet some prone-
ness is observed, especially for the estimated damping ratio of the first bending mode shown.
Therefore, it is ought to assume the accuracy of the regression models would increase if outliers
are removed before training. Regression models affected by outliers do not solely trace the
trend of the environmental parameters used as input, namely the temperature. Therefore, the
explicit compensation is assumed to improve if possible outliers are removed.

Independent of the choice of DSF distinct variations in the AUC-values between the differ-
ent approaches to mitigate the effect of EOV is not present, Table 2.13. In general, the differ-
ence is within 4% variation. Whether or not the minor improvement is of specific relevance
is arguable. Yet the observations during the investigation and the comparative analysis of the
methods to mitigate the influence of EOV are advantageous. Especially the main proposition of
the combined method where some PCs are adjusted according to the adopted regression models
instead of being rejected as the PCA methodology proposes. Furthermore, the study is based
on experimental data where the temperature is controlled and constitutes the main variability.
Operating wind turbines are affected by numerous parameters, some measured and some not.
With the presence of multiple measured parameters, the regression models should be built as
multiple non-linear regression to trace the observed trend in the output. Consequently, the out-
come might be altered relative to this study. However, the functionality of the combined method
is still believed to be superior. The belief is based on the observation regarding the first PCs
held information useful to detect the damages.

The choice of suitable DSF for this setup is the AR coefficients, indisputably. As discussed,
the estimation of accurate modal parameters can be challenging and time-consuming. The
awareness of improved damage detection if the accuracy of the estimated modal parameters is
increased does not obscure the easy accessibility of the AR coefficients. Furthermore, the AR
coefficients showed high sensitivity towards the damages while minor affection of temperature
changes since the damage detection with no compensation showed great performance. Differ-
ent observations might be observed in an operational environment. Yet the belief of the AR
coefficients being highly applicable to detect damages is maintained.
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Conclusion

Through a thorough state of the art investigation, the physical quantities utilized as DSF com-
prised estimations of the natural frequencies and damping ratios. These modal parameters were
estimated by Vector Auto-Regressive (VAR) models due to the alleged accuracy in the former
study. Furthermore, non-physical quantities utilized as DSF comprised the AR coefficients of
the VAR models. These physical and non-physical DSFs were investigated with three different
EOV compensation methodologies, an explicit, implicit and a joint implicit/explicit method-
ology. The explicit methodology was based on Bayesian non-linear regression utilizing the
temperature changes as input. Regression models were trained and used for compensation if
accepted. The acceptance was derived from a sufficient high F-statistic. The implicit method-
ology followed the Principle Component Analysis (PCA) methodology to implicit mitigate the
effect of EOV. The mitigation process was to transform the DSF into a new set of coordinates,
Principle Components (PCs). The effect of EOV was removed by introducing a threshold to re-
ject the first PCs since the first PCs bear most of the variability, assumably. Lastly, the combined
implicit-explicit approach aimed to explicit compensate the PCs utilizing Bayesian non-linear
regression. In this sense, no PCs were rejected. A comparative analysis against an uncompen-
sated approach was conducted for each of the three DSFs. The analysis constituted the frame-
work for selecting a suitable DSF with an effective mitigation methodology. The effectiveness
was measured in terms of the rate of correctly detected damages with various thresholds (True
Positive Rate (TPR)). The TPR of the three mentioned approaches to mitigate the effect of EOV
are presented in Table 3.1.

Natural frequencies, f̂ Damping ratios, ζ̂ AR coefficients, Θ̂

Explicit method 72.2% 53.1% 99.8%

Implicit method 68.6% 49.0% 99.8%

Combined method 73.4% 53.5% 99.8%

No compensation 71.1% 51.6% 99.8%

Table 3.1: TPR for each method to mitigate the effect of EOV. The classifi-
cation is either the healthy state or any other damaged state.
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Independent of the mitigation methodology utilized, the choice of AR coefficient as DSF
did proved to be superior. The estimated damping ratios was associated with high variance. The
high variance obscured the damaged states to an undetectable extent. Therefore, the estimated
damping ratios are unsuitable in the context of a damage detection algorithm. The estimated
natural frequencies did showed reasonable applicability for an damage detection algorithm.
However, improved estimates can be crucial to establish an well-functional SHM system.

The comparative analysis regarding the proposed mitigation methodologies led to several
findings. The decreased TPR of the implicit method were found to originate from the re-
jection of too many PCs. The combined method accepted fewer regression models than the
PCA methodology rejected, proving fewer PCs being correlated to temperature changes than
rejected. Therefore, the reliability of the PCA methodology heavily depends on the rejection
process. The dependency complicates the process of mitigating the effect of EOV without com-
promising the level of detected damages. These conflicting aspects were overcome utilizing the
combined method. The usability was proved to be superior with beneficial TPR. The minor
difference between the explicit method and the combined method was expected to be caused by
the consequence of the controlled environment. In the controlled environment, the temperature
changes account for most of the variability. The disadvantages of the explicit method should
be manifested by the presence of many unmeasured EOPs since no compensation hereof can
be conducted. Differently, the otherwise rejected PCs of the PCA methodology can to some
extent be compensated using those EOP(s) available to enhance the mitigation process of the
PCA methodology. Thus enhancing the ability to detect damages and validating the essence of
the combined implicit-explicit method.

The utilization of the combined implicit-explicit method to mitigate the influence of EOV
proved to be the most efficient method among the methods investigated. Therefore, the pro-
posed SHM system employed to detect the introduced damages in this setup should involve
the combined implicit-explicit method to mitigate the present effect of EOV. Additionally, the
choice of DSF should be based on parameters originating from a parametric representation of
the signal; the AR coefficients in this study. The choice is based on easy accessibility and high
damage sensitivity. The utility of modal parameters as DSF did not show any superiority. The
lack of superiority is due to the information utilized to detect damages held by the extracted
modal parameters being no greater than the information held by the parameters of the paramet-
ric method. Furthermore, the process of extracting the modal parameters of a parametric model
involves several time-consuming processes.

The proposed SHM system for this setup is accompanied by several possible improvements
which remained for further study. The combined implicit-explicit methodology utilize Bayesian
non-linear regression models. These regression models were trained and used to compensate
those PCs which accepted their regression model. If the basis of the regression models is im-
proved, the compensation process is improved, allegedly. Suggested improvement is among
others the choice of polynomial order and the presumed behaviour of YYY in Equation (1.29). The
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polynomial order was fixed at a chosen value during the training phase. Training the regression
models with different polynomial orders dependent on which AR coefficient constitutes the out-
put could yield an improvement. The assumed behaviour of the AR coefficients is modelled as
a global polynomial tendency. These polynomials are then based on Legendre polynomials for
stability. Another approach could be to assume local behaviours utilizing splines. Generally,
global tendencies were observed in the AR coefficients, Figure 1.13. However, some regions
of the AR coefficients could have a local tendency. If so, splines are expected to improve the
regression models.

Remarks

Due to the origination of the data from a controlled environment, the outcome of this study is
likely to be altered in an operational environment. Considerations regarding the adaptability
of the proposed methods for the existence of multiple known EOPs were discussed yielding
several remarks. Mainly, the regression models using Bayesian non-linear regression should
be altered into multiple Bayesian non-linear regression since multiple inputs can be present.
The polynomial expression in Equation (1.29) should be written into the following assuming a
global polynomial tendency:

YYY = β0 +β1XXX1 +β2XXX2 + . . .+βnXXXn +βn+1XXX2
1 +βn+2XXX2

2 + . . .+βp·nXXX p
n (3.1)

Where:

n = Number of EOPs
p = Polynomial order

The efficiency of using the explicit method to mitigate the effect of measured EOPs is as-
sumed to be dependent on the level of inexplicable variability. The efficiency is expected to de-
crease as the level of inexplicable variability increases since the essence of the explicit method
is to mitigate variability caused by measured EOP(s). With a significant level of inexplicable
variability, which is assumed to occur in an operational environment, an implicit method to
mitigate the effect of EOV is assumed to be advantageous. Yet the risk of rejecting information
about damages while following an implicit procedure like the PCA methodology is prevailing,
based upon the observations throughout this study. Consequently, the superior efficiency of the
proposed combined implicit-explicit methodology is believed to exist. Yet the rejection of some
of the first PCs might still be necessary depending on the level of inexplicable variability.

As the amount of EOPs increases the complexity regarding estimating the modal parameters
is assumed to increase. The modal parameters can be obscured by the effect of EOV, increasing
this complexity. This support the usage of the parameters from a parameterized representation
of the signal as DSF instead of the modal parameters. A similar conclusion is deduced for
this study. Throughout this study with the usage of coefficients originating from VAR-models
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as DSF the effect of the proposed methods to mitigate the influence of EOV was absent. As
discussed, the severity of the damages introduced is of high enough level to be detected properly
or is not obscured by the temperature changes to an undetectable extent, allegedly. However,
the effect of the proposed methods to mitigate the influence of EOV might be measured by
analyzing the squared Mahalanobis distances. First by comparing the distance between the
healthy state and damaged states. Then by comparing the scattering of each condition. The
scattering of each condition is assumed to increase in an operational environment, which should
inflict the TPR. Therefore, the high TPR is assumed to decrease in an operational environment.
Additionally, the effect of the proposed methods to mitigate the influence of EOV is assumed to
be more profound.
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Appendix

A.1 Natural frequency references

For each of the nine modes of interest, Table 1.4, peak-picking in the PSD for each temperature
setting have been conducted. The main objective is to trace the variability caused by temperature
changes to have a suitable reference. A suitable reference should increase the estimates of
natural frequencies from the VAR-models. Figure A.1 illustrate the peak-picked frequencies
and Figure A.2 illustrates the traced variability.

Figure A.1: Peak-picked frequencies from the PSD
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Figure A.2: Traced trend in the peak-picked frequencies from the PSD
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A.2 Estimated natural frequencies

Nine estimated natural frequencies extracted from the VAR-models are utilized as DSF. To
ease the presentation in the study only three have been shown. This is due to the three shown
showing the same tendency as all nine. Yet the presentation of all nine estimated frequencies can
be conducted, and is shown in Figure A.3. Furthermore, the traced variability using Bayesian
non-linear regression models with the temperature as input is shown in Figure A.4.

Figure A.3: Temperature influence on the estimated natural frequencies
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Figure A.4: Training regression models to capture the temperature influence
on the estimated natural frequencies

87



A.3 Estimated damping ratios

The process of extracting the modal parameters of the VAR-models is based on the minimum
distance to a reference frequency and then extracting that mode. Therefore, the associated
damping ratios to the estimated natural frequencies in Figure A.3 are presented in Figure A.5.
Furthermore, the traced variability due to temperature changes is traced using Bayesian non-
linear regression models, Figure A.6.

Figure A.5: Temperature influence on the estimated damping ratios
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Figure A.6: Training regression models to capture the temperature influence
on the estimated damping ratios

89



A.4 Estimated natural frequencies as DSF

To determine the polynomial order of the regression models to trace the variability caused by
temperature changes sufficiently, the MSE for increasing order is analyzed. The MSE is ana-
lyzed for each of the nine estimated natural frequencies of PCs hereof. Yet, due to simplicity,
only the most distinct MSE for increasing order are shown, Figure A.7 and A.8. The MSE not
shown contained the same tendency. Therefore, the approach for choosing a sufficient polyno-
mial order is assumed to be valid.

Figure A.7: MSE of the estimated natural frequencies at different polyno-
mial orders

Figure A.8: MSE of the PCs obtained from transformations of the estimated
natural frequencies
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A.5 Estimated damping ratios as DSF

A similar approach as in Section A.4 is utilized for the damping ratios. The polynomial order
is chosen by analyzing the MSE of increasing order for each of the estimated damping ratios or
PCs hereof. The most distinct MSE for increasing order is shown for the damping ratio and the
PC hereof, Figure A.9 and A.10.

Figure A.9: MSE of the estimated damping ratios at increasing polynomial
order

Figure A.10: MSE of the PCs obtained from a transformation of the esti-
mated damping ratios
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A.6 Estimated AR coefficients as DSF

The approach for choosing a suitable polynomial order utilized in Section A.4 and A.5 are
adopted to choose a polynomial order to trace the variability in the AR coefficients. Due to the
vast amount of AR coefficients, the MSE for increasing order is not analyzed for all coefficients.
The most profound MSE for increasing model order is shown in Figure A.11 and is used to
choose the polynomial order. The polynomial order of the PCs of the coefficients is chosen
from Figure A.12.

Figure A.11: MSE of the estimate AR coefficients at increasing polynomial
order.

Figure A.12: MSE of the PCs that are obtained from the estimated AR
coefficients. MSE for increasing polynomial order to deduce a suitable order
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