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ARTICLE INFO ABSTRACT

Communicated by Laurent Mevel This paper proposes an optimal sensor placement (OSP) framework for parameter estimation,
virtual sensing, and condition monitoring using information theory. The framework uses a

Keywords: Bayesian OSP method combined with modal expansion to minimize the information entropy

Optimal sensor placement about quantities of interest (Qol), such as strain time histories at critical locations of the structure,

Bayesian inference
Virtual sensing

Offshore wind turbines
Cost-information balance

without the knowledge of input excitation. The proposed optimization framework also accounts
for variations in sensor installation cost at different locations on the monitored structure. The
framework is evaluated numerically using a realistic model of an offshore wind turbine on a

Pareto optimal solution jacket support structure under installation cost assumptions and considering information entropy
of the Qol. The Qol in this numerical study are considered to be the strain time history at one or
more locations on the support structure in one problem and the parameters of the structure in the
other. A correlation length is considered to account for the spatial correlation of data between
adjacent sensors. Effects of the correlation length and input loads on the OSP results for parameter
estimation are studied. The considered structural parameters for estimation in this study include
(1) modulus of elasticity of tower elements (tower stiffness), (2) modulus of elasticity of jacket
elements (jacket stiffness), and (3) vertical foundation spring (soil stiffness). The effect of a
subjective weight between the information entropy and sensor configuration cost on the OSP
results is also investigated. Different optimal designs are achieved for different weight factors, and
the Pareto solutions for OSP are presented. It is found that the OSP framework is an effective tool
for decision-makers considering the cost of instrumentation. The presented Pareto optimal so-

lutions can give insight into the value of OSP given a limited budget.

1. Introduction

The global offshore wind energy (OWE) capacity is projected to expand 15-fold over the next two decades [1]. In light of our
increasing dependence on this form of renewable energy, offshore wind developers, operators, and investors will benefit from stronger
assurances of offshore wind turbines’ (OWT) reliability through structural health monitoring (SHM). In addition to lowering invest-
ment risk, increased reliability can reduce the cost of maintenance and extend the design life of future wind farms. High-performance
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Nomenclature
b(L) Normalized benefit
c(L) Normalized cost

Cost,,y ~ Maximum cost for a specific number of sensors
D = {y, €R™} Sensor measurements
Ejacket Eower  Young’s moduli of jacket and tower

ex(0) Prediction error between model output and measurements
f(w,L)  Objective function

H Information entropy

Hpax Maximum information entropy

Hpin Minimum information entropy

Hyof Minimum information entropy for a specific number of sensors
H,prior  Information entropy before measuring data

I Identity matrix

ki,kv,kr Lateral, vertical, and rotational stiffness of soil
L € RNoxNa Boolean matrix indicating location of measured DOFs

L Optimal sensor configuration

m Number of contributing modes

Ny Number of total DOFs in the model

N, Number of measured DOFs

N, Number of strain estimation location

Ny Size of 6

Q(L|Z,,8) € R%*M Fisher Information Matrix

Ay, Modal coordinate response at time step k
[T Mean and covariance of posterior PDF of q,
R(5y) Spatial correlation function

52 Variance of sensor noise

u Measure of OSP effectiveness

U(L) Expected information gain

u(L,y)  Utility function

w Weight factor in objective function

xx(8) € R¥ Vector of predicted response at time step k

yx € R¥ Measured response at time step k

7 € RM=X1 Vector of predicted strains at time step k

Z,X, € RN-*N:  Mean and covariance of posterior PDF of z

bij Spatial distance between measured DOFs

£k Prediction error for strain estimation

0 Vector of optimal values for parameters

0 € RNV Vector of structural parameters to be estimated
A Measure of spatial correlation length

z Covariance matrix of modeling error

T Covariance matrix of measurement noise

%, € RNo*No . Covariance matrix of posterior PDF of e ()

T, € R™™ Covariance matrix of prior PDF of q,,

¥, € R¥-*N:  Covariance matrix of posterior PDF of g

®,,(L) € RN*™ Mode shape matrix for m contributing modes
¥ ¢ R%:*m  Strain mode shape matrix for m contributing modes
Vo = [9/061

0/06y,] Gradient vector with respect to structural parameters

SHM consists of systematic monitoring and efficient condition-based maintenance strategies that are based on the right sensors in the
right places for the right price, known as optimal sensor placement. Moreover, corrosion and fatigue are the most common failure
mechanisms of an OWT support structure [2,3]. To evaluate the remaining life of such structures, it is necessary to know the level of

stresses and strains over the life of the structure.

SHM implements damage identification strategies for engineering structures and estimating their remaining useful life. Damage
refers to any variation of the mechanical properties of the structure over time. The techniques to estimate a structural system’s me-
chanical properties from measurements are referred to as system identification methods. System identification methods can be
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classified into output-only methods—where only the system’s response is observed, and input-output methods—where the inputs and
the response of the system are measured [4]. The objectives of SHM include investigation of uncertainties in structural behavior,
condition-based maintenance, remaining lifetime prognosis, and optimization of future designs. In a rapidly growing global industry
like OWE, these methods can help minimize Operation and Management (O&M) costs, protect against catastrophic failures, and
provide feedback to improve the design of future turbines [5]. SHM methods can employ probabilistic Bayesian frameworks to account
for uncertainties and errors in the measured data, estimation process, and structural model [6]. The application of Bayesian inference
for SHM of civil structures was first introduced in 1998 [7]. Several studies include Bayesian inference applications for model updating
and SHM of large-scale civil structures, which can be found in [8-13].

The reliability of an SHM procedure depends on the method’s accuracy and the information available in the measured data. The
location and type of sensors on the structure determine the level of information about the Qol in the data. SHM includes the exper-
imental procedures to estimate a Qol using partially measured data [14]. Moreover, SHM includes virtual sensing, which is the process
of estimating a Qol using a validated model and partially measured data. The experimental setup in SHM, corresponding to the number
and location of the sensors, can be optimized to provide cost-effective and informative measurements about the Qols [15]. This process
is referred to as optimal sensor placement (OSP). This paper introduces an approach to OSP for estimating the parameters and strain
history, and hence the fatigue life, of an OWT support structure. OSP methods hold promise for efficient condition-based monitoring at
scale and could enable precise decision-making for entire OWT fleets regarding support structure maintenance and life extension.

Information theory-based approaches have been used by a number of researchers for OSP problems. These approaches can account
for measurement uncertainties as well as modeling errors. Different measures of the information contained in the data were used to
find the OSP solution. Some researchers have maximized the determinant or trace of the Fisher Information Matrix (FIM) [16-23],
while others have employed the expected Bayesian loss function [24,25] to minimize the trace of the inverse of the FIM. A Bayesian
framework for OSP in SHM applications was proposed in [26], where the OSP method optimized a metric related to the probability of
damage detection of all regions of the structure. Shannon entropy [27], a measure of the uncertainty in model parameter estimation,
was introduced in [28] for the OSP problem using a Bayesian framework. Shannon entropy is used in OSP for (i) parameter estimation
when the input excitation is not measured [29], (ii) load identification of linear and nonlinear models [30], and (iii) model class
selection for damage detection [31]. Shannon entropy depends on the determinant of the FIM for an asymptotically large number of
data [15]. In [32], the expected information gain [33], which was derived from Kullback-Leibler divergence (KLD) [34], was maxi-
mized for finding OSP for response reconstruction. The effect of spatial correlation of the prediction error due to modeling error on the
OSP problem was investigated in [35]. Estimating strains using virtual sensing is useful for fatigue estimation [40,41]. There are
several studies in the literature using the modal expansion method for strain estimation of OWT [42-46]. Fatigue hotspots in an OWT
with a jacket support structure are commonly underwater and difficult to access [47].

Solving the optimization problem of an OSP solution using discrete-valued design variables requires an exhaustive search over all
the possible combinations of sensor types and locations. This is computationally expensive, even for a structure with a small number of
degrees of freedom (DOFs). Heuristic algorithms such as Forward Sequential Sensor Placement (FSSP) and Backward Sequential Sensor
Placement (BSSP) were proposed in [15,31], which overcome this computational problem but often provide a suboptimal sensor
configuration. Genetic Algorithms [36-39] are alternatives for exhaustive search and can be used to complement FSSP and BSSP
algorithms for improved results [35]; however, they are more computationally demanding than the heuristic algorithms.

Past OSP studies have not adequately explored the effect of cost on the OSP result. This paper investigates both single-objective
optimization and multi-objective (Pareto efficiency) optimization to find OSP for the purpose of condition monitoring of an OWT
for input-output parameter estimation and output-only strain estimation cases. The single-objective formulation minimizes the in-
formation entropy of the sensor configuration and does not consider the sensor configuration cost. The multi-objective OSP optimizes
the cost-benefit objective function defined with different weight factors to balance the ratio of information and cost in the objective
function. The present study suggests a balanced multi-objective OSP that provides insight into the effect of cost on the optimal sensor
configuration.

The defined multi-objective function, Pareto study, and the application of the framework on OWT comprise the novelty of this
work, where a combination of FSSP and BSSP search methods is used. The proposed method is called the ‘combined sequential sensor
placement’ or SSP for short. The SSP gives near-optimal results comparable with the exhaustive search. Implementation of the al-
gorithm is evaluated on optimal sensor configuration design of a realistic offshore wind turbine model for (1) parameter estimation and
(2) strain estimation. The Pareto study presented in this paper provides insight to help decision-makers with the OSP design given a
limited budget. A sensitivity analysis is performed to find the most influential parameters on the dynamical behavior of the structure
and the selection of updating structural parameters. The study also considers the effect of spatially correlated prediction errors, which
controls the minimum distance between sensors, as well as the effect of input excitation assumption on OSP results for parameter
estimation in an input-output formulation. The effectiveness of the OSP algorithm is checked by comparing the best and worst
configurations.

2. Methodology

This section presents the formulation of OSP for (1) parameter estimation and (2) strain estimation. Structural parameters of in-
terest can include mass and/or stiffness of different components or substructures of a structure. In this study, the parameters reflecting
the uncertainties in the model are modulus of elasticity of the tower, E;oyer, modulus of elasticity of the jacket, Ejgcker, and the vertical
stiffness, k,, of soil springs at the bottom of the jacket. These parameters are chosen based on a sensitivity analysis done on the
structure. In the first two subsections, the Bayesian inference frameworks for each of these two purposes are briefly reviewed, and OSP
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formulation using Shannon Entropy and Expected Utility is outlined afterward.
2.1. Bayesian inference framework for parameter estimation

The Bayesian inference framework for estimating unknown parameters of a structural model is briefly reviewed here. Assume 6
RN be the vector of parameters of interest. Let D = {y, € R™ } be the vector of measured acceleration response time history sampled
over N points (k = 1, .., N) by At intervals where y, € RN refer to output data and N, is the number of measured DOFs, i.e., number of
sensors. Let x(0) € RN be the vector of predicted response time history from the Finite Element (FE) model at all DOFs (Ny) of the
structure at each time step. The difference between the measurements and the model predictions is defined as the prediction error
ex(0), which includes the combined effects of modeling error and measurement noise. The relationship between the measured response
¥, and x,(0) follows Eq. (1):

Vi = Lx;(0) +€,(0) 1)

where L € RNo*Na js a Boolean matrix consisting of ones at the measured DOFs and zeros elsewhere. It defines the number and location
of sensors on the structure; therefore, it can be interpreted as the sensor configuration matrix. The prediction error is postulated to
follow a Gaussian distribution with zero mean and covariance matrix X, € RNo*Ne, This assumption is justified by the principle of
maximum information entropy, which states that the Gaussian distribution provides maximum uncertainty among all distributions
with a specified mean and covariance. This imposes the least amount of constraint on the choice of distribution. However, other
distributions can be assumed for the prediction error if there is prior knowledge about its statistical properties. Assuming prediction
errors at different time steps are independent, the posterior probability density function (PDF) of the structural model parameters
given the measured data has the following form [7]:

NN,

P(OZ., D)cx SJ(0[Z,, D)lp(0) 2

xp|

1
(V2r) Vers,

where p(0) is the prior PDF of updating parameters; and
JOED) =Sy L (0", [y~ L, (0) ®)
z NN, £ Yi k 1Yk k

represents the measure of fit between the measured data and corresponding model predictions. This method requires both the input
and output of the system to evaluate the posterior PDF.

2.2. Bayesian inference framework for strain estimation

This section provides a review of the Bayesian inference framework and modal expansion technique for estimating strains at desired
locations using measured time history structural response without the knowledge of input. Let D = {y, € R"} be the vector of
displacement time history measurements where y, is the output data at N, DOFs and e, be the Gaussian measurement error with zero
mean and covariance matrix X, € R¥>*No, The measured time history responses can be expanded using modal expansion formulation
as:

Vi = @ (L)qu + e 4

where ®@,,(L) € R¥*™ js the mode shape matrix of m contributing modes at N, DOFs and qp, is the modal coordinate vector of m
contributing modes at time step k.

Subsequently, Bayesian inference is employed to estimate g,, and its uncertainty, i.e., posterior PDF of gy, . Based on Bayes the-
orem, the posterior PDF of q,, given the measured time history y(t) is:

(@, |y (Yel,) P(Q,,) (5)

where p(yi|qy,) is the likelihood function. Assuming the prior PDF p(q,, ) to be Gaussian with zero mean and covariance matrix
X,r € R™™, the posterior PDF of q,, is Gaussian with q; mean and X, covariance [32,48,49] given by

G = [PLE e, m) + x| @Iz WLy, ®

1

Z,(L) = [cbI, (L), (L)@, (L) + Eﬂ h .

The modal expansion technique is then employed for virtual sensing, i.e., to predict strains at the desired DOFs. This can be done
using the estimated modal coordinate and assuming a Gaussian prediction error with zero mean and covariance X, € RN-*N::

Zy = \quk + & (8)
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where 7z, € R¥*! is the vector of predicted strains at desired locations (N,) and ¥ € R¥-*™ is the strain mode shape matrix of m
contributing modes.

By propagating the uncertainty of estimated g, to z in Eq. (8), z. follows a Gaussian distribution with z; mean and X, € RN-*M:
covariance given by:

m

7= ¥[ol L)z Le,1) + 5] el Ly, ©)

(L) =¥ [Q;(L)E," (L)@, (L) + 2;,‘] Cyr +3, (10)

Eq. (10) indicates that the uncertainty in estimated strains does not depend on the measurements y,. Consequently, optimal sensor
placement for strain estimation, which relies on minimizing a scalar measure of X,, does not directly require the input or output
measurements.

The strain mode shape matrix is a property of the structure and can be calculated utilizing the displacement mode shape matrix and
shape functions used in the FE model (for example, Hermitian shape function for beam-column element).

2.3. Spatial correlation of prediction error

In this study, the effect of spatial correlation of prediction errors between neighboring DOFs is considered. The covariance of total
prediction error should accord with the errors and correlations inhere in the measurements and the model. However, no measurements
are available during the sensor design stage. In [35], the authors used a measure of spatial correlation length and assumed an
exponential correlation function to consider the effect of spatially correlated prediction error. This procedure is briefly introduced
here. Considering independency between measurement noise and modeling error, the total prediction error matrix X, takes the form:

5 =%+% an

where ¥ and X are the covariance matrices of the measurement noise and modeling error, respectively. As measurement noise is
independent of the location of the sensors, T = s°I is considered as a diagonal matrix where I is the identity matrix and s> denotes the
variance of sensor noise. However, due to the correlation between neighboring locations because of modeling error, the covariance
matrix X can have non-zero off-diagonal terms. The correlation between the prediction errors at DOFs i and j is assumed to be:

T = /ZaZ;R(5;) 12)

where R is a function of §;, which is the spatial distance between the DOFs. The same correlation function as [35] is used in this study:
R(‘SU) = exl’[_‘si/'/’l] (13)

where 1 is a measure of the spatial correlation length, and a larger value 1 assigns a stronger correlation to distant DOFs. The cor-
relation length 4 should be chosen such that the covariance matrix in Eq. (12) be consistent with the actual errors and correlations as
observed from measurements. However, no such measurements are available in the design phase. The correlation length is recom-
mended to be significantly smaller than the “wavelength” of the highest contributing mode. In [35], it is shown that for up to the
characteristic length of the highest contributing mode of the structure, the spatial correlation between prediction errors forces the
minimum distance between sensors to be of the order of the correlation length.

2.4. Optimal sensor placement formulation

The information entropy method has been used in this study for OSP. For parameter estimation, the formulation is derived using the
definition of information entropy and asymptotic approximation. For strain estimation, KLD, expected information gain and infor-
mation entropy are used. In general, information entropy is a scalar measure of uncertainty associated with a Qol, and information gain
is the reduction in uncertainty about the Qol after measuring data. Optimizing either measure would lead to the same optimal
experimental setup.

2.4.1. OSP framework for parameter estimation
For the purpose of parameter estimation, the information entropy H is defined as:

H(LIE, D) = Ey( — Inp(0]Z, D)) = — / Inp(8[Z,. D )p(]E,, D )do (14)

which depends on measured data D and sensor configuration L. Eg(...) denotes mathematical expectation with respect to vector .
Minimizing the entropy would result in OSP. For uninformative (i.e., uniform) prior PDF of the model parameters, the information
entropy can be asymptotically approximated when a large amount of data is available [15]:
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1 1 ~
H(L|Z,D) = ENgln(Zﬂ') — Eln[detQ(L\E,, 0)] (15)

where 9 is the vector of optimal values for the parameters and QL= ) € RN js the FIM which contains information about the
uncertainty of estimated parameters, given by:

N
Q(LIZ, 0) = Y (LVex,(0) )" (LEL") " (LVpx,(6) ) (16)

k=1

in which Vg = [0/d6; ... 0/d6y, ] is the gradient vector with respect to the parameter vector 8. The FIM in Eq. (16) is created using
the sensitivities of response in sensor locations with respect to the model parameters to be inferred. The logarithm of the determinant of
FIM which is present in Eq. (15) is an overall scalar measure of this sensitivity. In the absence of experimental data, the optimal value )

of the model parameter set is not available. To proceed with the optimal design, the value of 0is assigned a nominal value. The nominal
value of the parameters is considered as the true value of model parameters to represent the actual structural system. The uncertainty

in the nominal value 8 can be considered by using the expected information entropy over all possible values § quantified by the prior
probability distribution p(ﬁ).

2.4.2. OSP framework for strain estimation
Optimal sensor placement for strain estimation is formulated using the expected information gain U(L) [50]:

UL) = / u(L, y)p(y|L )dy 17)

where u(L,y) is the utility function using the KLD between the prior and posterior probability distribution of the response QoI z
introduced in Eq. (8). KLD measures the amount of information added to the prior after measuring the data. This scalar value shows the
usefulness of the experimental design. Maximizing this measure would result in the OSP. In [50], it is shown that Eq. (17) can be
rewritten in terms of the change in information entropy after measuring the data by:

U(L) = Hz.prior - /YHZ(L7 y|D )p(y‘L )dy (18)

where H, prior is the information entropy before measuring data and H, (L, y|D ) is information entropy after measuring data. Following
the fact that the Qol z is Gaussian distributed with covariance matrix X,(L) in Eq. (10) that does not depend on the data y, the in-
formation entropy for the response Qol z; takes the form [32]:

H(L,yID) = H.(LID) = IN.{1n(27) + 1] + gin(der(2.(L))) 19)

which is independent of the data y. Using this independence of the posterior information entropy H;(L,y|D ) = H,(L|D) on the data y,
the integral in (18) simplifies to U(L) = H,prior —H;(L|D ). Considering that the prior information entropy H, prior is constant and in-
dependent of the sensor configuration, minimizing posterior information entropy H,(L|D ) is the mathematical counterpart of maxi-
mizing information gain. This study’s objective is to find a sensor configuration L that minimizes the posterior information entropy
H,(L|D) for predicting strains at desired hotspot locations.

The optimal sensor configuration assures that no other setup could result in a more informative observation. It is worth noting that
the information entropy presented in Eq. (15) for parameter estimation and Eq. (19) for strain estimation do not directly depend on the
sensor measurements (y,) but sensor locations (L). This is ideal for the instrumentation design phase, where no measurements are yet
available.

The following metric is also defined to measure the effectiveness of the OSP

Hypax — Hyin

= " 2
! H/m'n ( 0)

where Hpqy and Hy,;n are maximum and minimum information entropies corresponding to the worst and best sensors configurations. A
small value of u (close to zero) indicates that the best and worst sensor configurations provide a similar level of information; thus, an
OSP process is not beneficial for the problem, and the higher this measure, the more beneficial the OSP algorithm.

2.5. Consideration of sensor configuration cost

The cost of sensor configuration is considered using an objective function with a weight factor to balance the benefit of minimizing
the information entropy and the cost of sensor configuration. The cost and information entropy values are not in the same order of
magnitude, and therefore their values are normalized in the objective function. Two reference terms H,,s and Cost, are defined as the
minimum information entropy and maximum cost obtained by assuming a certain number of sensors (e.g., eight sensors in this study).
The benefit term for each sensor configuration H(L) is normalized by H,, and the cost term Cost(L) is normalized by Cost,y. The
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Parameter estimation 0SP Strain estimation

purpose?

> Select parameters to be estimated » Choose hotspots for strain estimation
> Assume input loading > Define cost function
> Define cost function

> Derive displacement mode shapes from
» Predict model response x; model

> Derive strain mode shapes from model

> Consider all sensor configurations L; |
» Consider the weight w between cost and benefit ‘
__ > Calculate objective function f(w, Ly)

4

[ 0SP = L =argmin[ f (w.L,)| }

Fig. 1. The OSP procedure framework.

information entropy is a decreasing function of the number of the sensors, and the normalized benefit could be controlled by H,,s which
refers to the minimum entropy for a reference number of sensors. This normalization will not affect the results and only makes the
values of the weight factors more reasonable. H(L) is used for notation brevity for posterior information entropy instead of H(L|X;, D)
for parameter estimation and H,(L|D) for strain estimation. It should be noted that cost value is always between zero and one, and
benefit values are always positive.

b(L) = H(L) - Hre Hre
{ c(L) :( Cost(L)/Cfo)s{mf ’ (21)

where sensor configuration cost is defined by a cost function, including sensor cost, which is constant, and installation costs which is
variable for different locations, a non-uniform installation cost is considered for different locations, as is the case for OWTSs. The cost-
benefit objective function is defined in Eq. (22). The weight factor w in this equation defines the relative importance of information
entropy versus cost.

f(w,L) = w x b(L) + (1 — w) x c(L)
L = argm]f'n[f(w, L)] (22)
A Pareto front study is performed considering varying weights between cost and information entropy. An advantage of the pro-
posed formulation is that it offers the ability to use approximate numerical methods over an expensive exhaustive search. A simplified
diagram for the OSP framework is presented in Fig. 1.

2.6. Computational algorithm for OSP

Consider a structure with Ng DOFs that is going to be instrumented with N, sensors. The total number of sensor configurations on
this structure is

Ny N,!
(NO) NNy —N,)! (23)

which for practical cases is a considerably large number. Finding the optimal sensor configuration among this set requires an
exhaustive search, which is computationally expensive. There are two computationally efficient approximate alternative approaches
to solve this problem, namely the FSSP and the BSSP algorithms, which provide near-optimal solutions. In the FSSP approach, the
sensors’ position is chosen sequentially by placing one sensor in the location that results in the highest decrease in information entropy.
Specifically, given that i-1 sensors have been placed on the structure, the position for the i" sensor is determined among Ny —i+1
possible locations. Starting with i = 1, this process continues until the total number of desired sensors is reached. This approach can
also be used in a backward manner (BSSP). In the application of BSSP, the algorithm starts with Ny sensors placed at all of the
structure’s DOFs, and then sensors are removed one by one from the location resulting in the smallest increase of the information
entropy until the desired number of sensors is achieved. It is worth noting that the FSSP and BSSP only provide the optimal solution
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Fig. 2. The contributing modes of the structure.

when the optimal sensor configuration for an i-sensor configuration is a subset of an i + 1-sensor configuration. However, the resultant
information entropy using these algorithms is demonstrated to be close to the absolute optimal sensor configuration [35]. The FSSP
approach needs "M, (N; — i + 1) optimization iterations, and BSSP needs " ™*!(N; — i 4 1) optimization iterations, which are
much smaller than the number required by the exhaustive search.

In this paper, a combined SSP approach is used for OSP. In this approach, for a given number of sensors, a simultaneous FSSP and
BSSP search is done. Later, the information entropies for the resultant configurations are compared, and the configuration with lower
information entropy is chosen as the optimal configuration. The combined SSP approach is found to perform better than FSSP or BSSP

and provides very accurate results which are close to those obtained by exhaustive search.
3. Description of the OWT model

The case study structure in this paper is a numerical model of an offshore wind turbine on a jacket support structure based on a real
offshore wind turbine. A linear elastic FE model of this wind turbine was created using the structural analysis software OpenSees [51].
The tower was modeled using 32 beam elements with varying cross-sections, and an assumed concentrated mass of 500 tons at the top
representing the rotor-nacelle assembly (RNA). The masses of tower and jacket elements were lumped at their end nodes. The modulus
of elasticity was assumed to be 200 GPa for the steel material, which was used for all elements. A rotational mass of 1.8 x 107 kg-m?
was assigned at the top of the tower for RNA mass moment of inertia about X and Y axes (see Fig. 2 for axis orientations). The soil-
structure interaction was modeled using three linear springs at the bottom of the four jacket legs, i.e., ki, ky, and kg. The lateral
stiffness of soil constraint (k;) was assumed to be the same in X and Y directions, and the vertical stiffness (ky) and rotational constraint
(kg) are assumed to be the same for four legs.

The presented OSP framework is applied on a realistic but simple numerical model to demonstrate the OSP process on an OWT. In
the simplification of the model, the following OWT complexities are not considered: asymmetry of RNA, the effect of the rotor on
dynamics of the structure, distributed wind load along the height of the structure, wave loads, and wave/wind misalignment. However,
the framework can be applied to a more detailed model and loading conditions.

Fig. 2 shows the natural frequencies and mode shapes of the OWT. Due to the symmetry of the structure, modes 1 & 2 and 4 & 5
have the same natural frequencies and similar mode shapes in X and Y directions, respectively, while the third mode is torsional. All
mode shapes except for mode 3 have relatively large deformations at mid-height of the tower.

In the application of OSP for parameter estimation, the following considerations have been taken into account for the selection of
updating model parameters: (1) the number of updating parameters should not get too large, so the inverse updating problem is
observable, (2) model parameters with considerable prior uncertainty such as foundation stiffness should be considered, (3)
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Fig. 3. Sensitivity analysis results with respect to the stiffness of soil constraints.

parameters should have sensitivity to measurements, and (4) selected updating parameters must be able to compensate for unmodeled
components and modeling errors.

A sensitivity analysis is performed on the three foundation springs (k;, ky, and kg) to study their influence on dynamic properties
(natural frequencies) of the OWT. Fig. 3 shows the sensitivity of natural frequencies of modes 1, 3, 5, and 6 with respect to the soil
springs. The values of springs have been normalized to their initial values, which are 42.66 GN/m for k; & ky and 136.04 GN-m/rad for
kr. These initial values are based on soil constraints used for an offshore wind turbine in the North Sea [40]. It can be observed that
only the higher modes (fifth and sixth) natural frequencies are affected by the vertical spring ky, while k; and kg have little effect on
any of the vibration modes considered. Therefore, only vertical spring stiffness for the foundation is considered as an updating
parameter.

Furthermore, the OWT structure is divided into two substructures with two updating parameters representing their moduli of
elasticity: Ej,cke: for all elements in the jacket and Ejoyer for the tower. The moduli of elasticity are influential on the dynamic response
and can potentially compensate for modeling errors at different parts of the structure. Therefore, the final updating parameters are § =

[Ejacket-, Etower, kv]T-
4. OSP results for parameter estimation

This section describes the results of OSP for parameter estimation for the considered OWT and studies the effects of data corre-
lation, input loads, and numerical optimization algorithms on OSP results. Due to the symmetry of the structure, only X-direction DOFs
are considered as possible sensor measurements. This assumption reduces the computational cost, especially for the exhaustive search.

4.1. Effects of data correlation

In this section, the importance of considering the spatial correlation between measurements caused by prediction errors on the OSP
result is studied. Results of OSP are presented and compared for two cases where data correlation is considered or not. The prior
distribution of updating parameters is assumed to be uniform.

The OSP is performed for estimating 0 = [Ejscket, Erower, kV}T considering up to ten sensors. Due to the computational efficiency of SSP
and its accuracy, this numerical approach is used to solve the optimization problem iteratively. The sensors’ order is an indicator of
their relative importance in gaining information and reducing uncertainty about the updating parameters. Fig. 4a shows the OSP result
for the case when no data correlation is considered. The results show that 4 out of 5 sensors are clustered in the middle of the tower,
which is justified considering the structure’s dominant mode shapes have larger amplitudes in the middle of the tower, as shown in
Fig. 2. However, sensors placed at adjacent nodes of the finite element mesh may provide redundant information. This approach
clearly ignores the correlation between the data acquired in neighboring locations, which is not a realistic assumption.

In order to address this issue, a spatial correlation length of prediction errors may be considered. The spatial correlation length can
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Fig. 5. Relative information entropy comparison.

be accounted for in the covariance matrix of the total prediction error, as shown in Eq. (13). To investigate the effect of correlation
length, given the number of N, = 5 sensors, OSP analysis is performed for 2 = 2,5,10. The correlation length controls the correlation
among neighboring DOFs, and a larger correlation length indicates a correlation between farther DOFs, and therefore, the optimal
sensors’ locations would be more spread out. The results for 2 = 2,5, 10 are shown in Fig. 4b—d, respectively. The red arrows in all the
corresponding figures in this paper are an indicator of the location and direction of the measurements. It can be seen that the optimal
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Fig. 7. Time history of the lateral wind load.

sensor locations get farther away from each other by increasing the correlation length measure. While the correlation between sensors
exists, a large correlation length may also be unrealistic. In the lack of measurement correlation consideration, OSP results depend on
the finite element discretization as the sensors would be placed in adjacent nodes.

Fig. 5 shows the information entropy versus the number of sensors for different spatial correlation lengths. It can be seen that more
than 80 percent of the information entropy reduction can be obtained by optimally placing six sensors, and the reduction becomes less
significant as the number of sensors increases. Moreover, increasing the spatial correlation length results in higher information en-
tropy. This increase in entropy is reasonable since the correlation length adds a constraint in sensor placement and reduces the total
amount of information by implying that some measurements are correlated.

4.2. Effects of input loads

OSP for parameter estimation in this paper is formulated assuming known input excitation. The input load is required to simulate
the model-predicted response (xx) in Eq. (16). In this section, the sensitivity of OSP results to different input load assumptions is
demonstrated. Two different loading conditions on the OWT are considered: (1) only lateral load and (2) a combination of lateral and
torsional loads. Both loads are assumed as resultant point loads and applied at the top of the structure (nacelle level). The Kaimal
spectrum [52] is used as an approximation of the wind power spectrum. Fig. 6 shows the Kaimal spectrum with a mean wind speed of
10 m/s and a standard deviation of 4. The simulated wind load time history is depicted in Fig. 7. The torsional load is also assumed to
follow the same Kaimal spectrum, and its time history is simulated using the lateral load time history multiplied by a factor of 4.

The analysis is performed assuming N, = 10 (number of sensors) and 4 = 5 (correlation length). The results are shown in Fig. 8. It
can be observed that the input loads can significantly affect the optimal sensor configurations. More sensors are placed on the jacket
when the torsional load is present, which is reasonable as the torsional response of the structure is mainly represented by the torsional
movement of the jacket (see mode shape 3 in Fig. 2). Moreover, in this case study, the tower is modeled as a cantilever beam, and thus

11
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Fig. 8. OSP results considering (a) lateral load; (b) a combination of lateral and torsional load.

the sensor on the tower cannot capture torsional motion. The location of the first couple of sensors which are the most informative
ones, varies for different input loads. This means that input loads directly affect the OSP results.

4.3. Comparing SSP and exhaustive search

There are several search algorithms available to find the OSP configuration, including FSSP, BSSP, and the exhaustive search. Only
the exhaustive search method guarantees the optimal solution as all combinations of sensor configurations are considered and
compared. However, this method is computationally expensive. The alternative search method which is used in this study is the SSP
method which combines the results of FSSP and BSSP methods at each iteration. In this section, results of OSP using SSP and exhaustive
search are compared under the combined torsional and lateral input loads for 1-sensor to 5-sensor configurations. A spatial correlation
length of 4 = 5 is assumed. Fig. 9 depicts the sorted information entropy of all configurations using the exhaustive search for a total of
4.613029 x 10° configurations along the X-axis. The red dots in Fig. 9 show the information entropy of the optimal configuration for all
the configurations of 1-5 sensors. In this plot, it can be observed that entropy can be drastically reduced by changing sensor locations
and thus highlighting the value of OSP. Increasing the number of sensors results in lower optimal information entropy, which is ex-
pected. However, the information entropy for optimal configuration of 3, 4, and 5 sensors are very close. Fig. 10 presents the OSP
results for parameter estimation for 1-5 sensor configurations. The results show that the information provided by only lateral

12



A. Mehrjoo et al. Mechanical Systems and Signal Processing 169 (2022) 108787

30 e : e — | i : e R e AR

80 1-sensor 2-sensor 3-sensor 4-sensor 5-sensor

22 =

12 Ll L | Ll | 1 Ll L Ll IR
10° 10° 10? 10° 10* 10° 10° 107
Sensor Configuration Number

Fig. 9. Sorted information entropy for 1-5 sensor configurations.
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Fig. 10. Optimal sensor configuration results corresponding to each specific sensor number.
measurements is adequate for estimating the three parameters of interest. This would not be the case if only torsional motion provided

unique information about a parameter of interest. For example, if the estimation of the soil spring under only one leg or the stiffness of
a single diagonal truss member of the jacket was sought after. Fig. 11 compares the accuracy of the SSP method to the exhaustive

13



A. Mehrjoo et al. Mechanical Systems and Signal Processing 169 (2022) 108787

16 : ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ :
© O SSP 30 ® O SSP
+ Exhaustive ® + Exhaustive
15+ 1 28 ¢ ©] ® 1
@
T T 26 |
14+ ®
?
(2} 24 o
13 : : : : : 22 : : : : :
1 2 3 4 5 1 2 3 4 5
Number of Sensors Number of Sensors
a) The best configuration b) The worst configuration

Fig. 11. Comparing information entropy of optimal configurations using SSP and exhaustive search methods.

18 - -
(0]
17 o o
16 ¢
T " u
15 o
[+3]
o b ¢
14+ + -
]
(]
13 Il Il
1 2 3 4 5

Number of Sensors

Fig. 12. Information entropy of the best and the worst configurations compared for SSP and exhaustive search.

search. In Fig. 11, the information entropy for the best and worst configurations and for the 1-5 sensor configurations are compared
using two search methods. The results are almost identical, confirming the accuracy of the SSP method.

Results of the OSP for parameter estimation are also compared with three cases of naive/common-sense sensor placements. The
three commonsense cases include: (c1) uniform along the whole structure, (c2) uniform along the height of the tower, and (c3) lo-
cations obtained by Kammer’s method [20] which maximizes the linear independence of mode shapes. The first 8 modes of the
structure are considered in the application of Kammer’s method. The entropy values for these three cases are compared with the OSP
results for parameter estimation in Fig. 12. It can be observed that the entropy from case c2 (uniform along the tower) is close to OSP
results but cases c1 and c3 provide inferior results.

4.4. Cost consideration

The previous section provided OSP results for parameter estimation without consideration of cost, where sensor locations were
provided sequentially for a known number of sensors. This section provides the OSP results where sensor installation cost can be
drastically different at different locations such as offshore wind turbine structures. Using Eq. (21), the cost and benefit of this case are
calculated. The reference minimum information entropy (H) is calculated by assuming 8 sensors. The reason behind this choice is the
tradeoff between information entropy and cost. Assuming a higher number of sensors would force the weight factor for balancing cost
and benefit to be infinitesimal. In this section, the cost-benefit objective function (Eq. (22)) is minimized with a weight factor of w =
0.55. The weight factor value is chosen such that it gives a balanced result. The SSP method is implemented, and its results are
compared with those from the exhaustive search. The OSP analysis is performed assuming a spatial correlation length of 2 = 5 under
both lateral and torsional loads.

The installation cost for one sensor is assumed to be $10,000 at underwater locations, $5000 within the splash zone, and linearly
increasing from $1000 to $2000 along the tower height. The sensor installation cost is shown in Fig. 13. Furthermore, the price of each
sensor is assumed to be $500, which is constant and is added to the installation cost. Fig. 14 shows the cost-benefit objective function of
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Fig. 13. Comparing three common-sense configurations with SSP results for parameter estimation.

all 4.613029 x 10° candidate sensor configurations using exhaustive search, where the results are grouped based on the number of the
sensors in each candidate configuration and sorted in ascending order based on the value of the objective function. It can be seen that
the objective function (f) of Eq. (22) within each group of sensors can be reduced drastically by optimal sensor placement, which
highlights the importance and value of OSP. The red dots represent the best configuration within each group of sensors. The best
configuration for the considered weight of w = 0.55 is when 2 sensors are used, which provides the lowest value of the objective
function. It is worth noting that the results are sensitive to the weight between cost and benefit, w, in the objective function. Fig. 15
shows the optimum sensor configurations for each number of sensors. It can be observed that cost consideration slightly moves the
optimal locations closer to the bottom of the tower where the installation cost is low. A smaller weight factor would reduce the weight
on information entropy and increase the weight on cost, which results in sensors being pulled down until all of them are placed in the
minimum cost locations for the extreme case of w = 0. The accuracy of the OSP results from SSP and the exhaustive search is compared
in Fig. 16. The results confirm the previous conclusion about the accuracy and efficiency of SSP for the case of using an objective
function with cost consideration.

Table 1 compares the effectiveness of the OSP when estimating parameters using 1-sensor to 5-sensor configurations. SSP search
method results are used for comparison. A u value that is more than zero shows that using this framework is beneficial.
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Fig. 14. Sensor installation cost.
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Fig. 16. Optimal sensor configuration results for different number of sensors with the consideration of installation cost.

Table 1
Comparing the measure of effectiveness for parameter estimation for different number of sensors.
1-sensor 2-sensor 3-sensor 4-sensor 5-sensor
u 0.88 0.96 1.00 1.01 0.73
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Fig. 18. Comparing OSP results for strain estimation at a single hotspot using SSP and exhaustive methods.
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Fig. 20. The objective function of OSP results for strain estimation at a single hotspot using the SSP method for the best configurations.
5. OSP results for strain estimation

Two OSP problems are studied in this section, as shown in Fig. 17, for estimating the axial strain at different fatigue hotspots,
namely (1) one location at the bottom of the jacket just above the support, since lower joints are more prone to fatigue and (2) at twelve
locations, middle of eight diagonal members and four elements at the bottom of the jacket. Both problems are solved with and without
cost consideration. The first five vibration modes of the structure, as shown in Fig. 2, are considered in this study. The prior knowledge
about the modal coordinate in Eq. (10) is assumed to be Gaussian with a large X, = 10'3, which implies unknown prior knowledge
similar to the assumption of uniform distribution. The covariance of strain prediction error is postulated as X, = 10~! at all locations.

5.1. OSP for estimating strains at one location
Case 1: No cost consideration

Using the formulation presented in Sections 2.2, 2.3, and 2.4.2 of this paper, OSP is found using the SSP algorithm and the
exhaustive search for a 5-sensor configuration. Prediction error correlation is considered using a correlation length of 2 = 5. Fig. 18
depicts OSP results together with the worst sensor placements for 5-sensor configurations. The information entropy of OSP results for
strain estimation using SSP and exhaustive search are compared in Fig. 19 for the best and worst sensor configurations.

This investigation confirms the previous observation about the accuracy of the SSP method, which states that SSP provides near-
optimal solutions for the OSP problem. It is worth noting that the order of placing sensors is available only when using the SSP and can
be interpreted as the relative importance of each sensor. The exhaustive search does not automatically provide such ordering. In
Fig. 19, itis seen that adding the fifth sensor provides little information compared to the first four sensors. Fig. 19 shows the accuracy of
the SSP method, as well as the usefulness of the OSP algorithm by comparing the information entropy of the best and worst
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Fig. 21. The difference in information entropy of OSP results for strain estimation at a single hotspot with and without cost consideration.
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Fig. 22. Comparing results of OSP for strain estimation at 12 hotspots using SSP and exhaustive methods.
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Table 2
Comparing the measure of effectiveness for estimating strains at one and twelve locations.
1-sensor 2-sensor 3-sensor 4-sensor 5-sensor
1 location 0.15 1.06 1.34 6.20 7.42
12 locations 0.23 0.41 0.91 1.61 2.96

configurations. Although Fig. 18b shows that SSP and exhaustive search provide different worst sensor configurations, Fig. 19b shows
that the resultant information entropies are generally similar.

Case 2: OSP with cost consideration

To account for the cost in the OSP, a multi-objective optimization is employed by varying the weight factor between the infor-
mation entropy and cost in Eq. (22). Similar to section 4.4, the reference minimum information entropy (Hy) is calculated by assuming
8 sensors. Weight w = 0 indicates the case where the OSP result is dominated by the cost and w = 1 is the other extreme where in-
formation entropy dominates the solution. Three weight factors of 0.01, 0.1, and 0.99 are used. These weight values are chosen to show
two extreme and one balanced scenarios. Note that w = 0.55 was a balanced case for parameter estimation. However, for strain
estimation, based on the value of information entropy and cost, w = 0.1 is found to be more balanced. In this case, 1-sensor to 8-sensor
configurations are investigated. The SSP algorithm is used, and prediction error correlation is considered using a correlation length of
A = 5. The values of objective functions are displayed in Fig. 20 for different sensor numbers, and the three considered weights. As
shown in Fig. 20a, the best setup that minimizes the objective function for w = 0.01 is a 1-sensor configuration, and the objective
function is monotonically increasing by adding more sensors. This is due to the high weight of the cost component compared to the
normalized benefit. For the case of w = 0.1, the objective function is not monotonically increasing or decreasing and has a minimum at
5 sensors due to the balance between the values of cost and information, as shown in Fig. 20b. Therefore, the OSP, which minimizes the
objective function, has 5 sensors. The last scenario with w = 0.99 shows control of the information entropy over the OSP results. The
objective function, in this case, is monotonically decreasing like the case where cost is not considered. The best sensor setup is an 8-
sensor configuration where the objective function is minimum. Fig. 21 shows the corresponding information entropy of the OSP
designs for different sensor setups with the three considered weights of 0.01, 0.1, and 0.99 together with the case when the cost is not
considered. In this figure, the dashed line provides a visual measure to show the difference between information entropy when the cost
is considered and when it is not. It can be seen that this difference is the largest for w = 0.01 while it becomes negligible for w = 0.99.
Furthermore, in Fig. 21(a), where the weight of information entropy is very low, it remains almost constant by adding sensors. This is
because the sensors are added in locations with the minimum cost, which in this particular structure coincide with the least informative
locations (See Fig. 18b using exhaustive search). However, adding more sensors would result in a decrease in information entropy
eventually. By increasing the weight of information entropy in the objective function, the discrepancy between cost and no-cost cases
diminishes. The weight factor should be chosen to maintain a balance between cost and information entropy and such that not much
information is lost when the cost is considered. It is worth mentioning that for the case w = 0.1, the results in Fig. 21(b) suggest that the
information gained by adding more than 5 sensors at their optimal locations is not significant to justify the cost from the additional
Sensors.
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Fig. 24. The difference in information entropy of OSP results for strain estimation at 12 hotspots with and without cost consideration.
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Fig. 26. The objective function of OSP results for strain estimation at 12 hotspots using the SSP method for the best configurations.
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Fig. 27. Pareto plot (cost vs information entropy) for 1-8 sensor configurations.

5.2. OSP for estimating strains in twelve hotspot locations

Previous studies have shown that X joints are more susceptible to fatigue compared to K joints [47]. Thus, the X joints located at the
middle of eight lower members, as well as the bottom of the four jacket legs, are chosen as fatigue hotspots for strain estimation, as
shown in Fig. 17b. OSP is performed with and without cost constraint, assuming a A = 5 correlation length and utilizing both SSP and
exhaustive search algorithms.

Case 1: OSP without cost consideration
The same framework as that of Section 5.1 is used here. Fig. 22 illustrates the best and worst configurations for a 5-sensor

configuration. There are some discrepancies in the location of sensors for both the best and the worst cases using the two search
methods. However, the information entropy values shown in Fig. 23 are very similar. It can be seen that the differences between the
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Table 3

Pareto solutions at different levels of information entropy.
Information entropy H>18 16 <H <18 12<H<14 10 <H<12 6<H<S8 4<H<6
# of Sensors 1 sensor 2 sensors 2 sensors 3 sensors 4 sensors 5 sensors
Cost $1500 $3031 $7000 $8562 $14,218 $24,843

two methods are minor in all cases, and the SSP is preferred due to its lower computational cost.

Table 2 compares the effectiveness of the OSP when estimating strains at one location and 12 locations using 1-sensor to 5-sensor
configurations. SSP search method results are used for comparison. Table 2 shows that by increasing the number of strain estimation
locations, the effectiveness of OSP decreases, especially for the cases with a higher number of sensors. This shows the importance of
using OSP when the number of strain estimation locations is small. An intuitive explanation for this observation is that when more Qols
are estimated, every DOFs of the structure potentially contains more information on some of the Qols, and the relative importance
between DOFs decreases, i.e., the effectiveness of OSP decreases.

In the case of OSP for strain estimation, the entropy from OSP is compared with the same three cases of naive/common-sense sensor
placements, i.e., (c1) uniform along the whole structure, (c2) uniform along the height of the tower, and (c3) locations obtained by
Kammer’s method [20] considering the first 8 modes. The entropy values for these three cases are compared with the OSP results for
strain estimation (1 location and 12 locations) in Fig. 24. It can be observed that in general, the commonsense cases are non-optimal
while there are instances (e.g., 5 sensor setup) that c3 sensor configuration gets close to the optimal solution.

Case 2: OSP with cost consideration

In this case, OSP for strain estimation is performed considering sensor configuration cost. Similar to sections 4.4 and 5.1, the
reference minimum information entropy (Hy) is calculated by assuming 8 sensors. Three weight factors of 0.01, 0.2, and 0.99 are
considered in the cost-benefit objective function of Eq. (22). The balanced weight factor (w = 0.2) is chosen to give a balanced result,
and it is different compared to section 5.1 (w = 0.1) as the information entropy, and accordingly, the normalized benefit of config-
urations are different. Due to the high computational cost of exhaustive search and the confirmed accuracy of SSP, only the SSP method
is implemented in this section. Fig. 25 shows the objective function (for OSP results) as a function of different number of sensors under
three considered weight factors. Similar to Section 5.1, the best configuration for w = 0.01 is a 1-sensor configuration, forw = 0.2 is a
5-sensor configuration, and for w = 0.99 is an 8-sensor configuration. Fig. 26 illustrates the difference between information entropy
when the cost is considered and when the cost is not considered. As expected, the differences between the entropy of with/out cost are
the most when w is small and become negligible for w = 0.99.

To further investigate the effects of weight factors, a Pareto front study is performed, and the OSP is repeated considering 50
different weight factors ranging from 0 to 1 with intervals of 0.0204 and 1-sensor to 8-sensor configurations, i.e., a total of 50 x 8 =
400 OSP optimizations. Fig. 27 shows the Pareto front plots of OSP results for each number of sensors. The Pareto front plot includes
solutions that are optimal, and no objective can be improved without sacrificing at least one other objective. This study is a multi-
objective optimization with information entropy and cost as its objectives. The black circles correspond to OSP results using the
considered 51 different weight factors. The blue line provides the values of cost and information entropy for different OSP and shows
the tradeoff between them as their weight in the objective function varies. There are exactly 50 black circles in each plot; however, the
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information entropy and cost of some of the configurations with different weight factors are the same resulting in the black circles
being overlapped. Fig. 27 shows that by increasing the number of the sensors, as more configurations are available, there are more
Pareto front solutions at different levels of entropy. For example, for 1-sensor configuration 50 different weight factors resulted in only
three levels of information entropy, one high, one balanced, and one low. For 8 sensors, 8 levels are achieved. By means of these plots,
the decision-maker can consider the required cost to achieve a certain level of information entropy or determine the amount of ac-
curacy that can be achieved for a specific budget.

The information of the eight subplots in Fig. 27 is presented and condensed in a Pareto plot as Fig. 28. This plot can help to optimize
the number of sensors as well as optimize the weight factor. The black circles are clustered in different levels of information entropy. In
each cluster, there are configurations with different numbers of sensors and different weight factors overlapping but, there is only one
configuration with minimum cost. This configuration is interpreted as the Pareto optimal configuration. For example, at the entropy
level of ~12, there are 12 different configurations fitted (with 6 distinct circles visible). The configurations include 3 to 8 sensors, and
with weights varying between 0.0612 and 0.1837, and the Pareto solution (least cost at a constant entropy level) is the one with 3
sensors and w = 0.1837. The Pareto solutions are connected with the red line. Every point on this line denotes the best configuration
under the corresponding cost constraint, i.e., the information entropy cannot be decreased further without increasing the budget. The
Pareto solutions are listed in Table 3. Fig. 28 and Table 3 could help the decision-makers with the OSP design, including the number of
sensors given a budget, without a need to concern with the weight factor in the objective function.

6. Conclusion

This paper has formulated and evaluated an information theory-based OSP framework for parameter estimation and strain esti-
mation considering sensor configuration cost. The OSP framework for parameter estimation requires the input information, while the
OSP framework for strain estimation is an output-only method. The approach is evaluated numerically when applied to a realistic
model of an offshore wind turbine. A computationally efficient approach, the SSP method, which is a combination of FSSP and BSSP
methods, is employed to solve the OSP problem and is compared with the exhaustive search approach. The results are analogous to
optimal configurations from the exhaustive search. The proposed optimization framework accounts for the sensor configuration cost
on the structure. The sensor configuration cost is the summation of sensor installation cost, which is defined unevenly based on the
location and sensor cost, which is constant. A cost-benefit objective function is defined and has been used in this study to account for
both information entropy and cost constraint. In the objective function, a weight factor is used to balance the importance of infor-
mation entropy versus cost. The OSP results are found to be sensitive to the weight factor, and thus, a Pareto front study is performed
for different weight factors and different numbers of sensors. The Pareto plots can help the decision-makers to quantify the required
cost to achieve a certain level of information entropy or alternatively determine the amount of accuracy/entropy that can be achieved
for a specific budget.
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