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Abstract
This paper presents a reliable methodology that allows using large (in time) but sparse (in space) data from
sensors to get a full picture of the dynamic response of a scaled model catamaran structure. Increasing the
amount of information relative to the structural behavior is critical for some applications like structural health
monitoring and condition-based maintenance. Loads and elastic deflections are estimated by combining the
information obtained from the measured structural data with a finite element model of the system given
that some statistical properties of the estimated outputs are preliminary known. Craig-Bampton method is
used to achieve a reduced-order model since it is particularly suited to describe the modal response along
with the estimation of the concentrated forces. A natural second-order observer is then defined to provide an
optimal estimation of forces and elastic deflections. The validation of this technique is pursued by comparing
estimated and known values of the response and a sensitivity analysis of the accuracy is considered as well.

1 Introduction

The development of structural monitoring systems on-board vehicles aims to achieve a full-picture of the
vehicle response under operating conditions. The gathered information are indeed useful for improving
design or for implementing structural health monitoring (SHM) strategies. In this paper, we deal with filling
the gap between the information made available from sensors and those necessary to carry out some tasks
like those indicated above. Following this path, we intend to transform point-wise measurements into a
continuous spatial representation of the monitored structure plus some additional information which are not
directly available. In particular, target of this estimation will be the structural deflections and the ambient
loads of an elastically scaled model of a fast catamaran tested in the towing-tank. The physical model is an
elastic segmented model made up by a backspline scaling the ship bending flexibility, and a hull divided into
several segments, which in turn are attached to the backspline.

Transforming discrete measurements into a continuous representation needs some additional information
about the system to avoid arbitrary hypotheses about its behavior; for this reason, a mathematical representa-
tion of the system in terms of a finite-element model will provide the link between the sensor measurements.
Although the number of degrees of freedom (DoFs) of a FE model is highly influenced by the discretization,
the number of DoFs of a sufficiently refined model is still too high for the present case, in which the critical
nodes are the sensors. This well-known issue can be solved by reducing the problem size. Modal truncation
techniques over finite-element analysis is usually the way to obtain a computationally cost-effective model.

3495



However, the modal truncation is not a reliable and efficient tool when the structure is subjected to impulsive
phenomena, such as slam impacts, requiring a very a large number of vibration modes to get an approxi-
mated reconstruction of the external forces and the global structural behavior. Craig-Bampton technique is
an alternative method which reduces the DoFs of the structural model in a more efficient way for the present
scope. The main feature of this approach is the capability to keep unchanged the information in some phys-
ical points (master DoFs) within the set of the reduced DoFs. Moreover, the behavior of the system in the
frequency range of concern can be recovered by employing additional DoFs that have the physical meaning
of vibration modes [1]. These features allows for estimating the elastic deformations even when external
forces are concentrated in space and time. These characteristics make the present technique also useful for
system sub-structuring. In the framework of virtual sensing, this sub-structuring method has been used to
evaluate loads and deflections by employing accelerometers at interface locations [2]. Once a numerical
model suitable for the sensor setup is available, the successive question is relative to choose the correct ap-
proach to estimate the continuous structural displacements by using a limited number of measurements. For
this purpose the most popular and used tool is Kalman filter that is a recursive filter that employs a numerical
model and noisy data for state estimation. The estimate is performed by obtaining a gain matrix that, given
the statistical characteristics of process and measurement noise, provides the most likely value of the state
over time [3, 4]. However, the Kalman filter seems not suitable for this purpose since it intrinsically requires
the external forces as input or, at least, that their statistical distribution is Gaussian. However, this hypothesis
is too restrictive since the hydrodynamic forces are described by narrow-band spectra in usual conditions [5].
More recent approaches, still frame-able in the field of optimal estimators, such as the augmented Kalman
filter [7, 8] and the joint input-state estimator [9, 10], aim to solve this issue by estimating the external input
within the filter loop. However, all the mentioned methods are not natural for a second-order mechanical
system [11, 12], namely they do not ensure the kinematic relationship present within the problem. Consider
the following single input-single output linear dynamic system recast in first order form:
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y = cpp+ cvv + duu+ v

where p is the displacement, v the velocity, u the input, w the process noise, m, d, k, respectively, the mass,
the damping and the stiffness, y the output, v the process noise and cp, cv and du, respectively, the coefficients
that express the output though p, v and u. The state estimation equation associated to the dynamics in Eq. (1)
is generally expressed as follows:
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where p̂ and v̂ are the estimates of p and v. The optimal estimators, such as those introduced above, provide
a gain matrix [lp lv]T such that the desired relationship ˙̂p = v̂ is lost unless lp = 0 (never possible [12]) or
the residue y − cpp̂− cvv̂ − duu→ 0. The last case is only possible when the external loads are known and
the modeling uncertainties are negligible. Consequently, in this work the authors employ a natural second-
order observer following an approach similar to [14, 16]. However, this observer has in its formulation
free-parameters that have to be decided to enhance its accuracy. For this purpose, an optimization process
is carried out to minimize the state-error and the measurement post-fit residual, recovering in this way the
modeling errors that negatively affect the response estimation. From one side, the minimization of state error
covariance is the same process within the Kalman filtering. However, the optimization process allows us
to consider an external force spectral density making this process more consistent with the physics of the
problem. From the other side, the minimization of covariance associated to post-fit residual tends to reduce
the measurement residue as well as to consider data gathered in a previous learning phase. The paper is
organized as follows: in Sec. (2) the experimental case study object of the paper is presented, whilst the
theoretical background is provided in Sec. (3). Finally, Sec. (4) reporting the main results ends the paper
before the concluding remarks.
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2 The experimental case study

2.1 Physical model description

The experimental model of the catamaran being the object of the analysis is a model built with the elastic
backbone approach, whose goal is to decouple the structural and hydrodynamic functions of the structure.
This technique involves the construction of a structural frame that scales the elastic behavior of the full-scale
model [5] and a segmented hull, where the segments - rigidly connected to the backbone beams - transmit
hydrodynamic force and moments. Moreover, the experimental model includes a segmented wetdeck con-
nected to the truss to transmit the loads generated by slamming impacts. The model is illustrated in Figure 1
where it is possible to observe the catamaran below carriage with its metallic backbone and segments. The
main rigid-body characteristics of the model are listed in Table 1.

Figure 1: Experimental model under the carriage.

The backbone truss is made of aluminum and includes several structural components: two longitudinal
beams, two transverse beams, a central beam in the symmetry plane, and two hinged beams near the bow
to support the wetdeck as shown in Figure 2. The truss is connected to the segments by using stiff vertical

Table 1: Main model parameters.

Variable value

Mass 206.8 Kg
Length Overall 3.96 m

CoG 1.628 m
Pitch radius 1.143 m

elements called legs. The role of the hull segments is to transfer concentrated hydrodynamic force to the
elastic backbone via the legs. Each demi-hull is divided into four segments as shown in Figure 1. In order
to ensure a certain stiffness and lightness, the segments are made with fiberglass laminate with a stiffening
core material. The gaps between adjacent segments is made water-tight by using thin rubber straps. On
the other hand, the wetdeck is made up by different materials such as fiberglass, wood and PLA in order to
make it robust enough and, in turn, it is segmented in two parts, with length of 1/3 and 2/3 length overall,
respectively for the forward and the backward part. The forward part, where all the slamming phenomena
occur, is connected to the two hinged beams. A great number of structural lab tests have been carried out on
the model, such as static and vibration tests, that has been used to enhance the numerical model. These tests
were carried out hand in hand with the construction of the model, involving different configurations and parts
of the catamaran. The results related with vibration tests of the final configuration are presented. For a deeper
insight, please refer to [6]. The experimental first six elastic mode shapes of the free-free structure with the
corresponding natural frequencies and damping ratios are shown in Figure 3. The free-free conditions have
been reproduced by hanging the present model by means of 8 soft springs in order to keep the frequencies
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(a) Wetdeck view (b) Working principle of wetdeck balance

Figure 2: Wetdeck arrangement.

of the rigid-body modes with frequency lower than 2.0 Hz [5]. Finally, natural frequencies and modes have
been computed by means of Polymax. Further wet vibration tests have been carried out showing a general
decrease of the natural frequencies. Table 2 shows natural frequencies and damping of modes that can refer
to those shown in Figure 3

(a) f1 = 10.36 Hz, ζ1 = 0.042 (b) f2 = 16.33 Hz, ζ2 = 0.007 (c) f3 = 23.65 Hz, ζ3 = 0.019

(d) f4 = 29.33 Hz, ζ4 = 0.015 (e) f5 = 46.36 Hz, ζ5 = 0.008 (f) f6 = 55.41 Hz, ζ6 = 0.01

Figure 3: Natural modes from dry vibration tests.

Table 2: Wet vibration tests: natural frequencies and damping.

mode 1 2 3 4 5 6

fn[Hz] 8.63 12.02 15.45 23.19 35.51 38.69
ζn 0.022 0.004 0.006 0.017 0.013 0.011

Eventually, the experimental campaign, that main results are provided in Sec. (4), has been performed at the
CNR-INSEAN towing-tank basin Emilio Castagneto in Rome, that is a 220 m long, 9 m wide and 3.5 m deep
linear basin equipped with wavemaker system, able to generate regular waves and irregular sea according to
different kind of spectra. The monitoring of the elastic deflections and the hydrodynamic loads is applied
to a scaled physical naval model tested in towing tank with on board acquired data. Some details about the
towing system and the sensor layout follows. However, deeper insights about design and model assessments
can be found in [5].

The model was towed by an eight-drive wheels carriage moving on a railroad guide. The complex tow-
ing system was such that it would only allow for heave and pitch modes by means of a barycentric hinge
connected to vertically oriented linear bearing and a fork-type device at the stern.
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Heterogeneous data related to strains, rigid-body motion and internal forces have been used. This vast
amount of data has been recorded by means of a manifold of synchronized DEWE-43 modules. In particular,
the sensor used for this analysis consists of 36 HBM strain gages spread to cover the whole backbone (
Figure 4), and Rodymm Krypton optical system to measure all six rigid-body DOFs.

Figure 4: Strain gages layout.

2.2 Numerical model description

The physical model introduced in Sec. (2) has been modeled by means of a detailed FE model. The develop-
ment of present FE model has been particularly challenging since the mass properties are highly influenced
by sensor layout and hull mass distribution. In order to obtain a numerical model as close to the experimental
one as possible, a model updating has been carried out in a cascade way by updating the structural compo-
nents step by step during the model assembly stage. Hence, first the properties of backbone has been update
by experimental vibration tests of the bare metallic frame up to a frequency of 120 Hz and then, an equivalent
model of wetdeck has been generated in order to model its stiffness and mass. Finally, a final updating is
performed considering the whole structure in order to reach a good matching between the experimental dry
modes and the first two numerical vibration modes. The FE natural modes and frequencies are shown in
Figure 5. Notice that the first two modes and frequencies are very close to the experimental ones. Moreover
it is possible to notice some vibration modes not identified in the experimental tests, such as the modes of the
symmetric torsion of forward part of the trusses with frequency 27.71 Hz. Finally a proportional damping
matrix has been assumed by taking into account the experimental damping ratios.

(a) f1 = 10.11 Hz (b) f2 = 16.90 Hz (c) f3 = 19.62 Hz

(d) f4 = 19.75 Hz (e) f5 = 20.15 Hz (f) f6 = 27.71 Hz

Figure 5: Natural modes from dry numerical modal analysis.
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3 Theoretical background

The estimation of elastic deflections is performed by combining two techniques: the Craig-Bampton reduc-
tion and an optimal observer. The Craig-Bampton technique allows us to reduce the problem size and can
be carried out within the FE framework. The successive and most challenging step is to design a natural ob-
server, based on a finite set of measurements, which is “optimal” in giving back a trustworthy representation
of our physical system.

3.1 Sensor datasets

To clarify how the data is processed, two main group of variables are defined:

• Active measurements ya. This is the input processed by the presented method to build the approxi-
mation model. These data are provided by sensors constituting the permanent sensor array upon which
the expert monitoring system will be permanently based.

• Virtual measurements. This is the new information that is obtained from the output, directly or
through simple models.

Figure 6: Classification of sensor datasets.

Since it is our aim to validate the present method against the available measurements, a more comprehensive
classification of the information is used in the present paper:

• Active measurements ya, as seen above.

• Target measurements yt. It includes the data upon which the procedure internally tries to minimize
its errors, or conversely to refine its capability to predict the correct values.

• Control measurements yc. These are available measurements used to check the final performances
but which do not drive the optimization procedure.

The introduction of the AI set corresponds to performing the so-called “learning phase” when the system
is installed on-board our vehicle or in the monitored structure; the Target Measurements are obtained by
means of an additional array of sensors that after the “learning phase” is removed. The reason for which the
Target Meas. are not included in the Active Measurements set is because the design of the optimal observer
would change if more input variables are fed to the system after completion of the “learning phase”. These
concepts are further explained in the diagram above. The Target and the Control Measurements are distinct
sets because we are specifically interested in evaluating the performances in points which did not take part to
the optimization process. On the other hand, the Control Measurements may include all the input variables
(Active Meas. Set), but is more indicating if at least some control variables are not fed as input to the system,
since we trivially expect that good predictions are obtained in the Active data (even if the system is not
strictly an interpolator).
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3.2 Craig-Bampton Method

The Craig-Bampton method [1] is a technique that allows for reduction of the number of degrees of freedom
u of a structural problem if the dynamic response is limited to a certain frequency range. This method differs
from the modal truncation by the capability to include physical displacements in the set of generalized coor-
dinates; this provides a set of reduced DoFs on which the decomposition depends, which are called master
and hereafter denoted by uM. Besides the master DoFs, an additional set of modal DoFs η is considered to
complete structural dynamics behavior in the interest frequency range. By taking into account this reduction
technique, the physical DoFs u can be expressed by superimposition as:

u =

{
uM

uS

}
=

{
uM

SuM + ZSη

}
=

[
I 0
S ZS

]{
uM

η

}
= Rcb

{
uM

η

}
(3)

where Rcb is the Craig-Bampton transformation matrix. The dynamics of the slave DoFs uS depends on the
master DoFs by means of the boundary modes S obtained by a static condensation, as well as the dynamics
associated to the fixed-boundary modes ZS. For the present case study (see Sec. ( 2)) an amount of 23 master

(a) (b) (c)

(d) (e) (f)

Figure 7: Craig-Bampton modes: examples of boundary modes (a,b,c,d) and fixed-boundary modes(e,f)

DoFs has been considered, that are chosen by selecting:

• the vertical displacements and rotations about the transversal axis in each connection point between
segments and backbone (8 points with DoFs 3 and 5);

• the vertical displacements in each connection point between the forward part of the wetdeck and rela-
tive bars (4 points with DoF 3);

• the vertical and lateral displacements as well as the rotation about the vertical axis of the hinge point
of the CoG (1 point with DoFs 2,3 and 6).

These DoFs are introduced in order to have the minimum number of variables able to describe in a complete
fashion the concentrated forces exchanged between the segmented hull and the backbone as well as the
constraint force exchanged with the seakeeping bar. Then, a user dependent number of fixed-boundary
modes is considered in order to have also a displacement space complete enough for the interest frequency
range. Thus, the transformation matrix in Eq. (3) allows to get a reduced order system whose dynamic
behavior is described by the following mass and stiffness matrices:

Mcb =

[
MMM + STMSSS STMSSZS

ZT
S MSSS I

]

Kcb =

[
KMM + KMSS 0

0 ΩS

]
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According with the sensor datasets definition of Sec. (3.1), the second order linear dynamic system can be
expressed as follows:

Mcbq̈ + Dcbq̇ + Kcbq = f + w (4)

ya = Ca
cbq + va (5)

yt = Ct
cbq + vt (6)

yc = Cc
cbq + vc (7)

where qT =
{

uT
M ηT

}
is the vector of the reduced generalized coordinates, Dcb is the structural damping

matrix expressed by means of Craig-Bampton modes, f is the vector of the hydrodynamic forces, w is the pro-
cess noise, va, vt and vc are the measurement noises and Ca

cb, Ct
cb and Cc

cb are the output matrix respectively
associated to active, target and control measurements.

3.3 Natural second-order observer

The estimate of loads and elastic deflections needs for a further and more important step. In this work,
the optimal observer that has been used resumes and expands the characteristics of the one proposed in [12],
making it suitable to estimate the external forces and the elastic deflections of the scaled model of catamaran.
Additional elements with respect to [12], are i) the use of a non-symmetric observer; ii) the introduction of
two objective functions to be optimized, one -classic- which aims to the minimization of the state error and
the other-one that aims to minimize the residues at the points defined as Target Meas. in Sec. (3.1) ; iii) the
use of a-priori estimate of the statistics associated with external forces (as in this case the power spectral
density) to improve the estimation of the dynamics that are actually excited.

The state equations of the unknown input linear second order observer of Eq. (4) can be generally expressed
as follows:

Mcb
¨̂q + Dcb

˙̂q + Kcbq̂ = L(ya − Ca
cbq̂) (8)

where the symbol •̂ refers to each estimated quantity and L is the observer gain. By defining the state error
e = q− q̂, the Eqs. (4,8) provide the error dynamics as

Mcbë + Dcbė + Kcbe + LCa
cbe = f + w + Lv (9)

The Fourier transform of Eq. 9 yields

[−ω2Mcb + iωDcb + Kcb + LCa
cb] ẽ(ω) = f̃(ω) + w̃(ω) + Lṽ(ω) (10)

where the symbol •̃ is used to represent the Fourier transform. By defining

HO(ω) = [−ω2Mcb + iωDcb + Kcb + LCa
cb]−1 (11)

Eq. 10 provides the frequency response of the state error as

ẽ = HO(ω)(̃f + w̃ + Lṽ) (12)

If the statistical features of the forcing terms and process and measurement noise are stochastic, known and
uncorrelated each other, by means of Eq. (12), the system response to stochastic inputs is obtained as follows

Φee(ω) = H∗O(ω)(Φff(ω) + Φww(ω)− LΦvv(ω)LT)HT
O(ω) (13)

where Φ•• indicates the power spectral densities. On the other hand, it is possible to define also the post-fit
measurement residual by means of Eq. 7:

z̃ = ỹt − ˜̂yt = [I− Ct
cbHO(ω)L]ỹt (14)
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This relationship is however influenced by the noise present in tt and from non-optimal estimation of state.
In a similar way of Eq. 13, the power spectral density of the post-fit measurement residual can be processed
using the data gathered in the learning phase:

Φzz(ω) =
[
I− Ct

cbHO(ω)L
]∗

Φytyt(ω)
[
I− Ct

cbHO(ω)L
]T (15)

Finaly, Eqs. (13,15) yield the covariances of the state error and post-fit residual

P =

∫ +∞

−∞
Φee(ω)dω (16)

S =

∫ +∞

−∞
Φzz(ω)dω

Note that these two quantities depend on the gain matrix L. The aim is to assess and minimize the covariances
of Eq. (16) by find the optimal free parameters that make up the matrix L. This optimization process will be
discussed in Sec. (3.4).

3.4 Optimization Process

3.4.1 Objectives

Generally speaking, an optimal estimator is obtain when the gain matrix is computed to minimize the trace
of P, that represents the norm 1 of the variance of the errors on the state. This is the same operation generally
operated in Kalman filtering, considering, however, only the displacements in the state vector. Though the
external forces are not directly measured, the knowledge of their power spectral densities, along with the
characterization of the process and measurement noises, allows us to compute the observer to get the most
likely estimation of the state (see Eq.13). In case of low measurement noise, a high gain observer is always
obtained. However, in the presence of noise in the output data, the observer should be able to penalize the
estimation of the dynamics that have a noise higher then the useful signal. On the other hand, minimizing
tr(S) means designing an observer that makes the post-fit residues converge to zero. This information must
be managed carefully since it does not ensure the convergence of displacements throughout the structure
and, generally, it may be conditioned by measurement noise. However, the minimization of tr(S) could be
very helpful in the case some measurements are available only in an early learning stage since the resulting
observer addresses the estimation to converge also in that points that are no longer directly monitored. The
natural second-order observer proposed in this work is synthesized by minimizing tr(P) as well as tr(S).

Figure 8: Optimization process loop.
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3.4.2 Inputs

The optimization process starts by providing the spectral densities matrices of the forces and response. Both
the spectral densities have been estimated by considering the record outputs during the towing tank campaign
and recast in order to estimate the structural behavior of the model in an effective way. The external forces
spectral densities are obtained by estimating the forces in a least-squares sense. To this end, the transfer
function has been considered that concerns only the Master DoFs of the system made symmetrical with
respect to the xz plane:

˜̂
f =

[
−ω2M̂ + K̂

]−1
Ĉ† ỹ (17)

where M̂ and K̂ are the mass and stiffness matrices of the statically condensed system with xz plane sym-
metry constraints. This approach allows to get a rough frequency representation of the external forces, that,
subsequently are filtered in order to take into account only the wave loading in the hulls regions ( low-pass
filtering sufficiently below the first natural frequency < 7 Hz ) and the slamming phenomena on the wetdeck
(below the first wetdeck natural frequency < 40 Hz). The uncertainties related the reconstruction of the
external forces are introduced into the user-defined process noise along with other structural uncertainties.
On the other hand, the spectral densities of the outputs (Φyy(f)) are obtained by considering the rough data
without any filtering process.

3.4.3 Design variables

The estimate of optimal gain matrix represents a multi-objective optimization problem, where the set of
design variable is made up by all the elements of L. [12] suggests how to decompose the observer in order
to consider just a limited number of design variables for the optimization process,

L = CaT
cb G (18)

where the diagonal elements of G (whose number is the same of active sensors) could be enough to obtain an
optimal observer. This shape allows also to preserve the symmetry of the problem. This observer is such that
a weight for each sensor is assigned by means of the diagonal elements of G. However, this approach may be
too restrictive to achieve a good optimum since relies only to a weight assigned to each sensor. Although, it
is still possible to perform the optimization with all the elements of the gain matrix L (though the likelihood
to find a global optimum is low due to high number of design variables involved), the authors propose an
alternative observer decomposition:

L = Z−T
cb WCaT

cb G (19)

where Zcb is the eigenvector matrix that diagonalizes Mcb and Kcb, whereas W is a matrix that weighs the
normal modes according to how these modes are supposed to be influenced by external forces and their own
dynamics. Therefore, in this work, only the diagonal elements of W and G are used to synthesize the best
observer with the minimum number of variables.

3.5 Quality indicators

In order to quantify the error that is committed by using the present approach, the authors refer to two
different functions called Time Response Assurance Criterium (TRAC) and Frequency Response Assurance
Criterium (FRAC) introduced in [17] and defined as follows:

TRAC(t) =
‖ ŷc(t)

Tyc(t) ‖2
(ŷc(t)Tŷc(t))(yc(t)Tyc(t))

(20)

FRAC(f) =
‖ ˜̂yc(f)Hỹc(f) ‖2

(˜̂yc(f)H˜̂yc(f))(ỹc(f)Hỹc(f))
(21)
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The functions above represent, respectively, the similarity of the estimate time and frequency response of
the control sensor array with the measured ones. The values are between 0 and 1, hence these functions
are good candidates for being considered quality indicators. The average of the values over time TRAC
and frequency FRAC in the interest range are assumed as indicators for the quality of the estimation as a
function of the number and distribution of sensors.

4 Results

The method presented in Sec. ( 3) has been applied on the experimental data collected during the experi-
mental campaign in the towing-tank with the scaled model described in Sec. (2). The results shown here
concern in particular a run in irregular (stochastic) sea following a JONSWAP spectrum, which is a general
law describing the distribution of energy between the waves of different period and phase into which the
wave elevation can be decomposed. The test condition of the considered run is reported in Table 3 in terms
of speed, significant wave height and period:

Table 3: Sea condition of the considered run in irregular sea.

Speed 1.779 m/s
wave height 0.1053 m
Period 0.798 s

The considered run has been chosen since several wetdeck slamming events occurred and consequently the
dynamic response of the catamaran exhibits all the hydroelastic features that make this problem worth to
be investigated. Moreover, the presence of impulsive loading yields a broad-band excitation of the natural
modes and provides consequently a challenging test-case for the present method. Figure 9 shows the rigid-
body motion response by means of the time domain recorded data (a) and their spectral density (b) in the
rigid-body modes frequency range. Concerning the structural behavior, the strain gage responses are shown
in Figure 10 considering the sum of the spectral densities of all the strain gages.

(a) Time responses (b) Power spectral densities

Figure 9: Time and frequency responses of Heave and Pitch.

4.1 Estimation of forces and elastic deflections

In this section the response of the catamaran in terms of forces and elastic deflections is analyzed and dis-
cussed for the sea condition listed in Table 3. Here, the sets of Active, Target and Control measurements
coincide, so that all the sensors are used for state updating, gain matrix evaluation and estimation of elastic
displacements quality indicators. Otherwise, remind that the estimation of forces is contaminated by process
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Figure 10: Sum of power spectral densities of strain outputs.

(a) Time response assurance criterion (b) Frequency response assurance criterion

Figure 11: Time and frequency response assurance criterion of strain outputs.

noise as shown in Eq. (4). The strain gages response in Figure 10 shows two clearly resonant peaks about 12
Hz and 16 Hz. The observer is then computed according to the method proposed in Sec. (3) and its capability
to give the right estimation of the sought variables is assessed by means of TRAC and FRAC (see Sec. (3.5))
in Figure 11 considering all the available sensors. One of the most interesting results concerning this run is
the prediction of the forces in the wetdeck region, whose time response estimation is shown in Figure 12a.
The results show a clear symmetry of the hydrodynamic forces under the wetdeck. The responses of the
concentrated forces acting on each segment of the right demihull are shown in Figure 12b, where the leg
number connecting the segments to the backbone is sorted in ascending order from bow to stern.

(a) Time histories of concentrated forces on wetdeck
region

(b) Frequency response of concentrated forces act-
ing on the leg connecting the segments to the right
backbone beam

Figure 12: Concentrated forces over the structure.
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Figure 13: Time response of the force on the second segment of the right hull starting from the bow.

The time response of the force on the second segment of the right demihull is shown in Figure 13 compared
with the vertical displacement of the point in which the forces are exchanged. Further interesting result
concern the time-frequency domain response of the deflection field projected on the vibration modes. In
Figure 14 are shown the response of first two vibration modes by means of wavelet transform. Figure 14a
shows the response of the split mode. It can be noticed that the main contribution swings from 7 Hz and
9 Hz, that is nearly the value that came out from the vibration tests carried out with the wet configuration
(see Sec. 2.1). This particular behavior is due to an unsteady distribution of the added (hydrodynamic) mass
caused by heave and pitch motion. The vertical two-node bending mode, instead, presents evident wide-band
instant responses due to the impacts in the wetdeck region.

(a) First mode (b) Second mode

Figure 14: Vibration modes wavelet spectrum. The red line represent the vertical displacement of wetdeck
center in time domain.

After the slamming, the wavelet spectrum shows an halo at about 12 Hz that points out the associated modal
response. It is worth to notice that these two effects are superimposed to the wave load response at very low
frequency.

4.2 Sensitivity analysis as a function of measurement sets

According with classification of the the measurement set in Sec. (3), a sensitivity analysis on the number
of the considered strain gages is carried out. In order to simplify the description of the current analysis, the
available measurements are divided into 4 groups by considering the strain gages layout in Figure 4:

g1 : 1-36

g2 : 1,3,5,7,9,12
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g3 : 16,18,22

g4 : 14,25-29,30,32,34

The sensitivity analysis is then carried out by considering six cases according to the classification in Sec. 3.1,
as reported in Table 4.

Table 4: Set classification with the values of average FRAC and TRAC for each subset case.

subset Case 1 Case 2 Case 3 Case 4 Case 5 Case 6

Active g1 g1 ∩ g2 g1 ∩ (g2 ∪ g3) g1∩(g2∪g3∪g4) g1 ∩ (g2 ∪ g3) g1∩(g2∪g3∪g4)
Target g1 g1 g1 g1 g1 ∩ g2 g1 ∩ (g2 ∪ g3)
Control g1 g1 g1 g1 g1 g1

TRAC 0.9922 0.9875 0.9833 0.9203 0.9861 0.8348
FRAC 0.9809 0.9661 0.9290 0.8460 0.9458 0.8180

For each case of considered subset for Active, Target and Control meas., the values of TRAC and FRAC
has been computed and reported in the same Table 4.

Table 4 indicates that the higher the number of sensors used the better is the estimation. However, it shows
that also reducing drastically the number of sensor (as in Case 4 and Case 6) the average values of FRAC and
TRAC still remain acceptable. However, it is shown that, despite having the same number of active sensors,
Case 4 provide a better estimation than Case 6 since all non active sensors are considered as target and used
in the observer design stage.

5 Concluding remarks

In this paper a numerical technique aimed to extend the capabilities of a monitoring system has been pre-
sented using as test case a scaled model of a catamaran equipped with several sensors. In this way, the elastic
deflection field has been reconstructed and unknown measurements like the estimation of the hydrodynamic
loads acting on the segments have been obtained. This tool is the first step toward a robust methodology
to support structural health monitoring and predictive maintenance strategies. To match the nature of the
present problem, the involved methodology includes the use of an optimal second order observer that has
been synthesized by minimizing the state error and the measurement residual covariances given some hy-
potheses about the frequency content of the hydrodynamic loads. Moreover, since the technique requires a
mathematical model providing the physical relationship between the experimental measurements, a reduced
order (FE) model based on Craig-Bampton technique has been exploited. The effectiveness of the proposed
method has been assessed by means of two quality estimators in the time and frequency domains, along
with a sensitivity analysis of the accuracy of the estimations with respect to the number of sensor involved,
that is, the amount of information in input. The force and the elastic deflections have been estimated with
reference to a test carried out in the towing-tank for an irregular sea condition which makes the catamaran
experience severe impacts at the wetdeck. The results, and in particular the estimation of the unknown hydro-
dynamic load, show a response in agreement with the expected impulsive behavior typical of the slamming
phenomena.

ACKNOWLEDGMENTS

The experimental campaign upon which this work is based was supported by the U. S. Office of Naval
Research (ONR) under NICOP agreement under the guidance of program officer Paul Hess.

3508 PROCEEDINGS OF ISMA2018 AND USD2018



References

[1] Bampton, M.C.C., Craig, R.R. Jr., Coupling of substructures for dynamic analyses. AIAA Journal,
Vol. 6, No. 7 (1968), pp. 1313-1319.

[2] Kullaa, J., Virtual sensing of structural vibrations using dynamic substructuring. Mechanical Systems
and Signal Processing, Vol. 79, (2016), pp. 203-224.

[3] Kalman, R.E., Bucy, R.S., New results in linear filtering and prediction theory. J. Basic Engineering
Transactions on ASME, Series D 83 (3), pp 95 – 108.

[4] Hwang, J., Kareemb, A., Kim, W., Estimation of modal loads using structural response. Journal of
Sound and Vibration, Vol. 326, (2009), pp. 522–539.

[5] Dessi, D., Faiella, E., Geiser, J., Alley, E., Dukes, J., Design, assessment and testing of a fast cata-
maran for FSI investigation. 31st Symposium on Naval Hydrodynamics Monterey, California, 11-16
September 2016.

[6] Dessi, D., Faiella, E., Geiser, J., Alley, E., Dukes, J., Design and structural testing of a physical
model for wetdeck slamming analysis. Progress in the Analysis and Design of Marine Structures:
Proceedings of the 6th International Conference on Marine Structures, Lisbon, 2017.

[7] Lourens, E., Reynders, E., De Roeck, G., Degrande, G., Lombaert, G., An augmented Kalman filter
for force identification in structural dynamics. Mechanical Systems and Signal Processing, Vol. 27,
(2012), pp. 446–460.

[8] Naets, F., Cuadrado, J., Desmet, W., Stable force identification in structural dynamics using Kalman
filtering and dummy-measurements. Mechanical Systems and Signal Processing, Vols. 50–51, (2015),
pp. 235-248.

[9] Lourens, E., Papadimitriou, C., Gillijns, S., Reynders, E., De Roeck, G., Lombaert, G., Joint input-
response estimation for structural systems based on reduced-order models and vibration data from a
limited number of sensors. Mechanical Systems and Signal Processing, Vol. 29, (2012), pp. 310-327.

[10] Maes, K., Smyth, A.W., De Roeck, G., Lombaert, G., Joint input-state estimation in structural dy-
namics. Mechanical Systems and Signal Processing, Vols. 70-71, (2016), pp. 445-466.

[11] Balas, M.J., Do all linear flexible structures have convergent second-order observer?. . Proceedings
of the American Control Conference, Philadelphia, Pennsylvania, June 1998

[12] Hernandez, E.M., A natural observer for optimal state estimation in second order linear structural
systems. Mechanical Systems and Signal Processing, Vol. 25, (2011), pp. 2938-2947.

[13] Demetriou, M.A., Natural second-order observers for second-order distributed parameter systems.
Systems & Control Letters, Vol. 51, (2004), pp. 225-234.

[14] Demetriou, M.A., Natural second-order observers for second-order distributed parameter systems.
Systems & Control Letters, Vol. 51, (2004), pp. 225-234.

[15] Belvin, W.K., Second-Order State Estimation Experiments Using Acceleration Measurements. Journal
of guidance, control, and dynamics, Vol. 17, No. 1, (1994)

[16] Hernandez, E.M., Optimal model-based state estimation in mechanical and structural systems. Struct.
Control Health Monit., Vol. 20, (2013), pp. 532–543

[17] Iliopoulos, A.N., Weijtjens, W., Van Hemelrijck, D., Devriendt, C., Prediction of dynamic strains on
a monopile offshore wind turbine using virtual sensor. J. Phys.: Conf. Ser., Vol. 628, (2015), conf. 1

STRUCTURAL DYNAMICS: METHODS AND CASE STUDIES 3509



3510 PROCEEDINGS OF ISMA2018 AND USD2018


