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Data-driven modeling is considered as a prospective approach for many conventional physical problems including ocean applications. Among various machine learning techniques,
support vector machine stands out as one of the most widely used algorithms to establish
models connecting pertinent features to physical quantities of interest. This paper takes
the experimental data for a ﬁxed cylinder in shallow water as the baseline data set and
explores the modeling of nonlinear wave loads by the support vector machine (SVM) regression method. Different feature and target selections are studied in this paper to establish the
nonlinear mapping relations from ambient wave elevations and kinematics to nonlinear
wave loads. The performance of the SVM regression model is discussed and compared
with nonlinear potential ﬂow theory focusing on the overall statistics (standard deviation
and kurtosis), which is critical for fatigue and extreme statistics analysis.
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1 Introduction
Many conventional problems in ocean engineering remain challenging due to the stochastic nature of ocean waves, viscous separated ﬂow effects, nonlinear resonance, etc., and the combination
of these factors. Traditionally, to solve these problems, we mostly
would explore theoretical and numerical methods and conduct
experiments to understand the physics and provide engineering
solutions. While the traditional development of ﬂuid-structure interaction models has focused on incorporating more physics to
improve model accuracy and predictive capabilities, an alternative
approach is gaining increased attention recently, namely, to utilize
data directly [1]. Data-driven modeling is considered as a prospective approach since data from experiments, ﬁeld tests, or highﬁdelity simulations are mostly informative about the actual physical
systems.
One of the types of physics-based problems we are interested in
can be categorized as mapping highly nonlinear physical relations.
Machine learning algorithms, either kernel based methods or deep
neural networks, have very good generalization capability as well
as statistical inference that makes them good at solving this type
of problems. The exploitation of machine learning methods in
physics-based problems may be found in the works of many
researchers in various domains [2–4]. Artiﬁcial and deep convolutional neural networks have been applied to study ﬂows involving
marine structures with very promising results [5,6]. The literature
on the application of machine learning in the ﬁelds of ocean engineering and naval architecture is growing rapidly and cannot be
exhaustively reviewed in the present article.
Kernel-based methods enjoy the advantage of transparency, they
come with theoretically proven performance guarantees, they lead
to the solution of convex optimization problems with a unique solution which reduces to the solution of positive deﬁnite linear systems
and require the tuning of just two hyperparameters via crossvalidation, as discussed below. One of such challenges in ocean
engineering is the modeling of nonlinear wave-excited loads for offshore structures. The modeling of hydrodynamic loads has
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developed over decades to model the relevant physics and predict
wave-structure interaction problems. Linear frequency-domain
analysis led to the development of panel-method based ﬂow solution methods, which is one of the most popular tools because of
its efﬁciency and reliability. However, in many scenarios, the nonlinear effects are not negligible due to large-amplitude body
motions, nonlinear resonance, ﬂow separation, etc. Having a
better prediction of nonlinear wave loads is critical in order to evaluate extreme statistics and structural fatigue analysis for offshore
structures [7–9]. Many researchers have published studies on the
impact of nonlinear wave loads to the design, safety, and maintenance of offshore platforms [10–12].
Over the past decades, a variety of numerical methods have been
developed to understand and predict nonlinear wave-structure interactions. Potential ﬂow theory remains the most popular tool for the
prediction of global responses of offshore structures, including
extensions of linear theory which account for nonlinear free
surface and body boundary conditions. Following the solution of
the potential ﬂow wave-structure interaction, the hydrodynamic
load can be calculated either by integrating the pressure over the
body wetted surface which is obtained by Bernoulli’s equation
[13] or by the time rate of change of the impulse of the velocity
potential which is a new methodology recently proposed by
Ref. [14] as ﬂuid impulse theory. These methods require the discretization of the body surface and some also require the discretization
of the free surface, which can be very demanding leading to a delicate numerical treatment and signiﬁcant computational cost. Meanwhile, depending on the free surface and body boundary conditions
imposed, the numerical schemes can only take into account contributions from certain nonlinear aspects and often with limited accuracy. Therefore, establishing a direct generalized model for
nonlinear wave loads from a data-driven perspective could be
very prospective in terms of both accuracy and efﬁciency, and
would further enhance its attractiveness in offshore platform
design and marine operations in practice.
Among the various data-driven techniques mentioned above,
support vector machine (SVM) stands out as one of the most
widely used algorithms to establish models connecting pertinent
features to physical quantities of interest [15,16]. Reference [4]
has proposed to use support vector machines to achieve parameter
identiﬁcation of ship maneuvering models. The essence of SVM
algorithms is to use kernels instead of an explicit set of basis
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functions in order to establish a more compact and generalized
model based upon a set of explanatory variables or features. The
selected kernel with optimized hyperparameters encodes the covariance structure between the features and forms the foundation of the
learning algorithm which relates the quantity being modeled to the
features, from the perspective of statistical learning theory.
In this paper, a SVM regression model is trained and validated
using experiments for a ﬁxed cylinder in shallow water. Different
feature and target selections are compared and discussed in this
work. Statistics of the nonlinear wave loads by the SVM regression
model are compared with the original measurements demonstrating
the accuracy of the model, which is critical for its use in applications
involving structural analysis and design.

2.1 Mathematical Formulation. Least-squares support vector
machine (LS-SVM) [17] is the least-squares version of standard
SVM, which solves a set of linear equations instead of a convex
quadratic programming problem of classical SVM algorithms
which minimize more general objective functions.
The LS-SVM regression model assumes the following functional
dependence between a physical quantity y and relevant K-dimensional vector features x = (x1, x2, …, xK)T
yf = w ϕ(x) + b
T

(1)

The series expansion in Eq. (1) involves the unknown weight vector
w = (w1, w2, …, wM)T and vector basis functions ϕ(x) = (ϕ1(x),
ϕ2(x), …, ϕM(x))T. The number of basis functions M is a priori
unknown and may be inﬁnite. The constant b is the bias term.
Given a sample of training data {(xi , yi )}Ni=1 , LS-SVM determines
the optimal weight vector and bias term by minimizing the cost
function R:
1
1
min R(w, e) = ∥ w ∥2 + γ ∥ e ∥2
w,e
2
2

(2)

subject to the equality constraints:
yi = wT ϕ(xi ) + b + ei ,

i = 1, 2, . . . , N

(3)

where ∥ · ∥ denotes the Euclidean norm. γ is the regularization
parameter which controls the trade-off between the bias and variance of the LS-SVM model. e is the error vector, e = (e1, e2, …,
eN)T.
Equations (2) and (3) form a standard optimization problem with
equality constraints. The Lagrangian of such a problem is
L(w, b, e, λ) = R(w, e) −

N


λi (wT ϕ(xi ) + b + ei − yi )

(4)

i=1

where λi are the Lagrange multipliers.
According to the Karush-Kuhn-Tucker Theorem, the conditions
of optimality are
⎧
N

∂L
⎪
⎪
= 0  w = λi ϕ(xi )
⎪
⎪
∂w
⎪
i=1
⎪
⎪
⎪
N
⎪

∂L
⎪
⎪
⎨
= 0  λi = 0
∂b
i=1
(5)
⎪
⎪ ∂L
⎪
⎪
=
0

λ
=
γe
i
i
⎪
⎪
∂ei
⎪
⎪
⎪
⎪
⎪
⎩ ∂L = 0  wϕ(xi ) + b + ei − yi = 0
∂λi
Cast (5) into a linear matrix equation:



b
0
0 1T
=
y
1T K + γ −1 I λ

N


λi k(x, xi ) + b

(7)

i=1

From Eqs. (6) and (7), it can be seen that neither the basis functions
ϕj(x) nor their number M need to be speciﬁed explicitly. All
LS-SVM requires is the inner product ϕTi (x)ϕj (x), i.e., the kernel
function k(xi, xj). This property is known as the “kernel trick”
and is a key attribute of the SVM algorithm.
Some widely used kernels are the linear, polynomial, and Gaussian functions
Gaussian kernel: k(x, z) = exp(− ∥ x − z ∥2/σ 2 )
Linear kernel:
Polynomial kernel:

(8a)

k(x, z) = xT z

(8b)

k(x, z) = (xT z + t)d

(8c)

In Eq. (8), ∥ · ∥ denotes the Euclidean norm. σ is the “scale” that
determines the width or variance of the Gaussian kernel. d is the
degree of the polynomial kernel and t is its bias term. More generally, the value of d may be positive or negative, it does not need to
be an integer, but its value and that of the bias must be such that the
kernel (8) is positive deﬁnite [15].
Expression (7) provides an explicit nonlinear model for the
dependent quantity. The summation in Eq. (7) is over the
number of samples N used to train the SVM algorithm with the
values of the sample features which appear in the second argument
of the kernel. The Lagrange multipliers are obtained from the solution of the linear system (6) and are known in the SVM literature as
the “support vectors.”
The regularization and kernel parameters are calibrated to
optimal values via cross-validation during the training stage of
the SVM nonlinear regression using a sufﬁciently large number
of samples. Then the nonlinear models (6) and (7) leads to the
simple summation of a series of transcendental functions and may
be used either to generate signal forecasts from its time-lagged
values or to represent complex physical quantities dependent on
the selected set of features.
2.2 Further Discussion on General Kernel Selection. The
selection of the Gaussian kernel appears at ﬁrst to be somewhat
arbitrary. Moreover its connection to the set of basis functions
has not yet been made explicit. Assume that the physical quantity
under study has a well-deﬁned mean and that it is otherwise oscillatory around its mean, a common occurrence in ocean applications
dealing with signals that are deterministic or quasi-stationary and
stochastic. In such cases appropriate basis functions would be a
set of orthonormal functions in a multi-dimensional space with
dimensions equal to the number of features.
The connection between the kernel and the basis functions in the
SVM algorithm is established by Mercer’s Theorem [15] which
states that for a positive deﬁnite kernel:
∫ k(x, z)ϕj (z)d(z) = μj ϕj (x)

X

k(x, z) =

∞


μj ϕj (x)ϕj (z)

(9)

j=1

(6)

where 1 = (1, 1, …, 1)T. I is the identity matrix. y = (y1, y2, …, yN)T.
K = (k(xi , xj ))Ni,j=1 is called the kernel or Gram matrix deﬁned by the
051701-2 / Vol. 143, OCTOBER 2021

yf (x) =

The solution of the ﬁrst-kind integral Eq. (8) is in principle not
available in closed form nor is the a priori selection of the kernel
evident. A reasonable selection of the basis functions capable of
accurately describing the physical quantity under study according
Transactions of the ASME

Downloaded from http://asmedigitalcollection.asme.org/offshoremechanics/article-pdf/143/5/051701/6634026/omae_143_5_051701.pdf by guest on 06 October 2022

2 Least-Squares Support Vector Machines Regression

inner product of the feature basis functions k(xi, xj) = ϕ T(xi)ϕ(xj).
The length of the vector ϕ T(xi) is M and the dimensions of the
square kernel matrix K are N × N.
It follows that using the LS-SVM regression model, the physical
quantity that needs to be predicted as a function of a new feature x
can be expressed in the form:

k(x, z) = exp[−ϵ21 (x1 − z1 )2 − ϵ22 (x2 − z2 )2 , . . . , − ϵ2K (xK − zK )2 ]

=
μk ϕk (x)ϕk (z)
(10)
k∈N K

where ϵ2k = 1/σ 2k and σk refers to the constant determining the scale
or variance of the kth feature of the Gaussian kernel (as in Eq. (8)).
The eigenvalues and eigenfunctions in Eq. (10) are available in
closed form:
kj −1
K
K
α2j
ϵ2j
μkj =
(11)
μk =
α2j + δ2j + ϵ2j α2j + δ2j + ϵ2j
j=1
j=1
K

ϕk (x) =

K

ϕkj (xj ) =
j=1

γ kj exp(−δ2j x2j )Hkj −1 (αj βj xj )

(12)

j=1

Here, Hn(·) is the classical Hermite polynomial of degree n. αj are
the integral weights which are related to the global scale of the
problem. ϵj are the scale parameters which are related to the local
scale of the problem. δj, βj, γj are auxiliary parameters deﬁned in
terms of αj, ϵj. Refer to Ref. [18] for details on the derivation of
(11) and (12).

This formulation of (11) and (12) allows us to select different
shape parameters ϵj and different integral weights αj for different
space dimensions (i.e., K may be an anisotropic kernel), or we
may assume that they are all equal (i.e., K is spherically isotropic).
The eigenvalues of the Gaussian kernel are seen in Eq. (10) to be
positive therefore the matrix of the linear system (6) is positive deﬁnite. The basis functions ϕk(x) in Eq. (12) are the product of an
exponential term and Hermite functions, where both are dependent
on the auxiliary parameters αk which must be properly selected.
While these parameters do not appear explicitly in the deﬁnition
of the kernel they affect the condition number of the matrix in
Eq. (6). They must be properly selected to determine the rank of
the matrix and in order to develop a robust inversion algorithm
for large linear systems (6) that may be ill-conditioned, particularly
when the scale or variance of the Gaussian kernel is large. Details
on the robust inversion of (6) are presented in Ref. [18], where
use is made of the analytical form of the singular value decomposition of the Gaussian kernel, discussed in the present section.
The set of Eqs. (10)–(12) underscore the popularity of the Gaussian kernel in LS-SVM applications. The reason is that the orthonormal Hermite functions are known to be a robust basis set for the
approximation of a wide range functions on the entire real axis.
These properties of the Gaussian kernel, along with the availability
of an analytical singular value decomposition, have led to its use by
the LS-SVM algorithms in wide range of problems.
In a number of LS-SVM applications, a polynomial kernel is used
instead of the Gaussian. In the context of the ocean applications, this
is equivalent to replacing the Gaussian in the right-hand side of
Eq. (7) by a polynomial of (x, xi) which may involve linear, quadratic, cubic and higher order terms. On closer inspection of
Eq. (9) this is equivalent to expanding the Gaussian kernel into a
Taylor series for small values of the inverse scales ϵ2k .
A polynomial representation of the physical quantity y(x) would
for example be justiﬁed when developing an LS-SVM model for a
viscous load in terms of the ambient ﬂow kinematics, the Morison
drag formula being an example. Another example involves the
representation of the hydrodynamic derivatives in the ship maneuvering problem by a high-order polynomial of the ship kinematics.
It follows from the Taylor series expansion of Eq. (9) that the polynomial kernel with an integer power d is related to the Gaussian
kernel for small values of ϵ2k for some or all of the K features. Therefore, the use of the polynomial kernel may be unnecessary and

Fig. 1 Sketch of the model test facility
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to (1) would be a reasonable starting point. For such a basis function
set the kernel would be the generating function as indicated by
the second equation in Eq. (9). This would also require knowledge
of the eigenvalues. Moreover the robust performance of the
LS-SVM algorithm is a consequence of the positive deﬁnite kernel
which guarantees a unique solution of the optimization problem
(2). Within the LS-SVM algorithm, the positive deﬁnitiveness
of the kernel matrix in Eq. (6) makes available robust algorithms
from linear algebra for the inversion of large linear systems that
arise when a large number of training samples is necessary.
For the Gaussian kernel the solution of Eq. (9) is available in
closed from in any number of dimensions. The basis functions are
the generalized Hermite functions which are orthogonal over the
entire real axis and are known to be a robust basis set for the representation of the wide range of sufﬁciently smooth functions. This is
the case for the ocean applications considered in the present study.
Consider the multi-dimensional Gaussian kernel. The explicit
solution of Eq. (8) takes the form:

Table 1 Parameters of the irregular wave sea states
Case no.

Tp (s)

Hs (m)

γ

Sea state 1
Sea state 2
Sea state 3

10.0
11.5
13.2

6.15
6.7
6.8

3.04
1.9
1.0

3 Baseline Dataset
In this study, we are interested in establishing SVM regression
models for the prediction of the nonlinear wave loads on a ﬁxed cylinder. To establish such a model, experimental data from a model
test were used as the baseline data set. Meanwhile, the simulated
nonlinear wave loads from ﬂuid impulse theory [14] are also used
in the model development as well in order to explore the merits
of different feature and target selections.

3.2 Fluid Impulse Theory. The ﬂuid impulse theory
expresses the nonlinear forces and moments as time derivatives of
the ﬂuid impulse which circumvents the time-consuming computation of the temporal and spatial derivatives in Bernoulli’s equation.
In a recent development of the ﬂuid impulse theory, [20] derived an
approximation of the exciting force on a vertical cylinder for
ambient waves assuming that the wavelength is large compared
with the cylinder diameter and the amplitude is comparable to its
diameter. The detailed derivation of the ﬂuid impulse theory is presented in Refs. [14,20]. In this study, the nonlinear wave loads Fx
and My (deﬁned as in Fig. 2) for the ﬁxed cylinder take into
account the linear component, second-order contribution from the
convective terms in the ﬂuid acceleration and a waterline quadratic
contribution. They take the form
0
Fx = 2πρR

2
−H

+ 2πρR2

u̇1 dz


0 
∂u1
∂u1
u1
+ u3
dz
∂x
∂z
−H

(13)

+ 2πρR2 u̇1 ζ I
3.1 Wave Tank Experiment Setup. The experiment was
carried out in the wave tank at the Marine Technology Center,
NTNU on a bottom ﬁxed cylinder in ﬁnite depth water. The wave
tank is 28 m long, 2.5 m wide, and with a depth of 19 m. The
scale ratio of the model is 1:48. The diameter of the cylinder is
6.912 m in full scale. The sketch of the model test facility is
shown in Fig. 1. More details of the experiments can be found in
Ref. [19].
Three sets of irregular wave cases are used in this study. The
irregular wave sea states were generated using the standard
Jonswap spectrum with a spectral parameter γ. The parameters of
the sea states are summarized in Table 1. For each sea state, the
experiments were repeated 20 times with independent random
seeds. Each realization of the irregular wave sea states was tested
and measured for approximately 3.5 h with a sampling rate

0
My = 2πρR2

−H

u̇1 (H + z)dz


0 
∂u1
∂u1
+ 2πρR
u1
+ u3
(H + z)dz
∂x
∂z
−H
2

(14)

+ 2πρR2 u̇1 ζ I H
where ρ is the ﬂuid density, R is the radius of the cylinder, H is the
draft, u1, u3 are the ambient wave velocities in the x, z directions,
respectively, ζI is the ambient wave elevation, and u̇1 is the
ambient wave acceleration.

Fig. 2 Sketch of the loading on the ﬁxed cylinder
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emphasis must instead be placed upon the proper calibration of the
parameters ϵ2k for each of the K features depending on the physics of
the ﬂows under study. In a number of applications, the same value
of ϵ 2 for all features is selected simplifying the calibration process
often with very satisfactory results. In marine ocean applications,
the selection of small values of ϵ2k for some features may be appropriate but not for others, leading to a kernel that is a mixture of polynomial like factors for some features and exponential factors for
others. These choices can be determined by the cross-validation
procedure during the training of the LS-SVM algorithm.

0.0346 s in full scale. During the experiments, the total horizontal
force Fx and the mudline bending moment My were measured,
which are the two physical quantities that this paper targets to
model. The sketch of the loading on the ﬁxed cylinder is shown
in Fig. 2.

Table 2 Combinations of feature selections
Case no.

Features

Features 1
Features 2
Features 3

Ambient wave elevations (η)
Ambient wave horizontal velocities (u1) + accelerations (u̇1 )
Ambient wave elevations (η) + horizontal velocities (u1) +
accelerations (u̇1 )

Table 3 Kurtosis of the measured wave loads
Force modes

Sea state 2

Sea state 3

2.96
3.12

2.85
3.29

3.06
3.39

4 Support Vector Machines Regression Model
of the Nonlinear Wave Loads
In this study, we aim to establish a SVM regression model for the
nonlinear wave loads using the ambient wave elevations and its
kinematics as features. As mentioned in Sec. 3.1, three different
sea states with 20 random realizations for each sea state were
tested in the experiment (see Table 1).
To compare the results, the nonlinear wave loads in the same
three sea states were also simulated by ﬂuid impulse theory. The
ambient wave kinematics, velocity, and acceleration were calculated by linear wave theory using the shallow water dispersion

(a)

Δσ =

|σ y − σ ŷ |
σy

(15)

(b)

(c)

(d)

(e)

(f)

Fig. 3 Comparison of the horizontal force between the measured and ﬁtted signal using SVM: (a) training
results using features 1, (b) testing results using features 1 in sea state 1, (c) training results using features
2, (d ) testing results using features 2 in sea state 2, (e) training results using features 3, and (f ) testing
results using feature 3 in sea state 3
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Fx
My

Sea state 1

relation. Then the simulated nonlinear wave loads were derived
through Eqs. (13) and (14).
In the following sections, Fx−exp, Fx−ﬁt, My−exp, My−ﬁt refer to the
horizontal force and bending moment measured in the experiment
and simulated by ﬂuid impulse theory, respectively. Three different
combinations of features have been tested in the study (see Table 2).
In order to take into account memory effects and the noncausality of
the wave excitation forces, a time window of the wave kinematics of
ﬁnite duration, instead of an instantaneous value, is deﬁned as a
feature. The time duration of each feature is [t − 15s, t + 10s],
where t refers to the current time. The sampling rate within the
feature window is the same as that of the sampling rate in the experiment, which is 0.0346 s in full scale. Therefore, the vector length of
each feature is 25/0.0346 = 723.
As is known, the standard deviation and kurtosis are two important statistics of loads, and their magnitude is critical for fatigue
analysis and the evaluation of the extreme statistics. The kurtosis
of a Gaussian signal is always 3, which is the case for all linear
loads and responses within linear wave-structure theory. Therefore
the kurtosis of the measured signal is considered to be a measure of
nonlinearity in wave/wave-structure interaction problem. The kurtosis of the measured wave loads is listed in Table 3 as a measure
of the load nonlinearity.
Therefore, to evaluate the accuracy of the SVM regression
model, the difference of the standard deviation and kurtosis are
compared between the measured and SVM predicted signal. The
metrics used to evaluate the model are deﬁned as follows:

(a)

(b)

(d)

(e)

(f)

Fig. 4 Comparison of the bending moment between the measured and ﬁtted signal using SVM: (a) training
results using features 1, (b) testing results using features 1 in sea state 1, (c) training results using features 2,
(d) testing results using features 2 in sea state 2, (e) training results using features 3, and ( f ) testing results
using features 3 in sea state 3

|κy − κ ŷ |
(16)
κy
where y is the true value of the signal, ŷ is the predicted value, σy is
its standard deviation, and κy is its kurtosis.
We ﬁrst have trained the model using the measured wave loads
directly as the target. Data from realization 1 in sea state 1 are
used as the training data set. The number of training samples is
3000, each sample has a duration of 25 s with a sampling rate
0.0346 s, and the samples used in the training process have been
selected randomly from a long time scale of a 3-hour sea state.
The sufﬁciently long time scale used for the selection of the features
guarantees that the samples used for the training of the algorithm
have accounted for most of the inherent physical information contained in the training seastate for the purpose of modeling the nonlinear load on the cylinder.

The rest of 19 realizations of sea state 1 and all the 20 realizations
of sea state 2 and state 3 are used as the test data set to validate the
accuracy and robustness of the model. For each seastate realization,
a 3500-s long section is used for testing. The large data set used for
testing ensures that the performance of the model is statistically
robust and consistent. The results of the training and testing
stages are shown in Figs. 3 and 4. For each test sea state, results
from one of the realizations with one of the feature selections are
shown here as examples. The overall error statistics are listed in
Tables 4 and 5.
From these results, it can be seen that the SVM regression model
has successfully captured the nonlinear physical relation between
the features and the targets. The trained model using data from
one sea state performs very well in the two other sea states which
proves the robustness and generalization capability of the model.

Table 4 Error statistics of horizontal force Fx by SVM model

Table 5 Error statistics of bending moment My by SVM model

Δκ =

Features
Δσ for sea state 1
Δσ for sea state 2
Δσ for sea state 3
Δκ for sea state 1
Δκ for sea state 2
Δκ for in sea state 3

Features 1

Features 2

Features 3

1.47%
1.82%
2.61%
2.70%
4.03%
5.48%

1.59%
1.73%
1.80%
3.12%
3.87%
4.51%

1.54%
1.75%
1.96%
2.99%
3.97%
4.94%

051701-6 / Vol. 143, OCTOBER 2021

Features
Δσ for sea state 1
Δσ for sea state 2
Δσ for sea state 3
Δκ for sea state 1
Δκ for sea state 2
Δκ for in sea state 3

Features 1

Features 2

Features 3

2.41%
3.34%
4.58%
5.18%
6.72%
8.23%

2.52%
3.02%
3.29%
5.52%
6.13%
6.59%

2.51%
3.21%
3.71%
5.65%
6.53%
7.33%
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(c)

Table 6 Error statistics of simulated wave loads by ﬂuid
impulse theory

Table 8 Error statistics of bending moment My by ﬁtting the
residual components

Force modes

Features

Δσ for sea state 1
Δσ for sea state 2
Δσ for sea state 3
Δκ for sea state 1
Δκ for sea state 2
Δκ for in sea state 3

Fx

My

11.1%
12.26%
13.34%
11.32%
13.88%
18.39%

13.04%
11.48%
10.16%
51.34%
55.87%
71.15%

Table 7 Error statistics of horizontal force Fx by ﬁtting the
residual components

Δσ for sea state 1
Δσ for sea state 2
Δσ for sea state 3
Δκ for sea state 1
Δκ for sea state 2
Δκ for in sea state 3

Features 1

Features 2

Features 3

1.18%
0.64%
0.39%
2.10%
2.61%
1.96%

1.05%
0.48%
0.30%
2.36%
2.43%
0.96%

1.01%
0.01%
0.90%
1.80%
1.98%
1.13%

Furthermore, the different selection of features among ambient
wave elevations or derived velocities and accelerations does not
lead to a signiﬁcant difference in performance. This is expected
given the fact that the ambient wave elevations and derived wave
kinematics are dependent via a convolution-type operation,

Features 2

Features 3

2.12%
1.63%
1.17%
3.06%
3.32%
3.26%

2.31%
1.76%
1.03%
3.94%
3.43%
1.65%

2.31%
1.86%
1.25%
3.80%
3.51%
1.96%

intuitively justiﬁed by linear wave propagation theory. From the
practical perspective, the ambient wave elevations are more accessible by direct measurements in experiments or simulations. In this
sense, the SVM regression model effectively establishes a datadriven nonlinear transfer function between the ambient wave elevations and the nonlinear wave loads, derived from experimental
measurements.
To further illustrate the performance of this model, Table 6 shows
the error statistics between the simulated wave loads by ﬂuid impulse
theory (FIT) (13)—(14) and the measured experimental data. A comparison of the results of the SVM regression model with that of the
FIT simulation in Tables 4–6 shows that the SVM regression
model has a much better performance in predicting the overall statistics. The accurate prediction of the nonlinear wave load itself and its
overall statistics (standard derivation and kurtosis) suggests that the
model is a valuable and efﬁcient tool for further use in design or simulation practice. For certain design or simulation purposes, the SVM
regression model can be trained using a custom single representative

(a)

(b)

(c)

(d)

(e)

(f)

Fig. 5 Comparison of the horizontal force between the measured signal and ﬁtting the residual components via SVM: (a) training results using features 1, (b) testing results using features 1 in sea state 1,
(c) training results using features 2, (d) testing results using features 2 in sea state 2, (e) training
results using features 3, and ( f ) testing results using feature 3 in sea state 3
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Features

Δσ for sea state 1
Δσ for sea state 2
Δσ for sea state 3
Δκ for sea state 1
Δκ for sea state 2
Δκ for in sea state 3

Features 1

(b)

(a)

(d)

(c)

(f)

Fig. 6 Comparison of the bending moment between the measured signal and ﬁtting the residual components via SVM: (a) training results using features 1, (b) testing results using features 1 in sea state 1,
(c) training results using features 2, (d) testing results using features 2 in sea state 2, (e) training results
using features 3, and ( f ) testing results using feature 3 in sea state 3

sea state. Then a well trained SVM regression model can be applied
to more realizations of the same sea state or other sea states for structural design or any other demanded analysis. The design of custom
representative sea states for the purpose of training SVM nonlinear
transfer functions will be the subject of future research.
To further explore a possible enhancement of the modeling accuracy of the SVM regression model, we have trained the model
against the nonlinear residual force obtained as the difference of
the experimental measurement and the simulated values from the
ﬂuid impulse theory, deﬁned as
Fx−res = Fx−exp − Fx−FIT ,

My−res = My−exp − My−FIT

(17)

The training and testing process is exactly the same as the one using
measured experiment data directly as the target, so that we
can compare the results. The same error statistics are shown in
Tables 7 and 8, which are also the statistics of the overall nonlinear
wave loads by adding the subtracted ﬂuid impulse theory contributions back. Figures 5 and 6 show examples of the comparison
between the original measured signal and the signal with the
SVM model of the residual force.
Comparing the results in Tables 7 and 8 and Tables 4 and 5, it can
be seen that if the target is the residual component after the ﬂuid
impulse theory prediction is subtracted, the performance of the
SVM model in predicting the overall statistics (both standard deviation and kurtosis) is better than the case when the overall nonlinear
hydrodynamics is directly modeled by the SVM algorithm,
without invoking the intermediate simulation by the ﬂuid impulse
theory. Since the load components accounted for by the ﬂuid
051701-8 / Vol. 143, OCTOBER 2021

impulse theory are the dominant linear and the second-order contributions which have a clear physical origin, by subtracting these components, the SVM regression model is able to learn more complex
information from the remaining load component which is dominated
by strongly nonlinear free surface and separated ﬂow physics. It is
conjectured that this the reason why ﬁtting the residual components
leads to a better predictive performance. The same process may be
followed when the SVM algorithm is used to model more complex
ﬂows around marine structures. Well understood linear and
second-order physics may be initially used via simulation using
potential ﬂow methods and subtracted from the overall measured
nonlinear load or response being modeled. The residual load
would then be modeled by the SVM algorithm along the lines of
the present section. This topic will be the subject of a future study.

5 Conclusions and Discussion
This paper takes the experimental data for a ﬁxed cylinder in ﬁnite
depth water as the baseline dataset and considers the modeling of
nonlinear wave loads by a machine learning SVM regression algorithm. The SVM regression model successfully establishes a deterministic nonlinear mapping function between the features (ambient
wave kinematics in this study) to targets (nonlinear wave loads).
In essence, the kernel maps the association of the features of the
target samples to those of the training samples in a hyperspace
spanned by a set of basis functions which are the eigenfunctions
of a positive deﬁnite kernel. The SVM algorithm predicts the
target value of the quantity being modeled as a function of the
Transactions of the ASME
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(e)
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the algorithm as a nonlinear transfer function over a wide range of
test sea states of interest in design practice, mitigating the need for
and costs of systematic experiments.
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kernel arguments which are the target and the features used during
the training of the algorithm. Therefore, by randomly selecting a set
of training samples from a representative sea state, the model
achieves a very good generalization capability to predict unseen
targets through the training process, combined with an optimization
scheme which determines the width parameter or variance of the
kernel and the regularization parameter which controls the magnitude of the SVM model error.
In this paper, different combinations of features and targets are
tested. The selection of the features, either using ambient wave elevations or derived wave velocities and accelerations or using all of
them, does not affect the overall performance signiﬁcantly. The
purpose of testing the SVM performance using three sets of features
is to evaluate the signiﬁcance of nonlinear effects. In ambient waves
of small steepness where linear theory is expected to be valid, selecting just the wave elevation as Feature 1 should be sufﬁcient since
Features 2 and 3 may be obtained by linear convolution. In steep nonlinear ambient waves linear convolution relating the ambient wave
velocities and accelerations to the ambient wave elevation record is
no longer valid, therefore including Features 2 and 3 in addition to
Feature 1 reveals the signiﬁcance of nonlinear effects. The availability of reliable nonlinear potential ﬂow models capable to predict signiﬁcant free surface nonlinear loads, permit the more accurate
modeling of the remaining residual load by the SVM algorithm.
This is evidenced by the very good performance of the SVM algorithm in the most nonlinear seastate 3, illustrated in Table 8 for the
bending moments, when all nonlinear Features 1, 2, and 3, eluded
to above, are taken into account for the training of the algorithm.
This methodology may be extended to the study of a wide range of
nonlinear wave-structure interaction problems where experimental
measurements are available and potential ﬂow models are not sufﬁciently accurate. In such cases, residual loads may be derived and
modeled by a SVM algorithm acting as a nonlinear transfer function
for strongly nonlinear free surface and separated ﬂow effects. This
SVM methodology was recently applied by Ref. [21] to the modeling
of the roll viscous damping due to bilge keels on a barge. A Computational Fluid Dynamics code was in this case used to generate the
imitate nature, namely a tank experiment, and simulations of the
total hydrodynamic moment on the barge were generated including
nonlinear free surface and viscous ﬂow separated effects. Features
representing the potential ﬂow linear wave body interactions were
identiﬁed, and a residual moment dominated by viscous ﬂow and
nonlinear free surface effects was simulated and modeled by the
SVM algorithm in the form of a nonlinear transfer function. The
results were very satisfactory and may be used for the modeling of
the seakeeping of FPSOs and other marine structures equipped
with bilge keels.
The SVM regression model developed in the present paper has
utilized all 3000 samples available in the experimental measurements. It is possible that the algorithm performance may not be
degraded if fewer samples than 3000 are used for the algorithm
training. When fewer samples are used the magnitude of the hyperparameters will change and their dependence on the number of
samples would be determined from a systematic sensitivity study,
which will be the subject of future research. The seastates used
for the training of the SVM algorithm have been generated in a
tow tank to be stationary. The training and performance evaluation
of the algorithm in nonstationary seastates requires a separate set of
experimental measurements which were not available for the development of the SVM algorithm presented in the present paper.
In this study, the representative sea states in the experiments were
designed for ultimate limit state tests, and the SVM regression
model was established on the basis of available experiment data.
However, this can be extended to more general cases if other speciﬁc targets are of interest, and speciﬁc representative sea states are
carefully selected to provide samples to the SVM regression
model. The design of the most appropriate representative seastate
for the purpose of training a SVM algorithm for a particular application will be considered in a future study. It will enable the use of

