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Highlights

HIGHLIGHTS

A new black box identification method based on Conformal Predictors is proposed for modelling
marine vehicles.

A continuous-time mathematical model is trained and tested with data obtaine « ti. ™ real
experiments with a ship developing some classical manoeuvres used for syst-_~ identification on
marine vehicles.

Kernel Ridge Regression and Kernel Ridge Regression Confidence Marhine ~re the machine
learning techniques used for the model computation.

A confidence margin is proposed to ensure that the model behavic .. s wiu.in some limits where the
real behaviour of the vehicle should lie.
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Abstract

This paper desc ibes 1.~ use of Kernel Ridge Regression (KRR) and Kernel Ridge Regres-
sion Confidenc : Mr chine (KRRCM) for black box identification of a surface marine vehicle.
Data for traini.. > and .est have been obtained from several manoeuvres typically used for
marine sys’ .. iden. fication. Thus, a 20/20 degrees Zig-Zag, a 10/10 degrees Zig-Zag,
and differ mt evol tion circles have been employed for the computation and validation of
the model. Resul s show that the application of conformal prediction provides an accurate
model .nat reproduces with large accuracy the actual behaviour of the ship with confidence
marg ns that msure that the model response is within these margins, making it a suitable
tool fo. svstr n identification.

Kevworas:  System Identification, Marine Systems, Kernel Ridge Regression (KRR),
Coni. *mal Predictors (CP), Kernel Ridge Regression Confidence Machine (KRRCM)

. TProf. Jesus Manuel de la Cruz passed away on October 11, 2017.
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1. Introduction

System identification, commonly known as surrogate modelling in ina. frial design, is one
of the most important steps of the engineering process, where impor. nt eforts are driven
to design and construct reliable mathematical models for a v ide range of applications,
Forrester et. al. (2008). In this sense, there is also a great “te est in developing tools
for practitioners that provide multiple modelling methods t~ cons. ict and use surrogate
models in an easy and practical manner, see for exampl: Belyc v et. al. (2016), where
a detailed review on surrogate modelling and optimizatior. met}l )ds is given and a tool,
GPApprox (Generic Tool for Approximation), with m.tipl~ approximation algorithms is
described.

In marine systems, the computation of accurate mc 'els 15 of utmost importance due to
the costly (in time and money) operations at sea  which 1 sually need an important group
of people and infrastructures to be involved, ap~rt ..~ the multiple technical problems
that could arise in any experimental task. In this s.-se, the availability of mathematical
models would allow to test in simulation a num. ~r of theoretical developments, from control
systems to path planning or trajectory tracking su. itegies, before testing the real system
at sea. In the knowledge that the behavic 'r Lt vhe model in simulation is correct, the
experimental part could be approached - *th ad ditional confidence.

There is a plethora of identification t.<hiiques to compute mathematical models of
physical systems; for a short survey . su.. . essential features in the identification area
and a classification of methods, the reade. is referred to Ljung (1999) and Ljung (2006).
Concerning marine vehicles, ther- . ‘sts a large number of works that deal with different
algorithms and propose models ‘or diffe ent kinds of marine vehicles. Some of these models
are widely used in practical ap»lica. ~n for simulation of surface marine vehicles such as the
Nomoto models, the Abkow’.z 1 odel, or the Blanke model, to name but a few. There are
different methods to estimate ! ese nodels, for instance, in Kéllstrom & Astrom (1981) the
autopilots of different sv race ven.cles are designed with several parametric identification
algorithms, in Abkowitz (195} a Kalman Filter (KF) is used to estimate the hydrodynamic
characteristics of a shi,, . » Fossen et al. (1996) ship dynamics identification for dynamic po-
sitioning is made wit * ar £xtended Kalman Filter (EKF), or in Velasco et al. (2013), where
the authors obtair a linc r second order Nomoto heading model with an added AutoRe-
gressive Moving wver age {/ARMA) disturbance model for an autonomous in-scale physical
model of a fast-fei. - " he computation of a reliable model usually needs an important
amount of ex ,erimental data to characterize the hydrodynamics of the vehicle in addition
to an import. nt com putation effort. In this sense, the identification of an accurate model
may be a vy cu...plex task. For some other interesting related works the reader is referred
to Caccie et al. (2008), Perez et al. (2006), Fossen (2011), De la Cruz et al. (2012), and the
references “here’.1.

AL oung he different techniques that can be found in the literature, those that come
from the Artificial Intelligence (AI) field have demonstrated to be very promising, showing
good resui s in several scenarios and problems in identification and control. On the one
hand, neural networks have shown to be robust and effective in multiple problems since
they are universal function estimators, see for example Narendra & Parthasarathy (1990),
where the multilayer perceptron (MLP) is used for system identification, Pan & Yu (2016)
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where neural networks are used to implement a biomimetic hybrid “_. 'back teedforward
learning control based on the human learning control for non-lin- ar systems, or Rubio
(2017) in which a modified Kalman filter is used for the adaptation of a . ~ural network and
the algorithm applied for the identification of chaotic systems. Howc -ar, they also show
some inherent drawbacks, since they usually require a high nur .oer ." narameters, and the
function approximation is computed by an iterative non-linea. ~,timization process usu-
ally implemented by back-propagation. This process is usr ..y slov. and the convergence
to the optimal solution is not guaranteed due to the prcolem o, multiple local minima,
Boyd & Vandenberghe (2004). Moreover, neural networks 1.~v #.ll on the so-called curse
of dimensionality that leads to a large complexity on tae r . ‘el structure and the need of
a large amount of data for the system description. (C_ che sther hand, Kernel methods
are based on the Statistical Learning Theory of Vapnik [19vo), such as Support Vector Ma-
chines (SVM), Gaussian Processes (GP) or Kernel Ridge K sgression (KRR). The basic idea
of kernel methods is to map input data into a hi " diu. ~~sional feature Hilbert space using
a non-linear mapping technique, i.e., the kernel dot . -oduct trick, Aizerman et al. (1964),
and to carry out linear classification or regress'~n in feature space. The Kernel functions
replace a possibly very high dimensional Hilbert space without explicitly increasing the
feature space, Scholkopf & Smola (2002). t.~1r7el methods have the ability to simultane-
ously minimize the estimation error in t! = trai‘ng data (the empirical risk) and the model
complexity (the structural risk), and a un. uc zlobal solution can be found by solving the
resulting convex optimization problei.

The main difference between Kernel Riuge Regression (KRR) and Support Vector Re-
gression (SVR) is that they emp! jy u.¥erent loss functions (ridge versus epsilon-insensitive
loss). In contrast to SVR, fittir - a KRJ . can be done in closed-form and is typically faster
for medium-sized datasets. C.a the +.er hand, the learned model is non-sparse and thus
slower than SVR at predict’ )n-t'me. GP models and KRR models provide a similar mean
result in the prediction, with « “ast ir convergence for KRR for medium-sized training sets.
The hyperparameters on _'P are computed using a gradient-ascent algorithm while for KRR
a grid-search is needed. The g “d-search for hyperparameter optimization scales exponen-
tially with the numbe ot 1yperparameters, so the parameter selection on GP may be faster
as it does not suffer .~ - xponential scaling. Besides, GP provides a posterior distribution
for the prediction This L. 2diction is considered to be Gaussian, with a mean and a vari-
ance. This varir ace can be seen as a confidence level of the predicted mean. However,
the disadvantaees 0. =T are the loss of efficiency in high dimensional spaces and the com-
putational cc nplex.'v for the inverse of a high dimensional covariance matrix during the
training. See “ocijar. (2016) and Rasmussen & Williams (2006), and the references therein
for more ¢ Cuailea information. KRR only provides predictions, for this reason in this work
we incory orate ( onformal Predictors to KKR so as to provide confidence margins in a sim-
ilar way as “P in addition, GPs are a Bayesian approach that provides optimal solutions
when uc , "~ knowledge is known to be correct but as in real problems it is unknown, it
becomes iecessary to make a priori assumptions that reflect the real distribution. Another
important feature in the present work is that the experiments must usually be carefully
chosen to provide an accurate model, while we propose a mathematical model construction
with large generalization performance from a small amount of data and a limited input data
range. The details are given in Section 5.
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We can find some interesting works using SVM for system identific .. n as, for example,
the work in Drezet & Harrison (1998), where the authors study th po sible use of SVM
for system identification, in Adachi & Ogawa (2001), where an idertific."*on method based
on SVR is proposed for linear regression models, in Jemwa & Aldric >t (2003), in which
the application of SVM to time series modelling is considered ',y n .. < of simulated data
from an autocatalytic reactor, or Wang & Ye (2004), where Le. 't Squares Support Vector
Machines (LS-SVM) is used for non-linear system identificat’ L., for sc_ne simple examples of
Non-linear AutoRegressive with eXogenous input (NARX input- utput models, to name
but a few. Interesting works on system identification using Gt ~re "(ocijan (2007), where GP
are proposed and used for the modelling of non-linear d mar . ~ systems, Azman & Kocijan
(2017), in which GP model identification is applied inclu..ag p ior knowledge as local linear
models, or Belyaev et. al. (2015), where a new approa o1 GP regression is described to
handle large datasets for aproximation. For a srvey or GP identification see Kocijan
(2016), and for an interesting survey on kernel m*hoa. . system identification, the reader
is referred to Pilloneto et al. (2014). With respect '~ the Kernel Ridge Regression and
Conformal Predictors methods, as far as the au hors know, there is a lack of works dealing
with the modelling of system dynamics usi~o such .aethods, with some notable exception
such as Burnaev & Nazarov (2011), where a -or iputationally efficient conformal procedure
for KRR is given and tested against Bay ian « wnfidence tests.

In the field of marine systems, we can fin. some works that employ neural networks
to define the dynamics of a surface maui.. vehicle, such as Haddara & Wang (1999),
Haddara & Xu (1999), Hornick et al. (19».), or Mahfouz (2004). We can also find some
interesting works that deal with ... identification of marine vehicles by using SVM, for
example Zhang & Zou (2009), v nere an Abkowitz model for ship manoeuvring is identified
using LS-SVM, and Zhang & "ou (21".), where e-SVM is employed for the computation of
the same model. These two ‘.00v : works search to determine the hydrodynamic coefficients
of a Mariner Class Vessel w1l sim sle training manoeuvres, however, the identification of
the mathematical model < made with data obtained from simulation, and the prediction
ability of the model is @so te.*ed in simulation. Furthermore, as far as the authors know,
most of the works ths . « ~al with system identification using some SVR technique employ
simulation data and ~ur erical examples, where the models obtained are not tested on an
experimental set-u,. Sow.> exceptions are the works Moreno-Salinas et al. (2013a), in which
the steering equr cior s of a Nomoto second order linear model with constant surge speed
are identified using . S-¢ VM and tested in an experimental set-up with a scale ship model,
Moreno-Salin s et 2' (2013b) where the Blanke model of a surface marine vehicle is esti-
mated using = S-SVD | Xu et al. (2013), in which an identification method based on SVM
is proposes’ “or 1.ouelling non-linear dynamics of a torpedo AUV, or Moreno-Salinas et al.
(2015) w' ere a 1'ack box identification of a ship is made using Genetic Programming based
Symbolic . egre sion.

Fc 'ow. _ *his trend, in this paper we propose a new black box identification of a marine
vehicle g Conformal Predictors (CP), firstly introduced in Gammerman et al. (1998).
Unlike oth :r methods in machine learning that predict labels with no confidence intervals,
CP are able to produce a confidence boundary for each prediction. There are different
methods where confidence intervals can be calculated such as Probably Approximate Correct
(PAC) learning and Bayesian approaches; however PAC can produce boundaries greater
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than 1, and Bayesian theory can generate confidence intervals but tb ., require to make a
priori assumptions that reflect the real distribution. The only assumy -ion .n CP is that data
should be independently identically distributed (i.i.d.) but, acccrding *o Shafer & Vovk
(2008), the exchangeability assumption is enough, which means that a . -fficient assumption
is that data do not follow any particular order instead of be ng _lenendent. A detail
analysis is given in Vovk (2005), and Shafer & Vovk (2008).

As far as the authors know, this kind of algorithms Fas not Leen previously tested
and applied for marine system identification. Therefore, he aim of the work at hand is
to obtain an accurate model of the vehicle without knewin _ +* ¢ structure of the model
a priori, i.e., a black box identification where the onl' a r...vi knowledge are the inputs
and outputs of the system. Thus, we want to determi.. the model that better describes
the relationship between inputs and outputs without (v constraint or condition on the
mathematical model structure. The model struct ‘re is gi- en by the identification process
itself as the best structure to fit the experimenta’ date ~ed to train and test the model.

The main contributions of the present paper are i) . 1ew black box identification method
based on Conformal Predictors is proposed for n.. delling of marine vehicles, ii) a continuous-
time mathematical model is trained and te ‘-1 witn data obtained from real experiments
with a ship developing some classical manoe. v’ ¢s used for system identification on marine
vehicles, iii) a confidence margin is prop -1 tc ensure that the model behaviour is within
some limits where the real behaviour of the ve..icle should lie.

The paper is organized as follows. 'n Sc_tion 2 the problem formulation is presented.
In Section 3 the techniques used for the . entification of the vehicle are introduced and
explained in detail. The model ., (~mputed in Section 4 and the results are shown in
Section 5. Finally, the conclusic 1s and uture lines of work are given in Section 6.

2. Problem Formulatic a

In marine systems, the } oh cost of time and money in carrying out experiments pushes
researchers to compute matn. matical models of the physical systems for testing them in
simulation before ma’.i, ' the experiments in the open sea. There are multiple models
described in the lite atv e, see Fossen (2011) and Perez (2005) for an overview on com-
mon models in me iine s, tems. In this paper we compute a 3 degrees of freedom (DOF)
continuous-time Hlac’. bex model of the differential equations of the speeds of a marine
surface vehicle, nawn.-lv. Jhe surge speed, the sway speed and the yaw rate.

A continv us-tir e black box model is selected to avoid the predefined behaviour given
by parametric mode s that can be found in literature, which can fail in representing the
actual bel ..iour ui the system due to unmodelled components. In this sense, the black box
identifica ion alli ws to compute the model that better fits the experimental data, regardless
of the moc ! str icture or its complexity, and taking into account behaviours that could not
be co. s... ~1 by pre-defined models.

The mtinuous-time model considered in this paper has the following form in differential
equations:

= f1(u,v,r,T,0)
0= folu,v,7,T,0) (1)
7= f3(u,v,r,T,0),
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where u is surge speed, v is sway speed, r is yaw rate, T' is tension .., lied to the motor
that controls the turning speed of the propeller, and ¢ is the rudder ang’2. The right sides
of equations u, ©, and 7 are represented by the unknown function~ f1, )~ and f3 that will
depend directly on the present u, v, and r of the ship, and the commea. ded T', and 9.

Two different approaches have been considered for the mode’ cor . “tation: a first model
constructed with Kernel Ridge Regression (KRR) and a secona . >~ lel constructed applying
CP using KRRCM in order to provide confidence margins t- vae res,onse of the estimated
model. For the sake of clarity, these algorithms are briefly lescrib: d in the next sections.

3. Machine Learning Techniques

This section provides an overview of the techniques c. nlo,cd for the identification of the
vehicle. Firstly, in 3.1 Kernel Ridge Regression (KRR) theo y, which will be used to train the
first model, is briefly introduced. Secondly, in 3 2. C." fr-.mework is briefly described, and
in 3.3 the Kernel Ridge Regression Confidence Mac.. me (KRRCM), which will be used to
compute the second model, is explained. Notic. that, as both models are constructed using
KRR, their mathematical representations and prea.. ‘ions will be the same. However, in the
second case, and additionally to the predic.'on, confidence margins for these predictions
are also computed, providing a more use ~'l an ‘ informative model.

3.1 Kernel Ridge Regression

The well known regression shrinkage meuviod Ridge Regression (RR) was proposed in
Hoerl & Kennard (1970). Define wuc “egression problem as follows: given a set of n vec-
tors, x1,...,Ty in R™, where 7 - is the number of attributes, and the dependent variable
y; € Ryi = 1,...,n, the objercive 1. *, minimize the loss function (square error), i.e., the
discrepancy between the ree” val.ies ~; and the predicted values ; = w - z:

n

(i — 9> =D (i —w- ), (2)

=1

L) =

~

I
A

7

where w € R™, anc the optimal value wy will be used for labelling the new incoming
samples: Yy 11 = W~ - Xy 1.

Ridge Regress on aodities least squares by adding to the attributes a regularization lo
to reduce the var.. - ce:

n
L(w) =Y (g —w-a:)* + w3, (3)
i=1
where th ' shrint age parameter A > 0 controls the penalization (A = 0, there is no penal-
ization anu ‘o ulation is equivalent to least squares; large values for A, the attributes are
heavii - co.  “rained).

Saur “ers et al. (1998) proposed the ”dual version” of the Ridge Regression using kernel
functions, vhich represent dot products in the feature space. Then, the kernel trick can be
applied using an algorithm in the feature space without the need of any computation within
the feature space. Following Saunders et al. (1998), which partially follows Vapnik (1995)
in the derivation, Kernel Ridge Regression (KRR) yields
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=1

where K(z,z;) is the kernel function, which can be seen . .. measure of similarity
between features, and 5; are the weights. These weights are lr arnt by ininimizing the cost

function:
n

C(B) =Y (yi — i) + A8"K 5, (5)
i=1
where A is the same variable introduced previously the . rularization parameter, K is
the kernel matrix K(z;,x;), y; is the target value and y, 1s tb : predicted value. Therefore
the expression is similar to RR Eq. (3) but the kernel . ick 1s applied to substitute all the
dot products by the kernel function. The exact sc'1tion fo - coefficients 8 can be expressed
as:

B=(K+AY. (6)

where I is the identity matrix (n x n), and Y = (,~....,y,)". Then, the general expression
for KRR in Eq. (4) can be used for the ide. vi.e “~n as exact solution of the algorithm.

3.2 Conformal Prediction

Conformal Prediction (CP) was firstl, u.o2n rced in Gammerman et al. (1998). A detailed
analysis is given in Vovk (2005); Shafer o« Vovk (2008). There are two main aproaches in
CP, Transductive Conformal Pred:~**on (TCP) and Inductive Conformal Prediction (ICP).
TCP follows a transductive approach a1 1 it is computationally inefficient for large datasets.
All the computations are repeate. for each new sample, the training of the model and
prediction. Then, the new pr :dic ion 1s based on all the previous samples. On the contrary,
ICP for regression and for ci.<'dca’.on uses a batch of old samples to train a model which
is applied to all new sar ples. ., mentioned in Papadopoulos (2011), ICP replaces the
transductive inference f tlow. 1 in TCP with the inductive inference. Consequently, ICP is
almost as computatior .. efficient as the underlying algorithms but the cost is some loss in
the quality of the pr duc .d confidence measures. However, this loss is negligible, especially
for large datasets. 'n tuc naper at hand, we have chosen a TCP approach for the modelling
of the marine vel .cle since the experimental data are not too large and we look for better
quality on the con. enc. boundaries.

Following ~ apadopoulos (2011), given a dataset z; € Z with z1,..., 2, as training set,
formed by piirs z; - (x;,y;), where z; € R™ is the vector of attributes in a regression
problem ar< gy, = 7. is the label of each sample, the task, given a new unlabelled sample
ZTpi1, 18 tH deter mine the confidence values ¢ for label y,,11. At this point, it is necessary to
introduce ~ud dr dne a nonconformity measure, which can be seen as the family of functions
Ap: 7" x4 — Ron=1,2,... (where Z" ! is the set of all multisets of size n — 1), giving
a meas. v¢ or score of the difference of a new sample from the old samples:

a; = An({21,...,Zi_172i+1,...,Zn},ZZ'), (7)

where «; indicates how different z; is from {z1, ..., 2;—1, Zi+1, ..., 2n }. This score, that may
be any function, is usually a function related to the underlying machine algorithm used in
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the problem. A prediction rule Dy, . .1 can be trained and the nc .. nformity measure
of z; € {#1, .., znt1} will be calculated as the disagreement between he -eal output y; and
the predicted value g; = Dy, ., .,}(xi). Therefore, if we want to ~redi - the value 7 for a
new sample x,41, we can form the dataset:

{217---7271-1—1} = {(901791),---7(90n+1717;: (8)

and measure the nonconformity score for each sample z;:

;= Anr1({21, - 2i15 Zig 1, -0 “ng1 b 2i). 9)

Since «; is just a score, we can compare all the valu s a; with «,1 to compute the
p-value:
_ #{’L = 1,...,TL + 1~ Ckn+1}

p(¥) — (10)

It is important to note that it is not the stauv..*ical p-value. An important property
shown in Nouretdinov et al. (2001a) is that 70 <. v, 1] and for all probability distributions
P on Z:

P{{z1, s zn1) 11 ynp1) <0} <6 (11)

It means that if the p-value is belo.~ sowe very low threshold (for example 0.05) this
label is highly unlikely since these sets will oaly be generated at most 5% of the time by any
ii.d. process. If we can calculat: p-, lues for every possible label g, given a significance
level 4, i.e., a confidence level 1 4, a 1 gression using CP would output a set containing a
predictive region with the porsible 1. :Is ¢ that satisfy the confidence level:

{5 :p(@) > o} (12)

Since it is not possible .o cai "late the p-values for all the possible labels § € R, the pre-
dictive region in Eq. ‘1z, is estimated following the Ridge Regression Confidence Machine
(RR-CM) algorithm = NMouretdinov et al. (2001b).

3.3 Kernel Rir ge teg ession Confidence Machine

This section ¢"..s a y 1ck review on Kernel Ridge Regression Confidence Machine (KR-
RCM), pleasc see Nc iretdinov et al. (2001b) for a detailed description. Given the training
examples (z1,.~ .. x,) with labels (y1,y2,...,¥n), the purpose is finding all possible val-
ues ¢ for che ncw sample z,11 with label y,11. Let define X = (21,29, ..., 2y, Tpt1)" and
Y = (y1,.9 Y »Ynt1). The loss function of RR, see Eq. (3), can be expressed in matrix
form as followe..

Mw|? + Y = Xw|]? =YY =20’ XY + /(X' X + \)w. (13)
Taking derivatives the solution is:

w= (X'X +A)'X'Y. (14)
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Defining the nonconformity measure as the residuals:
e =\yi—uil,i=1,...,n+1, (15)
we have the vector A = |Y — Xw| of residuals e, ..., e,41 as:
A=|I-XX'X+MN)'X)Y! (16)
where Y = (y1, ..., yn,0) + (0, ...,0,7)" and we can write A =|A + By|.
Using the dual formulation of ridge regression, the ".cinel wrick can be applied to A =
|Y" — wX'| obtaining the KRR form:
w=Y'(XX"+M)'XX)=Y'(x +A])7'K. (17)
where K is the matrix from the kernel functio» ¥ 2;), and vectors A = (a1, ..., an41)
and B = (b, ...,b,+1) can be written as:
A= (Y1, yn,0)( - (K +A)7'K), (18)
B=(0,..,0,1)T - (K 4+ X)"'K). (19)
The p-value will change only at points where e; = e,41, so we only calculate those

values greater than § rather thar all pcsible values. For each training sample the set of all
possible values for g yields

Si={y:c > ppry =17 ]ai + by > |an1 + b9} (20)

According to Nouretdinov <" al. (2001b) S; can be given as shown in Eq. (21), where

o If b, # byi1: w, ap « v; are the minimum and maximum respectively of the following

Q; —Qn+ - . *an+1
values ettt il
O Iby = byt 7 ¥y = vy = e
[, v;] if b1 > b
(—00, u;] U [v;, inf) if by < by
y A (u;, 0] if by11 = b; and ap1 < a4 (21)
(—00, u] if b1 = b; and anp11 > ay
R if bn+1 = bi =0 and \anH] < ]ai]
0 if bn+1 =b;, =0 and |(ln+1| > |al|

The p-value only changes at points u; and v;. If 1,..., 920, = (U1, ..., Up, V1, ..., vp) in
ascending order, p is constant on any interval (4o, %1), ---, (Y2n, Y2n+1), Where gy = —oo and
Yont1 = 00
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Then we can calculate p for any interval counting the number of _, that include such
p-value and dividing by n + 1. If N(y;) is defined as:

N(’Ijz) = #{S] : [gi,gi+l] - Sj}, 1 =0, ...,2’0; j =1 ..+ 1; (22)
the p-value for [y;, ¥i11] is ]Z(fi) We are interested in finding a - gion of labels where the
probability of the true label outside that region is ¢ or less. 1 uis is exactly what is done in
the KRRCM algorithm fully described in Nouretdinov et . 1. (200 b), given a training set
and the new sample, the outputs are the predicted value ana “»~ confidence region for this
new sample.

4. Surface marine vehicle identification

Once a brief overview on the core algorithms usec n tu. - ork has been given, the modelling
of the surface marine vehicle is carried out. The exp. “imental system is firstly introduced
and, afterwards, the computation of the mode1 '~ developed.

4.1 Experimental system

The ship used in the experimental tests is « s.~le model of an operational vessel, in a 1/16.95
scale. The dimensions of the vessel ar1 the . cale model are detailed in Table 1.

Table 1: Main parameters ~nd dimensions of the vessel and the scale ship.

Par aneter Vessel | Scale Ship
Length between pc.nensiculars (Lyy) | 7440 m | 4.389 m
Maxi aur beam (B) 1420 m | 0.838 m
Mean dept. t, the top deck (H) 9.05m | 0.534 m
D sign dreght (7,,) 6.30 m | 0.372 m

The scale ship n.~de’, hereinafter referred to as the ship, is an underactuated vehicle
controlled by a DC electi.~ motor, connected to a single propeller, and a servo attached to
the rudder. Ther . th . surze speed is controlled by the turning speed of the propeller, which
is directly proportic. al .o the tension applied to the motor, and the yaw rate is controlled
by the servo. The 'esired rudder angle and surge speed are commanded through a long-
range Wi-Fi «»nnect on between the ship and the control station at land, or they may be
computed ., a coutrol law programmed in the onboard computer. The ship used for the
experime 1tal tes s is shown in Fig. 1.

The da ~ ve.d for the model computation are obtained from a typical and simple ma-
noeuv ¢ ..~ for marine vehicles identification, a 20/20 degrees Zig-Zag, which will be
describe ' in the next section. Then, the aim is to show that with a simple experiment and
relatively .>w data, a reliable mathematical model can be computed, which will be tested
with additional manoeuvres, such as a 10/10 degrees Zig-Zag and evolution circles.

The experiments were carried out in the reservoir of Valmayor, in the north of Madrid,
Spain.
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Figure 1: Ship used in .-e tr sts.
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Figure 2: 20/20 degrees Zig-.~g manoeuvre. Yaw angle in red and rudder angle in blue.

4.2 Model computa. ~n

As mentioned alb we. che ‘raining data used for the system identification are obtained from
a 20/20 degrees Zig-."a¢ manoeuvre with a sample time of At = 0.2 seconds, and a nominal
commanded s arge s eed of 2 m/s. This manoeuvre consists in the following steps: i) start
with constam speed with yaw and rudder angle fixed at 0 degrees; ii) change the rudder
angle to 27 Jegrees and wait until the yaw angle reaches 20 degrees; iii) change the rudder
to —20 d grees,  nd keep this rudder angle until the yaw angle reaches —20 degrees; iv) go
to step ii) . nd ~:peat the process as many times as appropriate. The same steps apply for
any Z »-... > ™anoeuvre with any other angle.

A se. Jf 740 samples is taken during 140 seconds of the 20/20 degrees Zig-Zag manoeuvre.
The commn.anded rudder angle (blue line) and the yaw angle (red line) defined by the ship
in the Zig-Zag manoeuvre are shown in Figure 2.

The commanded surge speed will be the same for all the tests, so it can be discarded as
input for the model computation, and only the rudder angle will be considered as control

11
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input. Thus, the commanded control signal (rudder angle) and the da*. neasured from the
IMU on board the ship (surge speed, yaw rate and sway speed) fron the 20 to 100 seconds
of Fig.2 are considered as the training data. The first 20 seconds ¢ the ~~anoeuvre are not
considered for the model computation to avoid possible disturbances ~n data during the
beginning of the manoeuvre. The rest of the manoeuvre, from 100 *.. 140 seconds, will be
used as test data together with the additional manoeuvres troug™ ree running simulations,
i.e., only the actual initial conditions are given to the moc i, ana vith the same control
commands given to the real vehicle, the model executes t e man euvre that corresponds
to these control actions. Notice that the model will be comp. *o4 just with 80 seconds of a
simple manoeuvre, in contrast to the multiple and time ostl- .~anoeuvres usually employed
for marine vehicle modelling. The behaviour of the mc Z¢l is chen compared with that of
the real ship to evaluate the accuracy of the model. Th ~daitional manoeuvres are a 10/10
degrees Zig-Zag and some evolution circles. This I-tter ma 10euvre consists in the following
steps: 1) start with constant speed, with rudder .~gle .+ 7 degrees; ii) fix the rudder to the
angle considered for the manoeuvre (in our case 20 ‘'egrees); iii) let the vehicle describe
several consecutive circles with the same comn. nded rudder angle, iv) come back to step
i) and select a new rudder angle.

It is important to remark at this point v ¢ all the experiences where carried out on
an open environment and in different dcv. so ‘hat they were subjected to different per-
turbations such as currents and/or wind. .1 tact, the two Zig-Zags were carried out on a
very calm day, so the perturbations co.'1 ve aeglected. However, during the day when the
evolution circle trials were carried out, the wind was strong enough to affect the manoeu-
vre. This can be noticed in Figr.c ¢ (a) and (b), where the surge speed and sway speed
for these trials are shown in rer Durir g this manoeuvre the surge speed and sway speed
should be almost constant sir ce tuc .dder is fixed at a given angle and the commanded
advance speed is constant, s m :ntirned above; however, there is a periodic perturbation
(wind) that modifies the sreew »t t'.e same period at which the vehicle is turning and with
an amplitude of 0.1 m/s Moreover, the period of the perturbation in the first part (85
seconds) is a bit larger than .~ the second one (69 seconds) because the ship turns at a
larger angular rate ir th latter direction, see also Fig. 5(f) and Fig. 7(f) in the results
of Section 5.1 and 5.7 "‘robably, this effect is caused by a slightly asymmetrical ballast,
which makes the s' 1p tur.. ‘aster in one direction once the steady state is reached for a fixed
rudder angle, bu’ thz . it “3 not enough to be appreciated in the Zig-Zag manoeuvres, where
the ship does not re. ~b a steady state. For the sake of clarity on the results shown in the
next section, ve hax » tried to eliminate the periodic perturbation caused by wind from the
speeds, showr. in Fig 3 (a) and (b) in blue, so that the model computed and the simulation
results car e coirectly compared with the experimental results.

As m utionec on Eq. (1), the differential equations of surge speed, sway speed and yaw
rate are est... _.ed, so the regression is made over the accelerations of the ship. For KRR a
moder vin o obtained for each differential equation according to Eq. (4):

=i B K (2, xi)
b= BYK (a,a) (23)
= Z?:l /BZTK((L'v wi)
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Evolution Circles Evolitinn Circles
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Figure 3: Surge (a) and sway (b) speeds for the e.~lution circle trials, in red the experi-
mental values and in blue after filte ..o wuc periodic perturbation.

202
(u,v,r,T,0) and each set of ’s will be a.Ferent for each equation. Applying CP with
KRRCM a similar expression is obtainc ' buy, as mentioned before, the purpose is to obtain
a confidence margin around the predicted va.ue following the procedure explained in Section
3.3.

where a RBF kernel has been used, K . ;) = exp (—M>, and each sample z =

5. Results
5.1 Kernel Ridge Regross.. n (({RR)

First we evaluate the re .. obtained with KRR. Notice that for the computation of the
model the advance spe-* was considered constant and the same for all the tests.

There are two par ame .ers to be tuned in the model, the regularization parameter A from
ridge regression and o _-om the RBF kernel selected. A grid-search has been carried out
for the selection - f thsse parameters, oy, 0y, 0, and Ay, Ay, Ar, in Eq. (23), see Table 2
with the parameuc < sca ., and Table 3 where the parameters that provide a more accurate
result for the ".amning und test data are shown. Two evaluation measures have been used
to measure te pert rmance on the training set and to select the optimal values in the
parameters sea. “h- _nean absolute error and R? coefficient.

Table 2: Parameters search for KRR models

# permutations | Range of o | Range of A
73 0.001 — 0.5 | 0.01 — 100
152 1 0.01 -1
112 0.8 -2 0.01
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Table 3: Parameters for Kernel Ridge Regressio .
ou | Oy | Op Au Av Ar
1 71| 1 0.0313 ] 0.0313 | 0.0313

In Fig. 4 the actual response of the ship (red line) 1 show! together with the one
developed by the computed mathematical model (greer _ad vl.c lines, for train and test,
respectively), showing both a large similarity. In this fig ire e ¢ an see the surge acceleration
in Fig. 4(a) and the surge speed in Fig. 4(b), the sw~v acceles ation and sway speed in Fig.
4(c) and (d) respectively, and the yaw acceleration an.' yaw rate in Fig. 4(e) and (f),
respectively. Notice how the prediction of the moal' is ver = accurate both for accelerations
and speeds (where the errors are integrated), mak.. ~ the model very appropriate for control
simulation purposes. These results correspord +~ ¢ 20/20 degrees Zig-Zag manoeuvre,
where almost the whole manoeuvre has been us.1 for training and only the last part for
testing.

For additional testing of the model, ¢ '0/1u degrees Zig-Zag and some evolution circles
of +£10 degrees are considered, with their co. "esponding results shown in Figure 5. For
the sake of clarity, only the speeds wi. ¢ “b: wn as outputs of the model, as the errors are
more evident than in the accelerations. In .. 'dition, for simplicity reasons, in the simulations
all the evolution circles manoeuv» - are considered as consecutive manoeuvres instead of
independent experiments. This will als » allow to check the behaviour of the model when
the manoeuvre is changed. Notice =lsc that the motor is stopped at the beginning of the
10/10 degrees Zig-Zag and w'en he turning direction is changed in the evolution circles, so
we can check how the mode: "<aavr s with these changes on the motor, that have not been
taken into account for th moder omputation. In Fig. 5 (a), (c) and (e) the surge speed,
sway speed and yaw rat. for *he 10/10 degrees Zig-Zag are shown. In Fig. 5 (b), (d) and
(f) the surge speed, s~ speed and yaw rate for the evolution circles are given. We can
notice in this examp’> he v the model response is very similar to the actual one of the ship.

It is importan’ to -ecan that the experimental data obtained from the evolution circles
manoeuvres werc 2Fain .d in a different day than the Zig-Zags, and thus, with different
environmental __aditi. .S, where disturbances were present, such as currents or wind. These
environment: | condi ions have been smoothed by the filtering shown in Section 4.2, Fig.
3, but not cow. nletr.y eliminated. These unconsidered environmental conditions may be
the cause of the slightly deviation of the results in the evolution circles compared with the
Zig-Zags. In any case, the response for all the manoeuvres is very accurate.

Ty =1e.. - for the training data the behaviour is almost the same, as expected, but
for the . st data it is also very similar, showing how the model reproduces accurately the
manoeuvres developed by the ship. Moreover, in the gap produced in the real data at the
connection of two different evolution circles, where the surge speed starts from 0 m/s, we
can see how the model continues its tendency with a very natural behaviour and providing
a result very close to the real one once the ship has reached its nominal speed.
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5.2 Kernel Ridge Regression Confidence Machine (KRRCM"®

Now, the computation of the model is carried out considering KRRC.." ".e., we will employ
Conformal Prediction for the system identification process. Thereforce, witn Jhe computation
we can ensure that the output model will be within some confide ... margins where the real
output of the system should also lie. We proceed in the s me way as in the previous
case, using the first part of the 20/20 degrees Zig-Zag as training ‘ata and the rest of the
manoeuvre, the 10/10 degrees Zig-Zag and the evolution c'rcles ¢ - test data. For the sake
of simplicity, the two evolution circles will be plotted toge her ar 1 considered as a single
manoeuvre for the model.

The parameters used for the computation of the mdr” in his case are shown in Table
4. These parameters have been obtained following tl. sam~ _rocedure that in Section 5.1.

Table 4: Parameters for Kernel Ridge Re ress. = with Confidence Margins
Oy | Oup | O Au | Asy A
1 | 1] 1]0.0315 0.0313]0.0313

Similarly to the previous case, the .. del .~ trained with the 20/20 degrees Zig-Zag,
keeping the last 40 seconds for testing, as -ho. n in Figure 6, where the train (green line)
and test (blue line) are divided by t..> ve.i- al line. In Figure 6 (a) and (b) we can see
the surge acceleration and the surge spee!, respectively, in Fig. 6 (¢) and (d) the sway
acceleration and sway speed, resr .. *vely, and in Fig. 6 (e) and (f) the yaw acceleration
and yaw rate. For the training ¢ ita, noi 'ce how the speeds and accelerations are practically
the same for model and ship No.'~e also the confidence margins given by the magenta
lines, that ensure that the re ,por se of the model is within these margins with a probability
of 95 percent. It is also imnor .~ at t notice that most of the real response of the ship is also
within these margins, so we ensw.e that the model will predict the output of the system
with large accuracy.

To confirm the ab ,ve conclusion, we compare the system dynamics of ship and model
with the 10/10 degr.~s 7.g-Zag and the evolution circles. In Figures 7 (a), (c¢) and (e) the
surge speed, sway < peed « 1 yaw rate are shown for the 10/10 degrees Zig-Zag, respectively,
and in Fig. 7 (b', (¢, ard (f) for the evolution circles. Notice how the behaviour is very
accurate in the Zig-. ~¢. (n the evolution circles, although less accurate than in the Zig-Zag,
it is still very accur-te and very precise for a simulation model and within the confidence
margins, or v vy clos @ to them, ensuring a correct system model.

It is ir'c.estiug to notice, as shown in Figure 7, how the results are also very accurate
for the sv ay spec 1. This fact is of special interest since we are considering an underactuated
vehicle wi 2 cgrees of freedom (DOF) but only two control actions (advance speed and
rudde a.. '~ Therefore, it is not possible to act over the sway speed directly, only over
the surg ~ speed and yaw rate, making it more complex to emulate. However, as aforesaid,
the results obtained with the computed model using Conformal Predictors are more than
satisfactory.

The small discrepancy between model confidence intervals and ship in the surge speeds
may be a consequence of the few data used for training and these latter being restricted
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to a single manoeuvre. Another possible source of uncertainty may br .’ e possible pertur-
bations not eliminated from the experimental data, and that the te ts v ere carried out in
different days with different environmental conditions. However, it can . » noticed how the
discrepancy in the surge speeds between real and simulated is aroundc 5 %, giving a very
accurate simulation result.

For a model computation to be used in a real application ot ¢~ itrol design, the training
data should be richer and obtained from different manoeuv: ¢s, in oruer to make the model
obtained even more accurate. However, the aim of this wwk is t) show the applicability
of Conformal Predictors to estimate the model of a dv-an..- - stem as a surface vessel
using relatively few data (only 80 seconds of a single m: noe’ v. » were used for the training).
Thus, it has been shown that with few experimental data, and using Conformal Predictors,
an accurate model of the vehicle can be obtained. It ha. been shown that the behaviour of
the model is very similar to the real one for differc -t tests ind manoeuvres, and it also lies
within given confidence margins that ensure ow. moa.! vehaviour. Therefore, Conformal
Predictors are a valuable tool to be employed and ti. “her studied in the identification of
dynamic systems.

5.3 Stability analysis

In this section the stability of the moder de.'ved is shown, and how the outputs (surge
speed, sway speed, and yaw rate) co. .3~ 1 a stable equilibrium point for constant and
bounded inputs (constant commanded rul Jer angle and advance speed).

The physical system used for t* _ ~xperiments has been designed, constructed and tested
before deployment to ensure its adequ« te behaviour in open-loop, and that it reproduces
accurately the behaviour in sc~le o. = r al ship. Then, the physical system corresponds to a
Bounded Input Bounded Ov put (BIBO) system, where the output of the system does not
diverge for bounded input <o.. * 1anc's, producing a stable and well-defined output response.
In order to show the corre t, behav.our of the model computed and that the intrinsic stability
of the physical system i, alsc ~arried out by the model, a brief stability analysis based on
phase-portraits is give . . =xt.

The phase-portre *s r nalysis provides an easy visualization of the qualitative behaviour
of the model in op¢ a-loop. The main advantage of the phase-portraits is that we can analyse
the system for a wid : rarge of initial conditions without solving the nonlinear equations,
and they can also .~ #pplied equally to any kind of nonlinearity of the system. These
phase-portrai s are omputed considering constant commanded advance speed (the same of
the experime. ts) an/ constant rudder angle for different initial conditions. Therefore, for
different ir".’al cunaitions and constant inputs, the model is simulated showing the evolution
of the sti te vari bles, and how the model reaches a stability point regardless of the initial
conditions. Sin-e there are three state variables (surge speed, sway speed and yaw rate),
simull v.c. = =re performed for different initial conditions that vary between 1.2 and 1.8 m/s
for the . ge speed, from —0.5 to 0.5 m/s for the sway speed, and from —30 to 30 degrees
per seconc. for the yaw rate. Two different examples are studied.

In the first example, shown in Fig. 8, we consider a commanded rudder of —30 degrees,
that is the limit angle of the real vehicle rudder. In Fig. 8 (a) the phase-portrait in 3D is
shown. Notice how for the different initial conditions the state variables converge to a single
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a) Phase—portrait in 3D for —30° of rudder b) Phase—portrait of surge speec ‘vay speed for —30° of rudder
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Figure 8: Phase-portraits for a coamanded rudder of —30 degrees and commanded advance
speed of 2 m/s; the ~tability point is shown in green. a) Phase-portrait in 3D, b)
Phase-portr v ‘or surge speed and sway speed, ¢) Phase-portrait for surge speed
and yaw r.*e, 1) Phase-portrait for sway speed and yaw rate.

and well-defir :d eqrilibrium or stable point. The behaviour of the model for the different
initial condit.ons car be seen in detail in Fig. 8 (b), Fig. 8 (c), and Fig. 8 (d) where the
projections ~f k. © (a) in the surge-speed/sway-speed plane, surge-speed /yaw-rate plane,
and sway -speed, vaw-rate plane are shown, respectively. Notice how the vehicle reaches a
stable sur, = spe d of approximately 1.3 m/s and a sway speed of —0.1 m/s. The yaw rate
takes . —M™me around —0.2 rad/s.

In ti - second example of Fig. 9, a rudder angle of 5 degrees is used as commanded
rudder. S.milar plots to the previous example are shown. Fig. 9 (a) shows the phase-
portrait in 3D and how for the different initial conditions the model converges to a single
stable equilibrium point. The details of the trajectories followed and the equilibrium point
reached can be seen in Fig. 9 (b), Fig. 9 (c), and Fig. 9 (d) where the projections of Fig. 9
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Figure 9: Phase-portrait, " a commanded rudder of 5 degrees and commanded advance
speed of 2 m/s; the 5 ability point is shown in green. a) Phase-portrait in 3D, b)
Phase-port- ait or surge speed and sway speed, c¢) Phase-portrait for surge speed
and yaw ra.> d) Phase-portrait for sway speed and yaw rate.

(a) in the sur‘ e-spec/sway-speed plane, surge-speed /yaw-rate plane, and sway-speed /yaw-
rate plane arc shown respectively. The values reached in the equilibrium point are a surge
speed of 8~ roxu.uately 1.8 m/s, a sway speed of 0.04 m/s, and a yaw rate of 0.01 rad/s.
Notice h: w in t. is case, due to the small rudder angle, the sway speed and yaw rate are
small too, 'emec strating that the model is consistent with the behaviour supposed to a real
ship.

The -.dues for the rudder angle in the above examples have been chosen to show that the
performance of the model is consistent with the real behaviour of a ship even for commanded
rudder angles quite different to those used for training and testing the model. For other
possible rudder angles, such as 10, —10, 20 and —20 degrees, the train and test plots of
Subsection 5.1 and Subsection 5.2 show the good response of the model and also its similarity
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to the real ship. Then, the train and test plots, together with these r .. “e-portraits of the
model, show the good behaviour of the model, its accurate respor se ¢ mpared with the
physical system, and its utility for simulation and control design.

6. Conclusions

In this work, Conformal Predictors have been employed for wie ide. tification of a surface
marine vehicle. Namely, Kernel Ridge Regression and Ker1 el Ridg » Regression Confidence
Machine have been used for the identification process. Both . ~~h~.ques have shown a great
performance, providing models that predict with large acc’ .. <y the behaviour of the real
ship using relatively few data for the training obtained .. sm a single simple manoeuvre. In
addition, KRRCM provides confidence margins that ew. 're the output of the system to be
within these limits, making it a more appropriate model fc r simulation and control design.
The accuracy of the proposed models has been *este. -.1th different typical manoeuvres
used in marine systems for the identification of surta. ~ vehicles. Namely, the performance
of the models has been tested with two Zig-Z«, manoeuvres of 20/20 and 10/10 degrees,
respectively, and some evolution circles, shcine large accuracy for all the tests. Therefore,
it has been shown that Conformal Predictor. a e a valuable tool for system identification,
computing an accurate model of a dyna. .'~al s stem with few experimental data.

As future work, the identification of the . hip will be developed with random manoeuvres,
to have a richer training data set, a. ' ..~ will be compared and tested with different
emerging techniques, so that an appropri.‘e model may be computed for control design
purposes.
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