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Control of Fully Actuated Ocean Surface Vessels Using a
Class of Feedforward Approximators
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Abstract—In this brief, we consider the problem of tracking a
desired trajectory for fully actuated ocean vessels, in the presence
of uncertainties and unknown disturbances. The combination of
approximation-based and domination design techniques allows us
to handle time-varying disturbances, without the need for explicit
knowledge of the bounds. Using backstepping and Lyapunov syn-
thesis, the stable tracking controller is first designed for the full-
state feedback case. Subsequently, the output feedback problem is
tackled by employing a high-gain observer to estimate the unmea-
surable states required by the stable tracking controller. Under the
proposed control, semiglobal uniform boundedness of the closed-
loop signals is guaranteed for both full-state and output feedback
cases.

Index Terms—Function approximation, fuzzy systems, marine
vehicle control, neural networks, nonlinear systems, output feed-
back, tracking.

1. INTRODUCTION

N important issue of model-based control of ocean ves-

sels lies in the handling of unknown perturbations to the
nominal model, in the form of parametric and functional uncer-
tainties, unmodeled dynamics, and disturbances from the envi-
ronment. Traditional model-based adaptive controllers may not
be applicable since they are generally useful only when dealing
with systems in which the dynamics are linear-in-the-parame-
ters, the regressors are exactly known, and the uncertainties are
parametric and time-invariant [1]. On the other hand, marine
control applications are characterized by time-varying environ-
mental disturbances and widely changing sea conditions. In ad-
dition, the presence of nonparametric uncertainties, may excite
high-frequency unmodeled dynamics, which could disrupt the
function of the adaptive controller and lead to close loop insta-
bility [2].

To overcome the limitations of model-based adaptive con-
trollers, we adopt approximation-based control techniques to
compensate for functional uncertainties and unknown distur-
bances from the environment. Such approximators can utilize
a standard regressor function whose structure is independent
of the ship’s dynamic characteristics, thus increasing the porta-
bility of the same control algorithm on different ship systems.

Many good results for ship control in the literature rely on
model-based approaches. Earlier works include adaptive control

Manuscript received February 22, 2005; revised Spetember 6, 2005. Manus-
cipt received in final form January 23, 2006. Recommended by Associate Editor
Y. Jin.

The authors are with the Department of Electrical and Computer Engi-
neering, National University of Singapore, Singapore 117576, Singapore
(e-mail: elegesz@nus.edu.sg).

Digital Object Identifier 10.1109/TCST.2006.872507

of ship heading [3], [4]. More recently, model reference feed-
forward control was combined with a modified linear quadratic
Gaussian (LQG) feedback control for dynamic positioning
of ships [5]. Based on a linearized model, vectorial observer
backstepping was used to obtain a globally exponentially stable
output feedback controller for dynamic positioning of ships [6].
Adaptive vectorial backstepping was employed in [7], but only
parametric uncertainties could be handled. Generally speaking,
these results require exact knowledge of the ship’s parameters,
and some restrictions on the disturbances, usually constant or
slowly time-varying.

In comparison with model-based approaches, approxi-
mation-based methods, which do not require parametric or
functional certainty, are gaining recognition. In [8], fuzzy
control was used for track keeping of a surface ship, given
exact knowledge of model parameters. Model reference fuzzy
learning control was applied to cargo ship steering in [9].
In [10], robust fuzzy-based model reference adaptive control
(MRAC) was used for course keeping using full-state informa-
tion. Although functional uncertainties could be handled, the
control design considered only the SISO steering equation and
neglected the couplings with the surge and sway dynamics.
Besides fuzzy systems, neural networks trained under back
propagation are also used for intelligent control of ships, in
particular the optimal guidance task [11].

From a practical perspective, state-of-the-art actuation sys-
tems, such as tunnel thrusters and azipods, are ineffective in
providing control action in the sway direction at high speeds,
causing the ship to become “underactuated.” In this paper, we
restrict our attention, without loss of generality, to the simpli-
fied case of fully actuated ships at low to moderate speeds, so
as to show the effectiveness of approximation-based control for
ocean vessels in handling uncertainties. Motivated by results in
neural network control of robot manipulators [12], we design
approximation-based controller for fully actuated surface ves-
sels using Lyapunov synthesis. Both full-state and output feed-
back problems are considered, with high-gain observers used to
tackle the latter.

II. PROBLEM FORMULATION

A. Ship Dynamics

Consider the multiple-input-multiple-output (MIMO) dy-
namics of a 3 degree-of-freedom (3DOF) surface ship in the
presence of disturbances:

n=J(nv
Mo+ C(v)v+ D(v)o +g(n) =7+ d(n, v,1)
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where
cosny —sinny 0
J=|sinny, cosny 0
0 0 1

is the Jacobian transformation matrix; the output n =
[Nz, my, my]T € R? are the Earth-frame positions and heading,
respectively; v = [vg,vy,v4]7 € R? are the vessel-frame
surge, sway, and yaw velocities, respectively; d(n,v,t) € R3
is the unknown disturbance from the environment, and/or un-
modeled dynamics, among others; M, C(v), and D(v) are the
inertia matrix, the matrix of coriolis’ and centripetal terms, and
the damping matrix, respectively, all of which are unknown;
g(n) is an unknown vector of restoring forces due to buoyancy
and gravitational forces and moments; and 7 € R?3 is the vector
of input signals

Lemma 1: [13] For bounded initial conditions, if there exists
a C'* continuous and positive definite Lyapunov function V (z)
satisfying v1(||z|]) < V(z) < ~2(||z]]), such that V(z) <
—pV(z) + ¢, where 71,72 : R® — R are class K functions
and c is a positive constant, then the solution z(t) is uniformly
bounded.

Lemma 2: [14] For the continuous functions d;(n,v,t)
R? x R®* x R — R, i = 1,2, 3, there exist positive, smooth,
nondecreasing functions p;(n,v) : B* x R* — RT and ¢;(t) :
R — R such that

|di(n,v,t)| < pi(n,v) + qi(t).

Lemma 2 allows one to separate the multivariable disturbance
term d;(n, v, t),fori = 1,2, 3, into a bounding function in terms
of v, 1, the internal states of the ship, and a bounding function
in terms of ¢, which generally includes exogenous effects and
uncertainties. As will be seen in Section III-A, this separation is
useful because p;(n,v) can be approximated with observable
signals 1 and v. Thus, we are only required to make a mild
assumption on the general time-dependent effects.

The control objective is to ensure that all signals are
bounded, while the output follows a desired trajectory
Ni = [NedsTyd:Nwa)” € y,, such that the tracking er-
rors converge to a small neighborhood of the origin, i.e.,
limy 0 ||7 — mal| < 6 for some § > 0.

Assumption 1: For the time-dependent functions ¢;(t), i =
1, 2, 3, there exist constants §; € Rt, V¢ > t, such that

la: (DI < G-

Assumption 2: Forallt > 0, there exists constants N1, Ny >
0 such that ||94(¢)|| < Ny and ||7j4(t)|| < Na.

Remark 1: Assumption 1 is reasonable since the time-depen-
dent component of the disturbance can be largely attributed to
the exogenous effects of the environment, which have finite en-
ergy and, hence, are bounded. By virtue of the approximation
capability of the controller, knowledge of the bound g; is not re-
quired—only the assertion of its existence is. Assumption 2 re-
quires that the desired trajectory be sufficiently smooth to avoid
actuator saturation induced by sudden jumps of tracking error
due to discontinuous command inputs.

B. Feedforward Approximators

Function approximators can be represented as multilayer
feedforward networks which may be nonlinearly- or lin-
early-parameterized. Examples of feedforward approximators
include adaptive neural networks [12], [13], [15], [16] and
adaptive fuzzy systems [17]. A class of linearly parametrized
feedforward approximators used to approximate the continuous
function f(Z) : R? — R may be represented as follows:

f(Z2)=0"S(Z) +(2) (1)

where the vector Z = [z1,22,...,%,7 € R? are the input
variables to the approximator, S(Z) € R! is a vector of known
continuous (linear or nonlinear) basis functions, § € Rlisa
vector of adaptable weights, and ¢ is the approximation error
which is bounded over the compact set, i.e., [¢(Z)| < &,V Z €
7, where £ > 0 is an unknown constant.

We consider a class of linearly parameterized feedforward ap-
proximators, which, according to the universal approximation
property [15], can smoothly approximate any continuous func-
tion f(Z) over a compact set 2 C R? to arbitrary any degree
of accuracy as

f(2)=0"S(Z)+e*(Z), VZeQzCRl (2
where 6* are the ideal constant weights in the output layer, and
e*(7) is the approximation error for the special case where § =
6*. The ideal weight vector §*, an artificial quantity required for
analytical purposes, is defined as the value of # that minimizes
le(Z)| forall Z € Q7 C RY,ie.,

0" = argmin{ sup |f(Z)—6TS(Z)|}. 3)

beR! | ZzeQ,

III. APPROXIMATION-BASED CONTROL DESIGN

In this paper, we employ approximation-based adaptive back-
stepping of the ship dynamics (1). Feedforward approximators
are used to compensate for unknown nonlinear functions within
the known dynamical structure (1), which is in general valid for
mechanical systems. Full-state feedback controller will be de-
rived first. Based on this, an output feedback controller will be
subsequently designed via certainty equivalence approach, with
the unavailable output derivative estimated with a high-gain ob-
server.

A. Full-State Feedback Control

Step 1) Define error variables z; = n—mng4 and 2o = v—ay,
and consider Lyapunov function candidate V; =
(1/2)z% 2;. Differentiating z; with respect to time
yields

Z1 = J(n)(z2 + 1) — Na- “4)

Noting the property JJT = I, and choosing the
virtual control as

ar = JT(n)(Na — K121) ®)
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where K1 = K{ > 0, the time derivative of V;
along the trajectories of (4) is given by

Vi = —2{ K121 + 21 J(n) 2. (6)

The first term on the right-hand side (RHS) is sta-
bilizing, and the second term will be handled in the
next step.

Step 2) Differentiating zo with respect to time yields

29 = M H(=C(v)v — D(v)v = g(n) + 7
+d(n,v,t)) —dy (7)

where &1 = (Oa1/On)n + (Oa1/0Na)ia +
(Oay /0z1)%1. Consider the Lyapunov function
candidate V5 = Vi + (1/2)2 M z;. From Lemma
2 and Assumption 1, we have the following:

Vo < — 2T Kz + 25 0(n)20
+ 23 (=C(v)v = D(v)v = g(n) = Mén +7)

3
+ 3 Jz2al (pi(n,v) + T) - 8)
=1

Consider the following desired control law

7 = =JT(n)z1 — Kazs + C(v)v + D(v)v + g(n)
+Mdn — Sgn(z2)(p(n.v) +q) (9

where Sgn(zz) := diag[sgn(z2,)], fori = 1,2, 3,
with sgn(-) as the signum function.

Substituting (9) into (8), the latter can be
rewritten as V' < —2T K12, — 21 Ky, However,
since M, C(v), D(v), p(n,v), and ¢(t) are all
unknown, the model-based control law (9) is not
feasible. To overcome this problem, we utilize feed-
forward approximators to estimate the unknown
entities in the control law as follows:

r=—J"(n)z — Kozy + 07S(2) (10)
0; = — Ti(Si(Z)z2i + 0:6;) (1D
where © :=  blockdiag |67 67 67| con-

tains the approximation parameters, S(7) =
[ST(2),57(2), S’gT(Z)]T are the basis functions,
and o; is a positive constant. The neural network
©7S(Z) approximates ©*7 S(Z) defined by

0*7S(Z) = C(v)v + D(v)v + g(n) + Mdy

—Sgn(z2)(p(n,v) +q) —(Z) (12)

where ¢(Z) € R? is the approximation error,

Sgn(z2) = diag[sgn(za,)], for ¢ = 1,
2, 3, with sgn(-) as the signum function,
Z = [n",v",af ,af]" are the input variables

to the feedforward approximators, and z>; € R,
forz = 1, 2, 3, are the elements of 2.

Consider the augmented Lyapunov function can-
didate

3
1 [
Vo=V + 5ZZTMZQ +5 ;ﬂ: 07T '0; (13)

where 6; := éz — §7. Differentiating along (4), (7),
and (11) yields

Vo < —pla+C "
2)\min K _lI
p := min <2)\mim(K1)7 /\( 2(M2> 3X3)
. i
S8 (m)) .
3 o 1

1 %112 |

= 3TN0 + el (1o

i=1

where Apin(e) and Ajax(e) denote the minimum

and maximum eigenvalues of e, respectively.
Theorem 1: Consider the ship dynamics (1) with Assump-
tions 1 and 2, under the action of full-state feedback control
law (10) and adaptation law (11). Then, for each compact set
Qo, where (n(0),v(0),61(0),62(0),03(0)) € o, the trajec-
tories of the closed-loop system are semiglobally uniformly
bounded. The tracking error z; converges to a compact set
.= {2 € B | |aa]| < V(207)

C and p are defined in (15) and (16), respectively.

Proof: From (14) and Lemma 1, it is clear that the signals
21, 29, 9~1, 9~2, 53 are semiglobally uniformly bounded. From the
boundedness of 1 in Assumption 2, we know that 7 is bounded.
Since 7)4 is also bounded, it follows that a; is bounded, and in
turn v is bounded. With 6 as a constant, we know that HAL is also
bounded, for : = 1, 2, 3. Therefore, all signals are bounded. To
show that z; converges to 2, is straightforward using a similar
approach as that found in [13]. [ |

asymptotically, where

B. Output Feedback Control

In the previous section, we have considered the case where
full-state measurement is possible, that is, () = [1., 7y, Ne] "
and v(t) = [v,, vy, vy]T are both available. However, in prac-
tice, it is not easy to measure the vessel-centered states v(t). In
this section, we tackle the output feedback problem for ocean
vessels by utilizing high-gain observers.

Lemma 3: [18] Consider the following linear system:

€m; =mip1, t=1,2...,n—1
€M = — V1T — V2Tn—1 — ** — Yn—1T2 — T1 + 1(t)
)

where € is a small positive constant, and the parameters y; to
v, are chosen such that the polynomial s™ + y;s" 1 + -+ +
Yn—15 + 1 is Hurwitz. Suppose that the system output 7)(¢) and
its n derivatives are bounded, so that ||*)|| < Y}, then the
following property holds:

Tk (k—=1) _

e = —e¢™

. k=1,2....n (I8)

€
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where ¢ := 7, + V11 + - - - + Yn—1m1 and (¥) denotes the
kth derivative of (. Furthermore, there exist positive constants
hi. (independent of €) and ¢* such that ||¢x|| < ehy for ¢ > t*.

Note that (74 1)/€e* asymptotically converges to ), with
a small time constant provided that 7 and its k derivatives are
bounded. Hence, (7j41)/e" for k = 1,2,...,n is a suitable
observer to estimate the output derivatives up to the nth order.

To prevent peaking [19], saturation functions are employed
on the observer signals whenever they are outside the domain
of interest €2, as follows:

s Tij
Tig = Sijb (&j)

Sij = max ()
’ (z.0)eQ

-1, fora< -1
da) = {a, for |a] <1 (19)
1, fora > 1

fori =1,2,7=1,2,3, where £ = [&,&)]T.

Now, we revisit the control law (10) and adaptation law (11)
for the full-state feedback case. Via the certainty equivalence
approach, we modify them by replacing the unmeasurable state
vector zz with its estimate 22 := J7 ()(m2/€) — a1, such that

- JT<7’]>21 — K29 + (:)TS(Z)

T = (20)
f; = — Fi(Si(Zi)22,i + 0i6;).

(2D
Denote Vs = (1/2)§T§, Kg = KQ—(l/Z)ngg, Z9 = Z9—29
and A = diag[2l;/0;], i = 1, 2, 3. Taking the time derivative
of V3 along the closed-loop trajectory and using the property

Si(Z;)— Si(Z;) = €Sy;, where Sy; is a bounded vector function
[15], yields

. 3
V2 S — leKlzl — Zg <K2 — 5[) z9

3
- Z %||9~1||2 + )\max (KZKQT + A) Vobs
i=1

3 2
> (—62”?” v %) 16517 + 2l @2)
Noting the bounds on V(%) as follows:
Vatn() < 5(83 + 1) 23)
it can be shown that
Va(t) < — pVa(t) + C (24)
p:= min {ZAmin(Kl), ZAm;“ngA;)%I) ,
min;—1 23 {% éiHZ}
Amax(T'71) @
3 2
o ; <62|I§ti|| N %) 12
4 el 4 S (Bo K + ) (8 4+ 13) (26)

To ensure that p > 0, the control gains K7 and K are chosen
to satisfy the following conditions:

)\min(Kl) >0, Amn (K2 - g[) > 0. 27

Theorem 2: Consider the ship dynamics (1) under As-
sumptions 1 and 2, with output feedback control law (20),
adaptation law (21), and high-gain observer (17) turned
on at time t* in advance. For initial conditions starting
in any compact set 2y, the solutions of the closed loop
system are semiglobally uniformly bounded. Furthermore, the
tracking error z; converges asymptotically to the compact set
Qo = (21 € R | |la1] < V/(2C/p)
defined in (26) and (25), respectively.

Proof: The proof follows the same approach as Theorem
1, and will be omitted for conciseness. [ |

Remark 2: 1In this paper, we proposed a rigorous theoretical
treatment of the output feedback problem using high-gain ob-
servers, assuming that measurements are perfect. The rationale
for choosing a high-gain observer lies in its simplicity and the
fact that it does not require a model of the ship or disturbances,
in line with the proposed nonmodel-based control philosophy. In
practice, the presence of measurement noise necessitates careful
implementation, and places a lower limit on the size of ¢, with
possible degradation of transient performance.

Since we do not model the wave disturbances as additive
“noise” to low-frequency ship motion [20], but rather as forces
that interact with the ship dynamics, hence, by construction, our
output measurements are only contaminated with zero mean
Gaussian white noise due to the global positioning system
(GPS). As noted in [20], modern differential GPS provide high
accuracy and precision, such that the zero mean Gaussian white
measurement noise is within small, tolerable limits. The main
drawback is that the wave disturbances are in the feedback
loop, and compensating for them increases wear and tear of the
actuators.

} where C and p are

IV. SIMULATION RESULTS

In our simulation study, we consider the model of Cyber-
ship II, a 1:70 scale supply vessel replica built in a marine
control laboratory in the Norwegian University of Science and
Technology. The model can be represented by (1), with param-
eters obtained from [7]. Without loss of generality, we define
the disturbance d as time-varying forces/moment dependent on
7 and t

d(n,t) =7 (n) fe(t)
fe(t) =[3+ 0.8sin(0.7¢) + 0.2 8in(0.5¢)
4+ 0.25in(0.9¢),0, 0] (28)
Note that in general, d can also depend on w, as de-
scribed in (1). The control objective is to track, using only
the measurable information 7)(t), the desired trajectory
nd(t) = [nmd(t)7nyd(t)777’l/’d(t)]T where nmd(t) = (0'1)\/§t,
Nya(t) = 10cos(0.1n,.4(¢)), and nya(t) = tan=t (dnya/dnea)-
This gives a maximum desired speed of 0.2 ms™!, which
corresponds to 3.1 knots in the full-scale vessel.
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Fig. 2. Top: output tracking errors. Bottom: observer errors.

Linearly parameterized feedforward approximators are used,
in which © = diag [01T7 61, 93T] are adaptable parameters, and

7 = [nT, T, ol aﬂT € R'? are the inputs to the approxi-
mator. Motivated by [17], the basis functions are defined by

s 12
, pi(%) ,
si(Z) = e — wi(Z) = vj,
X 1;(2) =1
j=1
i=1,...,32 j=1,...,12 (29)

where v; is one of the three functions from the jth set
{(1/(14_6@13'(Zj*blj)))ﬁ*ﬂzj'|Zj*b2j|27(1/(14_6*‘133'(23'*’133')))
such that each p; is composed of a unique combination of the
functions from the 12 sets. The constant parameters aj; and
brj, k =1, 2, 3 are user-defined.

The high-gain observer is designed according to (17) with
n = 2 and y; = 2, while the control and adaptation laws are
based on (5), (20), and (21), with the control signals saturated
whenever |7,| > 5N, || > 5N, and |7,| > 3.5 Nm. We
choose I'y = diag[12], 'y = diag[6], I's = diag[40], o; = 1 x
1075, and € = 0.01. With K; = diag[0.8] and K> = diag[5.0],
we know that A\pin(K7) = 0.8 > 0 and Apin (K2 — (3/2)1) =

3.5 > 0, which satisfy the conditions of (27). The initial con-
ditions are 7(0) = [-0.5,4,0.0873]%, v(0) [0.2,0,0]%,
m1(0) = m2(0) = [0,0,0]7, 6; = [0,...,0]T fori = 1, 2,
3, where all units are SI.

A. Closed-Loop Performance

From Fig. 1, it can be observed that the tracking performance
of the ship is satisfactory, despite the time-varying disturbance.
While Fig. 1 shows that the ship remains within a small neigh-
borhood of the desired path, the top graph of Fig. 2 verifies that
the ship in fact follows the desired trajectory satisfactorily in
time. If the residual error is desired to be lower, it can be re-
duced by several means, to the effect that C /p in Theorem 2
decreases. One way is to increase K; and/or K. An alterna-
tive is to increase the density of approximators that span the ap-
proximation space, thus reducing the approximation error ¢ that
makes up part of the C.

The small time convergence of the high-gain observer esti-
mates to the output derivatives is clearly shown in Fig. 2. Within
about 0.2 s, the estimates peak at their respective saturation
values and then converge rapidly to the actual output deriva-
tives. Thereafter, the estimates remain in a small neighborhood
of the output derivatives.
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Fig. 3. Top: input forces/moment for ship. Bottom: evolution of norms of online-estimated approximation parameters.
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Fig. 4. Comparison of tracking error norm ||z || for different scaling factors k1 and k.

The top graph of Fig. 3 shows that the control input signals 6 ' ' ' ' ~ approximation-based control| |
are bounded within +5 N and +3.5 Nm, which we have set as sn model-based control 1
the saturation limits. Initially, both the surge and sway signals atl ~ — — PAD contro 1
are saturated due to the initial tracking error as well as the effects T 5| \ ARy _
of the high-gain observer and approximation. The norms of the Ay \\ |
approximation weights are bounded with slight oscillations, as Voo
seen from the bottom graph of of Fig. 3. T b N s s e e R e e e £

The sensitivity to control gains K1 and K is shown in Fig. 4. 00 50 1(')0 150 200 250 3(')0 350 4(’)0 450

As K is scaled up, the steady-state tracking error decreases. A time [s]
similar behavior can be obtained if we scale K. This suggests a
simple intuitive tuning procedure for the control gains. Indeed,
the inverse relationship between the size of the steady state com-
pact set C1/p and the gain K can be seen from (25), since p
tends to increase with Ay (K71). However, we do not see the In this section, we will compare the tracking performance of
same analytical relationship for K5, since C; depends on K5.  the proposed approximation-based controller (20) (henceforth

Fig. 5. Comparison of tracking performance.

B. Comparisons With Other Controllers
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named T,p,prox) With a PID controller 7,4, as well as a model-
based nonadaptive backstepping controller 7,,,5:

ot

Toid = — Kpz1 — Kp(Jo — na) — KI/ z1(<)ds
0

Ty = — JL(0)21 — KoZy + C(0)0 4+ D(0)0
+ Mau(z1, 22, Md, Ma, Tia) (30)
where 7 = JT(my/¢); the PID gains Kp =

diag[0.944,0.813,0.372], Kp = diag[6.296,6.372,1.186],
and K; = diag[0.0632,0.0485,0.0485] are tuned by linear
quadratic regulator (LQR) techniques with Q = [ and
R = 2501I. A high R is selected to obtain control magnitudes
within the saturation limits. Assuming no available information
on the disturbance, we do not include the disturbance
compensation term in 7.

Fig. 5 shows the comparison of tracking performance be-
tween the various controllers. The PID controller 7,;q exhibits
good steady-state performance. However, its transient perfor-
mance is less satisfactory, since the linear control action tends
to produce large overshoots, which causes the tracking error to
peak initially at about 50 s. Although the PID controller does
not explicitly contain any terms from the ship model, the tuning
of the PID gains by advanced techniques such as LQR requires
knowledge of the ship model. Without the use of such tech-
niques, PID tuning for the MIMO ship system is generally non-
trivial, and may require full-scale experiments.

The approximation-based controller performs better than
the model-based controller 7,,,;, with faster decay of tracking
error and lower steady-state value. The better performance is
due to the fact that the bounded external disturbance d(n, v, t)
is compensated for by the feedforward approximators, even
though no information related to the disturbance is measured
or used. In contrast, 7,,;, does not have any disturbance com-
pensation due to the lack of information and results in a larger
mean steady state tracking error. While it is true that one can
estimate a conservative bound p(7n,v) + ¢ and augment the
term Sgn(z2)(p(n,v) + §) in T,,p to dominate the disturbance,
this approach may lead to unnecessarily large control signals if
p(n,v) + q is grossly overestimated.

V. CONCLUSION

In this brief, stable approximation-based tracking con-
trol has been designed for surface vessels in the presence
of time-varying environmental disturbances, unmodeled dy-
namics, or parametric/functional uncertainties. Both full-state
feedback and output feedback problems have been considered.

It has been shown that the closed-loop signals under the pro-
posed control are semiglobally uniformly bounded, and the
steady-state compact set to which the error signals converge
can be made small through appropriate choice of control design
parameters. Simulation results have demonstrated that the
surface vessel is able to track a desired trajectory satisfactorily.

REFERENCES

[1] K.S. Narendra and A. M. Annaswamy, Stable Adaptive Systems. En-
glewood Cliffs, NJ: Prentice-Hall, 1989.

[2] J.E. Slotine and W. Li, Applied Nonlinear Control.
NIJ: Prentice-Hall, 1991.

[3] K. G. Killstrom, K. J. Astrém, N. E. Thorell, J. Eriksson, and L. Sten,
“Adaptive autopilots for tankers,” Automatica, vol. 15, pp. 241-254,
1979.

[4] J. van Amerongen, “Adaptive steering of ships—A model reference ap-
proach,” Automatica, vol. 20, pp. 3—14, 1984.

[5] A.J. Sgrensen, S. I. Sagatun, and T. I. Fossen, “Design of a dynamic
positioning system using model based control,” J. Control Eng. Practice,
vol. 4, no. 3, pp. 359-368, 1996.

[6] T. 1 Fossen and A. Grgvlen, “Nonlinear Output Feedback Control of
Dynamically Positioned Ships Using Vectorial Observer Backstepping,”
IEEE Trans. Control Syst. Technol., vol. 6, no. 1, pp. 121-128, Jan. 1998.

[7]1 R. Skjetne, T. I. Fossen, and P. V. Kokotovic, “Adaptive manuevering,
with experiments, for a model ship in a marine control laboratory,” Au-
tomatica, vol. 41, pp. 289-298, 2005.

[8] J. Velagic, Z. Vukic, and E. Omerdic, “Adaptive fuzzy ship autopilot for
track-keeping,” J. Control Eng. Practice, vol. 11, pp. 433-443, 2003.

[9] J.R.Layne and K. M. Passino, “Fuzzy model reference learning control

for cargo ship steering,” IEEE Control Syst. Mag., vol. 13, no. 6, pp.

23-34, Dec. 1993.

Y. Yang, C. Zhou, and J. Ren, “Model reference adaptive robust fuzzy

control for ship steering autopilot with uncertain nonlinear systems,”

Appl. Soft Comput., vol. 3, pp. 305-316, 2003.

R. S. Burns, “The use of artificial neural networks for the intelligent

optimal control of surface ships,” IEEE J. Ocean. Eng., vol. 20, no. 1,

pp. 65-72, Jan. 1995.

S. S. Ge, T. H. Lee, and C. J. Harris, Adaptive Neural Network Control

of Robotic Manipulators. London, U.K.: World Scientific, 1998.

S.S. Ge and C. Wang, “Adaptive neural control of uncertain MIMO non-

linear systems,” IEEE Trans. Neural Netw., vol. 15, no. 3, pp. 674-692,

May 2004.

[14] W. Lin and C. J. Qian, “Adaptive control of nonlinearly parameterized

systems: The smooth feedback case,” IEEE Trans. Autom. Control, vol.

47, no. 8, pp. 1249-1266, Aug. 2002.

S. S. Ge, C. C. Hang, T. H. Lee, and T. Zhang, Stable Adaptive Neural

Network Control. Boston, MA: Kluwer Academic, 2001.

F. L. Lewis and T. Parisini, “Guest editorial: Neural network feedback

with guaranteed stability,” Int. J. Control, vol. 70, no. 3, pp. 337-339,

1998.

L. X. Wang and J. M. Mendel, “Fuzzy basis functions, universal approx-

imation, and orthogonal least-squares learning,” IEEE Trans. Neural

Netw., vol. 3, no. 5, pp. 807-814, Sep. 1992.

S. S. Ge and J. Zhang, “Neural network control of nonaffine nonlinear

system with zero dynamics by state and output feedback,” IEEE Trans.

Neural Netw., vol. 14, no. 4, pp. 900-918, Jul. 2003.

H. K. Khalil, Nonlinear Systems, 3rd ed. Englewood Cliffs, NJ: Pren-

tice-Hall, 2001.

T.I. Fossen and J. P. Strand, “Passive nonlinear observer design for ships

using Lyapunov methods: Full-scale experiments with a supply vessel,”

Automatica, vol. 35, pp. 3—-16, 1999.

Englewood Cliffs,

[10]

[11]

[12]

[13]

[15]

[16]

[17]

[18]

[19]

[20]



	toc
	Control of Fully Actuated Ocean Surface Vessels Using a Class of
	Keng Peng Tee, Student Member, IEEE, and Shuzhi Sam Ge, Fellow, 
	I. I NTRODUCTION
	II. P ROBLEM F ORMULATION
	A. Ship Dynamics
	Lemma 1: [ 13 ] For bounded initial conditions, if there exists 
	Lemma 2: [ 14 ] For the continuous functions $d_{i}(\eta ,v,t):R
	Assumption 1: For the time-dependent functions $q_{i}(t)$, $i={\
	Assumption 2: For all $t>0$, there exists constants $N_{1},N_{2}
	Remark 1: Assumption 1 is reasonable since the time-dependent co

	B. Feedforward Approximators

	III. A PPROXIMATION -B ASED C ONTROL D ESIGN
	A. Full-State Feedback Control
	Theorem 1: Consider the ship dynamics (1) with Assumptions 1 and
	Proof: From (14) and Lemma 1, it is clear that the signals $z_{1


	B. Output Feedback Control
	Lemma 3: [ 18 ] Consider the following linear system: $$\eqalign
	Theorem 2: Consider the ship dynamics (1) under Assumptions 1 an
	Proof: The proof follows the same approach as Theorem 1, and wil

	Remark 2: In this paper, we proposed a rigorous theoretical trea


	IV. S IMULATION R ESULTS

	Fig.€1. Tracking performance.
	Fig.€2. Top: output tracking errors. Bottom: observer errors.
	A. Closed-Loop Performance

	Fig.€3. Top: input forces/moment for ship. Bottom: evolution of 
	Fig. 4. Comparison of tracking error norm $\Vert z_{1}\Vert $ fo
	Fig.€5. Comparison of tracking performance.
	B. Comparisons With Other Controllers
	V. C ONCLUSION
	K. S. Narendra and A. M. Annaswamy, Stable Adaptive Systems . En
	J. E. Slotine and W. Li, Applied Nonlinear Control . Englewood C
	K. G. Källström, K. J. Äström, N. E. Thorell, J. Eriksson, and L
	J. van Amerongen, Adaptive steering of ships A model reference a
	A. J. Sørensen, S. I. Sagatun, and T. I. Fossen, Design of a dyn
	T. I. Fossen and Å. Grøvlen, Nonlinear Output Feedback Control o
	R. Skjetne, T. I. Fossen, and P. V. Kokotovic, Adaptive manuever
	J. Velagic, Z. Vukic, and E. Omerdic, Adaptive fuzzy ship autopi
	J. R. Layne and K. M. Passino, Fuzzy model reference learning co
	Y. Yang, C. Zhou, and J. Ren, Model reference adaptive robust fu
	R. S. Burns, The use of artificial neural networks for the intel
	S. S. Ge, T. H. Lee, and C. J. Harris, Adaptive Neural Network C
	S. S. Ge and C. Wang, Adaptive neural control of uncertain MIMO 
	W. Lin and C. J. Qian, Adaptive control of nonlinearly parameter
	S. S. Ge, C. C. Hang, T. H. Lee, and T. Zhang, Stable Adaptive N
	F. L. Lewis and T. Parisini, Guest editorial: Neural network fee
	L. X. Wang and J. M. Mendel, Fuzzy basis functions, universal ap
	S. S. Ge and J. Zhang, Neural network control of nonaffine nonli
	H. K. Khalil, Nonlinear Systems, 3rd ed. Englewood Cliffs, NJ: P
	T. I. Fossen and J. P. Strand, Passive nonlinear observer design



