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In this study, a robust fixed-time Hoo trajectory tracking controller for marine surface vessels (MSVs) is proposed based on self-
structuring neural network (SSNN). First, a fixed-time H, Lyapunov stability theorem is proposed to guarantee that the MSV
closed-loop system is fixed-time stable (FTS) and the L, gain is less than or equal to y. This shows high accuracy and strong
robustness to the approximation errors. Second, the SSNN is designed to compensate for the model uncertainties of the MSV
system, marine environment disturbances, and lumped disturbances term constituted by the actuator faults (AFs). The SSNN can
adjust the network structure in real time through elimination rules and split rules. This reduces the computational burden while
ensuring the control performance. It is proven by Lyapunov stability that all signals in the MSV system are stable and bounded
within a predetermined time. Finally, theoretical analysis and numerical simulation verify the feasibility and effectiveness of the

control scheme.

1. Introduction

With the rise of marine activities such as sea rescue, military
reconnaissance, and environmental monitoring, surface
unmanned vessels play an important role in the field of
marine engineering. Among them, trajectory tracking is a
popular control problem [1-7]. However, with wind, waves,
and currents having a significant impact on the speed and
maneuverability of vessels, achieving safety, accuracy, and
stability is a significant challenge for control system design.
Exploring better control schemes to achieve fast stability and
strong robustness of MSV systems requires further research.

Finite-time stabilization has a faster response speed than
asymptotic stabilization, which ensures that the tracking
error is stabilized within a small range near zero within a
limited time, so it has strong robustness. Relying on this
advantage, a robust control scheme based on a finite-time
disturbance observer was designed [8]. A control scheme
combining a finite-time disturbance observer and sliding
mode technique effectively suppresses disturbances [9]. A
new finite time-expanded observer was proposed to facilitate

the observation of lumped disturbances caused by uncer-
tainties and external disturbances [10]. Considering the
uncertainty of the model and the disturbance of the marine
environment, a semiglobal finite-time stable control strategy
was designed by combining the disturbance observer and
adaptive neural network (NN) technology [11]. However, it
should be pointed out that the settling time of the finite-time
control scheme depends on the initial state of the controlled
object; that is, when the initial position is far from the target
position, the system takes longer to reach stability. Affected
by this, the concept of fixed-time stability was proposed [12];
its setting time is related to the designed controller pa-
rameters and is not influenced by the initial state of the MSV.

At present, researchers have proposed some control
schemes based on fixed-time stability, such as a combined
method of fixed-time extended state observer (FTEXSO) and
increased power integration [13], homogeneous technology
[14], and sliding mode control based on FTEXSO [15, 16].
However, the nonsmooth control signal provided by the
timing controller based on sliding mode surface control
causes inherent chattering, which is harmful to the
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mechanical structure and electronic equipment of the MSV
system. Controllers based on homogeneous technology
cannot guarantee globally fixed-time stability. These control
schemes have strong robustness to unknown disturbances
and uncertainties, but they do not discuss the relationship
between control parameters and robustness. This relation-
ship is explained in the H, control [17, 18]. The robustness
of H,, control makes the system internally stable, but more
important, it can control the output of the controlled object
to meet a prespecified upper limit of gain by suppressing
external disturbances [19]. Due to its good characteristics,
the H, controller has been widely studied in linear systems,
switching systems, and extracorporeal blood circulation
systems [20] and applied to robotic manipulator systems
[21-23]. However, there have been few attempts to introduce
H,, control technology into MSV systems.

In the complex ocean environment, the uncertainty of
the MSV system and environmental disturbances are in-
dispensable. For complex nonlinear systems, an evolu-
tionary bat algorithm (EBA) controller based on artificial
intelligence was proposed to stabilize the fuzzy system
through affine transformation and parameter linear matrix
inequality [24]. Recently, the use of NN to compensate for
unknown nonlinear functions of the system has become
more promising. Radial basis function neural networks
(RBFNNs) have good fitting performance and are one of the
most common neural networks [25, 26]. As we all know, the
fitting ability and calculation amount of NN are closely
related to the network structure, and the complexity of the
nonlinear function often determines the complexity of the
network structure. A simple network structure may lead to
poor fitting ability and cannot meet the requirements, while
an overly complex network structure causes a computational
burden. How to match the optimal network structure
according to the complexity of nonlinear functions is a
problem worth exploring [27-29]. In addition, it must be
considered in the controller design that the actuator may fail,
resulting in the degradation or even failure of the control
performance [15].

Based on the above discussion, we improve the trajectory
tracking accuracy of MSV and the stability of the control
system and help the development of marine activities. The
purpose of this study is to provide a fixed-time robust
control strategy for the trajectory tracking control system of
an MSV with marine environment disturbance, vessel model
uncertainty, and AF. An SSNN is used to approximate the
lumped disturbances caused by external disturbances, AF,
and uncertainty and can optimize the network structure
online, which is conducive to improving the fitting accuracy
and avoiding the computational burden. The stability of the
control system is improved by suppressing the interference
through H, control. Finally, based on the fixed-time sta-
bility theory, it is proven that the tracking error can converge
in a fixed-time when all closed-loop signals are bounded.
References [30, 31] are typical MSV control algorithms based
on neural network control. Compared with [30], the pro-
posed control scheme can greatly improve the system re-
sponse speed. Compared with [31], the upper bound of the
convergence time of the proposed control scheme does not
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depend on the initial state of the system. The main con-
tributions of this paper are listed as follows:

(1) A fixed-time H,, robust control scheme based on an
SSNN is proposed for the trajectory tracking prob-
lem of MSVs. The scheme can ensure that the MSV
accurately tracks the desired trajectory, thus
achieving bounded convergence of the tracking error
within a fixed-time and making the convergence
time independent of the initial state. To improve the
robustness of the control system, a fixed-time H, is
proposed to study the control problem. The con-
troller can provide disturbance attenuation in the
sense of L, gain without solving complex Hamilton-
Jacobian equations or inequalities or Riccati
equations.

(2) Based on the traditional RBENN algorithm, the
network structure is optimized online by establishing
a splitting rule and eliminate rule, and then an SSNN
is proposed to approximate the nonlinear term of the
system. Compared with RBENN, SSNN can effec-
tively reduce the amount of calculation and save
network resources under the premise of ensuring
good fitting accuracy.

(3) The influence of the AF on the controller is analyzed,
and the solution is given.

The rest of this article is organized as follows. Section 2
presents the preparation of the MSV problem formulation.
Section 3 introduces the design idea of a robust fixed-time
H, control scheme based on the SSNN and a stability
analysis of the control system. In Section 4, the effect of
actuator faults on the controller is analyzed, and the pro-
posed SSNN is verified by comparison. Section 5 summa-
rizes the research and suggests future work.

2. Preliminaries and Problem Formulations

2.1. Preliminaries

Notation. Defining |x| = [Ix], [x5],. .., |xn|]T,x eR", ||
represents the absolute value of a scalar or vector compo-
nent. || - | represents the vector Euclidean 2-norm. Denoting
sig® (x) = sign(x)|x|?, diag{-} indicates a diagonal matrix.

Neural Networks (NNs). Suppose fyy (x): U} — R is an

unknown nonlinear function that can be estimated by NN

on a compact ) € U’} as follows:

Fan (0 =W () +e(y), (1)

where ¢ € R? is the fitting error, W* € R™ is the ideal weight,
and

W* = arg mAin{ sup'fNN (x) - WT(D(X)' }> (2)
W xeQ

where W is the weight estimate value of the NN, @ (y) =
[hy (x), .. .>hy, (X)]T: Q — R™ represents the activation
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value of the NN, y represents the input of the NN, and the
activation function is as follows:

2
_u>,i=1,...,m, (3)

h;(x) = exp<
Ji

where ¢; € U” and j; € R indicate the center coordinates and
width of the ith neuron, respectively.

Actuator Faults (AF). The actuator faults of the controller
can be achieved by the following rule:

—to;) (e = 1)7; + 7), (4)

where 7,; represents the actual control input, and 7; rep-
resents the input required by the designed controller. e;
represents the health condition of the ith actuator and
satisfies 0 <e; < 1. T,; indicates other unknown faults. The
time-varying dlstrlbutlon function b; (t —t;) is defined as

follows:

Ty =T+ b;(t

t <ty

0,
b(t—ty) = { Lt (5)

t>t,.

Assumption 1
(1) The desired trajectory n; = [x4, vz w,]" is differ-
entiable, and n,, r;, and 7i; are bounded [13].
(2) The disturbance d(t) in (23) is bounded, and
lld ()|l < d, where d are unknown positive constants
[32].

2.2. Definitions and Lemmas

Definition 1 (see [12]). The system is given as follows:
x=f(x(t), f(0)=0,x € R", (6)

where f: U — R" is continuous on an open neighborhood
U, of the origin. The equilibrium x =0 of system (6) is
(locally) FTS if (i) it is Lyapunov stable and finite-time
convergent in a neighborhood U, € U of the origin; (ii) it is
fixed-time convergent in U, that is, every solution x (t, x,,) of
system (6) satisfies x (t,x,) € U,/{0} for t € [t,,T), where T
represents the settling time and satisfies

thlex(t, x,) = 0. (7)
If U=R" and t>T, then the origin of system (6) is

globally FTS.
The following definition is proposed here:

Definition 2. Analyze a closed-loop system with the fol-
lowing form:

<[J&=f(x)+w(x)+g(x)u )
z=h(x) ’
where x € R" is the state variable of the system, u € R™ is the

system input, w € R" represents indeterminate disturbance,

and z € R" is a vector of performance metrics. As a globally
fixed-time H, controller, the following compensators exist:

u=f,(xt), 9)

and setting a positive arithmetic number y >0, system (8)
has L, gain less than y if for all w € L, [t,,t,] satisfies

t t
L Iz (Odt <4? j lo (O)dt, (10)

where z(t) is the system output with initial condition
x(ty) =0

Remark 1. If there is a control input u (¢) in the range [t, ¢,]
such that system (8) has a fixed-time H,, performance, then
u= f,(x,t) can be called the fixed-time robust H, con-
troller of system (8) so that the L, gain equal to or less than y,
and the robustness performance specification can be ex-
pected by choosing an appropriate value of y.

Lemma 1 (see [12]). Suppose V (x) is a positive Lyapunov
function and satisfies Vix)< -1,V (x)" —KZV(X) then,
system (6) is an FTS, where k, >0,k, >0 and 0<a<1,3> 1.
The  settling time satisfies T <T,.x =1/, (1 -a)+
1/, (B - 1).

Lemma 2 (see [33]). Suppose V (x) is a positive Lyapunov
function and satisfies V(x)< -« V()" -« V(x) +C;
then, system (6) is practically fixed-time stable (PFTS), where
€,>0,%,>0,0<C<o00and0<a<l,f>1. The settling time
satisfies

1 N 1
K g(l—a) x,g(B-1)

where 0< g <1, and the set of residuals of system (6) is as
follows:

C 1/a C g
xe{V(x)Smm{((l_g)xl) ’((1—9)"2) }}

(12)

T<Tyax =

(11)

Lemma 3 (see [17]). If 0<¢ <1 and 0<¢,<2, for

Vx; € Ryi=1,...,n, then
(|x1|+'-.+|xn|)cls|x1|Cl + ..+|xn|<‘, (13)
(bea* -+l < (] + o 4] ) (14)

Lemma 4. Assume ® = —® + @*, [ > 1/2; then, the following
inequality is true:

e =)~ 1., I -2l-1)~, I _,
AD=-0" +dd s( —&"+ a)z+®2>g (21 )m2+§@ 2

(15)

Furthermore, there exists a real number k >0 to obtain
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2.3. Problem Formulation. Figure 1 depicts a plane model
diagram of the MSV, which contains two commonly defined
coordinate reference systems. The MSV model consisting of
kinematics and dynamics is represented with reference to
the following:

{ n=R(y)»

, 17
My +C(v)v+D (v =1+MR" (y)d(t) (17

where n = [, y,y]” represents the position, and (x, y) and
y denote the position and yaw angle in the earth-fixed (EF)
frame, respectively. The vector v = [u,v,7]" denotes the
velocity in the surge, sway, and yaw directions in the body-
fixed (BF) frame. M € R¥3, C(v) € R¥3, and D(v) € R**3
denote the mass matrix and the total Coriolis and centripetal
acceleration matrix, respectively. 7= [1,,7,,7,]" is the
control input of the MSV system. The vector d (t) represents
external disturbance. R (y) represents the rotation matrix as
follows:

cosy —siny 0
R(y) =|siny cosy O |, (18)
0 0 1
with the properties: RT () = R~ (), R(l//) = R(y)S(r),and
0-r0
S(ry=[r 0 0}, (19)
000
where
ST (r) = =S(r), RT(¥)S(NR(y) = R(¥)S(rR" (y) = S(7).

Coordinate Transformation. In the EF frame, the desired
trajectory is defined as x,, ¥, and v, represents the desired
heading angle. Therefore, the desired velocity v; can be
obtained by kinematics as follows:

vy = R (ya)rig, (20)

where the desired trajectory nd = [xd,yd,wd] vy = [uy,
vd,rd] According to RT (y;) = R"! (y,) and 4 (yy) =ST
(r2)RT (y,), computing the time derivative of (20) yields

R(w)S(ra)va)-
(21)

Ya= R (Va)ra+R" (ya)iig =R" (yq) (iia~

Define n, and v, as follows: n, =n—nyv, =v-v,.
Then, system (17) transforms into the following:
=[R(y) = R(ya)]va + R(¥),

{ " . (22)
Mv, =-C(v)y-Dv+1+R (v)d(t) -

Mv,

Letting x, = n, and x, = x; = n,, (22) can be rewritten as
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FiGure 1: Motion of MSV.

X =X,
{ . 1 , (23)
X, = f(x1,%,) + R(y)M "1+d(t)
with
f(x1%,) = [R(Y)S(r) = R(ya)S(ra)]va
+[R() = R(vy)] 74
+8(r)x, + R(WM ™' [-C(»)v = D(v)y - M#]
=S [R(y) = R(yy)]va
(24)
3. Main Results

In this part, the stability of the fixed-time H,, controller is
analyzed, and the fixed-time stability combined with the He,
control scheme is applied to the MSV system for the first time.
Then, the SSNN is used to fit lumped disturbances consisting of
environmental disturbances, AF and uncertainties. Finally, the
design of the SSNN algorithm structure is introduced in detail.

3.1. Robust Fixed-Time Hoo Lyapunov Stability

Theorem 1. For 8, there is a positive definite function V (x)
near the origin U* C R" and real numbers x, >0, x, >0 and
0<a<1,B>1, which satisfies

%

~lzl?), vx € %

(25)

V(%) + 6,V (x) + 6,V (x) <= (y looll?

Then, system (8) has an L, gain of equal to or less than y,
and it is locally FTS at the origin. Assuming that U* = R"
and V (x) are radially unbounded, then system (8) is globally
FTS at the origin.

Proof. (i) When w = 0, (25) obtains the following result:
. 1 1
V46V 0+ 6V (0 (el -l2l”) =21 <o.
(26)

According to Lemma 1, system (8) is FTS.
(ii) When w#0 and V (x) >0,
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npu environment
actuator faults disturbances
ng= xayayal" -
v aYaVd #E *d(t)
coordinate Xp2) | auxiliary 91,9, _|fixed-time Heo | T Tn ny
transformation controller controller actuator MSV system "
A A
[ o
_ T self-structuring
n=lxpy] neural networks
v=[uv,r]"
FIGURE 2: Schematic of fixed-time Hy, control system for MSV.
e
T=MR(y) [91 (x1) +9,(z1) - %,
; ; Lyo 2
V(x) <V (x) + 1,V (x) + 1,V () <5 (Ylel® =11zl?). (32)

(27)

According to Definition 2, the L, gain of the system is
less than or equal to y. The proof is complete. O

3.2. Design of Fixed-Time Hoo Controller for MSVs.
Analyze the error dynamic system (23), design auxiliary
controllers 9, (x;) € R and 9, (0) =0, and define error
vector z, as follows:

zy =%, =9, (x)). (28)

Substituting (28) into system (23), a new error dynamic
system is obtained as

{ % =2z, + 9 (x)),

, C . (29)
2 =R(WM "7+ f(x,x,) +d () =9, (x)).

To achieve fixed-time stability, the auxiliary controller
functions are designed as
9, (x1) = —pox; — p1Sig (x,)" - p,Sig (xl)/3 (30)
9,(21) = -psSig (2,)" - psSig (Zl)ﬁ

where p; (i =0,1,2,3,4) = diag(p;, Piz> - - -» Pin) are posi-
tive 0 <a<1,8>1. For (29), a vector of the performance
metric is defined as
Ax
z= [ o ] (31)

Az,
where A, >0 and 1, >0 are the weighted coefficients of x,

and z,, respectively.

Theorem 2. If all the assumptions are satisfied. For error
systems (29), the following H, control law is designed as

—(Lz +%§)21 - f(xpxz)]’

2y
and we can choose the appropriate parameters so that the
output of system (29) is FTS and satisfies L, gain less than or

equal toy. The block diagram of the algorithm-based system is
shown in Figure 2.

Proof. Substituting (32) into (29), we have

% =2z, +9 (%)),

. 1 A
2, =9,(z)) +d () —x; — 2—))2+7 z;

Step 1. Construct a Lyapunov function of the form as

17 1 r
Vl = Exl X1 +521 Zq. (34)

Substitute (33) into the derivative of (34). Then,

V1 = x?’h + Zszl = x1T91 (%)) + le92 (z1)

L2 (35)
+ led(t) - ZT(—2 + —Z)zl.
29" 2

Step 2. The objective is to prove that the L, gain of the H,
control is equal to or less than y by defining the function H,
as follows:

. 1
Hy = V5 (I = ). (36)

Combining (33), (35), (36), and choice p* 2/1%/2 and
p* = min{p,,}, then
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H,y=x,9, (%)) +2, 9, (Zl)_le< >

Az T 1 2 2 2
2y2+ )zl+zld+2(llzll Y ldIl?)
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. 44 . . o . 1 1 2 1
= *xlTPOxl _xlTpls’!J (x1)" - xlTPZS’g (xl)ﬁ - Z1TP3519 (z1)"- Z1TP4519 (Zl)ﬁ +Zle - Z1T2_yzzl +EA?||X1 “ —E}/Z"d”z

o . . (4 . 1 1 1
=- xlTpoxl _xlTplsig (%)~ xlTPZS’.‘i (xl)ﬁ - ZlTP3519 (z1)" - Z1TP4S’9 (21)ﬂ +”Z1 "”d" —27))2“21 ”2 +5/1§||x1 "2 _E)’z”dnz

(37)

T
. o . . o . 1 2 1 1
=—x1Tp0x1—prlSzg(x1) _xTPZSlg(xl)p_z{pf’)szg(zl) _ZTP4319(21)I;+5)‘?“X1” _<\/§y21_%d> <\/§yzl_%d>

. o . . o . * 1
<- xlTplszg ()"~ x1TP2519 (xl)ﬁ - lep3Szg (21) _ZlTP431g (Zl)/j _<P _EAT)NXI “2

<- xlTP1Si9 (%)~ ZlTpssig (z1)"~ x1TP23i9 (xl)l; - Z1TP4Si9 (z1 )ﬁ-

Assuming that o = (1 +a)/2, 1/2<0<1, 8 = (1+f)/2,
o>1, Pimin = min{pli}l Pamin = mig{pZi}k p3m1n~= min
(P3ibs Pamin = Min{ Py} Br = 291 mins B2 = 2° P2 mins B3 = 2°

P3min> P =2"Pimins  Po=min{p,ps}, and p, = min
{P»> P4} according to Lemma 3, inequality (37) can be re-
duced to

Hy < - xpiSig (x,)" - 2| psSig (z1)" - x| p,Sig (xl)ﬁ -2, psSig (Zl)ﬁ

<
<
i=1 i=1
a
_(1& (1
<-ph szu - Ps Ez
i=1 i=1
— /0 0
< - pavl - pavl

Combining (36) and (38), the following conclusions can
be obtained:

P ~ 1
Vit BT+ P Vi< (vl - lal?), (39)

From Theorem 1, error system (29) is FTS at the origin,
and V,(x) — oo holds when x; — o0, z; — 00.
Thus, system (29) achieves FTS under the action of con-
troller (32), while the L, gain satisfies the constraint of being
less than or equal to y. The settling time satisfies

1 1
T, <= + = .
h(1-0) p(6-1)

(40)

a
_P1i“|x1i|

0,

o é
_ 1 _ (1
Z2i> _P2<szii> _P4<2
i=1

1.
X1 ‘Pziﬁ|x1i

9;‘ (%) = _plialmilailxli - Pziﬁlmi|ﬁ71xli>

< l+a < 1+a < 1+p < 1+
*P1minZ|x1il *PsminZ|Zli| *szinZ|x1il *P4min2|zli|
i=1 i=1 i=1 i1

n n n n
~ Pimin Z |xil e ~ P3min Z |ZT1'| (e ~ P2min Z |x%i|(l+ﬁ)/2 = P4min Z |Z§i| (l+ﬁ)/2' (38)

i=1 i=1

)
2
21

The proof is complete, and MSV system (17) has a fast
response, strong robustness, and fixed-time stability under
the action of controller (32).

-

1l
—_

Remark 2. In9, (x,), when x,; = 0 and x,; # 0, the derivative
of Sig(x;)" is infinite, which leads to singularities in the
system. To avoid this problem, a threshold A is introduced to
judge the singularity, 9, (x;) is redefined as follows, and
9 (x,) is redefined as follows:

%y, if x| = Aand %, #0,

if |xy;| < Aand %; #0, (41)

if %), = 0,
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where A>0 and R, >0, and A takes a value in (0.7,0.9).

Remark 3. If all assumptions are satisfied, for error systems
(29), the composite robust controller is designed as (32),
there exist design parameters «,f,y,1,,4, such that all
outputs of error systems (29) are FTS, and the tracking error
eventually converges to a small region around zero.

3.3. Self-Structuring Neural Network (SSNN) Control.
Considering that the unknown AC (v), AD (v) of the vessel
system are uncertain, AF usually appears in many MSVs. In
combination with (4), system (29) can be written as

{ X =z + 9 (x)),

2 = ROWM 1+ fo(x),%,) + Af = 9, (xl),

with

Fo(x1:%5) = [R(W)S(r) = R(ya)S(ra)]va + [R(v)
“R(ya)]¥q + S(r)x,
+ R(Y)M ' [-Cy ()v = Dy ()y = M¥,] = S(r) [R(y)
“R(ya)]va>

(42)

(43)

and Af =-R(y)M '[AC(v)v + AD(»)v] + E+d (1),
E=R(y)M 'B(t-t)) (E-D7+T7,), B(t —t,) = diag
(by (t = t9)), by (£ — £0,), bs (£ — £3)),  E = diag(ey), e, 35),
T, = [T,1> T,p> T,3]" » and the actual control input 7, = 7 + E.
Af is the lumped disturbances, including the parametric
uncertainties, actuator faults, and environmental distur-
bances. To solve the problem of lumped disturbances A f
influence on control system, the SSNN is designed to fit the
unknown dynamic equation as follows:

Af =WTO(y) +e(y), (44)

where W* = [W, W7, W:]T, W is defined as the estimated
value of the weight, W represents the error of the weight, and
W=W*-W. le;| <€, and € = [51,52,53]T is the unknown
constant vector.

Substituting (44) into (42), the closed-loop system is
obtained as

{ X1 =z +9 (x)),
2= RWM "1+ fo (x,%,) + WD () +e() -9, (x,).
(45)

Theorem 3. If all assumptions are satisfied, for error systems
(45), the following H,, control law is designed as

. A{Z
T= MR(V/)T[Sl (x1) +9,(21) - x _(2;2 + 22>Z1
(46)

ol ) - W),

where W' ® ()) is an estimate of A f, and the estimate of A f is
defined as A f. The weight update law is obtained as follows:

W = I(~0z, + kW), (47)

and we can choose the appropriate parameters so that the
output of system (45) is PFTS and satisfies L, gain less than or
equal to y.

Proof. Substituting (46) into (45), the closed-loop system is
obtained as

X =2, +9 (x))

2 (48)

. 1 A _
21 =9(z;) - x, —(2 - 2)21 +W D)) +e
297 2
A new Lyapunov function of the form is constructed as
1 1 1 T ]~
V,=—xlx, +220z, + —tr(WTF ‘W). (49)
2 2 2
Deriving V', along with (47), we have
Vy=x %, +2, 2, + tr(WTl"’ 1W>

1 A2 _
=x19, (x,)+21 9 (2)) —le(2—2+72)z1 +ze +z1TWT<D
Y

+tr(WT(1(-0z, +KW)) )

1 A2
= x1T91 (x;)+ le92 (z1) —le(2+22)z1 +z1T£
2y

+ker(W'W),
(50)
A new function H, is established as
|
Hy =V, o+ (el = y7llel’). (51)

Since |W|| is bounded, k(2! - 1)/4ZIIW||12:£1 can be
established by selecting appropriate parameters through
analysis [34]. Combined with Lemma 4, we can obtain
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(1+a)
K@Dy 2 HWIAW_(RQL=1) 00 EIWIAW: Ko (52)
4] 2 4] 2 4
Similarly, Substituting (30), (48), (50), (52), and (53) into (51) and
(1+ ,3) referring to the process in Section 3.2, we can obtain
k(21-1) 2 KWW KL 53
(4||wup) e

2

1 A ~
H,=x9, (x1)+le92(zl)—le<2—yz+2>21+z e+- (||z|| —2llell? )+ktr< W)

. . X , 1 1 2 1
= _xlTPoxl - x1TP15’ga (%)= xlTPZS’gﬁ (%)= lep3Szg“ (z1)- ZlTP4S’9ﬁ (z1)+ ZlT5 - Zsz_yzZl +E’\? ”xl ” - Eyz llel?

_ (+a) U+g asp asp
e e 1% 4 P LTCTIey VW ey TCT VW 1
4 F 41 F 2 4 F 4 F 2

< —X?Poxl _xlTplsiga (xl)_x{PZSigﬁ (x1) —lep3Sig“ (z1)-2 1p431g +||le|||£|| _zyzllzln
(1+a) a1+p)
1 k(-1 2kl k(l-1 2
e Xl -2yl —( ( )anF) - ( ( )nqu)
S_x?Poxl_’C1I’151'9a("1)_x1PzSig (xl)_pr38iga(zl)_zlp48ig (21)
; () a+p
12 2 Y s k(21-1) 2 k(21 1) 2 ﬂ w12
il (e (v ) (R o ) 2SR
P 4 P 4 . . 1
S_xlTplslg (xl)—lepsslg (zl)—x{pzszg (xl)_Z1TP4519ﬁ(21)‘(Po‘jﬁ)”’ﬁ"z
_ e T a+p
k@l-1) — >\t (k@2l-1), ~ 2 kl, .12
S I e L R T
a a . , -1 20\ (k-1 2
S_xlTplslg (xl)—lep381g (Zl)_x?stlgﬁ(xl)_Z1TP4519ﬂ(21)( 4l w ”i“) ( 4l w ”12v>
(1+a) (1+p)
u N " o il u k@l-1) - 2 k@2l-1) - 2kl
S_lein2|x1i|1+ _P3minz,|zli|1+ _pZminz|x1i|1+ﬁ_P4minzlzli|1+ﬁ_< 4 ”W";> ( 2 w ”F> +2
i-1 -1 i1 i-1
o (+a) SNCEC RAP (+a9) (4P
e TP > TR
lelexil 2 _P3minZ|zfi| 2 ( ”W"F> pmez‘x%z' 2
i=1 i=1 i=1
a+p Sl

k(2l- 2 Kkl .
_P4minZ|Z?i| 2 < ( )||W||F> +5”W
i1

o é 8 8
_ (1 2 k2l-1 _[1& _ (1 k(2l-1
s—m(zgxi-) < > > (F2 ) - <22x> —m(izi) (H )
Kl

_ ~ s
~ V5 ppVy+IL

(54)

where
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(= min{py 5o (*472)'}

~ . o~ (k@I-1) 0
1 Pp = Miny Py, Py, TR ) (55)

2
E

I = E||W*
2

Combining (51) and (54), the following conclusions can
be obtained:

12(y2lell Izl +

x € 4 V(x)<min < =g,

and settling time is bounded by T,<1/p,g(1-o0)+
1/ppg (6 — 1), where 0< g < 1. |

3.4. Parameter-Learning Algorithm of SSNN. It is well-
known that the fitting ability of a neural network is closely
related to the network structure, and usually, it is difficult to
determine the best network structure matched by the ap-
proximated nonlinear function. On the other hand, a change
in the nonlinear function can also lead to a change in the
optimal network structure. Therefore, this paper proposes an
SSNN for solving this problem that can optimize the net-
work structure online by splitting rules and censoring rules
to achieve the best approximation effect while avoiding
causing computational burden. The algorithm flow is shown
in Figure 3:

(i) When the input signal of the neural network is far
from the current neuron center, the network ap-
proximation ability is poor. At this time, it is nec-
essary to add new nodes through the splitting rule to
ensure the effective use of the signal and improve the
fitting effect. The activation function value of the
neural network is used to determine whether the
neurons need to be split as follows:

D= max O,k =1,2,...m. (58)

max
1<k<m

If O . <Gy, is satisfied, then the neuron needs to be
split, where G, represents the split threshold. The
parameters of the new neuron are as follows:

new

[ hew Xt
C =
k 2
4. . , (59)
=i
Wnew =0
L k -

where j, is a prespecified constant.

Vo s BV s poVEs (Il —2) + L (56)

The proof is complete.

From Lemma 2, error system (45) is PFTS at the origin,
and V;(x) — oo holds when x; — o0, z; — 0.
Thus, system (45) achieves PFTS under the action of con-
troller (46), while the L, gain satisfies the constraint of being
less than or equal to y, and the error convergence range is
established as follows:

/o 20012 _ 2 e
| 12(y*llel ~llzI”) + 11 , (57)
(1- g)x,

(ii) When a neural network fits a nonlinear function that
is not complex, there are usually some neurons that
are not effective for the approximation, and these
unnecessary neurons should be removed to reduce
the computational burden. The rules are as follows:

sIf, if®, <P
I,={ % =12, m, (60)
1, ifo,>P,

where s is the decayed constant, I is the reference index, and
If denotes the most recent I;. P, denotes the pregiven
threshold; if I, <P, holds, then the kth neuron is
eliminated.

Remark 4. The splitting and eliminate thresholds are chosen
reasonably by judging the complexity of the nonlinear
tunction. If the nonlinear function is very complex, then a
larger G,;, value is selected to split more neurons to achieve a
satisfactory approximation. If the nonlinear function is
relatively simple, then a larger P,;, value can be selected to
delete more neurons, and the calculation amount can be
reduced on the premise that the approximation effect meets
the requirements.

4. Simulation Results

Through two comparative experiments, the influence of
actuator faults on the controller is analyzed, and the su-
periority of the SSNN is verified.

4.1. Exploring Impact of AF on Control System. The influence
of the AF on the control system is analyzed by observing the
simulation results of the following three cases.

Case (1): in designed controller (46), the part of SSNN
fitting includes system uncertainties, external distur-
bances, and AF.
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I Yes splitting rule :
T> (DmaXSGth I
X1 D! |
—_— Max Lt : No v :
: add a new node |
I
X I I
- | > |
L — — — — == Y — — — =
== y
. : |
. : : Cl)maxS Pth |
| Ik‘_> :
X | I, <Py
- » | I
| Yes ¢ l
|
: eliminate the k;, node |
eliminate rule ||
- - _______ 1
FiGUure 3: Flowchart of the self-structuring algorithm.
TaBLE 1: Vessel model parameters commonly used in research.
Parameters Value Parameters Value
M, 25.8 Dy, 0.72 + 1.33|u| + 5.87u?
M,, 33.8 D,, 0.8896 + 36.5|v| + 0.805]r|
M,, = M, 1.0115 D,, 7.25 + 0.845(v| + 3.45|r]|
M, 2.76 Ds, 0.0313 + 3.96|v| + 0.13|r|
C; =-Cy —-33.8v - 1.0115r D 1.9 - 0.08|v| + 0.75]r|
Cy=-Cyy 25.8u

Case (2): there are actuator faults in the system, but no
processing is performed; that is, the SSNN only
compensates for the uncertainty and disturbance.

Case (3): there are no actuator faults in the system, the
SSNN compensates for the uncertainty and distur-
bances, and the control rate is the same as Case (2).

The parameters of the ship are given in Table 1, and the
disturbances refer to [35] as follows:

_ _ N\ A
0.08 sm(O. 1t — E)

di) =| 0.1 sin<0.3rtt + g) . (61)

. s
0.12 sm<0.27‘[t + 5)
The desired trajectory is
s
Xy = 10sin<0.01nt + —)
360
y, = 8sin (0.027t) (62)

v, = arctan2(y,, x4)

This uncertainty can be expressed as AC = 0.2C,,
AD = 0.2D,,. The parameters for AF are given as E = diag

(0.5,0.5,0.5), 7=[10, 10, 4]7, ¢, = [10, 15, 20]", and
a = [20, 10, S]T. For other parameters, refer to Table 2.

The comparison results of the three cases are shown in
Figure 4-11. Figure 4 shows the trajectory tracking effect of
the MSV on the horizontal plane in three cases, and it can be
found from the partial magnification that the tracking error
is large due to the effect of AF in Case (2), while the effect of
AF is well solved in the proposed controller in this paper,
and the performance tracking effect is shown in Case (1). A
more intuitive tracking error is shown in Figure 5. Com-
bined with Cases (2) and (3), it can be judged that when
actuator faults occur, the tracking performance of the
controller will be greatly reduced. Figure 6 shows the var-
iation in the magnitude of the velocity tracking error. From
Case (2), it can be found that the AF can also cause the
tracking velocity to be difficult to maintain stable and always
have some error with the desired velocity. The control inputs
are shown in Figure 7, which perform within the engineering
acceptable range and are stable and bounded. Figure 8 shows
the fitting errors of the SSNN. Figure 9 shows the effect of the
SSNN approaching lumped disturbances in Case (1). Fig-
ure 10 shows the changes in the nodes of the network
structure under the action of the SSNN algorithm, from the
initial 11 nodes and finally stabilized to 3 nodes. Figure 11
shows the curvature change of the performance metrics z of
the proposed controller. It can be seen that z can still have
fast convergence and strong robustness under the action of
lumped disturbances.
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TaBLE 2: Parameters of controller and SSNN.
Controller parameters Value SSNN parameters Value
Ay, y 1 r diag{150, 150, 150}
a 0.8 k diag{0.01,0.01,0.01}
B 1.2 Gy, 0.8
14, (initial) [-0.1, 0.2, pi/2 — 0.5]F I, (initial) 1
v, (initial) [0, 0, 0]" s 0.5
Po> P1> P diag{0.5,0.5, 0.5} P, 0.2
P3> P4 diag{5, 5, 5}
10 T T
5r E 0.5
= o0
E ol = 05 : :
g > 50 100 150 200
---- case (1)
=S5r —— case (2)
—— case (3)
-10 L L . . 3
-10 -5 0 5 10 S Y P =
x (m) = 02 | 1
S ol | | f
—— Disired trajectory > 0 50 100 150 200
—= case (1)
—  case(2) ---- case (1)
—  case (3) —— case (2)
—— case (3)

FIGURE 4: Actual and desired trajectories in EF frame.

g 0.2 r ]
D 0 e =
- !
® ,02 1 1 1 L
0 50 100 150 200
—— case (1)
—— case (2)
— case (3)
g 0.2 ]
6 0 B Tt
202t .
0 50 100 150 200
—— case (1)
— — case (2)
— case (3)
b 0.2 P S AV S |
RS 1 i
6 0
R -02 b -
0 50 100 150 200
time (s)
— — case (1)
—— case (2)
— case (3)

FIGURE 5: Position errors of trajectory tracking.

T o0l O i
= I
5 o | | ]
B 0 50 100 150 200
time (s)

---- case (1)

— — case (2)

—— case (3)

FIGURE 6: Velocity errors of trajectory tracking.

4.2. Analyzing SSNN. From Figure 10, it can be seen that the
initial value and stable value of the number of nodes of SSNN
are 11 and 3, respectively. Therefore, the superiority of the
SSNN is verified by comparing the fixed structure RBFNN
with 11 nodes and 3 nodes. Figures 12-16 show a com-
parison of simulation results under the same experimental
environment. Figures 12 and 13 show a comparison of NN
fitting errors. In Figure 13, we find that due to the large
fitting error at the beginning, when AF occurs, the esti-
mation deviation of the RBFNN with only 3 nodes on the
lumped disturbances becomes very large. In contrast, the
SSNN control scheme showed good approximation ability.
The tracking error of the controller also differs under the
action of three different network structures of NNs, as
shown in Figure 14. When AF occurs, both RBENN and
SSNN containing 11 nodes have good fitting ability, but
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Tnu/ (N)
3
T

0 50 100 150 200

---- case (1)
— — case (2)
---- case (3)

150 200
---- case (1)
— — case (2)
---- case (3)
T 107
\E] 0 r "~ -.|. ...........................................................................................................
E -10 - BT S S et
0 50 100 150 200
time (s)
---- case (1)
—— case (2)
---- case (3)
Ficure 7: Control input.
5
z 0
-5 021 F
0 10 50 1° 20100 150 200
---- case (1)
—— case (2)
—— case (3)
2
z 0
-2
0 150 200
---- case (1)
—— case (2)
—— case (3)
06f
s 2 04" i
; e 02 :
= 0 3 0 e
i) -025 . b . I
0 50 10 10018 20 150 200
time(s)
---- case (1)
— — case (2)
—— case (3)

FIGURE 8: Estimated errors of system lumped disturbances A f by
SSNN.

RBFNN with only 3 nodes performs poorly. Figure 15 shows
the norm variation of the performance metric z. It can be
seen that different network structures have a large impact on
the performance of the controller, where the SSNN is able to
reduce the computational burden while ensuring that the
control performance is not affected. Figure 16 clarifies that

N.m

SSNN Node

performance vector z
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5 :
o_

-5 s

0 50 100 150 200
— Af(1)
—m- A
2 :
0 WM
2 !
0 50 100 150 200
— Af(2)
B ®)
5

L P
-5 :

0 50 100 150 200
time (s)

— Af0)
-m- AfG)

FIGure 9: Fitting effect of SSNN in Case (1).

12 1
11 1
10 1

W 1NN o
T
L

0 20 40 60 80 80 120 140 160 180 200
time (s)

Figure 10: Number of SSNN nodes in Case (1).

0.8 T T T
06 | 0 1
A
H
04 n L J
4 16 18 20 22
0.2 |
0 . +
0 100 150 200
time (s)
---- case (1)
---- case (2)
—— case (3)

FIGURE 11: Norm of performance vector z.
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4 F T T r 3
Z 8 .............................
-2 i
4k . \ L i
0 50 100 150 200
— — SSNN
—— RBENN (11)
---- RBFNN (3)
2 ' ' T
2§ fi ) ]
e L .l R
0 50 100 150 200
— — SSNN
—— RBENN (11)
---- RBEFNN (3)
4F ; : .
sap F ]
Z. 0 "L
0 50 100 150 200
time (s)
— — SSNN
—— RBENN (11)
---- RBEFNN (3)
FiGure 12: NN approximation error comparison.
0.5 g .
I||$ i
P4 0 :IHJ \!\
~0.5 Ui ]
0 5 10 15
—--SSNN - RBFNN (11) ...RBENN (3)
OSmpe———— . :
2 0 |!‘. ...................... e '\/‘-
-05 4 ‘ ‘
0 5 10 15 20
—--SSNN - RBFNN (11) ...RBENN (3)
0.5 1
Z OL\ ..........................................
-0.5 .
0 5 10

time(s)
—--SSNN - RBFNN (11) ...RBENN (3)

FIGURe 13: Detailed comparison of NN approximation errors.

the corresponding control inputs under three different
network structures are almost the same and meet the actual
engineering requirements.

4.3. Scheme Comparison. To more intuitively and clearly
reflect the advantages of the proposed control scheme, the
trajectory tracking control method studied in this paper is
defined as Strategy (1). The two typical control strategies are
compared as follows:

Strategy (2): finite-time stable strategy [31], the control
law is designed by combining the TA-BLF and adaptive

13
s 02
~
L U i e e e
%02 : s
0 50 100 150 200
—— SSNN
—— RBENN (11)
---- RBFNN (3)
s 02
S~
g 0
% 02 ‘ ‘
0 50 100 150 200
—— SSNN
—— RBFNN (11)
---- RBFNN (3)
¥ 027 ]
~
g of
2 -0.2 : :
0 50 100 150 200
time (s)
—— SSNN
—— RBENN (11)
---- RBFNN (3)
FIGURE 14: Position errors of trajectory tracking.
0.8 |
2 0.6
8
3
>
804
=]
<
g
-
< 02
L
&
0 i\ L
0 50 100 150 200
time (s)
— - SSNN
—— RBENN (11)
---- RBENN (3)

FiGUure 15: Norm of performance vector z.

NN method, and its core parameters are k;, = 5,k;, = 1,
ki, = 0.5, k, = 200, ky, = 100, and k; = 10.

Strategy (3): asymptotically stable strategy [30], the
control law is designed by combining the asymmetric
saturation actuators, adaptive NN and backstepping. Its
core parameters are k, = diagf{0.5,0.5,0.5},
k, = diag{300, 300,300}, k,, = 0.1 and k; = 0.5.

Note that this paper not only has the same model un-
certainty and external disturbance but also considers the
influence of actuator faults on the control system. A com-
parison of the simulation results of the three control
strategies under the same initial value is shown in Fig-
ures 17-19.



= 200 ]
& 100 ]
& -100 ‘ ]

0 50 100 150 200

— — SSNN

—— RBENN (11)

---- RBENN (3)
[ ‘ 1
2 © ,
s 50 e e e e NS NN A~
s - | El

0 50 100 150 200

— — SSNN

—— RBENN (11)

---- RBENN (3)
’ET 10 |
& 0Ty 1
E‘ 10 [P B T i L

0 50 100 150 200

time (s)

— — SSNN

—— RBENN (11)

---- RBENN (3)

Ficure 16: Control inputs.
10 r 1
5 .
E o
>
5+
-10 : ]
-15 -10 -5 0 5 10 15
x (m)
—— Desired trajectory —— Strategy (2)
— — Strategy (1) ---- Strategy (3)

FiGure 17: Trajectory tracking comparison.

The effect comparison of MSV autonomous tracking of
the desired trajectory under three different control strategies
is shown in Figure 17. The results clearly show that the
control law designed in this paper has a faster response speed
and higher tracking accuracy than Strategy (3). Figure 18
shows a comparison of the tracking errors of the position
and yaw angles under different strategies. Compared with
Strategy (2) and Strategy (3), Control Strategy (1) proposed
in this paper shows a relatively smooth tracking error curve,
which indicates that the controller has stronger robustness,
and the tracking error is also the smallest. Figure 19 shows
that the control inputs required by the three control strat-
egies are almost the same before actuator failure. However,
since the function of actuator faults is considered in this
paper, it is necessary to improve the input of the system in
the case of actuator faults to ensure the stability of the
system. The results show that the control inputs required by
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FIGUure 18: Tracking error comparison.
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Ficure 19: Control input comparison.

the three strategies are implemented within the acceptable
range of the project and are stable.

5. Conclusions

An adaptive robust fixed-time H, controller was proposed
for the trajectory tracking control of MSV systems with
unknown environmental disturbances, uncertainties, and
actuator faults. The controller has an L, gain, which presents
stronger robustness and fast convergence. The SSNN not
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only has a good ability to approach unknown items but can
also adjust the network structure by splitting or deleting
nodes to save network resources. The effectiveness and
superiority of the proposed controller were verified by
comparing the results of simulation experiments. In future
work, we will consider research on the robust control of
MSV formations.
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