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Abstract: A nonlinear-observer-based design methodology is proposed for an adaptive event-driven
output-feedback tracking problem with guaranteed performance of uncertain underactuated un-
derwater vehicles (UUVs) in six-degrees-of-freedom (6-DOF). A nonlinear observer using adaptive
neural networks is presented to estimate the velocity information in the presence of unknown nonlin-
earities in the dynamics of 6-DOF UUVs where a state transformation approach using a time-varying
scaling factor is introduced. Then, an output-feedback tracker using a nonlinear error function
and estimated states is recursively designed to overcome the underactuated problem of the system
dynamics and to guarantee preselected control performance in three-dimensional space. It is shown
that the tracking error of the nonlinear-observer-based output-feedback control system exponentially
converges a small neighbourhood around the zero. Efficiency of the resulting output-feedback
strategy is verified through a simulation.

Keywords: adaptive neural network observer; event-driven three-dimensional tracking; output-
feedback; guaranteed performance; underactuated underwater vehicles (UUVs)

1. Introduction

Over the past few decades, the development of advanced control strategies has stim-
ulated interest in the control field of autonomous underwater vehicles [1]. The design
and control techniques of autonomous underwater vehicles were surveyed in [2]. Several
study results have been presented for various control problems of autonomous underwater
vehicles such as subsea cable tracking using magnetic sensing guidance [3], control in
remote and hostile environments [4], chemical plume tracing [5], path following using
Lagrange multipliers [6], and survey, inspection and intervention of Girona 500 [7]. Ini-
tial research has focused on the two-dimensional horizontal or vertical tracking control
problems of autonomous underwater vehicles. In [8], an adaptive nonlinear controller
was designed for depth control of autonomous underwater vehicles on the vertical plane.
In [9], a combined problem of trajectory planning and tracking control was addressed for
underactuated underwater vehicles (UUVs) on the horizontal plane. A terminal sliding
mode control approach was proposed for the trajectory tracking of UUVs on the horizontal
plane [10]. In [11], a Lyapunov-based model predictive control design was developed
for fully-actuated underwater vehicles on the horizontal plane. A robust backstepping
controller using the time delay estimation was proposed for fully-actuated underwater
vehicles [12]. These results [8-12] are only available for the two-dimensional tracking
control of autonomous underwater vehicles.

To deal with more practical underwater environments, the control problems in three-
dimensional underwater space were addressed for autonomous underwater vehicles.
In [13], a three-dimensional path following a control problem was addressed for 5-degrees-
of-freedom (5-DOF) UUVs in the presence of ocean current. In [14], an ocean current
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observer design was presented for three-dimensional trajectory tracking of 5-DOF UUVs.
Function approximation methods using neural networks have been applied to design
adaptive trackers of 5-DOF UUVs. A command filtered backstepping control approach
using neural networks was developed for uncertain 5-DOF UUVs [15]. In [16], a neural-
network-based target tracking problem was investigated for uncertain 5-DOF UUVs. The
tracking control problems of uncertain 6-DOF underwater vehicles have been addressed
using several control approaches such as neural-network-based adaptive control [17], hi-
erarchical robust nonlinear control [18], and hybrid tracking control [19]. Furthermore,
predefined performance control designs have recently been developed for uncertain 6-DOF
underwater vehicles. In [20], a tracking controller using performance functions was pre-
sented for uncertain 6-DOF UUVs. A neural-network-based target tracking control problem
with a prescribed performance was considered for uncertain 6-DOF UUVs [21]. In [22], an
adaptive region tracking control problem with prescribed transient performance was ad-
dressed fully-actuated 6-DOF underwater vehicles with thruster fault. An event-triggered
neural network tracking control design with predefined performance was developed for
uncertain 6-DOF UUVs [23]. Despite these successful results, full state measurements are
required in the aforementioned tracking designs, that is, all positions and velocities of
underwater vehicles should be measured online. Owing to the economic cost and other
limitations, underwater vehicles may not be equipped with velocity sensors, or the velocity
measurements can be easily corrupted by sensor noises.

To design the controller independent of the velocity sensors, some output-feedback
control designs have been developed of underwater vehicles. Due to the existence of
rotational matrices for linear and angular velocities in the kinematics, the observer design
problem to estimate velocity information has been regarded as a challenging problem
in the output-feedback tracking field of 5-DOF or 6-DOF underwater vehicles. In [24],
an output-feedback controller using nonlinear Luenberger observers was designed for
5-DOF slender-body underwater vehicles. In [25], an output-feedback control law for
5-DOF UUVs without model uncertainties was designed by using sliding mode observer
and backstepping technique. A linear-observer-based adaptive control strategy was sug-
gested for fully-actuated 6-DOF underwater vehicles [26]. In [27], a neural-network-based
robust tracker using a prescribed performance technique and a high-gain observer was
designed for fully-actuated 6-DOF underwater vehicles. However, the aforementioned
works [24-27] did not consider the model of 6-DOF UUVs for the design of the output-
feedback tracking controllers. Besides, the continuously updated tracking laws reported
in [24-27] cannot be efficiently operated in the network-based underwater environment
with low propagation speed, capacity-limited bandwidth and high energy consumption. To
manage the transmission signal data economically, some limited studies have tried to deal
with the event-triggered full state-feedback design problems for the depth control of under-
water vehicles [28] and the prescribed performance control of 6-DOF UUVs [23]. Although
these results [23,28] provide some remedies on the event-triggered tracking problems of
underwater vehicles, they require the measurement of all state variables of underwater
vehicles. To the best of our observations, there is no systematic solution available for the
output-feedback event-triggered tracking of uncertain 6-DOF UUVs. The adaptive velocity
observer design problem of uncertain 6-DOF UUVs especially still remains unaddressed in
the control field of underwater vehicles.

In this work, we present an adaptive-nonlinear-observer-based design methodology
for event-driven output-feedback tracking with guaranteed performance of uncertain
6-DOF UUVs in three-dimensional space. Specifically, the term ‘output-feedback event-
triggered tracking’ means that the position information of the UUV is only measured to
design the controller of the UUV, which is intermittently updated when an event-triggering
condition is satisfied. Thus, the term ‘adaptive velocity observer design” indicates that
the velocity observer using the adaptive neural network approximator is designed to
estimate the unmeasurable velocity information of the UUV. Our design consists of the
following steps. Firstly, to estimate velocity information in the presence of unknown
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nonlinear functions in the dynamics of UUVs, an adaptive velocity observer using state
transformation and neural networks is developed by deriving adaptive tuning laws based
on a scaling function. Secondly, by employing the error transformation technique using a
rotation matrix, a guaranteed-performance-based event-triggered output-feedback control
scheme and its triggering law are constructed to operate uncertain 6-DOF UUVs stably
within the pre-designated error region. Furthermore, the dynamics of auxiliary variables
are introduced to overcome the underactuated property of underwater vehicles in the
tracker design and stability analysis. Finally, simulation results are provided to verify the
effectiveness of the proposed theoretical result.

Compared with the related results in the literature, the proposed novelties are two-fold.

(i) Contrary to the existing output-feedback tracking methods for 5-DOF or 6-DOF
underwater vehicles [24-27], this study considers unknown system nonlinearities
of the 6-DOF UUV dynamics. Thus, an adaptive velocity observer design strategy
using state transformation and neural networks is proposed to estimate the velocity
information of UUVs while compensating for the unknown system nonlinearities,
where adaptive laws based on a scaling function are derived to learn weights of neural
networks.

(ii) Compared with the existing event-triggered control results for three-dimensional
tracking [23,28], this study establishes the design methodology of the guaranteed-
performance-based adaptive tracker and its event-triggering condition depending on
only the position measurement of 6-DOF UUVs. Then, the stability of the proposed
output-feedback event-triggered tracking system is analyzed in the Lyapunov sense.

The remaining part of this paper is structured as follows: The event-driven output-
feedback tracking problem is formulated in Section 2. In Section 3, the adaptive-nonlinear-
observer-based design methodology for event-driven output-feedback tracking with guar-
anteed performance and stability analysis is presented. In Section 4, simulation results are
provided. Finally, a conclusion is drawn in Section 5.

2. Problem Formulation

We consider the kinematic and dynamic equations of a 6-DOF UUV represented by

B =Ri(0)v
{=Ro(D)w @
M[ Z ] =D(v,w)+B(Z)+1, )

where B = [x,y,z]" and { = [¢,0,¢]"; (x, y, 2) and (¢, 6, ) denote the positions (i.e.,
surge, sway and heave displacements) and orientations (i.e., roll, pitch, and yaw angles)
of the UUV, respectively, v = [u, 7, w]" and w = .4, r1T; (u, v, w) and (p, g, r) are the
position velocities (i.e., surge, sway, and heave velocities) and orientation velocities (i.e.,
roll, pitch, and yaw angular velocities) of the UUV, respectively, R;({) and Ry(() are the
rotation matrix for the linear velocity and the transformation matrix for the angular velocity,
respectively, defined as

CoCy  SeCySp — SypCp  SeCyCo + SySe
R1(€> = CoSy  SeSySe + CyCp  SpSyCy — CySp |,
—Sp CoS¢ CoCo

1 tpsy toce

Ra(@)=1 0 ¢  —sp |,

L 0 s¢p/co cop/co

with s, 2 sin(-), ) £ cos(+), and to £ tan(-), M denotes the mass and inertial matrix,
D(v,w) € R® is a vector related to the Coriolis and damping matrices, B({) € R® is
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a hydrostatic vector of the UUV, and from the moving property of the torpedo-shaped
UUV [29], 7 is defined as the underacutated torque vector 7 = [1x,0,0,0, 7, 77n]. In
this work, the underacutated control vector 7 is intermittently updated according to the
triggering law to be derived later. The nonlinearities M, D, and B in the dynamics of the
UUV are taken from the definitions reported in [23,30,31]. The structure of the neutrally
buoyant UUV concerned in this study is depicted in Figure 1.

Propeller

P w g
Z

Figure 1. The UUV system.

Assumption 1. In three-dimensional space, the desired trajectory B; € R3 and its time derivatives
B4 € R3and B; € R3 are bounded.

Assumption 2. The system nonlinearities D (v, w) and B({) are assumed to be unknown.

Assumption 3. The positions p and orientations ( are only measurable. That is, the velocity
vectors v and w are unmeasurable.

The primary objective of this paper is to design an adaptive-observer-based event-
driven output-feedback tracking law 7 without velocity measurements for the uncertain
6-DOF nonlinear UUV (i.e., (1) and (2)) while guaranteeing predesignated tracking perfor-
mance in three-dimensional space.

3. Nonlinear-Observer-Based Design Approach for Event-Driven Output-
Feedback Control

3.1. Adaptive Nonlinear Observer Design Using Neural Networks

In this section, the neural-network-based adaptive observer with state transformation
is developed to estimate the velocity information in the presence of unknown nonlinear
functions of the UUV dynamics. For our adaptive observer design, a state transformation
is presented as

X, = e, ®)

where X, = [&2 e 'Kzé]T' X2 = [X21,--- ,Xz,e]T = [vT,wT]T and a time-varying scaling
signal Q € R is provided by the differential equation Q) = —(Ly + |[|[R"[|2/4)Q + L3
with O(0) > 0, constants L, > 0 and L3 > 0, and R = diag[R1, Rp]. By using (3), the

kinematics (1) and the dynamics (2) of the UUV are transformed as

X1 2071R52

IR

XZZ‘(L” i >X2+RTF<X1/XZ>+0MIW )
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where x1 = [x11,---,x16] ' = [B',{"]" and F = (RT)_l[L3Q_1)£2 + QM‘l(D(Q_lgz) +
B(x1))l-

By employing a universal function approximation technique using neural networks,
the unknown continuous function F can be approximated by radial basis function neural
networks as follows [32]:

F(x) = ®'O(x) + (%), (5)
where ¥ = [)(I,&;—]T € E C R!? denotes the input vector, ® = diag[®y,..., D¢ is
the optimal weighting matrix satisfying ||®|r < ® with an unknown positive constant
®, ®; = [@j4,...,Dj,]" with j = 1,...,6, the Frobenius norm is defined as || - ||, ®
is the vector of the Gaussian function ® = [@I, ... ,@g}T; Q; = [®]'f1’ . r®j,n]T with
j=1,...,6,and ¢ € R® is a reconstruction error vector bounded as ||¢| < & with an
unknown positive constant .

Lemma 1 ([33]). For the Gaussian function vector ©, there exists a constant © > 0 such that
] <é.

The adaptive observer using radial basis function neural networks is designed as
%1 =Q7'RE, + Lt

RT12
k= (L - IR 1 ” )x +RTOTOR) + O R +o+ QM Yy, (6)
where X1 and Xz are the estimates of x7 and Xy respectively, ¥ = [)elT, X; ]T, X1 =Xx1— X
Ly is the positive constant denoting the observer gain, @ is an auxiliary term to be deter-
mined in the controller design procedure, and @ is the estimate of ® and is tuned by the
following adaptation law:

2~

I'=-00;(%)x —Q0;(%)x, +QL0;(%)x] —o;d;, ?)

wherej =1,...,6,0; = diag[éjll,...,éj,n] > 0; (5]-,1 > 0,1l =1,...,n,is a constant, and
0 < 0; < 21is a constant for o-modification.
The observer error dynamics along (4)—(6) is obtained as

X1 ZQ_lRiz —Lixa

B IRTIZY TioT To(s 1pT o
X,=— (Lot —— 1 X, +R (¢ O(x) - 'O +e)-Q 'R ¥ — (8)

where Xy =X, — Xy
For the adaptive observer, we define a Lyapunov function candidate as

—_

Vo= sl X+ 1 X, +1r(®T671)], )
where V, is a positive definite function and ® = ® — &.
In (8), we have that
') -d'OR) =d"O(R) +@" (O(x) —O(R)). (10)

By substituting (8) into V, and using (7) and (10), V, becomes

Vo L#T# ( I T||2> T T PO
o k= (Lot T X, X, + X, R P (0(%) —O(X)) +¢}

— gw +ojtr (@7 D)
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=" 1%, PR 17

< - LlXil—Xl — <L2 + )XZ XZ Z;(D + O'J'tT(CI)TCi)) + — 2

+ e (e(x) - (1)) +£||2- (11)

From Lemma 1, we have ||® " (@(%) — ©(%))|| < 29©. Then, owing to | ¢|| < g, there
exists a constant ¢ such that ||® T (©(%) — @(f)) +ell? <
In addition, the term U]tr(CDTCD) in (11) becomes
tr(®'®) =ojtr(®T (@ — D))
2
cTay ] P2
T ]
< atr(®7d) + L8+
& P2
<-gl®lE+ - (12)
where ¢; = 0;(1 — 0;/2) is strictly positive because of 0 < 0j < 2.
Substituting (12) into (11) gives
- T T T 5 »
VoS—L1X1X1—Lzlziz—zzw—‘fqu’HF"i‘?"H . (13)

Remark 1. Compared with the existing works [23-28], we design the neural-network-based adap-
tive observer (6) to estimate the unmeasurable velocities of the UUV. To this end, the transformed
velocity variable (3) is presented to derive the adaptive laws (7) dependent on the position error
X1 in the presence of unknown nonlinearities of the dynamics. In addition, the term @ in (6) is
designed to deal with the coupling term between the error dynamics of the observer and controller in
the Lyapunov-based stability analysis.

3.2. Output-Feedback Event-Driven Controller Design and Stability Analysis

Based on the estimated velocity information, a guaranteed-performance-based output-
feedback event-driven control methodology is established via a nonlinear error function
with a time-varying bounding function and some auxiliary signals. The dynamic surface
design technique [34] is employed for the recursive output-feedback control design. The
controller design is based on the Lyapunov stability theorem.

Step 1: The position error vector is defined as v = [y1, 72, 1T = B — B4 To
achieve the guaranteed performance of the position error vector, a nonlinear error function
Y1 = [Y11, Y12, Y15] " is presented as

Y1 =R (DA -, (14)

where p = [11,0,0] " is a design constant denoting an acceptable radius of the error surface
and A = [A1, Ay, A3]T; the nonlinear functions A;, i = 1,2,3, are defined as

Ai(%) _ <¢11(Pzz+¢zz(%/pl)> (15)
i (Plz(PZZ_(Plz(')’z/Pl)

where p;(t) = (0i0 — Pico)e 8 + picos Gir Pio, and p; o are positive design parameters
satisfying p;jp > pic and —¢1,;0i(0) < 7i(0) < ¢2,pi(0), and ¢1; and @, ; are design
constants such that 0 < ¢y, ¢2; < 1.

Lemma 2 ([23]). It is satisfied that — @1 ;0i(t) < vi(t) < ¢api(t), VE > 0 provided that
Y1; € Lo wherei =1,2,3.

Remark 2. The nonlinear error transformation (14) using the rotation matrix R L(Z) and the
design constant is employed to quarantee that the three-dimensional trajectory error <y remains
within the predesignated time-varying bounds. Namely, the guaranteed performance of the proposed
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output-feedback event-driven tracking system (i.e., —@q;pi(t) < vi(t) < @o;p0i(t), Vt > 0) is
obtained in three-dimensional space. Lemma 2 shows that the boundedness of the nonlinear error
function Yy implies the guaranteed performance. To achieve our control objective, we design the
estimated-states-based underactuated control vector 1 to guarantee the boundedness of Y1 ;.

From (14) and B = Ry, differentiating Y1 with respect to time yields
Y1 =—N(Y;+u)+ Rl_lH(RlzJ —Ba—pp 1), (16)

where H = diag[H), Hy, H3] with H; = (1/(vi + ¢vipi)) = (1/(7i = ¢20i)), i = 1,2,3,
p = diag|p, p2, p3), diag]-] indicates the diagonal matrix, and

0 —-r ¢
N=-R/'Ry=| r 0 -p | (17)
-q p 0.
By defining Q = R; ' HR; and using (17) and the definition [x21,...,x26]" = [vT,w']T,
Y, becomes
0 —X26 X25 H X21 _ .
—NY1 — | X26 0 —Xoa 0 | +Q| Xx22 | —Ry H(Ba+p0 " 7)
—X25  X24 0 0 X2,3
X2,1 0 _ )
—NY1+K| x25 | +Q| x22 | — Ry H(Ba+p0 " 7), (18)
X2,6 X23
where
Q1 0 0
K=1Q1 0 —m |
Q1m0
Here, Q11, Q2,1, and Q31 are the (1,1), (2,1), and (3,1) components of Q.
Applying the state transformation (3) and the observer errors X0 = Xpi — Xy i
i=1,...,6to (18) gives
Xo1 Xp1 0 0
Yl - — NY] + KQ 32/5 + ZZ,S + QQ XZ,Z + XZ,Z
X26 XZG K2,3 l2,3
R 'H(Ba + pp ), (19)
where Ko = Q'K and Qg = Q7 1Q.
Then, the error surface s is defined as s = [su,sq,sr]T where s, = X1 = Cu

s = Xzs —Gg, and s, = 326 — Gr. Here, ¢y, G4, and G, are the filtered signals of the
virtual control laws ¢y, ¢4, and ¢, respectively, and are provided by the following first-
order low-pass filter

ag+c=g, ¢(0)=¢(0), (20)
where ¢ =[Gy, Cqr (fr]T/ ¢ = [Gus Cqr Gr]T, and « > 0 is the small positive constant. Then, the

boundary layer error vector is defined as ¢ = [c1,¢2,¢3] = ¢ —¢.
By applying the error vectors s and c to (19), Y; is represented by

Yi=—NY1+Ka| | X5

Xo3

XZl 0 0
+s+c+c|+Qal | X2

noys
Xo3
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— Ry H(Ba+ 00 ') (21)
We design the virtual control vector ¢ as

0
¢ =K' ( Y1 Qal| Aen | +RIH(B +PP‘17)), @)
X3

where k1 = diag[x 1 12 k1,3) with constants k1 ; > 0,i =1,2,3.
The Lyapunov function is considered as V,; = Y{ Y1 /2 where V, 1 is a positive definite
function. Using (22), Vc,l is obtained as

Ver = —Y{x1Y1 +Y{ Ka([X, Ky 5 Ko T5+)+Y{Q0[0,F, %5, (23)

where the skew symmetric property of the matrix N is used for Y{ NY; = 0.

Step 2: In this step, the event-driven underactuated control law 17 = [1x,0,0,0, 17p1, 77N
is designed to stabilize the error surface vector Y, = [Yp1,... ,YZ,G}T = f(2 — U where
u= [Cu, T, T2, T3, Gq, (jr}T. Here, 71, T2, and 13 denote the auxiliary variables to deal with
the underactuated property of .

From (6), Y3 is represented by

Yo=0+OQM 1y -1, (24)

where ¢ = — (L + (||RT H2/4))Z2 +RTOTO(X) + QO 'RT ¥ + @. An adaptive output-
feedback event-driven tracker #(t) is designed as

n(t) =i(ta), VtE€ [ta,tas1) (25)
tar1 =Inf{t > ta|[|Ey (£)[| = A1[[s(t) || + A2}, (26)

where E, (t) = Q(j(t) — (t)), a € Z*, t, means the ath event time of the tracking law
7, and A; > 0 and Ay > 0 are design constants. According to the triggering law (26),
the control law 7 is updated and set to i} = [ij1,0,0,0,7fs,7s] ' . Here, i1, if5, and ijg are
selected as

m 1 (Mo)y (MU) Yo s
B | =g (R | (Mo |+ | (MUs [ -KDYa- 4| Yas | - vk (5)), @
e (Mo)s (MU)e Yo

where &1 = diag|iy 1, k25, k26] with design constants k7 > 0, k25 > 0, and k26 > 0,
(+); is the Ith row of (-), tanh(s/8) = [tanh(Y1/9), tanh(Y25/9), tanh(Y26/9)] T with a
positive constant 8, and U = (¢, — ¢u) /&, 11, T2, T3, (g —Gq)/a, (6r — ¢r)/a]’. Here, 1,
Ty, and 13 are obtained by

.L'-l ) Y2,2 _ (gu - g_u)/ﬂé
1'—3 Y4 (6r—Gr)/u

_|_

(Mo)2
(MQ>3 )/ (28)
(Mo)4

where &ty » = diag[ka2, k2 3, k2 4] with design constants k35 > 0, k23 > 0, and x4 > 0 and

[0 0 mxg — Y; ]
My=|0 —mxg—z4 0
| 0 0 0
m—Yp 0 —mzg ]
My = 0 m— Zy myq
| —mzg myq Ly — Kr,.
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The parameters in M; and M are defined in the definition of M reported in [23].

The Lyapunov function candidate V,, is selected as Vo = YzT MY, /2 where V5 is a
positive definite function. Then, the time derivative of V., along (24) and the definition of
E, is given by

Veo =Y, (Mo+ Qif — Ey) — Y, MUL (29)

By defining E,; = [ii1 — 1x, 1f5s — 1m, 16 — 1In) |, wehave Y] E, = s E, owingto || Ey[| = || Ey .
In addition, Y, MU is expressed by

(MU), 0
0 [ (Gu—Gu)/u [ n
: 0 M _ = M .
swi| b ol B e[3])
(MU)s 0
(MU)s 0

From the property E;(t;) = 0 for a € Z" and the condition (26) for input triggering,
=Y E; < [|s||(A1]|s|| + Az) is satisfied. Then, using (27) and (28) yields

Vo < — Y5 k2Yo + ||s]| Az — Asttanh<lS9> — s KYy, (31)

where ) = diag[ka 1, ..., k26). Using the inequality 0 < ||s|| — s " tanh(s/8) < 0.83559, V,»
is obtained as

Voo < — Y, kaYa — s K5 Y1 + 0.8355A50. (32)

Differentiating the boundary layer error ¢ with respect to time yields
1 .
¢= _&C—.—O(Yl,YZ,C,qD,ﬁO), (33)

where 180 = [ﬁ;’ﬁ;{r’ ﬁ;ir]—r and O = K;)l{_KlYl - QQ [O’XZ,Z’XZ,B]T + R{lH(ﬁd +p—1pryl)}
+ Ko {=r1Y = Qal0, &y, &y,] " — Qall, &0 &y 5]+ Ry H(Ba+p 7' pm1) + Ry TH(Ba +

o) + Ry TH(Ba+ oo+ o + o o) )
The comprehensive Lyapunov function is defined as

V=Vt Vo1 +Vea+(c'c)/2, (34)

where V is a positive definite function and there exist initial conditions such that V(0) < ¥
with any constant ¥ > 0. Then, the time derivative of V along (13), (23), (31), and (33) is
obtained as

. T T B . q32
VS-Lifit—Li X~ o—old|r+ 5 +2
1 S ~ ~ ~
- Y1TK1Y1 - YzTKzYz - &cTc +c'0+ YlTKQ [12,1@2,5'&2,6]T
+Y{ Qal0,X,, X, ;] +0.8355A:8, (35)

where O = O + K(T)Yl is a continuous function.
By designing @ = W'Y, we have

_ZzT @+ YlTKQ [32,1'Z2,5'32,6]T + YlTQQ [0, 82,2@2,3]T =0, (36)
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where

Kain Qa1 Qais 0 Kaip Kaigs
W= Kaz1 Qaz2 Qazs 0 Kazo Kazgs
Kasn Qaszp Qasz 0 Kaszp Kasgs

Here, Kq,,, and Qq,, , are the (m, n) element of the matrices Kn and Qq, respectively.
By applying ¢ 'O < ||0]|?||c||? / (2&) + &/2 with a positive constant & and (36) to (35),
we obtain

V< —Lix{ t1- Lox, X, — 1@
llell® n lell*lo)
2¢

—Y]x1Y1 = Y, kYo — +C, (37)
where C = #/2 4 0.8355A,8 + ®2/2 + /2.

We define compact sets IT = {¥] X1 + X;ZZ + tr(@T671®) + Y] Y1 + Y, MY, +
cle<2¥}and &= {B] B4+ B Pa+ BjBa < Po} with a positive constant By. Then, there
is a constant O* satisfying [|O]| < O* onII x E. Choosing 1/a = a* + (0*)2/(2¢) + 1 with
a positive constant a*, V becomes

3112 2()*)\2
V<AV - (1— (|g*|>2) ”C|2(§ e (38)

where A = min[2Ly, 2Ly, 0j0m, 2K1,m, 2K2,1m, 20" |; Om, K1,m, and k3, denote the minimum
eigenvalues of 4, k1, and «y, respectively. It holds that |O]| < O* on V = ¥. Thus, we
have V < —AV +ConV = Y. This means that V < 0on V = ¥ if A > C/¥, namely,
the semi-global uniform ultimate boundedness of all closed-loop signals is shown. From
the boundedness of Y; and Lemma 2, it is satisfied that —¢q;0;(t) < 7i(t) < @2pi(t),
i=1,2,3,forallt > 0.

Then, we check that the Zeno behavior does not occur (i.e., there exists the minimum
inter-event time f such that |, 1 — t,| > ffora € Z"). Forall t € [t,,t,,1), we consider

(39)

Bl = ||E || < H

where 4 5(Qf) = [dt (01),0,0,0, ;t (Qfs), %(Q%)]T. From the fact that all closed-loop
signals are semi-globally uniformly ultimately bounded, £ (Qif1), 4(Qifs), and 4 (Qife)
are also bounded Therefore, it holds that || 4 5(Qif)|| < dwitha positive constant d, which
leads to 4 ||E, || < d. By applying the triggering law (26), the integral of 4 ||E, || < d during
t € [tg, ta11) results in |tﬂ+1 —ta| > (Aqlls(t)|| + Az)/d > Ay/d. Thus, there exists the
minimum inter-event time f = A, /d.

Remark 3. In the above analysis, we prove that all closed-loop signals are semi-globally uniformly
ultimately bounded for all initial conditions such that V(0) < ¥ with any constant ¥ > 0.
Thus, the nonlinear error function Y1 is bounded. Then, from Lemma 2, we can see that the three-
dimensional tracking error vy remains within the predefined performance bound (i.e., —¢1 1p1(t) <

Y1(t) < @2101(t)), which can be adjusted by selecting the exponential decaying function p;(t)
and design constants @11 and ¢ 1 a priori. Here, V(0) denotes the initial errors of the closed-loop
system and ¥, which can increase or decrease by arbitrarily choosing the initial conditions, denotes
the bound of the initial errors of the closed-loop system. That is, the condition V(0) <'¥, meaning
the boundedness of initial errors of the closed-loop system, causes the ‘semi-global’ concept. That is,
the stability analysis of the proposed control system is based on the semi-global, practical stability.

Based on the aforementioned design steps and analyses, the main result of this study
is summarized in the following theorem.
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Theorem 1. Let us consider the models (1) and (2) of the 6-DOF UUYV controlled by the proposed
output-feedback event-driven tracking scheme (6), (7), and (27). Given initial conditions satisfying
V(0) <Y with any constant ¥ > 0, it is ensured that the three-dimensional tracking error satisfies
—1,ipi(t) < vi(t) < @opi(t), YVt > 0 and the Zeno behavior is excluded while all the closed-loop
signals are semi-globally uniformly ultimately bounded.

Proof. From the aforementioned design steps and analyses, the desired results can be
easily obtained. [

4. Simulation Examples

In this section, we simulate the proposed adaptive output-feedback event-driven
tracking strategy of the 6-DOF UUYV in three-dimensional space. The values of system
parameters of the UUV are adopted from [30]. To show the effectiveness of the proposed
output-feedback event-driven tracking strategy, we compare our approach with the state-
feedback event-driven tracking strategy reported in [23]. Furthermore, we consider three
scenarios with various working conditions, as shown in Table 1. In Table 1, the three-
dimensional desired trajectory and the initial positions and velocities of the UUV are pre-
sented for each scenario. For all scenarios, the initial conditions of the neural-network-based
adaptive observer are set to £1(0) = [0,0,0,0,0,0] " and 5(2(0) =1[0,0,0,0,0,0]". The de-
sign parameters that are common for all scenarios are assiéned as k1 = diag [0.5, 0.05, 0.05],
Ky = diag[50,20,10,10,20,20], Ly = 35, L, = 1.70, L3 = 0.1, 6;; = 10, ¢ = 0.8, 0 = 0.5,
« = 0.005, y3 = —0.1, A} = 10, and Ay = 10 where! = 1,...,nandj = 1,...,6.
The parameters for the performance functions are chosen as ¢1; = ¢2; = 1, g1 = 0.35,
8 = 893 = 0.5, 010 = 25, 020 = P30 = 15, and Pico = 3 for Scenario 1, P1,i = P2,i = 1,
g1 = 0.35, & =893 = 0.5, 010 = 25, P20 = P30 = 10, 01,00 = 3, and 02,00 = P3,00 = 2 for
Scenario 2, and ¢1; = @3; = 1, g = 0.5, p19 = 25, po0 = 15, p30 = 10, p1,0 = 3, and
02,00 = P300 = 2.5 for Scenario 3 where i = 1,2,3. For the simulation, we use Matlab
using a fourth-order Runge-Kutta integration method with 10-ms time step. Thus, the
event-triggering condition for the event-driven output-feedback control vector is checked
every 10-ms.

In Figures 2 and 3, the trajectory tracking results and errors of the proposed approach
and the previous approach [23] are compared for Scenario 1. The phase portrait of the
position errors of the proposed approach is shown in Figure 3d, where the square marker
represents the starting point and the position errors converge to nearly zero in three-
dimensional space. The mean square errors of the position tracking at the steady-state
response are compared in Table 2, where the position errors for t > 10 s are defined for
the steady-state response. Although the proposed approach does not require the velocity
measurements of the UUV, the tracking performance of the proposed approach with
guaranteed performance is similar to that of the full-state-measurements-based tracking
approach [23]. The state estimation results and errors of the proposed approach for
Scenario 1 are displayed in Figures 4 and 5, respectively. The mean square errors for
the velocity estimation at the steady-state response are presented in Table 3 where the
velocity estimation performance of the proposed nonlinear observer is satisfactory. In
Figure 6, the compensation results of unknown nonlinearities of the proposed approach
for Scenario 1 are shown by the output signals of the radial basis neural networks. The
event-driven underactuated control inputs of the proposed approach for Scenario 1 are
presented in Figure 7a—c where the control inputs are intermittently updated using the
proposed event-triggered technique. In Figure 7d, the inter-event times and the cumulative
number of events are shown. Among the total sampled data 6000 during 60 s, the triggering
number of the designed event-driven control law is 1275 of the total data for Scenario 1.
Therefore, the proposed output-feedback control law is implemented using only 21.3% for
Scenario 1.

Figures 8 and 9 compare the trajectory tracking results and errors of the proposed
approach and the previous approach [23] for Scenario 2, respectively. We can see that the
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position errors of the proposed approach converge to nearly zero in three-dimensional space
and remain within the guaranteed performance bounds, as shown in Figure 9. The mean
square errors of the position tracking errors are compared in Table 2. Figures 10 and 11
display the state estimation results and errors of the proposed approach for Scenario 2,
respectively. The velocity estimation errors at the steady-state response are shown in
Table 3. The outputs of the radial basis neural networks are shown in Figure 12. Figure 13
shows the event-driven control inputs, inter-event times, and cumulative number of events
of the proposed approach for Scenario 2. The triggering number of the control law is 1462
for Scenario 2. Thus, the proposed control law is implemented using only 24.4% of the total
data for Scenario 2.

For Scenario 3, the tracking results are shown in Figures 14-19. From Figures 14 and 15,
we can see that the time responses of the position errors along with the predesignated
performance bounds — ¢ ;0; and ¢, ;p; are displayed for Scenario 3. Figures 16 and 17 show
state estimation results and errors, respectively, where the state observer errors rapidly
converge to nearly zero. The mean square errors of the position tracking errors and the
velocity estimation errors for Scenario 3 are presented in Tables 2 and 3, respectively. The
outputs of the radial basis neural networks are shown in Figure 18. Figure 19 shows the
event-driven control inputs, inter-event times, and cumulative number of events of the
proposed approach for Scenario 3. The triggering number of the control law is 1288 for
Scenario 3. Thus, the proposed control law is implemented using only 21.5% of the total
data for Scenario 3. As analyzed in the theoretical design, the adaptive output-feedback
three-dimensional tracking under guaranteed performance and estimated states is achieved
regardless of unmeasurable velocities and unknown nonlinearities of the UUV dynamics.

Table 1. Conditions of desired trajectory, initial positions and velocities of the UUVs.

Scenario 1 initial conditions : (0) = [45,5,5] ", Z(0) = [0,0,0] ", v(0) = [5,5,5] ", w(0) = [5,5,5] T,
desired trajectory : B,4(t) = [30cos(0.225¢t),30sin(0.15t),3t] T,

Scenario 2 initial conditions : B(0) = [35,4,4]",£(0) =[0,0,0] ", v(0) = [4,4,4] ", w(0) = [5,5,5] ",
desired trajectory : B,4(t) = [20cos(0.2t),20sin(0.2¢),3t] T,

Scenario 3 initial conditions : f(0) = [40,10,10] ", £(0) = [0,0,0] ", v(0) = [5,5,5] ", w(0) = [4,4,4] T,

desired trajectory : B,4(t) = [30 cos(0.255t),20sin(—0.15t),t +5] T,

Table 2. Mean square errors of 71 (), y2(t), and 7y3(t) at the steady-state response.

Proposed [23]
Scenario 71 72 73 T 72 73
Scenariol  0.0048 0.003 0.0025 0.0326  0.0059  0.0039
Scenario2  0.0043 0.0021 0.0020 0.0296  0.0098  0.0024
Scenario3  0.0072 0.0019 413x107*  0.0262  0.0038  0.0023
Table 3. Mean square errors of velocity estimates of the proposed approach at the steady-state response.

Scenario 22,1 12,2 22,3 22,4 22,5 22,6
Scenario 1 5.18 x 107° 5.26 x 1077 3.97 x 107° 3.06 x 107° 0.0019 1.07 x 1074
Scenario 2 1.17 x 1074 426 x 107° 1.87 x 107 7.87 x 1075 0.0013 5.67 x 107°
Scenario 3 6.49 x 10~° 214 x107° 6.32 x 107° 1.01 x 1074 0.0041 1.14 x 10~*
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Figure 2. Comparison of tracking results of the proposed approach and the previous approach [23]

in three-dimensional space for Scenario 1.
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Figure 3. Tracking errors and error phase portraits of the proposed approach for Scenario 1 (a) comparison of 7y, of the
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approach [23] (c) comparison of y3 of the proposed approach and the previous approach [23] (d) phase portrait of 1, 2,

and 73 of the proposed approach.
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Figure 12. Outputs of radial basis function neural networks for Scenario 2 (a) 101, ®,0,, and $3;03 (b)
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5. Conclusions

This paper has proposed a nonlinear-observer design approach for the adaptive
output-feedback event-driven tracking of uncertain nonlinear 6-DOF UUVs with un-
measurable velocities. Our primary contribution lies in the development of the state-
transformation-based neural network observer to estimate unmeasurable velocities of
6-DOF UUVs. Based on the neural-network-based adaptive observer and the predesig-
nated performance bounds, we have designed an output-feedback event-driven tracker
with guaranteed tracking performance in three-dimensional space. Some auxiliary vari-
ables have been presented for dealing with the coupling term between the error dynamics
of the observer and controller and the underactuated property of the control vector of
UUVs. The stability of the proposed output-feedback event-driven tracking scheme has
been analyzed using Lyapunov stability theorem. Finally, a simulation result has suc-
cessfully verified the proposed theoretical design approach. Further extensions to the
output-feedback motion control problem using deterministic artificial intelligence reported
in [35] can be investigated as a recommendation for future research.
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