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Abstract: This paper proposes a neural network-based nonsingular terminal sliding mode controller
with prescribed performances for the target tracking problem of underactuated underwater robots.
Firstly, the mathematical formulation of the target tracking problem is presented with an underactu-
ated underwater robot model and the corresponding control objectives. Then, the target tracking
errors from the line-of-sight guidance law are transformed using the prescribed performance tech-
nique to achieve good dynamic performance and steady-state performance that meet the pre-set
conditions. Meanwhile, considering the model’s uncertainties and the external disturbances to the
underwater robots, a target tracking controller is proposed based on the radial basis function (RBF)
neural network and the non-singular terminal sliding mode control. Lyapunov stability analysis and
homogeneity theory prove the tracking errors can converge on a small region that contains the origin
with prescribed performance in finite time. In the simulation comparison, the controller proposed
in this paper had better dynamic performance, steady-state performance and chattering supression.
In particular, the steady-state error of the tracking error was lower, and the convergence time of the
tracking error in the vertical distance was reduced by 19.1%.

Keywords: underwater robot; target tracking; neural network; non-singular terminal sliding mode;
prescribed performance

1. Introduction

In recent years, underwater robots have been widely used in various underwater tasks.
Typical applications include search and rescue, monitoring and surveillance, petroleum
exploration, deep-sea archaeological research, ship hull maintenance industry [1-3] and so
on. In the underwater applications mentioned above, underwater robots are often required
to track the targets in a fast and accurate manner. As underwater robots generally have the
characteristics of many uncertainties, high nonlinearity and strong coupling dynamics, and
work in an environment with unknown external disturbances, it is typically difficult for
traditional linear controllers to achieve good tracking control performance.

Many advanced control methods have been used in the control of underwater robots,
such as backstepping control [4-6], model predictive control [7,8], neural network con-
trol [9-13], active disturbance rejection control [14-16], sliding mode control [17-23], adap-
tive and distributed control [24-26] and reinforcement learning [27-30]. In the above
methods, sliding mode control has been widely studied or used because of its strong robust-
ness to the external time-varying disturbance and unmodeled characteristics, fast responses
and easy implementation. Yingkai Xia et al. designed of an improved line-of-sight-based
adaptive sliding mode tracking controller for highly coupled dynamics, ocean current
disturbances and input saturation of underactuated autonomous underwater vehicles
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(AUVs) [21]. For the problems of the remote operated vehicle (ROV) movement instabil-
ity and large tracking error caused by unknown disturbances, an adaptive sliding mode
motion controller was developed by Zongsheng Wang et al. [20]. However, the standard
sliding mode control can only realize the asymptotic stability of the system, and cannot
guarantee the convergence time. As an effective method to speed up the convergence of
tracking errors, terminal sliding mode control achieves finite-time stability by introduc-
ing fractional order terms when constructing a sliding hyperplane. For underactuated
underwater vehicles, Taha Elmokadem et al. designed a target tracking controller based on
terminal sliding mode control, and proved that the tracking errors can converge to zero
within a specified finite time [18]. However, the negative fractional power terms contained
in the controller may lead to a singularity when the errors converge. Cao Jian et al. designed
a non-singular terminal sliding mode controller that evades the issue of a singularity in
the target tracking problem of underwater robots [31]. Nevertheless, it is necessary to
obtain the upper bound of uncertainty in advance. Strong robustness can be obtained by
setting a larger switching gain. However, this will lead to a serious chattering problem,
affect the control accuracy and increase the energy consumption, which are harmful to the
tracking control of underwater robots. B.M. Patre et al. added a state observer to the sliding
mode controller to reduce the switching gains [19], thereby attenuating the chattering. The
precondition of applying this method is that the uncertainty changes slowly and the first
derivative is almost zero, which is inconsistent with the actual working environment of
underwater robots. In practice, underwater robots are always subject to various uncertain-
ties, such as unknown parameters, unmodeled time-varying dynamics and measurement
noise. A neural network can approximate nonlinear time-varying functions and has been
becoming one of the most effective ways to observe uncertainties [9,12,13]. It is worth
noting that a neural network can reduce the switching gain of a sliding mode controller
by approximating unmodeled uncertainties. Therefore, a terminal sliding mode controller
combined with RBF neural network technology improves the tracking control performance
while attenuating chattering.

As underwater tasks are becoming more complex, it is important to ensure good target
tracking of underwater robots. While improving the robustness to external disturbances
and modeling uncertainties, the controller should also pay attention to the dynamic per-
formance and steady-state performance of the tracking errors. The performance control
parameters proposed by Charalampos P. Bechlioulis et al. include constraints to limit errors,
which not only ensures that the steady-state errors are always less than a pre-set boundary,
but also limits the dynamic performance of the system state errors, including convergence
rate and overshoot, to meet the pre-set conditions [32]. Charalampos P. Bechlioulis et al.
developed an approximation-free trajectory tracking controller for underactuated AUVs
with prescribed performances [33]. Nevertheless, this controller ignored the existence of
external disturbances and modeling uncertainties. Omid Elhaki et al. created a neural
network-based target tracking controller for an underactuated AUV with a prescribed
performance to overcome unmodeled dynamics and external disturbances [10]. The pre-
scribed performance technique is applied to trajectory tracking to prevent collisions and
improve control performance [34,35]. Furthermore, a finite-time performance function [36]
and a nonlogarithmic piecewise error mapping function [37] have also been introduced to
accelerate convergence. However, the finite-time convergence of the controllers has not
been investigated in detail.

Differently from previous research, in order to achieve robustness to uncertainties
and external disturbances, realize finite-time convergence, attenuate chattering and obtain
the tracking error’s prescribed performance simultaneously, this paper proposes a neural
network nonsingular terminal sliding mode controller with prescribed performance for the
target tracking problem of underactuated underwater robots. Compared with the nonsin-
gular terminal sliding mode controller, the proposed controller has obvious advantages in
dynamic performance and steady-state performance. Additionally, its chattering is weaker
than that of a nonsingular terminal sliding mode controller with prescribed performances.
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Firstly, the mathematical formulation of the target tracking problem is proposed for the
underactuated underwater robot model and the corresponding control objectives. The
target tracking guidance law is designed based on the line-of-sight. The range and bearing
angles of the robot relative to the target are obtained as tracking errors. Then, the range
and bearing angles are transformed into corresponding transformation errors with pre-
scribed performances. The tracking errors converge to arbitrarily small limit bounds, and
the dynamic performance is optimized with a prespecified maximum overshoot and the
convergence speed. The non-singular terminal sliding mode controller was developed
to ensure that the underwater robot is robust to external disturbances and modeling un-
certainties, and guarantee finite-time convergence of the tracking errors. For improving
the accuracy of tracking control and attenuating the chattering of sliding mode control,
an RBF neural network estimator is integrated to approximate modeling uncertainties.
Finally, a Lyapunov stability synthesis and homogeneity theory show that the tracking
errors converge in finite time on a small region that contains zero with the prescribed
performance. In the simulation comparison, the controller proposed in this paper had
better dynamic performance, steady-state performance and chattering suppression.

The remainder of this paper is ordered as follows. In Section 2, the formulation of
the target tracking problem for underwater robots is stated. In Section 3, the design of the
neural network nonsingular terminal sliding mode controller with prescribed performance
and its stability analysis are presented. Section 4 reports simulation experiments and
performance comparisons. Finally, Section 5 draws the conclusions and proposes future
research.

2. Problem
2.1. Underwater Robot Model

As shown in Figure 1, the motion of underwater robots is commonly described with
the use of two coordinate systems. The first is the geotectonic inertial reference coordinate
system {I}: the axes of the coordinate system are fixed to the earth and the origin is selected
somewhere on the ground. The other is the body reference coordinate system {B}, whose
origin coincides with the buoyancy center of the underwater robot. The robot is self-stable
under roll, so the motion model does not need to consider this degree of freedom. The
kinematic model of the underwater robot is described by the following equation:

é:r cosypcos) —siny sinfcosyp 0 0O u
n singpcosf cosyp  sinfsingg 0 0 v
{ = | —sinf 0 cos 6 0 0 w @D
6 0 0 0 10 q
¥ 0 0 0 0 s r

where ¢, 7 and ( indicate the position in {I}; 6 represents the pitch angle in {I}; and ¥
represents the yaw angle in {I}. 4, v, w, g and r indicate the surge, sway, heave, pitch and
yaw velocities in {B}.

By applying the Newton-Euler formulation, the dynamics of the underwater robot in
{B} can be described as [38]:

Mo+ C(v)v+D(v)v+ G(1) = Tex + To 2)

where M € R>*? is the inertia matrix that includes body mass and added mass; C € R%*% is
a matrix describing centripetal and Coriolis forces produced due to added inertia; D € R>*°
represents the hydrodynamic damping matrix; G(#) € R® represents the combined gravita-
tional and buoyancy forces vector; Tox € R is the unknown time-varying vector of external
disturbance forces such as waves and ocean current; and 7, € R® is s the vector of control
moments and forces.
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Figure 1. Inertial reference coordinate system {I} and body reference coordinate system {B}.

Due to the complexity and variability of the actual marine environment, it is difficult
to ensure the accuracy of the hydrodynamic parameters obtained from an experiment, so
the parameters are still uncertain. Therefore, M, C(v) and D(v) can be divided into two
parts: the nominal dynamics My, Co(v) and Dy(v); and dynamic uncertainties AM, AC
and AD:

M = My+AM
C(v) = Co(v) +AC(v) ®)
D(v) = Dy(v)+ AD(v)

Then, the dynamic equation can be rewritten as the following form:
Mov + Co(v)v + Do(0)v+ G(1) + A = Tex + T 4

where A = AM+AC+AD = [Ay, Ay, Aw, Dy, Ar]T is the total uncertainty of the
dynamics.

Finally, for convenience of controller design, the kinematics model and dynamics
model of an underwater robot are presented in the standard form of a nonlinear system in
Equation (5):

561 = AXZ (5)
xo = f(x,t) +g(t)u(t) + A (x,t) +d(t)
where x = [xq, xz]T is the state variable of the system, and its expression is:
T

X1 = [gr 1, 0, lp}
_ T (6)

xp = [u,v,w,q,7]

The controller input u(t) is expressed as:

ult) = o = [Tu/ Ty, Tw, Tq/ Tr] ! (7)

The limits of control moments and forces are —6000 to 6000 N(Nm). Since there is no
thruster actuator in the Y direction, T, = 0.f(x, t) is a smooth nonlinear term, and it can be
expressed according to Equation (2):

] T

flx,t) = =Myt [Co(x2)x2 4+ Do(x2)x2 + G(x1)] = [fu, for fr fo, fr (8)
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The invertible matrix g(t) is the control gain function. A’(x, t) is the model uncertainty
function; d(t) is the external bounded disturbance function:

Mo_l = diag{gu,gv,gw/gqrgr} T
— _MalA — [—guAu, _gUAU/ —gwAw,T_quq, _grAr] (9)
Mg_lTex = [Text, Tex2s Texds Texts Texs|

8(t)
A (x,
d(t)

2.2. Control Objectives

The position error between the underwater robot and the tracking target can be
formulated as follows:

=

Xe costpcosf singpcosf —sinf ¢i—Cn
ye | = | —sing  cosp 0 14— 115 (10)
Ze sinfcosy sinfsiny cosf Ci—CB

In Equation (10), (¢, 1p,{p) and (&4, 4, C4) are the coordinates of the underwater
robot and the tracking target in {I} respectively. The transformation relationship between
the range and bearing angles (4, B, «, Z.) and (x., Ve, z¢) is as follows:

5 = /x2+y?
B = —arctan(z./\/x2 + y2) (11)
14

= arctan(y,/x,)
Ze = Ze
and
X, = dcosu
Ye = Jsina (12)
Ze = Z

The range and bearing angles (4, B, «, Z.) are considered to be four tracking errors.
Figure 2a is the horizontal projection of the underwater robot and the target from the top
view perspective in {B}. Figure 2b is the vertical plane projection of the underwater robot
with the z axis coplanar with the target in {B}. It can be seen that ¢ is the distance from the
projection of the target on the xOpy plane to the Op point; « is the angle between the line
projected by the target and the underwater robot on the xOpy plane and the x axis; Z, is
the distance from the xOpy plane to the target in {B}; and f is the angle between the line of
the underwater robot to the target and the xOgy plane, as shown in Figure 2.

(a) (b)

Figure 2. The range and bearing angles (3, B, &, Z¢): (a) the horizontal projection of an underwater

robot and tracking target; (b) the vertical plane projection of an underwater robot and tracking target.
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Derivation of Equation (12) yields Equation (13):

Xe = —U—qZe + 1Yo + X14
Y, = —0—1(xe +zetanf) + xo4 (13)
Ze = —W+gXe + 1Yo tan b + xz4

where ) .
X1d = Cgcosbcosy + 17, cosfsiny — {,sinb
Xoa = —Ggsiny + 1 cos (14)
X3d = Ggsinflcostp +1,sinfsiny + {;cosd

By combining Equations (11)-(13), the dynamic error equation related to the (9, 8, «, Z)
can be obtained as follows:

5 = —ucosa —vsina — gZ,cosa —rZe tan @ sina + x4 Cos & + o4 sin«

B = —[x8/(6* +Z32)|q+ Ze5/ (6% + Ze2) — [(—w + ryetand + xzq)/ (02 + Z.2)]6 (15)
& = —[(ZetanBcosa + ) /0)r + (usina —vcosa + gZ, sinw — x14sina + xpgcosa) /o

Ze = —W+ gxe + ryje tanf + xay

The control objectives of this paper include the following. By designing the controller
input u(t), the target tracking errors (9, B, «, Z,) stabilize near the origin in finite time with
the pre-set dynamic responses and meet the steady-state error limit. To avoid collisions,
a small positive threshold 4 is introduced as the safe distance between the underwater
robot and the target. Therefore, & should converge to &, and the others should converge to
zero. Moreover, the proposed controller is expected to be robust to the uncertainties of the
dynamic model and unknown external disturbances, and can attenuate the chattering.

3. Controller Design
3.1. Prescribed Performance and Error Transformation

The prescribed performance is defined when the error can converge to a pre-assigned
residual set; and the maximum overshoot, convergence rate and steady-state error in the
convergent response strictly satisfy a bounded decreasing time function defined as the
performance function [39]. The following formula is the mathematical expression of the
prescribed performance.

Lym <6 < Hyim (16)
— Lo < B < Hamp 17)
— Lz < & < Hanps (18)
— Ly < Ze < Hyy (19)

where, Hy, L1, Hy, Ly, H3, L3, Hy and L, are positive real numbers, and H; > L; should be guar-
anteed. 17;,i = 1,2,3,4 s called the performance function, which could govern the dynamic and
steady state performances of the errors. Itis defined as7; = (1ig — ico )€™ %! + Njco, i = 1,2,3,4
and 77,0 > 70 > 0, a; > 0, where 7, should be sufficiently small positive real numbers.
7ico determines the final boundaries of the tracking error. a; determines the convergence rate
of the tracking errors, which is mainly related to the dynamic performance of the system.
The prescribed performance and error transformation function are shown in Figure 3.

It can be seen in Equation (11) that when § = 0,8 = =£7mr/2, a singularity will
occur in the system. If &« = =£m/2, since there is no actuator for the lateral direction
of the underwater robot, the system will lose control in this direction. Therefore, the
above situations should be avoided. Since B,a and Z, represent the vertical tracking
error, horizontal orientation tracking error and vertical distance between the underwater
robot and the target, respectively, they shall converge to zero as t — 0. If §, a, Ze satisfy
the constraints of Equations (17)—(19), the possible singularity can be avoided and the
system can always be under control. Further, when the bound of Equation (16) is strictly
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satisfied, the horizontal distance error § converges to the minimum safe distance such that
d(c0) = & # 0as t — oo. This definition can not only eliminate the potential singularity
of the system, but also maintain a safe distance between the robot and the tracking target.

efn.e=5 fa.Z. i=1234

1
1
1

Y The upper bound UNO} :

' :
20| N | I
o 1 I
2 < i |
m e I i
%) af . | !
g Hy(= oo ot | !
4 0 = \v/'\ = 1 !
L e o !
= L= | ]
L 1 I
L | I
’ I I
o, 1 1
,’ 1 I
r ! :

i
i The Lower bound I
]
I
I
!
] - 0 H
Time . .
(a) (b)

Figure 3. The prescribed performance and error transformation function: (a) a graphical illustration
for the prescribed performance; (b) error transformation function f;.

It is difficult to deal with inequality constraints Equations (16)—(19) directly. There-
fore, inequality constraints are firstly transformed into equality constraints, and four
smooth and strictly increasing functions are defined as error transformation functions

f1(e5), f2(ep), f3(€a), fa(ez,) with the following properties:
5wy = mfies), By = mafalep), ap = mfs(en), Zewy = nafa(ez,),  (20)

L1 < f1(£5) < Hl, 7L2 < f2 <€’3> < H2, 7L3 < f3(80¢) < H3, 7L4 < f4(8zg) < H4, (21)

lm _files) = Hy, im fosp) = Hy lm filee) = Hy lim fi(es) = Hy (D

£5—>+00
(Jm fi(es) = L, Eﬁlgl}wfz (Sﬁ) = —Lp,  lim fi(e) = —Ls, Ezelgflooﬂl(e&) = —Ly (23)
f1(0) = Li+e, £(0) =0, f3(0) =0, fu(0) =0, (24)
limé = L , 1 =0, U =0, lim Z.=0, 25
851310 171( 1+£1) sﬁlgnoﬁ EAIElOa SZ:IEO ¢ 25)

where ¢;, € pr€a and ez, are defined as the transformation errors corresponding to tracking
errors 6, B, &, Z, respectively. When the transformation errors converge to zero, the tracking
errors converge with prescribed dynamic and steady-state performances. 8, «, Z, converge
to zero, and § converges to the minimum safe distance § =  lim & = #30(L; +€1).
es — 0
t— oo
According to the above properties, f1(¢s), f2(€p), f3(€x), fa(ez,) is designed as follows:

_ HyelPrestor) 4 1y (Prestor)

fl (85) - e(P1es+v1) o= (P1e5+01)
f (8 B Hze(ﬁ2€ﬁ+vz)_Lze*(;’zﬂﬁvz)
2B T T nasptea) |~ (maepten) (26)
f (8 ) _ HazelP3eat03) [ 0~ (p3eatos)
3\a) = T lpsentu3) 1o (P3eatvz)
faler) = HyeP42ze t04) g o~ (Paez,+04)
4\<Z, e(P4¢Z, +’U4)+e—(r’4€zg+v4)
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where v7 = 05In(ey/(Hy — L1 —¢€1)), v» = 05In(Hy/Ly), v3 = 0.5In(H3/L3),
= 0.5In(Hs/Ly)and e; > 0,p; > 0,i = 1,2,3,4.

The tracking errors should initially satisfy Li#19 < 6(0) < Hi%19, —Lat20 < B(0) <
Honop, —Lanze < 0((0) < Hanzpand —Lanag < Z, (O) < Hynyp; thatis, Hy,Hp,H3,Hy,Lo,L3,L4
should be sufficiently large positive numbers, L1 should be a small enough positive number
and g4, ¢ pr€a, €7, € Loo. Thus, the tracking errors of the system can be guaranteed to meet
the prescribed performance. All the signals of the closed-loop system are bounded and
non-singular, and the tracking errors converge with the specified dynamic and steady
state performance (i.e., maximum overshoot, convergence rate and final accuracy). Finally,
the tracking errors would be stabilized in the pre-set boundary: L17j1e < 6(0) < Hi%ico,
—Laieo < B(00) < Halfreo, —L3t300 < &(00) < H3/3e0 and —Latjseo < Ze(00) < Hy4eo.
The accuracy of the tracking errors can be improved by appropriately selecting parameters.
Since the error transformation functions fi(es), f2(¢g), f3(ex), fa(ez,) are strictly increas-
ing and the performance function #; # 0,i = 1,2,3,4, the transformation errors can be
obtained through the inverse transformation:

&5 = f (5(, /vl) = 05p; 1In(6/p; —Ly) +05p; VIn(Hy — Ly —e) —05py ~LIn(Hyeq — (6/11)e1)
eg = f{ (B t)/*Iz> = 05py 1 In((B/19) Hy + Ly Hp) = 05py 1 In(LyHy = (/1) L)
e —f3 (a )/13) = 05p3 =V In((w/y3) Hy + LyH3) — 0.5p3 " In(L3H — (2/13)L3)

=fy ( o(1y/14) = 05p4 " In((Ze/ng) Hy + LyHy) = 05p4~In(LyHy — (Ze/14)Ly)

27)

By continuing to derive Equation (28),

= 1(5 5’71/771)

(B~ Pira/ ”) (28)
23l — o/ 1)

= §4<Ze*Ze"74/774

G = [1/(6/m —Ly) = 1/(8/m — H1)]/2p1m
where G = [1/(B/n2+ La) = 1/(B/n2 — Ha)]/2pan2
03 = [1/(a/m3+L3) —1/(a/13 — H3)]/2p313

Ca = [V/(Ze/na+ L) = 1/(Ze/ns = Ha)]/2paija
By substituting Equation (15) into Equation (28), we can get:

gs= —Cqucosa + Yy
ég = —02[xe6/ (0% +22) g+ Y2

éx = (—{3zetanfcosa/é — {3)r + Y3 (29)
¢z, = —Qaw+Yy
Y1 = —{19zecosa + {1X14cos & — {1vsina — {17z tan O sina + {1 x4 sinew — 16171/ 11

Yo = 020/ (62 +2.%) — Lo [(—w + ryetan 0 + x30) / (62 + 22) |6 — LoPiy /12
3 = (3(—vcosa+ usina + qzesina + xp5cos & — x14sina) /8 — {3an;/ 13
Yy = Ca(qxe + ryetant + xaq) — Cazel]s/ 14

where

3.2. Dynamic Controller Design

In this section, a neural network nonsingular terminal sliding mode controller is
proposed under bounded external disturbances and modeling uncertainties as shown in
Figure 4.
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Performance
Function

[£n.¢]

Range and
bearing angles
Generator

Error Nonsingular

Transformation [N (crminal sliding

Function A A AR mode controller
ALALLALA,

Underwater Robot
Model

RBF neural
¢
network

[£m.¢]

Figure 4. The block diagram of the proposed controller.

By continuing to take the second derivative of the transformation errors ¢;, €g, €4, €7,
with respect to time, Equation (30) can be obtained:

—Zlucosa + {qusinad

—hyes : <i35+;\‘35> (52+z82) ,x55(255+2ze29) } }q

&
L 242 2 2
ép _ 0%tz (52+ZEZ>
Ea (Z3zc tanf cosa+{3ze lanﬂcosa+§3zeémsu/cosz 0-{3ze tanGsinzw‘c)zS—@:;zc tan 6 cos ab .
€7, — 2 —{3 7
~{4w
—{p cosa 0 0 0 .
Ged i T 60
0 - 0 0 . ;
N 624202 : . 7| M2
ze tan 6 cos r Y
0 0 (— e - 53) 0 ; Y3
0 0 0 iy Yq
fs & 0 0 0 i b$1
A Ty 2
fa 0 0 g 0 i Y3
2o 00 0 gy W Vs

Substituting Equation (5) into Equation (30) yields

&5 = 68uTu + 8o fu — §58ubu + 5T ex1 + f5 + 1.(1

élg = gﬁquq + gﬁfq — gﬁquq + gﬁr’3x4 + f/g +.Y2 (31)
éa = gtxngr +gtxfr - gagrAr =+ thT/ex5 + ftx + Y3

¢z, = 87,80Tw + 87, fw — §2,8whw + 82, ex3 + fz, + Yy

Choose the following nonsingular terminal sliding mode surface:

L
ST = e+ €50
Lo
Sy = e+ g ép"
p Pa (32)
S3 = eut bt
vz,
Sy = €z, + éézg ze
where k; > 0, p;, g; is positive and odd and 1 < % <2,i=96,pBuaZ.
The nonsingular terminal sliding mode controller is designed as follows:
1, —1( kettsp (2= 52)
Tu = =8 Qu | 58 " +CiS1+xisgn(S1) + f5 + &sfu
1y 1 [ Kpts . 2 55)
T, = —88 '8y b5 Ea P4 CaSy + Kosgn(S2) + fp + 8pf4 39

. (=Pt
T, = g tg (S0 4 CaS5 + kasgn(Ss) + fu + gofr)

PZe

_ _ k . 2—@
To = —87. 'Sw 1<ﬂ€w( "ZE)+C454+K4Sgn(54)+fze+gzefw)
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In Equation (33), C; > 0,i = 1,2,3,4, k1 > gsT ex1 + Y1 — gsQulhu, K2 > S8BT exa +

YZ - gﬁquqr K3 > gaT,exS + YB - gagrAr and x4 > gZeTIEXS + Y4 - gZegwAw-
Consider the following Lyapunov function:

1
no= (512 + 8%+ 552 + 542) (34)

Take the differential of Equation (34) and substitute Equation (33) into Equation (34)
to obtain

. P
e | e |
vy = B [C151 +r1s8n(S1) = 857" ex1 — V1 +858ubu] Sy - g [C252 +rpsen(S2) — 85T exs — V2 +8p890q ] S2

PZe
l’aéa<%7] ’ v PZet7, (qZE Y ’ v
- —— [C383 +x358n(S3) — 8T exs — V3 + gngrar] Sy - HLefe [CaSy + 4580 (S4) ~ 87,7 ex3 — Vo + 87, 8w Sy
o ZeZ,
. B (35)
Ps g
psés 10 ' / ; Ppep q/5 ' :

=5 [C1ls1]+ w1 = (857 ex1 + V1 — gsgudu )sgn(s)] [s1] - g [CalSa] + 52 — (857" exs + Y2 — 8p870q )sgn(S2)] IS2]

1

Pa

e Ga . p7.E Ze .

P [C355] + k3 — (3aT exs + Y3 — gagrar Jsgn(S3) ] [Sa] — P2 [CylSq| + kg — (82,7 exs + V4 — 87, 8wbw )sen(Sy)] |54
oo ZeZe

= —C581] — CplSa| — CalS3| — Cz, |54

Obviously, C; > 0,j = 6,,&, Z,. When Cpjn = min(C;), Equation (36) is obtained
as follows: .
Vi < —Cuin([S1] +[S2] + [S3] +[S4l)

1
< - \/Ecmin V12

According to Lyapunov finite time stability proof, the sliding mode variables 51, Sy, S3, S4

(36)

will converge to zero in finite time. When S; = 0,i = 1,2,3,4, the dynamic equation of
]
the terminal sliding surface is & = —kjp’ ej"l = h(ej),j = 6,B,a,Ze. According to the

sufficient and necessary conditions for homogeneous global finite-time stability:
1. €]h(€]) € Rand 8]]’1 (81) <0, ifand Ol’lly if g = 0, S]h (8]) = 0;

*’7]' .
2 0 is the initial value at ; = 0, Vejo € R, [0 %I — iy 77 17’% oo
. gjois the initial value at S; = 0, Vejo € ’ijoh(e,-) = 17¥ gy <
]

Therefore, the transformation error ¢; will converge to zero for finite time on the sliding

surface. The tracking errors (5 - 3) , B, &, Z, also converge to zero. By solving differential
0
1—1

equation ¢; = h(g;), the convergence time of sliding mode is t, = %L ‘sjo| 7.

K7 (ri—aj

This paper introduces an RBF neural network as shown in Figlire(Sj toj zlpproximate
the total modeling uncertainties. The RBF neural network has three layers: an input layer,
a hidden layer and an output layer. The neuron activation function of the hidden layer
consists of a radial basis function. It has good generalization ability and simple structure.
Meanwhile, it can avoid unnecessary and lengthy calculations and can approximate any
nonlinear function with arbitrary precision in a compact set [40]. In the RBF neural network,
the uncertainty terms are shown by Equation (37):

A = WiTh(x) +&(i = 1,2,3,4] = u,q,r,w) (37)
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Figure 5. RBF neural network structure.

In Equation (37), x represents the input to the network, the hidden layer output of
_lrel?
27
layer, Cj is the center point vector of the Gaussian basis function in the hidden layer, b]- is
the width of the Gaussian basis function in the hidden layer, W;* is the ideal weight of
the neural network, ¢; is the network approximation error and |¢;| < ejy;. The larger b; is,
the larger the non-zero output region of the radial basis function is, indicating a stronger
mapping ability to the input. The closer the input is to the center ¢;, the larger its output
value will be, indicating that the radial basis function is more sensitive to the input. The
neural network input vector is setasx = [u,v,w,q, r]T, so the output of the radial basis
network can be written as follows:

the network is h(x), hj(x) = exp ( ) is the output of the jth neuron in the hidden

Ai = WTh(x) (38)

where W; is the actual estimate of the ideal weight, which is adaptively updated online
based on the following Lyapunov stability analysis. Then, Equation (33) can be rewritten
as follows:

. (2=t A
T, = —g(;*lgufl %85@ ‘715) +C151 + Klsgn(51) + fo+85fu— g&guAu)
T, = —g5tgt (5228, %%) 1 oo s A
g = —8 8 | ps + G252 + K25gn(S2) + fp + 8pfq — 881 (39)
. (b .
T, = —gaflgfl (%Sr(z o) + C3S3 + k358N (S3) + fu + gufr — gzxgrAr>
. (-l N
Tw = —82, 'gw ! (%&f} ) 4 CySy + Kk48gn(S4) + fz, + 8z, fuw — gZegwAw)
Substituting Equation (39) into the Lyapunov function V; yields:
Vi= =/ [Ci8) + msgn(S1) — gt e — Y1 + goguBu ) S1
—kgisﬂéﬁ(pﬁ/qﬁ_l) Cr Sy + KQSgn(Sz) — gﬁT/ex4 —-Y, + gﬁngq} Sy (40)
_kf;u éa(Pa/qul) C3S53 + K3Sgn(S3) — g,XT/gx5 — Y3+ gagrﬁr] S3

_#quzgézf(r’ze/qzefl) [C4S4 + x45gn(Sy) — gze’r/ex3 — Y4 + gzengw] Sy

where Zi = A;— Ai = W,-*Th(x) +é& — WiTh(x) = WiTh(x) +¢;, and Wi = Wi* - Wi'
The Lyapunov function can be modified as:
Vo = Vi+ 5 Y viWi'W; (41)

where ; > 0. Differentiating V, and substituting Equation (39) into Equation (41) yields

- . (ps/gs—1 3 . . (ps/as—1 5
vy :*%55(”/% )[C1512+K1\5117w’£x1517Y15175151}*W1T(k536€a(”"/”° )Xéxllslh(")+71wl)
Pg . (pp/ap—1) 2 / ; . w.T( P8 . (pg/ag—1) i
Fgap B [C282% +x2[2] ~ 85T exaS2 — V252 — £252] — Wa Fpig P 8p8q52h(x) + 12 W2
] @2)
’kfi‘m i (P /A1) [C3832 + x31S3] — g ex5S3 — V383 — €353 — Wsr(k,:ga én (P /30— g gy Syh(x) +W3W3)
Pze . (pz,/9z,-1) 2., . : R o T _PZe . (pz,/97,—-1) ;
e Ze/12e 7 [C484% + x4 [S4] ~ 87,7 exaSs — VaSa — e454] — Wy by iz Ze2e ™) g7 8w Syh(x) + 14 Wy
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Consider the following adaptive law:
5 1 - (p:/ai— ) .
W, = i ](p]/q, 1)gjgk8ih(x)(z =1,2,3,4] = 6,B,a,Ze;k = u,q,r,w) (43)
i kjq;
Then
Vo = =g/ €812 4k |S1] — 85T exi S1 — Y151 — €151
—ﬂéﬁ(”"/%_l) C282% + 12[Sa| — gp T exaS2 — Y252 — €25, )

ot £a(Pe/8=1) 1 C3852 + 13/S3] — gaT'exsS3 — Y3S3 — €353
_ Pz, éze(pZe/qze 1) |:C4S4 =+ K4|S4| — gZET/ex3S4 — Y4S4 — 8454]

ZL’ qze

Since ¢; can be limited to a small size and 7/,,; is bounded, when k1 > g57’¢x1 + Y1 +

€1,k > g/gT exa + Yz + &p,K3 > g/xT ex5 T Y3 +e3,K4 > gzeT ex3 T Y4 + &4, then V2 < 0.
Thus, the adaptive update rate of W; is also given completely.

The above stability analysis proves that the tracking errors (5 - g), B, &, Z, can con-

verge to the neighborhood of the zero without any singularity in finite time with the
prescribed performance, and the proposed controller can solve the problem of underwater
robot target tracking with the external disturbances and modeling uncertainties.

4. Numerical Simulation Example

To verify the effectiveness and robustness of the target tracking controller proposed in
this paper, a numerical simulation has been performed on the “Qilin” underwater robot
using MATLAB/Simulink®. The “Qilin” underwater robot is a new prototype deep-sea
work platform that can cruise in the deep sea and crawl on the bottom of the sea. The
thruster layout and physical prototype of the robot are shown in Figure 6. Among them,
L1 = Ly =1 m; the thrust output of the four thrusters is —3000 to 3000 N. Thus, the limit of
control moments and forces was —6000 to 6000 N(Nm) in simulation.

=
-~ ——

backward

')hrust

=
- ——

-—- ->:<— -
Ief/ B 3 L \ight

thrust thrust
(@) (b)
Figure 6. The underwater robot: (a) the thruster layout; (b) the physical prototype.

For this simulation, the control parameters are given in Table 1. The initial position
and orientation of the underwater robot were (o, %0,lp) = (1.25m,1.25m,100.1 m) and
(0,00) = (5rad,Orad); the initial velocity of the underwater robot was (110, vo, wp) = (0m/s,0m/s,
The initial position of the target was (0, 740, (o) = (2m,2m,100 m), and the desired tra-
jectory was generated by following typical timing laws:

¢ = 5cos(mt/10) —
g = 5sin(rt/10) + 2 (45)
7y = —0.05¢ + 100
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Table 1. The control parameters.
Controller Function Control Parameters
ks = 001, kg = 01, kn = 0.01, kz, = 01,
5 =55 =5 pa =5 pz =5
Non-singular terminal sliding mode function f;; -3, Zg -3 ;: -3 5225 -3
C =10 =10,C = 10, G = 10,
K1 = 05,k = 05, k3 = 0.005, kg = 0.001.
. . 10 = 1 Me = 02,20 = 1, 1pec = 0.1,
Prescribed performance function 7130 = 1, N30 = 0.1, 1139 = 1, 400 = 0.1,
ap = 02,a = 02,a3 = 02, a4 = 02.
Hy =2, L =001, Hy = 04, L, = 4,
Error transformation function Hz =12, L3 = 12, Hy = 02, Ly = 0.2,
p1=L1Lpr=1p3 =1p4 =1,¢ = 05
= :‘Iinspace(o/l.S,IO[]),cz = Ii11§pnce(—0.5,0.7,100),
RBF neural network function 3 = Imsl/"’lafi(695»,1}702«7/:108)5;,0%3::116‘;!,7“};3(;0-1%/16,100),
71 = 07,92 = 001, 93 = 0.8, 74 = 0.08.
Equation (46) was introduced to simulate the bounded external disturbances.
Tox1 = 0.25sign(u) + 0.5sin(0.1t)
Toxa = 0.25sign(v) 4 0.5sin(0.1¢)
T3 = 0.25sign(w) + 0.5sin(0.1¢) (46)
Toxa = 0.25sign(q) + 0.5sin(0.1¢)
Toxs = 0.25sign(r) + 0.5sin(0.1¢)
The uncertainties of robot were as follows in the simulation:
A; = 5i+25li|i+ 155, i = u,0,w,q,r (47)

Equation (46) and Equation (47) refer to [10].

To better verify the performance of the proposed controller, the proposed controller
(PNTSMC) is compared with the nonsingular terminal sliding mode controller (TSMC) and
the nonsingular terminal sliding mode controller with prescribed performance (PTSMC).
The initial conditions for these controllers were the same.

Simulation results are illustrated in Figures 7-11.

TSMC
PTSMC
TSMC

Target trajectory

— T
PNTSMC
PTSMC

Target trajectory i 400

99

¢Im

98

o7

9%

95

~ Target trajectory

Figure 7. The underwater robot trajectory and target trajectory: (a) 7 — ¢ plane; (b) ¢ — { plane;
(¢) ¢ — 7 plane.
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Figure 8. The tracking errors with their performance bounds: (a) J(;); (b) B(4); (€) a(4); (d) Zey).
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Figure 11. The total model uncertainty estimation: (a) the total uncertainties term A;; the estimates of
the total uncertainties term A;; (b) the errors of the above term g,’.

Figure 7 shows the trajectories of the underwater robot and the target. After cruising
for a short distance, the trajectory of the underwater robot overlaps with that of the target.
The results show that the three controllers can achieve accurate trajectory tracking in the
presence of external disturbances and modeling uncertainties. In Figure 8, the tracking
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errors of PNTSMC and PTSMC could converge to zero with the prescribed performance and
converge faster with less overshooting than those of TSMC. It can be observed in Figure 8
that the convergence process of PNTSMC is smoother than that of PTSMC. Figure 9 shows
the posture errors. As y, and z, approach 0 m, x, approaches the safe distance & = 0.102
m. It not only achieved convergence in the underactuated direction, but also avoided a
collision, which shows the good performance of the tracking error and the success of the
tracking guidance law. Figure 10 shows the control moments and forces generated by the
three controllers. TSMC had the most dramatic chattering. Since the RBF neural network
can approximate the unmodeled uncertainties, the gain of the sliding mode controller can
be reduced to attenuate chattering. Simulation results show that chattering phenomenon of
PNTSMC is weaker than that of PTSMC. From Figure 11, we can see that the RBF neural
network effectively approximates the uncertainties of the underwater robot.

Remark 1. If the chattering in Figure 10 cannot be tolerated by the thrusters, continuous saturation
functions or hyperbolic tangent functions can be used to replace the sign functions to further
attenuate chattering. However, this approach comes at the cost of losing control accuracy and
reducing robustness.

In order to better understand the performance of different controllers, typical criteria
such as steady-state error, convergence time and root mean square error are used for a
quantitative comparison in Table 2. The steady-state error reflects the control accuracy and
anti-disturbance ability of the system. The convergence time reflects the dynamic time
of the system. In addition, root mean square error is reported to describe the controller’s
control performance during the whole tracking process. Firstly, the results of the simulation
for PNTSMC and TSMC are compared. It can be seen that PNTSMC has advantages over
TSMC in steady-state error, which shows that PNTSMC can achieve more accurate tracking.
As for the convergence time, the convergence times of tracking errors 6(;), a(;) and Z(y
were shortened by 30.74, 0.152 and 0.621 s, respectively—reduced by 74.4%, 3.2% and
19.1%. The convergence time of tracking error ;) increased by 1.171 s, that is, 36.8%. In
general, PNTSMC accelerated the convergence process. The root-mean-square errors of
the tracking errors of the PNTSMC are all smaller, corresponding to ), B (1), &) and Z (4,
which were reduced by 0.4238, 0.1279, 3.1862 and 0.0012 m, respectively—70.5%, 25.2%,
50.1% and 11.0%. Secondly, for the comparison between PNTSMC and PTSMC, the gap
between the two is very small by most criteria. The performance of PNTSMC was slightly
better. In conclusion, we demonstrated the advantages of PNTSMC in rapid acquisition of
stability and accurate trajectory tracking due to the prescribed performance technique.

Table 2. Comparison of the performances of different controllers.

Quantitative Comparison Control Scheme ) B ) Ze ()
PNTSMC 0.0001 m —1.6155 x 10°° 7.4915 x 10~°° —1.8646 x 107> m
Steady-state error PTSMC 0.0001 m 7.2886 x 1075° 0.0012° ~7.355 x 107 m
TSMC 0.0030 m 1.848 x 107%° 0.0019° 1.6467 x 107°m
PNTSMC 10.59 s 4.351s 4.639 s 2.625s
Convergence Time PTSMC 10.7 s 4146 s 4121s 3.951s
TSMC 41.33s 3.18s 4.797 s 3.246s
PNTSMC 0.1870 m 0.3791° 3.1786° 0.0097 m
Root-mean-square error PTSMC 0.1942 m 0.4598° 6.1865° 0.0104 m
TSMC 0.6008 m 0.5070° 6.3648° 0.0109 m

According to the above results, the proposed controller can force an underwater
robot to accurately track the desired target with prescribed steady-state and dynamic
performances in the presence of modeling uncertainties and external disturbances. Over-
all, PNTSMC provides better dynamic performance, steady performance and chattering
repression than the other two controllers.
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5. Conclusions

To achieve good target tracking motion control performance in an environment with
uncertainties and external disturbances, we designed a neural network non-singular ter-
minal sliding mode controller for underactuated underwater robots with prescribed per-
formances. By using non-singular terminal sliding mode and the RBF neural network,
the controller achieves strong robustness against the modeling uncertainties and external
disturbances. The prescribed performance technique ensures that the underwater robot
has excellent target tracking control performance. Numerical simulations showed that the
proposed controller has better dynamic performance, steady-state performance and chatter-
ing suppression, and can accomplish the target tracking task accurately and reliably in the
presence of modeling uncertainties and external disturbances. The controller proposed in
this paper is unique in its ability to achieve robustness against modeling uncertainties and
the external disturbances, finite-time convergence, attenuating chattering and prescribed
performances, simultaneously. It provides a new research topic for the target tracking
control of underwater robots.

There are still some open problems to improve the target tracking control of underwa-
ter robots which are for future work:

1. A hardware implementation of the proposed controller will be realized in a practical
robot control system, and the possible concentration degree in the actual deployment
would be discussed. Non-singular terminal sliding mode control and RBF neural
networks have been used on a variety of platforms, and the prescribed performance
technique only adds some logarithmic operations. In mainstream embedded comput-
ers, the computational load of the controller proposed in this paper is affordable. We
will put this controller to the test in a computer with Intel® Atom™ N455 as the core.

2. When there is a large deviation in the tracking error, or when the underwater robot
encounters a large disturbance, the prescribed performance technique may produce
singular values. It is necessary to adaptively adjust the relevant parameters according
to the real environment. At the same time, a finite-time performance function will be
considered to improve the control performance.

3. After comparing with PTSMC and TSMC, the method proposed in this paper should
also be compared with other state-of-the-art positioning error and tracking error
methods. This is one of the directions for further extending and improving the
proposed controller.
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