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A Neural Network Adaptive Controller for Autonomous Diving Control

of an Autonomous Underwater Vehicle

Ji-Hong Li, Pan-Mook Lee, and Bong-Huan Jun

Abstract: This paper presents a neural network adaptive controller for autonomous diving
control of an autonomous underwater vehicle (AUV) using adaptive backstepping method. In
general, the dynamics of underwater robotics vehicles (URVs) are highly nonlinear and the
hydrodynamic coefficients of vehicles are difficult to be accurately determined a priori be-
cause of variations of these coefficients with different operating conditions. In this paper, the
smooth unknown dynamics of a vehicle is approximated by a neural network, and the re-
maining unstructured uncertainties, such as disturbances and unmodeled dynamics, are as-
sumed to be unbounded, although they still satisfy certain growth conditions characterized by
‘bounding functions’ composed of known functions multiplied by unknown constants. Under
certain relaxed assumptions pertaining to the control gain functions, the proposed control
scheme can guarantee that all the signals in the closed-loop system satisfy to be uniformly
ultimately bounded (UUB). Simulation studies are included to illustrate the effectiveness of the
proposed control scheme, and some practical features of the control laws are also discussed.

Keywords: Adaptive backstepping method, AUV, neural networks, nonlinear uncertain systems,

URVs.

1. INTRODUCTION

Because of the highly nonlinear dynamics and the
unpredictable operating environments of URVs, con-
ventional control schemes such as the PID controller
may not be able to provide satisfactory outcomes in
relation to the control problems experienced by un-
derwater vehicles. Therefore, high performance con-
trol systems of URVs need to have the capacities of
learning and adapting to the variations of dynamics
and hydrodynamic coefficients of vehicles in order to
provide desired performance [1].

So far, various control strategies have been pre-
sented for the motion control of URVs. Goheen and
Jefferys [2] proposed an adaptive control scheme for
autopilots of autonomous and remotely operated un-
derwater vehicles, where the uncertainties composed
of certain unknown constant parameters multiplied by
known functions. To deal with the unstructured
uncertainties, such as disturbances and unmodeled
dynamics, many researchers concentrated their in-
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terests on the applications of sliding mode control
methodology [3-6]. In these literatures, the bounds of
uncertainties were often assumed to be known a priori,
and this was a somewhat strong restricting condition
in the practice, because of the high nonlinearities and
unpredictable operating environments of target plants.
This kind of restriction was relaxed so that the
uncertainties were bounded by unknown constants,
and certain adaptation schemes for these constants
were introduced in [1,7]. However, according to the
features of the adaptation laws introduced in the above
two literatures, nonzero tracking errors could cause
divergence of estimations of unknown constants, and
further cause the closed-loop systems to be unstable.
In practice, the tracking errors will always be non-
zero due to some neglected factors.

Almost independently from above nonlinear control
researches, due to the approximation capacities of neural
networks for nonlinear mappings [8,9] and their learning
characteristics, considerable interests have been taken
in the applications of neural networks to the control
problems associated with URVs [10-14]. The common
feature of these neural network control schemes was just
to approximate the smooth uncertainties of URVS’
dynamics using general multi-layer neural networks, and
the networks’ weights values were updated by back
propagation algorithms. The back propagation algorithm,
which is one of the gradient descent methods, is a widely
used weights’ adjustment method for neural networks
and has been proven to be quite effective in practice.
However, it is difficult to obtain analytical results
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concerning the stability of the networks [15]. In practice,
while we can construct a neural network to approximate
a given unknown function, we could not exactly
determine the number of hidden neurons or the basis of a
given unknown function a priori. Therefore, there
always remains certain mismatching resulting in
network’s reconstruction error. For this reason,
robustness has become one of the most important issues
related to neural network control problems.

Recently, several neural network adaptive control
schemes [16-19] have been presented for general
nonlinear uncertain systems with various relaxed
assumptions concerning the uncertainties. Known bound
disturbances have been considered in [17]. Polycarpou
[16] proposed a neural network adaptive control scheme
for a class of strict-feedback nonlinear systems where the
control gain functions were exactly known. Zhang et al.
[18] expanded the above result to the general strict-
feedback nonlinear systems where the control gain
functions were assumed to be unknown. In [19],
unstructured uncertainties that satisfy certain growth
conditions characterized by ‘bounding functions’ were
considered and certain projection algorithms were used
for the adaptation laws of networks’ weights values.
However, there was no adaptation scheme for unknown
bounds of networks’ weights values being introduced.
Therefore, if the initial estimation values (certain design
parameters) of these unknown bounds were chosen
unsuitably (smaller than the exact values), then the
proposed control scheme could somewhat lose the
functional approximation capacities of the neural net-
works, even if the basis function vectors (or hidden
layers) satisfy the persistency excitation conditions.

In this paper, we present a semi-globally stable neural
network adaptive control scheme for autonomous diving
control of an AUV, where the unstructured uncertainties
are assumed to be unbounded, although they still satisfy
certain growth conditions characterized by ‘bounding
functions’. All adaptation laws for the unknown bounds
of the uncertainties are derived from the Lypunov-based
method as well as the update laws of the networks’
weights values. Furthermore, we do not approximate the
unknown control gain functions directly using neural
networks and therefore avoid the possible controller
singularity problem. Under certain relaxed assumptions
on the control gain functions, the presented control
scheme can guarantee that all the signals in the closed-
loop system are UUB. Simulation studies are included to
illustrate the effectiveness of the presented control
scheme and some practical features of the control law are
also discussed.

2. PROBLEM STATEMENTS

Dynamical behavior of an AUV can be described in
a common way through 6 degree-of-freedom (DOF)
nonlinear equations in the two coordinate frames as

EARTH-FIXED FRAME

“
r
w p (surge)
(yaw) (heave) (ro:&‘

Fig. 1. Inertia, Earth-fixed frame and body-fixed
frame for AUV.

indicated in Fig. 1 [20]

Myw+Cp(v)v+g(m+d=r,

. (D
n=J@mv,

where 7n=[x,y,z,¢,0, y/]T is the position and

vector in the earth-fixed frame,

]T

orientation

v=[u,v,w,p,q,r] is the velocity and the angular

rate vector in the body-fixed frame, J(77) is the
transformation matrix, M (v)eiR6X6 is the inertia

matrix (including added mass), Cp(v)e R&C s the
matrix of Coriolis, a centripetal and damping term,
g(n)eiR6 is the gravitational forces and moments

vector, d denotes the unstructured uncertainty
vector, such as exogenous input terms and unmodeled
dynamics, and 7 is the input torque vector.

The diving equations of AUVs should include the
heave velocity w, the angular velocity ¢ in pitch

motion, the pitch angle @, the depth z and the stern
plane deflection and/or thrust force of the propellers.
Restrictions are placed on the vehicle in the constant
forward motion and, for simplicity; it is assumed that
the heave velocity during diving is small and neg-
ligible. This is quite realistic since most small un-
derwater vehicles are designed to have neutral buoy-
ancies and move slowly in the vertical direction.
Further, in general, underwater vehicles are designed
to have symmetric structures, so, it is reasonable to
assume that the body fixed coordinate is located at the
center of gravity with the gravity force equal to the
buoyancy force of the vehicle. Consequently, the pitch
and depth motion of the vehicle during diving can be
expressed as the following, which is a certain
modified expression from [20]

Z=—u00+AZ,

0=gq, )
q'=fq+b1'q+Aq,
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where u, is a known constant forward speed, A_,
which could be expressed as A, = f, (u,v,w,4,0,t),

denotes the unmodeled dynamics and disturbance
term, fq and b could be defined as fq =M,

Cp,g), b=¢,(M) with &;() and &,(-) smooth
functions.

Due to the highly nonlinear characteristic of AUVs’
dynamics and the unpredictable operating
environments of the vehicles, in most applications of
AUVs, it is hard to determine the exact values of M
and Cp in the (1) a priori. For this reason, we make
the following assumptions on (2).

Assumption 1: f, and b are smooth unknown

functions, and b is nonzero with known sign. With-
out any loss of generality, we assume that b>5, >0

with b, being an unknown constant. Furthermore,

we assume that |d(b71)/dt I<cppp, where @ is a
known function and ¢, is the smallest among the
unknown positive constants that satisfy the above
inequality.

Remark 1: In general, most AUVs are designed to
move slowly in the deep-sea environment. Further-
more, the vehicles are desired to maintain constant
forward speeds while in diving motions. In this case,
the control gain function b varies slowly, and this
causes Assumption 1 to be reasonable.

Assumption 2: |A, [<c,p,,, where @,, is a

known function and c, is the smallest among the

unknown positive constants that satisfy the above
inequality.

For a given desired trajectory z,(¢), the control
objective is to design a neural network adaptive con-
troller for the system described by (2) such that all the
signals in the closed-loop system are guaranteed to be
UUB.

Here we define the following new error variables as
xl:Z_a’o,szg_a’l(Zd,Z),X3:q_az(zd,z,e) .
where oy =z;() and o(z4,2) , ay(z4,2,0) are
stabilizing functions [21]. Then, in combination with
Assumption 1, (2) can be expressed as

)'cl :_do —u09+AZ,
).62 = _dl +4q, (3)
1. -1 . -1
b x3=b (f,—ay)+7,+b A,
In 3), ay=z; is known and o, a, are also
known design functions. However, because of the
unknown uncertainty of term A,, ¢, @, include

certain unknown uncertainties, too. For this reason,
(3) can be expanded as follows

.).Cl = _do —u049+ AZ’
% = (8 / 6z,)2, — By | D2)ugf) + q — (Dt 1 82)A
by =b7f, —[(Bary 1 02)z4 — (Bcry | O2)ug
+(0ay 100)q1} +1, +b 7' [A, —(0ay /82)A, .
“)

According to Assumption 1, the first term of the right
side of the third equation in (4), denoted by F', is an
unknown smooth function. Here we want to
approximate this unknown smooth function F using
a neural network. A given unknown function F can
always be written in the following parametric form [9]

F=wTop", (5)

where W' eR™" is an unknown constant vector,
and @ (v,v,b) e R with by =(0a,/0z,)z, -
(Oaty 1 02)ugf + (Oax, 1 060)gq
vector of F'. If the basis of a function is exactly
known, then the functional approximation problem
can be converted to the well-known parameter
estimation problem. However, in practice, we could
not exactly know the basis of an unknown function a
priori. Therefore, there always remains certain
mismatching resulting in network’s reconstruction
error. Consequently, (5) can be expressed as

is the basis function

F=Wld+e, (6)

where W eRY is the optimal weight vector of the
Ov,v,by)eRY s the

constructed basis function vector, and &(v,v,b;) is

constructed network,

the network’s reconstruction error.

The optimal weight vector W in (6) is an
“artificial” quantity required only for analytical
purposes. Typically, W is chosen as the value of

W' that minimizes & for all v,v,b;€Q, where
QcR® isa compact region, i.e.,

W :=arg min
wenRN

sup |[F-wTo|b. (7)
v,v,b3eQ

Substituting (6) into (4), we have
').Cl = _do —u049+ Az,
X'Z = —[(80{1 /aZd )Zd - (6a1 /5Z)u09] +q— (80{1 /aZ)AZ,
by =W D47, +e+b7'[A, — By /02)A,].
(®)
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Now, the previous tracking control problem for
(2) is converted to the regulation problem of (8). Here
we make the following assumption on the network’s

reconstruction error and the unstructured uncertainties.

Assumption 3: |e+ b_l[Aq —(0ay 1 02)A ]I

CqPng » With @,, a known function and ¢, the

smallest among the unknown positive constants that
satisfy the above inequality.

3. NEURAL NETWORK ADAPTIVE
CONTROL DESIGN

In this section, we develop a neural network
adaptive control scheme for autonomous diving
control of an AUV, whose dynamics can be expressed
as (2), or the equivalent as (8), using adaptive
backstepping method [21].

Step 1:

Consider the first equation in (8)
561 :_do —u019+AZ. (9)

By substituting oy =z,;,0=x,+0c; into (9), we
have

').Cl =—Zd—u0x2—u0al+Az. (10)

The first stabilizing function ¢ is chosen as follows

oy ==y [(2g k%) =&y tanh(xipy, /0,)] (1)

where & >0 is a design parameter, ¢, is the

z
estimation of ¢,, o, >0 is a design parameter, and
tanh(-) denotes hyperbolic function. Substituting (11)

into (10) yields
Xp =—ugXy —kix; + A, —C,p, tanh(xyp,, / 0,) .(12)
Consider the following Lyapunov function candidate
N=1/20" +7.7'8%), (13)

where 7, >0 is a weighting factor and ¢, =c, —¢,

is the estimation error for c, . Differentiating (13) and
substituting (12) into it, we have

I/.vl = xlxl + 72_15252
=—UgX| Xy — klxlz + XA, — E,x,05, tanh(xy@p. / O,)
+7, '&¢,
<—upxxy — ke + o, [ X0y |
- ézx1¢Az tanh(xl¢Az /Gz) + 72_1520;2 .
(14)

Here we use the following Lemma.
Lemma 1: The following inequality holds for any
oc>0 and Vxe®R

0<|x|—xtanh(x/0) < x0o, (15)

where & is a constant that satisfies x =e *7 .

Proof: Refer to Polycarpou (1996). Il
Using Lemma 1, (14) can be rewritten as

; 2
Vi < —upnxy — kX" + ¢, [ 0@a, [=¢,x0,, tanh(x ¢y,
~ 1~ 2
/o-z) T CXPp; tanh(xl¢Az /O-z) +7. C.C
< —upx)xy) — klxlz +KC,0, +C,x0, tanh(xyp,, /0,)

1~ 2
+y, C,C,. (16)

Choose the parameter update laws as follows
éz =7z [xl(pAz ta'nh(xl(DAz /o-z) —4a, (éz - czO)] D (17)

where a, >0 is a certain weighting factor, and c,

is a certain design parameter. Substituting (17) into
(16), we have

V, < —ugx Xy — k1x12 +Kxc,0,+a,c, (¢, —c,g). (18)

Step 2:
Consider the equation

%y = (e 024)24 — (B | 02)ug 0]

(19)
+q— ey 182)A..

Similar to Step I, here we choose the second
stabilizing function «, as

az = [(80{1 /aZd )Zd — (50{1 /52)1400] — k2X2 + uoxl
— ¢, (0 1 0z)pp, tanh[x, (O / 0z)pp, | 0,,].(20)

where k, >0 is a design parameter and ¢,, is

another estimation of c,, and o,, >0 is a design

zZ

parameter. Substituting (20) into (19) yields
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).C2 = —k2X2 + X3 + UgX) — ézz (8&1 /82)(pAZ
x tanh[x, (O / 0z)pp, / 0,71 —(0cq 1 02)A, .(21)

Consider the following Lyapunov function candidate
V=1 2 1~ 2
2 =N +1200" +7., ¢57), (22)

where y,, >0 is a certain weighting factor and
522 =C; ézZ .

Differentiating (22) and substituting (21) into it, we
have

. . ) -
Vo=Vi+x% +7.5 €5Cn
= Vl +upx Xy — k2x22 +XpX3 — Xy (80!1 /8Z)AZ
—C,9X, (00 | O0z) @y, tanh[x, (0t / 0z)pp, / 0,49 ]
-1~ o
+7z2 €€z (23)

According to Assumption 2 and (15) and (18), the
above (23) can be rewritten as

Vz < —k1x12 — k2x22 +KC,0,+0a,C,(C, —Clg)+ XpX3
+¢, | % (0 1 02)pp. |~ €.9%, (Oat; 1 02)
x tanh[x, (0at; / 02)pp, | G101+ V22 'EnCan
=—kpx” —kyxy” + K¢, (0, +0,9) + 4,6, (E, — )
+ XyX3 + C,0Xp (0t / 0z) @y, tanh[x, (Ocy / Oz)

*PAz /022] + 7/22_1522522 : (24)
Choose the parameter update laws as follows

b2y = ¥ 2[x, (00t /82)p,, tanh[x, (e / 02)pp. / 05 ]
—d;) (622 _CZO)]’ (25)

where a,,>0 1is a certain weighting factor.
Substituting (25) into (24), we have

; 2 2 -
V) <=kix;” —kyxy” + ke, (0, +0,,)+a.c. (¢, —cy)

+a,7C;5(Cop —C0) + XpX3. (26)

Step 3:

This is the final step and the actual control input
would be derived in this step. Consider the final
equation in (8)

b iy =Wl 47, +e+b7'[A, — By /02)A]. (27)

Similar to the previous step, the actual control input

7, is selected as

7, =—k3x3 —x; — WTd —1/2¢, xy0, tanh(x;* gy / o)

- éq(oAq ta'nh(x?a(pAq /O-q) > (28)

where k3 >0 is a design parameter, ¢, and ¢, are

the estimation of ¢,, ¢, defined in Assumptions 1

q

and 3, and o0, >0 and o, >0 are certain design

parameters. Substituting (28) into (27) yields

bliy =—kyxy —x; + W D+ 2+b7'[A, —(0a; /02)A, ]
—1/2¢, X300, tanh(x3% 9, / )
- aq goAq tanh(X3§DAq /Gq) ’ (29)

where W =W —W is the network’s weight estima-
tion error vector.

Theorem: Consider the autonomous diving
equation of an AUV expressed as (2) with
Assumptions 1~3. Choose the control laws as (11),
(20), and (28), and the parameters update laws are
selected as (17) and (25) as follows

W =T1®x; - ay (W = Wy)l,
éb = 7b[1/2x32q0b tanh(x32(pb /o)
—ap(Cp —po)ls

éq = ]/q [x3¢)q tanh(x3(pq /Gq) - Clq (6[1 - cq())]a

(30)

where I' is a strictly positive definite matrix,
Vp» Vg >0 are weighting factors, ay, ay,a, 20

and W, ¢, ¢ o are certain design parameters. Then,

all the signals in the closed-loop
guaranteed to be UUB.

Proof: Consider the following Lyapunov function
candidate

system are

Va=Vy +1/ 2067 + W+ 7187 4,716 21,
(€19
¢p=c,—C¢ and ¢ =c,—¢,  are
corresponding parameter estimation errors.
Differentiating (31) and substituting (29) into it,
and combining this with Assumptions 1 and 3, we
have

where

Ik3 < VZ - k3)€32 —XpX3 + )C3WT(D + WTF_IVI;/ + 1/2Cb
copxy° — 1126,y tanh(xy gy / 0) + ¢, | X3 | @,

A 1~ 2 1~ 2
—Cq X309, tanh(x3gpq /oy, ) +7p ChCp +Vg CyCy-
(32)
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Substituting (30) into (32), we get

Vy < —k1x12 - k2x22 - k3x32 +xc, (0, +0,,)+1/2Kxc,0

+Kc,0,+a.c, (6, —c,0)+ a8, (Cn —Crp)
+ QWWT (Vf/ - Wo)
< —kyxt —kyxy? —kyxs® =1/ 2(ap W W + e
+ az25222 + abEbz + aqéqz) +xc,(0, +0,,)
2
+1/2x¢,0) + ke 0, +1/ 2ay |W =W, |
2 2 2
ta, (Cz - CZO) + azZ(CZZ - CZO) + ab(cb - CbO)
2 7T 177
+a, (cq - qu) 1+ayW" (W -Wp)

<-AV3+p, (33)

where A and p are positive constants defined by

A= min{2k1, 2ky, 2bks, ayy | A (T, @7, Gar¥ o

Wy Ay} 5 (34)

p=kc, (0, +0,)+1/2kc,0p + ke o, +1/2[ay
2 2 2
'HW_WOHZ +az(cz_czo) +022(022—020)

+ay (¢, —Cpg )2 +a, (cq - cqo)z] .(35)
Let p:=p/A,then (33) satisfies

0<V; < pu+[13(0)—pule ™. (36)

A

Therefore, x;, x,, X3, W, ¢, C,9, Cp, éq are all UUB.

Furthermore, since z;, oy, @, are bounded, it is

obvious that z, 6 and ¢ are also bounded.
Consequently, all the signals in the closed-loop are
guaranteed to be UUB.

Rewrite (33) as the following form

v, < —klxlz tkc, (0, +0,)+1/2kcy0) + K0, —a,

(.7 =&, (c, =)= anlén” = Ea (e — )]
—ay [WTW =W (W -Wy)]- a8 - &,
(e = ep0)] = g[8, =&, (cy —cq0)]

< —k1x12 +xc. (0, +0.,)+1/ 2,0y + K 0,
+ 1/ day | W =W, |, +a,(c, —c9)* +ay,
H(cn —cs0)” +ap(cy —cpo) + a,(c, - qu)z] :

(37
Since kg >0,if
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|x 2/ Tky,

then, V5 <0 regardless of the values taken by other

(38)

signals, where the strictly positive definite constant
¢ is defined by

¢ =kc (0,+0,)+1/2xc,0, +Kc,0,

+1/4ay |W =W, ||, +a.(c. —c.,)* +a.,

H(Can = €20) +ay ey — o) +ay (e, —cy0)’1.(39)

From (38) and (39), it is easily seen that depth
tracking error x; =z —z,; could be made as small as
desired through the suitable selection of design
parameters.

Remark 2: In many practical applications, given a
control plant, the constructed neural network’s op-
timal weight vector W and the bounding parameter
¢, ¢y, ¢, may not be completely unknown. Instead,

we may have rough estimations of them through off-
line identification or other useful schemes. In this case,

the design parameters Wy, c.g, ¢y and ¢, are

considered as the initial estimation values of
W,c.,c, and ¢, . From (38) and (39), we can see

s Lz

that the accurate initial estimations of these

parameters may result in smaller tracking errors.
Remark 3: From (33), we can see that large

ki, ky, k5 or small and o, may

result in smaller tracking errors. However, increasing
ky, ky, k5 may cause certain high-gain control pro-

0;,0:3,0p

blems and the small values of o, 0,,,0, and o,

could result in certain infinite frequency efforts.
Therefore, these design parameters should be chosen
carefully in practice.

Remark 4: Design parameters

Ay, Az, dzp, Ay

and a,

tracking performance and the robustness of the
proposed control scheme. In particular, if the basis

function vectors ®(v,v,b;) satisfy the persistency
then

present a certain trade-off between the

excitation conditions, ay =a, =d,,

=aj, = a, =0could result in the exact estimation of

W . However, the persistency excitation conditions
are difficult to satisfy in many practical applications.
In this case, ay,a,,a,,, a,, a, >0 could keep the

parameter estimations from being divergent.

4. SIMULATION STUDIES

The 6 degree-of-freedom dynamical model of
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Fig. 2. Effective stern plane angle of attack.

ASUM AUV, which is under development in KRISO
[22], is employed in this simulation. The auto-diving
equation of ASUM AUV can be expressed as follows

2 =—u00+Az,

0=yq, (40)

qg=[,+b,6,+4A,,
where

-1 . .
Jg =y —My) {=mzgii+(mxg + My)w+ M, w
| W| +Mq\q|q | q | +(Muq _mxg)”q+(Mvp +mxg)
'Vp+[Mrp _(Ixx _]zz)]rp+ng(vr_W(’I)
+ M, uw = (zgW -z, B)sin 0 — (x,W — x, B)
-cosf cos @},

-1 2
by =y —My) Mys.u",
with o, stern plane angle depicted in Fig. 2.

4.1. Construction of neural network

In general, there are two types of neural networks
usually applied in the control practice. One of them is
the general multi-layer neural network, where the
network’s weights values are updated by using back
propagation algorithms, and has been proved to be the
quite effective in practice. However, it is hard to
obtain analytical results concerning the stability of the
control system using this method. The other one is the
linearly parameterized neural network (LPNN) where
the basis function vector could be derived according
to the physical properties of the target plants [17].

In this simulation, we will construct a LPNN to
approximate the nonlinear smooth function F de-
scribed by (4). According to the physical properties of
AUVs [20], we construct the basis function vector of
the neural network as follows

(v, v, b)) =" v, ven', 6" (Ge6), b,
(41)

Ji-Hong Li, Pan-Mook Lee, and Bong-Huan Jun

where G=[sin¢sinﬁcos¢cosé’]T and ® denotes

Kronecker product. For more details, refer to [23].

So far, literatures focused on the applications of
underwater vehicles only consider up to second order
velocity terms of vehicles’ dynamics, because the
higher order components are negligible, and
furthermore, their coefficients are hard to determine
exactly in practice. The structure of the basis function
vector, expressed in (41), may need to be modified in
practice to satisfy suitable performance for various
applications.

4.2 Simulation results
According to (28), the actual control input o, is
taken as

8y = (M ys5.1%)  [=h3xy —xy =W =1/28, x50

X tanh(x32(0b /0p) = CqPaq tanh(x305, / 0,)],(42)

where xy=z-z;,x% =0-0o,x3=qg—a,, with ¢
and a, are taken as (11) and (20). In the process of
simulation, according to the physical properties of
underwater vehicles [20], unstructured uncertainties in
(3) are taken as A, =uy0 —usin@, A, =q-cos(10r)
and the corresponding bounding functions are chosen
as  gp, =ugf—usin® , @, =1, ¢, =(0a,/0z)p,, -

Desired trajectory is taken as
zy =5+5sin(0.3¢1) +2cos(0.17) , and other design
parameters are taken as

k=03, ky =0.5, k3 =0.5,

V2=72=7b :7/(] :1'05

334 = diag{20,---,20}, (43)

a, =a; =a,=a, =03, ay =0.005,

0,=0,,=0,=0,=5.0.

Simulation results are depicted in Figs. 3~6. Fig. 3
shows the comparison between the true value of
nonlinear function F expressed in (4) and its
approximation by a constructed neural network. From
Fig. 3, we can see that the constructed neural network
has satisfactory approximation capacities under the
above simulation conditions and clearly results in a
superior tracking performance (Fig. 4). Fig. 5 pre-
sents the corresponding control input and some
networks’ weights estimation values are shown in Fig.
6. All these simulation results confirm the effect-
tiveness of the proposed neural network adaptive
control scheme.

In the simulation procedure, we find that various
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---- Nonlinear Function
—— MM Approximation

Monlinear function and its approximation

1
0 60 120 180 240
Time [sec]

Fig. 3. Functional approximation capacity of the
constructed neural network.

— 1 [m]
- 2 [rad]
%3 [rad/s]

Tracking errors

2 L 1 L
1] 60 120 180 240

Time [sec]

Fig. 4. Vehicle’s tracking errors, x;=z—-z;, Xy =

g—a], X3=4q—Q,.

desired trajectories could result in different tracking
performances, even in the divergence of the closed-
loop system, under the same simulation conditions.
The reason for this phenomenon can be explained as
in this case, v,v and b; may slip out of the com-

pact set Q defined in (7) for the constructed basis
function vector ®(v,v,b;) expressed in (6), and

therefore, Assumption 3 may not be satisfied. How to
construct the neural network (typically the basis
function vectors or hidden layers) for different
situations and for different plants still remains open.

5. CONCLUSIONS

The dynamics of underwater vehicles are highly
nonlinear and their operating environments are hard to
predict accurately a priori. For this reason, the
autonomous diving equation of an AUV, which is a
certain simplification of 6 DOF nonlinear equations of
URVs, may include various unbound uncertainties. In
order to deal with these unbound uncertainties, in this
paper, we propose a robust neural network adaptive

05t q

Control input [M m]
{==]
L

L5 q

.
i} &0 120 180 240
Time [sec]

Fig. 5. Actual control input.

Histary of MM's weights estimations

~o 50 120 180 240 300 360
Tirne [sec]

Fig. 6. History of network’s weights estimation values.

control scheme for autonomous diving control of an
AUV. Unstructured uncertainties are assumed to be
unbounded, although they still satisfy certain growth
conditions characterized by ‘bounding functions’. All
adaptation laws for unknown bounds of uncertainties
are derived from the Lypunov-based method as well
as the update laws of the networks’ weights values.
Furthermore, we do not approximate the unknown
control gain functions directly using neural networks
and therefore can avoid the possible controller
singularity problem. Simulation studies are included
to illustrate the effectiveness of the presented control
scheme and some practical features of the control law
are also discussed. Further investigations on how to
construct the basis function vectors and somewhat
simply the structure of the stabilizing functions may
be needed in the future practical applications.
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