4th International Conference on Mechanical Materials and Manufacturing Engineering (MMME 2016)

Adaptive Course Control System of an Unmanned Surface Vehicle
(USV) Based on Back-propagation Neural Network (BPNN)

Yang Fang, Huajun Zhang, Biao Wang & Chaochao Jiang
School of Automation, Wuhan University of Technology, Wuhan 430070, China

ABSTRACT: Unmanned Surface Vehicle (USV) is a small surface naval vessel which navigates and plans by
itself. And undoubtedly, it plays a vital role in now and future naval battle and sea rescue. Adaptive course
control is a necessary part of USV control, and in recent years, many researchers have done plenty of works on
it, however, many of their method did not solve the problem of the accuracy of transfer function or did not solve
course maneuvering problems in a simple and efficient way. In view of this problem, we propose a novel adap-
tive course control method based on back-propagation neural network (BPNN), PID (proportional, integral,
derivative) algorithm and stochastic optimization. The method uses model reference adaptive theory and PID
algorithm combined together to minimize the course error. And stochastic optimization is also utilized for
weight adjustment of neural network. In this way, the system can output rudder angle efficiently and accurately
in order to achieve course control of USV. Simulation results showed that the proposed method has great effi-
ciency and theoretical feasibility and its response time is very short.
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1 INTRODUCTION gradient method to achieve rapid controller online de-
sign, since the study law is uneasy to design, the al-
Unmanned Surface Vehicle (USV) is capable of inde- ~ gorithm cannot completely get rid of the experience

pendent planning, autonomous navigation and can  factor impact. In order to completely realize the inde-
complete some small surface tasks like perception of  pendent design of course controller, lately there have
environmental information, target detection, etc. by ~ been numerous reports on the use of evolutionary al-
autonomous mode or artificial intervention. Because  gorithms in online course controller designing. Since
of the nonlinear ship motion affected by uncertainty =~ genetic algorithm has global search capability, it is
and disturbance of wind, waves, etc., using the tradi-  most widely used, such as literature [4, 5] aim at the
tional identification methods are difficult to obtainan  learning ability of fuzzy neural network, with mini-
accurate transfer function (model). However, by = mal rudder error as their goal, genetic algorithm is
means of neural networks, fuzzy system to identify ~ used to adjust the neural network weights, however,
ship motion model under various sea conditions, itis  the genetic algorithm optimization time is often too

possible to accurately reflect the dynamic character-  long, therefore in practice, it is difficult to meet the
istics. It is true that neural networks have the ability =~ requirements.

of approaching any nonlinear function precisely, but In view of these problems, we propose in this paper
at the same, lack the ability to generalize, it has seri-  a novel and simple adaptive course control method

ously affected its accuracy as a reference model. Lit-  based on back-propagation neural network (BPNN)
erature [1, 2] use BP algorithm to make online fuzzy = and stochastic optimization, which can swiftly opti-
neural network controller training in order to achieve = mize the system which can minimize the error.

true online learning. Since the ship motion model is

unknown, BP algorithm cannot accurately calculate

the gradient information between the weight and the 2 BACK-PROPAGATION NEURAL NETWORK

rudder error, which leads to slow net training and the (BPNN)
result is not satisfactory. In aspect of fuzzy adaptive
control, literature [3] does systematic research on it, = Back-propagation neural network (BPNN) is used in

which utilizes the indirect method by fuzzy adaptive  this paper. A BPNN has an input layer, a hidden layer
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and an output layer. The central idea of BPNN learn-
ing algorithm involves back-propagation of errors to
change the weights and biases to minimize the total
error. BPNNs has self-learning, self-adapting and
strong nonlinear mapping ability [6]. BP neural net-
works have the ability of approaching any nonlinear
function precisely, with the help of BP neural network
and PID algorithm to train fuzzy neural network con-
troller online in order to achieve true online learning,
so as to obtain an accurate transfer function (model).
In this paper, a BP Neural Network is used for online
training, whose input layer has three neurons (err,
derr/dt, Jerr), and output layer has one neuron (8
(steering angle)). Figure.l1 is the structure of the pro-
posed BPNN.
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Figure 1 The Structure of the Proposd BPNN

3 ESTABLISHMENT OF REFERENCE MODEL
AND ACTUAL MODEL

USV, ships sailing in ocean are all rigid motion,
through the analysis of the force of the rigid body mo-
tion, the ship in the water should meet the following
momentum and moment of momentum theorem [7]:

(1)

mU+m(QxU)=F
JO+QxJ=M

In equation (1), F represents the resultant force of
the ship, M represents the resultant moment of the
ship, m represents the mass of the ship, J represents
the mass moment of inertia, U represents the linear
displacement acceleration vector and {2 represents
the angular displacement acceleration vector, the
above vectors are projected in the coordinate system
as:

U=(,v,W)'
Q=(p,q,r)
QxU=(qw-vr)i—(wp—ur)j—(vp—uq)k
QxJ=@,-J)qri-(J,-J,)pri+(J, —J,)pagk

2)

In equation (2)./y, Jy,/, respectively represents the
projection of the moment of inertia J in the coordinate
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system of the ship. Because of the role of fluid vis-
cous force, added mass inertia force, force on steering
wheel, the propeller thrust, complex positive moment
and control residual buoyancy moment during the op-
eration of the USV and the ship, make X, Y, Z as the
projection of the resultant force in the ship coordinate
system, K, M, N as the projection of the resultant mo-
ment along the three coordinate axes in the ship coor-
dinate system, so the equation (1) and X, Y, Z, K, M,
N can be substituted into the equation (2) and the
space motion equation of the USV and the ship is:

Cma+m(qw-vr) | [X
mv +m(ur —wp) Y
mw + m(vp —uq) z
3,p+Q,-3)ar| | K )
3,4+, -3)pr| | M
[ 3,b+(3,-3,)pq | [N |

Equation (3) is the standard six degree of freedom
motion equation for the USV.

Take a certain type of USV as an example of the
numerical model, the standard six degree of freedom
motion equation as described in equation (3) can be
sorted into the following matrix equation:

u f,(u,v,w, p,q,r,6,,5,,6,,¥,9,6) Xe¢
v f,(u,v,w, p,q,r,6,,5,,6,,%.9,6) Y,
W A f,(u,v,w, p,q.r,6,,6,,6,,v.4,0) .\ Z. | 4)
p| " 3 Ke
q fs (U,V,W, p,0,1,5,,5,,6,,¥.6,0) | | M¢
g | T (u,v, W, p,q,1.,65,,5,,6,,1,9,0) | | N |

The state transition relation is as follows:

¢=p+qtanfsing+rtandcosg
0=qcosg—rsing

. _sin cos

y =gl S0

£= ucosy/cosﬁ+v(cosy/sin6’sin¢—siny/cos¢)(5)
+W(cosy sin @ cos ¢+ siny sin ¢)

17 =Uusiny cos @ +V(siny sin @sin ¢+ cosy cos )

+W(cos @siny sin @ — cos i sin ¢)

.

—Usin @ +Ucosdsin @+ Wcosf cos ¢

The matrix in equation (4) is the 6 X 51 constant
coefficient matrix calculated by the parameters of the
hull, rudder blade parameters (contains 306 coeffi-
cients associated with hull parameters), to a certain
type of USV, for example, The heading deflection
equation coefficient vector A,,(6,1:51) can be
measured by the tank experiment, any steering and
static load can be forecast accurately according to A4,,,.



fitw,v,w,p,q,1,6,, Y, P,0) is the function of USV
longitudinal velocity u, lateral velocity v and vertical
is to speed w, pitch angle velocity p, heeling angle
speed q, turn bow angle speed r, rudder angle 6,
heading angle s, horizontal angle ¢ and vertical an-
gle 0.

Vector [X, Y. Z. K, M. N,]T is the external
force and torque for the hull (including the wave
force, undercurrent force, rudder force and the corre-
sponding torque). The input of the USV six degree of
freedom model as described in equation (4) is the rud-
der angle, wave force and wave moment, all state can
be obtained through integral of equation (4) and (5)
during the operation of the USV.

Ultimately, we selected the reference model as:

4 DESIGN OF THE COURSE CONTROL
SYSTEM

The system uses model reference adaptive theory and
stochastic optimization algorithms combined to min-
imize the course error. And stochastic optimization is
also utilized for weight adjustment of neural network.
In this way, the system can output rudder angle effi-
ciently and accurately in order to achieve course con-
trol of USV. Specifically, first, a course angle enters
the system, and then it will be substituted into two al-
gorithms, reference model and BP neural network,
for comparison, so the course error is drawn, after
that, the error will be optimized to adjust the net
weight of neural network by stochastic optimization
algorithm, by continuously optimizing neural net-
work , the output rudder angle will generate feed-

G (S) = - 6 : :
m(S) = 51001 (6) backs with the input course angle, so that we can
The actual model as: achieve the adaptive course control of Unmanned
' Surface Vehicle (USV). Figure.2 is the diagram of the
1
= course control system.
G(S) s(38s+1) (7) y
y* + . _ y’
> G _m(s) :@@:
Reference Model ¢ m
w Stochastic
Optimization
Course @ + < R : 0 _ ~ Rudder
Angle " " LN 7 e " Angle
) Actual Model

Figure 2 Diagram of the Course Control

The error equation is given below:

2

®)

err = L e
=3€m

where e, = y* —y'.

The goal of our design is to achieve minimal error.
And the weight of BP Neural Network is adjusted to
meet the goal. Therefore, we seek the partial deriva-

tive of err to w. The equation is given below:

derr

ow  ay' aw_ay/'ﬁlﬁ ©)
derr
Where oy = em>
ayr . . C e .
% ~ 1, according to stochastic optimization algo-
rithm,

and % is determined by Back-propagation Neu-
ral Network.
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5 RESULTS AND DISCUSSION

After simulation, we can see that the algorithm pro-
posed is very effective for adaptive course control of
USV, and its response time is very short. Obviously,
it is a good proof of the theoretical feasibility of this
method. Figure 3 is the waveform of the input course
angle. Figure 4 is the waveform of the output rudder
angle.
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Figure 4 Waveform of the Output Rudder Angle

6 CONCLUSION

To achieve adaptive course control of Unmanned Sur-
face Vehicle (USV), this paper focuses on solving the
problem at the two following aspects:

1. For the problem of the accuracy of transfer func-
tion, since Back-propagation Neural Network has
the ability of approaching any nonlinear function pre-
cisely, so we utilize Back-propagation Neural Net-
work and PID algorithm for online training of fuzzy
neural network controller in order to achieve true
online learning, so as to obtain accurate system trans-
fer function ( model).

2. For course maneuvering problems, this paper
uses the model reference adaptive herein principle
and stochastic optimization algorithm, an extreme dy-
namic adjustment algorithm for USV control system
combined reference model with stochastic optimiza-
tion algorithm is designed. By estimating the deriv-
ative scale factors between objective function and
closed-loop system poles, and by simulation of online
learning optimization, the optimization simulation re-
sults and the conclusion analysis are given. This en-
sures the strong adaptability of USV in different op-
erating environments, improves the ability of USV's
maneuvering control.
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