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Abstract

The path planning and following control problems of autonomous underwater vehicle (AUV) in three-dimension (3D) are studied
in this paper. In order to realize obstacle avoidance and path optimization, a path planning method based on particle swarm
optimization (PSO) and cubic spline interpolation is developed. The curvature of the path obtained by this method is continuous,
which can not only avoid obstacles but also meet the constraint of AUV’s minimum radius of rotation. In the design of kinematics
controller, an optimal guidance scheme based on model predictive control (MPC) is proposed, which takes into account the wave
disturbances. Adaptive dynamical sliding mode control (ADSMC) technology is used to design dynamic controller, which can
effectively overcome the influence of model uncertainties. In order to ensure the stability of the system, the stability condition of
MPC is designed, and the stability of the closed-loop system is analyzed by applying cascade system theory. The control strategy
proposed in this paper is compared with the line-of-sight (LOS) guidance through simulation experiment. The simulation results
demonstrate that the proposed control strategy can not only improve the quality of path following, but also reduce the disturbance
of waves, and thus is more conducive to energy saving.

Keywords AUV - Path planning - Path following - MPC - SMC - PSO

1 Introduction

The autonomous underwater vehicle (AUV) is widely used in
military, ocean exploitation and scientific research. Path plan-
ning and path following are two key techniques for AUV to

This work has been supported by the National Natural Science
Foundation of China (51279039).

P4 Xiaowei Wang
wangxiaowei@hrbeu.edu.cn

Xuliang Yao
yaoxuliang @hrbeu.edu.cn

Le Zhang
zhangle98538@163.com

College of Mechanical engineering, Jiujiang Vocational and
Technical College, Lianxi District, Jiujiang 332007, China

College of Automation, Harbin Engineering University, Nangang
District, Harbin 150001, China

The Center for International Exchange and Cooperation, Jiujiang
Vocational and Technical College, Lianxi District, Jiujiang 332007,
China

perform underwater reconnaissance missions. Obstacles often
exist in the underwater environment where AUV works. In
order to ensure the safety of AUV, it is necessary to plan a
reference path to avoid obstacles. Path planning is mainly
divided into static and dynamic planning. The static refers to
a planning that the optimal global path can be obtained in
advance through offline planning when the information of
obstacles is known. On the contrary, if online planning is
required to obtain the local optimal path in real time, that is
dynamic planning. When operated in the open sea, the path of
an AUV is usually described in terms of waypoints, which are
connected by a series of lines [1, 2]. Its advantages are that the
path planning is simple and the computation burden is small.
However, the path made up of straight lines is not smooth
because the derivative at the waypoint is discontinuous. This
problem can be solved by adding an arc between every two
adjacent straight paths [3]. But the curvature of the path is
still discontinuous, which causes the path following control
to be not smooth when the path is switched. The curvature
continuous path can be obtained by replacing arc with
Bessel curve [4]. However, the path obtained by this method
does not pass through the waypoints. To obtain the path with
continuous curvature and can pass through all waypoints, an
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effective method is to use spline interpolation for path plan-
ning. In [5], when the underwater environment information
is not obtained in advance, according to the real-time obsta-
cle information detected by the onboard sensors, real-time
obstacle avoidance of AUV is achieved by adding waypoint
near the obstacle and using spline interpolation technique to
partially modify the original path. In [6], based on the ob-
stacle information detected by the onboard sensors in real
time, the feasible underwater area is approximately defined
by two polygonal chains. Then, the spline interpolation tech-
nique is applied for local path planning, and the parameters
of the local path are optimized online. Therefore, the smooth
path with the minimum curvature in real time can be obtain-
ed. Since the above two methods are dynamic planning, the
online computing burden will be increased, and the config-
uration requirements of AUV onboard sensors are also rela-
tively high. In order to reduce the online computation bur-
den, static planning can be used to obtain the global optimal
path when the environment information is known. In [7, 8],
spline interpolation is adopted to plan smooth path with
continuous curvature. However, both methods assume that
the waypoints are known and do not consider the optimiza-
tion of the path. In order to find the best path, path optimi-
zation is also a hot topic. At present, common path optimi-
zation methods are A* algorithm [9], potential fields [10]
algorithm, and RRT algorithm [4], etc. In addition, intelli-
gent optimization algorithms are also applied to path plan-
ning of robots, such as ant colony algorithm [11], genetic
algorithm [12] and PSO algorithm [13]. However, each op-
timization method also has some shortcomings, so the im-
provement measures for them have been the research focus.
In order to reduce the cost, AUV is often designed in
underactuated. They often lack actuation in certain degrees
of freedom which imposes nonintegrable acceleration con-
straints. Therefore, they have the constraint of minimum
radius of rotation. If the minimum radius of curvature of
the path is less than the minimum radius of rotation of
AUV, the path cannot be effectively tracked. This problem
is not considered in the above literature.

Path following control for ship and AUV is also an ac-
tive field of research. However, the controller design is not
an easy task because AUV’s motions and model are
coupled, nonlinear, and uncertain. In addition, the environ-
ment in which AUV works often has various disturbances,
such as waves. A complete path following control system
is generally composed of guidance and attitude control.
The guidance system belongs to the kinematics controller,
which is used to generate the desired attitude signal. In [14,
15], the line-of-sight (LOS) guidance law is applied for
path following of ships. In order to improve the perfor-
mance of traditional LOS guidance law, LOS guidance
law with time-varying lookahead distance is presented in
[16, 17]. Alternatively, the vector field (VF) guidance law
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is also a popular guidance method [18, 19]. The dynamic
controller has also been extensively studied. The prevail-
ing control methods for marine surface vessels and AUV in
path following include proportional-integral-derivative
(PID) control [20, 21], feedback linearizing control tech-
niques [22-24], backstepping method [25, 26], Lyapunov
direct method [27], gain scheduling control theory [28],
adaptive control [29-32], robust control [33-35], sliding
mode control (SMC) [36—40], fuzzy logic control [41],
and neural network control [42], etc. However, AUV is
very susceptible to waves when working near the surface.
If the wave interference cannot be dealt with properly, the
high frequency component will be added to the control
signal and the forward resistance of the AUV will be in-
creased. If the tracking accuracy of the path is blindly pur-
sued, the energy consumption will be greatly increased.
Due to the limited energy carried by the AUV, energy sav-
ing must be considered in order to increase the endurance.
This problem is rarely considered in the above literature. In
[43], MPC is proposed to solve the depth control problem
of AUV when near the surface with wave disturbances.
However, this method only solves the two-dimensional
tracking control in the vertical plane. In practical work,
for many underwater tracking tasks, the location of AUV
only needs to be kept within a certain target region to meet
the requirements. In [44], an adaptive region tracking con-
trol method is proposed to make the AUV converge to the
target region.

Motivated by the above literatures, path planning and
path following control for underactuated AUV are studied
simultaneously in this paper. Assuming that the underwater
environment model is known, cubic spline interpolation
technique and an improved PSO algorithm are used for
global path planning. The smooth path with continuous
curvature can be obtained. The path can avoid the obstacles
and meets the constraint of minimum radius of rotation. In
order to improve the path following performance in the
presence of wave disturbances and model uncertainties,
the kinematics and dynamics controllers are designed
based on the cascade control strategy. In kinematic control-
ler, an optimal guidance scheme is developed based on
MPC, which can effectively improve the quality of path
following and reduce the wave disturbances. Dynamic con-
troller, which is based on adaptive dynamical sliding mode
control (ADSMC) theory, is developed to overcome the
model uncertainties.

The remainder of this article is organized as follows:
The path planning problem is studied in section 2. The
problem of 3D path following control of underactuated
AUV is formulated in section 3. The kinematics and dy-
namics controller are derived in section 4. Simulation ex-
periments are presented in section 5. Conclusions are pre-
sented in section 6.
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2 Path Planning
2.1 Cubic Spline Interpolation

Given a finite number of waypoints, a path with continuous
curvature can be obtained by cubic spline interpolation. If
given Ny + 1 waypoints(&, 7, (i), (k= 0, 1, -~ Ny) in the fixed
coordinate system, then N,-segment splines can be generated
which can be expressed as the following cubic polynomial by
the parameter we[0, 1],

& (w) a% bf} c% di} ot
7 =\|a b ¢ d||l ww |,
ﬂk(w) IE IE IZ 'E [ ] (1)
C(w) a; by ¢ dy
(k:()al) .7NS_1)

Since the calculation method of the spline in three coordi-
nate directions is the same, taking the £-axis direction as an
example, the k-segment spline curve can be expressed as

&(w) = ai + biw + ciwz + d,fuﬂ. The remaining task is to
compute the parameters ai, bi,ci,dﬁ, (k=0,1,--,Ny1).
According to the boundary conditions of each segment spline,
the following equation can be obtained

€4(1) = Dyt = B + 26 + 3d5,

where gk (W) = d&;(w)/dw.
Sinceg; (0) = &.& (1) = &y, we can get

Eerr = & + Dy + ¢ + dS, (3)
Dy =Dy + 2C§ + 3d§.

Then, the eq. (2) can be rewritten as

ai = gka

bs = Dy,

Cﬁ =3(&41&) 2Dk Di1,

di =2(&117&) + Di + Dy

Next, we need to calculate the parameterDy, (k=0, 1, ***Ny)
in the eq. (4). Since the second derivative of the spline is
continuous, we can get that

&a'(1) = 20@1 + 6d£—1 = §(0) = 2¢}, (3)
(k=1,,N1).

Put the last two equations in (4) into eq. (5), and then we
can get

Dy1 44Dy + Ditt = 3(§161) (6)
k=1, N1).

In addition, according to the natural boundary conditions
£(0) =0,&y (1) = 0, we can get that

{ 2Dy + Dy = 3(£=¢p), (7)
Dy, 1 + 2Dy, = 3(&y.~Ev 1)

Finally, egs. (6) and (7) can be rewritten as matrix form in
the following

2 1 0 0 0][ Do 3(6,-&)

14 1 0 0 of| b 3(6-&)

0 1 4 1 0 0Dy || 36 |
00 0 : :

00 0 1 4 1||Dya 3(Ey,~En—)
00 0 0 1 2||Dy, 3(én,~én1)

2.2 PSO Algorithm
2.2.1 Traditional PSO Algorithm

PSO algorithm is widely used because it has the advantages of
fewer parameters, fast convergence, no decoding required, and
so on. It is based on group and moves individuals in the group to
good areas according to their fitness to the environment. It
regards each individual as a particle flying at a certain speed in
the Dpgo-dimensional search space. Let’s define the number of
particles as Npgo, the current speed and position of the particles

T T
arcv; = (Vi,l,vz:z, "'7Vi‘Dpso> and x; = (xi,hxz:,z, "',xi,DPSO) )
(i=1, -, Npso), the optimal position obtained by individual
isp; = (Pi1sPins pi,DPSO)T, the best position obtained by

T
the group is p, = (pg_l Pg2s pgva> . In every generation
of evolution, the speed and position of the particles are updated
as following

vij(t+ 1) = w;;(2) + biry [l7i,j_xl'~,./(t):|

+ bars [pg,j—xl—,_,-(t)}, (9)
xi (4 1) = x;;(2) + vyt + 1),
(l = 13 .“>NPSO)7 (j = 17 “.aDPSO)>

where w; > 0 is inertia weight, b; > 0 is the learning parameter
based on individual experience, b, > 0 is the learning parameter
based on group experience, 7€[0, 1] and r,€[0, 1]are random
values.
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2.2.2 Improved PSO Algorithm (IPSO)

Although the traditional PSO algorithm converges quickly, it
is easy to fall into local optimum, i.e. premature problem. In
view of the shortcomings of the algorithm, researchers have
made various improvements. Inertia weight w determines how
much the particle inherits its current velocity. A larger inertia
weight is conducive to improving the global search ability,
while a smaller inertia weight is conducive to improving the
local search ability. In order to improve the optimization abil-
ity of the algorithm, the inertial weight can be adjusted accord-
ing to the fitness of particles. However, it is often not enough
to improve the premature problem only by adaptive inertia
weight method. Therefore, some researchers proposed the
ideas of introducing particle swarm concentration parameters,
and adjusting selection probability or topological structure,
while others combine particle swarm optimization with genet-
ic algorithm or other optimization methods. In this article, in
order to balance the global search ability and local search
ability of the algorithm, the PSO algorithm is improved as
follows:

Half of the particles in front are defined as global search
particle, and the other half is defined as local search particle.
The global search particle uses the larger inertia weight wy,,x,
while the local search particle uses the smaller inertia weight
Whin-

In the evolution of each generation, half of the global
search particle with better fitness will be directly selected as
the local search particle, while the remaining half of the local
search particle will select the global search particle according
to the probability. The probability of each global search parti-
cle being selected is calculated as follows

1 Sfit(xi)
S —
P = NPSOf ! Nrso/2

7 2 fin(x)

In order to increase the diversity of the group and improve
the local search ability, in the evolution of each generation, the

T
Xpso=[x1 x2 XN po |
&1 517NS—1 T N1
_ 52_71 ':’ 52,1\_/.\,—1 Lo N1
ENpsol ENpso N1 M pso1 NN pso,Ns—1

crossover operation is carried out for every two adjacent local
search particles as following

Npso
2

{x,- =r3x; + (1=r3)xiy 1, (i: Npso 41

43, Npso1 ),
Xip1 = X1 + (1-r3)x;, 2 o )

(11)

where r3€[0, 1] are random values. Because local search par-
ticles are all superior individuals in the current population,
better individuals may be produced after crossover operation.

In the process of evolution, if the individual optimal value
of a global search particle is not improved for successive G
generations, the particle will be reinitialized.

2.3 Path Optimization Based on IPSO Algorithm
and Cubic Spline Interpolation (IPSO-SP)

2.3.1 The Encoding of Particle Position and Speed

Particle positions are encoded using the coordinates of the
waypoints. Since the two endpoints of the path (&, ni, (), (k
= 0, Ny)are known, we only need to determine the remaining
N; — 1 waypoints (&, M, C)s(k =1, ---Ny — 1). Firstly, the
algorithm needs to initialize the waypoints. The initial coordi-
nates of the waypoints are randomly obtained around the N, —
1 average points between the two endpoints as following

YA S
Sik = &o +%(k +r4),
o M, "o
nll,k =T + Ny (k + 1”4), (12)
Cix = Co ‘*‘%(k +74),
(i=1,"",Npso), (k =1,""Ns1),

where r,4 is random values varying in the range of [-0.5, 0.5].
The position information of particles can be represented by the
following matrix

Cl,l Cl.Nx—l
Cz_,l CZJY;I . (13)
CNpso 1 CNpso N1

The number of rows in the matrix (13) is Npgo. The number
of columns in the matrix (13) is Dpgo = 3 x (N; — 1), which
represents the dimension of the particle. If the (-coordinate is
ignored in the matrix (13), then the three-dimensional path
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planning is simplified to the two-dimensional path planning
in horizontal plane. If the n-coordinate is ignored in the matrix
(13), then the three-dimensional path planning is simplified to
the two-dimensional path planning in vertical plane. The
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encoding of particle speed has the same form as that of posi-
tion. The initial speed of particles is generated randomly with-
in [-Viax Vmax), Where V., is the maximum speed of
particle.

2.3.2 The Selection of Fitness Functions

In order to improve the path optimization ability when there
are obstacle avoidance requirements and curvature con-
straints, the fitness function is selected as following

Fpso = L(1+Ni + N») (14)
where
N/ Aw—-1 - 2 2 ; 2
L= Zo (&=€)" + ()" + (Ga=¢)
N,/ Aw N,/ Aw
Ni= Y n/,No= } nj,
i=0 i=0
o 1 when (>¢ . [1 ,when ¢ > cmax
"0 when (7 M= 0 ,Wwhen ¢ <cmax

The ( e ) represents the coordinates of the sampling
point numbered 7 in fixed coordinates. The sampling interval
of the sampling points on the path is Aw. The ¢ represents the
depth of water at the sampling point numbered i. The ¢] rep-
resents the curvature of the path at the sampling point num-
bered i. The .« represents the maximum allowable curvature
of the path. The L in the fitness function represents the length
of'the path. NV, is the number of sampling points which fall into
obstacles. N, is the number of sampling points on the path
whose curvature does not meet the constraint conditions.

In the process of algorithm evolution, some illegal solu-
tions are often generated. The traditional method is to discard
the illegal solution, but this will reduce the efficiency of the
algorithm. In fact, some illegal paths may evolve to eligible
paths. The fitness function (14) preserves the path with better
adaptive value and lower illegal degree, thus improving the
efficiency of the algorithm.

2.3.3 The Steps of the IPSO-SP Algorithm

The path planning process based on IPSO-SP is listed as
follows:

Stepl: Set the number of waypoints N + 1, the number of
particles Npso, learning parameters b, and b,, inertia weight
Wmin a0d Winay, the maximum speed V., the maximum num-
ber of iterations G,, premature judgment parameters G

Step2: Set the number of iterations G =0, G, ;=0, (=1,
-+, Npso/2). The position and velocity of particles are initial-
ized according to the eqgs. (12) and (13).

Step3: The parameters of the splines determined by each
particle are calculated according to the egs. (4) and (8). The

fitness of each particle is calculated according to eq. (14). The
position information and the fitness of each particle are stored
as the individual optimum p,, (i =1, -, Npgp). The individual
with optimal fitness values is stored as the global optimum p,,.

Step4: Half of the global search particles with better fitness
are selected as the local search particles, while the remaining
half of the local search particles select the global search parti-
cle according to the probability based on eq. (10). The local
search particles are updated based on eq. (9) with w = wy,.

Step5: The parameters of the splines determined by each
local search particle are calculated according to the egs. (4)
and (8). The fitness of each local search particle is recalculated
according to eq. (14). If the latest individual fitness is better
than its individual optimal value, then the individual optimal
information p;, (i = Npso/2 + 1, ***, Npso) is updated. If the
fitness of local search particle is better than the global opti-
mum, then the global optimum information p, is updated.

Step6: The crossover operation is carried out for every two
adjacent local search particles according to eq. (11). The pa-
rameters of the splines determined by each local search parti-
cle are recalculated according to the egs. (4) and (8). The
fitness of each local search particle is recalculated according
to eq. (14). If the latest individual fitness is better than its
individual optimal value, then the individual optimal informa-
tion p;, (i = Npso/2 + 1, -+, Npso) is updated. If the latest
individual fitness is better than the global optimum, then the
global optimum information p,, is updated.

Step7: If the individual optimum of a global search particle
is not improved, then G, ;= G,_;+ 1. Otherwise, set G, ;= 0.
IfGy; = Gy, (i=1, ", Npso/2), then the global search parti-
cle is reinitialized, and set G, ;= 0.

Step8: The global search particles are updated based on eq.
(9) with w = wy.c. The parameters of the splines determined
by each global search particle are recalculated according to the
eqs. (4) and (8). The fitness of each global search particle is
recalculated according to eq. (14). If the latest individual fit-
ness is better than its individual optimal value, then the indi-
vidual optimal information p;, (i=1, ***, Npgo/2) is updated. If
the latest individual fitness is better than the global optimum,
then the global optimum information p, is updated.

Step9: Gy = Go + 1. If G = Eg is satisfied, then the iter-
ation is ended and the optimal solution is output. Otherwise,
return to step4.

3 Analysis of Path Following Problem

The underactuated AUV studied in this paper is equipped with
a propeller to control the surge speed, a pair of horizontal
rudder to control the pitch, and a pair of vertical rudder to
control the yaw, respectively. The AUV is not equipped with
driving force in the lateral and vertical directions.

@ Springer
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Fig. 1 Path following schematic diagram of AUV

3.1 Kinematics and Dynamics Modeling

As shown in Fig. 1, the equations of motion for AUV in 3D
can be built base on fixed coordinate system {/} : £ — £n¢ and
moving coordinate system{B} : O — xyz. The center of buoy-
ancy (CB) of AUV is set to the origin of {B} coordinate sys-
tem. Since the roll is very small and needn’t to be controlled,
the kinematics and dynamics model of AUV can be simplified
as the following,

n=Jn)v, + vy (15)
My, +C(v,)v, +D(v,)v, +g(n) =7+d (16)

where n=1[¢ n ¢ 6 o], the (& 0, ¢ are the coordi-
nates of CB defined in {/} frame, the (6, 1) are the attitude
angles of AUV defined in {/} frame, € represents the pitch
angle, 1 represents the yaw angle. The J(n) represents the
rotation transformation from {B} frame to {/} frame,

I 0
J 03
s =57 f(;)]un):[o 1 ]
2x3 2 cosd
cosyycos  —sinyy  cosysing (17)
Ji(n) = | sinpcosd  cosyp  sinysing
—sinf 0 cosf

Thev, =[u, v, w, ¢q r}T represents the relative ve-
locity between fluid and AUV which defined in the {B}
frame, where (u,, v,, w,) are the surge, sway, heave
relative velocities, and (g, 7) are the pitch, yaw rates. The
Ve =[uy vy w, 0 O]T represents the velocity of
wave which satisfies bounded condition|v,,|<V,,. The sys-
tem matrices M = M”, C(v) = —C(»)", D(v) > 0. The restor-
ing moment is defined as g(n) =[0 0 0 Mys 0],
the pitch restoring moment Myg = — z,G sin 6, where z,
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is distance between the center of mass and the CB, G is the
gravity of AUV. The 7 = [X, 0 0 &, 6,]" represents
the control signal, X, is the thrust of propeller, ¢, is the
vertical rudder angle, and J; is the horizontal rudder angle.
Vector d describes the model uncertainties. In order to
make it convenient for the dynamic controller design, dy-
namic eq. (16) can be simplified as following,

up = Futy + FxX. +d,,
v = Fyv, + dV7

Wr:FWWr‘i’dWa (18)
q: qu+FMMHS+FMk($55+dq,
r=F.or+ Fyksé, +d,,
Xl qu r 1 Y, va r
u = ot |‘|u|>FX: 7Fv: i H|V|
m—Xy m—Xy m—Yy
Zw +Zw w| [Wr M +M 1
where F,, = il l,Fq: 1 "“"'q‘,FM:i,.
m—Zyy [_V*M'q Iy*Mq
N, +N‘r‘,|l’| 1
= JEFy = .
I.—Ny I.—Ny

The symbol m represents the mass of the AUV. The I, I,
denote the moment of inertia. TheXy.y, Yy, Zi.y, My,
Ny. represent the hydrodynamic parameters. ks is the lift coef-
ficient of the rudder. The d,, (i = u, v, w, ¢, r) are model
uncertainties.

3.2 Error Model of Path Following

As shown in Fig. 1, the virtual target and the tracking errors
are defined in the Serret-Frenet frame {SF} : P — xzyrz- The
control objectives can be expressed as following

tlirn U (1) = tyg, tlimxe(t) =0, tlimye(t) =0,

(19)

lim 2, (1) = 0, lim 6, (¢) = 0, lim ¢, (1) = 0,

where u,,, 1s the desired constant relative surge velocity, (xe, Ve,
Ze» 0o, 1) are tracking errors defined in the {SF’} frame. The P,
which is the origin of {SF’} frame, is the virtual target. The u
denotes the surge velocity of P along the path. The position
and attitude of P in {/} frame are defined as
Pp=1[& np (p 0Or 1p],andthe position and attitude
of O in {I} frame are definedas P, =&, 1, ¢, 0 ).
Then, we can calculate the tracking errors as following
Pe=[x ye z 0 we]T = Rf(PO_PP) (20)

where R/ represents the rotation transformation from {/}
frame to {SF} frame

F_ | Ri 030 1 0
Ri |:02x3 Ry =1y cosfr |’

cosyy pcosfp  siny pcosfp  —sinfp (21)
R = —siny cost 0
cosypsinfp  sinypsinfp  cosfp
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The rotation matrix R, and R, satisfy the properties Py = Ry(Por—Pp2) + Ro(Por—Pp2)
Ry = SiR\,Ry = $2Ry, X" S1x = 0, xe’, S
= S2Pe> + Ry (Por—Pp2)
0 rr ~dr 9-qr
Si=|"rF 0 —rptanfp |, = cost : (25)
qr rrtanfp 0 “qryetandr + cosf T

0 0
52 = [0 —qFtanQF}

Defining Por = [&o no Col™-Pri =& np ol
Po =[x . z]|, then we can get Pe = Ri(Po1 = Pp1),
pre-multiply the derivative of P, by PeTl, then

PliPa = P}y [Ri(Por=Pp1) + Ri (Por—Pp1)]
= PeTlslPe_l "’P;Rl (Po1—Pp1) (22)
= Pl R\ (Por1=Ppy).

Eliminate PeT1 on both sides of the eq. (22) we can get the
results

P =Ry (Por—Pp1) (23)

Using the relations

Rlppli[u}:‘ 0 O}T,

_ U Uy,
R1P()1 = Rl Jl (n) Vy + | v
Wy W

[cosy,cosf, —sinty, cosiy,sind, | [ u, Uy
= | sing),cosf, cosy, siny,sind, Ve | + | Vwr
| —sinf, 0 cosf, W, Wyyr
[ u,costp,cos6, + d,

= | usimp,cost, +d, |,

| —usinf, +d;

dy [ —v,siny, + wy.cost,sinf, + u,y Uy Uy
{d},:| = | v.cost), + w,sint,sind, + v, 1 R [ Vs :| =R |: Vi ] .

d, W,c080, + Wy,r Wyf Wiy

The (u,5 v Wiy are velocities of wave in {SF} frame.
Due to the lack of driving force, the v, and w,. are very small.
So the velocities of wave are the dominant part of d;, (i = x, y,
). It can be assumed that |d;|<v,. Then, eq. (23) can be
rewritten as

‘ X, u,c081),co80,—ur + d,
Py= |y, | = u,siny,cost, + d, (24)
Ze —u,sinf, + d.
Defining

Poy=[0 9]" . Prmy=[0r tp]"Po=1[0 ¢,]"
sinceP,, = Ry(Ppo — Ppy), the derivative of P,, can be com-
puted as

where ¢ and r are the pitch and yaw rates of {SF’} frame.

4 Controller Design
4.1 The Design of Virtual Target

The up, which is the speed of the virtual target, will be de-
signed to stabilize the along-track error x,. Firstly, the uncer-
tainty d, is estimated by the nonlinear observer as follows

dx = dxp + kxpxea (26)
dyy = —kypd =k, (urcosdzecosﬂe—u F+ kx,,x@),

where &, > 0, cAlx is the estimate value of d,.. Define the esti-

mation error as Ex = d,—d,, then we can get

& = dx_;ic = dx_ (dxp + kxpxe)
= dx_ (_kxpdxp_k)chxe + kxpdx) = dx_kxpgx (27)

S_kxpgx + Hxv

where d, is the upper bound of thed,, which satisfies the con-
ditions|d,|<d.. The Lyapunov function is selected as

1 1-~2
|4 =_x +—d

Designing the control law as follows

ur = uycosp,cosb, + kix, + cAZx + e1sgn(x,), 2
€1 :k2<l_e_k3‘x"‘), ( )

where k; > 0, k, > 0, k3 > 0, the sgn is sign function. In order to
reduce the chattering, the switch gains £; is adjusted between
0 to &, based on the tracking error. Then, the derivative of V;
becomes

V1 = xgﬁce + ax;?x
~ ~2 ~ ~ .
= x. (wcost,costeup + dy ) ~kpd, + xody + dod

- 2 1, 12
<X (u,.cosweCOSGe—up + dx) ~(kyp=1)d, + Exi +3 d.

e

S—Zkvl V] + AV] y

1 2 1.2
S<k15>x2(kxpl)dx51|xe| + de
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whereky, = min[(kl—%), (kxp—l)] Ay, =5 dx

The V, is uniformly bounded as long as the requirements k;
> 0.5, ky, > lare fulfilled. In fact, the conditions are very
conservative. Since the spline is parameterized by w, the up-

date law of w can be calculated by the following equation

Jfk

4.2 The MPC Guidance Law

Ur

(30)

)+ 7 (W) + & (w)°

Traditional LOS guidance, which imitates the actions of a
helmsman, has several nice properties. However, it is sensitive
to the disturbance of waves. MPC is known as an
optimization-based control method. In addition, there have
been many studies on the stability analysis of MPC, such as
literature [45, 46]. Next, MPC will be applied to design the
guidance law, which can make up for the deficiency of tradi-
tional LOS guidance. Considering that the response of the
dynamic controller to input has a certain delay. The response
of the dynamic controller to the desired attitude is approximat-
ed by the following equations

. 1 : 1

0, = T_l (aed_ee)a we = T_z (%d‘%) (3 1)
where 77 > 0 and 7, > 0 are adjustable time constant, 6, and
1.4 are the desired approach angles in vertical and horizontal
planes.

4.2.1 The Predictive Model

According to the Egs. (24) (31), the control objective can be
equivalent to the stabilization control problem for the follow-
ing error variables

' u,sin),cosl, + d, urkytp, +d,
Ve ursin9 +d; —urk:0. +d;
: 1
Z@ - =
ol et | = | e | o)
'(/Je T, (%d ¢e) 7, (wed %)
siny),

where k, = =7~ cosl,, k; = M . In this paper, &, is set to &, =

cos 0, when [¢),| < {5, k. is set to k, =1 when
The system (32) can be can be written as

x = f(x,u) (33)

where x=[y, z 6. v.]"
[0cg 1,4]" is input variables. Obviously, the equilibrium
points of system (33) are x = 0 and u = 0. Then, we can
discretize the system as follows

is state variables, u =

@ Springer

X1k = ArXpk + Brug g, (34)
Vik = CiXe,
10 0 Tugk 0 0
0 1 ~Tugk, 0 0 0
T T
A= |0 r 0 | Be= |7 0 |G=L
0 0 0 1 r 0 4
T T

where T represents the sampling time.
Using the predictive model (34), the predictive value of the
state variables are

X1k = AkXp gk + Brug g,
Xiy2k = ArXpa 1k + Brltgy1k
= Aixk,k + ArBrug i + Britgs1 ks
Xpy3h = ArXpaok + Brltgyok
= Aixk,k + AinukA,k + A Brugq1 ; + Brtkio ks

"N N,—1 N,~N.
XN,k = A Xk + A" Brugk + 0 A" Brldgn -1k,

where N,, N, represent the control horizon and the prediction
horizon. Then, the predictive value of the output variables can
be calculated as.
Vvt = CrArxpx + CrBrug,
Visax = CeAjxir + CrliBrug s + CiBittgsr ks
Vissx = Crlixis + CkA%Bkuk,k_ + CrArBrttiey 1k + CiBrutg ok,

N Nyl N,~N,
Viin, & = CkAkpx/ﬁk + CkAkp Biugy + 0+ CkAkp
Finally, it is rewritten into the matrix form as

BN 1k

Yigip = Wxpp +OUpx (35)
where
[ Yi+1k Uk k
Yi+2.k U1,k
Yigrk = | Yiwsk |>Uki = Uk+2 N
L Vi+N, k Uk4+N.~1,k
[ CrAx
CrA?
= | G4y |,
[ Cey”
CBy 0 0 0
CkAkBk CkBk 0 A 0
6= CkAin CkAkBk CkBk 0

CkA;CVIF] Bk CkA;(vp*sz CkA;CV/I’3Bk e CkAkN,.*N(‘Bk
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4.2.2 The Control Constraint

Here, the control constraints are considered as

uminsuk+t.k§umaxa = 07 17 ”'Nc_la (36)
™ mT T w7
=[5 2] [ 3]

The constraints conditions (36) can be translated into linear
inequalities as following

Ml Nmax
Uri < ,

M, :INC®127Nmax — 1Nr®umaxa
Niin = _1N8®umina 1]7\;( = [1 1 1

(37)
1 }]xNC‘

The symbol ® represents the kronecker product.
The next step is to design stability condition to ensure the
stability of the MPC. Consider the Lyapunov function

{ke = M,yU; <0,

1
Vs =5(y§ +Z§) (38)

First, let’s assume that v, = 1,4, 0, = 0,4, 1. = 1oy and ignore
the uncertain terms, then according to the error eq. (24), the
derivative of V, is equal to

V), = y&j/e + Zeze
= yeurdsindjedcosﬁed—zeurdsinHEd (39)

siny,, sinf,y
COSQed + k(9|ze|urd )
ed eed

= kﬁi‘|ye‘urd

where ky, = sgn(Ve)Ves, kg = — sgn(z.)8.4. Obviously, as long
as conditions &, < 0 and ky < 0 are satisfied, then V,<0. The
stability condition can be translated into linear inequalities as
following

My = =sgn(z.)Cy, Co = [1 Orxv—1) |®[1 0], M3 =sgn(y,)Cy,Cpy = [1 Opxqn—1) |®[0 1].

ky = M3Upx<0,
(40)
The stability condition parameterize by parameter vectorUy,
making it convenient to solve the optimization problem. M, N max
min Jix = UfEUrk + 205 F sy, 71\]‘2 Ui < Ng.m
4.2.3 Optimization with Control Constraint M; 0
(43)

The cost function at time k can be selected as
Jek = Y/{.H,k@YkJrl,k"‘ U/{’kﬁUk‘k (41)

where O = Iy, ®0.R = Iy, ®R.0 = diag (011, 022, O3,
0O44) and R = diag (R}, Ryy)are positive definite weighting
matrices. In order to reduce the ocean wave disturbances, the
weight coefficient will be adjusted as following

Q _ Qmax ) |ye|2AL Q — Qmax ) |Z6|2AL
H Qmin 7|ye| < AL7 2 Qmin 7‘Z€‘ < AL
(42)

where Opnin >0, Omax > 0 are the weight coefficient, A; >0 is
the boundary layer distance.

To find the optimal Uy that will minimize J 4, by inserting
eq. (35) into eq. (41), Ji r is expressed as
Jik = [Wxer) O + UL EUs +2UL F. where
E=0"00+R, F=0"0Ux;,.

Since [ka7k] T@%ck’k is constant, the optimization process
of MPC is equivalent to solving the quadratic programming
problems

By solving eq. (43), we can get the control vector Uy ;.
Then, the first element of the control sequence u;,_  is imple-
mented as the actual control input. When the next sample
period arrives, the more recent measurement is taken to form
the state vector for calculation of the new sequence of control
signal. This procedure is repeated in real time to give the
receding horizon control law.

4.3 The Dynamic Controller
4.3.1 The Control of Relative Surge Velocity

Define error variables u, = u,—u,4, then choosing sliding
mode function as follows

s1 = ¢y + Uy = iy + Fou, + FxX. +d, (44)

where ¢ > 0. Since u,, is constant, the system can be consid-
ered as autonomous. So we can assume that d;, (i = u, v, w, ¢,

r)are slowly varying. Define Ju = du—élu, whereﬁu is the es-
timate values of d,,. Consider the Lyapunov function
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Fig.2 Path planning results. (a) The paths are displayed in three-dimensional space. (b) The paths are shown in horizontal plane. (¢) The curvature of the

paths. (d) The fitness curves
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1
—d +=5 45
2k4 u+2S1 ( )

1.2
Vz zzur—k

Designing the control law and adaptive law as

1 . o
X, =— [—cl (Fu FyX, + d,,) —F,i,—ii,
Fx
(46)

—k5S1—€2Sg11(S1)] ;
du = k4(?1S1, &y = kz (1_e*k3|s1|)’

where k4 >0, ks > 0.
Differentiating V, with respect to time, then.
1~ .
Vy = Wit——dydy + 5151
k4
- o 1~ . X
= urS1—61uf—k—du3u +s1[er(Futtr + FxXr +dy) + Fuu, + FxX;]
4
- -~ 1 -
= ursl—cluf +d, (_7du + 0131>
ka

+s1 [cl (F,,u, + FxX,+d,) + Fou, + FXXT] = —ciit—kss>—e3 51| <O0.
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The speed of the propeller can be calculated according to
the hydrodynamic model as following

X,

- 47
KorD! (47)

npz

where K7 p, Dp denote thrust coefficient, fluid density, diam-
eter of the propeller, respectively.

4.3.2 The Control of Pitch Angle

Define error variables Ee = 0,—0,4, consider Lyapunov func-
tion as

(48)

Differentiating V3 with respect to time, we can get
Vs = 0.0, = 0.(q—q —0.q). Designing the desired value of
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the pitch rate as g; = Ooq + q p—kobe, thenVs = —ke6, + 0.4, s> =cq+q+6, (49)
where k¢ > 0, ¢ = g—¢q,. Choosing sliding mode function as =g + Fyq + FuMpys + Fuyksds + dy—q, + b,
follows
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Fig. 3 Simulation results of path following in still water. (a) The
simulation results are displayed in three-dimensional space. (b) The
simulation results are displayed in horizontal plane. (¢) The simulation
results are shown in vertical plane. (d) The along-track error. (e) The
lateral error. (f) The vertical error. (g) The pitch angle error. (h) The

(h)

yaw angle error. (i) The desired pitch angle error. (j) The desired yaw
angle error. (k) The stability condition. (I) The surge relative velocity of
AUV. (m) The speed of the virtual target. (n) The sway relative velocity
of AUV. (o) The heave relative velocity of AUV. (p) The speed of the
propeller. (q) The horizontal rudder angle. (r) The vertical rudder angle
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where ¢, > 0. Define ﬁq = d,—d,, whered, is the estimate
values of d,. Consider the Lyapunov function

1.2 2

. 1
Va=Vs+5q +5-d + =53 (50)

Designing the control law and adaptive law as

[—Cz (qu + FyuMpys + Faksos + glq_"Id>

" Fuks

~Fyq~FuMps + ¢d—0,~G—kssr—e3 sgn(sz)} ,

glq = kqc283,63 =k <l—e_k3‘52|>,
(51)

where k7 > 0, kg > 0, then, the derivative of V, becomes
Ve = Vs + T -dyidy + 535
k%c:’q + czsz)
52 |e2(Fygq + FyuMis + Furksds + 8-4,)
+F,q+ FyuMus + Fuksd—qu + 58]

2 2 ~
= *k696*62fqv + §S2 + dq (

2 2
o 2
= —keb,~c2q —kss5—e3]s2|<0.

4.3.3 The Control of Yaw Angle

Define error variables @e = 1),—),4, consider Lyapunov func-
tion as

1 ~2

V5:21/fe

(52)

Designing the desired value of the yaw rate as
rg = (iped + g tanf g + rF—k9@e> cosf/cosfr, then
. ~2 . ~
Vs =—kot, + k,7, where ko > 0, k, =1,cos6p/cosh,
7 = r—r4. Choosing sliding mode function as
s3 =37 + T+ k. = 37 + For + Fyksd, +d,—rq + k.(53)
where ¢3 > 0. Deﬁnegr = d,*é?,,, where@, is the estimate
values of d,. Consider the Lyapunov function

2

Vo= Vs 47 +—d 415 (54)
= —”‘ —_— . J—
6T ST Tk T2

Designing the control law and adaptive law as

1
5, =
Fyks
_F,f + rd—k,—7—kns3—s4sgn(S3)} s (55)

b, = kiocsss, ea = ko (1_6_1(3‘53‘)7

[_03 (Frr + Fykso, + &r_}’d)

where k¢ > 0, k7 > 0, then, the derivative of Vg becomes

. 1~ .
Ve = Vs +rr——d,d, + s3s3
k1o
2 2 - 1 =
= —kotp,—c3r +7rs3+d, (—k—dr + C3S3)
10
+53 [63 <F,~}" + Fngér + (’/‘ir*.}"d) + Frf‘ + FNk(;S,frd + kr]

= *kg’;[)efcfi" *kl 1S§*€4 |S3 | <0.

4.4 Stability Analysis of Closed-Loop Systems

According to control law (29), error eq. (24) can be rewritten
as

Xe
Ze

*klngsls’gvn(xe) +d, N
- (u,ﬁd + E,,) sin (wed + we) cos (6‘64 + 96) +d,
- (u,.d + i?,) sin (9601 + 56) +d,

(56)

Then, the Eq. (56) can be expanded as following by apply-
ing the trigonometric properties,

Py =A.+ Bedel + deZ (57)

—k1xe.—€1sgn(x.) 1 0 0 0]
A, = | using,;cosbpy |, B.= |0 Bxm By B,
—urdsin@ed 0 B32 B33 0 ]

o~ ~ ~ T .
det = [dx U 0, 1/;6] ydo =[0 dy, d.]", By = sini),cosb,,

_ _ <coso9€—1> _ sind,
By3 = u,4sine,,co81, [ 0884 — —sinfpy — |,
e e B
. COS%_I) sing,
By = u,4sine,;,c080,4 — + uyyco8t,,c080, —=,
e 1/)8
. . (1—cosﬁe> sind,
B3y = —sinb,, B3z = u,4Sinf,y ~UyqCOS0g — .
0. 0.

The system (57) can be equivalent to the P, = A,
perturbed by the d,; and d,,. Since the stability of P, =
A, is guaranteed by the kinematics controller, moreover, d,;
is uniform global asymptotic stability andB,,d.,are bounded,
the P, is uniformly ultimately bounded (UUB) can be
concluded.
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5 Simulation Results
5.1 Path Planning Based on IPSO-SP

The path in horizontal plane starts at (&, 19, (o)= (0, —10m,
Sm)and ends at(&y ,my ,Cy.) = (100, =100m, 5m). The
depth is set to 5 m and does not participate in optimization.
The underwater environment information is modeled as fol-
lows

C(Em) = 103 H(i)e HeIE GO 0l (0 (58)
i=1

£, = 20,50, 80, 10, 40, 70, 30, 60, 90, 20, 50, 80],

1, = —[80, 80, 80, 60, 60, 60, 40, 40, 40, 20, 20, 20],

H,=[11,4,11,8,14,4,4,11,8,11,8,11],

ke =k, = 0.01 x [1,5,1,5,2,5,5,1,5,1,5, 1].

The C°(, n) represents the depth of water at any location.
The (&, n,) represents the coordinates of the center of the
obstacle in the horizontal plane. The H, represents the height
of obstacles. The keand k,represent the slope of obstacles.
Since the minimum turning radius of AUV is 10 m, the max-
imum allowable curvature of the path is ¢;. = 0.1. The main
parameters of the [IPSO-SP algorithm are set as Ny = 5, Npsp =
20, by =2, by = 2, Wpax = 0.8, wiin = 0.5, Vipax =
1,Gg = 200,G, = 10, Aw=0.02. The results of path planning
are shown in Fig. 2. Paths 1-3 are results of planning with the
traditional PSO algorithm and paths 4—6 are the results of
planning with the improved PSO (IPSO) algorithm. The plan-
ning results show that both methods can work out qualified
paths under the premise of sufficient iteration times. All paths
can avoid obstacles and the maximum curvature meets the
constraints. The average fitness values of the two methods
are 151.2 and 141.4, respectively. The traditional PSO algo-
rithm has a short convergence time. However, the optimiza-
tion results are basically not improved in the later stage, which
indicating that the algorithm falls into the premature problem.
Although the convergence rate of the IPSO algorithm is a little
slower, it can effectively improve the premature problem, so
that a better path can be obtained.

5.2 Path Following in Still Water

Firstly, path following control simulation experiment is per-
formed when there is no environmental disturbance. The
AUV model is the REMUS 100 [47]. The controller designed
parameters are set as ky, = 1.1, k; = 0.6, k; = 0.2, k3 = 30, ks =
0.1, k5 = 01, k6 = 01, k7 = 01, kg = 01, kg = 01, klO = 01, kll
=01,7=0.1,T1=1,1,=1,N.=3,N,=6, Onax = 1, Omin =
002, Q33 =2, Q44= 1,R11 = 1,R22= 1, AL = 0, C1 =2 Cr = 03,
c3 = 0.3. Since the first path (path1) has the greatest curvature,
it is selected as the desired path, which is more convenient to
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verify the tracking performance of the controller. The initial
states of the AUV are P,(0) =[0 0 3 0 -n/2]. The
desired forward speed 1, is set to 1 ms . Two different guid-
ance laws are applied. The first is the MPC guidance laws. The
second one is LOS guidance law and two different lookahead
distance 5 m (LOS-1) and 15 m (LOS-2) are adopted in sim-
ulation. The simulation results are displayed in Fig. 3.
According to Figs. 3a-h, we can see that path following results
of' both the MPC and LOS guidance law is nearly ideal except
in the early stages. Position errors and attitude errors can be
stabilized to zero. When the lookahead distance is small, the
LOS guidance law is prone to overshoot. On the contrary, the
position errors converge slowly. We can also see that position
errors converge faster and have no overshoot when MPC
guidance law is applied. Figs 3i-k show the desired approach
angles and the MPC stability condition. Obviously, they all
satisfy the constraints in Eq. (43). Figures 31-o show the ve-
locities of AUV and virtual target. The surge relative velocity
of AUV and the speed of the virtual target converge to the
expected value. At the same time, it can be seen clearly that
the heave and sway relative velocities are convergent and very
small because there are no driving forces in the lateral or
vertical directions. Figures 3p-r are the actual control inputs
of AUV. Due to the smooth path, the rudder angles and speed
of the propeller are very stable.

5.3 Path Following with Wave Disturbances

The AUV is often disturbed by waves when it travels close
to the surface of the water. Next, path following control
simulation experiment is performed with wave distur-
bances. The wave height is set as 1 m. Firstly, the path
following control is simulated by using LOS guidance
law. Then, according to the control results of LOS guid-
ance law, the boundary layer distance is set as A; = 0.5,
and the MPC guidance law is applied to carry out the path
following control simulation. Other designed parameters
of the controller remain unchanged. The simulation exper-
iment results are displayed in Fig. 4. We can see that both
controllers can achieve the path following task, but the
tracking accuracy is decreased due to the disturbance of
waves. Although all tracking errors fluctuate, the lateral
and vertical tracking errors converge within the boundary
layer. Due to the fluctuation of lateral and vertical tracking
errors, both the attitude errors of AUV and desired ap-
proach angles fluctuate frequently when LOS guidance
law is adopted. In order to track the desired approach
angles, the rudder angles also fluctuate frequently, which
causes the fluctuation of lateral and vertical relative veloc-
ities. But the amplitudes of the lateral and vertical relative
velocities are very small. Since waves mainly affect the
absolute velocity, but not the relative velocity. Therefore,
the velocity of the virtual target has some fluctuations.



J Intell Robot Syst (2020) 99:891-908

905

However, the surge relative velocity of AUV can converge
to the expected value smoothly and the speed of the
thrusters is also very stable. When MPC guidance law is
adopted, the stability of attitude errors, desired approach

P Desired path
Actual path(MPC)
a5 — — — Actual path(LOS)

angles, rudder angles, and relative velocities are obviously
improved. Compared with LOS guidance law, the mean
square error of horizontal rudder and vertical rudder an-
gles are reduced by 49% and 46%, and the integral of
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Fig. 4 Simulation results of path following with wave disturbances. (a)
The simulation results are displayed in three-dimensional space. (b) The
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square of horizontal rudder and vertical rudder angles are
reduced by 73% and 71%, respectively.

6 Conclusion

The path planning and following control problems of
underactuated AUV are studied in this paper. To plan the op-
timal global path when the underwater environment model is
known, the IPSO-SP algorithm is proposed based on PSO
algorithm and cubic spline interpolation technology, which
can be used to plan smooth paths that meet obstacle avoidance
requirements and curvature constraints. The path following
controller, which combines MPC and ADSMC, is designed
to improve system performance. First, the virtual target and
MPC guidance law are developed in the kinematic controller.
The virtual target is singularity-free for all regular paths. The
MPC guidance law provides the optimal approach angles for
the dynamic controller. The weights of lateral and vertical
errors in the MPC guidance law are adjusted based on the
boundary layer to reduce the wave disturbances. When the
tracking errors are within the boundary layer, the weight co-
efficients Oy, and O, will take the minimum value, so as to
reduce the control requirements for position errors and in-
crease the control requirements for attitude errors. In this
way, AUV can go forward as far as possible with the wave,
avoid blindly overcoming the disturbance of waves, thus mak-
ing the rudder angles more stable and reducing the energy
consumption of the actuator. In order to reduce the computa-
tional burden, the linear time-varying MPC is applied. The
simulation is implemented in Matlab and the eq. (43) is solved
by QP algorithm on a PC (CPU: Intel i5-3230M, 2.6GHz;
RAM: 4GB). The average time used to calculate MPC guid-
ance law is within 10 ms. So the controller can meet the real-
time requirement of path following. Because the kinematics
level is not affected by the model uncertainties, the prediction
effect can be guaranteed. Then, the dynamic controller is de-
signed based on ADSMC which can improve the robustness
of the system. The dynamic controller is implemented by
using relative velocity, thus it is better for energy saving.
Furthermore, relative velocity is easier to be measured and
relative velocity sensors can provide more accurate results
than absolute velocity measurements. This approach can also
be extended to path planning and following of other un-
manned vehicles.
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