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Abstract: This paper presents an efficient path-planner based on a hybrid optimization
algorithm for autonomous underwater vehicles (AUVs) operating in cluttered and
uncertain environments. The algorithm integrates particle swarm optimization (PSO)
algorithm with Legendre pseudospectral method (LPM), which is named as hybrid
PSO-LPM algorithm. PSO is first employed as an initialization generator with its strong
global searching ability and robustness to random initial values. Then, the searching
algorithm is switched to LPM with the initialization obtained by PSO algorithm to

accelerate the following searching process. The flatness property of AUV is also
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utilized to reduce the computational cost for planning, making the optimization
algorithm valid for local re-planning to efficiently solve the collision avoidance
problem. Simulation results show that the hybrid PSO-LPM algorithm is able to find a
better trajectory than standard PSO algorithm and with the re-planning scheme it also
succeeds in real-time collision avoidance from both static obstacles and moving
obstacles with varying levels of position uncertainty. Finally, 100-run Monte Carlo
simulations are carried out to check robustness of the proposed re-planner. The results
demonstrate that the hybrid optimization algorithm is robust to random initialization
and it is effective and efficient for collision-free path planning.
Key words: Autonomous underwater vehicle; Pseudospectral method; Particle swarm
optimization; Differential flatness; Path re-planning; Collision avoidance
1. Introduction

Autonomous underwater vehicles (AUVSs) are vehicles that can perform underwater
tasks and missions autonomously, using onboard navigation, guidance, and control
systems ('Yuh, 2000). In addition to various scientific underwater exploratory missions,
AUVs have also been widely utilized for military tasks and inspection of underwater
structures and resources (Wang et al., 2009; Lin and Tseng, 2006; Kondo and Ura, 2004;
Iwakami et al., 2002; Incze, 2011; Li et al., 2012).

AUVs usually operate in dynamic and cluttered ocean environments, and one main
challenge in the development of advanced AUVs is to find a path planning scheme
which can safely and effectively navigate and guide the AUVSs in such environments.

The path planner thus should be capable of reacting fast to changing environments and
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keeps the AUV away from various obstacles from its initial position to the final
destination. Obviously, such planning must be completed on-line and follow some
optimization strategy in order to ensure the safety and performance of the vehicles.

In recent years, a variety of solution approaches have been developed and applied to
the collision-free path planning problems of underwater vehicles. These approaches can
be roughly divided into two categories: global planning and local re-planning. When
the environment is completely known as a priori with static obstacles, a global path
planner can be utilized off-line via optimal control theory such as nonlinear
programming (Spangelo and Egeland, 1994; Kumar et al., 2005), heuristic algorithms
(Likhachev et al., 2005; Carsten et al., 2006) and artificial potential field approaches
(Khatib, 1986; Daily and Bevly, 2008; Sullivan et al., 2003). Another class of
algorithms to this type of optimization problems are graph search methods including
A* algorithm (Carroll et al., 1992; Pereira et al., 2011, 2013) and D* algorithm
(Ferguson and Stentz, 2006). On the other hand, if the vehicles operate in unknown or
only partially known environments with dynamic obstacles, then subsequent local re-
planning due to changing environments should be carried out on-line, which makes the
path planning problem intrinsically NP hard (Non-deterministic Polynomial), and
finding an optimum solution is not guaranteed. To deal with these problems,
evolutionary algorithms have been used, such as genetic algorithm (GA) or particle
swarm optimization algorithm (PSO) (Zeng et al., 2015; Aghababa, 2012).
Evolutionary algorithms usually have better ability to converge to a global optimum or

a near optimal solution than traditional optimization methods, and also not sensitive to
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initial guesses of solutions. However, evolutionary algorithms are prone to poor
numerical accuracy and difficult constraints handling.

In this paper, a novel hybrid algorithm is proposed for time-optimal collision-free
path planning of an AUV, which combines PSO algorithm and Legendre
pseudospectral method (LPM). The main idea of the algorithm is that: for the first phase,
PSO is used as an initial values generator due to its robustness to random initializations.
It will be applied for the problem with a set of random initial values, in order to enhance
the global searching capability. PSO stops iterating after a stopping criterion is achieved,
and the algorithm goes to the second phase. In the second phase, the searching scheme
is switched to LPM to achieve a faster and better convergence around the global
optimum. The differential flatness property of AUV is also utilized to reduce the
number of constraints and variables to be optimized in order to decrease the total time
consumption. If the time taken for each optimization is less than the given time horizon
for re-planning, then the hybrid planning algorithm can repeatedly be solved on-line.
This re-planning approach introduces feedback to compensate for uncertainty, and the
guidance law obtained for the AUV ensures obstacle avoidance and offers high

performance.

The contributions of this paper are as follows:

e Integrating PSO and LPM as a hybrid optimization algorithm, which can improve
both robustness to random initializations and convergence rate around global
optimum;

e Employing flatness property of AUV to reduce the time consumption of
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optimization ;

e Using re-planning scheme to deal with the collision avoidance against both static

and dynamic obstacles.

The remainder of this paper is organized as follows. Section 2 introduces the
mathematical models of an AUV and its flatness property; Section 3 defines the
problem statement and reformulates the problem in flat outputs space by using flat
transformation; Section 4 proposes the details of path re-planning scheme based on
hybrid PSO-LPM algorithm; Section 5 shows the simulation results and robustness
assessment of the proposed algorithm; Concluding remarks are then presented in
Section 6.

2. Mathematical model of an AUV
2.1 Nonlinear AUV equations of motions

In general, the dynamic behaviors of an AUV are commonly described in two

coordinate systems, namely earth-fixed reference frame and body-fixed reference frame

as shown in Figure 1.

Earth-fixed reference frame

< roll (p) X
Og ™ >°
_/ 4 surge (u)
pitch (q) W Body-fixed reference frame
yaw (r)
sway (V) A

\
Z, heave (w)
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Fig. 1. Earth-fixed and body-fixed reference frames.
A general description of six-DOF nonlinear equations of AUV motions is described
as follows (Fossen, 1994):

{1'1 =J(n)v O

Myv+Cwlv+DW)v+g(p) =1

where, v=[u,v,w,p,q,r]" is a velocity vector and n=[x,y,z,¢,6,¢] is a
displacement vector. u,v,w denote linear velocities along surge, sway and heave
directions; p,q,r denote rotational velocities in roll, pitch and yaw motions; X, Y,z
are positions along surge, sway and heave directions, respectively and ¢, 8, show the
Euler angles of the vehicle in earth-fixed frame; J(#)is Jacobian transformation
matrix; M denotes system inertia matrix; C(v) is Coriolis-centripetal matrix; D(v)is
hydrodynamic damping matrix; g(x) represents buoyant and gravitational forces and
moments; < is the vector of control inputs.

Without loss of generality, it is assumed that: (i) the center of mass (CM) coincides
with the center of gravity (CG) and center of buoyancy (CB); (ii) the hydrodynamic
drag terms of order higher than two can be neglected; (iii) the motions in roll and pitch
directions are negligible ( p=q=0;¢=6=0). By selecting the principal axis, the

inertia matrix and Coriolis-centripetal matrix are defined as:

m O O O 0 0 0 —-mv
0O0m 0 O 0 0 0 mu
M = , C= @)
0O 0 m OO 0 0O O O
0O 0 0 | mv -mu O O

here, m is the mass of the vehicle; I, is the moment of inertia in yaw motion. The matrix

D(v) is assumed to be non-coupled with only uncertain linear/quadratic damping
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coefficients X, / X, Yy I Yyur Zy ! Zyy @nd N, /N

ulul? v vv[? Tw

Hydrodynamic damping

rlr] "

matrix D(v)and g(#x) can thus be described as:

X, +Xylu] 0 0 0
0 Y, +Y, V] 0 0
blv)= 0 0 Zy+ L | W] 0 . 9(m)=0 ()
O 0 0 Nr+Nr|r||r|

r=[T,T,T,,0,0,T,]", where T,T,T,andT, represent available control inputs in
surge, sway, heave, and yaw directions, respectively. The kinematic and dynamic

equations of AUV can be represented as:

X=UCoSy —Vsiny
y=usiny +vcosy
Z=w
v=r

mu—mvr + X u+ X, |[ulu=T, )

mv+mur+YVv+Y, |v|iv=T,

[v]v
mw+Z wW+Z,, [wlw=T,

rir=T,

ILr+N,r+N

rir
2.2 Flatness analysis of an AUV
A control system
x=f(xu)xeR"ugR" (5)
is differentially flat or just flat, if there exist smooth mapsC , A and B defining on open

neighborhoods of R"x(R™)”* (R™)*and (R™)"*?, such that

y=C(x,u,4,0,..., U(P))
X=A(y, y’ 'y’m’y(}/)) (6)
u=B(Y, Y, §,.., Y7)

here p and y are positive integers, Y is called a set of flat outputs, and the components of
y are not related by a differential relation (Fliess et al., 1995, Lévine J, 2011). The

definition shows that if there exist a set of flat outputs with the same number of control
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inputs, then the state and control variables can both be expressed with them in flat
outputs space.

By observing Eq. (4) carefully, a set of flat outputs can be easily found as
Y =[Y,Y,,Y,,Y,]" =[x, ¥,Z,»]", and then the mathematical model of AUV can be
transformed into
U =Xcosy + ysiny =Y, cosY, +Y,sinY,
v =ycosy —xsiny =Y, cosY, -Y,sinY,

(7)

w=17=Y,

r=y =Y,

T,=mu-mvr+X,u+ X, |ufu

Julu
=m(Y,cosY, +Y,sinY,)+(X, + X
T, =mv+mur+Y,v+Y,

Vv

=m(Y, cosY, =Y, sinY,) + (Y, +Y,, |Y,cosY, —Y;sinY, )- (Y, cosY, -V, sinY,)

|Y, cosY, +Y,sinY, |)-(Y,cosY, +Y,sinY,)

[uu

[vIv

—mi (8)
T,=mMW+Z w+Z, |wlw

= mY3 +(Zw+2|w|w |Y3 |)Y3
T =1r+Nr+N,[r|r

= IzY4 +(Nr + N|r|r |Y4 |)Y4

3. Problem formulation and transformation

This paper aims at finding a time-optimal collision-free path planning scheme for
AUV, where the optimization criterion is used to obtain the minimum travelling time
whilst the collision constraints ensure that the path is collision-free from any static or
moving obstacles with uncertainty.

Generally, the path planning problem can be formulated as an optimization problem:
find a path X =[v;i;7]" =[u,v,w,r,X,Y, z,://,IL,TV,TW,J;]T , which minimizes the

performance index (J ):

m)énJ =t; 9
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subject to the vehicle dynamics described by Eq. (4), and the positional constraints from

the given initial condition X and final destination X, defined as:

X(ty) = X((t):nt,):7(t) = X, & X(t;) = X(¥(t,):n(t,):z(t,)) = X, (10)
where, t, is the final time. If the initial time is assumed t, =0, then t,is the total
travelling time of the AUV. The rotational velocities of the thrusters mounted on the
practical AUVs will have lower and upper limitations, which results in the following
control inputs constraints as

|7 1< 7 | (11)
where, 7, should coincides to physical limitations of the thrusters.

In this section, to deal with the collision constraints, hybrid objective function is
employed, and a weighting scheme is introduced to trade-off between the total
travelling time and the risk of collision, the hybrid objective function is defined as

J(X) =£31(X) +&,3,(X) (12)
where, g, €, denote positive weighting values satisfying ¢, +&, =1 and J;(X)=t; as
described in Eqg. (9).

The objective function for collision avoidance indicating distance information

between AUV and obstacles is defined as (Liang and Lee, 2015)
0, |X,—0bs;|>s,

LOO=3AUK A= 1 1
X, ~0bs| 3

bsj

. |x,-obs <8, 3

bsj

where, j=1,2...S, S is the number of obstacles in the work space; Obs;represents the

center of the j™ obstacle; X is the position of AUV; &, denotes the given safe

distance between AUV and the j™ obstacle, which can be obtained according to the
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length of the AUV and the radii of the obstacles.

As shown in Egs. (9-13), the optimization process needs to determine a large number
of variables, which will result in a huge time burden, especially for evolutionary
algorithms. Additionally, most optimization algorithms spend majority of time on
dealing with the differential equations constraints caused by the mathematical models
of system.

By the definition of differential flatness above, if a dynamic system is flat, then its
state and input variables can be parameterized in terms of a set of flat outputs and their
derivatives. The above original optimization problem thus can be converted and
reformulated in flat outputs space as: find a path Y =[Y,Y,Y..Y T in order to
minimize the objective function described as

rYn(itr; J(Y)= rYn(it?[elJl(\? )+&235(Y)] (14)
subject to the positional constraints as
AY ()Y (1), Y (t,)..Y 7)) = X,;  AY () Y(E,)Y(E).YOr,) =X, (15)
and the input variables constraints
IB(Y,Y, Y.YD g7 | (16)
where, flat transformation A is defined in Eq.(7), while transformation B is provided in
Eq. (8).

It can be found in the reformulation in flat outputs space, the constraints caused by

the nonlinear model of the AUV have been completely eliminated, and all the

displacement and control input variables can be parameterized by flat outputs, thus the

number of variables to be optimized has also been reduced by 60% from 12 to 4. The
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time taken for path planning is thus considerably faster in this case, and makes the
optimization algorithm more possibly to re-plan the trajectory on-line.
4 Hybrid PSO-LPM algorithm for path planning

This paper focuses on the path planning problem of AUVs in complicated
environments with static and moving obstacles. In order to seek a collision-free path,
the planner should be capable of reacting fast to any new information about the
environments obtained by the corresponding software and sensors mounted on the
vehicles. The path planning of AUV in such environments should be a continuous and
closed-loop process, and the trajectory should be locally re-planned according to the

changing environments. The main idea of the re-planning scheme is illustrated in Fig.

2: where AT is the re-planning time horizon, t,, is the i measurement time of the
sensors andt, is the time taken for the i re-planning process. At timet,, the AUV

executes the trajectory generated by the (i-1)" re-planner (dotted line in Fig. 2), and this

process will last until the timet; + At;, where At; =t,, +t, . An updated path will be

obtained by the i re-planning process according to the environment information

collected by the sensors at timet, +t, . The AUV will be guided along the new
trajectory (black line in Fig. 2) until the (i+1)™ updated trajectory is obtained. It is
obvious in Fig. 2 that, if AT > At,, then a path update can be computed by incorporating
any new information of the changing ocean environment. Moreover, if AT is
sufficiently short, then the environment information can be fed back to the planner in
real-time, which can ensure the trajectory planned more safely and efficiently. However,

the shorter the planning window is, the faster the planning algorithm is required.
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Fig. 2. Re-planning scheme.

4.1 PSO path planning algorithm

Particle swarm optimization (PSO) is an evolutionary computation technique, which
was introduced in the mid 1990s (Kennedy and Eberhart, 1995). Every particle in the
swarm represents a potential path, the parameters of each particle corresponds to the
coordinates of control points generating the path. An overview of the PSO-based path
planning scheme is illustrated in Table 1.
Table 1

PSO-based path planning scheme.

Initialization: Choose appropriate parameters for population size s, the maximum number

of iterations K, . The stopping criterion is chosen as the change of the current best particle

fitness values between two consecutive iterations is smaller than a predefined value . Input
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the current environmental information and initialize a set of particles positions X; and

velocitiesV, randomly.

1. Evaluate each particle’s fitness value subject to Egs. (14-16), and store the current best
state of each particle;

2. Evaluate the new position’s fitness value; for each particle, if the fitness value of new
particle is better than the original particle, swap it;

3. Compare with all the best ever positions of each particle to find the best global position,
and update the velocity vector of each particle in the swarm;

4. Update the position vector of each particle, using its previous position and the updated
velocity vector;

5. If the stopping criterion is satisfied or the number of iterations exceeds K, then stop,

otherwise, go to step2.

In Step 3, the updating scheme for the velocity vector of each particle is given by
Vi =Wy, +cn (B =X, )+c,rn (PSP - X;) (17)
where, subscript k indicates an unit pseudo-time increment, V', X; are the velocity
vector and position vector of particle i at iteration k, r,,r,are two random numbers in
the range[0,1] . The parameters c,,c,are problem-dependent, where c, indicates the
confidence level of the current particle in itself and c,describes the confidence level
in the swarm. The parameter w, is an inertia weighting factor which controls the

global/local exploration abilities of the swarm, which is proposed as

W, =w, —W(k—n (18)

max
max
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where, w

in Winax are the lower and upper bounds of w, in the whole optimization.
In Step 4, the updating scheme for the position vector of each particle is
described as
X =X+ (19)
Further, the velocity vector of a particle with violated constraints should be brought
back to zero in the velocity update scheme defined as
Vi =01t (P = Xk )+ 6o (P2 = X ) (20)
This is to ensure if a particle is infeasible, then there is a large probability that the last
search direction was not feasible.
4.2 LPM path planning algorithm
Legendre pseudospectral method (LPM) is an efficient numerical optimization
algorithm first proposed by Elnagar et al. (1995). In this paper, it is employed as a
discrete optimization scheme for the NP hard problem defined by Eqgs. (14-16). The

main idea of LMP is to parameterize the flat outputs and their derivatives with Nth order
Lagrange polynomials L, on N +1 Legendre-Gauss-Lobatto (LGL) points. Since the
LGL points lie only in the interval oe<[-11] , a linear transformation
o=[2t—(t; +t,)]/ (t; —ty) €[-1,1] should be taken first to rewrite the optimization
problem. The flat output functions Y (o) can thus be approximated on N +1 LGL

points as
V(@)=Y (@) =X Y (@)n(0) =X hni(0) (21)

where, LGL pointso;,1=0,1,...,N(c, =-1, o =1) are the roots of L (c). ¢ (o)

is the N degree Lagrange interpolating basis function defined as
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1 (c® =D)Ly (o)
N(N +1)Ly (o)) -0 (22)

@ (o) =

The first and the (y +1)" derivatives of Y (o) at the LGL point o, can be approximated

respectively as

Y(O-k) zY.N(O-k) ::ZN:Dl,le(O]) :iilDl,kl

(23)
N N
Y D (o) =Y (ren (o) = Z D(y+1),kIY (o) = 2'11 D(7+1),k|
1=0 1=0
where, D, ,, are the entries of the (N +1) x (N +1) matrix D,
I‘N (Gk) . 1 k + I
Ly(o)) o,-0
N(N +1)
-_— k=1=0
D, = [Dl,kl] = 4 (24)
N(N +1) Kel=N
4
0 otherwise.

The matrix D, is also (N+1)x(N+1), which can be easily obtained by
D,y =[D,a]=D™.

Using LPM algorithm, the path planning problem shown in Eqgs. (14-16) can be
further converted into a NLP as: determine a set of coefficients
A(0) =[4, (0), 4, (0),..., A ()], which minimizes the cost function shown in Eq.
(14), subject to all required constraints.

One of the main advantages of LPM is offering an exponential convergence rate for
the approximation of analytical functions under L norm, while providing Eulerian-like
simplicity (Gong et al., 2006). Due to its high accuracy and competitive computational
efficiency, LPM is widely used in direct optimization methods. In general, LPM has a

larger radius of convergence than other numerical methods, and it may not require a
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set of good initial guesses for convergence. However, educated initial guesses do
improve the convergence rate and robustness. In the following section, a hybrid PSO-
LMP algorithm is proposed to solve the collision-free path planning problem of the
AUV.
4.3 Path re-planning with hybrid PSO-LPM algorithm

The proposed PSO-LPM is a hybrid optimization algorithm combining PSO
algorithm with LPM algorithm. The main idea of the algorithm can be divided into two
phases: in phase 1, PSO algorithm serves as a start engine to generate a candidate path;
in phase 2, the best solution of phase 1 is loaded as an initialization for LPM-based path
planner, and then run the LPM-based path planner repeatedly on-line until the AUV
reaches the final destination. Finally, the obtained optimal solutions in flat outputs space
should be mapped back to the state and control input spaces. The details of PSO-LPM
algorithm can be summarized as shown in Table 2:
Table 2

Hybrid PSO-LPM algorithm for re-planning process.

Initialization: Set all the parameters of PSO algorithm with appropriate values, and the

number of LGL points is N+1. Select a proper value for re-planning time horizon AT , where

AT could be a constant, and depends on the time consumption for each re-planning process

based on LPM-based algorithm.

1. Rewrite the original problem in flat outputs space as shown in Egs. (14-16) and
approximate the flat output functions by LPM algorithm according to Egs. (21-24);

2. Regard the undetermined variable vector A =[4,,4,,...4,]" as a single particle, and run




the PSO-based path planning algorithm in Section 4.1, until the stopping criterion is met

or the number of iterations exceeds K __ , then stop;

3. Store the best candidate solution, and regard it as a set of initial values for LPM path
planner, meanwhile let i=0;

4. Update the current ocean environments information at time t,, and run the LPM path
planning algorithm;

5. Send the updated candidate path found in Step 4 to the AUV guidance system once the
vehicle reaches the timet, +At; ;

6. If the fitness value of the ith planning J,, > AT, store the values of 1 =[4,,4,,..,4,] at
time t +AT, and set it as an initialization for the (i+1)™ re-planning. Then let i=i+1, and
return to Step4. Otherwise, go to Step 7;

7. Store the optimal solutionasA™ =[4,, 4, ,...,4, 1", and obtain the corresponding flat output
variables Y*(c)=[Y"(6).Y (6),Y (0),...Y " ()] according to Eq. (23), then map the
flat outputs space to the state and control inputs space by flat transformation;

8. Substitute the obtained optimal control inputz”into the system dynamic models, and
obtain the actual state variables by numerical integral calculations. If the error between
the actual final condition and the desired final condition does not meet the precision

requirement, then increase the number of LGL points as N=N+1, and return to Step 1,

else stop.

316 5. Results and discussion
317 To investigate the effectiveness and robustness of the proposed re-planning algorithm,

318 numerical simulations have been carried out for two different cases with multi static
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obstacles and multi moving obstacles, respectively. The algorithm has been coded in
MATLAB R2012a and simulations are run on the PC with 2.1 GHz CPU/2GB RAM.
The NLP solver for re-planning process used here is KNITRO (Byrd et al., 2006).

In the cases studies, the simulation parameters for PSO algorithm are selected as: the
population size s=30; the maximum number of iterations K ., =1000; ¢, =c, =2and
the inertia weighting factor w, scales linearly between 0.4 and 0.9. The number of LGL
points is 11 with N=10; the re-planning time horizon is given as AT =1s, and the
weighting values for hybrid objective function are setas¢, =&, =0.5.

5.1 Casel: Static obstacles avoidance

The scenario in this case study is that an AUV is travelling in 3-D workspace, from
the start point [0,0,0,0,5,5,2,—7/4]" to the destination point [0,0,0,0,45,45,22, z/4]".
Six static obstacles are considered for evaluation of the re-planning algorithm, which
are assumed to be spherical with the same radius of 3m.

Fig. 3 displays collision-free trajectories of the AUV obtained by only PSO algorithm

with a random initialization and the time taken to arrive at final pointis t, =183s. Fig.

4 shows an optimal collision-free path obtained by hybrid PSO-LPM global planning
algorithm with the final arrival time as t, =111.7s. This shows that the hybrid PSO-
LPM algorithm is able to find a better optimal trajectory compared to PSO algorithm
alone. The PSO algorithm here is only used to find a set of initial guesses for LPM-
based algorithm rather than a global optimum.

Fig. 5 shows an optimal path of AUV based on the re-planning scheme, and the total

travelling time is t, =130.27s. It can be found that although the globally planned
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trajectory is slightly different from the re-planned one; both of them can guide the AUV
to the final destination successfully without collision with any obstacles. In this case all
the positions of static obstacles are assumed to be exactly known as a priori, thus the
global PSO-LPM algorithm can be utilized for the purpose of collision avoidance with
sufficiently enough LGL points, in order to avoid the possible collisions between any
two LGL points as shown in Fig. 4(a). It should be noted as the number of LGL points
increases, the complexity and time taken for the optimization will increase, resulting in
a more computational burden. The proposed algorithm deals with the obstacles by local
re-planning with optimized LGL points, which not only reduces the time consumption,
but also reduces the risk of collision as shown in Figs. 4(b) and 5(b) respectively.
However, the re-planning scheme has to evaluate the collision risk and refine the path
in each local planning process to keep the AUV a safe distance from all the obstacles.
It can be seen in Figs. 4(b) and 5(b), the value of objective function for local re-planning
is thus almost twenty seconds longer than that of global planning.

a

30 -

stacle 6
25

o

20 bstacle 2

15 % {

10 4

Z (m)

““Obstacle 3

X (m)



358

359 b
60 F F F r
S Distance from Obs1
e Distance from Obs 2
% 50 Distance from Obs 3
o Distance from Obs 4
a Distance from Obs 5| -
.g 40 \ N Distance from Obs 6 P
5 S // I
5>2 o \\\\ // s
5 20
B NN W4
g 10 ™~ b
8 ~———<
2]
5 T
00 20 40 60 80 100 120 140 l(;O 180 200
360 t(s)
361 Fig. 3. Planned trajectories of AUV by PSO algorithm in Case 1. (a) Trajectory of AUV in 3-
362 D workspace. (b) Distances between planned trajectory of AUV and each obstacle.
363 a
30 B ~ B ~
25 ) i . 7C‘Jbstacile 6 \
Obstacle 2 \
20 B ~
Bl Q a
N Obstacle 5
\\
10  Ob
N\
5 \
0. . -
50 Obstacle 3
h N
Y (m)
0 10 20 30 40 50
364 ° X (m)
365
366
367

368



369

370 b
60 T T T
€ — Distance from Obs 1
& ——— Distance from Obs 2
% 50~ — Distance from Obs 3
fg ——— Distance from Obs 4
-8 — Distance from Obs 5
- 40 Distance from Obs 6 /
g
<>D( 30-\\ //
BN s
[
NN
Ke]
g —
OO 20 40 60 8r0 1(30 120
371 t(s)
372 Fig. 4. Globally planned trajectories of AUV by hybrid PSO-LPM algorithm in Case 1. (a)
373 Trajectory of AUV in 3-D workspace. (b) Distances between globally planned trajectory of
374 AUV and each obstacle.
375 a
""Obstac"" —
25 — d tacle 5
20 Obsta’cleyz ]
' staclet—
154
N 10 ’Qbstacle ObstécléA )
. ,
/ — 60
0=
50
376 Y (m) 10 o 0
377
378
379

380



381

382

383

384

385

386

387

388

389

390

391

392

393

394

395

396

397

60 f f
— Distance from Obs 1
é Distance from Obs 2
@ 50 Distance from Obs 3
S Distance from Obs 4
E Distance from Obs 5
O 40 Distance from Obs 6
g
< 30
(3]
g \ g
o 20 g
o)
] //
£ \ &/ <
[
% 10
a AN / %
0 b b
0 20 40 60 0 100 120 140

8
t (s)

Fig. 5 Re-planned trajectories of AUV in Case 1. (a) Trajectory of AUV in 3-D workspace. (b)
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Fig. 6(a) shows the time taken for each planning in the whole re-planning process,
where the hollow dot represents a success in finding an optimal solution while the blue
dot represents a failure. It can be found the computational time for each planning except
the first one is shorter than the given re-planning time horizon AT =1s, which ensures
that the re-planning scheme can be used on-line. Fig. 6(b) displays the values of
objective function obtained by each re-planning process, which gradually decrease as
the AUV moves closer to the target. However, the curve is not smooth enough, i.e., it
drops considerably at the time t=59s and t=101s. As shown in Fig. 6(a), the 59" re-
planning process (marked with a circle) is successful to obtain an optimal solution, but
the time consumption is excessive, which causes a sudden change in the value of
objective function. Herein, the updated path obtained by previous successful re-

planning is applied to the AUV, until the next successful re-planning is achieved. In Fig.
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6(a), the 100" re-planning process (marked with a diamond) fails to find an optimum,

while the 101" re-planning succeeds, which also makes the fitness values change

considerably. As shown in Figs. 6(a) and 6(b), it is found that the sudden changes in the

values of objective function correspond to both excessive time consumption for re-

planning and the failure in finding an optimal re-planning path.
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5.2 Case 2: Dynamic obstacles avoidance

120

140



410

411

412

413

414

415

416

417

418

419

420

421

422

423

424

425

426

427

428

429

430

In previous case, it is assumed that the positions of obstacles are precisely known,
and the planned path can be executed perfectly. However, in realistic ocean fields, the
locations of obstacles are not usually known precisely. In this section, the re-planning
problem will tackle three moving obstacles with varying levels of position uncertainty.

The model of dynamic obstacles is assumed to be a linear and discrete-time system
as defined in Zeng et. al (2015):

O, =H,0, ,+Z,X,,+L,du (25)
where, O, =[0,;,Q,,0,] represents the state of obstacles at timet; (here, assuming
ty =0) measured from the on-board sonar sensors, and Og;,Q,;,O,; denote position,
velocity and uncertainty of the obstacle at timet, , respectively; X., ~ N(0,0.005%) is
Gaussian disturbance acting on velocity, which is independent from the disturbances
caused by X,_, ,; duis the rate of uncertainty, which is set as du =0.005m/s. The

parameter matrices are written as:

1 AT 0 0 0
Ho=[0 1 0 Z,=|1 L,=| 0 (26)
0 0 1 0 AT

Assuming the initial velocities for all the three moving obstacles are Om/s, with the
initial locations distributed randomly. Fig. 7 displays the optimal trajectory obtained in
the first global planning, which can be regarded as the global planning problem in Case
1 with only three static obstacles. Obviously, the global planning can easily find a
collision-free path as shown in Fig. 7(b) with the objective function in total time

t, =125.63s. In Fig. 8(a), the red line displays the re-planned optimal trajectory of

AUV, while blue lines show the paths of the centers of mass of three dynamic obstacles,
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respectively. Further, the three spheres mark the location of each obstacle with shortest
distance to the AUV in the whole re-planning process. Similarly, as illustrated in Fig.
8(b), the re-planning algorithm also succeeds in finding a time-optimal collision-free
path in 3-D workspace even with uncertain moving obstacles. It can be observed the
objective function obtained by re-planning ist, =163.79s, since the AUV requires
more time to overcome the possible collisions caused by dynamic obstacles as well as
their uncertainty in both positions and velocities.

a

stacle 3

Obst

Obstacle 2
5 _— Z

X (m)



60 T T

— Distance from Obs 1
— Distance from Obs 2

50 \\\ — Distance from Obs 3

A\ P
NN

AN
N4 h

30

N
N\

Distances between AUV and obstacles (m)

00 20 40 60 80 100 120 140
447 t(s)
448 Fig. 7. Globally planned trajectories of AUV by hybrid PSO-LPM algorithm in Case 2. (a)
449 Trajectory of AUV in 3-D workspace. (b) Distances between globally planned trajectory of
450 AUV and each obstacle.
451 a
40 - Obstacle
stacle 3

452 0 o
453
454
455

456

457 b



458

459

460

461

462

463

464

465

466

467

468

469

470

471

472

473

50 T T T
= Distance from Obs 1
SN
v 45 \ Distance from Obs 2 []
< \_ Distance from Obs 3
S 40
; AN
o 35
o \\
S 20
> N
2 AN
c /.>§\
o 20 P NN
8 15\ AN
2 \ AN L
e 19 \ L N\, N
[%2]
o 5

o

o

20 40 60 80t (S) 100 120 140 160 180

Fig. 8. Re-planned trajectories of AUV in Case 2. (a) Trajectory of AUV in 3-D workspace. (b)
Distances between re-planned trajectory of AUV and each obstacle.

Fig. 9 plots the time taken for each re-planning and the relations between the values
of objective function and the time taken for the whole re-planning process. In both Figs.
6(a) and 9(a), it can be found the first global planning takes the longest time than the
rest re-planning process, since it is the sum of the time consumed for both PSO
optimization process and LPM optimization process. And, the (i+1)™" re-planning takes
the solution obtained in the i" re-planning as an initialization to decrease the total time

consumption.
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5.3 Robustness assessment
In this subsection, Monte Carlo simulations with random initial values will be
carried out to demonstrate the robustness of the proposed re-planning algorithm. First,
simulations are performed on a 100-run basis for Case 1 discussed in Section 5.1, and

the results are illustrated in Fig. 10. Fig. 10(a) displays the shortest distances between
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AUV and the obstacles in the whole re-planning process, where the positive values
represent safe condition, while the negative values mean collision. It is obvious in Figs.
10(a-b), although the first global planning is superior to the re-planning scheme in
objective functions, it fails to avoid collision for almost half of the 100-run Monte Carlo
simulations. Fig. 10(c) plots the terminal error of AUV, which is defined as the distance
between the desired final position and the actual planned destination of AUV. It is
obvious that the terminal errors here are acceptable in realistic applications, and an
improvement could be obtained by increasing the number of LGL points.

Fig. 11 shows the 100-run Monte Carlo simulation results also for Case 1 without
considering the flatness property of AUV. It can be seen that the average time
consumption for each re-planning is longer than the given re-planning time horizon AT ,
which causes a majority of plannings failing in the whole re-planning process, the re-
planning thus cannot be executed on-line as expected. An obvious phenomenon is that
the values of objective function obtained without considering flatness property are
much longer than those displayed in Fig. 10(b). On the other hand, this set of Monte
Carlo simulation results illustrate the flatness property of AUV is effective to reduce
the time usage of planning, which sometimes is a necessary condition for the
application of re-planning scheme on-line.

Fig. 12 runs 100 Monte Carlo simulations with random initial values to assess the
robustness of proposed algorithm for Case 2. The results show that the PSO-LPM
algorithm is not only effective for the ocean environments with static obstacles but also

successful in dealing with moving obstacles with varying levels of positional
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6. Conclusions

This paper presents an on-line collision-free path planning strategy of AUV, which
incorporates PSO algorithm with LPM-based re-planning scheme to continuously
refine the optimal trajectories in complex ocean environments. Simulation results
illustrate that the proposed path planner succeeds in collision avoidance against both
static and dynamic obstacles with uncertainty in positions and velocities, and by using
PSO as an initialization generator, the hybrid PSO-LPM planner is shown to be capable
of finding a more optimal solution than PSO algorithm alone. In addition, due to the
differential flatness property of AUV, the time consumption for each planning process
is further reduced, which ensures that the re-planning scheme can be applied on-line.
Finally, Monte Carlo simulations demonstrate the robustness of the proposed scheme.

The next stage in this work is to improve the practicability of current algorithm in
realistic and complex ocean environments. The ocean environments are composed of

obstacles, irregularly shaped terrains and strong current fields which vary over time
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both in directions and strength. Thus a natural extension of the above work is to develop
an efficient path planner, which can integrate current forecasts information to allow

mission planning over long time duration through variable currents.
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