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Abstract: This paper studies the transfer path planning problem for safe transfer of an aircraft on the aircraft carrier flight deck
under a poor visibility condition or at night. First, we analyze the transfer path planning problem for carrier-based aircraft on the
flight deck, and define the objective to be optimized and the constraints to be met. Second, to solve this problem, the mathematical
support models for the flight deck, carrier aircraft entity, entity extension, entity posture, entity conflict detection, and path
smoothing are established, as they provide the necessary basis for transfer path planning of the aircraft on the aircraft carrier. Third,
to enable automatic transfer path planning, we design a multi-habitat parallel chaos algorithm (called KCMPSO), and use it as the
optimization method for transfer path planning. Finally, we take the Kuznetsov aircraft carrier as a verification example, and
conduct simulations. The simulation results show that compared with particle swarm optimization, this method can solve the

transfer path planning problem for an aircraft on the aircraft carrier flight deck better.
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1 Introduction

Aircraft carrier is an important mobile platform
for high-sea combat and symbolizes a country’s
overall national strength. A large part of the combat
effectiveness of an aircraft carrier depends on the
combat capability of its carrier-based aircraft (Yang
etal., 2018). To optimize the combat capability of
these aircrafts to the greatest degree, the aircrafts’
safety during non-combat processes, such as takeofT,
landing, and flight deck movements, must be given
high priority. Regardless of an aircraft’s takeoff or
recovery, it is necessary to move the aircraft first (He
et al., 2019). Therefore, ways to ensure the safety and
efficiency of the aircrafts during their movement on
the flight deck is a subject that needs further study.

At present, when an aircraft moves on the flight
deck, it needs to rely on its own power or tractor, but
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either way, it needs people’s participation (Zhao,
2019). Given the limited area of the flight deck and
the presence of many other aircrafts, there is no
guarantee that the aircraft will not collide with other
aircrafts during the transfer process due to the com-
mander’s or pilot’s blind spots, especially at night or
in weather with poor visibility. For example, since
2013, the US has experienced an upward trend in
military aircraft accidents caused by human factors
that cannot be underestimated (Chen, 2018). In addi-
tion, efficiency is low and the walking path is not
necessarily the best when these aircrafts are under
manual command for transfer. For this reason, this
work focuses on the research related to the carrier-
based aircraft transfer path optimization problem.

2 Analysis of the transfer path planning
problem

Due to the high density of aircrafts parked on the
limited-area flight deck, the environment is relatively



1222

complex. When an aircraft is moved on the flight deck,
it must maintain a certain safe distance from other
aircrafts to avoid collision. All the problems to be
solved involve dynamically planning an optimal path
from the current starting point to the end point in real
time on the premise of avoiding any collision between
shipboard aircrafts (Ryan et al., 2014).

Assuming that the current starting point s, the
end point e, and the obstacle area of the current flight
deck are known, the problem to be solved is to search
for a series of path points in the feasible two-
dimensional (2D) area without collision within the
obstacle area, so that the path composed of these
points is approximately optimal in the whole region
(such as the shortest distance). The mathematical
model is established as follows:

Objective function:

F= min{S(A[)}

(e : 20
= min {Z\/(xi,jﬂ —xl.’j) + (yi,j+1 _yi,j) },

J=1

where
Ai = (ai,l 5@ nste "af,n)

= ((xi,l s Via )’(xi,Z’yi,Z )" i (xi,n’yi,n))‘

The goal is to find the shortest transfer path for
the total moving routes of the aircraft without colli-
sion. S is the function for the moving distance of the
plane via a certain path. A; is the /™ movement path.
a;; is the jth intermediate node in the /™ mobile path,
whose coordinates are (x;;, y;;). n is the number of
nodes in the path.

Restraint conditions:

a.,= (x[,l’yi,l)’ a.,= (x[,n 2 Vi) (2)
a,',ngza j=192’:"'ana (3)

where D, refers to all the obstacle areas in the current
state. Eq. (3) shows that any node of the planned path
cannot be located inside the obstacle area; that is,
collision is not allowed.

L1, j=12--n-1, (4)

L]

where /;; is the length of the /™ segment of the i path,
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and /y;, is the minimum segment length of each
movement of the aircraft, which can be defined as half
of the fuselage length. Eq. (4) shows that the
minimum straight-line moving distance must be
maintained by the aircraft during the next turn. It is
generally not expected that the aircraft will turn
frequently.

zlf,j 2Lmax’ j=1,2,"',}’l—1, (5)

where Lp.x is the maximum length of the path be-
tween the starting point and the end point, which can
be set as two times the straight-line distance between
them.

(6)

where 4, is the /" segment vector of the i path, ||4,|
is the length of 4,;, and ¢ is the maximum turning
angle when the aircraft moves. Eq. (6) shows that the
planned path must meet the requirements of the
maximum turning angle of the carrier-based aircraft
to avoid detours and sharp turns (Liu and Liu, 2017).

3 Design of mathematical support models
3.1 Aircraft carrier flight deck model

The aircraft carrier plane is expanded into a
rectangular area, and the unreachable area is regarded
as a special obstacle area, which is filled with black as
shown in Fig. 1 (Qi and Wang, 2016). By filling the
irregular aircraft carrier flight deck with a regular
rectangular area, the selection of intermediate nodes
can be simplified.

The size of the aircraft carrier flight deck model
is 1000 pxx246 px (here, px is short for pixel) (Si
et al., 2012).

Fig. 1 Flight deck model
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3.2 Carrier aircraft entity model

Different aircraft carriers carry different types
of aircrafts, which have different shapes and need to
be modeled separately. To reduce the computational
complexity, we use a convex polygon to model the
outline of the carrier plane (Si et al., 2015). According
to the actual situation, this study focuses on the es-
tablishment of the following types of carrier-
based aircraft entity models:

Fig. 2 shows a first-class carrier-based aircraft,
which is a fixed-wing aircraft. Relative to the flight
deck scale, its size is defined as G,=20.1 px, Gy,=
48 px, and G1.=33.9 px.

Fig. 3 shows the second-class carrier-based air-
craft, which is a helicopter. Similarly, its size is de-
fined as G1,=9.6 px, G1,=19 px, and G|.~41 px.

Thus, no matter which type of carrier-based air-
craft is modeled, its shape can be simplified to the
outline shown in Fig. 4.

5

:
i

Fig. 4 Aircraft model

3.3 Entity extension model

To simplify the path planning, the carrier-based
aircraft to be moved is simplified as a point A. The

corresponding obstacles need to be extended ac-
cording to the type of 4 (Luan, 2019). In extreme
cases, 4 will not collide with obstacles when moving
along the extended boundary line of the obstacles, as
shown in Fig. 5.
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Fig. 5 Entity extension model

When transferring a first-class aircraft, the buffer
distance of obstacles is /=G ,=20.1 px. After calcula-
tion, a=(G,120.1) px, b=[(G,120.1)/3] pXx, c=(Gp+
20.1) px, and d=(G1+20.1) px.

When transferring a second-class aircraft, the
buffer distance of obstacles is /=G,=9.6 px. After
calculation, a=(G,19.6) px, b=[(G,19.6)/3] px,
c=(G119.6) px, and d=(G1.19.6) px.

In addition, because a carrier-based aircraft must
obey certain rules when parking on the flight deck, the
obstacle area model for the aircraft can be simplified
in the following two regards: a combination of
carrier-based aircraft and flight deck and a combina-
tion of multiple carrier-based aircrafts that are close to
each other.

3.4 Entity posture model

After determining the environment model, for
each entity model, when the coordinates of its center
point and the angle between its longitudinal axis and
the positive direction of the X axis are known, its state
(position, orientation, and etc.) can be uniquely de-
termined in the environment model. In this case, 2D
transformation is needed (Song, 2018).

To calculate the coordinates of each point of
model B, whose center point is located at (xy, yo) and
where the angle between the longitudinal axis of the
fuselage and the positive direction of the X axis is 6,
we can use model 4 whose center point is located at
the original point. The coordinates of each point of
model 4 can be calculated easily. Then, by rotating
the angle and moving to (xy, vo) of model 4, we can
obtain model B (Fig. 6).
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Fig. 6 Entity posture model

Suppose the coordinates of one point in model 4
are (x, ). Then after rotating and moving A4, the new
coordinate calculation process of point B is as
follows:

x' X cos@ —sinf x, )\ x
Y |=T|y|=|sin@ cos@ y, | »
1 1 0 0 0 )11
xcos@ — ysinf + x,
=| xsin@+ ycos@+y, |,
1
where

(x',y")=(xcos@— ysin@ + x,, xsin@+ ycos + y,).

(x', ") are the new coordinates of (x, y). Thus, the
coordinates of each point of model B can be given as
follows:

(x,,»,)=(—acos 8+d sin O+x,,—asin —d cos 0+y,),
(x,,,)=(—acosO+x,,—asin0+y,),
(x;,¥;)=(=bcos O—csin O+x,,—bsin O+ccosG+y,),
(x,,y,)=(bcosf—csin O+x,,bsin O+ccosO+y,),
(x5,¥5)=(acos 0+x,,asin 6+y,),

(x4,¥s)=(acos O+d sin O+x,,asin @—d cos 0+y,).

3.5 Entity conflict detection model

When planning the path, to ensure that the
carrier-based aircraft does not collide with obstacles,
it is necessary to perform conflict detection (Hao et al.,
2018). In this study, we design two types of conflict
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detection, which are point conflict detection and path-
segment conflict detection.

3.5.1 Point conflict detection

Point conflict detection is used mainly to de-
termine whether the nodes of the planned path are
located in other obstacles.

1. Identify the status of each obstacle in the
current environment. Using the entity posture model,
we can calculate the coordinates of each point of the
obstacle. Furthermore, we can obtain its leftmost
point coordinates (X, Vier), rightmost point coordi-
nates (Xright, Vright), Uppermost point coordinates (Xupper,
Vupper)> and lowermost point coordinates (Xiowers Viower)-
Note that Xleft<Xright and Yupper Vlower-

2. Obtain the current path node M(a, b) which
needs to be detected.

3. Preliminary screening of obstacles. To reduce
the amount of calculation, we remove obstacles that
are not in the detection range by screening. The prin-
ciple is as follows:

If Xiea<a<xXright and Yupper<b<Viower, then the x=a
and y=b lines are passing through the obstacle. So, the
obstacle must participate in further point conflict
detection.

4. Perform point conflict detection between node
M(a, b) and each obstacle screened out. We take ob-
stacle 4 as an example, as shown in Fig. 7.

o N(a, 0)
I

: (X3, y3)

4o

(X4, ya)

(%1, y1)

(Xs, ys)

|
|
|
(Xs, ¥6) 4 M@, b)

Yv

Fig. 7 Point collision detection

(1) Judge whether each line of obstacle 4 has an
intersection with line x=a, as shown in Fig. 8. Assume
that the end points of line L of obstacle 4 are (x;, y;)
and (x;, ;). The judgment method is as follows:

If max {x;, x;}>a and min{x;, x;}<a, then the x=a
line passes through the segment L or its rightmost
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Fig. 8 Proportional intersection calculation

endpoint or its leftmost endpoint. From this we can
know that there is an intersection point.

(2) Calculate the intersection point.

According to the proportion formula

a-x, _y,—b
X=X yi-y,
we can obtain b=y,—(a—x;)(yi—;)/(x/—=x;). Therefore,
the intersection point is (a, b).

(3) Repeat the above judgment and intersection
operation for each line segment of the obstacle, and
finally give all the intersection point sets without
duplicate points. Note that since the obstacle models
are convex polygons, when a line passes through the
obstacle, there are at most two intersection points,
such as (a, b)) and (a, by).

(4) Perform the last point conflict detection to
show whether node M(a, b) is located inside the
obstacle.

If min{by, by} <y<max{by, b,}, then point M(a, b)
is located on the line of two intersection points. Ac-
cording to the properties of a convex polygon, point
M(a, b) must be located in the interior of the obstacle.
That is to say, there is conflict; otherwise, there is no
conflict.

3.5.2 Path-segment conflict detection

Path-segment conflict detection is mainly to
judge whether the path segment composed of two
adjacent path nodes in the planned path intersects
with obstacles.

1. Identify the status of each obstacle in the
current environment through point conflict detection.

2. Define the coordinates of two adjacent path
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nodes M(a, b) and N(c, d) which compose the MN
path segment.

3. Perform preliminary screening of obstacles.
By comparing the relationship between the leftmost,
rightmost, uppermost, and lowermost points of the
obstacle and the two path nodes of the MN path
segment, we can come to a preliminary judgment. For
example, assuming that a<c and b<d, we can judge as
follows:

(1) If A<Xright, CXlefts b<Yiower, and @>y uppers then
the obstacle may intersect with the MN path segment.

(2) If a=xyignt OF CXieqt, b=Yiower, AN d<Yypper, then
the obstacle can be excluded.

4. Perform path-segment conflict detection be-
tween the MN segment and each obstacle screened out.
We take obstacle 4 as an example, as shown in Fig. 9.

o X

(xa, ya)

(Xe, ¥6)

N(c, d)

Yv
Fig. 9 Path-segment conflict detection

We must judge whether each line segment of
obstacle 4 has an intersection with the MN path
segment. Assume an OP line of some obstacles whose
end points are O(x;, y;) and P(x;, y)), i, j=1, 2, ..., 6.
Then the judgment method is as follows:

1. We give the linear equations of the MN path
segment and OP line as

x=a, if MN//Y axis,
MN): -
S (MN) = d (x—a)+b, otherwise.
a—c
X=X, if OP//Y axis,
OP): =Y,
/(P y= u(x —-x,)+y,, otherwise.

X, =X,

2. According to different situations, we judge
whether the two line segments intersect with each
other:
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(1) If MN//Y axis and OP//Y axis, then there is no
need to judge the intersection, because the two lines
are either parallel or partially or completely
coincident.

(2) If MN//Y axis and not OP//Y axis, then:

(@)  [b—(a=x)yry)/xix)-yilld—(c=x) iy
(x7—x;)—»,]<0, meaning that M and N are on both sides
of the OP line or that one of them is on the OP line.

(b) (x/~a)(x;—a)<0, meaning that O and P are on
both sides of the MN segment or one of them is on the
MN segment.

If the above two conditions are met at the same
time, then the MN and OP lines intersect with each
other and the number of intersections should be in-
creased by 1. In particular, if (x;/—a)(x;/—a)=0, the co-
ordinates of the point (O or P) located on the MN
segment need to be recorded.

(3) If not MN//Y axis and OP//Y axis, then:

(a) (a—x;)(c—x,)<0, meaning that M and N are on
both sides of the OP line or that one of them is on the
OP line.

(b) i (b—d)(xi—a)/(a—c)=b]ly~(b—d)x—a)/(a—
¢)—b]<0, meaning that O and P are on both sides of
the MN segment or that one of them is on the MN
segment.

If the above two conditions are met at the same
time, then the MN line and OP line intersect with each
other and the number of intersections should be in-
creased by 1. In particular, if [y—~(b—d)(x—a)/(a—c)—
blly~(b—d)(x/—a)/(a—c)—b]=0, the coordinates of the
point (O or P) located on the MN segment need to be
recorded.

(4) If not MN//Y axis and not OP//Y axis, then:

(@  [b(ax)ry)/xix)-yilld—(c—x) iy
(xx;)~,]<0, meaning that M and N are on both sides
of the OP line or that one of them is on the OP line.

(b) i (b—d)(xi—a)/(a—c)=b]ly~(b—d)x—a)/(a—
¢)—b]<0, meaning that O and P are on both sides of
the MN segment or that one of them is on the MN
segment.

If the above two conditions are met at the same
time, then the MN and OP lines intersect with each
other and the number of intersections should be in-
creased by 1. In particular, if [y—~(b—d)(x—a)/(a—c)—
blly~(b—d)(x/—a)/(a—c)—b]=0, the coordinates of the
point (O or P) located on the MN segment need to be
recorded.

3. Judge each edge of the obstacle repeatedly,
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merge the recorded point coordinates, and remove the
repeated intersections. If the number of intersections
is 2, then the MN path segment and the current ob-
stacle intersect with each other, meaning that there is
a conflict; otherwise, there is no conflict. Note that it
is impossible to have one intersection point here,
because the path node which is located inside the
obstacle has been excluded during the point conflict
detection.

3.6 Path smoothing model

Through planning, we can obtain a series of rel-
atively discrete path points, and the planning path
formed by connecting these points may be tortuous,
which cannot truly reflect the movement path of the
aircraft on the flight deck. Therefore, it is necessary to
smooth the planning path (Huang, 2018).

Here, we use a “cutting the sharp angle” method
to remove the protrusion point of the path. In Fig. 10,
path L contains path points 4, B, C, and D, and it is
tortuous. Here, we take point B as an example.

1. We insert new nodes m(ay, by) and n(a,, b,) at
the midpoint of the two path segments connected with
node B of the path.

2. We perform conflict detection for new nodes
m and n. If there is no conflict, m(a;, b,) and n(a,, b,)
are retained and the initial path node B is deleted.
Now, L={A4, m, n, C, D}.

3. Repeat the above process of inserting nodes
until we obtain the expected smooth path.

o) X
»

B(x2, y2) n(ay, by) C(x3, ¥3)

\ 4 D(Xa, ya)

Fig. 10 Path smoothing model

4 Design and verification of the KCMPSO
algorithm

In this section, we first analyze the basic particle
swarm optimization (PSO) algorithm and its short-
comings, then design an improved KCMPSO algo-
rithm based on PSO, and finally verify the effective-
ness of the improved KCMPSO algorithm.
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4.1 Analysis of the basic PSO algorithm

PSO is a computing technology based on the
swarm intelligence theory, which has the advantages
of strong generality, simple principle, and easy im-
plementation (Shao, 2017). PSO has been developed
in discrete optimization (Ma et al.,, 2018), multi-
objective optimization (Lu, 2019), constraint opti-
mization (Liang, 2017), and dynamic optimization
(Helbig and Engelbrecht, 2014).

PSO is a stochastic optimization algorithm in the
multi-dimensional search space. First, the initial po-
sitions and velocities of M particles in the particle
swarm are initialized randomly in the feasible solu-
tion space and velocity space, respectively. For the
n-dimensional search space, the expression of the
initial position and velocity of the i" particle is

{Xi = (xi,l’xi,Z P )a

Vo=V 50,),

where for i=1, 2, ..., m, j=1,2, ..., n, x;; IS thejth di-
mension position of the i particle in the population,
and v;; is the jth dimension velocity of the i particle in
the population.

In each iteration, by evaluating the objective
function of each particle (generally, the objective
function of the required solution), the historical op-
timal position of each particle P=(p;1, pi2, ---» Pin)
and the global optimal position Pe=(pg 1, Pg2, .- Pan)
found by the group are determined, where p;; is the jth
historical optimal position of the /™ particle in the
population, and p, is the ™ global optimal position in
the population.

Then, update the speed and position of each
particle as follows:

vi’/'(t +1)= a)vl.’/.(t)+clr1 |:pi,j_ Xij (t)]
+C27‘2 |:pg,/'_ xi,j (t):l’
XI.’/.(ZL + 1) =X (t) + Vi (t)’ (8)

O

where o is the inertia weight factor, ¢, and ¢, are the
positive acceleration constants, and »; and r, are the
random numbers evenly distributed between 0 and 1.
For constrained problems, we generally limit v; ()
Within [Vinin, Vinax] and x; (£) within [Xumin, Xmax]-
However, PSO inevitably has many defects, such

as poor local search ability (Wu et al., 2015) and low
search accuracy (Jordehi et al., 2015), and it can eas-
ily fall into local minima (Osaba et al., 2016). Aimed
at the shortcomings of the PSO algorithm, this study
designs the KCMPSO algorithm, which divides the
population into several subpopulation habitats ac-
cording to the clustering and executes the iteration
without a migration mechanism in parallel.

4.2 Design ideas for the KCMPSO algorithm

Taking into account the shortcomings of the
basic PSO algorithm, we make some improvements
and obtain the KCMPSO algorithm. The parameters
are described in Table 1.

Table 1 Parameter description of the KCMPSO

Parameter Definition

N Number of particles in the whole population
K Number of subpopulations

n Dimension of the particle position or velocity
Q) Inertia weight factor
¢1, €, €3 Acceleration constants
71, 12, 3 Random numbers between 0 and 1
x;(t)  The jlh dimension position of the i particle in
the /™ iteration
vi{t)  The ™ dimension velocity of the i particle in
the /™ iteration
Presii,) The ™ dimension historical optimal position of
the i particle
Joesy  Historical optimal fitness of the i particle
Pyorsiy Thej™ dimension historical worst position of
the i particle
Jfworsty  Historical worst fitness of the i particle
Shesi,j) The ™ dimension local optimal position of the
k™ subpopulation
Savesy  Local optimal fitness of the &™ subpopulation
hestk,) The 2™ chaotic local search decision variable
CZbestk,) Chaotic variable corresponding to the decision

variable of the z" chaotic local search

KCMPSO is executed as follows:

Step 1: population initialization. According to
the specific search space, the population with N par-
ticles is randomly generated.

(1) Initialize the position and speed of each par-
ticle in the population.

(2) Evaluate all particles in each subpopulation.
Then, store the current position P (and fitness f) of
each particle in its historical optimal position Ppesy;)
(and historical optimal fitness fyes;)) and also in its
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historical worst position Py (and historical worst
fitness fiorst(i))-

Step 2: use the K-means clustering algorithm to
cluster particles into K subpopulations (outer loop
beginning).

(1) According to a certain distance interval,
randomly generate cluster centers.

(2) Calculate the distance between all particles
and each cluster center, and classify them into the
group represented by the nearest cluster center.

(3) For each population, calculate the mean
value of population particles, and use it as the new
clustering center of the subpopulation.

(4) Repeat the clustering until the particles of

each subpopulation no longer change their
population.

(5) Return K clustering centers and their
subpopulations.

Step 3: perform independent iterative search for
the K populations without a migration mechanism
(inner loop beginning).

(1) Calculate the local optimal location gpesik)
and the local optimal fitness fgpest() Of subpopulation &
(0<k=K).

(2) Update the speed and position of each
particle:

v+ D) =0v, (1) + K Poeyii ) =%, (0]
+ 1 [ &hestir, ™ X, D]+ 1 1x, (D= Pyorsei 15
xi,j (t + 1) = xi,j (t) + Vi,j (l‘),
i= 172,”'9mka ] = 172"",’1, k= 1,2,"',K.

)

(10)

(3) Calculate the fitness of every particle in each
subpopulation.

(4) Compare the current fitness of each particle
in each subpopulation with its historical optimal fit-
ness fpesysy and historical worst fitness fiyorst). Choose
the best particle to update Ppesy;y and fresy;); choose the
worst one to update Pyors(i) and fyorsi()-

(5) Select the particle H with the best fitness
from all particles in each subpopulation. Compare H
with the last local optimal particle of the same sub-
population. If H is better, then update the local opti-
mal gpesir) and fopesir) Of the subpopulation.

Step 4: search for the local optimal particle of
each subpopulation in step 3 by dimension-chaos
search, which uses the logistic chaotic sequence (Tian
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and Shi, 2018). Chaotic sequences have ergodicity;
that is, chaotic sequences can go through all states in a
specific region without repetition. The search algo-
rithm with chaotic sequences can generate many
neighboring points of the local optimal solution in
iteration, to improve the search ability and quickly
find the optimal solution. The main idea of chaos
search is based on Eq. (11) to generate chaotic
sequences:

z+1

yi =y, (I=yy), (11)

where z is the number of iterations, d is the dimension
of the optimal value, and x is the control parameter of
the chaotic state. When u=4, the logistic equation
enters into a chaotic state completely (Luo and Li,
2010).

According to the logistic chaotic sequence, in
this study we perform a dimension-chaos search for
each dimension of Guesit™(Gbest(k,1)s  Qbest(k,2)s -+ >
Shest(k.n)) as follows:

(1) Initialize the chaos number of iterations z=0.

(2) Map the decision variables g, ,, into the

chaotic variables cg[;;jt( «. between 0 and 1 according
to Eq. (12):

V4
_ 8vesth)) ~ Dmin,j

Cg;cst(k,j) D D > j=1,2,"‘,l’l,

max, j

(12)

min, j

where Dy and Dpn; are the maximum and maxi-

th 4. . . .
mum values of the j~ dimension variables in the
search range, respectively.

(3) According to cg;., > Eq. (13) is used to

z+1

wesi(.;y Of the next

calculate the chaotic variable cg

iteration:

z+1

CEhest(k, /) — 4cg§cst(k,j) (1 - Cglz)cst(k,j) ) (13)
(4) Transform the chaotic variables into decision

z+1

variables g,

according to Eq. (14):

(14)

z+1 _ z+1
gbest(k,_/') - Dmin,j+ Cgbest(k.j) (Dmax,j - Dmin,j )

. . . . 241
(5) According to the decision variables gi,

(=1, 2, ..., n), the performance of the new solution is
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evaluated. If the new solution is better than the orig-
inal one or the chaos search has reached the preset
maximum number of iterations, the new solution will
be returned as the search result; otherwise, the next
chaos search will be carried out (z=z+1).

In this part, the correlation between each di-
mension of the local global optimal position is sepa-
rated, and a dimension-chaos search is performed for
each dimension. The advantage of this method is that
some dimensions may be improved to the optimal
direction in some cases, but the overall target value is
poor and negation is carried out. The dimension-
chaos search can improve the accuracy to a certain
extent.

Step 5: repeat steps 3 and 4 until the preset
maximum number of iterations for the inner loop is
reached.

Step 6: if the solution in step 5 meets the re-
quirements or reaches the preset number of iterations
for the outer loop, the local optimal positions and

fitness values of each subpopulation will be outputted.

They will be sorted according to the order of ad-
vantages and disadvantages. Thus, the particle with
serial number 1 will be taken as the global optimal
particle. If the solution does not meet the require-
ments or fails to reach the number of iterations for the
outer loop, all subpopulation particles are merged and
return to step 2.

4.3 Experiment and analysis

To verify the effectiveness of KCMPSO, we use
the standard test function of BR-Branin to test and
compare the PSO and KCMPSO algorithms.

The BR-Branin (n=2) is defined as follows
(Rosli et al., 2017):

Sor (%)

2
=[x2 —5—'12x12 +§x1 —6) +10(1 —L)cosx1 +10,
4n T 8n

-5<x <10, 0<x, <15.

(15)
The global minimum value of this function is
0.398, which has three best points (—3.142, 12.275),
(3.142, 2.275), and (9.425, 2.425). When testing the
KCMPSO and standard PSO algorithms, we cluster
the population according to the above three best

points, and form three subhabitats.

The common parameter settings are as follows:
the population size is set to 60, vy, (i.e., the max
moving distance of the particle) is set to 15% of the
search space, the number of iterations for the inner
loop is set to 50, the number of iterations for the outer
loop is set to 5, and the final result is the average value
after 50 independent operations. For the standard PSO
algorithm, ¢, and ¢, are set to 2.0, and w is a linearly
changing inertia weight factor changing from 1.2 to
0.2. For the KCMPSO, the adaptive inertia weight
factor shown in Eq. (16) is used (here, @wy,=1.2 and
wmin=0.2), and acceleration constants are ¢;=1.7, ¢c,=2,
and ¢3;=0.6 (Trelea, 2003).

(a)max — a)min )(f B fmin )
n T > S avg?
a)mm ﬁwg - f min f f

max f > f;ivg’

)
[

(16)

where @y, and oy, represent the maximum and
minimum values of w, respectively, f is the current
fitness value of the particle, ;. is the average fitness
of all particles, and f, is the minimum fitness of all
particles.

In this study, PSO and KCMPSO algorithms are
compared in terms of the average minimum function
value, total standard deviation, and convergence
process.

The average minimum function value and its
difference from the standard global minimum value of
0.398 are shown in Table 2.

The difference between the best points given by
the different algorithms and the standard best points
of each subpopulation are shown in Table 3.

The comparisons of the convergence process for
each subpopulation between these two algorithms are
shown in Figs. 11-13.

From Tables 2 and 3, it can be seen that the best
point and the optimal value calculated by the
KCMPSO algorithm are better than those of the PSO
algorithm, indicating that the former is better in its
search quality and search results than the latter. From
Figs. 11-13, it can be seen that the average value of
the KCMPSO algorithm decreases faster than that of
the PSO algorithm for each subpopulation. Further-
more, the average value of KCMPSO’s objective
function is better than that of PSO algorithm’s objec-
tive function. Thus, the KCMPSO algorithm is shown
to be more effective than the PSO algorithm.
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5 Simulation verification using KCMPSO

To verify the feasibility of the path planning
method designed in this study, we take the Kuznetsov
aircraft carrier as an example for simulation verifica-
tion (Zeng, 2017). The process of applying the
KCMPSO algorithm to the path planning problem for
the carrier plane is as follows:

1. Establish the aircraft carrier flight deck envi-
ronment model to define the current transportation
environment (Fig. 1).

2. Establish the carrier aircraft model (Fig. 4).

3. Use the entity posture model to adjust the en-
tity of each aircraft, so that it can simulate the actual
situation on the aircraft carrier flight deck well.

s PSO
1.1F KCMPSO
1.0F
09} -
[}
= :
S 0.8+
(9]
&
5 0.7F
>
<

0.6

0.5

0.4

0 5 10 15 20 25 30 35 40 45
Number of iterations for the outer loop

Fig. 13 Comparison of convergence processes of

subpopulation 3

Table 2 Comparison of average minimum function values

Calculation result

Standard minimum value Difference from the standard minimum value

Algorithm
PSO KCMPSO PSO KCMPSO PSO KCMPSO
Subpopulation I  0.419 856016 0.399 888381  0.398 0.398 0.021 856 016 0.001 888 381
Subpopulation 2 0.409 104 068 0.399 415025  0.398 0.398 0.011 104 068 0.001 415 025
Subpopulation 3  0.444 800 522 0.400 127 866  0.398 0.398 0.046 800 522 0.002 127 866
Table 3 Comparison of average best points
. Calculation result Standard point Distance difference
Algorithm
PSO KCMPSO PSO KCMPSO PSO  KCMPSO
Subpopulation 1 (—3.136 401 832, (—3.134712097, (—3.142,12.275) (—3.142,12.275) 0.020 0.015
12.255320 370) 12.262301 030)
Subpopulation 2 (3.103316 197, (3.139 768 603, (3.142, 2.275) (3.142,2.275) 0.090 0.011
2.356 760 262) 2.285 789 338)
Subpopulation 3 (9.400 875 392, (9.426 078 953, (9.425, 2.425) (9.425, 2.425) 0.089 0.055

2.511280741)

2.480731617)
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4. In addition to the moving aircraft, expand the
remaining obstacles for the carrier-based aircraft and
establish the obstacle expansion model.

5. Define the starting point O (138, 198) and the
end point B (658, 183) for path planning in Fig. 14.

6. Use the KCMPSO algorithm to do a path op-
timization search.

(1) Set the algorithm’s parameters as follows: the
population size is set to 30, and each particle in the
population represents a path. The number of iterations
of the outer loop is set to 3, the number of iterations of
the inner loop is set to 50, and the number of iterations
of their operation is set to 50. The acceleration con-
stants are ¢;=1.7 and ¢,=2. w is adopted according to
Eq. (16), omax=1.2, and @,;;=0.2.

(2) Initialize the particle position and velocity
(Fig. 15). In the initialization of the particle position
A=(a;,, a;», ..., a;,), the intermediate node a;; is not
randomly initialized. We use the entity conflict de-
tection mechanism to initialize the feasible node, so
that the path corresponding to the position vector of
each particle is feasible as far as possible, so as to
improve the efficiency of the algorithm. When the
particle velocity vector Vi=(v;y, via, ..., Vi,) is ini-
tialized, it is necessary to note that v;; corresponding
to the starting point and v;, corresponding to the end
point must be 0, because they are fixed. The velocities
of other intermediate nodes should not be too large,
and can be initialized randomly as

v, ; = Random(,

i,min * vi,max

) = Random(-10, 10).

(3) Use Eq. (1) as the fitness function to search
for the shortest path.

Y,
J = S|

— Obstafck?ﬁargﬁ 2t

OO ] 58

Fig. 14 Obstacle area on the deck

Fig. 15 Initialization of the original routes

(4) Use the K-means clustering algorithm to
cluster particles into K subpopulations. Suppose that
the position of a particle is

A=(a,,a,, .a,)
=y sy (3,03,
The position of a cluster center is
A,=(a,a,,, .a,,
o (GRS NEANE A REN CAREAR)

The distance is defined as

1 N 2 2
= ;[Z\/(xi,,- =x,,) (0, =v,,) )

||A,. —4,

The distance between each particle and each
cluster center is calculated, and the particle is classi-
fied into the subpopulation of the nearest cluster
center.

(5) Perform a multi-group search. A certain
number of searches are performed for each subpopu-
lation, where each particle updates the velocity and
position according to Egs. (9) and (10), respectively.
After a search for each subpopulation, it is necessary
to determine the local global optimal individual of the
subpopulation, and then perform a dimension-chaos
search on it to improve its quality.

(6) Evaluate the particles. According to the
principle of “the shorter the length, the better the
path,” the K optimal paths calculated by the K sub-
population are sorted, and the optimal path sequence
is given.

7. The final path is smoothed to reflect the real
moving route of the aircraft on the flight deck
(Fig. 16).

Based on the above analysis, it can be seen that
the path planning method based on the KCMPSO
algorithm can solve the flight deck path planning
problem for carrier-based aircraft better.

lo) Y,
: .'\ ‘\ T
~cl — A
d -

— __ Obstacle area -
D= @ ;f-lx

LR AA

Fig. 16 Best smoothing route based on KCMPSO
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6 Conclusions

Through the above discussion, several conclu-
sions are obtained as follows:

1. The problem of transfer path planning for
moving and repositioning carrier-based aircraft on the
flight deck is studied, and the mathematical model
established is in accordance with the actual
circumstances.

2. On the premise of meeting the actual needs,
the designed mathematical support models for the
carrier aircraft entity, entity extension, entity posture,
entity conflict detection, and path smoothing can
facilitate the subsequent operation.

3. To obtain the optimal route, an algorithm
called KCMPSO is designed based on the improve-
ments over the basic PSO algorithm. Through com-
parative analysis, KCMPSO is shown to be superior
to the PSO algorithm in terms of search quality and
convergence rate.

4. Finally, the mathematical support models are
used to simulate and verify KCMPSO’s performance
on the Kuznetsov aircraft carrier. The results meet the
actual basic requirements and show that the designed
method is feasible.
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