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ABSTRACT Aiming at the problems of the A* algorithm in mobile robot path planning, such as multiple
nodes, low path accuracy, long running time and difficult path initialization of particle swarm optimization,
an APSO algorithm combining A* and PSO was proposed to calculate the optimal path. First, a redundant
point removal strategy is adopted to preliminarily optimize the path planned by the A* algorithm and obtain
the set of key nodes. Second, a stochastic inertia weight is proposed to improve the search ability of PSO.
Third, a stochastic opposition-based learning strategy is proposed to further improve the search ability of
PSO. Fourth, the global path is obtained by using the improved PSO to optimize the set of key nodes. Fifth,
a motion time objective function that is more in line with the actual motion requirements of the mobile
robot is used to evaluate the algorithm. The simulation results of path planning show that the path planned
by APSO not only reduces the running time of the mobile robot by 17.35%, 14.84%, 15.31%, 15.21%,
18.97%, 15.70% compared with the A* algorithm in the six environment maps but also outperforms other
path planning algorithms to varying degrees. Therefore, the proposed APSO is more in line with the actual
movement of the mobile robot.

INDEX TERMS A* algorithm, mobile robot, path planning, particle swarm optimization, stochastic inertia

weight, stochastic opposition-based learning.

I. INTRODUCTION

In the new industrial revolution, also known as Industry 4.0,
mobile robots are used in a wide range of scenarios. Path
planning has always been a key research problem in the
field of mobile robots. Path planning refers to planning a
safe and collision-free optimal or near-optimal path from
the starting point to the target point in an environment with
obstacles [1]. The path planning of mobile robots needs to
solve the following three problems: first, the path can make
the mobile robot move from the starting point to the target
point; second, the mobile robot should avoid obstacles in the
environment in the path planning algorithm; finally, on the
basis of solving the first two problems, the motion trajectory
of the mobile robot is optimized. The optimization objectives
usually include the shortest path, the fewest path nodes, and
the smallest turning amplitude [2].
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Path planning of mobile robots can be divided into static
path planning (global path planning) and dynamic path plan-
ning (local path planning) based on a known static environ-
ment and an unknown dynamic environment [3]. Local path
planning is the real-time path planning carried out by the
mobile robot in the process of movement according to the
surrounding environment information fed back by its sensor,
which can cope with frequent and random changes in the
environment [4]. However, because dynamic path planning
is very dependent on the local environment, the path planned
by only using the dynamic path planning algorithm may not
be the globally optimal path [5]. Global path planning uses a
static path planning algorithm to search the global optimal
path in the established environment map model before the
mobile robot moves. What we study in this paper is the global
path planning problem based on a static environment.

As seen from the above description, the core of the path
planning problem is the path planning algorithm. Likewise,
static path planning is no exception. Static path planning
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algorithms can be subdivided into heuristic methods and arti-
ficial intelligence algorithms [6]. Widely acclaimed heuristic
methods include the Dijkstra algorithm [7], A* algorithm [8],
LPA* algorithm [9], D* algorithm [10], PRM algorithm [11],
RRT algorithm [12], etc. In recent years, researchers have per-
formed more in-depth research on heuristic methods in static
path planning problems. Examples include the A* algorithm
based on guideline [13], A* algorithm based on hybrid heuris-
tic function [14], A* algorithm combined with B-spline curve
[15], A* algorithm based on bidirectional alternating search
[16], D*Lite algorithm based on inverse distance weighted
interpolation [17], improved PRM algorithm [18], RRT algo-
rithm based on APF [19], and RRT-connect algorithm based
on triangle inequality [20].

In static path planning problems, commonly used artificial
intelligence algorithms include the genetic algorithm (GA)
[21], differential evolution (DE) [22], ant colony optimization
(ACO) [23], particle swarm optimization (PSO) [24], etc.
Additionally, to make these intelligent algorithms better at
static path planning problems, researchers have also proposed
a GA that integrates the Bessel curve [25], an adaptive GA
that integrates the collision detection method [26], adaptive
ACO [27], improved PSO based on the minimum-maximum
normalization method [28], PSO based on the smoothing
principle [29], etc. In recent years, with the increase in
intelligent optimization algorithms, some new intelligent
algorithms have been gradually applied to the global path
planning problem. Yuan et al. [30] designed a bat algo-
rithm that combined a logarithmic decline strategy and
Cauchy perturbation and applied it to path planning problems.
Li et al. [31] combined differential evolution with the whale
optimization algorithm and applied it to the vehicle routing
problem. Li et al. [32] applied the improved artificial fish
swarm algorithm to the path planning of mobile robots and
smoothed the path by using the continuous segmented Bessel
curve. Pattnaik et al. [33] applied a chemical reaction opti-
mization algorithm to the global path planning problem.

Due to the limitations of a single path planning algo-
rithm [34], in recent years, researchers have developed
many hybrid path planning algorithms that combine two
static path planning algorithms to solve this problem.
Hilal ARSLAN et al. [35] proposed a hybrid Dijkstra-BFS
algorithm, which not only improved the accuracy of the path
but also the computational efficiency of the algorithm. Leila
Pasandi et al. [36] proposed a hybrid A*-ACO algorithm,
which not only improved the path planning ability of the
algorithm in a complex environment but also reduced the
operation time of the algorithm. Zhou et al. [37] proposed
a Dijkstra-ACO algorithm. In this algorithm, the Dijkstra
algorithm was used to plan the initial path, and then the
ACO algorithm was used to optimize the path, which not
only solved the problem of insufficient path accuracy of the
Dijkstra algorithm. It also solves the problem that the ACO
algorithm easily falls into deadlock in a complex environ-
ment. Yu et al. [38] proposed a D*Liten-GWO algorithm and
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proved its strong applicability and effectiveness. And Omar
et al. [39], [40] proposed an ACPSO combining A* algorithm
heuristic function with PSO.

Although the single A* algorithm has the advantage of fast
computing speed, it also has the disadvantages of too many
turning points, redundant nodes and low path accuracy [41].
In contrast, although the path searched by a single PSO in
the static path planning problem has high accuracy, it is often
difficult to initialize the population in a complex environ-
ment, resulting in low efficiency of the algorithm. Previous
studies on the A* algorithm in static scenes mostly focused on
the optimization of its heuristic function or path smoothness
[42], [43], [44], [45], [46], while studies on particle swarm
optimization mainly focused on the optimization of its flight
mode, inertia weight and other aspects [47], [48], [49], [50],
[51], [52] and rarely combined the two algorithms to optimize
each other.

Based on this, this paper combines the A* algorithm with
PSO, named APSO. First, the A* algorithm was used to
calculate the initial path, a redundant point removal strategy
was used to extract the key nodes in the initial path, and the
key nodes on the path were used as the initial particles of the
PSO. Then, the PSO combined with random inertia weight
and random opposition-based learning strategy was used to
obtain the global optimal path. This not only makes up for
the low path accuracy of the A* algorithm but also solves
the problem that PSO has difficulty initializing the population
in the static path planning problem. Finally, a more compre-
hensive objective function is adopted to evaluate the effect of
the algorithm when modeling the path planning problem of
mobile robots.

The structure of this paper is as follows: Section II
briefly describes the A* algorithm and the PSO algorithm;
Section III introduces the specific content of APSO in detail;
and Section IV shows the optimization results of stochas-
tic inertia weight and stochastic opposition-based learning
strategy in APSO in classical benchmark functions and the
statistical test analysis results. In Section V, after modeling
the path planning problem of a mobile robot, APSO is applied
to it, and the result of path planning is analyzed. Section VI
summarizes the thesis and looks forward to the next step.

Il. BASIC A* ALGORITHM AND PSO

A. A* ALGORITHM

The A* algorithm combines the Dijkstra algorithm and the
BFS algorithm, which is a global search heuristic algorithm
with a wide range of application scenarios. Because of its high
search efficiency and strong robustness, it is often used in path
planning of mobile robots.

The steps of the A* algorithm are as follows: first, the
starting node is taken as the first parent node to traverse
its surrounding child nodes, and then the f (n) value of the
surrounding child nodes is calculated. The child node with
the smallest f (n) value is taken as the next parent node and
put into openList until the target node is included in openList
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to stop the search. The cost estimation function formula is
shown as:

fm)y=gm+hn, ey

where f (n) is the estimated cost of reaching the target node
from the starting node through the current node n; g (n) is the
actual cost from the starting node to the current node n; and
h(n) is the estimated cost from the current node  to the target
node, that is, the heuristic function of the algorithm, which
is usually represented by Manhattan distance or Euclidean
distance. The Manhattan distance is the sum of the absolute
values of the horizontal and vertical coordinates between
two nodes, and the Euclidean distance is the straight-line
distance between two nodes. Because the Euclidean distance
has higher accuracy than the Manhattan distance, Euclidean
distance is often used as the heuristic function when using
the A* algorithm. In this paper, the eight-way search method
is adopted in the raster map, and the map contains obstacles,
so the Euclidean distance is used as the heuristic function of
the algorithm. g (n) and h(n) can be shown as:

g () = /(e — 1) + (s — )%, @
B ) = o — 30% + (i — )%, 3)

where x; and y; are the abscissa and ordinate of the starting
node, respectively, and x;, and y, are the abscissa and ordinate
of the current node, respectively. x; and y; denote the abscissa
and ordinate of the target node, respectively.

B. PARTICLE SWARM OPTIMIZATION

Particle swarm optimization (PSO) was proposed by
Kennedy and Eberhart [24] and was inspired by the foraging
behavior of birds. PSO simulates the process of a particle
swarm moving toward the optimal solution in the multidi-
mensional search space, where each particle represents a can-
didate solution and the initial particle is randomly generated
[53]. Due to its simple steps and fast convergence speed, the
algorithm is widely used in many practical scenarios, such
as robot path planning [54], nonlinear optimization of power
systems [55], medical image classification [56], and flow
shop scheduling [57].

The PSO algorithm first initializes a certain number of
random particle populations as available solutions and then
searches for the optimal solution by iterating and updating the
particle swarm. In the iteration process, each particle updates
its speed and position through its own optimal solution
(pbest) and the group optimal solution (gbest). The updating
process of its speed and position is shown as follows:

vf,("’_] = a)vf +c1rp (pbestf - x,k) + (ngStk - xtk) ’
“

k+1 _ _k k+1
X =x 4y (5)

i k)
where vf“ is the velocity of the i-th particle in the
k + 1-th iteration; w stands for inertia weight; cq, the self-

learning factor, represents the weight of a bird flying to its
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FIGURE 1. A * algorithm example.

optimal position, that is, the greater the value of cj, the
stronger the bird’s willingness to fly to its optimal position.
¢, the social learning factor, is the weight of a bird flying
to the optimal position that the group has been to, and the
greater the ¢, value, the greater the bird’s willingness to fly
to the optimal position of the group. r; and r, are random
numbers uniformly distributed in the interval (0,1); pbestf.‘ is
the optimal solution of the i-th particle searched after the k-th
iteration. gbest* is the group optimal solution after the k-th
iteration. xf denotes the position of the i-th particle after the
k-th iteration.

IlIl. APSO ALGORITHM

A. THE IMPROVEMENTS OF A* ALGORITHM

In the application scenarios of mobile robot path planning,
although the A* algorithm can efficiently provide the lowest
cost path, it also has obvious limitations. Fig. 1 shows the path
node diagram planned by algorithm A*.

As seen from the figure, the path provided by the algorithm
often has the problems of too many nodes, too many turning
points, and poor path smoothness, which does not meet the
realistic motion requirements of mobile robots. In view of
the problem of redundant path nodes and redundant transition
nodes in the path planned by the A* algorithm, we adopted a
redundant node removal strategy to solve the problem.

1) DELETE REDUNDANT PATH NODES

As shown in Fig. 2, solid points are the starting nodes and
target nodes of the path, and hollow points are other nodes
on the path. Fig. 2-(a) shows the path before deleting the
redundant path node, and Fig. 2-(b) shows the path after
deleting the redundant path node.

If the current node is on a line with the previous node and
the next node of the current node, it means that the node
is a redundant path node, and then the current node will be
deleted. For example, node An in Fig. 2-(a) is collinear with
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FIGURE 2. Comparison before and after deleting redundant path nodes.
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FIGURE 3. Comparison before and after deleting redundant transition
nodes.

the previous node S and the next node B; then, node A will be
deleted. The judgment function of the redundant path node is
expressed as:

Yn — Yn—1

fr= , (6)
Xp — Xn—1

af _ Yn+1 — Yn ’ )
Xp4+1 — Xp

where x,, and y, are the abscissa and ordinate of the current
node n. x,—1 and y,_; are the abscissa and ordinate of the
previous node n — 1. x,4+1 and y,4; are the abscissa and
ordinate of the next node n+ 1. If fr = af, the current node is
collinear with the previous node and the next node; that is, the
current node is a redundant path node. If fr#af, the current
node is not collinear with the previous node and the next node;
that is, the current node is not a redundant path node. The path
after deleting the redundant path node is shown in Fig. 2-(b).

2) DELETE REDUNDANT TRANSITION NODES

After eliminating the redundant path nodes, except the start-
ing point and the ending point, the remaining nodes on the
path are all transition nodes. There are two situations in
Fig. 3-(a) for the connection between two separated turning
points: in SIT.1, there is an obstacle between two separated
turning points S and B. For this situation, the intermediate
turning point A between two separated turning points is
reserved, and whether there is an obstacle between turning
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points A and C is judged. In SIT.2, there is no obstacle
between two separated turning points B and G. For this situ-
ation, the redundant turning point C between B and G should
be deleted. For redundant transition nodes, the following
implicit function is used to judge:

path :f (x,y) = (M) — (M) , (8)
Yn+1 — Yn—1 Xp4+1 — Xp—1
obs=f(x,y) = (x _xabs)2 + O _yobs)2 - robszv 9)

where x,_1 and y,_; represent the abscissa and ordinate of
the previous node n — 1 of the current node, respectively;
Xp+1 and y,41 represent the abscissa and ordinate of the
next node n + 1 of the current node, respectively; x,ps and
Yobs Tepresent the abscissa and ordinate of each obstacle,
respectively; and r,p; is the area radius of each obstacle after
expansion. When path = obs, there are obstacles between the
two turning points; otherwise, there are no obstacles between
the two turning points, that is, the intermediate turning points
between the two turning points are redundant turning points.
The path after deleting the redundant turning point is shown
in Fig. 3-(b).

B. THE IMPROVEMENTS OF PSO

1) STOCHASTIC INERTIA WEIGHT

The inertia weight w is the core parameter for particle veloc-
ity and position update in PSO, which has an important
impact on the convergence performance of the algorithm [58].
To improve the performance of the PSO algorithm, the adap-
tive inertia weight (AIW) [58] is often used, as shown in Eq.
nonlinear decreasing inertia weight (NDIW) [59], as shown
in Eq. 11; linearly decreasing inertia weight (LDIW) [60],
as shown in Eq. 12, etc.

Pkb w X k
® = (Wmax + Omin) X ( ieft) - mTax s (10)
pgbest max

Tmax —k
w = exp |:—exp (T—>} , (11)
max

k
® = OWpax — (Omax — Omin) X ( ) s (12)
Tonax

where wp;y, is the minimum value of inertia weight, often with
a value of 0.4; wyq, is the maximum value of inertia weight,
often with a value of 0.9; plg‘b os; 18 the global optimal fitness
at the k-th iteration; plgf;elst is the global optimal fitness at the
k — 1-th iteration; c¢ 1s a constant; k is the current iteration
number; and T};,,, is the maximum iteration number.

If the inertia weight is set as a random number obeying a
certain distribution, adjusting the inertia weight by using the
characteristics of random variables can make the algorithm
jump out of the local optimum quickly, which is conducive to
maintaining the diversity of the population and improving the
global search performance of the algorithm [61]. Therefore,
based on the widely used linear decreasing inertia weight,
this paper proposes a stochastic inertia weight (SIW), whose
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FIGURE 4. Inertia weight curve comparison.

formula is shown as:

k
® = Omax — (Omax — Omin) X (_) x e, (13)
Tmax
where r}, is a random number in the interval range (-0.1,0.1).
A comparison of the inertia weight change curves is shown
in Fig. 4.

2) STOCHASTIC OPPOSITION-BASED LEARNING
Opposition-based  learning  (OBL), proposed by
Tizhoosh et al. [62], is an optimization tool with an excel-
lent optimization effect. The main idea is to compare the
fitness of the current feasible solution and its reverse feasible
solution and select the better solution of the two to enter the
subsequent iteration. The opposition-based learning strategy
has been widely used to improve the convergence speed of
swarm intelligence algorithms [63], [64]. The basic definition
of opposition-based learning is as follows:

Definition 1: Opposite Numbers. Let x be a real number
and x € [/b, ub]; the opposite number X obtained after
opposition-based learning of x is defined as:

X=1Ib+ub—x. (14)

Definition 2: Opposite Points. Let point P(xy, x2, - - -,X,)
be a point in n-dimensional coordinates, where xp, x2, - - -,x,
are real numbers and xp, xp, - - -,x,€ [Ib;, ub;]. The opposite

point P can be defined as:
Xi = Ib; + ub; — x;. (15)

The introduction of the OBL strategy into PSO is helpful
to expand the search range of the algorithm by diversifying
particles and improving the performance of the algorithm.
If each particle uses the OBL strategy after every position
change, the time complexity of the algorithm will be greatly
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improved, and the algorithm search efficiency will decrease.
Therefore, OBL can be applied to the individual and global
optimal particles in PSO at the end of each iteration, which
can not only expand the search scope of the algorithm but
also not greatly improve the time complexity of the algorithm.
According to the definition of OBL, a point has and only
has one opposite point. However, once the individual most
particle or global optimal particle falls into the local optimum
and the fitness of its opposite solution is not as good as
the original feasible solution, then the implementation of
the OBL strategy will be invalid every time. To avoid this
situation, we propose a stochastic opposition-based learning
strategy (SOBL) to prevent the failure of the OBL strategy
when the global optimal particle falls into the local optimum.
SOBL is defined as follows:

Definition 3: Stochastic Opposite Points On the basis of
the opposite points, a stochastic perturbation is taken to x;:

Xi=1Ib;+ub; —x; xr, (16)

where r is the random value conforming to a Gaussian distri-
bution in the interval (0,1).

C. THE OPTIMIZATION PROCESS OF APSO
We take the route planned by the improved A * algorithm as
the route to be optimized. The improved PSO will continue
to optimize the route locally from the starting node until the
target node enters the iteration.

First, the initial particles with a certain population size are
randomly generated according to the random strategy, which
can be shown as:

posx = Xp + ((Xut2 — Xp) X 1), an
posy = yp + (Yn42 — yn) X 1), (18)

where posx and posy represent the x and y coordinates of
randomly generated particles, respectively, and x, and y,
represent the x and y coordinates of node n, respectively. x,,42
and y, 4 represent the x and y coordinates of nodes separated
from node n, respectively. r stands for a random number in
the interval (0,1).

After the population is initialized, the velocity of each
particle in the population is initialized again by a random
strategy, which can be shown as:

Vx = Vmax X T, (19)

Vy = Vipax X T, (20)

where v, and v, are the velocity of each particle on the x coor-
dinate and the flying speed on the y coordinate, respectively;
Vmax indicates the maximum flight speed; and r stands for a
random number in the interval (0,1).

After the population and population velocity are initialized,
the fitness of each particle is calculated. The particle with
the highest fitness is regarded as the group optimal solution
gbest, the particle without obstacle avoidance has a fitness
value of 0, and the other particles without a fitness value
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of 0 are regarded as the individual optimal solution pbest.
The fitness calculation is shown as:

f=dxe 1)

d =3 it =50 + Gust — s @2

m=1

o { 1, path # obs 7 23)
0, path = obs

where f is the particle fitness value; d is the particle path
distance; ¢ is the collision test function; and x;,, and y,,
represent the abscissa and ordinate of node m, respectively.
Xm+1 and y,, 41 represent the abscissa and ordinate of adjacent
nodes of node m, respectively. When m = 1, node m is the
starting node of the local path, and when m = n, node m is the
target node of the local path. path and obs are the judgment
functions in Equations (8) and (9), respectively.

After the particle swarm initialization is completed, the
particle velocity and position are updated continuously
through iteration to achieve the goal of continuous particle
optimization. The velocity and position update formulas are
expressed as:

Verl = a)vi-( + cirq (pbestf? - x,k) + car (gb€Stk _xzk) )
(24)

B R Ry (25)

After the position movement of the particle swarm is com-
pleted, SOBL is applied to all individual optimal particles
and global optimal particles in the next iteration, and their
opposite positions are obtained. Then, the fitness of the oppo-
site position of each particle is calculated. If the fitness of
the current position of the particle is inferior to the fitness
of the reverse position, the particle is moved to the opposite
position; if the fitness of the current position of the particle
is superior to the fitness of the opposite position, the current
position of the particle is retained. The process for using
SOBL on particles is as follows:

i) =k k ~k
BLf () > f (&)

Taking path S-A-B-G in Fig. 5-(a) as an example, node S
and node B are first regarded as the starting node and the
target node of local path S-A-B, respectively, so the search for
a more suitable intermediate node A is the goal of this opti-
mization. As shown in Fig. 5-(b), after the improved PSO is
used to find the optimal node A, node A and node G are taken
as the starting node and target node of local path A-B-G, and
the improved PSO is used to optimize the local path A-B-G.
After the optimization of the local path A-B-G is completed,
the target node G of the local path is the same node as that of
the global path, so the algorithm ends. The path optimized by
APSO is finally shown in Fig. 5-(c).
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FIGURE 5. The example of APSO optimization process.

D. ALGORITHM IMPLEMENTATION PROCESS
STEP 1: The raster map is established by the raster method,
and the parameters of the A* algorithm are initialized;

STEP 2: Create two empty sets, openList and closeList.
openList is used to store the nodes to be searched, and
closeList is used to store the searched nodes. Add the starting
node to openlList;

STEP 3: Traverse the nodes in openlList, search for the
node with the smallest f (n) value and set it as the current
node n;

STEP 4: Delete the current node n from openList and add
it to closeList;

STEP 5: Judge whether node n is the target node. If it is
the target node, trace back to find the initial path and skip
to step (7); if it is not the target node, the current node n
is used as the parent node to search the surrounding eight
neighborhoods.

STEP 6: Judge whether the points in the eight neighbors
of node N that are not obstacles are in openlList. If so,
calculate the f (n) value of these nodes, select the node with
the smallest f (n) value as the next node n + 1, and return to
step 4. If it is not in openList, add it to openList and calculate

f(n);

STEP 7: The redundant path nodes and redundant transi-
tion points in the node set pathPoints in the initial path are
removed by the redundant node removal strategy;

STEP 8: Traverse the remaining nodes in the pathPoints
set, and the separated nodes n and n-+2 are used as the starting
point and ending point of the PSO optimization path in each
iteration.

STEP 9: To initialize the PSO parameters, input the cor-
relation coefficients of inertia weights wy,qx and wy,;,, the
self-learning factor c1, the social learning factor ¢, the popu-
lation number possize, and the maximum number of iterations
Tnax, and enter the iteration.

STEP 10: Each particle in the population is disturbed
according to the individual optimal pbest and the overall
optimal gbest to generate a new historical optimal population;

STEP 11: Calculate the fitness value of the individual
optimal pbest and the global optimal gbest and compare them
with the fitness value of the reverse position. If the fitness
value of the particle in the reverse position is better, the
particle will be moved to its reverse position; otherwise, the
particle will not be moved.
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Algorithm 1 Pseudo-code of APSO

: Create grid map
: Create a collection to store the search node

Search for eight-neighbor of current nodes

© X ISIT RPN

-
=

Add them in openList

—
=

end if
: end while

e
No oA W N

n=n+1

[

Initialize the PSO parameters
while ¢t < maxIter do

[N
e

: Set the minimum node of f(n) as the current node n
while The current node is not the target node do

if The eight-neighbor points are in openLest then
Calculate the f(n) of these points and select the minimum as the current node
else if The eight-neighbor points are not in openLest then

: Input the information of start node, target node and environment map

Calculate the f(n) of these points and select the minimum as the current node

: Trace to find the initial path and place the path node in pathPoints

: Delete non-start and non-destination nodes on local paths in pathPoints

: Delete the intermediate node when obstacles exist between the separated nodes on pathPoints
: while The target node n does not enter the iteration do

Take n and n+2 isolated nodes in path Points as starting and destination nodes for local path optimization

22: t=t+1

23: Calculate the objective function values F' of each particle

24: Update individual and group optimal values

25: Calculate the objective function values F, of each particle’s opposite position
26: if F, < F then

27: Move the particle to its opposite position

28: end if

29: Update the velocity and position of each particle

30: end while

31: Output a global optimization path composed of local optimization paths

32: end while
33: Output nodes of the final route

FIGURE 6. Inertia weight curve comparison.

STEP 12: Judge whether the iteration number Ty is
reached; if so, terminate the iteration and save the local
optimization path; if not, return to STEP 11.

STEP 13: Judge whether the target node enters the iter-
ation; if so, end the algorithm and output the overall path
composed of each local path. If not, return to STEP 8. The
algorithm pseudocode is shown in Fig. 6:

IV. THE PERFORMANCE EVALUATION EXPERIMENT OF
THE IMPROVED PSO

To test the improvement degree of the PSO by the
two strategies of stochastic inertia weight and stochastic
opposition-based learning adopted in APSO, 15 benchmark
functions are introduced in this section, and these 15 bench-
mark functions are popular problems used in the optimiza-
tion literature [65], [66], [67], [68], [69]. The basic PSO is
denoted as PSO, and the improved PSO that adopts stochas-
tic inertia weight and stochastic opposition-based learning
strategy is denoted as OBLPSO. In addition, for a more
intuitive comparison, we reproduced the differential evolu-
tion algorithm (DE) of Storn et al. [22], the gravity search
algorithm (GSA) of Esmat Rashedi et al. [70], the bio-
geography algorithm (BBO) of Simon [71], the Salp swarm
algorithm (SSA) of Esmat Rashedi et al. [72], the sine and
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cosine algorithm (SCA) of Mirjalili [73], and the gray wolf
optimization (GWO) of Mirjalili et al. [74]. Tab. 1 shows
the hyperparameters of all the comparison algorithms. After
analyzing the optimization results of eight algorithms in the
benchmark functions, the optimization ability of the proposed
OBLPSO is evaluated. The experiments are conducted using
a computer Core 17-1165G7 with 16 GB RAM and 64-bit
for Microsoft Windows 11. The source code is implemented
using MATLAB (R2021b).

The details of the 15 benchmark functions are shown in
Tab. 2, where f| — f7 are unimodal functions, which are used
to test the global search ability of the algorithm in the case
of high dimensions. f3 — f11 are multimodal functions, which
are used to test the local search ability and the ability of the
algorithm to jump out of the local optimum in the case of high
dimensions. f12 — fi5 are dimension fixed functions used to
test the ability of the algorithm to solve simple problems.

Tab. 3 shows the comparison results between OBLPSO and
other algorithms after 20 independent runs in the benchmark
function, where the data in bold are the optimal values in each
data.

Both the average value and the best value can reflect the
optimization accuracy of the algorithm, while the standard
deviation value can reflect the stability of the algorithm in
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TABLE 1. Hyperparameters of algorithms.

Hyperparameter PSO OBLPSO DE

GSA BBO SSA SCA GWO

Population size 50 50 50
c,andc, 2 2 -

Inertia weight @ 0.9-04 09-04 -

50 50 50 50 50

Crossover rate - - 0.2 - - - - -
Mutation scale - - 0.8-02 - 0.1 - - -
Power of R - - - 1 - - - -
Norm of R - - - 2 - - - -
Keep rate - - - - 0.2 - - -
Migration value @ - - - - 0.9 - - -
TABLE 2. Benchmark functions.
Function Formulation Dim Search range fmin
D
Sphere i) = Z x? 30 [-100,100] 0
i=1
D D
Schwefel 222 f,(X) = z x| + 1_[ x| 30 [-10,10] 0
i=1 i=1
D D
Schwefel 12 £00 = Z (Z %)? 30 [-100,100] 0
i=1 J-1
Schwefel 2.21 fo(X) = max{lx;|, 1 < x; < D} 30 [-100,100] 0
D-1
Rosenbrok fs(X) = Z [100(x;41 — x2)? + (x; — 1] 30 [-30,30] 0
i=1
D
Step fo(X) = z ([x; + 0.5])2 30 [-100,100] 0
i=1
D
Quartic £X) = Z it 30 [-1.28,1.28] 0
i=1
D
Rastrigin fo () = Z [x? — 10 cos(2mx,) + 10] 30 [-5.12,5.12] 0
i=1
D 1D 1P
Ackley foX) = z —20exp| —0.2 Ez x? | —exp (Bz cos(ani)) +20+e 30 [-32,32] 0
i=1 i=1 i=1
Griewank Fi0CO ! ZD 2 HD &y 1 30 [-600,600] 0
riewal =— x?— cos(— -600,
10 4000 Loyt 3 dim Vi
. 1 x1(bi + b;x3)
Kowalik X) = Z [ — 22 4 5,3 0.00030
owalt fll( ) i:1[al blz + biX3 + x4 [ ]
. 1
Six Hump Camel fi(X) = 4x12 — 2.1xf + §X16 +x,x, — 4x22 + 4x§ 2 [-5,5] -1.0316
. 51 , 5 ) 1
Branin fis@®) = (g = i + -2, = 6)2 +10 (1 - 5) cosx; + 10 2 [-5.5] 0.398
fia(X) = [1+ (xq + x5 + 1D2(19 — 14x; + 3x,% — 14x, + 6x,%, + 3%,2)] X [30
GoldStein-Price + (2x; — 3x,)? x (18 — 32x, 2 [-2,2] 3
+12x,% + 48x, — 36x,x, + 27x,%)]
4 6
Hartman 6 fis(X) = —Z c;exp (—z a;;(x; — pi))*) 6 [0,1] -3.32
i=1 j=1

the search process. Overall, the average value, best value
and standard deviation of OBLPSO in f; — f1 and f7 — fi5
after 20 independent runs were better than those of the
other algorithms. OBLPSO can simultaneously search for the
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theoretical optimal value in f; — fa, fg — fio and fi2 — fis.
As seen from the convergence curve in Fig. 7, OBLPSO
shows the fastest convergence speed among the 15 bench-
mark functions and has higher search accuracy compared
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TABLE 3. Comparison of experimental results under the benchmark functions.

OBLPSO PSO DE GSA BBO SSA SCA GWO

Mean 0 59.98492  1556.199 1464.338  11.00474  487.7355 2195277  0.000889

fi Best 0 27.07148 1174.521 658.0592  6.60988 182.4681  245.2675  0.000202
Std 0 27.47243 3242394 387.2942 2438866 222.1886  1383.687  0.00062

Mean 0 2538466 1492852  9.15086  0.994957  11.31854  4.820405  0.005049

fa Best 0 222172 12.09259 4.345062 0.727204  6.322514  1.522111  0.001838
Std 0 27.66012  1.492589 2298738  0.132853  3.143674  2.824907  0.00166

Mean 0 5291.085 51054.78 3170.572  8314.926 3842.14 20159.91  83.16757

f3 Best 0 2647364 3732627 1576297 4041.166  1456.762  11603.23  7.102674
Std 0 2275.654 6506998 1180.897  2656.892  1371.662  6152.922  72.18655

Mean 0 5291.085 51054.78 3170.572  8314.926 3842.14 20159.91  83.16757

fa Best 0 2647364 3732627 1576297 4041.166  1456.762 1160323  7.102674
Std 0 2275.654 6506998 1180.897  2656.892  1371.662  6152.922  72.18655

Mean 28.76884 349243  679708.6 73216.01 400.8734  25312.22 8330735  28.67001

fs  Best 2822667 8955643 3306714 1173438 198.8075  3491.892 1010486  27.23888
Std 0.185271  2449.992 308761.3 4395092 174.8286  18014.33 10424156 0.623422

Mean 2.597954 52.08739 1533.473 1549.502 10.32633  406.8296  3038.364 1.767749

fo  Best  1.369457 19.438 1049.989  876.0261 4.860053  130.0141  318.5764  0.785553
Std 0.467535  24.27206  315.7947 348.6209  2.472663  152.5397  2989.365  0.584952

Mean  0.00021 0.10738  0.815291  0.669622  0.037774 0311646  4.480562  0.013324

f,  Best 473E-06 0.058504 0.612142 0.218124  0.013258 0.09637 0211172 0.00716
Std 0.000165 0.039645 0.127169  0.340633  0.01556  0.147642  6.893648  0.004871

Mean 0 131.381  180.3758  62.96596  38.32645  65.64815  140.0432  28.52005
fs  Best 0 90.6863  159.1573  22.61029 19.94158  45.31275  39.93395  13.19636
Std 0 26.83688 8.803982 21.51963 10.2807 11.32027  44.70859  9.620302

Mean 8.88E-16 3.309219 10.02752 6.271073  1.488909  6.652548  16.16813  0.006244
fo  Best 888E-16 2.632204 8.762817  5.09957  1.049942  5.075771  5.609717  0.003355

Std 0 0.392204 0.757625 0.760892  0.223235  0.906416  4.711604  0.001767
fio Mean 0 1.432526  14.8766  393.8569  1.098906  4.558771  22.51232  0.027311
Best 0 1.121902  9.787167 2942885 1.052336  2.514127  2.628546  0.000555
Std 0 0204225  2.59239 4490672  0.025311 1.250413  14.20406  0.032823

Mean  0.002869 0.004796  0.00121  0.014169  0.003943  0.002395  0.001212  0.008012

fin Best  0.000307 0.000389 0.000768 0.002995  0.00074  0.000345  0.000549  0.000484
Std 0.005848  0.007792  0.000289  0.008271  0.005631  0.004308  0.000422  0.009243

Mean -1.03163  -1.03163  -1.03163  -1.03163  -1.03163  -1.03163  -1.03149  -1.03163

fiz  Best -1.03163 -1.03163  -1.03163  -1.03163  -1.03163  -1.03163  -1.03162  -1.03163
Std 2.18E-15 3.95E-09 3.23E-10 1.38E-05 2.54E-09 1.03E-13  0.000113  4.49E-07

Mean  0.397887 0.397887  0.397887  0.397887  0.397887  0.397887  0.403509  0.39989

fiz  Best  0.397887 0.397887 0397887 0.397887  0.397887  0.397887  0.398056  0.397888
Std 1.11E-16  1.54E-15  3.74E-08 2E-11 8.75E-08 2.1E-13 0.008223  0.008586

Mean 3 3 3 3.076071  5.700069 3 3.000488  3.000281

fia  Best 3 3 3 3 3 3 3.000032  3.000001
Std 1.26E-14  548E-14 1.75E-13  0.331587  8.100206  1.19E-12  0.000508  0.00039

Mean -3.31846  -3.28038  -3.28633  -2.62726  -3.28633  -3.21538  -2.90322  -3.27495

fis  Best -3.322 -3.322 -3.32199 -3.322 -3.322 -3.322 -3.13749  -3.32196
Std 0.054484  0.056708 0.005913  0.636738  0.054484  0.087971  0.164791  0.076293
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TABLE 4. Wilcoxon rank sum test under the benchmark function.

OBLPSO vs. PSO DE GSA BBO SSA SCA GWO
fi 8.86E-05 8.86E-05  8.86E-05 8.86E-05 8.86E-05 8.86E-05 8.86E-05
1> 8.86E-05 8.86E-05 8.86E-05 8.86E-05 8.86E-05 8.86E-05 8.86E-05
fs 8.86E-05 8.86E-05 8.86E-05 8.86E-05 8.86E-05 8.86E-05 8.86E-05
fa 8.86E-05 8.86E-05  8.86E-05 8.86E-05 8.86E-05 8.86E-05 8.86E-05
fs 8.86E-05 8.86E-05  8.86E-05 8.86E-05 8.86E-05 8.86E-05 0.881293
fe 8.86E-05 8.86E-05  8.86E-05 8.86E-05 8.86E-05 8.86E-05 0.000338
f7 8.86E-05 8.86E-05  8.86E-05 8.86E-05 8.86E-05 8.86E-05 8.86E-05
fs 8.86E-05 8.86E-05 8.86E-05 8.86E-05 8.86E-05 8.86E-05 8.86E-05
fo 8.86E-05 8.86E-05  8.86E-05 8.86E-05 8.86E-05 8.86E-05 8.86E-05
fio 8.86E-05 8.86E-05  8.86E-05 8.86E-05 8.86E-05 8.86E-05 8.86E-05
fi1 0.295835  0.370261  0.001162  0.022769 0.135357  0.654159  0.331723
fiz 0.25 0.25 0.875 0.625 0.25 8.86E-05  8.86E-05
fi3 1 0.0625 1 0.000244 1 8.86E-05  8.86E-05
fia 1 1 0.5 0.00013 1 4.01E-05  4.01E-05
fis 0.262722 1 0.000517  0.092963  0.009996  8.86E-05  0.079322

+/-/= 10/0/5 10/0/5 12/0/3 13/0/2 11/0/4 14/0/1 11/1/3

with other algorithms. Therefore, OBLPSO not only outper-
forms basic PSO in terms of optimization accuracy and stabil-
ity but also outperforms some other metaheuristic algorithms.

The above data analysis only visually describes the per-
formance of the algorithm from the optimal value, average
value, and standard difference. Although the performance dif-
ferences between some algorithms can be seen, the analysis
process may not be comprehensive, so it is difficult to explain
the optimal performance of the algorithm. Therefore, we can
conduct certain statistical analyses on the data, evaluate the
performance of the algorithm from the statistical perspective
and judge whether there are significant differences between
the algorithms. First, the Wilcoxon rank sum test [75] was
used to calculate the P-value for significance analysis. Then,
the Friedman statistical test was used to derive the algorithm
ranking and comprehensive evaluation.

Tab. 4 shows the comparison results of each algorithm and
the Wilcoxon rank sum test of OBLPSO under the bench-
mark test function at the significance level of « = 0.05.
If the test result P < 0.05, it indicates that there is a
significant difference between the algorithm results; other-
wise, there is no significant difference. “4/-/="" in Tab. 3
means that OBLPSO is more “‘superior/inferior/comparable”
compared with the performance of the algorithm. In Tab. 3,
the four functions fi; — fis are dimension fixed functions,
and the problem is relatively simple, so a certain number
of “1” and P-values less than 0.05 are presented in the
results. In addition, most of the P-values of the Wilcoxon
rank sum test after comparing OBLPSO with other algo-
rithms are less than 0.05, indicating that OBLPSO has a
significant difference compared with other algorithms on the
whole.
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To further analyze the performance of each algorithm, the
Friedman test was used to rank the algorithms. The ranking
formula can be shown as:

v, 27)

1

R =

Z| =

N
i=
where i represents the i-th function, j represents the j-th algo-
rithm, N is the number of test functions, and rl] is the ranking
of algorithm j in function i. A smaller value of R; indicates
a higher ranking algorithm and better performance. It can
be seen from Tab. 5 that OBLPSO, which adopts stochas-
tic inertia weight and stochastic opposition-based learning,
ranks first in the experiment, which is sufficient to show that
OBLPSO has strong search performance.

In summary, OBLPSO can show good performance in a
variety of test functions, with advantages, stability and effec-
tiveness.

V. PATH PLANNING SIMULATION EXPERIMENT

To test the feasibility and effectiveness of APSO in the path
planning scenario of mobile robots, this paper introduces A*,
PRM, RRT and Bi-RRT and the proposed APSO algorithm
to carry out a simulation experiment of mobile robot static
path planning. Due to the dense obstacles in the environment
map, we found that it was difficult for a single intelligent opti-
mization algorithm to initialize an effective path population
in the experiment, so we did not introduce the relevant path
planning algorithm for comparison. Each algorithm is set to
run independently 20 times in each environment map. The
inertia weight correlation coefficients in APSO are wyax =
0.9, wnin = 0.4, self-learning factor ¢; = 2, social learning
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TABLE 5. Ranking of the Friedman test algorithm under the benchmark function.

Algorithm  OBLPSO PSO DE GSA BBO SSA SCA GWO
mean 1.333333  4.066667 5.2 3.533333  4.133333 6.4  2.866667
rank 1 4 6 3 5 8 2
factor ¢, = 2, population possize = 40, and maximum
number of iterations 7j,,; = 200. The experiment also uses I -

MATLAB R2021b software to run on a Lenovo X1 Carbon
Gen 9 computer Windows11 system, in which the computer
hardware is an Intel Core i7 processor and 16G memory.

A. PROBLEM DESCRIPTION

The environment of path planning is set in the intelligent
warehouse. After the mobile robot obtains the task, it starts
from the starting point and arrives at the target point after
obstacle avoidance to complete the task. The path planning
process requires the shortest path length and minimum total
turning range.

The following assumptions are made for the environment
map:

(1) Assuming that the environment map is a two-
dimensional map, the height information of mobile robots and
obstacles can be ignored;

(2) Assume that the position and area of obstacles are
determined and do not change;

(3) Assume that the mobile robot is a particle and moves at
a constant speed.

B. MODEL CONSTRUCTION

1) ENVIRONMENT MODELING

The common environment modeling methods of path plan-
ning include the raster method, viewable method, topology
diagram method and so on. In this paper, the raster method
is adopted to create the environment map model, and a
two-dimensional raster map of 20 x 20 is adopted. Fig. 8
lists three types of environment map models created by the
raster method. Among them, the obstacle coverage rate of
environment map 1 in Fig. 8-(a) is 22%, that of environment
map 2 in Fig. 8-(b) is 41.75%, that of environment map 3 in
Fig. 8-(c) is 45.75%, that of environment map 4 in Fig. 8-(d)
is 48.50%, that of environment map 5 in Fig. 8-(e) is 45.25%
and that of environment map 6 in Fig. 8-(f) is 24%. The black
area is the area where the obstacle is located, and the white
area is the driving area. Set the start node of mobile robot
movement as (1,1) and the target node as (20,20).

2) PROBLEM MODELING

In the path planning problem of mobile robots, the primary
goal is to reduce the overall running time of mobile robots.
In most studies, only the path length is used as the objective
function to measure the effect of the path planning algorithm.
However, in reality, the factors that affect the running time of
mobile robots are not only the path length but also the turning
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FIGURE 8. Obstacle environment map.

amplitude, the number of nodes in the path and the operation
time of the path planning algorithm. Therefore, we set these
factors into the following objective functions:

a: SHORTEST PATH LENGTH OBJECTIVE FUNCTION

The goal of the path planning algorithm is to minimize the
path length of the mobile robot, and the path length can
directly affect the linear movement time of the mobile robot.
Therefore, the shortest path length objective function should
be set, and its formula is shown as:

n—1
minD (x.y) = 3\ i1 — 2% + Gt — 3% (28)
i=1
where n is the number of nodes and x; and y; are the
abscissa and ordinate of node i, respectively. x;+1 and y;4|
are the abscissa and ordinate of the next node of node i,
respectively.

b: PATH NODE MINIMUM OBJECTIVE FUNCTION

When the mobile robot moves on the path, it will judge the
direction of the next movement every time it reaches a node.
The more motion nodes there are, the more judgment times
of the mobile robot will increase, thus affecting its motion
fluency. Therefore, the minimum objective function of the
path node should be set, and its formula is:

minP (n) = n, 29)

¢: MINIMUM TURNING AMPLITUDE OBJECTIVE FUNCTION
Each turning amplitude of the mobile robot has a direct
impact on its motion time, smoothness of path and motion

43249



IEEE Access

C. Huang et al.: APSO: An A*-PSO Hybrid Algorithm for Mobile Robot Path Planning

PRM with MAP 1

Path

% Start % Start
18 * Goal 18 *  Goal
Path

14 14
10 10
8 I 8
6 6

_ )
2 2

RRT with MAP 1

BiRRT with MAP 1

20
& Start
18 * Goal
Path

C

’ _
4_
2

2 4 6 8 10 12 14 16 18 20 2 4
A* with MAP 1
20
¥ Start
18 *  Goal

2 4 6 8 10 12 14 16 18 20

A*

FIGURE 9. Simulation experiment of the obstacle environment in map 1.
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FIGURE 10. Simulation experiment of the obstacle environment in map 2.

stability. The smaller the turning amplitude is, the shorter the
motion time, the better the path smoothness and the higher
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the motion stability. Therefore, the mobile robot should be set
to minimize the turning amplitude, and its objective function
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TABLE 6. The objective function values of each algorithm in different
maps.

TABLE 7. Wilcoxon rank sum test.

APSO vs. A* PRM RRT Bi-RRT
* 1-
APSO A* PRM RRT BiRRT operation time ~ 8.61E-05  8.86E-05 8.86E-05  8.86E-05
operation time (s) - 048 005 076 001 0.01 tum amplitude  7.74E-06  1.52E-02  8.83E-05 8.86E-05
tumn amplitude (rad) — 1.94 628 221 1115 8.56 MAP1  pathlength  7.74E-06 8.76E-05 8.84E-05 8.84E-05
Mapl — pathlength m) 3056 3214 3154 3891  39.00 node number  7.74E-06  1.00E+00 7.74E-06  7.74E-06
node number  7.00 2900 7.00  21.00 19.00 motion time ~ 8.61E-05  $.86E-05  8.86E-05 8.86E-05
motion time (5) 3305 3999 3440 4667 4554 operation time ~ 8.68E-05  1.63E-04 8.86E-05 8.86E-05
operation time (5) 045 0.06 079 0.01 001 wm amplitude ~ 7.74E-06  8.83E-05 8.86E-05 8.86E-05
tumn amplitude (rad) 1.9 785 3.84 1108 1140 MAP2  pathlength  7.74E-06 8.77E-05 8.86E-05 8.86E-05
Map2  pathlength (m) 2740 2863 2900 3483 3122 node number  7.74E-06  1.00E+00 7.74E-06  7.74E-06
10.00 23.00 10.00 18.00  18.00 o
node number motion time ~ 8.68E-05  8.86E-05  8.86E-05  8.86E-05
motiontime (s) 3048 3579 33.02 4197 3846 operation time  8.56E-05  120E-04 8.86E-05 8.86E-05
operation time (s) 0.29 0.05 0.77 0.01 0.01 .
turn amplitude  7.74E-06 ~ 3.73E-04  8.84E-05  8.86E-05
turn amplitude (rad) 227 628 391 1093  8.66
MAP3  pathlength  7.74E-06 840E-05 8.84E-05 8.83E-05
Map3  pathlength (m)  28.99 29.80 31.14 3448 33.73
node number  7.74E-06  7.74E-06  7.74E-06  7.74E-06
node number 6.00 2500 11.00 19.00  23.00
o motion time ~ 8.56E-05  8.86E-05  8.86E-05  8.86E-05
motion time (s) 31.21  36.85 3536 41.77 41.10 o
operation time (s) 135 0.07 0.76 0.01 0.01 operation time ~ 7.74E-06  8.70E-05  8.86E-05  8.86E-05
wmamplitude (rad) 269 785 326 1787 1436 turn amplitude  7.74E-06  7.44E-05  8.76E-05  8.49E-05
Mapd  pathlength(m) 2920 3097 3093 3817  3LI0 MAP4  pathlength  7.74E-06  7.45E-05 8.78E-05 7.90E-05
umber : ) : : '
motion time (s) 33.02 38.94 34.13 51.07 42.64 motion time 7.74E-06 8.83E-05 8.86E-05 8.86E-05
operation time (s) 0.62 0.05 0.80 0.00 0.02 operation time ~ 7.74E-06  0.001157  8.86E-05  8.86E-05
turn amplitude (rad) 0.39 7.85 3.29 15.16 14.45 turn amplitude  7.74E-06 ~ 8.60E-05  8.70E-05  8.63E-05
Maps path length (m) 2725 2863 2856 32.91 28.34 MAP 5 path length 7.74E-06  8.60E-05  8.77E-05  8.29E-05
node number 500 2300 800 29.00 29.00 node number  7.74E-06  7.35E-05  8.33E-05 8.08E-05
motion time (s) 29.00 35.78 32.01 43.55 38.76 motion time 7.74E-06  8.84E-05 8.86E-05 8.86E-05
operation time (s) 0.30 0.07 0.81 0.01 0.02 operation time  7.74E-06  8.72E-05  8.86E-05  8.86E-05
turn amplitude (rad) 1.43 6.28 400 17.32 14.68 turn amplitude  7.74E-06  8.83E-05  8.65E-05  8.83E-05
Map6  pathlength (m) 2760 2863 29.56 3600  31.60 MAP 6  pathlength  7.74E-06 8.86E-05 8.76E-05 8.83E-05
node number 700  23.00 11.00 3400  33.00 node number ~ 7.74E-06  8.37E-05  8.61E-05  8.66E-05
motion time (s) 2975 3529 33.85 4832  42.89 motion time ~ 7.74E-06  8.86E-05  8.86E-05  8.86E-05
formula is as follows: is shown in Eq.32
n—2 minC (a) = tg, (32)
minl () = E 0y, (30)
i—1 where ¢, is the running time of algorithm a.
Yntl=Vn _ Yn42=Yn+l The above objective functions can directly or indirectly
6, = |arctan | —2H =t Tn2~tnil (31) affect the running time of the mobile robot, and there is
1+ Yn+1—Yn , Yn4+2 " YVn+1 ? . .
Yot 1= < X2 Xt 1 no conflict between them. Therefore, after processing these

where # is the n-th node in the path.

d: SHORTEST ALGORITHM OPERATION TIME OBJECTIVE
FUNCTION

The operation time of the path planning algorithm of the
mobile robot can directly affect the working efficiency of
the mobile robot by affecting the operation efficiency. There-
fore, the operation time of the minimization algorithm of the
mobile robot should be set, and its objective function formula

VOLUME 11, 2023

several objective functions, we can combine them into the

final objective function with the shortest running time of the

mobile robot. The combined objective function is shown as

follows:

D (x, 10

minT () = 25 4 p ) t+ 1O L cw 33
Vin Vi

where v, represents the linear moving speed of the mobile

robot. In this paper, v,,= 1m/s. t, represents the judgment

time required by the mobile robot when it reaches a node.
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PRM with MAP 3 RRT with MAP 3 BiRRT with MAP 3

18

A* with MAP 3 APSO with MAP 3

2 4 6 8 10 12 14 16 18 20

APSO

FIGURE 11. Simulation experiment of the obstacle environment in map 3.

PRM with MAP 4 RRT with MAP 4 BiRRT with MAP 4

10

PRM

A* with MAP 4 APSO with MAP 4

FIGURE 12. Simulation experiment of the obstacle environment in map 4.
In this paper, #, = 0.2s. v; represents the turning speed of C. OBSTACLE ENVIRONMENT SIMULATION EXPERIMENT

the mobile robot, that is, the time consumed by each turning The paths planned by the APSO, A*, PRM, RRT and
radian. In this paper, v;= mrad/s. Bi-RRT algorithms in Maps 1 to 6 are shown in Figs. 9-14,
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FIGURE 13. Simulation experiment of the obstacle environment in map 5.

PRM with MAP 6 RRT with MAP 6
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FIGURE 14. Simulation experiment of the obstacle environment in map 6.

respectively. Intuitively, compared with other comparison turning points, and have higher smoothness. Tab. 6 provides
algorithms, the paths planned by the APSO in the six maps the average objective function value of each algorithm after
are obviously shorter in length, with fewer path nodes and 20 independent runs in different maps. Because the number
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of nodes must be an integer, the average number of nodes
is rounded upward. The bold data in the table are the final
objective function values. It can be seen from Tab. 6 that
in the six maps of APSO, except that the operation time of
the algorithm is slightly higher than that of the A*, RRT
and Bi-RRT algorithms due to the inevitable increase in
time complexity, the other objective function values are the
best among the algorithms. In map 1 with 22.00% obsta-
cles, the running time of the mobile robot using APSO is
reduced by 17.35% compared with A*, 3.92% compared with
PRM, 28.76% compared with RRT and 27.43% compared
with Bi-RRT. In map 2 with 41.75% obstacles, the running
time of the mobile robot using APSO is reduced by 14.84%
compared with A*, 7.69% compared with PRM, 27.38%
compared with RRT and 20.75% compared with Bi-RRT.
In map 3 with 45.75% obstacles, the running time of the
mobile robot using APSO is reduced by 15.31% compared
with A*, 12.23% compared with PRM, 25.28% compared
with RRT and 24.06% compared with Bi-RRT. In map 4 with
48.5% obstacles, the running time of the mobile robot using
APSO is reduced by 15.21% compared with A*, 3.26% com-
pared with PRM, 35.35% compared with RRT and 22.57%
compared with Bi-RRT. In map 5 with 45.25% obstacles,
the running time of the mobile robot using APSO is reduced
by 18.97% compared with A*, 9.41% compared with PRM,
33.41% compared with RRT and 25.19% compared with
Bi-RRT. In map 6 with 24.00% obstacles, the running time of
the mobile robot using APSO is reduced by 15.70% compared
with A*, 12.09% compared with PRM, 38.42% compared
with RRT and 30.63% compared with Bi-RRT. It can be seen
that APSO has superior performance in environments with
different obstacle densities.

To prove the validity of the conclusion that “APSO can
search superior paths among obstacles of different densities”,
the Wilcoxon rank sum test was used to conduct a statistical
test on relevant data, and the test results are shown in Tab. 7.
Since most of the P values are less than 0.05, the relevant data
of APSO have statistically significant differences compared
with other algorithms, so the conclusion is valid.

VI. CONCLUSION AND FUTURE WORK

Aiming at the problems of multiple nodes and poor path
accuracy of the A* algorithm in the path planning problem
of mobile robots, as well as the problems of a difficult
initial population and fast convergence speed of the PSO
algorithm in a complex environment, this paper proposed an
APSO algorithm embedded with an improved A* algorithm
and improved PSO algorithm and conducted an algorithm
performance test and path planning simulation test. The per-
formance test of the algorithm shows that the PSO using
stochastic inertia weight and stochastic opposition-based
learning strategy has statistical superiority, stability and effec-
tiveness. Simulation results show that the APSO proposed in
this paper can not only solve the problem of path planning but
also has higher smoothness, shorter route length and stronger
safety, which effectively reduces the running time of mobile

43254

robots and is more in line with the movement conditions of
mobile robots in the actual environment.

Since we focus on the path planning problem in a fixed
environment, the influence of dynamic scenes on mobile
robots is not considered. In dynamic scenarios, the hybrid
algorithm in this paper should be combined with the dynamic
path planning algorithm to meet the real-time obstacle avoid-
ance requirements of mobile robots, which will become the
focus of the next research direction.
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