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Abstract: This article is concerned with the path planning of mobile robots in dynamic environments.
A new path planning strategy is proposed by integrating the improved ant colony optimization (ACO)
and dynamic window approach (DWA) algorithms. An improved ACO is developed to produce
a globally optimal path for mobile robots in static environments. Through improvements in the
initialization of pheromones, heuristic function, and updating of pheromones, the improved ACO can
lead to a shorter path with fewer turning points in fewer iterations. Based on the globally optimal
path, a modified DWA is presented for the path planning of mobile robots in dynamic environments.
By deleting the redundant nodes, optimizing the initial orientation, and improving the evaluation
function, the modified DWA can result in a more efficient path for mobile robots to avoid moving
obstacles. Some simulations are conducted in different environments, which confirm the effectiveness
and superiority of the proposed path planning algorithms.

Keywords: mobile robots; path planning; ant colony optimization; dynamic window approach;
ACO; DWA

1. Introduction

Path planning is to find the optimal path from a starting point to a destination in an environment
with obstacles [1,2]. Up to now, path planning has been used in many applications, such as robot
navigation, autonomous driving, logistics transportation, and unmanned aerial vehicles [3,4]. Through
path planning, mobile robots or autonomous vehicles can find safe and efficient paths for their tasks in
complex environments.

The path planning of mobile robots can be divided into two categories: global path planning in
static environments, and local path planning in dynamic environments [5]. To date, a large number of
algorithms have been developed for the path planning of mobile robots, e.g., the dijkstra


http://http://www.aimspress.com/journal/mbe
http://dx.doi.org/10.3934/mbe.2024096

2190

algorithm [6], A* algorithm [7], artificial potential field (APF) algorithm [8], fuzzy system [9], ant
colony optimization (ACO) [10], particle swarm optimization (PSO) [11], and dynamic window
approach (DWA) [12]. Among others, DWA is a local obstacle avoidance method based on velocity
space, which considers the mobile robot’s kinematic and dynamic constraints [13]. By exploring a
range of linear and angular velocities satisfying the constraints, a set of optimal velocities for
controlling the robot’s motion are selected based on a velocity evaluation function [14]. Due to its
simplicity, smooth path, and strong obstacle-avoidance capabilities, DWA has been widely applied in
mobile robot path planning in recent years [3].

Nevertheless, traditional DWA still has some drawbacks, such as low algorithm efficiency in
dynamic obstacle environments, especially when the target points are far from the starting points [15].
In some complex scenes, it is prone to getting trapped in local optima or even failing to reach the
destination [16]. To address these problems, researchers have proposed many improved algorithms.
For example, an improved DWA has been presented in [17], where the obtained paths can be
optimized for obstacle avoidance, but it is limited to local path planning. In [18], the path generated
by DWA is smooth and exhibits obstacle-avoidance capabilities, but this algorithm is prone to getting
trapped in deadlocks in some cases. In [19], an adaptive dynamic adjustment factor has been
introduced into the velocity evaluation function of the traditional DWA. By taking into account the
density of obstacles in front of the mobile robot, this method can improve the performance of
traditional DWA when navigating through dense obstacles, yet the effectiveness of this method has
not been validated in dynamic environments. Additionally, it is worth noting that global paths are
seldom considered in the aforementioned DWA-based mobile robot path planning algorithms.

To overcome the above-mentioned drawbacks, in recent years, the hybrid algorithms combining
DWA have received extensive research and attention in the field of dynamic path planning [20]. In
particular, the integration of DWA with global path planning algorithms allows for escaping local
optima and successfully reaching the target by using the guidance provided by globally optimal paths
during local path planning [21]. For example, an algorithm combining DWA with an improved A*
algorithm has been developed for the path planning of greenhouse robots [22]. The fusion of the
improved genetic algorithm (GA) with DWA has been presented for local real-time smooth path
planning of robots [23]. The combination of ACO and DWA has improved the evaluation function of
DWA, resulting in enhanced path-tracking capability, dynamic obstacle avoidance ability, and motion
stability of robots, thus attracting more attention from researchers [24].

In the hybrid algorithms combining DWA, ACO has many advantages for the path planning of
mobile robots, such as self-organization, positive feedback, parallel computing, and robustness [25].
Nevertheless, traditional ACO also has some limitations, such as the susceptibility to getting stuck in
local optima and having many turning points in resultant paths [26]. To combat these deficiencies,
several improvements have been proposed for ACO-based path planning algorithms. For example, the
state transition rules of ACO have been improved to enhance the convergence speed of the
algorithm [27], but it still faces the issue of blindly searching due to the uniformly distributed initial
state of pheromones. In [28], an adaptive greedy strategy has been used to accelerate the convergence
speed of ACO. Though the adaptively adjusted parameters can increase the diversity of the
population, the algorithm has to overcome the challenging problem of getting out of the local optima.
Hence, there is still much room to further improve the performance of the ACO algorithm.

Motivated by the aforementioned discussions, in this article, we propose a new path planning
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strategy for mobile robots in dynamic environments based on improved ACO and DWA algorithms.
An improved ACO algorithm is developed for the global path planning of mobile robots in static
environments. Based on the obtained global path, an improved DWA algorithm is proposed to design
an optimal path for mobile robots in dynamic environments. The effectiveness and superiority of the
new strategy integrating the improved ACO and DWA algorithms are confirmed through some
simulations on the path planning of mobile robots. The main contributions of this article can be
summarized as follows:

1) A path planning strategy that combines the improved ACO and DWA algorithms is proposed for
mobile robots in dynamic environments;

2) An improved ACO is developed to obtain a globally optimal path through improvements in the
initialization of pheromones, heuristic function, and updating of pheromones;

3) A modified DWA is presented for path planning of mobile robots in dynamic environments based
on the generated globally optimal path by deleting the redundant nodes, optimizing the initial
orientation, and improving the evaluation function;

4) Some simulation experiments are carried out for the path planning of mobile robots in different
environments, and the effectiveness and superiority of the new algorithms are verified by the
simulation results.

The remainder of this article is outlined as follows. Section 2 presents some preliminary information
on the path planning of mobile robots. The global path planning based on the improved ACO algorithm
is detailed in Section 3. Section 4 is devoted to the dynamic path planning based on the improved DWA
algorithm. Several simulation results and discussions are reported in Section 5. Finally, the article is
concluded in Section 6.

2. Preliminaries

2.1. Workspace model

An appropriate workspace model is beneficial for achieving satisfactory path planning results.
Commonly used workspace modeling methods include visibility graph methods, topological methods,
free-space planning methods, and grid-based methods [3]. In contrast, the grid-based method stands
out due to its simplicity in modeling and convenient computation [29], which motives us to use it in
the current study.

As an example, we examine the grid map depicted in Figure 1, where “1” indicates impassable
regions displayed as black cells, and “0” denotes accessible areas represented by white cells. Each
grid in the workspace is numbered in order from left to right and top to bottom. The position of each
grid is represented by the coordinates (x,y) of its center point, where x and y represent the vertical
and horizontal directions, respectively. The coordinates of the starting grid in the top left corner are
defined as (1, 1), and the target grid’s coordinates in the bottom right corner are defined as (10, 10).
The conversion rule between the coordinates of each grid and the corresponding number is defined
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as follows

x:ﬂoor(n )+1,

N, 2.1
y=mod(n—-1,N,) +1

where floor(+) is the rounding down operation; mod(-) is the modulo operation; n denotes the number

of the grid; and N, and N, (both are 10 in Figure 1) indicate the amounts of grids in columns and rows,

respectively. Additionally, in the path planning of this article, the mobile robot is taken as a point in

the workspace without considering the actual size.

Start 0 0 0

0 0 0 0

0 0 0 0

0 0 0 0

< 0 0 0 0
J

0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 | Goal

Figure 1. An example for the grid map of a workspace.

2.2. A" algorithm

A* algorithm is a heuristic search algorithm widely used for the path planning of mobile
robots [30]. By using the evaluation function to select the optimal nodes, the A* algorithm can
improve the efficiency of finding the shortest path in a grid-based workspace.

The evaluation function used to estimate the quality of each node includes two factors [22], i.e.,
g(n) and h(n). By adding two factors together, a comprehensive cost function can be obtained as

f(n) = g(n) + h(n) (2.2)

where n denotes the current node’s number; g(n) indicates the actual cost of moving from the starting
node to the current node; Ah(n) represents the predicted cost of moving from the current node to the
target node, which is also called the heuristic function; and f(n) is the total cost of moving from the
starting point to the endpoint through the current node. In this article, we adopt the Euclidean distance
to calculate the heuristic function that is expressed by:

h(n) = V(i = X% + (= ¥1)? (2.3)

where (x,,y,) and (x;, y,) are the coordinates of the current and target nodes, respectively.
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3. Global path planning based on improved ACO

3.1. Traditional ACO algorithm

The ACO algorithm is an intelligent optimization algorithm that simulates the foraging behavior
of ant colonies [31]. Ant colonies can always find the optimal path from the nest to the food source
because each ant leaves behind a chemical substance called pheromone during the foraging process.
Pheromones gradually evaporate over time, so the pheromone concentration is higher on the shorter
paths since there are more ants on the paths, leaving more pheromones. Other ants can sense the
pheromone concentration and follow the paths with higher pheromone concentrations, thereby further
reinforcing the pheromone concentration on the paths.

The ACO algorithm abstracts the foraging behavior of ants into a mathematical model choosing
paths based on a state transition probability [32], which is expressed as

[t (01 [ni; (O ] c Gi{

Zk [T (P>

Pl =1 & (3.1)

0, others

where P (1) denotes the probability for the k-th ant walking on the path from the i-th grid to the j-th
grid (denoted as path(i, j)) at the #-th iteration; the corresponding concentration of pheromones on
path(i, j) is denoted as 7;;(¢), which represents the influence of the search history on the path choice
of the ants, where a denotes the importance factor associated with the pheromone concentration; 7;;(7)
is a heuristic function representing the attraction of the j-th grid for ants at the #-th iteration, where 8
denotes the importance factor associated with the attraction of the grids; and G¥ indicates the set of
grids that have not been explored by the k-th ant when it is currently at the i-th grid. Generally, the
heuristic function 7;;(¢) is defined by

1
nij(t) = 7 (3.2)

ij
where d;; denotes the Euclidean distance between the i-th and j-th grids. Meanwhile, the pheromone
concentration will be updated during each iteration as follows:

T,'j(t + 1) = (1 - /l)T,'j(t) + AT,’j(l‘),

> 33
ATy(t) = ) AT (), G-
k=1

where A is the pheromone diffusion factor, A7;; is the increment of pheromones on path(i, j), N denotes
the number of ants, and AT{FJ. represents the released pheromone by the k-th ant on path(i, j) and can be
defined by

Q/Ly, if the ant passed path(i, j)

0, others (3.4)

ATi(1) = {
where Q is the strength of pheromones, and L; denotes the path and its length of the k-th ant.

Remark 1. From the above introduction of the traditional ACO algorithm, it can be observed that the
pheromone on a path is negatively correlated with the path length, i.e., the shorter path retains more
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pheromones. For paths with higher pheromone values, they have a higher probability of being chosen
by ants in the next iteration, thereby further increasing the pheromone concentration retained on the
paths. Through the positive feedback mechanism of the pheromones, ants can gradually converge on
better paths and ultimately find the optimal solution to the path planning problem.

3.2. Improved ACO algorithm

In this article, the improvement of the ACO algorithm focuses on the following three aspects:
initialization of pheromones, heuristic function, and updating of pheromones, which will be discussed
in the remainder of this section.

3.2.1. Initialization of pheromones

In traditional ACO, each path has the same initial pheromone concentration, which would lead to a
slow convergence speed in the search process [33]. To address this issue, the A* algorithm is employed
to initialize the pheromone concentration, aiming to accelerate the convergence speed of ACO and
enhance its search performance.

In the new initialization scheme, the A* algorithm is used to obtain the initial path L, (see the red
dotted path in Figure 2 for example) from the starting grid to the target grid. To prevent the algorithm
from excessively relying on the guidance of the initial path and getting trapped in local minima, we
construct a candidate region R (see the green region in Figure 2) that is composed of the path L, and its
eight neighboring grids. In the region R, the pheromone concentration between the i-th and j-th grids

is initialized as
P T, I, JER
= 3.5
Y { Tinits others (3.5)

where p > 1 is a factor for grids in the region R, and t;,; is the initial pheromone concentration for the

grids out of the region R.
s
I Y
N

Figure 2. An example for the initialization of pheromones.
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3.2.2. Heuristic function

In traditional ACO, the heuristic function 7;;(¢) (see, e.g., Eq (3.2)) only involves the distance from
the current i-th grid to the next selectable j-th grid, which would lead to a lack of guidance in the ACO’s
search process, resulting in slow convergence or getting trapped in local optima [34]. To overcome this
limitation, the distance between the next selectable grid j and the target grid ¢ is integrated into the
heuristic function, which is redefined as

1

n:(t) = ody + (1= o)d, (3.6)

where o € (0, 1) is a weighting parameter of two distances, d;; is the Euclidean distance between the
i-th and j-th grids, and d; is the Euclidean distance from the j-th grid to the target grid.

3.2.3. Updating of pheromones

The pheromone is one of the important factors influencing the path selection of ants. The updating
of pheromones is composed of pheromone accumulation and pheromone evaporation. In each iteration,
we refer to the ant that has traveled the shortest path as the “best ant”, and similarly, the ant that has
traveled the longest path is called the “worst ant” [26]. The pheromones are first updated according
to Eq (3.3). Then, the shortest and longest paths are identified among all paths, and a reward and a
punishment are respectively given to the pheromones on the best and worst paths, in order to enhance
the guiding effect of the optimal solution for subsequent iterations and reduce the misleading effect
of the worst solution in future iterations. Thus, combining the traditional ant colony algorithm with
the above best-worst ant system, the additional pheromone increments for the best and worst paths are
designed as

At = 2,
”Q (3.7)
ATi() =~

w
where L, and L,, denote the length of the best (shortest) and worst (longest) paths, respectively, and
ATfj(t) and AT:.;.(I) are the additional pheromone increments for them at the #-th iteration, respectively.
Moreover, to prevent excessively high or low pheromone concentration of local paths, which would
lead to premature convergence of the algorithm [34], the maximum-minimum ant scheme is employed

in this article to keep the pheromone concentration within the range of [T in, Tmax] by

Tmin» Tij < Thin
Tij =94 Tijs  Tmin < Tij < Tmax (3.8)
Tmax» Ti i > Tmax

where T, and Ty, are the minimum and maximum pheromone concentrations, respectively.

Remark 2. The performance of the improved ACO algorithm has been enhanced from three aspects:
1) The path initialization method based on the A* algorithm avoids blind searching; 2) The improved
heuristic function strengthens the guidance towards the destination; 3) The enhanced pheromone
updating method improves the guidance role of excellent paths. These improvements can not only
accelerate the convergence speed of the algorithm but also result in better path planning outcomes.
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Based on the aforementioned improved ACO, the global path planning algorithm for mobile robots
is summarized in Algorithm 1.

Algorithm 1 Global path planning algorithm

Input: Map, start S, goal G
Output: Optimal global path
1: Initialize maximum iteration 7', ant number N, start S, goal G, and factors «, 8, 4, Q, p, T, Tiit»
Tmax> Tmin

2: Initialize the pheromone for the grids of the map by Eq (3.5)

3: foreachr e [1,T] do

4:  Putall ants into S

5 for each k € [1, N] do

6 while the k-th ant is not in G do

7: Choose the next grid by Eqgs (3.1) and (3.6)

8 end while

9 L, < the path length of the k-th ant
10 end for
11:  Select the best and worst ants
122 foreachk €[1,N]do
13: Update the pheromone concentration by Egs (3.3), (3.4), and (3.8)
14:  end for
15:  Update the pheromone concentration of the best and worst paths by Eqgs (3.7) and (3.8)
16: end for
17: return Optimal global path

4. Dynamic path planning based on improved DWA

4.1. Traditional DWA algorithm

DWA is a frequently used algorithm in mobile robot navigation and path planning, aimed at assisting
mobile robots in moving safely within unknown environments [35]. Its main principle is to dynamically
adjust the mobile robot’s speed and direction to choose the optimal motion strategy within a specified
time window, thereby avoiding collisions and achieving predefined objectives [36].

In DWA, if the mobile robot moves at a constant velocity within a sufficiently short time interval, it is
possible to approximate the mobile robot’s trajectory using arcs and straight lines, thereby simplifying
the path planning and motion prediction of the mobile robot [16]. Assuming the mobile robot moves
in a constant linear velocity over a short time interval Az, its kinematic model can be expressed as

x(t + Ar) = x(f) + v(r)At cos 6(¢),
y(t + At) = y(t) + v(t)At sin 6(¢), “.1)
0(t + Ar) = 6(t) + wAt,

where x(7), y(¢), and 6(¢) represent the mobile robot’s position coordinates and orientation angle at
time ¢, and v(f) and w(f) denote the corresponding linear and angular velocities of the mobile robot.
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To choose the optimal motion strategy in the velocity space based on the mobile robot’s model and
environmental information, the following constraints are usually considered [20]:

e Velocity constraints:
V, = {(V’ W)lV € [Vmina Vmax], we [Wmina Wmax]}

where V, represents the set of all velocities that the mobile robot can reach under the maximum
and minimum constraints of the linear and angular velocities, where [Vmin, Vimax] and [Wiin, Wiax ]
are their limitations, respectively.

e Acceleration and deceleration constraints:

V, = {(v, WV € [ve — VAL, v + VA, W € [W, — WAL W, + WaAt]}

where V, represents the set of all velocities subject to the acceleration and deceleration
constraints of the mobile robot due to the limited torque of drive motors, v. and w, are current
linear and angular velocities, and v, (v;) and w, (W,) indicate the linear and angular acceleration
(deceleration) constraints, respectively.

e Braking distance constraints:

v, = {(v, Wy < 200 Wvp.w < /2500, w)wh}

where V), represents the set of all velocities that the robot can stop before colliding with an obstacle
in the case of maximum deceleration, and d(v, w) represents the distance between the mobile
robot’s predicted trajectory and the nearest obstacle.

As such, the velocity space of the mobile robot is expressed as
V=V.nV,NV,. (4.2)

Based on the velocity space of the mobile robot, several feasible trajectories can be obtained. To
identify the optimal trajectory, the traditional DWA typically assesses the trajectories using the
following evaluation function [15]:

G, w) = nt(cidp(v, w) + c26(v, w) + c3(v, w)), 4.3)

where ¢(v,w) = 180° — 6 is the azimuth function evaluating the angular deviation 6 between the
target point and the end of the trajectory corresponding to the current velocity (v, w), (v, w) is the
evaluation function indicating the distance of the mobile robot from the obstacle, (v, w) is the velocity
evaluation function of the trajectory, and c;—c; are respectively the weights assigned to the elements of
the trajectory evaluation function, while 7 stands for the normalization factor.

Remark 3. Traditional DWA conducts real-time path planning based on locally detected
environmental information, but it has the following deficiencies: 1) The robot is prone to making
sharp turns at the initial stage when the global path’s forward direction deviates significantly from the
robot’s initial orientation angle; 2) The path planning focuses on real-time obstacle avoidance within
the environment based on the guiding role of the target direction, which can easily cause getting stuck
in local optima, resulting in the inability to reach the target point; 3) The planned trajectory may not
align closely with the global path when DWA is integrated with a global path planning algorithm,
leading to unnecessary redundant changes in direction during the robot’s movement.
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4.2. Improved DWA algorithm

To address the above-mentioned problems, we delete the redundant nodes on the global path
generated by the improved ACO, optimize the starting pose of the mobile robot, and refine the
evaluation function of the traditional DWA in this article. Ultimately, an improved DWA algorithm
incorporating global path information is designed to navigate the mobile robot along the globally
planned path while avoiding randomly appearing obstacles, resulting in an optimal path with dynamic
autonomous obstacle avoidance capabilities.

4.2.1. Deletion of redundant nodes

The paths planned by the ACO algorithm usually contain many turning points. As such, the mobile
robot needs to make several unnecessary posture adjustments to change its direction while tracking the
path, leading to a decrease in its operational performance. To ensure the smooth motion of the mobile
robot, a scheme for deleting redundant nodes is presented in this article to optimize the obtained global
path further.

We assume the global path obtained by the improved ACO algorithm consists of a set of n nodes.
Taking the scene depicted in Figure 3 for example, the nodes of the path (the blue dotted line) are
numbered as Py, P,,---,P, (n = 14 in the figure) from the starting node to the goal node. First,
we take P; as the current node and connect the nodes P, and P, to judge whether the segment PP,
intersects an obstacle. If it does not intersect any obstacles, we proceed to link P; to the next node until
P\P; (j = 3,4,---,14) intersects an obstacle. This indicates that the nodes P, to P;_, are candidate
redundant nodes that can be removed. Next, we check whether a better path can be obtained from the
candidate nodes to the node P}, and delete the real redundant nodes. Then, we update the current node
and repeat the above process starting from the current node until all nodes are checked. It is obvious
that the resultant path (the red line in Figure 3) is shorter and has fewer turning points compared to the
original path without deleting redundant nodes. The readers can refer to Algorithm 2 for more details
on the deletion of redundant nodes.

10 I —

— — — - Original
New

. Nodes

8 I Obstacles

9

Figure 3. An example for deleting redundant nodes.
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Algorithm 2 Dynamic path planning algorithm

Input: Map, start S, goal G, nodes of the global path
Output: Optimal dynamic path
1: for each gridi € [1,n] do
2: foreachgrid je[i+ 1,n] do
while P;P; does not intersect an obstacle do
je—j+1
end while
if || Py P |I<|| Pis1Pjoy || + || Pj—1P; || then
Retain the effective grid i, G, < i
else
Delete the redundant grid i, G,, <+ i
10: end if
11:  end for
12: end for
13: Initialize the velocity space V, and factors ¢; — cs
14: Set the initial orientation by Eq (4.4)
15: while the mobile robot is not in G do
16: ~ Sample m velocities from the velocity space V
17:  for each k € [1,m] do
18: Generate the k-th simulated trajectory by Eq (4.1)
19:  end for
20.  Evaluate the generated m trajectories by Eq (4.7)
21:  Select the optimal trajectory of m trajectories
22:  Move the mobile robot along the optimal trajectory
23: end while
24: return Optimal dynamic path

R I R

4.2.2. Setting of the initial orientation

In traditional DWA, the initial orientation angle of a mobile robot typically randomly assigned or
set based on prior experience often differs from the forward direction of the global path. When there
is a notable angular deviation between the initial orientation angle and the angle to the target point, it
would result in unnecessary path searching.

To deal with this problem, in this article, the initial orientation angle of the mobile robot is set based
on the direction of the line connecting the robot’s starting point to the first sub-goal point on the global
path, therefore establishing a clear forward direction and helping avoid additional unnecessary paths.
Specifically, this angle is calculated by:

V1= Vs

¢ = arctan Pa—— “4.4)
1= As

where (x;,y;) and (x;,y;) are the coordinates of the starting point and the first sub-goal point of the
global path nodes, respectively.
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4.2.3. Improved evaluation function

In traditional DWA, to ensure the safety of the planned path, the weight of the distance evaluation
component in the evaluation function is typically higher. This means that the algorithm tends to
prioritize selecting path points that are far away from obstacles, which often results in the mobile
robot being unable to reach the target point when there are obstacles around it. In response to this
situation and inspired by [15], we introduce a component in the evaluation function representing
the distance from the endpoint of the predicted trajectory to the target point, which is expressed as

5, w) = V(xe — x)2 + (e — )%, (4.5)

where (x,,y.) and (x;, y,) are the coordinates of the endpoint of the predicted trajectory and the target
point, respectively.

Furthermore, the local path generated by traditional DWA algorithms is sometimes far from the
global optimal path. To address this issue, we incorporate a distance evaluation component into the
evaluation function to represent the distance from the endpoint of the predicted trajectory to the next
node on the global path, which is expressed as

560, w) = (e = 37 + (e = vy (4.6)

where (x,,y,) is the coordinate of the next node closest to the endpoint of the predicted trajectory.
Based on the aforementioned improvement schemes, the final evaluation function can be
formulated as

G, w) = w(c1p(v, w) + c2k(v, w) + ¢33V, W) + c46,(v, W) + c50,(v, W)), 4.7)

where ¢4 and cs are the weights of 6,(v, w) and 6,(v, w), respectively.

Remark 4. The improved DWA algorithm reduces the overall path length by removing redundant nodes
Jfrom the global path and optimizing the initial path direction angle. The enhanced evaluation function
includes constraints on the target node and the global path, resulting in path-planning outcomes with
a stronger target orientation and approaching a globally optimal path.

Based on the above improved DWA, the dynamic path planning algorithm for mobile robots
is summarized in Algorithm 2, where || - || denotes the Euclidean distance of the nodes, G, is the
set of nodes on the global optimal path after deleting redundant nodes, and m is the number of
sampling velocities.

5. Simulation results
In this section, several simulation experiments are conducted to confirm the effectiveness and
superiority of the proposed algorithms on path planning in global and dynamic environments. In the

simulation of path planning algorithms, we consider a two-wheeled differential drive mobile robot.

5.1. Global path planning

To validate the performance of the improved ACO algorithm in the context of global path planning
for mobile robots, we will compare it with the traditional ACO algorithm on two maps. To ensure a
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fair comparison, the same parameters are used for both algorithms in the following manner: 7 = 100
for the maximum iteration, N = 50 for the number of ants, 4 = 0.3 for the pheromone diffusion factor,
a = 1 for the factor of pheromone concentration, 5 = 5 for the factor of grid attraction, p = 2.6 for the
factor of grids in the region R, o = 0.6 for the weighting parameter of two distances, and Q = 10 for
the strength of pheromone.

Figure 4 presents the path planning simulation results in a 20 X 20 grid static environment, where
the red path is the result of the improved ACO algorithm, and the blue dotted path is the result of
traditional ACO algorithm. Figure 5 shows the convergence curves of the improved ACO and
traditional ACO algorithms, respectively. Table 1 provides a comparison of the results obtained by the
two algorithms. From the above results, it can be observed that, compared to the traditional ACO
algorithm, the improved ACO algorithm in this article has reduced the path length by 16.99%, the

number of convergence iterations by 80.95%, the number of path turning points by 52.94%, and the
runtime by 52.93%.

------------- Traditional ACO
Improved ACO []

= §

I

A

Figure 4. Global path planning on a 20 X 20 map.

T T T
= = = *Traditional ACO
Improved ACO

55

\
50 1)
45+ h
40 -
35

N

25

I I I I I I I I I
0 10 20 30 40 50 60 70 80 90 100

Figure 5. Convergence curves for a 20 X 20 map.
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Table 1. Comparison of global path on a 20 X 20 map.

Algorithm Path length Convergence iteration Turning points Runtime (s)
Traditional ACO 34.48 42 17 10.22
Improved ACO 28.62 8 8 4.81
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Figure 7. Convergence curves for a 30 X 30 map.
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Table 2. Comparison of global path on a 30 x 30 map.

Algorithm Path length Convergence iteration Turning points Runtime (s)
Traditional ACO 55.55 84 26 29.47
Improved ACO 45.69 16 11 25.38

Furthermore, we conducted comparative experiments in a 30 x 30 grid static environment. From
the path planning results and the algorithm convergence curves in Figures 6 and 7, it is evident that
the improved algorithm continues to yield better results in this map environment. By examining the
comparative data in Table 2, it can be seen that the improved algorithm has decreased the path
length by 17.75%, the number of convergence iterations by 80.95%, the number of path turning points
by 57.69%, and the runtime by 13.87%, when compared to the traditional ACO algorithm.

The above simulation results demonstrate that the improved ACO algorithm in this study is capable
of achieving global path planning results with shorter lengths and fewer turning points. Moreover, it
shows enhanced search efficiency and convergence speed compared to the traditional ACO algorithm,
which can further highlight the effectiveness and superiority of the improved algorithm.

5.2. Dynamic path planning

In the next step, the dynamic path planning is carried out based on the results obtained from global
path planning. To validate the performance of the proposed path planning algorithm for mobile robots
in dynamic environments, several simulation experiments are conducted in two grid map environments
with different levels of complexity. In the grid map, black grids represent static obstacles, gray squares
are newly added obstacles after the global path planning, and the purple square denotes the mobile
obstacle moving at 0.4 m/s. The parameter settings for the simulation experiment are as follows:
Vmax = 1.5 m/s and vy, = 0 m/s for linear velocity constraints, wp,x = 0.35 rad/s and wy,, =
—0.35 rad/s for angular velocity constraints, ¥, = 0.2 m/s* and v, = 0 m/s? for linear acceleration
and deceleration constraints, w, = 0.9 rad/s> and w,; = —0.9 rad/s> for angular acceleration and
deceleration constraints, the time window for predicting trajectories is 3 seconds, and the factors c;—cs
are set as 0.15, 0.15, 0.2, 0.2, and 0.3, respectively.

Figures 8 and 9 present the path planning results in a 20 x 20 grid dynamic environment using
the traditional DWA algorithm and the improved DWA algorithm, where the purple moving obstacle
travels along the black dotted path as shown in the figures. In Figure 8, the mobile robot has to
make additional posture adjustments because its initial orientation is inconsistent with the global path
direction, causing the path planning result to deviate significantly from the global path. In contrast,
as seen in Figure 9, the proposed algorithm in this article optimizes the robot’s initial pose at the
starting position, ensuring that the initial motion direction of the mobile robot aligns with the global
path direction, thus avoiding unnecessary large turning movements. Furthermore, during the dynamic
obstacle avoidance movement, the traditional algorithm tends to deviate significantly from the global
optimal path, leading to an increase in the length of the mobile robot’s trajectory. In contrast, the
algorithm proposed in this article can yield path planning results that are closer to the global optimal
path by enhancing the trajectory evaluation function. This result, which is closer to the global path,
can also be reflected in the navigation around newly added obstacles as shown in the figures.
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Figure 9. Dynamic path planning on a 20 x 20 map using improved DWA.

In Figures 10 and 11, two obstacle avoidance scenes using improved DWA are depicted. The blue
dotted circle represents the robot’s detection range, and the green trajectory denotes the feasible paths
generated by DWA. In Figure 10, a moving obstacle is within the robot’s detection range, causing the
feasible local planning paths to shift to the right. In Figure 11, the moving obstacle has moved out
of the robot’s detection range, allowing the feasible local planning paths to return to the global path.
It can be observed that a mobile robot can plan an appropriate obstacle avoidance path based on the
situation of obstacles within the detection range and eventually return to the global optimal path.

Mathematical Biosciences and Engineering Volume 21, Issue 2, 2189-2211.



2205

T T 1

-

Global Path
Improved DWA
Mobile Obstacle
T T T T

T

Figure 10. Scene 1 for avoiding moving obstacles using improved DWA.

[T T 7 T

""""""" Global Path
Improved DWA [

——— Mobile Obstacle [
T T T T

T

Figure 11. Scene 2 for avoiding moving obstacles using improved DWA.

Table 3 provides a comparison of the results of the aforementioned simulation experiments. It can be
observed that, in comparison with traditional methods, the proposed algorithm can reduce path length
by 7.97% and decrease runtime by 9.23%, which further confirms the superiority of the algorithm
presented in this article. Furthermore, we conduct simulation comparative experiments in a 30 X 30
grid dynamic environment, and the results are shown in Figures 12 and 13. It can be observed that in
a larger and more complex environment, the path planning result obtained by the proposed algorithm

Mathematical Biosciences and Engineering Volume 21, Issue 2, 2189-2211.



2206

proposed in this article is closer to the globally optimal path. Table 4 provides a comparison of the
simulation experiment results, and it is obvious that the algorithm presented in this article reduces both
path length and runtime significantly.

The above simulation results demonstrate that, by deleting redundant nodes, optimizing the initial
pose, and improving the trajectory evaluation function, the improved algorithm proposed in this article
can successfully obtain collision-free optimal paths in dynamic environment path planning. Compared
to traditional algorithms, the obtained paths are shorter, with lower time costs, and the motion trajectory
of the mobile robot is smoother.

Table 3. Comparison of dynamic path on a 20 X 20 map.

Algorithm Path length Runtime (s)
Traditional DWA 35.54 185.61
Improved DWA 32.71 168.47

Table 4. Comparison of dynamic path on a 30 X 30 map.

Algorithm Path length Runtime (s)
Traditional DWA 55.25 262.83
Improved DWA 47.83 192.41

[TT T TTTTT]

------------- Global Path H
Traditional DWA [
——— Mobile Obstacle |

[T

Figure 12. Dynamic path planning on a 30 X 30 map using traditional DWA.
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Figure 13. Dynamic path planning on a 30 X 30 map using improved DWA.

6. Conclusions

In this article, a new strategy integrating the improved ACO and DWA algorithms has been
proposed for mobile robot path planning in dynamic environments. Through improvements in the
initialization of pheromones, heuristic function, and updating of pheromones, the improved ACO can
obtain a globally optimal path more efficiently. Based on the globally optimal path, the improved
DWA, which is enhanced by deleting the redundant nodes, optimizing the initial orientation, and
modifying the evaluation function, has been utilized to produce an optimal path in dynamic
environments. The simulation experiments show that the improved algorithms can obtain superior
results for path-planning tasks in dynamic environments.

In recent years, researchers have conducted numerous outstanding works in the field of path
planning for mobile robots. In future work, we will further draw upon the excellent achievements in
the field of intelligent optimization to improve the proposed path planning algorithm in practical
applications within dynamic environments [37-40], and deploy it in more complex systems and
environments, such as multi-robot systems [41,42], networked robot systems [43,44], and so on.
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