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Abstract: In this paper, a new meta-heuristic path planning algorithm, the cuckoo–beetle swarm
search (CBSS) algorithm, is introduced to solve the path planning problems of heterogeneous mobile
robots. Traditional meta-heuristic algorithms, e.g., genetic algorithms (GA), particle swarm search
(PSO), beetle swarm optimization (BSO), and cuckoo search (CS), have problems such as the tenancy
to become trapped in local minima because of premature convergence and a weakness in global
search capability in path planning. Note that the CBSS algorithm imitates the biological habits of
cuckoo and beetle herds and thus has good robustness and global optimization ability. In addition,
computer simulations verify the accuracy, search speed, energy efficiency and stability of the CBSS
algorithm. The results of the real-world experiment prove that the proposed CBSS algorithm is much
better than its counterparts. Finally, the CBSS algorithm is applied to 2D path planning and 3D
path planning in heterogeneous mobile robots. In contrast to its counterparts, the CBSS algorithm is
guaranteed to find the shortest global optimal path in different sizes and types of maps.

Keywords: path planning and energy efficiency; meta-heuristic algorithm; levy flight; heterogeneous
mobile robots; search orientation

MSC: 62G35; 92B20; 93B51

1. Introduction

Path planning is a very important research and development topic in mobile robots [1].
After obtaining an understanding of the surrounding environment, most of the path plan-
ning of mobile robots involves selecting the best or worst collision-free path from the
starting point to the endpoint in the environment based on indicators. The final result is
the method to solve the problem under the corresponding conditions. The results of path
planning have a great influence on the research of mobile robots. Robot path planning
research has made some achievements from its beginning until now, but relatively speaking,
these developments are far from enough. Thus, based on the research environment, path
planning can be divided into global or local planning. According to the study of path
planning classification, global path planning is the solving of the environmental planning
problem comprehensively and two-part planning can be said to focus on the unknown or
known partial path problems. Then, according to the complexity of the working environ-
ment of mobile robots, the two categories of robot paths can be described in more detail.
Due to the uncertainty of local path planning, it has high flexibility for adjusting according
to the environment in the work. However, the path can only represent the local optimum
because it is a local environment feature. Global path planning is the determination of the

Sustainability 2022, 14, 15137. https://doi.org/10.3390/su142215137 https://www.mdpi.com/journal/sustainability

https://doi.org/10.3390/su142215137
https://doi.org/10.3390/su142215137
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com
https://orcid.org/0000-0002-5171-1414
https://orcid.org/0000-0001-8316-5289
https://doi.org/10.3390/su142215137
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com/article/10.3390/su142215137?type=check_update&version=2


Sustainability 2022, 14, 15137 2 of 23

optimal path in the whole environment, and the final guide path from the start point to the
final point is the optimal path.

With the rapid development of internet technology and 5G technology, self-driving
has become a popular direction in the automotive field. As a key part of unmanned driving
technology, tracking control has also become an important research direction for scholars,
and many control methods have also been applied to tracking control. For instance, these
methods include traditional PID control [2], adaptive fuzzy control [3,4] and neural network
control [5,6], robust sliding mode control [7,8] and robust control [9,10], model predictive
control based on a vehicle dynamics model [11,12], etc. Because of its better dynamic charac-
teristics and steering stability, the four-wheel independent drive and independent steering
vehicle has become an excellent carrier of unmanned tracking control technology and a
research focus of scholars. S Pramanik et al. [13], using the Hooke and Jeeves optimization
method, synthesized a central lever steering mechanism to obtain five precision points
for a four-wheel vehicle; the steering error, pressure angle, and mechanical advantage of
the proposed mechanism were compared with those achieved by the Ackermann steering
mechanism. The proposed mechanism had less steering error, a more favorable pressure
angle, and increased mechanical advantage. Similarly, the method of compounding the
mechanism was also applicable when the central lever was offset from the longitudinal
axis of the vehicle. Tu et al. [14] studied a robust controller for four-wheel steering and
four-wheel drive agricultural robot vehicles based on reverse sliding mode control, which
improved the control ability and robustness of non-holonomic systems with high degrees
of freedom. Likewise, Y Tian et al. [15] put forward a type of lateral stability control strat-
egy for four-wheel independent drive electric vehicles. The design of the control system
adopts a hierarchical structure. However, unlike the previous control strategy, the research
in [15] introduces a method that consists of a combination of sliding mode control and
an optimal allocation algorithm. According to a driver’s operation commands (steering
angle and speed), the steady-state responses of the sideslip angle and yaw rate are obtained.
Wang et al. [16] developed a new type of electric vehicle with a four-wheel independent
drive and independent steering using wire control and proposed an online reconfigurable
steering angle and driving force allocation control method based on optimal distribution of
tire force, which improved the stability of the steering controller. Zhenyang Li et al. [17]
proposed an active steering control method of superposition of steering torque based on
receding horizon control for man–machine collaborative driving of co-drive intelligent
vehicles. This control method combines a steering system with a vehicle dynamics system
and takes a steering motor torque as the sole control input, which ensures that the driver
has the ultimate control right and makes the control of the system more stable.

A biological heuristic algorithm is a type of optimization calculation method which
simulates the reproduction habits, foraging characteristics, and living habits of various or-
ganisms in natural ecology. Computer systems usually require high energy consumption to
solve complex problems, while biological systems improve their performance by studying
the habits of biological populations and simulating biological phenomena. Furthermore,
compared with computer systems, biological systems can save resources and have higher
robustness when solving some optimization problems [18]. The subject knowledge of many
fields is used for reference and learning, and is integrated into biological heuristics, forming
a set of unique domain models. It is worth mentioning that in the field of deep learning,
the natural characteristics of biology inspire people, some deep learning methods benefit
from the continuous progress of the biological inspiration principles, and deep learning
develops rapidly on this basis. However, the traditional artificial intelligence neural net-
work is different from the biological heuristic algorithm; the intelligent computing method
inspired by biological phenomena usually adopts an evolutionary learning method, which
is the main subset of natural computing. When writing artificial intelligence algorithms,
developers usually use a learning network and activation function composed of neurons
to make an algorithm have the ability of intelligent learning. For bio-heuristic technology,
the main content of the algorithm usually includes the habits of some biological groups,
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and some methods of the habits of individual organisms that can carry out subsequent
iterations. Biological heuristic computing takes a bottom-up and decentralized approach,
and heuristic algorithms that imitate biological intelligence usually have a relatively simple
calculation processes, which is a new method for solving complex system problems [19].

In recent years, many biological heuristic intelligent algorithms have been proposed
to solve nonlinear problem optimization. Optimization problems with high degrees of
nonlinearity, complex constraints, and many control variables need more time and cost
to solve. For example, traditional methods, such as the gradient derivation method,
cannot solve for an optimal solution of nonlinear optimization effectively, and the com-
putational complexity is also high. So, biological heuristic intelligence algorithms sim-
ulate the reproduction, foraging, and migration characteristics of natural organisms to
solve the problem. At the present, the development of biological heuristic intelligent
algorithms is relatively mature and has been successfully applied in many fields, such
as path planning [20,21], mechanical arms [22,23], neural network optimization [24–27],
robots [28–30], etc. This chapter will introduce the biological heuristic intelligent algorithm
involved in this paper.

After completing the CBSS algorithm design and numerical verification, the CBSS
algorithm is compared with different biological heuristic intelligent algorithms in different
simulation scenarios, and the performance of the CBSS algorithm is proven to be better
than some traditional biological heuristic intelligent algorithms. Moreover, in order to
verify the effect of the application of the CBSS algorithm in actual scenarios, the CBSS
algorithm is transplanted to a robot operating system to test whether the algorithm can be
effectively applied in the path planning scenarios of real mobile robots and further verify
the effectiveness of the algorithm optimization and calculation.

Note that traditional intelligent algorithms [31] lack the ability to escape local optimal
values and tend to fall into local optimal values when searching for the global optimization
of a fitness function. This kind of defect in the performance of path planning for planning
a solution path is too long. If obstacles exist in the environment, it may lead to the path
of its planning collision with obstacles, and lead to the failure of planning tasks. Firstly,
in order to solve this problem, this paper adopts the characteristics of Levi’s flight to make
the intelligent algorithm have the ability to combine searching big steps and small steps to
jump out of the local optimum. Considering the problem that the calculation time of Levi’s
flight is too long, the speed update of Levi’s flight is carried out by probabilistic switching.
After the theoretical convergence proof and the numerical test of the benchmark function,
the comparative test proves that the CBSS intelligent algorithm proposed in this paper has
a better ability to search the optimal value of the benchmark function. Therefore, it can
be proven that the CBSS algorithm presented in this paper is more energy efficient [32].
Before ending this introductory section, the main contributions of the paper are highlighted
as follows:

(1) A new meta-heuristic optimization algorithm, CBSS, is proposed in this paper.
(2) The cubic spline curve is introduced to solve the robot path planning problem.
(3) A two-dimensional path planning solution combining a bionics algorithm and the

cubic spline curve is proposed in this paper.

2. Kinematic Modeling of Heterogeneous Robots

In this section, three kinematic modelings are proposed for heterogeneous mobile
robots, i.e., a mobile robot with four-wheel Ackermann steering structure, a two-wheel
differential mobile robot, and a robot chassis control module.

2.1. Kinematics Modeling of Robot Chassis Control Module

The chassis control module is an important module for the robot to carry out forward
and backward driving and steering functions. In the autonomous navigation system pro-
posed in this section, the chassis control module is located at the bottom of the autonomous
navigation system to control the robot’s movement instructions. Usually, the chassis control
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module integrates and constructs the kinematics model of the robot, inputs its kinematics
parameters, and outputs corresponding specific motion rules. In order to enable the au-
tonomous navigation system to be applied to different types of robots, kinematics models
of different robots need to be considered, and the two-wheel differential motion model and
four-wheel Ackermann steering motion model are the two most commonly used motion
models of mobile robots at present. In order to establish the corresponding robot kinematics
chassis control module in the autonomous navigation system, Mathematical derivation of
these two kinematic models is made in this section.

2.2. Kinematics Modeling of Two-Wheel Differential Mobile Robot

The two-wheel differential kinematic model can be described as the two isomorphic
driving wheels of the robot chassis provide the power for the mobile robot to move or turn.
Figure 1 shows a schematic diagram of a two-wheeled differential mobile robot equipped
with lidar (blue rectangle) turning at any rotation center point. The rotation radius is R,
and the mobile robot is moving at angular speeds w and linear speeds v.

Figure 1. Kinematic model of two-wheel differential robot.

Define the sums of the angular velocity of the two wheels of the robot as wL and wR,
and the distance between the wheel centers is b. vL and vR represent the linear velocity of
the left wheel and the right wheel when the robot moves. When vL = vR, the mobile robot
moves in a straight line. When vL < vR or vL > vR, the mobile robot makes a circular turn.
When vL = −vR, the robot rotates in place. The overall linear speed v of robot movement
can be expressed as:

v =
vL + vR

2
(1)

In addition, the robot’s turning speed w can be controlled as:

w =
vR − vL

b
(2)

Therefore, two simultaneous formulas can be obtained:

R =
v
b
=

b
2

vL + vR
vR − vL

(3)

In Figure 1, GX and GY represent the global two-dimensional Cartesian coordinate
system in the environment, RX and RY are the robot’s coordinate system fixed at the center
point of the mobile robot. When the position of the mobile robot relative to the global
coordinate system is (xR, yR) and the angle relative to the X axis of the global coordinate
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system is Θ , the geometric configuration information of the mobile robot can be defined as
vector q:

q = [xR yR θR]
T (4)

The kinematic model of the two-wheel differential mobile robot can be further ex-
pressed in the form of matrix: xR

yR
θR

 =

 cos(θR) 0
sin(θR) 0

0 1


 1

2
1
2

1
b

−1
b

[ vR
vL

]
(5)

2.3. Kinematic Modeling of Mobile Robot with Four-Wheel Ackermann Steering Structure

The four-wheel Ackermann model is also called the car steering model because it is the
steering model that the car uses to move. Furthermore, a mobile robot with an Ackermann
steering structure can complete the steering operation by driving the direction of the front
two wheels. When the mobile robot travels in a straight line, the axes of the four wheels
remain parallel to the moving direction, while the axes of the tires are perpendicular to the
longitudinal center surface of the mobile robot. Figure 2 shows the kinematic model of a
four-wheel Ackermann steering structure robot.

Figure 2. Kinematic model of four-wheel Ackermann steering structure robot.

The global two-dimensional Cartesian coordinate system of the environment is O,
and the mobile robot’s coordinate system is B. The forward direction of the robot is set
as its coordinate axis xB, the y axis of the robot is perpendicular to the center line of the
rear wheel, and the spacing between the two wheels of the mobile robot is L. Under this
coordinate axis, the speed of the mobile robot is:

vx = v, vy = 0 (6)

Suppose that a mobile robot is moving in an arc around the center of the circle Ro,
and the steering angle of the front wheel of the robot itself is γ. Therefore, from the
perspective of the positive direction of the global environment x axis and the forward
direction of the robot, the line between the two forms an included angle θ. Then, the
angular velocity θ is:

θ =
v

RB
(7)

which the turning radius RB is defined as:

RB =
L

tan(γ)
(8)
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According to the above conditions, the kinematic equation of the four-wheel Acker-
mann robot can be defined as:

q =


θ
x
y
γ

 =


tan(γ)

L
0

cos(θ) 0
sin(θ) 0

0 1


[

vs.
w

]
(9)

3. Control Methodology

In this section, three control algorithms are introduced for the path planning and
control of heterogeneous mobile robots, namely, the CBSS algorithm, the A* algorithm, and
the Dijkstra algorithm.

3.1. CBSS Algorithm

According to bionics theory, Levi’s features exist in the trajectory of most biological ac-
tivities. Similarly, the CBSS algorithm is a group optimization algorithm whose inspiration
comes from the biological habits and social behaviors of various organisms. This algorithm
aims to solve the problem in most heuristic intelligent algorithms that they become trapped
in local optimal value and lack a strategy to escape. Therefore, in this chapter, a biological
heuristic intelligent algorithm named the CBSS algorithm is proposed, and Levy flight is
integrated into the algorithm to enhance the search ability of individuals in the group. The
flow chart of the CBSS algorithm is presented in Figure 3:

Figure 3. Flow chart of CBSS algorithm.

In the CBSS algorithm, each individual imitates the foraging habit of longicorns: longi-
corns forage according to the information detected by the two antennae. When individuals
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look for targets in each iteration, they will be detected toward the left tentacles Xt
l j or right

tentacles Xt
rj of the individual. In the t iteration of the Jth individual, the mathematical

description of the left antennal position Xt
l j and right antennal position Xt

rj is as follows:

Xt
l j = Xt

j + Vt
j d0/2 (10)

Xt
rj = Xt

j + Vt
j d0/2 (11)

In Algorithm 1, the parameters are number of iterations h, number of individuals N,
initial step size ξ, speed range Vmin, Vmax, width of individuals d0, attenuation coefficient
τ, probability judgment basis rs, inertia weight w, cognitive learning factor c1, and social
learning factor c2;

Algorithm 1 CBSS optimization algorithm

Input: Initialization parameters: h, N, ξ, Vmin, Vmax, d0, τ, rs, w, c1, c2;
Initial individual initial position X, initial speed V, initial fitness value of each individual f (x);
Initializing individual optimal solution Pi and algorithmic global optimal solution gbst;
Output: the global optimal value gbst;

1 : for j = 1 to h
2: First, update the step size ξ;
3 : for i = 1 to h
4: r0 = rand();
5: if r0 > rs ;
6: The individual velocity is calculated and updated by multiplying the individual velocity at the last

moment by the inertial weight V.
7: The individual position X is calculated and updated by multiplying the individual velocity of the

last moment by the positive constant X.
8: Adjust individual positions beyond the solution space;
9 : else

10: The individual velocity is calculated and updated by multiplying the inertia weight
by gaussian random process V.

11: Calculate and update the individual position by using the individual position at the last moment
plus the individual velocity at the last moment times the positive constant;

12: Adjust individual positions beyond the solution space;
13 : end
14: Calculate the current individual fitness value g = f (Xi);
15: if Individual fitness value g < global optimal value gbst;
16: gbst = g;
17: end
18: Update the individual’s position Xt+1

j ;
19: end
20: Update Vmax, Vmin, ξ, w, c1, c2;
21: end

3.2. A* Algorithm

Hart et al. [33] proposed the A* algorithm in 1972. The A* algorithm is a heuristic
search algorithm in essence, that is, the algorithm is guided to run by certain evaluation
indicators. The A* algorithm introduces a cost function and takes it as an evaluation index.
The cost function is shown in Formula (12).

f (n) = g(n) + h(n) (12)
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in which g(n) represents the cost from node n to the starting point and is the current actual
cost, and h(n) represents the cost from node n to the target point and is the estimated cost.
Generally, there are two calculation methods to estimate the cost from node n to the target
point: Euclidean distance and Manhattan distance. g(n) represents the total cost of node n.

The advantages of the A* algorithm are its simple calculation method and short
planning path, but this method has a large amount of calculation and many inflection
points in planning path. Aiming to mitigate the problem of an unsmooth path, Min
Haitao [34] added the cost of path curvature into the design of heuristic function to improve
the smoothness of path. Furthermore, in order to allow the robot to achieve the optimal
navigation path and real-time obstacle avoidance under the condition of complex and
bumpy roads, X Ji [35] et al. proposed an optimization algorithm based on the fusion of
optimized A* algorithm and the dynamic window approach. There are also some studies
on optimizing the generated path to increase the smoothness of the path. Aiming to
mitigate the problem that the mobile robot may collide or fail along the planned path in
an environment with random obstacles, X Ji et al. [36] proposed a robot path planning
scheme that combines the improved A* algorithm with an enhanced dynamic window
method. Secondly, the traditional dynamic window algorithm is optimized by adding a
state function that is applied to local path planning obstacle avoidance and movement,
which also improves the speed of path acquisition.

3.3. Dijkstra Algorithm

Johnson et al. [37] proposed Dijkstra in 1973. The Dijkstra algorithm is mainly used
to solve for the shortest distance between one vertex and other vertices in a power graph.
Furthermore, the algorithm saves the shortest distance from the starting point to each vertex
through an array and saves the vertex corresponding to the traversed shortest path through
a set. When the algorithm is implemented, the vertex with the smallest distance from the
starting point is obtained from the vertices outside the set every time by iteration, this point
is added to the set, and the values in the array are refreshed through this point until the
set contains all vertices. W(index, k) is the weight of edge [index, k], and D(k) is the shortest
path length from the source node to node K. If the value of D(k) is greater than the sum of
D(index) and W(index, k), then

D(k) = D(index) + W(index, k) (13)

Otherwise, the value of D of k does not change at all.
The Dijkstra algorithm has a strong robustness and can calculate the optimal path

solution between two points. However, this algorithm is an undirected search algorithm.
As the number of nodes increases, the computational efficiency of this algorithm decreases.
Based on the shortcomings of the Dijkstra algorithm, scholars have made many improve-
ments. For example, aiming to solve the path planning problem of an automated guided
vehicle (AGV) in intelligent storage, Sun et al. [38] proposed an improved Dijkstra algo-
rithm that combines the eight-angle search method and the Dijkstra algorithm for path
optimization. In comparison to the traditional Dijkstra algorithm, the path length planned
by the improved Dijkstra algorithm is shorter and the turning angle is less, indicating
that the improved algorithm is correct, feasible, effective, and has a strong global search
ability. Aiming to improve the path planning and smoothing of mobile robot, Li et al. [39]
proposed an improved artificial fish swarm algorithm combined with a continuous piece-
wise Bezier curve. To solve the problems of low accuracy, the many inflection points, and
the long planning path of the traditional artificial fish swarm path planning algorithm,
a feasible solution and step size range were introduced on the basis of the Dijkstra algo-
rithm. Moreover, in order to solve the problem of poor convergence and degradation of
the algorithm, dynamic feedback range and adaptive step size were introduced. Based on
the improved Dijkstra algorithm, Alshammrei et al. [40] designed and implemented an
optimal collision free algorithm.
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4. Simulations and Comparisons

Robot Operating System (ROS) is a widely used robot application development plat-
form which provides a series of out-of-the-box libraries and toolkits to help software
developers develop and build robot SLAM mapping, path navigation, path tracking, and
user-defined algorithms, and it is compatible with physical robots. Furthermore, ROS pro-
vides functions of function library, visual simulation, message data interaction, hardware
interaction, and device drivers. The visual simulation tool of its experiment can import
many models that simulate real scenes, making the simulation experiment infinitely close
to the real environment. Furthermore, ROS can also be deployed on mobile robots, enabling
mobile agents to have a unique development environment on which mobile robots can
achieve more functions.

The autonomous navigation of mobile unmanned vehicle in a given environment
needs to integrate several modules and realize them at the same time so as to develop an
autonomous navigation system that can drive to preset goals and have no collisions in the
process. What is more, these modules include: environment map detection and drawing,
robot map positioning, path planning, and path tracking modules. In this chapter, the CBSS
algorithm is applied in the ROS platform to develop an autonomous navigation system
that can navigate in a given environment, and the system can be transplanted to a physical
mobile robot for application in a real-world environment.

The autonomous navigation system is set up in such a way that each subsystem
operates a specific task to achieve the tasks of the unmanned vehicle. Rviz, a visualization
software, can display the moving process of the unmanned vehicle in real time. To put it
simply, the laser radar map is used to scan and detect the given environment and provide
the corresponding environment information for the subsequent tasks. The CBSS algorithm
is used to calculate and optimize the robot’s path, which provides several waypoints to
minimize the distance traveled by the robot. Furthermore, trajectory tracking is used
to drive the mobile robot forward according to the planned path and reach the given
target point. The integration of these module functions results in the operation flow of the
autonomous navigation system, as shown in Figure 4.

Figure 4. Path Planning process of heterogeneous mobile robots.

4.1. Autonomous Navigation System Settings

The architecture of the autonomous navigation system is divided into four layers:
the hardware layer, the data interaction layer, the navigation algorithm layer, and the
application layer. Among them, the data interaction layer, navigation algorithm layer, and
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application layer can be summarized as the software system in the autonomous navigation
system. The overall architecture of the autonomous navigation system is shown in Figure 5.

First of all, when the user needs to perform a robot navigation task to make the mobile
robot drive to the user-specified target position, the interaction between the user and the
system can be realized through the application layer of the autonomous navigation system.
Then, users can set the target points of robot navigation tasks on Rviz visualization software,
and Rviz can collect data in real time, dynamically display the process of map construction,
and display the driving process of mobile robots on the constructed map in real time.

Figure 5. Autonomous navigation system architecture.

Gazebo simulation software allows users to build a task environment in a simulation
environment, simulate the entire process of task running, debug code according to the
task execution status, and optimize algorithm design. Among the architecture of the
autonomous navigation system, the navigation algorithm layer includes key algorithms
in the autonomous navigation system, including mobile robot autonomous positioning,
map construction, CBSS global path planning algorithm, and pure tracking algorithm,
among which the CBSS global path planning algorithm can calculate the shortest path from
the robot’s current position to the target point according to the known map environment.

The data interaction layer is responsible for interacting with each sensor in the hard-
ware system, converting the data into a format that the hardware system and the software
system can receive and process, and publishing the lidar data topics, mileage topics,
and control command topics to realize the data communication between modules. Then,
the hardware layer mainly obtains information or executes the chassis motion control com-
mand of the robot through the hardware. In addition, the laser data of map can be obtained
from the laser radar, the mileage data can be obtained from the odometer, the command of
serial transmitter can be accepted, and the chassis control command of the mobile robot
can be executed according to the kinematic model of the mobile robot.

4.2. Global Path Planning via CBSS Algorithm on Gazebo

This section introduces the application of CBSS in the simulation environment of an
autonomous navigation system. Users can build a mobile robot model and environment
model through Gazebo, the visual simulator of application layer in autonomous navigation,
and test the effectiveness of the algorithm in the simulation environment. Furthermore,
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the mobile robot model in Gazebo emulator is consistent with the real robot model. The
Gazebo emulator can build a complete 3D rendering environment and support sensor noise
simulation, robot cluster, and dynamic physical models. These features make experimental
results on the Gazebo simulator more realistic.

In the simulation experiment, MBOT, a mobile robot equipped with lidar and a two-
wheel differential motion model, is constructed and applied to perform path planning tasks
in this environment. In this experiment, the MBOT mobile robot can move forward and
backward, and the robot does not need a steering motor and steering wheel. However,
it can turn left and right in place and drive in a narrow environment only by controlling
the speed difference between the two driving wheels. The appearance of the mobile robot
is shown in Figure 6.

The environment of the simulation experiment was built. First, a wall model was used
to build a closed indoor environment, and common indoor furniture such as makeup table
and sofa were introduced. Then, a series of obstacles are set in the feasible passage area to
construct a 25 m × 15 m indoor environment with obstacles, as is shown in Figure 6.

Figure 6. Test scenario for MBOT mobile robot path planning and control.

The preset environment is a more realistic simulation of the indoor environment.
Before the path planning experiment, the mobile robot MBOT is placed in the simulation
environment under the coordinates of the global environment reference frame, and then the
laser scanning SLAM process is started to create a map that can be used for path planning
tasks in the future. So, by controlling the moving trajectory of the mobile robot, the mobile
robot can gradually explore the whole space. Furthermore, according to the input of laser
radar scanning, clearing figure grid will gradually be passable and obstacle information
filled in the region and the exploration by six exploratory stage show, as shown in Figure 7,
a two-dimensional coordinate system represent the ground plane of the map, when robot to
complete the exploration to the environment, a two-dimensional grid map can be obtained.

In global path planning, the CBSS algorithm is used to calculate the path point set of
feasible paths from the starting point to the end point of evolution, and a fitness function
taking Euclidean distance and obstacle collision into consideration is used as the standard
to minimize the search. In addition, two different tasks are performed on the environment
map to verify the planning effect of the autonomous navigation system and tracking effect
of mobile robots after planning.
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(a) (b)

(c) (d)

(e) (f)

Figure 7. SLAM task process. (a) Phase one. (b) Phase two. (c) Phase three. (d) Phase four. (e) Phase
five. (f) Phase six.

The experiment specifies two tasks for the path planning experiment. In the two tasks,
the CBSS global path planning algorithm is used to optimize and solve the path planning
stage, and it is used as the driving path connecting the current position and target position
of mobile robot MBOT in the simulation environment. Furthermore, users can assign tasks
by specifying moving target points and robot poses in Rviz visualization software with the
mouse. Notably, Gazebo mainly displays mobile robot movement in a 3D environment,
while Rviz mainly displays mobile robot path planning results and path tracking process
on a 2D raster map. When the car needs to turn or turn for a period of time, it will judge
based on the probability judgment according to rs and update the individual speed V and
individual position X.

The effects of task execution were shown in six stages in Rviz visualization software, re-
spectively. In Task 1, the starting point and end point of the task are (−11.4 m, −6.62 m) and
(10.4 m, 2.12 m), respectively. The experimental results are shown in Figure 8. Among them,
in the global planning algorithm using A* and Dijkstra algorithm, the time required to
complete Task 1 is also different, as shown in Table 1. The table contains the times for each
algorithm to execute once and the average elapsed time for ten executions, which can better
reflect the advantages of algorithm, The average value of ten executions of CBSS is 61.129 s,
while the values of the Dijkstra and A* algorithm are 64.938 s and 72.365 s, respectively,
which shows that the time and energy consumption of CBSS are better than those of the
other algorithms.
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(a) (b)

(c) (d)

(e) (f)

Figure 8. Execution of Task 1 in Rviz. (a) Phase one. (b) Phase two. (c) Phase three. (d) Phase four.
(e) Phase five. (f) Phase six.

Table 1. The elapsed time of different algorithms.

Algorithm Elapsed Time (s) Average Elapsed Time (s)

Dijkstra 66.125 64.938

A* 71.441 72.365

CBSS 62.268 61.129

In Task 2, the mobile robot needs to drive from the room at the upper left corner of the
map to the room at the lower left corner, and the starting point and ending point are set to
be (−11.8 m, −6.34 m) and (−11.2 m, 6.36 m), respectively. In addition, the task execution
effect of the robot is displayed in six stages in the Gazebo visual simulator and Rviz visual
software. The experimental results are shown in Figure 9.
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(a) (b)

(c) (d)

(e) (f)

Figure 9. Execution of Task 2 under Rviz. (a) Phase one. (b) Phase two. (c) Phase three. (d) Phase
four. (e) Phase five. (f) Phase six.

In Task 1, the mobile robot needs to drive to the environment behind the obstacles
in the upper-left corner; these obstacles create narrow-feasibility channels through the
obstacles that are required as part of the optimal collision-free path. In the absence of
the CBSS algorithm’s exploration ability, these narrow channels may not be found in the
accessible path, and other path schemes calculate a long distance to the target point. In the
planning results, it can be seen that the CBSS global path planning algorithm calculates a
safe and successful path through the obstacles. Moreover, with the obstacles on the map
under the influence of the expansion coefficient, the planned path always maintains a
safe distance from the obstacles, and the mobile robot successfully reaches the end after
avoiding the obstacles.

In Task 2, the mobile robot needs to drive from the upper-left corner of the map to
the lower- left corner, and there was a wide space in the environment of the middle of the
road map. Task 2 has many feasible solution paths, but the optimal path should remain
in the broad road on the left. More decentralized problems exist in the environment: path
planning needs to find the optimal solution for obstacle avoidance and the short circuit
diameter length index. Furthermore, in the solution computed by the CBSS global path
planning, the path always maintains a wide distance from the obstacles and the left wall
and guarantees a safe distance. In task two, the CBSS algorithm finds an optimal solution
path, and the mobile robot can drive to the goal without collision.

In order to verify the reliability of the autonomous navigation system and eliminate
the interference of accidental errors, 50 repeated tests were carried out in each of the two
tasks. Furthermore, the success times of the mobile robot successfully planning the global
path and driving safely to the specified position according to the path were recorded,
and the success rate was calculated.
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According to the results in Table 2, the overall success rate of both tasks reached more
than 95%. The sensor error and random noise will interfere with the overall task execution,
but the global path planning based on the CBSS algorithm can still guarantee effectiveness
and stability in the autonomous navigation system and enable mobile robots to complete
the navigation tasks assigned by users. Hence, in order to make the experimental portion
better and more effective, Table 3 shows the planning and execution times of Task 1 and
Task 2.

Table 2. The number and success rate of experiments for Task 1 and Task 2.

Experiment Task Number Successful Success Rate

Task 1 48 96%
Task 2 49 98%

Table 3. The planning and execution times of Task 1 and Task 2.

Experiment Task Planning Time (s) Execution Time (s)

Task 1 1.34 62.268
Task 2 1.94 69.569

Below, the algorithm of this paper and various other bionic algorithms, such as BSO
and PSO, are compared with GA in order to verify that the reliability of the system of the
autonomous navigation algorithm is higher than the other bionic types. To rule out the
influence of other factors in the experiment, this experiment also used 20 repetitions for
both the algorithm presented in this paper and the other bionic algorithms. In addition,
the path planning fitness value proportion and time proportion results for Tasks 1 and 2
of this paper’s algorithm and other bionic algorithms were recorded, as shown in Table 4.
In order to more intuitively compare the fitness values and planning times calculated by
the CBSS algorithm and the other algorithms, the experimental values are plotted in the
form of histograms in Figure 10. The histograms more clearly show the experimental data
differences between the CBSS algorithm and other algorithms. In addition, in order to
verify that this algorithm is the most energy efficient and that the generated path is the
shortest, Table 5 shows that the path generated by this algorithm is significantly shorter
than the paths generated by other the algorithms.

Table 4. The proportion of fitness scale of each algorithm’s path planning for different tasks.

Task Fitness
Scale

Time
Scale

CBSS BSO PSO GA CBSS BSO PSO GA

task1 85.03% 92.28% 93.46% 100.00% 24.23% 38.15% 50.65% 100.00%
task2 78.53% 85.36% 92.18% 100.00% 32.92% 41.02% 45.35% 100.00%

Table 5. Different algorithms generate path lengths for different tasks.

Task CBSS Dijkstra A* BSO PSO GA

Task 1 37.46 41.96 48.31 39.68 42.26 46.43

Task 2 29.86 33.48 36.24 32.18 34.69 38.52
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(a) (b)

(c) (d)

Figure 10. The time scale and fitness scales of the algorithms performing different tasks. (a) Task 1.
(b) Task 2. (c) Task 1. (d) Task 2.

4.3. Global Path Planning via CBSS Algorithm on 3D Mountain Topography

In order to further study the performance of the CBSS algorithm in 3D path planning,
3D path planning experiments were carried out on the maps obtained from 3D elevation
data modeling in this section, so as to fully verify the quality of CBSS algorithm’s path
planning under 3D maps of different sizes and then obtain more perfect empirical con-
clusions. The 3D path planning environmental model is constructed from elevation data,
and the distance unit of the 3D elevation map is meters. The map data with elevation data
of 30 × 30 were selected to build the environmental model of route planning. Because of
the small map size and gentle terrain, these data were used to test the feasibility of CBSS
algorithm in 3D path planning. The CBSS algorithm can successfully plan the path in the
map, and the quality of the planned path is better in comparison to the other algorithms in
the experiment. To verify the effectiveness of the CBSS algorithm in the path planning of
three-dimensional high-level map, in this section, the CBSS algorithm is compared with
three heuristic intelligent algorithms, ACO algorithm, PSO algorithm, and BSO algorithm,
in four types of maps.

The experiment records the optimal path planned by each algorithm on different maps
and draws it into Figure 11 to show the final effect of its planned path. Furthermore, when
processing the experimental data, the experiment was repeated for 30 times, and the final
fitness value and time cost calculated by each algorithm were recorded, and their average
values were taken to eliminate the interference of random errors. The experimental data
are shown in Table 6.
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(a) (b)

(c) (d)

Figure 11. Path planning results of each algorithm in 3D mountain terrain. (a) CBSS. (b) BSO. (c) PSO.
(d) GA.

Table 6. The path generation time and distance length of each algorithm in 3D mountain terrain.

Planning Time (s) Distance Length (m)

CBSS BSO PSO GA CBSS BSO PSO GA

13.45 14.15 14.89 15.23 68.4 76.4 94.1 113.6

5. Real-World Mobile Robot

In order to more fully verify the reliability of the CBSS global path planning algorithm
and the effect of the autonomous navigation system applied to physical mobile robots
and different mobile robot motion models, the Gazebo simulation platform was used to
complete a series of verification experiments. The autonomous navigation system was
applied to the NanoCar, a solid mobile robot with a four-wheel Ackermann kinematic
model, and the corresponding path planning task was completed.

Path Planning of Autonomous Navigation System Using the NanoCar

NanoCar is a mobile robot with a four-wheel Ackermann steering motion model.
The robot comes with a full-featured development kit consisting of: 3B Raspberry Pi,
CSI camera, battery, encoder, motor, steering gear, and lidar. In addition, the kit can be
used for ROS multi-machine communication, OpenCV machine vision, laser SLAM map
construction, path tracking, path planning, and other experiments and developments.
Component names and locations of the NanoCar mobile robot are shown in Figure 12.
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Figure 12. Hardware architecture of NanoCar in experiment.

The NanoCar is 145 mm wide and 152 mm high, with a front and rear length of
210 mm, a front and rear wheelbase of 160 mm, and a mass of about 1 kg. The NanoCar
structure is divided into two layers, with the top layer housing the CSI camera, lidar,
Raspberry Pi, and motor control panel. Raspberry Pi is equipped with a robot operating
system which can be connected to the PC to perform task assignments, and the motor
control board can move according to the command speed, execute the speed feedback data
report, provide power supply, and perform current detection. The second layer houses the
Ackermann steering wheels and motion drive motors controlled by the bottom layer and is
equipped with an 1800 mah power lithium battery.

The hardware connection between the NanoCar’s scanning and mapping of the envi-
ronment through Silan radar and the physical navigation process is shown in Figure 13.
Remote hosting is provided by the Raspberry Pi with an SSH network connection. When is-
sued a built figure or navigation command, the Raspberry Pi and the robot’s operating
system receive the command corresponding to the processing calculation, and the instruc-
tion is sent by cable to the control panel to control speed. The steering gear control steering
commands are sent to the bottom of motor structure realize the movement of the robot and
complete the response to the navigation task. The car tracking controller is a PID controller.
When the robot is moving, the processor can obtain the calculation information of the
accelerometer and lidar and provide feedback to the remote host through the network. So,
the user can check the corresponding data obtained by NanoCar during operation in the
visualization software on the host.

In terms of the NanoCar navigation system, the autonomous navigation system in this
chapter adopts the navigation framework provided by robot operating system platform
ROS for developers under the existing architecture, which is mainly distributed in the
move_BASE function package. The basic functions are shown in Figure 14. The framework
provides path planning, mapping SLAM algorithm, navigation point positioning, data
conversion and transmission, transmission control instructions, motor driving, and other
contents, and developers can write their own global path planning algorithm or local path
planning algorithm.

In the system, the CBSS global path planning algorithm is used as the global path
planning algorithm. In the actual operation, a local path planning algorithm must be added
to ensure that the optimal path trajectory conforms to the kinematic constraints and ensures
the operation efficiency. The dynamic window method is used as the local path planning
algorithm in the system, the sensor information is sent to MOVE_base in tf/tfMessage
format, the path planning system information is sent to the robot controller in CMD_VEL
format, and the hardware platform receives the specific speed information and starts to
execute the task. In addition to path planning, the move_base feature pack also provides a



Sustainability 2022, 14, 15137 19 of 23

series of plugins for recovery behavior. For example, the cost map recovery plugin can be
used to clear and reset the cost map, and the slow movement reset plugin can be used to
reset and restore the slow movement behavior of the robot.

Figure 13. NanoCar Hardware Interaction.

Figure 14. Navigation framework module interaction.

Mobile robots use a lidar-scanned environment map for path planning, which is based
on the cost map of the raster map. The global cost map and local cost map constitute the
cost map. Among them, the global cost map and local cost map are used for global path
planning and local path planning, respectively. If the mobile robot is only regarded as a
point on the map when it is working, the actual size of the robot will be ignored, resulting
in a collision between the edges of the robot and environmental obstacles. However,
the cost map considers the actual size of the mobile robot, and the edges of the obstacle
will expand outward into an expansion region based on the expansion coefficient, which
is also considered as an obstacle. When the path planning algorithm uses a cost map to
calculate, it can ensure that the edge of the mobile robot always maintains a safe distance
from the edge of the actual obstacle due to the influence of obstacle expansion.
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The test site adopts a laboratory environment. Objects such as cartons and cardboard
were placed in the laboratory to simulate the obstacle environment, and the scene was
set up and the path planning experiment was carried out. NanoCar needed to bypass
Obstacle 1 and Obstacle 2 from the starting position and finally drive to the end point.
The experimental scene is shown in Figure 15.

Figure 15. Experimental environment of NanoCar.

Once the navigation end point is set, the mobile robot will encounter obstacles in the
process of driving to the end point. Note that the robot avoids the obstacles through the
path planning algorithm, and finally drives to the set goal. The driving process of mobile
robot is shown in Figure 16. The planned path of mobile robot is displayed in the blue line
segment, and its traveling track is drawn in a red curve. As a result, experiments show
that the mobile robot equipped with autonomous navigation system can effectively avoid
obstacles in driving and plan a safe path to drive safely to the target point given by the
user. In order to verify that the performance of the algorithm in this paper is better than
that of other algorithms in the real scene, 20 experiments were repeatedly conducted with
the CBSS, A*, Dijkstra, BSO, PSO, GA algorithms. As shown in Table 7, the experimental
results show that the average planning and average execution time of the algorithm in this
paper are better than other algorithms in the real scene.

Table 7. The average planning and average execution time of experiment.

Algorithm Average Planning Time (s) Average Execution Time (s)

CBSS 0.68 4.23
Dijkstra 1.56 4.94

A* 2.35 5.32
BSO 1.64 5.04
PSO 1.86 5.29
GA 2.93 5.98
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(a) (b)

(c) (d)

(e) (f)

Figure 16. Task execution process of NanoCar. (a) Phase one. (b) Phase two. (c) Phase three. (d) Phase
four. (e) Phase five. (f) Phase six.

6. Conclusions

In this paper, a new meta-heuristic path planning algorithm called CBSS has been in-
troduced to solve the path planning problems of heterogeneous mobile robots. In addition,
comprehensive computer simulations were conducted to verify the accuracy, search speed,
energy efficiency, and stability of the CBSS algorithm. The results of the real-world experi-
ment have proven that the proposed CBSS method is much better than its counterparts.

Although the CBSS algorithm performs well in numerical verification, 2D and 3D
environments, and the algorithm has also been successfully applied in the robot operating
system and the physical mobile robot NanoCar, there are still some limitations in the
research, mainly involving the following aspects:

(1) The path planning algorithm in this paper is executed in a static environment, and the
path planning solution in the dynamic environment path scenario is not considered.

(2) The mobile robot has a relatively single sensor system.

The future directions are listed as the following points:

(1) The application of this algorithm to two-wheel differential mobile robots or four-wheel
differential mobile robots is to be considered. The effectiveness of the algorithm can
be further verified by lateral comparison experiments on different kinematic models
and different types of solid mobile robots.

(2) The camera picture data, lidar data, and IMU, etc., are to be fused to improve the
accuracy and the robustness of the algorithm in the navigation system.

(3) The local dynamic planning problem is to be considered.
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