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Abstract: For autonomous patrol robots, how to complete multi-point path planning efficiently is a
crucial challenge. To address this issue, this work proposes a practical and efficient path planning
method for patrol robots. Firstly, the evaluation function of the traditional A* method is improved to
ensure that the planned path maintains a safe distance from the obstacles. Secondly, a Dubins curve
is used to optimize the planned path to minimize the number of turning points while adhering to
kinematic constraints. Thirdly, a trajectory-preserving strategy is proposed to preserve the continuous
trajectory, linking multi-points for future inspection tasks. Finally, the proposed method is validated
through both simulation and real-world experiments. Experimental results demonstrate that our
proposed method performs exceptionally well in terms of safety, actual trajectory distance, and total
execution efficiency.

Keywords: path planning; autonomous patrol robots; improved A* algorithm; Dubins curve; trajec-
tory preserving strategy

1. Introduction

Patrol robots are now widely used in hospitals, parks, communities, and various
other scenarios, significantly enhancing inspection efficiency, reducing operational and
maintenance costs, as well as realizing intelligent inspection. Path planning is a crucial
component of an autonomous patrol robot system; it aims to guide the patrol robot from
its current position to the target position along an optimal, collision-free path in open,
dynamic environments [1,2].

For patrol robots, global path planning and local path planning are two essential stages
of navigation, each serving distinct but complementary roles in ensuring efficient and safe
movement. Global path planning refers to planning a path from an initial point to a goal
point across the entire map or environment; it considers global environmental information
and constraints, such as map structure, obstacle positions, and target location, in order to
find an optimal or feasible path. Local path planning refers to planning a path in the local
vicinity of the mobile robot’s current position to avoid obstacles. It primarily considers
the mobile robot’s kinematic constraints and focuses on the robot’s immediate perception
and dynamic changes in the environment to generate a real-time path that is both feasible
and safe [3]. The integration of both global and local path planning is vital for the overall
navigation strategy of patrol robots. They enable patrol robots to perform their tasks
efficiently, covering all necessary areas while adeptly handling dynamic environments.

The most representative and widely utilized path planning algorithms in recent years
include neural network algorithms [4], artificial potential field algorithms [5], rapidly
expanding random tree algorithms [6], ant colony algorithms [7], and A* algorithms [8,9].
Among these methods, A* is a heuristic search method that is known for its robust and
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effective global search capabilities, high efficiency, and ability to find the shortest path.
Due to these advantages, the A* algorithm is extensively used in the field of path planning.
Based on the A* algorithm, some methods such as D* [10], Theta* [11] and hybrid A* [12]
have been proposed. These methods can generate feasible paths; however, many of the
generated paths have shortcomings such as low planning efficiency, frequent collisions
with obstacles, or failure to meet smoothness requirements. Consequently, to enhance the
efficiency of the traditional A* algorithm in practical applications, the improvement and
optimization of the A* algorithm has been a significant area of research. Tang proposed a
planning algorithm that incorporates the artificial potential field method to optimize the
path generated by a hybrid A* algorithm. This approach can generate a smooth path that
maintains a safe distance from obstacles. But the performance of its dynamic obstacles’
avoidance is inadequate in complex and dynamic environments [13]. To enhance the path
planning efficiency in complex environments, a hybrid mapping-based global path planning
was proposed; however, it does not guarantee the planned path is optimal path [14]. To
plan a feasible path for multiple objectives, a path planning method that combines the
genetic algorithm and ant colony algorithm was proposed for static environments [15].
However, the proposed method is only suitable for static environments. For mobile robots
in dynamic environments, Song proposed a dynamic path planning method to plan a
smooth path; however, its efficiency still needs improvement [16]. Yonetani proposed an
improved A* algorithm based on a neural network; this method uses the neural network
to learn the environmental features for much more accurate heuristic function, and it can
achieve dynamic path planning in dynamic environments [17]. Liu improved planning
efficiency by selecting jumping points as well as compulsory neighbors as key points
and eliminating redundant points [18]. Sun improved the planning efficiency of the A*
algorithm by optimizing the heuristic function and improving the eight-neighbor search
strategy [19]. Jiang proposed an improved bidirectional A* algorithm that enhances both
the arch direction and heuristic function, reducing the average path distance and planning
time. However, this method does not take safety distance into account [20]. The Dynamic
Window Approach (DWA) [21] and Time Elastic Band (TEB) [22] methods have good
obstacle avoidance ability in dynamic environments. Focusing on optimizing the efficiency
of global path planning and the quality of the generated path, Niu proposed a global
dynamic path planning method based on an improved A* algorithm and the dynamic
window method [23]. Li used the adaptive adjustment step method and a three-time
Bezier curve to minimize the number of turning points, and then integrated the improved
A* algorithm with the DWA method to avoid dynamic obstacles and falling into local
optimization [24].

For autonomous patrol robots, how to complete multi-point path planning efficiently
is a crucial challenge. The most crucial metrics for a path planning method is its feasibility
and capability of satisfying the robot’s kinematic constraints, as well as prevent the patrol
robot from colliding with other obstacles in the environment [25]. Although many research
works have focused on finding a feasible global path for navigation, the global path is
often optimized for overcoming the following disadvantages: (1) the path is too close to the
obstacles; (2) the path consists of lots of turning points and redundant nodes; (3) the path
does not satisfy the kinematic characteristics; and (4) low planning efficiency. Moreover,
these above works rarely involve research on multi-point planning; they cannot be well
deployed for real patrol robots. With the goal of achieving an optimal path and high
planning efficiency, this work proposes an efficient and practical path planning method for
autonomous patrol robots. Compared with the existing work, the main contributions are
listed as follows:

(1) This work proposes an inspection system architecture for autonomous patrol robots,
which can be deployed in a real robot to execute inspection tasks;

(2) To overcome the shortcomings of nearness to obstacles, this work introduces a distance
value, and optimizes the traditional A* algorithm’s evaluation function, which can
keep the generated global path a safe distance from obstacles;
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(3) To reduce the turning points and maintain kinematic constraints, this work optimizes
the global path using Dubins curves, which can improve patrol efficiency while
maintaining safety;

(4) This work proposes a trajectory-preserving strategy as well as a smoothing strategy
near inspection points, which can preserve the continuous trajectory that satisfies
the kinematic constraints, and the preserved trajectory can be reloaded for future
inspection tasks.

The overall structure of this work is as follows: Section 2 introduces the system
architecture of an autonomous patrol robot. Section 3 describes the map construction
method. Section 4 describes the path planning methods. Section 5 reports the experiments
and results. And, finally, the conclusion of the entire work is given in Section 6.

2. System Architecture of Autonomous Patrol Robots
2.1. Problem Statement

This work proposes an efficient and practical multi-point path planning method for
autonomous robots; it aims to enhance the inspection capability and generalization ability
of patrol robots in open, dynamic environments. The input of this method is Lidar point
cloud and IMU sensor data, and these input data are used for mapping the environment.
Then, the built map is used for self-localization and global path planning; its output is
a continuous-curvature and collision-free global path with coordinates and orientations.
Finally, the local path planning method works; its output is the motion command for
controlling the patrol robot, including linear velocity and angular velocity.

2.2. System Architecture

In this work, an ROS (robot operating system) framework is utilized for the develop-
ment of the autonomous patrol robots’ system. The use of the ROS provides a modular and
flexible architecture, allowing for the seamless integration of the key components required
for the patrol robots’ operation. Patrol robots often carry out inspection tasks in dynamic
environments. The system architecture of patrol robots is shown in Figure 1; it has two key
function modules: map construction and autonomous path planning.
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Figure 1. The main functional modules of patrol robots.

Map construction plays a crucial role in robotic self-localization and autonomous
path planning. Point cloud maps provide detailed information about the surrounding
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environment. By comparing the real-time sensor data with the pre-built point cloud map,
the robot can estimate its position and orientation accurately, as well as identify obstacles
and plan its paths accordingly, ensuring collision-free navigation. Real-time updates to the
point cloud map can also help robots adapt to dynamic environments and avoid newly
introduced obstacles. For the reason that multi-line Lidar has the advantages of high
precision and strong robustness, in this work the patrol robot is equipped with 16-line Lidar
and uses it to construct the point cloud map of the dynamic environment.

Path planning in this work is also divided into the planning of the global path and the
local path. Global planning involves determining the optimal route from the robot’s current
position to its desired destination. It takes into account the overall environment, including
obstacles, boundaries, and any relevant constraints. The goal of global path planning is to
find a high-level path that minimizes distance, avoids obstacles, and satisfies any specified
criteria or objectives. Once the global path is determined, local path planning comes into
play. Local planning focuses on the robot’s immediate surroundings and deals with fine-
grained navigation within the global path. It takes into account the robot’s current position,
sensor readings, and dynamic obstacles to make real-time adjustments and avoid collisions.
Local path planning ensures that the robot can navigate smoothly and safely along the
global path, making necessary corrections and adaptations as needed. By dividing the path
planning process into global and local steps, the patrol robot can make intelligent decisions
efficiently and navigate autonomously in challenging and changing environments.

The above two key function modules empower the patrol robot with comprehensive
capabilities. It can autonomously navigate in various scenarios, ranging from structured
indoor environments to unstructured outdoor environments, efficiently patrol designated
areas, adapt to dynamic changes, and enhance surveillance.

3. Map Construction Method

Due to the fact that research of autonomous path planning for patrol robots is mainly
applied in two-dimensional environments, this work constructs point cloud maps of the
patrol environments firstly, and then converts the point cloud maps into grid maps for
patrol path planning. The whole map construction process is shown in Figure 2.
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Currently, there are many algorithms for building a point cloud map, such as A-
LOAM [26], Lego-LOAM [27], LIO-SAM [28], FAST-LIO [29], Faster-LIO [30], etc. Because
patrol robots often work in open, large-scale environments, ground point cloud data
typically exhibit the characteristics of demanding a large data volume and relatively limited
information content. Through filtering out the ground points, the computational load and
memory requirements for processing point cloud data can be reduced, and the remaining
point cloud data primarily represent objects, obstacles, and structures above the ground
level, which can enable faster and more efficient analysis and improve the reliability and
accuracy of the point cloud map. This work used the Ground Plane Fitting algorithm [31]
to filter out the ground points. As shown in Figure 3, the Ground Plane Fitting algorithm
can remove the ground points from the original point cloud data while retaining the feature
information in the environment, which can reduce the pressure of point cloud map building
as well as maintain the mapping quality.
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After filtering the ground point cloud, this work uses the OctoMap tool [32] to convert
three-dimensional point cloud map to two-dimensional grid map. Due to data acquisition
errors, occlusions, sensor noise, and some other abnormal situations, some points exist
that are significantly different or deviate from other points in the point cloud map, called
outliers. Outliers would lead to some disruptions and interference in the map building
process. If the point cloud map is converted to a grid map directly without outlier rejection,
some outliers would be regarded as obstacles, which results in some grid cells that are
actually unoccupied being marked as occupied in the grid map. As shown in Figure 4a, the
grid cells that are marked with red rectangular boxes are outliers. To solve the problems
that outliers bring, this work adopts statistical filtering methods to remove outliers. For the
point pi, the average distance between it and its k-nearest neighbor points can be computed
as show in (1). The mean u and standard deviation σ for N points can be computed as
shown in (2) and (3), respectively.

ui = ∑k
j=1

∥∥pi − pij
∥∥/k (1)

u = ∑N
i=1 ui/N (2)

σ =
√

∑N
i=1(ui − u)2/N (3)
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According to the mean and standard deviation, this work set one threshold ϑ = u+ ασ,
where α is a tunable parameter. If the average distance ui is larger than ϑ, the point pi is
regarded as an outlies, and it will be removed from the point cloud map. After outlier
rejection, the grid map building result is shown in Figure 4b, and the generated grid map
can be effectively utilized for future planning.
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4. Path Planning Methods

Based on the above built grid map, this section primarily introduces the global path
planning method for autonomous patrol robots.

As a classic algorithm, the traditional A* algorithm is widely used in field such as
gaming due to its simplicity in implementation and its ability to find the shortest path.
Figure 5 shows the result of global path generated by the traditional A* algorithm, which
shows that the generated path maintains a very close distance from obstacles and has
multiple instances of touching the obstacles’ corners and edges. For the robot’s inspection
applications within large environments, the closer the distance to obstacles, the higher the
probability of collision with obstacles. Consequently, the traditional A* algorithm is unable
to satisfy the patrol robots’ obstacle avoidance requirements in real-world scenarios. It has
some deficiencies, such as large numbers of redundant nodes and turning points, as well as
insufficient path smoothness.
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For the path planning problems described above, some improvements are made in the
following subsections.

4.1. Global Path Planning

To maintain a safe distance between the generated path and obstacles, this work intro-
duces an obstacle distance value, and optimizes the evaluation function of the traditional
A* algorithm. The improved evaluation function can be described as (4).

f (n) = g(n) + h(n) + b(n) (4)

where f (n) is the estimated value of node n, g(n) is the actual value from initial node to
node n, h(n) is the estimated value from node n to target node, and b(n) is the distance
value from node n to the nearest obstacles; b(n) is represented as shown in (5).

b(n) = −k·d (5)

where d is the Hamming distance from node n to the nearest obstacles, and k is a coefficient
that needs to adjust based on the actual situation. The larger the value of this coefficient,
the greater the distance impact in the traditional A* algorithm’s heuristic function, and
the generated path will be farther away from the obstacles. However, if this coefficient is
too large, it may also lead to the failure of path planning. With the improved evaluation
function, the generated global path maintains a safe distance from the obstacles; therefore,
the probability of collision with obstacles during robot navigation will be greatly reduced.



Electronics 2024, 13, 2865 7 of 16

In addition, to minimize the number of redundant nodes and turning points, this
work utilized a Dubins curve to smooth the global safe path generated by our proposed
improved A* algorithm, which can allow the patrol robots to improve patrol efficiency
while maintaining safety and maintaining kinematic constraints.

A Dubins curve consists of a sequence of circular arcs and straight-line segments; they
are commonly used to model the shortest path between two points while considering the
vehicle’s kinematic constraints. The path optimization principle of the Dubins curve in this
work is shown in Figure 6. This optimization method no longer searches for neighboring
nodes around the current node, but instead, based on the position of the patrol robot at
a particular node and considering the patrol robot’s kinematic constraints, it searches for
points around it. It is obvious that the optimized path satisfies the kinematic constraints of
the patrol robot and ensures the patrol robot’s motion capabilities.
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As shown in Figure 7, assuming that the position and orientation of the robot in the
world coordinate system is wp0 and wq0, p1, p2 and p3 are the points that are obtained
through a heuristic search using a Dubins curve at the current position of the patrol robot,
and their position Rpi

(i = 1, 2, 3) and orientation Rqi in the robot coordinate system can
be represented as shown in (6) and (7).

[
Rp1

Rp2
Rp3

]
=

∥v∥·t
0
0

r·sin wt
r·(1 − cos wt)

0

r·sin wt
−r·(1 − cos wt)

0

 (6)

[
Rq1

Rq2
Rq3

]
=


1 cos θ

2 cos θ
2

0 0 0
0 0 0
0 sin θ

2 −sin θ
2

 (7)

In this way, the position of these three points in the world coordinate system can be
represented as shown in (8).

wpi =
w
RTRpi (8)

where w
RT can be computed by wp0 and wq0. After obtaining wpi, it can be inferred whether

obstacles exist near the position of point pi and, if they exist, the point is neglected; oth-
erwise, the orientation of this point is calculated as shown in (9), and then this point is
regarded as the start point, and the next point is continuously selected until the target point
is reached.

wqi = wq0 × Rqi
(9)
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4.2. Local Path Planning

Time Elastic Band (TEB) is a local path planning method. It combines time optimization
and an elastic band concept to generate smooth and efficient trajectories for mobile robots,
especially in dynamic environments. Therefore, this work chooses TEB as the basic local
planning algorithm. TEB represents the mobile robot’s motion trajectory as a time elastic
band, and the elastic band consists of two boundary lines, representing the feasible and
safe motion region respectively. By adjusting the position and shape of these boundary
lines, different trajectories can be generated.

Assuming that the elastic band is (xmin(t), xmax(t)), the motion trajectory of the robot
must lay in the elastic band. So, the motion trajectory (xk, yk, θk) can be represented as
shown in (10). To ensure safety, this work represents the patrol robot’s safe region as a
circular area, and the radius of the circle is rsa f e; thus, the safe region of patrol robot can be
described as shown in (11).

xk ∈ [xmin(t + k∆t), xmax(t + k∆t)]
yk ∈ [ymin(t + k∆t), ymax(t + k∆t)]
θk ∈ [θmin(t + k∆t), θmax(t + k∆t)]

(10)

(xk − xi)
2 + (yk − yi)

2 ≥ r2
sa f e (11)

where k is the time step and (xi, yi) is the position of the ith obstacle. In this way, the
motion trajectory can be optimized and planned.

4.3. Trajectory Preservation

For a patrol robot, its operating mode is wandering along one pre-planned trajectory
that covers all inspection points, rather than different trajectories every time. Considering
this factor, this work proposes to preserve the patrol trajectory, which can then be loaded
for further inspection tasks. If some places in the patrol trajectory are inevitably impassable,
such as road maintenance and occupation, the patrol trajectory will be planned again.

The preserved trajectory can be regarded as a set of planned trajectories among these
adjacent inspection points. And the above planning method can plan one smooth and
safe trajectory between two inspection points. However, a bias exists between the actual
position that the patrol robot arrived inand the planned inspection point, which results in
the trajectory near to the inspection point not being smooth. As shown in Figure 8, pl is the
last point belonging to path l1 that was generated by our proposed method, pt is the ending
of path l1, and pr is the actual position that the patrol robot arrived in, corresponding to
point pt.
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To smooth the trajectory that nears to these inspection points, this work inserts one
point ptmp between pr and l1, and selects one point p1 in l1, ensuring the trajectory that
links p1, ptmp, and pr satisfies the kinematic constraints. In Figure 8, p2 is the next point of
pr, and p0 is the previous point of p1. Point p1 can be selected as shown in (12).

F(p1) = min
ptmp∈R2, p1∈l1

(|r1 − rradius|+ |r2 − rradius|)

r1 ≥ rradius
r2 ≥ rradius

(12)

where rradius is the rotation radius of the patrol robot and r1 is the radius of the circle
determined by points p2, pr, and ptmp; similarly, r2 is the radius of the circle determined by
points p0, p1, and ptmp. After selecting point p1, the trajectory after point p1 in l1 should be
deleted, and the trajectory linking p1, ptmp, and pr is the optimized trajectory that nears to
point pl . In this way, the preserved patrol trajectory maintains smoothness and satisfies the
kinematic constraints of the patrol robot, and can be used for further inspection tasks.

5. Experiments and Results

To evaluate the performance and practicality of our proposed methods, some simula-
tion and real-world experiments were conducted.

5.1. Simulation Experiments

The simulation experiments were implemented in Gazebo. Gazebo is a simulation
environment that allows developers to accurately and effectively simulate robotic systems,
sensors, objects, and environments, providing a platform for developing and testing algo-
rithms in a realistic setting without the need for physical hardware. In the simulation envi-
ronments, a museum test environment was set up with a configuration of a 22.5 m × 22.5 m
grid with a 0.1 m × 0.1 m resolution. An Ackermann mobile robot equipped with a 16-line
Lidar and IMU sensors was constructed. For the simulation experiment, A-LOAM algo-
rithm was chosen to build the point cloud map. Figure 3b shows the built point cloud map
after filtering the ground point cloud, and Figure 4b shows the result of grid map building,
which was used for the patrol trajectory planning later.

To evaluate the effectiveness of our proposed path planning method, planning experi-
ments with the traditional A* method, RRT method, as well as our proposed method were
carried out. The comparison results are shown in Figure 9. This work set three inspection
points (B, C, and D) in the simulation environment; point A is the initial point of the patrol
robot, and point D is the ending point. Every method has planned three paths; they are
A-B, B-C, and C-D, respectively. The green solid lines are the planned paths. From the com-
parison results, it can be seen that the paths planned by our method maintain a moderate
distance from the obstacles, and the optimization of the Dubins curve can make the patrol
paths much smoother, which can satisfy the kinematic constraints of the mobile robot.
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After obtaining these trajectories among these inspection points, the trajectory preserve
module links these different trajectories sequentially and smooths the trajectories nearing
the inspection points, and finally preserves the whole patrol trajectories. Based on the role
of the proposed trajectory preserve module, the whole patrol trajectories from A-B-C-D
are generated, as shown in Figure 10. According to the whole patrol trajectories, the patrol
robot can execute the inspection task using the local path planning algorithm, and Figure 11
describes the entire patrol process.
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To evaluate the performance of our proposed method, we used different global
path planning methods (traditional A*, RRT, and our method) but the same local path
planning method to execute the same inspection task. The comparative experiment had
the same maximum velocity set, and the linear and angular velocity were recorded by
subscribing the topic of “/ackerman_steering_controller/cmd_vel/linear/x” and “ack-
erman_steering_controller/cmd_vel/angular/z” respectively during the whole patrol
process. The results of linear and angular velocity changes along the planned path are
shown in Figure 12. It is obvious that when the mobile robot moves along the global path
generated by our method, the linear velocity does not exhibits serious vibration; however,
in the paths planned by the traditional A* and RRT methods, the linear velocity exhibits
significant vibration, which is marked using black rectangle boxes in Figure 12a,b. In
addition, the angular acceleration in the path planned by the traditional A* method is
occasionally too large, as shown in Figure 12a, which is marked using green rectangle
boxes. These significant vibrations and the large angular acceleration would cause serious
shaking of the patrol robot, which are not favorable for the long-term use of the patrol
robot. Therefore, compared with the traditional A* and RRT methods, using the improved
A* method and Dubins curve to plan the global path can alleviate the shaking of the patrol
robot during navigation, and even improve the usage duration of the robot.

According to the planned path, the mobile robot was allowed to execute inspection
tasks in this simulation environment five times. The results of patrol distance and patrol
time for each time are shown in Figure 13. The average patrol distance and time are shown
in Table 1. The comparison results show that the path planned by our method can guide
the mobile robot to execute the inspection task with a shorter distance and in less time.
Furthermore, under the global path generated by our method, the mobile robot’s navigation
performance is very stable, without a large change in the patrol distance or patrol time.
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Table 1. Comparison of average patrol distance and time.

Methods Average Patrol Distance
(/Meter)

Average Patrol Time
(/Second)

traditional A* 41.082 103
RRT 38.789 108

our method 38.606 98

5.2. Real-World Experiments

To validate the feasibility and robustness of the proposed methods on a real robot,
indoor patrol experiments were conducted. The environment is a rectangular corridor,
its perimeter is around 200 m, and the feasible region’s width is around 2.5 m. The
experimental scenes are shown in Figure 14a,b showing the real indoor patrol robot system.
The patrol robot system includes a LIMO mobile robot that made by Agilex Robotics in
Shenzhen China, a 16-line Lidar that made by LSLIDAR in Shenzhen China, an Xsens
MTI-300 IMU sensor that made by Movella Inc. in Henderson United States, and a Jetson
Nano (4G) controller that made by NVIDIA, as well as some accessories. The Jetson Nano
is the mobile robot’s computing core; it deploys the ROS operating system and interfaces
with the mobile robot. The Jetson Nano collects data from the Lidar and IMU sensors for
constructing the point cloud map, as well as performs the proposed algorithm for planning
the global path and controlling the mobile robot.
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Figure 14. Corridor scenes and indoor patrol robot system.

Firstly, the patrol robot builds the point cloud map of the corridor environment
using the Faster-LIO algorithm—the result of point cloud map building is shown in
Figure 15a—and then the point cloud map is converted into the grid map, as shown
in Figure 15b. Due to the existence of glass windows, the grid map building result is not
entirely accurate; however, the grid map for the inspection area is correct. Therefore, this
experiment did not try to optimize the grid map.
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Secondly, some inspection points are set in the grid map, and then the proposed path
planning method generates the global patrol path, which is represented by the magenta
solid line in Figure 15b. The results also indicate that the improved A* algorithm and
Dubins curve optimization can keep the patrol path a safe distance from the corridor walls,
as well as ensure it meets the kinematic constraints of the indoor patrol robot.

Finally, according to the generated global patrol path, the local planning method
guides the patrol robot to execute the inspection task, and the patrol process is shown
in Figure 16. The patrol robot can move along the planned path and arrive at the end
inspection point successfully; in total, it takes around 276 s for one inspection task.
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Figure 16. Patrol process in the corridor environment.

In addition, to evaluate the obstacle avoidance capability of the indoor patrol robot, an
obstacle was placed on the patrol path. Figure 17 shows the process of obstacle avoidance. It
is obvious that when the patrol robot detected an obstacle on its original planned trajectory,
the robot would adjust its movement velocity in real-time to avoid the obstacle, and
after avoiding the obstacles, it returned to its original motion trajectory again for the
inspection task.
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Both the simulation and real-world experiments reveal the feasibility and performance
of our proposed methods, such as the planned patrol paths maintaining a moderate distance
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from obstacles and satisfying the kinematic constraints of the patrol robot, inspection task
execution occurring with a shorter distance and in less time, as well as the possibility of
deployment in real robots.

6. Conclusions

For autonomous patrol robots, efficiently completing multi-point path planning is a
significant challenge. To address this issue, we propose an inspection system architecture
for patrol robots that can be deployed in real robots to efficiently plan a feasible global path
and execute inspection tasks. The architecture first introduces an obstacle distance value
and optimizes the evaluation function of the traditional A* algorithm to ensure the planned
path maintains a safe distance from obstacles. The global path is then optimized using
a Dubins curve to reduce turning points, maintain kinematic constraints, and enhance
patrol efficiency. Finally, we propose a trajectory-preserving strategy and a smoothing
strategy near inspection points. These strategies maintain continuous trajectories that
satisfy kinematic constraints and can be reloaded for future inspection tasks.

The proposed system has been validated in both simulation and real-world environ-
ments. Experimental results show that the global path planned by our method maintains a
safe distance from obstacles and the kinematic constraints of patrol robots. Our method
enables patrol robots to execute inspection tasks more efficiently, with shorter distances and
in less time. The results demonstrate the superior performance of our inspection system in
terms of safety, trajectory distance, and overall execution efficiency, making it suitable for
deployment in real patrol robots.

The research findings of this work have significant implications for the long-term
application of patrol robots. In future work, the proposed method will be tested and
enhanced in campus environments, and empower the patrol robots with the capability for
long-term autonomous execution of inspection tasks in large-scale open environments.
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31. Miądlicki, K.; Pajor, M.; Saków, M. Ground plane estimation from sparse LIDAR data for loader crane sensor fusion system. In
Proceedings of the 22nd International Conference on Methods and Models in Automation and Robotics (MMAR), Miedzyzdroje,
Poland, 28–31 August 2017; pp. 717–722. [CrossRef]

32. Hornung, A.; Wurm, K.; Bennewita, M.; Stachniss, C.; Burgard, W. OctoMap: An efficient probabilistic 3D mapping framework
based on octrees. Auton. Robot. 2013, 34, 189–206. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/app9061057
https://doi.org/10.1177/1729881420962263
https://doi.org/10.1109/ROBOT.1994.351061
https://doi.org/10.1613/jair.2994
https://doi.org/10.1177/0278364909359210
https://doi.org/10.20965/jaciii.2021.p0064
https://doi.org/10.1109/ACIRS.2018.8467225
https://doi.org/10.4028/www.scientific.net/AMM.527.203
https://doi.org/10.15837/ijccc.2018.6.3153
https://doi.org/10.1145/3469213.3470309
https://doi.org/10.3390/electronics11172683
https://doi.org/10.1016/j.egyr.2021.09.137
https://doi.org/10.4028/www.scientific.net/AMR.645.267
https://doi.org/10.1155/2021/4977041
https://doi.org/10.1109/ACCESS.2022.3179397
https://doi.org/10.1109/LRA.2021.3068913
https://doi.org/10.15607/RSS.2014.X.007
https://doi.org/10.1109/IROS.2018.8594299
https://doi.org/10.1109/IROS45743.2020.9341176
https://doi.org/10.1109/LRA.2021.3064227
https://doi.org/10.1109/LRA.2022.3152830
https://doi.org/10.1109/MMAR.2017.8046916
https://doi.org/10.1007/s10514-012-9321-0

	Introduction 
	System Architecture of Autonomous Patrol Robots 
	Problem Statement 
	System Architecture 

	Map Construction Method 
	Path Planning Methods 
	Global Path Planning 
	Local Path Planning 
	Trajectory Preservation 

	Experiments and Results 
	Simulation Experiments 
	Real-World Experiments 

	Conclusions 
	References

