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Abstract— Dubins coverage has been extensively researched
to address the coverage path planning (CPP) problem of
a known environment for the curvature-constrained robot.
However, its fixed-speed assumption prevents the robot from
accelerating to reduce the time and limits its flexibility to
avoid obstacles. Therefore, this paper presents a collision-free
CPP approach (CFC) for the obstacle-constrained environment,
which enhances time efficiency by constructing the variable-
speed Dubins paths and ensures robot safety by building a risk
potential surface for representing the possibility of collision.
Furthermore, CFC models the CPP problem as an asymmetric
traveling salesman problem (ATSP) and utilizes a graph prun-
ing strategy to reduce the computational cost. Comparison tests
with other Dubins coverage methods demonstrate that CFC
provides shorter coverage times and better runtimes than the
other Dubins coverage methods while preventing collision risk
between the robot and obstacles. Physical experiments in a
laboratory setting demonstrate the applicability of CFC to the
physical robot.

I. INTRODUCTION

Typical robotic applications [1]-[5] require appropriate
coverage path planning (CPP). CPP aims to determine a
path to cover the interested area while minimizing time
and avoiding obstacles [6]. Roughly, the complexity of the
CPP problem is determined by factors such as the kinematic
constraints of robots and the complexity of the mission
environment [7]. Other literature and our previous work [8]
have shown that, in general, a robot with non-holonomic
constraints is more challenging to plan than a robot with
holonomic constraints [9], [10], and a strictly obstacle-
constrained environment is more involved in planning than
an open and obstacle-free environment [11].

Real-world CPP applications typically involve an obstacle-
constrained environment and non-holonomic robots. The typ-
ical kinematic constraints of a robot are curvature and speed
[12]. Along this line, Dubins [13] addressed the shortest path
planning problem for a robot moving at a fixed speed and
bounded curvature in an open area. Given that the Dubins-
like paths have the advantages of easy implementation and
high efficacy [14], several Dubins coverage methods [3], [6],
[10], [15]-[18] utilizing Dubins paths have been extensively
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Fig. 1. Comparison of Dubins coverage path with fixed/variable speeds.
All paths are color-mapped based on the speed information. The path is
considered safe if its maximum collision risk is zero.

researched. Unfortunately, the Dubins coverage problem has
been proved to be NP-hard [7].

Although Dubins coverage methods perform well, they
suffer from two issues. The first one is that Dubins coverage
methods assume that the robot moves at a fixed speed,
limiting its versatility and flexibility given that it can travel at
variable speeds within mechanical capability—this property
can sometimes lessen time cost [9], [12]. Fig. 1 demonstrates
an example of conventional Dubins coverage versus variable-
speed Dubins coverage. Currently, most path planning meth-
ods for the variable-speed curvature-constrained vehicle fo-
cus on point-to-point path planning [19]-[21]. However,
the time-efficient CPP problem for variable-speed curvature-
constrained robots has not been solved yet.

The second issue is the safety of the robot in an obstacle-
constrained environment. Some Dubins coverage approaches
assume that the mission environment has no obstacles or
obstacles that can be traversed. However, impenetrable ob-
stacles may exist within or at the boundary of the mission
environment in practical applications such as field monitoring
[22], battlefield loss assessment [23], and automation in agri-
culture [24]. As a result, adapting these methods to obstacle-
constrained environments may yield unfeasible results. Other
coverage methods [25]-[27] protect the robot from collision
disaster by placing a buffer field called headland around
obstacles to execute the turning maneuver. However, since
turns are considered expensive and non-working, a wider
headland may introduce a low coverage ratio, while a nar-
rower headland increases the possibility of collision.

This paper proposes a collision-free CPP approach (CFC)
for the variable-speed curvature-constrained robot. CFC di-

3600



vides the area into cells and generates the coverage path
in two steps. First, a path planning based on risk pruning
(P2RP) algorithm is proposed to produce a collision-free
time-efficient path between cells. It characterizes the time-
efficient path with variable speeds to reduce the time cost
and constructs a risk potential surface representing the pos-
sibility of collision to avoid the obstacles. Next, a sequence
generation (SG) algorithm is presented to determine the
optimal sequence of all cells. The SG algorithm simplifies
the computation by modeling CPP as an ATSP rather than
the conventional generalized TSP (GTSP) and reducing its
search space through graph pruning. Compared with the
traditional Dubins coverage methods, CFC allows the robot
to speed up in open areas to reduce coverage time and slow
down near obstacles to decrease collision risks. CFC was
validated in both simulations and real-world experiments. In
summary, the contributions of this paper are as follows:

« We present a P2RP algorithm, which improves time
efficiency by constructing variable-speed Dubins paths
and ensures robot safety by build a risk potential rep-
resenting the possibility of collision.

o We reduce the computational cost by modeling the CPP
problem as an ATSP and a graph pruning strategy.

« Extensive validations. CFC’s performance is validated
by: i) simulations of different-sized scenes, which show
fewer coverage times and better computation times
than Dubins coverage methods while preventing the
collision risks with obstacles, ii) real-world laboratory
experiments.

II. PROBLEM STATEMENT

This paper assumes that the prior knowledge about the
mission environment &7 C R? exists and has been modeled
as a binary map. The cell with values of 0 and 1 on the map
represents the obstacle cell or the allowed cell, respectively.
The robot assigned to the coverage task occupies a limited
area, like a rectangle with a certain width. It is equipped with
a task sensor to perform the specific coverage task (e.g., lawn
mowing, floor cleaning) with a rectangle region of radius r;.
Moreover, a minimum safe distance r; around the robot is
reserved to prevent collisions introduced by the inertia or the
robot’s body.

At any given time ¢, the motion of the robot can be
described with the following tuple:

x(t) = s(t)cos O(t)
y(t) =s(t)sin O(z) (D
6(r) =ulr) ;

where {x,y} € R2,0 € [0,27); u(t) and s(¢) are the robot’s
turning rate and speed at time #, respectively. The robot
can travel at variable speeds, S.t., § € [Spin, Smax], Where Spmin
and s, represent the minimum and the maximum speed,
respectively. sy, and sy, are determined by several factors,
such as the peak power of the motor and soft controller [28],
[29]. The acceleration a of robot is limited by the minimum
and maximum values, s.t., @ € [dyin, @max]. The turning rate

u is bounded and symmetric, s.t., u € [—tqy, +ihmax], Where
Umay and the +/— represent the maximum turning rate and
the left/right turn, respectively. The curvature k = ¢, which
is the inverse of the turning radius, depends on the speed
[0,32]. & = 0 indicates that the
robot travels at a stralght line, while the maximum curvature
represents the robot turning at the maximum speed and
minimum turning rate. The objective of the CPP is to produce
a path that covers all non-obstacle areas of </ under the
sensor perception of the task sensor while avoiding obstacles
and minimizing the coverage time.

III. COLLISION-FREE COVERAGE PATH PLANNING
APPROACH (CFC)

This paper proposes an offline CFC to address the CPP
problem in obstacle-constrained environments. As depicted
in Fig. 2, CFC consists of an area decomposition module, the
P2RP module, and the SG module. The area decomposition
module receives the binary map of the mission environment
and divides it into cells, while the P2RP module generates
the collision-free time-efficient path between cells. Next, the
SG module models the CPP problem into O-1 integer linear
programming (0-1 ILP) and reduces its complexity by a
graph pruning strategy. The safe-and-speedy coverage path
is obtained by determining the optimal sequence of all cells.

P2RP module
Speed Risk Time
Sample Pruning Estimation
Binary DArea E Coverage
Map CEOT. 1 path
osition
P v G Graph |G’ ATSP Tobr
— 0-1ILP =—> v —_— ——
Pruning Solver
—_—
SG module
Fig. 2. The framework of CFC.

A. Area Decomposition

The area decomposition module utilizes the boustrophedon
cellular decomposition (BCD) method [30] to divide the
mission environment into multiple cells. All cells constitute
acell set T = {14 € R, a =1,...,|T|}. Every cell in T has a
fixed width (i.e., 2r,), and its height depends on the boundary
of obstacles and the mission environment. It is assumed that
each cell is long enough for the robot to accelerate from s,
t0 Spax O slow from s,4y tO Spin. As shown in Fig. 3, each
cell consists of the upper and lower endpoints (i.e., v, and

Fig. 3. [Left] The binary map. [Middle] Area decomposition. [Rigth] The
endpoints of each cell.
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vg4) and a line segment connecting two endpoints. The robot
can cover the cell from either endpoint to another one.

B. P2RP algorithm

The curvature-constrained collision-free path planning
problem in an obstacle-constrained environment has been
proved to be NP-hard [31]. Thus, this paper proposes a
heuristic P2RP algorithm to solve the above-mentioned prob-
lem. The P2RP algorithm simultaneously considers the travel
time and obstacle clearance. It obtains the collision-free time-
efficient path between cells by the following three steps:

1) Speed sample: Traditionally, the Dubins path assumes
that the robot moves forward at a fixed speed. The fixed
speed, however, prevents the robot from using its acceleration
capabilities to decrease the time and restricts its flexibility in
bypassing obstacles. Inspired by the fact that changing the
speed or turning radius of the Dubins paths can reduce the
travel time [21], the P2RP algorithm constructs the variable-
speed Dubins paths to improve the time efficiency.

The variable-speed Dubins path extends the original Du-
bins path [13] and consists of three path segments, which
can be represented by the sequence CSC (LSR, RSR, RSL,
and LSR) or CCC (RLR and LRL) [32], where C presents
the curve segments denoted by R/L and S refers to the
straight segment. The P2RP algorithm uniformly samples the
robot speed to obtain a set of speed S = {si,...,sx}. The
pairs of speed in S can be combined into a speed pair set
SP={(sa,y),5a,sy € S, &,y =1,...,K}. Each (sq,sy) in SP
corresponds to the speed of the first and third C segments in
the variable-speed Dubins path. Since the C segment assumes
a certain curvature kK = 7 (i.e., a certain speed and turning
rate), the robot can only accelerate or decelerate on the
S segment [21]. Due to this, the C segments in the CSC
sequence can have different speeds, while the CCC sequence
has to remain a fixed speed since it has no S segment. Given
a start pose (x,y,0), the next pose Ls/Rg5/Ss of the robot in
the L/R/S segments of the variable-speed Dubins path are as
follows [19]:

Ls(x,y,0) = (x—rssin @ + rgsin(0 + §), 2
y+rscos0 —rscos(0+8),0+6)

Rs(x,y,0) = (x+rssin® —rgsin(6 — 3), 3)
y—rgcosO+rgcos(6—6),0—9)

Ss(x,y,0) = (x+6sinb,y+6cos6,0) 4)

where 6 € [0,27) in Eq. (2) and Eq. (3) represents the radian
offset from the start pose, whereas the § € R in Eq. (4)
presents the moving distance of the robot from the start pose;
rs represents the turning radius of the C path segment, s.t.,
s

v

2) Risk Pruning: In order to ensure the robot’s safety, the

variable-speed Dubins paths should maintain a safe distance
from obstacles. The obstacle clearance is defined as the
minimum distance between a path and obstacles. Several path
planning methods addressed the obstacle clearance problem
by measuring the collision risk based on the robot’s state

rs =

-

IS|I31D53DS4

Fig. 4. An example of the variable-speed Dubins paths with the type
of RLR. The robot moves at a fixed speed in the circle segments, but the
variable speed in the straight segment. The paths are encoded by the speed
information.

[12], [19], [33]. Although these methods perform well, they
suffer from a high computational cost since the clearance cal-
culation must be performed for every state configuration and
its intermediate steps. Alternatively, we propose heuristically
establishing a potential surface around obstacles to represent
collision risk between robots and obstacles. Consider a point
T € &/, its risk potential is calculated as follows:

_d 4 <r
— r

%(1){ 0 d>n )
where d represents the distance between point T and the
nearest obstacles; r; refers to the minimum safe distance of
the robot. Eq. (5) indicates that the robot in 7 is considered
safe if d is wider than ry, i.e., Z(1) =0. As d < 0 , the risk
values approaches 1. Fig. 5(a) shows an example of the risk
potential surface.

After building the risk potential surface, the P2RP al-
gorithm determines whether a variable-speed Dubins path
is safe by looking up the risk potential of each point in
the path. If there is at least a point 7, s.t., Z(t) > 0, the
path is considered with the risk of collision with obstacles;
otherwise, the path is collision-free. Fig. 5(c) demonstrate an
example of the risk pruning strategy.

3) Time estimation: After eliminating paths with collision
risks, the P2RP algorithm evaluates the time cost of the
remained paths and outputs the one with the least time.
Since the variable-speed Dubins path consists of three path
segments, its total time cost .# is the sum of its three
segments,

=21 B (6)

Sa  Sp Sy
where sq, sg, and sy represent the robot’s speed in the
first to third segment of the variable-speed Dubins path;
o, 3,y represent the corresponding path lengths. As the only
variable in Eq. (6), sg is determined by the type of the
variable-speed Dubins path. Since the Dubins paths with the

(a) The risk potential
surface

(b) All variable-speed
Dubins Paths

(¢) The collision-free (d) The collision-free
variable-speed Dubins variable-speed Dubins
paths path with minimum time

Fig. 5. The produce of the P2RP algorithm
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CCC sequence do not have a S segment to change speed,
its sg is equal to sq and sy. The sg of Dubins paths with
the CSC sequence depends on the length of the § path
segment. We utilized the time-optimized speed profile in [21]
which consider both speed and forward acceleration limits, to
calculate its time cost. The collision-free path with minimum
time cost will be the output. Fig. 5 demonstrates an example
of the P2RP algorithm.

Algorithm 1 shows the pseudo-code of the P2RP algo-
rithm. The P2RP algorithm initializes the minimum time
cost (i.e., min_time) and the speed pair bs of the output
path (Line 1) and builds the risk potential surface (Line 2).
Next, it samples the speed to obtain the speed pair set SP
(Line 3-4). For each speed pair in SP (Line 5), the P2RP
algorithm simulates the variable-speed Dubins path (Line 6)
and calculates its maximum risk potential and the time cost
(Line 6-7). min_time and bs will be updated if the path is
collision-free and with fewer time cost (Line 9-13). After all
paths are evaluated, the min_time and bs are returned.

Algorithm 1 P2RP algorithm

Input: start,dest, JZ%, [smimsmax]v [amimamax]~
Output: min_time,bs.

Initialize: min_time < Inf,bs < 0;
Pot <+ Construct_Risk_Potential(%/);
S < Speed_sample(Smin, Smax);
SP  {(Sa»Sy), 5,8y € S};
for each (sq,sy) € SP do
Dpath < variable-speed_Dubins_path(sq, 5y);
max_risk < risk_pruning(Dpath, Pot);
time_cost < time_estimation(Dpath, a,in, may) ;
if max_risk = 0 and time_cost < min_time then
min_time < time_cost ;
bs < (sa,5y) ;
end if
: end for
return min_time, bs;

R A A R ol e

— = = = =
R ST

Computational complexity: The computational complexity
of the P2RP algorithm is O(K?).

C. SG algorithm

Since the Dubins coverage problem has been proved to
be NP-hard [7], this section develops an SG algorithm
to provide an approximate solution. In order to decrease
the computational cost, the SG algorithm models the CPP
problem as an 0-1 ILP and reduces its search space using
a heuristic graph pruning strategy, thereby providing a safe-
and-speedy coverage path.

1) 0-1 ILP: Offline coverage methods usually divided the
mission environment into cells and presented all cells on a
graph. With this graph representation, the Dubins coverage
problem can be modeled as a GTSP, which produces the
coverage path by finding a minimum cost cycle that includes
precisely one node from each cluster [7] [10] [16]. Although
these methods perform well, they had to convert the GTSP

into the ATSP by the Noon and Bean transformation [34] or
doubling the vertices [35], and then utilize the ATSP solvers
to obtain the optimal solution. This paper represents cells as a
connected graph G = {V, E}, with the vertex representing the
endpoint of cells and the edge between vertices representing
the collision-free time-efficient path produced by the P2RP
algorithm. Unlike the Dubins coverage methods, the SG
algorithm models the CPP problem as a 0-1 ILP. The 0-1 ILP
model is essentially an ATSP, thus preventing the complex
computation for transforming the GTSP to the ATSP.
The 0-1 ILP model is presented as Eq. (7)-(8):

min(Y (lei j|xi ), @
s.t.,

27| 2/

Y ) xij=2IT],

i=1 j=1
2/7) 2|T| ®)

-xl._] = ij,l = l7i = 13"'72|T‘7

j=1 Jj=1

X1 2k42 + X2k 20041 = Lk =1,...,|T|,

where the binary variable x; ; = 1 indicates that the edge
e;j between the vertex v; and v; has been selected into
the optimal solution, otherwise x; ; = 0; |e; j| represents the
weight of e; ;. The objective of the 0-1 ILP is to find a
traversal sequence of all vertices with a minimum cost.
Its constraints indicate that the robot should travel all 2|T|
vertices of G, enter and leave each vertex for exactly once,
and visit the vertices (i.e., the endpoints) that belong to the
same cell sequentially.

2) Graph Pruning: The performance of the ATSP de-
pends on the complexity of the graph G since more edges
and vertices mean a bigger search space. To combat the
complexity, the authors in [7] presented a specified direc-
tions decomposition (SDC) algorithm. Although the SDC
algorithm improves the runtime, its optimality is sacrificed
to some extent since it deletes half of the vertices and
its incident edges. This paper presents a heuristic graph
pruning strategy to reduce the search space by eliminating
some edges. The graph pruning strategy is derived from the
observation that the edges with the largest weight are less
likely to appear in the optimal plan than those with less
weight. It contains two heuristics methods:

« Edge weight. Denote the set of edges entering the vertex
va as Eq. In Eq, the top w|E| weighted edges will be
removed, where w and |Ey| represent a predefined per-
centage and number of edges, respectively. The edges
that leave vy are trimmed similarly.

o Vertex type. Graph G contains two types of vertices,
those at the top and those at the bottom of the cell.
Suppose that the set of vertices, which connect to vy and
has the same type of vertex as vq, is Vj. Compute the
mean u and standard deviation & of EJ, (E}, represents
the edge set between vy and VJ). The edges whose
weight exceeds u+ 6 xw in Ej, will be deleted, where
w is a predefined constant.

Fig. 6 shows an example of the SG algorithm.
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(o) lm vers al sequence (d) The coverage path

(a) The connected graph

(b) The pruned graph
Fig. 6. The procedure of the SG algorithm.

Algorithm 2 shows the pseudo-code of the SG algorithm.
The SG algorithm first represents the cells into a graph
G (Line 1) and calculates its cost matrix C through the
P2RP algorithm (Line 2). Next, the graph pruning strategy
eliminates edges by setting their weights as a large positive
number (Line 3). The SG algorithm uses the state-of-art
ATSP solver [36] to obtain the optimal traversal sequence
Tour (Line 4) and finally produce a collision-free time-
efficient coverage path in the form of a waypoint sequence
(Lines 5).

Algorithm 2 SG algorithm

Input: 7, [sminasmax]v [amina amax]-

Output: patrh.

1: G=(V,E) < Generate_Graph(V);

2: C + Calculate_Cost_ Matrix(G, [Smin, Smax|, [mins Gmax])
/According to the P2RP Algorithm

C’ + Graph_Prune(C) ;

Tour < SolveATSP(C’) ; // According to Eq. (7)-(8)
path < Generate_path(Tour, [Smin, Smax) s [@min, Gmax));
Return path;

AN A

Computational complexity: The complexity of the SG
algorithm is O(|T|*).

IV. EXPERIMENT

The performance of CFC was validated by simulations as
well as real experiments.

A. Simulation Experiments

Setup: The first validation was performed on a PC with an
Intel(R) Core(TM) CPU 3.2GHz RAM 32GB. Two scenarios
populated with multiple obstacles were drawn with dimen-
sions of 20 x 20 m and 30 x 30 m and divided into multiple
cells of 1 m. A curvature-constrained robot was simulated
with kinetic constraints, such as the speed [0.2, 1] m/s, the
acceleration [0.5, 1.5] m?/s, the maximum turning rate 1
rad/s, the minimum turning radius 0.2 m, and the minimum
safe distance (i.e., ;) 0.25 m. Furthermore, the robot was
equipped with a task sensor with a radius (r;) of 0.5 m. The
speed set S of the robot is set as {0.2,0.36,0.52,0.68,0.84,1}
m/s. In addition, the headlands around obstacles were also
reserved for executing the turning maneuvers. Since the
headland width affects the performance of coverage methods,
seven widths [1,1.5,2.0,2.5,3.0,3.5,4.0] x r, were tested.

We compared CFC with two Dubins coverage methods:
MinNWT [16] and Semi-BCD [7]. MinNWT [16] pro-
duced the safe path by eliminating the edges between cells
separated by obstacles. In practical applications containing

impenetrable obstacles, Semi-BCD may produce a cover-
age path overlapping with obstacles since it assumes that
obstacles in the area can be passed through. Both Dubins
coverage algorithms assumed that the robot moves at a fixed
speed, i.e., its speed has to be one of the speeds in S. In
order to obtain a fair comparison, we compared CFC with
the two Dubins coverage methods at different speeds with
different headland widths. For the same headland width, the
results of two Dubins coverage methods with different speeds
are represented by a line connecting six points (each point
corresponds to the results of the Dubins coverage method at
a sampling speed in S). In contrast, the results of CFC are
displayed with a dashed blue line across all speeds.

Results: Fig. 7 and Fig. 8 show the comparison results
of CFC, MinNWT [16] and Semi-BCD [7]. Four metrics are
used for the performance evaluation as follows: i) coverage
time, ii) maximum collision risk, iii) coverage rate, and iv)
computation time. First, in Fig. 7(a) and Fig. 8(a) we show
the coverage times of CFC, MinNWT and Semi-BCD. It
is observed that CFC always provides the shortest or near
shortest coverage times. Furthermore, Fig. 7(b) and Fig. 8(b)
show that the maximum collision risk of CFC remains zeros,
i.e., its coverage paths always be safe. In contrast, the
maximum collision risk of MinNWT [16] and Semi-BCD [7]
depends on the headland width and the robot speed. Their
coverage paths become safe only if the headland width is
greater or equal to 3 X rp. In addition, as shown in Fig. 7(c)
and Fig. 8(c), the coverage ratios of the three coverage
methods are all sensitive to the width of the headland. The
wider the headland, the lower the coverage ratio. With a
headland less than or equal to 2 x rp, CFC can provide a
greater than or equal to 95% coverage ratio. Lastly, as shown
in Fig. 7(d) and Fig. 8(d), CFC always takes less time except

Maximum Collision Risk
===- CFC

Coverage Time (s)
Semi-BCD

===+ CFC MinNWT Semi-BCD MinNWT

Coverage Ratio

Semi-BCD

Computation Time (s)

==== CFC MinNWT ===s CFC ® Semi-BCD MinNWT

(d)

Fig. 7. The comparison of CFC with MinNWT [16] and Semi-BCD [7]
in 20 m x 20 m scene.
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Semi-BCD [7] in the 20 m x 20 m scene. However, Semi-
BCD [7] reduced the runtime by sacrificing some optimality
of the coverage time.

Maximum Collision Risk
==== CFC —®— Semi-BCD MinNWT

Coverage Time (s)
==== CFC —®-— Semi-BCD

MinNWT

\\\\

"“’fll.-l,,

25 19
a, . 3 G
n,,,") o) et“

.

(b)
Computation Time (s)
=== CFC ~—®— Semi-BCD MinNWT

Coverage Ratio

===- CFC —®— Semi-BCD MinNWT

§ 15
2
Headlang vigq, &
2

(d)

Fig. 8. The comparison of CFC with MinNWT [16] and Semi-BCD [7]
in 30 m x 30 m scene.

B. Real Experiments

Real experiments in a laboratory setting further validated
the performance of CFC. The laboratory area had a size of
9.5 m x 10.5 m and was populated with multiple obstacles.
The prior knowledge (i.e., the grid map) of the area was
obtained by the ROS SLAM package [37], and we utilized
the BCD method to divide it into cells with a width of
0.72 m. An Ackerman robot with dimensions of 0.3 m
x 0.24 m x 0.17 m was used for real experiments. Its
kinetic constraints included the speed of [0.3,0.5] m/s !, the
acceleration of [0.5,1.0] m?/s, the minimum turning radius
of 0.3 m, a maximum turning rate of 1.0 rad/s, and a
minimum safe distance 0.35 m. The speed set S was set as
{0.3,0.4,0.5} m/s. In addition, a positioning package [38]
and the pure pursuit algorithm [29] were integrated with the
robot for real-time positioning and path following.

Before performing real-world experiments, we conducted
preliminary tests to ensure that the robot can follow the
trajectory generated by CFC. Preliminary tests have shown
that if the robot turns very close to an obstacle, the po-
sitioning package [38] may provide inaccurate positions.
Inaccurate positions probably result in the robot turning in
circles constantly, leading to a catastrophic outcome. In order
to avoid this catastrophic outcome, we set the width of the
headland to 0.90 m.

Following the preliminary tests, CFC was utilized to
produce a safe-and-speedy coverage path in the form of a

IThe speed is set as [0.3,0.5] m/s since the path following algorithm
[29] performs well only when the robot speed is less than 0.6 m/s in the
preliminary tests.

Fig. 9. The laboratory area, the Ackermann robot, and the coverage path
produced by CFC.

waypoint sequence. Fig. 9 shows the laboratory area, the
Ackerman robot, and the coverage path encoded by the
speed information. In addition, a laptop computer, which
communicates with the Ackerman robot through a wireless
connection, was used to receive and display the robot’s poses.
Fig. 10 shows the snapshots of the real-world experiment,
where the robot successfully followed the coverage path
generated by CFC.

Fig. 10. Snapshots of the real experiment. In every subfigure, the left and
right parts represent the robot pose displayed by the Rviz and the snap shot
of the robot in the lab.

V. CONCLUSION

This paper presents an offline CPP approach called CFC
for the variable-speed curvature-constrained robot. CFC gen-
erates the coverage path by a P2RP algorithm and an
SG algorithm. The P2RP algorithm reduces the time cost
by selecting appropriate speeds for the robot and ensures
obstacle clearance by constructing a risk potential surface,
thereby providing a collision-free time-efficient path between
cells. The SG algorithm decreases the computational cost by
modeling the CPP problem into ATSP and a graph pruning
strategy. Compared with other Dubins coverage methods,
CFC generates a time-efficient coverage path while ensuring
robot safety. CFC is validated via simulations and real-world
experiments. Experimental results show that CFC completes
coverage in shorter coverage times and computation times
while avoiding obstacles and is applicable for the real robot.

One limitation of our method is that it can only address
the CPP problem of a single robot in known environments.
However, there have been several practical applications that
are beyond the capabilities of a single robot or involve
unknown environments. Thus, future works include extend-
ing the multi-robot system and the online path planning to
unknown environments.
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