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Abstract— Coverage path planning (CPP) is the task of
computing an optimal path within a region to completely
scan or survey the area of interest by using robotic sensor
footprints. In this work, we propose a novel approach to find
the multi-robot optimal coverage path of an agricultural field
using motion dynamics while minimizing the mission time. Our
approach consists of three steps: (i) divide the agricultural field
into convex polygonal areas to optimally distribute them among
the robots, (ii) generate an optimal coverage path to ensure
minimum coverage time for each of the polygonal areas, and
(iii) generate the trajectory for each coverage path using Dubins
motion dynamics. Several experiments and simulations were
performed to check the validity and feasibility of our approach,
and the results and limitations are discussed.

I. INTRODUCTION

Multi-robot coverage path planning (CPP) algorithms are
used to cover an area of interest using sensor footprints of a
group of mobile robots such as aerial, ground, underwater,
or hybrid robots. Each type of robot has different motion
dynamics that leads to different trajectories for the coverage.
In this paper, we formulate the problem of optimal coverage
path planning (CPP) that takes into account the robot motion
dynamics. Our proposed solution is divided into three steps.
The first step consists of the division of the agricultural field
into several convex polygonal cells and their assignments to
the robots so that each robot is assigned approximately the
same area to cover. We used trapezoidal decomposition [10]
to generate the polygonal cells and developed a dynamic
programming algorithm to assign them to the robots. The
second step is to generate an optimal coverage path for each
robot to cover its assigned polygonal cells. The third and
last step is the trajectory generation of each robot using the
motion dynamics and computing the control input for the
trajectory. We used Dubins Path [12] to calculate the inputs to
generate the trajectories for the robots. We performed several
experiments with different polygonal shapes representing the
agricultural field as input and report the observations in terms
of optimality and feasibility by varying different parameters.

II. RELATED WORKS

Coverage path planning (CPP) using a single robot has
been vastly developed in the last two decades [4], [5], [11],
[17]–[19], [21], [27], [29], [31], [34], [36], [38], [39]. But
multi-robot CPP is still a relatively new topic to explore
[1], [2], [7]–[9], [14], [16], [22], [24], [25], [28], [32]. The
multi-robot trajectory generation [2], [23] and coverage path
planning (CPP) [3], [14], [16], [25], [28] have become very
popular in recent times due to the growing need of human

TABLE I
RECENT WORKS ON CPP

Category Types Reference

Number of robots
Single robot

[4], [5], [11], [17]–[19],
[21], [27], [29], [31], [34],

[36], [38], [39]

Multi-robot
[1], [2], [7]–[9], [14], [16],
[22], [24], [25], [28], [32]

Algorithm
Optimal [2], [8], [11], [17], [19],

[28], [38], [39]
Heuristic [4], [24], [25], [31], [38]

Decomposition Exact [11], [19], [21], [36]
Others [1], [8], [18]

Dynamics
Dubins Path [17]

Robot dynamics [14]
Cubic Spline [29]

Dimensions
2D All other papers

3D [2], [22], [24], [25], [27],
[36]

Aerial Imaging 2D and 3D [5], [11], [29], [36]

Environment
Known All other papers

Unknown [1], [4], [9], [16], [18],
[26], [32], [34]

Survey Papers All types [3], [6], [15], [35]

alternatives while working in remote and inaccessible regions
such as large agricultural fields [31], vast ocean [8], areas
with wildfire [32], and so on. The dynamics and trajectory
generation of a single robot have also been extensively
studied [13], [17], [30], [37]. However, most of the works on
multi-robot CPP do not consider the motion dynamics while
generating the optimal path. In [17], the authors developed
a software tool to determine an optimal coverage path using
the Dubins path for a single robot. But our work consists
of finding optimal trajectories for multiple robots to ensure
optimal coverage. Several classifications of recent works
in CPP are described in Table I based on robot types,
algorithms, decompositions, and so on. It can be clearly seen
from Table I that there is not much work done in coverage
path planning while considering the motion dynamics [14],
[17]. Our work addresses this issue and defines the CPP
problem using the dynamics of mobile robots.

III. PRELIMINARIES

Let N,Z,R,R+ denote the set of natural numbers, inte-
gers, reals, and positive reals, respectively. For any r ∈ R,
||r||, ⌊r⌋, and ⌈r⌉ are defined as the absolute value, floor and
ceiling of r respectively. The number of elements of a set S
is denoted as |S| ∈ N. A point in n-dimensional space is a
tuple (x1, x2, . . . , xn) ∈ Rn where x1, . . . , xn ∈ R.

Definition 1: Given a finite set of n points S =
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Fig. 1. Trapezoidal decomposition of a convex polygon. For each vertex,
a vertical line is drawn inside the polygon which intersects one of its edges.
This will divide the polygon into several trapezoids and triangles.

{v1, v2, . . . , vn}, the convex hull of set S is defined as,

H(S) = {
n∑

i=1

αivi|αi ≥ 0,

n∑
i=1

αi = 1}

The convex hull of two points v and v′ will be written as
H(v, v′) instead of H({v, v′}). A set P ⊂ Rn is a convex
polyhedron if there exists a finite set of points V (set of
vertices) such that, P = H(V ). Here P is specified using the
set of vertices V . The Euclidean distance between two points
v1 = (x1, . . . , xn) and v2 = (y1, . . . , yn) is defined as,
d(v1, v2) =

√
(x1 − y1)2 + (x2 − y2)2 + . . .+ (xn − yn)2.

Given a point v ∈ Rn and a real number δ > 0, the ball
around v is defined as,

Bδ(v) = {v′ ∈ Rn|d(v, v′) ≤ δ}
The open ball for a set of points S is defined as, Bδ(S) =⋃

v∈S Bδ(v). A sequence of finite elements is denoted as ρ.
The ith element of ρ is denoted as ρ[i] and its length as
|ρ| ∈ N. We define a dynamical system and its solution as
below,

Definition 2: A dynamical system is a function f : Rn ×
Rm 7→ Rn which models ẋ(t) = f(x(t), u(t)). Given an
input signal u : [0,T] 7→ Rm, initial state ϕ1 ∈ Rn, and
dynamical system f : Rn × Rm 7→ Rn, the solution of f is
a trajectory ϕ : [0,T] 7→ Rn that satisfies,

ϕ(0) = ϕ1,
d

dt
(ϕ(t)) = f(ϕ(t), u(t)), ∀t ∈ [0, T ]

IV. PROBLEM FORMULATION

We consider a polygonal field F ⊂ R2 that is specified by
the set of its vertices V such that F = H(V ). We assume
that the sensor footprint of a robot at v is Bδ(v) for a given
δ, that is when a robot arrives at a point v ∈ R2, the set
Bδ(v) is said to be covered. We are given k robots that need
to collectively cover F , that is, if we consider the union of
the footprints of the trajectories of the k-robots, that should
include all of F . Finally, we would like to cover the field in
minimum time.

Problem 1: Given k robots with dynamical systems
f1, . . . , fk, coverage parameter δ, and a field F ⊆ R2,
compute the inputs ui : [0,T]→ R such that the solutions of
the dynamical systems ϕi : [0, T ] 7→ R3 for i ∈ {1, . . . , k}
satisfies F ⊆

⋃k
i=1

⋃
t Bδ(ϕ(t)) and time t is minimized.

V. SOLUTION APPROACH

As mentioned above, our approach to solving this problem
consists of three steps as shown in Fig. 3. In the first

Fig. 2. Simulation of 3 robots in a corn field using CoppeliaSim simulator
[33]. The area bounded by the white lines are the area of interest. The red,
purple and blue lines are the coverage paths of the robots.

Fig. 3. Framework for the 3 steps of coverage path planning (CPP) using
robot dynamics.

step, we take field information and the number of robots
as inputs and decompose the field into trapezoidal cells.
The trapezoidal cells are merged into segmented cells using
dynamic programming to distribute them among the robots.
Next, we compute the optimal coverage path for each robot
using the coverage parameter δ (for footprint). Finally, we
compute the input signals to generate the trajectories for the
optimal coverage paths using motion dynamics.

We describe our approach by providing an example.
Consider a field F with vertices (10, 1), (14, 5), (13, 6),
(7, 6), (1, 4), (4, 1); and 3 robots with Dubins dynamics [12]
and coverage parameter δ = 0.2. First, we use trapezoidal
decomposition [10] to decompose the field as shown in Fig.
1, and compute the sequence of areas of the trapezoidal cells
(here the area of the cells are 6, 13.5, 15, 10.5 and 1 units
respectfully). We use a dynamic programming algorithm to
merge the cells into polygons and distribute them among
the 3 robots. Here, one robot gets the first two cells with
total area of 19.5 units, another robot gets the next cell
with total area of 15 units, and the last robot gets the
last two cells with area 11 units. Next, we compute the
optimal coverage path for each of the robots using a lawn-
mower coverage algorithm [19]. Finally, we compute the
input signals to generate the trajectories for each of the 3
robots. The complete coverage paths for the 3 robots are
generated using the three steps and illustrated in Fig. 2. We
describe each of the three steps in detail in the following
sections.
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A. Division of field

Our first task is to divide the field into contiguous sub-
fields to be assigned to the robots. Toward this, first, we
use trapezoidal decomposition [10] to divide the field F into
several trapezoidal cells as shown in Fig. 1. Each trapezoidal
cell is either a trapezoid, or a triangle (degenerate trapezoid).
We order the trapezoidal cells in a sequence from left to right.
We need to assign each robot a contiguous fragment of this
sequence such that the sum of the areas of the trapezoids
in the fragment is approximately the same for all robots.
Before formally writing this problem, we describe several
definitions.

A segment ι = [m : n] refers to the sequence of number
m,m+ 1, . . . , n, where m,n ∈ N and m ≤ n. We denote
the starting index m of ι by ι and the ending index n by ῑ.
Given a segment ι = [m : n] and an integer k ∈ N where 1 ≤
k ≤ n, a k-segmentation of ι is a sequence κ = ι1, . . . , ιk
such that ι1 = m, ῑk = n and for all i = 1, . . . , k − 1
we have ῑi + 1 = ιi+1. The set of all k-segmentations of
[1 : n] is denoted as Seg(n, k). Given a k − 1-segmentation
κ′ = ι1, . . . , ιk−1 in Seg(l, k − 1) and a segment [l : n],
κ′.[l : n] refers to the k-segmentation ι1, . . . , ιk−1, [l : n].
We can overload the definition of κ′.[l : n] to S.[l : n] for
any subset S of Seg(l, k − 1) in the standard manner.

Let ρ = a1, a2, . . . , an be a sequence of n elements, where
ρ[i] refers to the ith element ai for any i = 1, . . . , n. The
index segment for a sequence ρ is defined as [1 : n] where
|ρ| = n. Whenever we refer to segments/segmentation of
ρ, we refer to segments/segmentation of [1 : n]. Given a
segment ι of a sequence ρ, where ῑ ≤ |ρ|, the cost of the
segment is defined as, Cost(ρ, ι) =

∑ῑ
i=ι ρ[i]. The cost of

k-segmentation κ of ρ for some M ∈ R+ is defined as,
Cost(ρ, κ,M) = max

ι∈κ
(||Cost(ρ, ι)−M ||)

Let ρ denote the sequence of areas of the trapezoids
and k denote the number of robots. Let MeanArea(ρ, k)

denote the average area per robot, that is,
∑|ρ|

i=1 ρ[i]/k. For
each segmentation Cost(ρ, κ,MeanArea(ρ, k)) denotes the
maximum ”deviation” of the area assigned to a robot from
the average. Our objective is to minimize this deviation so
that all the robots finish the task at the same time. Hence,
the mathematical problem corresponding to the assignment
of trapezoids to the robots can be formulated as follows:

Problem 2: Given a finite sequence ρ and a
parameter k, find a k-segmentation κ such that
Cost(ρ, κ,MeanArea(ρ, k)) is minimized.

We solve this problem using a dynamic programming ap-
proach. Hence, we first define the sub-problem of calculating
the optimal cost of the first i elements of ρ as follows. Let
us fix a ρ, k and a parameter M = MeanArea(ρ, k) for the
rest of the section.

Definition 3: Given 1 ≤ i, j ≤ |ρ|, the optimal cost for
a j-segmentation of [1 : i] of ρ, denoted Optρ(i, j,M) is
defined as,

Optρ(i, j,M) = min
κ∈Seg(i,j)

Cost(ρ, κ,M)

Note that if we compute Optρ(i, j,M) for every i, j

and the corresponding κ that achieves the minimum, then
we have solved our problem, since, we are interested in
Optρ(n, k,M) and the corresponding κ. In the rest of the
section, we provide the recursive definition of Optρ and
show its correctness, and how to compute Optρ(n, k,M)
and the corresponding κ.

Recall that segments in Seg(n, k) can be considered as a
k − 1 segmentation followed by a last segment. Using this
insight, we obtain the following proposition:

Proposition 1: For a sequence ρ with index segment [1 :
n] and an integer 1 ≤ k ≤ n where k, n ∈ N we have,

Seg(n, k) =

{⋃n
l=k Seg(l − 1, k − 1).[l : n], for k > 1

[1 : n], for k = 1
Proposition 2: Let A be a set where each element A ∈ A

is a set of real numbers, and b ∈ R+. Then we have,
min
A∈A

(max(A ∪ {b})) = max(min
A∈A

max{A}, b)
The proof of the two propositions are omitted here due

to lack of space. Now we describe the following lemma for
solving the sub-problem,

Lemma 1: The recursive solution to calculate the optimal
cost of the sequence ρ with i elements and j-segmentation
is,

Optρ(i, j,M) = min
j≤l≤i

(max(Optρ(l − 1, j − 1,M),

||Cost(ρ, [l : i])−M ||))
Proof: Here,

Optρ(i, j,M)

= min
κ∈Seg(i,j)

(Cost(ρ, κ,M)) [Def. of Optρ(i, j,M)]

= min{Cost(ρ, κ,M) | κ ∈ ∪il=j Seg(l − 1, k − 1)[l : i]}
[From Prop. 1]

= min
j≤l≤i

(min{Cost(ρ, κ,M)|κ ∈ Seg(l − 1, j − 1)[l : i]})

[Property of min]
= min

j≤l≤i
(min{Cost(ρ, κ′[l : i],M) | κ′[l : i] ∈ Seg(l − 1,

j − 1)[l : i]}) [κ′[l : i] = κ]
= min

j≤l≤i
(min{ max

ι∈κ′[l:i]
(||Cost(ρ, ι)−M ||) | κ′[l : i] ∈

Seg(l − 1, j − 1)[l : i]}) [Def. of Cost(ρ, κ′[l : i],M)]
= min

j≤l≤i
(min{max(max

ι′∈κ′
(||Cost(ρ, ι′)−M ||), ||Cost(ρ,

[l : i])−M ||) | κ′[l : i] ∈ Seg(l − 1, j − 1)[l : i]})
[Separating [l : i] from κ′[l : i]]

= min
j≤l≤i

(min{max(Cost(ρ, κ′,M), ||Cost(ρ, [l : i])−

M ||) | κ′[l : i] ∈ Seg(l − 1, j − 1)[l : i]})
[Def. of Cost(ρ, κ′,M)]

= min
j≤l≤i

(max(min{Cost(ρ, κ′,M) | κ′ ∈ Seg(l − 1,

j − 1)}), ||Cost(ρ, [l : i])−M ||) [From Prop. 2]]
= min

j≤l≤i
(max(Optρ(l − 1, j − 1,M),

||Cost(ρ, [l : i])−M ||)) [Def. of Optρ(l − 1, j − 1,M)]

Let ρ be the sequence of the areas of the trapezoidal
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Algorithm 1 Path Generation
1: Input: A convex polygon C, coverage parameter δ > 0
2: Output: A coverage path µ
3: µ′ ← empty sequence
4: ep ← SWEEPDIR(C)
5: L← SWEEPLINES(C, ep, δ)
6: L′ ← TRIMLINES(L, δ)
7: count = 0
8: for each line in L′ do
9: if count is even then

10: Sort the endpoints based on x values
11: else
12: Reverse sort the endpoints based on x values
13: end if
14: Add the sorted endpoints in µ′

15: count← count+ 1
16: end for
17: α← TRANSFORMANGLE(ep)
18: µ′′ ← TRANSFORM(µ′, α)
19: µ← ZIG-ZAG(µ′′)
20: return µ

cells of the field F from left to right. We can now compute
Optρ(n, k,M) using the standard dynamic programming al-
gorithm, since Optρ(i, j,M) only requires computing Optρ
for smaller i and j. Further, the κ, the achieves the minimum
can be tracked during the solution. We now have a contiguous
segment of trapezoids assigned to each robot. In other words,
each robot is assigned a polygonal region corresponding to
the segment of trapezoids. In the next section, we solve the
problem of generating paths for these polygons.

B. Path Generation

In this section, we first describe the problem of generating
an optimal coverage path for a convex polygon C. A path µ
is a sequence of points v1, v2, ..., vn where vi = (xi, yi) for
1 ≤ i ≤ n.

Problem 3: Given a convex polygon C and a coverage
parameter δ > 0, generate a path µ such that,

C ⊆ Bδ(CPath(µ))

where,

CPath(µ) =

n−1⋃
i=1

H(µ[i], µ[i+ 1])

The optimal lawn-mower coverage problem has been
explored before [19], [36]. We summarize Algorithm 1 [36]
to generate the path µ to cover the convex polygon C. The
function SWEEPDIR(C) calculates the distance from every
vertex to the farthest edge of the polygon, and returns the
edge ep with the shortest such distance which indicates the
sweep direction. The SWEEPLINES(C, ep, δ) generate lines
that are parallel to ep within the polygon C with a distance of
δ between them and adds them to L in the order of increasing
distance to ep. The TRIMLINES(L, δ) trims the endpoints of
every line in L by δ along the line and adds it to L′. In Fig. 4,
e2 is the edge with the shortest distance from the farthest ver-

Fig. 4. The sweep lines for optimal coverage path a1b1, a2b2, a3b3, a4b4
are parallel with the edge e2 of the polygon. The lines a′1b

′
1, a

′
2b

′
2, a

′
3b

′
3

and a′4b
′
4 are trimmed by δ from the sweep lines.

tex v1 that is stored as ep. The SWEEPLINES(C, ep, δ) gen-
erates the sweeplines a1b1, a2b2, a3b3, a4b4, . . . and appends
them in L. The TRIMLINES(L, δ) trims the sweeplines by δ
into a′1b

′
1, a

′
2b

′
2, a

′
3b

′
3, a

′
4b

′
4, . . . and appends them in L′. The

TRANSFORMANGLE(ep) returns the angle α between the
edge ep and the x-axis. Finally, we transform the sequence
µ′ into a path µ′′ by shifting all the points by α degrees
such that the sweeplines are parallel with the y-axis in a
reference frame (different from the world frame for polygon
C). In the final step, we transform µ′′ to a zig-zag path µ, by
making the y-values the same for the segment that joins two
sweeplines. That is, if the point after the turn is ”further”
away than that before the turn, then we extend the current
line. Otherwise, we extend the next line. We formally define
a zig-zag path as follows,

Definition 4: A path µ = (x1, y1), . . . , (xn, yn) of length
n is a zig-zag path if, for every pair of points µ[i] = (xi, yi)
and µ[i+1] = (xi+1, yi+1) for i ∈ {1, 2, . . . , n−1} satisfies
the following conditions,

1) xi + δ = xi+1 and yi+1 = yi iff i is even
2) xi = xi+1 and yi > yi+1 iff i = 4j + 3, j ∈
{0, 1, . . . , ⌊n/4⌋}

3) xi = xi+1 and yi < yi+1 iff i = 4j + 1, j ∈
{0, 1, . . . , ⌊n/4⌋}

Now we write the following theorem for coverage,
Theorem 1: Given a convex polygon C and a coverage

parameter δ > 0, the path µ generated by Algorithm 1
satisfies that µ is a zig-zag path and C ⊆ Bδ(CPath(µ)).
This theorem describes that for a given convex polygon C,
Algorithm 1 generates a zig-zag path µ that ensures the
coverage of C. The proof of Theorem 1 is omitted due to
page limitations.

C. Trajectory Generation

In this section, we describe how to compute the trajectory
for a coverage path µ when the robot follows the Dubins
motion dynamics [12] as the dynamical system f . The state
of the system is (x, y, θ) in R3, where (x, y) corresponds
to the two-dimensional position of the robot and θ is the
heading angle (anti-clockwise from y-axis). The input to the
system u corresponds to the angular velocity, and v is a
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constant corresponding to the linear velocity. The dynamics
is given by:

d

dt
((x, y, θ)) = f((x, y, θ), u) = (v sin θ, v cos θ, u);

Let the initial state at time t = 0 be (x1, y1, θ1), where
x(0) = x1, y(0) = y1 and θ(0) = θ1. Hence, we define the
position of a state z = (x, y, θ), denoted, Pos(z) to be (x, y).
In the sequence, we fix the parameter δ and the dynamics
f as above. We want to generate the input signal for the
Dubin’s motion dynamics such that the resulting trajectory
closely follows µ. Our broad approach will be to generate a
piece-wise constant input signal u to follow the µ. First, we
define a piece-wise constant signal as being generated from
a sequence of pairs of inputs and times.

Definition 5: Given an input sequence η = (u1, τ1),
. . . , (un, τn) where ui are inputs and τi are times, the
corresponding input signal is uη : [0,T] 7→ Rm, where
T =

∑n
j=1 τj and ∀t ∈ [0,T] : u(t) = ui, such that i = 1

and t < τ or i > 1 and
∑i−1

j=1 τj ≤ t <
∑i

j=1 τj .
We formally define the trajectory generation problem as

follows:
Problem 4: Given a zig-zag path µ, coverage parameter

δ, find an input sequence η = (u1, τ1), . . ., (un−1, τn−1)
such that solution ϕ : [0,T] 7→ R3 of the Dubin’s dynamics
corresponding to input signal uη : [0,T] 7→ Rm satisfies:

1) Pos(ϕ(0)) = µ[1] and Pos(ϕ(ti)) = µ[i] where, ti =∑i−1
j=1 τj for all i ∈ {1, 2, . . . , n}

2) Bδ(CPath(µ)) ⊆ Bδ(∪Tt=0 Pos(ϕ(t)))

Next, we define the sequence η to solve the problem. Let
the state at time t be (xt, yt, θt), and u be a constant signal
in the interval [t, t+ τ ]. The state at time t+ τ is given by:

θt+τ =

{
θt, for u = 0

θt + u× τ, otherwise

xt+τ =

{
xt + v sin θt × τ, for u = 0

xt +
v
u (cos θt − cos (θt + uτ)), otherwise

yt+τ =

{
yt + v cos θt × τ, for u = 0

yt +
v
u (sin (θt + uτ)− sin θt), otherwise

Consider the zig-zag path µ = (x1, y1), . . . , (xn, yn). We
assume that the robot starts at (x1, y1, θ1), where θ1 = 0.
We define sequence of pairs of inputs and times ηµ =
(u1, τ1), . . ., (un−1, τn−1) as follows:

ui =


2v
δ , if i = 4j + 2, j ∈ {0, 1, . . . , ⌊n/4⌋}
− 2v

δ , if i = 4j, j ∈ {0, 1, . . . , ⌊n/4⌋}
0, otherwise

τi =

{
||yi+1−yi||

v , if i is odd
πδ
2v , otherwise

Finally, we have the following theorem for coverage,
Theorem 2: Given a zig-zag path µ, the solution ϕ :

[0,T] 7→ R3 of f with respect to uηµ
starting from

(x1, y1, θ1), where µ[0] = (x1, y1) and θ1 = 0, satisfies:

1) For every i ∈ {1, 2, . . . , n}, ϕ(ti) = (xi, yi, θi), where

Fig. 5. The heading angle θ = 0 for the odd parallel lines and θ = π
for the even parallel lines. The input (angular velocity) u = 0 for going
straight, u = 2v

δ
for turning right, and u = − 2v

δ
for turning left.

ti =
∑i−1

j=1 τj , (xi, yi) = µ[i], and

θi =

{
0, if i = 4j + 1 or i = 4j + 2

π, if i = 4j or i = 4j + 3

where, j ∈ {0, 1, . . . , ⌊n/4⌋}
2)

Bδ(CPath(µ)) ⊆ Bδ(∪Tt=0{Pos(ϕ(t))}) (1)
Recall that a zig-zag path µ is such that µ[i] to µ[i +

1] is parallel to ep when i is odd, and joins two adjacent
sweeplines when i is even. So, for alternate odd is, that for
i = 4j+1 and 4j+3, µ[i] to µ[i+1] is parallel to ep but in
opposite directions. So, for i = 4j+1 and 4j+3, ui should
correspond to no change in angular velocity, assuming the
heading angle at µ[i] is along ep, that is, θi = 0 and θi = π,
respectively. Hence, we set ui = 0, and τi = |yi+1 − yi|/v
(time taken = distance travelled divided by velocity). Further,
this ensures that we reach µ[i+1] after time τi, and θi+1 =
θi, and the trajectory is going to follow the path exactly.
When i = 4j and 4j + 2, the segment µ[i] to µ[i + 1] has
the same y values, but the x values differ by δ. Further, we
need to ensure that the heading angle change by π. The robot
traverses a circular path (half-circle of diameter δ) of length
πδ/2 at a linear velocity v. Hence, it moves to the next line
in time πδ/2v. Since, the angular velocity u is constant in
this interval, it is given by the total angle travelled π (or
−π) divided by time for travel, that is π/(πδ/2v) = 2v/δ
(or −2v/δ). Note that this again maintains the invariant that
θi+1 is either 0 or π. Further, it is easy to verify that the
δ-ball around the curve joining µ[i] and µ[i + 1] for even i
covers the δ-ball around the line joining these points.

Note that each subfield of F assigned to a robot is covered
by a path µ according to Theorem 1 which in turn is covered
by a trajectory generated by ηµ according to Theorem 2.
Hence, we get an input sequence/signal for each robot which
covers the whole field. While we don’t have optimality, the
division of the field given by the dynamic programming
algorithm gives a fairly good division as we validate in the
experiments.

VI. EXPERIMENTS

We performed several experiments and simulations to
assess the performance and validate our approach in three
different polygonal fields F1, F2, and F3 using Windows
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TABLE II
EXPERIMENTAL RESULTS FOR THREE POLYGONAL FIELDS F1, F2 AND F3

Experiments of F1 with vertices (10, 1), (14, 5), (13, 8), (7, 10), (5, 10) & (1, 2) Experiments of F2 with vertices (10, 1), (14, 4), (13, 6), (7, 9), (1, 5) & (4, 1) Experiments of F3 with vertices (12, 1), (14, 4), (13, 9), (7, 8), (1, 5) & (4, 1)
Experiment 1 (Number of Robots, k=1) Experiment 1 (Number of Robots, k=1) Experiment 1 (Number of Robots, k=1)

Coverage
Parameter,

δ

Average
Velocity,

vs

Input for
Curve,

u = +2v/δ

Optimal Area
Segmentation

Max Path
Length

Simulation
Runtime (s)

Coverage
Parameter,

δ

Average
Velocity,

vs

Input for
Curve,

u = +2v/δ

Optimal Area
Segmentation

Max Path
Length

Simulation
Runtime (s)

Coverage
Parameter,

δ

Average
Velocity,

vs

Input for
Curve,

u = +2v/δ

Optimal Area
Segmentation

Max Path
Length

Simulation
Runtime (s)

0.2

1 10

[[16.89, 17.11, 24.96,
18.0, 2.0]]

2122

499.38

0.2

1 10

[[9.0, 21.0, 21.75,
13.875, 1.375]]

1807

422.18

0.2

1 10

[[8.25, 18.75, 37.08,
7.167, 3.25]]

1984

464.56
2 20 274.78 2 20 233.29 2 20 307.58
3 30 199.8 3 30 171.86 3 30 189.146
4 40 167.8 4 40 142.9 4 40 157.17

0.3

1 6.67

970

319.87

0.3

1 6.67

839

334.28

0.3

1 6.67

921

304.68
2 13.33 182.03 2 13.33 157.17 2 13.33 169.25
3 20 123.23 3 20 106.79 3 20 116.62
4 26.67 106.2 4 26.67 92.23 4 26.67 101.51

Experiment 2 (Number of Robots, k=2) Experiment 2 (Number of Robots, k=2) Experiment 2 (Number of Robots, k=2)
Coverage
Parameter,

δ

Average
Velocity,

vs

Input for
Curve,

u = +2v/δ

Optimal Area
Segmentation

Max Path
Length

Simulation
Runtime (s)

Coverage
Parameter,

δ

Average
Velocity,

vs

Input for
Curve,

u = +2v/δ

Optimal Area
Segmentation

Max Path
Length

Simulation
Runtime (s)

Coverage
Parameter,

δ

Average
Velocity,

vs

Input for
Curve,

u = +2v/δ

Optimal Area
Segmentation

Max Path
Length

Simulation
Runtime (s)

0.2

1 10

[[16.89, 17.11],
[24.96, 18.0, 2.0]]

1227

287.05

0.2

1 10

[[9.0, 21.0],
[21.75, 13.875, 1.375]]

1016

238.14

0.2

1 10

[[8.25, 18.75],
[37.086, 7.167, 3.25]]

1274

299.97
2 20 168.13 2 20 137.468 2 20 168.24
3 30 117.6 3 30 98.51 3 30 121.58
4 40 97.94 4 40 80.9 4 40 102.18

0.3

1 6.67

532

177.6

0.3

1 6.67

448

155.79

0.3

1 6.67

564

186.21
2 13.33 99.64 2 13.33 84.07 2 13.33 106.001
3 20 70.62 3 20 59 3 20 73.919
4 26.67 58.62 4 26.67 49.45 4 26.67 64.04

Experiment 3 (Number of Robots, k=3) Experiment 3 (Number of Robots, k=3) Experiment 3 (Number of Robots, k=3)
Coverage
Parameter,

δ

Average
Velocity,

vs

Input for
Curve,

u = +2v/δ

Optimal Area
Segmentation

Max Path
Length

Simulation
Runtime (s)

Coverage
Parameter,

δ

Average
Velocity,

vs

Input for
Curve,

u = +2v/δ

Optimal Area
Segmentation

Max Path
Length

Simulation
Runtime (s)

Coverage
Parameter,

δ

Average
Velocity,

vs

Input for
Curve,

u = +2v/δ

Optimal Area
Segmentation

Max Path
Length

Simulation
Runtime (s)

0.2

1 10

[[16.89, 17.11],
[24.96], [18.0, 2.0]]

894

209.54

0.2

1 10

[[9.0, 21.0], [21.75],
[13.875, 1.375]]

790

185.38

0.2

1 10

[[8.25, 18.75],
[37.086], [7.167, 3.25]]

1000

234.87
2 20 126 2 20 111.3 2 20 139.84
3 30 91.04 3 30 80.41 3 30 98.15
4 40 74 4 40 64.28 4 40 83.25

0.3

1 6.67

437

148.12

0.3

1 6.67

390

133.56

0.3

1 6.67

423

143.49
2 13.33 82.01 2 13.33 73.33 2 13.33 79.93
3 20 60.93 3 20 52.7 3 20 56.84
4 26.67 48.49 4 26.67 43.21 4 26.67 46.96

Experiment 4 (Number of Robots, k=4) Experiment 4 (Number of Robots, k=4) Experiment 4 (Number of Robots, k=4)
Coverage
Parameter,

δ

Average
Velocity,

vs

Input for
Curve,

u = +2v/δ

Optimal Area
Segmentation

Max Path
Length

Simulation
Runtime (s)

Coverage
Parameter,

δ

Average
Velocity,

vs

Input for
Curve,

u = +2v/δ

Optimal Area
Segmentation

Max Path
Length

Simulation
Runtime (s)

Coverage
Parameter,

δ

Average
Velocity,

vs

Input for
Curve,

u = +2v/δ

Optimal Area
Segmentation

Max Path
Length

Simulation
Runtime (s)

0.2

1 10

[[16.89], [17.11],
[24.96], [18.0, 2.0]]

693

164.86

0.2

1 10

[[9.0], [21.0], [21.75],
[13.875, 1.375]]

606

143.54

0.2

1 10

[[8.25], [18.75],
[37.086], [7.167, 3.25]]

1000

236.62
2 20 97.66 2 20 91.46 2 20 141.92
3 30 74.83 3 30 64.12 3 30 105.29
4 40 63.58 4 40 52.39 4 40 86.31

0.3

1 6.67

267

92.53

0.3

1 6.67

255

87.98

0.3

1 6.67

423

143.68
2 13.33 50.33 2 13.33 48 2 13.33 80.31
3 20 37.82 3 20 35.89 3 20 59.57
4 26.67 29.97 4 26.67 28.328 4 26.67 47

(a) (b) (c)
Fig. 6. Complete coverage paths for F1, F2 and F3 are shown in different colors in the figures (a), (b) and (c) respectively for k = 3 and δ = 0.2.

10 OS, Intel® Core™ i7-4870HQ CPU @2.50GHz, 16GB
RAM. We used Matplotlib [20] and Turtle graphics modules
in Python 3.10 for running the experiments and simulations.
Four experiments were done for each field based on the
number of robots, and the results are shown in Table II. We
varied the coverage parameter δ from 0.2 to 0.3, and average
velocity v over 1, 2, 3, and 4 units, and computed the optimal
area segmentation, maximum path length for coverage, and
simulation runtime. All the experiments of fields F1 and
F2 showed the expected behaviors; the simulation runtime
decreased when we either increased the velocity, number
of robots, or δ and vice-versa. But field F3 showed some
differences. In experiments 3 and 4, the simulation runtime
for optimal coverage of F3 increased instead of decreasing
when we increased the number of robots from 3 to 4, which is
not optimal. It is because the maximum path length remained
the same for both 3 and 4 robots, as the maximum area
of a single polygonal cell remains the same even after the
number of robots is increased. This is one of the limitations
of trapezoidal decomposition. All other experiments showed
expected behaviors. One of the experiments are illustrated in
Fig. 6 which shows the complete coverage paths for F1, F2

and F3 with number of robot k = 3 and δ = 0.2.

VII. CONCLUSION

We have developed a new approach to solve the multi-
robot coverage path planning (CPP) problem using simple
motion dynamics where the robots move in a 2-D space
having 1-D control inputs (Dubins path dynamics). However,
our approach can be extended to robots with dynamical
systems having n dimensional space and m dimensional
control inputs. Moreover, we can use other decomposition
methods to divide the field optimally among the robots
(e.g., Voronoi regions [10]). Once we finish computing the
coverage region of each robot by merging the decomposed
cells using the dynamic programming algorithm, we can also
use other path planning algorithms to calculate more feasible
paths to reduce the overall coverage time. In the future, we
would like to extend our work into 3-D space with non-linear
aerial dynamics and use 3-D decomposition methods to get
the optimal coverage path, simulate it in a 3-D simulator and
apply it to real robots.
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