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Abstract— In mobile robotics, effectively covering known
terrains is essential. While grid-based methods surpass exact
cell decomposition in path length and multi-robot scalability,
they face challenges in irregular areas. Here we develop a model
for shortening coverage paths in arbitrary environments using
grid-based methods, which redefines the path optimization
problem as finding the largest Hamiltonian sub-graph of a
given grid graph. Additionally, we present a Hamiltonian
cycle expansion strategy to simplify the resolution process and
propose a low-repetitive coverage path planner based on the
strategy. Our path planner enables the quick finding of an
efficient full coverage path in any region. Simulation results
show that our algorithm consistently produces efficient coverage
paths across diverse settings and demonstrates its adaptability
in multi-robot systems.

I. INTRODUCTION

The coverage path planning (CPP) problem, known as
an essential robotic technique, is the task of finding a path
provided for robots to follow and completely cover the area.
Classic applications of the CPP technique include indoor
cleaning [1], modern agriculture [2], [3], landmine clearing
[4], regional reconnaissance [5], disaster relief [6] and lawn
mowing [7]. Planning coverage paths within known areas ne-
cessitates rigorous efficiency standards, leading to extensive
research aimed at eliminating repeated paths while ensuring
complete area coverage [8]–[10]. Among these studies, the
CPP approaches of exact cell decomposition (ECD) and
approximate cell decomposition (ACD) are predominant,
each offering distinct benefits [11].

The ECD methods reflect the precise boundary shape,
which ensure the robot’s proper avoidance of obstacles
and complete coverage of boundary areas during covering
process [12]. Boustrophedon cellular decomposition (BCD)
is a highly representative approach among ECD methods,
which uses back and forth routes to cover each sub-region
obtained by BCD [13]. Specifically, [8] and [14] adopts
BCD for area segmentation and further partitions the cells to
construct Euler paths that uniquely traverse all cells. Building
on this work, [15] extends it to multi-robot coverage tasks.
Furthermore, [16] introduces a rapid solution for optimizing
scan combinations within each cell , resulting in lower path
costs compared to conventional coverage planners. Although
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these applications demonstrate the ability of BCD in short-
ening coverage paths, they yet fail to address the efficiency
declines arising from cell commuting. The irregularity of the
designated area and the accuracy in contour representation
contribute to the inevitable occurrence of inefficient back-
track pathways.

In contrast, the ACD algorithms, namely grid-based algo-
rithms, inherently avert path backtracking and offer efficient
scalability to multi-robot systems. As a leading grid-based
method, spanning tree covering (STC) ensures non-repetitive
complete coverage in specific shaped areas by finding a
spanning tree and forming a Hamiltonian cycle around it [9].
Furthermore, the uniformity of grids facilitates the distribu-
tion of coverage loads among robots, leading to the devel-
opment of numerous superior multi-robot coverage methods
derived from STC [17]–[20]. However, when applied to
irregularly shaped terrains, the STC algorithm often struggles
to maintain its low redundancy advantage. Those improved
algorithms focus on handling partially occupied mega-cells
to sustain its proficiency in creating efficient coverage paths,
but they often perform poorly in complex environments [21]–
[23]. Thus, the derived multi-robot coverage methods are
limited to coarse coverage tasks due to the constraints of the
STC algorithm.

In summary, when generating coverage paths, current
studies struggle to achieve complete coverage and minimal
repetition simultaneously. To utilize the low redundancy
advantage of the ACD methods and ensure complete cov-
erage, it is imperative to develop a new problem formulation
for minimizing the path lengths in arbitrary environments
instead of patching the spanning tree methods. Building on
this concept, the contributions of this paper are detailed as
follows:

1) A problem model for shortening coverage paths in
arbitrary environments using graph theory principles.

2) A strategy for tackling the computational difficulty, and
a derived low-repetitive path planner for comprehen-
sive coverage in any region.

3) A set of trials that validate the efficiency and multi-
robot scalability of the proposed method.

The rest of this paper is organized as follow: Section II
describes the model for shortening path in arbitrary envi-
ronments using grid-based methods. Section III details the
foundational principles and specific steps of our algorithm.
Section IV presents the simulation results, showing the
performance of our algorithm and its capability within multi-
robot systems. Finally, Section V concludes the paper and
discusses future works.
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Fig. 1. Reflection of real region R using cell map C and grid graph G(C).

II. PROBLEM DESCRIPTION

An ideal coverage path should enable a robot to thoroughly
cover the area of interest while minimizing revisits to pre-
viously covered zones. This paper focuses on finding such
a balance for algorithms based on ACD. In this section, we
are dedicated to constructing a problem model that minimizes
path duplication while guaranteeing full coverage in arbitrary
regions under grid-based system.

Adopting a setup similar to the one in [9], we assume the
robot carries a square tool with side length D, which remains
directionally fixed during movement. The target area R is
mapped using square cells with side length D to represent its
size and shape. The cell map C(R) is employed to coarsely
depict the target area, constituting a set that includes all cells
awaiting coverage. For simplicity, we refer to it as C when
not specified. In general, each cell ci in C corresponds to
a robot path point ri, with coordinates pi(x, y), abbreviated
as pi, where i is the index of the corresponding cell. Set
ρ comprises all path points of robots. Fig.1 shows the grid
mapping relationship within an arbitrary area.

To achieve complete coverage and minimal repetition
simultaneously, it is necessary to find a sequence of path
point [r0, r1, . . . , rN ] such that,

min ∥[r0, r1, . . . , rN ]∥ , (1)

s.t. ri ∈ C, ∀i = 1, 2, . . . , N,

{r0, r1, . . . , rN} ⊇ ρ,
(2)

where ∥[r0, r1, . . . , rN ]∥ represents the length of the path
formed by sequentially connecting each path point. (1) indi-
cates the goal of minimizing the total length of the coverage
path. (2) specifies that the path should pass through every
path point.

(1) and (2) present a model to optimize coverage paths in
grid systems, but finding the optimal path through all points
is computationally challenging. Given that most cells in the
cell map are arranged regularly, the grid graph G(C) is con-
structed through C, with each cell corresponding to a node
in G(C). This is visually represented in Fig.1. Since each
Hamiltonian graph has a cycle that uniquely covers all nodes,

locating such a graph in G(C) that includes the majority of
nodes enables full area coverage with fewer repetitive paths.
Therefore, we redefine the problem as finding the largest
Hamiltonian sub-graph in G(C).

To begin with, we define the notion of a Hamiltonian
sub-graph. For a given graph Σ, if there exists a graph Π
satisfying, 

E(Π) ⊆ E(Σ),

V (Π) ⊆ V (Σ),

Π is a Hamiltonian graph,
(3)

then the graph Π is called a Hamiltonian sub-graph of Σ,
denoted as Π ∼ Σ, where E(∗) refers to the edge set and
V (∗) to the vertex set of the graph.

To find the largest Hamiltonian sub-graph in the given
graph G(C), that is, for the sub-graph Z of G(C),

maximize |V (Z)|, (4)

s.t. Z ∼ G(C), (5)

where |V (∗)| represents the order of a graph. Since a
Hamiltonian cycle ensures the traversal of each node in the
graph without repetition, (4) and (5) essentially aim to find a
path that doesn’t repeat and covers as many cells as possible.

III. OUR ALGORITHM

To precisely reflect the intended coverage area on the cell
map, it is imperative to locate the actual waypoints the robot
traverses for each cell, ensuring the robot comprehensively
covers each cell. The following introduces the method used
in this study, which is simple and effective.

Based on what is depicted in Section II, the area to be
covered inside a cell ci is denoted as ζi, and the cell’s square
outline is represented as cti. We introduce Γi to obtain pi,
where Γi represents the range of the robot’s working parts
when positioned at point ri. The function A(∗) denotes the
area of region ∗. When ζi has only one connected component,
the position of Γi follows the rules of

minimize A(Γi ∩ cti), (6)

s.t. Γi ∩ ζi = ζi. (7)

(6) and (7) stipulate that the robot’s working components
to envelop the target area precisely. Fig.2(a) shows the
examples of determining the robot’s path points within a cell
according to the equations. The path point ri related to ci is
situated at the geometric center of Γi. A cell ci is deemed
unoccupied only if it contains a singular path point located
precisely at the centroid cti, any deviation classifies it as
occupied. Furthermore, if all four cells contained within a
mega-cell are complete, then the mega-cell itself is deemed
complete.

Exceptionally, for cases where ζi is a multi-connected
domain or the geometric center of Γi lies outside the area
R, multiple path points ri1, ri2, . . ., are utilized to cover ci.
Fig.2(b) and (c) demonstrate the methods for handling these
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Fig. 2. Diagram demonstrating the process for creating path points. (a) The
path points obtained under normal conditions according to (6) and (7). (b) A
connected grid area where path points, based on (6) and (7), are outside the
target area. Choosing endpoints of two grid edges as path points generally
ensures coverage. (c) A grid with a disconnected coverage area, where path
points for each connected domain are determined using (6) and (7).

unusual situations. Regarding the sample area presented in
Fig.1, Fig.3 displays the spread of path points across each
cell as derived from the outlined criteria.

Planning efficient coverage paths within the cell map is
the task of addressing the issue depicted in (4) and (5).
However, it has been proven that detecting a Hamiltonian
cycle in a grid graph is NP-complete, and to date, no
universal algorithm exists that can identify the presence of
a Hamiltonian cycle in every grid graph within polynomial
time [24]–[26]. Therefore, adopting a simplified approach to
find an decent path that is acceptable in most cases is our
choice.

We present the STC algorithm as the inspiration for
our work. Grouping four cells into mega-cells, the basic
STC algorithm uses the mega-cells as nodes to construct
a Minimum spanning tree (MST), around which a circular
navigation path is developed. Methods like depth first search
or PRIM [27] are used to form spanning tree. Fig.4 offers a
visual schematic of this process.

Given that the STC algorithm allows for the straight-
forward acquisition of a Hamiltonian cycle in regions of
particular shapes, it’s feasible to extend these cycles to create
Hamiltonian cycles within more expansive areas. Building on
this concept, our endeavor involves refining the conventional
STC algorithm by incorporating several rules. We adopt a
specific approach based on the complete mega-cells area and
seeks to identify the largest possible Hamiltonian sub-graph
within the grid graph G(C). We begin with the Hamiltonian
cycle specified by the STC algorithm and progressively ex-
tending it to cover all areas. The reasons for the effectiveness
of this strategy are explained below.

Several definitions are made as follows. (u, v) represents

Fig. 3. The distribution of path points within the sample area in Fig.1.

Fig. 4. Graphic representation of the coverage path generated by the STC
algorithm.

an edge composed of vertices u and v. Moreover, we use
l(vs(H), vt(H)) to represent a Hamiltonian path starting and
ending at vertices vs(H) and vt(H), denoted as l(H) for
short, where the graph H includes exactly all the vertices
of l(H). Besides, since severing a Hamiltonian cycle at any
position yields a Hamiltonian path, when l(H) represents
a Hamiltonian cycle rather than a path, vs(H) and vt(H)
denote any connected vertex pair within the said cycle.

Assume that in a given grid graph G0, there exists a trunk
graph T that satisfies T ∼ G0 and contains a Hamiltonian
cycle HCt. Then the branch graph B can be obtained from
B = G0 − T . If a sub-graph of B referred to as B′x has a
Hamiltonian path l(vs(B′x), vt(B′x)) satisfying

(ξx, κx) ∈ E(HCt),

(ξx, vs(B′x)) ∈ E(G0),

(κx, vt(B′x)) ∈ E(G0),

(8)

then the graph integrated from T and B′x must contain at least
one Hamiltonian cycle, where x is the subscript indicating
the x-th sub-graph of B and ξx, κx represent two vertices
customized for B′x. Fig.5 illustrates the relationship between
involved grids.

The aforementioned discourse illustrates how to extend
a certain Hamiltonian cycle HCt of the trunk graph T .
In practice, T may contain multiple Hamiltonian cycles. It
describes the potential extension relationships for the trunk
graph T as below,

(ξx, κx) ∈ E(T ),
(ξx, vs(B′x)) ∈ E(G0),

(κx, vt(B′x)) ∈ E(G0).

(9)
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Fig. 5. Illustration of how to extend a Hamiltonian cycle in a grid graph.
By severing the existing connection between grids ξx and κx, and forming
new links from ξx to vs(B′

x) and κx to vt(B′
x), the original Hamiltonian

cycle, HCt, is expanded into a larger graph.

Fig. 6. The classification of cells within the sample area in Fig.1.

Notably, although the Hamiltonian path l(B′m) may satisfy
(9), it does not necessarily lead to an expansion of T as
(vs(B′m), vt(B′m)) may not be an edge of any Hamiltonian
cycle.

We present a low-repetitive coverage path planner based
on the strategy mentioned above. A classification of cells
awaiting coverage is conducted initially. To start with, all
occupied cells and cells with multiple path points, known as
subsidiary cells, are recorded in the set S. Additionally, as
2-connectivity is a prerequisite for Hamiltonian cycles, cells
connecting with only one other cell are also added to the set
S. Finally, cells capable of forming complete mega-cells are
classified as trunk cells. Grid graph T is used to represent
trunk cells. Excluding the trunk and subsidiary cells, the
remaining cells are classified as branch cells, related to the
grid graph B. Regarding the sample area presented in Fig.1,
Fig.6 depicts the categorization of each cell as determined
by the specified method.

Since S includes cells that cannot form a grid graph and
cells challenging to incorporate into a Hamiltonian graph,
our task becomes finding the largest Hamiltonian sub-graph
within G(T ∪B). As described in [9], it’s possible to generate
non-repetitive coverage paths within the connected areas of
mega-cells, ensuring that a Hamiltonian cycle based on the
STC algorithm can be achieved in the trunk graph T . The
task then becomes identifying all Hamiltonian path patterns
in the branch graph B that conform to (9). Several simple
Hamiltonian cycle structures are engaged in matching with
the branch graph. This method is effective because the
Hamiltonian sub-graphs within the branch graph predom-

inantly manifest in two forms: single-layer circular nodes
and double-layer striped nodes. This distinct feature eases
the recognition process of these structures.

To elaborate explicitly, given that the 2-connectivity of
a graph is a prerequisite for the presence of Hamiltonian
cycles, single-layer grid graphs are required to form a ring
structure to meet this fundamental condition. Consequently,
multi-layer stacked grid graphs are more inclined to encom-
pass Hamiltonian cycles. Nevertheless, in the branch graph,
any solid graph size of 3 × 3 or greater is unfeasible, as it
invariably includes at least one complete mega-cell. There-
fore, the 2×n (n ≥ 2) grid graph, containing a Hamiltonian
cycle consistently, is the largest solid grid structure possible
in the branch graph.

In cases where a Hamiltonian cycle is not possible, we
resort to the most basic Hamiltonian path structure, which
comprises pairs of adjacent vertices. Hence, our primary task
is to sequentially identify several types of graph structures
within the branch graph, in the order of rings, 2×n (n ≥ 2)
grid graphs, and vertex pairs, ensuring no vertex is reused.
Details and examples for searching these special structures
are shown in Fig.7. We use H = {B′1,B′2, . . .} to record
all the sub-graphs in B that contain these Hamiltonian
structures. Grids present in B yet excluded from H should
be incorporated into S.

Moreover, to fulfill the stipulations of (8), it’s essential
to adjust the Hamiltonian cycle within the trunk graph.
Recognizing that Hamiltonian cycle is feasible in the trunk
graph via a spanning tree, if vs(B′n) and vt(B′n) in l(B′n),
adhering to (9), are connected to adjacent trunk graph nodes
in separate mega-cells, then these mega-cells must be linked
in the spanning tree. Should this particular connection type
breach the criteria for spanning tree generation, all nodes
involved in B′n are to be regarded as subsidiary cells.

Following the discussion, we introduce an effective
method for swiftly planning a non-repetitive coverage path
that is capable of covering all the trunk cells and a major
portion of the branch cells. Furthermore, to ensure full
coverage, the path needs to be expanded to encompass all
subsidiary cells contained within S.

In particular, we transfer the derived Hamiltonian cycle
HC to the cell map C using L(HC). The L(HC) represents
a trajectory following the robot path points, with each point
relating to a vertex in HC. To reduce redundancy, we insert
a certain remained path point rsx between two consecutive
path points in L(HC), and the break point is located by

argmin (∥∆(L(HC), rsx)∥ − ∥L(HC)∥), (10)

where rsx indicates the x-th path point related to cells
in S, and ∆(L(HC), rsx) represents combination result of
L(HC) and rsx . This process is repeated until all path points
are incorporated into the coverage path.

In conclusion, the specific steps of the proposed low-
repetitive coverage path planner are shown in Algorithm 1.

IV. SIMULATION RESULTS

To validate the effectiveness of the proposed method, nu-
merous simulation experiments are conducted under Python
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Fig. 7. Examples of searching Hamiltonian structures. In (a), an example is presented of searching for the smallest rings that capable of enclosing the
holes within the branch graph. (b) shows the detection of all 2×n grid graphs in the branch graph. In the absence of Hamiltonian cycle structures, vertex
pairs are marked in sequence, focusing first on vertices with a single connection in the branch graph, as shown in (c), which outlines the approach for
identifying and sequencing vertex pairs in the branch graph.

Algorithm 1: Low-repetitive coverage path planner

1 Input: T ,S,H, C
2 Output: A low-repetitive path that traverses all path

points
3 k ← number of Hamiltonian structures in H
4 E ← ∅ ; // rules of tree formation
5 do
6 for j ← 1 to k do
7 if B′j /∈ T and l(B′j) fits (9) then
8 T ← T ∪ B′

j

9 Ej ← extra rules due to the link

10 while T has been augmented with new parts;
11 ST ← an MST formed by PRIM in the mega-cell

grid graph, prioritizing all rules in E ;
12 while any Ex in E mandates using cells that are

already utilized in the MST. do
13 T ← T − B′

x

14 S ← cells in B′x
15 HCt ← circular path in T obtained through ST
16 HCt ← connect all Hamiltonian paths complying

with PRIM to HCt according to (8)
17 L← L(HCt)
18 m← number of remained path points
19 for n← 1 to m do
20 ∆(L, rsn)← argmin (∥∆(L, rsn)∥ − ∥L∥)
21 L← ∆(L, rsn)

22 return L

environment. Specifically, the algorithm is tested under three
different scenarios. Firstly, inspired by service robots like
vacuum cleaners, a simulation is carried out in an office-
like environment as shown in Fig.8(a). Secondly, to replicate
the working environment of a weeding robot, a simulation
is conducted in an irregularly shaped area as depicted in
Fig.8(b). Lastly, to assess the adaptability of the algorithm

Fig. 8. Diverse experimental settings. (a) An indoor environment. (b)
An environment with an irregular lawn. (c) and (d) Arbitrary environments
filled with concave and convex obstacles. All the simulation environments
are squares with a side length of 6m, and the robot tool size is 0.2m.

in diverse conditions, a simulation is performed in an area
with several concave and convex obstacles, as illustrated in
Fig.8(c) and (d). The test areas are all 6m × 6m square
regions, with the robot tool size D being 0.2m.

To verify the superiority of the proposed algorithm, we
compare it with the one introduced in [16]. Based on BCD,
this algorithm generates efficient complete coverage paths in
complex environments. We select path length as the com-
parison metric. Fig.9 displays the coverage paths generated
by the two algorithms in the aforementioned environments,
and Table I provides the quantitative comparison results.
The results indicate that in all scenarios, the coverage paths
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Fig. 9. Coverage paths generated by the two planners. (a)-(d) represent paths generated by our planner, and (e)-(h) represent paths generated by the
planner in [16].

Fig. 10. Experimental setting and comparison result for the multi-robot coverage task. (a) An arbitrary environment of 20m×20m, with each robot’s tool
size being 0.5m. (b) The results of multi-robot coverage path planning combining STC and DARP. (c) The results of multi-robot coverage path planning
combining our algorithm with DARP. Annotations in the result figures display the path lengths of the robots and the coverage rate.

generated by our algorithm are shorter than those produced
by the algorithm in [16].

TABLE I
PATH LENGTH COMPARISON OF TWO PLANNERS

Scenario Our planner’s [16] planner’s Path reduction
path length (m) path length (m) by our planner

Fig8.(a) 158.83 187.33 15.20%
Fig8.(b) 127.17 143.09 11.13%
Fig8.(c) 160.31 202.89 20.99%
Fig8.(d) 145.63 175.37 16.96%

Additionally, one of the key goals of this study is to adapt
the STC-based multi-robot coverage planning algorithm for
the use in arbitrarily shaped regions. The DARP algorithm
is a multi-robot coverage path planning algorithm based
on the STC algorithm. It partitions the area to be covered
into several disjoint sections, maintaining a similar number
of cells in each section to ensure that the path length for
each robot during coverage remains roughly equal [18]. To
assess the suitability of the proposed algorithm for multi-
robot coverage planning, we employ a combination of the
DARP algorithm with our proposed coverage path planner.
Notably, during the cell allocation process, incomplete mega-
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cells are adjusted by a factor that indicates their area as a
fraction of a complete mega-cell. The comparison of results
is shown in Fig.10.

As shown in Fig.10(a), within a 20m× 20m square area
filled with randomly placed irregular obstacles, three robots
are scattered, each with a tool size D of 0.5m. Fig.10(b)
showcases the pathways forged through the synergy of the
DARP and STC algorithms, while Fig.10(c) reveals the
paths shaped by integrating the DARP algorithm with our
approach. The results show that while the collaboration
between the DARP and STC algorithms manages to cover the
majority of the area with comparable path lengths for each
robot, it stops short of achieving complete area coverage.
In contrast, the fusion of the DARP algorithm with our
strategy not only maintains near-uniform path lengths across
all robots but also secures comprehensive coverage of the
entire area.

V. CONCLUSION

We propose a method for planning efficient complete cov-
erage paths for irregularly shaped terrains. To leverage grid-
based methods for low redundancy and ensure computational
feasibility, we first derive a model for finding the largest
Hamiltonian sub-graph, aiming to reduce the lengths of route
traversing all cells. Based on the model, a Hamiltonian cycle
expansion strategy and a low-repetitive coverage path planner
are then proposed. Despite the compromise in path lengths
superiority, the proposed method facilitates the quick attain-
ment of considerable results. Simulation results validate the
proposed method’s coverage capability in arbitrary regions
and its scalability in multi-robot systems.

In the future, we plan to develop a more comprehensive
coverage planning framework encompassing all special cir-
cumstances such as narrow corridors and closely clustered
obstacles. In addition, we will extend the proposed method
to real-world applications.
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