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Abstract

Multi-robot coverage path planning (MCPP) is a typical problem in multi-robot applications. Its goal is to decom-
pose and assign coverage tasks, enabling mobile robots to collaboratively perform complete coverage of the map
within a short time (referred to as coverage time). The coverage time of MCPP is generally determined by the
path lengths of the robots and the number of turns on the paths. Most existing studies focus on only one of the
two metrics, and few address the simultaneous optimization of both aspects. In this letter, we propose the Divide
Areas based on area Growing via Wavefront Propagation (DAWG) algorithm to solve this problem through a staged
co-optimization approach. Specifically, DAWG combines area growing and wavefront propagation to divide the
map into equally sized subareas, ensuring equal path lengths. Meanwhile, DAWG incorporates a greedy strategy
that reduces computation time by 81% while maintaining turn counts comparable to TMSTC*, a state-of-the-art
(SOTA) method that minimizes path turns. Experiments on dozens of large-scale map instances demonstrate that
DAWG achieves superior performance in both computation time and path quality compared to existing methods.

1. Introduction

Multi-robot path planning is a fundamental problem in multi-mobile robot systems. It aims to enable
multiple robots to perform cooperative navigation and task execution in complex environments. In recent
years, with the rapid development of unmanned systems, extensive research has been conducted in this
area. Significant progress has been achieved, particularly in point-to-point path planning under dynamic
and uncertain environments.

For example, in perception-limited environments, adaptive collision avoidance strategies have been
developed for unmanned surface vehicles (USVs) by incorporating dynamic priority mechanisms
and multi-agent reinforcement learning [1]. In addition, some studies adopt distributed reinforcement
learning frameworks to jointly optimize target assignment and path planning in multi-USV systems,
thereby improving task completion efficiency and system safety [2]. Furthermore, for collaborative tasks
in complex environments, recent work has considered energy constraints and heterogeneous system
characteristics, leading to multi-objective optimization approaches for cooperative path planning [3].

However, most of these studies focus on point-to-point path planning. Their goal is to guide robots
to specific target locations rather than to systematically traverse the entire environment. In this context,
multi-robot coverage path planning (MCPP) has attracted increasing attention.
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Figure 1. The performance comparison of our proposed DAWG algorithm with four existing algo-
rithms: TMSTC* [17], DARP (Divide Areas based on Robots Initial Positions) [10], BO-MSTC
(Backtracking-Multi-robot Spanning Tree Coverage) [14], and MFC (Multi-robot Forest Coverage)
[15], where all methods are evaluated on the same 512 x 512 map.

MCPP is a key application in multi-mobile robot systems, aiming to enable multiple robots to collab-
orate in avoiding obstacles while minimizing the time required to cover the free area in a map [4]. MCPP
is widely applied in various indoor and outdoor scenarios, such as robotic vacuum cleaners [5], drone
search and rescue operations [6], and agricultural harvesters [7]. The spanning tree coverage (STC)
[8] algorithm, as a classical single-robot coverage path planning method, has been widely extended to
MCPP research.

The core performance metric of MCPP is coverage time, defined as the time required by the last
robot to complete the coverage task. Coverage time depends on both the path length and the number of
turns in the robot paths [9]. While most studies target either metric independently, few address the joint
optimization of both.

MCPP algorithms that aim to reduce path length can be classified into two categories based on
whether size division is performed: size division-based methods and non-size division-based methods.
The first category [10, 11, 12, 13] divides the free area into several equal-sized subareas to ensure the
minimal path length for each robot. The second category constructs a spanning tree to obtain a closed
path, which is then assigned to multiple robots [14, 15, 16]. Due to overlapping coverage in the paths,
the path length of the second category is generally longer than that of the first category. However, neither
of these two categories considers the impact of robot turns on coverage time.

TMSTC* (Turn-minimizing Multi-robot Spanning Tree Coverage*) [17] exhibits state-of-the-art
(SOTA) performance compared to other algorithms by minimizing path turns. However, since the
TMSTC* algorithm does not perform size division, its path length is not minimized.

In addition to coverage time, another key metric for MCPP is computation time, especially in large-
scale maps. However, the computation time required by the aforementioned methods on large-scale maps
is prohibitively high for practical applications.

To address above issues, we propose the DAWG (Divide Areas based on area Growing [18] via wave-
front Propagation [19]) algorithm, which can equally divides free area and minimizes path turn counts.
Compared to existing methods, our approach not only achieves shorter coverage times but also reduces
computation time, as shown in Figure 1. Our contributions are summarized as follows:

o We draw on the ideas of area growing and wavefront propagation to achieve an equal divi-
sion of free area while ensuring the connectivity of each subarea. As a result, the path length
is minimized, and computation time is kept low. We also propose a greedy method to mini-
mize the number of bricks, achieving only a 3% increase in turn counts compared to TMSTC*,
while reducing computation time by 81%. Additionally, by adjusting the distance metric used in

wavefront propagation, we optimized the shapes of the subareas, further reducing turn counts.
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o The proposed DAWG algorithm achieves the minimum path length while ensuring near-optimal
turn counts. The overall coverage time of this algorithm outperforms SOTA algorithms, while
its computation time remains at a low level, as shown in Figure 1.

« We observe that existing MCPP algorithms exhibit unstable computation times (e.g., compu-
tation times exceeding a specified limit, defined in this letter as no solution) when faced with
large-scale map diversity. In contrast, the proposed DAWG algorithm always finds a feasible
solution for all 24 different instances.

2. Related work

The core idea of MCPP is to divide and allocate the coverage tasks of the entire map among multiple
robots, enabling them to collaboratively complete the coverage within the shortest possible time [20].
The coverage time of MCPP is determined by the last robot to finish and depends on both the path length
and the number of turns.

The STC [8] is a classical single-robot CPP algorithm, and many existing MCPP methods have been
extended based on it. These methods either focus solely on optimizing path length or exclusively on
minimizing the number of turns, resulting in a notable lack of research that comprehensively addresses
both aspects.

To reduce path length, MCPP algorithms can be categorized into two types based on whether size
balancing is considered: size division-based methods and non-size division-based methods. Among the
first category, DARP (Divide Areas based on Robots Initial Positions) [10] (which partitions the area
based on the initial positions of the robots) assigns each STC node to the nearest robot and iteratively
adjusts the assignment to achieve equal-sized subareas. However, subsequent studies based on DARP
[11, 12] have shown that in maps with complex obstacle distributions, when the initial positions of robots
are concentrated, the DARP may fail to ensure the connectivity of each robot’s subarea. Forcing subarea
connectivity in such cases can result in redundant coverage, thereby increasing the path length. Among
the second category, BO-MSTC (Backtracking-Multi-robot Spanning Tree Coverage) [14] algorithm
treats the single-robot coverage path planned by the STC algorithm as a ring and divides the ring based
on the initial positions of the robots to obtain coverage paths for multiple robots. Zheng et al. introduced
MEFC (Multi-robot Forest Coverage) [15], whose core idea is to construct subtrees with similar weights
and assign them to multiple robots. Tang et al. proposed MSTC* [16], which uses a greedy strategy
to address the imbalance in the ring division in BO-MSTC. However, both categories of studies have
overlooked the minimization of the number of turns in the path.

To reduce the number of turns, Vandermeulen et al. proposed a checkerboard-style decomposition of
the free space into multiple rectangular cells and applied an iterative heuristic to adjust their orientations
[21]. However, this method is limited in applicability as it cannot handle non-rectilinear environments
effectively. Ramesh et al. introduced the OARP (Optimal Axis-Parallel Rank Partitioning) method,
which minimizes the number of axis-parallel coverage lines by formulating the problem as a linear
program (LP) [22]. However, the LP-based method is computationally expensive for large-scale envi-
ronments, which limits its practicality. TMSTC* [17] transforms the problem of minimizing turns into
dividing the free area into the fewest number of bricks and then solving the maximum independent set
of a bipartite graph to determine the minimum turns. Although TMSTC* achieves SOTA performance,
its path length remains suboptimal.

In recent years, research on large-scale MCPP has begun to move beyond traditional small-scale
experimental settings. For example, refs. [23] and [24] investigate large-scale grid-based coverage
strategies from the perspectives of path conflict resolution and local search optimization, respectively.
However, most existing MCPP methods are still primarily evaluated in small-scale scenarios such as
household cleaning or indoor service environments. This creates a clear gap with real-world applica-
tions, including large public-space cleaning, warehouse logistics, and city-scale UAV inspection. In this
context, it is necessary to systematically evaluate the computational efficiency and scalability of different

algorithms on large-scale maps to better reflect their practical performance.
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Traditional grid-based methods usually assume that the grid size matches the robot size. A grid cell is
considered covered when the robot center passes through its center. However, in practical applications,
grid cells may be smaller than the robot body. This makes it difficult for robots to navigate narrow areas,
which reduces overall coverage performance. A straightforward solution is to reduce the robot size.
However, this often leads to lower coverage efficiency.

To balance coverage completeness and efficiency, Samarakoon et al. [25] proposed a size-adaptive
robot model. The robot can dynamically adjust its size according to environmental constraints. It main-
tains a larger size in open areas to improve efficiency, while shrinking in narrow regions to ensure
accessibility. In addition, Samarakoon et al. [26] proposed an online path planning method based
on a Glasius neural network for such adaptive robots. This method enables real-time motion adapta-
tion in dynamic environments. However, these methods are still mostly at the prototype stage. Their
applicability in real large-scale systems has not yet been fully validated.

Recently, energy-aware and terrain-aware coverage path planning has received increasing attention.
In these methods, robot motion is not only evaluated by geometric metrics such as path length but also
by energy-related factors and environmental characteristics. EA-OSPGB (Energy Activity-Obstacle and
Start Point Guidance and Backtracking mechanisms) [27] introduces an energy activity (EA) function
to guide multi-robot coverage in unknown environments. The algorithm constructs a local raster activity
value function to evaluate coverage decisions and incorporates a terrain-based backtracking mechanism
to improve exploration efficiency. This mechanism enables robots to escape so-called “dead zones” dur-
ing online exploration and reduces redundant backtracking paths caused by environmental uncertainty.
Experimental results demonstrate that considering energy activity and terrain factors can effectively
reduce both path length and turning cost in dynamic environments.

However, EA-OSPGB is fundamentally an online reactive coverage framework. Its decision-making
process relies on real-time environmental feedback and energy activity evaluation, which leads to
dynamic path adaptation during execution. While this improves adaptability in unknown environ-
ments, it may also introduce additional computational overhead and complex coordination behavior
in large-scale scenarios.

In contrast, the method proposed in this paper, DAWG, does not rely on energy-driven reactive
decision-making or terrain-dependent backtracking mechanisms. Instead, it adopts an offline deter-
ministic decomposition strategy, where the coverage problem is first decomposed into balanced and
connected subareas, followed by STC-based path construction within each subarea. This structural
design allows DAWG to decouple partitioning and path optimization, enabling efficient global planning
with significantly reduced computational cost.

Therefore, this letter adopts equal-size division to minimize path length and addresses the long com-
putation time of TMSTC* on large-scale maps while maintaining a similar number of turns. Next, the
algorithm design is presented in Section 4.

3. Preliminaries & motivation
3.1. MCPP problem definition

As illustrated in Figure 2(a), in the MCPP algorithm based on STC, assume that the robot’s coverage
tool has a width of d, and the map is discretized into square grid cells with a width of 2d. Each grid cell,
composed of four small square grid cells with a width of d, is either completely free or entirely occupied
by obstacles. This dual-scale grid division enables the construction of two graphs: the coverage graph G
and the spanning tree graph H. Specifically, the center of each small grid cell is taken as a coverage node,
and edges are established between adjacent coverage nodes to form the coverage graph G. Similarly, the
center of each grid cell is taken as a spanning tree node, and edges between adjacent spanning tree nodes
form the spanning tree graph H.

As shown in Figure 2(c), by executing the STC algorithm on the spanning tree graph H, the cov-
erage paths IT; for each robot can be obtained, where each path is generated by traversing around the
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Figure 2. Multi-robot coverage path planning using our method. (a) Coverage graph G and spanning
graph H. (b) Division of the free area among robots, with initial positions marked by stars. (c) Coverage
paths of the robots shown in different colors.
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corresponding spanning tree (hereafter referred to as the STC path). Therefore, the optimization goal of
MCEPP is to find a set of coverage paths such that the maximum coverage time is minimized:

arg min (max (TCOVH,.)> (1)

() \I<i=K

where Tce,, is the coverage time of IT,.

3.2. MCPP problem analysis

In MCPP, the coverage time is influenced by both the path length and the number of turns. To reduce
the coverage time, this work simultaneously optimizes both factors. On the one hand, the STC path IT;
of robot i has a length of S; x 4d, where S; denotes the number of spanning tree nodes in the subarea
assigned to robot i, which can also be regarded as the number of grid cells in that subarea. According to
Eq. (1), dividing the free space into subareas with equal size helps minimize the maximum path length,
thereby reducing the overall coverage time. On the other hand, further reducing the number of turns in
each subarea can also effectively shorten the time required for individual robots to complete their tasks.
Based on this analysis, the following two subsections present the strategy for equal-size subarea division
and the construction of minimal-turn spanning trees, respectively.

3.2.1. Minimization of STC path length

Given the fixed number of spanning tree nodes in the free space, it is equally divided into K subareas,
where K denotes the number of robots. Each subarea has an approximate size S;. The STC algorithm
is then applied within each subarea, which helps balance the path lengths of all robots. Additionally,
these K subareas should remain connected, and each robot’s initial position X; is located within its
corresponding subarea A;. To avoid time waste caused by overlapping coverage, these subareas should
ideally be non-overlapping. Therefore, the optimization objectives and constraints for size division are
as follows:

min max (S;,S,, ..., Sk)
st. ANA =0, Vi#j,
Connectivity(4,)=1, Vie{l,2,...,K},
X, €A, Vie{l,2,...,K}.
Eq. (2), specifically the second constraint, ensures that each subarea A; assigned to a robot satisfies the

following connectivity requirement. Since the robot is only allowed to move in four directions (up, down,
left, and right), the 4-neighborhood is adopted as the basis for defining connectivity. Specifically, the

2)
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(a) 42 turns (b) 24 turns (c) 18 turns

Figure 3. Comparison of turn counts (highlighted in beige, each representing a 90-degree turn) across
different spanning tree constructions. Dashed lines divide the free space into grid cells, while solid
lines divide it into bricks. Three spanning tree construction strategies: random, greedy, and TMSTC*,
correspond to 9 bricks in (a), 6 bricks in (b), and 4 bricks in (c).

grid cells in A; are regarded as nodes in a graph. If two cells satisfy the 4-neighborhood relationship, an
edge is defined between them. Based on this definition, A; can be decomposed into several connected
subsets under 4-neighborhood connectivity, that is, 4-connected components. The subarea A; is consid-
ered connected if and only if the number of 4-connected components is equal to one. Otherwise, it is
regarded as disconnected. Therefore, the connectivity constraint can be formulated as:

1, 1f Ncomp(Ai) =1

Connectivity(A;) = .
0, otherwise

where N,,m,(A;) denotes the number of 4-connected components in subarea A;.

As a representative study on size division, the DARP algorithm transforms the problem of equally
dividing the area into a clustering problem. However, the DARP algorithm exhibits three main limita-
tions: it disregards the number of turns in the path while optimizing coverage time; it incurs significant
computation time in large-scale maps; and it is sensitive to the initial distribution of robot positions,
which can cause the algorithm to enter an infinite loop.

3.2.2. Minimization of STC path turns

The concept of brick was proposed in ref. [17], where it is defined as a regular rectangular strip formed
by merging multiple grid cells along either the horizontal or vertical direction, with a fixed width or
height of 2D. A brick can alternatively be regarded as a segment of the spanning tree T, consisting of
multiple nodes aligned in the same direction. Since the STC path only turns at the two endpoints of
each brick and at the junctions between different bricks, a smaller number of bricks within the spanning
tree T' generally leads to fewer turns in the corresponding STC path. As shown in Figure 3, for a given
spanning tree graph H, different spanning tree construction strategies have a significant impact on the
number of turns in the robot’s coverage path. According to ref. [17], the problem of minimizing the
number of turns can be equivalently transformed into minimizing the number of bricks B; contained in
the spanning tree 7"

min ||By, By, ..., B, |l
st. BjUB,U---UB,=H, 3)
B.NB;=0, Vije{l,2,...,m}, i#].
TMSTC* algorithm further transforms the problem of minimizing the number of bricks into solving the

maximum independent set problem in a bipartite graph. Although TMSTC* achieves the best results
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so far in minimizing the number of turns, it does not divide the area, leaving room for improvement in
reducing path length. Furthermore, the computation time of TMSTC* in large-scale maps also limits its
practicality.

3.3. Motivation

In practical applications, robots cannot maintain a constant speed throughout the entire process. This
is because turning introduces additional time cost. To simplify the problem, the following assumptions
are made for the robot’s coverage process. First, the robot decelerates and accelerates with constant
acceleration before and after turning. Second, when changing direction, the robot must reduce its linear
velocity to zero and then perform a 90° in-place rotation with a constant angular velocity. Under these
assumptions, as shown in Eq. (5), both the path length and the number of turns should be optimized to
reduce the overall coverage time.

Since the simultaneous optimization of path length and the number of turns is an NP-hard problem,
this letter simplifies the problem into two sequential steps: generating equal-sized subareas, followed by
constructing a minimal-turn spanning tree within each subarea. It should be noted that this simplification
yields an approximate solution rather than the theoretical global optimum. Due to the high computational
cost of the TMSTC* algorithm in the spanning tree construction phase, we propose a greedy strategy
that significantly reduces the computation time while maintaining a comparable number of turns.

To improve readability and ensure consistency of notation throughout the paper, we summarize the
main symbols and variables used in this work in Table 1. The table provides unified definitions for all
key notations appearing in the main text, algorithms, and mathematical formulations. Symbols that are
not explicitly defined in the main text are intentionally excluded to avoid ambiguity.

4. Our algorithm

In this section, we propose the DAWG algorithm, which aims to optimize the coverage time by simulta-
neously reducing the path length and the number of turns, while achieving a shorter computation time
compared to existing SOTA algorithms.

4.1. Connectivity-assured equal-size division

The size division process of the DARP algorithm assigns each grid cell to the nearest robot based on dis-
tance. However, since the division of each grid cell is done independently, DARP may fail to ensure the
connectivity of the subarea assigned to robot i (Figure 4(a)). Differing from DARP, we draw inspiration
from the area growing method in image segmentation [18] and the wavefront propagation method [19]
and gradually expand the boundaries of subareas through area growing to naturally maintain the con-
nectivity of subareas during the division process (Figure 4(a)). Algorithm 1 summarizes the pseudocode
of the proposed algorithm.

4.1.1. The process of grid cell transfer between adjacent subareas
Figure 5 illustrates the process of grid cell transfer between two adjacent subareas, aiming to equalize
their sizes. Algorithm 1.

As shown in Figure 5(a), based on the Manhattan distance metric, the initial positions of the robots,
denoted as X, X, . . ., Xk, are used as seed points to perform a Voronoi partition over the full map.
Each grid cell g is assigned to the subarea corresponding to the robot i for which the Manhattan distance
Dist(X;, g) is the smallest, where Dist(X;, g) denotes the Manhattan distance between the robot’s initial
position X; and the grid cell g. Initially, the sizes of subareas A, and A, are 18 and 75, respectively.

To balance the sizes among subareas, we first identify the subarea with the largest size, denoted
as A, and the one with the smallest size, denoted as A,,;,. Before introducing the transfer process, we
define the adjacency relationship between subareas. Two subareas A; and A; (i # j) are defined as adjacent
if there exists at least one pair of grid cells g € A; and g’ € A; that satisfy the 4-neighborhood relationship.
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Table I. Summary of symbols and variable definitions used in this paper.

Symbol Definition

A; Subarea assigned to robot i

S; Number of grid cells in subarea A;

S Total number of free grid cells

K Number of robots

X; Initial position of robot i

g Grid cell

Dist(X;, g) Manhattan distance between X; and grid cell g
Neomp(A;) Number of 4-connected components in A;
Connectivity(4;) Connectivity indicator of subarea A;

G Coverage graph

H Spanning tree graph

I1; Coverage path of robot i

Tcover; Coverage time of robot i

B Brick (rectangular strip in spanning tree)

B, i-th brick

m Number of bricks/iteration index

T Spanning tree

F Node set of spanning graph H

Vi Node and edge set of brick B

Apax Largest subarea

Amin Smallest subarea

P Grid cell transfer path between subareas

Somin Minimum subarea size among all S;

T, Threshold for size balancing

w(n,, n,) Cost change of turns after adding edge (n,, n,)
f(n) Number of turns associated with node n
ftn) Number of turns after adding an edge

n Node in spanning tree (corresponding to grid cell g)
Vi Turning point in path

L Motion time between two turning points

dy Euclidean distance between two turning points
Vinax Maximum robot velocity

a Robot acceleration

w Angular velocity during turning

In other words, the two subareas share at least one pair of 4-neighboring boundary cells. Based on this
definition, a valid grid cell transfer path is constructed on the adjacency graph of subareas using the func-
tion Py, —a,,, = get_transfer_path(Am.a,, ). For notational simplicity, we omit the dependency on
(Amax> Amin) and use P to denote the corresponding transfer path in the remainder of this paper. Since
grid cells can only be transferred directly between adjacent subareas, if A, and A, are not adjacent,
the function returns a sequence of intermediate subareas that forms a connected path between them.

For example, let P =[1, 2, 3, 4], where subareas 1 and 4 correspond to A.x and A,;,, respectively.
In this case, the transfer from subarea 1 to subarea 4 must pass through subareas 2 and 3, and any
two consecutive subareas in P are adjacent according to the above definition. Therefore, the grid cell
transfer path is A; (sender) — A, (receiver), and the number of transferred grid cells is L%J — 8, =28.
Here, S denotes the total number of free grid cells (i.e., excluding obstacle cells), where § = Zl’; S;, and
ie{l,...,K}. Therefore, | S/K] represents the discretized average number of free grid cells assigned
to each subarea, corresponding to the desired balanced coverage load.
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(b)

Figure 4. Comparison of subarea connectivity between the DARP algorithm and the proposed DAWG
algorithm. (a) Subareas are not connected. (b) Subareas are connected.
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Figure 5. The process of grid cell transfer between adjacent subareas of two robots until the free area

is equally divided.

As shown in Figure 5(b), the part of the sender area adjacent to the receiver contains four grid cells.
If these grid cells are all assigned to the receiver at once, it may lead to two issues: the sender area
becoming disconnected, or the sender’s initial position being assigned to the receiver. To avoid these
problems, the appropriate approach is to gradually assign the grid cells farthest from the sender’s initial
position to the receiver. This approach is based on the observation that, when the sender area expands
outward, the farthest grid cells are the last ones added; conversely, when the sender area shrinks, the
farthest grid cells should be the first to be removed.

As shown in Figure 5(c), during the first iteration, two grid cells were successfully transferred from
the sender to the receiver.
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Algorithm 1. Equal-size division

1 Input: Number of robots K, subareas A; to Ak, total number of grid cells S, threshold T},
2 Output: Balanced subareas A; to Ag

3 while 3i € {1,..., K} such zhm(% > T, do
4 Amax = argie{rlrféfK} Si,  Amin = argie{lf,l.i_l_l,m S;

5 Smin = min(Sl, P SK)

6 P = get_transfer_path(Amax, Amin)

7 for j — Oto |P|-2do

8 temp_S,temp_R = P[j],P[j + 1]
9 T, =0, flag = False

10 while 7,, < | S/K]| — S, do

11 Co = {g € temp_S | g is adjacent to temp_R}
12 C ={g e Cy| Dist(X, g) is maximum}
13 if temp_S is connected then

14 T, =T, +len(C)

15 Transfer C from temp_S to temp_R
16 else

17 Fallback the transfer of C

18 if not flag then

19 flag = True

20 Update Dist for temp_S

21 else

22 Fix narrow channel in temp_S
23 L flag = False

24 return A; to Ag

It is important to note that, in theory, the wavefront distance within the sender area should be updated
in each iteration (i.e., grid cells outside the sender area are treated as obstacles); otherwise, the situation
shown in Figure 5(e) may occur, where the sender becomes disconnected from the receiver. However,
repeatedly updating the wavefront distance incurs a significant computational cost, especially in large-
scale maps. To reduce the computational time, as shown in Figure 5(b)—(e), the wavefront distance is
not updated after each iteration.

When the sender area becomes disconnected, as shown in Figure 5(e)—(g), the division process rolls
back to the previous round and updates the wavefront distance. As shown in Figure 5(h), the division
process continues while the imbalance among subareas remains significant. Specifically, the algorithm
continues if the relative deviation of any subarea size from the average value exceeds a predefined thresh-
old T}, as described in Step 1 of Algorithm 1. The process terminates only when the sizes of all subareas
are sufficiently close to the average value.

Here, T, represents a tolerance threshold that controls the maximum allowable relative imbalance
between each subarea and the ideal average size. Formally, the continuation condition is defined as:

Si — LS/K]
LS/K]
where S; denotes the number of grid cells in subarea A;, and | S/K | is the discretized average number of

grid cells per subarea.

> Th,
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Figure 6. The process of grid cell transfer between the subareas of four robots until the free area is
equally divided. Subareas assigned to Robots 1 through 4 are distinguished by different colors: yellow,
green, blue, and purple, respectively.

4.1.2. The process of grid cell transfer between non-adjacent subareas

In Figure 5, we introduced a simple scenario with only two robots, where A, and A,;, are directly
adjacent. However, as the number of robots increases, A,.x and A,;, may not be directly adjacent. The
following two paragraphs discuss a new issue arising in this scenario, which is the narrow channel fixing
issue.

As shown in Figure 6(a), in the initial size division, A,,,x (Robot 4) and A, (Robot 1) are not directly
adjacent, so the grid cell transfer path is 4 — 3 — 1. Figures 6(b) show that Robot 3 first receives a
number of grid cells of size L%J — Smin- In Figure 6(c), when the grid cell transfer reaches the m-th
round, the sender area is cut off by the receiver area, and the fallback + updated wavefront distance
strategy is no longer applicable. Figure 6(d) shows that when falling back to the m-1-th round, deleting
the grid cells marked as “x” in the sender area will disconnect the area. These grid cells collectively
form a set called the “narrow channel.”

As shown in Figure 6(e), to fix the “narrow channel” in the sender area, we perform omnidirectional
expansion centered at each grid cell. The expanded sender area will occupy the grid cells originally
belonging to robot p (p#receiver) (depicted in dark blue in the figure). Figure 6(f) shows that when
robot p’s area remains connected, the “narrow channel” in the sender area is successfully fixed. If fixing
the sender’s “narrow channel” causes robot p’s area to become disconnected, it indicates that robot p,
like the sender, also has a “narrow channel” that needs to be fixed. In this case, robot p performs the
same fix operation, occupying robot q’s grid cells, and then checks if robot q’s area remains connected.
This fix process is recursive, with a maximum recursion depth equal to the number of robots K. As
shown in Figure 6(g), after Robot 3 completes the fix, it continues transferring the grid cells to Robot 1
until the number of grid cells reaches L%J. Figure 6(h) shows that when Robot 4 transfers the grid cells
to Robots 2 and 3, the number of grid cells of the four robots becomes nearly equal, thus completing the
size division.
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Algorithm 2. Minimize the number of turns

Input: F': set of nodes in the spanning graph H
Output: 7 spanning tree with minimum turns

1T« 0,m«Q0;
2 while F # 0 do
3 B < longest brick determined from F;
4 mee—m+1;
5 Vp « edge and node sets of B;
6 T «—TUB;
7 L F—F \ VB;
8 while m > 1 do
9 en;n; — edge with smallest cost w(-) connecting adjacent nodes n; and n; where n; and n;
are in different components of T';
10 T—TU €n;njs
n | mem- 1;
12 return 7T
= . 5 . .
® | o o o e o o e o ° e o
® | o o o e o o e o ° e o
° ] [ (] o ° [ [ ) [ ] ) ') )
[ ) L] [ ] ]
(] [ ] [ ] [ )
(@) (b) (© () ©

Figure 7. lllustration of the greedy process for selecting the minimal number of bricks. Green and
orange represent the longest vertical and horizontal candidate bricks, respectively, while gray indicates
the brick B selected by the greedy algorithm; blue highlights the spanning tree trunk within B.

4.2. Computation-efficient minimization of STC path turns

The problem of minimizing the number of bricks is addressed in the TMSTC* algorithm by solving
the minimum vertex cover problem on a bipartite graph. In contrast, our method adopts a greedy-based
strategy: select the longest brick from the spanning tree node set, remove the nodes contained in the
brick from the set, and repeat this process until the set is empty. The greedy process is illustrated in
Figure 7, and the corresponding pseudocode can be found in lines 1-7 of Algorithm 2.

Figure 7(a) shows the initial state, where all nodes can be used to construct bricks, and the longest
vertical and horizontal bricks are selected as candidates. Figure 7(b) illustrates that the longest brick
is chosen from the candidate set, and the nodes within this brick are connected as part of the final
spanning tree. Figure 7(c) shows that, after removing the connected nodes, the remaining nodes are
used to construct new bricks, and the longest vertical and horizontal bricks are again selected as candi-
dates. Figures 7(d)—(e) show that this process is repeated until no remaining nodes can be used to form
bricks.

As shown in Table II and Figure 8, spanning tree nodes are classified into five categories, with each
category corresponding to a specific number of turns, denoted as f(n). Here, n represents a node in the
spanning tree H, and each node n corresponds to a grid cell g in the map.
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Table II. Number of turns for different
node categories.

I L + — Leaf T
0 2 4 2 2

(a) (b) (d)

Figure 8. Five typical node types in the spanning tree T (I-type, leaf, L-type, T-type, and +-type) with
corresponding turn numbers. The dotted blue arrow indicates the robot’s trajectory.

(a) Manhattan distance (b) Chebyshev distance

Figure 9. Comparison of two distance metrics used in DAWG. (a) Manhattan distance, with an average
of 316.5 turns. (b) Chebyshev distance, with an average of 213.5 turns.

Therefore, the difference in the number of turns before and after adding a candidate edge to the
spanning tree can be calculated:

w(n, m) =fr(ny) +f(ny) — f(ny) — f(ny) 4)

Here, f*(n,) and f*(n,) denote the number of turns at n, and n, after adding the edge e,, ,,,, respectively.

To minimize the number of turns, at each step we select an edge from the candidate edges that connect
two adjacent bricks, where both bricks are not yet in the spanning tree 7', and choose the edge with the
minimum value of the function W(n,, n,). After selecting the edge, it is added to the spanning tree 7',
connecting the two bricks. This process is repeated m — 1 times to construct the minimum-turn spanning
tree. The corresponding steps are shown in lines 8—11 of Algorithm 2.

As shown in Figure 9, we found that during the size division phase, different distance metrics affect
the average number of turns of each robot. When wavefront propagation is performed using Manhattan
distance and Chebyshev distance, the average number of turns for each robot is 316.5 and 213.5,
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Table III. MCPP instance specifications.

Map name Grid size Obstacle density (%) K
Floor 128 x 128 6.08 4/6
Random 128 x 128 9.96 4/6
Room 128 x 128 9.59 4/6
Denverl 256 x 256 25.05 4/6
Berlinl 256 x 256 28.52 4/6
Maze 256 x 256 9.56 4/6
New York1 1024 x 1024 25.68 4/6/8/10
ARO701SR 1024 x 1024 66.33 4/6/8/10
Boston0 1024 x 1024 25.13 4/6/8/10

respectively. Theoretically, when wavefront propagation is carried out using these two different distance
metrics, the isochrones of the wavefront are square and diamond-shaped, respectively, which leads to
differences in the number of turns at the boundaries of the subareas. Therefore, in the area equal division
phase, using Chebyshev distance for wavefront propagation can further reduce the number of turns of
each robot.

5. Results & analysis

The experiments were conducted on a device with an Intel Core i5-11,400 processor (2.60 GHz) and
16 GB of memory. Our code is open-source and available on GitHub.

Parameter: In DARP, the maximum number of iterations was set to be nearly infinite. For the other
three algorithms, the experimental parameters were kept consistent with the descriptions in the original
papers.

Instances: As shown in Table III, we generated 24 test instances by placing different numbers of
robots, denoted as K, on 9 maps with varying obstacle distributions. The values of K are selected with
reference to ref. [16]. Each instance corresponds to a specific robot distribution on a given map. Among
these, the first map is a typical floor map created by the authors, while the remaining eight maps are
sourced from the widely used 2D pathfinding benchmarks [28]. The existing large-scale MCPP study
[24] is conducted on a map of size 256 x 256. Therefore, in our experiments, we define maps of size
256 x 256 and above as large-scale maps, while other maps are referred to as small-scale maps.

Furthermore, to provide a more comprehensive evaluation of the proposed method, the test maps are
designed by considering three key factors: map scale, obstacle density, and the distribution of initial
robot positions. As shown in Figure 14(c), on the map *Room*, the obstacle density is only 9.59%, and
the initial positions of the four robots (indicated by white pentagrams) are highly clustered. In contrast,
as shown in Figure 14(d), the map *AR0701SR* has a high obstacle density of 66.33%, and the initial
positions of the 10 robots are more spatially dispersed.

5.1. Solvability comparisons

In this letter, the solvability of an algorithm is defined as whether it can produce the result of coverage
path planning within 3 hours. To evaluate the solvability of our algorithm compared to other existing
algorithms, we conducted experiments on both small-scale and large-scale maps.

As shown in Figure 10, our algorithm achieves 100% solvability on both small-scale and large-scale
maps, while DARP fails on some maps. Furthermore, although BO-MSTC, MFC, and TMSTC* are not
MCPP algorithms based on size division, their solvability rate on large-scale maps is still below 100%.
These results demonstrate that the proposed DAWG algorithm exhibits stronger solvability in large-scale
maps.
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Figure 10. Comparison of solvability rates on large-scale and small-scale maps using DAWG and
baseline algorithms.
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Figure 11. Comparison of maximum coverage path length among four algorithms.

5.2. Path length and number of turns comparison

To compare the maximum coverage path lengths between our proposed algorithm and existing methods,
we selected the intersection of solvable instances across four algorithms: DAWG, DARP, TMSTC*,
and MFC. Figure 11 presents the maximum coverage path length among the K robots for each of the
eight instances (the specific values of K are provided in Table III). Based on these results, we can observe
that both our DAWG algorithm and the DARP algorithm, as size division-based MCPP approaches,
achieve comparable and relatively shorter maximum coverage path lengths than the other two methods
that do not employ size division.

To evaluate the performance of our Chebyshev distance-based size division and Greedy—Kruskal
spanning tree construction strategy in reducing turns, we calculated the average total number of turns
and the computation time for the spanning tree construction process. Four existing strategies were com-
pared: DARP (using DFS), TMSTC*, BO-MSTC (using Kruskal), and BFS. Figure 12(a) shows the total
average turns for size division using Manhattan and Chebyshev distances under different spanning tree
construction strategies. The use of Chebyshev distance consistently resulted in fewer turns compared to
Manhattan distance, indicating that it optimizes subarea shapes and reduces turns within each spanning
tree. Notably, as shown in Figure 12, our method incurs only 3% more turns than TMSTC*, while the
computation time is reduced by 81%.

5.3. Coverage time comparisons

To ensure a fair comparison, we adopt the same coverage time calculation method as described in
TMSTC*. Specifically, the time #; required for a robot to move between two consecutive turning points
y; and y;,, in the path IT; is computed as follows, where a turning point is defined as a point where the
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Figure 12. Comparison of the number of turns and computation time required to construct the spanning
tree.
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Figure 13. Box plot of the performance improvement percentages of the proposed DAWG algorithm

compared with four other algorithms, with dashed lines representing the mean. The mean performance
improvement ratios relative to DARP, TMSTC*, BO-MSTC, and MFC are 5%, 7.3%, 51.1%, and 27.1%,

respectively.
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Here, dy,.,yj ., denotes the Euclidean distance between two turning points, vy is the maximum velocity,
and a is the constant acceleration. The time spent on turning is also considered, where each turn costs %
and w represents the constant angular velocity. Other kinematic parameters and implementation details
are consistent with those provided in ref. [17]. Additionally, in our experiments, we assume that robots
can only move in four directions (up, down, left, right). Therefore, we made corrections to the coverage
paths obtained from the TMSTC*, BO-MSTC, and MFC algorithms, where it is assumed that robots
can move in eight directions. Specifically, when diagonal movement occurs in the path, we decompose
it into two components along the horizontal and vertical directions using vector decomposition.

In the MCPP problem, coverage time is defined as the time taken for the last robot to complete its cov-
erage task. As shown in Figure 13, to evaluate the effectiveness of the proposed algorithm in comparison
with existing algorithms, we calculated the coverage time improvement percentage of DAWG relative to
DARP, TMSTC*, BO-MSTC, and MFC. The results indicate that DAWG achieves an average coverage
time improvement of 5%, 7.3%, 51.1%, and 27.1%, respectively, over the aforementioned four baseline
algorithms across all test cases (assuming the algorithm is solvable for each test case). The experimental
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(@ (d)

Figure 14. Four different environments and the corresponding coverage path planning results using the
proposed DAWG algorithm: (a) Room, 128 x 128, with 4 robots; (b) Maze, 256 x 256, with 6 robots;
(c) Boston0, 1024 x 1024, with 8 robots, and (d) AR0701 SR, 1024 x 1024, with 10 robots.

Computation Time Ratio (Others/DAWG)

DARP  TMSTC* BO-MSTC  MFC
Figure 15. Box plot showing the ratio of the computation time of DARP, TMSTC*, BO-MSTC, and MFC

to that of DAWG, with the mean indicated by the dashed line. The mean ratios are 13, 14.7, 0.6, and
91.6, respectively.

results clearly demonstrate that our algorithm outperforms all baseline algorithms in terms of coverage
time, establishing it as an effective solution to the MCPP problem in large-scale maps.

Figure 14 illustrates the coverage path planning results of DAWG applied to four test cases of varying
scales. In Figure 14(c) and (d), due to the larger map scale, the paths are more densely packed. In the
maps, white pentagrams represent the initial positions of the robots, black regions indicate obstacles,
and the coverage paths of different robots are distinguished using different colors.

5.4. Computation time comparisons

We computed the ratio of the computation time of DAWG relative to the four existing algorithms across
all test cases (assuming the algorithm is solvable for each test case). As shown in Figure 15, the aver-
age ratios of the computation time of DAWG to DARP, TMSTC*, BO-MSTC, and MFC are 13, 14.7,
0.6, and 91.6, respectively. It can be seen that, compared to the other four algorithms, our proposed
DAWG algorithm has a computation time only slightly longer than BO-MSTC. Compared to BO-MSTC,
DAWG reduces coverage time by 51.1% and increases solvability by 33% on large-scale maps. More
importantly, DAWG algorithm, compared to the existing SOTA algorithms, not only has shorter coverage
time but also lower computational cost.

6. Conclusions

In this letter, the proposed DAWG algorithm achieves path length minimization by equally dividing free
area. To address the issue of TMSTC*’s long computation time on large-scale maps, a greedy strategy is
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introduced, which significantly reduces computation time compared to TMSTC* while ensuring near-
optimal turn counts. The overall coverage time of this algorithm is shorter than that of SOTA algorithms,
while its computation time remains at a low level. Additionally, experimental results demonstrate that
DAWG exhibits higher solvability on large-scale maps.

The proposed method has potential applications in various real-world scenarios, such as cleaning and
inspection tasks in large indoor environments. However, it still has certain limitations. Since the method
is based on spanning tree construction, it imposes specific requirements on map modeling, that is, the
grid size must match the robot size. In practice, the grid size may be smaller than the robot size. This
makes it difficult for the robot to enter narrow areas and reduces the overall coverage rate. To balance
coverage and efficiency, future work may consider size-adaptive robots as proposed in refs. [25, 26]. Such
robots can maintain a larger size in open areas to improve coverage efficiency. They can also reduce their
size in narrow areas to enhance accessibility. It should be noted that, when the speed remains constant,
reducing the robot size decreases the area covered per unit time, which lowers coverage efficiency. By
using size adaptation, a high coverage rate can be maintained while mitigating its negative impact on
coverage efficiency.
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