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Highlights

What are the main findings?

* A novel locally refinable channel graph (LRCG) model and its extension scheme are
proposed to model the search space of complex environments.

* An LRCG-based multi-UAV path planning framework is designed, which includes an
LRCG hybrid conflict-based search algorithm and a constrained dynamic programming
search algorithm for initial solution construction and post-processing, respectively.

What are the implications of the main findings?

® The proposed LRCG-based planning method effectively addresses the multi-UAV path
planning problem in cluttered environments while ensuring that safe distance con-
straints between UAVs are satisfied.

¢ Lightweight and scalable environment modeling enables the LRCG-based planning
method to achieve higher computational efficiency without sacrificing solution quality,
while also exhibiting good parameter robustness.

Abstract

In multi-unmanned-aerial-vehicle (UAV) collaborative task scenarios, congestion in clut-
tered environments significantly hinder operational efficiency, leading to the multi-UAV
path planning problem. To reduce the scale of the search space while ensuring the quality
of the planned paths, this paper proposes a locally refinable channel graph (LRCG) model
to describe the accessible region of the occupancy grid maps, aiming to address the issue
of large search spaces adversely affecting planning efficiency. As the basic element of the
LRCG, the channel edge represents the local accessible region in the form of an intersecting
circle sequence, and can be expanded into multiple collision-free sub-paths in a targeted
manner. An LRCG hybrid conflict-based search (LRCG-HCBS) algorithm is proposed to
refine the LRCG oriented to conflicts and plan a set of initial collision-free paths. Further,
this paper designs a post-processing optimization algorithm for a single path, a constrained
dynamic programming search (CDPS) algorithm, which is also employed for the prepro-
cessing refinement of the LRCG. Simulation results show that, compared with existing
algorithms, the LRCG-based planning algorithm proposed in this paper demonstrates
higher computational efficiency.

Keywords: multi-UAV systems; multi-UAV path planning; locally refinable channel graph;
conflict-based search
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1. Introduction

In obstacle-dense environments with restricted vertical maneuverability, such as in-
door corridors and beneath dense forest canopies, effective multi-unmanned-aerial-vehicle
(UAV) path planning serves as a crucial guarantee for efficient coordination among UAVs,
mitigating congestion and collision risks, minimizing delays, and optimizing resource
utilization and task execution efficiency [1,2]. However, in cluttered task environments
characterized by high obstacle density, narrow corridors, large map sizes, limited free-space
ratios, and high congestion levels among UAVs, the environmental map model becomes
more complex, resulting in a larger search space and significantly degrading the efficiency
of planning algorithms, which brings challenges to practical applications.

At present, researchers have achieved significant progress in the fields of multi-robot
path planning and multi-agent path finding (MAPF), proposing a variety of planning
algorithms. For multi-robot path planning problems in discrete graph-based search spaces,
the solving algorithms can be divided into three categories: coupled algorithms, decoupled
algorithms, and hybrid algorithms [3]. Among them, hybrid algorithms, represented
by conflict-based search (CBS) [4] algorithms, are a mainstream class of approaches that
decomposes the overall problem into high-level search and low-level constrained path
planning for individual agents. Derived from the CBS algorithm, improved versions
such as Enhanced CBS [5], Meta-Agent CBS [6], ICBS [7], and multi-objective CBS [2]
have been proposed. In contrast to conflict-oriented planning algorithms such as CBS,
priority-oriented planning algorithms have been proposed as bounded suboptimal planner,
such as priority-based search (PBS) [8], priority inheritance with backtracking (PIBT) [9],
and dueling priority-based search (D-PBS) [10]. In addition, large neighborhood search
(LNS) [11], LNS2 [12] and lazy constraints addition search for MAPF (LaCAM) [13] have
been proposed.

The aforementioned planning algorithms are generally based on fixed graph-based or
grid-based search spaces, where an increase in the size of the search space notably affects the
efficiency of the planning algorithms. For complex environments, where large-scale search
spaces lead to real-time performance challenges, sampling-based search methods such as
rapidly exploring random trees (RRTs) [14] and probabilistic road maps (PRMs) [15] have
been introduced into the study of multi-robot path planning, replacing grid-based search
methods in the low-level search. These sampling-based MRPP methods can effectively
improve planning efficiency, but they also come with inherent uncertainties and require
lengthy sampling and optimization processes.

Additionally, enhanced search-space models, including the generalized Voronoi dia-
gram (GVD) [16,17], have been developed and utilized in both single-robot and multi-robot
path planning scenarios. The main strategy is to adopt a small-scale skeletonized topologi-
cal structure as the search space for planning or to guide subsequent path optimization.
However, the issue with such methods is that they potentially omit information about
accessible areas or confine paths to certain key regions of the original map [17].

To overcome the dimensional explosion and efficiency degradation that plague state-
of-the-art multi-UAV path planning methods in complex scenarios, this paper proposes
a novel planning framework based on locally refinable channel graph (LRCG), which
enhances planning efficiency from the perspective of search-space modeling. In the LRCG,
the accessible region of the environment is stored as refinable channel edges, with little loss
of accessible area compared to the original grid map. Meanwhile, considering the situation
where multiple UAVs move in the same local area, the channel edges can be refined into
multiple sub-path edges to effectively utilize the accessible region so that the planned path
is not limited to the center of the channel to avoid collisions. Simulations demonstrate
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the efficiency advantage of the proposed method over existing methods and its enhanced
robustness over sampling-based methods. The contributions of this study are as follows:

1. An LRCG model is established as an improved lightweight and scalable model derived
from the GVD-based road map to represent the accessible region of the occupancy grid
map, and its construction method, channel sub-path homotopy, and local refinement
method are designed.

2. Inspired by the search idea of CBS, an LRCG hybrid conflict-based search (LRCG-
HCBS) algorithm is designed on the LRCG model to generate an initial solution
that satisfies the collision avoidance constraints, which includes a three-stage search
algorithm and a conflict-oriented refinement algorithm.

3. Based on the basic procedure of Space-Time A*, a constrained dynamic programming
search (CDPS) algorithm is proposed based on the channel model of the LRCG for
post-processing optimization of the initial paths.

The remainder of this paper is organized as follows. Section 2 reviews the re-
lated research works in the field of multi-UAV path planning. Problem statement is
given in Section 3, which establishes the model of multi-UAV path planning problem.
Section 4 introduces the LRCG model and its construction and local refinement method.
The LRCG-based planning algorithms are presented in Section 5, including the LRCG-
HCBS algorithm and CDPS algorithm. Section 6 presents the results of the simulation
verification. The conclusion of this paper is in Section 7.

2. Related Works

In the field of MVPP and MAPF problems, the distinction among coupled algorithms [18],
decoupled algorithms [19], and hybrid algorithms [4] primarily lies in the construction
of the search space. Coupled algorithms construct a unified configuration space using
the states of multiple agents and employ search algorithms, integer linear programming,
and other methods to explore feasible solutions. On the other hand, decoupled algorithms
plan a set of optimal paths in the single-agent configuration space individually, and design
different conflict resolution strategies to avoid collisions between robots, such as setting
priorities and adjusting robot velocities. Hybrid algorithms, represented by conflict-based
search (CBS) [4] algorithm, establish a search space at the swarm level and incorporate
the conflict resolution strategies. The CBS algorithm divides multi-agent path planning
into a high-level binary tree search and low-level single-agent constrained path planning
and achieves inter-agent collision avoidance by constructing the constraint set. Based on
the CBS algorithm, the ECBS algorithm [5] adopts a focal search method in the search
procedure, which ensures that the obtained solution is within the constant factor range
of the optimal solution. In addition, a CBS-TA algorithm [20] is proposed to solve the
multi-robot collision-free task allocation and planning problem. Among priority-oriented
planning algorithms, the priority-based search (PBS) [8] algorithm guides the path search
process by adjusting the priority relationship between agents to efficiently obtain a feasible
solution. Based on the PBS algorithm, the dueling priority-based search (D-PBS) [10]
algorithm was proposed to solve the multiple nonholonomic robots motion planning
problem in congested environments. Priority inheritance with backtracking (PIBT) [9]
algorithm was proposed to iteratively solve feasible suboptimal paths based on an adaptive
prioritization scheme. Large neighborhood search (LNS) [11] and LNS2 [12] iteratively
resolve path conflicts by repeatedly selecting subsets of conflicting agents and replanning
to obtain conflict-free paths. The lazy constraints addition search for MAPF (LaCAM) [13]
algorithm adopts a two-layer search framework, searching for the configurations and
constraints of agents at the high and low levels, respectively, and can be applied to problems
such as multi-robot motion planning. Han et al. proposed a DDM algorithm based on two
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heuristics, path diversification and optimal sub-problem solution databases [21]. A graph-
attention-network-based method [22] was proposed to solve the large-scale multi-robot
path planning problem. For multi-UAV cooperative path planning, Yang et al. further
modeled the UAV team as a dynamic graph and combined graph neural networks with
proximal policy optimization to capture inter-UAV interactions while improving scalability
in high-density scenarios [23].

In the application scenarios of large-scale maps, planning methods often encounter the
challenge of reduced search efficiency due to the expansive search space. This challenge is
further amplified in multi-UAV missions, where waypoint allocation, path optimization, ob-
stacle avoidance, and workload balance are often coupled in large 3D environments [24,25].
The dynamic constraints of robots render discrete point sequence path, such as those based
on grid maps or graph planning, unsuitable for the task execution of the robots [26,27]. The
planning problem considering the dynamic constraints can be referred to as a multi-robot
motion planning (MRMP) problem.

In the study of planning methods considering dynamic constraints, the main solution
idea is to obtain paths that satisfies the constraints in the path planning method of individ-
ual robots. Le et al. proposed a coordinated expansion method for the motion tree, which
includes a sampling-based constrained motion planning method for an individual robot to
follow the desired path and a multi-path adjustment strategy. Kinodynamic Conflict-Based
Search (K-CBS) algorithm [27] and chance-constrained K-CBS algorithm [28] are proposed,
in which an extension method of sampling-based methods is designed to plan paths that
satisfy both collision avoidance and dynamic constraints. For discontinuity-bounded con-
straints, a multi-robot motion planning method, dbCBS [29], which combines the CBS and
the discontinuity-bounded A* algorithm is proposed. Different from the above-mentioned
planning methods, decentralized multi-robot motion planning algorithms have been pro-
posed, such as decentralized real-time asynchronous probabilistic trajectory planning
algorithm for multirobot teams (DREAM) [30] proposed by Senbaslar et al. For adaptive
UAV data-collection tasks, Westheider et al. proposed a multi-agent deep reinforcement
learning method that used counterfactual policy gradients to learn cooperative informative
path planning under team-size and communication constraints [31].

To address the efficiency problem of large search space, an effective strategy is to
introduce sampling-based methods to multi-robot path planning, such as rapidly exploring
random trees (RRTs) [14,32], probabilistic road maps (PRMs) [3,15,33]. Shome et al. pro-
posed the dRRT* algorithm [32], which introduced a method of constructing road maps
separately for the robots, and achieved asymptotically optimal multi-robot motion planning.
Solis et al. combined PRMs with CBS search and designed the CBS-MP method [3]. An
iterative refinement strategy [34] was proposed to gradually optimize the initial planned
paths. A sampling scheme based on staggered grids [35] was proposed, which could
achieve high-quality near-optimal solutions under finite sampling. In complex urban 3D
UAV environments, Liu et al. integrated task allocation, enhanced ant colony optimization,
and an A*/RRT-based obstacle avoidance module to generate collision-free paths with
reduced flight time and energy consumption [24].

In addition, a variety of improved search-space models have been proposed to solve
planning problems efficiently. Chi et al. adopted the generalized Voronoi diagram model
(GVD) as the representation of the obstacle-free region, designed a feature extraction algo-
rithm to reduce its redundancy, and used the preliminary planned path within the GVD as
the heuristic path for the subsequent sampling-based planning [16]. Aiming at the conges-
tion risk of multi-robot path planning, Fu et al. established a virtual velocity field model
based on the congestion probability field model to guide path optimization [36]. A surplus
topology generation algorithm (STGA) [17] was proposed to generate a global topology
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map based on grid maps, making special modeling for special areas such as narrow straight
roads and crossroads, thus improving planning efficiency and security compared to the
original grid map model. For scalable multi-UAV waypoint planning, Debnath et al. formu-
lated the problem from the multi-traveling salesman perspective and proposed DECK-GA,
which combines dynamic-centroid K-means clustering with a distance-efficient genetic
algorithm to improve cluster stability and global route optimization [25].

3. Problem Statement

In the multi-UAV path planning problem considered in this study, the UAVs are
assumed to operate within a prescribed altitude layer, so their vertical motion is restricted,
and the planning problem is formulated on a two-dimensional horizontal plane. The
environment is modeled as a fixed map with static obstacles, and dynamic environmental
changes, sensing uncertainty, communication delay, and full flight-dynamic constraints are
not explicitly considered in the present formulation. For safety assurance, a safe separation
distance must be maintained between UAVs. Let X c R? be the UAV state space and Xops
the space occupied by obstacles, then the free space is expressed as Xrrgg = X \Xops. Let the
number of UAVs be M and the minimum distance between the UAVs be dpin. The UAVs
are set to have equal velocity. The multi-UAV path planning problem is an optimization
problem of minimizing the total trajectory time across all UAVs, which can be expressed as:

M
min )" ur (%) (1)

i=1

subject to

lpi(o):si/ i=1121~-'/M/ (2)
wl'(TFi):gi/ i=1/2/-~~/M/ (3)
Yi(t) € XereE, te[0,Tx],i=12,..., M, (4)
“'ﬁi([)_l//j(t)nzdmin/ i/jzllzl-”/M/i:’tj/ (5)

where y; : [0, Tr;] — Xrreg represents the planned trajectory of UAV i, and Tf; is the time
of arrival of UAV i. s; € Xprgg and g; € Xprgg are the starting point and the goal point of
UAV i, respectively. yp, : Xy — R* is a mapping from trajectories to trajectory time, where
Xy is the space of trajectory function ;. dmin is the minimum distance between UAVs.

The solution for multi-UAV path planning ¢; can generally be simplified as a finite
sequence of time and position, expressed as

Ti(k):tk/ k:O,l,...,N¢(¢i), (6)
¢i(k):(-xk/yk)T/ k:O/1/"'/N¢(¢i)/
subject to
7:(0) =0, $i(0) =s;, )
7i(Ng(¢:) =Tri, ¢i(Ng(:)) = 8i-

where Ng4(¢;) is the number of path segments. The relationship between the UAV trajectory
and the point sequence can be expressed as

(®)

Yi(t) = (1=06)¢i (k) +0¢;(k+1),t € [1;(k), 7;(k+1)),
0= (t-7,(k)/(ri(k+1) —7;(k)),t € [7;(k), 7:(k +1)),

where k =0,1,...,Ng(¢;) - 1.
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4. Locally Refinable Channel Graph

In this study, we propose a locally refinable channel graph (LRCG) model for
lightweight description of the accessible domain of occupancy grid maps (OGMs). The
locally refinable channel graph model applies the generalized Voronoi diagram (GVD) as
the initial skeleton and establishes the channel graph model through the channel construc-
tion algorithm. After obtaining the initial channel graph, we design a channel sub-path
homotopy structure and a channel refinement method to derive multiple sub-channels
from the initial channel for more efficient path planning.

4.1. LRCG Construction

The construction method of the LRCG first generates a GVD from the occupancy grid
map model, constructs an initial GVD topological graph by extracting key nodes as vertices,
and finally establishes the LRCG model through the channel construction method. The
occupancy grid map used in this process is derived from the original map by applying an
inflation operation to the obstacles, with the inflation radius set to the radius of the UAVs.
The construction of the GVD can adopt an approximate GVD construction method based
on the occupancy grid map [37]. The GVD of a two-dimensional occupancy grid map is
defined as a set of points in Xrrgg that are equidistant from nearest obstacles, denoted
as XGVD-

The initial GVD topological graph extracted from the GVD can be denoted as

Gavp = (Vavp, Egvp),

YVovp=Yoint Y Vrerm = {Vitiz12,. Novo: 9)

Egvp = {Eg$%2)|j1,jz €{L2,...,Nevp} 1 # jz},

where Vgyp and Egyp are the vertex set and edge set of graph Geyp, Ngyp is the number
(j1.J2)
GVD

Viont is defined as the set of points that are equidistant from three or more obstacles and

of vertices, and E represents the edge from vertex j; to vertex j,. The joint vertex set
have multiple adjacent points in the Xgyp. The terminal vertex set Vrgry is defined as
the set of points that have only one adjacent point in the Xgyp. We denote the number of
joint vertex as Njoint and the number of terminal vertex as Nterm. Let Sneigr (X, S) be the
adjacent point set of point x in set §; the vertex set is defined as

Vevp=Vjont YU Vrerm,
Viont={x|x € Xgvp, [SnEIGH (X, XgvDp)| = 3}, (10)
Vrerm={x|x € Xgvp, ISNEIGH (X, XgvD)| = 1}.

The edge between two vertices in the initial GVD topological graph is represented
by a sequence of path points, where the points of the path are elements in Xgyp. Let
Ng(E) represent the number of points of path E; the edge from vertex j; to vertex jp can be
described as a finite point sequence, denoted as

Eg\l/,]éZ) = {xk|k =12,.. -/NE(Eéj;l/éZ))rxk € XGVD }/ (11)

subject to Eg\l,’g) (1) = le,Eé’Q,’é'Z) (NE (E(GJQ,%Z))) =V,
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Based on the initial GVD topological graph, the LRCG can be generated by the channel
construction algorithm proposed in this paper, denoted as

Giree = (Virca, Erree, RSMirca),

Wirea = Vavp,
Eirec = {EE 11, j2 € (1,2, Nireah, 1 # 2},

RSMreg € {0, 1}NLRCG><NLRCG'

(12)

Herein, the vertex set Vi rcg is the same as the initial GVD topology graph vertex set
“Vsvp, the number of vertices N rcg = Ngvp, and RSMjrcg is the edge refinement state
matrix of LRCG, with 0 and 1 representing the unrefined and refined states respectively.
The edge set E rcg consists of channel edge elements constructed based on the edges of
the initial GVD topological graph. We use a sequence of several intersecting circles as the
model of the LRCG channel edge to simplify the description of the accessible neighborhood
of a single edge, as shown in Figure 1a. The channel edge from vertex j; to vertex j, can be
denoted as

E]Eﬁgé) = {C(Xk,rM(Xk)) k= 1121 .. /NE(EinléJé)) }r (13)

where ry(x) is the Euclidean distance from point x to the nearest obstacle, and C(x,r) is a
circle with x as center and r as radius. We define the circle with x as the center and ry(x) as
the radius as the maximum free-neighborhood circle, denoted as Cy(x) = C(x, rm(X)).

. Path Point

[] Joint vertex Terminal vertex [_| Channel path point | | Channel free space

l (c3) Chndidate
| PPoints
} (NlextStep
S ! T o
i ArM(x\k) XA, (xk) / Aty (Xt )w }l/
f /I r.M (Xk+1) /
,,,,/& /7| Selected =" X

Cz;nd_l(iate Channel I;\l ekt Point Channel
oints Path Point "k /T NEXT (X Path Point

(c1) Original | (c2)

Channel
Path Point "k

Figure 1. Channel model of the LRCG. (a) LRCG model of an occupancy grid map. (b) Channel
construction and free-space model of the LRCG. (c1-c3) Iterative process of channel construction.
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To simplify the original edge paths in the initial GVD topological graph and accel-
erate the path searching and optimization, we design a channel construction algorithm
to construct the edges of the LRCG in (13), as shown in Figure 1b,(c1-c3). Define the
simplification coefficient A € (0,1]. The starting point of the original path V}, is set to the
first point of the simplified path x;. The next point selected from the current point x; on the
edge of the initial GVD topological graph must satisfy the requirement that the distance
between the two points is greater than Arp(xx), the next point lies within the maximum
free-neighborhood circle of the current point, the maximum free-neighborhood circles of

the two points intersect, and the common chord intersects the line segment connecting

(J1.J2)

VD be denoted as E; then, the above condition can be

two points. Let the original path E
summarized as

{ Ik = E)lly 2 max{an (xe), 73y (060 = 2B}, 14

lIxi = E(m)l2 < rm(xx)-

Herein, the simplification coefficient 1 is used to control the number of points retained
in the simplified path. A larger value of A leads to stronger path simplification, thereby
reducing the number of path points and improving the computational efficiency of path
planning. When A is smaller, more path points are retained, and the free space in the
path neighborhood can be represented more completely. Therefore, A mainly determines
the trade-off between search-space simplification and the preservation of environmental
geometric information. The next point is selected as the nearest point that satisfies the
above conditions, as shown in Figure 1c2. Let Ig(E, x) be the point index of x in path E,
then the next point selected is expressed as

Fnext(X) = E(min{n|n is subject to (14),n > Ig(E, Xx) }) (15)

The above search process is executed repeatedly until the end point V}, is within the
maximum free-neighborhood circle of the current point x. The iterative process can be
described as

X1 = Vj
o = Fnext(x),  if]jxi = Vi, > rv(xc), (16)
kel = Viys ifok - V]-2||2 < rm(xx) and exit.

The LRCG model generated from an occupancy grid map and its edge channel model
are shown in Figure 1. For the same edge, the constructed channel edges with two vertices
as starting points are different. We choose the one with the larger neighborhood free-space
area as the channel edge between the two vertices.

4.2. LRCG Channel Sub-Path Homotopy

To make the LRCG represent the free space more finely, we design a channel sub-path
homotopy model for edges of the LRCG, which expands the original centerline path of the
channel into a class of augmented sub-paths.

According to condition (14) of the channel construction algorithm, the common chord
and the line segment connecting the centers of two adjacent circles intersect. For two
intersecting circles C; = C(x1,r1) and C; = C(xp,r2), the left and right endpoints of the
common chord are recorded as ¢1.(C1, C2) and @r(Cy, C2), where we set the left and right
endpoints to the left and right of the vector from x; to x,, respectively, that is, X1%5 X

X X1X3 ioinal channel 1 72) 1t
191L(C1, C2) > 0,x1x2 X X19r(C1, C2) < 0. For an original channel edge E RéG inthe LRCG

from the vertex J; to the vertex J,, the number of its circles is recorded as N = Ng (E&lcjé) ),
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and the sequence of circles is recorded as Cy = C(xx,rm(xk)), k =1,2,...,N. From the
circle sequence, we can get the sequence of common chords of two adjacent circles, and the
sequence of their left and right endpoints is

{ Zik = @L(Ck, Cr1), k=1,2,...,

LN-1,
(17)
zrk = r(Ck, Crs1),k=1,2,... ,N-1

For channel edges, a channel path homotopy Hg{gé) : [0,1] x [0,1] — X is established
to generate the navigable non-crossing sub-paths in the channel. The homotopy parameter
u € [0,1] controls the continuous deformation from the left endpoint path yy(s) to the
right endpoint path y;(s), and the path parameter s traces the intermediate curves. The
homotopic sub-path is constructed by connecting fixed-ratio intermediate points along

each chord and applying linear interpolation, denoted as

H) (u,'5) = 7,(5) = Mis) (1) +1(5) (Mi)41 (1) = M) (1)) (18)

where k(s) is the line segment index of the point on the path, ¢(s) is the local parameter
of the point on the current line segment, and My («) is the endpoint of the path on the kth
chord, denoted as

M (1) = zpx + u(zZrg — Z1k) (19)
k(s)=[(N-2)s]+1 (20)
1(s) = (N =2)s + 1 k(s) @1)

Remark 1. The sub-path in the homotopy defined by (18) is in the free space Xergg, and the
sub-paths do not intersect each other. Two adjacent points on any sub-path My (1), M1 (u) are
located on two adjacent common chords respectively, and the quadrilateral formed by two adjacent
common chords, denoted as (ZxZRrZR k+121,k+1), iS inscribed in the maximum free-neighborhood
circle of a point in the LRCG channel Cy1, thus belonging to the free space Xergg. The line segment
between the two adjacent points belongs to the quadrilateral formed by the common chords, that is,
it belongs to the free space Xergg. Therefore, the sub-path cluster belongs to the free space.

4.3. LRCG Channel Refinement

The predetermined number of sub-paths is denoted as L. The channel refinement
model of the LRCG is divided into two cases for discussion: the sub-path homotopy and
directly adjacent vertices.

4.3.1. Channel Refinement for Sub-Path Homotopy

Considering the case where the number of original path points N > 2, the sub-paths

of the refined channel edge are the elements of the sub-path homotopy H{ﬁéjé), denoted

as { pg[’J)BIh =12,...,L } As shown in Figure 2a, the sub-paths are constructed as point
sequences corresponding to the sub-path homotopy, where the Aith sub-path is
" gy = g (A= k=1
pSUB(k)_HLRlcg; (m,m ,k—1,2,...,N—1. (22)
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The vertex set of the refined LRCG is the union of the original vertex set and the
extended vertex set, and the endpoints of the generated sub-paths are selected as the
extended vertices of the LRCG. The vertex set of the refined LRCG is recorded as

(J1,J2, L) _ (J1,J2,L)

) e @
Ji,Ja, L) _ h h

Vrerng = {pSUB(l)’pSUB(N_ 1)};,:1,2,...;

Herein, we stipulate that the two endpoints of the hth sub-path are numbered
I1(h) = NLreg +2h — 1, I (h) = NiLrcG + 24 in the vertex set respectively. The starting point
and ending point vertices J; and J; of the original edge are defined as the parent vertices of
the sub-path starting point and ending point vertices, respectively.

() Adjacentf (b)
vertices Subpath n(M Adjacent_—
_— P Psus vertices

Adjacent /
— vertices

D Original vertex Original edge

—_— Subpath edge
|:| Expanded vertex

Edge from expanded to original vertex

Figure 2. Channel refinement model of the LRCG. (a) Case where the number of original path points
N > 2. (b) Case where the number of original path points N = 2.

The edge set of the refined LRCG is the union of the original edge set, the edge set
between the extended vertices, and the edge set connecting the extended vertices with their
adjacent original vertices. Between the extended vertices, the sub-path endpoint vertex is
connected to the vertex corresponding to the other endpoint through the sub-path, that
is, there is an edge path between the vertices corresponding to the two endpoints of the
sub-path. The edge set between the extended vertices is

(J1,J2,L) _ (1 (h),I2(h))
Esup = {ELRCG } h=12,...1

’ (24)
(I (h),I2(h)) _ (h) (h)
Erec™ - {C(pSUB(k)’rM(pSUB(k)))}kzl,z,...,Nfl'

The expanded vertex is connected to the adjacent vertex of its corresponding parent
vertex. Based on the path from the parent vertex to the adjacent vertex, the starting point of
the path is replaced from the parent vertex to the extended vertex, and the modified path is
adopted as the edge from the extended vertex to the adjacent vertex, which is expressed as

ERWN = (C(pk), ra(p(K)) Yicra,.. i

(h)
pSUB(l)’ k= 1r
(k) = 2
b O(Eet) 0, k=2, M. (25)

In € Snecr (Vi Viree)\{Vin}, N1 = Ng (Eﬁﬁég>),
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EBUIN — 1e(p(k), ru(p (k) Yicra,.. npr

(h)
Pas(N-1), k=1,
p(k) = { o

(J2,JN) —
OBt (), k=2,...,Na.

In € SneicH (Vi Virec)\{Vi }, N2 = Ng (Eﬁffgcm),

(26)

where SneigH(V, Viree) is the set of adjacent vertices of the vertex V in the original LRCG,
and O(C) represents the center position of circle C.

Remark 2. The constructed edge paths from the extended vertex to the adjacent vertices of its parent
vertex are within the free space Xrrgg. According to condition (14), the path starting point and the
second point are both within the maximum free neighborhood circle of the parent vertex Vy, or Vy,,
the line segment between the two points is also within the free space. And the subsequent part of the
constructed path is maintained, so the overall path is within the free space and is a feasible path.

Then, the edge set connecting the extended vertices with their adjacent original vertices
can be expressed as

gWhl) _ g(hhal) ol alL)

NEIGH NEIGH1 NEIGH2
gWUihaL) _ { g (), IN)
- 4
NEIGHI LRCG IneSnecr (Vi Vireg) h=12,...,L (27)

sWhl) _ { g 2(h),IN)

NEIGH?2 LRCG } IneSneich (Viy, Virea ) h=12,...,.L

In summary, the edge set of the refined LRCG is

J1,J2,L J1,J2,L J1,J2,L
Erre" = Eurca Ve U Eel " 28)

4.3.2. Channel Refinement for Directly Adjacent Vertices

We further consider the special case where the number of original path points N = 2,
that is, the two endpoints of the original path are directly connected by a straight line and
the two endpoints are within the maximum free-neighborhood circle of the other point. In
that case, the sub-path homotopy is reduced to a point sequence, which is the equal-division
points of the common chord, as shown in Figure 2b, denoted as {v(h) |lh=1,2,...,L }, where

SUB
the hth point is
w _L-h k-1

VSUB = mZLl + L 1ZR1. (29)
Taking the above point sequence as the extended vertices, the vertex set of the refined
LRCG is recorded as
(J1.)2,L) _ (J1,42,L)
Virée " = Virce U VepriNe
Ui l) _ {vm) } - (30)
REFINE SUBJ o101

Herein, we stipulate that the ith extended endpoint is numbered 7(%) = N rcg + 7 in
the vertex set.

Different from the case where sub-paths exist, the edge set of the refined LRCG consists
of the original edge set and the edge set between the extended vertices and the adjacent
original vertices and does not include the edges between the extended vertices. Since
the extended vertices can be directly connected to both endpoints of the refined edge,
the extended vertices are connected to the adjacent vertices of the two origin vertices. The
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construction method of the edges is the same as the case where sub-paths exist, which is
expressed as

Efred™ = {C(p (k) ra(p (kD)) Yk, wys
Ve k=1,
p(k) = (J1,IN) (31)
O(ERt (b)), k=2,
In € Snecr(Va, Viree)\{Vin}, N1 = Ng (E&%JGN)),
Efred™ = {C(p (k) r(p (kD) Yk, v
e k=1,
p(k) = (J2,0N) (32)
O[S (), k=2,..., M.
In € SneicH (Vi Virea) \{Vi }, Na = Ng (E{QC’(?))
Then, the edge set of the refined LRCG can be expressed as
(JiJ2,L) _ (JiJ2,L) | | o(J1,d,L)
ElréG = Girec Y Egich Y ENElGHn 1
gl _ {E(l(hwm}
NEIGHI1 LRCG JN ESNEIGH ( le !(VLRCG)Ihzlle' ..,L’ (33)

glhlL) _ { E(I(h»m)}
NEIGH2 LRCG IneSneicr (Vi Vireg) h=1.2,...,.L

5. LRCG-Based Multi-UAV Path Planning

To solve the multi-UAV collision-free path planning problem, this paper designed
a planning framework based on the design of LRCG and its channel refinement model.
The LRCG-based planning framework consists of an LRCG hybrid conflict-based search
algorithm, a dynamic-programming-based channel path constraint optimization algorithm,
and an LRCG shortcut-path embedding algorithm, which are used for initial solution
generation, post-processing optimization, and search-space preprocessing, respectively.

5.1. LRCG Hybrid Conflict-Based Search

An LRCG hybrid conflict-based search algorithm (LRCG-HCBS) is established to plan
an initial set of multi-UAV paths that meet the requirements of collision and obstacle
avoidance. The core principle of the LRCG-HCBS algorithm is similar to that of the CBS
algorithm, which is to maintain the constraint set of each UAV through a two-layer search
framework and plan of the constrained paths of each UAV to achieve overall collision
avoidance. In the two-level search framework, the high-level search adopts a binary tree
search method named constraint tree (CT), and the low-level search adopts a graph-based
constrained search method. The LRCG-HCBS algorithm uses the initial and refined LRCG
as the search space, unlike the static graph in the CBS algorithm. The planning algorithm
includes the conflict detection, constraint generation based on conflicts, and constrained
path planning for the UAVs.

As a basis, the definitions of conflicts, constraints and constraint trees in the LRCG-
HCBS algorithm are similar to those of the CBS algorithm:

(1) Conlflict: The conflict between UAVs is represented as the conflicting parts of the
trajectories of the two UAVs and the sequence of vertices of the LRCG contained in
the conflicting trajectories, where the trajectory is represented in the form of a discrete
time and point sequence. The conflict can be expressed as

x = (I, I, uc, pve),
uc = {(te, P1x, ¢2,k)}ZjO(MC)r (34)

ave = {(t1k 12,0, vi) ,]jfo(#w),
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where I, b € {1,2,..., M} are the indices of the two UAVs, pc is the conflicting tra-
jectory of the two UAVs, including a time series and the position sequence of the two
UAVs at the corresponding time, and uvyc is the conflicting vertex trajectory, including
the conflicting vertex sequence and the arrival time sequence of the two UAVs.

(2) Constraint: The constraints of path planning of a UAV can be described as the
trajectory and vertex trajectory that need to be avoided, which are expressed by a
sequence of discrete time and points, respectively, denoted as

¢ ={Lyc,y¥vc),
ve = {(t, ¢r) 104, (35)
Yve = {(tx, IVk)}kaOWVC),

where yc and yyc represent the avoidance trajectory and vertex trajectory respec-
tively, and I is the index of the UAV.

(38) Constraint Tree: The constraint tree is the binary search tree structure in the high-level
search of LRCG-HCBS. The node of the constraint tree contains the list of constraints
that the UAV needs to satisfy in the low-level search, the total cost of the planned
paths, and records the LRCG corresponding to the node, denoted as

n=(Gurea, {sx}p5 <), (36)

where ¢ is the node index, and N. is the number of constraints. We denote the
constraint set of the node n as ¢ (n).

The high-level search algorithm of LRCG-HCBS adopts a best-first search manner
based on the constraint tree, as shown in Algorithm 1. A node without path planning
constraints is firstly defined as the root node of the constraint tree, and its corresponding
LRCG is the initial unrefined LRCG. The overall search procedure can be divided into
three stages: exploratory search within the initial LRCG, conflict-oriented refinement of the
LRCG, and conflict-based search based on the refined LRCG, as shown in Figure 3. Initially,
the unconstrained optimal path of each UAV is planned in the exploratory search, and the
conflict set between UAVs is obtained. Different from the CBS algorithm on a static graph,
in the LRCG-HCBS algorithm, an additional conflict-oriented LRCG refinement algorithm
and a replanning process are added to generate a refined LRCG for subsequent search.
In the iteration process, the cost-optimal node on the constraint tree is selected, and the
low-level search method is invoked to plan the path of each UAV under the constraints of
the node and judge the existence of conflicts. New constraints are constructed based on the
conflicts as constraints added to the new nodes derived from the existing node. The above
process of optimal node selection, processing, and expansion of new nodes is iteratively
executed until the low-level planning generates a conflict-free solution.

Stage I: LRCG construction Stage I1: Conflict-oriented Stage I11: Replanning
and exploratory search refinement of LRCG search in refined LRCG
:%,____( Initial path :%, :i,____‘(Replanned path

\
|
|

X

|‘\

N

Conflict

e Y

Channel L Refined : Refined <
centerline " S~__ LRCG LRCG /S
= Channel - - ’ S|

-- free space - - ==

Figure 3. Three-stage search procedure of LRCG-HCBS.
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Algorithm 1 High-level search of LRCG-HCBS

Require: Initial LRCG G rcg, starting point set {si}?;ll, goal point set {g; }f‘\;’l' minimum distance

between UAVSs dpin
Ensure: Planned paths {l//i}?;l 1
1: Define the root node and add it to the constraint tree:
2:n©® <gL((1)<)CG'®>'g£(I)<)CG < GLreG, CT < {n(o)}'
3: while CT # 0 do
4: Choose the min-cost node ¢* from CT
5 fori=1,2,...,M do
6 Plan the constrained path for a single UAV: y; « LowLevel(QI(JIq{gG, n(@), Si, g,-),
7.  end for
8:  Construct the conflict set between UAV paths: x ConﬂictDetect({z,bi}?;Il)
9

: if x = 0 then
10: return {wi}?;ll.
11:  endif . .
12:  Refine the LRCG based on the conflicts: QNIE%C)G «— ConflictOrientedRefine (g{%c)c, 7().

13:  Replan the paths in updated LRCG (lines 5-11)

14:  Select a conflict y € x.

15:  Construct the constraints ¢y, ¢ for UAVs I3, Ip.

16:  Define two child node iy, fip « n(4").

17:  Add new constraints to the child node constraint sets:
mc(hy) = ﬂc(nw*)) V¢, me(fip) = ﬂc(n(q*)) U ¢

18:  Add child nodes to the constraint tree: CT < CT U {fiy, fip}.

19: end while

5.1.1. Low-Level Search

The low-level search algorithm uses the Space-Time A* algorithm [38] as the skeleton
algorithm and the LRCG as the search space to generate UAV trajectories that meet the set
dynamic obstacle avoidance constraints. In the low-level search of LRCG-HCBS, Space-Time
A*is conducted on the LRCG by representing each state as an LRCG vertex with an associated
arrival time. The node expansion includes waiting at the current vertex for a fixed duration
and transferring to adjacent vertices. The traversal time between two adjacent vertices is
calculated as the length of the corresponding path segment divided by the UAV motion
velocity. During the search, feasibility is checked according to the safe separation constraint
between path segments over the corresponding time interval. Therefore, unlike standard
MAPF implementations that rely mainly on vertex and edge conflicts, our Space-Time A* uses
distance-based conflict checking to determine whether a candidate transition is valid.

5.1.2. Conflict Detection

In the conflict detection algorithm, the planned trajectories of the two UAVs to be
detected are expressed in the form of time and point sequences. The union of the time
sequences of the two trajectories is used as the detection timestamp set. The positions of
the two UAVs at each timestamp in the timestamp set are checked to see if the minimum
distance constraint is satisfied. The earliest and latest timestamps are selected from the set
of conflicting timestamps to form the conflicting time period and trajectory. In addition,
in the LRCG-HCBS algorithm, the conflicting vertex trajectories, i.e., the set of vertices that
the two UAVs simultaneously pass through on the conflicting trajectory, are calculated for
the subsequent LRCG refinement.

5.1.3. Conflict Resolution

In the conflict resolution process, for the conflicting trajectories of the two UAVs, con-
straints are constructed for the two UAVs to avoid the trajectory of each other. The newly
constructed constraints are added as constraints in two new child nodes derived from a node.
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5.1.4. Conflict-Oriented LRCG Refinement

The main goal of the conflict-oriented LRCG refinement algorithm is to avoid conflicts
by replanning in the refined graph and reduce the number of nodes in the constraint tree.
Among the edges corresponding to vertex trajectories of the detected conflicts, the edges
whose preceding and succeeding vertices are both initial vertices of the LRCG and have not
been refined are selected as the edges to be refined. The number of conflicts on each edge
of the initial LRCG is counted, which is used as the predetermined number of sub-paths for
edge-channel refinement. Edges with no detected conflicts, i.e., with a conflict count of 0, are
not refined. For each edge with detected conflicts, the predetermined number of sub-paths for
edge-channel refinement is set equal to the number of conflicts associated with that edge and
not less than 2. Finally, the edge channels of LRCG are refined according to the predetermined
number of sub-paths. The overall process is shown in Algorithm 2.

Algorithm 2 Conflict-oriented refinement of LRCG-HCBS

Require: Initial LRCG Gy rcg, conflict set x
Ensure: Refined LRCG Girce
1: GLRCG < GLRCG
2: Initialize the conflict count matrix:
CCM « OQNircgXNircG
: for y € x do
mve = mye(x)
fork=1,2,...,Ny(uvc) —1do
Update conflict count:
CCM | Ivk, Iv(ks1) | = CCM[1vk, Ivksny | +1,
CCM [ Iy (xs1), Ivi ] = CCM [y k1), Ivi ] +1,
7. end for
8: end for
9: for j1 =1,2,...,Nireg — 1 do
10:. forjo=j1+1,j1+2,...,NircG do
11: if CCM|j1, j2] # 0 then

AN L

12: Refine conflicting and unrefined edge:
5 5 (j1,72,CCM[ 1, j2]+1
GLrReG — QISIIQCJCZJ Lj1j21+1)

13: end if

14:  end for

15: end for

5.2. Constrained Dynamic Programming Search Optimization

Based on the initial path satisfying the collision avoidance constraints obtained by the
LRCG-HCBS algorithm, this paper proposes a constrained dynamic programming search
algorithm (CDPS) for post-processing optimization of the paths.

During the post-processing of multi-UAV paths, a path that has not been post-
processed is randomly selected as the object of post-processing, in which the paths of
other UAVs are used as dynamic obstacles to be avoided. The above random selection and
optimization are iteratively performed until the paths of all UAVs are optimized.

5.2.1. Multi-Layer Optional Point Graph

In the CDPS algorithm of a single path, the path optimization problem in the free space
is transformed into a graph-based constraint search problem. A multi-layer optional point
graph is established based on the LRCG model as the search space, where the vertex set of
the graph is a multi-layer path point set in the free space, and the straight line segments
between the path nodes of adjacent layers are in the free space XrrgE.

From the initial planned path, after filtering the repeated points in the planned path,
the maximum free-neighborhood circle sequence of the path points can be obtained, which
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is recorded as piniT = {Cr = C (X, rM(xk))}i\g’l(mN”), where Np(pinit) is the number of path

points. An optional point set for constrained dynamic programming search is established as
OPS = {OPL;, OPL,, . .., OPLy, }, where Nops is the layer number of the optional point
set, and OPL; corresponds to the optional point set of the kth layer, and the number of its
elements is M. In the multi-layer optional point set, the starting point and the goal point
are the single points in the first-layer and last-layer optional point sets, respectively. When
two adjacent circles in the circle sequence intersect, the equally divided point set of the
common chord serve as a layer of optional point set; when the two circles are separated,
the centers of the two circles serve as the single points in the single-layer optional point
sets. The construction process of the multi-layer optional point set is shown in Algorithm 3.

Algorithm 3 Optional point set generation of CDPS

Np (piNiT)

Require: Initial path circle sequence pinit = {Cr},

Ensure: Optional point set OPS
1: Add a layer to OPS (starting point):
OPS « (OPLl),OPLl = {Xl},Nst — 1,
2: fork =2,3,..., Np(pNiT)
3:  if Cy, Cx_q intersect
4: Add alayer (common chord equally divided points):

_ L-h h-1 L
OPLnNops < {qn = {421 + 1=12R ),y

z1, = @1.(Ck-1, Ck), Zr = r(Ci-1, Ci),
OPS « (OPS, OPLNOPS)/NOPS «— Nops +1,
5. else
if x;_q ¢ OPSNOPS—l
Add a layer (last circle center):
OPLNOPS — {Xk—l}/
OPS « (OPS, OPLy,), Nops < Nops +1,
end if
9: Add a layer (current circle center):
OPLngys — {xi},
OPS « (OPS, OPLNops)rNOPS «— Nops+1,
10:  end if
11: if k = Np(piNir)
12: if x; ¢ OPSNOPS—l
13: Add a layer (goal point):
OPLNgps < {Xk},
OPS « (OPS, OPLNops)rNOPS «— Nops +1,

14: end if

15: return OPS
16:  end if

17: end for

Remark 3. In the multi-layer optional point set, the straight line segment between any points in two
adjacent layers is in the free space Xrree. When a circle intersects both the front and back adjacent
circles, the straight line segment connecting any two points on the two common chords is inside the
circle and therefore belongs to free space, as shown in Figure 4a. When a circle is separated from the
adjacent circle, the straight line segment between the centers of the two circles belongs to the edge path of
the LRCG, and it is known from Remark 1 and Remark 2 that the line segment belongs to the free space,
as shown in Figure 4b,c. When a circle is separated from an adjacent circle and intersects with another
adjacent circle, the area between the center of the circle and the common chord of the intersecting circle
belongs to the free space, as shown in Figure 4b. In summary, the straight-line connectivity between
adjacent layers in the multi-layer optional points can be proved.
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(b)

Chord
”endpoints

(multiple points)

Figure 4. Multi-layer optional point set model of CDPS. (a) Case where a circle intersects both
adjacent circles. (b) Case where a circle is separated from an adjacent circle and intersects with
another adjacent circle. (c) Case where a circle is separated from both adjacent circles.

After establishing the vertex set of the multi-layer optional point graph, due to the
linear connectivity of the optional points between adjacent layers, it is stipulated that there
are only forward unidirectional edges between the vertices of adjacent layers.

5.2.2. Constrained Optimization

In the constrained optimization, the optimal subsequent path without collision avoid-
ance constraints is initially planned for each optional point based on the dynamic program-
ming method. The sequence of distance matrices between layers in the optional point set
is recorded as {CM; € RMk*Mis }kN:OlP 5~!_Then, the shortest subsequent path length of the
Ik th optional point in the kth layer is recorded as

Nops—1
TIH(k/lk)z mzi\/n Z CMp[lprlpH]/ (37)
{ll’ pglgrsl p=k

and for the final layer, i.e., the goal point layer, 71 (Nops, 1) = 0. The index of the optional
point in the next layer corresponding to the shortest subsequent path of the /th optional
point in the kth layer is recorded as [*(k,lx). In the dynamic programming approach,
for k = Nops — 1, ..., 1, the recursive process can be expressed as

{ l (k/ lk) =arg l=1,g1},r11\4k+1 (UH(k + ]-/ l) + CMk [lk/ l])/ (38)

77H(k, lk) = TIH(k + 1/ l*(k/ lk)) + CMk[lk/ l*(k/ lk)]/

The constrained optimization algorithm based on the multi-layer optional point graph
uses the Space-Time A* algorithm as the skeleton algorithm and the established graph as
the search space. A key improvement in the search algorithm is the criterion for whether
a node reaches the goal node, which is that both the traveled path to the node and the
subsequent optimal path based on dynamic programming satisfy the constraints, rather
than requiring the node to reach the goal node, as illustrated in Figure 5. The purpose
of modifying the arrival criterion is to reduce the number of iterations of the constrained
search, thereby improving the efficiency of the optimization.
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Figure 5. Constrained search and arrival criterion model of CDPS algorithm.

5.3. LRCG Shortcut-Path Embedding

Since the channel center path deviates from the boundary of the accessible region,
the channel center path in the LRCG may deviate from the optimal path in the continuous
space. If this deviation is not handled, it will lead to suboptimal solutions when performing
path search directly on the initial LRCG. To alleviate this problem, this paper proposes a
preprocessing strategy for the LRCG: first, an estimated optimal path is generated for a
single UAV without collision avoidance constraints, named a shortcut path, and the key
information of the shortcut path is embedded into the LRCG structure, thereby augmenting
the LRCG and improving the overall quality of subsequent multi-UAV path planning.

5.3.1. Shortcut-Path Generation

The shortcut-path generation procedure is divided into LRCG-based channel path
search and optimal path estimation for a single channel path. It is worth noting that due to
the difference in channel width, the deviations between different channel center paths and
the corresponding optimal path are also different, which means that the optimal path may
not correspond to the optimal channel center path. Therefore, this paper adopts a bounded
suboptimal search strategy [39], which searches for multiple different suboptimal channel
center paths in addition to the optimal channel center path to avoid losing the optimal
path. For the generated multiple bounded suboptimal channel center paths, we use the
CDPS algorithm proposed in Section 5.2 to construct a multi-layer optional point graph
and estimate the local optimal path corresponding to the channel. Unlike general CDPS,
the shortcut-path generation procedure does not consider the influence of other UAVs, that
is, there is no collision avoidance constraint in the search, and the shortest subsequent path
from the starting point can be directly used as the estimated local optimal path. Among the
estimated local optimal paths generated for multiple bounded suboptimal channel center
paths, the shortest path is selected as the global shortcut path.

5.3.2. Shortcut-Path-Guided LRCG Refinement

To utilize the generated shortcut paths, a path embedding strategy is proposed to expand
the initial LRCG. The expanded vertex set is the path points on the shortcut path that can
be directly connected to the original LRCG vertex point. The straight connectivity depends
on whether there is an obstacle between the two points, that is, whether the path point is
within the maximum neighborhood circle of the original vertex point. The expanded edge
set is composed of the shortcut path segmented by the expanded vertex and the straight line
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segments between the shortcut-path points and the original vertices, as shown in Figure 6.
After completing the above path embedding, the expanded LRCG is used as the basis for the
LRCG-HCBS algorithm and the CDPS algorithm to complete the subsequent path planning.

@

Starting point - -

Optimal channel

hl Suboptimal
center patl channel path
Local optimal | Local optimal
path path
\? .
Search space
]
rrrrrrrrrrrrrr Goal point

and vertices

Figure 6. Shortcut path estimation and embedding. (a) LRCG-based bounded suboptimal path
planning and local optimal path estimation. (b) Expansion of LRCG in shortcut-path embedding.

6. Simulations

The LRCG-HCBS path planning algorithm and CDPS post-processing optimization
algorithm proposed in this paper were integrated and verified in simulations based on the
Robotics Operating System (ROS) environment. The simulations were performed on an
Intel i7-11800H CPU with 2.3 GHz and 32 GB of RAM.

To validate the effectiveness of the proposed method, three multi-agent pathfind-
ing algorithms, including priority-based search (PBS), large neighborhood search (LNS),
and conflict-based search (CBS), were adopted as benchmark methods, all of which employ
occupancy grid maps as the path search space. Additionally, CBS-MP, a multi-robot path
planning approach based on probabilistic road maps (PRMs), was included as another
benchmark. The implementation details of these benchmark methods are as follows:

(1)  PBS [8]: The algorithm employs a two-level priority constraint search framework. The
high level searches over priority orderings among agents, and the low level invokes
safe interval path planning (SIPP) to plan paths sequentially from high to low priority,
with higher-priority paths treated as dynamic obstacles for lower-priority agents.

(2) LNS[11]: The algorithm starts from an initial feasible solution and iteratively applies
destroy-and-repair operations, i.e., selecting a subset of agents for path replanning
and replacing the current solution with an improved solution, yielding an optimized
set of paths. The underlying path planning also uses the SIPP algorithm.

(8)  CBS [4]: The algorithm employs a two-level spatiotemporal constraint search frame-
work. The high level detects and resolves conflicts among agents in a constraint tree,
while the low level independently plans the shortest path for each agent subject to
the given constraints. The high level branches by adding spatiotemporal constraints
to resolve conflicts, iterating until a conflict-free optimal solution is found.

(4) CBS-MP [3]: The algorithm differs from the above-mentioned grid-based search
methods. Each agent maintains its own probabilistic road map as the search space,
and a CBS-like hierarchical framework is adopted for spatiotemporal constraint
handling and path search.

The proposed LRCG-based planning method and the four benchmark algorithms
were all implemented in Python 3.8. In this study, the total path time was adopted as the
primary metric for evaluating path quality. This choice is consistent with the objective
function in Equation (1), which minimizes the cumulative travel time of all UAVs, and is
also commonly used in related multi-agent path planning and multi-UAV path planning
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studies to measure the overall motion efficiency of a planned solution. Compared with
local geometric indicators, such as path smoothness or clearance, total path time directly
reflects the global efficiency of the multi-UAV mission under the same planning objective.

In the simulations, the minimum avoidance distance with other UAVs was set to
dmin = 0.5 m. The maximum translational velocity of the UAVs was set to 1 m/s. Two
occupancy grid map scenarios with different obstacle densities were built for multi-UAV
path planning simulations, and their quantitative environment statistics are summarized in
Table 1. In two multi-UAV path planning tasks, there were one and two pairs of UAVs (two
UAVs and four UAVs) starting from two points that were symmetrical about the center
point to reach each other’s starting point. The number of path replanning iterations in the
LNS was set to 10. In CBS-MP, Ny denotes the predestinated number of sampled vertices
in individual PRM of each agent, where each vertex represents a valid configuration and a
larger Ny corresponds to a denser roadmap representation. The value of Ny was set to 500.

Table 1. Quantitative statistics of the test environments.

Metrics Scenario 1 Scenario 2
Map size 300 x 300 cells, 15 x 15 m
Free-space ratio 0.6417 0.7514
Obstacle density 0.3583 0.2486
Corridor width range [0.8 m, 2.8 m] [1.4m,4.9m)]

The planned paths of the methods in the simulations of two planning tasks and
two scenarios are illustrated in Figure 7. The comparison of the planning time and total
path time corresponding to the four methods in the simulations is shown in Table 2.
These comparisons demonstrate that although the path time of the LRCG-based planning
algorithm is similar to that of PBS, LNS, and CBS, and slightly weaker than that of CBS-MP,
the LRCG-based planning algorithm shows a significantly reduced planning time compared
to the benchmark methods. The planning time of the LRCG-based planning algorithm is
13.0-31.5% of PBS, 3.5-14.5% of LNS, 9.3-30.0% of CBS, and 22.2-51.2% of CBS-MP.

Table 2. Performance comparison of the algorithms in simulations.

Algorithms
Metrics Tests

PBS LNS CBS CBS-MP LRCG

Scenario 1 2-UAV 3.77 13.38 3.73 2.28 1.12

Planning  Scenario 1 4-UAV 14.85 32.19 18.55 9.13 4.67

time (s) Scenario 2 2-UAV 6.61 24.89 9.27 3.87 0.86

Scenario 2 4-UAV 18.41 57.21 14.76 9.03 2.65

Scenario 1 2-UAV 41.36 41.54 41.31 40.96 41.22

Total path  Scenario 14-UAV 81.77 84.27 81.67 81.68 82.56
time (s) Scenario 2 2-UAV 41.60 41.60 41.51 39.58 40.39
Scenario 2 4-UAV 83.23 83.23 83.15 79.31 83.12

To verify the effectiveness of the LRCG-based planning algorithm in planning a large-
scale multi-UAV system, we designed a task in which eight UAVs started from the edge
of the map and reached the starting positions of other UAVs on the opposite side. The
planned paths are shown in Figure 8(al-a5), and the performance comparison is shown in
Table 3. The variation in the minimum distance between UAVs are shown in Figure 8(b1-
b5), which meets the requirements of the minimum avoidance distance. It can be seen
that the LRCG-based planning algorithm can adapt well to the needs of large-scale path
planning and has better real-time performance without significantly losing path quality.
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Table 3. Performance comparison of the algorithms in 8-UAV simulations.
Algorithms
Metrics
PBS LNS CBS CBS-MP LRCG
Planning time (s) 712.26 104.30 1310.56 108.29 38.90
Total path time (s) 145.76 151.29 145.04 150.09 153.03
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Figure 7. Simulation planned paths of multi-UAV path planning. Each column corresponds to one
algorithm (PBS, LNS, CBS, CBS-MP, and LRCG), and each row corresponds to the same comparison
group. (al-a5) Planned paths of 2-UAV test in scenario 1. (b1-b5) Planned paths of 4-UAYV test in
scenario 1. (c1-c5) Planned paths of 2-UAV test in scenario 2. (d1-d5) Planned paths of 4-UAV test in

scenario 2.
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Figure 8. Simulation planned paths and inter-UAV distances of 8-UAV path planning with PBS,
LNS, CBS, CBS-MP, and LRCG. Each column corresponds to one algorithm (PBS, LNS, CBS, CBS-MP,
and LRCG), while the first row (al-a5) shows the planned paths and the second row (b1-b5) shows
the variation in minimum inter-UAV distances. (The blue dashed lines indicate the safety distance.)

In the simulations, we conducted 16 sets of random-point experiments for varying
numbers of UAVs and compared the planning time and total path time, as illustrated
in Figure 9; the circular points in the box plots indicate statistical outliers. The LRCG-based
planning algorithm demonstrates a more pronounced reduction in planning time as the

number of UAVs increases.
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Figure 9. Box plots for the performance comparison between LRCG-based algorithm and the CBS-MP
with a varying number of UAVs in simulations (16 samples). (a) Planning time comparison. (b) Total
path time comparison.

Further comparative simulations were conducted between the LRCG-based planning
algorithm and the CBS-MP with varying parameters. For the same set of starting points
and goal points, the predestinated number of vertices of the initial PRM in the CBS-MP
was changed, multiple-path planning was performed considering the randomness of
CBS-MP, and the results were compared with the results of the LRCG-based planning
algorithm. In the simulation, comparisons of planning time and total path time are shown
in Figure 10(al,b1,a2,b2), respectively. It can be seen that a more refined PRM of CBS-MP
produces shorter planned paths, but it also leads to an increase in planning time. Compared
with CBS-MP, the planning time required for obtaining a path of basically the same quality
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by the LRCG-based planning algorithm is significantly shortened, demonstrating a higher
planning efficiency. In contrast to the random sampling method utilized in CBS-MP,
the LRCG-based planning algorithm demonstrates superior stability in both planning
efficiency and performance outcomes.
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Figure 10. Performance comparison between LRCG-based planning method and the CBS-MP
with varying parameters in simulations (16 samples). (al,a2) Comparison of 2-UAV planning test.
(b1,b2) Comparison of 4-UAV planning test. (The black dashed lines indicate the metrics of LRCG-
based planning method.)

To verify the impact of the simplification coefficient A on the performance of the plan-
ning algorithm, we conducted multiple multi-UAV path planning simulation experiments
on the LRCG-based planning algorithm under different A values. The corresponding plan-
ning time and total path time are shown in Figure 11a,b, respectively. The results show
that, under the tested simulation settings, as A increases, the overall planning time shows
a downward trend, while the total path time is only slightly affected. This indicates that
A can be used to adjust the computational efficiency of the algorithm while maintaining
solution quality in the tested scenarios. It should be noted that a suitable value of 1 may
depend on the map structure, obstacle distribution, and task congestion level.

An ablation study was conducted to evaluate the contribution of the LRCG-based
planning framework. Two ablation variants were considered:

(1) LRCG-NSE: This variant removed the shortcut-path embedding (SE) process in the
LRCG method, while retaining the subsequent LRCG-HCBS path search and CDPS-
based post-processing.

(2) LRCG-NPP: This variant removed the CDPS-based post-processing (PP) process
and directly used the result of LRCG-HCBS as the final solution.
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Figure 11. Box plots for the performance comparison between LRCG-based planning method with a
varying simplification coefficient in simulations (16 samples). (a) Planning time comparison. (b) Total
path time comparison.

Multiple random task instances were tested in the four-UAV scenario. For each abla-
tion variant, the planning time and total path time were normalized by the corresponding
result of the complete method, as shown in Figure 12. The relative total path time shows that
removing either the shortcut-path embedding process or the CDPS-based post-processing
process increases the total path time, indicating a degradation in solution quality. These re-
sults verify the effectiveness of shortcut-path embedding and CDPS-based post-processing
in improving the planned paths.

To evaluate the influence of the random processing order in the post-processing stage
of the LRCG-based planning method, we conducted repeated experiments under the same
input conditions. For the two-UAV, four-UAYV, and eight-UAV test scenarios, the planning
process was repeated multiple times. The normalized planning time and normalized total
path time are shown in Figure 13, where the results in each scenario are normalized by
the corresponding mean value over repeated runs. The relative variation in planning time
remains within 10%, while the variation in total path time remains within 0.5%. These
results indicate that the final path quality is highly stable, demonstrating that the proposed
method is insensitive to the random order used in the post-processing stage.
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Figure 12. Box plots for the performance comparison between LRCG-based planning method and
its ablative variants in simulations (16 samples). (a) Planning time comparison. (b) Total path
time comparison. (The black dashed lines indicate the metrics of LRCG-based planning method.)
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(16 samples). (a) Planning time. (b) Total path time. (The black dashed lines indicate the mean
values.)

7. Conclusions

In this paper, we proposed the LRCG model and its channel refinement model to de-
scribe the accessible space of the environment using a lightweight data structure. Building
upon the LRCG model, we developed the LRCG-HCBS algorithm and the CDPS algorithm
to address multi-UAV path planning and its subsequent optimization. Simulation and
experiment results demonstrated that the LRCG-based planning algorithm outperformed
existing approaches in terms of path planning efficiency. For practical deployment, consid-
ering unexpected dynamic obstacles in real-world mission scenarios, local motion planning
methods can be adopted to avoid risks, with the global planning path obtained by the
LRCG-based planning algorithm as a reference. Future work will focus on applying the
LRCG model to multi-UAYV task allocation and scheduling in complex environments.
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