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Distributed Multi-Vehicle Task Assignment and
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Gang Xu , Xiao Kang, Helei Yang , Graduate Student Member, IEEE, Yuchen Wu ,

Weiwei Liu , Junjie Cao , and Yong Liu

Abstract— This article investigates the multi-vehicle task
assignment and motion planning (MVTAMP) problem. In a dense
environment, a fleet of non-holonomic vehicles is appointed to
visit a series of target positions and then move to a specific
ending area for real-world applications such as clearing threat
targets, aid rescue, and package delivery. We presented a novel
hierarchical method to simultaneously address the multiple
vehicles’ task assignment and motion planning problem. Unlike
most related work, our method considers the MVTAMP prob-
lem applied to non-holonomic vehicles in large-scale scenarios.
At the high level, we proposed a novel distributed algorithm
to address task assignment, which produces a closer to the
optimal task assignment scheme by reducing the intersection
paths between vehicles and tasks or between tasks and tasks.
At the low level, we proposed a novel distributed motion
planning algorithm that addresses the vehicle deadlocks in local
planning and then quickly generates a feasible new velocity for
the non-holonomic vehicle in dense environments, guaranteeing
that each vehicle efficiently visits its assigned target positions.
Extensive simulation experiments in large-scale scenarios for non-
holonomic vehicles and two real-world experiments demonstrate
the effectiveness and advantages of our method in practical
applications. The source code of our method can be available
at https://github.com/wuuya1/LRGO.

Note to Practitioners—The motivation for this article stems
from the need to solve the multi-vehicle task assignment and
motion planning (MVTAMP) problem for non-holonomic vehicles
in dense environments. Many real-world applications exist, such
as clearing threat targets, aid rescue, and package delivery.
However, when vehicles need to continuously visit a series of
assigned targets, motion planning for non-holonomic vehicles
becomes more difficult because it is more likely to occur
sharp turns between adjacent target path nodes. In this case,
a better task allocation scheme can often lead to more efficient
target visits and save all vehicles’ total traveling distance.
To bridge this, we proposed a hierarchical method for solving
the MVTAMP problem in large-scale complex scenarios. The
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numerous large-scale simulations and two real-world experiments
show the effectiveness of the proposed method. Our future work
will focus on the integrated task assignment and motion planning
problem for non-holonomic vehicles in highly dynamic scenarios.

Index Terms— Distributed system, task assignment, motion
planning for non-holonomic vehicles.

I. INTRODUCTION

MULTIPLE vehicle systems are becoming increasingly
popular for research and applications, such as surveil-

lance [1], [2], search and rescue [3], [4], transportation [5], [6],
and delivering packages [7], [8], where a fleet of vehicles
is required to visit several task positions efficiently. Due
to the unparalleled endurance and practical environmental
conditions, non-holonomic vehicles that can not move omni-
directionally are widely utilized in these applications, such as
fixed-wing unmanned aerial vehicles (UAVs) and unmanned
surface vehicles (USVs), where their motion models can be
simplified as the Dubins model [9]. Therefore, implementing
large-scale autonomous non-holonomic vehicle systems is
an inevitable trend. In particular, solving the multi-vehicle
task assignment and motion planning (MVTAMP) problem is
essential [10] for implementing large-scale vehicle systems.
It guarantees that each non-holonomic vehicle can efficiently
select tasks to visit under its limited capacity while ensuring
that it does not collide with other vehicles or obstacles.

Many existing works, like [11], [12], [13], only focus on the
multi-vehicle task assignment without considering the vehi-
cles’ motion planning. Recently, some works [14], [15], [16]
addressed the MVTAMP problem by integrated task assign-
ment and motion planning and considered large-scale systems.
However, these proposed approaches only consider holonomic
vehicles that can move in any direction. Since what is widely
used in real-world application scenarios are non-holonomic
vehicles, this leads to the gap in applications of multi-vehicle
systems. In addition, solving the MVTAMP problem for
non-holonomic vehicles is much more complex than in the
holonomic one due to its more complex constraints. Mean-
while, non-holonomic vehicles often encounter deadlocks due
to myopic local planning, especially in dense environments.

This article aims to resolve the above issues and ensure
the multi-vehicle systems’ practicality in large-scale dense
environments. We first improved the task assignment scheme
quality by introducing a novel review consensus method for
conflict resolution while balancing the computational over-
head. Meanwhile, based on the optimal reciprocal collision
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avoidance (ORCA) concept [17], we consider the non-
holonomic vehicles’ kinematic constraints, collision avoid-
ance, and deadlock challenges in motion planning while
maintaining real-time performances. To the best of our knowl-
edge, this article presents the first comprehensive solution
for simultaneously addressing the above issues in dynamic
large-scale dense environments while verifying the proposed
method in the real world. The main contributions can be
summarized as follows.
• At the high level, we proposed an efficient algorithm,

called the lazy-based review consensus algorithm
(LRCA), to address the multi-vehicle task assignment
problem, where each vehicle can independently compute
its allocation solution by solving an overall objective
function and resolute conflict of allocation solution by a
novel review consensus strategy. The proposed algorithm
can achieve a closer to the optimal assignment solution
and balance the computation cost in large-scale scenarios.

• At the low level, we proposed a novel motion planning
algorithm to solve the multi-vehicle motion planning
problem, where our proposed guidance point strat-
egy (GOS) addresses the vehicles’ deadlock issues, and
an improved Dubins curve overcomes the non-holonomic
vehicles’ constraints. In particular, the proposed method
can quickly solve a feasible new velocity for each
non-holonomic vehicle in dense environments.

• Intergrated the above two points, we presented a hier-
archical distributed method to solve the task assignment
and motion planning problem for multiple non-holonomic
vehicles in dense environments. Meanwhile, enormous
simulations and two real-world experiments demonstrated
the performance advantages and practicability of the
proposed method, respectively.

The rest of the article is organized as follows. Section II
summarizes the related works. In Section III, the problems
investigated in this article are formulated. Section IV presents
the details of the proposed methods and the associated
analysis. Section V demonstrates the performances of our
method by conducting simulation and real-world experiments,
and Section VI concludes this article.

II. RELATED WORKS

This section summarizes the related works of multi-vehicle
task assignment and motion planning.

The multi-vehicle task assignment is a canonical NP-hard
optimization problem, where solving for the optimal solution
is essentially infeasible, except for small instances. Many
approaches have been proposed to solve this problem in cen-
tralized settings. Among them, the Hungarian algorithm [18]
is widely used as a classical method for task assignment,
in which the method can provide the optimal scheme. Besides,
the heuristic-based approaches [19], [20], [21] and auction-
based approaches [22], [23], [24] have also been in the spot-
light as its has proficiently solved task assignment problems
in many scenarios. However, these methods are unsuitable
for large-scale scenarios as they have crucial drawbacks,
especially the computational complexity. Unlike centralized
approaches, although distributed approaches do not provide

optimal solutions for multi-vehicle task assignment problems
in most cases, they have attracted more attention because most
of them can provide computational complexity guarantees.
Among them, auction-based methods [25], [26], [27], [28]
are popular for quickly providing feasible solutions, in which
each vehicle updates the assignment of all tasks iteratively
by receiving bids from its neighbors until all the tasks
are assigned. Recently, the authors proposed a distributed
algorithm [29] by introducing a consensus ADMM (alternating
direction method of multipliers) [30], resulting in the optimal
task assignment. The work [31] addresses the task-level path
planning problem of forest wildfire monitoring in large-scale
dynamic scenarios. However, these methods only address the
task assignment problem in the MVTAMP problem rather than
the remaining motion planning simultaneously.

Notably, some research works have studied the MVTAMP
problem in recent years. In [32], the authors consider this prob-
lem by a Markov decision process (MDP) in an underwater
workspace but fail to consider any obstacles. A reinforcement
learning-based method [33] was proposed to solve the problem
but failed to guarantee collision avoidance in many scenarios.
In [34], the authors integrated the task assignment and path
planning for multi-robot pickup and delivery. It should be
noted that these works only considered the holonomic vehicles.
Several methods take into account the non-holonomic vehicles,
such as [35], [36], [37], [38], [39], [40], and [41]. In [35], [36],
and [37], these works address the MVTAMP problem for the
vehicles of the Dubins model [9]. The work [38] considers
unmanned surface vehicles’ kinematic and dynamic constraints
in solving the assignment and planning problem for rescuing
targets in a complex ocean environment. In [39], a coordinated
method for target assignment and UAV path planning was
developed, where collision avoidance is achieved by reduc-
ing the velocity of the air vehicle. The work [40] modifies
the consensus-based auction algorithm [25] to complete the
dynamic reallocating tasks for robots while making the robots
avoid unexpected obstacles. In [41], a method that combined
the A* [42] and task allocation algorithms was proposed
for search and rescue missions. However, these methods are
unsuitable for large-scale scenarios due to the computational
overhead and deadlocks. Recently, the work [14] presented a
novel method for large-scale multi-robot systems, in which the
method integrated task assignment and motion planning into a
comprehensive optimization problem that aims to minimize the
total traveling cost and potential path conflicts simultaneously.
The work [15] proposed a distributed algorithm based on
a primal decomposition approach to solve the MVTAMP
problem for addressing multi-vehicle pickup and delivery. The
work [43] proposes a novel suboptimal complete algorithm,
TSWAP, that adopts an arbitrary initial target assignment
and then repeats one step of path planning by exchanging
targets. However, these works assume that the vehicle is
holonomic. As a result, deploying large-scale non-holonomic
vehicle systems into real-world applications remains incredibly
challenging.

Unlike the research works above, the method proposed in
this article aims to simultaneously address task assignment and
motion planning for multiple non-holonomic vehicle systems,
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further promoting large-scale non-holonomic vehicles’ appli-
cation in the real world.

III. PROBLEM FORMULATION

In this section, we first describe the non-holonomic vehicle’s
kinematic model. Then, we summarize the formulations of the
task assignment and motion planning.

A. Vehicle Kinematic Model

Considering the applications, such as fixed-wing UAVs and
USVs, in the real world, we simplified the non-holonomic
vehicle’s kinematic constraints using the Dubins model, which
assumes that vehicles have a minimum turning radius and
can move only forward. Let the vehicle’s vector position and
velocity be p = [x, y]T and v = ṗ = [ẋ, ẏ]T , respectivelly,
where (x, y) is its Cartesian coordinates in a global frame.
Let the vehicle’s orientation angle be θ , that is the angle
between the X-axis’s orientation and the vehicle’s heading.
Then, let the vehicle’s linear and angular speeds be v and ω,
respectively. Finally, the non-holonomic vehicles’ kinematic
models are formulated as

ẋ = v cos θ

ẏ = v sin θ

θ̇ = ω. (1)

According to the Dubins model, the kinematic constraints of
the vehicle can be deduced as

|ω| ≤
v

rmin
, (2)

where rmin is the minimum turning radius of the vehicle.
Then, let Ts be the sample time of the computer system

equipped with the vehicle. We discretize the Eqn. (1) as

xk+1 = xk + Tsvk cos θk

yk+1 = yk + Tsvk sin θk

θk+1 = θk + Tsωk, (3)

where ωk is subject to |ωk | ≤ vk/rmin , and [xk+1, yk+1, θk+1]
T

and [vk, ωk]
T are the state qk+1 at the next time and the control

input uk at the current time of the vehicle, respectively. Note
that we regard the vehicle as a circle with a radius r in this
article.

B. Task Assignment Formulation

Let V = {1, 2, . . . , i, . . . m} be the indices’ set of a team
of vehicles that need to orderly complete the assigned targets’
visit, where m is the number of vehicles. Each vehicle can
be assigned maximum L i targets where i ∈ V . Meanwhile,
let T = {1, 2, . . . , j, . . . n} be the indices’ set of n randomly
placed targets in 2-D space. For generalization, we define v j

as the target’s important factor that indicates the priority of
the target j visited by a vehicle. In this article, each target
has the same priority, i.e., v j = 1,∀ j ∈ T . We also denote λl

as the distance discount factor that makes an effort to decrease
the traveled distance needed to visit the target by vehicles, and
λl = 0.95 in this article. Referred to [25], the total reward
value fi (Ti ) of vehicle i visiting the targets in Ti can be

formulated as

fi (Ti ) =

|Ti |∑
j=1

v j λ
d(Path j

i )

l , (4)

where | · | is the cardinality of the list, Ti ⊆ T is the set of
targets that are assigned to the vehicle i in sequence, Pathi

is the initial path of vehicle i generated by Ti , Path j
i is the

sub-path of Pathi formed from the position of vehicle i to
the position of the target j , and d(Path j

i ) is the length of the
sub-path Path j

i .
To achieve the assignment scheme of vehicle i , we add the

unassigned target k to the set Ti . Thus, the marginal reward
ωi (k) of adding target k to Ti can be defined as Eqn. (5).

ωi (k) = fi (Ti ∪ {k})− fi (Ti ) ∀k ∈ T, k /∈ Ti . (5)

Consequently, the marginal reward ωi (k) can be obtained by
combining Eqn. (4) and Eqn. (5):

ωi (k) =

|Ti∪{k}|∑
j=1

v j λ
d(Path j

i )

l −

|Ti |∑
j=1

v j λ
d(Path j

i )

l . (6)

Note that ωi (k) guarantees that the objective function is
a submodular function, which has an essential property of
diminishing marginal reward, i.e., the marginal reward ωi (k)

for a given task k will not increase as the selected tasks (refer
to [25]), ensuring convergence of our method.

Finally, the overall marginal reward function of the task
assignment can be described as

max
|V |∑
i=1

 |Ti |∑
j=1

v j λ
d(Path j

i )

l


s.t. |Ti | ≤ L i ∀i ∈ V

|V |∑
i=1

(
xi j

)
= 1 ∀ j ∈ T, (7)

where xi j = 1 if target j is assigned to vehicle i and 0
otherwise. The constraints indicate that the number of targets
assigned to each vehicle does not exceed its maximum L i , each
target can be assigned to only one vehicle, and one vehicle can
select multiple targets.

C. Motion Planning Formulation

Considering the real-time performance of multi-vehicle sys-
tems, we expanded the ORCA concept [17] for multi-vehicle
motion planning in dense environments. Here, we first intro-
duce the concept of ORCA and clarify its limitations.

We illustrate the ORCA by considering the collision avoid-
ance behavior of two vehicles A and B whose radii are rA

and rB , respectively, where A ∈ V and B ∈ V . As shown
in Fig. 1(a), A and B move to the states qA = [pA

x , pA
y , θA]

T

and qB = [pB
x , pB

y , θB]
T with the velocities vA and vB ,

respectively. Note that the positions of A and B are pA =

[pA
x , pA

y ]
T and pB = [pB

x , pB
y ]

T , respectively. In ORCA, the
velocity obstacle V Oτ

A|B is described as the set of relative
velocities vAB = vA− vB that will lead to a collision between
A and B before time τ . Let D(p, r) be an open disc whose
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Fig. 1. (a) A configuration of two vehicles A and B. (b) The geometric illustration of velocity obstacle with time window τ of A with respect to B. Here,
V Oτ

A|B is calculated by a cone with its apex at the origin (in velocity space) and its legs tangent to disc D(pB − pA, rA + rB), in which an arc of disc
D((pB − pA)/τ, (rA + rB)/τ) truncates the cone, and the amount of truncation depends on the value of τ . (c) The geometric illustration of the ORCA concept
of A with respect to B.

radius is r and center is p. Thus, we can formulate the V Oτ
A|B

as

V Oτ
A|B = {vAB | ∃t ∈ [0, τ ] :: tvAB ∈ D(pB − pA, rA + rB)},

(8)

where the geometric illustration of velocity obstacle V Oτ
A|B is

presented in Fig. 1(b) with the gray area. It indicates that A
and B will collide before time τ if vAB ∈ V Oτ

A|B . Otherwise,
A and B will be collision avoidance with at least time τ .

Subsequently, Let O RC Aτ
A|B be the set of permitted veloc-

ities of A. As shown in Fig. 1(c), the O RC Aτ
A|B can be

formulated as

O RC Aτ
A|B =

{
v |

(
v−

(
vA +

1
2

u
))
· n ≥ 0

}
, (9)

where O RC Aτ
A|B is a half-plane with starting point vA +

1
2 u

and direction n, u is the vector from vAB to the closest point
on the boundary of the V Oτ

A|B , and n is the normal vector
pointing outward of the boundary of V Oτ

A|B .
Considering all neighbors B of A, the feasible velocity set

O RC Aτ
A for A is the intersection of the disc D(0, vmax

A ) and
all half-planes O RC Aτ

A|B , where vmax
A is the maximum speed

of A. Therefore, the O RC Aτ
A can be described as

O RC Aτ
A = D

(
0, vmax

A

)
∩

⋂
B ̸=A

O RC Aτ
A|B . (10)

Then, vehicle A can achieve the optimal new velocity vnew
A at

next time by

vnew
A =


arg min

v∈O RC Aτ
A

∥∥∥v− vpref
A

∥∥∥, if O RC Aτ
A ̸= ∅

arg min
v∈D(0,vmax

A )
max
B ̸=A

dA|B(v), otherwise ,
(11)

where vpref
A is the preferred velocity of A, and dA|B(v) indi-

cates the signed distance of v to the edge of the any half-plane
O RC Aτ

A|B .
Although each vehicle can quickly achieve the feasible

velocity, the ORCA is unsuitable for non-holonomic vehicles
due to the absence of kinematic constraints. In addition, the

ORCA may also encounter deadlock issues, especially in dense
environments. This article overcame these limitations.

IV. PROPOSED METHOD

This section first presents a novel distributed lazy-based
review consensus algorithm (LRCA) to address the
multi-vehicle task assignment. Then, we propose a novel path
generation method named guidance point strategy (GOS)
for addressing the deadlock issues. Finally, we propose a
hierarchical method, LRGO, to simultaneously address the
task assignment and motion planning for non-holonomic
vehicles, which integrated the above-proposed methods with
the ORCA and the improved Dubins curve.

A. Lazy-Based Review Consensus Algorithm

In multi-vehicle task assignment methods, the auction-based
method must resolve the conflict during bids for tasks,
in which maximum consensus strategy is an efficient and fast
method [28]. However, assigning the best task to its highest
bidder in each iteration may not guarantee that the solution is
closer to the global optimal. In this case, assigning this task to
the vehicle with the same best task and a higher global reward
can always lead to the assignment solution closer to the global
optimal. Based on the inspiration, we propose a novel review
consensus strategy for conflict resolution over all tasks.

We first introduce some notations used next. Let Ni be the
unassigned task set of vehicle i and Ti be the ordered task set
that has already been allocated to the vehicle i . Let T be the set
of Ti ; note that each vehicle can update T in each iteration
without communication. In each iteration, we denote j∗i as
the current best task with the highest marginal reward ω∗i for
vehicle i . In addition, we denote �i as the set of marginal
rewards of tasks in Ni . Let Ii be the set of the ID of all
vehicles. Let J ∗i and W ∗i be the set of j∗i and ω∗i of all
vehicles, respectively. Here, we sort the set W ∗i in descending
order, sorting the rest of the sets Ii and J ∗i according to the
sorted W ∗i . In the auction phase, the LRCA is the same as
the LSTA [28], except that the former considers all tasks, and
the last one considers only the tasks in a sample set selected

Authorized licensed use limited to: Zhejiang University. Downloaded on February 13,2025 at 03:16:10 UTC from IEEE Xplore.  Restrictions apply. 



XU et al.: DISTRIBUTED MVTAMP IN DENSE ENVIRONMENTS 7031

with probability p from all tasks. The reader is referred to [28]
for a detailed auction process. After completing the auction
process, the vehicle i shares its ID, the best task j∗i , the
marginal reward ω∗i of task j∗i , and the position pi with all its
neighbors while receiving corresponding information from its
neighbors to enter the consensus phase of conflict resolution.

In the consensus phase, the vehicle negotiates with all its
neighbors to determine who will acquire the current global
best task, where the global best task and vehicle assigned to
this task are denoted as j∗a∗ and a∗, respectively. Then, j∗a∗ is
added to the set Ti if a∗ = i . Meanwhile, the task j∗a∗ and its
corresponding marginal reward are removed from the set Ni

and �i , respectively. We describe the details of implementing
the review consensus strategy in Algorithm 1. In the review
consensus strategy, instead of allocating the best task j∗a∗
directly to the vehicle a∗ with the highest marginal reward,
the other vehicle with the same best task is also considered.
For this, we first find this candidate vehicle b∗ with the
following three conditions: vehicle b∗ has the same best task
as vehicle a∗, vehicle b∗ has been assigned at least one task,
and the difference ε between the highest marginal reward of
vehicle a∗ and the highest marginal reward of vehicle b∗ must
be small enough, empirically with ε being 0.02 in this article.
The above process is presented in lines 1-6 of Algorithm 1.
After finding candidate vehicle b∗, the review consensus strat-
egy first determines whether the line segment formed by the
position of task j∗a∗ and the position of the latest assigned task
of vehicle a∗ intersects a line segment formed by the positions
of two adjacent tasks assigned to the vehicle b∗, where p(∗)

in lines 10-11 is the position of the task ∗. If the above two
line segments intersect, the review consensus strategy assigns
the current best task j∗a∗ to the vehicle that generates the
maximum global reward (see lines 12-19), as shown in Fig. 2.
Otherwise, the review consensus strategy assigns the best task
j∗a∗ to vehicle a∗ for conflict resolution.

B. Analysis for LRCA

LRCA exhibits identical theoretical performance to
LSTA [28] in terms of approximation ratio and computational
complexity. We summarize the performance of LRCA as
follows. The LRCA achieves an expected approximation guar-
antee of 50% for monotone submodular objective functions
while achieving an expected total computational complexity
of O(mn) and individual complexity of O(n2) for each vehicle,
where n = |T | is the number of tasks and m = |V | × |T | is
the number of task-vehicle pairs.

Before analyzing why LRCA and LSTA are entirely con-
sistent in terms of theoretical performance, it is necessary to
explain how the review consensus strategy works. Assume
that the global best task at the i th iteration using the LRCA
is j∗a∗ = 0, which corresponds to the two vehicles with
the highest and second highest marginal rewards, a∗ and b∗,
respectively, like Fig. 2. At this moment, Ta∗ = {2} is the
task set assigned to vehicle a∗, while Tb∗ = {1} is the task
set assigned to vehicle b∗. In the presence of satisfying the
condition stated in line 3 of Algorithm 1, the newly added
segment {p(0), p(2)} if assigning the current best task j∗a∗ = 0
to a∗ (i.e., Ta∗ = Ta∗∪{0} = {2, 0}) intersects with the segment

Algorithm 1 Review Consensus Strategy for Vehicle i
Input: Sorted Ii , J ∗i , and W ∗i
Output: j∗a∗ , a∗

1: j∗a∗ , a∗← the first element from J ∗i and Ii , respectively
2: for j∗b in J ∗i , b in Ii , ω∗b in W ∗i , b! = a∗ do
3: if j∗b == j∗a∗ and |Tb| > 0 and

∣∣ω∗b − ω∗a∗
∣∣ < ε then

4: b∗← b; break
5: end if
6: end for
7: if b∗ is NULL then
8: return j∗a∗ , a∗

9: else
10: Segment1← {p( j∗a∗), p(Ta∗ [−1])}
11: Segment2← {p( jn−1

b∗ ), p( jn
b∗)},∀ jn−1

b∗ , jn
b∗ ∈ Tb∗

12: if Segment1 intersects Segment2 then
13: Reward1← fa∗(Ta∗ ∪

{
j∗a∗

}
)+ fb∗(Tb∗)

14: Reward2← fa∗(Ta∗∪Tb∗ [n :])+ fb∗(Tb∗ [: n]∪
{

j∗a∗
}
)

15: if Reward1 < Reward2 then
16: Ta∗ ← Ta∗ ∪ Tb∗ [n :], Tb∗ ← Tb∗ [: n]
17: return j∗a∗ , b∗

18: end if
19: end if
20: end if
21: return j∗a∗ , a∗

Fig. 2. Illustration for the review consensus strategy. The allocation scheme
within the dashed box indicates the result at the i th iteration. Notably, the top
and bottom figures also depict the final allocation results obtained using the
LSTA and the LRCA, respectively.

formed by the position of b∗ and the position of task 1 (note
that Tb∗ = {1}), as stated in line 12 of Algorithm 1. Then,
the LRCA exchanges the tasks placed after the intersection,
i.e., from Ta∗ = {2, 0} and Tb∗ = {1} to Ta∗ = {2, 1}
and Tb∗ = {0}, respectively, and checks if the total marginal
reward of the allocation scheme after the exchange is greater
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than the one before the exchange, i.e., satisfying the inequality
in line 15 of Algorithm 1, as shown in Fig. 2. If the inequality
is satisfied, the LRCA will adjust the allocation results from
the (i − 1)th iteration to obtain a better assignment scheme
through line 16 of Algorithm 1. Since the proposed method
reviews the allocation result from the (i − 1)th iteration, it is
called the review consensus strategy.

Using the inequality of line 15 of Algorithm 1 as the
determination condition ensures that the results of the previous
iteration are only adjusted if a higher global gain can be
obtained. Therefore, in the worst case, the LRCA provides
the same approximation guarantee as the LSTA. However,
in most cases, the LRCA is superior to the LSTA. Additionally,
since the LRCA only adds conflict resolution from the last
iteration in the consensus phase, it does not change the overall
computational complexity. Therefore, the complexity of the
LRCA is the same as the LSTA. Thus, the proof of the LRCA’s
theoretical performance can refer to the LSTA [28].

C. Guidance Point Strategy for Path Generation

This part describes the proposed guidance point strat-
egy (GOS) that addresses the deadlocks of vehicles in the
ORCA by quickly generating a guided path. In particular, the
GOS does not need the grid map while possessing the ability
of the D* algorithm [44] to handle unknown obstacles.

Let the target position that vehicle i is about to visit be pg
i ,

the next visit position be pn
i (also called the guidance point),

and the current position be pi of vehicle i . Note that before
updating the path Pathi of vehicle i , pn

i equals pg
i . Let N max

i
be the maximum number of neighbors perceivable by vehicle i .
Then, let the sub-path formed by pi and pn

i be Lcn , i.e., Lcn =

{pi , pn
i }. The core idea of the GOS is as follows. Suppose Lcn

intersects with the obstacles around vehicle i . In this case,
the GOS first solves an optimal guidance point in the feasible
area outside the nearest intersecting obstacle while adding it
to Pathi and updating the sub-path Lcn for vehicle i . Repeat
the above steps until Lcn does not intersect with the obstacles
around the vehicle. The critical point of the GOS is how to
solve an optimal guidance point pn

i for collision avoidance
when Lcn intersects with the obstacles around vehicle i . To the
completeness of the GOS, we assume that the obstacles in
dense environments satisfy Condition 1.

Condition 1: All obstacles are either convex obstacles or
obstacles with at most one concave vertex, and at most
N (N < N max

i ) circular obstacles are connected, and all
polygonal obstacles are separated obstacles. Here, we refer
to obstacles close to each other so that the vehicle i cannot
traverse the clearance between obstacles as connected obsta-
cles. In contrast, a separated obstacle means that vehicle i can
pass through the clearance between the obstacles.

Note that this assumption is reasonable, as the above obsta-
cles can describe obstacles of various shapes, such as U-shaped
or other shaped obstacles, in large-scale environments, espe-
cially outdoor ones. Next, we introduce how the GOS works
and present its implementation in Algorithm 2.

We first consider that there is a circular static obstacle ob
with radius rob and position pob in the workspace, closest to
vehicle i among all intersected obstacles with sub-path Lcn of

Algorithm 2 Guidance Point Strategy (GOS) for Vehicle i
Input: pi , pn

i , Neighborsi , Pathi , vehicle i
Output: the collision-free sub-path Lcn

1: while Segment (pi , pn
i ) intersects Neighbor i do

2: for obj in Neighborsi do
3: Inflate obj using Minkowski Sum(obj, vehicle i)
4: if obj is circular obstacle then
5: if obj intersects Segment (pi , pn

i ) then
6: Compute the obstacles connected to obj
7: p∗i ← Compute the guide point by Eqn. (12)
8: Pathi ← Pathi ∪ {pn

i }, pn
i ← p∗i

9: Lcn ← {pi , pn
i }

10: end if
11: else
12: if obj is polygon obstacle then
13: if obj intersects Segment (pi , pn

i ) then
14: p∗i ← Compute the guide point by Eqn. (14)
15: Pathi ← Pathi ∪ {pn

i }, pn
i ← p∗i

16: Lcn ← {pi , pn
i }

17: end if
18: end if
19: end if
20: end for
21: end while
22: return Lcn

vehicle i . In this case, the formulation of solving the guidance
point pn

i can be derived by

pn
i =

{
pob + τu, if ob = ob∗

pob∗ + τu, otherwise,
(12)

where τ is the extension factor, pob∗ is the position of
the connected obstacle ob∗ if it exists, and u indicates the
minimum cost of updating Lcn so that it does not intersect with
the obstacle. Specifically, the ob∗ connects only one obstacle
and is closest to the segment Lcn , and u can be expressed as

u=


(ri + rob)(n | arg min

n⊥Lcn

d(pob+n, Lcn)), if ob = ob∗

(ri + rob∗)(n | arg max
n⊥Lcn

N∑
k=1

∥pobk−pc∥), otherwise,

(13)

where n is the unit normal vector of Lcn , d(pob+n, Lcn) is the
distance from point pob + n to the line passing through Lcn ,
pc = pob∗ + (ri + rob∗)n indicates the potential guidance point,
and ∥pobk − pc∥ denotes the distance from pobk to pc. Now,
we need to consider how to calculate τ . Specifically, if the
obstacle ob belongs to the connected one, τ ≥ 1. Otherwise
τ = 1. Note that τ ≥ 1 ensures that the potential guidance
points are not in the area of other obstacles. Therefore, we can
extend τ incrementally by the radius ri of vehicle i until pn

i is
placed in the feasible region outside these connected obstacles.
Since the number of connected obstacles is smaller than the
number of neighbors perceivable by vehicle i , we can always
obtain the value of τ within constant iterations.
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Fig. 3. The GOS’s geometric illustrations, where the numerical superscripts and subscripts indicate the number of iterations in the first round. (a) In the
separated circular obstacle situation. (b) In multiple connected circular obstacles. (c) In the polygon obstacle situation.

If the obstacle ob belongs to the separated circular one, the
effective pn

i can always be solved Eqn. (13), updating the Lcn

of vehicle i to the collision-free subpath, as shown in Fig. 3(a).
In addition, when the obstacle ob belongs to the connected
one, if vehicle i wants to avoid all these connected obstacles,
pn

i must be outside these connected obstacles in geometry.
It can be expressed mathematically as

∑N
k=1

∥∥pobk − pn
i

∥∥ >∑N
k=1

∥∥pobk − pcandidate
i

∥∥, where pcandidate
i is another candidate

guidance point surrounded by these connected obstacles but
in the feasible region, as shown in Fig. 3(b). This shows that
Eqn. (13) can still find an effective pn

i , such that the Lcn

updated by the pn
i is a collision-free sub-path. We summarize

the above implementation of solving pn
i in circular obstacle

situations in lines 4-10 of Algorithm 2. Notably, line 6 con-
structs connected obstacles’ spatial topological relationship,
putting all the connected obstacles in a set and calculating
how many connected obstacles each.

Then, we consider that a polygon obstacle intersects with
the sub-path Lcn and is closest to vehicle i among all inter-
sected obstacles, as shown in Fig. 3(c). In this case, the
GOS first inflates all the convex vertices of the obstacle to
the vertices of the Minkowski sum of the vehicle i and the
obstacle. Notably, the Minkowski sum can be achieved in
constant time complexity under Condition 1. Let the Vconvex
be the set of inflated convex vertices, and the pvt be a vertex
from Vconvex. In addition, we define the Vopt (Vopt ⊂ Vconvex)

as the vertices set, where any vertex pvt from Vopt satisfies that
both line segments L1 = {pi , pvt } and L2 =

{
pvt , pg

i

}
do not

intersect with the obstacle. At the same time, we denote the
Vsubopt (Vsubopt ⊂ Vconvex) as another set, where any vertex pvt

from Vsubopt satisfies that the line segment L = {pi , pvt } do not
intersect with the obstacle. Thus, we can solve the guidance
point pn

i with Eqn. (14), where d(pvt , Lcn) is the distance from
point pvt to the line passing through Lcn .

pn
i =


arg min
pvt∈Vopt

d(pvt , Lcn), if Vopt ̸= ∅

arg min
pvt∈Vsubopt

d(pvt , Lcn), otherwise .
(14)

According to the conditions of Vopt , we can obtain the pn
i

only through one iteration if Vopt is not empty because
the Lcn updated with pn

i has avoided the obstacle. Otherwise,
we achieve pn

i from the Vsubopt. It should be noted that

Vsubopt is a non-empty set because there must be a vertex
in Vconvex that satisfies the condition of Vsubopt. This shows
that Eqn. (14) can always find an effective pn

i . Lines 12-18
presented in Algorithm 2 summarize the implementation of
solving pn

i in polygon obstacle situations.

D. Analysis for GOS

We first analyze the completeness of the GOS. Under
Condition 1, stated in Section IV-C, if a collision-free path
exists between the pi and pg

i for vehicle i , the GOS will
definitely find a collision-free path.

To demonstrate the completeness of the GOS, we assume
the existence of collision-free paths between pi and pg

i of
vehicle i . Therefore, it is evident that both pi and pg

i must
fall within the feasible region, as shown in Fig. 3. In the
description of how the GOS works in Section IV-C, we know
that the guidance point pn

i found in each iteration is always
valid, which means there is always a collision-free sub-path
Lcn between pi and pn

i . According to the Algorithm 2, the
GOS will check whether the Lcn intersects with obstacles
in each iteration. If an intersection exists, repeat using the
GOS method for updating Lcn until a non-intersecting Lcn

is obtained. Thus, vehicle i travels along Lcn and updates
Lcn when it arrives pn

i . The vehicle i can always reach the
goal position pg

i without collision by moving along each Lcn .
Therefore, the path composed of a series of Lcn must be a
collision-free path from the pi to the pg

i . Therefore, if it exists,
the GOS can always find the collision-free path between pi

and pg
i . In addition, since GOS prioritizes avoiding the obstacle

closest to the vehicle, it guarantees that the collision-free path
obtained by avoiding the closest obstacle is locally optimal.

Then, we analyze the time complexity of the GOS. Accord-
ing to the details described in Algorithm 2, we can derive the
time complexity of solving the guidance point pn

i is O(r),
where r is the number of obstacles perceived by the vehicle.
Since the GOS can always compute the collision-free sub-path
Lcn in constant times, the overall time complexity of GOS
remains O(r). GOS is a lightweight path generation algorithm
that can replace the global D* planner in most common out-
door environments to generate feasible collision-free sub-paths
more quickly, ensuring real-time system performance while
possessing the ability of the D* to handle unknown obstacles.
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Fig. 4. The structure of the proposed hierarchical multi-vehicle task
assignment and motion planning method LRGO.

Therefore, we compare the advantages of GOS by analyzing
the time complexity of the D*. According to the reference [44],
the time complexity for solving the initial global path can be
optimized to O(e + vlogv), where e is the number of edges
connecting adjacent grid cells and v is the number of grid
cells. For the D* to be effective, the size of grid cells must be
smaller than that of the obstacle or the vehicle. Therefore, the
v is more significant than r , resulting in O(e+vlogv)≫ O(r).
Although the D* planner can locally adjust the generated path
to avoid the newly emerged obstacles with a time complexity
comparable to the GOS, it needs to recalculate the path when
the goal position is changed. Therefore, the time complexity
remains O(e + vlogv), making it challenging to guarantee
real-time performance throughout visiting multiple targets.
On the contrary, the GOS can quickly provide a feasible
collision avoidance sub-path for the vehicle, ensuring the
real-time performance of the systems.

E. The Proposed Comprehensive Method

Based on the proposed LRCA and GOS methods, we pro-
posed our hierarchical method named LRGO that integrates
them with the ORCA method and the improved Dubins curve
to simultaneously address the task assignment and motion
planning for non-holonomic vehicles. We present the structure
of the LRGO in Fig. 4. First, each vehicle i solves the task
assignment scheme Ti using the LRCA, resulting in its initial
path Pathi , like in Fig. 4. Note that all vehicles communicate
with each other, share their initial position, and know all
the target positions. Then, according to its current and next
visit positions, each vehicle updates its path with the GOS
to avoid static obstacles. At the same time, we introduce
the Dubins curve [9] for meeting the kinematic constraints
of non-holonomic vehicles. Now, we describe the process of
introducing the Dubins curve as follows. Firstly, we obtain
the current pose and the next terminal pose of vehicle i by
qi = (pi , θ(vi )), and qn

i =
(
pn

i , θ(pn
i − pi )

)
, respectively,

where vi is its current velocity, and θ(·) is the angle of a vector
in the coordinate system. Then, the Dubins path connecting the
two poses can be achieved if the starting circular arc does
not intersect with the static obstacles in this environment.
Otherwise, we choose another sub-optimal turning arc to
generate the Dubins path for collision avoidance with static
obstacles if it exists. We use the ORCA algorithm to achieve
dynamic collision avoidance after achieving the current path
that satisfies the non-holonomic vehicle kinematic constraints.
Repeat the above steps until the vehicle has visited all its
targets and reached the specific ending area.

V. EXPERIMENTAL RESULTS

This section demonstrates the advantages of our method in
large-scale scenarios by conducting simulations and real-world
experiments on an ASUS desktop equipped with the Intel(R)
Core(TM) i7-8700 CPU with 16 GB memory. Here, we first
conducted a simulation to verify the effectiveness of our
method. Then, we combined the state-of-the-art (SOTA)
task assignment methods, including the CBBA [25], the
DSTA [27], and the LSTA [28], with our motion planning
method and compared them with the proposed method, demon-
strating the advantages of our method. All methods in this
article are implemented by using Python. Note that the CBBA
algorithm is from the open-source1 repository. Since there are
no open-source DSTA and LSTA algorithms, we implement
them by referring to the papers [27], [28]. Finally, we also
performed two real-world experiments to verify the validity
and application potential in physical environments.

We consider a potential application scenario where a vehicle
fleet needs to visit a series of threat targets to clear them
and move to a specific ending area. Each threat target is
cleared when its vehicle traverses its position in an allowable
distance deviation. Note that each vehicle cannot collide with
any obstacle and cannot traverse into other threat target areas
assigned to the other vehicle. In contrast, each vehicle will
no longer regard the cleared threat target’s area as forbidden.
We set the parameters of the proposed algorithm as follows for
simulations. Let the max sensing range be Dmax = 1000 m,
let the maximum number of neighbors for each vehicle be
Nmax = 20, and let the time horizon in the ORCA be
τ = 10. In addition, six metrics are given for the performance
evaluation.
• Total Rewards (TR): the overall objective function values

for the rewards of task assignment.
• Total Travel Distance (TTD): the actual total traveling

distance of all vehicles.
• Maximum Angular Speed (MAS): the maximum heading

angle rate among all vehicles during moving.
• Task Accomplishing Rate (TAR): the ratio of the number

of cleared threat targets by vehicles to the total number
of threat targets under a specific time limit.

• Task Assignment Computation Cost (TAC): the computa-
tion time cost for solving a task assignment scheme.

• Average Computation Cost (ACC): the average computa-
tion time cost for solving a new velocity in each step.

A. Simulation Experiments

In this part, extensive simulations are performed to verify
the effectiveness and advantages of our method. To validate the
scalability of our algorithm, we set three groups of parameters
for heterogeneous non-holonomic vehicles that have different
sizes and maximum velocities as follows. The first group
parameters of vehicles are: the radius is r = 5 m, the maximum
number of clearing targets is L = 8, the preferred speed is
vpref
= 6 m/s, the maximum linear speed is vmax

= 8 m/s, the
maximum angular speed is ωmax

=
π
6 rad/s, and the minimum

turning radius is ρmin =
vmax

ωmax . Similarly, the other two groups’

1https://github.com/keep9oing/consensus-based-bundle-algorithm
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Fig. 5. All vehicles’ trajectories cleared targets are presented. Note that the orange square, the blue square, and the green square indicate the starting area,
the task area, and the ending area, respectively.

parameters are set as r = 8 m, L = 10, vpref
= 6 m/s, vmax

= 9
m/s, ωmax

=
π
6 rad/s, and ρmin =

vmax

ωmax , as well as r = 10 m,
L = 12, vpref

= 6 m/s, vmax
= 10 m/s, ωmax

=
π
6 rad/s, and

ρmin =
vmax

ωmax , respectively. Here, each vehicle’s configurations
are determined randomly from the three groups. Each threat
target is cleared when its vehicle traverses its position within
a distance deviation of 3 m. Meanwhile, once the vehicle
collides with other objects in the environment, it no longer
moves.

In the first simulation, 50 heterogeneous non-holonomic
vehicles are placed randomly in a starting area with
0.6 km× 5.0 km. They are required to clear 203 threat targets
with a radius of 50 m located randomly in the task area
with 5.8 km × 5.0 km, which is a dense environment with
rich static obstacles, including circular obstacles with a radius
of 50 m and polygon obstacles with a larger area. Each vehicle
must move to the pointed ending area with 0.8 km × 5.0 km
once it completes all its missions. Note that the ending area
of vehicles completely overlaps with the starting area in
this simulation. The simulation results are shown in Fig. 5
and Table I. All vehicles’ trajectories are shown in detail
in Fig. 5. By inspecting Fig. 5, we can observe that the
deployed vehicles successfully cleared all threat targets. Each
vehicle overcomes the sharp turn caused by the switching
target and plans its U-turn action after clearing its assigned
threat targets. Additionally, Table I presents the metrics results
achieved by our method and the combined LSTA method,
a benchmark in the same scenario for comparison. In Table I,
we can find that our method obtains higher quality than
the combined LSTA method, except for the computational
time in task assignment. Especially, our method reduces the
total traveling distance by over 14 km, significantly saving
energy consumption. Although our method is not as fast as the
combined LSTA method in solving task assignments, it still

TABLE I
COMPARED THE PROPOSED METHOD WITH THE BENCHMARK METHODS

IN SIX METRICS. TTD: km, MAS: rad/S, TAR: %, TAC: s, ACC: ms

meets the real-time performance of multi-vehicle systems.
In addition, the actual angular speed during the traveling of
all vehicles is less than their maximum angular speed, and
the planning method proposed in this paper can calculate a
new velocity within 3 ms. To sum up, these results presented
in Fig. 5 and Table I verified the effectiveness and practica-
bility of our method in a dense environment.

To achieve the quantitative performance evaluation of our
algorithm, we compared our method with the combined
CBBA, the combined DSTA, and the combined LSTA methods
in large-scale scenarios. Note that we do not consider the
combination of the ORCA and our LRCA because using the
ORCA alone in a dense environment always makes vehicles
unable to avoid deadlocks. In addition, we do not compare
our method with the combined D* [44] due to its time
complexity analyzed in Section IV-D, which can not meet
the real-time performance of the multi-vehicle system. The
configurations of the comparison experiments are the same as
the first simulation, except that the starting and ending areas
are at the task areas’ two ends. The positions of vehicles, threat
targets, and obstacles are randomly generated, where the threat
target and the obstacle can invade each other for 5 m. Then,
we conduct 16 group simulations, and each group simulation
is repeated ten times independently, in which the number M
of vehicles is set from 10 to 160. Meanwhile, the number N
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Fig. 6. (a) The normalized total rewards value for targets assignment. (b) The extra traveling distance for all vehicles to clear targets. (c) The actual angular
speed during the traveling of all vehicles and the maximum angular speed. (d) The success rate of clearing threat targets. (e) The computation cost of solving
task assignment solution. (f) The computational time for calculating a velocity solution.

of threat targets is set by N = max(5 × M, 400), and the
number of obstacles is 200, including circular and polygon
obstacles. Note that the maximum number of threat targets is
set due to the limited task area. In addition, if the computation
time for solving a task assignment scheme is more than 600 s,
we think solving the task assignment is a failure. For a clear
comparison, we adjust the metric TR to a normalized metric
342 · TR/TRLSTA with the mean rewards of N = 400 and the
metric TTD to TED to indicate the difference between the
actual total traveling distance and the straight line distance to
the ending area of all vehicles.

Fig. 6 shows the results, where we present the average
values of these six metrics and the standard deviations of
TAC and ACC. From Fig. 6(a), it can be observed that our
method shows the best performance. Note that the approaching
the normalized TR metrics are due to diminishing marginal
gains. However, the benefits of a better allocation scheme
are manifested in terms of saving overall travel distance
and improving the completion rate of tasks, as demonstrated
in Fig. 6(b) and (d), respectively, which showcases the superi-
ority of our LRGO. However, our method has a lower rate of
clearing targets when the vehicle’s number is 150 in Fig. 6(d).
It should be because the vehicle collides with a static obstacle
to avoid other vehicles when they traverse the same narrow
channel formed by multiple obstacles. A similar situation also
occurs in the combined LSTA and DSTA methods when the
number of vehicles is 120. In Fig. 6(c), we can observe that
the actual angular speed during the traveling of all vehicles is
less than its maximum, meeting the non-holonomic vehicles’

kinematic constraints. From Fig. 6(e), it can be observed that
the CBBA can not solve an assignment scheme within 600 s
when the vehicles’ number is more than 70. The LSTA
achieves the best performance in terms of computation cost for
solving task assignment solutions. This is because our method
considers more reasonable conflict resolution, resulting in
more computation time than the LSTA. Despite this, our
algorithm can solve closer to the optimal allocation scheme
quickly. Furthermore, in Fig. 6(f), it can be found that although
in dense large-scale scenarios, our method can still calculate
the feasible velocity for the vehicle within only 4 ms, meeting
the real-time requirements of almost all multi-vehicle systems.
To sum up, the comparisons with these SOTA methods show
the advantages of the method proposed in this paper.

B. Real-World Experiments

To verify the practicality of our method, we conducted
two real-world experiments on a team of unmanned ground
vehicles (UGVs) to show its potential. We conducted the
experiments on Ubuntu 18.04 with ROS Melodic. The con-
figurations are as follows. The workspace is rectangular with
a square 6.8 m × 4.5 m where all the projecting walls are
regarded as obstacles. Each vehicle is regarded as a disc whose
radius is 0.18 m according to its size. The vehicle’s minimum
turning radius is 0.35 m, obtained by the kinematic model
in which the actual angular speed does not exceed π

4 rad/s.
All vehicles are connected via the WiFi network provided by
a router. In addition, the radius of each threat target and static
circular obstacle is set as 0.18 m. We believe that a vehicle
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Fig. 7. All vehicles’ trajectories of the first experiment in the real world are presented. TR: 10.998, TTD: 33.3 m, MAS: 0.59 rad/s, TAR: 100%,
TAC: 3.13 ms, ACC: 2.58 ms.

Fig. 8. All vehicles’ trajectories of the second experiment in the real world are presented. TR: 10.998, TTD: 47.1 m, MAS: 0.671 rad/s, TAR: 100%,
TAC: 2.99 ms, ACC: 2.34 ms.

successfully clears its target when the distance of positions
between the vehicle and its target is less than 10 cm. Finally,
we build the map of the workspace with the Cartographer
algorithm [45], and each vehicle locates its current position
using the AMCL algorithm, meanwhile broadcasting its posi-
tion to its neighbors. Note that the vehicles’ error within 10 cm
for locating is allowed in the two experiments.

In the first experiment, five vehicles and eleven threat
targets are deployed on the workspace, where the starting and
ending areas are at the two ends of the task area, respectively.
Meanwhile, we place eight static circular obstacles on the
ideal path of vehicles to verify the proposed method’s collision
avoidance performance in the real world. Fig. 7 presents the
details of the experimental results. In Fig. 7, the indexing color
of each target is the same as that of the vehicle assigned to
the target. At the same time, we mark all cleared targets by
using green circles. From Fig. 7, we can observe that all threat
targets are successfully cleared, where when the two adjacent

path nodes and the vehicles’ heading occur at acute angles,
the vehicle cleans the next target through smooth turns, such
as UGV 0. In addition, by inspection of the six above metrics,
it can be observed that all vehicles’ angular speed is less than
their maximum. At the same time, it should be noted that
our method generates an optimal task assignment scheme due
to the experiment being a small-scale instance. These results
shown in Fig. 7 demonstrate the effectiveness and robustness
of the proposed method.

We conducted the second experiment by deploying five
vehicles and eleven threat targets on the workspace, where the
ending area of vehicles completely overlaps with the starting
area. In this scenario, each vehicle will return to the starting
area once it clears all assigned targets. Note that all vehicles do
not consider the cleared target an obstacle. The experimental
results are shown in Fig. 8. Similar to the first experiment,
Fig. 8 presents all vehicles’ trajectories, where the index color
of each target is the same as its vehicles. Each cleared target
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is marked by using a green circle. In Fig. 8, we can find that
all vehicles successfully cleared all targets and returned to
the starting area under the vehicle’s constraints. In addition,
by inspection of the metric of actual maximum angular speed,
it can be observed that all vehicles’ angular speed is less
than their maximum, demonstrating that the minimum turning
radius is satisfied. Meanwhile, the other metrics are the optimal
ones. The experiment results also show our method’s validity
and robustness again.

VI. CONCLUSION

In this article, we investigated the multi-vehicle task assign-
ment and motion planning (MVTAMP) problem for a fleet of
non-holonomic vehicles, where these vehicles are required to
visit a series of targets and move to a specific ending area.
Considering the kinematic constraints of the non-holonomic
vehicles, we proposed a novel hierarchical method for simul-
taneously solving the multiple vehicle task assignment and
motion planning in a large-scale dense environment. We first
conducted a simulation in large-scale scenarios to demonstrate
the effectiveness of our method. The results of the simulation
show that the proposed method achieves the best performance
compared with its benchmark method. In addition, extensive
simulation results compared with the SOTA methods show
that the proposed method achieves the best performance in
almost all cases, especially the quality of task assignment and
the total travel distance of all vehicles. Finally, the results
of two real-world experiments demonstrated the potential
of the proposed method in real-world applications. In the
future, we will mainly overcome the collision situation in that
multiple vehicles pass through the same narrow channel to
guarantee that the fleet vehicles can complete all tasks even
in a complex dynamic environment.
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