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A novel air-ground coordination (AGC) system is developed, integrating multi-agent proximal policy optimization (MAPPO) with Voronoi
diagram-based path planning to revolutionize task allocation and execution in complex environments. This advanced approach signifi-
cantly enhances the efficiency and precision of coordination between unmanned aerial vehicles (UAVs) and ground operators, ensuring
superior mission performance. Key improvements of the proposed system include adaptive task allocation and Voronoi diagram-based
path planning, which effectively optimize task area coverage and mission execution. In simulations, the HUCC-MAPPO algorithm
demonstrates exceptional improvements in simulation, surpassing conventional methods in task coverage, mission efficiency, and obstacle
avoidance. Specific experimental results show significant enhancements in task area coverage by 15%, reduction in path lengths by 12%
and an increase in task completion rates by 18% compared to baseline methods. These results highlight its strong potential for real-world
applications, particularly in multi-UAV reconnaissance missions where precise and dynamic coordination is crucial.
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1. Introduction response [5-7]. Despite the significant potential of AGC

systems in large-area reconnaissance, emergency rescues
In contemporary reconnaissance operations, the intricate  and disaster response, achieving efficient coordination
terrain and the ever-changing nature of targets pose sig-  within these systems in complex operational environments
nificant challenges to the effective acquisition, processing  presents several technical challenges. These challenges in-
and transmission of positional data [1]. Unmanned aerial clude the need for adaptive task allocation to handle dy-
vehicle (UAV) systems, renowned for their high mobility  namic priority changes, reliable path planning to ensure
and flexible deployment, have emerged as indispensable  safe navigation through complex terrains, and efficient in-
tools in addressing these challenges [2-4]. In real-world  tegration of multi-source information to maintain high-co-
environments, air-ground coordination (AGC) systems face ordination efficiency [8-11]. During task execution, UAVs
dynamic challenges, such as task prioritization, obstacle 1,5t dynamically plan their trajectories to avoid collisions
avoidance and power management. Through coordinated ;14 optimize operational efficiency. Additionally, efficient
control, AGC systems significantly improve task coverage ., dination between UAVs and ground systems, ensuring
and efficiency, demonstrating potential in applications like the rapid transfer and processing of information, is crucial
large-scale reconnaissance, emergency rescue and disaster for enhancing overall task completion effectiveness. AGC
systems face multiple challenges due to dynamic and
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multi-objective path optimization and multi-UAV coordina-
tion have been selected. These factors significantly impact
system performance, ensuring efficient adaptability and
operational performance in dynamic environments.

With the rapid advancement of artificial intelligence (Al)
technologies, particularly in reinforcement learning (RL)
[12] and deep learning (DL) [13], the application of these
cutting-edge technologies to augment the intelligence of the
AGC system has become a central focus of contemporary
research. DL excels at efficiently processing and analyzing
complex datasets, while RL iteratively refines decision-
making processes in dynamic and uncertain environments
[14-16]. This study leverages deep reinforcement learning
(DRL) combined with Voronoi diagram-based path planning
to develop and validate a coordination control strategy for
UAVs and ground operators. This strategy aims to sub-
stantially enhance task allocation, path optimization, and
the overall efficiency of human-UAV coordination in com-
plex environments, thereby markedly improving the task
execution efficiency and reliability of the AGC system in
real-world applications.

Building on these advancements, this study specifically
aims to design an intelligent task allocation algorithm and
path planning strategy to optimize the execution processes
of the AGC system, thereby enhancing the efficiency and
precision of task completion. By employing online learning
and a DRL method, the multi-UAV system can adaptively
respond to dynamic and unpredictable environments, en-
hancing its robustness and flexibility. Additionally, by
leveraging multi-source information acquired and inte-
grated by UAVs, an intelligent decision-making algorithm is
employed to improve coordination efficiency between UAVs
and ground operators. This approach ensures the rapid
transfer and processing of information, ultimately optimiz-
ing task execution outcomes. Key innovations of this study
include a flexible task allocation mechanism that adapts to
dynamic priority changes, a Voronoi-based path planning
algorithm that ensures precise navigation in complex ter-
rains and an integrated multi-source information proces-
sing strategy that enhances coordination efficiency in AGC
systems. The schematic diagram of the AGC system is il-
lustrated in Fig. 1. The main contributions and features of
this study are as follows:

e Adaptive Task Allocation Mechanism: Traditional AGC
systems generally use static priority or predefined allo-
cation methods that lack flexibility for complex, multi-
task scenarios. In contrast, the multi-agent proximal
policy optimization (MAPPO)-based task allocation
framework employs a centralized training and decen-
tralized execution strategy, enhancing coordination be-
tween UAVs and ground operators. By dynamically
adjusting task loads based on task priorities and

Fig. 1.

Schematic diagram of the AGC system.

geographical conditions, this approach addresses imbal-
ances in resource distribution and significantly improves
task completion efficiency and responsiveness.

e Voronoi-Based Path Planning Algorithm: In obstacle-
dense environments, traditional AGC path planning
methods often lack the efficiency required for optimal
route selection and safety. The Voronoi-based path
planning algorithm dynamically optimizes paths between
UAVs and ground operators, enabling effective obstacle
navigation, reducing computation time and enhancing
operational reliability. This approach significantly
improves both path optimization and the system’s ob-
stacle avoidance capabilities in complex environments.

e HUCC-MAPPO Coordination Control: Traditional AGC
systems for human-machine coordination often rely on
static communication protocols, limiting the ability to
perform effective real-time coordination and decision-
making. The HUCC-MAPPO  algorithm utilizes
multi-source information integration to optimize human-
machine collaboration by enabling adaptive adjustments
to coordination parameters. This enhances mission cov-
erage, optimizes resource allocation and ensures high
mission efficiency, particularly in complex and dynamic
environments.

The remainder of this paper is structured as follows:
Section 2 provides a review of existing work on task
allocation, path planning and human-machine coordina-
tion control, emphasizing current research gaps and
suggesting future research directions. Section 3 intro-
duces the system model and problem formulation, elab-
orating on the key components and mathematical models.
Section 4 offers a comprehensive overview of the HUCC-
MAPPO algorithm, outlining its design and implementa-
tion from an algorithmic perspective. Section 5 describes
the experimental design and evaluation metrics, evalu-
ating the effectiveness of the HUCC-MAPPO algorithm in
comparison to other methods. Section 6 summarizes the
research findings and outlines potential future research
directions.



2. Related Work

In the field of AGC system and human-machine coordina-
tion, numerous studies have explored critical issues such as
task allocation, path planning and coordination control.
Recent research achievements reveal significant progress
while also pointing out existing shortcomings. Identifying
these advancements and gaps is crucial for developing more
effective HUCC method in future research.

2.1. Task allocation

Efficient task allocation is pivotal in enhancing task per-
formance within the AGC system. Although traditional task
allocation methods, such as ant colony optimization, social
network-assisted optimization, and mixed integer linear
programming, have been explored in various contexts, their
application to the AGC system presents unique challenges.
For example, Liu and Zhao [17] utilized an acyclic directed
graph to address the role-oriented task allocation problem,
applying ant colony optimization to derive optimized solu-
tions. While this approach shows potential, it is hindered by
high-computational complexity and slow convergence,
which are particularly problematic in multi-UAV systems
and complex task environments typical of the AGC system.
Similarly, Gao et al. [18] developed a social network-assis-
ted mobile user recruitment method that proved effective in
multi-UAV task allocation scenarios. However, its limita-
tions become evident in highly dynamic environments and
complex task distributions, which are common in the AGC
system. Furthermore, Ma et al. [19] explored a mixed in-
teger linear programming algorithm that integrates UAVs
and unmanned ground vehicles, significantly enhancing
task execution efficiency and coordination. Despite these
advancements, challenges remain in prioritizing tasks
and managing resource constraints, highlighting the need
for more adaptable and robust solutions within the AGC
system.

While traditional task allocation methods have improved
task execution efficiency across various applications, they
encounter significant challenges in the context of the AGC
system, particularly under dynamic conditions and large-
scale task management scenarios. These methods often
struggle with computational complexity and slow conver-
gence, which limits their effectiveness in rapidly changing
environments. This study introduces the HUCC-MAPPO al-
gorithm, which addresses these challenges by enhancing
coordination efficiency and system responsiveness. Specif-
ically, the HUCC-MAPPO algorithm integrates DRL with
multi-agent coordination strategies, allowing for dynamic
task allocation and continuous adaptation to real-time en-
vironmental changes. By optimizing decision-making pro-
cesses and adjusting task distribution based on current
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data, the algorithm improves the division and coverage
of task areas, effectively manages dynamic changes,
and enhances overall system efficiency in AGC system
operations.

2.2. Path planning

Path planning is a critical component of task execution
within the AGC system. Traditional path planning methods,
such as the Dijkstra algorithm, A* algorithm and various
graph-based techniques, have proven effective in specific
scenarios. However, these methods face significant chal-
lenges when coordinating path planning for multi-UAV and
ground systems, particularly in ensuring path conflict
avoidance and achieving global optimality. For example, Liu
et al. [20] applied the Dijkstra algorithm for global path
planning in smart vehicles, while Lai et al. [21] introduced a
center-constrained weighted A* algorithm for robot path
planning on two-dimensional grid maps. Although effective,
these methods are limited in their applicability to dynamic
and complex environments.

To overcome these limitations, Vashisth et al [22]
employed DRL with dynamic graphs for adaptive and in-
formative path planning. This approach significantly re-
duced path conflictcs and resource consumption,
demonstrating its potential in dynamic environments.
Similarly, Venkatasivarambabu et al. [23] proposed a path
planning method that combines dynamic programming
with probabilistic routing, effectively enhancing UAV navi-
gation capabilities in uncertain environments. Additionally,
Cui et al [24] utilized a DRL algorithm to enhance UAV
navigation performance through large-scale multiple-input
multiple-output (MIMO) technology.

Despite these advancements, the reliability and safety of
path planning in complex terrains and dynamic environ-
ments still require further improvement. To address these
challenges, this study proposes using Voronoi diagram for
path planning, integrating the movement paths of ground
operators. This method minimizes the distance to task
points, thereby improving task execution efficiency. It sig-
nificantly enhances the precision and real-time perfor-
mance of path planning, ensuring effective navigation for
both UAVs and ground systems in complex environments.

2.3. Human-machine coordination control

Effective human-machine coordination control is essential
for the seamless operation of the AGC system. Traditional
human-machine coordination primarily relies on pre-
defined rules and protocols, often exhibiting limited
flexibility and adaptability. With the advancement of Al
technologies, researchers have increasingly explored
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intelligent algorithm-based coordination methods. For in-
stance, Lei et al. [25] achieved dynamic coordination and
task allocation between underwater vehicles and ground
operators using DL and RL, significantly enhancing task
completion rates and the reliability of information trans-
mission. Similarly, Haesevoets et al. [26] investigated the
willingness of individuals to cooperate with machines,
identifying varying responses based on differing levels of
human versus machine involvement. Additionally, Mazhar
et al. [27] developed a framework for safe, real-time
human-robot coordination using static hand gestures and
3D skeleton extraction, integrating it into the OpenPHRI
library, which facilitates physical human-robot interactions.
Despite these advancements, current research in
human-machine coordination control frequently focuses on
static human-robot interaction, lacking sufficient explora-
tion of dynamic and real-time coordination between
humans and UAVs. Most existing methods emphasize un-
derstanding minimal human actions, without adequately
addressing the complexities of dynamic human-UAV inter-
actions. This study aims to bridge these gaps by con-
structing an AGC system that enhances information
exchange and task coordination efficiency between UAVs
and ground operators. The system implements a coordi-
nation control algorithm based on MAPPO, ensuring the
efficient execution of coordination tasks. This algorithm
enhances the flexibility and adaptability of the AGC system
in complex and dynamic environments, enabling more so-
phisticated and effective human-UAV interactions.

2.4. Research shortcomings and prospects

Existing research in task allocation, path planning and
human-machine coordination within the AGC system has
made significant strides. However, several challenges per-
sist, particularly in achieving high levels of real-time per-
formance, safety, reliability, large-scale task management
and global optimality in complex and dynamic environ-
ments. Traditional algorithms often lack the capacity for
real-time adjustments, as they rely on static protocols and
predefined paths, which limits their effectiveness in rapidly
changing environments. This inflexibility poses significant
challenges for maintaining safe navigation and effective
collision avoidance in intricate terrains, as many systems
fail to robustly manage real-time environmental changes.
Moreover, existing systems frequently struggle to
maintain consistent task execution rates under fluctuating
conditions, particularly when integrating operators for real-
time decision-making. The complexity of managing and
efficiently allocating resources in large-scale, multi-UAV
scenarios often results in suboptimal task area coverage
and resource utilization [28]. Furthermore, achieving global
optimality in path planning, which involves minimizing path

length and enhancing path efficiency, remains a formidable
challenge in multi-agent system operating within dynamic
contexts [29-31].

To address these challenges, this study proposes a
comprehensive HUCC methodology based on the MAPPO
algorithm. This methodology leverages DRL to enhance the
efficiency and accuracy of task allocation, improve the
precision and real-time performance of path planning and
optimize coordination control. By integrating Voronoi dia-
gram for optimized path planning and utilizing multi-source
sensor data, the system significantly enhances the adapt-
ability and precision of UAV operations in dynamic envir-
onments. This approach not only mitigates the limitations of
traditional algorithms by enabling real-time adjustments
and robust decision-making but also lays the groundwork
for advancing an intelligent, adaptable and robust AGC
system capable of achieving global optimality and effective
resource utilization in complex scenarios.

3. System Model and Problem Description

3.1. System components

This study presents a comprehensive HUCC methodology
within the AGC system, designed to effectively integrate the
operations of UAVs and ground operators for efficient exe-
cution of complex real-time tasks. The AGC system is
structured around three core components, each playing a
critical role in the system’s functionality: the task allocation
module, the path planning module and the human-UAV
coordination control module, as depicted in Fig. 2.

(1) Task allocation module
This module is tasked with dynamically assigning tasks
to UAVs and ground operators, based on real-time en-
vironmental data and mission requirements. It employs
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Fig. 2. Schematic diagram of the AGC system components.



an advanced algorithm, augmented by the MAPPO
framework, to enhance the precision and real-time
performance of task distribution. By incorporating
multi-source sensor data, this module optimizes re-
source utilization and improves task completion rates,
ensuring that resources are allocated efficiently and
mission objectives are met.

(2) Path planning module
This module is responsible for generating optimal paths
for UAVs and ground operators. It utilizes Voronoi di-
agram and multi-objective optimization techniques to
address challenges such as obstacle avoidance, energy
efficiency and crash prevention. By ensuring that paths
are both safe and efficient, this module minimizes the
distance traveled and the time required for task com-
pletion, thereby enhancing overall operational efficiency.

(3) Human-UAV coordination control module

This module facilitates seamless coordination between
UAVs and ground operators, ensuring effective interac-
tion throughout mission execution. It leverages the
HUCC-MAPPO algorithm to optimize decision-making
processes by integrating multi-source information. This
approach enhances real-time performance and robust-
ness, enabling efficient information exchange and coor-
dinated task execution, which are critical for
maintaining system reliability and mission success.

3.2. Problem description

The AGC system, designed for multi-UAV operations, encounters
significant challenges in performing coordinated reconnaissance
within complex and dynamic target areas. These challenges in-
clude effectively allocating tasks, planning optimal paths and
ensuring seamless coordination between UAVs and ground
operators in real time. The HUCC-MAPPO algorithm, proposed in
this study, addresses these challenges by providing an integrated
approach that enhances the AGC system’s capability to perform
coordinated reconnaissance tasks efficiently and reliably.

(1) Addressing task allocation challenges
Task allocation is enhanced by dynamically adapting to
each UAV’s performance, capacity and the specific
demands of the mission. Through continuous adjustment
based on real-time data, this approach maximizes system
efficiency and responsiveness. Prioritizing tasks and
managing dependencies ensures that the AGC system
achieves comprehensive coverage of the target area.

(2) Optimizing path planning
Path planning is optimized by integrating Voronoi dia-
grams and multi-objective optimization to generate safe
and efficient routes. This method reduces unnecessary
overlaps, minimizes travel distance and ensures
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effective obstacle avoidance, thereby improving both the
operational efficiency and safety of the AGC system
during reconnaissance missions.

(3) Enhancing coordination and execution
Coordination between UAVs and ground operators is
streamlined by integrating multi-source information and
enabling adaptive decision-making. This real-time syn-
chronization facilitates dynamic task execution, resource
reallocation and quick adjustments to changing condi-
tions, ensuring that the AGC system maintains high levels
of performance and reliability in complex environments.

By addressing the core challenges of task allocation, path
planning and coordination, the proposed approach signifi-
cantly enhances the AGC system’s effectiveness in coordi-
nated reconnaissance. This methodology ensures greater
efficiency, safety and reliability, enabling precise and effec-
tive mission execution in complex scenarios.

3.3. Mathematical model

In complex and dynamic environments, effective coordina-
tion between UAVs and ground operators requires a well-
structured mathematical framework. The Voronoi diagram
serves as a foundational approach in this framework, en-
abling precise spatial partitioning that is crucial for opti-
mizing task allocation, path planning and coordination. This
spatial approach ensures efficient resource distribution,
minimizes path conflicts and allows for dynamic adjust-
ments based on real-time data. To formalize these pro-
cesses, this study develops mathematical models that define
the optimization objectives and constraints, addressing the
challenges of adapting to changing task demands and en-
hancing coordination within the AGC system.

3.3.1. Construction of Voronoi diagram
The Voronoi diagram is a fundamental tool in computa-
tional geometry, offering an efficient method for partition-
ing a given space based on the proximity of a set of points.
In the context of the AGC system, the Voronoi diagram is
employed to optimally divide the task area, ensuring that
each task point is assigned to the most appropriate UAV and
ground operator team. This spatial partitioning facilitates
efficient task allocation and path planning, thereby en-
hancing the overall efficiency and coordination of the AGC
system.

The task area is defined as a three-dimensional region
D C R3, encompassing M UAVs and N ground operators. Let
P ={p1,b2,...,busn} represent the set of all UAVs and
ground operator positions, where each point p, corre-
sponds to the position of a UAV or ground operator in the
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task area. The Voronoi diagram partitions this area into K
cells, where K is the number of task points, with each cell
representing the region closest to a particular task point.

Mathematically, the Voronoi cell associated with a point
p, € P is defined as follows:

V(p,) = {q € Dld(p,,q) < d(pw,q), Yv#w}, (1)

where d(p,,q) denotes the Euclidean distance between
points p, and q.

The construction of the Voronoi diagram involves the
following steps:

(1) Initialization: Identify the positions of all UAVs and
ground operators within the task area.

(2) Distance calculation: For each point in the task area,
calculate the Euclidean distance to UAVs and ground
operators.

(3) Cell assignment: Assign each point to the closest UAV
and ground operator team, thereby forming the Voronoi
cells.

The Voronoi diagram partitions the task area into sub-
areas based on the proximity to task points, with each sub-
area associated with the nearest UAV and ground operator.
As illustrated in Fig. 3, each cell is defined by its proximity
to a task point, ensuring that the task area is divided effi-
ciently. Each task point within a Voronoi cell serves as the
focal point for task allocation, effectively preventing both
overlap and underutilization of resources.

To calculate the path length from a UAV or ground op-
erator to a task point, the total distance traveled through
the Voronoi cells can be expressed as follows:

die =/ — %) 2+ 0 —v)? + (2~ 2)% (2)

—z,)%  (3)

e =/ (g, = %0)% + 0y, —y)? + (7

® task point
i S UAV
ground operator
44 Voronoi cell

Fig. 3. Schematic diagram of Voronoi diagram construction.

where u; = (x,,,),,,2,,) represents the position of the ith
UAV, t, = (X, V¢, 2, ) Tepresents the position of the kth
task point, and g; = (xgj,ygj,zg]_) represents the position of
the jth ground operator.

Once the distances are calculated, the Voronoi diagram is
used to efficiently partition the task area among UAVs and
ground operators. Each task point serves as the center of a
Voronoi cell, and the nearest UAV and ground operator
team is assigned to cover the task point and its surrounding
area. This partitioning minimizes path lengths, prevents
overlapping responsibilities and maximizes resource utili-
zation, thereby enhancing the overall efficiency and effec-
tiveness of the AGC system in complex and dynamic
environments.

3.3.2. Optimization objectives and constraints

To achieve efficient task allocation and path planning in
the AGC system, optimization objectives and constraints
are integrated into a unified model. This model addresses
the dynamic and complex nature of the operational
environment, ensuring efficient coordination and resource
utilization, thereby improving overall system performance
and reliability. Assume T = {t{,t,,...,t;} represents the
task set. For UAV u; and ground operator g, each task t; has
a specific location and required completion time. Task al-
location optimization aims to minimize the total task exe-
cution time, defined as the time to reach the task point,
while ensuring efficient coordination between UAVs
and ground operators. The mathematical expression is as
follows:

where a;, and aj, are elements of the task allocation matrix,
and Ty, Tj represent the time required for UAV u; and
ground operator g; to execute task t;, respectively.

The task allocation variables a; and aj, are defined as
follows:

1 if task ¢, is assigned to UAV u;, (s)
ay =
ik 0 otherwise,

{ 1 if task ¢ is assigned to ground operator gj,
=

a; = )
s 0 otherwise.

(6)
For calculating the time 7y and 7, the following
expressions are used:
d. d.
Tik = bl and Tik = l, (7)
Vy, Vg,



where d; and dj, are the distances calculated using the
Euclidean distance formula, and v,, and vy, are the speeds of
the UAV and ground operator, respectively.

To correspond with the Voronoi diagram approach and
ensure collision-free coordination among multiple UAVs, the
allocation and path constraints can be expressed as follows:

V(pv) N V(pw) =0, VYv#w. (8)

This constraint ensures that each task point ¢ is assigned
to the UAV and ground operator team responsible for the
Voronoi cell it resides in, while also maintaining collision-free
path planning. By structuring task allocation within distinct
Voronoi cells, the system minimizes path conflicts and opti-
mizes resource distribution in dynamic environments.

Task allocation constraints ensure that each task point is
assigned to a team of two UAVs and one ground operator,
with the following constraints:

M N
Za,-k—i—Za]-k: 1, Vk, (9)
i=1 =1

M

Zaik < max_oad,, Vi, (10)
i=1

N

Zajk < maxloady, Vj. (11)

~.
Il
N

Path planning optimization seeks to minimize the path
lengths from the current positions of UAVs and ground
operators to the task locations while avoiding collisions.
The mathematical expression is as follows:

M K N K
=1 k=1 J=1 k=1

To ensure that the number of tasks assigned to UAVs and
ground operators does not exceed their maximum capacity,
and to safely avoid path overlaps and conflicts, the following
constraints are established. Each task ¢, can only be assigned
to two UAVs and one ground operator, ensuring effective task
coverage without resource overload, as shown in Fig. 4.

Path conflict constraints are defined as follows:

path(uh tk) n path(um7 tk) = ®> Vi 7& m, (13)

path(gja tk) N path(gna tk) = @7 v] 7é n. (14)

In path planning, UAVs are assumed to maintain a con-
stant altitude, so the paths, path(u;, t;) and path(g;, t;) are

calculated primarily in the horizontal plane, considering
only the x and y distances:

path(uy, &) = /(x, —%,)% + (0, —y,)%  (15)

path(g), ) = /(xg, = x,)2 + (g —ye,)%  (16)

The calculation process for other UAVs or ground
operators, such as path(u,,, t;) and path(g,, t;), follows the
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Fig. 4. Schematic diagram of optimization objectives and con-
straints in the AGC system.

same approach, focusing solely on horizontal distances.
These optimization objectives and constraints ensure the
efficiency and safety of task allocation and path planning in
the AGC system. This comprehensive approach integrates
task allocation and path planning into a unified model,
specifically designed to address the dynamic and complex
nature of tasks and environments. By focusing on horizontal
path calculations and avoiding path conflicts, the model
enhances overall system performance and reliability.
Implementing this unified optimization model enables the
AGC system to dynamically adapt to real-time changes in
task demands and environmental conditions [32-34].

3.3.3. Task allocation

In dynamic and complex environments, task demands and
environmental conditions can change rapidly [35]. Efficient
and intelligent task allocation to UAVs and ground opera-
tors is crucial for effective coordination. Task priority is a
key factor, considering the varying levels of importance and
urgency of different tasks, which necessitates dynamic
adjustments in task allocation strategy. The priority of each
task t; is calculated as follows:

Pri(ty) = - U(ty) + o' - E(ty), (17)

where « and o' are weight coefficients, ranging from 0 to 1,
reflecting the relative importance of the task’s nature and
urgency. U(t,) represents the task’s criticality or impact,
while E(t;) accounts for time sensitivity or deadlines. The
task priority function Pri(t;) enables the system to prioritize
tasks dynamically, balancing criticality and urgency to
adaptively meet real-time demands. Given the critical nature
of deadlines, accounts for time sensitivity or deadlines, E(t)
ensuring that tasks are prioritized based on their urgency and
the time available for their completion.
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Task allocation must also account for dependencies,
where some tasks need to be completed before others can
begin. By analyzing flight data, dependencies between tasks
can be identified, enabling optimized task allocation strategy.
The dependency between tasks t; and ¢; is defined as follows:

if task t; depends on task ¢,

Dy = L (18)
M= 0 otherwise.

Balanced load distribution among UAVs and ground opera-
tors is crucial to avoid the overuse or idleness of resources.
Factors such as UAV positions, velocities, attitudes and
ground operators’ locations relative to the centroid of the
Voronoi cell are considered. The resource utilization model
ensures efficient coordination by optimizing the use of each
resource:

K
> Dy T
=1

Ru) ==L 19
() max_load,, ’ (19)

K
> Dy, -
k=1
Rlg)="“"> 20
(9)) max_load, ’ (20)
where R(u;) and R(g;) represent the resource utilization rates
of UAV u; and ground operator g;, respectively. ry and rj,
represent the resource requirements for task t;. Specifically,
ry. refers to the energy consumption of UAV u; in kilowatt-
hours (kWh), and ry, refers to the energy expenditure of
ground operator gj, also converted to kWh.
To ensure efficient and reasonable task allocation to
UAVs and ground operators, the objective function for task
allocation is expressed as follows:

> Dy (By - Pri(ty) + B2 - R(u;))

k=1

min + , (21)
N
=1

M K
=1

K
ZDjk + (B - Pri(ty) + B2 - R(g;))

k=1

1

where (3; and 3, are weight coefficients representing the
importance of task priority and resource utilization in the
objective function.

To complete the task allocation process, the system dy-
namically adjusts the allocation of tasks based on real-time
data and changing environmental conditions. This involves
continuously monitoring task progress, UAV and ground
operator status and mission requirements. The goal is to
ensure that tasks are completed efficiently and effectively.
The system focuses on optimizing key aspects of perfor-
mance, such as ensuring comprehensive mission coverage
and maintaining high operational efficiency. By refining
these performance elements, the system seeks to maximize

task execution success while minimizing the required time
and computational resources.

3.3.4. Path planning

In the AGC system involving UAVs and ground operators,
path planning is crucial for ensuring efficient and safe task
execution. To optimize performance, a path planning
method utilizing the Voronoi diagram is employed. As de-
fined in Eq. (1), the Voronoi diagram partitions the task
area into cells, with each cell representing the region closest
to a specific task point. This partitioning enables UAVs and
ground operators to effectively navigate the environment by
identifying and avoiding known obstacles and threats,
thereby enhancing the overall efficiency and safety of the
path planning process.

Minimizing path lengths is essential to enhancing task
execution efficiency. Path planning should reduce the
movement distance between UAVs, ground operators and
task points, thereby conserving time and energy. This can
be achieved by constructing a path planning model based
on the Voronoi diagram. The path lengths for UAV u; and
ground operator g; to the task points are calculated as dj;
and dj, respectively, as defined in Egs. (2) and (3). The
distance between UAVs and ground operators, d;; repre-
sents their coordination distance and is calculated as
follows:

d; = \/(Xu,- —Xg) 2+ Wy, —Yg) 2+ (zy, —25)% (22)

The path minimization objective function can be expressed
as follows:

min(ZZdik+szjk+ZZdU>- (23)

To maintain effective communication between UAVs
and ground operators, the following constraint must be
observed:

dij < Rdatalinka (24)

where Ry, aink 1S the maximum distance for real-time con-
trol and information transmission between UAVs and
ground operators [36].

In complex environments with changing obstacles, Vor-
onoi path planning dynamically adjusts UAV paths to
maintain safe distances while achieving optimal path se-
lection. Obstacle avoidance is a key aspect of the path
planning process, ensuring operational safety and reliabili-
ty. To prevent UAVs and ground operators from encoun-
tering obstacles, the system must effectively detect and
avoid them during mission execution. This involves real-
time monitoring of the environment and dynamic adjust-
ment of paths to avoid potential collisions. The path



planning model includes a collision avoidance mechanism
that accounts for dynamic changes and the diversity of
obstacles, ensuring the validity and safety of the planned
paths. The constraint for obstacle avoidance is defined as
follows:

d(u;, obstacle) > dgate + Murns (25)

where d(u;, obstacle) is the actual distance between UAV y;
and the obstacle. dg .. is the safe distance, which is the
minimum allowable distance between UAV and the obstacle
to prevent collisions or dangerous proximity. ry,,, is the
minimum turning radius of the UAV, taking into account the
UAV’s dynamic characteristics and turning capabilities.

For ground operators, while there is no consideration of
flight altitude, it remains crucial to maintain a safe distance
from obstacles. Similar to UAVs, a minimum safe distance
must be maintained:

d(gj7 ObStaCle) > dsafe,grounda (26)

where d(g;, obstacle) is the actual distance between ground
operator g; and the obstacle. dgfe_ground is the minimum safe
distance between the ground operator and the obstacle.
This distance is determined by factors such as the opera-
tor’s reaction time, the physical size of the equipment, and
their movement speed.

Multi-objective optimization is necessary to balance
various factors such as path length and time [37]. A multi-
objective optimization model can help identify the optimal
path planning solution by considering different optimiza-
tion goals. The objective function for multi-objective opti-
mization can be expressed as follows:

v K ) N K
min(ZZ(aik'dik""bik'%ik) +ZZ

i=1 k=1 j=1 k=1

x (aj - dj + by - f'jk))a (27)
where EI,-k and Eijk are the normalized path lengths [38],
calculated as d;, = mi"( L Eljk = m:ik( 7 Where max(d) is the

maximum path length among all EI,-k and Eljk. Ti and 7, are
the normalized task execution times, calculated as
T = ﬁkm, Ti = #"(7), where max(7) is the maximum task
execution time among all 7, and 7. ay, aj, by and by, are
weight coefficients for balancing the importance of path
length and task execution time in the optimization goals.

To enhance operational sustainability, energy con-
sumption is integrated as a key factor in the multi-objective
optimization model. The objective function aims to balance
path length, task execution time, and energy consumption,
as shown below:

M K
min <Z Z dik + 5time ! Texecution + Yenergy ° Eenergy) ) (28)

i=1 k=1
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where d;, represents the distance between UAVs or ground
operators and their assigned tasks. Tegecution indicates the
time required to complete tasks. Eepq, represents the total
energy consumption, influenced by path length, UAV speed
and payload. The coefficients Sye and Yepergy determine the
relative importance of each term, allowing the model to
adjust priorities based on mission requirements.

Energy consumption primarily depends on propulsion
energy, which is directly affected by the UAV’s velocity and
the total distance traveled. In the optimization approach
presented here, minimizing path lengths inherently leads to
reduced energy usage, thereby enhancing operational sus-
tainability for extended missions.

Path planning in the AGC system is essential for ensuring
safe, efficient and sustainable task execution. By minimizing
total flight distance, balancing task execution time and man-
aging energy consumption, the system optimizes resource
utilization and enhances operational safety. The model’s
ability to minimize both flight distance and energy usage
reflects the system'’s efficiency in supporting extended mis-
sions, while effective obstacle avoidance ensures reliable
navigation through complex terrains. Together, these factors,
along with computational efficiency from the task allocation
model, provide a comprehensive assessment of the AGC sys-
tem’s performance and adaptability in dynamic environments.

3.3.5. Human-UAV coordination control

In complex and dynamic environments, the effective coor-
dination between UAVs and ground operators is essential
for achieving comprehensive task area coverage and en-
suring efficient task execution. The AGC system employs the
Voronoi diagram to dynamically allocate task areas, opti-
mizing coverage and minimizing resource wastage by
leveraging real-time data.

During missions, UAVs and ground operators must
synchronize their actions to maximize task efficiency. This
involves continuously adjusting paths and reallocating tasks
based on real-time information about the environment and
task progress. The system integrates data from multiple
sensors, including terrain features, obstacle locations and
the real-time positions of UAVs and ground operators, to
optimize coordination and task allocation effectively.

The dynamic task reallocation mechanism ensures that
when changes occur in the task environment, tasks can be
reassigned promptly to optimize resource utilization and
mission efficiency. The mathematical formulation for task
reallocation, represented as tra(u;, g;, t), is as follows:

tra(u;, gj, t) = arg min (Z(Wui up+ Wy, - g))
ij

X DiSt(uiagjvtk))a (29)



532 Z Cao & G. Chen

where W, and W, are weights for UAVs and ground
operators, respectively, and Dist(u;,g;, ty) = dix + dj
represents the sum of the distances from UAV u; and
ground operator g; to the task point t,. This formula
accounts for the dynamic adjustment of task allocation,
optimizing coordination and resource allocation between
UAVs and ground operators to ensure efficient mission
completion.

Through the application of these mathematical models,
the system achieves balanced resource utilization and
maximized task coverage by incorporating real-time data
and prioritizing tasks based on their criticality and urgency,
as reflected by the criticality factor U(t;) and the urgency
factor E(t;). The path planning module, leveraging the
Voronoi diagram and multi-objective optimization, effi-
ciently minimizes travel distances and navigates obstacles,
adapting dynamically to environmental changes. Addition-
ally, the coordination mechanism enhances communication
and execution by focusing on critical tasks, ensuring
seamless adjustments in response to real-time information.
This integrated approach significantly improves task com-
pletion rates, resource efficiency and operational safety,
ensuring the system’s robustness and adaptability in com-
plex and dynamic operational environments.

4. HUCC-MAPPO Algorithm and Implementation

The HUCC-MAPPO algorithm, specifically designed to ad-
dress the unique challenges of the AGC system, optimizes
task allocation and coordination in human-UAV collabora-
tive scenarios. It integrates Voronoi diagram-based path
planning, enhancing the precision of task allocation and
coordination. The algorithm employs detailed state repre-
sentations and real-time strategies, significantly enhancing
flexibility, coordination efficiency and safety during task
execution. By emphasizing the synergy between UAVs and
ground operators, it facilitates improved decision-making
and comprehensive task coverage, enabling the AGC system
to adapt to dynamic environments and execute tasks ef-
fectively. Central to this optimization process is a well-de-
fined objective function that quantitatively evaluates key
performance metrics, guiding the system toward optimal
outcomes.

4.1. DRL model for HUCC-MAPPO algorithm

The HUCC-MAPPO algorithm integrates state representa-
tion, action sets, reward functions and policy networks to
optimize task coordination and path planning within
the AGC system. This algorithm is designed to enhance the
efficiency of UAVs and ground operators by focusing on

minimizing task completion times, maximizing resource
utilization, and maintaining operational safety in complex
and dynamic environments. The overall structure of the
HUCC-MAPPO algorithm, as illustrated in Fig. 5, highlights
these integrated components and their roles in achieving
the system’s objectives.

4.1.1. State representation

In the HUCC-MAPPO algorithm, the state representation,
denoted as S, is a critical component that captures essential
information about the environment, UAVs and ground
operators. This representation forms the basis of decision-
making in the algorithm by providing a comprehensive
snapshot of the system’s current status. The state repre-
sentation is defined as follows:

S= {Puia Vus éu,w nga (nga dika djkv di‘obstaclea
dj,obstaclev Ct}a (30)

where P, v, and ®, represent the position, velocity and
attitude (including pitch, roll and yaw) of UAV u;. P, and
Py, denote the position and current direction angle of
ground operator g;. dy and dj, represent the distances from
UAV u; and ground operator g; to the target location t,
respectively, and are key to minimizing path length in
planning. d; gpstacle aNd d; ghstacle TEPresent the distances from
UAV u; and ground operator g; to the nearest obstacle,
ensuring effective obstacle avoidance. C, represents the
current task context information. These state variables
collectively inform the decision-making process for task
allocation and path planning within the HUCC-MAPPO
algorithm, allowing for efficient and safe coordination
between UAVs and ground operators.

4.1.2. Action set

The action set, denoted as 4, in the HUCC-MAPPO algorithm
defines the range of possible actions available to UAVs and
ground operators during task execution. These actions are
fundamental to the algorithm’s ability to adapt to the dy-
namic environment and optimize task performance. The
action set is defined as follows:

A={AP,, Av, A®, AP, Ap,}, (31)

where AP, represents the horizontal positional adjust-
ments for UAV u;, including changes in the x and y coordi-
nates to approach task points ¢, or maintain optimal
positioning. Av, denotes velocity adjustments, allowing
modifications to speed in response to task requirements or
environmental conditions. A®, involves changes in yaw to
align the UAV’s orientation with the desired direction, while
maintaining a constant altitude. For ground operators, AP,
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HUCC-Task allocation and path planning

buffer

focuses on navigating toward task points ¢, while avoiding
obstacles, and Acpg]_ involves directional adjustments to
optimize the approach towards task points based on the
current orientation.

The directional adjustments for both UAVs and ground
operators are calculated to ensure they are oriented toward
their respective targets. These calculations are expressed as
follows:

A(Pu’ = arCtaHZ(ytk _yui7xtk - XU,')‘}U[ (32)

Ay, = arctan2(y, — g, X, — Xg) Py, (33)

These actions are essential for ensuring that UAVs and
ground operators can efficiently navigate towards task
points, maintaining optimal positioning and orientation
throughout the mission.

4.1.3. Reward function

The reward function, denoted as R, is a key component of
the HUCC-MAPPO algorithm that evaluates the performance
of UAVs and ground operators based on several criteria,
including task completion, path length, collision avoidance
and coordination efficiency. This function drives the learn-
ing process by providing feedback that influences future
decisions, ensuring the algorithm continuously improves its
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effectiveness.
(34)

Task completion reward R encourages the successful
completion of tasks:

K
Riask = E rcomplete(tk)
k=1

R= Rtask - Rpath - Rcollision + Rcoordination

(35)

where remplete 1S the reward value for completing a task ¢;.
The reward is set according to the task’s difficulty, impor-
tance, and urgency. For instance, simple tasks may have
I'complete (tk) = 5, moderate tasks r'complete (tx) = 10 and diffi-
cult tasks reompiete (tk) = 15.

The values for reompiere are determined based on pre-
defined metrics that quantify task difficulty, importance and
urgency. These metrics play a crucial role in task allocation
and execution, ensuring that the system adapts to real-
world scenarios.

The path length penalty R, is designed to penalize longer
paths, thus encouraging shorter and more efficient routes:

M K N K
R = 3D - di + 303 gy i

i=1 k=1 J=1 k=1

(36)

This penalty aims to minimize the total distance traveled
by UAVs and ground operators, reducing both time and
energy consumption. By controlling path lengths, the
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system can more effectively allocate resources and decrease
uncertainties in task execution.

The collision avoidance penalty R.gision iS applied to
prevent path conflicts between UAVs and ground operators:

Rcollision = Z COlliSiOH(Ui, le) + Z COlliSion(gjagn) (37)
i#m Jj#m
where the collision function for UAVs u; and u,,, or ground

operators g; and g, are defined based on distance and di-
rection angle thresholds:

collision(u;, u,,)

20 if dim < dthreshold_u and (I)im < (I)thresholda
= (38)
0, otherwise.
collision(g;,g,)
N 40 if djn < dthreshold_g and Pin < Pthreshold, (39)
0 otherwise.

The thresholds dihreshola_u = 15 and diyreshola_g = 1.5, as well
as angle thresholds @ureshold = 10, and Py,reshoia = 10, are
set to ensure safe and practical operating conditions.

These thresholds are based on simulation and empirical
data, ensuring safe separation between UAVs and ground
operators in various operational scenarios. Adjustments to
these thresholds may be necessary depending on the spe-
cific task environment.

The coordination efficiency reward R.qordination €1COUrages
effective coordination between UAVs and ground operators:

Rcoordination = coordination(u,-,gj) X reVvardcoor‘dination

X efftotalv (40)
where the efficiency for each task is calculated as follows:
1
effy =——F—+, 41
k dik + djk +e€ ( )

where € is a small positive constant to prevent division by zero.
Calculating the overall coordination efficiency involves
summing the efficiencies across all tasks:
K

% > effy. (42)

k=1

efftotal =

Determining if the coordination efficiency meets the
threshold is done as follows:

1 if Efftotal > Effft}'lreshold7

coordination(u;, g;) = { (43)

0 otherwise,
where reward Riyorgination = 10 is a weight coefficient for
the coordination efficiency reward.

The coordination efficiency is closely tied to the dis-
tances and weights defined earlier. By minimizing these
distances and maximizing coordination efficiency, the sys-
tem fosters optimal collaboration between UAVs and
ground operators.

In summary, the coordination efficiency reward R yodination
is influenced by the distances between UAVs, ground opera-
tors and targets, as well as the safe distance constraints in
Eq. (26). This constraint requires ground operators to main-
tain a safe distance from obstacles, which affects their path
choices and thus impacts coordination efficiency. While
maintaining safe distances ensures smooth and collision-free
movement, it may also increase path lengths, affecting the
efficiency score. Overall, this approach supports effective
collaboration between UAVs and ground operators, aligning
with the goals of the HUCC-MAPPO algorithm.

4.1.4. Policy network

In the HUCC-MAPPO algorithm, the policy network is
designed to generate and implement optimized action
strategies that enable UAVs and ground operators to effi-
ciently and effectively coordinate tasks in dynamic and
complex environments. To enhance the performance, a hi-
erarchical decision-making framework with shared policy
networks is adopted. This framework integrates task allo-
cation, path planning and coordination control, thereby
reducing the search space for policies and improving the
robustness of action strategy generation.

The policy network employs a deep neural network
(DNN) [39, 40], where the input layer processes the state
representation S, and the output layer generates the action
probability distribution my(als) through a series of linear
transformations and nonlinear activations. ReLU activation
functions are used in the hidden layers to capture complex
state-action relationships, prevent vanishing gradient
issues, and ensure effective decision-making.

The action probability distribution my(als) is generated
as follows:

mo(als) = softmax(W, - ReLU(W; - S+ by) + b,), (44)

where W and W, are weight matrices, and b, and b, are
bias terms. W, and b; map the state set S to an interme-
diate hidden representation, while W, and b, map this
hidden representation to the action space. The weights and
biases are trained using the proximal policy optimization
(PPO) algorithm, allowing the network to adapt effectively
to different task environments.

Training of the policy network is conducted using the PPO
algorithm, which stabilizes the learning process by con-
straining large policy updates. The optimization involves
gradient-based backpropagation of the objective function,
with hyperparameters such as learning rate and batch size
adjusted to improve efficiency and convergence. In a multi-
agent environment, the policy network coordinates actions
through parameter sharing and joint optimization, enabling
effective cooperation between UAVs and ground operators.
This coordination ensures adaptability to dynamic



environments. The network’s performance is evaluated
based on metrics such as task completion rate, path planning
efficiency and coordination efficiency, thereby maintaining
stability and effectiveness across various task scenarios.

4.1.5. Policy gradient

The HUCC-MAPPO algorithm optimizes the policy network
using a policy gradient method derived from MAPPO, which
is an extension of PPO designed for multi-agent systems.
PPO is particularly advantageous in dynamic environments
like those involving UAVs and ground operators due to its
ability to balance exploration and exploitation while main-
taining stability through constrained policy updates. This
ensures that the HUCC-MAPPO algorithm can adapt to real-
time changes effectively, optimizing coordination strategies
and task performance.

The policy gradient in the HUCC-MAPPO algorithm is
calculated using the following equation:

T

Vi (0) = E[Vy lOgW&(at|5t)(Z Ve = Vy(s))] - (45)

t'=t

where the policy function y(a,|s;) represents the proba-
bility of selecting action a, given state s;, which guides the
action selection process. my(a;|s;) represents the probability
of selecting action a, given state s,, which guides the action
selection process. r;, is the reward received at time step t’,
accumulated over time to evaluate the policy’s long-term
effectiveness. The discount factor (0 <~y < 1) adjusts
future rewards to reflect their present value, balancing
short-term and long-term rewards. Zf/:tvii’” represents
the cumulative discounted reward from time step t to T,
reflecting the total expected rewards over the entire hori-
zon. V,(s;) is the value function that estimates the expected
cumulative reward starting from state s;, acting as a base-
line to reduce variance and stabilize training.

The policy gradient equation is crucial in updating the
policy network’s parameters 6. It directs the learning pro-
cess by adjusting 6 to increase the probability of actions
that lead to higher cumulative rewards. The equation bal-
ances the exploration of new actions with the exploitation
of known rewarding actions, ensuring that the policy
gradually improves over time. This gradient is computed
during training and is used to optimize the policy network
by minimizing the difference between the expected reward
(estimated by the value function) and the actual cumulative
reward. The process iteratively refines the policy to achieve
optimal task performance in the dynamic environment
where UAVs and ground operators operate.

The value function is defined as follows:

Vo(st) = E lzT: SY |St] . (46)

t'=t
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This function estimates the expected return from state s,
helping to stabilize the training process by providing a
consistent baseline.

In addition to optimizing the policy network, the value
network V, is trained to minimize the value loss function,
which is defined as follows:

LY (0) = Ee[(re — Vi(se)?]- (47)

This value loss function helps to refine the value net-
work’s predictions by minimizing the discrepancy between
the estimated value V,; and the actual cumulative rewards
R,. Optimizing this loss function ensures that the value
network provides a more accurate baseline for the policy
gradient, thereby stabilizing and improving the training
process.

PPO optimizes the policy network by constraining
updates, ensuring that new policies do not deviate exces-
sively from the old ones, which is crucial in dynamic envir-
onments. This clipping mechanism is defined as follows:

VoL (6) = Et[min(rt(ﬁ)At, clip(re(0),1 — ;1 + E)At)]’
(48)

where r,(6) is the probability ratio between the updated and
old policies, and At is the advantage estimate, stabilizes the
training by preventing large, potentially destabilizing policy
changes. This method allows the HUCC-MAPPO algorithm to
maintain a consistent and reliable performance in environ-
ments that require frequent adaptations, such as those
involving UAV and ground operator coordination.

The training process also involves optimizing hyper-
parameters, such as learning rate, clip range and batch size,
to enhance convergence and performance. These optimi-
zations are crucial for ensuring that the policy network
adapts effectively to the dynamic and complex environ-
ments in which UAVs and ground operators must collabo-
rate.

Overall, the use of PPO in the HUCC-MAPPO algorithm
facilitates robust and stable learning, enabling effective
coordination and collaboration between UAVs and ground
operators in dynamic and complex environments. The pol-
icy gradient method ensures that the policy network con-
tinually improves, optimizing the system’s overall
performance in various task scenarios.

4.2. HUCC-MAPPO algorithm implementation and
operational logic

The HUCC-MAPPO algorithm is structured to optimize both
task allocation and path planning within the AGC system by
leveraging advanced coordination strategies and continu-
ous learning mechanisms. This section details the specific
implementation steps of the algorithm, including the
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collection of environmental observations, dynamic task
prioritization, action execution and the iterative updating
of policy and value functions. The algorithm’s implemen-
tation emphasizes the importance of real-time coordination
between UAVs and ground operators, adapting to the
evolving operational environment to maximize system
performance.

4.2.1. Learning rate and discount factor

The initial learning rate is set to 0.001 to balance conver-
gence speed and model stability. Higher learning rates may
accelerate learning but can cause instability. The selected
value of 0.001 ensures both efficient convergence and sta-
ble performance across different environments. The dis-
count factor ~ is set to 0.99, ensuring that the system
considers future rewards to enhance long-term objectives,
which showed superior performance compared to lower
discount factors in experiments.

4.2.2. Exploration rate and decay

The exploration rate is initially set to 1.0, with a decay rate
of 0.995 and a minimum exploration rate of 0.01. This
ensures sufficient exploration during the initial learning
stages, while the gradual decay allows the UAVs to transi-
tion toward exploiting optimal strategies as learning pro-
gresses. A balanced decay rate of 0.995 was found to
effectively stabilize the system and speed up convergence.

4.2.3. Neural network structure

The neural network structure used by the HUCC-MAPPO
algorithm consists of a two-layer fully connected network
with 128 nodes per layer. This configuration balances
computational efficiency and learning capability, providing
the ability to generalize effectively across different task
scenarios. The structure enables efficient decision-making
and task execution, particularly in multi-task, dynamic
environments.

4.2.4. Parameter selection rationale

The rationale behind parameter choices is detailed to
maintain a balance between exploration and exploitation
while ensuring stability during training. For instance, the
learning rate, discount factor and exploration rate were
selected based on iterative experiments to ensure an ef-
fective trade-off between speed and stability during con-
vergence. These selections also provide resilience in varying
mission environments.

4.2.5. HUCC-MAPPO algorithm pseudo-code

The following pseudo-code provides a comprehensive
overview of the key steps involved in the implementation of
the HUCC-MAPPO algorithm, encompassing the initial pa-
rameter setup, execution of coordinated actions and itera-
tive policy updates. This pseudo-code serves as a practical
framework for deploying the HUCC-MAPPO algorithm
within dynamic and complex environments, emphasizing
the critical processes essential for achieving effective co-
ordination between UAVs and ground operators.

Algorithm 1. HUCC-MAPPO algorithm pseudo-code.

1: Initialize policy network parameters # and value network
parameters ¢

2: Initialize replay buffer for storing experience tuples

3: for episode = 1 to M do

4: Reset environment and obtain initial state sgq.

5: fort =1to T do

6: for each agent i (UAVs) do

7 Observe current state s; and calculate distances

dix;, djg.
8: Complexity: O((M + N)?) for calculating
distances between agents

9: Determine action a; using policy mg(at|st).

10: Execute action a; in the environment.

11: Receive reward r; and observe next state s’;.

12: Store transition (s, at, 7, 8'¢) in replay buffer.

13: end for

14: if replay buffer is full then

15: for each mini-batch do

16: Sample mini-batch of transitions from
replay buffer.

17: Compute advantage estimates A, using
value network Vi (s;).

18: Update policy network 6 using PPO
objective:

19: Vo J(0) = E¢[Vglog mg(at|st)
(Sh_en" Ry = Vi(se)]

20: Update value network ¢ by minimizing
value loss:

21: LYue(9) = By[(Ry — Vi(s0))?]-

22: end for

23: Clear replay buffer.

24: end if

25:  end for

26: end for




5. Experimental Design and Evaluation

5.1. Experimental environment

To validate the effectiveness and robustness of the pro-
posed HUCC-MAPPO algorithm, experiments were con-
ducted in a simulated environment on a computer equipped
with an Intel i9 processor, 32 GB of RAM and an NVIDIA
RTX 3080 GPU. This high-performance hardware setup
ensured smooth operation of the simulations and the ability
to handle the complex computations required by the algo-
rithm. The software implementation was done using Python
as the primary programming language, with TensorFlow
and PyTorch frameworks utilized for their computational
efficiency and flexibility in machine learning tasks. The
simulation environment was developed using the open-
source UAV simulation platform AirSim. The experimental
field was meticulously designed to replicate various real-
world scenarios, as illustrated in Fig. 6.

Multiple task scenarios were crafted to evaluate the
performance of the HUCC-MAPPO algorithm across various
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Fig. 6. Schematic diagram of the experimental field.
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UAV operational dimensions. The task area was divided into
multiple subregions using Voronoi diagrams, ensuring or-
ganized partitioning based on the spatial distribution of
UAVs and ground operators. Each subregion represented
distinct task types and environmental conditions, testing
different aspects of the algorithm’s capabilities. Simple
regions, such as open plains and basic obstacle areas, were
used to measure the algorithm'’s baseline task completion
rates and path planning capabilities. Static obstacles, such
as buildings and barriers, were added to the experimental
field to test the UAVs and ground operators’ obstacle
avoidance capabilities. These obstacles provided a con-
trolled environment for evaluating the system’s effective-
ness in recognizing and avoiding fixed obstacles, thus
enhancing the realism and complexity of the experimental
scenarios.

5.2. Parameter settings

To ensure the rigor and reliability of the experiments, key
parameters were meticulously set and categorized into task
scenario parameters and HUCC-MAPPO algorithm para-
meters, as detailed in Tables 1 and 2.

A typical operational scenario involved a task force
consisting of 25 ground operators and 50 UAVs, executing
reconnaissance missions across 50 task points within a
1000m x 1000m x 500 m area. Each operator and UAV
was assigned up to two task points, taking into account the
task load capacity. To optimize communication resources
and enhance control efficiency, the communication band-
width between UAVs and ground operators was limited to 4
Mbps. Each UAV was equipped with visible light recon-
naissance payloads and a combined GPS and IMU naviga-
tion system to enhance navigation accuracy.

The HUCC-MAPPO algorithm parameters were configured
to optimize the training and performance of the neural net-
work. These parameters were designed to fine-tune the
learning process, ensuring that the algorithm could

Table 1. Task scenario parameters.
Parameter Value
Number of UAVs 50
Number of ground operators 25
Number of tasks 50

Number of obstacles

Test aera range

Maximum task range

Maximum bandwidth

Maximum transmission distance

50 (including 40 static obstacles, 5 radar zones,

5 artillery threat zones)
1000m x 1000m x 500 m
2 per UAV and ground operator
4 Mbps
100 m




538 Z Cao & G. Chen

Table 2. HUCC-MAPPO algorithm parameters.
Parameter Value
Learning rate 0.001

Discount factor 0.99

Training iterations 5000

Neural network structure ~ Two-layer fully connected network
with 128 nodes per layer

Batch size 64
Optimizer Adam
Initial exploration rate 1.0
Exploration rate decay 0.995
Minimum exploration rate 0.01
Clipping range 0.2
Value function coefficient 0.5
Entropy coefficient 0.01

effectively adapt to various task scenarios and environmental
changes. By systematically adjusting these parameters, the
experiments aimed to assess the algorithm’s learning effi-
ciency and its ability to generalize across different situations.

5.3. Evaluation metrics

To evaluate the performance and robustness of the HUCC-
MAPPO algorithm, a set of key evaluation metrics was
employed. These metrics quantify the algorithm’s efficiency,
coordination and adaptability, providing insights into its
behavior in various complex environments and informing
future improvements. Specifically, for obstacle avoidance
evaluation, multiple metrics were employed to capture the
system’s performance in avoiding static obstacles. This
includes tracking successful obstacle avoidance events,
measuring minimum safe distances to obstacles and eval-
uating the effectiveness of avoidance paths.

(1) Task coverage efficiency

Task coverage efficiency (TCE) builds upon the resource
utilization metrics defined earlier in Egs. (17) and (18).
While those equations measure the resource utilization
rates R(u;) and R(g;) for UAVs and ground operators, re-
spectively, TCE expands this concept to quantify the overall
coverage efficiency across the mission. It reflects how well
the system avoids redundant coverage and omissions, and
can be mathematically expressed as follows:

M K
ZZDzk maxr +ZZ Jk - magkrk

TCE — i=1k=1 =1k=1

x 100%,
Ntotal

(49)

where N, represents the total number of mission points
designated in the mission planning.

(2) Computation time

Computation time (CT) refers to the total time required for
computational operations, such as decision-making, path
planning, and obstacle avoidance, and is used to evaluate
the algorithm’s real-time performance. On the other hand,
task completion time (TCT) represents the time required
for UAVs and ground operators to execute tasks, including
moving to target locations and completing assigned tasks.
These two metrics, considered together, provide a com-
prehensive evaluation of the system’s computational effi-
ciency and overall mission execution efficiency.

M K N K
CT:ZZDik'Tik+ZZDjk'Tjk' (50)

i—1 k=1 =1 k=1
(3) Path length

Path length (PL) measures the total distance traveled by UAVs
and ground operators to complete the assigned tasks. The
path planning model is designed to minimize the total path
length to enhance task execution efficiency. The path lengths
d; and dj for UAV u; and ground operator g; to the task points
t, have been defined in Egs. (2), (3) and (20), respectively. The
total path length can be mathematically expressed as follows:

= ZdeZdﬂ« (51)
i=1 k=1 j=1 k=

where djy, is the distance covered by UAV y; for task t;, and dj,

is the distance covered by ground operator g; for task ¢;.

(4) Obstacle avoidance capability

Obstacle avoidance capability (OAC) is a critical metric that
assesses the ability of UAVs and ground operators to navi-
gate through the mission area while successfully avoiding
obstacles. OAC can be mathematically expressed as follows:

OAC=1— Ncollision 7 (52)

encounter
where N gision represents the number of collisions with
obstacles that occurred during the mission, and Ng,counter
represents the total number of obstacle encounters recor-
ded during the mission. A lower value of N_qsion relative to
Nencounter indicates better obstacle avoidance performance.

(5) Task completion rate

Task completion rate (TCR) is calculated as the ratio of
successfully completed tasks to the total number of tasks.
This metric provides insight into the overall performance
and efficiency of the AGC system in accomplishing mission
objectives. The TCR can be mathematically calculated using
the following formula:

K

> ()

TCR=*L__ (53)
K



where 6(¢t;) = 1 if task t; is completed, otherwise §(t;) = 0,
and K is the total number of tasks.

To further refine the calculation of TCR, the concept of
task weighting based on priority and urgency is introduced.
The weighted TCR (WTCR) can be mathematically expres-
sed as follows:

ZK: wid ()

k=1

> Wi
k=1

where wy, represents the weight assigned to each task ¢, based
on its priority and urgency, reflecting the importance of the
task in the overall mission objectives. This weighted measure
provides a more nuanced view of system performance, em-
phasizing the successful completion of high-priority tasks.

These evaluation metrics enable a comprehensive as-
sessment of the HUCC-MAPPO algorithm’s performance,
offering a deep understanding of its capabilities and
highlighting areas for future improvement.

5.4. Experimental results

To validate the effectiveness and robustness of the pro-
posed HUCC-MAPPO algorithm, comparative experiments
were conducted against the heuristic greedy (HG) algo-
rithm, the mixing Q-network (QMIX) algorithm, the multi-
agent deep deterministic policy gradient (MADDPG) algo-
rithm and the MAPPO algorithm. The HG algorithm is
widely utilized for task allocation and path planning due to
its low-computational complexity and straightforward im-
plementation [41]. It incrementally builds solutions by
selecting the most advantageous options, making it suitable
for environments with limited computational resources. In
contrast, the QMIX algorithm enhances multi-agent RL by
optimizing agent coordination through a mixing network
that combines individual Q-values into a global Q-value
[42], making it effective for dynamic adjustments and effi-
cient resource utilization. The MAPPO algorithm employs
policy networks and the PPO method to ensure stable and
robust policy updates [43], facilitating coordinated and
adaptive behaviors among agents in complex environments.
The MADDPG algorithm, on the other hand, adopts a cen-
tralized training and decentralized execution framework.
This allows each agent to learn its own policy while
benefiting from centralized critic information, making it
well-suited for complex, continuous action space environ-
ments. MADDPG excels in optimizing coordination and de-
cision-making among multiple UAVs but may face
scalability issues when applied to large-scale scenarios [44].
This makes MAPPO an ideal benchmark for evaluating the
improvements of the HUCC-MAPPO algorithm in human-
machine coordination and path optimization.
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Fig. 7. TCE comparison of different algorithms.

(1) TCE analysis

The HUCC-MAPPO algorithm significantly enhanced TCE in
this experimental scenario, increasing it by over 40%, see
Fig. 7. The HG algorithm showed the lowest efficiency due to
its lack of advanced coordination. The QMIX algorithm im-
proved TCE but did not reach the level achieved by the
HUCC-MAPPO algorithm. The MAPPO algorithm also per-
formed well, demonstrating significant improvements over
both the HG and QMIX algorithms. The MADDPG algorithm
demonstrated moderate improvement, performing slightly
better than QMIX but below MAPPO and HUCC-MAPPO.

(2) CT analysis

The HG algorithm, owing to its simplicity, achieved the
shortest CTs but performed poorly in terms of optimization
and overall efficiency, see Fig. 8. The QMIX and MAPPO
algorithms exhibited increased CTs owing to their more
complex optimization mechanisms, yet they achieved better
performance outcomes than the HG algorithm. However, the
HUCC-MAPPO algorithm excelled in balancing computa-
tional efficiency with performance improvements, showing
higher CTs but maintaining superior optimization capabili-
ties. The MADDPG algorithm exhibited moderate CTs,
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—8— OMIX Algoritm
MAPTO Algarithm
2000+ —o— HUCC-MATEO Algorithm

1500
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Computation Time ()
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Fig. 8. CT comparison of different algorithms.
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higher than HG but lower than QMIX, with efficiency still
falling short of HUCC-MAPPO.

(3) PL analysis

The HUCC-MAPPO algorithm significantly reduced the PLs
of UAVs and ground operators, achieving over a 50% re-
duction compared to traditional algorithms. The HG algo-
rithm, with its simplistic approach, resulted in the longest
paths. QMIX demonstrated some improvement but fell short
of HUCC-MAPPO’s efficiency. MAPPO achieved notable
reductions but was still slightly less effective than HUCC-
MAPPO. The MADDPG algorithm reduced path lengths
compared to QMIX but was slightly less effective than
MAPPO and HUCC-MAPPO, see Fig. 9.

(4) OAC analysis

In environments with obstacles, the HUCC-MAPPO algo-
rithm effectively avoided collisions, achieving a success rate
of over 95%. The HG algorithm performed poorly in these
environments, with a success rate of only around 45%. The
QMIX and MAPPO algorithms demonstrated notable
improvements in obstacle avoidance, achieving success
rates of approximately 65% and 75%, respectively. The
MADDPG algorithm achieved a success rate of around 70%,
slightly below MAPPO, see Fig. 10.

(5) TCR analysis

The HUCC-MAPPO algorithm consistently achieved a high
TCR in this experimental scenario, often approaching 100%
in complex environments, indicating near-optimal perfor-
mance. In contrast, the HG algorithm exhibited a lower
completion rate, particularly under complex conditions,
achieving approximately 39% on average. The QMIX and
MAPPO algorithms performed better in complex environ-
ments, achieving completion rates of approximately 58%
and 80%, respectively. The MADDPG algorithm achieved a
TCR of about 60%, between QMIX and MAPPO, see Fig. 11.

=8 MADDPG
- —&— HG Algoritm
2 =@ OMIX Algorithm
MAPPO Algorithm
=@ HUCC-MATPO Algorithin
i
— o
& s
£ -
B o3 T
k o
= -
= e
& § Sl
Sl
1
0 =
0 1000 2000 3000 4000 5000
Training Sieps

Fig. 9. PL comparison of different algorithms.
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(6) Learning curve analysis

To evaluate the performance of the four algorithms within
the AGC system, particularly regarding their convergence
and stability over extended training periods, we conducted
a learning curve analysis. These curves illustrate the dy-
namic changes in each algorithm’s performance before
reaching a stable state, thereby facilitating the identification
of the most suitable algorithm for practical applications, see
Fig. 12.

The HUCC-MAPPO algorithm demonstrated the fastest
convergence and the highest stability, making it particularly
well-suited for the AGC system. The MAPPO algorithm
showed good convergence and stability, with final perfor-
mance slightly below that of HUCC-MAPPO. The MADDPG
algorithm demonstrated reasonably fast convergence with
good stability, consistently outperforming QMIX but still
lagging behind the HUCC-MAPPO and MAPPO algorithms in
terms of final performance. It showed some promising ini-
tial results, but its learning rate slowed down in later
stages, indicating limited capability in handling the complex
dynamics compared to HUCC-MAPPO and MAPPO. The
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QMIX algorithm exhibited moderate performance, with
significant fluctuations during training, suggesting some
instability. The HG algorithm performed the worst, with
considerable performance fluctuations and inadequate
outcomes, indicating poor convergence and limited
suitability for practical applications. Overall, HUCC-MAPPO
was the most effective, followed by MAPPO, MADDPG, QMIX
and HG.

Comparative experiments indicate that the HUCC-
MAPPO algorithm offers significant advantages in task
completion rate, path length, coordination efficiency, ob-
stacle avoidance capability and computation time. In par-
ticular, the HUCC-MAPPO algorithm performed effectively
in complex tasks and dynamic environments, reducing both
path length and computation time more efficiently. The HG
algorithm, while having lower computational complexity,
performed the least effectively in most scenarios, especially
in complex environments. The QMIX algorithm showed
moderate improvements across various metrics but faced
challenges in stability and efficiency under dynamic condi-
tions. The MAPPO algorithm achieved strong results in co-
ordination and path length but was slightly less efficient
compared to HUCC-MAPPO in complex scenarios. The
MADDPG algorithm demonstrated comparable results to

Table 3. Comparison of the performance of different algorithms.
Algorithm TCE CT PL OAC TCR
HG Low Low Long 45%  39%
QMIX Medium Medium Medium 65%  58%
MADDPG Medium Medium Medium 70%  60%
MAPPO High High Short 75%  80%
HUCC-MAPPO High High Short 95% 100%

Notes: TCE: Task coordination efficiency, CT: Computation time,
PL: Path length, OAC: Obstacle avoidance capability, TCR: Task
completion rate.
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MAPPO in several metrics, performing well in coordination
efficiency and obstacle avoidance, but was not as effective
as HUCC-MAPPO in adapting to highly dynamic environ-
ments. To further illustrate the performance of different
algorithms, a comparison of key metrics across different
algorithms is presented in Table 3.

6. Conclusion and Future Work

This study proposed and implemented an AGC system
based on the HUCC-MAPPO algorithm to enhance task area
coverage and execution effectiveness between UAVs and
ground operators. The algorithm extends the existing
MAPPO framework by incorporating Voronoi diagram-
based path planning to improve the assessment of human-
UAV coordination efficiency. Simulation results indicate that
the HUCC-MAPPO algorithm significantly improves the ef-
ficiency of task area coverage, reduces the time required for
computations and the overall length of the planned paths,
enhances the system’s ability to avoid obstacles, increases
the rate of successful task completions and accelerates the
learning process when compared to traditional methods.

The HUCC-MAPPO algorithm integrates adaptive task
allocation, precise path planning and multi-source infor-
mation processing, strengthening resource management
and decision-making in complex environments. This com-
prehensive approach enhances the AGC system’s ability to
handle diverse mission requirements and improve overall
operational effectiveness.

Despite these achievements, several limitations remain.
First, the experiments were primarily conducted in simu-
lated environments and are yet to be validated in real-
world settings, raising questions about the algorithm'’s
practical applicability and robustness under diverse con-
ditions. Second, the HUCC-MAPPO algorithm’s computa-
tional complexity is relatively high, which may hinder real-
time performance, particularly in large-scale tasks and
multi-agent systems. Additionally, the algorithm'’s perfor-
mance heavily depends on parameter settings, requiring
careful tuning for different scenarios, which may limit its
generalizability and ease of deployment.

Future research should address these limitations by
validating the proposed algorithm in real-world environ-
ments to assess its performance and applicability in actual
tasks, including scenarios that simulate the complexities
and uncertainties of operational conditions. Further opti-
mization is essential to reduce the computational com-
plexity of the HUCC-MAPPO algorithm, enhancing its
suitability for real-time applications. Additionally, expand-
ing comparative experiments by incorporating more ad-
vanced coordination algorithms and conducting sensitivity
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analyses of key parameters will help improve system
adaptability and performance in multi-agent scenarios.
Moreover, the inclusion of performance numbers from our
experimental results indicates that the HUCC-MAPPO algo-
rithm achieved a task completion rate improvement of ap-
proximately 20%, a reduction in path length by 15% and a
95% success rate in obstacle avoidance compared to other
algorithms. Furthermore, enhancing the simulation of real-
world obstacles, including dynamic threats and more com-
plex terrain features, will provide a more comprehensive
evaluation of the algorithm’s effectiveness in rapidly
changing environments. These improvements and optimi-
zations are expected to make the AGC system more efficient,
reliable and applicable in future applications, reinforcing its
potential as a robust solution for advanced human-UAV
coordination in complex environments.
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