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This paper addresses multiple unmanned aerial vehicles (UAVs) task planning for post-disaster supply delivery, a problem that comprises
two coupled multi-objective optimization problems (MOPs): task allocation and path planning. These sub-problems are highly coupled,
which therefore requires a layered decoupling strategy. To this end, a multi-UAV task planningmethod that combines graph neural network
(GNN) with an improved multi-objective particle swarm optimization (MOPSO) algorithm is proposed in this paper. A GNN is employed to
model the complex relationships between UAVs and tasks, extracting node and graph embeddings throughmessage-passingmechanisms to
provide shared, high-quality global prior information. Amulti-objective optimizationmodel is constructed for task allocation and operation
planning. Given its high-dimensional, nonlinear and strongly coupled characteristics, an MOPSO algorithmwith adaptive dynamic weight is
designed to enhance convergence ef iciency. Simulations show the proposed method outperforms benchmark methods in task completion
rate (TCR), task completion time (TCT), energy consumption and MOP performance metrics across varying scales.
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1. Introduction

Natural disasters, characterized by their sudden onset, wide
impact and destructive power, pose a serious threat to public
safety and infrastructure. Post-disaster rescue efforts often
face challenges like paralyzed transportation and disrupted
communications,which limit the ef iciency of traditional res-
cue methods [1]. Post-disaster emergency supply delivery
tasks are typically characterized by tight time constraints,
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large-scale material demand and numerous dispersed res-
cue points. Multiple unmanned aerial vehicles (UAVs), lever-
aging their rapid response and high maneuverability, offer a
key solution to overcoming terrain restrictions and achiev-
ing precise supply delivery [2–6].

Multi-UAV cooperative task planning is a problem for
optimizing task execution ef iciency and overall system per-
formance. It achieves this by coordinating a leet of UAVs to
allocate tasks effectively, plan light trajectories and avoid
con licts and obstacles. This process comprises two core, and
interdependent, components: task allocation and operation
planning [7], both of which fall into the category of Nonde-
terministic Polynomial (NP) problems.

At present, research on multi-UAV cooperative task
planning algorithms is primarily directed along two
lines: centralized approaches and hierarchical decoupling
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approaches [8]. For centralized approaches, Gharrad et al.

[9] addressed task allocation as a sub-problem of path plan-

ning to achieve joint planning for multiple UAVs. Liu et al.

[10] employed a multi-agent reinforcement learning (RL)

method to solve task allocation and path planning simul-

taneously. Wang et al. [11] proposed a unified framework

that integrates task pre-planning and replanning. Central-

ized approaches are suitable for scenarios requiring high

coordination, as they can effectively avoid task conflicts and

improve resource utilization. However, they suffer from high

computational complexity, leading to challenges such as low

computational performance and response delays in large-

scale problems.

For hierarchical decoupling approaches, Yao et al. [12]

developed a two-layer planning model for UAV delivery

sequencing and cooperative trajectory planning. Zhao et al.

[13] proposed a RL framework comprising a centralized task

allocation module and a multi-agent path planning module.

Li et al. [14] introduced a hierarchical task planning frame-

work with task-priority awareness. Hierarchical decoupling

approaches simplify problem complexity and arewell-suited

for scenarios with high real-time requirements or limited

computational resources. However, these methods often

weaken or ignore the coupling between the sub-problems

of task allocation and operation planning [15]. Solving these

sub-problems separately may lead to sub-optimal solutions

or task execution conflicts. Therefore, designing effective

hierarchical decoupling strategies remains a pressing chal-

lenge.

Based on the cooperative control structure of multi-

ple UAVs, the methods for solving task allocation problems

can be divided into centralized and distributed approaches

[16]. Centralized task allocation is managed by a central

control system that makes decisions by collecting all infor-

mation for global optimization. Ghassemi and Chowdhury

[17] and Lindsay et al. [18] computed globally optimal solu-

tions for multi-agent task allocation problems using inte-

ger programming methods. Gao et al. [19] and Han et al.

[20] utilized heuristic optimization algorithms to acceler-

ate the convergence speed for solving multi-UAV task allo-

cation problems. However, when the task scale is large,

the computational complexity and load of centralized meth-

ods increase significantly, potentially leading to decision

delays.

In distributed task allocation, UAVs possess autono-

mous decision-making capabilities and collaborate with

other UAVs to complete tasks. Xiong et al. [21] and Dong

et al. [22] implemented task allocation based on market

mechanisms, enhancing solution stability and robustness.

Wang et al. [23] proposed a distributed ant colony algorithm,

enabling UAVs to cooperatively select tasks to ensure solu-

tion optimality. Distributed approaches improve system reli-

ability, robustness and scalability. However, they are limited

by local-information-based decision-making, making it diffi-

cult to achieve global optimization.

With the development of RL, multi-UAV task allocation

based on RL has become a research hotspot in recent years.

Zhu and Fang [24] proposed a semi-randomQ-learning algo-

rithm that improves solution efficiency andquality by adjust-

ing action selection probabilities. Peng et al. [25] introduced

an evolutionary deep Q-learning algorithm to address the

uncertainty in the optimal solution space for task alloca-

tion and to enhance convergence rate. RL continuously opti-

mizes decision-making strategies through interaction with

the environment to cope with complex scenarios. How-

ever, RL-based methods face challenges such as high train-

ing cost, large computational complexity and limited model

scalability.

Operation planning involves formulating executable

action sequences froman initial state to a target state, includ-

ingpathplanning andexecution actionplanning. Algorithmic

research for UAV operation planning is mainly divided into

exact algorithms and approximate algorithms [26]. Exact

algorithms are typically used for path planning in deter-

ministic environments. Du [27] and Yoo and Moon [28]

proposed an improved A∗ algorithm to generate the short-

est collision-free paths for UAV swarms. Jabbar et al. [29]

introduced a weight-adjustable Dijkstra algorithm to find

the shortest path. These methods can obtain optimal solu-

tions, but their computational cost grows exponentially with

the problem size, making them suitable only for small-scale

scenarios.

Approximate algorithms mainly use heuristic methods

to find near-optimal solutions. Chen et al. [30] applied an

adversarial-learning-based artificial bee colony algorithm

to improve path planning efficiency. Ali et al. [31] and

Niu et al. [32] employed improved ant colony optimiza-

tion algorithms to address collision avoidance and coordi-

nation among multi-UAVs, while enhancing robustness and

global convergence speed. Bouaziz et al. [33], Rosas-Carrillo

et al. [34] and Liu et al. [35] leveraged the strong global

search capability of improvedparticle swarmoptimization to

increase the coverage of globally optimal paths. Li et al. [36]

proposed an algorithm framework based on smoothed par-

ticle hydrodynamics to address complex obstacle environ-

ments. The advantage of approximate algorithms lies in find-

ing near-optimal solutions with lower computational cost.

However, relying solely on path planning ormotion planning

is often insufficient to address the demands of large-scale

and complex task coordination.

Focusing on post-disaster emergency supply delivery,

this study explores multi-UAV cooperative task planning in

scenarios with multiple objectives and constraints. To tackle

the complexity, we build a hierarchical framework and pro-

pose an decoupling algorithm that leverages deep learn-

ing for feature extraction and optimization techniques for
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precision search, thereby ensuring the solution efficiency.

The contributions of this paper are as follows:

• A hierarchical task planning strategy based on graph neu-

ral network (GNN) decoupling is proposed. This strategy

divides the task planning problem into three stages of

weakly coupled problems during the solution procedure,

reducing the difficulty of solving the problem.

• Global scenario features such as spatial adjacency of task

points, task priority hierarchies and cooperative relation-

ships among UAVs are extracted in real time using GNN.

This not only improves the mastery of global information

in the solving process, but also provides high-quality ini-

tial solutions for task allocation, thereby accelerating the

overall optimization process.

• The improvedMOPSO algorithm introduces dynamic iner-

tia weights and adapts them to the task allocation and

operation planning problems in this study. The improve-

ment effectively balances the global exploration and local

development capabilities of the algorithm, and improves

the multi-objective optimization performance of task

planning.

The remainder of this paper is organized as follows: Sec-

tion 2 conducts problem formulation; Section 3 introduces a

task planning method based on GNN decoupling; Section 4

presents the comparative results; Section 5 concludes the

paper.

2. Multi-UAV Cooperative Task Planning Problem

Formulation

2.1. Problem description

Emergency supply delivery in post-disaster urban environ-

ments is highly time-critical, requiring a rapid multi-UAV

response. This necessitates a coordinated approach that

accounts for individual UAV capabilities, task time windows,

inter-UAV collision avoidance and urban operational con-

straints, to effectively assign tasks and plan trajectories for

collaborative mission execution.

In post-disaster scenarios, different task points exhibit

varying requirements for both the types and quantities

of resources, as well as differing levels of task urgency.

Consequently, in light of the characteristics of the post-

disaster environment, the state of UAV 𝑖 is defined as 𝑈𝑖 =
⟨𝑃 uav

𝑖 , 𝐷𝑖, 𝐸𝑖, 𝑊𝑖, 𝑉𝑖⟩, where 𝑃 uav
𝑖 denotes the current posi-

tion of UAV 𝑖, 𝑃 uav
𝑖 = (𝑥𝑖, 𝑦𝑖, 𝑧𝑖), 𝐷𝑖 is its flight distance,

𝐸𝑖 is its total energy, 𝑊𝑖 is its maximum payload and 𝑉𝑖 is

its maximum speed. The state of task point 𝑗 is defined as

𝑇𝑗 = ⟨𝑃 task
𝑗 , 𝑄𝑗, 𝑅𝑗⟩, where 𝑃 task

𝑗 represents the position of

task point 𝑗,𝑄𝑗 denotes the task demand, including three cat-

egories: medical supplies, food and clothing and𝑅𝑗 indicates

the task priority, divided into three levels: high, medium and

low. For clarity, the variables used in the modeling process

are listed in Table 1.

2.2. Task allocation model

In emergency missions, timeliness is paramount, while the

energy consumption of UAVs directly limits their opera-

tional range and endurance. Consequently, an equitable

task allocation is critical to prevent overloading some UAVs

while others remain idle, thus enhancing overall efficiency

and mitigating the risk of single-point failures. The objec-

tive function encapsulating these goals is formulated in

(1)–(3).

(i) Total Task Completion Time (TCT)

The maximum time for a single UAV to complete all its

assigned tasks. The completion time for UAV 𝑖 to fin-

ish all its tasks is the sum of the flight time to each

Table 1. Variable descriptions.

Variable symbols Variable meaning Variable description

N Number of UAV UAV indices: 1, 2, … , 𝑁
M Number of task Task indices: 1, 2, … , 𝑀
ℐ𝑁 Index set ℐ𝑁 = {1, 2, … ,N}
ℐ𝑀 Index set ℐ𝑀 = {1, 2, … ,M}
𝑥𝑖𝑗 Task allocation decision variables If task point 𝑗 is allocated to drone 𝑖, 𝑥𝑖𝑗 = 1; otherwise, 𝑥𝑖𝑗 = 0
𝑑𝑖𝑗 Expected flight path length Expected flight path length of UAV 𝑖 from its current position to task point 𝑗
𝑦𝑖𝑗𝑘 Operation planning decision variables If drone 𝑖 chooses the path connecting task points 𝑗 and 𝑘, 𝑦𝑖𝑗𝑘 = 1;

Otherwise, 𝑦𝑖𝑗𝑘 = 0
𝑑𝑖𝑗𝑘 Flight path length Flight path length of UAV 𝑖 from task point 𝑗 to task point 𝑘
𝑟eff Task execution efficiency The amount of tasks executed per unit time

𝑘𝑓 Distance energy consumption The energy consumption coefficient per unit distance

𝑘𝑤 Task energy consumption The energy consumption coefficient per unit task

𝐺 = (𝑉 , 𝐸) Undirected graph representation of the problem V represents the set of nodes E represents the set of edges

ℎ(𝑘)
𝑖 Node feature The feature of node 𝑣𝑖 at the 𝑘 layer

𝑁(𝑖) Neighbor node The set of neighboring nodes of node 𝑣𝑖
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target task point and the time required to execute the

tasks.

𝑓1 = max
𝑖

𝑀

∑
𝑗=1

(
𝑑𝑖𝑗

𝑉𝑖
+

𝑄𝑗

𝑟eff
) ⋅ 𝑥𝑖𝑗. (1)

(ii) UAV Energy Consumption (UEC)

The total energy consumedbyall UAVs to complete their

assigned tasks, which is the sum of the energy con-

sumed for flying to the target task points and the energy

required to execute the tasks.

𝑓2 =
𝑁

∑
𝑖=1

𝑀

∑
𝑗=1

(𝑘𝑓 ⋅ 𝑑𝑖𝑗 + 𝑘𝑤 ⋅ 𝑄𝑗) ⋅ 𝑥𝑖𝑗 (2)

(iii) Task Load Balancing

This objective function aims tominimize the variance of

TCT to ensure that the task loads among all UAVs are as

balanced as possible.

𝑓3 = 1
𝑁

𝑁

∑
𝑖=1

(
𝑀

∑
𝑗=1

(
𝑑𝑖𝑗

𝑉𝑖
+

𝑄𝑗

𝑟eff
) ⋅ 𝑥𝑖𝑗 − ̄𝑡)

2

, (3)

where ̄𝑡 denotes the average TCT of all UAVs.

The objective function of the task allocation problem is

defined in (4), which includes minimizing TCT, minimizing

energy consumption and balancing task allocation.

𝐹 = min[𝑓1, 𝑓2, 𝑓3]. (4)

The constraint conditions are defined in (5)–(8).

(i) UAV Payload Constraint

The total payload of the UAV cannot exceed its maxi-

mum carrying capacity.

𝑀

∑
𝑗=1

𝑄𝑗 ⋅ 𝑥𝑖𝑗 ≤ 𝑊𝑖, ∀ 𝑖 ∈ ℐ𝑁. (5)

(ii) UAV Endurance Time Constraint

The total energy consumption of the UAV during mis-

sion execution cannot exceed its total power consump-

tion 𝐸𝑖.

𝑘𝑓 ⋅
𝑀

∑
𝑗=1

𝑑𝑖𝑗 ≤ 𝐸𝑖. (6)

(iii) Exclusive Task Assignment Constraint

Each task can only be executed by one UAV at most.

𝑁

∑
𝑖=1

𝑥𝑖𝑗 ≤ 1, ∀ 𝑗 ∈ ℐ𝑀. (7)

(iv) Task Priority Constraint

UAVs are assigned to high-priority tasks first.

𝑁

∑
𝑖=1

𝑥𝑖𝑗 = 1, if 𝑅𝑗 = high, (8)

where 𝑅𝑗 = high represents that task point 𝑗 has

a higher priority compared to other unallocated task

points.

2.3. Operation planning model

The decision variable of the operation planning model is the

path selection variable 𝑦𝑖𝑗𝑘, which indicates whether UAV 𝑖
moves along edge 𝑘 when traveling from its current position

to task point 𝑗. This variable is a discrete binary variable.

Given the time-critical nature of post-disaster supply deliv-

ery and the need tominimize operational cost, the operation

planning problem is formulated with the objective functions

defined in (9)–(10).

(i) Total Flight Path Length

The sum of the flight path lengths of all UAVs to com-

plete all assigned tasks.

𝑔1 =
𝑁

∑
𝑖=1

𝑀

∑
𝑗=1

∑
𝑘∈𝐸

𝑑𝑖𝑗𝑘 ⋅ 𝑦𝑖𝑗𝑘. (9)

(ii) UAV Operation Time

The total operation time for a UAV to complete all its

tasks, which is the sum of its flight time and task execu-

tion time.

𝑔2 =
𝑁

∑
𝑖=1

𝑀

∑
𝑗=1

∑
𝑘∈𝐸

(
𝑑𝑖𝑗𝑘

𝑉𝑖(𝑡)
+

𝑄𝑗

𝑟eff
) ⋅ 𝑦𝑖𝑗𝑘. (10)

The objective function of the operation planning prob-

lem is defined in (11), which includes minimizing the total

flight path length and minimizing the UAV operation time.

𝐺 = min[𝑔1, 𝑔2]. (11)

The constraint conditions are defined in (12)–(15).

(i) Path Feasibility Constraint

This constraint ensures that the number of times the

drone enters the task point 𝑘 is equal to the number of

times it leaves the task point 𝑘.
𝑀

∑
𝑗=1

𝑦𝑖𝑗𝑘 =
𝑀

∑
𝑚=1

𝑦𝑖𝑘𝑚, ∀ 𝑖, 𝑘 ∈ ℐ𝑀. (12)

(ii) UAV Energy Constraint

The energy consumption of the drone during mission

execution does not exceed the initial power consump-

tion.
𝑀

∑
𝑗=1

𝑀

∑
𝑘=1

𝑘 ⋅ 𝑑𝑖𝑗𝑘 ⋅ 𝑦𝑖𝑗𝑘 ≤ 𝐸𝑖, ∀ 𝑖 ∈ ℐ𝑁. (13)

(iii) Track Safety Constraint

UAVs must ensure a minimum safe distance during

flight.

𝑑𝑖𝑗 ≥ 𝑑min, ∀ 𝑖, 𝑗 ∈ ℐ𝑁, (14)
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where 𝑑𝑖𝑗 is the distance between UAV 𝑖 and UAV 𝑗, and
𝑑min is the minimum safe distance.

(iv) Flight Speed Constraint

The flight speed of the UAV shall not exceed its maxi-

mum speed.

𝑣𝑖(𝑡) ≥ 𝑉𝑖, ∀ 𝑖 ∈ ℐ𝑁, (15)

where 𝑣𝑖(𝑡) is the speed of UAV 𝑖 at time 𝑡.

2.4. Model analysis

The presented model defines a spatiotemporally coupled

multi-UAV cooperative planning problem, which is a Mixed-

Integer Programming (MIP) formulation. Furthermore, both

its constituent problems—task allocation andpathplanning

areNP-hard. At the decision variable level, the task allocation

decision variables 𝑥𝑖𝑗 determine which operation planning

decision variables 𝑝𝑖𝑗𝑘 need to be optimized, while the path

operation cost in 𝑝𝑖𝑗𝑘 influence the evaluation of the quality

of 𝑥𝑖𝑗.

At the objective level, a tight coupling exists between the

two models. The objective of the task allocation model (1)

relies on UAV path lengths from the operation plan, while the

execution time in the operation model (9) is contingent on

the allocation scheme. This bidirectional dependency, com-

bined with shared energy constraints (3) and (10), creates a

coupled, closeloop system. Furthermore, both models share

the dual objectives of minimizing time and energy. Crucially,

task allocation pursues global minima for total mission time

and energy, whereas operation planning seeks local minima

for thepath length (directly impacting energy) andoperation

time of individual UAVs. Since the aggregation of local optima

does not guarantee a global optimum, coordinated optimiza-

tion using global information is essential.

3. Multi-UAV Task Planning Algorithm Based on

GNN Decoupling

3.1. GNN decoupling algorithm framework

For the above multi-UAV cooperative task planning prob-

lem, traditional methods often employ a decoupled opti-

mization of task allocation and operation planning, lead-

ing to significant loss of global information. However, a

centralized approach to the task planning problem, which

accounts for the strong coupling between the task allocation

and operation planning sub-problems, notably increases the

computational complexity. To overcome this challenge, we

propose a hierarchical decoupling optimization algorithm.

This method leverages a weak-coupling structure to decom-

pose the problem, enhancing computational efficiency while

guaranteeing the optimality of the overall mission plan.

The algorithm that combines GNNs with a dynamic inertia

weight-based multi-objective particle swarm optimization

(GNN-ADWMOPSO). Its core innovation lies in first using

GNN to construct a unified model of the complex topology

involving UAVs, task points, and the environment. The GNNs

message-passing mechanism explicitly captures inter-UAV

cooperation and competition, producing node and graph

embeddings that encode the global system state. These rich

contextual embeddings then serve as high-quality feature

representations for informed decision-making in the subse-

quent optimization stage.

The multi-UAV task planning problem is mapped to a

weighted undirected graph model, as illustrated in Fig. 1.

UAV nodes and task nodes serve as the graph’s vertices,

with node features encompassing UAV states and task point

states. Edgeweights are calculated based onUAV—task exe-

cution cost and inter-UAV cooperation relationships.

To enable rapid decision-making, our framework first

employs the A∗ algorithm for efficient path prediction on an

abstract environmental map. This is followed by an Adap-

tive Dynamic Weight Multi-Objective Particle Swarm Opti-

mization (ADWMOPSO) algorithm for integrated decision

optimization. During the task allocation phase, the GNN

facilitates global cooperative decision-making via iterative

message passing. UAV and task nodes exchange critical infor-

mation— such as resource requirements, path conflict risks

and load status — through edges, which is then aggregated

across multiple neural layers to produce a probabilistic task

allocation distribution. In the operation planning phase, the

GNN leverages spatiotemporal features to identify poten-

tial conflicts based on the paths generated by ADWMOPSO.

It subsequently adjusts UAV flight sequences or generates

local detours, thereby enabling efficient supply delivery to

all known disaster sites while dynamically mitigating opera-

tional risks.

The algorithm framework is shown in Fig. 2. The

feature extraction phase employs graph construction and

Fig. 1. Weighted undirected graph model.
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Fig. 2. Hierarchical decoupling algorithm framework.

GNN training to learn inter-task relationships and gener-

ate embedded representations, thereby reducing the com-

putational complexity of multi-objective optimization and

enhancing global information interaction. Subsequently, the

task planning phase leverages these embeddings and pre-

dicted trajectories to achieve closed-loop optimization of

allocation and operation planning, improving efficiency

through feature-driven guidance. This strategy effectively

balances computational efficiency with global performance,

significantly boosting the adaptability and robustness of

multi-UAV cooperation in complex environments. The pro-

posed algorithm is accordingly structured into four inte-

grated components: GNN-based global feature extraction,

A∗-based trajectory prediction, ADWMOPSO-based task allo-

cation andoperationplanning andoperation replanning. The

design and implementation of each component are detailed

in the following sections.

3.2. GNN-based feature extraction

GNN-based feature extraction provides high-quality input

for subsequentmulti drone task planning. It generates graph

embeddings that encode the global context, alongside node

and edge embeddings that capture individual states and

semantic relationships. Furthermore, the similarity and dis-

tance between these embedding vectors enable the deriva-

tion of a UAV-task compatibility matrix. The task alloca-

tion problem is modeled as an undirected weighted graph

𝐺 = (𝑉 , 𝐸), where 𝑉 denotes the set of nodes representing

UAVs and task points,𝐸 represents the connections between

nodes and the edge weights 𝜔𝑖𝑗 indicate either the Euclidean

distance or the task execution cost between nodes 𝑣𝑖 and 𝑣𝑗,

capturing the relationships between UAVs and task points.

To capture the complex interdependencies arising from

the task point distribution and required UAV collaboration,

we utilize a GNN for feature extraction. As shown in Fig. 3,

Fig. 3. GNN feature extraction.

GNN applies a multi-layer message passing mechanism to

update and enhance node features.

In each graph convolution layer, the GNN updates the

features of a target node by aggregating information from its

neighboring nodes. The feature update formula for node 𝑣𝑖
at the 𝑘 + 1 layer is given in (16).

ℎ(𝑘+1)
𝑖 = 𝜎(𝑊 (𝑘) ⋅ 𝐴𝐺𝐺({ℎ(𝑘)

𝑖 , ℎ(𝑘)
𝑗 | 𝑗 ∈ 𝑁(𝑖)})), (16)

where 𝑊 (𝑘) is the learnable weight matrix at the kth layer, 𝜎
is a nonlinear activation function and𝐴𝐺𝐺(⋅) is the aggrega-
tion function used to combine the feature information. The

aggregation function is defined in (17).

𝐴𝐺𝐺({ℎ(𝑘)
𝑖 , ℎ(𝑘)

𝑗 | 𝑗 ∈ 𝑁(𝑖)}) = ∑
𝑗∈𝑁(𝑖)

𝜔𝑖𝑗 ⋅ ℎ(𝑘)
𝑖 , (17)

where𝜔𝑖𝑗 is theweight of edge 𝑒𝑖𝑗, whichmeasures the influ-

ence strength of the neighboring node 𝑗 on the target node 𝑖.
Through iterative updates defined by (17), each node’s

feature representation progressively fuses global contextual

information from the entire graph while preserving its local

structural characteristics. The resulting node embeddings

ℎ(𝑘)
𝑖 , produced after multiple GNN layers, thus encapsulate
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the spatial configuration of tasks and UAVs, their collabora-

tive potential and associated cost. These embeddings sub-

sequently serve as efficient and information-rich inputs for

downstream task allocation and operation planning.

3.3. Trajectory prediction based on the A∗

algorithm

For efficient route planning, the A∗ algorithm computes the

shortest paths from UAV start points to task locations while

adhering to flight constraints. Its core principle leverages a

heuristic search to guide the explorationwithin a discretized

2D grid representation of the disaster area. The algorithm’s

total cost function is defined as

𝐹(𝑛) = 𝐺(𝑛) + 𝐻(𝑛), (18)

where 𝐺(𝑛) is the actual cost and 𝐻(𝑛) is the heuristic cost,
which is the Euclidean distance from the current node to the

goal node, calculated as

𝐻(𝑛) = √(𝑥𝑛 − 𝑥goal)2 + (𝑦𝑛 − 𝑦goal)2. (19)

3.4. Task allocation and operation planning

based on ADWMOPSO

To effectively address the integrated task allocation and

operation planning problem for multiple UAVs, this paper

proposes an enhanced multi-objective particle swarm opti-

mization algorithm named ADWMOPSO. The algorithm

incorporates a dynamic inertia weight mechanism that

adjusts this parameter across different search phases,

thereby adaptively balancing global exploration and local

exploitation. This strategic adaptation helpsmitigate prema-

ture convergence and enables the generation of high-quality,

diverse solutions for both task assignment and operation

sequencing. The approach is particularly suited for navigat-

ing the high-dimensional, nonconvex Pareto solution space

inherent to this challenging optimization problem.

3.4.1. Population initialization

The decision variables of the problem are represented

as particles. For the task allocation problem, the par-

ticle 𝑝 is denoted as [𝑥11, … , 𝑥1𝑀, … , 𝑥𝑁𝑀], where 𝑥𝑖𝑗
indicates whether task 𝑗 is assigned to UAV 𝑖. For the

operation planning problem, the particle 𝑝 is denoted as

[𝑝11𝑘, … , 𝑝1𝑀𝑘, … , 𝑝𝑁𝑀𝑘], where 𝑝𝑖𝑗𝑘 indicates whether UAV

𝑖 moves along edge 𝑘 when traveling from its current posi-

tion to task point 𝑗.
The node feature matrix output by the GNN is aligned

through aweight matrix𝑊 ∈ 𝑅𝐷′×𝐷′
and divided according

to node type into a UAV node feature matrix 𝐻𝑈 ∈ 𝑅𝑁×𝐷′

and a task node feature matrix 𝐻𝑇 ∈ 𝑅𝑀×𝐷′
. The UAV–task

matching score matrix 𝑆 ∈ 𝑅𝑁×𝑀 is then computed as

𝑆𝑖𝑗 = ReLU(𝐻𝑈𝑖
⋅ 𝑊 ⋅ 𝐻𝑇𝑗

). (20)

The matching score matrix is passed through a ReLU

activation function, and its rows are normalized to produce

a task allocation probability matrix. This matrix is then used

to generate an initial task allocation scheme. Concurrently,

an archive is initialized to store Pareto-optimal solutions

throughout the optimization process.

3.4.2. Fitness evaluation

Based on the established multi-UAV cooperative task plan-

ning model, the optimization objectives are defined as fol-

lows: the task allocation phase aims to minimize the total

mission completion time, reduce total UEC and ensure a bal-

anced workload distribution; the operation planning phase

seeks to minimize the cumulative trajectory length and the

total UAV operation time. The fitness of the initial particle

swarm is evaluated according to these objectives.

3.4.3. Selecting guided particles

For each particle 𝑝, the raw fitness value 𝑓 is calculated and

then adjusted using a penalty function. The fitness of solu-

tions that violate constraints is dynamically modified. The

penalty function is defined as

𝑓𝑝𝑒𝑛 = 𝑓 + 𝜆 ⋅ pen, (21)

where 𝑓pen is the fitness value including the penalty term, 𝜆
is the penalty coefficient and pen represents the total con-

straint violation, indicating the degree to which constraints

are violated.

3.4.4. Particle update

A dynamic inertia weight is incorporated into the veloc-

ity update to adaptively balance global exploration and

local exploitation throughout the optimization process. This

mechanism assigns a higher weight during the initial phase

to promote extensive global search, and systematically

reduces it in later phases to fine-tune solutions and guide the

swarm toward convergence on the Pareto-optimal front. The

velocity update is formulated as follows:

𝑣(𝑡+1)
𝑝 = 𝜔(𝑡) ⋅ 𝑣(𝑡)

𝑝 + 𝑐1 ⋅ 𝑟1 ⋅ (𝑝best − 𝑥(𝑡)
𝑝 )

+ 𝑐2 ⋅ 𝑟2 ⋅ (𝑔best − 𝑥(𝑡)
𝑝 ), (22)

where 𝜔(𝑡) is the dynamic inertia weight at the tth iteration,

which decreases linearly during the iteration process. 𝑐1 and
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𝑐2 are the cognitive and social learning factors, respectively,

𝑟1 and 𝑟2 are random numbers.

Particle positions are updated, and their fitness values

are recalculated. Individual best solutions 𝑝best and the global
best solution 𝑔best are then updated accordingly.

3.4.5. Particle archiving

Particles satisfying the Pareto-optimal conditions are added

to the archive. An overcrowding-based selection mechanism

is applied to remove excess solutions, maintaining a fixed

archive size.

3.4.6. Termination condition

The algorithm terminates when the maximum number of

iterations or a convergence criterion is reached, and the final

Pareto-optimal solution set is output.

The algorithm flowchart is shown in Fig. 4.

3.5. Operation replanning

During the task execution phase, when flight path con-

flicts occur between UAVs, operation replanning is required

to ensure flight safety. The GNN predicts potential UAV

path conflicts based on node and edge embeddings through

a message-passing mechanism. After L layers of message

Fig. 4. Flowchart of the ADWMOPSO algorithm.

passing, the final features of UAV nodes 𝑖 and 𝑗 are ℎ(𝐿)
𝑖 and

ℎ(𝐿)
𝑗 , respectively. These node features are linearly combined

through a fully connected layer and then passed through an

activation function to generate a conflict probability matrix

𝐶 ∈ 𝑅𝑁×𝑁:

𝐶𝑖𝑗 = 𝜎(𝑊𝑐 ⋅ [ℎ(𝐿)
𝑖 ||ℎ(𝐿)

𝑗 ] + 𝑏𝑐), (23)

where 𝑊𝑐 is the weight matrix of the fully connected layer,

|| represents vector concatenation operation, 𝑏𝑐 is the bias

term and 𝜎 is the sigmoid function. When𝐶𝑖𝑗 > 𝜏 (where 𝜏 is
a given threshold), the UAV pair (𝑖, 𝑗) is considered to have a
conflict that requires resolution.

For a conflicting UAV pair (𝑖, 𝑗), based on the task execu-
tion priorities 𝑆𝑖 and 𝑆𝑗, if 𝑆𝑖 > 𝑆𝑖, UAV 𝑖 is given priority to
proceed and UAV 𝑗must adjust its path. Using the path infor-

mation of the conflicting UAV pair, the intersection point is

identified as the conflict point 𝑃conflict. Around 𝑃conflict, a cir-

cular regionwith a radius equal to the safety distance thresh-

old is defined. Existing paths within this region are removed

and safe waypoint set 𝑃safe is generated by uniformly sam-

pling in polar coordinates within the region. For each can-

didate waypoint 𝑃𝑘 in the safe waypoint set, the detour dis-

tance added to the original path is calculated. The UAV 𝑗
selects the waypoint 𝑃best that results in the shortest detour

and incorporates it into the original path, achieving opera-

tion replanning.

4. Simulation Experiments

4.1. GNN training

For small-scale problem instances, optimal allocation solu-

tions derived from a solver serve as the training data for

the GNN. To ensure comprehensive coverage, the train-

ing dataset incorporates diverse representative operational

conditions, encompassing variations in task point distribu-

tion, priority levels and resource demands. This approach

effectively simulates a wide range of real-world complexi-

ties, thereby robustly generalizing the model’s performance

across different environments. Specific scenario configura-

tions are detailed in Table 2.

Table 2. Typical training scenario design.

Position Resource

distribution Priority quantity

Single-center cluster Balanced number of Resource quantity

cluster different priorities greater than demand

Multi-center Same priority Resource quantity

cluster balanced with demand

Uniformly dispersed Resource quantity

less than demand
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(a) (b) (c)

(d) (e) (f)

Fig. 5. Typical training scenario diagrams. (a) Single-center different priorities, (b) multi-center different priorities, (c) uniform— different priorities, (d)

single-center same priority, (e) multi-center same priority and (f) uniform— same priority.

An example of the typical training scenario is shown in

Fig. 5. In the scenario graph, the size of each task point is

proportional to its task demand. Since the example graph

only illustrates the task demand, the casewhere the resource

quantity exceeds the demand is used as an example.

To validate the GNNmodel, 100 data samples were gen-

erated per scenario, yielding a total dataset of 1800 samples.

This dataset was partitioned into a 70% training set, 15%

validation set and 15% test set. All typical scenarios are rep-

resented in each subset with a consistent proportion to pre-

vent distributional bias. The hyperparameters employed for

training are detailed in Table 3.

Table 3. Training hyperparameter.

Hyperparameter Value

Batch size 16

Learning rate 0.001

Optimizer Adam

Loss function CrossEntropyLoss

Number of epochs 100

The convergence of the GNN training is visualized by the

loss curve in Fig. 6. During training,model stateswere check-

pointed at every epoch, with the final model being selected

for evaluation based on its superior validation performance,

thereby effectively circumventing overfitting.

4.2. Comparative experiments

4.2.1. Experimental setup

To evaluate the effectiveness and superiority of the pro-

posed GNN-ADWMOPSO method under varying scenar-

ios, we designed three task scenarios of different scales,

with specific parameters listed in Table 4. To facilitate

experimentation, the task scenario is an abstraction of a real

environment that preserves the defining features of actual

post-disaster missions, thereby ensuring the relevance and

applicability of our findings to real-world situations. All sce-

narios are set in a 20 km× 20 km rectangular disaster area.

Each task point is characterized by a priority level P (High,

Medium, or Low) and a demand value D (in kg), where the
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Fig. 6. Training Curves.

Table 4. Experimental scenario settings.

Scenario Number of UAVs Number of task points

Scenario 1 3 10

Scenario 2 5 20

Scenario 3 10 50

demand type corresponds to the supply category (medical

supplies, food, or clothing).Medical supplies are consistently

assigned the highest priority. All UAVs are initialized at coor-

dinates (0, 0), with amaximum flight speed of 30m/s, amax-

imum payload capacity of 20 kg, and an endurance of 2 h.

4.2.2. Experimental results

Upon completion of training, the GNN transforms its output

node featurematrix into a task allocation probability matrix,

fromwhich an initial assignment scheme is derived. Building

on this initial solution, the ADWMOPSO algorithm is applied

to obtain the final task planning result, illustrated in Fig. 7.

Table 5. Task planning data results.

UAV flight path

Scenario length (km) TCT (min)

Scenario 1 127.12 29.32

Scenario 2 200.94 36.71

Scenario 3 424.77 47.13

The arrows in the figure represent the UAVs’ task

sequences. Corresponding flight path lengths and mission

completion time are quantitatively summarized in Table 5.

4.2.3. Ablation study

To systematically evaluate the contribution of each core com-

ponent in the proposed GNN-ADWMOPSO framework, we

conduct an ablation study by comparing several algorithm

variants under controlled conditions. This allows for a pre-

cise assessment of the individual contributions of the GNN-

based feature extractionmodule and the adaptive strategy in

ADWMOPSO. The following variants are designed:

(i) ADWMOPSO Algorithm

This variant removes the GNN feature extraction mod-

ule from the full GNN-ADWMOPSO algorithm, retaining

only the ADWMOPSO optimizer with dynamic adaptive

factors and constraint handling. The initial population

is generated using conventional random initialization.

This setup is used to evaluate the necessity and effec-

tiveness of the GNN training and feature representation.

(ii) GNN-MOPSO Algorithm

In this variant, the dynamic inertia weight mechanism

in ADWMOPSO is replaced with the standard MOPSO,

while retaining the GNN feature extraction module. It

serves to validate the contribution of the adaptive iner-

tia weight strategy in ADWMOPSO.

Each algorithm variant, including the full model, is exe-

cuted over 25 independent runs across three scenario scales.

Performance is measured using three key metrics: shortest

(a) (b) (c)

Fig. 7. Task planning result diagram. (a) Scenario 1, (b) Scenario 2 and (c) Scenario 3.
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(a) (b) (c)

Fig. 8. Radar chart comparison of the ablation experiments. (a) Scenario 1, (b) Scenario 2 and (c) Scenario 3.

TCT, lowest UEC and highest task allocation balance (TAB). A

radar chart summarizing the comparative results is provided

in Fig. 8.

Across all three experimental scenarios, GNN-

ADWMOPSO consistently achieves superior performance

compared to the ADWMOPSO variant in mission comple-

tion time, energy consumption and TAB. This result con-

firms that the GNN feature extraction module significantly

enhances initial solution quality and effectively guides the

search process. Furthermore, GNN-ADWMOPSO also outper-

forms the GNN-MOPSO variant, validating that the dynamic

inertia weight strategy successfully balances global explo-

ration and local exploitation throughout the optimization

process.

4.2.4. Comparative algorithms

To further compare algorithm performance, two benchmark

algorithms were selected in this study, including:

(i) Ant Colony Optimization with Evolution Strategy (ES-

ACO) [37].

This algorithm centrally solves the task planning prob-

lem, incorporating a roulette wheel selection principle

and elite strategy into the ACO framework. The algo-

rithm parameters are listed in Table 6.

(ii) Multi-layer Planner [38]

This algorithm divides the task planning problem

into three hierarchical layers, including a task allo-

cation layer based on a genetic algorithm, a conflict

Table 6. ES-ACO parameter.

Parameter Symbol Value

Number of ants m 40

Pheromone importance factor 𝛼 1

Heuristic importance factor 𝛽 7

Pheromone evaporation factor 𝜌 0.3

Pheromone reinforcement factor Q 1

Table 7. Multi-layer planner parameter.

Parameter Value

Population size 40

Crossover probability 0.8

Mutation probability 0.1

Conflict detection radius 10 m

resolution layer based on an improved Conflict-Based

Search (CBS) variant, and a path planning layer using

a spatio-temporal hybrid-state A∗ algorithm. The algo-

rithm parameter settings are listed in Table 7.

For the comparison algorithms, the maximum number

of iterations is set to 100, and 25 independent repeated

experiments are conducted. The final results are reported as

the statistical average.

4.2.5. Results analysis

Based on the multi-UAV task planning model, the effective-

ness of actual task plans can be evaluated using indicators

such as maximum task completion rate (TCR), minimum

TCT, minimumUEC and highest task load balance (TLB). The

algorithm performance can be assessed in terms of conver-

gence and diversity. Convergence measures how close the

solution set is to the true Pareto front, while diversity eval-

uates the uniformity and spread of solutions. The Spacing

(SP) and Hypervolume (HV) metrics are calculated for the

solution set. SP measures the uniformity between adjacent

solutions within the set; a smaller SP indicates a more uni-

form distribution. HV assesses solution diversity and con-

vergence; a larger HV indicates higher solution quality. The

average and standard deviation of results over 25 runs

for each algorithm under different scenarios are shown in

Table 8.

Table 9 presents the results of the Wilcoxon rank-sum

test to assess statistical significance at the 5% level. Based

on theWilcoxon rank sum test results, the GNN-ADWMOPSO
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Table 8. Comparison of algorithm performance under different scenarios.

Scenario Algorithm TCR TCT UEC TLB SP HV

Scenario 1 GNN-ADWMOPSO 99.9 ± 0.1 29.3 ± 2.2 15.2 ± 1.8 0.968 ± 0.11 0.10 ± 0.02 0.96 ± 0.13
Scenario 1 ES-ACO 98.8 ± 1.2 35.6 ± 4.8 17.3 ± 2.4 0.912 ± 0.22 0.17 ± 0.03 0.88 ± 0.17
Scenario 1 Multi-layer 97.2 ± 2.2 38.3 ± 5.5 19.6 ± 3.1 0.862 ± 0.23 0.15 ± 0.03 0.82 ± 0.24

planner

Scenario 2 GNN-ADWMOPSO 99.2 ± 0.8 36.7 ± 4.5 59.8 ± 6.9 0.938 ± 0.22 0.15 ± 0.03 0.91 ± 0.12
Scenario 2 ES-ACO 97.1 ± 1.8 43.2 ± 6.0 68.9 ± 8.8 0.878 ± 0.27 0.23 ± 0.04 0.82 ± 0.16
Scenario 2 Multi-layer 94.8 ± 4.6 49.3 ± 9.6 78.4 ± 11.7 0.821 ± 0.34 0.21 ± 0.04 0.75 ± 0.18

planner

Scenario 3 GNN-ADWMOPSO 98.7 ± 1.2 47.1 ± 4.1 83.5 ± 9.2 0.912 ± 0.16 0.18 ± 0.04 0.86 ± 0.13
Scenario 3 ES-ACO 95.6 ± 3.5 54.4 ± 4.7 96.8 ± 10.4 0.843 ± 0.24 0.28 ± 0.06 0.74 ± 0.14
Scenario 3 Multi-layer 92.3 ± 4.1 59.3 ± 6.2 107.2 ± 12.8 0.782 ± 0.27 0.23 ± 0.07 0.68 ± 0.15

planner

Table 9. Wilcoxon rank-sum test results for GNN-ADWMOPSO against other methods (p-value and significance).

Scenario Algorithm TCR TCT UEC Task load balance (TLB) SP HV

Scenario 1 ES-ACO 0.0000/Yes 0.0000/Yes 0.0004/Yes 0.1541/No 0.0000/Yes 0.0071/Yes

Scenario 1 Multi-layer 0.0000/Yes 0.0000/Yes 0.0000/Yes 0.0300/Yes 0.0000/Yes 0.2098/No

planner

Scenario 2 ES-ACO 0.0067/Yes 0.0104/Yes 0.0001/Yes 0.5184/No 0.0000/Yes 0.0042/Yes

Scenario 2 Multi-layer 0.0030/Yes 0.0000/Yes 0.0000/Yes 0.3181/No 0.0000/Yes 0.2098/No

planner

Scenario 3 ES-ACO 0.0000/Yes 0.0000/Yes 0.0000/Yes 0.7690/No 0.0001/Yes 0.0001/Yes

Scenario 3 Multi-layer 0.0000/Yes 0.0000/Yes 0.0000/Yes 0.2076/No 0.0117/Yes 0.0000/Yes

planner

algorithm exhibits significant advantages in most perfor-

mance metrics. In terms of TCR, completion time, drone

energy consumption and SP indicators, this algorithm sig-

nificantly outperforms ES-ACO and Multi layer Planner in

all scenarios. Especially in the complex environment of Sce-

nario 3, all comparisons showed statistical significance. In

terms of task load balancing, the differences between GNN-

ADWMOPSO and the comparative algorithms are mostly not

significant. Overall, GNN-ADWMOPSO has significant advan-

tages in core performance indicators and is particularly suit-

able for application scenarios that require high execution

efficiency, energy consumption, and success rate. As the com-

plexity of the problem increases, the relative advantage of

this algorithm becomes more prominent.

The comparison results of the solution performance of

different algorithms are presented using a radar chart, as

shown in Fig. 9. The proposed GNN-ADWMOPSO demon-

strates superior performance across all evaluation met-

rics — including TCR, TCT, energy consumption, load bal-

ance, spacing and hypervolume — compared to base-

line methods. This performance advantage stems from the

synergistic integration of GNN-based feature extraction and

ADWMOPSO optimization. The GNN component employs

message passing to capture global structural patterns,

effectively reparameterizing theoriginally high-dimensional,

strongly-coupled search space. Trained on representative

data, it provides a learned prior that approximates the

Pareto front geometry, enabling ADWMOPSO to initialize

solutions nearer the true Pareto front. Furthermore, ADW-

MOPSO’s dynamic inertia weight mechanism adaptively

modulates search dynamics: increasing the weight enhances

global exploration to extend the Pareto front boundaries,

while decreasing it intensifies local exploitation around

high-fitness regions. When coupledwith crowding-distance-

based selection, this approach promotes more uniform solu-

tion distribution, broader Pareto coverage and accelerated

convergence.

A comparative analysis of the algorithm running time

across different scenarios is presented in Table 10, where

the bold values represent the shortest algorithm running

time under the corresponding scenario. In Scenario 1,

characterized by its relatively small scale, the centralized

ES-ACO algorithm achieves the shortest runtime. The pro-

posed GNN-ADWMOPSO, employing a hierarchical decou-

pling approach, demonstrates a modest increase in com-

putational time under these simple conditions. However,
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(a) (b) (c)

Fig. 9. Radar chart of solution performance for different algorithms. (a) Scenario 1, (b) Scenario 2 and (c) Scenario 3.

Table 10. Comparison of algorithm running time under different

scenarios.

Algorithm running time (s)

Algorithm Scenario 1 Scenario 2 Scenario 3

GNN-ADWMOPSO 2.35 ± 0.21 6.32 ± 0.64 22.7 ± 2.5
ES-ACO 2.17 ± 0.18 8.56 ± 0.74 36.3 ± 3.1
Multi-layer planner 3.84 ± 0.29 8.73 ± 1.02 48.4 ± 3.9

as problem complexity escalates in Scenarios 2 and 3, the

computational burden of the centralized method grows sub-

stantially. In contrast, GNN-ADWMOPSO maintains compu-

tational efficiency through its decomposition of the origi-

nal problem into smaller sub-problems, which significantly

reduces search dimensions. Furthermore, the pre-trained

GNN model enhances initial solution feasibility, minimizing

the computational overhead associated with constraint han-

dling and solution repair. Complementing this, the dynamic

inertia weight mechanism effectively curtails search efforts,

thereby accelerating convergence.

From a theoretical standpoint, GNN-ADWMOPSO

enhances optimization efficiency through two synergistic

mechanisms. First, the GNNs message-passing framework

performs nonlinear dimensionality reduction and reparam-

eterization of the originally high-dimensional, coupled solu-

tion space. This process encodes complex spatiotemporal

relationships between UAVs and tasks into compact, dense

embeddings, effectively learning a prior representation of

the Pareto front geometry. Consequently, the optimization

process initiates from regions proximate to high-quality

solutions, substantially reducing problem complexity. Sec-

ond, the dynamic inertia weight in ADWMOPSO enables

adaptive search behavior: elevated weights during initial

phases promote comprehensive exploration of the solution

space guided by GNN embeddings, while reduced weights

in later stages facilitate intensive exploitation of promising

regions. This strategy, combined with crowding distance-

based archive maintenance, ensures both diversity and con-

vergence in the resulting nondominated solution set.

The GNN-ADWMOPSO framework significantly

advances solving efficiency for multi-UAV task planning

problems. It provides decision-makers with diverse, high-

quality alternatives, enhancing both flexibility and scien-

tific rigor in mission planning. This approach offers particu-

larly valuable support for time-sensitive applications such as

post-disaster emergency supply delivery, where both solu-

tion quality and computational efficiency are paramount.

5. Conclusion

In this study, a hierarchical solution method combining

GNN and an improved MOPSO is proposed for the multi-

UAV task planning problem. The proposed method lever-

ages GNN to capture global structural relationships among

UAVs and tasks, providing valuable guidance for the opti-

mization process. Furthermore, an adaptive dynamic inertia

weight mechanism is integrated into theMOPSO framework.

This mechanism enables a dynamic balance between global

exploration and local exploitation during the search process,

effectively mitigating premature convergence. Experimen-

tal evaluations demonstrate that our approach consistently

outperforms benchmark algorithms across multiple per-

formance metrics, including TCR, mission duration, energy

consumption, workload balance and multi-objective opti-

mization criteria. This methodology not only ensures com-

putational efficiency and solution stability but also deliv-

ers significantly improved solution quality. Future research

will investigate real-time adaptation mechanisms for highly

dynamic environments and advanced multi-agent coordina-

tion strategies to further enhance the framework’s poten-

tial for practical deployment. Furthermore, future research

will incorporate considerations of damaged infrastructure,



May 16, 2026 8:35 WSPC/284-US 2641003 ISSN: 2301-3850

602 R. Hong et al.

communication disruptions and strict time windows in real-

world post-disaster scenarios. This is crucial for enhanc-

ing the practical applicability of the research and for ensur-

ing that the proposed algorithms and models maintain their

efficiency and effectiveness in complex, real-world environ-

ments.
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