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Abstract
To address the increasingly complex problem of multi-UAV cooperative task al-
location, an improved hierarchical particle swarm optimization algorithm (HGI-
WPSO) is adopted to obtain the optimal allocation solution. First, the popula-
tion is dynamically partitioned into three distinct hierarchies based on particle
fitness values; appropriate learning models are selected according to the char-
acteristics of particles in different hierarchies, and the concept of independent
weight is introduced to regulate the inertia weight magnitude, balancing the
algorithm’s global and local search capabilities and enhancing its performance.
Subsequently, a cooperative multi-task allocation problem model is constructed;
a surplus load auction scheme is employed to reduce illegal inferior solutions,
and a mapping relationship between particles and actual allocation schemes is
established through real-number encoding to address the practical allocation
problem. Experimental results indicate that the proposed algorithm can effec-
tively solve the multi-UAV cooperative task allocation problem under complex
constraints, yielding the optimal allocation sequence, and holds certain theoret-
ical and practical significance.
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Abstract: To address the increasingly complex problem of multi-UAV co-
operative task allocation, this paper employs an improved hierarchical parti-
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cle swarm optimization algorithm (HGIWPSO) to obtain optimal allocation
schemes. First, the population is dynamically divided into three distinct classes
based on particle fitness values. Appropriate learning models are selected ac-
cording to the characteristics of particles in different classes, and the concept of
independent weight is introduced to adjust the inertia weight, balancing global
and local search capabilities and improving algorithm performance. Then, a col-
laborative multi-task allocation problem model is established, and a redundant
load auction scheme is adopted to reduce illegal inferior solutions. Real-number
encoding is used to establish the mapping relationship between particles and
actual allocation schemes to solve practical allocation problems. Experimen-
tal results demonstrate that the algorithm can effectively solve multi-UAV co-
operative task allocation problems under complex constraints, obtain optimal
allocation sequences, and possesses both theoretical and practical significance.

Keywords: UAV; hierarchical classification; task assignment; particle swarm
optimization; real-number encoding

0 Introduction
Current research on UAV task allocation problems both domestically and inter-
nationally primarily focuses on two aspects: mathematical modeling and opti-
mization of allocation models. The main achievements in modeling include the
Vehicle Routing Problem (VRP) model, Multiple Traveling Salesman Problem
(MTSP) model, Mixed-Integer Linear Programming (MILP) model, Network
Flow Optimization (NFO) model, and Cooperative Multi-Task Allocation Prob-
lem (CMTAP) model. Literature [1] treats UAVs as vehicles in the VRP model
and reconnaissance targets as passengers, thereby simplifying the UAV path
planning problem. Literature [2] decomposes the UAV task allocation problem
into classical MTSP and NFO problems for solution. Literature [3, 4] estab-
lishes MILP models for multiple UAVs by constructing constraint conditions
and objective functions. Literature [5] analyzes constraint relationships between
various task types, optimizes total UAV flight distance and required time, and
establishes a CMTAP model.

The main algorithms for solving these models include Tabu Search, Genetic
Algorithm (GA), Ant Colony Optimization (ACO), and Particle Swarm Opti-
mization (PSO). Literature [12] sets up tabu lists to characterize existing lo-
cal optimal positions, continuously updating and testing local optimal values
during the solution process to ultimately obtain the optimal solution. Litera-
ture [13] designs a genetic algorithm to solve multi-UAV cooperative allocation
problems, and comparison with branch-and-bound and random search methods
demonstrates its superior time efficiency. Literature [14] achieves discrete encod-
ing of UAVs through binary matrix encoding, then enhances particle diversity
through crossover and mutation strategies, effectively applying the PSO algo-
rithm to solve multi-UAV reconnaissance task allocation problems. Literature
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[15] proposes an integrated control architecture for multi-UAV task allocation
and path planning, using a particle-improved PSO algorithm matched with the
cooperative system to solve task allocation problems.

While these methods can solve UAV cooperative task allocation problems to
a certain extent, they suffer from issues such as algorithm complexity or low
solution efficiency. The PSO algorithm, with fewer parameters, simple princi-
ples, and fast search speed, is suitable for solving UAV cooperative task alloca-
tion problems. This paper proposes a hierarchical classification strategy that
provides corresponding update methods for particles of different classes based
on their characteristics, enhances population diversity, improves algorithm con-
vergence accuracy and search efficiency, and employs real-number encoding to
simplify the algorithm for solving UAV cooperative task allocation problems,
achieving favorable results.

1.1 Model Description
The primary environment considered in this paper is a simulated two-
dimensional battlefield scenario. The target task set in the battlefield is
denoted as {𝑇1, 𝑇2, ..., 𝑇𝑁𝑡

}, where 𝑁𝑡 represents the total number of tasks
to be executed. We use a six-tuple (𝑇𝑖𝑑, 𝑇𝑃𝑜𝑠, 𝑇𝑆𝑡𝑎𝑡𝑒, 𝑇𝑉 𝑎𝑙𝑢𝑒, 𝑇𝐷, 𝑇𝑇 ℎ𝑟) to
characterize the attributes of each task target, where each task has a unique
identifier 𝑇𝑖𝑑. In the two-dimensional battlefield space, 𝑇𝑃𝑜𝑠 represents its
coordinate position, 𝑇𝑆𝑡𝑎𝑡𝑒 represents the current status of the task target,
𝑇𝑉 𝑎𝑙𝑢𝑒 represents the value of the UAV attack on the specified task target (i.e.,
the target value), 𝑇𝐷 represents the threat range area of the enemy target, and
𝑇𝑇 ℎ𝑟 represents the threat coefficient to the UAV itself when attacking the
enemy target (i.e., the probability of the UAV being shot down while executing
the task), with 𝑇𝑇 ℎ𝑟 ∈ [0, 1).
The UAV set in this paper is {𝑈1, 𝑈2, ..., 𝑈𝑁𝑢

}, where 𝑁𝑢 represents
the number of UAVs. UAV attributes are represented by a seven-tuple
(𝑈𝑖𝑑, 𝑈𝑃𝑜𝑠, 𝑈𝑆𝑡𝑎𝑡𝑒, 𝑈𝑉 𝑎𝑙𝑢𝑒, 𝑈𝐴𝑡, 𝑇 𝑠, 𝐿), with contents similar to task targets,
including the UAV number executing the target, the UAV’s coordinate position
in the two-dimensional battlefield, current status, the UAV’s own value, the
UAV’s attack capability on the target, the task set, and the maximum task
execution load. 𝑈𝐴𝑡 ∈ [0, 1) represents the probability that the UAV can
destroy the task target when attacking it, and 𝐿 represents the maximum
number of tasks the UAV can execute, with 1 ≤ 𝐿𝑖 ≤ 𝐿𝑆 ≤ 𝑁𝑡.

Multi-UAV cooperative allocation is essentially a multi-objective optimization
problem. This paper transforms the complex multi-objective optimization prob-
lem into a relatively simple single-objective optimization problem by referenc-
ing and drawing upon the linear weighted sum method. A weight vector 𝜔 =
(𝜔1, 𝜔2, 𝜔3) is set to balance the influence degree of various factors on the al-
location result, satisfying 𝜔𝑖 ∈ (0, 1) and ∑3

𝑖=1 𝜔𝑖 = 1. The multi-UAV task
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allocation problem is converted into solving the optimization problem shown in
Equation (6):

min 𝑓 =
𝑁𝑢

∑
𝑖=1

𝑁𝑡

∑
𝑗=1

(𝜔1𝐶1 + 𝜔2𝐶2 − 𝜔3𝐶3) 𝑥𝑖𝑗

The constraint conditions are shown in Equations (7) to (9):

𝑁𝑢

∑
𝑖=1

𝑥𝑖𝑗 = 1, ∀𝑗 ∈ 𝐽

𝑁𝑡

∑
𝑗=1

𝑥𝑖𝑗 ≤ 𝐿𝑖, ∀𝑖 ∈ 𝐼

min{𝑁𝑢𝐿𝑖, 𝑁𝑡} ≥
𝑁𝑢

∑
𝑖=1

𝑁𝑡

∑
𝑗=1

𝑥𝑖𝑗 ≥ 𝑁𝑡

where the decision variable 𝑥𝑖𝑗 is a 0-1 variable, with 𝑥𝑖𝑗 = 1 indicating that
UAV 𝑈𝑖 executes task 𝑇𝑗, meaning UAV 𝑈𝑖 can destroy task target 𝑇𝑗 when
attacking it. 𝐼 = {1, 2, ..., 𝑁𝑢} and 𝐽 = {1, 2, ..., 𝑁𝑡} represent the index sets
for UAVs and targets, respectively.

1.2 Cost Function
During the process of UAVs attacking enemy targets, the probability of being
destroyed by hostile targets should be minimized as much as possible. Let the
survival probability of the 𝑖-th UAV after completing task 𝑇𝑗 be 𝑝𝑖𝑗. Therefore,
the cost value required for a UAV to complete 𝑁𝑖 tasks is shown in Equation
(1):

𝐶1 = 𝑈𝑉 𝑎𝑙𝑢𝑒
𝑖 ⎛⎜

⎝
1 −

𝑁𝑖

∏
𝑗=1

(1 − 𝑇 ℎ𝑟𝑗)⎞⎟
⎠

where 𝑈𝑉 𝑎𝑙𝑢𝑒
𝑖 represents the value of the UAV, and 𝑇 ℎ𝑟𝑗 represents the proba-

bility of the UAV being shot down by hostile target 𝑇𝑗.

The distance between the UAV executing the attack task and the target task
point determines the magnitude of the flight distance cost. The closer the UAV
is to the target, the smaller the flight distance cost will be, and thus the target
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has a higher probability of being executed by a nearby UAV. The expression for
the flight distance cost is shown in Equation (2):

𝐶2 = 𝑑𝑖𝑗
𝑑𝑚𝑎𝑥

where 𝑑𝑖𝑗 represents the Euclidean distance between UAV 𝑈𝑖 and target 𝑇𝑗, and
𝑑𝑚𝑎𝑥 represents the maximum distance among all UAVs from the target, i.e.,
𝑑𝑚𝑎𝑥 = max(𝑑𝑖,𝑗).
Attack benefit refers to the target value obtained by the UAV after completing
the attack task and destroying the target. This evaluation indicator guides the
final result toward maximizing combat effectiveness in the optimization decision-
making for targets, as shown in Equation (3):

𝐶3 = 𝑈𝐴𝑡
𝑖 × 𝑇 𝑉 𝑎𝑙𝑢𝑒

𝑗

Since the three evaluation criteria mentioned above are not in unified units
of measurement and have non-commensurability, they cannot be simply added
and integrated. They require standardization transformation through certain
methods. This paper selects the linear scale transformation method to normalize
the UAV value and target value comparison benefit indicators, as shown in
Equations (4) and (5):

𝐶′
1 = 𝐶1

max𝑖∈𝑁𝑢
(𝑈𝑉 𝑎𝑙𝑢𝑒

𝑖 )

𝐶′
3 = 𝐶3

max𝑗∈𝑁𝑡
(𝑇 𝑉 𝑎𝑙𝑢𝑒

𝑗 )

2.1 Basic PSO Algorithm
The mathematical description of the basic PSO algorithm is as follows. The
initial population size of the particle swarm is set to 𝑀 , and the particle dimen-
sion is 𝐷 dimensions. At time 𝑡, the coordinates of particle 𝑖 in the solution
space are defined as 𝑋𝑡

𝑖 = (𝑥𝑡
𝑖1, 𝑥𝑡

𝑖2, ..., 𝑥𝑡
𝑖𝐷), where 𝑖 = 1, 2, ..., 𝑀 . Its velocity,

which determines the particle’s flight distance in the solution space each time,
is denoted as 𝑉 𝑡

𝑖 = (𝑣𝑡
𝑖1, 𝑣𝑡

𝑖2, ..., 𝑣𝑡
𝑖𝐷). The velocity and position update formulas

for particle 𝑖 at time 𝑡 in the 𝑗-th dimension are shown in Equations (10) to
(12):

𝑣𝑡+1
𝑖𝑗 = 𝜔𝑣𝑡

𝑖𝑗 + 𝑐1𝑟1(𝑝𝑖𝑗 − 𝑥𝑡
𝑖𝑗) + 𝑐2𝑟2(𝑔𝑗 − 𝑥𝑡

𝑖𝑗)
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𝑣𝑡+1
𝑖𝑗 = {𝑣𝑚𝑎𝑥, 𝑣𝑡+1

𝑖𝑗 > 𝑣𝑚𝑎𝑥
−𝑣𝑚𝑎𝑥, 𝑣𝑡+1

𝑖𝑗 < −𝑣𝑚𝑎𝑥

𝑥𝑡+1
𝑖𝑗 = 𝑥𝑡

𝑖𝑗 + 𝑣𝑡+1
𝑖𝑗

where 𝜔 is the inertia weight, 𝑐1 and 𝑐2 are acceleration constants, and 𝑟1
and 𝑟2 are two random numbers in [0, 1]. During the search process in the
solution space, particle velocity is limited to a maximum search range, with the
maximum velocity denoted as 𝑣𝑚𝑎𝑥 to constrain the particle’s search range and
improve algorithm performance. 𝑔𝑗 represents the historical optimal position of
the group during iteration, i.e., the global extremum 𝑔𝑏𝑒𝑠𝑡, while 𝑝𝑖𝑗 represents
the optimal position of the particle itself during its search process, i.e., the
individual extremum 𝑝𝑏𝑒𝑠𝑡.

2.2 Hierarchical PSO Algorithm
In the PSO optimization process, the fitness values of all particles in the current
generation are represented by the set 𝐹 = {𝑓1, 𝑓2, ..., 𝑓𝑚}, where 𝑚 represents
the total number of particles and 𝑓𝑖 represents the fitness value of the 𝑖-th parti-
cle. Based on the calculated fitness values, all particles are sorted in ascending
order (where smaller fitness values represent better particle positions) to form a
new particle sequence set 𝑋 = {𝑥1, 𝑥2, ..., 𝑥𝑚}. The population is divided into
three different classes by judging the distance of particles from the first particle.
Let the sequence number of the globally optimal particle after reordering be 𝑔𝑁 .
The specific hierarchical classification strategy is described in detail as follows:

If 𝑖 ≤ 𝑁/4, then the particle is classified as an upper-class particle. For upper-
class particles, their own search is already near the optimal value. As the algo-
rithm iterates continuously, the particle itself gets closer to the optimal position.
At this time, the experience of the entire group no longer has significant learn-
ing value for the particle itself. Therefore, the particle ignores group learning
experience during iterative updates and mainly considers its own learning ex-
perience model. For this reason, we propose a new velocity update formula for
upper-class particles based on the original velocity update formula to adapt to
the particle’s own characteristics and achieve better search optimization. The
velocity update formula for upper-class particles is shown in Equation (13):

𝑣𝑡+1
𝑖𝑗 = 𝜔𝑣𝑡

𝑖𝑗 + 𝑐1𝑟1(𝑝𝑖𝑗 − 𝑥𝑡
𝑖𝑗)

If 𝑁/4 ≤ 𝑖 ≤ 3𝑁/4, then the particle is classified as a middle-class particle. Dur-
ing the search process, particles need to learn from both their own experience
and group experience. Therefore, the velocity update method for middle-class
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particles maintains the standard PSO algorithm’s velocity update formula un-
changed, as shown in Equation (14):

𝑣𝑡+1
𝑖𝑗 = 𝜔𝑣𝑡

𝑖𝑗 + 𝑐1𝑟1(𝑝𝑖𝑗 − 𝑥𝑡
𝑖𝑗) + 𝑐2𝑟2(𝑔𝑗 − 𝑥𝑡

𝑖𝑗)

If 3𝑁/4 < 𝑖 ≤ 𝑀 , then the particle is classified as a lower-class particle. For
lower-class particles, their search position has already deviated far from the
optimal position, and the value of their own search experience is limited. There-
fore, lower-class particles adopt a group learning model for velocity updates, as
shown in Equation (15):

𝑣𝑡+1
𝑖𝑗 = 𝜔𝑣𝑡

𝑖𝑗 + 𝑐2𝑟2(𝑔𝑗 − 𝑥𝑡
𝑖𝑗)

Since lower-class particles have already deviated far from the optimal solution
position, to enable particles at this level to exchange experience information
with excellent particles, lower-class particles are crossed with the global optimal
particle at a certain probability 𝑝. Two points 𝑎 and 𝑏 are randomly selected,
satisfying 𝑎, 𝑏 ∈ [1, 𝐷] and 𝑎 < 𝑏, where 𝐷 represents particle dimension. The
dimensions between them are crossed to form new particles.

The PSO algorithm tends to lose diversity in the later stages of iteration, caus-
ing the algorithm to fall into local optima. To solve this problem, random
disturbance velocity is introduced in the algorithm to escape local traps. The
dimensional distance of the 𝑖-th particle to the current best particle is defined
as 𝑑𝑖, and the standard deviation of dimensional distance is shown in Equation
(17):

𝜎 =
√√√
⎷

1
𝑁

𝑁
∑
𝑖=1

(𝑑𝑖 − ̄𝑑)2

where ̄𝑑 represents the expected value of dimensional distance. When the par-
ticle state satisfies 𝜎 < 𝜀 (where 𝜀 is a defined nominal value), it is determined
that the algorithm has fallen into a local optimal trap during iteration. At
this point, a random velocity disturbance is given to help particles escape the
local optimum and continue iterative search. The random disturbance velocity
update formula is shown in Equation (18):

𝑣𝑡+1
𝑖𝑗 = 𝜔𝑣𝑡

𝑖𝑗 + 𝑐1𝑟1(𝑝𝑖𝑗 − 𝑥𝑡
𝑖𝑗) + 𝑐2𝑟2(𝑔𝑗 − 𝑥𝑡

𝑖𝑗) + rand()

Combining the characteristics of the improvement strategy in this paper, in-
dependent inertia weight is selected to adjust the particle’s global and local
optimization capabilities, as shown in Equation (19):

𝜔𝑖(𝑡) = 𝜔𝑠𝑡𝑎𝑟𝑡 − (𝜔𝑠𝑡𝑎𝑟𝑡 − 𝜔𝑒𝑛𝑑) ⋅ 𝑒−𝜅𝑖⋅𝑡/𝑁
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where 𝜔𝑠𝑡𝑎𝑟𝑡 is the initial weight value, 𝜔𝑒𝑛𝑑 is the final weight value, and 𝜅𝑖 is
the exponential change factor, calculated as follows:

𝜅𝑖 = arctan(log(𝜙 ⋅ |fit𝑖 − fit|)) ⋅ 𝜂 ⋅ 𝜋

where 𝜙 and 𝜂 are fixed constants, and fit𝑖 and fit represent the fitness value
of particle 𝑖 and the average fitness value, respectively. Mathematical transfor-
mation of the data is performed to satisfy assumptions as much as possible and
ensure relatively stable fluctuations. 𝑡 represents the current iteration number
of the particle.

3 HGIWPSO Algorithm for Task Allocation
3.1 Algorithm Performance

Standard test functions are used to evaluate algorithm performance, as shown in
. The algorithm’s optimization performance after improvement is evaluated by
statistically analyzing the mean and standard deviation of fitness error values
and studying the variation curve of fitness values with iteration times. Taking
the average of 500 runs, the simulation results are as follows.

shows the test functions and their related attributes used in the experiments,
including Sphere, Rosenbrock, Ackley, Griewank, and Rastrigin functions. and
present the algorithm comparison data for 10-dimensional and 30-dimensional
cases, respectively. The data clearly demonstrate that whether for high-
dimensional or low-dimensional situations, the HGIWPSO algorithm can jump
out of local optimal positions compared to other improved algorithms, achieving
better optimization accuracy and convergence speed. The error and mean
square error are superior to other improved algorithms, proving the feasibility
and effectiveness of the improvement.

The convergence comparison curves for various functions are shown in [Figure
1: see original paper] through [Figure 10: see original paper], illustrating the
performance across different dimensions and test functions.

3.2 HGIWPSO Algorithm Implementation for Task Allocation

This paper adopts real-number encoding for the task allocation problem. The
number of attacked task targets equals the particle dimension. The integer part
of the particle is used to identify the UAV number executing the task, with the
same integer part representing the encoding sequence of tasks executed by one
UAV. The decimal part is arranged in ascending order to determine the sequence
of attack tasks executed by the UAV. An auction mechanism is introduced to
optimize and reduce illegal inferior solutions, ensuring load constraint conditions
can be satisfied.
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The execution flow of the task allocation algorithm with auction mechanism is
as follows:

a) Initialize the particle swarm;

b) Decode the initialized particles. If constraints are satisfied, proceed to the
next step; if not, adjust and correct according to the task coordination
allocation method of the auction algorithm, re-encode particles, and
update particle positions;

c) Calculate the fitness values of each particle;

d) Update particle velocities and positions;

e) Check whether convergence criteria are met. If met, output the allocation
scheme and terminate the algorithm; if not, return to step b) and continue
execution.

To verify the effectiveness of the algorithm in task allocation applications, simu-
lation comparison experiments are conducted. The parameters for the algorithm
simulation are as follows: population size is 40, particle dimension is 7, maxi-
mum iteration number is 300, tactical weights are (0.2, 0.4, 0.4), fixed constants
are 0.73 and 1.02, and maximum and minimum inertia weights are 0.9 and 0.4,
respectively. The average of 50 runs is taken.

Target parameters for three UAVs executing tasks and the parameters of attack
targets are shown in and . shows the task allocation results. The simulation
results demonstrate that as algorithm iteration progresses, the total cost of
executing tasks continuously decreases. The comparison experiments show that
PSO, SAPSO, and CLSPSO algorithms fall into local optima around 200-250
generations, while the improved algorithm proposed in this paper can jump
out of local positions in UAV task allocation and ultimately find the optimal
position (2.7473, 1.8132, 1.4449, 3.6773, 2.7441, 1.7111, 3.8870), minimizing the
total task execution cost to 0.8433. The algorithm converges to the optimal
position around 170 generations with fast convergence speed, proving that the
improved algorithm applied to multi-UAV cooperative task allocation achieves
good results, and the improvement strategy is feasible with certain theoretical
and practical significance.

4 Conclusion
This paper addresses the complex multi-coupling characteristics of multi-UAV
cooperative task allocation, proposes a feasible modeling scheme, and simpli-
fies the problem for solution. The improved PSO algorithm using hierarchical
classification strategy combined with independent weight effectively solves the
task allocation problem. The improved algorithm employs hierarchical classifica-
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tion and independent weight concepts, which differ from existing improvement
strategies that mostly target the entire group. Instead, it fully reflects the char-
acteristics of particles in different classes through hierarchical classification and
balances individual particle global and local search capabilities through inde-
pendent weight strategy. This effectively enhances particle diversity, enables
particles to more easily escape local optima, accelerates search speed, well com-
pensates for algorithm defects, and shows more significant effects compared to
current related improved algorithms. Applying the improved algorithm to solve
multi-UAV cooperative task allocation problems, using real-number encoding
to reduce problem-solving difficulty and load auction method to solve practical
load constraint problems, achieves good results.
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