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Highlights

What are the main findings?

e  The simple, randomly generated optimal pigeon in the first phase of the basic Pigeon-
inspired Optimization (PIO) is replaced by identifying the optimal pigeon within the
flock through a strategy of group merging and group learning.

e  The two phases of the basic PIO are combined through a dynamic factor, replacing the
mode in the basic PIO where the phases are only controlled by the number of iterations.

What are the implications of the main findings?

e  For the dynamic task allocation problem of heterogeneous UAV swarmes, striking a
balance between optimization performance and solution efficiency of the algorithm is
crucial. This paper proposes Merged Coordination-Optimized Pigeon-Inspired Opti-
mization (MCOPIO) algorithm by improving the basic PIO algorithm. The proposed
algorithm not only enhances the performance when tackling task allocation problems,
but also avoids a sharp rise in computational complexity, resulting in a running time
comparable to that of the basic PIO.

Abstract

To tackle the dynamic assignment problem of unmanned aerial vehicle (UAV) swarms,
a merged coordination-optimized pigeon-inspired optimization (MCOPIO) algorithm
based on the pigeon-inspired optimization (PIO) algorithm is proposed in this paper. The
algorithm disrupts the original pigeon distribution via random grouping and performs
mutual learning and optimization within the new groups. After dynamic optimization, the
underperforming pigeons are discarded, and the flock is reorganized. Subsequently, the
two stages of the basic PIO are integrated through a dynamic factor. These improvements
overcome the limitations of the basic PIO algorithm, such as insufficient global search
capability, poor stability, and disconnection between the two algorithm stages. Comparative
experiments are conducted with the state-of-the-art intelligent computing algorithms, such
as the basic PIO, particle swarm optimization (PSO), genetic algorithm (GA), and improved
consensus-based bundle algorithm (ICBBA), the comparative results verify the feasibility
and effectiveness of our improved PIO for UAV swarm dynamic task allocation.

Keywords: unmanned aerial vehicle(UAV); dynamic task assignment; pigeon-inspired
optimization (PIO); population merging; joint optimization
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1. Introduction

With the continuous advancement of science and technology, the demand for un-
manned aerial vehicles (UAVs) has been steadily increasing, accompanied by the continu-
ous expansion of their application scenarios and the growing complexity of their assigned
tasks. UAVs have been widely deployed in agriculture, industry, and even the service sector,
playing an indispensable role in various applications such as food delivery, agricultural
pesticide spraying [1], fire rescue [2], and preventive inspection.

However, as the types and quantities of tasks continue to grow, UAV swarms are
confronted with significant challenges in realizing rapid and effective task allocation in
dynamic environments, especially when multiple mutually conflicting tasks need to be

balanced simultaneously. Figure 1 shows the schematic diagram of UAV task allocation.

obstacles ‘w/\& M\&

Figure 1. Schematic Diagram of UAV Task Allocation.

To address the task allocation problem in dynamic environments, scholars have pro-
posed various algorithms, such as Particle Swarm Optimization (PSO) [3], Genetic Al-
gorithm (GA) [4], Consensus-Based Bundle Algorithm (CBBA) [5], and Non-dominated
Sorting Genetic Algorithm II (NSGA-II) [6]. These four algorithms represent classic bench-
marks of different technical routes, architectural paradigms, and optimization objectives in
the field of task allocation. PSO and GA are typical representatives of centralized single-
objective metaheuristic algorithms and are the most widely used basic benchmarks for task
allocation problems; CBBA is a classic benchmark algorithm in distributed task allocation;
and NSGA-II is the gold standard for multi-objective evolutionary algorithms.

Inspired by the foraging behavior of birds, PSO guides the population to converge
toward the optimal solution using two types of information: the historical best position
of each individual and the global best position of the entire swarm. It features simple
implementation and fast convergence, making it suitable for quickly solving medium-scale
problems. Scholars have further optimized PSO by introducing chaotic mapping, clustering
mechanisms, reinforcement learning, and other methods, thereby enhancing the algorithm’s
global search capability and search accuracy [7,8]. In contrast, GA is inspired by biological
evolution and achieves convergence through selection, crossover, and mutation operations.
It boasts strong global search ability, good robustness, and can effectively handle discrete
and nonlinear complex optimization objectives. Scholars have improved GA using methods
such as adaptive parameter adjustment and hybrid algorithms [9,10]. These algorithms
have exhibited desirable performance in addressing complex optimization challenges in
UAV control, including task allocation and path planning.
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As a classic benchmark algorithm, the Consensus-Based Bundle Algorithm mainly
solves task allocation problems through distributed auction and consensus negotiation.
It features low communication overhead, strong robustness, and natural adaptability to
dynamic environments. By introducing strategies such as the clustering-first task allocation
strategy, pheromone-guided task selection mechanism, energy consumption-optimal dy-
namic allocation strategy, and improving the algorithm itself, scholars have enhanced the
computational efficiency of CBBA and proposed the Improved Consensus-Based Bundle
Algorithm (ICBBA) [11]. For heterogeneous UAV dynamic mission reallocation scenarios
under fault conditions, recent research has further extended the CBBA framework: Bi
et al. [12] proposed a targeted improved CBBA with three core optimizations, including
a heartbeat-hold-based distributed UAV damage detection mechanism for real-time fault
response, a timeliness-weighted bidding strategy to dynamically adjust task priority, and a
time-order priority insertion rule to optimize bundle construction efficiency. The improved
algorithm achieves faster solving speed and better reallocation effectiveness when dealing
with UAV damage events in dynamic environments.

With its three core mechanisms of fast non-dominated sorting, crowding distance
diversity maintenance, and elite preservation, NSGA-II has become a benchmark algorithm
in the field of multi-objective optimization and is widely used in UAV swarm task allocation.
It can simultaneously optimize conflicting objectives such as task completion time, energy
consumption, and load balancing. To address the high computational complexity and
insufficient real-time performance of serial NSGA-II in large-scale UAV swarm scenarios,
scholars have proposed various parallel improved versions, including master-slave paral-
lelism [13], island model parallelism [14], and parallelized a posteriori optimization [15],
which have improved the algorithm’s performance.

In addition to traditional evolutionary and swarm intelligence methods, emerging
artificial intelligence techniques have been gradually integrated into UAV cooperative
decision-making. Aiming at complex swarm operation requirements, Yu et al. explored
a large language model empowered multi-UAV task planning paradigm, providing a
novel technical reference for intelligent scheduling and dynamic task allocation of UAV
clusters [16].

Pigeon-inspired Optimization (PIO) is also an intelligent optimization algorithm [17,18].
By learning from the homing behavior of pigeons, it consists of two phases: the map
and compass operator and the landmark operator, which guide convergence using the
global optimum and the population center, respectively. Scholars have improved the PIO
algorithm by means of mutation operators or the introduction of new factors [19,20].

To address the problems of insufficient global search ability, proneness to falling into
local optima, and optimization inefficiency arising from the transition between the two
stages being controlled solely by the number of iterations in the PIO algorithm, this paper
proposes a Merged Coordination-Optimized Pigeon-Inspired Optimization (MCOPIO)
algorithm based on the pigeon-inspired optimization algorithm.

This algorithm also comprises two steps. First, random grouping learning is adopted
to fully utilize global information and search for the optimal solution [21]. Second, the
optimization mode is dynamically selected according to the gap between different solu-
tions, and coordinated optimization is realized using two types of information: the global
optimum and the swarm center.

The main contributions of this paper are summarized as follows:

(1) An improved pigeon-inspired optimization algorithm integrated with a dedicated
dynamic factor mechanism is proposed, which can effectively adapt to the time-varying
characteristics of dynamic task allocation for UAV swarmes.
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(2) Multiple groups of comparative experiments and extended stability tests are car-
ried out to fully verify the optimization performance, environmental adaptability and
engineering practical value of the proposed MCOPIO algorithm.

The overall structure of this paper is arranged as follows: Section 2 and Section 3
respectively present the problem description of task allocation and the basic constraint
models. Section 4 introduces the evaluation function of the algorithm. Section 5 elaborates
on the principle of the original pigeon-inspired optimization algorithm and the improved
mechanism of dynamic factor fusion proposed in this paper. Section 6 designs benchmark
test functions and comparative experimental schemes, presents simulation results, and com-
pletes multi-algorithm comparison and stability verification. Finally, Section 7 concludes
the whole paper.

2. Problem Formulation

In real-world environments, various dynamic changes may arise during UAV mission
execution, such as mission addition or UAV failure. To address these dynamic changes, this
paper designs a dynamic task allocation triggering mechanism that initiates the dynamic
task allocation process according to variations in the UAV system status and mission
requirements. The main triggering conditions include mission addition and UAV failure.

When the number of tasks increases, the multi-UAV task allocation system needs to
incorporate newly generated tasks based on the existing allocation scheme and re-plan each
UAV’s task execution sequence. In dynamic environments, new tasks such as emerging
target surveillance and emergency rescue missions emerge continuously. Under such
circumstances, the multi-UAV system must assign these new tasks to appropriate UAVs in
real time to ensure all missions are addressed promptly. The upper-right section of Figure 2
depicts the scenario of task expansion: while four UAVs are executing eight predefined
tasks, five additional tasks are suddenly generated. The UAV swarm then redistributes
these five new tasks and integrates them into their respective task sequences. For UAV
failure scenarios: if a single UAV malfunctions unexpectedly and cannot complete its
subsequent tasks, this paper develops a reasonable dynamic task allocation strategy to
reassign the unfinished missions of the faulty UAV to other fully operational UAVs. The
lower-right section of Figure 2 provides a schematic diagram of UAV failure. Four UAVs
collaboratively perform eight tasks, but one vehicle suffers an abrupt breakdown. The
remaining homogeneous UAVs take over all tasks originally assigned to the faulty UAV
and carry out redistribution.
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Figure 2. Schematic of Mission Increase Scenario.
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Task allocation in dynamic environments mainly includes two aspects: pre-allocation
and dynamic allocation. Pre-allocation refers to the allocation of existing tasks by UAVs in
an initial static environment, aiming to optimize the task allocation results as much as pos-
sible and ensure efficient task execution under static conditions. Dynamic allocation means
that when the trigger conditions are met, UAVs assign newly added tasks to appropriate
UAVs based on the originally allocated tasks. This strategy is suitable for scenarios where
the number of tasks is small, or the impact of newly added tasks is limited.

3. Method for UAV Swarm Control

The dynamic task assignment problem for multiple unmanned aerial vehicles (UAVs)
adopts the Cooperative Multiple Task Assignment Problem (CMTAP) model [22,23]. This
model was first formally proposed by Shima et al. based on multi-UAV systems, specifically
designed to solve the problem of multi-task scheduling and assignment with complex
constraints in multi-agent cooperative scenarios.

The core of the model is to optimally assign a series of heterogeneous tasks to heteroge-
neous agents with different capabilities under the premise of satisfying multi-dimensional
constraints, to achieve the optimization of global objectives.

In this paper, assume that the set of UAVsis I = {1, 2, ..., N,} and the set of tasks is
j=1{1,2, ..., Nt}. The goal is to find an optimal task assignment scheme that satisfies
constraints such as UAV and task execution, to maximize the system utility, which is
expressed as

Njj / Np
max) <Z Sij(Pi)xij> 1)
i=1\j=1

Nt
subject to Z xij < Lj (2)
j=1
Ny Nr Ny
Z Z xi]' S min{NT, Z Li} (3)
i=1j=1 i=1
xij €1{0,1}, Vie LVje] 4)
gt < <1, Vj=1,2,..., Ny (5)
d(ui/ G) < Rcom/ Viel (6)
Y b <BPX, Viel 7)
j€T:

where (1) presents the marginal score function for task allocation, S;;(p;) denotes the
reward obtained by UAV i when performing task j along path p;. The binary variable
x;j € {0,1} is the decision variable: x;; = 1 indicates that task j is assigned to UAV i, and
x;; =0 means that UAV i fails to win the bid for task j. (2) enforces the constraint that the
number of tasks assigned to UAV i cannot exceed its operational capacity, L; denotes the
maximum number of tasks that UAV i can execute. (3) further restricts the total number of
assigned tasks to be no greater than the maximum task capacity of all UAVs. (4) defines
the binary decision variables for the task allocation problem, while (5) represents the time
window constraint associated with task ¢;. (6) is the communication connectivity range
constraint, which ensures that the Euclidean distance d (U;, G) between UAV i and the
command center G does not exceed the maximum effective communication radius Rcom,
preventing communication outages that would disrupt task coordination. (7) represents
the communication bandwidth constraint, where 7, = { jeT Xij = 1} denotes the set of
tasks assigned to UAV i, b;; is the bandwidth required for UAV i to transmit data related to
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task j, and Blmax is the maximum available bandwidth of UAV i; this constraint ensures that
the total data transmission volume of each UAV does not exceed its communication link
capacity, avoiding congestion and ensuring real-time task execution.

Considering the differences in UAV capabilities and task types, this paper introduces
an additional constraint on task types to ensure the matching between task types and UAV
types, which is expressed as

jeM;, Vje{jlx;=1} (8)

where M; denotes the set of task types that can be executed by UAV i.

Due to the randomness of task occurrence, the paths of UAVs to task points are also
random. Therefore, there must be conflicts in the task paths between different UAVs. To
avoid collisions between UAVs caused by path conflicts, this paper adopts the artificial
potential field method proposed by Khatib for obstacle avoidance to solve the path conflict
problem [24-26]. When two UAVs are relatively close to each other, the repulsive force
is increased to make the UAVs move away from each other to complete avoidance. The
relational expression between the received repulsive force and the distance is as follows:

T T o T y
krep (dT] dsafe) dz dz‘]' 0 < dl] < dsafe

Frep,ij = —VUrep (dij) =
0, dij > dsafe

©)

where d;; denotes the Euclidean distance between UAV i and UAV j, X; and X; are the
spatial position coordinates of UAV i and UAV j, respectively, dg¢ is the preset safe distance
threshold between UAVs, and k) is the repulsion gain coefficient.

4. Task Allocation Effectiveness Evaluation Model

The evaluation model is crucial for intelligent optimization algorithms. It reflects the
optimization degree of the algorithm and guides its optimization direction. Since the task
environment considered in this paper is a dynamic and stochastic task allocation problem
within a certain spatial scope, the weighted sum method is adopted in the evaluation model
to balance benefits and costs.

Due to the limited battery capacity of UAVs, the effective working time of each UAV is
constrained. Consequently, the flight time of a UAV between different task points in the air
directly affects the total effective time available for performing tasks [27]. The shorter the
flight time, the longer the UAV can spend on task execution, thereby enabling it to complete
more tasks. The flight cost of the UAV when executing tasks in the task list is expressed as

dorl/ui, ifk: 1,
cik(aj) = S dx_1x/ui,  otherwise, (10)
dr0/ ti, if k= lail,

where cji represents the flight time consumed by UAV i during task execution, a; refers
to the task list of UAV i, d; ; represents the distance between the i-th and j-th task points
(do,1 stands for the distance from the initial position of the UAV to the first task point), and
u; is the flight speed of UAV i.

Since all tasks are required to be executed before their deadlines, the issue of whether
the UAV swarm can complete the tasks in a timely manner should also be considered.
Therefore, this paper also introduces a revenue evaluation regarding the completion rate of
tasks. The revenue evaluation function is expressed as
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lai

ri(a;) = ) e(ai) (11)
=1

where €(a;;) denotes the complexity of the k-th task in the task list ;.
Combined with the above analysis, flight cost and task completion quantity need to
be considered. Hence, the evaluation function is defined as

[ai]

F_ a-ri(a;) — b~k§1 cix(a;), if a; is feasible, (12)

0, otherwise,

where a and b denote the weight coefficients of the system’s revenue and cost, respectively.
By adjusting the weights of revenue and cost, the model can better adapt to the task
environment faced by UAVs. For example, when the number of UAVs is large while the
number of tasks is small, the risk of task failure due to timeout is significantly reduced. In
this case, reducing the revenue weight and increasing the cost weight can more effectively
highlight the performance of task allocation, and better guide the convergence of the
optimization function.

5. Improved Pigeon-Inspired Optimization Algorithm
5.1. Basic Pigeon Inspired Optimization

The principle of basic PIO is divided into two steps. The first step is the map and
compass operator, and the second step is the landmark operator. Figure 3 is the schematic
diagram of the basic PIO algorithm.

ey Map and
vb/:(f e Compass
S Vs Operator
, ~¢{ Stage
B
) \
1 " N
ll th/_,/, \\
1
/ Landmark \\
i L——Operator i
. 1 I
’ Stage .
/7 3 |
& ,
S ’
/
/
) wt
S ¥ %
—” P4
.
compass 77

Figure 3. Schematic diagram of basic PIO.

In the first step, the pigeon flock gradually flies toward the destination by perceiving
the geomagnetic field and the solar elevation angle. The iterative formulas for the position
and velocity of the pigeons are as follows:

Vit+1 — —R(t+1) | Vi + rand(xg —x}) 13)

it =yt 4 it (14)

1

where Nc; is the maximum number of iterations in this step; ¢ is the current iteration count,
satisfying 1 < t < Ncy; xé denotes the position of the optimal pigeon in the ¢-th generation
of the pigeon flock; x! represents the position of the i-th pigeon in the same generation; R is
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an operator with R € [0,1], and ‘rand’ is a random number uniformly distributed in the
interval [0,1].

As the pigeon flock gets closer to the target, its dependence on the sun and the
magnetic compass gradually decreases, and the flock instead relies on pigeons that are
more familiar with the landmarks. The iterative formula for the position of pigeons in the
landmark operator is as follows:

t
NP! = ceil(NzP> (15)
NPt
xtc _ Zizl Jif f(xf) (16)
ri f(x)
2t = x! 4 rand (xf — xf) (17)

where ‘ceil” represents the ceiling function (rounding up); t < Nc¢y, Ncp is the maximum
number of iterations in this stage; the weighting coefficient f(x!) is the fitness value
(position utility function value) of the i-th pigeon at the t-th iteration, and ‘rand’ is a
random number uniformly distributed in the interval [0,1].

5.2. Improved Pigeon Inspired Optimization

There are still some issues to be adjusted in the basic PIO algorithm. First, in the first
part of the basic PIO algorithm, the pigeons adjust their positions mainly based on the
position of the optimal pigeon in the flock. Such one-way learning within the population
leads to insufficient utilization of global information, making it easy to miss information
and fall into local optima. Moreover, the optimization performance is related to the position
of the initial optimal pigeon in the flock, resulting in a lack of robustness and stability of
the algorithm. In addition, whether the basic PIO algorithm switches from the map and
compass operator phase to the landmark operator phase is determined only by the number
of iterations Ncj. This prevents the algorithm from accurately judging the optimization
degree of the pigeon flock: entering the second stage too early tends to cause premature
convergence and trap the algorithm in local optima, while entering too late increases the
algorithm complexity and computational time.

To address these deficiencies in the basic PIO algorithm, this paper proposes an
improved algorithm based on the basic PIO. Firstly, the algorithm adopts the idea of
group merging to find the pigeon with the optimal position in the flock through optimized
learning and takes this pigeon as the leader of the flock. The remaining pigeons optimize
their own positions by referring to the leader’s position. The merging formula of the pigeon
flock is expressed as

N;i = {pop;, pop, 1} (18)
xp, = Xy + fix {w- (1 — %) (xp — xw)} (19)

where pop; represents the information of the i-th pigeon in the original pigeon population.
Formula (18) groups every two pigeons in the original population to form new subpopu-
lations. When the total number of pigeons is odd, the remaining one pigeon is randomly
added to any subpopulation. x; is the pigeon with a better position in the new subpopula-
tion, and xy, is the pigeon with a worse position. N is the preset termination condition for
learning times, and # is the current learning time, 7 < N. w is a random reversal factor,
which takes a random value of 1 or —1. “fix’ is the rounding function.

After the original pigeon population is formed into new subpopulations, the pigeons
with worse positions in the subpopulations learn from the pigeons with better positions
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according to Formula (19). Then the superiority of their positions is re-judged, and the
learning continues until the learning termination condition is satisfied. At this time, the
pigeons with worse positions are abandoned. All pigeons with better positions in the
new subpopulations are merged into a brand-new pigeon population, and the operations
in Formulas (18) and (19) are repeated until only one pigeon is finally generated as the
leader pigeon.

By adopting this method to search for the leader pigeon, this paper not only makes
full use of the information of all pigeons in the flock, improves the learning efficiency of
the pigeon flock, and enhances the global search ability, but also avoids the problems of
local optima and instability that may be caused when all pigeons learn from the randomly
generated optimal pigeon.

After solving the above problems, we further address the issue of the two-stage
separation in the basic PIO, which prevents an accurate transition from the first stage to the
second stage. In this paper, dynamic factors c; and cp are adopted to allocate the weights of
individual learning and swarm optimization. The two stages of the basic PIO are integrated
into a single formula. This formula simultaneously incorporates the two optimization
strategies from the two stages of the basic PIO. According to the positional relationship
between the current pigeon and the leader pigeon, the dynamic operators c; and ¢, take
different values, thereby controlling the dominant optimization strategy. Figure 4 illustrates
the differences between the basic PIO algorithm and the MCOPIO algorithm in this part.

Update the position Calculate ¢q and ¢y

through Egs. (13)—(14) 4—‘

according to the positions
and Egs. (22)—(23).

A

through Egs. (20)—(21)

Update the position

through Egs. (15)—(17).

i Update the position t=t+1

Basic PIO MCOPIO

Figure 4. Schematic Diagram of Comparison Between Basic PIO and MCOPIO.

When the distance between the pigeon and the leader pigeon is large, the formula
from the first stage of the basic PIO is mainly used to optimize the pigeon’s position, so
that the pigeon can keep up with the flock. When the distance is small, the optimization
method from the second stage of the basic PIO is mainly adopted to optimize based on the
overall information. The improved optimization formula is expressed as

xf-l—l = xf + - e REFY) 4 1and (x(tg - xf)} +co- [rand(xz — xf)] (20)

NP ot p(xt
xtc _ Zz—]l\H):ZFP(txz) (21)
Yty F(xf)
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F(x;) — F(xg)
W — F(xg)

o=1—c (23)

1= (22)

where the definitions and calculation methods of the elements in (20) are consistent with
those in Formulas (13)—(17). To control the algorithm solely via the iteration parameter,
we modify the basic PIO by removing its population halving operation. This modification
involves no adjustments to convergence-related mechanisms and thus has no adverse
impact on the algorithm’s convergence performance. In Formula (22), F(x;) is the fitness
function value of the i-th pigeon in the flock, F(xg) is the fitness function value of the
leader pigeon, and W is the fitness function difference between the worst-positioned pigeon
and the leader pigeon in the flock. After each round of position update, the pigeon with
the optimal position is re-selected as the leader pigeon, and the center of gravity of the
pigeon flock is recalculated. The optimization terminates when the iteration number
t meets the termination condition Ncy. Figure 5 shows the complete flow chart of the
MCOPIO algorithm.

Group the pigeon population Nj; according to Eq. (18).

v

Compare the superiority of the pigeons’

positions in the new subpopulations.

v

Update the position of the inferior pigeon

Generate the initial task

Xy according to Eq. (19).

assignment results that satisfy

the constraints in Eqgs. (1)—(7).

v

> Group merging

Discard the inferior pigeons, and the remaining

superior pigeons from all groups are merged into a

new pigeon population.

Select the

leader?

Calculate the fitness function value F(x;) of each pigeon

according to Egs. (10)—(12).

Joint optimization

Calculate the center of gravity x{ of the pigeon

flock according to Eq. (21).

Calculate the dynamically assigned parameter values

¢, and cyaccording to Egs. (22)—(23).

t+1

Update the pigeon flock x;™* according to Eq. (20).

:

Recalculate the fitness function values of the pigeon

flock and update the leader pigeon x,.

Figure 5. Flowchart of the MCOPIO algorithm.
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5.3. Complexity and Convergence Analysis of the Proposed Algorithm

For computational complexity, let NP be the population size, D represent the number of
tasks (dimension of decision variables), T be the maximum number of main iterations, and
T’ denote the iteration times of intra-group local optimization learning in the population
merging stage. The population merging operation includes random pairwise grouping
traversal, iterative intra-group local optimization learning and fitness calculation, which is
only executed once in the initialization stage with a complexity of O(NPDT’logNP) since
the population is iteratively reduced in O(logNP) rounds, and the elimination step only
retains the better individual in each pair without introducing extra complexity. In the
main iteration stage, the map-and-compass operator and landmark operator are executed
T times, and the time cost of each iteration is O(NPD), so the total complexity of the
iterative optimization process is O(TNPD). Accordingly, the overall time complexity of
the MCOPIO algorithm is O(NPDT'logNP+TNPD). By omitting lower-order terms and
constant coefficients in line with standard asymptotic complexity analysis, the asymptotic
time complexity class of the algorithm is O(T-NP-D), which is at the same level as the basic
PIO, PSO and GA without introducing excessive additional computational overhead. The
space complexity for storing the population and fitness values is O(NPD), which fully
meets the real-time requirements of UAV swarm dynamic task allocation.

The convergence of evolutionary algorithms is the core theoretical foundation to
ensure their optimization effectiveness. This paper adopts the widely recognized classical
convergence analysis framework in the field of evolutionary algorithms [28] to theoretically
prove the proposed MCOPIO algorithm. Rudolph [28] proved the general convergence
theorem for single-objective evolutionary algorithms through homogeneous finite Markov
chain analysis: An evolutionary algorithm converges to the global optimal solution with
probability 1 if and only if it satisfies the following two conditions: (1) It has an elitism
mechanism that preserves the best solution found in history; (2) Its search operators satisfy
ergodicity, i.e., they can generate any feasible solution in the search space with positive
probability. This theorem is the basis for the convergence proof of all single-objective
evolutionary algorithms, and the proposed MCOPIO algorithm fully satisfies the above
two conditions.

First, MCOPIO has a strict elitism mechanism that permanently preserves high-quality
solutions in both core stages. In the population merging stage, the algorithm randomly
divides the population into pairs (X, x,), compares the fitness of the two individuals in
each pair, retains only the better individual, and eliminates the worse one.

X, c(xm) <c(xn),
Xretain = { " ( m) (n) (24)
X, otherwise,

This process ensures that the overall fitness of the population is non-decreasing after
each round of merging, and no solution better than the current individuals is lost. In the
main iterative optimization stage, the fitness values of all individuals are recalculated in
each iteration, and the global best individual (leader pigeon) x, is updated.

(t+1) (t+1) (#)
=N () =el). (25)
Xg’, otherwise,

All subsequent iterations always use the current global best as the guiding informa-
tion, and the global best individual is only replaced by a better one and never discarded.
Therefore, MCOPIO can completely preserve all historical best solutions and satisfy the
elitism condition.
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Second, the search operators of MCOPIO satisfy ergodicity and can reach any po-
sition in the search space with positive probability. In the population merging stage, a
random grouping strategy is adopted, and a random reversal factor w (taking values 1
or —1 with equal probability) is introduced in the individual learning process, which can
generate search steps in different directions with positive probability and avoid a single
search direction.

Plw=1)=Plw=-1)= (26)

In the main iteration stage, the position update formula (Equation (20)) contains two
independent uniform random numbers rand(-) € [0, 1], enabling individuals to move in
any direction with any step size with positive probability. Therefore, the search operators
of MCOPIO can generate any feasible solution with positive probability and satisfy the
ergodicity condition.

In summary, MCOPIO satisfies both core conditions of elitism and search ergodic-
ity. According to Rudolph’s general convergence theorem [28], MCOPIO converges to
the global optimal solution of the UAV swarm dynamic task allocation problem with
probability 1.

6. Experimental Results

For all optimization algorithms involved in comparative experiments, including the
proposed MCOPIO, basic PIO, PSO, and GA, a unified integer encoding scheme is adopted
to represent the task allocation solution. Each individual is a vector with a length equal
to the number of tasks, where each element represents the index of the UAV responsible
for the corresponding task. All algorithms are implemented based on the same problem
formulation and encoding rule to ensure the fairness and standardization of the compara-
tive experiments.

To verify the feasibility of the MCOPIO algorithm, a model scenario is constructed as
follows: The test task focuses on the problem of increasing the number of tasks in dynamic
task allocation. In this paper, tasks are classified into rescue-type and monitoring-type
based on their categories, where different types of tasks correspond to different levels of
task complexity, and specific unmanned aerial vehicles (UAVs) can only execute specific
types of tasks. The UAV parameter design is shown in Table 1, and the mission parameter
design is shown in Table 2. Table 3 shows the parameter settings of different algorithms.
All control parameters adopted for GA, PSO, ICBBA, PIO and the proposed MCOPIO
are the classic and widely used default values reported in existing mainstream literature.
Under such standard parameter configurations, the baseline optimization performance
of all comparative algorithms is maintained at a similar level, which ensures a fair and
credible comparison of algorithm performance. The calculation formulas for the inertia
weights of PSO, PIO and MCOPIO are expressed as follows:

iter
W = Wstart — (Wstart — wend)'m (27)
£ \2
R = Ripitial (1 - ch) (28)
Table 1. UAV Type and Parameter Settings.
UAV Type Cruise Speed Fuel Consumption
Rescue UAV 100 m/s 0.001/km
Surveillance UAV 70m/s 0.01/km
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Table 2. Mission Type and Parameter Settings.

Mission Type Mission Completion Time Task Deadline
Rescue mission 5s 200s
Surveillance mission 10s 200's

Table 3. Basic Parameter Settings of Different Algorithms.

Algorithm Name Parameter Settings
GA NP =30, max_gen = 50, pc = 0.8,
pm = 0.05
NP =30, max_iter =50, c1 =2,
PSO 2=2,w_start =1, w_end =04,

w = w_start — (w_start — w_end)-(iter / max_iter)

max_iter = 50, alpha = 1.0, beta = 1.0,

ICBBA u =0.1,H=300
NP =30, max_iter =50, Nc1 = 30,
PIO R_initial = 0.8

R = R_initial x (1 — t/Ncy)?

NP =30, max_iter =50, Nc1 = 30,
MCOPIO R_initial = 0.8
R = R_initial x (1 — t/Ncp)?

Equation (27) is the linear decreasing inertia weight calculation formula of PSO, where
Wstart and weyy are the initial and terminal values of the inertia weight, and iter and
max_iter correspond to the current iteration number and the maximum iteration number
respectively. Equation (28) is the dynamic search radius update formula for PIO and
MCOPIO, in which R;, i, denotes the initial search radius, and t and Nc; represent the
current iteration count and total iteration count, respectively. Such weight configuration
enables fast convergence in the initial stage and more precise exploitation of the optimal
solution in the subsequent stage.

First, the performance of MCOPIO is compared with PIO, PSO, and GA, on the
standard Ackley test function. The iteration curves are shown in Figure 6 below. It can
be seen that MCOPIO maintains a continuous downward trend throughout the iteration
process and achieves satisfactory final optimization performance. This fundamentally
verifies the feasibility of MCOPIO.

Second, the dynamic task allocation capability of the algorithm is simulated in a
small-scale scenario with a small number of tasks. Since the scenario scope is small and
the number of tasks does not exceed the total number of tasks that can be completed by
UAVs of the corresponding types, all UAVs are able to finish the tasks before the task
deadline. Therefore, the task deadline and task reward terms in the evaluation function
can be temporarily ignored, and the task allocation performance of the algorithm can be
directly evaluated by the energy consumption term in the evaluation function. The settings
are as follows: the maximum task load of a single UAV is 4; the number of monitoring
UAVs and rescue UAVs is three each; the initial number of tasks is 6, and the number of
newly added tasks is 6, with an equal number of monitoring tasks and rescue tasks. The
positions of UAVs and task locations are randomly generated.

Ten independent simulations were conducted for different algorithms under the same
task environment. Figure 7 presents a bar chart of the penalty function values for each
algorithm in each simulation, reflecting the performance of each run. Figure 8 shows a
statistical chart of the ten simulation results for each algorithm, illustrating the mean value
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and dispersion degree of the algorithm’s performance. The simulation results indicate
that, in small-scale scenarios with a limited number of tasks, although the optimal penalty
value of MCOPIO across the ten independent simulations is slightly lower than that of
GA and the original PIO, the overall results exhibit significant fluctuations due to the
randomness in task generation and UAV positioning. This randomness does not negate
the effectiveness of MCOPIO. MCOPIO achieves the minimum average penalty value with
a more concentrated distribution of results, demonstrating its superior performance and
stronger stability.

Convergence Comparison on Ackley Function
T T T T T

20 T T T
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18l —8—PIO i
—A—PS0
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Figure 6. Iteration curves on the Ackley test function.
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Figure 7. Simulation Result Bar Chart.
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Figure 8. Statistical chart of algorithm task results.

Thirdly, we simulate the scenario where the number of tasks reaches the load upper
limit of available UAVs. Assume the initial number of tasks is 12, the number of newly
added tasks is 12, and the number of different types of tasks is equal. The final total
scores are presented below, and the performance of each algorithm across ten independent
simulations is consistent with that observed in the first set of simulations. The simulation
data are shown in Table 4. The red values represent the optimal results, while the blue
values denote the worst results.

Table 4. Table of total scores after ten independent simulations.

Simalations A PSO ICBBA PIO Mcopio  FSOpTenng PO RIRMRE i enning Time
1 2393.81 2393.63 2394.14 2394.67 2394.21 0.0235 0.0157 0.0161
2 2394.80 2393.93 2392.36 2394.98 2395.51 0.0194 0.0154 0.0149
3 2394.57 2394.24 2394.47 2394.28 2394.91 0.0194 0.0152 0.0153
4 2395.13 2394.80 2392.81 2393.66 2393.76 0.0180 0.0159 0.0163
5 2393.85 2394.78 2393.52 2394.74 2394.04 0.0195 0.0145 0.0153
6 2394.43 2395.07 2394.66 2394.16 2394.46 0.0161 0.0178 0.0159
7 2394.51 2394.15 2393.88 2393.64 2395.34 0.0185 0.0157 0.0163
8 2394.89 2394.13 2392.87 2393.07 2394.59 0.0204 0.0151 0.0186
9 2394.03 2395.08 2395.54 2393.25 2394.37 0.0179 0.0153 0.0161
10 2393.37 2393.94 2394.42 239351 2394.87 0.0174 0.0143 0.0150

Mean 2394.339 2394.375 2393.867 2393.996 2394.606 0.01901 0.01549 0.01598
S:‘JI‘:EE?I 0.5564 0.5160 0.9818 0.5794 0.5566
(ﬁgggleg) 0.2833 0.3358 0.0384 0.0164

The MCOPIO algorithm achieves the highest average total score of 2394.606 across ten
independent simulation runs, ranking first among all comparative algorithms. It delivers
a notable performance improvement over the original PIO algorithm (2393.996) and out-
performs mainstream intelligent optimization algorithms including GA, PSO and ICBBA.
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This fully verifies the effectiveness of the improvement strategies proposed in this paper
for boosting the optimization capacity of the algorithm from an experimental perspective.

In addition, the standard deviation of MCOPIO's scores is 0.5566, which is comparable
to that of classic optimization algorithms such as GA, PSO and PIO, and considerably
lower than ICBBA’s standard deviation of 0.9818. This demonstrates that MCOPIO exhibits
minimal performance fluctuations across multiple independent random simulations, main-
tains stable optimization performance under diverse initial tasks and UAV deployment
scenarios, and possesses strong robustness.

The paired t-test results reveal that the p-values for comparisons between MCOPIO
and the original PIO, ICBBA, Genetic Algorithm (GA), and Particle Swarm Optimization
(PSO) are 0.0164, 0.0384, 0.2833, and 0.3358, respectively. In the evaluation function of this
paper, the weight of penalty terms is far smaller than that of reward terms, with a 100-fold
difference in magnitude, which narrows the numerical gaps between different algorithms.
Even under such weight configurations that hinder the demonstration of algorithmic
advantages, MCOPIO still exhibits statistically significant superiority over PIO and ICBBA,
which further verifies the effectiveness of the improved algorithm proposed herein.

Furthermore, in terms of computational efficiency, the average running time of the
proposed MCOPIO is 0.01598 s, which is very close to the original PIO (0.01549 s) and
PSO (0.01901 s). The additional multi-strategy fusion modules introduced in MCOPIO do
not bring a substantial rise in computational overhead, and the time complexity remains
at the same level as the conventional PIO and PSO. This indicates that the performance
gain of MCOPIO does not come at the cost of drastically prolonged solving time, and the
proposed improved algorithm balances optimization accuracy, robustness and computa-
tional efficiency well, showing strong practical applicability for real-time dynamic UAV
task allocation scenarios. Figure 9 shows the UAV path diagram and task schedule under
this task environment.

Next, to further verify the performance of the MCOPIO algorithm, five independent
simulations are conducted for nine groups of experiments, in which the number of UAVs is
set to 6, 10, and 20, and the number of tasks is set to 1, 2, and 3 times the number of UAVs,
respectively. The score of each UAV is observed, and the experimental data are presented
in Table 5 below. The statistical curve graph is shown in Figure 10.

Table 5. Performance Scores Under Different Numbers of UAVs and Tasks.

Number of UAVs/Number of Tasks 1 2 3 4 5 Mean
6/12 1198.04 1196.39 1197.35 1197.17 1197.15 1197.22
6/18 1794.58 1796.83 1796.15 1796.71 1795.69 1795.99
6/24 2394.03 2394.48 2395.01 2394.11 2393.97 2394.32
10/20 1996.91 1996.09 1996.14 1995.83 1995.37 1996.07
10/30 2993.58 2993.48 2993.97 2994.25 2993.35 2993.73
10/40 3989.60 3989.63 3990.14 3989.85 3990.23 3989.89
20/40 3989.75 3990.19 3989.51 3990.46 3990.32 3990.05
20/60 5985.29 5985.91 5985.64 5984.01 5984.45 5985.06
20/80 7977.47 7977.66 7979.24 7978.49 7979.30 7978.43
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Figure 9. UAV scheduling scheme and trajectory diagram under dynamic task allocation.

As can be seen from the figure and table, under different numbers of UAVs, the
score curve of the MCOPIO algorithm shows a steady growth trend as the number of
tasks increases. Meanwhile, the data from multiple repeated experiments under the same
scenario are close to each other, which reflects the robustness and adaptability of the
algorithm, and demonstrates its stability and scalability.
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Figure 10. Distribution of Scores Under Different Numbers of UAVs and Tasks.

7. Conclusions

This paper targets the dynamic task assignment problem of UAV swarms with real-
time emerging tasks. To obtain high-quality assignment schemes under time-varying task
conditions, an improved PIO Algorithm named MCOPIO is proposed as the core solver.
Aiming at the inherent defects of the original PIO, including weak global exploration,
unstable optimization performance and disconnection between two search stages, the
MCOPIO integrates population merging mechanism and dynamic adjustment operators to
realize two-stage coordinated optimization, which effectively compensates the algorithm'’s
native deficiencies and strengthens its adaptability to dynamic optimization scenarios.

On this basis, a UAV swarm dynamic task assignment model is established, where
task execution efficiency and UAV energy consumption are defined as core optimization ob-
jectives. Comparative simulations covering small-scale and large-scale task environments
are conducted with four mainstream metaheuristic algorithms: GA, PSO, original PIO and
ICBBA. Experimental results verify that MCOPIO can generate superior task allocation
results with remarkable stability. In addition, the proposed algorithm maintains consistent
optimization performance when the number of tasks expands, showing outstanding scala-
bility for variable-size UAV task scenarios. Common abbreviations used in this paper are
listed in Table 6.

Table 6. List of Abbreviations.

UAV Unmanned Aerial Vehicle
CMTAP Cooperative Multiple Task Assignment Problem
PSO Particle Swarm Optimization
GA Genetic Algorithm
PI1IO Pigeon-Inspired Optimization
MCOPIO Merged Coordinate-Optimized Pigeon-Inspired Optimization
NSGA-II Non-dominating Sorting Genetic Algorithm II
CBBA Consensus-Based Bundle Algorithm
ICBBA Improved Consensus-Based Bundle Algorithm
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