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ABSTRACT: This paper investigates the multi-objective scheduling problem of intelligent unmanned operations and analyzes the
interdependent constraints among the various links of the operation workflow. To address the coupled challenges of job
sequencing and resource allocation inherent in unmanned operation scenarios, an integrated scheduling model based on a two-
layer particle swarm optimization framework is proposed. A mixed-integer programming formulation is adopted to rigorously
characterize the structural constraints and logical dependencies within the scheduling process. Building upon this model, an
enhanced two-layer particle swarm optimization algorithm with fragment-based particle encoding is introduced to expand the
feasible search space. Moreover, a dynamic inertia weight adjustment mechanism and an adaptive mutation operator are
incorporated to strengthen the algorithm'’s global exploration capability while accelerating convergence. Simulation experiments
verify that the proposed model and algorithm effectively optimize the scheduling of unmanned operations under complex
operational constraints, significantly improving system-level support performance. These results demonstrate that the method
provides a robust and efficient solution for multi-objective intelligent scheduling tasks in highly constrained unmanned operation

environments.
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1 Introduction

Multi-objective intelligent unmanned job scheduling is an
inevitable trend to solve the bottleneck of large manpower
demand, complex resource scheduling and guarantee efficiency
improvement in current complex operation scenarios. In the
mode of command and support by a large number of personnel,
multi-objective scheduling needs to consider the understandability
of the plan, the convenience of collaboration, and the regularity of
the operation, which cannot realize the optimal scheduling. In the
intelligent unmanned operation mode, through the optimization
scheduling algorithm, the job timing and resource allocation
elements can be optimized to the greatest extent, without
considering the constraints of personnel factors.

For the scheduling problem of multi-objective group work in
manned mode, domestic scholars have proposed a variety of
algorithm models, and wused heuristic algorithms, swarm
intelligence optimization and other methods to explore the
optimal scheduling scheme. These researches aim to arrange time
and resources reasonably, and reduce task delay and resource
waste to the greatest extent while ensuring the successful
completion of tasks, so as to improve operation efficiency and
accuracy.

(1) Aspects of solving pre-optimization and scheduling
problems: Wang et al. [1] designed an improved discrete particle

swarm optimization (IDPSO) algorithm to solve the complex
scheduling problem of multiple supply points and multiple
demand points involved in the support process. The experimental
results show that IDPSO algorithm has faster convergence speed
and stronger global optimization ability. Zhang et al. [2]
abstracted the complex guaranteed job scheduling problem into a
flexible flow shop scheduling problem with workpiece due date
constraints. A greedy local search genetic algorithm with dual-
level coding is proposed. GLSGA-DC is used to solve the support
scheduling model with the objective of minimizing the
completion time of support jobs. The simulation results show that
the GLSGA-DC algorithm has excellent performance in the actual
objects transfer scene. Lyu et al. [3] analyzed the constraint
relationship between jobs and proposed an improved non-
dominated sorting genetic algorithms (NSGA-II) algorithm for
the support job problem, which can effectively reduce the
completion time of support jobs. And it optimizes the job load
distribution while ensuring the feasibility and rationality of job
scheduling. Liu et al. [4] discussed the influence of fixed allocation
of support resource stations on support operation efficiency and
takeoff rate, and proposed a variable neighborhood search (VNS)
to solve the bi-level optimization problem of the joint scheduling
model of resource station allocation and pre-flight preparation
scheduling. The experimental results show that the VNS
algorithm shows superior performance in solving the optimization
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problem, and can effectively improve the overall efficiency of the
preparation operation.

(2) Resource scheduling and conflict resolution: Zhu et al. [5]
designed an improved gravitational search algorithm (IGSA) to
effectively coordinate and guarantee operation procedures and
personnel scheduling, combined with the series mechanism of
resource conflict resolution strategy. It can effectively deal with the
contention conflicts of guarantee resources in the scheduling
process. On this basis, the performance indicators of support
resources are regarded as decision variables satisfying interval
constraints, and a bi-level optimization model [6] is constructed.
Harris hawks optimization algorithm (HHO) is used to solve the
optimization design problem of performance indicators.
Simulation results show that the proposed method can effectively
solve the joint optimization problem of one-stop support resource
performance index and support job scheduling. Liu et al. [7]
considered the scene characteristics of multiple lifts and multiple
transporters, established a problem model of starting from
multiple depots and transferring to multiple targets, and used the
improved grey wolf optimizer (GWO) algorithm to optimize
resource scheduling and path planning in support operations. The
simulation results show that the improved GWO algorithm can
significantly improve the efficiency of the support operation
scheduling.

(3) Intelligent scheduling and safety guarantee: Jin et al. [8]
constructed a serialization double-layer resource heap model that
conforms to the characteristics of support operations, which can
effectively represent the resource allocation and operation steps
involved in the operation. And an intelligent planning method of
the support operation based on formal verification is proposed to
solve the safety and correctness problems in the current support
operation scheduling. Guo et al. [9] focused on the problem of
resource transportation support scheduling, and added the
interference of layout on resource transportation path and the
constraint of operation priority, and used the double population
immune algorithm to improve the solution quality of the
scheduling model. The experimental results show that the
proposed algorithm can effectively respond to the resource
support requirements of object under different task requirements,
and significantly improve the efficiency of object resource
transportation scheduling.

(4) Job matching and scheduling decisions: Liu [10] established
a scheduling model considering the constraints of station,
equipment, job priority and safety for the resource-constrained
support operation scheduling problem with multi-resources and
multi-constraints, and verified the practicability of the proposed
model in the support operation scheduling problem through the

simulation results of eight objects support in a single wave. Liu et
al. [11] proposed an adaptive batch matching decision method for
support jobs, which uses reinforcement learning to realize the
optimal matching between support jobs and support bits.
Simulation experiments show that this method can quickly
generate high-quality matching schemes while meeting the real-
time requirements.

(5) Virtual simulation and system display: Liu et al. [12]
proposed a 3D virtual demonstration method of the support
operation scheduling based on Unity3D on the basis of Ref. [7],
and built a 3D virtual simulation system for the support operation
scheduling, which can realize the virtual interactive scene of the
support operation scheduling.

On the one hand, the existing research often optimizes the
scheduling model for a single process or a specific scheduling
scenario, lacking the overall consideration of the operation
process, which is difficult to adapt to the comprehensive
scheduling requirements of multiple operations. At the same time,
many studies fail to fully consider the interaction between the
complexity of deck layout and operational constraints, resulting in
insufficient applicability and robustness in complex scenarios. On
the other hand, the existing optimization algorithms [13] can solve
the job scheduling problem in complex support scenarios to a
certain extent, but there are still obvious shortcomings in rapid
response to dynamic changes and dealing with multi-job resource
conflicts, which limits their applicability in actual jobs.

In order to more clearly show the advantages and
disadvantages of the existing scheduling job research and the
comparison with the improved algorithm in this paper, Table 1
summarizes the key characteristics, advantages and limitations of
the existing scheduling job research, and highlights the significant
advantages of the improved PSO algorithm in the solution space
expansion, dynamic adjustment ability and global search ability.

First, for target operations, an integrated approach recovery and
support scheduling model was constructed based on the
constraint relationships among various operational phases.

Second, to address the insufficient solution space diversity of
the traditional particle swarm optimization (PSO) algorithm in
target support scheduling problems, an improved PSO (IPSO)
algorithm based on particle fragment encoding was proposed. By
employing a double-layer fragment encoding structure to expand
the feasible solution domain and incorporating dynamic inertia
weight adjustment and adaptive mutation operators, the
algorithm’s global search capability and convergence efficiency
were significantly enhanced.

Finally, a case study on support scheduling was conducted
based on the deck layout of a certain foreign ship, validating the

Table 1 Comparison table of existing scheduling job studies

Algorithm Scenario Highlight
IDPSO [1] Sslj};;ilrl:mg of multiple points and multiple request points in Fast convergence speed, strong global optimization capability
GLSGA-DC [2]  Minimizing the completion time of support operations Excellent performance in practical transportation scenarios
NSGA-II [3] Scheduling of loading and support operations Reduces completion time and optimizes load distribution
Joint optimization of resource station configuration and pre- . a0 . .
VNS [4] flight preparation scheduling Improves the overall efficiency of pre-flight preparation operations
IGSA [5] Scheduling of support operation processes and personnel with Effectively resolves resource competition conflicts
resource conflicts
GWO [7] Scheduling of support operations involving multiple elevators Significantly improves scheduling efficiency
and transport vehicles
Proposed Scheduling of object approach recovery and support dDouble.—layer fr.a gment epcodlpg expands soh.ltlon space,
. . ynamically adjusts inertia weight and mutation operator, strong
algorithm operations s
global search capability
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effectiveness and robustness of the proposed model and algorithm
under complex constraints. This provides an efficient
optimization method for multi-task, multi-objects scheduling
scenarios.

2 Problem description and modeling analysis

2.1 Problem description

Multi-objective scheduling job tasks exist in a variety of scenarios,
such as shop scheduling, cluster scheduling, etc., generally
involving multi-objective entry into the specified area, transfer,
multi-link guarantee work, exit the specified area, etc. The
operation process involves complex scheduling processes such as
resource allocation, timing allocation, space allocation, etc. For
multi-person collaborative work, it is also necessary to consider
the coordination of personnel. A typical operation scenario is
shown in Fig. 1.

According to the research in Ref. [2], the multi-objective
scheduling operation task can be abstracted as hybrid flow-shop
scheduling problem (HESP), ie., the problem of scheduling
multiple guaranteed service stations. The multi-objective
scheduling operation task can be abstracted as a closed-loop
queuing network, in which each operation link can be regarded as
a service station, and scheduling can be regarded as a cyclic
transfer process of objects in this network.

The intelligent unmanned operation scheduling studied in this
paper is different from the traditional manned mode security
operation scheduling, which is mainly reflected in the following:
intelligent unmanned operation scheduling needs to pursue multi-
objective completion of the overall task optimization, solve the
resource allocation and scheduling in different operation links,
and does not have to consider the personnel operation constraints
in the operation task.

2.2 Scheduling model

Since the coordination and resource allocation among various
operations have an important impact on the smooth operation of
tasks, how to optimize the scheduling process under the
constraints of limited resources and time in order to improve
operational efficiency and reduce resource waste has become a key
problem to be solved. The optimal scheduling of such problems
involves complex constraint relationships and multi-dimensional
resource allocation, which requires the consideration of the
mutual influence and synergy effect between various stages in the
whole process scheduling.

In order to be able to better construct a multi-objective

guaranteed job scheduling optimization model, the following
assumptions are made before establishing the model:

S1: The operation is non-preemptive, i.e., non-interruptible.

§2: The target transit process is carried out according to the
path library, ie., the glide time is mainly determined by the
parking point and the selected safeguard position.

$3: The target entry area mission process only considers a
single unsuccessful re-entry, and after entry the transshipment to
the corresponding safeguard position.

$4: The multi-target array information and safeguard position
information are known, and the safeguard resource type of the
safeguard position is limited but the resource quantity is not
limited.

The essence of the multi-objective intelligent unmanned
scheduling optimization problem is to pursue the safeguard
operation efficiency, and its model can be described as follows: the
objective cluster I={1,2,...,n} to be safeguarded, under the
premise of satisfying various types of constraints, enters the region
sequentially in the order of minimizing the objective function. In
Eq. (1), T denotes the entry time of objective i in the m-th
scheduling, and max(T") denotes the latest entry time among all
objectives, ie., the optimization objective is to minimize the
safeguard operation time.

min(max(T7")) (1)

The corresponding constraints are as follows:

(1) The wake interval time ATs; between two targets is
constrained by Eq. (2). Among them, Vi,i€ I, m=0,1,...,N,
T represents the time when target j enters completion in the
m-th scheduling, T7" represents the completion time of target i

enters completion during the m-th scheduling, and ATs;
represents the wake interval time between i and j.

T" > ATs;+ T )

(2) The post-entry transit preparation time ATc constraint is
expressed as Eq. (3), during which each transit preparation is
completed.

€)

(3) For targets where there is an entry failure, there may be a
conflict with a subsequent target, in which case the timing needs
to be adjusted to resolve the conflict, where (Tf")landi,,g denotes the
current entry time of target i, and ATr represents the minimum
adjustment time required for objective i.

Tj’” > ATc+T7
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Fig.1 Schematic diagram of the multi-objective integrated scheduling problem scenario.
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(4) The sequence of target entry operations should follow a
certain logical order. During each scheduling process, it must be
ensured that the sequence is realistic. Set the order constraint as
Eq. (5). That is, if target j enters before target i, then T must be
greater than T7".

> (5)

(5) The convention is that at most one target can be selected for
safeguard operations in each scheduling cycle. I/ is a binary
decision variable indicating whether target i is selected in the m-th
scheduling cycle. In Eq. (6) if I' =1, then target i enters in that
cycle m, and if I'' = 0, then target i does not enter in cycle m.

YI=1m=12..M (6)
i=1

On the other hand, the core of safeguard operation scheduling
optimization is to optimize the sequence of safeguard operations,
improve the safeguard efficiency, and reduce the total completion
time under the premise of ensuring the successful completion of
safeguard tasks. After the target enters the operation area,
according to the safeguard resource demand for the safeguard
position scheduling, at the same time transfer the target to the
corresponding safeguard position for resource safeguard. The
minimization of the maximum completion time of the problem is
the objective function to be solved:

min(m?x(ti)) (7)

where ¢; represents the time for target i to complete the support
operation. The corresponding constraints are as follows:

(1) Each target must be assigned a support bit in the support
process, and each support bit can only serve one target at the same
time. This indicates that each target i must be assigned to a certain
safeguard bit.

n

Zx,-j =1 (8)

j=1

(2) The target must be transferred to the support position
before the support operation can begin. The start time of support
operation is related to the transfer completion time, and the start
support operation time ¢; of target i should not be less than its
transfer completion time w; + ¢;.

L>wi+q; (9)

(3) A maximum of four targets can carry out the transfer
operation at the same time. Thus, for each time point ¢, a
maximum of four targets are allowed to transship simultaneously.

Y (w <t<w-+q)<4 (10)

i=1
(4) If the priority of target i is high (c; <¢;), the support
operation of target i must be earlier than that of target j to ensure
that the high priority task is processed in time, Vi,j € {1,2,...,n}.

E<t (11)

(5) The time for target i to complete the support operation is its
start support operation time plus the support operation duration

pi-
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TS =t,+p (12)

Considering the two aspects, the overall objective function of
the scheduling model is as Eq. (13):
min(max(T7")) + min (max(t,)) (13)

i

3 Improve the scheduling design of the heuristic
algorithm

Particle swarm optimization (PSO) is a heuristic optimization
algorithm that simulates the foraging behavior of a flock of birds,
and is widely used in the fields of function optimization,
combinatorial optimization, scheduling problems [1]. PSO
algorithm approaches the optimal solution step by step by
simulating the group collaboration and individual cognition of the
particles in solution space, and continuously adjusting the position
and velocity of the particles. However, the shipboard security
scheduling problem usually contains complex constraints, and the
direct adoption of the unimproved PSO algorithm may lead to a
large number of infeasible solutions in the particle search process,
which in turn affects the convergence speed and solving efficiency
of the algorithm.

To solve this problem, this paper proposes an improved particle
swarm optimization (PSO) algorithm, which extends the solution
space through a two-layer fragment encoding structure and
combines the inertia weight dynamic adjustment strategy and
dynamic variation operator to significantly improve the global
search capability and convergence efficiency of the algorithm. The
algorithm is capable of generating a preliminary intelligent
unmanned multi-objective safeguard scheduling scheme, and
assigning the set scheduling tasks to the job sequences in the
experimental part to ensure the timely start of the jobs and the
efficient generation of high-quality feasible solutions.

3.1 Algorithm framework

This section presents a framework for the application of improved
particle swarm optimization (PSO) algorithms to the intelligent
unmanned cluster assurance scheduling problem, as shown in Fig.
2, and the specific steps are as follows:

(1) Swarm initialization: the swarm size is set according to the
preset constraints, and the initial particle swarm is randomly
generated. Each particle represents a potential solution, and its
position and velocity are randomly initialized to ensure the
diversity of the initial population in the solution space, thus
providing a broader search space for the subsequent evolutionary
process.

(2) Particle update and mutation operation: in each iteration,
particles are updated based on their fitness evaluations.
Specifically, each particle is guided jointly by its personal best
position (p*) and the global best position (g**). By integrating
both cognitive and social components, the particle adjusts its
search direction and iteratively updates its velocity and position to
approach promising regions in the solution space. In addition,
random perturbations are introduced to enhance population
diversity and reduce the risk of premature convergence.

Furthermore, to strengthen local exploitation, a triggering
probability is defined for activating the local search mechanism.
Once triggered, neighborhood-based perturbation operators—
such as swap and insertion—are applied to high-quality solutions.
A modification is accepted only if it leads to an improvement in
fitness, following an “improvement-only acceptance” criterion.
This mechanism effectively enhances the depth of local search and

Cybemetics and Intelligence, 2026, 1(2): 9390011
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Fig.2 Block diagram of the scheduling algorithm based on PSO optimization.
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improves the overall optimization performance of the algorithm.

(3) Fitness evaluation: each particle is evaluated using the fitness
function to quantify its performance in solving the cluster
guaranteed scheduling problem. The level of the fitness value
reflects the merit of the solution, the higher the fitness value, the
better the solution optimizes the scheduling problem.

(4) Termination condition check: check whether the preset
termination condition is satisfied, such as reaching the maximum
number of iterations or finding a satisfactory optimal solution. If
the termination condition is satisfied, the algorithm is terminated
and the optimal solution is returned. Otherwise, the update and
iteration of particles continue until the termination condition is
satisfied.

3.2 Improved PSO algorithm

(1) Encoding

In multi-objective safeguard scheduling, different safeguard bit
assignments and job priorities vary. In the coding stage, if the
traditional process-based single-layer coding method is used, it
may lead to too limited feasible solution space. For this reason,
this paper proposes a two-layer fragment-based coding approach,
which uses an integer coding method to divide each individual
into a two-layer structure: the first layer of target entry region
order and the second layer of safeguard bit allocation. The first
layer is the prioritization of target entry, which is expressed as
vector X = [X,X,,...,X,], and each X, represents the landing
sequence of the i-th target. The second layer is the support
position allocation, which is represented by vector
Y=1Y,,Y,,...,Y,]. Each Y, represents the support position of
the i-th target, where 7 is the number of scheduled targets.

For example, as shown in Fig. 3, the first eight codes of the first
layer represent the processing order of jobs 6, 5, 8, 2, 1, 4, 7, and 3.
The first eight codes of the second layer represent the
corresponding machines; job 6 will be preferentially processed on
the second machine, and job 4 will be processed on the second
machine after job 6 is processed. In order to avoid falling into the
infeasible solution region, the initial population is randomly
generated according to the corresponding constraints in the
model.

(2) Fitness function

The criterion for evaluating the scheduling program is the size
of the adaptability value, combined with the guaranteed job
scheduling model established in the previous section, the
adaptability function is set to the guaranteed job completion time
according to the objective function.

(3) Update

The velocity and position update formula of the traditional
particle swarm optimization algorithm is as Eq. (14), where ¢
represents the current iteration number; VE_? represents the
velocity component of the i-th particle in the j-th dimension in the
t-th iteration. xf;) represents the position component of the i-th
particle in the j-th dimension in the ¢-th iteration. Let w denote the
inertia weight coefficient; ¢, and c, represent the learning factors,
usually taking values in [0, 2]. r, and r, are random numbers in [0,
1]. P}5" means the best position of the i-th particle so far. &
denotes the global best position up to iteration t.

| 1Layer|5|4|8|6|2|1|7|3|

| 2Layer|4|3|1|2|3|2|4|1|

Fig.3 Schematic representation of the corresponding two-layer encoding.

\,.x . ‘\; N Available on
vl # £ 2 it | IEEE Xplore®

Tsinghua University Press

(14)
(t+1) _ x(‘t) + V(‘f.‘Fl)
ij ij

{vi;“) = wvf}) +an (pﬁ’;“ — xf?) + 1, (g}’“‘ — xf?)
X

For the actual situation of multi-objective safeguard operations,
the introduction of inertia weight adjustment (IWA) strategy is
considered to optimize and improve the particle swarm. The
adjustment of inertia weight (w) is regarded as a key factor in
balancing exploration and exploitation in the optimization search
process. In order to better adapt to the scheduling requirements of
different tasks and different models in the scheduling problem, the
inertia weights should take into account the priorities, type
differences, and scheduling complexity of different target tasks.

The inertia weight adjustment strategy of each particle is as Eq.
(15):

Tmax —t
(U,(t) = Wpin + (wmax - wmin) °

* Wiask * Wmodel (15)

where T, represents the maximum number of iterations, and
Wy is the adjustment factor of task priority, which indicates the
complexity or importance of the task. For critical tasks such as
approach recovery, w,q can be set to a high value, while for
support tasks, the value is relatively small. w04 is an adjustment
factor for the model to indicate the difference between different
types of scheduling. w,.qq for differences in the target type,
adjustments can be made by the difference situation.

(4) Mutation operator

The introduction of mutation operator can enhance the global
search ability of PSO algorithm, maintain the diversity of
population, and assist the local search ability of particles. The
variation factor used to introduce the disturbance is usually a
small positive number.

x;g_r+1) _ x£;+1) 44 (g?est _ x;}_) (16)

PSO algorithm is prone to local optimum stagnation in the
optimization process. In order to improve the global search effect,
a lower mutation rate is set in the early iteration to facilitate the
retention of good solutions. The mutation rate is increased in the
later stage to avoid premature convergence of the population. At
the same time, considering the local search mechanism, when the
number of iterations of the solution reaches the set threshold and
the fitness is not significantly improved, the remutation operation
will be performed on the particle to enhance the ability of the
algorithm to jump out of the local optimum.

4 Experimental verification

4.1 Simulation environment

In order to more intuitively simulate the process of intelligent
unmanned cluster assurance operations, this paper builds a visual
virtual simulation platform based on Unity3D, and the simulation
environment is shown in Fig. 4. Through this platform, the takeoff
operation process of object can be deeply discussed and
optimized, and finally the combat capability of object can be
improved.

4.2 Case study

A typical multi-target scenario is used as an example to test the
scheduling algorithm for safeguard jobs. Considering the different
operational task demand pressures in manned and unmanned
modes to ensure that the robustness and reliability of the
scheduling algorithms can be effectively verified, the only variable
in the experiment is the number of targets that need to undergo

Cybemetics and Intelligence, 2026, 1(2): 9390011
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Fig.4 Visual job simulation system.

job scheduling planning. The scheduling results are also visualized
and analyzed using Gantt charts in order to visualize the operation
time and sequence of each target. The experiments were run on a
Winll1 i5-8250U CPU @ 1.60 GHz MATLAB R2021a version,
and the simulation parameters are given in Table 2.

The first set of experiments assumes that 15 targets need to be
recovered and secured consecutively, and the scheduling system
plans the scheduling of consecutive approach and securing
operations for these 15 targets.

To clearly describe the applicability of the model to different
problem sizes, this paper classifies the scheduling scale according
to the number of targets: small-scale (< 20 targets), medium-scale
(20-30 targets), and large-scale (= 30 targets). The 15-target
scenario therefore represents a typical small-scale scheduling case.

In order to evaluate the processing capability and efficiency of
the scheduling algorithm under a small number of targets. In this
operation planning, the scheduling algorithm not only needs to
reasonably arrange the target landing and transfer order, but also

Table2 Experimental simulation parameters

Task Configuration Value
Enter Time 60's
Enter waiting Time 30-60s
Re-entry Probability 0.05-0.07
Transfer Time 90-180's
Support position Unit 45

https://doi.org/10.26599/CAI.2025.9390011

optimize the operation time of each target, so as to improve the
overall operation efficiency and response speed.

The job scheduling simulation results are shown in Fig. 5. Dark
blue means entering the waiting state, orange red means re-
entering state, orange yellow means entering the waiting interval
added because of re-entering, purple means entering the state,
green means grounding operation, blue means entering the state
of transshipping operation, and its number means the number of
the assigned safeguard bit. It can be seen from the figure that the
K-th target enters the state according to the given entry order.
After completion, the subsequent entry operation of the (K+1)-th
target is carried out. After successful entry, the K-th target needs
to be immediately grounded and is pulled to the corresponding
support position by the tractor. Due to the probability of
unsuccessful entry, re-entry occurs at the 12th target, which leads
to waiting intervals for the following three targets.

The second set of experiments is a medium-scale continuous
operation task scenario, where 25 targets are set to continuously
enter the working condition, as shown in Fig. 6. The third set of
experiments was conducted for a large-scale continuous operation
task scenario, setting up 35 targets to enter the working conditions
consecutively, as shown in Fig. 7. The entry unsuccessful
processing strategy proposed in this paper is effectively verified in
the simulation: when a re-flight situation occurs in a target, the
system automatically triggers re-entry, rejoins the target into the
queue, and makes re-entry attempts, and at the same time the
order of the subsequent targets is deferred sequentially to ensure
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Fig.5 Gantt chart of landing support operations for 15 targets. Fig.6 Gantt chart of landing support operations for 25 targets.
the continuity and stability of the task scheduling. Through the It can be found through the analysis of the results of the two
Gantt chart, you can clearly observe the complete operation flow sets of simulation experiments, as shown in Table 3. In small-scale
of the 35 targets, including the time allocation and resource problems, the scheduling model based on the improved particle
scheduling of each key link. swarm algorithm proposed in this paper has similar solution
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Fig.7 Gantt chart of landing support operations for 35 targets.

results to the traditional genetic algorithm, and there is almost no
significant difference between the scheduling time and the
algorithm running time. For simpler scheduling problems, both
the genetic algorithm and the particle swarm algorithm can

https://doi.org/10.26599/CAI.2025.9390011

dynamic adjustment mechanism for the differences between
different task types and models to cope with diversified scheduling
challenges.
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