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Highlights

What are the main findings?

e  For UAV logistics delivery in complex mountainous terrain, a two-stage collaborative
optimization framework has been proposed, which integrates multi-site location
selection, local trajectory planning, and task scheduling within a multi-site UAV
logistics system.

e  For local trajectory planning, a Modified Starfish Optimization Algorithm (MISFOA)
incorporating a hybrid strategy of chaotic initialization and elite SA-DE local enhance-
ment is proposed. On validations against benchmark functions and path-planning op-
timization, its performance shows a significant improvement over the original SFOA.

What are the implications of the main findings?

e  The proposed framework provides an effective and scalable optimization method for
multi-hub UAV logistics systems in mountainous terrain subject to constraints such as
terrain, payload, time windows and capacity.

e  This study extends the application of the Modified Starfish Optimization Algorithm
to the field of UAV logistics planning and provides a practical foundation for future
in-flight validation and real-world low-altitude logistics deployment.

Abstract

With the rapid growth in e-commerce demand, increasing pressure on same-day delivery,
and rising last-mile logistics costs, UAV-based logistics systems have emerged as a promis-
ing solution for efficient transportation in complex environments. In mountainous regions,
however, irregular terrain, limited infrastructure accessibility, and strict flight constraints
significantly increase the difficulty of logistics planning. To address these challenges, this
study proposes a two-layer collaborative optimization framework for multi-center UAV
logistics delivery systems. At the lower level, a multi-center site selection model was
developed to determine the optimal distribution center locations and assign task areas. A
trajectory cost matrix was constructed by comprehensively considering multiple constraints.
The model was solved using a hybrid strategy that combines chaotic initialization and local
enhancement based on the elite saDE method to improve the Starfish Optimization Algo-
rithm, called the Mixed-Strategy Improved Starfish Optimization Algorithm (MISFOA),
thereby generating feasible three-dimensional flight trajectories between local nodes. At
the upper level, an improved Adaptive Large Neighborhood Search (IALNS) algorithm
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is applied to perform UAV mission assignment and route scheduling within each distri-
bution center, based on the trajectory cost matrix pre-calculated at the lower level. The
proposed framework achieves effective information exchange and hierarchical coupling
between center selection and scheduling at the distribution level, thereby enabling unified
optimization of the multi-center location and coordinated dispatch system. Simulation
results demonstrate that the proposed method significantly improves delivery efficiency
and solution quality in complex mountainous environments while ensuring trajectory
feasibility and operational safety. This model provides a scalable and practical optimization
framework for low-altitude logistics network planning under complex constraints.

Keywords: logistics; UAV; multi-center site; mixed strategy-improved starfish optimization
algorithm; improved adaptive broad-domain search algorithm

1. Introduction

Urban logistics and delivery have long served as a vital foundation for the platform
economy and internet-based consumption [1]; however, with the rapid development of the
low-altitude economy and smart logistics, the demand for drone delivery in complex terrain
has become increasingly prominent. Particularly in mountainous areas, river valleys and re-
mote villages and towns, traditional ground transport modes are easily constrained by road
conditions, undulating terrain and the adequacy of infrastructure, leading to issues such as
significant detours, lengthy delivery times and high overall costs [2]. In contrast, drones
possess advantages such as strong obstacle-crossing capabilities, flexible deployment and
rapid response times, and are becoming a key technological enabler for last-mile logistics
in complex environments. Recent review studies also indicate that logistics and delivery,
emergency transport and autonomous navigation in complex environments have become
key application areas in research on drone path planning and collaborative scheduling.

In recent years, research into the application of drones in logistics and delivery systems
has yielded significant results, with the focus gradually shifting from simple last-mile deliv-
ery to key aspects such as hub layout, collaborative delivery and route scheduling. At the
logistics network level, in 2023, Rave et al. developed a two-level site selection and routing
model incorporating a hybrid delivery system of trucks and drones. They integrated the
location of micro-distribution centers and fleet configuration into a unified optimization
framework, and employed a problem-specific large-neighborhood search method to solve
the problem [3]. In 2026, to address the issues of transportation times affected by traffic con-
ditions and time-constrained truck—drone hybrid delivery systems, Shuaibu et al. proposed
an optimization framework based on reinforcement learning, supported by an exact mixed-
integer linear programming (MILP) model. Within this framework, drones operate in
coordination with trucks under constraints related to flight range and synchronization, and
the objective function penalizes delivery delays to ensure compliance with time-window
requirements [4]. In 2024, Peng et al. further investigated the multi-distribution-center
electric vehicle-drone collaborative delivery problem, incorporating time-varying traffic
conditions, charging times, time windows, payload, and range constraints into a unified
model, and solved it using an improved adaptive large-neighborhood search algorithm [5].
In 2024, Meng et al. addressed the multi-visit drone collaborative delivery problem with
soft time windows and random truck travel times, constructing an optimization model
aimed at minimizing total cost and designing corresponding iterative route construction
and improved algorithms [6]. In 2025, Dai et al. highlighted, from the perspective of urban
low-altitude delivery network layout, that if actual flight path distances are used in place
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of traditional straight-line distances for the siting of distribution centers, the location and
layout of the centers will undergo significant changes, indicating that actual path costs
have a substantial impact on the layout of UAV distribution centers [7]. Lakhwani in
2025 proposed a Fifth-Party Logistics (5PL)-driven coordination framework to address the
lack of integration between autonomous delivery systems and digital logistics platforms.
This framework incorporates drones as intelligent execution agents into a cloud-driven co-
ordination layer, supported by artificial intelligence, the Internet of Things, and blockchain
technology to enable real-time coordination, adaptive route planning, and end-to-end
supply chain optimization under dynamic operational conditions [8].

In terms of problem-solving methods, the current optimization approaches for UAV
path planning and collaborative delivery models can broadly be categorized into deter-
ministic graph search, meta-heuristic and swarm intelligence optimization algorithms,
and artificial intelligence and machine learning methods [9]. Among these, deterministic
graph search methods offer the advantages of clear theoretical foundations, high path
interpretability and high solution accuracy; however, in high-dimensional, non-convex and
complex constraint scenarios, their efficiency is reduced due to issues such as high com-
putational complexity and insufficient real-time performance. In contrast, meta-heuristic
and swarm intelligence optimization algorithms simulate biological behavior, physical
processes or group collaboration mechanisms found in nature to progressively search the
solution space and improve solution quality. As they do not rely on explicit gradients,
demonstrate strong adaptability to complex non-convex problems and possess good global
search capabilities, they are widely applied in research on UAV path planning and collabo-
rative delivery. However, as the task environment has expanded from two-dimensional
static scenarios to three-dimensional complex spaces and multi-UAV collaborative scenar-
ios, path planning algorithms must not only accommodate range, energy consumption
and safety constraints, but also balance solution accuracy, computational efficiency and
real-time adaptability. Meta-heuristic and swarm intelligence optimization methods are
widely applied in UAV path planning and collaborative delivery research due to their inde-
pendence from explicit gradients, strong adaptability to complex non-convex problems, and
superior global search capabilities [10]. In recent years, researchers have proposed many
improved intelligent optimization algorithms focusing on path planning in continuous
spaces, obstacle avoidance in complex environments, and multi-objective cost optimization.
In 2025, Wang et al. addressed issues such as search efficiency, convergence accuracy, and
the tendency to get stuck in local optima in multi-UAV path planning under complex
environments by proposing a reinforcement learning-driven multi-strategy continuous ant
colony optimization algorithm. By introducing strategy guidance and continuous space
search mechanisms, they improved the quality and stability of path planning in complex
environments [11]. In 2025, Cheng et al. addressed the issues of slow convergence and
insufficient local search capabilities in traditional single-element heuristic algorithms for
3D UAV path planning in complex environments. They proposed a multi-stage hybrid
meta-heuristic framework that, by sequentially integrating particle swarm optimization
with other local improvement mechanisms, achieved a simultaneous improvement in path
quality and solution robustness in complex scenarios [12]. AI/ML methods demonstrate
significant potential in dynamic environment perception, autonomous decision-making
and online adjustment, but still face challenges such as high training costs, insufficient
engineering interpretability and limited generalization capabilities.

In summary, existing research has primarily focused on urban or flat terrain envi-
ronments, where transportation modes typically involve either coordinated truck—drone
operations or single-drone delivery systems under single-hub configurations. However,
there remains a lack of comprehensive characterization of terrain undulations, no-fly zone
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constraints, and three-dimensional flight path costs in low-altitude mountainous airspace.
Furthermore, existing studies often treat hub location, flight path planning, and task
scheduling as independent processes, making it difficult to capture the inherent interde-
pendencies among these components at a system level; moreover, many models still use
Euclidean distance or road distance as a proxy for the actual flight path cost, which can
lead to discrepancies between site selection results and actual delivery costs in complex
terrain scenarios. A comparison of existing studies is shown in Table 1.

Table 1. Comparative study.

Problem-Solving Tools Environment Constraint Author

.. 3D environmental The path is highly interpretable

* %
D?rl; St;g;}?d’\il:;l;oigd mapping and and offers high local Sushma, M. B. et al. [13]
p obstacle avoidance solution accuracy
Complex . .
Swarm intelligence, three-dimensional sEsael)slerl?(frri}r,nor;egxrigf—rclgi\isex
meta-heuristics and hybrid  environments, dynamic roblems. and hi s strone elobal Li, J et al. [14]

optimization algorithms obstacles, multi- P ’ 58

et . arch capabiliti
objective constraints search cap 1es

. . Dynamic environ- Strong online perception and
Reinforcement learning, . - . .
deep learnin ments, autonomous dynamic decision-making Bacha, Anis
P mng, decision-making, capabilities, suitable for Mahmoud [15]
data-driven optimization . . . .
online scheduling real-time re-planning

Mountainous terrain,
Improved intelligent moving obstacles, energy
optimization algorithm consumption and
safety risks

Can handle complex terrain and
multi-constraint path Wang, Wentao [16]
costs effectively

Considering the aforementioned issues, this paper proposes a two-tier optimization
framework for unmanned aerial vehicle (UAV) logistics delivery systems operating in
complex mountainous terrain. The framework comprises a multi-hub site selection and
local trajectory planning layer, and an intra-hub task scheduling layer. At the lower level,
multi-center site selection and local trajectory planning are performed concurrently. Task
points are assigned to distribution centers based on spatial costs, and a 3D trajectory cost
matrix is constructed using terrain elevation, safety constraints, and flight feasibility condi-
tions. This matrix encodes the actual traversal costs between any two nodes within each
center and serves as a bridge between the geometric space and operational scheduling.
At the upper level, the task scheduling problem within each center is modeled as a com-
binatorial optimization problem, in which drones are assigned to task sequences based
on the pre-computed trajectory cost matrix, subject to constraints such as capacity, time
windows, and task uniqueness. Thus, the lower level provides a spatial cost structure, while
the upper level performs discrete decision optimization, thereby forming a hierarchical,
feedback-driven coupling mechanism, as shown in Figure 1.

This research builds upon and extends previous work, employing optimization al-
gorithms to extend fixed-hub logistics delivery to a multi-hub logistics delivery system,
thereby better accommodating practical requirements. The main innovations are as follows:

(1) A two-level collaborative optimization framework suitable for drone logistics
delivery systems in complex mountainous terrain is proposed, achieving collaborative
optimization of multi-hub site selection, task assignment, local trajectory planning, and
intra-hub task allocation and scheduling;
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(2) A hybrid strategy is proposed to improve the Starfish optimization algorithm by
integrating chaotic initialization with the elite saDE local enhancement mechanism for local
trajectory planning under complex constraints;

(3) A multi-center scheduling mechanism based on a local trajectory cost matrix is
constructed, enabling the allocation of UAV tasks and path scheduling within each center
to be aligned with the actual flight costs at the lower level.
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Figure 1. Schematic diagram of the research process.

2. Modeling
2.1. Model Assumptions

This study investigates a two-level model for the Multi-Center Location and Co-
ordinated Dispatch Problem (MLCDP). To better characterize the relationship between
site selection, flight paths and task scheduling within a logistics system, the following
assumptions are made regarding the model:

(1) A multi-center distribution model is adopted, whereby candidate distribution
centers may be located at any point on a continuous terrain plane, provided they are not
within no-fly zones or obstacles.

(2) The optimal number of distribution centers is determined by back-calculation
based on the total task demand.

(3) Each task point is assigned to only one distribution center.

(4) The location coordinates, task payload, and time window of each task point are
known and remain constant throughout the planning period.

(5) Each task point must be served exactly once by a single drone; each drone takes off
from a distribution center, executes its assigned task sequence, and must ultimately return
to the distribution center.
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(6) The upper and lower limits of construction costs for all distribution centers are
identical and known; their maximum task capacity is also identical and known.

(7) All drones are of the same type, i.e., they share identical parameters, such as
payload, endurance, safety distance and pitch angle.

(8) The dispatch cost of each drone is known.

(9) There is a sufficient number of drones available; the optimal number of drones to
be used is determined by working backwards from the task requirements.

(10) Weather conditions such as wind speed, thunderstorms and smog are not taken

into account.

2.2. Key to Symbols

The variables used in this chapter and their meanings are shown in Table 2.

Table 2. Variable symbols and their meanings.

Type Variable Symbol Meaning of Variables
G Distribution center hub, G = {1,2,3,...u} g € G
I Gather at the task point, I = {1,2,3,- - -, n}
L The set of task points belonging to the center g
Assembly .
L Waypoint set, L = {1,2,3,- - -,m}
\% The set of task points and center points, V=1UG
K Drones, assemble, K = {1,2,3,...,b}
(x¢,Yg,2¢) The coordinates of the distribution center requiring optimization, ¢ € G
i=(x1,Yi 2i) Task point coordinates
dig The straight-line distance between drop-off point i and distribution center g
d;qj The straight-line distance between task point i and task point j at distribution center g
L; The Euclidean distance between waypoint [ and waypoint [ 41
qi Number of tasks at the task point i
Pe The maximum number of tasks a drone can perform
Sc The maximum workload that a single distribution center can handle
w; Time taken to reach the task point i
Parameters wi1, Wip The left and right time windows of the task point i

Xmax, Xmin Upper and lower bounds of the candidate rectangle’s x-axis

Upper and lower limits of the y-boundary of the candidate rectangle

Ymax, Ymin

(e, Ye)
by, hy

Zmax, Zmin
Bmax/ Bmin

Og

[14

Center of the candidate rectangle
Half-width and half-length of a rectangular bounding box
Upper and lower limits of terrain surface elevation
Upper and lower limits on distribution center construction costs
Offset between distribution center ¢ and the center of the candidate rectangle
Weights of cost items in the site selection model
Weights of cost terms in the flight path planning model

If drone k, belonging to center g, flies from waypoint i to waypoint j, then xfj =1

kg
x.¢ €40,1
Y {01} otherwise, xf?j =0

If candidate point g is selected as the distribution center, then yo = 1;
otherwise, y;; =0

Decision variables yg € 0,1}

zig € {0,1} If task point i is assigned to center g, then z;; = 1; otherwise z;, = 0

2.3. Mathematical Model

To investigate the coordinated optimization relationships between distribution center
location, task point assignment, route planning and task schedule in the Multi-Center
Location and Coordinated Dispatch Problem (MLCDP), this paper constructs a two-level
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optimization model comprising a multi-center location and local route planning layer, and
an intra-center task dispatch layer. The overall objective function of the system is defined
as shown in Equation (1):

](G/ L, T) = fitsite(G) + fitroute(G/ L) + fittask(G/ T) (1)

Here, | represents the overall objective function of the system; fitg;; (G) represents the
site selection cost function corresponding to the layout of multiple distribution centers and
the assignment of task points; fit,oute (G, L) represents the flight cost function generated
by local trajectory planning under the distribution center layout G; fit;,s (G, T) represents
the task allocation and collaborative scheduling cost function at the task schedule layer,
under the distribution center G layout and trajectory cost matrix conditions. This model
utilizes the local trajectory cost matrix to facilitate data exchange between the multi-center
site selection layer, the local trajectory planning layer, and the intra-center task scheduling
layer, thereby achieving the overall optimization of multi-center layout, local trajectory
optimization, and collaborative scheduling under a unified objective function.

2.3.1. Multi-Center Site Selection and Local Path Planning Layer

A single distribution center struggles to meet the demands of efficient delivery in
logistics scenarios involving large coverage areas and high volumes of tasks; consequently,
a multi-distribution-center layout has become a key strategy for reducing service dis-
tances, improving delivery efficiency and lowering system operating costs. This paper
first constructs an outer bounding box based on the planar coordinates of all task points
and then expands this by 5% to obtain candidate areas for distribution centers. Within
this continuous candidate area, several sets of initial positions for distribution centers are
generated, and small perturbations are applied to form multiple sets of initial solutions.
Subsequently, a multi-starting-point local optimization strategy is employed to refine the
continuous coordinates of the multi-center layout. For each set of candidate center solu-
tions, the system first calculates the service distance from each task point to all distribution
centers and assigns task points to centers according to the nearest-center principle. On this
basis, each distribution center calculates the distance cost, elevation-based operational cost,
construction cost, and transport cost for its assigned task points only. The costs for each
center are then summed up to obtain the comprehensive objective value for the current
candidate solution, as shown in Figure 2.

The mathematical model for site selection is shown in Equation (2):

. . g S 8 8
fltsite(G) = min Z(:} (51HLength + JZHElev + 53HBuild + 54HTmns) (2)
g€

8

Here, H represents the objective function for site selection, H;,, ot

, represents distance

costs, Hé 1ep TEPTESENts the operational and maintenance costs of the distribution center,
HS g

Buil Trans
transport costs, as shown in Equations (3)-(7). In this study, a weighted aggregation

;4 Tepresents the construction costs of the distribution center, and H represents

strategy is adopted to balance the influence of each cost component, where the weighting
coefficients are set as ; = 0.35, 6, = 0.25, 63 = 0.35, and J4 = 0.05:

L qi
S ©)
c
Hf ain = TzigZigdig iclgeG (4)

iel
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dl-g:\/(xg—xi) +(ye—vi) ielgeG (5)
Hiipy = aiine €G ©)
ngild = Bmin + Pg(Bmax — Bmin) § € G )
H(]g"rans = Zzigqidig g€G (8)
iel
h, = Xmax — X¥min )
2
hy _ Ymax — Ymin (10)
2
1 Yo — X0\ 2
pg—ﬁ\/<ghx > +<yghyyc> g€G (11)
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Figure 2. Hub selection schematic.

In this context, Equation (4) represents the distance cost, denoting the average service
distance from center g to its assigned task points; the smaller this value, the closer the
distribution center is to the overall center of gravity of the task area, and the shorter the
average service distance. z;, is the task point assignment variable. In mountainous terrain,
higher distribution center elevations typically entail higher expenditure on equipment
maintenance and site construction. By normalizing the elevation of the distribution cen-
ter’s location, the operational and maintenance costs are defined as shown in Equation (6).
A higher value indicates higher operational and maintenance costs, allowing the opti-
mization process to proactively avoid unnecessary high-altitude risks. Considering that
both task volume and service distance jointly influence the distribution center’s transport
expenditure, transport costs are defined as shown in Formula (8). These represent the
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operational costs required for drones to complete deliveries to all task points, influenced
by the distribution center’s location. Transport costs are correlated with both demand
distribution and spatial distance distribution; they do not solely favor areas with dense
task points but low task volume. Consequently, operational costs are calculated as the
sum of the product of each task point’s volume and its service distance to the distribution
center [17]. The greater the offset of the distribution center from the geometric center of
the candidate area, the higher the investment required for construction organization and
infrastructure. When the distribution center is close to the geometric center of the task area,
construction and material organization are relatively convenient, leading to lower costs;
conversely, costs increase. Here, i, and h, denote the half-width and half-length of the
rectangular boundary, i.e., the maximum distance that can be reached by moving from
the center of the area along the E-axis or F-axis to the rectangular boundary; the offset p is
shown in Equations (9)-(11).

Route planning involves generating feasible 3D flight paths between any two nodes
based on sets of local nodes at each distribution center, taking into account terrain elevation,
safe altitude, boundary constraints and flight performance limitations. The results of this
local planning are then saved as a trajectory cost matrix for use by the subsequent task
scheduling layer. The mathematical models for the site selection and route planning layers
are shown in Equations (12) and (13):

Fivuter(GrL) = [ F o () B0 1), B 1), B o) B )] 12)

5
fitrouter (G, L) = min)_ a;F + restiony-100 (13)
i=1

In this context, Fy,;gp represents the cost of flight altitude; Fry,eqr represents the cost of
threat zones, including sensitive areas L, Fspuc. restricted airspace and other high-risk areas;
Fpitc;, represents the cost of pitch angle; Fi, g, represents the flight distance constraint;
restion, represents the sum of terrain constraints and boundary constraints; and fit,ute
represents the overall objective function for the site selection and route optimization
layer [18]. In this study, a weighted aggregation strategy is adopted to balance the influence
of each cost component, where the weighting coefficients are set as a1 = 0.5, ap = 0.05,

a3 = 0.25, a4 = 0.15, and a5 = 0.05.

2.3.2. Task Scheduling Layer Model

Based on the local flight path cost matrices for each center generated by the multi-
center site selection and local flight path planning layers, the task scheduling layer performs
multi-drone task allocation and path scheduling within each distribution center. This layer
employs a model that comprehensively considers both the cost of the drone payload and
the task time cost, with the objective of minimizing the system’s total transport cost, as
shown in Equations (14) and (15):

8 — 8 8
FtﬂSk(G’ L> - [Ftimewin’ Floud} (14)
2
fittask(G/ T) = Z restiony F (15)

i=1
Here, Fimewin represents the time constraint cost, F,,; represents the load constraint
cost, restiony represents the sum of the penalty terms for task uniqueness and traffic
balancing constraints, and fit;,s represents the overall performance of the task allocation
and scheduling layer [19].
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3. Algorithm Improvements

The lower layer employs a multi-source local optimization strategy, simultaneously
determining task point assignments during the site selection process. It outputs the co-
ordinates of the distribution centers, the task point allocation results, and the local node
sets for each center. For each center’s local node set, the MISFOA is used to perform 3D
trajectory planning for any pair of nodes between the distribution center and the task
points belonging to that center, generating local trajectories and trajectory cost matrices.
The top level reads the local trajectory matrices corresponding to each center and, subject to
constraints such as capacity, time windows and task uniqueness, uses IALNS to complete
UAV task allocation and path scheduling. Information is transmitted between problem
layers via the combination of distribution centers and trajectory matrices, thereby achieving
layer-by-layer collaborative solutions from multi-center site selection and local trajectory
generation to task scheduling within each center.

3.1. Starfish Optimization Algorithm (SFOA)

The Starfish Optimization Algorithm (SFOA) is a meta-heuristic intelligent optimiza-
tion algorithm proposed in 2024 [20]. The algorithm is inspired by the foraging, predation,
and regeneration behaviors of starfish. During the exploration phase, each starfish indi-
vidual updates its position based on global random walk. In the exploitation phase, the
starfish move toward promising regions guided by the current optimal solution to converge
on the objective function. In the regeneration phase, underperforming individuals are
replaced or reinitialized to maintain population diversity and avoid premature convergence.
This process continues until the end of the iteration. The algorithm alternates between
exploration and exploitation phases, where global search ensures coverage of the solution
space, while local optimization improves the accuracy of the solution. The specific process
is illustrated in Figure 3.

Start

'

Initialise the population

Hs— rand > G, ? No +

Update the position |
using a 1d search

I'=7+1

* A

Calculate and evaluate fitness

|

T<Tyw?

Yes ¢
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Figure 3. Flow chart of the Starfish Optimization Algorithm.
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3.2. Mixed-Strategy Improved Starfish Optimization Algorithm, MISFOA

The Starfish Optimization Algorithm (SFOA) is a meta-heuristic algorithm that simu-
lates the behavior of starfish, such as exploration, predation and regeneration. To address
the limitations of the original SFOA in handling complex optimization problems, this
paper proposes a Mixed-Strategy Improved Starfish Optimization Algorithm (MISFOA)
for three-dimensional UAV flight path planning under complex terrain conditions. This
is based on retaining the original global search framework of the SFOA, while address-
ing issues such as uneven initial population distribution in high-dimensional continuous
spaces, insufficient local exploration capability, and slow improvement in convergence in
optimization during later stages [21]. Firstly, during the population initialization stage,
chaotic mappings are employed to generate initial individuals [22,23], thereby improving
the uniformity and diversity of the initial population; secondly, following each iteration of
the Starfish population update, a self-adaptive Differential Evolution (saDE) local enhance-
ment mechanism is applied to the current optimal individual to further enhance the ability
to perform fine-grained searches in the vicinity of high-quality solutions. Through these
improvements, the MISFOA retains the global search characteristics of the original SFOA
while enhancing its local exploration capabilities and convergence stability in complex
constrained route planning problems. The process is illustrated in Figure 4.
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Figure 4. Flow chart of the Mixed-Strategy Improved Starfish Optimization Algorithm (the blue
sections represent parts that are identical to the original algorithm, while the green sections indicate
improvements to the algorithm).
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3.2.1. Sine Chaos Initialization

In the field of optimization, chaotic mappings are often used as alternatives to random
number generation mechanisms. In order to select the chaotic mechanism best suited to the
SFOA, a total of six chaotic mappings were chosen to improve the initialization of the SFOA.
After analyzing the results of multiple independent runs on the CEC2022 test function and
recording metrics such as the optimal value, mean, standard deviation, median, worst-case
value and average running time, a Friedman mean ranking analysis was performed. The
results are shown in Figure 5.
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Figure 5. Friedman ranking results.

The lower the Friedman ranking value, the better the algorithm’s overall performance
across the test functions. As can be seen from the figure, Sine_SFOA has the lowest average
Friedman ranking, at 2.92, indicating that it offers the best overall performance. Piece-
wise_SFOA and Chebyshev_SFOA have average rankings of 3.25 and 3.33, respectively,
and their performance also exceeds that of the original SFOA, suggesting that chaotic
initialization strategies can improve the search performance of the SFOA to a certain extent.
The average ranking of the SFOA is 3.67, indicating relatively average overall performance.
In summary, the Sine chaotic map can more effectively enhance the SFOA’s global search
capability and population initialization quality, enabling the algorithm to achieve supe-
rior statistical performance across multiple test functions. The SFOA employs a uniform
random method to generate the initial population; however, in high-dimensional contin-
uous optimization problems, this method is prone to issues such as uneven distribution
of individuals, local clustering, and unstable quality of initial solutions, thereby affecting
the search efficiency of the algorithm in its early stages. To improve the uniformity of the
initial population distribution, this paper introduces a chaotic initialization strategy into
the MISFOA, utilizing a sinusoidal chaotic map to generate the initial population [24,25],
as shown in Equations (16) and (17):

s14 = rand(0,1) (16)

S(p+1)d = sin(mepg) p=1,2,3,... ,N -1 (17)

Here, s1; denotes the chaotic variable of the first individual in the population on the
dth dimension, and rand(0,1) denotes a random initial value within the interval (0,1). By
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mapping the chaotic variable onto the search space [l;, u4], the initial position of the pth
individual on the dth dimension is given by Equation (18):

Xpa = lg+Spa(ug — lg) (18)

In this context, I; and u; represent the lower and upper bounds of the search space,
respectively [26].

3.2.2. saDE Local Enhancement Mechanism

The original SFOA demonstrates good exploration capabilities in global search, but
its local exploration capabilities in the later stages are relatively weak. To address this
shortcoming, the saDE mechanism is introduced in the later stages of the algorithm to en-
hance local exploration [27]; specifically, after each round of population update, differential
evolution-based local exploration is performed on a subset of elite individuals within the
current population [28,29], as shown in Equation (16):

V; = e; + Factorj(xpes; — €;) + Factor;(e;, — e;,) e;, # ej, (19)

Here, ¢; denotes the elite individuals. In each iteration, the population individuals
are first sorted in ascending order according to their fitness values, and the top 20% of
individuals in terms of fitness are selected to form the elite set. V; denotes the mutation
operator of Xy, the current global optimal individual. Factor; denotes the adaptive scaling
factor, used to control the first term Factor;(xp.s; — €;) of the differential perturbation step,
which guides elite individuals towards the current optimal solution, thereby enhancing
local exploration capabilities; the second term Factor;(e;, — e;,) utilizes the diversity in-
formation among population individuals to generate perturbations, maintaining search
diversity and reducing the risk of getting stuck in local optima. To balance the perturbation
intensity, experimental individuals are generated via binomial crossover, as shown in
Equations (20)—(22):

g < ori=i
fest; ; = { Vi rand < cross; o‘r J = Jrand (20)
Xj otherwise
Factor; = min{ 0.9, max(0.1 0.5 + 0.3A\[0,1])} (21)
cross; = min{ 0.95, max(0.05 0.5 + 0.1N[0,1]) } (22)

Here, test; ; denotes the experimental individual, cross; denotes the adaptive crossover
probability, and j,,,,s ensures that the experimental individual inherits at least one mutation
dimension. Finally, the fitness of the experimental individual is evaluated; if it is superior
to the original elite individual, a greedy selection mechanism is employed to affect the
replacement, as shown in Equation (23):

e; otherwise

¢ = { test;  f(test;) < f(e;) 23)

As this mechanism applies only to a small number of elite individuals within the
current population, it neither disrupts the SFOA’s original global search framework nor
provides stronger local refinement capabilities in the vicinity of high-quality solutions.

3.2.3. Improvements to Validation

The pseudocode for the improved algorithm is shown in Algorithm 1.
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Algorithm 1: Pseudocode of Mixed-Strategy Improved Starfish Optimization Algorithm
Input: Algorithm parameters
Output: Global solution
1: Initialize the population using a sinusoidal chaotic map.

2: Calculate the fitness values for all starfish individuals.

3: Determine the current best individual X, and its fitness value fp,;.

4: While T < Tipax

5: Calculate the angle factor and the dynamic energy factor.

6 If rand > Gp

7: For each starfish Do

8: If D > 5then

9: Select 5 dimensions at random.

10: Forj = 1:5Do

11: Generate random angle parameters; update the positions of the selected
dimensions in accordance with the high-dimensional exploration strategy.

12: End For

13: Perform boundary checks on the updated position.

14: Else

15: Select 1 dimension at random,;

16: Select two starfish at random.

17: Update the positions of the selected dimensions in accordance with the
low-dimensional exploration strategy.

18: Perform boundary checks on the updated position.

19: End If

20: End For

21: Else

22: Select 5 starfish individuals at random; calculate the distance vectors between the
current optimal position and the selected individuals.

23: For each starfish Do

24: Select two distance vectors at random; update the positions of the individuals in
accordance with the development strategy.

25: Ifi = N then

26: Update individual positions according to the regeneration strategy.

27: End If

28: Perform boundary checks on the updated position.

29: End For

30: End If

31: Calculate the fitness values of the individuals after the update.

32: Using a greedy selection strategy, if a new individual is superior to the original one, it is
substituted.

33: Update the current global optimal solution X, execute the elite saDE local

enhancement strategy.

34: Obtain the global best solution in iteration T step.
35: T=T+1

36: End While

37: Obtain global solution.

To test the effectiveness of the improvement [30], experimental tests will be
conducted using CEC2022 [31], and the MISFOA will be compared with six other
algorithms—DBO [32], DBOPSO [33], PSO [34], DE [35], saDE [36] and the SFOA—under
identical conditions. The population size was set to 50, with 500 iterations, and the experi-
ment was run independently 30 times. The results are shown in Table 3.
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Table 3. CEC2022 test results.

MISFOA SFOA DBO DBOPSO PSO DE saDE
F avg opt avg opt avg opt avg opt avg opt avg opt avg opt

F1 656.841  339.339 1256.278 434.994 29,375.602 17,356.845 8415.032 2437.119  31051.206 11,458.788  41,737.424 29,627.314 509.490  300.000
F2 446.783  406.537 448.353 408.842 927.447 594.089 495.104 437.741 738.780 591.716 449.739 449.112 450.681  444.895
F3 600.763  600.206 604.499 602.023 656.533 644.398 612.005 603.917 645.739 621.874 600.051 600.025 600.0059  600.000
F4 869.539  831.559 891.048 847.340 930.771 899.497 863.046 834.341 869.355 835.308 921.898 907.266 848.270  823.721
F5 922.530  901.883 1333.227  946.089 2724.822 1914.516 1110.825 912.173 2017.308 1316.107 1413.654 1118.831 900.638 900
F6 9504.620 2196.348 14,641.828 2640.865 38,590,860.18  7,906,609.969 11,647,760.440 25,718.168 154,990.569 1912.236  7,441,097.444 3,172,570.955 8031.004 1864.721
F7 2064.034 2040.089  2071.453  2043.295 2156.857 2091.464 2087.765 2042.655 2157.875 2056.233 2063.306 2047.763 2045.216  2032.455
F8 2229.783 2226901 2234122  2225.939 2325.754 2232.074 2254.277 2229.184 2325.639 2224.021 2231.288 2227.070 2226.369 2224.272
F9 2480.781 2480.781  2480.792  2480.782 2656.878 2555.583 2516.573 2480.868 2669.315 2576.998 2480.803 2480.789 2480.781  2480.781
F10 2917.786  2500.560  2961.604  2500.587 2723.325 2517.371 2502.896 2500.594 3923.208 2501.329 2524.569 2500.932 2532974  2500.411
F11 2987.125 2908.074  3184.500  2848.426 6496.649 5682.451 3183.003 2980.878  12,357.416  6709.905 2901.531 2901.082 2900.000 2900
F12 2942135 2933.162 2943350  2934.761 3168.782 3073.430 2970.095 2939.049 3300.752 3096.575 2947.194 2942.621 2942.699 2935.243
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As shown in the table above, the MISFOA achieved lower average fitness values than
the SFOA across all 12 test functions, indicating that the introduced improvement strategy
can consistently enhance the algorithm’s performance. The optimization effects of MISFOA
are particularly evident in functions such as F1, F5 and Fé6. In F1, the average fitness of
the MISFOA decreased by approximately 47.72%; in F5, the average fitness decreased
by approximately 30.80%; and in F6, the average fitness decreased by approximately
35.09%. This indicates that sinusoidal chaotic initialization improves the quality of the
initial population and enhances the algorithm’s early-stage global search capability, while
the elite saDE local enhancement strategy further improves the exploration accuracy near
the elite solutions, thereby effectively alleviating the issue of insufficient convergence
accuracy in the original SFOA. The algorithms were ranked using Friedman. The results
are shown in Figure 6.

Friedman Average Ranking on CEC2022
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Figure 6. Rankings.

As shown in the figure, the MISFOA achieved an average ranking of 2.50, second
only to saDE’s 1.50, and significantly outperforming the original SFOA’s 3.83, DE’s 3.75,
DBOPSO’s 4.17, PSO’s 6.00 and DBO’s 6.25. Compared with the original SFOA, the average
Friedman rank of the MISFOA improved by 1.33, indicating a marked improvement in its
overall optimization performance. Pairwise comparisons between the MISFOA and the
other six algorithms were conducted using the Wilcoxon test, with the results shown in
Table 4.

Table 4. Results of the Wilcoxon test.

. SFOA DBO DBOPSO PSO DE saDE
4 4 P P P P

F1 44205 x 107 3.01986 x 10~ 3.01986 x 10~ 3.01986 x 10~11  3.01986 x 1011 2.37682 x 107
F2 0.002499392 3.01986 x 10711 1.10772 x 107  3.01986 x 10~11  1.10234 x 108 0.195790758
F3 3.01986 x 10711 301986 x 10~ 3.01986 x 10711 3.01986 x 1011  3.01986 x 10~  3.01986 x 1011
F4 0.00185748 3.33839 x 10~ 11 0.118817344 0.970516051 3.01986 x 10~ 1.86817 x 107>
F5 497517 x 10711 3.01986 x 10711 4.99795 x 1072  3.01986 x 1011 3.01986 x 10~11  4.97517 x 1011
F6 0.016954881 3.01986 x 10711 3.01986 x 10~11 0.482516904 3.01986 x 10~ 1.74791 x 107>
E7 0.043583548 3.01986 x 10~ 11 0.000729511 4.19968 x 1010 0.958731491 7.08811 x 10~8
F8 1.10772 x 107¢ 450432 x 10~11 461591 x 10710 2.00229 x 10~° 0.002265781 1.77691 x 10~10
F9 3.01986 x 10~ 3.01986 x 10~ 3.01986 x 1011 3.01986 x 10~11  3.01986 x 10711  6.79657 x 1010
F10 0.437641335 0.491782957 0.371077032 5.46203 x 106 0.706171488 0.000158461
F11 249131 x 107®  3.01986 x 10711 7.73869 x 107 3.01986 x 10~  3.01986 x 10~  3.01986 x 1011
F12 0.290472149 3.01986 x 10711 1.69795 x 1078 3.01986 x 10~11  1.01877 x 10~ 0.994101921

+/—/= 10/2/0 11/1/0 10/2/0 10/2/0 8/2/2 0/2/10
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As shown in Table 4, MISFOA demonstrates a clear advantage over other algorithms.
The results against DBO were 11/1/0, while the results against DBOPSO, PSO and the
MISFOA were all 10/2/0, indicating that its overall performance is significantly superior to
these two categories of comparison algorithms. Compared with DE, the statistical results for
the MISFOA were 8/2/2, suggesting that the MISFOA still holds an advantage on most test
functions, although DE performed better on a few functions. The comparison with saDE
yielded a result of 0/2/10, indicating that, within this set of test functions, the standalone
saDE algorithm achieved superior results on most functions, consistent with the conclusion
that saDE ranked first and the MISFOA second in the Friedman average ranking. This is
because saDE itself is a strong local search algorithm centered on differential variation and
adaptive parameter tuning and possesses high optimization accuracy on certain continuous
benchmark functions. The test functions, Friedman rankings and Wilcoxon tests all validate
the effectiveness of the algorithmic improvements.

To further validate the effectiveness of the improved algorithm in UAV flight path
planning, a terrain surface with 20 randomly generated peaks was created within a
100 x 100 x 300 space. Under the same conditions, seven algorithms were used to plan
flight paths for a single UAV. The planning results are shown in Figure 7.

3D path planning space

100 3D path planning space
—ISFOA
—DE
——SaDE
—PSO
—DBO
—DBOPSO
SFOA

y/m

100

Figure 7. Planning track chart. (a) Side view. (b) Top view.

As can be seen from the figure, all algorithms successfully planned a trajectory that
smoothly connected the starting point to the endpoint while avoiding the mountain peaks.
The specific results are shown in Table 5.

Table 5. Statistics on algorithm results.

Indicators MISFOA SFOA DBOPSO DBO PSO DE saDE
Best 3.623129 x 102 3.735570 x 10> 3.634078 x 10>  4.595924 x 10>  4.550377 x 10>  3.733853 x 102 3.617943 x 102
Mean 3.625864 x 102 3.751518 x 10> 3.643088 x 10>  6.818767 x 10>  2.588752 x 10*  3.743909 x 102 3.617943 x 107

Standard 4.085092 x 1071 1.629662 x 10°  1.346548 x 10°  3.650635 x 102  2.246375 x 10*  1.397974 x 10°  7.352082 x 103

As shown in the table, the MISFOA had a clear advantage over most of the comparison
algorithms. Its best value was very close to that of saDE and slightly better than those of
the SFOA, DBOPSO, DE, and PSO, indicating that it possesses highly competitive global
optimization capabilities. In terms of the average, it significantly outperformed the SFOA,
DBOPSO, DBO, and PSO, with a 3.35% improvement over the SFOA. In terms of standard
deviation, the MISFOA demonstrated strong stability, outperforming the SFOA by 74.93%
and DBOPSO by 69.66%. Its overall performance was slightly inferior to that of saDE,
consistent with the results of the Wilcoxon test and Friedman ranking. This confirms that
chaotic initialization and the elite saDE enhancement measures effectively improve the
algorithm’s robustness.
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4. Simulation Experiments
4.1. Experimental Parameters

Simulation experiments were conducted on the MATLAB R2024a platform to eval-
uate the effectiveness of the proposed two-stage collaborative optimization framework
for multi-hub UAV logistics delivery in complex mountainous terrain. At this stage of the
study, 30 mission points were generated within the mountainous environment to simulate
real-world logistics and transportation demands, with their spatial coordinates, mission
requirements, service times and time window constraints clearly defined. The elevation of
the mission points was derived through interpolation of the terrain surface model. Con-
currently, key UAV operational parameters—including maximum payload, safe altitude,
cruising speed and hub service capacity—were explicitly incorporated into the model.
The aim was to approximate real-world low-altitude logistics scenarios and provide a
meaningful basis for evaluating the feasibility and effectiveness of the proposed method.
The mission point information is shown in Table 6.

Table 6. Starting and ending point coordinate information.

Task Point Number  Coordinates Time Window Opening Hours Workload

1 (50,50) (600,630) 20 40
2 (380,50) (570,600) 20 10
3 (50,450) (60,150) 20 40
4 (450,220) (540,570) 20 10
5 (250,250) (20,60) 20 20
6 (100,100) (480,520) 20 10
7 (200,360) (160,200) 20 40
8 (350,400) (220,270) 20 30
9 (300,100) (460,500) 20 10
10 (300,120) (300,330) 20 5
11 (72,88) (80,130) 20 15
12 (410,65) (520,560) 20 25
13 (58,420) (140,190) 20 35
14 (438,248) (560,600) 20 10
15 (235,278) (40,90) 20 20
16 (118,135) (460,500) 20 10
17 (188,338) (180,230) 20 30
18 (332,392) (260,310) 20 25
19 (286,96) (420,460) 20 10
20 (318,148) (320,360) 20 5
21 (100,280) (540,580) 20 30
22 (450,450) (480,520) 20 35
23 (150,450) (90,140) 20 10
24 (200,450) (510,550) 20 15
25 (410,320) (30,80) 20 5
26 (202,30) (430,470) 20 25
27 (205,117) (170,220) 20 10
28 (350,250) (250,300) 20 40
29 (50,320) (390,430) 20 10
30 (35,280) (310,350) 20 40

In this study, the drone parameters were set to a maximum payload of 110, a safe
altitude of 5, and a cruising speed of 10. The maximum number of tasks that a single center
can undertake is 200.
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4.2. Experimental Results

Firstly, multi-center site selection and task assignment were achieved through a local

optimization strategy, as shown in Figure 8.
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Figure 8. Side view of the distribution center and its delivery points. (a) Center 1 and its task points.

(b) Center 2 and its task points. (c) Center 3 and its task points. (d) Center 4 and its task points.

As shown in Figure 5, the back-calculation of the task volume indicates that a total of

four distribution centers was required. The coordinates of the first distribution center were
(136.33, 382.27, 47.46), the second distribution center was located at (447.72, 233.91, 11.47),
the third distribution center was located at (321.97, 117.19, 34.08), and the fourth distribution
center was located at (107.59, 84.89, 196.73). The positioning of these centers effectively

balanced the average service distance to all task points while avoiding high-risk terrain

areas. This demonstrates the advantages of jointly modeling average service distance and

terrain elevation penalties within the site selection model, providing an efficient starting

point for subsequent route planning and task allocation. The overall layout is shown in

Figure 9.

Once the locations of the distribution centers had been determined, the local flight

path cost matrices were constructed. At the top level, using the local flight path cost

matrices corresponding to each center as input, collaborative allocation and scheduling of

multiple drones was performed for 30 task points, subject to constraints on capacity and

time windows. The distribution of flight paths for drones from different centers is shown

in Figure 10.
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Figure 9. Schematic diagram of the overall layout. (a) Side view of spatial distribution. (b) Top view

of spatial distribution.
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Figure 10. Side view of drone flight paths at different centers. (a) Center 1 flight path planning.
(b) Center 2 flight path planning. (c) Center 3 flight path planning. (d) Center 4 flight path planning.

The flight paths of the drones corresponding to different distribution centers clearly
illustrate the results of the three-dimensional path planning for the centers and their task
points. Under the two-layer framework, the flight paths for each center were adjusted
appropriately in response to variations in terrain. This ensured a closed-loop connection
between the distribution center as the starting point and the destination, while maintaining
effective coverage of the task points, demonstrating that the local path planning mechanism
developed is capable of meeting flight requirements in complex mountainous terrain.
Specific task scheduling information is shown in Table 7.
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Table 7. Task scheduling statistics.

Center Drone Number Route Checkpoint Number  Workload  Flight Distance

1 C1-30-29-21-C; 80 1204.71
c 2 C,-7-18-24-C; 80 1205.41
3 C1-13-3-23-C 85 1203.31
4 C1-15-17-C; 50 903.86
1 C-25-8-28-4-C, 85 1506.15
2 2 Cp-22-14-C, 45 906.36
Cs 1 C5-15-19-20-10-9-2-12-C5 85 2414.79
< 1 C3-27-1-26-C3 75 1207.84
2 C3-11-16-6-C3 35 1202.14

Table 7 shows the final schedule plan for the model: the workload across the four
central drones was balanced without compromising load capacity or time windows. The
overall cost parameters of the model are shown in Table 8.

Table 8. Model cost parameters.

Parameter Value
HY ot 120.46230
H},. 44821071
H3 14 159.20768
HE, 1 248,290.47192
Fneight 5.68004
Frhreat 19,519.023966
Fspace 10,510.24367
Frength 10,986.87236
Fpitcn 118.00000

All flight paths are shown in Figure 11.

Multi-centre site selection Multi-centre site selection
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Figure 11. Three-layer structural planning track chart. (a) Side view. (b) Top view.

As shown in the figure, analysis of the flight path patterns for each center revealed that,
in some centers, the task points were relatively dispersed. Consequently, a greater number
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of drones were deployed to form multiple, relatively independent local flight paths, thereby
reducing the service range of individual drones and enhancing the efficiency of parallel
delivery. In contrast, for centers where task points were more concentrated, the flight path
structure was relatively compact. This indicates that the results of the multi-center division
were being correctly utilized by the flight path planning and task scheduling layers. From
a three-dimensional spatial perspective, none of the flight paths generated for each center
intersected with terrain obstacles, indicating that the MISFOA effectively balances terrain
constraints, safe altitude constraints and flight path smoothness constraints during the
planning process. Furthermore, there was no conflict between the task points of flight paths
assigned to different UAVs within the same center, demonstrating the algorithm'’s ability to
coordinate and divide tasks within local task sets. These results validate the effectiveness
of the three-layer framework proposed in this paper.

5. Limitations and Future Work

The two-stage collaborative optimization framework proposed in this study has
demonstrated its effectiveness, but several limitations still exist.

Firstly, this study was validated primarily through numerical simulation rather than ac-
tual real-world UAV flight experiments. Although the simulation scenarios were designed
to closely approximate real-world low-altitude logistics conditions in mountainous terrain,
the validation framework inevitably relies on simplified assumptions. The modeled scenar-
ios incorporate key operational factors such as mission locations, mission requirements,
service times, time window constraints, UAV payload limitations, safe flight altitudes,
cruising speeds, and central service capacity. However, despite this comprehensive configu-
ration, simulation-based validation cannot fully capture the uncertainties and disturbances
encountered in real operational environments. These include wind effects, communication
delays, positioning errors, sensor noise, and flight control deviations, all of which may
significantly influence UAV trajectory stability and system-level performance in practi-
cal deployments. Secondly, the current framework assumes relatively stable operating
conditions and does not explicitly account for dynamic environmental changes, such as
temporary no-fly zones, ad hoc missions, weather disruptions, or real-time traffic adjust-
ments in low-altitude airspace. In actual UAV logistics systems, these dynamic factors may
significantly impact local trajectory feasibility and the performance of internal scheduling
within the hub.

In future research, we will first conduct small-scale real-world UAYV flight experiments
to further validate the engineering feasibility of the proposed framework. Secondly, we
will introduce dynamic environment modelling and online rescheduling mechanisms to
enhance the model’s adaptability under time-varying and uncertain operational conditions.
Finally, the research team aims to further explore multi-center collaboration mechanisms
and combine intelligent learning methods with optimization algorithms, thereby enhancing
the flexibility, scalability and real-time responsiveness of multi-center UAV logistics systems
in complex terrain environments.

6. Conclusions

This paper proposes a two-level model for the Multi-Center Location and Coordinated
Dispatch Problem (MLCDP) in the context of unmanned aerial vehicle (UAV) logistics
networks within mountainous transport systems. The model aims to achieve unified
decision-making regarding multi-center location, local three-dimensional UAV flight path
planning, and task allocation and dispatching among multiple UAVs within each center,
with the objective of minimizing total system transport costs and enhancing overall deliv-
ery efficiency. The lower layer focuses on multi-center site selection and local trajectory
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planning. Following the determination of distribution center layouts and the assignment of
task points, it generates three-dimensional trajectories and trajectory cost matrices between
local nodes within each center. The upper layer, utilizing the local trajectory cost matrices
generated by the lower layer, optimizes the task allocation and path scheduling of multiple
UAVs within each distribution center. Information exchange and cost feedback between the
two layers are achieved via the flight path cost matrix, thereby forming a unified decision-
making mechanism that seamlessly integrates distribution center layout, local flight path
generation, and intra-center task scheduling. Simulation results demonstrate that the
proposed method can effectively accomplish multi-center distribution center layout and
multi-drone collaborative operations under typical complex mountainous terrain, while
improving the overall operational efficiency of the system and ensuring flight path feasibil-
ity and flight safety. This study not only validates the effectiveness of the improved SFOA
but also demonstrates the effectiveness of the MLCDP two-layer collaborative optimization
framework in complex constrained logistics delivery scenarios. The two-tier structure
of the MLCDP provides an alternative, scalable optimization method for UAV logistics
network planning within the context of the low-altitude economy. In the future, research
may be further conducted in areas such as dynamic environment modeling, multi-center
coordination mechanisms, integrated energy—payload coupling modeling, and the integra-
tion of intelligent learning algorithms. This will drive the development of UAV logistics
scheduling systems towards greater intelligence, adaptability and real-time responsiveness,
while supporting the digital and intelligent evolution of low-altitude transport systems.
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