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Abstract

With the rapid rise of low-altitude economy and intelligent logistics, a low-altitude logistics delivery system centered on drones is gradually taking shape.
Centre location and collaborative scheduling constitute fundamental core issues in logistics planning, determining the spatial layout of delivery nodes, and
the task execution methods of drone fleets, respectively. These directly impact system construction investment, transport costs, and service timeliness.
However, complex mountainous terrain, airspace restrictions, and limited flight performance create a strong coupling between delivery center location and
collaborative delivery, resulting in computationally complex problems. Existing logistics planning research struggles to accurately assess real-world costs
and guarantee feasibility. Addressing these challenges, this paper investigates the interrelated and highly influential issues of hub location and collaborative
scheduling within UAV-logistics systems. It proposes a two-layer model based on the Location-Routing and Scheduling Problem (LRSP). The lower layer
employs the distribution center coordinates as decision variables. For continuous planes, it utilizes the Improved Whale Optimization Algorithm (IWOA) to
achieve intelligent location selection based on three-dimensional path planning, outputting a trajectory cost matrix derived from this planning. The upper
layer employs the Improved Adaptive Large Neighborhood Search (IALNS) to perform collaborative scheduling for multi-UAV task allocation. By
incorporating the trajectory cost matrix, iterative updates occur between the upper and lower layers, achieving a closed-loop coupled solution for center
location and collaborative scheduling. Simulation results demonstrate that this two-layer model provides efficient and practical theoretical support for the
planning and operation of low-altitude logistics delivery in complex terrain environments.
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Introduction

The sustained rapid development of the low-altitude economy
and the urgent, high-demand requirements for last-mile logistics
have created a practical need for unmanned aerial vehicles (UAVs)
to deliver high-efficiency, point-to-point transport in complex
terrain environments such as mountainous regions and urban-rural
fringe areasl'2l. The escalating logistics demands in mountainous
regions has exposed the inefficiencies and high costs inherent in
traditional ground transport, constrained by topography and infras-
tructure limitations. Conventional ground transport systems signifi-
cantly extend routes, time, and costs when navigating complex
terrain such as mountain ranges and river valleys. Furthermore, they
may be restricted by road conditions and extreme weather, prevent-
ing the delivery of goods to remote villages and towns. Against this
backdrop, both academia and industry have conducted in-depth
research addressing issues such as how to deploy logistics distribu-
tion networks, how to operate drones, and how to control total
costs.

Recent years have seen substantial progress in research on apply-
ing drones to logistics systems, with increasing focus on key tech-
nologies like hub siting and collaborative delivery. O'Kelly et al.
conducted a meta-review on hub-and-spoke planning (HLP)B], high-
lighting challenges and opportunities for air/multimodal transport
and sustainability in emerging scenarios. Meng et al.l developed a
location-route optimization model using blood delivery as a case
study, jointly solving site location and UAV routing to validate drone
value in time-critical medical logistics. Cavagnini et al.5] modelled
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location-route  problem coverage. Regarding algorithmic
approaches for problem-solving, a diverse array of optimization
algorithms currently exist for site selection and route planning
models, broadly categorized into four types: traditional algorithms,
intelligent optimization algorithms, quantum algorithms, and
machine learning algorithmsl6l. Traditional algorithms, grounded in
deterministic logic, prioritize optimal path discovery within known
topological structures. Representative methods include Dijkstra's
algorithm!”), RRT*8], and the A* algorithm. These approaches offer
theoretical rigor, path stability, and computational precision, yield-
ing globally optimal solutions for small-scale problems. However,
they often incur high computational time costs when applied to
high-dimensional, non-linear models with complex constraints.
Collective intelligence optimization algorithms provide efficient
tools for tackling such complex optimization problems. Jiang & Xut®!
proposed the Particle Swarm Optimization-based Uniform Probabil-
ity Rapidly Expanding Random Tree (PSO-PH-RRT*) algorithm,
achieving significant improvements in path generation efficiency
within three-dimensional dynamic environments. Meng et al.l'?l
employed segmented chaotic mappings, adaptive t-distribution
mutation, and dynamic weight adjustment strategies to construct
the MSDBO algorithm, achieving an adaptive equilibrium between
global exploration and local refinement. Chakraborty et al.
conducted extensive research addressing issues in WOA, such as
premature convergence, insufficient population diversity in later
stages, and an imbalance between global and local searches. They
systematically proposed multiple improvement methods, enhanc-
ing global exploration capabilities and accelerating convergence
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through mechanisms including chaotic mapping, non-linear
adaptive weights, and increased perturbations. Multiple synergistic
operators and local search operators were constructed to form a
multi-strategy WOA, improving solution accuracy and stability.
Furthermore, WOA was hybridized with other swarm intelligence
algorithms such as GWO and SCA to develop hybrid WOA variants
suitable for large-scale optimization, path planning, and engineer-
ing structural design scenarios('"l,

However, the research predominantly focuses on urban or flat
terrain, approximating distance costs for distribution center siting
using Euclidean distance, or road mileage on a two-dimensional
plane. Consequently, evaluation outcomes deviate significantly
from actual expenses. Compared to road networks, low-altitude
airspace in mountainous terrain is influenced by multiple factors,
including topographical undulations, no-fly zones, and altitude
restrictions!'213], Traditional models combining planar Euclidean
distance with single-vehicle path planning struggle to accurately
assess actual costs and frequently yield infeasible solutions under
time window and capacity constraints!'4. This paper addresses the
location and collaborative scheduling problem for UAV logistics
distribution centers within mountainous transportation systems. A
two-layer Location Routing and Scheduling Problem (LRSP) model is
constructed, encompassing intelligent site selection and flight path
planning alongside task allocation and collaborative scheduling. The
key sets, decision variables, and parameters used throughout the
two-layer model are summarized in Table 1.

As shown in Table 1, the current dual-layer structure in vehicle
research typically operates at the road and lane levels for trajectory
control and risk management, without addressing the coupling of
hub selection, time-window services, and three-dimensional
airspace constraints in drone logistics. Meanwhile, the two-layer
structure for drones is predominantly applied in urban scenarios,
focusing on low-risk urban airspace and conflict avoidance.
However, it often excludes safety altitude constraints imposed by
mountainous terrain undulations, 3D trajectory costs, and the logis-
tics LRSP closed loop at the dispatch layer.

Within the research framework of this paper, the base model
employs IWOA to achieve solution optimization. It first solves for
candidate hub locations by integrating factors such as spatial
distance from task points to hubs, elevation-based operational
costs, and transport costs weighted by task volume. During the site
selection process, each potential hub location is scored to construct
the comprehensive evaluation function of the location model. Using
the selected distribution centers and known task point coordinates,
IWOA generates feasible three-dimensional flight paths for any pair
of nodes that satisfy terrain elevation and safety altitude constraints.
The aggregated flight distances or energy consumption form the
underlying trajectory cost matrix. The top-level model then employs
an IALNS on the trajectory cost matrix provided by the base model
to coordinate the scheduling of multiple UAVs' tasks, time windows,

Table 1. Comparative table of related studies.

Two-layer LRSP for mountainous UAV logistics

and payload constraints. This achieves unified optimization for
multi-UAV task allocation in the three-dimensional flight path plan-
ning for distribution center siting. A schematic of the research
model is illustrated in Fig. 1 below.

Model

Model assumptions

To characterize the collaborative optimization relationship
between hub location selection, three-dimensional flight paths, and
task allocation within mountainous drone logistics systems, this
paper constructs a two-layer model for the Location-Routing and
Scheduling Problem (LRSP). The model makes the following
assumptions:

(1) A single-hub distribution model is adopted, where candidate
hub locations may be situated at any point on a continuous terrain
plane, provided they avoid no-fly zones and obstacles.

(2) The coordinates, delivery task volume, and time windows for
each task point are known, and remain constant throughout the
planning period.

(3) Each task point must be served by exactly one drone on a
single occasion; each drone departs from the hub, executes its
assigned task sequence, and must ultimately return to the hub.

(4) The upper and lower bounds of distribution center construc-
tion costs are known, as are the dispatch costs per drone.

(5) All drones are identical in type, possessing the same payload
capacity, endurance, safety distance, pitch angle, and other parame-
ters.

(6) An adequate number of drones are available; the optimal
number required is determined by back-calculating from mission
demands.

(7) Weather factors such as wind speed, thunderstorms, or smog
are not considered.

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

Model construction

The rational siting of distribution centers helps to shorten service
distances, enhance delivery efficiency, and reduce system operating
costs. First, outer rectangles are constructed around all task points
based on their planar coordinates. Subsequently, the entire area is
expanded by 5% to obtain the candidate distribution center zone
with an extended safety margin. Several initial distribution center
locations (xg,ys) are then generated within this candidate zone.
Employing a multi-start local search, through terrain interpolation,

Vehicle Research scenario Dual-Layer algorithm Primary constraints Ref.
Vehicle trajectory Vehicle merging Upper layer: DRL generates initial trajectory. Risk; collision; dynamics Wu et al.l'™
Lower layer: MPC refines trajectory.
Electric bus vehicles Urban mobility Upper layer: ALNS planning and operations benefits. Energy; charging; profitability ~ Jiang et al.l'®
Lower layer: VNS computing charging costs.
Drone Urban airspace Upper layer: 3D flight path. Urban risk; conflict; time Zheng et al.l'”!
Lower layer: time dimension conflict resolution. dimension
Drone Urban airspace Upper layer: generate candidate solutions. Risk; conflict; timeliness Chenetal.l'®

Lower layer: resolve 4-time dimension conflicts.

Logistics drones Urban airspace

Upper layer: takeoff and landing point layout.
Lower layer: flight route planning.

Coverage requirements; facility Zhang et al.l'”)
construction
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Fig. 1 Research model diagram.

Table 2. Variable symbols and their meanings.

Colaborative Optimization in Complex Terrain

Type Variable symbol Variable meaning
Assembly I Task point collection, I = {1,2,3,---,n}
L Waypoint set, L = {1,2,3,---,m}
14 Task points and hub points collection, where 0 denotes the distribution center. V = {0, 1,2, --,a}
K Drones assemble. K = {1,2,3,---,b}
Parameters (x6,Y6526) Coordinates of the distribution center requiring optimization
i= (X1, Yi,2i) Task point coordinates
d; The straight-line distance between task point i and the distribution center
L; The Euclidean distance between waypoint / and waypoint [+ 1
qi Task volume at point i
Pe The maximum operational workload that a drone can handle (kg)
Wi Time of arrival at Task Point i
Wi, Wia The left and right time windows at Task Point  (min)
Xmaxs  Xmin Upper and lower bounds of the candidate rectangle's x-boundary (km)
Vmax>  Ymin Upper and lower bounds of the candidate rectangle's y-boundary (km)
(Xes¥e) Candidate rectangle center
hy, hy The half-width and half-length of a rectangular boundary
Zmaxs  Zmin Upper and lower limits of terrain surface elevation (km)
Bmaxs  Bmin Upper and lower limits for distribution center construction costs (CNY)
P Offset between the distribution center and the candidate rectangle center
) Cost item weighting in the site selection model
@ Cost weighting for site selection and flight path planning layer
w Task allocation layer cost item weighting
Decision Variable xfj €{0,1} When drone & flies from mission pointi to mission point j, xfj =1; otherwisexfj =0.
yg €10, 1} When selecting candidate point g as the sole distribution center, y, = 1; otherwise y,, = 0.

the operational maintenance costs for Site z; are assessed to solve
the site selection model. The evaluation criteria comprise the service
distance from the distribution center to each task point, the eleva-
tion-related operational maintenance costs at the distribution
center location, construction costs, and transportation costs based
on task volume and service distance. Subject to site selection area
and terrain constraints, the optimal solution with the lowest
comprehensive cost is retained as the location for the UAV logistics
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distribution center. The distribution center selection model is illus-
trated in Fig. 2.
The mathematical model for site selection is shown in Eq. (1):

minH = §; HLength + 02 HEjey + 03Hpyjta + 04 Hr rans (@

Where, H denotes the objective function for site selection, Hjengn,
represents distance costs, Hgj,, denotes operational and maintenance
costs for the distribution center, Hp,;;; denotes construction costs for
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Fig. 2 Hub selection schematic.

the distribution center, and Hr,,,; denotes transportation costs, as
shown in Egs (2) to (5):

1
HLength == Z d; ?2)
n iel
2G — Zmin
Hijoy = ——2= 3)
Zmax ~ <min
Hpuyita = Bumin +p(Bmax ~ Buin) (4)
HTrans = Z qidi (5)
iel
Xmax ~ Xmin
hy = ——— 6
. ©
hy — Ymax ~ Ymin (7)
2
1 \/ xo-x\ (yo-ye\
- ) < 8
-\ ) ®

Eq. (2) represents the service coverage level of a distribution
center relative to task points in spatial location selection. It averages
the planar service distances from the distribution center to each task
point to derive distance costs. A lower value indicates the distribu-
tion center is closer to the overall center of gravity of the task area,
resulting in a shorter average service distance. Eq. (3) quantifies the
impact of the distribution center's elevation on operational mainte-
nance costs. In mountainous terrain, higher elevation typically
entails greater long-term expenditures on equipment maintenance,
site upkeep, and transport logistics. Therefore, the equation normal-
izes the distribution center's elevation within the minimum and
maximum ranges of candidate areas, constructing a monotonically
increasing operational maintenance cost function. This ensures that
the distribution center's elevation is optimally positioned between
these bounds. Equipment maintenance, site upkeep, and transport
support incurs greater long-term expenditures. Therefore, the distri-
bution center's elevation is normalized between the minimum and
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maximum heights within candidate areas, constructing a monotoni-
cally increasing operational maintenance cost function. This ensures
higher elevations correspond to higher operational costs, thereby
avoiding unnecessary high-altitude risks during distribution center
selection. Eq. (4) represents the infrastructure investment required
for establishing distribution centers at different locations. When a
distribution center is situated near the geometric center of the task
area, construction and material organization are relatively conve-
nient, approaching the minimum cost; conversely, costs approach
the maximum. Eq. (5) represents the operational expenses required
for a drone to complete deliveries to all task points from a given
distribution center location. Transport costs are jointly correlated
with demand distribution and spatial distance distribution; they do
not solely favor areas dense with task points, but also low in task
volume. Therefore, operational expenses are calculated as the sum
of the product of each task point's task volume and its service
distance to the distribution center, serving as one of the core indica-
tors for evaluating the economic viability of site selection
schemes!?%l. Where £, and h, denote the half-width and half-length
of the rectangular boundary, respectively, representing the maxi-
mum distance attainable from the center of the region along the x-
axis or y-axis towards the boundary of the rectangle. The offset p is
defined as shown in Eqgs (6) to (8).

Upon selecting the distribution center, the system performs
trajectory planning and task allocation. The overall objective func-
tion is defined as shown in Egs (9) to (11), with constraints as speci-
fied in Egs (12) to (16):

7
J= minZa; [FLengllu FSpm:e, Fheighta Fpitchs FThreat]

i=1

7
+min Z wj [FTimewin’ Fluad] (9)

i=1

n
Frimewin = 1000 X Z [max(wiy —w;,0) + max(w; —w;»—,0)] (10)

i=1
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Fiaod = 100% max(z gi— Pc) (11)
i=1
S =1 (12)
ijev
Xk =1 kekK
PR (13)
)Ck-r )i = 1 kekK
ig;‘/j;v i (14)

Where, Fp,m denotes flight distance cost, Fsp.. denotes spatial
coordination constraint cost, F.g, denotes flight altitude cost, Fry e
denotes threat zone cost encompassing sensitive areas, restricted
airspace, and other high-risk zones; Fp;.;, denotes pitch angle cost,
Fiimewin represents time constraint cost, and Fj,,; denotes contract
constraint cost. Eq. (12) ensures each mission point has exactly one
service path while preserving traffic conservation; Eq. (13) guarantees
each UAV takes off from the distribution center; and Eq. (14) ensures
each UAV must return to the distribution center.

The results of the underlying three-dimensional flight planning is
injected into the upper-level task allocation and scheduling model
to form the final trajectory cost matrix. Therefore, the final trajectory
cost S is as shown in Eq. (15):

S=H+J (15)
Where, H and Jare defined by Eqs (1) and (9) respectively.

ALNS-IWOA

This paper employs a two-layer framework: the base layer centers
on IWOA, independently optimizing three-dimensional flight paths
between any two points—the center and individual task
points—while integrating constraints such as terrain interpolation,
safety altitude, no-fly zones, and smoothness. For each segment, it
generates a flyable curve along with its arc length, subsequently
aggregating these results. The upper layer integrates these outputs
through an optimization process. Utilizing an IALNS, it rapidly
screens high-quality feasible solutions within the large solution
space, subject to constraints including capacity, time windows,
mission uniqueness, and traffic balance. Throughout this workflow,
data transmission proceeds from bottom to top, with clearly defined
interfaces.

Improved Whale Optimization Algorithm, IWOA

To overcome the shortcomings of the traditional WOA when
addressing high-dimensional complex problems, such as the imbal-
ance between exploration and exploitation and the tendency
towards local optima, this paper proposes an IWOAR2'22l. The
proposed IWOA algorithm introduces three enhancement modules.
First, it employs adversarial population initialisation to enhance the
diversity of initial solutions; second, a non-linear convergence factor
facilitates a smoother transition between exploration and exploita-
tion; and finally, an elite refinement mechanism based on genetic
algorithms mitigates search stagnation, and improves local search
precision. Its flowchart is illustrated in Fig. 3.

Backward learning mechanism

During population initialization, the reverse-learning mechanism
generates initial populations with broader distributions and higher
quality. Simultaneously, it evaluates both random solutions and
their reverse counterparts within the solution space, selecting the
optimal configuration. This effectively prevents premature conver-
gence stagnation caused by errors arising from blind

Yang et al. International Journal of Micro Air Vehicles 2026, 18: €003
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initialization[2324, The reverse initialization can be
expressed by Eqs (16) and (17):

learning

Xy = (g +eq— xpa) (16)

lsz'a: (MZ_I)'rmml"'l (_2<rmnd<_1) (17)

Where, p denotes the p™ individual in the population, d represents
the d™ dimension in space, # and e denote the upper and lower
bounds of the search space, respectively, X is the initial population,
xpa is the individual population, X’ is the inverse solution of the
population, x,,; is each individual in the initial population, x;yd is the
back-propagation learning factor, and I, denotes the random scaling
coefficient, whose random value lies between [0,2].

Nonlinear convergence factor

The original linear convergence factor has been replaced by a
non-linear decay strategy characterized by early slowness and late
rapidity. This approach allocates extended global exploration time
during the algorithm's initial stages to uncover potential optimal
regions, subsequently shifting rapidly to refined local exploitation in
later phases. This achieves an excellent dynamic equilibrium
between exploration and exploitation. The proposed enhanced
WOA algorithm employs a nonlinear convergence factor to replace
the following specific Eq. (18):
1 _:8' (t/Tmax)
1 -7 (Z/Tmux)
Among these, e =1,8=0.5, y =50.

(13)

Qnonlinear = €

Random number generation mechanism

Whilst retaining the inherent random decision mechanism of
WOAL3], additional random factors were introduced during stages
such as the reverse learning phase. This enhances the algorithm's
capacity to generate diverse solutions during iteration, significantly
improving its robustness in escaping local optimum traps.

Based on genetic algorithms (GA)

To mitigate the premature convergence and local stagnation
issues encountered by the standard WOA in complex, high-
dimensional search spaces, this paper incorporates GA operators
into the iterative process. The core of GA lies in crossover and muta-
tion, generating offspring, and exploring the solution space to
discover superior solutions. In this study, new solutions are gener-
ated by comparing the current solution with another solution
produced through crossover and mutation, then selecting the supe-
rior solution as the optimal solution for the current generation.
Crossover simulates the exchange of genetic information between
two individuals. The corresponding expressions are given in Egs (19)
and (20):

1
8new = E[(1+ﬂ)gl+(1_ﬁ)g2] (19)

1

(2u;) ui <0.5

L (20)
QA -w)) ™ p;>05

where, g; and g, represent the parent individuals, g,., denotes the
offspring individual, Bis the crossover coefficient, u; ~ U (0, 1)is the
crossover control parameter, and 7 is a binary variable r; € {0, 1}, used
to control crossover directionality. This paper introduces GA-based
recombination and mutation operations, periodically generating
promising candidate solutions around elite individuals. This approach
preserves WOA's exploration capability while injecting structured
diversity, thereby enhancing the ability to escape local optima and
improving final convergence accuracy.
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T<T, ?

output the optimal solution

Fig. 3 Flow chart of IWOA. The modules marked in green correspond to the improvement mechanism, while the remaining modules follow the standard

WOA process.

Improved Adaptive Large-Scale Network
Simulation (IALNS)

The ALNS algorithm2! has been extensively applied to complex
combinatorial optimization problems. Its core principle involves
evolving solutions through iterative destroy-and-repair operations.
Traditional ALNS generates an initial solution and treats it as the
current optimum. During iteration, new solutions are produced
through destruction and repair operations, with acceptance
governed by a roulette wheel mechanism until the maximum itera-
tion count is reached, or other termination criteria are satisfied.
However, such initialization is prone to becoming trapped in local
optima, from which escape proves difficult. Furthermore, the lack of
adaptability in operator selection and weight adjustment mecha-
nisms leads to computational inefficiency, particularly when
handling large-scale problems. To address these issues, this study
employs a K-means clustering strategy?”) during the algorithm's
initialization phase. During the solution update phase, simulated
annealing is utilized to determine whether new solutions should be
accepted within the IALNS framework. The algorithmic workflow is
illustrated in Fig. 4.

K-means clustering
The K-means clustering method partitions a given dataset into
distinct clusters, such that data points within the same cluster

Page6of11

exhibit high similarity, while those across different clusters display
relatively low similarity. Its core principle involves iteratively search-
ing for cluster centers to minimize the sum of distances between
each data point and its assigned cluster center. In this study, the
number of clusters equates to the number of deployed drones. The
clustering formula for K-means is presented in Eq. (21):

EDWIDINC) e

Simulated annealing mechanism

Simulated annealing (SA) is a general-purpose probabilistic algo-
rithm frequently employed to locate global optima within extensive
solution spaces!28l, Its core principle lies in the acceptance criterion,
defined by Eq. (22):

1 Vf<0

Par=1 oo (_ v_Tf) vrs0 22)

where, P,., denotes the probability of accepting a new proposal, V f
represents the difference between the objective function values of the
new proposal and the current solution, and T indicates the current
temperature. The ALNS algorithm is prone to becoming trapped in
local optima during the search process. To address this issue, IALNS

Yang et al. International Journal of Micro Air Vehicles 2026, 18: e003
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Fig. 4 Flowchart of IALNS. The modules marked in green correspond to
the improvement mechanism, while the remaining modules follow the
standard ALNS process.

incorporates the concept of simulated annealing, permitting the
algorithm to probabilistically accept suboptimal solutions under
specific conditions. This facilitates escape from local optima, expands
the search space, and increases the likelihood of discovering the global
optimum.

Simulation experiment

This study employs simulation experiments conducted on the
MATLAB R2024a platform, utilizing the underlying research frame-
work for site selection and flight path planning, with data subse-
quently transmitted to the top-level layer for task allocation. To
ensure the reliability of experimental results and their practical
applicability, this study strictly adheres to the UAV performance
parameters outlined in Table 3 when randomly generating 10 task
points. Notably, the settings for maximum payload, safe altitude,
and cruising speed directly determine the calculation of cost terms
within the LRSP model and the feasibility of task allocation by the
IALNS algorithm. At the same time, to ensure the scalability of the
model, the experiments will be divided into two types: lightweight
experiments, and complex experiments. The lightweight scene
experiment includes 10 task points, while the complex experiments
will include 20 task points. All task point information is shown in
Table 3:

Toreflectreal-world conditions, this study also defined performance
parameters for the UAV as shown in Table 4.

Yang et al. International Journal of Micro Air Vehicles 2026, 18: €003
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Table 3. Starting and ending point coordinate information.

Task point number Coordinates Time window Service 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
1 (273, 245) (160, 250) 20 40
12 (101, 385) (50, 90) 20 20
13 (242, 396) (94, 144) 20 30
14 (380, 304) (567,597) 20 5
15 (387,320) (194, 254) 20 30
16 (418, 270) (144, 204) 20 40
17 (291, 182) (588, 630) 20 30
18 (134,213) (219, 269) 20 20
19 (361, 278) (589, 630) 20 30
20 (206, 157) (258, 318) 20 20

Table 4. Drone configuration information.

Performance indicators Parameters
Maximum load 110
Safety height 5
Cruising speed 10

Experimental results
Lightweight scene experiment

First, the IWOA algorithm and the WOA algorithm successfully
determined the optimal location for the central distribution center
within the underlying model. As illustrated in Fig. 5, the final coordi-
nates of the distribution center were determined to be (206.32,
303.84, 48.11) under the iterations of both algorithms. This result
demonstrates that the site-selection objective function can form a
stable global optimum within the feasible region. This location
effectively balances the average service distance to all task points
while avoiding high-risk terrain areas. It demonstrates the advan-
tage of jointly modelling average service distance and terrain eleva-
tion penalties within the site selection model, providing an efficient
starting point for subsequent path planning and task allocation.

Following the determination of the distribution center's location,
the top-level algorithm performed multi-UAV collaborative task allo-
cation and scheduling for 10 mission points based on the trajectory
cost matrix generated at the lower level. Table 5 presents the final
mission execution results.

Table 5 summarizes the performance differences between the
two generation algorithms under identical workload distribution
conditions. For the WOA-ALNS algorithm, the total flight distance
was 3,155.4022 km, with an average flight distance per drone of
1,051.8007 km. In contrast, the INOA-IALNS algorithm achieved a
total flight distance of 2,885.0083 km, with an average flight
distance per drone of 961.6694 km. The model-solving framework
formed by the improved algorithm reduced the total flight distance
by 270.3939 km, representing an improvement of 8.57%. Addition-
ally, the maximum single-trip distance decreased from 1,645.1407 km
to 1405.1481 km—a reduction of 239.9926 km (14.59%). This
alleviates long-distance task allocation in worst-case scenarios,
enhancing feasibility within time window and endurance
constraints.
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Table 5. Statistics on the performance of unmanned aerial vehicles.

model " mumber | mumber . Workload it
WOA-ALNS 1 Hub-3-8-Hub 70 762.9931
2 Hub-5-6-1-Hub 70 747.2684
3 Hub-10-7-2-9-4-Hub 75 1,645.1407
IWOA-IALNS 1 Hub-5-6-1-Hub 70 7471739
2 Hub-3-8-Hub 70 732.6863
3 Hub-10-7-2-9-4-Hub 75 1,405.1481

The planned trajectories are shown in Figs 6, 7.

These flight paths illustrate the optimized three-dimensional
trajectories produced under the two-layer LRSP framework for the
10-task-point light scenario. In both models, the lower-layer path
planner generates feasible routes by explicitly considering terrain
clearance, no-fly-zone avoidance, and altitude-related costs, and the
resulting trajectory cost matrix is then provided to the upper-layer
scheduler to determine the task sequence and hub-returning tours.
As shown in Fig. 6, all three drone routes can complete all assigned
tasks through hub-and-spoke return-to-base cruising. However, the
top view reveals that Route 3's path is complex. In the side view, the
corresponding trajectory repeatedly traverses rugged terrain, incur-
ring higher altitude penalties in complex topography. Figure 7
presents a top-down view where the mission routes better align
with spatial clustering characteristics, significantly reducing long-
distance traversals between remote areas. The side-view trajectory
appears smoother and more terrain-contouring, indicating that the

@ Task Point
UAV-1
UAV-2
UAV-3

500

B Distribution Center

underlying trajectory cost construction provides the upper-layer
scheduler with more informative boundary costs.

Complex scene experiment

To further evaluate the scalability and robustness of the proposed
two-layer LRSP framework in large-scale scenarios, this section
constructs a complex scenario comprising 20 task points. Compared
to the 10-task-point case, this scenario exhibits higher combinato-
rial complexity in task sequencing and UAV allocation, presenting
more severe feasibility challenges under mountainous terrain
constraints and no-fly zone restrictions. The coordinates, workload
requirements, and time windows for the 20 task points are summa-
rized in Table 2. To ensure fairness, drone parameters and
cost-related settings follow the configurations in Table 3. Both algo-
rithmic models were run under identical termination conditions and
computational budgets, including population size, maximum itera-
tions, and stopping thresholds. First, both algorithms yield the distri-
bution center coordinates as (267.96, 256.11, 23.34). The pivotal
position is shown in Fig. 8.

Table 6 shows the final task execution results of the two algo-
rithms.

Table 6 presents the task execution statistics for the two algorith-
mic models. In the scenario with 20 task points, both WOA-ALNS
and IWOA-IALNS deployed six drones to complete all delivery tasks,
with identical total workloads across both schemes, indicating the
comparison was conducted under equivalent service demand levels.

The WOA-ALNS scheme generated a total flight distance
of 3,932.6480 km, with an average flight distance per drone of

b 500
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Fig. 6 Planned trajectory diagram of WOA-ALNS; (a) side view, and (b) top view.
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Table 6. Statistics on the performance of UAVs.

Alggihm Dol Route ok PO worgoad IS,

WOA-ALNS 1 Hub-11-9-17-Hub 80 376.6751
2 Hub-20-10-7-2-4- 85  1,227.3709

Hub

3 Hub-12-3-13Hub 90 644.8365
4 Hub-18-1-6-Hub 70 723.4462
5 Hub-16-19-Hub 70 337.6873
6 Hub-5-15-8-14-Hub 85 622.632

IWOA-IALNS 1 Hub-5-20-11-Hub 80 252.0177
2 Hub-18-6-1-Hub 70 630.6304
3 Hub-16-4-19-Hub 80 491.9512
4 Hub-12-3-13-Hub 920 580.8365
5 Hub-10-7-2-17-Hub 85 859.4272
6 Hub-8-15-14-9-Hub 75 624.7721

655.4413 km. Notably, the longest route reached 1,227.3709 km, indi-
cating the algorithm framework's tendency to generate highly elon-
gated routes for individual drones, potentially increasing operational
risks and time window pressures. In contrast, the proposed
IWOA-IALNS achieved a total flight distance of 3,439.6351 km, reduc-
ing the average flight distance per drone to 573.2725 km. Compared
to WOA-ALNS, the total distance decreased by 493.0129 km, equiva-
lent to a 12.54% reduction in overall flight distance. Furthermore, the
maximum single-trip distance decreased from 1,227.3709 to 859.4272
km, a reduction of 29.98%, indicating that IWOA-IALNS effectively
mitigates the assignment of extremely long-distance tasks, and
constructs a more operationally feasible flight route structure.

Yang et al. International Journal of Micro Air Vehicles 2026, 18: e003

From a workload distribution perspective, although the average
workload and total workload were identical for both methods,
IWOA-IALNS exhibited lower workload dispersion: the standard
deviation decreased from 7.64 to 6.45, representing an improve-
ment of approximately 15.48%. This indicates more balanced task
distribution among UAVs.

The flight path planning is shown in Figs 9, 10.

As shown in Fig. 9, although all drone routes originate and termi-
nate at the distribution center, several trajectories exhibit long-
distance cross-regional traversals and significant route folding and
stretching in the plan view. This indicates that the baseline scheme
tends to generate elongated routes spanning dispersed task clus-
ters. In the side view, routes adjust altitude more frequently over
elevated terrain, potentially accumulating higher altitude costs
during mountainous operations. Figure 10 presents a more struc-
tured and compact path pattern. In the top view, task points are
covered by routes more aligned with cluster characteristics, with a
marked reduction in long-distance traversals between remote areas.
This indicates improved spatial task partitioning among UAVs. The
side view shows smoother terrain contouring, suggesting that the
underlying path planning and trajectory cost matrix provide more
valuable cost information to the upper-layer scheduler. This facili-
tates more efficient task allocation and sequencing decisions.

The four experimental cases in simulation experiment collectively
verify that the proposed dual-layer LRSP framework for mountain-
ous UAV logistics exhibits strong effectiveness and scalability.
Across all experiments, the lower-layer planner is able to
generate feasible three-dimensional flight trajectories that satisfy
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terrain-clearance and no-fly-zone avoidance constraints, and feeds
the resulting trajectory costs back to the upper layer via a trajectory
cost matrix. When the problem scale is expanded from 10 task
points to 20 task points, the framework still maintains feasibility and
produces a stable integrated solution system covering hub location
selection, routing, and task servicing. The proposed IWOA-IALNS
model consistently outperforms the baseline WOA-ALNS. The
improvements are reflected not only in reduced total flight distance
and shortened maximum route length, but also in more balanced
UAV workload allocation and more reasonable spatial partitioning of
task points. Moreover, the superiority of IWOA-IALNS becomes
more pronounced in the complex scenario, demonstrating the
proposed framework's strong adaptability to more challenging
instances.

Conclusions

This paper addresses the planning and optimization challenges of
unmanned aerial vehicle (UAV) logistics networks within mountain-
ous transportation systems by proposing a two-layer collaborative
optimization model for location selection and flight path planning-
task assignment (LRSP). The model aims to unify decision-making
for distribution center siting, three-dimensional flight path planning,
and multi-UAV task allocation, thereby minimizing overall system
transportation costs. The lower layer implements three-dimensional
flight path planning within complex terrain, while the upper
layer handles dynamic multi-UAV task allocation and scheduling.

Page 100f 11

Information exchange and cost feedback between layers occur via a
trajectory matrix, enabling unified decision-making for trajectory
generation and task scheduling within the logistics system.
Simulation results show that in the lightweight 10-task-point
experiment, both models use the same number of UAVs and satisfy
identical workload requirements; however, IWOA-IALNS reduces
the total flight distance from 3,155.4022 to 2,885.0083, achieving an
8.57% reduction. Meanwhile, it decreases the maximum single-route
distance from 1,645.1407 to 1,405.1481, corresponding to a 14.59%
reduction, thereby alleviating the worst-case long-haul assignment.
In the complex 20-task-point experiment, the proposed method
exhibits a more pronounced advantage: the total flight distance is
reduced from 3,932.6480 to 3,439.6351, i.e., a 12.54% reduction, and
the maximum single-route distance decreases from 1,227.3709 to
859.4272, i.e,, a 29.98% reduction. Meanwhile, workload allocation
becomes more balanced, with the standard deviation of workloads
decreasing from 7.64 to 6.45, indicating improved scheduling stabil-
ity. The improved algorithm demonstrates enhanced model robust-
ness and successfully completes distribution center site selection
and multi-UAV collaborative operations in typical mountainous
terrain, ensuring both flight path feasibility and safety. This study
not only validates the effectiveness of the dual-layer collaborative
optimization framework, but also provides an extensible intelligent
optimization method for drone logistics network planning in
low-altitude economic environments. Future research may explore
dynamic environment modeling, multi-center collaborative opti-
mization, integrated energy consumption-load modeling, and intel-
ligent learning algorithm fusion. These advancements will drive the

Yang et al. International Journal of Micro Air Vehicles 2026, 18: e003
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development of smarter, adaptive, and real-time responsive drone
logistics dispatch systems, accelerating the digital and intelligent
evolution of low-altitude transportation systems.
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