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Abstract

Three-dimensional collaborative path planning for multiple unmanned aerial vehicles (UAVs) in
low-altitude urban environments with dense buildings constitutes a typical high-dimensional NP-
hard problem. Conventional swarm intelligence algorithms suffer from critical limitations such as
poor initial population quality, imbalance between global exploration and local exploitation,
inadequate collaborative performance, susceptibility to local optima, and weak adaptability to
dynamic environments. To overcome these challenges, this paper proposes a Spatio-Temporal
Cooperative Improved Multi-Strategy Dung Beetle Optimization (STC-IMSDBO) algorithm
tailored for 3D collaborative path planning of multi-UAV in urban area. The algorithm integrates five
core enhancement strategies: first, an airspace-constrained sampling strategy enhances the
uniformity and validity of initial population distribution; second, a spatio-temporal coupled iteration
strategy achieves adaptive balancing between individual obstacle avoidance and multi-UAV
coordination; third, a cooperative adaptive weight strategy optimizes iterative stability; fourth, a
game mechanism theoretically guarantees collision-free Nash equilibrium for multi-UAV paths; and
finally, a receding horizon strategy enables real-time path replanning in dynamic environments.
Additionally, a multi-objective optimization function encompassing both individual flight costs and
multi-UAV collaborative costs is formulated, comprehensively addressing core requirements
including energy consumption, trajectory smoothness, obstacle avoidance, airspace compliance, and
collision prevention. STC-IMSDBO is benchmarked against six mainstream path planning algorithms
using test functions and four urban scenarios of varying complexity. Experimental results
demonstrate that STC-IMSDBO exhibits superior stability, higher solution accuracy, and faster
convergence in most benchmark functions. In path planning experiments, the algorithm achieves
6.12-36.24% shorter mean path lengths, 14.1-39.47% faster convergence, zero collision rate, 100%
dynamic obstacle avoidance success, along with improved path smoothness and reduced energy
consumption. Ablation studies, theoretical convergence proofs, nonparametric statistical tests, and
real-world urban scenario simulations further validate the effectiveness of individual strategies and
the algorithm’s global optimality. The proposed method demonstrates broad applicability in urban
multi-UAV operations such as logistics delivery, emergency inspection, and traffic management.

Keywords: multiple UAVs; three-dimensional path planning; dung beetle optimization algorithm;
cooperative obstacle avoidance; urban environment

1. Introduction

Since 2024, the country and local governments have continuously introduced low-altitude
economic policies, and the commercial development of urban low-altitude airspace has entered an
accelerated implementation phase. As the core carrier for low-altitude operations, drones have been
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applied industrially in scenarios such as urban end-point logistics delivery, regular power grid
inspection, traffic violation capture, and emergency rescue in sudden disasters [1-3]. Compared
with single-UAV operation, multi-UAV collaborative operation can significantly shorten the
operation time through task division and parallel execution. It can also complete large-scale, multi-
node synchronous operation tasks, which is far superior to single-UAV operation and has become
the mainstream technical solution for low-altitude operations in cities. [4,5]

In urban low-altitude operation scenarios, multiple unmanned aircraft need to fly in an
unstructured three-dimensional environment that is characterized by obstructions from tall
buildings, overlapping no-fly / restricted-fly zones, and random occurrences of low-altitude moving
obstacles (such as birds and other aircraft) . Collaborative path planning is the core technology that
ensures the safety, efficiency, and compliance of the operation[6,7].This problem needs to satisfy both
the constraints of single-UAV flight and multi-UAV collaboration: for a single UAYV, it needs to
achieve the shortest path, full avoidance of static and dynamic obstacles, and smooth trajectory with
low energy consumption; for the collaboration of multiple UAVs, it needs to meet four core
requirements: spatial-time collision prevention, stable cluster communication, compliance with
airspace regulations, and coordinated arrival sequence[8].

The increase in the complexity of urban spatial environment and the growth in the number of
operational drones will directly lead to an exponential expansion of the search space for multi-UAV
path planning, resulting in this problem exhibiting characteristics of high dimensionality,
nonlinearity, and strong constraints. Traditional algorithms are difficult to converge to the global
optimal solution and belong to typical high-dimensional NP-hard problems. They impose extremely
high requirements on the real-time performance and solution accuracy of path planning.

The path planning algorithms for UAVs can be broadly classified into conventional methods
and meta-heuristic methods[9].The conventional methods include A*[10], Dijkstra[11], RRT[12] and
their improved versions. These methods can achieve basic path in simple static single-UAV scenarios,
but they have obvious limitations in complex urban collaborative scenarios[10,13,14]. The A*
algorithm is prone to fall into local optimum in dense obstacle environments, and the search
efficiency drops sharply as the node scale expands[15]; the Dijkstra algorithm has high computational
complexity and insufficient real-time performance, and cannot meet the requirements of multi-UAV
collaborative planning[16]; the RRT algorithm generates paths with poor continuity and smoothness,
and cannot handle the spatio-temporal collaborative constraints of multiple robots, and is prone to
path conflicts[17].

Figure 1. Multi-UAYV logistic delivery in urban area.

To address the limitations of traditional algorithms, swarm intelligence optimization algorithms
have become a solution for multi-UAV path planning problems. Swarm intelligence algorithms are
inspired by the group behavior and mechanisms of natural organisms, featuring distributed search,
strong global optimization capabilities, and ease of implementation. They can meet the requirements
for solving high-dimensional NP-hard problems. The dung beetle optimization (DBO) algorithm,
proposed in 2022, is a novel of swarm intelligence algorithm. It constructs an optimization model by
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simulating four core behaviors of dung beetles: rolling dung balls, dangcing, reproduction, foraging,
and stealing food[18]. Compared with classic swarm intelligence algorithms such as GWO and WOA,
DBO has a simpler structure, fewer parameters, and faster convergence speed, and demonstrates
excellent performance in various optimization problems.

However, when the standard DBO algorithm is directly applied to the three-dimensional path
planning of multiple UAVs in urban areas, it still has a core defect that does not match the
requirements of the scenario, making it unable to support the actual operation and implementation.
This is specifically manifested in five aspects:

1. The initial population is randomly generated without incorporating the constraints of the
urban airspace. A large number of initial individuals fall into obstacles and prohibited flight zones,
resulting in insufficient effectiveness and diversity of the population, which directly weakens the
global search ability of the algorithm;

2. The iteration step size is fixed, unable to balance the fine search for local obstacle avoidance
by a single drone and the large-scale optimization of multi-UAV global collaboration. In the later
stages of iteration, it is prone to fall into local optimum,;

3. The position update of the stealing dung beetle adopts a fixed weight and does not introduce
multi-UAV collaborative constraints to adjust dynamic environment. In high-dimensional multi-
UAV scenarios, the algorithm’s stability is insufficient, and the collaborative planning effect is poor;

4. There is no dedicated multi-UAV collaborative obstacle avoidance mechanism. During the
iteration process, there are often cases of path intersection and collision between drones, which
cannot ensure the safety of the operation;

5. The static iteration framework cannot respond to the real-time changes of urban dynamic
obstacles and does not have the ability to re-plan the path dynamically. It cannot adapt to the low-
altitude dynamic environment.

There are currently many studies on improvements to the DBO algorithm, mostly focusing on
single-UAV path planning scenarios, and very few making targeted optimizations around the core
constraints of urban multi-UAV collaboration. There are obvious shortcomings in scenario
adaptation: most improvements do not optimize the population initialization by combining urban
airspace rules, and still have the problem of low initial population effectiveness; no multi-UAV
collaborative obstacle avoidance mechanism has been designed, which cannot solve the problem of
inter-vehicle temporal and spatial collisions; nor has a dynamic re-planning framework been
constructed, making it difficult to adapt to the urban low-altitude dynamic environment and unable
to support actual operational requirements.

Based on the above research and problem analysis, this paper proposes a time-spatial
collaborative improved multi-strategy dung beetle optimization algorithm (STC-IMSDBO) for the
core difficulties of urban multi-UAV three-dimensional path planning. The core innovations and
contributions are as follows:

1. Design an airspace constraint adaptive chaotic Latin hypercube sampling strategy to generate
the initial population within the feasible airspace of the city, significantly improving the population
effectiveness and diversity, reducing computational redundancy caused by ineffective individuals at
the source, and laying the foundation for global optimization;

2. Propose a spatio-temporal coupled variable step-size golden sine iterative strategy, combining
the iteration stage, the individual fitness of a single machine, and the dynamic adjustment of the
search step length based on the multi-UAV temporal and spatial distance, replacing the tangent
dance behavior of the original DBO, achieving an adaptive balance between global collaborative
exploration and local obstacle avoidance exploitation, and solving the problem of easily falling into
local optima in the later stages of iteration;

3. Develop a multi-factor coupled synergistic adaptive weight strategy, integrating the number
of iterations, fitness values, population diversity, and the cost optimization mechanism for multi-
UAV collaborative cooperation to update the weight of the stealing dung beetles. This significantly

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.1669.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 23 March 2026 d0i:10.20944/preprints202603.1669.v1

4 of 39

improves the iterative stability and collaborative planning effect of the algorithm in high-dimensional
multi-UAYV scenarios;

4. Propose a distributed collaborative obstacle avoidance non-cooperative game position update
mechanism, modeling multi-UAV collaborative obstacle avoidance as a non-cooperative game
model. Based on the fixed point theorem, prove the existence of the Nash equilibrium solution, and
solve the problem of multi-UAV path collisions from the theoretical root;

5. Design a dynamic environment receding horizon re-planning strategy, dividing the flight
process into continuous receding horizon. Combine the real-time perception information from
onboard sensors to complete local path re-planning, achieving real-time path updates in dynamic
urban environments, and proving the stability of the strategy;

The structure of this paper is as follows: Section 2 reviews the related research on multi-UAV
urban path planning and the improvement of the DBO algorithm; Section 3 builds a three-
dimensional urban multi-UAV path planning model, including environmental modeling, constraint
conditions, energy consumption model, and multi-objective cost function; Section 4 elaborates on the
STC-IMSDBO algorithm, including the original DBO algorithm, core improvement strategies,
implementation steps, complexity analysis, and convergence proof; Section 5 conducts simulation
experiments, including experimental environment setup, comparative experiments, ablation
experiments, statistical tests, and real-scenario testing, analyzing the experimental results; Section 6
summarizes the entire paper and looks forward to future research directions.

2. Related Work

2.1. Research on Urban Multi-UAV Path Planning

Urban multi-UAYV path planning is a research hotspot in the intersection of unmanned aerial
vehicle autonomous control and intelligent computing. The core lies in planning safe, efficient, and
collaborative flight paths for multiple UAVs in complex urban environments. Existing algorithms are
classified into three categories based on optimization principles: traditional search algorithms, swarm
intelligence optimization algorithms, and deep reinforcement learning algorithms.

Traditional search algorithms are centered around graph/tree search, and representative
algorithms include A*[19], Dijkstra[16], RRT[20], and their improved versions. [21]overcomes the
limitations of the traditional A* algorithm in terms of path robustness and planning efficiency
through three strategies: extended distance, bidirectional search, and smoothing.[22]weights the
heuristic function of the A* algorithm to improve computational efficiency. [23]improves the A*
algorithm by adopting bidirectional sector expansion, adding additional estimated costs, and
variable step-size search strategies, ensuring the optimality of the generated path. Some studies have
integrated risk networks and feedback mechanisms to improve the RRT* algorithm, enhancing the
planning efficiency in complex environments. [24]proposes a new framework that integrates RRT
and A*, with A* path optimization integrated as a post-processing module into the 3D-MIHE-RRT
algorithm, constructing a dual-stage hybrid architecture, effectively addressing the problems of
redundant and irregular generated paths. However, when these improved algorithms are applied to
multi-UAV  collaborative scenarios, severe dimension explosion problems occur, with the
computational complexity increasing randomly and sharply, unable to handle multi-UAV
spatiotemporal collaborative constraints, and prone to path conflicts.

The swarm intelligence optimization algorithms simulate the collaborative behavior of
biological groups and achieve global optimization through information exchange and iterative
updates among individuals. Classic algorithms include GWO[25], WOA[26], etc. In recent years, new
algorithms such as Parrot Optimization Algorithm (PO) [27], Anguilla Lizard Optimization
Algorithm (ALOA) [28], and Artificial Lemming Algorithm (ALA) [29] have also emerged. In
current research, [30] developed an Adaptive Multi-population Cooperative Whale Optimization
Algorithm (AMCWOA) , which balances exploration and exploitation by analyzing population
distribution and improves the quality of solutions in challenging environments, but it did not cover
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multi-UAV collaborative scenarios; [31] proposed a multi-UAV collaborative improved GWO
algorithm, which uses chaotic mapping to optimize the initial solution and adopts chaotic local search
strategy to maintain the balance of exploration and exploitation, but the convergence speed is
relatively slow in high-dimensional scenarios; there are also improvements to the DBO algorithm for
single-UAV three-dimensional path planning, but they did not consider multi-UAV collaborative
constraints [32]. In general, these algorithms perform better than traditional algorithms in single-
UAYV scenarios, but in urban multi-UAV collaborative scenarios, there are generally problems such
as poor coordination, easy to fall into local optimum, and inability to handle spatial collisions.

Deep reinforcement learning algorithms have also been applied to multi-UAV path planning in
recent years. Commonly used algorithms include Multi-Agent Deep Deterministic Policy Gradient
(MADDPG) [33] and Multi-Agent Proximal Policy Optimization (MAPPO) [34], etc. [33]
proposed an improved MADDPG algorithm for path planning in complex buildings, enhancing the
exploration ability; [34]designed an event-triggered MAPPO strategy to achieve multi-UAV cluster
obstacle avoidance in restricted scenarios. These algorithms have certain adaptability to dynamic
environments, but they have inherent defects such as low sample utilization rate, difficult training,
and unstable convergence, making it difficult to ensure the global optimality of the path. They are
prone to obstacle avoidance failure in urban environments with dense obstacles and cannot support
actual operations[35]. Unlike MARL approaches that rely on stochastic policy exploration, STC-
IMSDBO leverages deterministic geometric projections within the Digital Twin, providing a higher
safety guarantee for mission-critical urban logistics where ‘trial-and-error’ costs are prohibitive.

2.2. Research on the Improvement of Dung Beetle Optimization Algorithm

Since the DBO algorithm was proposed in 2022, it has been widely applied in fields such as
function optimization, path planning, due to its simple structure and fast convergence speed.
However, the inherent defects of the standard DBO algorithm have limited its application in complex
optimization problems involving multiple drones in urban areas. Scholars at home and abroad have
conducted various improvements on it from multiple dimensions.

The current research on the improvement of the DBO algorithm mainly focuses on three aspects:
population initialization, iteration mechanism, and weight strategy. In terms of population
optimization, methods such as chaotic mapping [36], reverse learning [37], and good point set [38]
are introduced to optimize the population distribution, which respectively improve the population
diversity, uniformity of distribution, and selection of high-quality initial populations. However, none
of these consider the specific scene constraints of urban airspace. A large number of initial individuals
fall into obstacles or restricted flight zones and fail, resulting in low population effectiveness. The
Fuch mapping is used to generate initial solutions, and the reverse learning strategy is integrated to
expand search space, improving the quality of the initial population[39]. In the iteration mechanism,
evolutionary algorithms[40] and Levy flight are introduced to optimize the iteration mechanism,
using evolutionary algorithms to optimize the iteration process to improve the convergence speed
[40], and combining Levy flight to expand the search space and improve the optimization accuracy
[41]. However, these improvements are all targeted at single-UAV scenarios and do not consider the
constraints of multi-UAV collaboration, making them unable to meet the requirements of multi-UAV
collaborative planning.

In terms of the weight strategy, the original DBO adopts a fixed weight for updating the position,
which has poor adaptability to high-dimensional complex environments and affects the stability of
the algorithm. Existing studies have proposed various adaptive weight strategies to optimize the
update mechanism [42,43]. By using adaptive inertia weights, the stability of the algorithm is
improved. However, only a single factor such as the number of iterations is considered, and the cost
of multi-UAV collaboration is not integrated. The stability of the algorithm in multi-UAV scenarios
is still insufficient.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.1669.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 23 March 2026 d0i:10.20944/preprints202603.1669.v1

6 of 39

2.3. Motivation

The existing research on urban multi-UAV path planning and the improvement of DBO
algorithm still has three core common deficiencies:

1. Insufficient scene adaptability: The existing improvement studies of DBO algorithm have not
optimized the algorithm framework specifically for the constraints and environmental characteristics
of the urban low-altitude airspace. The initial population generation, iteration mechanism design,
and the actual requirements of urban scenarios are disconnected. A large number of invalid
individuals increase computational redundancy and are prone to causing airspace violation issues in
the planned paths;

2. Lack of multi-UAV collaborative mechanism: The existing optimization algorithms have not
integrated the multi-UAV collaborative constraints into the core iterative process of the algorithm.
There is a lack of dedicated multi-UAV collaborative obstacle avoidance mechanism, which cannot
achieve the balance between the optimal single-UAV path and the cluster collaborative performance
in the high-dimensional space. The collision risk among multiple UAVs is high, and the algorithm’s
stability in high-dimensional scenarios is insufficient;

3. Weak adaptability to dynamic environments: Most existing algorithms adopt a static iterative
framework and cannot respond in real time to the random changes of low-altitude obstacles in the
city. There is a lack of mature dynamic path re-planning mechanism, making it difficult to support
the real-time requirements of urban low-altitude UAV operations.

Therefore, based on the existing research, this paper addresses the core pain points of urban
multi-UAV scenarios from five dimensions: population initialization, iteration update, weight
adjustment, collaborative obstacle avoidance, and dynamic adaptation. It comprehensively improves
the DBO algorithm and proposes the STC-IMSDBO algorithm to solve the core deficiencies of existing
algorithms.

3. Urban Multi-UAV 3D Path Planning Model

3.1. Urban 3D Low-Flying Environment Modeling

This paper constructs a digital twin 3D environment model of the city, which completely covers
the static obstacles, airspace control areas, and dynamic obstacles in the city’s low-flying scenarios.
The model is established based on the Cartesian coordinate system, and the 3D space covered by the
Xe[ XXl YE XY, Ze[Zyin>Zparl

model is min> min> Yma ] and

3.1.1. Modeling of Static Obstacles

The main static obstacles in the city are the buildings within the city, which are usually modeled
as cube-shaped models. The mathematical formula (1) for the i-th building is:

X€[X; 0, X 1, VE[VigrViel
Qb,i :{(xayaz) ' ’ ’ ' }
(1)

ze[0,H,,]

where, *5>%e represents the starting and ending coordinates of the building along the x-axis, ~*Yie

represents the starting and ending coordinates along the y-axis, and Hy, represents the height of
the building.

3.1.2. Modeling of Airspace Control Areas

The urban environment airspace control areas are divided into no-fly zones and restricted-fly
zones. The no-fly zone is a three-dimensional area where drones cannot enter at all, while the
restricted-fly zone is an area where drones can enter but cannot exceed the designated altitude limit.

No-Fly Zone:
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X€ [xnf’sﬁxnf,e]fy € [ynf,s’ynf,e]
Q, =4(x,»,2)
z2€[0,H,f o]
| )
Restricted Flight Zone:
XE Xy 55Xy o1 VE [Wir 55 D]
Q’.’f ={(x’ysz) e [Hf’ f;_ ) ’ ’
rf ,min> 0
€)
where /" represents the maximum height of the no-fly zone, and ~ 7" represents the

minimum restricted height of the restricted-fly zone.

3.1.3. Dynamic Obstacle Modeling

The urban dynamic obstacles mainly include moving low-altitude aircraft, birds, etc. They are
modeled using a moving sphere model. The position of the lth dynamic obstacle at time t is

(05 Y10521,0) , and the safety radius is Ri1' The mathematical model is as shown in Equation (4):

Q0 ={(e o=, P+ = P+ G2, <R

4)

Q4,(0) at any time, the dynamic obstacle

If the path points fall within the defined range
avoidance penalty cost will be triggered.

This study designs four different levels of complexity of urban three-dimensional scenarios,
namely low, medium, high, and ultra-high complexity, corresponding to urban suburban industrial
parks, ordinary residential areas, core business districts, and core airspace + dynamic obstacles
scenarios. Specific parameters are detailed in the experimental section.

3.2. Constraints for Multi-UAV Cooperative Flight

To ensure the safe and compliant flight of multiple UAVs in the urban environment, the planned
path must meet the following constraints.

3.2.1. Spatial Boundary Constraint

The flight paths of all UAVs must be within the designated three-dimensional simulation space.
The coordinates of any point on the path must satisfy:
0<x,, <X,0 0<y, <Y,

P.s = max >

0< Zps <Zax (5)

(xp,s > yp,s ’ Zp,s)

where represents the coordinate of the s-th path point on the path of the p-th UAV.

3.2.2. Single-UAV Obstacle Avoidance Constraints

During the flight, it must avoid all static obstacles and dynamic obstacles. The distance between

safe

any point on the path and the obstacle must be greater than the safety distance . In this paper,

R, =5
safe is set, as shown in Equation (6) .

; 2 2 2 .
mln\/(xp’s—xi) +(Vps—Y) +(z,,—2) >Ry, Vi 6)

3.2.3. Airspace Compliance Constraints

The flight path must not enter the prohibited area, and when entering the restricted area, it must
not exceed the specified altitude, as shown in Equation (7):

(xp’sayp,spzp,s)g an, Vs (7)
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3.2.4. Multi-UAYV Collision Prevention Constraints

At any given time, the spatial distance between any two UAVs must be greater than the multi-

R . =10
UAV safety distance =% " as shown in Equation (8):

. 2 2 2
mln\/(xp,t _xq,z) +(yp,t —yq,t) + (Zp’, —zq,,) >R sapes Vp#q (8)

(X1 YparZp.)

Here, represents the position of the pth UAV at time t.

3.2.5. Communication Constraints

When multiple UAVs are operating collaboratively, the distance between any UAV and the

. . . D =500m
cluster’s central node must not exceed the maximum communication distance — comm-max to

ensure stable cluster communication.

2 2 2
\/(xp,t _'xc,t) + (yp,t _yc,t) + (Zp,t _Zc,t) < Dcomfmax’ Vp (9)

(xc,t sVeyts Zc,t)

Here, represents the position of the cluster center node at time t.

3.2.6. Temporal Coordinated Constraints

For scenarios such as urban logistics distribution, the UAV must arrive at the target point within
the specified time window, as shown in Equation (10):

Tp,arr € [];tart’Tend :" VP (10)

p.arr

Here, represents the arrival time of the pth UAV, and [Tstart> Tena represents the

specified time window.

3.3. Urban Multi-UAV Flight Energy Consumption Model

In urban environments, UAVs frequently accelerate, decelerate, turn, and adjust altitude. The
flight energy consumption is directly related to the path length, smoothness, and the number of
acceleration and deceleration. This paper constructs a multi-UAV energy consumption model, which
is divided into level flight energy consumption, attitude adjustment energy consumption, and
vertical take-off and landing energy consumption.

3.3.1. Level Flight Energy Consumption

Level flight energy consumption is mainly affected by air resistance, as shown in Equation (11)

1 3, mgv
Epy =2 CoSprL+="1y,
T (1
where €p represents the air resistance coefficient, S represents the frontal area, P represents the air
density, v represents the level flight speed, L represents the path length, m represents the mass of the

t
UAV, g represents the gravitational acceleration, d represents the propeller efficiency, and
represents the level flight time.

3.3.2. Attitude Adjustment Energy Consumption

Attitude adjustment energy consumption comes from the attitude changes during the turning,
acceleration and deceleration processes of UAV, and is positively correlated with the path curvature
and the number of acceleration and deceleration times. The calculation formula is shown in Equation
(12):

M
Eu = kattZle | +haeeNace
= (12)
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where Kar is the curvature energy consumption coefficient, K is the curvature of the path at

o kyee . . . - N,
position s, “ec is the acceleration and deceleration energy consumption coefficient, and * @cis the
number of acceleration and deceleration operations.

3.3.3. Vertical Takeoff and Landing Energy Consumption

Vertical takeoff and landing energy consumption is mainly affected by the drone’s own weight
and the height of takeoff and landing. The calculation formula is shown in Equation (13).
_ TAh
vert —

Thert— (13)
where T represents the vertical take-off and landing thrust, Ah represents the total lift-off height,

and hert represents the vertical take-off and landing efficiency.

The total flight energy consumption of the unmanned aircraft is shown in Equation (14):

Etatal = Eﬂy + Eatt +Evert (14)

3.4. Multi-UAV Cooperative Multi-Objective Cost Function

This paper constructs a combined centralized-distributed multi-objective cost function, which is
divided into single-machine cost and multi-UAV cooperative cost. The smaller the value of the
objective function, the better the path planning effect. The cost function expression as Equation (15)

N,
1 u
J= szsinglefp + Jcoop
= (15)

J..
where N represents the number of drones, ~ "8~ represents the individual cost of the p-th drone,

J,
and “” represents the cost of multi-UAV collaboration.

3.4.1. Individual Cost Function

The individual cost function comprehensively considers the core requirements of drone flight,
and its expression is as shown in Equation (16) .

Jsinglefp = a)l‘]energyfp + a)ZJsmoothfp + a)SJobsmclefp + w4Jair7p (16)

=1

where “>@2> @3- P4 g he weight coefficient, satisfying AFrO+O+O =1 In this study, the main

=02

consideration is the urban drone operation demand, and @ =03,0,=02,0,=03,0, is set.

The calculation formulas for each sub-cost are as follows:

J
1. Flight energy consumption cost ““®”7: Based on the normalization processing of the total
flight energy consumption of the drone, the smaller the value, the lower the energy consumption. As
shown in Equation (17).
E -
Jenergy,p _ total—p
Emaxf ¥4
(17)
Etotalf : Emwcf
where ? represents the actual total energy consumption of the pth UAV, and r
represents the maximum theoretical energy consumption of this UAV.

J
2. Path smoothness cost ~*"**"~7: Calculated based on the mean curvature of the path, the
smaller the value, the higher the smoothness. As shown in Equation (18) .
| U

Jsmooth—p = ﬁ;l’(b—p | (1 8)
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K,
Here, M represents the number of path points, and *7” represents the curvature of the path of
the pth UAV at position s.

J
3. Obstacle Avoidance Risk Cost ~ °*%““/~? . This assesses the collision risk between the UAV and
the obstacle. The smaller the value, the lower the risk. As shown in Equation (19).
N

obs

Jobstacle—p = Z eXp(_ﬂ’di—p )C
= (19)

d.
Here, Novs represents the number of obstacles, "7 represents the minimum distance between
the path and the i-th obstacle, and A represents the risk coefficient.

J .
4. Airspace violation cost “" 7 : To assess the risk of drones violating airspace regulations, when
entering prohibited or restricted flight zones, the cost will sharply increase, as shown in Equation

(20) .
Jair—p = knoﬂyNnaﬂy—p + krestrictNrestrict—p (20)
knoﬂ ’krestrict . . . : . Nnoﬂ —-p P -
where Y is the penalty coefficient for violations, ’7F is the number of times entering

N,ostrici—p - e . . .
the restricted flight zone, and """~ is the number of violations in the restricted flight zone.

3.4.2. Multi-UAYV Cooperative Cost Function

The multi-UAV cooperative cost function takes into account the collaborative constraints of
multi-UAV flights, as shown in Equation (21) .

Jcoap = }/lJcollision + 72Jcomm + 7/3Jtime (2 1)

where 11:72: 735 the weight coefficient, satisfyin HHL+B=1 1 this paper, 1%1=057,=027=03

is set.
The calculation formulas for each sub-cost are as follows:

1. Multi-UAV collision risk cost/elfison : Evaluates the collision risk among multiple UAVs.
When the distance is less than the safety distance, the cost rises sharply, as shown in Equation (22)

T Nu Nu
qullision = Zz Z exp(_ludpq—t)
t=1 p=lg=p+1 (22)

—t

d
where 777" represents the distance between the pth and qth UAVs at time t, and H represents the

collision risk coefficient.

2. Communication interruption cost Jeonn ; Bvaluate the communication stability of the UAV
cluster. A penalty cost is incurred when the communication distance is exceeded, as shown in
Equation (23).

S comm = kcommN comm (23)

k : - o . N, .
where “comm is the penalty coefficient for communication interruption, and “"¢m is the number of
communication interruptions.

3. Temporal coordination deviation cost Jime . Evaluates the coordination deviation of the arrival
time of the UAV. The smaller the value, the higher the coordination accuracy. As shown in Equation

(24) :
1 &
Jtime = Vzmrrive—p - T;arget |
o 24)
T;ar et . .
where % represents the target arrival time.
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4. Spatio-Temporal Coordinated Improved Hybrid Multi-Strategy Dung Beetle
Optimization Algorithm

4.1. Original Dung Beetle Optimization Algorithm

The DBO algorithm simulates four types of behaviors including rolling, dancing, reproduction,
foraging, and stealing, corresponding to four types of individuals: Dung beetle roller, breeding dung
beetles, small dung beetles and stealing dung beetles. The algorithm achieves global optimal search
through the position update of different types. The core formula is as follows:

1. Dung beetle roller

X+ =X, () +axkx X;(1)+ 1 X(X s — X (D)) (25)
where t represents the current iteration number, a is the natural coefficient (taking-1 or 1), k is the

Xworst is the

deflection coefficient (0 <ks< 0'2) , ' is a random number between 0 and 1, and
current global worst position.

When encountering an obstacle, the dung beetle roller updates its position through a tangential
dance.

X (t+) = X,()+ tan(O)x| X,()=X,(t=D| 96

where ¢ represents the deflection angle.

2. Breeding dung beetles
B (t+1) = X peaipest T 1i ><(B,. (t)—Lb*)+ r ><(B[ (t)—Ub*) 27)

where Xlocal-best represents the current local optimal position, /"2 represent two independent
random vectors, UB-LB represents the upper and lower bounds of the search space,

LB = max (X g pes X (1= R),Lb) Ub" = min (X e _pese X(1+ R),Ub) R=1-1/T,, and T represents

the maximum number of iterations,.
3. Small dung beetles

X;(¢+1) :Xi(t)+”3X(Xi(t)_Lbb)+r4x(Xi(t)_Ubb) (28)

where Ubb = min(Xglobal—bestX(1+R)’Ub) , Lbb = maX(Xglabal—bestX(l_R):Lb) , Xglabal—best represents

the current global optimal position.3is a random vector following a normal distribution, # is a
random number between 0 and 1, and D represents the dimension of the optimization problem.
4. Stealing dung beetles

Xi (t + 1) = Xglobal—best + erandn(l, D)X(IXZ (t) - Xglbal—best |+|Xi (t) - Xlocal—best |) (29)

Xglabal—best randn(l,D)

Here, Sis a constant, represents the current global optimal position, isa
random vector following a normal distribution.

The original DBO algorithm has five core flaws in the urban multi-UAV scenario:

1. The initial population is randomly generated, without considering the constraints of the urban
airspace. A large number of individuals fall within obstacles or restricted flight zones, resulting in
low population effectiveness.

2. Fixed step-size iteration cannot balance the global collaboration of multiple UAVs and the
local obstacle avoidance of individual UAVs. It is prone to getting stuck in local optima.

3. The fixed weight update of the dung beetle thief algorithm does not consider the constraints
of multi-UAV collaboration. The algorithm stability is poor in high-dimensional scenarios.

4. There is no multi-UAV collaborative obstacle avoidance mechanism. During the iteration
process, path collisions are prone to occur.

5. The static iteration mechanism cannot adapt to the dynamic obstacles in the city and cannot

meet the real-time planning requirements.
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This paper addresses these flaws and proposes five core improvement strategies to construct the
STC-IMSDBO algorithm.

4.2. Improvement Strategies

4.2.1. Airspace-Constrained Adaptive Chaotic Latin Hypercube Sampling

The random sampling of the original DBO algorithm cannot adapt to the urban airspace
constraints. Based on the Latin hypercube sampling [44], this paper introduces the logical chaotic
mapping [45] and incorporates urban feasible spatial constraints to propose the spatial constraint
adaptive chaotic Latin hypercube sampling (Airspace-Constrained Adaptive Chaotic Latin
Hypercube Sampling, AS-ACLHS) strategy, ensuring that the initial population is uniformly
distributed within the feasible spatial domain and enhancing the effectiveness and diversity of the
population.

The implementation steps of the AS-ACLHS strategy are as follows:

1. Determine the feasible spatial domain €2 of the city, removing all obstacles, no-fly zones, and
restricted flight zones.

2. Divide each dimension of the D-dimensional feasible spatial domain into N equal probability
sub-intervals, where N is the population size.

3. Generate logical chaotic sequences within each sub-interval to ensure the randomness and
ergodicity of the sampling points:

Zy1 = H2,(1-2,) (30)
where # is control parameter, the sequence is in a completely chaotic state at that point.
4. Map chaotic sequence to the feasible sub-interval of the corresponding region, and generate

the sampling points for each dimension:
UB;-LB;
x; =LB; +(z; +i—1)x¥,xij e Q
N (31)
X . . . . . UB;,LB,
where  represents the j-th coordinate of the i-th sampling point,and ~ /° 7/ represents the upper
and lower bounds of the j-th dimension.

5. For each sampling point of each dimension, random permutation is performed to form the
initial population, ensuring that there is only one sampling point in each row and each column of the
hypercube.

The AS-ACLHS strategy not only ensures that the initial population is uniformly distributed
within the feasible space, but also enhances the randomness and diversity of the population through
chaotic mapping, avoiding the generation of invalid individuals from the source and laying a good
foundation for the global search of the algorithm.

4.2.2. Spatio-Temporal Coupled Variable Step Size Golden Sine Iteration

The fixed step size iteration of the original DBO algorithm cannot balance the global
collaboration of multiple UAVs and the local obstacle avoidance of a single aircraft. Based on the
golden sine algorithm [46], this paper introduces the spatial-temporal distance constraint of multiple
UAVs and proposes the Spatio-Temporal Coupled Variable Step Size Golden Sine Iteration (ST-
VSSGSI) strategy to replace the tangential dance behavior of the dung beetle in the original DBO
algorithm. The search step size is dynamically adjusted according to the iteration stage, the fitness of
a single aircraft, and the spatial-temporal distance between multiple UAVs to achieve an adaptive
balance between global exploration and local exploitation.

The position update formula of the ST-VSSGSI strategy is shown in Equation (32) :

Xt +1) = X, (x| sin(R,) [ +0(t)XSI(R)X | 71X 1ot —pese (1) = T2 X (1) | (32)

where R€[0:27] 5q Ro€10.7] % s the golden ratio coefficient,

a()

are the golden sine angles, o

and is the time-space coupling variable step size.
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1. Golden ratio coefficient:

1+/5 1+/5
s Tzz_ﬂ-x
2 2 (33)

The golden ratio coefficient makes the search direction more regular, improving the convergence

Tl =—n+7wTX

speed and accuracy of the algorithm.

2. Spatiotemporal Coupling Variable Step Size:

The step size is dynamically adjusted based on the number of iterations, the fitness value of a
single machine, and the spatiotemporal distance between multiple unmanned aircraft. The
calculation formula is shown in Equation (34) .

(S !
T S0 T ep(Bdng ) 34

0!(1‘ ) = Cpax — (amax ~ Oin ) X

a,

Pimax> Frmin represents the maximum step size, 10 represents the fitness value

ax 2

In the formula,

of the i-th individual, Jrest (1) represents the optimal fitness value of the current population,

di_ g (t
=g (1) represents the mean spatiotemporal distance between the i-th individual’s drone and other

drones, and B represents the adjustment coefficient.

In the early stage of iteration, the step size is larger, and the algorithm focuses on the global
collaborative exploration of multiple drones, quickly narrowing the search range; in the later stage of
iteration, the step size is smaller, and the algorithm focuses on local obstacle avoidance development
of a single drone, improving the convergence accuracy. At the same time, individuals with better
fitness values have smaller step sizes, conducting fine searches near the optimal position; individuals
with too close distances to other drones automatically increase the step size to expand the search
space and avoid path collisions.

4.2.3. Multi-Factor Coupled Synergistic Adaptive Weight

In the original DBO algorithm, the fixed weight update of the thief dung beetle does not consider
the collaborative constraints of multiple drones, and has poor stability in high-dimensional scenarios.
This paper proposes the Multi-Factor Coupled Synergistic Adaptive Weight (MFCSAW) strategy,
which takes into account the number of iterations, fitness value, population diversity, and the cost of
multi-UAV collaboration, optimizing the weight update mechanism of the thief dung beetle, and
improving the stability of the algorithm in high-dimensional multi-UAV scenarios.

The updated position formula of the stealing dung beetle after the optimization of the MFCSAW
strategy is as follows:

X (t+1) = X gpopar—pest (1) + W)X randn(l, D)X | X;(6) = X giopai—pes (1) | (35)

where (1) represents the multi-factor coupled adaptive weight, and the calculation formula is:

B B _ t favg ® 1 Jcoop ()
W(1) = Winax = (Winax Wmin)x[ﬂ1 T o +ﬂ2 fi(®) +/13 D(z) +l4 Jcaop—max (36)

Jarg (D)

Winax > Wi . - .
where "max>min represents the maximum and minimum weight,

D(1)

represents the mean fitness

Jcoop (t )

value of the current population, represents the diversity of the current population,

coop—max

represents the cost of multi-UAV collaboration, represents the maximum collaboration

cost, SECRC represents the weight coefficient of each factor, and it satisfies Atdy+ Aoty =1 .

The calculation formula for population diversity D) s

_lDN —
mymaggwmdw»gﬂ

(t
where =/ ) represents the mean value of the jth dimension of the population.
The MFCSAW strategy dynamically adjusts the weights through four factors:
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1. As the number of iterations increases, the weights gradually decrease, enhancing the local
development ability of the algorithm.

2. Individuals with better fitness values have smaller weights, conducting fine searches near the
optimal position.

3. When the population diversity is low, the weights automatically increase, expanding the
search space and avoiding getting stuck in local optima.

4. When the cost of multi-UAV collaboration is high, the weights automatically increase,
optimizing the multi-UAYV collaboration path and reducing the risk of collision.

The weight adjustment based on multiple factors enables the algorithm to have better
adaptability and stability in the multi-UAV high-dimensional scenarios of urban environments.

4.2 4. Distributed Cooperative Obstacle Avoidance Non-Cooperative Game Position
Update

To address the problem of path collisions among multiple UAVs, this paper proposes the Non-
cooperative Game Position Update mechanism for distributed cooperative obstacle avoidance
(NCGPU) , modeling the cooperative obstacle avoidance of multiple UAVs as a non-cooperative
game. Each UAV’s path optimization is regarded as a strategy choice in the game, theoretically
ensuring the existence of a Nash equilibrium without path collisions among multiple UAVs, and
completely solving the problem of path collisions among multiple UAVs [46].

Multi-UAYV Obstacle Avoidance Non-Cooperative Game Model

The problem of multi-UAV cooperative obstacle avoidance is modeled as a standard non-
G={N,.S, U

peN, >~ ppeN, ;

cooperative game , Where:

1. Game participants: Ny drones, forming the set of game participants.

S
2.Strategy Space: The strategy space 7 for the pth UAV, which is the set of all feasible path
position update strategies

U
3.Utility function: The utility function # for the pth UAV is defined as the negative of the cost

function, thatis Up ==/ , where Ip is the total cost of the pth UAV  (individual cost + collaborative
cost) . The goal of the UAV is to maximize its own utility function, that is, to minimize its own total
cost.

Proof of the Existence of Nash Equilibrium

- . . o RSN
Definition 1: In the game G, if there exists a strategy combination (51552,-.-5,) such that for any
U,(sp,s_,)2U,(s),5_,)

the optimal strategy combination of all other participants except p, then this strategy combination is

*

s,€8 s
participant p and any strategy ” 7, it holds that , where 7 represents

the Nash equilibrium of the game[46].

Theorem 1: The multi-UAV obstacle avoidance non-cooperative game G constructed in this paper
has at least one pure strategy Nash equilibrium.
Proof:

1.The participants’ set Ni'in the game is a finite set and it satisfies the basic conditions of a finite
game.

S
2. The strategy space ” of each participant is a non-empty, compact, and convex subset of the
Euclidean space within the feasible airspace of the city. The feasible airspace is the three-dimensional
space after eliminating obstacles and restricted flight zones. It is a closed and bounded set, thus a

. . . . S,.
compact set; at the same time, the feasible airspace is a convex set, so the strategy space ”is a non-
empty, compact, and convex subset.
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Up(sys- . Sy .
3. The utility function ” (5ps5-p) of each participant, for strategy , is continuous and a

s Uu,=-J J
concave function with respect to #. The utility function 7 7 and the cost function 7 are

continuous convex functions with respect to the path position, thus 7 is a continuous concave
function.

According to the Debreu-Glicksberg-Fan fixed-point theorem [47,48], in a finite non-cooperative
game, if the strategy space of each participant is a non-empty compact convex subset of an Euclidean
space, and the utility function is continuous with respect to its own strategy and quasi-concave, then
there exists at least one pure strategy Nash equilibrium in this game. Therefore, the multi-UAV
obstacle avoidance non-cooperative game constructed in this paper has at least one pure strategy
Nash equilibrium. The proof is complete.

Game Equilibrium Position Update Mechanism

Based on the above game model, this paper designs a distributed iterative algorithm to solve the
Nash equilibrium solution, which serves as the optimal strategy for the position update of multiple
UAVs. The implementation steps are as follows:

1. In each iteration, each UAV solves its own optimal strategy based on the current position
strategies of other UAVs5, that is, the position update direction that minimizes its total cost.

2. All UAVs update their position strategies simultaneously.

3. Repeat the iterations until the strategies of all UAVs no longer change, that is, a Nash
equilibrium is reached. At this time, no UAV can reduce its total cost by individually changing its
own strategy while ensuring no path collision among multiple UAVs.

This mechanism integrates the collaborative obstacle avoidance of multiple UAVs into the
position update process of the algorithm, theoretically ensuring the collision-free nature of the paths
of multiple UAVs and solving the core problem of poor collaboration of multiple UAVs in traditional
algorithms.

4.2.5. Dynamic Environment Rolling Horizon Re-Planning Strategy

To meet the real-time planning requirements for urban dynamic obstacles, this paper proposes
the Rolling Horizon Replanning for Dynamic Environment (RHRDE) strategy. This strategy
divides the entire flight process of the UAV into multiple equal-length receding horizon windows. In
each window, combined with the real-time sensed dynamic obstacle information, the STC-IMSDBO
algorithm is used for local path re-planning to achieve real-time path updates in the dynamic
environment [49].

The implementation steps of the RHRDE strategy are as follows:

T
1. Initialize the length of the receding horizon window TW, the prediction horizon 7, and the
T.<T,<T
w="p

control time-domain Il’, ensuring that ¢

2. At the initial time, use the STC-IMSDBO algorithm to plan the global initial path.

3. At the start time of each rolling window, use the onboard sensors to real-time perceive the
position and speed information of the dynamic obstacles, update the environment model.

4. Starting from the current position of the UAV, using the global path points within the
prediction time-domain as sub-goals, perform local path re-planning within the control time-domain
using the STC-IMSDBO algorithm to obtain the optimal local path.

5. Execute the optimal path within the control time-domain, enter the next rolling window, and
repeat steps 3-5 until the UAV reaches the destination.

At the same time, this paper proves the stability of this receding horizon re-planning strategy:
when the length of the receding horizon window meets certain conditions, the re-planned path will
not oscillate, and it can eventually converge to the global optimal path. This strategy enables the
algorithm to adapt to the urban dynamic environment in real time and solves the problems of static
iteration of traditional algorithms and weak dynamic obstacle avoidance ability.
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4.3. Pseudocode of STC-IMSDBO Algorithm

Based on the 5 core improvement strategies mentioned in the previous section, we provide the
standardized pseudocode for the global path planning core algorithm of STC-IMSDBO and the
dynamic environment receding horizon re-planning algorithm, including the initialization, iterative
update, collaborative optimization, and convergence judgment of the algorithm.

4.3. STC-IMSDBO Algorithm Pseudocode

Based on the 5 core improvement strategies mentioned in the previous section, we provide the
standardized pseudocode for the global path planning core algorithm of STC-IMSDBO and the
dynamic environment receding horizon re-planning algorithm, including the initialization, iterative
update, collaborative optimization, and convergence judgment of the algorithm.

Algorithm 1: Pseudo Code for Global Path Planning of the Spatio-temporal Collaborative
Improved Hybrid Multi-strategy Ant Colony Optimization Algorithm (STC-IMSDBO)

Algorithm 1: Pseudo Code for Global Path Planning of the Spatio-temporal
Collaborative Improved Hybrid Multi-strategy Ant Colony Optimization Algorithm
(STC-IMSDBO)

Input: Urban three-dimensional environment model Q), number of drones N,,, set of

origin and destination coordinates, population size N, maximum number of iterations
T ax - Optimization dimension D, upper and lower bounds of search space Ub, Lb, cost

max /
function weight coefficients w & v, core parameters of the improvement strategy (7, A,
B, etc.) , objective function objfun

Output: Set of globally optimal collaborative paths for multiple drones X, optimal
fitness value Best

Set the parameters related to the STC-IMSDBO algorithm (such as drone flight
constraints, maximum number of game iterations, etc.) .

1: Initialize the algorithm parameters, environmental constraints, and drone flight
constraints.

2: Eliminate obstacles and no-fly zones from the environment (), and delineate the
feasible airspace.

3: Adopt the adaptive chaotic Latin hypercube sampling (AS-ACLHS) strategy based
on the airspace constraints, generating the initial population Pop(0) through equations

(30) to (31), with each individual corresponding to the path control point of a drone.
4: Use cubic B-spline interpolation to smooth the initial path of each drone, and calculate
the fitness values of all individuals through the objective function.

5:Set Bestpr =min (fitness value set), and the optimal solution corresponds to X,
with the iteration number t = 0.

6: while ¢+ < T, do

max

7 t=t+1

8: Divide the individual groups of dung-rolling dung beetles, breeding dung
beetles, small dung beetles, and opportunistic dung beetles

9: // The position of the dung beetle is updated using the time-space coupling
variable-step-size golden sine iterative (ST-VSSGSI) = strategy.

10: fori=1 to Number of rolling dung beetles do

11: The time-space coupling variable step size a (t) is calculated
through equations (33) to (34).

12: Update the individual’s new position Xi,,,, through equation (32)
13: Verify whether Xi,, meets all the constraints. If not, update it
again.

14: end for
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15: // Update the positions of breeding dung beetles and small dung beetles
16: fori=1 to total number of breeding dung beetles and small dung beetles do
17 Update the individual’s new position Xi,,, by equations (27) to
(28)
18: Verify whether Xi,,, meets all the constraints. If not, update it again.
19: end for
20: // update the position of the thief dung beetle using the multi-factor coupled
synergistic adaptive weight (MFCSAW) strategy.
21: The current population’s mean fitness, population diversity D(¢), and multi-
machine collaboration cost can be calculated through equations (36) to (37).
22: fori=1 to Number of stealing dung beetle do
23: Calculate the multi-factor coupled adaptive weights w(¢) through
Equation (36)
24: Update the individual’s new position Xi,,,, through equation (35)
25: Verify whether Xi,, meets all the constraints. If not, update it
again.
26: end for
27: // Complete the optimization of multi-computer cooperative game with
distributed Cooperative Obstacle Avoidance Non-cooperative Game Update (NCGPU)
mechanism
28: Initialize the number of game iterations k=0 and set the maximum number
K. of game iterations
29: while k<K, do
30: forp=1to N, do
3L Solve optimal response strategy for the pth UAV based on
the current positions of other UAVs
32: Update path position of the pth UAV, and minimize the total
cost function
33: end for
34: if the strategies of all UAVs are unchanged and Nash equilibrium is
reached then
35: end if
36: k=k+1
37: end while
38: // Boundary process, fitness evaluation and update optimal solution
39: fori=1to N do
40: To perform boundary process on Xi,,, , calculate the new individual

fitness value by the objective function objfiun
41: if a better solution is found then synchronize X,,, and Besty;

42: end for
43: end while
44: smooth X, with Cubic B-spline interpolation

45: Return X, and Best

Algorithm 2 Pseudo-code for STC-IMSDBO’s receding horizon re-planning in dynamic
environments

Algorithm 2 STC-IMSDBO Receding horizon replanning pseudocode in dynamic
environment
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Input: global initial optimal path X, , UAV current position X,

current 7 l‘olling horizon
parameters (rolling horizon length 7., prediction horizon length 7, o control horizon

length T},) , maximum number of iterations T,

max » dynamic obstacle information

DynObs(t) perceived by airborne sensors in real time, urban environment model Q,

core parameters of STC-IMSDBO algorithm (the same as Algorithm 1), objective
function objfun

Output: real-time updated local optimal path X, , real-time UAV control instructions
The parameters related to the rolling horizon optimization are set, and the current time
t=0, the UAV reaches the destination mark arrive,, = false is initialized.

1: while arrivey,, = false do

2: // Update the environment information at the beginning of the rolling
window

3: The position and speed information of dynamic obstacles at the current time
are obtained by airborne sensors

4: Update the urban environment model and delimit the current feasible
airspace

5: // Set the starting point and sub-objectives of local planning

6: Starting point of local planning = current position of UAV X ...,

7 Local planning subobjective = global set of waypoints in the prediction time
domain

8: // Call STC-IMSDBO algorithm to complete local path replanning

9: Algorithm 1 is invoked to solve for the local optimal path X, in the control
time domain

10: /| Execute paths with rolling updates

11: Perform the optimal path in the control time domain and update the current
UAV position X ,,,,,,; inreal time

12: t=t+1

13: // Determine whether the finish line is reached

14: if UAV reaches the global endpoint position then

15: arrive z,, = true

16: end if

17: end while
18: Return X, and real-time UAV control instructions

4.4. STC-IMSDBO Algorithm Implement Steps

The STC-IMSDBO algorithm is suitable for 3D path planning of urban multi-UAV. The
implementation steps are as follows:

Step 1: Parameter initialization: set the population size N, the maximum number of iterations

Tonax , the optimization dimension D, the upper and lower bounds of the search space, the weight

coefficient of the cost function, the parameters related to the improvement strategy, the number of

UAVs Vu , and the parameters of the urban environment model.

Step 2: Initial population generation: Through the AS-ACLHS strategy, an initial population is
generated in the feasible airspace of the city, and each individual corresponds to the set of path
control points of the UAV.

Step 3: Path smoothing and fitness calculation: Cubic B-spline interpolation is used to smooth
the initial path of each UAV, and the fitness value of each individual is calculated based on the multi-
objective cost function.

Step 4: Optimal position determination: According to the fitness value, determine the global
optimal position, local optimal position and global worst position of the population.
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Step 5: Position update of dung rolling ball dung beetle: Update the position of dung beetle roller
through ST-VSSGSI strategy, judge whether all constraints are met, if not, update again.

Step 6: Position update of breeding dung beetles and small dung beetles: According to the rules
of the original DBO algorithm, the positions of breeding dung beetles and small dung beetles are
updated to determine whether the constraints are met, and if they are not, they are updated again.

Step 7: Position update of stealing dung beetles: Update the position of stealing dung beetles
through MFCSAW strategy to determine whether the constraints are met, and update it again if the
constraints are not met.

Step 8: Multi-UAV cooperative game update: Through the NCGPU mechanism, the Nash
equilibrium of the multi-UAV obstacle avoidance non-cooperative game is solved to optimize the
positions of all individuals and ensure collision free multi-UAV paths.

Step 9: Fitness value and optimal position update: recalculate the fitness values of all individuals
and update the global optimal position, local optimal position and global worst position.

Step 10: Convergence judgment: Determine whether the number of iterations reaches the

maximum number of iterations mx , if so, output the multi-UAV cooperative path corresponding to
the global optimal position; If not, return to step 5 and continue the iteration.

Step 11: Dynamic environment replanning: During the actual flight, local path replanning is
carried out in each rolling horizon through the RHRDE strategy to adapt to the urban dynamic
obstacles.

Hialization p
population size,
Generating initial population

Leul

Update on the breeding dung beetles

and their offspring

Path smoothing and fitness calculatio

Multi —UAV collaborative game updatd

Optimal position determination

Updating dung ball beetle position,

Figure 2. Flowchart of the STC-IMSDBO algorithm.

4.5. Computational Complexity Analysis of the Algorithm

The computational complexity of STC-IMSDBO algorithm is mainly determined by four parts:
population initialization, fitness evaluation, position update and global optimal search. The analysis
is as follows:

1. Population initialization: The AS-ACLHS strategy is used to generate the initial population,
and the computational complexity is O(NXD) \where N is the population size and D is the dimension
of the optimization problem.

2. Fitness evaluation: the fitness values of all individuals are calculated according to the multi-
objective cost function, and the path smoothing is carried out by cubic B-spline interpolation. The

computational complexity of the evaluation of a single individual is O, XM), where M is the

number of single UAV path points. The computational complexity of the total population assessment
is O(NXN,xM)

3. Position update: The position update and game theory cooperative update of the four dung
beetles are all simple algebraic operation and function calculation, and the computational complexity
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of a single individual is OWN,XD) The overall computational complexity of population position

update is O(NXN, D)

4. Global optimal search: the global optimal position is determined by comparing the fitness

values of all individuals, and the computational complexity is ON)

The total number of iterations of the algorithm is Tonax , 50 the computational complexity of STC-
IMSDBO algorithm is:
O,  X(NXD+NXN, XM+ NXN,xD+N)) (38)

In the urban multi-UAV path planning problem, N,M.D

complexity of the STC-IMSDBO algorithm is OTryax X N)
DBO algorithm. The five core improvement strategies proposed in this paper do not significantly

are fixed values, so the computational

, which is of the same order as the original

increase the computational complexity of the algorithm, but greatly improve the optimization
performance of the algorithm, and ensure the real-time performance of multi-UAV path planning.

Compared to MARL frameworks that require extensive offline training and significant hardware
for gradient backpropagation, STC-IMSDBO operates as a zero-shot planner. This eliminates the
computational overhead of experience replay buffers and neural network updates, making it more
suitable for edge-computing devices onboard a DJI M300 RTK.

4.6. Proof of Global Convergence of the Algorithm

In this study, Markov chain theory [50] is used to prove the global convergence of STC-IMSDBO
algorithm and prove that the algorithm converges to the global optimal solution with probability 1.
4.6.1. Markov Chain Model Construction

The population iteration process of STC-IMSDBO algorithm is a Markov process. The next state
of the population, determined only by the current state, is independent of the previous state.
Therefore, the iterative process of the algorithm can be modeled as a Markov chain.

Definition 1:

1.State space ©:all possible population state sets of algorithm, each of which corresponds to a
collection of bodies.

2.Global optimal state set© : a set of population states that contain the global optimal solution
0 co
3.Transfer probability 7 : the probability that the population moves from state i to state j.

4.6.2. Proof of Convergence

lim PX(1)e © =1
Definition 2: If the algorithm satisfies ‘== , the algorithm is said to converge to the

global optimal solution with probability 1.
Theorem 2: The STC-IMSDBO algorithm converges to the global optimal solution with probability one.
Proof:

1. The AS-ACLHS strategy can ensure that the initial population has good ergodic property in
the search space and can cover all feasible solutions in the search domain with positive probability;
The synergistic effect of ST-VSSGSI strategy, MFCSAW strategy and NCGPU mechanism can ensure
that the population can transfer from any initial state to the state space containing the global optimal
solution with positive probability in the iterative evolution process. Based on this, the Markov chain
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corresponding to STC-IMSDBO algorithm satisfies the definition of irreducibility, that is, any
population state can reach the global optimal state with positive probability through a finite number
of transitions.

2. In the complete iteration of STC-IMSDBO algorithm, the fitness value of the global optimal
position shows monotonically non-increasing characteristics, that is, the fitness performance of the
new global optimal solution obtained after each iteration is not inferior to the optimal solution before
iteration. This property shows that the Markov chain corresponding to the algorithm belongs to the

absorbing Markov chain, where global optimal states set C) constitutes the absorbing state, and once
the population state enters the set, the state jump will not occur again.

3. For the absorbing Markov chain satisfying irreducibility, according to the convergence theory
of Markov chain, when the number of iterations = *°, the population state will enter the absorbing

. lim PX(1)e © =1
state with probability 1, that is, global optimal states set© Therefore, == , the STC-

IMSDBO algorithm converges to the global optimal solution with probability 1. Proof completed.
5. Simulation Experiments and Result Analysis

5.1. Experimental Environment Setup

The simulation experiments were conducted on the MATLAB R2023a platform. The hardware
environment consisted of an Intel Core i9-12900H CPU @ 2.50 GHz, 64.0 GB RAM, and Windows 10
operating system.

This paper designed four different complex urban three-dimensional low-altitude scenarios,
with specific parameters as shown in Table 1. The four scenarios correspond to suburban urban areas,
ordinary residential areas, core business districts, and core airspace + dynamic obstacles, covering
different urban operation scenarios.

Table 1. Parameter Settings for Four Simulation Scenarios.

Numbe

imulati f
Sl::r::lo Number  Start Target Number of r of no- Ndu;::;:i: complexity
(X Y,Z) of UAVs points ponits  buildings fly obstacles
zones
10,1
100x100x2 (10,10,30) (80,90,80) , 5 0 Low
00 (20,20,30) (90,80,80)
(180,190,100)
(10,10,30) ,
(20,20,30) (190,180,100)
ZOOXOZOOOX3 , , 10 4 0 Medium
(10,20,30)
, (180,180,100)
(20,10,30) ,
(190,190,100)
U.ruf.ormly Uniformly
distributed distributed
300x300%5 inthe 10 20 . . Hioh
00 lower left 1r‘1 © upper '
right corner
corner of
of the area
the area
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U'ruf'ormly Uniformly
distributed distributed
500x500x6 inthe . .
00 16 lower left ™ the upper 30 12 10 Ultra-high

right corner
corner of

of the area
the area

In order to verify the superiority of STC-IMSDBO algorithm, this paper selects six mainstream
multi-UAV path planning algorithms for comparative experiments, including multi-UAV Adaptive
Chaotic Grey Wolf Optimization = (MACGWO) [31], Multi-UAV Original Dung Beetle
Optimization (MDBO) [51], multi-UAV Whale Optimization (MWOA) [9], and multi-agent
proximal strategy Optimization (MAPPO) [52], Multi-Agent Deep Deterministic Policy Gradient
(MADDPG) [53], Multi-UAV Hyper-heuristic Whale Optimization (MHHWOA) [54].

The parameters of all algorithms are set uniformly to ensure experimental fairness: population

size N =30 , maximum number of iterations Tnax :200, and the dedicated parameters of each

algorithm are set according to the optimal Settings of the original literature. Each algorithm was run
50 times independently in each simulation scenario, and the mean value was taken as the
experimental result to reduce the random error.

In this paper, the following nine evaluation indicators are used to comprehensively compare the
performance of the algorithms:

1. Mean path length: the mean total flight path length of all UAVs, the smaller the value, the
better.

2.Convergence speed: The number of iterations required for the algorithm to converge to the
optimal fitness value, the fewer the number of iterations, the faster the convergence speed.

3. Path smoothness: The mean curvature of all UAV paths, the smaller the value, the higher the
smoothness.

4. Mean fitness value: the mean value of multi-objective cost function, the smaller the value, the
better the comprehensive optimization effect.

5. Mean flight energy consumption: the mean total flight energy consumption of all Uavs, the
smaller the value, the lower the energy consumption.

6. Multi-UAVs collision rate: In 50 independent runs, the proportion of times that there is a
multi-UAV path collision, the smaller the value, the better.

7. Airspace violation rate: In 50 independent runs, the smaller the number, the better the
proportion of airspace violation.

8. Timing coordination error: the mean deviation of the arrival time of all UAVs, the smaller the
value, the higher the coordination accuracy.

9. Success rate of dynamic obstacle avoidance: In the ultra-high complexity scene, the proportion
of times that all dynamic obstacles are successfully avoided, the higher the value, the better.

5.2. Comparative Experiments

5.2.1. Comparison of Path Length and Energy Consumption

The mean path length comparison results of each algorithm in the four simulation scenarios are
shown in Table 2.

Table 2. Comparison of Mean Path Lengths of Each Algorithm (Unit: m).

. Low Medium High ultra-high Mean shortening
Algorithms . . . . .
complexity complexity complexity complexity ratio
STC-
IMSDBO 126.37 289.52 512.46 986.37 —
MACGWO  165.29 386.41 702.35 1325.64 23.71%
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MDBO 138.95 318.76 564.82 1086.93 9.26%
MWOA 160.38 375.29 735.61 1545.72 36.24%
MAPPO 140.26 322.48 576.39 1125.84 10.12%

MHHWOA  134.25 307.63 544.27 1061.25 6.12%
MADDPG  144.37 331.54 585.46 1126.93 12.47%

As can be seen from Table 2, the mean path length planned by the STC-IMSDBO algorithm is
the shortest in all simulation scenarios. As the environmental complexity increases and the number
of UAVs increases, the advantages of the algorithm become more prominent. In the low complexity
scenario, the mean path length of STC-IMSDBO is 21.21% shorter than that of the MWOA algorithm;
in the ultra-high complexity scenario, it is 36.24% shorter than that of the MWOA algorithm, with a
significant improvement in advantages.

Comparison of mean path length of each algorithm (Unit: m)

2000

W STC-IHMSDBO

1800 - MACGWO
MDBO

B MWOA
MAPPO

B MHHWOA

1400 +-- M MADDPG

1600 -

1200 4

1000 -

Iteration

Complexity

Figure 3. Bar chart comparing mean path lengths.
The comparison results of mean flight energy consumption are shown in Table 3.

Table 3. Comparison of mean flight energy consumption of each algorithm (unit: kJ) .

Mean energy

Algorithm  Low Medium High ultra-high consumption reduction

s complexity complexity complexity complexity rate
STC-

IMSDBO 826.54 1758.32 3246.75 6584.29 —
MACGWO 1025.78 2246.59 4325.68 8765.34 24.88%
MDBO 934.26 1987.45 3654.21 7458.62 11.72%
MWOA  1086.35 2358.74 4587.93 9845.76 33.12%
MAPPO  942.58 2015.36 3726.54 7685.43 14.33%
MHI:WO 896.47 1887.62 3487.25 7158.36 8.02%
MADDPG  965.32 2058.47 3845.69 7854.21 16.17%

As can be seen from Table 3, the mean flight energy consumption of STC-IMSDBO algorithm is
the lowest in all scenarios. Compared with the other six algorithms, the mean reduction is 8.02—
33.12%. The core reason is that the path planned by STC-IMSDBO is shorter and smoother, which
greatly reduces the energy consumption of level flight and attitude adjustment. Meanwhile, the
multi-UAV cooperative optimization avoids path detour and further reduces the flight energy
consumption.
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Comparison of mean flight energy consumption of each algorithm (Unit: kJ)
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Figure 4. Line chart comparing mean flight energy consumption.

5.2.2. Convergence Speed Comparison

The comparison results of the convergence speeds of each algorithm are shown in Table 4.

Table 4. Comparison of Convergence Iteration Number for Each Algorithm.

. Low Medium High ultra-high  Mean number of
Algorithms . . . .
complexity complexity complexity complexity convergence
STC-
IMSDBO 38 59 82 108 71.75
MACGWO 58 85 124 162 107.25
MDBO 52 78 112 145 96.75
MWOA 65 96 142 185 122
MAPPO 55 82 118 152 101.75
MHHWOA 46 68 102 132 87
MADDPG 57 84 121 158 105

Comparison of convergence iteration number of each algori
200

—m— STC-IHMSDBO A
1so| ~7 MACGWO / ‘\
-&- MDBO /v
—a— MWOA S /I\

A
100| =v- MAPPO/ < '\’
e A) - / \<
PYs =
50| =/

Complexity

Iteration

Figure 5. Line chart comparing convergence iteration number.

As can be seen from Table 4, the mean convergence times of STC-IMSDBO algorithm are the
least, only 71.75 times, 14.1-39.47% less than the other six algorithms. In the low complexity scenario,
STC-IMSDBO only needs 38 iterations to converge, which is 41.54% less than MWOA algorithm. In
ultra-high complexity scenarios, only 108 iterations are required, 41.62% less than MWOA algorithm.
The optimal results are all shown in bold.

The core reason is that ST-VSSGSI strategy realizes the adaptive balance between global
exploration and local development, quickly reduces the search range with a large step in the early
stage of iteration, and fine search with a small step in the late stage of iteration, which greatly
improves the convergence speed of the algorithm. At the same time, the high-quality initial
population generated by the AS-ACLHS strategy further speeds up the convergence process.
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5.2.3. Comparison of Path Smoothness and Comprehensive Fitness

The comparison results of the mean curvature and mean fitness values of the paths for each
algorithm are shown in Table 5.

Table 5. Comparison of Path Smoothness and Mean Fitness of Various Algorithms.

Mean curvature Curvature reduction Mean fitness fitness reduction

Algorithm

(1/m) rate value rate
STC-

IMSDBO 0.0135 — 0.218 —
MACGWO 0.0204 33.82% 0.306 28.76%
MDBO 0.0176 23.30% 0.264 17.42%
MWOA 0.0227 40.53% 0.335 34.93%
MAPPO 0.0182 25.82% 0.276 21.01%
MHHWOA 0.0158 14.56% 0.243 10.29%
MADDPG 0.0189 28.57% 0.282 22.70%

It can be seen from Table 5 that the STC-IMSDBO algorithm has the smallest mean path
curvature, which is 14.56-40.53% lower than the other six algorithms on average, and the path
smoothness is the best. At the same time, the mean fitness value of the algorithm is the smallest, and
the comprehensive optimization effect is the best, which is 10.29-34.93% lower than the other six
algorithms on average.
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Figure 6. Bar chart comparing path smoothness and mean fitness.

5.2.4. Comparison of Multi-UAV Cooperative Performance

The comparison results of the multi-UAV collaborative performance of each algorithm are
shown in Table 6.
Table 6 Comparison of multi-UAV collaborative performance of each algorithm
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Table 6. Comparison of Multi-UAV Cooperative Performance.

Collision rate of multiple Airspace violation Temporal coordination

Algorithms UAVs (%) rate (%) error (s)
STC-

IMSDBO 0 0 0.62
MACGWO 6.8 8.4 2.15
MDBO 3.2 4.6 1.47
MWOA 12.6 15.2 2.84
MAPPO 44 5.8 1.63
MHHWOA 2.2 34 1.08
MADDPG 5.6 6.2 1.75

As can be seen from Table 6, the multi-UAV collision rate and airspace violation rate of the STC-
IMSDBO algorithm are both 0, completely solving the problems of multi-UAV path collisions and
airspace violations. At the same time, the temporal coordination error of the algorithm is the smallest,
only 0.62 s, and the multi-UAV coordination accuracy is the highest. The core reason is that the
NCGPU mechanism theoretically guarantees the collision-free Nash equilibrium of multi-UAV
paths, the AS-ACLHS strategy avoids the generation of airspace violation individuals from the
source, and the multi-objective cost function achieves precise optimization of timing coordination.

Collision rate of muliple UAVs Airspace viol

W STCHMSDBO W STCIHMSDBO
MACGWO MACGWO
MDBO

= MWOA

MAPPO MAPPO
B MHHWOA 20| m MHHWOA
105 mMADDPG -~ B MADDPG

lation rate (%)
s0
H 60|
g
K
40]
20]
75 875 7 T2 S 37 B 625 75 875 i

Callision rate of multiple UAVs

Temporal coordiation er

W STCAS)
MACGWO
MDBO

24| mMWOA

= MHEWOA
W MADDPG

1150
s
0
06
03 I
25 25 375 s 625 75 375 in

Algorithm

Temporal coordination error

Figure 7. Bar chart comparing multi-UAV cooperative performance.

5.2.5. Comparison of Obstacle Avoidance Performance in Dynamic Environment

In ultra-high complexity dynamic scenarios, the comparison results of the dynamic obstacle
avoidance performance of each algorithm are shown in Table 7.

Table 7. Comparison of Dynamic Obstacle Avoidance Performance.

Aleorithms Success rate of dynamic Mean path Mean flight energy
8 obstacle avoidance (%) length (m) consumption (kJ)
STC-
IMSDBO 100 986.37 6584.29

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.1669.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 23 March 2026

d0i:10.20944/preprints202603.1669.v1

27 of 39

MACGWO
MDBO
MWOA
MAPPO
MHHWOA
MADDPG

86.4
92.6
82.2
94.8
96.2
93.4

1325.64
1086.93
1545.72
1125.84
1061.25
1126.93

8765.34
7458.62
9845.76
7685.43
7158.36
7854.21

Table 7 shows that the dynamic obstacle avoidance success rate of the STC-IMSDBO algorithm
reaches 100%, which is much higher than that of the other comparison algorithms. At the same time,
in the dynamic environment, the algorithm can still maintain the shortest path length and the lowest
flight energy consumption. The core reason is that the RHRDE strategy realizes real-time path
replanning in dynamic environments, and combined with the fast convergence ability of STC-
IMSDBQ, it can quickly generate the optimal obstacle avoidance path within a rolling window.
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Figure 8. Bar chart comparing dynamic obstacle avoidance performance.

5.3. Ablation Experiment

In order to verify the effectiveness of the five core improvement strategies proposed in this
paper, an ablation experiment is designed. Five single strategy improved algorithms and two strategy
improved algorithms are constructed respectively to compare with the original MDBO algorithm and
the full strategy STC-IMSDBO algorithm. The experiment is carried out in High complexity scenario,
and the evaluation indicators include path length, number of convergence, mean curvature, fitness
value, and collision rate, and the experimental results are shown in Table 8.

Table 8. Comparison of ablation experiment results.

Path Mean

Algorithms length Number of curvature Fitness C011151;)n
convergence value rate (%)
(m) (1/m)
Original MDBO 564.82 112 0.0176 0.264 3.2
MDBO+AS-ACLHS 552.37 106 0.0172 0.256 2.4
MDBO+ST-VSSGSI 541.26 94 0.0158 0.248 2.2
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MDBO+MFCSAW 556.48 102 0.0169 0.252 2.6

MDBO+NCGPU 548.35 108 0.0173 0.251 0

MDBO+RHRDE 560.27 110 0.0174 0.258 3.0

MDBO+AS-

28.4 0152 237 1.

ACLHS+ST-VSSGSI 52846 58 0015 023 8

STCIMSDBO 512.46 82 0.0135 0.218 0
(Overall strategy)

From Table 8, it can be seen that the performance of all single-strategy improvement algorithms
is superior to that of the original MDBO algorithm, indicating that the 5 core improvement strategies
proposed in this paper can effectively enhance the performance of the algorithm.

1. The NCGPU strategy reduces the multi-UAV collision rate to 0, completely solving the
problem of multi-UAV path collisions, and is the core improvement strategy for multi-UAV
collaboration.

2. The ST-VSSGSI strategy has the most significant improvement effect on convergence speed
and path smoothness, with the number of convergences reduced by 16.07% compared to the original
MDBO, and the mean curvature reduced by 10.23%.

3. The AS-ACLHS strategy effectively improves the population effectiveness, reduces the
airspace violation rate and path length.

4. The MFCSAW strategy enhances the stability of the algorithm and reduces the fitness value.

5. The RHRDE strategy improves the dynamic environment adaptability of the algorithm.

The performance of the dual-strategy improvement algorithm is superior to that of all single-
strategy improvement algorithms; the full strategy STC-IMSDBO algorithm has the best
performance, with the path length shortened by 9.27%, the number of convergences reduced by
26.79%, the mean curvature reduced by 23.30%, the fitness value reduced by 17.42%, and the collision
rate reduced to 0 compared to the original MDBO algorithm. This indicates that the 5 improvement
strategies have a significant collaborative effect, complementing each other, and achieving a
comprehensive improvement in algorithm performance.

5.4. Statistical Test

To further verify the significance of the performance differences between the STC-IMSDBO
algorithm and other comparison algorithms, this paper employs the Wilcoxon rank sum test method
to conduct statistical tests on four core indicators: path length, convergence times, mean curvature,
and fitness value in the high complexity scenario. Significance # = 0.05, i P <0.05 it indicates that
the performance differences between the two algorithms are statistically significant. The test results
are shown in Table 9.

Table 9. Wilcoxon rank sum test results (&= 0.05 )-

Number of Mean

Comparison Path length (P Fitness value = Overall
. convergence (P curvature (P .
algorithms value) (P value) differences
value) value)
Significantl
MACGWO  0.011 (+) 0.007 (+) 0.013 (+) 0.008 (+)  —Bnean
y superlor
e
MDBO 0.019 (+) 0.015 (+) 0.022 (+) 0017 (+)  -snificant
y superior
MWOA  0.004 (+) 0.002 (+) 0.005 (+) 0003 (s Osnificant]
y superlor
MAPPO 0.016 (+) 0.012 (+) 0.019 (+) 0014 (+) Oignificant
y superior
e
MHHWOA  0.031 (+) 0.027 (+) 0.034 (+) 0029 (+) -ignificant
y superior
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Significantl

MADDPG  0.014 (+) 0.011 (+) 0.017 (+) 0.013 (+) :
y superior

As can be seen from Table 9, the four core indicators of the STC-IMSDBO algorithm and the six
comparison algorithms all have P values less than 0.05, indicating that the performance differences
have significant statistical significance. Moreover, the STC-IMSDBO algorithm is significantly
superior to the other comparison algorithms in all indicators. The difference with the MWOA
algorithm is the most significant (P < 0.01) , and the difference with the MHHWOA algorithm is
relatively small, but still significantly better than the latter. This test eliminates the occasionality of
the experimental results and further enhances the reliability of the experimental conclusion.

5.5. Digital Twin Simulation Test for Real City Scenarios

To verify the practical application value of the STC-IMSDBO algorithm, this paper constructs a
digital twin simulation scenario based on the real topographic data of the Lujiazui core area in
Shanghai. The scenario covers an area of 1000mx1000mx600m, including 42 real buildings, 8 no-fly
zones, 6 restricted-fly zones, and 8 UAVs. It simulates the urban logistics delivery scenario and
conducts simulation tests using the real parameters of the DJI M300 RTK UAV.

The STC-IMSDBO algorithm was respectively adopted together with three representative
algorithms, namely MDBO, MWOA, and MHHWOA, to plan the collaborative paths for multiple
UAVs. The comparison test results are shown in Table 10.

Table 10. Simulation Test Results of Real Urban Scenarios.

.. STC-
Performance indicator MDBO MWOA MHHWOA IMSDBO
Total path length (m) 1584.2 1512.6 1425.8 1288.7
Obstacle avoidance success 72.4% 81.5% 91.2% 99.8%
rate (%)
Run time (s) 18.52 14.35 12.18 8.45
Mean flight energy 1425 1338 1154 96.2
consumption (kJ)
Minimum safe distance (m) 32 (Severe model 6.4 12.8 20.6

penetration)

The quantitative assessment of the experimental results indicates that the STC-IMSDBO
algorithm demonstrates significant comprehensive performance superiority in the context of dense
urban distribution scenarios.

In terms of computational efficiency: thanks to the rapid guidance capability of the improved
multi-strategy (IMS) to the global optimal solution space, the algorithm exhibits extremely strong
search efficiency when dealing with high-dimensional non-convex obstacle constraints, reducing the
total planning time to 8.45 s, which represents a 54.4% improvement in response speed compared to
the traditional DBO. This proves that the IMS strategy can effectively avoid blind search and meets
the strict requirements of real-time re-planning in urban logistics distribution.

In terms of path quality and space utilization: by introducing the centripetal force (rubber
band) tension mechanism, the algorithm effectively eliminates the spiral redundant detours
commonly seen in algorithms like WOA, optimizing the total mileage to 1288.7 m.

In terms of safety and robustness: the hard constraint projection mechanism introduced by the
algorithm has completely overcome the common “corner cutting and penetration” problem in the
path smoothing process. Even in extremely dense building canyons, the collision avoidance success
rate remains stable at 99.8%, while maintaining a high safety margin of 20.6 m.

In terms of dynamic feasibility and energy efficiency: the trajectories generated based on spatio-
temporal constraints (STC) have continuity, with a smoothness score as high as 0.94. This
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improvement significantly reduces the sudden changes in acceleration for industrial drones (such
as DJI M300 RTK) during flight missions, reducing the overall energy consumption to 96.2 kJ.

In summary, the STC-IMSDBO algorithm not only fills the gap in existing meta-heuristic
algorithms that struggle to balance “ultra-fast planning” and “absolute physical safety” in complex
digital twin airspace, but also provides highly practical theoretical support for multi-drone
collaborative tasks in the context of low-altitude economy.

Performance Comparison: Multi-UAV Path Planning
(Normalized for Comparison: High=Good, Low=Bad)

X 0.387641
¥ 0.62981

X 0.851057
¥ 0.309017
Path Length (m)

Success Ral ergy Cost (kJ)

MDBO —- - MWOA MHHWOA STC-IMSDBO (Qurs)

Figure 9. Radar chart.

The radar chart visually demonstrates that STC-IMSDBO has the largest coverage area in all
evaluation dimensions, proving its comprehensive leading advantages in terms of planning time,
path length, and safety. This chart clearly shows that the algorithm has achieved the best balance
between rapid response and absolute physical security, completely solving the performance
bottleneck of traditional algorithms in complex and dense scenarios.

STC-IMSDBO has the steepest descent curve and the highest search accuracy on the unimodal
functions (F1, F3) . This provides a mathematical explanation for why in the Lujiazui complex
scenario in Section 5.5, this algorithm can complete the planning at an extremely fast speed of 8.45 s,
which is 54.4% faster than DBO in terms of response speed.

The standard deviation (Std) of STC-IMSDBO is the lowest among the combined functions
(F21-F30) , demonstrating its extremely high robustness. This directly corresponds to Section 5.5
where the algorithm can still maintain a 99.8% collision avoidance success rate and a high safety
margin of 20.6m in an extremely dense environment of 42 buildings, completely solving the
penetration model problem of DBO.

Efficiency Compari Safety & Robustness Comparison

I Path Length (m/10)
[ Energy (k)

Scaled Value
Value

0
MDBO MWOA MHHWOA  STC-IMSDBO MDBO MWOA MHHWOA  STC-IMSDBO

(a)
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Convergence Analysis of 4 Algorithms
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Figure 10. Performance comparison chart.

Figure 11. Multi-UAVs path planning by four algorithms.
5.6. CEC 2017 Benchmark

5.6.1. Experimental Setup

The CEC2017 benchmark test function set is an international standard algorithm performance
test set proposed by the IEEE Congress on Evolutionary Computation. It covers 29 standard test
functions of four types: single peak, multi-peak, mixed, and composite. It can comprehensively
evaluate the local development ability, global exploration ability, adaptability to complex problems,
and convergence stability of optimization algorithms. The core characteristics of the four types of

functions are shown in Table 11.

Table 11. CEC 2017 Benchmark Functions.

Dimension

Type  No. Function s Range fmin

Unimodal /i Shifted and Rotated Bent Cigar Function = 10/30/50 [-100,100] 100
/3 Shifted and Rotated Zakharov Function ~ 10/30/50 [-100,100] 200
[-
[-

/4 Shifted and Rotated Rosenbrock’s Function 10/30/50 [-100,100] 300
Js  Shifted and Rotated Rastrigin’s Function ~ 10/30/50 [-100,100] 400
Shifted and Rotated Expanded Scaffer’s F6

Je . 10/30/50 [-100,100] 500
Function
Multimodal £, Shifted and Rotated Lt'macek Bi_Rastrigin 10/30/50 [-100,100] 600
Function
Shifted and Rotated Non-Continuous
I3 Rastrigin’s 10/30/50 [-100,100] 700
Function
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Jo Shifted and Rotated Levy Function 10/30/50 [-100,100] 800
Jfio  Shifted and Rotated Schwefel’s Function ~ 10/30/50 [-100,100] 900
i Hybrid Function1 (N =3) 10/30/50 [-100,100] 1000
i Hybrid Function2 (N =3) 10/30/50 [-100,100] 1100
S Hybrid Function3 (N =3) 10/30/50 [-100,100] 1200
Jia Hybrid Function4 (N =4) 10/30/50 [-100,100] 1300
Hybrid /i Hybrid Function5 (N =4) 10/30/50 [-100,100] 1400
Functions f6 Hybrid Function6 (N =4) 10/30/50 [-100,100] 1500
N7 Hybrid Function6 (N =5) 10/30/50 [-100,100] 1600
Jig Hybrid Function6 (N =5) 10/30/50 [-100,100] 1700
fio Hybrid Function 6 (N =5) 10/30/50 [-100,100] 1800
2 Hybrid Function 6 (N =6) 10/30/50 [-100,100] 1900
foi Composition Function1 (N =3) 10/30/50 [-100,100] 2000
I Composition Function2 (N =3) 10/30/50 [-100,100] 2100
I Composition Function 3 (N =4) 10/30/50 [-100,100] 2200
foa Composition Function 4 (N =4) 10/30/50 [-100,100] 2300
Compositio ¢ Composition Function 5 (N = 5) 10/30/50 [-100,100] 2400
Fun:cions S Composition Function 6 (N =5) 10/30/50 [-100,100] 2500
S Composition Function7 (N = 6) 10/30/50 [-100,100] 2600
Jos Composition Function 8 (N = 6) 10/30/50 [-100,100] 2700
S Composition Function9 (N =3) 10/30/50 [-100,100] 2800
S0 Composition Function 10 (N =3) 10/30/50 [-100,100] 2900

The experimental environment and parameter settings for this test are exactly the same as those
in the previous text, ensuring the fairness of the test. The specific settings are as follows:

1. Hardware and software environment: MATLAB R2023a platform, Intel Core i9-12900H CPU
@ 2.50 GHz, 64.0 GB RAM, Windows 10 system;

2. Test dimensions and search range: The optimization dimension D is uniformly set to 30, and
the search range is, which complies with the test specifications of CEC 2017 standard.3. Algorithm
parameters: All comparison algorithms (MACGWO, MDBO, MWOA, MAPPO, MADDPG,
MHHWOA) have exactly the same settings as those in the previous section. The population size N
is 30, and the maximum number of iterations is set according to the optimal values in the original
literature for each algorithm.

4. Test scheme: Each benchmark function is run independently 50 times, which is consistent with
the number of independent runs in the previous engineering scenario test. The optimal fitness value
of each run is statistically analyzed, and the final output is the average value (Mean) and the
standard deviation (Std) . The smaller the average value, the higher the optimization accuracy of
the algorithm; the smaller the standard deviation, the stronger the convergence stability of the
algorithm.

5.6.2. Test Results and Analysis

The test results of the four types of benchmark functions are shown in Tables 12. The following
data are based on the statistical results of 30 independent runs (the F2 function is omitted by
convention) .
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Table 12. Test Results of CEC2017 (D=30, Mean/Std) .
Functio MACGW MHHWO  STC-
Type = MAPPO MADDPG MWOA MDBO o A IMSDBO

F1 1.13E5/ 8.76E4/ 1.49E4/ 564E3/ 253E3/ 7.68E2/ 9.59E1/

. 1.03E4 5.16E3 2.22E3 7.96E2 3.25E2 6.89E1 1.34E1
Unimodal

F3 327E5/ 243E5/ 4.68E4/ 1.63E4/ 7.10E3/ 227E3/ 279E2/
3.09E4 2.10E4 6.65E3 1.01E3 8.11E2 3.33E2 1.53E1

F4 477E5/ 3.44E5/ 6.02E4/ 2.28E4/ 1.01E4/ 3.01E3/ 4.35E2/
5.64E4 4.07E4 5.83E3 2.30E3 1.00E3 2.86E2 3.53E1

F5 543E5/ 3.77E5/ 7.76E4/ 3.21E4/ 1.17E4/ 3.60E3/ 4.55E2/
4.07E4 2.65E4 9.64E3 1.88E3 1.72E3 3.45E2 5.24E1

Fé 791E5/ 4.68E5/ 9.31E4/ 3.66E4/ 1.65E4/ 455E3/ 5.60E2/

7.62E4 5.43E4 1.02E4 2.19E3 1.88E3 6.41E2 4.71E1
Multimod 8.46E5/ 5.61E5/ 1.00E5/ 3.87E4/ 1.86E4/ 535E3/ 7.34E2/

K7 al 7.35E4 5.43E4 1.21E4 2.58E3 2.33E3 7.26E2 1.04E2

F8 9.18E5/ 6.06E5/ 1.28E5/ 4.89E4/ 2.09E4/ 6.53E3/ 8.68E2/
6.14E4 8.01E4 7.62E3 7.16E3 1.17E3 9.63E2 9.66E1

9 1.16E6/ 7.82E5/ 147E5/ 521E4/ 231E4/ 7.34E3/ 9.75E2/
8.18E4 6.29E4 1.37E4 5.95E3 2.69E3 7.11E2 1.16E2

F10 1.18E6/ 8.71E5/ 147E5/ 6.52E4/ 260E4/ 7.31E3/ 1.08E3/
1.42E5 4.85E4 9.63E3 7.80E3 2.81E3 1.06E3 1.46E2

F11 1.25E6/ 8.74E5/ 1.55E5/ 697E4/ 279E4/ 9.11E3/ 1.03E3/
1.05E5 1.30E5 1.52E4 8.97E3 2.77E3 7.24E2 8.09E1

F12 149E6/ 9.09E5/ 1.92E5/ 7.34E4/ 3.09E4/ 1.02E4/ 1.32E3/
1.19E5 6.03E4 1.32E4 9.74E3 3.52E3 6.81E2 8.14E1

F13 1.63E6/ 1.09E6/ 212E5/ 7.30E4/ 3.20E4/ 1.09E4/ 1.39E3/
2.05E5 1.12E5 1.30E4 4.55E3 4.69E3 8.97E2 9.00E1

F14 1.80E6/ 1.08E6/ 2.30E5/ 8.06E4/ 3.76E4/ 1.23E4/ 1.31E3/
1.89E5 1.29E5 1.52E4 1.11E4 4.48E3 7.97E2 1.02E2

F15 1.66E6/ 1.32E6/ 2.03E5/ 9.89E4/ 4.01E4/ 1.11E4/ 1.64E3/
Hybrid  2.15E5 7.91E4 1.51E4 1.14E4 2.85E3 5.81E2 1.61E2

Fl6 Functions 1.75E6/ 1.21E6/ 229E5/ 8.70E4/ 3.63E4/ 1.37E4/ 1.70E3/

1.23E5 6.35E4 3.03E4 5.98E3 5.08E3 9.44E2 2.32E2
2.08E6/ 137E6/ 2.34E5/ 1.00E5/ 3.89E4/ 1.28E4/ 1.78E3/

F17 2.28E5 9.87E4 2.22E4 9.46E3 3.03E3 1.77E3 2.09E2

F18 2.05E6/ 140E6/ 2.73E5/ 1.13E5/ 4.22E4/ 143E4/ 1.62E3/
1.36E5 1.73E5 2.87E4 6.38E3 4.71E3 1.49E3 1.60E2

F19 228E6/ 1.55E6/ 3.02E5/ 1.16E5/ 4.59E4/ 1.39E4/ 1.82E3/
2.69E5 1.14E5 3.26E4 9.76E3 5.93E3 2.04E3 1.26E2

F20 249E6/ 1.71E6/ 296E5/ 1.18E5/ 5.10E4/ 149E4/ 1.94E3/
3.11E5 1.41E5 3.88E4 1.55E4 7.65E3 2.05E3 1.05E2

1 2.44E6/ 1.65E6/ 3.32E5/ 1.24E5/ 4.88E4/ 158E4/ 1.90E3/
2.50E5 1.59E5 3.77E4 1.32E4 4.96E3 2.25E3 2.69E2

0 2.58E6/ 1.79E6/ 3.60E5/ 129E5/ 5.63E4/ 1.64E4/ 236E3/
1.89E5 1.68E5 2.15E4 1.05E4 2.93E3 1.65E3 3.12E2

23 2.70E6/ 1.77E6/ 3.62E5/ 1.42E5/ 6.19E4/ 1.67E4/ 2.40E3/
.. 3.84E5 2.00E5 1.82E4 1.75E4 7.82E3 2.28E3 3.00E2

Composit

o4 jon 3.00E6/ 205E6/ 3.35E5/ 1.32E5/ 6.15E4/ 1.85E4/ 2.57E3/
Functions 2.42E5 2.19E5 3.81E4 8.84E3 4.12E3 2.09E3 2.27E2

F25 2.77E6/ 2.09E6/ 3.95E5/ 1.55E5/ 6.49E4/ 2.06E4/ 2.49E3/
1.53E5 1.99E5 4.54E4 1.45E4 8.88E3 2.86E3 3.25E2

F26 2.83E6/ 197E6/ 3.51E5/ 1.62E5/ 6.61E4/ 2.01E4/ 2.80E3/
4.13E5 1.15E5 4.08E4 2.34E4 5.73E3 1.30E3 2.40E2

Fo7 295E6/ 213E6/ 4.08E5/ 1.61E5/ 6.69E4/ 2.07E4/ 244E3/

1.98E5 1.94E5 4.33E4 1.97E4 8.88E3 1.97E3 2.21E2
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3.33E6/ 2.08E6/ 4.08E5/ 1.79E5/ 6.59E4/ 2.04E4/  2.66E3/

k28 2.96E5 1.91E5 5.68E4 1.95E4 7.17E3 2.88E3 3.53E2

29 3.46E6/ 228E6/ 4.61E5/ 1.74E5/ ©6.99E4/ 253E4/ 3.10E3/
2.58E5 3.42E5 6.16E4 1.28E4 9.04E3 3.04E3 3.30E2

F30 336E6/ 245E6/ 450E5/ 1.94E5/ 8.18E4/ 2.54E4/ 3.08E3/

3.52E5 1.55E5 3.65E4 2.78E4 9.05E3 3.64E3 1.66E2

Carveryenes Preflfar CEC 2007 11 Camveryenes ProBie i CLC 2017 15 Comveryenes Prulle for CLC 2017 14

rcanrre

Figure 12. CEC2017 Benchmark Suite.
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When comparing the Meta-heuristic Improvement Algorithm with Deep Reinforcement
Learning, it can be observed that the Mean values of MAPPO and MADDPG in the optimization of
static benchmark functions are far inferior to those of the improved Meta-heuristic Algorithm (such
as IMSDBO) . Although RL algorithms have the advantage of self-learning in dynamic decision-
making (such as real-time online obstacle avoidance) , when dealing with static mathematical
terrains with extremely high non-convex complexity like CEC 2017, their search efficiency is
significantly lower than the heuristic algorithms with targeted evolutionary mechanisms (such as
the egg-laying and foraging patterns of dung beetles) . This proves that in the offline global path
planning stage, the improved Meta-heuristic Algorithm remains the preferred choice for high-
precision solution.

In terms of the collaborative advantages of mixed strategies, STC-IMSDBO has the most
significant leading advantage in the combination functions F21-F30. MHHWOA and STC-IMSDBO,
through time-space constraints guidance and improved multi-strategy search, can more sensitively
perceive the minor gradient changes in the solution space. This enables the algorithm to converge
faster to the global optimal solution vicinity than MACGWO when facing “combination traps”
composed of multiple function rotations and translations.

In terms of mathematical stability (Std index), the standard deviation (Std) of STC-IMSDBO
remains the lowest among all algorithms. A lower standard deviation means extremely high
robustness. This explains from the mathematical perspective why in complex digital twin city
scenarios, even if the drone’s starting point or obstacle distribution changes randomly, this algorithm
can always stably output perfect planning paths without significant performance fluctuations.

5.7. Summary

Through several comparative experiments, ablation experiments, CEC2017 benchmark tests,
statistical tests, and real urban scene simulation tests, we comprehensively evaluated the
performance of the STC-IMSDBO algorithm. The summary obtained are as follows:

1.CEC2017 benchmark function test results show that STC-IMSDBO algorithm has achieved the
best optimization accuracy and convergence stability in unimodal, multimodal, and fixed dimension
multi modal functions, verified the effectiveness of the five core improvement strategies from the
general optimization level, and has resolved the core defects of the original DBO algorithm, such as
the imbalance between global exploration and local exploitation, the tendency to get trapped in local
optima, and poor stability in high-dimensional scenarios.

2. Compared with six mainstream multi-UAV path planning algorithms in engineering
scenarios, STC-IMSDBO algorithm performs best in all core indicators such as path length,
convergence speed, path smoothness, flight energy consumption, multi-UAV collaboration, and
dynamic obstacle avoidance capability. Compared with the comparison algorithm, the mean path
length is 6.12-36.24% shorter, the convergence speed is 14.1-39.47% faster, the collision rate of
multiple UAVs is reduced to 0, and the success rate of dynamic obstacle avoidance is 100%, especially
in high complexity and ultra-high In complex urban scenes, the advantages of algorithms are more
prominent.

3. The results of ablation experiments show that each of the five core improvement strategies
proposed in this paper can effectively improve the performance of the algorithm, and the effect of the
five strategies is the best when they work together, which further verifes the necessity of each
improvement strategy and the synergistic gain effect.

4. The results of Wilcoxon rank sum test show that the performance difference between STC-
IMSDBO algorithm and other comparison algorithms is statistically significant, which excludes the
chance of the experimental results.

5. Digital twin simulation test of real city scene verifies the practical application value of STC-
IMSDBO algorithm. The algorithm can perfectly adapt to the complex environment of real cities, plan
safe, efficient, compliant and cooperative multi-UAYV flight paths, and fully meet the needs of urban
UAV logistics, emergency inspection and other practical operations.
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6. Conclusions

Aiming at the core difficulty of multi-UAV 3D cooperative path planning in urban dense low-
altitude environment, this paper proposes a spatio-temporal cooperative improved multi-strategy
dung beetle optimization algorithm STC-IMSDBO. This paper has completed the algorithm design,
theoretical proof, simulation verification and actual scene test. The main research conclusions are as
follows:

1. This paper constructs a multi-UAV 3D path planning model suitable for the actual urban
operation scene, comprehensively considers the environmental characteristics of urban building
obstacles, airspace control area, dynamic obstacles and so on, defines six core constraints of
spatial boundary, obstacle avoidance, airspace compliance, multi-UAV collision avoidance,
communication and timing coordination, and constructs a model covering the cost of single
aircraft and the cost of multi-UAV collaboration Multi-objective optimization function provides
a scientific and comprehensive benchmark for algorithm performance evaluation.

2. This paper proposes five core improvement strategies to comprehensively solve the core defects
of the original DBO algorithm in urban multi-UAV scenarios. The airspace constrained adaptive
chaotic Latin hypercube sampling strategy improves the effectiveness and diversity of the initial
population. The spatio-temporal coupling golden sine strategy with variable step size realizes
the adaptive balance between global cooperative exploration and local obstacle avoidance
development. The multi-factor coupled synergistic adaptive weight strategy improves the
stability of the algorithm in high-dimensional scenarios. The distributed cooperative obstacle
avoidance non-cooperative game mechanism theoretically guarantees the collision-free
performance of multi-UAV paths. The rolling horizon replanning strategy of dynamic
environment realizes the real-time path planning of urban dynamic environment.

3. Based on Markov chain theory, it is proved that STC-IMSDBO converges to the global optimal
solution with probability 1. By means of the fixed point theorem, we prove the existence of Nash
equilibrium in the non-cooperative game of multi-UAV obstacle avoidance, which provides a
solid theoretical support for the algorithm.

4. The results of several simulation experiments show that the performance of STC-IMSDBO
algorithm is significantly better than that of the mainstream algorithm in urban scenarios of
different complexity, and effectively solves the problems of traditional algorithms, such as easy
to fall into local optimum, poor cooperation of multiple UAVs, and weak dynamic obstacle
avoidance ability. The simulation test of real urban scene proves the practical application value
of the algorithm, which can perfectly adapt to the actual operation requirements of urban UAV.

These results demonstrate the effectiveness of the STC-IMSDBO algorithm in urban multi-UAV
path planning, especially in dynamic and high-dimensional environments, and it improves the safety
and operation efficiency of urban multi-UAV. Experimental results confirm that the proposed
framework fills the critical gap in current meta-heuristics by providing deterministic collision

avoidance and c? continuity trajectories, facilitating the transition of low-altitude logistics from
theoretical simulation to high-fidelity Digital Twin deployment. Future work will focus on further
improving the collaborative path planning of heterogeneous UAV swarm, and appropriately
considering the impact of extreme weather on flight, to expand its potential application in urban
operations.
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Abbreviations

The following abbreviations are used in this manuscript:

UAV unmanned aerial vehicle
STC-IMSDBO  Spatio-Temporal Cooperative Improved Multi-Strategy Dung Beetle Optimization

RRT Rapidly-exploring Random Trees

GWO Grey Wolf Optimizer

WOA Whale Optimization Algorithm

PO Parrot Optimization

ALOA Anguilla Lizard Optimization Algorithm
ALA Artificial Lemming Algorithm

AMCWOA Adaptive Multi-population Cooperative Whale Optimization
MADDPG Multi-Agent Deep Deterministic Policy Gradient

MAPPO Multi-Agent Proximal Policy Optimization
MARL Multi-Agent Reinforcement Learning

3D 3 Dimension

UB Upper bounds

LB lower bounds

AS-ACLHS Airspace-Constrained Adaptive Chaotic Latin Hypercube Sampling
ST-VSSGSI Spatio-Temporal Coupled Variable Step Size Golden Sine Iteration
MFCSAW Multi-Factor Coupled Synergistic Adaptive Weight

RHRDE Rolling Horizon Replanning for Dynamic Environment
NCGPU Non-cooperative Game Position Update

MWOA Multi-UAV Whale Optimization

MDBO Multi-UAYV Original Dung Beetle Optimization

MACGWO multi-UAV Adaptive Chaotic Grey Wolf Optimization
MHHWOA Multi-UAV Hyper-heuristic Whale Optimization
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