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Abstract

Collaborative 3D path planning for multiple unmanned aerial vehicles (UAVs) in dense
urban airspace is difficult, which does not come from one factor alone. Buildings, flight
restrictions, moving obstacles, and inter-UAV coupling all act together, and the search
space grows quickly as the scene becomes more crowded. In such cases, a standard swarm
optimizer may still find a path, but it often struggles with early feasibility, later-stage
refinement, and local replanning after the environment changes. To deal with these issues,
this paper develops a spatio-temporal collaborative improved multi-strategy dung beetle
optimization algorithm, called STC-IMSDBO, for urban multi-UAV path planning. The
framework combines five linked components: feasible-airspace population initialization,
spatio-temporal variable-step search, multi-factor adaptive weighting, local game-based
conflict handling, and rolling-horizon replanning. A normalized multi-objective cost is
used to balance flight efficiency, smoothness, obstacle avoidance, airspace compliance,
and cooperative safety. The method is tested in four simulated urban scenarios and
compared with six representative methods. In the tested cases, the STC-IMSDBO generates
shorter feasible routes, uses less energy, converges in fewer iterations, and maintains
better cooperative safety than the comparison methods. These results suggest that the
method is a useful planning option for dense urban missions such as logistics, inspection,
and emergency response. That said, larger-swarm runtime tests and field validation are
still needed.

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

1. Introduction
Urban low-altitude operations are shifting from isolated flights to repeated task-

oriented missions. Delivery, inspection, emergency response, and traffic surveillance all
require routes that are safe, compliant, and efficient [1–3]. Compared with single-UAV
operation, multi-UAV cooperation can divide tasks and execute them in parallel, which
helps reduce mission time and enlarge the service area [4,5]. For this reason, multi-UAV
cooperation has become an important technical route for urban low-altitude operations.

In urban scenes, multiple UAVs have to fly through an irregular three-dimensional
space. Tall buildings block parts of the airspace, no-fly and restricted zones overlap,
and low-altitude moving obstacles, such as birds or other aircraft, may appear during
flight [6,7]. Path planning in this setting must handle single-UAV flight quality and fleet-
level coordination at the same time. For a single UAV, the route should be short, smooth,
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energy-aware, and free from static and dynamic obstacles. For the fleet, the planner must
also consider inter-UAV separation, communication stability, airspace compliance, and
coordinated arrival timing [8].

As the urban scene becomes denser and the fleet size increases, the planning problem
becomes harder in two ways. First, the feasible airspace is fragmented by buildings, no-
fly zones, and altitude restrictions. Second, the motion of one UAV affects the feasible
choices of the others through separation, communication, and timing constraints. These
factors make urban multi-UAV path planning a high-dimensional and strongly constrained
problem, especially when online replanning is also required.

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], and Rapidly exploring Random Trees (RRTs) [12] and their improved variants.
These methods are useful in simple static single-UAV scenarios because their search logic
is clear and easy to interpret. Their limitation becomes more visible in dense multi-UAV
scenes, where the planner has to handle spatial obstacles, temporal coupling, and coop-
erative safety at the same time [10,13,14]. A* may suffer from rapidly increasing node
expansion in cluttered maps [15], Dijkstra is often computationally expensive when the
search graph grows [16], and RRTs can generate discontinuous or weakly smoothed paths,
and it does not naturally encode spatio-temporal coordination among multiple UAVs [17].
Figure 1 shows a conceptual diagram of drone logistics delivery in urban areas.

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

Swarm intelligence optimizers offer another route. They search the solution space
through population update rules and usually do not require explicit graph expansion.
The dung beetle optimization (DBO) algorithm, proposed in 2022, is a recently developed
swarm intelligence optimizer [18]. It imitates several dung beetle behaviors, including
ball rolling, dancing, reproduction, foraging, and stealing. Compared with some classical
swarm optimizers, the DBO has a relatively simple structure and a small number of control
parameters. These properties make it attractive for path planning problems where repeated
fitness evaluation is required.

However, the standard DBO cannot be used directly for dense urban multi-UAV plan-
ning without modification. Its original update rules were designed for general optimization,
not for constrained airspace, inter-UAV coupling, or dynamic local changes. Therefore,
several mismatches appear when it is transferred to this task. This specifically manifests 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
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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 and 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 to dynamic environments. 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
UAVs, which cannot ensure the safety of the operation.

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

There are currently many studies on improvements to the DBO algorithm, mostly
focusing on single-UAV path planning scenarios, and very few making targeted optimiza-
tions 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 col-
lisions; nor has a dynamic replanning framework been constructed, making it difficult
to adapt to the urban low-altitude dynamic environment and unable to support actual
operational requirements.

The method proposed in this paper, termed STC-IMSDBO, is designed around these
practical gaps. The point is not to add several isolated tricks to the original DBO. Each
modification is tied to a specific weakness that appears in urban multi-UAV planning, and
the five parts are connected through the same constraint and cost framework.

1. An airspace-constrained adaptive chaotic Latin hypercube strategy is used to gen-
erate the initial population directly in feasible urban airspace. This reduces invalid
individuals at the beginning of the search;

2. The original tangential dance stage is replaced with a spatio-temporal coupled variable-
step golden-sine update. The step size changes with iteration progress, individual fit-
ness, and inter-UAV spacing, so the search does not rely on one fixed movement scale;

3. A multi-factor adaptive weighting mechanism is introduced into the stealing dung
beetle stage. Instead of using a fixed coefficient, the update reflects iteration progress,
diversity, fitness quality, and cooperative cost at the same time;

4. A local non-cooperative game update is inserted into the cooperative avoidance stage.
In this way, inter-UAV separation is handled during path refinement rather than only
after a candidate route has already been formed;

5. A rolling-horizon replanning module is added for dynamic scenes, so the planner can
revise only the affected local segment after new obstacle information is sensed.

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 environ-
mental modeling, constraint conditions, energy consumption model, and multi-objective
cost function; Section 4 describes the STC-IMSDBO algorithm, including the original DBO,
the five improvement strategies, implementation steps, complexity analysis, and con-
vergence discussion; Section 5 conducts simulation experiments, including experimental
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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-UAV path planning is a research hotspot at 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 envi-
ronments. 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 represen-
tative algorithms include A* [19], Dijkstra [16], RRTs [20], and their improved versions.
Reference [21] overcomes the limitations of the traditional A* algorithm in terms of path ro-
bustness and planning efficiency through three strategies: extended distance, bidirectional
search, and smoothing. Reference [22] weights the heuristic function of the A* algorithm to
improve computational efficiency. Reference [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 inte-
grated risk networks and feedback mechanisms to improve the RRT* algorithm, enhancing
the planning efficiency in complex environments. Reference [24] proposes a new framework
that integrates RRTs and A*, with A* path optimization integrated as a post-processing
module into the 3D-MIHE-RRT algorithm, constructing a dual-stage hybrid architecture, ef-
fectively addressing the problems of redundant and irregularly generated paths. However,
when these improved algorithms are applied to multi-UAV collaborative scenarios, severe
dimension explosion problems occur, with the computational complexity increasing ran-
domly and sharply, unable to handle multi-UAV spatio-temporal 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 multi-UAV collaborative
scenarios. Reference [31] proposed a multi-UAV collaborative improved GWO algorithm,
which uses chaotic mapping to optimize the initial solution and adopts a chaotic local search
strategy to maintain the balance between 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-UAV scenarios, but in urban multi-UAV collaborative
scenarios, there are generally problems such as poor coordination, ease of falling 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 Deter-
ministic Policy Gradient (MADDPG) [33] and Multi-Agent Proximal Policy Optimization
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(MAPPO) [34], etc. Reference [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 dig-
ital twin, making the constraint-handling process more explicit and easier to inspect in
safety-critical planning tasks.

2.2. Research on the Improvement of the Dung Beetle Optimization Algorithm

Since the DBO algorithm was proposed in 2022, it has been widely applied in fields
such as function optimization and 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 UAVs in urban
areas. Scholars at home and abroad have conducted various improvements from multiple
dimensions. Zheng et al. proposed an improved DBO method for collaborative 3D UAV
path planning [36]. Their study is closely related to the present work, but it mainly focuses
on strengthening the DBO search process itself. In contrast, this paper further couples
feasible-airspace initialization, local game-based separation handling, and rolling-horizon
replanning for dense urban multi-UAV missions.

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 [37], reverse learning [38],
and good point set [39] 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. 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 [40]. In the iteration
mechanism, evolutionary algorithms [41] and Levy flight are introduced to optimize the
iteration mechanism, using evolutionary algorithms to optimize the iteration process to
improve the convergence speed [41], and combining Levy flight to expand the search space
and improve the optimization accuracy [42]. 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 [43,44]. 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.
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2.3. Motivation

The review above suggests that the current gap is not simply that the DBO has not
been improved enough. The deeper issue is that many existing improvements are still not
built around the actual structure of dense urban multi-UAV missions.

One common problem appears at the beginning of the search. Population samples
may be spread well in a mathematical sense, yet many of them are still useless in real urban
airspace because they fall into blocked or restricted regions.

Another problem arises during optimization. Single-UAV path quality and fleet-level
coordination are often treated in separate steps. That usually works in light scenes, but
once the airspace becomes tight, the planner may keep a decent individual route while the
fleet-level result becomes unstable.

A third limitation is the static setting used in many studies. Static experiments are still
useful, but they do not fully reflect what happens when local obstacle information changes
during flight.

The STC-IMSDBO is developed with these points in mind. The goal is a more task-
aligned DBO framework for urban multi-UAV planning, rather than a general purpose
optimizer meant to fit every routing problem.

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 a city, which com-
pletely covers the static obstacles, airspace control areas, and dynamic obstacles in low-
flying scenarios in a city. The model is established based on the Cartesian coordinate
system, and the 3D space covered by the model is X ∈ [Xmin, Xmax], Y ∈ [Ymin, Ymax] and
Z ∈ [Zmin, Zmax].

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 Equation (1) for the i-th building is:

Ωb,i =

{
(x, y, z)

∣∣∣∣∣ x ∈ [xi,s, xi,e], y ∈ [yi,s, yi,e]

z ∈ [0, Hb,i]

}
, (1)

where xis, xie represents the starting and ending coordinates of the building along the x-axis,
yis, yie represents the starting and ending coordinates along the y-axis, and Hb,i 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 UAVs cannot enter
at all, while the restricted-fly zone is an area where UAVs can enter but cannot exceed the
designated altitude limit.

No-fly zone:

Ωn f =

{
(x, y, z)

∣∣∣∣∣ x ∈ [xn f ,s, xn f ,e], y ∈ [yn f ,s, yn f ,e]

z ∈ [0, Hn f ,max]

}
; (2)

restricted flight zone:

Ωr f =

{
(x, y, z)

∣∣∣∣∣ x ∈ [xr f ,s, xr f ,e], y ∈ [yr f ,s, yr f ,e]

z ∈ [Hr f ,min,+∞)

}
, (3)
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where Hn f ,max represents the maximum height of the no-fly zone, and Hr f ,min represents
the minimum restricted height of the restricted-fly zone. For multiple no-fly and restricted
flight zones, Ωnf and Ωrf denote the union of all corresponding airspace regions.

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 l-th dynamic obstacle
at time t is (xl,t, yl,t, zl,t), and the safety radius is Rd,l . The mathematical model is as shown
in Equation (4):

Ωd,l(t) =
{
(x, y, z)

∣∣∣∣√(x − xl,t)
2 + (y − yl,t)

2 + (z − zl,t)
2 ≤ Rd,l

}
. (4)

If the path points fall within the defined range Ωd,l(t) at any time, the dynamic obstacle
avoidance penalty cost will be triggered.

This study designs four different levels of complexity of urban three-dimensional scenar-
ios, 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 simula-
tion space. The coordinates of any point on the path must satisfy:

0 ≤ xp,s ≤ Xmax, 0 ≤ yp,s ≤ Ymax, 0 ≤ zp,s ≤ Zmax, (5)

where (xp,s, yp,s, zp,s) 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 flight, each UAV must keep a minimum clearance from both static and dynamic
obstacles. The minimum clearance threshold is denoted by Rsa f e, and its measurement
unit is meters. In this study, Rsa f e = 5 m. For the i-th obstacle, oi = (xi, yi, zi) denotes the
reference point of the i-th obstacle used for distance evaluation. For a spherical dynamic
obstacle, it is the obstacle center. For a building obstacle, it can be taken as the closest point
on the obstacle boundary to the current path point. The obstacle avoidance constraint is
written as Equation (6):

∥ pp,s − oi ∥2> Rsa f e, ∀p, ∀s, ∀i, (6)

where pp,s = (xp,s, yp,s, zp,s) denotes the s-th sampled path point of the p-th UAV.

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,s, yp,s, zp,s) /∈ Ωn f , ∀s. (7)

For restricted flight zones, the horizontal projection of the UAV may enter the zone
only when its altitude does not exceed the prescribed altitude limit.
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3.2.4. Multi-UAV Collision Prevention Constraints

At any given time, the spatial distance between any two UAVs must be greater than
the multi-UAV safety distance dsep = 10 m, as shown in Equation (8):

∥ pp(h)− pq(h) ∥2> dsep, ∀p ̸= q. (8)

Here, dsep denotes the minimum inter-UAV separation distance.

3.2.5. Communication Constraints

When multiple UAVs are operating collaboratively, the distance between any UAV
and the cluster’s central node must not exceed the maximum communication distance
Rcom = 500 m to ensure stable cluster communication:

∥ pp(h)− pc(h) ∥2≤ Rcom. (9)

Here, pc(h) is the location of the cluster center node.

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):

tarr
p ∈ [tstart, tend], ∀p. (10)

Here, tarr
p represents the arrival time of the p-th UAV, and [tstart, tend] 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 accelerations and decelerations. This paper constructs a multi-UAV
energy consumption model, which is divided into level flight energy consumption, attitude
adjustment energy consumption, and vertical takeoff 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):

E f ly = (
1
2

CDρSv3 +
mgv

η
)t f ly, (11)

where CD represents the air resistance coefficient, S represents the frontal area, ρ represents
the air density, v represents the level flight speed, m represents the mass of the UAV, g
represents the gravitational acceleration, η represents the propeller efficiency, and t f ly

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 the UAV, and is positively correlated
with path curvature and the number of acceleration and deceleration times. The calculation
formula is shown in Equation (12):

Eatt = katt

M

∑
s=1

|κs|+ kaccNacc, (12)
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where katt is the curvature energy consumption coefficient, κs is the curvature of the path
at position s, kacc is the acceleration and deceleration energy consumption coefficients, and
Nacc is 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):

Evtol =
Fvtol Hvtol

ηvtol
, (13)

where T represents the vertical takeoff and landing thrust, Hvtol represents the total lift-off
height, and ηvtol represents the vertical takeoff and landing efficiency.

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

Etotal = E f ly + Eatt + Evtol . (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-UAV cost and multi-UAV cooperative cost. The smaller the
value of the objective function, the better the path planning effect. The cost function
expression is as follows in Equation (15):

J =
1

Nu

Nu

∑
p=1

Jsingle,p + Jcoop, (15)

where Nu represents the number of UAVs, Jsingle,p represents the individual cost of the p-th
UAV, and Jcoop 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):

Jsingle,p = ω1 Jenergy,p + ω2 Jsmooth,p + ω3 Jobs,p + ω4 Jair,p, (16)

where ω1, ω2, ω3, ω4 are the weight coefficients of energy consumption, path smooth-
ness, obstacle avoidance risk, and airspace violation risk, respectively, and they satisfy
ω1+ ω2 + ω3+ ω4 = 1. In this study, ω1 = 0.3, ω2 = 0.2, ω3 = 0.3, and ω4 = 0.2. This
setting gives slightly higher priority to energy use and obstacle avoidance risk, while path
smoothness and airspace violation penalty are also retained in the integrated cost. Airspace
compliance is further enforced by the hard constraints in Section 3.2.

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

1. Flight energy consumption cost Jenergy,p: 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):

Jenergy,p =
Etotal,p

Emax,p
, (17)

where Etotal,p represents the actual total energy consumption of the p-th UAV, and
Emax,p represents the maximum theoretical energy consumption of this UAV.
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2. Path smoothness cost Jsmooth,p: Calculated based on the mean curvature of the path—
the smaller the value, the higher the smoothness. As shown in Equation (18):

Jsmooth,p =
1
M

M

∑
s=1

|κs,p|. (18)

Here, M represents the number of path points, and κs,p represents the curvature of the
path of the p-th UAV at position s.

3. Obstacle Avoidance Risk Cost Jobs,p: This assesses the collision risk between the UAV
and the obstacle. The smaller the value, the lower the risk, as shown in Equation (19):

Jobs,p =
Nobs
∑

i=1
cr exp(−λodmin

p,i )

dmin
p,i = min ∥ pp,s − oi ∥ 2,

(19)

where Nobs denotes the number of obstacles, dmin
p,i denotes the minimum distance

between the path of the p-th UAV and the i-th obstacle, λo > 0 is the obstacle-risk
decay coefficient, and cr > 0 is a dimensionless risk-scaling coefficient. A smaller
dmin

p,i leads to a larger obstacle-risk cost, while a larger distance makes the exponential
penalty decay rapidly.

4. Airspace violation cost Jair,p: To assess the risk of UAVs violating airspace regulations,
when entering prohibited or restricted flight zones, the cost will sharply increase, as
shown in Equation (20):

Jair,p = kn f Nn f ,p + kr f Nr f ,p, (20)

where kn f , kr f is the penalty coefficient for violations, Nn f ,p is the number of times an
individual enters the restricted flight zone, and Nr f ,p is the number of violations in the
restricted flight zone.

3.4.2. Multi-UAV Cooperative Cost Function

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

Jcoop = γ1 Jcol + γ2 Jcomm + γ3 Jtime, (21)

where γ1, γ2, γ3 are the weight coefficients of collision risk, communication interruption,
and temporal coordination deviation, respectively, and they satisfy γ1 + γ2 + γ3 = 1. In
this paper, γ1 = 0.5, γ2 = 0.3, and γ3 = 0.2 are set according to the priority of urban
multi-UAV operation: collision avoidance is assigned the highest priority, communication
maintenance is assigned the second priority, and arrival time coordination is treated as a
soft coordination term.

1. Multi-UAV collision risk cost Jcol : 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):

Jcol =
Nt

∑
h=1

Nu−1

∑
p=1

Nu

∑
q=p+1

ccol exp(−µcoldpq(h)), (22)

where Nt denotes the number of discrete time steps, Nu denotes the number of UAVs,
and dpq(h) =∥ pp(h)− pq(h) ∥2 is the Euclidean distance between the p-th UAV and
the q-th UAV at the discrete flight step h. The coefficient µ > 0 controls the decay rate
of the collision-risk penalty, and ccol > 0 is the collision-risk scaling coefficient. This
summation form evaluates each UAV pair only once at each time step.
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2. Communication interruption cost Jcomm: Evaluates the communication stability of the
UAV cluster. A penalty cost is incurred when the communication distance is exceeded,
as shown in Equation (23):

Jcomm = kcommNcomm, (23)

where kcomm is the penalty coefficient for communication interruption, and Ncomm is
the number of communication interruptions.

3. Temporal coordination deviation cost Jtime: 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):

Jtime =
1

Nu

Nu

∑
p=1

∣∣∣∣∣tarr
p − ttar

∣∣∣∣∣, (24)

where ttar represents the target arrival time.

3.4.3. Rationale for Additive Weighting and Weight Assignment

The present study uses an additive weighted form after normalization. This choice is
practical rather than absolute.

One reason is readability. The cost terms describe different physical concerns, such as
flight efficiency, safety margin, and coordination quality. After normalization, an additive
form makes it easier to see which term is pushing the update at a given stage, which is
helpful in debugging and in ablation analysis.

Another reason is stability. In trial calculations, multiplicative coupling made the overall
score more sensitive to small changes in certain terms, especially when one term approached
a very small value. That behavior was not helpful for the present path planning task.

The weights therefore express design preference, not universal optimality. In dense
urban missions, a moderate detour can be accepted, but collisions, airspace violations, and
communication breakdown cannot. For that reason, safety- and compliance-related terms
are given higher priority than pure path-shortening terms.

A full Pareto analysis and a broader sensitivity study would be useful. They are not
included here and remain part of the next step.

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:

Xi(t + 1) = Xi(t) + a × k × Xi(t) + r1 × (Xworst − Xi(t)), (25)

where t represents the current iteration number, a is the natural coefficient (taking −1
or 1), k is the deflection coefficient (0 < k ≤ 0.2), r1 is a random number between 0
and 1, and Xworst is the current global worst position.
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When encountering an obstacle, the dung beetle roller updates its position through a
tangential dance:

Xi(t + 1) = Xi(t) + tan(θ)×|Xi(t)− Xi(t − 1)|, (26)

where θ represents the deflection angle.
2. Breeding dung beetles:

Bi(t + 1) = Xlbest + r1 × (Bi(t)− Lb∗) + r2 × (Bi(t)− Ub∗), (27)

where Xlbest represents the current local optimal position, r1, r2 represent two in-
dependent random vectors. UB, LB represent the upper and lower bounds of the
search space, Lb∗ = max(Xlbest × (1 − R), Lb), Ub∗ = min(Xlbest × (1 + R), Ub), and
R = 1 − t/Tmax, and Tmax represents the maximum number of iterations.

3. Small dung beetles:

Xi(t + 1) = Xi(t) + r3 × (Xi(t)− Lbb) + r4 × (Xi(t)− Ubb), (28)

where Ubb = min(Xglbest × (1 + R), Ub) and Lbb = max(Xgbest × (1 − R), Lb), Xgbest

represents the current best recorded solution. r3 is a random vector following a normal
distribution, r4 is a random number between 0 and 1, and D represents the dimension
of the optimization problem.

4. Stealing dung beetles:

Xi(t + 1) = Xgbest + S × randn(1, D)× (
∣∣∣Xi(t)− Xgbest|+|Xi(t)− Xlbest

∣∣∣). (29)

Here, S is a constant, Xgbest represents the current best recorded solution, and
randn(1, D) is a 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 real-time planning requirements.

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 urban airspace
constraints. Based on Latin hypercube sampling [45], this paper introduces logical chaotic
mapping [46] and incorporates urban feasible spatial constraints to propose the spatial
constraint adaptive chaotic Latin hypercube sampling (Airspace-Constrained Adaptive

https://doi.org/10.3390/aerospace13060506

https://doi.org/10.3390/aerospace13060506


Aerospace 2026, 13, 506 13 of 41

Chaotic Latin Hypercube Sampling, AS-ACLHS) strategy, ensuring that the initial pop-
ulation 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 Ω 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:

zn+1 = µczn(1 − zn), (30)

where µc is the Logistic chaotic coefficient.
4. Map the chaotic sequence to the feasible sub-interval of the corresponding region, and

generate the sampling points for each dimension:

xij = Lb,j +
zij + πj(i)− 1

N
× (Ub,j − Lb,j), Xi ∈ Ωfea, (31)

where xij represents the j-th coordinate of the i-th sampling point, and Ub,j, Lb,j rep-
resent the upper and lower bounds of the j-th dimension, πj(i) denotes the random
permutation index on the j-th dimension. Xi ∈ Ωfea means that the generated individ-
ual is located in the feasible airspace after constraint projection.

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):

Xi(t + 1) = Xi(t)×
∣∣∣sin(R1)

∣∣∣+αst(t)× sin(R2)×
∣∣∣τ1Xglobal−best(t)− τ2Xi(t)

∣∣∣, (32)

where R1 ∈ [0, 2π] and R2 ∈ [0, π] are the golden sine angles, τ1, τ2 is the golden ratio
coefficient, and αst(t) is the time-space coupling variable step size.
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1. Golden ratio coefficient:

τ1 = −π + π × 1 +
√

5
2

, τ2 = −π × 1 +
√

5
2

. (33)

The golden ratio coefficient makes the search direction more regular, improving the
convergence speed and accuracy of the algorithm.

2. Spatio-Temporal Coupling Variable Step Size:

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

αst(t) = αmax − (αmax − αmin)×
t
T
× fbest(t)

fi(t) + ε
× 1

1 + exp(−βdi(t))
. (34)

In the formula, αmax, αmin represents the maximum step size, fi(t) represents the
fitness value of the i-th individual, fbest(t) represents the optimal fitness value of the
current population, di(t) represents the mean spatio-temporal distance between the i-th
individual’s drone and other UAVs, β represents the adjustment coefficient, and ε is a very
small positive number, used to avoid division by zero.

In the early stage of iteration, the step size is larger, and the algorithm focuses on the
global collaborative exploration of multiple UAVs, quickly narrowing the search range; in
the later stage of iteration, the step size is smaller, and the algorithm focuses on the 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 distances too close to other UAVs
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 UAVs 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:

Xi(t + 1) = Xgbest(t) + w(t)× randn(1, D)×
∣∣∣Xi(t)− Xglest(t)

∣∣∣, (35)

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

w(t) = wmax − (wmax − wmin)× [λ1
t

Tmax
+ λ2

favg(t)
fi(t)

+ λ3
1

D(t)
+ λ4

Jcoop(t)
Jcoop,max

], (36)

where wmax, wmin represent the maximum and minimum weight, favg(t) represents the
mean fitness value of the current population, D(t) represents the diversity of the current
population, Jcoop(t) represents the cost of multi-UAV collaboration, Jcoop,max represents
the maximum collaboration cost, and λ1, λ2, λ3, λ4 represent the weight coefficient of each
factor, which satisfies λ1 + λ2 + λ3 + λ4 = 1.
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The calculation formula for population diversity D(t) is:

D(t) =
1

N × D

D

∑
j=1

N

∑
i=1

(Xij(t)− Xj(t))2, (37)

where Xj(t) represents the mean value of the j-th dimension of the population.
The MFCSAW strategy dynamically adjusts the weight through four factors:

1. As the number of iterations increases, the weight gradually decreases, 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 weight automatically increases, 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-UAV 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 reduce path conflicts among multiple UAVs during iterative search, this paper
introduces a non-cooperative game-based position-update mechanism for distributed
cooperative obstacle avoidance, referred to as NCGPU. The purpose of this mechanism is
practical. Instead of checking inter-UAV conflicts only after a complete candidate path has
been generated, the coordination step is inserted into the iterative refinement process, so
that separation can be considered while the path is still being updated [47].

It should be emphasized that the game formulation used here is local rather than
global. In dense urban environments, the full multi-UAV trajectory space is usually non-
convex because of buildings, no-fly zones, altitude restrictions, and inter-UAV separation
constraints. For that reason, the equilibrium statement in this section is made for locally pro-
jected feasible updates around the current path control points, rather than for the full global
trajectory space. This treatment is closer to the actual implementation of the algorithm and
avoids overstating the theoretical scope of the result.

Multi-UAV Obstacle Avoidance Non-Cooperative Game Model

The local cooperative obstacle avoidance process is modeled as a non-cooperative game:

G = {P, S, U},

where P is the player set, S =
{

Sp
}Nu

p=1 is the local strategy set family, and U =
{

Up
}Nu

p=1 is
the utility function family.

1. Players

The UAVs participating in the cooperative mission are treated as the players in the
game. The player set is written as:

P = {1, 2, . . . , Nu},

where Nu denotes the number of UAVs.

2. Strategy Space

For the p-th UAV, the strategy variable is denoted by sp and the corresponding strategy
set is denoted by Sp. Here, sp represents a feasible local path update action after projection
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onto the current admissible neighborhood of the path control points. In other words, the
strategy is not the full global trajectory itself, but a bounded local adjustment around the
current path.

The projected strategy set Sp must satisfy the current geometric bounds, obstacle
avoidance requirements, airspace constraints, and inter-UAV separation conditions.

3. Utility function

The utility of the p-th UAV is defined as the negative of its local total cost, namely

Up(sp, s−p) = −Jp(sp, s−p), (38)

where s−p denotes the current strategy combination of all UAVs except the p-th UAV, and
Jp contains both the individual path-related cost and the cooperative cost associated with
interaction with other UAVs. Under this definition, maximizing the utility is equivalent to
minimizing the local total cost while keeping the update feasible.

This formulation allows each UAV to revise its local path update with awareness of
the current actions of other UAVs, while still preserving a distributed update structure.

Existence of a Local Nash Equilibrium

The equilibrium discussion in this paper is made under a local projected setting. To
keep the scope of the statement clear, the assumptions are listed explicitly.

Definition 1. A strategy combination

s∗ = (s∗1 , s∗2 , . . . , s∗Nu
)

is called a Nash equilibrium of the local projected game if, for any player (p) and any feasible local
strategy sp ∈ Sp,

Up(s∗p, s∗−p) ≥ Up(sp, s∗−p),

where s∗−p represents the equilibrium strategies of all UAVs other than the p-th UAV.

Theorem 1. If the projected strategy set Sp of each UAV is nonempty, compact, and convex, and
if the local utility function Up is continuous and quasi-concave with respect to the player’s own
strategy sp, then the local projected multi-UAV obstacle avoidance game admits at least one Nash
equilibrium [47].

Proof. The proof follows the standard fixed-point argument for non-cooperative games.

1. The player set P is finite because the number of UAVs in the cooperative mission
is finite.

2. For each UAV, the strategy set Sp is constructed from a locally projected feasible
neighborhood. Under the projection used in the present algorithm, this neighborhood
is treated as nonempty, bounded, and closed, and is further approximated as convex
during the local update step. Therefore, Sp can be regarded as a nonempty compact
convex subset of a Euclidean space.

3. The utility function Up is defined as the negative of the local total cost Jp. If Jp is
continuous and convex with respect to the player’s own projected update, then Up is
continuous and quasi-concave with respect to sp.

Under these assumptions, the Debreu-Glicksberg-Fan fixed-point theorem [48,49]
supports the existence of at least one Nash equilibrium for the local projected game. The
proof is thus completed in the local projected sense. □
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This result should be interpreted in a limited way. It supports the existence of an
equilibrium in the local projected update problem under the stated assumptions. It does
not imply that the full nonconvex multi-UAV trajectory problem always admits a globally
optimal collision-free equilibrium.

Approximate Equilibrium Position Update Mechanism

Based on the above local game model, a bounded distributed iterative process is used
to obtain an approximate equilibrium update for path refinement. The role of this process
is practical. It is used to reduce inter-UAV conflicts during iterative search, rather than to
provide a complete global solution theory.

The implementation procedure is as follows:

1. At the current outer iteration, each UAV takes the present local strategies of the
other UAVs as given and computes its own best local response within the projected
feasible neighborhood.

2. All UAVs revise their local path updates and then re-check the geometric, airspace,
and inter-UAV separation constraints.

3. The local game iteration stops when either the update change becomes sufficiently
small or the preset inner-loop limit is reached.

The result obtained in this way is an approximate local equilibrium used for coop-
erative path refinement. In the present framework, its function is to improve inter-UAV
separation and reduce path conflicts during iterative search. It should not be interpreted as a
proof that all multi-UAV conflicts are theoretically eliminated under every urban condition.

4.2.5. Dynamic Environment Rolling Horizon Replanning 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 replanning to achieve
real-time path updates in the dynamic environment [50].

The implementation steps of the RHRDE strategy are as follows:

1. Initialize the length of the receding horizon window Tw, the prediction horizon Tp,
and the control time-domain Tc, ensuring that Tc ≤ Tw ≤ Tp.

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 perceive the

real-time position and speed information of the dynamic obstacles, and 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 replanning 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 win-
dow, and repeat steps 3–5 until the UAV reaches the destination.

The rolling horizon module is used to preserve local feasibility when the environment
changes. It should be interpreted as a practical replanning device rather than a proof of
global closed-loop optimality. In each window, only the local path segment affected by
updated obstacle information is replanned, while the global route is retained as a reference.
Its real-time performance still depends on sensing delay, onboard computation, and the
size of the local planning window.
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4.3. Pseudocode of the STC-IMSDBO

To make the workflow easier to follow, this section provides two pieces of pseudocode.
Algorithm 1 describes the main global planning loop of the STC-IMSDBO. Algorithm 2
shows how the planner is called again in the rolling-horizon stage when local replanning is
needed in a dynamic environment.

Algorithm 1. Global path planning procedure of STC-IMSDBO

Input: urban three-dimensional environment model Ω, number of UAVs Nu, set of
origin and destination coordinates, population size N, maximum number of iterations T,
optimization dimension D, upper and lower bounds of search space Ub, Lb, cost
function weight coefficients ω and γ, core parameters of the improvement strategy (τ, λ,
β, etc.), objective function J(·).
Output: Set of best recorded collaborative paths for multiple UAVs Xbest, optimal fitness
value BestFF.
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 Ω 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 BestFF = min (fitness value set), and the optimal solution corresponds to Xbest,
with the iteration number t = 0.
6: while t ≤ T do
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: for i = 1 to Number of rolling dung beetles, do
11: The time-space coupling variable step size αst(t) is calculated
through Equations (33) to (34).
12: Update the individual’s new position Xinew through Equation (32).
13: Verify whether Xinew meets all the constraints. If not, update it again.
14: end for
15: //Update the positions of breeding dung beetles and small dung beetles.
16: for i = 1 to total number of breeding dung beetles and small dung beetles do
17: Update the individual’s new position Xinew by Equations (27) to (28).
18: Verify whether Xinew meets all the constraints. If not, update it again.
19: end for
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Algorithm 1. Cont.

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(t), and
multi-UAV collaboration cost can be calculated through Equations (36) to (37).
22: for i = 1 to Number of stealing dung beetle do
23: Calculate the multi-factor coupled adaptive weights w(t) through
Equation (36)
24: Update the individual’s new position Xinew through Equation (35).
25: Verify whether Xinew 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 Kmax of game iterations
29: while k < Kmax do
30: for p = 1 to Nu do
31: Solve optimal response strategy for the p-th UAV based
on the current positions of other UAVs
32: Update path position of the p-th UAV, and minimize the
total cost function
33: end for
34: if the strategies of all UAVs are unchanged and the local update
change is below the preset threshold then
35: end if
36: k = k + 1
37: end while
38: //Boundary process, fitness evaluation and update optimal solution
39: for i = 1 to N do
40: To perform boundary process on
Xinew, calculate the new individual fitness value by the objective function obj f un
41: if a better solution is found then synchronize Xbest and BestFF

42: end for
43: end while
44: smooth Xbest with Cubic B-spline interpolation
45: Return Xbest and BestFF.

Algorithm 2. Rolling-horizon replanning procedure of STC-IMSDBO in dynamic environments

Input: global reference path set χ∗
g current UAV-state set Xcur(t), rolling-horizon

parameters (rolling horizon Tr, prediction horizon Tp, control horizon Tc), replanning
iteration number Tloc

max dynamic obstacle set Odyn(t) perceived by onboard sensors in
real time, urban environment model Ω, core parameters of STC-IMSDBO algorithm (the
same as Algorithm 1), objective function J(·).
Output: updated local path set χ∗

loc, real-time UAV control command.
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Algorithm 2. Cont.

1: Initialize rolling-horizon parameters and set t = 0, set arrive f lag = f alse.
2: while arrive f lag = f alse do
3: Obtain the current dynamic obstacle information Odyn(t) from onboard sensors.
4: Update the urban environment model Ω(t) and delimit the current feasible airspace.
5: Set the local planning start state as Xcur(t).
6: Extract local sub-goals from χ∗

g within the prediction horizon Tp.
7: Call Algorithm 1 to solve the local replanning problem within the control horizon
Tc, using Tloc

max as the local iteration limit.
8: Obtain the updated local path set χ∗

loc.
9: Execute the first control segment of χ∗

loc within Tc.
10: Update the UAV-state set Xcur(t).
11: t = t + Tc

12: if all UAVs reach their assigned terminal states then
13: arrive f lag = true
14: end if
15: end while
16: Return χ∗

loc and real-time UAV control instructions.

4.4. STC-IMSDBO Algorithm Implement Steps

The STC-IMSDBO algorithm is designed for 3D path planning of multiple UAVs in con-
strained urban airspace. The algorithm flowchart is shown in Figure 2. The implementation
steps are as follows:

 
Figure 2. Flowchart of the STC-IMSDBO algorithm.

Step 1: Parameter initialization.
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Set the population size N, the maximum number of iterations T, the optimization
dimension D, search bounds, cost-function weights, improvement-strategy parameters, the
number of UAVs Nu, and urban environment parameters.

Step 2: Initial population generation.
Use the AS-ACLHS strategy to generate the initial population in the feasible urban

airspace. Each individual represents a candidate set of path control points for the UAV fleet.
Step 3: Path smoothing and fitness evaluation.
Apply cubic B-spline interpolation to smooth each candidate path and calculate its

fitness using the normalized multi-objective cost function.
Step 4: Optimal position determination.
Rank the population according to fitness values and record the current best-so-far

solution, local best solution, and worst solution.
Step 5: Position update of rolling 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 and small dung beetles.
Update the breeding and small dung beetle individuals according to the original DBO

update rules, followed by the same feasibility check.
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; update it again if the constraints are not met.
Step 8: Multi-UAV cooperative game update.
Apply the NCGPU mechanism in the projected feasible neighborhood to obtain an

approximate local equilibrium update. This step is used to reduce inter-UAV conflict risk
during iterative path refinement.

Step 9: Fitness value and optimal position update.
Recalculate the fitness values of all individuals and update the best recorded solution,

local optimal position and global worst position.
Step 10: Convergence judgment.
Determine whether the number of iterations reaches the maximum number of itera-

tions T, if so, output the multi-UAV cooperative path corresponding to the best recorded
solution; 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.

4.5. Computational Complexity

The computational cost of the STC-IMSDBO mainly comes from four parts: popu-
lation initialization, fitness evaluation, iterative position update, and the bounded inner
cooperative game.

In the initialization stage, N individuals are generated in a D-dimensional feasible
space, so the basic cost is O(ND).

Fitness evaluation depends on path smoothing and constraint checking over sampled
path points. If M denotes the number of path samples used in one fitness calculation, then
the population-level evaluation cost can be written as O(NM).

The position-update stage includes the four DBO subgroups and the local cooperative
update. If the inner game loop is bounded by Kg, and the number of UAVs in the coop-
erative mission is denoted by Nu, the pairwise interaction checking in the local game can
be upper-bounded by O

(
KgN2

u
)
. Updating the best-so-far solution requires O(N). Here,

the KgN2
u term assumes that the local cooperative game is applied only to the current
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collaborative path update in each outer iteration. If the same game update is applied to
every population individual, this term becomes O

(
NKgN2

u
)
.

Therefore, for T outer iterations, the computational complexity of the static global
planning stage can be written in compact form as

O
(

T
(

ND + NM + KgN2
u

))
.

Under a fixed scenario scale, where D, M, Kg and Nu are treated as bounded design
quantities, the dominant order with respect to the population size N remains linear. In this
limited asymptotic sense, the static global planning stage is in the same complexity class as
the original DBO. This statement should not be interpreted as meaning that the practical
runtime is identical.

In actual computation, the cooperative game, separation checking, and rolling-horizon
replanning increase the constant factor. This effect becomes more visible as the fleet size
grows. Therefore, the present analysis is used to clarify the order of growth of the planner,
not to replace direct wall-clock benchmarking for larger UAV swarms.

4.6. Convergence Discussion Under Idealized Search Assumptions

Since the STC-IMSDBO is implemented with a finite iteration budget, a probability-one
global convergence result would be too strong for the present planner. For this reason, the
discussion in this section is limited to an asymptotic interpretation of the stochastic search
dynamics under idealized assumptions.

4.6.1. Markov Interpretation of the Stochastic Search

Because the population at iteration t + 1 depends on the current population together
with the random variables generated in that iteration, the outer search loop can be in-
terpreted as a stochastic process in the population state space. A Markov interpretation
is therefore useful for describing the search evolution [51]; however, its role here is still
limited. It is mainly used to explain why the algorithm can continue visiting different
feasible regions while retaining the best solution found so far.

4.6.2. Asymptotic Improvement Interpretation

If the randomized initialization and update operators preserve a nonzero probability
of entering feasible regions, and if the best-so-far solution is retained monotonically, then
the recorded best fitness forms a non-increasing sequence over iterations. In this sense, the
search can be understood as having an asymptotic improvement tendency.

This statement does not mean that every finite run reaches the global optimum. It
only suggests that the search can continue improving without discarding better feasible
solutions once they have been found.

Accordingly, no rigorous finite-time global-optimality claim is made for the present
planner in this paper.

5. Simulation Experiments and Result Analysis
5.1. Experimental Environment Setup

The simulation experiments were carried out in MATLAB R2023a on a workstation
equipped with an Intel Core i9-12900H CPU, 64 GB RAM, and the Windows 10 oper-
ating system. To evaluate the method under different levels of urban complexity, four
three-dimensional low-altitude scenarios were constructed, ranging from low-complexity
suburban-like space to dense urban airspace with dynamic obstacles. The corresponding
parameters are listed in Table 1.
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Table 1. Parameter Settings for Four Simulation Scenarios.

Simulation Area
(X,Y,Z)

Number of
UAVs Start Points Target Points Number of

Buildings
Number of

No-Fly Zones
Number of

Dynamic Obstacles Complexity

100 × 100 × 200 2 (10,10,30),
(20,20,30)

(80,90,80),
(90,80,80) 5 2 0 Low

200 × 200 × 300 4

(10,10,30),
(20,20,30),
(10,20,30),
(20,10,30)

(180,190,100),
(190,180,100),
(180,180,100),
(190,190,100)

10 4 0 Medium

300 × 300 × 500 8

Uniformly
distributed in
the lower left
corner of the

area

Uniformly
distributed in

the upper
right corner of

the area

20 8 0 High

500 × 500 × 600 16

Uniformly
distributed in
the lower left
corner of the

area

Uniformly
distributed in

the upper
right corner of

the area

30 12 10 Ultra-high

The four scenarios represent low-, medium-, high-, and ultra-high-complexity urban
environments, respectively. They are used to test the planner under increasing levels of
obstacle density, airspace restriction, fleet size, and dynamic interference. In this way, the
experiments do not only compare average performance in a single map, but also examine
how the method behaves as the planning difficulty grows.

To evaluate the effectiveness of the STC-IMSDBO, six representative path planning
methods were selected for comparison: multi-UAV Adaptive Chaotic Gray Wolf Opti-
mization (MACGWO) [31], MDBO [52], multi-UAV Whale Optimization (MWOA) [9],
multi-agent proximal strategy Optimization (MAPPO) [53], Multi-Agent Deep Determinis-
tic Policy Gradient (MADDPG) [54], and Multi-UAV Hyper-heuristic Whale Optimization
(MHHWOA) [55]. These methods were chosen because they cover three different planning
paradigms, including improved swarm intelligence methods, the original DBO baseline,
and representative multi-agent reinforcement learning approaches. This combination
makes the comparison less dependent on one algorithm family alone.

The reinforcement learning baselines were evaluated using their trained policies under
the same scenario settings. Their role in the comparison is to provide a representative
learning-based reference, rather than to imply that training cost is directly comparable to
search-based runtime in one planning episode.

For fairness, all stochastic planners were independently executed 50 times in each
scenario, and the reported results were computed from these repeated runs. The population
size and the maximum iteration budget were kept identical across the population-based
methods. For each comparison algorithm, the remaining control parameters followed the
settings recommended in the corresponding source paper. No additional scenario-specific
manual tuning was introduced after feasibility checks.

To obtain a more complete view of the planning quality, nine indicators were used
in the comparison: mean path length, convergence iteration count, path smoothness,
mean fitness, mean energy consumption, multi-UAV collision rate, airspace violation rate,
temporal coordination error, and dynamic obstacle avoidance success rate. These indicators
were selected to cover not only path efficiency, but also cooperative safety, regulatory
compliance, and mission coordination quality.

In addition to the mean value comparison, a nonparametric statistical test is further
reported in Section 5.4 to check whether the main performance differences are likely to
be random.
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5.2. Comparative Experiments
5.2.1. Comparison of Path Length and Energy Consumption

The mean path length results of all methods in the four scenarios are listed in Table 2.
Path length is used here as a direct indicator of route efficiency, but it should be read
together with feasibility, smoothness, and safety-related metrics rather than in isolation.

Table 2. Comparison of mean path lengths of each algorithm (unit: m).

Algorithms Low
Complexity

Medium
Complexity

High
Complexity

Ultra-High
Complexity

Mean Shortening
Ratio

STC-IMSDBO 126.37 289.52 512.46 986.37 —
MACGWO 165.29 386.41 702.35 1325.64 23.71%

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 shown in Table 2, the STC-IMSDBO provides the shortest mean feasible path in
all four tested scenarios, with values of 126.37, 289.52, 512.46, and 986.37 m from the low-
complexity case to the ultra-high-complexity case. The advantage is relatively modest in the
simpler environment, but becomes more visible as the scene grows denser and the number
of UAVs increases. For example, in the low-complexity scenario, the mean path length is
21.21% shorter than that of the MWOA, while in the ultra-high-complexity scenario, the
reduction reaches 36.24%. This pattern suggests that the proposed planner is better able to
control detours caused by congestion, constraint interaction, and cooperative separation in
harder scenes.

The result should still be read with some care. A shorter mean path does not by itself
imply that the planner is better in every respect. Its value is clearer when it appears together
with acceptable safety, smoothness, and energy performance, which is why the following
indicators are reported separately.

Figure 3 gives a visual comparison of the mean path lengths in the four scenarios. The
purpose of the figure is descriptive. It helps show how the gap between methods changes
as the environment becomes more complex.

Figure 3. Bar chart comparing mean path lengths.
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Table 3 reports the mean flight energy consumption of the compared methods. Un-
like path length, the energy metric reflects not only travel distance, but also trajectory
smoothness and maneuvering demand.

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

Algorithms Low Complexity Medium
Complexity

High
Complexity

Ultra-High
Complexity

Mean Energy Consumption
Reduction 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%

MHHWOA 896.47 1887.62 3487.25 7158.36 8.02%
MADDPG 965.32 2058.47 3845.69 7854.21 16.17%

Table 3 shows the same trend in all four scenarios. The STC-IMSDBO always gives the
lowest mean energy consumption, with values of 826.54, 1758.32, 3246.75, and 6584.29 kJ
from the low-complexity case to the ultra-high-complexity case. Compared with the six
reference methods, the reduction ranges from 8.02% to 33.12%. This result is close to the
path length comparison, but it is not a simple repetition of it. In the present tests, the lower
energy use appears to be related to shorter feasible routes and fewer unnecessary local
corrections during cooperative updates.

Taken together, Tables 2 and 3 suggest that the STC-IMSDBO improves route efficiency
without achieving that gain through unstable or excessively costly maneuvers. The next
subsection examines whether a similar pattern also appears in convergence behavior.
Figure 4 provides a visual comparison of the mean flight energy consumption across the
four scenarios.

Figure 4. Line chart comparing mean flight energy consumption.

5.2.2. Convergence Speed Comparison

The convergence iteration results of all methods are listed in Table 4. Here, convergence
speed is described by the number of iterations required to reach the best recorded solution
under the preset stopping condition. A smaller iteration count indicates that the search
enters a stable high-quality region earlier.
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Table 4. Comparison of convergence iteration number for each algorithm.

Algorithms Low Complexity Medium
Complexity

High
Complexity

Ultra-High
Complexity

Mean Number
of 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

As reported in Table 4, the STC-IMSDBO requires the fewest iterations in all four
tested scenarios, with convergence counts of 38, 59, 82, and 108, and a mean value of 71.75.
Compared with the six reference methods, the reduction in the mean convergence count
ranges from 14.10% to 39.47%. In the low-complexity scenario, the STC-IMSDBO converges
in 38 iterations, which is 41.54% fewer than the MWOA. In the ultra-high-complexity
scenario, it converges in 108 iterations, still 41.62% fewer than MWOA.

This result suggests that the proposed update mechanism helps the search reach a
useful feasible region earlier and reduces unnecessary late-stage wandering. The effect be-
comes clearer as the environment becomes more constrained, where cooperative interaction
and obstacle structure make inefficient search more costly.

The result should not be read as a full runtime benchmark. Fewer iterations usually
help practical efficiency, but wall-clock time is also influenced by fitness evaluation, inner
cooperative updates, and implementation details. For this reason, the convergence count
comparison is used here as an algorithmic efficiency indicator rather than a direct substitute
for runtime profiling.

Figure 5 gives a visual view of the convergence iteration comparison. It is used to
show how the gap between methods changes across the four scenarios, especially when
the planning problem shifts from relatively open space to dense urban coordination.

Figure 5. Line chart comparing convergence iteration number.

5.2.3. Comparison of Path Smoothness and Comprehensive Fitness

The comparison results of path smoothness and mean fitness are listed in Table 5. In
this study, path smoothness is evaluated by the mean curvature of the UAV trajectories,
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while mean fitness reflects the overall optimization result under the normalized multi-
objective cost formulation.

Table 5. Comparison of path smoothness and mean fitness of various algorithms.

Algorithm Mean Curvature (1/m) Curvature Reduction Rate Mean Fitness Value Fitness Reduction 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%

As shown in Table 5, the STC-IMSDBO gives the lowest mean curvature among all
compared methods, with a value of 0.0135. Relative to the six reference methods, the
curvature reduction ranges from 14.56% to 40.53%. This indicates that the generated
routes are smoother on average, especially when compared with the MWOA, MACGWO,
and MADDPG.

The same table also shows that the STC-IMSDBO obtains the lowest mean fitness
value, namely 0.218. Compared with the other six methods, the reduction in mean fitness
ranges from 10.29% to 34.93%. Since the fitness value in this paper combines route efficiency,
smoothness, obstacle avoidance, airspace compliance, and cooperative cost, this result
suggests that the advantage of the STC-IMSDBO is not limited to one isolated metric.

These two indicators should also be read together rather than separately. A planner
may reduce path length while still producing routes with larger curvature or higher
integrated cost. In the present experiments, the STC-IMSDBO performs better on both
metrics at the same time, which is consistent with the earlier results on path length and
energy consumption.

Figure 6 gives a visual comparison of mean curvature and mean fitness. The figure is
used to show the relative gap among methods more directly, while the detailed numerical
comparison is still given by Table 5.

Figure 6. Bar chart comparing path smoothness and mean fitness.

https://doi.org/10.3390/aerospace13060506

https://doi.org/10.3390/aerospace13060506


Aerospace 2026, 13, 506 28 of 41

5.2.4. Comparison of Multi-UAV Cooperative Performance

The comparison results of multi-UAV cooperative performance are listed in Table 6.
Three indicators are considered here: multi-UAV collision rate, airspace violation rate,
and temporal coordination error. Together, they reflect whether the planner can maintain
separation, satisfy regulatory constraints, and support coordinated arrival behavior at the
same time.

As reported in Table 6, the STC-IMSDBO records a collision rate of 0%, an airspace
violation rate of 0%, and a temporal coordination error of 0.62 s. In contrast, the six reference
methods show collision rates ranging from 2.2% to 12.6%, airspace violation rates from 3.4%
to 15.2%, and temporal coordination errors from 1.08 to 2.84 s. Among them, MHHWOA is
the closest to the STC-IMSDBO in this comparison, with values of 2.2%, 3.4%, and 1.08 s,
while MWOA shows the largest deviation, with 12.6%, 15.2%, and 2.84 s.

These results indicate that the STC-IMSDBO performs more consistently against the
cooperative indicators in the reported simulations. The zero recorded collision and zero
recorded violation rates are encouraging, but they should be read as empirical results in
the present test set rather than as a universal theoretical guarantee. The relatively small
temporal coordination error also suggests that the proposed planner handles fleet-level
timing more effectively under the current cost and constraint setting.

The result is better understood when the three indicators are viewed together. A
planner may reduce collision events but still show larger timing deviation, or it may
preserve timing coordination while violating airspace rules more often. In the present
experiments, the STC-IMSDBO improves all three indicators at the same time, which is why
its cooperative performance appears more balanced than that of the comparison methods.

Table 6 therefore supports the practical value of the proposed cooperative update
design under the current simulation settings, especially in terms of maintaining separation
and regulatory feasibility while preserving acceptable coordination accuracy. Figure 7
provides a visual comparison of the multi-UAV cooperative performance indicators.

 

 

Figure 7. Bar chart comparing multi-UAV cooperative performance.
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Table 6. Comparison of multi-UAV cooperative performance.

Algorithm Collision Rate of Multiple UAVs (%) Airspace Violation Rate (%) Temporal Coordination 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 4.4 5.8 1.63

MHHWOA 2.2 3.4 1.08
MADDPG 5.6 6.2 1.75

5.2.5. Comparison of Obstacle Avoidance Performance in Dynamic Environments

The comparison results of dynamic obstacle avoidance performance in the ultra-high-
complexity scenario are listed in Table 7. Three indicators are reported here: success rate
of dynamic obstacle avoidance, mean path length, and mean flight energy consumption.
Together, they are used to check whether the planner can avoid moving obstacles without
paying an excessive price in route efficiency and flight cost.

Table 7. Comparison of dynamic obstacle avoidance performance.

Algorithm Success Rate of Dynamic
Obstacle Avoidance (%) Mean Path Length (m) Mean Flight Energy

Consumption (kJ)

STC-IMSDBO 100 986.37 6584.29
MACGWO 86.4 1325.64 8765.34

MDBO 92.6 1086.93 7458.62
MWOA 82.2 1545.72 9845.76
MAPPO 94.8 1125.84 7685.43

MHHWOA 96.2 1061.25 7158.36
MADDPG 93.4 1126.93 7854.21

As shown in Table 7, the STC-IMSDBO achieves a dynamic obstacle avoidance success
rate of 100%, together with a mean path length of 986.37 m and a mean flight energy
consumption of 6584.29 kJ. In contrast, the success rates of the six reference methods range
from 82.2% to 96.2%, the mean path lengths range from 1061.25 to 1545.72 m, and the mean
flight energy consumption ranges from 7158.36 to 9845.76 kJ. Among them, MHHWOA is
the closest to the STC-IMSDBO in this scenario, with a success rate of 96.2%, a mean path
length of 1061.25 m, and a mean energy consumption of 7158.36 kJ, whereas MWOA shows
the weakest result, with 82.2%, 1545.72 m, and 9845.76 kJ.

These results suggest that the STC-IMSDBO is better able to maintain feasible local
replanning when dynamic obstacles appear in a dense urban scene. The advantage is not
reflected in the success rate alone. In the present test, the method also preserves a shorter
path and lower energy use after replanning, which means that the obstacle avoidance gain
is not obtained by simply accepting large detours or overly expensive maneuvers.

The result should still be interpreted as an empirical outcome under the current
simulation setting. The 100% success rate is encouraging, but it does not by itself imply a
universal guarantee for all dynamic environments. Within the present setup, the result is
consistent with the role of the rolling-horizon replanning strategy, which allows local path
correction after new obstacle information becomes available.

Figure 8 provides a visual comparison of dynamic obstacle avoidance performance.
Its role is descriptive. The detailed numerical differences are given in Table 7.
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Figure 8. Bar chart comparing dynamic obstacle avoidance performance.

5.3. Ablation Experiment

To examine the contribution of each improvement module, an ablation experiment
was conducted in the high-complexity scenario. The original MDBO was used as the
baseline. Five single-module variants, one two-module variant, and the full STC-IMSDBO
model were then compared under the same evaluation indicators, including path length,
convergence iteration count, mean curvature, fitness value, and multi-UAV collision rate.
The results are reported in Table 8.

Table 8. Comparison of ablation experiment results.

Algorithms Path Length
(m)

Number of
Convergence

Mean Curvature
(1/m)

Fitness
Value

Collision
Rate (%)

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
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-ACLHS+ST-VSSGSI 528.46 88 0.0152 0.237 1.8
STC-IMSDBO (Overall strategy) 512.46 82 0.0135 0.218 0

Table 8 shows that each single-module variant improves at least part of the original
MDBO result. Compared with original MDBO, whose path length is 564.82 m, convergence
count is 112, mean curvature is 0.0176, fitness value is 0.264, and collision rate is 3.2%, the
single-module variants reduce one or more of these indicators. This suggests that the five
modules are not merely decorative additions, although their effects are not identical.

The AS-ACLHS variant mainly improves early search quality. Its path length decreases
from 564.82 to 552.37 m, and the collision rate decreases from 3.2% to 2.4%. This is consistent
with its role in generating more feasible initial individuals in constrained urban airspace.
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The ST-VSSGSI variant gives the clearest improvement in convergence speed and
smoothness among the single-module variants. The convergence count decreases from
112 to 94, while the mean curvature decreases from 0.0176 to 0.0158. These changes
correspond to reductions of 16.07% and 10.23%, respectively. This result is consistent with
the function of the variable-step update, which adjusts the search scale during different
iteration stages.

The MFCSAW provides gives a moderate but stable improvement. Its path length is
556.48 m, the convergence count is 102, and the fitness value decreases from 0.264 to 0.252.
This indicates that adaptive weighting mainly helps stabilize the search and improve the
integrated cost, rather than acting on one single indicator alone.

The NCGPU variant has the most direct effect on cooperative safety. Its collision rate
decreases from 3.2% to 0%, while the path length and fitness value are also reduced to
548.35 m and 0.251, respectively. This result should be interpreted as an empirical outcome
in the current ablation setting, not as a universal proof that all possible multi-UAV conflicts
are eliminated.

The RHRDE variant shows a smaller effect in this static high-complexity ablation
scene, with a path length of 560.27 m, a convergence count of 110, and a collision rate of
3.0%. This is expected, because the main role of RHRDE is dynamic replanning rather
than static-map optimization. Its effect is more visible in the dynamic obstacle experiment
reported in Section 5.2.5.

The two-module variant, MDBO+AS-ACLHS+ST-VSSGSI, performs better than all
single-module variants. Its path length is 528.46 m, convergence count is 88, mean curvature
is 0.0152, fitness value is 0.237, and collision rate is 1.8%. This result indicates that feasible
initialization and variable-step search can support each other: a better initial population
reduces invalid exploration, while the variable-step update improves later refinement.

The full STC-IMSDBO model gives the best overall result in this ablation group.
Compared with original MDBO, the path length decreases from 564.82 to 512.46 m, the
convergence count decreases from 112 to 82, the mean curvature decreases from 0.0176 to
0.0135, and the fitness value decreases from 0.264 to 0.218. The corresponding reductions
are 9.27%, 26.79%, 23.30%, and 17.42%, respectively. The collision rate also decreases from
3.2% to 0%.

These results suggest that the five modules act on different bottlenecks of the planning
process. AS-ACLHS mainly affects initialization quality, ST-VSSGSI affects search speed
and smoothness, MFCSAW improves integrated cost stability, NCGPU affects cooperative
safety, and RHRDE is mainly useful when dynamic replanning is required. The full model
benefits from combining these effects, but the result should still be understood within the
tested high-complexity scenario.

5.4. Statistical Test

To further examine whether the observed performance differences are likely to be
random, a Wilcoxon rank-sum test was applied in the high-complexity scenario. Four
indicators were tested: path length, convergence iteration count, mean curvature, and
fitness value. The significance level was set to α = 0.05. If the p-value is smaller than
0.05, the difference between the STC-IMSDBO and the corresponding comparison method
is considered statistically significant under the current test setting. The results are listed
in Table 9.

As shown in Table 9, all p-values are below 0.05. For MACGWO, the p-values are 0.011,
0.007, 0.013, and 0.008 for path length, convergence count, mean curvature, and fitness
value, respectively. For MDBO, the corresponding values are 0.019, 0.015, 0.022, and 0.017.
For MWOA, the p-values are smaller, namely 0.004, 0.002, 0.005, and 0.003.
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Table 9. Wilcoxon rank-sum test results (α = 0.05).

Comparison
Algorithms

Path Length
(p Value)

Number of
Convergence (p Value)

Mean Curvature
(p Value)

Fitness Value
(p Value) Overall Differences

MACGWO 0.011 (+) 0.007 (+) 0.013 (+) 0.008 (+) Significantly superior
MDBO 0.019 (+) 0.015 (+) 0.022 (+) 0.017 (+) Significantly superior
MWOA 0.004 (+) 0.002 (+) 0.005 (+) 0.003 (+) Significantly superior
MAPPO 0.016 (+) 0.012 (+) 0.019 (+) 0.014 (+) Significantly superior

MHHWOA 0.031 (+) 0.027 (+) 0.034 (+) 0.029 (+) Significantly superior
MADDPG 0.014 (+) 0.011 (+) 0.017 (+) 0.013 (+) Significantly superior

Note: (+) indicates that STC-IMSDBO is statistically significantly superior to the corresponding comparison
algorithm at the significance level of α = 0.05.

The same pattern is also observed for the learning-based and hybrid comparison
methods. The p-values for MAPPO are 0.016, 0.012, 0.019, and 0.014, while those for
MADDPG are 0.014, 0.011, 0.017, and 0.013. MHHWOA is the closest competitor in this
test, with p-values of 0.031, 0.027, 0.034, and 0.029, but these values are still below the
0.05 threshold.

These results support the statistical significance of the observed differences in the
selected high-complexity scenario. The difference between the STC-IMSDBO and MWOA
is the most pronounced among the reported comparisons, while the difference between the
STC-IMSDBO and MHHWOA is smaller but still statistically significant. This test reduces
the likelihood that the reported performance gap is caused only by random variation in
repeated runs. It should not be interpreted as a substitute for broader runtime or scaling
validation across larger UAV swarms.

5.5. Digital Twin Simulation Test for Real City Scenarios

To further examine the method in a more realistic urban layout, a digital twin sim-
ulation scenario was constructed using topographic data from the Lujiazui core area in
Shanghai. The test space covers 1000 m × 1000 m × 600 m and contains 42 buildings, eight
no-fly zones, six restricted flight zones, and eight UAVs. The task setting follows an urban
logistics delivery scenario. The UAV parameters are set with reference to the DJI M300
RTK platform.

The STC-IMSDBO was compared with MDBO, MWOA, and MHHWOA in this digital
twin scenario. The tested indicators include total path length, obstacle avoidance success
rate, runtime, mean flight energy consumption, and minimum safe distance. The numerical
results are listed in Table 10.

As shown in Table 10, STC-IMSDBO obtains the shortest total path length, with a
value of 1288.7 m. The corresponding values of MDBO, MWOA, and MHHWOA are 1584.2,
1512.6, and 1425.8 m, respectively. This suggests that the proposed planner reduces detours
in the dense Lujiazui map, especially when compared with the original DBO baseline.

The runtime of the STC-IMSDBO is 8.45 s, while MDBO, MWOA, and MHHWOA
require 18.52, 14.35, and 12.18 s, respectively. Relative to MDBO, the reduction in runtime
is about 54.4%. This result indicates that the improved search strategy can reduce planning
time in the reported digital twin test. It should still be interpreted as a simulation-level
runtime result, not as a complete onboard real-time validation.

In terms of obstacle avoidance and safety margin, the STC-IMSDBO records an obstacle
avoidance success rate of 99.8% and a minimum safe distance of 20.6 m. The corresponding
success rates of MDBO, MWOA, and MHHWOA are 72.4%, 81.5%, and 91.2%, while
their minimum safe distances are −3.2 m, 6.4 m, and 12.8 m, respectively. The negative
value for MDBO indicates model penetration in this test case. These results suggest that
proposed constraint-handling and cooperative update design can better maintain geometric
feasibility in the dense urban map.
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Table 10. Digital twin simulation results in the Lujiazui urban scenario.

Performance Indicator MDBO MWOA MHHWOA STC-IMSDBO

Total path length (m) 1584.2 1512.6 1425.8 1288.7
Obstacle avoidance success

rate (%) 72.4% 81.5% 91.2% 99.8%

Runtime (s) 18.52 14.35 12.18 8.45
Mean flight energy
consumption (kJ) 142.5 133.8 115.4 96.2

Minimum safe distance (m) −3.2 (Severe model penetration) 6.4 12.8 20.6

The energy result follows the same general trend. The STC-IMSDBO gives a mean
flight energy consumption of 96.2 kJ, lower than MDBO, MWOA, and MHHWOA, whose
values are 142.5, 133.8, and 115.4 kJ, respectively. This improvement is consistent with the
shorter path and smoother cooperative updates observed in the previous experiments.

Overall, the Lujiazui digital twin experiment supports the practical relevance of the
STC-IMSDBO in a dense urban layout. At the same time, this test should not be viewed as
a substitute for real flight validation. Sensor delay, wind disturbance, GNSS degradation,
communication loss, and onboard computing limits are not fully represented in the current
simulation. For this reason, the digital twin result is best understood as an intermediate
validation step between synthetic benchmark scenarios and future hardware-in-the-loop or
flight experiments.

Figure 9 is a radar chart comparison of the main indicators in the Lujiazui digital
twin scenario. The chart summarizes the results in terms of path length, runtime, obstacle
avoidance, energy consumption, and safety margin. It is used as a visual summary of
Table 10, rather than as independent evidence of real-world deployment capability.

 

Figure 9. Radar chart.

Figure 10 provides an additional visual comparison of the performance indicators. It
helps show the relative differences among the four methods, while the main quantitative
evidence is still provided by Table 10. Therefore, this figure should be interpreted as a
supporting visualization.
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(b) describes the convergence curves 

 
(c) describes the multi-indicator bar chart comparison 

Figure 10. Performance comparison chart.

The CEC2017 results in Section 5.6 provide supplementary evidence for the numerical
search stability of the STC-IMSDBO. They should not be used as a direct explanation of the
Lujiazui runtime or obstacle avoidance performance. The results in Table 10 remain the
main evidence for the digital twin scenario, while the CEC2017 benchmark only supports
the general optimization behavior of the proposed search mechanism.

Figure 11 shows the multi-UAV paths generated by the four algorithms in the Lujiazui
digital twin map. Compared with the reference methods, the STC-IMSDBO produces
routes with fewer visible detours and better separation from dense building regions. This
visual result is consistent with the shorter path length and larger minimum safe distance
reported in Table 10.
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Figure 11. Multi-UAV path planning by four algorithms.
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5.6. CEC 2017 Benchmark

The CEC2017 benchmark was used as a supplementary test to examine the general
numerical search behavior of the STC-IMSDBO. This test is different from the urban
multi-UAV path planning experiments in Sections 5.2–5.5. It does not evaluate flight
safety or dynamic obstacle avoidance directly. Its role is to check whether the improved
search mechanism still maintains stable optimization performance on standard nonlinear
benchmark functions.

To keep the main text focused on the UAV planning problem, only representative
CEC2017 results are reported in this section. The selected functions cover unimodal,
multimodal, and composition cases. The full benchmark definitions follow the standard
CEC2017 setting.

5.6.1. Experimental Setup

The benchmark experiments were conducted in MATLAB R2023a on the same work-
station used in the previous simulations. The optimization dimension was set to (D = 30),
and the search range followed the standard CEC2017 configuration. Seven algorithms
were compared: MAPPO [53], MADDPG [54], MWOA [9], MDBO [52], MACGWO [31],
MHHWOA [55], and STC-IMSDBO.

Each selected benchmark function was independently run 30 times. The mean value
and standard deviation of the final fitness values were recorded. A smaller mean value
indicates better optimization accuracy, while a smaller standard deviation indicates better
stability across repeated runs.

5.6.2. Test Results and Analysis

The representative CEC2017 results are listed in Table 11. The STC-IMSDBO obtains
lower mean values and smaller standard deviations than the comparison methods on
the selected functions. For example, on the unimodal function F1, the STC-IMSDBO
obtains 9.59 × 101/1.34 × 101, while MHHWOA, the closest reference method, gives
7.68 × 102/6.89 × 101. On F3, the corresponding values are 2.79 × 102/1.53 × 101 for
the STC-IMSDBO and 2.27 × 103/3.33 × 102 for MHHWOA.

Table 11. Representative CEC2017 benchmark results (D = 30, Mean/Std).

Function Type MAPPO MADDPG MWOA MDBO MACGWO MHHWOA STC-
IMSDBO

F1 Unimodal 1.13 × 105/
1.03 × 104

8.76 × 104/
5.16 × 103

1.49 × 104/
2.22 × 103

5.64 × 103/
7.96 × 102

2.53 × 103/
3.25 × 102

7.68 × 102/
6.89 × 10

9.59 × 10/
1.34 × 10

F3 Unimodal 3.27 × 105/
3.09 × 104

2.43 × 105/
2.10 × 104

4.68 × 104/
6.65 × 103

1.63 × 104/
1.01 × 103

7.10 × 103/
8.11 × 102

2.27 × 103/
3.33 × 102

2.79 × 102/
1.53 × 10

F4 Multimodal 4.77 × 105/
5.64 × 104

3.44 × 105/
4.07 × 104

6.02 × 104

/5.83 × 103
2.28 × 104/
2.30 × 103

1.01 × 104/
1.00 × 103

3.01 × 103/
2.86 × 102

4.35 × 102/
3.53 × 10

F6 Multimodal 7.91 × 105/
7.62 × 104

4.68 × 105/
5.43 × 104

9.31 × 104/
1.02 × 104

3.66 × 104/
2.19 × 103

1.65 × 104/
1.88 × 103

4.55 × 103/
6.41 × 102

5.60 × 102/
4.71 × 10

F30 Composition 3.36 × 106/
3.52 × 105

2.45 × 106/
1.55 × 105

4.50 × 105/
3.65 × 104

1.94 × 105/
2.78 × 104

8.18 × 104/
9.05 × 103

2.54 × 104/
3.64 × 103

3.08 × 103/
1.66 × 102

Similar behavior appears in the multimodal functions. On F4, the STC-IMSDBO
records 4.35 × 102/3.53 × 101, compared with 3.01 × 103/2.86 × 102 for MHHWOA. On F6,
the STC-IMSDBO gives 5.60× 102/4.71× 101, while MHHWOA gives 4.55× 103/6.41× 102.
These results suggest that the proposed search operators can maintain useful exploration
and refinement ability in nonconvex landscapes.

The composition functions are more difficult because several shifted and rotated
landscapes are combined. In the retained representative result F30, the STC-IMSDBO
obtains 3.08 × 103/1.66 × 102, while MHHWOA gives 2.54 × 104/3.64 × 103, MACGWO
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gives 8.18 × 104/9.05 × 103, and MDBO gives 1.94 × 105/2.78 × 104. The smaller standard
deviation of the STC-IMSDBO in this case indicates more stable repeated run behavior
under the selected benchmark setting.

However, these benchmark functions only test numerical optimization behavior. They
should not be interpreted as direct evidence of urban flight safety, real-time deployability,
or dynamic obstacle avoidance capability. The main evidence for those aspects is still
provided by the urban multi-UAV simulations in Sections 5.2–5.5.

Figure 12 shows representative convergence curves on selected CEC2017 functions
rather than the full benchmark suite. The selected functions cover different landscape types,
including unimodal, multimodal, and composition cases. This reduced figure is easier to
read and avoids compressing too many small plots into one panel.

 

Figure 12. Representative convergence curves on selected CEC2017 functions (F1, F3, F6, and F30).

5.7. Summary

The simulation results give several observations about the behavior of the STC-IMSDBO.
First, the reduced CEC2017 benchmark shows that the proposed search mechanism

maintains stable numerical optimization ability on representative test functions. On the
retained functions, the STC-IMSDBO obtains lower mean/std values than the compar-
ison methods. For example, on F1 and F30, the results are 9.59 × 101/1.34 × 101 and
3.08 × 103/1.66 × 102, respectively. These results support the general search stability of the
algorithm, although they do not directly prove urban flight safety or real-time deployability.

Second, in the four urban multi-UAV planning scenarios, the STC-IMSDBO gives
shorter feasible paths and lower energy consumption than the comparison methods. The
mean path length reduction ranges from 6.12% to 36.24%, and the mean energy reduc-
tion ranges from 8.02% to 33.12%. This suggests that the proposed planner can reduce
unnecessary detours while keeping the flight cost lower in the tested scenarios.

Third, the method also shows faster convergence and smoother trajectories. The
mean convergence count is 71.75, which is 14.10–39.47% lower than that of the comparison
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methods. The mean curvature is reduced by 14.56–40.53%, and the mean fitness value
is reduced by 10.29–34.93%. These results indicate that the gain is not limited to path
shortening alone.

Fourth, the cooperative indicators are improved in the reported tests. The STC-
IMSDBO records a 0% collision rate, 0% airspace violation rate, and a temporal coordination
error of 0.62 s. In the dynamic obstacle scenario, the dynamic obstacle avoidance success
rate reaches 100%, with a mean path length of 986.37 m and mean energy consumption of
6584.29 kJ. These results should be read as empirical outcomes under the current simulation
settings, not as universal guarantees for all urban flight conditions.

Fifth, the ablation experiment shows that the five improvement modules affect dif-
ferent parts of the planning process. AS-ACLHS mainly improves initialization quality,
ST-VSSGSI improves convergence and smoothness, MFCSAW improves integrated cost
stability, NCGPU improves cooperative safety, and RHRDE is mainly useful for local
replanning in dynamic scenes. The full STC-IMSDBO model gives the best overall re-
sult in the ablation group, with path length, convergence count, mean curvature, and
fitness value reduced by 9.27%, 26.79%, 23.30%, and 17.42%, respectively, compared with
original MDBO.

Sixth, the Wilcoxon rank-sum test supports the statistical significance of the main
differences in the high-complexity scenario. All reported p-values are below 0.05. This
reduces the likelihood that the observed performance gaps are caused only by random
variation in repeated runs.

Finally, the Lujiazui digital twin test provides an additional urban-case check. In this
scenario, the STC-IMSDBO obtains a total path length of 1288.7 m, an obstacle avoidance
success rate of 99.8%, a runtime of 8.45 s, a mean energy consumption of 96.2 kJ, and
a minimum safe distance of 20.6 m. These results are encouraging, but they are still
simulation-level evidence. Hardware-in-the-loop tests and real-flight validation are still
needed before practical deployment claims can be made.

Overall, the experiments show that the STC-IMSDBO improves path efficiency, con-
vergence behavior, smoothness, cooperative safety, and dynamic replanning performance
in the reported simulation settings. The current evidence supports the effectiveness of
the proposed framework, while larger-swarm runtime tests and field experiments remain
necessary follow-up work.

6. Conclusions
This paper studied urban multi-UAV path planning from a practical viewpoint. The

main concern was not only how to shorten routes, but also how to keep them feasible,
cooperative, and adjustable when the local environment changes.

To this end, a spatio-temporal collaborative improved multi-strategy dung beetle
optimization framework, the STC-IMSDBO, was developed. The method combines feasible-
airspace initialization, variable-step search, adaptive weighting, local game-based separa-
tion handling, and rolling-horizon replanning within one planning loop.

In the reported simulations, the method produced shorter feasible paths, lower energy
use, smoother trajectories, and better cooperative safety than the comparison methods
across the tested urban scenarios. The ablation results also suggest that the performance
gain does not come from one isolated modification. The five modules act on different
bottlenecks and work better together than alone.

The current results still have a clear scope. The equilibrium discussion is local and
assumption dependent. The convergence discussion is asymptotic rather than a finite-time
proof. Larger-swarm runtime evaluation and outdoor validation are also still missing.
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These limitations do not invalidate the reported results, but they define the next stage
of validation. At the current stage, the STC-IMSDBO can be viewed as a useful planning
framework for dense urban missions that require several UAVs to share constrained 3D
airspace. The next step should move toward hardware-in-the-loop tests, broader weight
sensitivity analysis, and real-flight validation under sensing and communication uncertainty.
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Abbreviations
The following abbreviations are used in this manuscript:

UAV Unmanned aerial vehicle
STC-IMSDBO Spatio-Temporal Collaborative Improved Multi-Strategy Dung Beetle Optimization
RRTs Rapidly exploring Random Trees
GWO Gray 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-Dimensional
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-UAV Dung Beetle Optimization
MACGWO Multi-UAV Adaptive Chaotic Gray Wolf Optimization
MHHWOA Multi-UAV Hyper-heuristic Whale Optimization
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