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Highlights

What are the main findings?

• A novel hybrid path planning framework (Improved A* + Enhanced APF) is proposed
for seamless UAV navigation across continuous indoor–outdoor environments.

• The proposed algorithm achieves a significant reduction in average turning angles while
maintaining optimal path efficiency and successfully escaping local minima traps.

What are the implications of the main findings?

• The significant reduction in sharp maneuvers contributes to maintaining payload
stability and cargo safety, addressing a critical physical constraint in UAV logistics.

• This collaborative framework bridges the gap between indoor warehouse and out-
door urban planning, providing a robust and scalable solution for autonomous “last-
mile” delivery.

Abstract

Path planning for cargo unmanned aerial vehicles (UAVs) in continuous indoor–outdoor
heterogeneous environments poses a critical challenge: promoting payload stability under
sharp turns and abrupt altitude variations while maintaining navigational efficiency. To
address this issue, this paper proposes a hybrid A*–APF path planning framework that
embeds trajectory smoothness optimization directly into the planning process rather than
treating it as a post-processing step. An improved A* algorithm is developed by incorporat-
ing a trajectory smoothness term into its cost function to penalize sharp turns during global
path generation. The resulting path is further refined using an enhanced artificial potential
field (APF) method with virtual target points and multi-field force synthesis to mitigate
local minima. In addition, the Ramer–Douglas–Peucker algorithm is employed to remove
redundant waypoints, and a trajectory generation module based on B-spline interpola-
tion and minimum snap optimization is introduced to produce smooth and dynamically
feasible trajectories. Numerical simulation results demonstrate that, in indoor warehouse
environments, the proposed method reduces the average turning angle by 88.4% (to 23.1◦)
compared with the standard A* algorithm while maintaining a comparable path length of
135.11 m. In large-scale outdoor urban scenarios, it achieves a path smoothness of 0.0124
with an average turning angle of 40.0◦, substantially outperforming the Genetic Algorithm
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(104.6◦) and Particle Swarm Optimization (83.5◦) on turning angle while delivering com-
petitive computation times of 0.52–1.51 s. An ablation study confirms that the improved A*
and enhanced APF components each contribute independently to turning angle reduction
and local minima avoidance, respectively, and that their integration yields the optimal
balance across all metrics. These results indicate the proposed framework’s effectiveness for
UAV-based last-mile delivery in scenarios requiring seamless indoor–outdoor transitions
under payload stability constraints.

Keywords: UAV path planning; hybrid algorithm; indoor–outdoor navigation; payload
stability; trajectory optimization; autonomous logistics

1. Introduction
With the rapid advancement of unmanned aerial vehicle (UAV) technology and the

progressive relaxation of regulatory frameworks governing low-altitude airspace, drone-
based logistics has emerged as a transformative solution to address the escalating demand
for efficient last-mile delivery—the terminal segment of the supply chain in which goods are
transported from a distribution hub or warehouse to the end customer. Last-mile delivery
is widely recognized as the most cost-intensive and operationally challenging phase of
logistics, accounting for up to 53% of total shipping costs, primarily due to traffic congestion,
labor shortages, and the spatial dispersion of urban and suburban delivery points [1].
Compared with conventional ground transportation, UAVs offer distinct advantages in
this context: they are inherently immune to road-network constraints, capable of flying
direct geodesic routes, and can achieve significantly shorter delivery times over short-to-
medium distances. These operational benefits have motivated large-scale deployment
initiatives by major logistics operators, including Amazon Prime Air, Google Wing, and
DHL Parcelcopter, and have spurred an extensive body of research on UAV path planning
for urban and semi-urban delivery scenarios [2].

Despite the considerable progress achieved in UAV path planning, existing studies
have predominantly addressed indoor and outdoor environments in isolation, resulting in
a fragmented body of knowledge that does not reflect the operational reality of end-to-end
logistics. Indoor navigation methods typically emphasize high-precision localization, dense
environmental mapping, and robust obstacle avoidance under GPS-denied conditions, as
exemplified by SLAM-based frameworks [3,4], UWB-AOA/IMU fusion approaches [5], and
grid-optimized planning strategies tailored for structured warehouse environments [6,7].
These methods, however, rely on centimeter-level mapping fidelity and are inherently
constrained to small-scale, enclosed spaces; their dependence on dense grid representations
(with resolutions on the order of 1 m or finer) renders them computationally prohibitive
and representationally inadequate for outdoor urban-scale deployment [8]. Conversely,
outdoor UAV path planning research has focused on large-scale navigation, energy-aware
trajectory optimization, and multi-agent coordination under environmental uncertain-
ties. Representative works include hybrid metaheuristic optimization frameworks [9,10],
consensus-based swarm coordination algorithms [11], and coverage path planning for
aerial fleets [12], as well as safe navigation strategies under GNSS signal degradation in
urban canyons [13]. While these approaches exhibit strong performance in kilometer-scale
environments, they generally adopt coarse environmental discretizations (e.g., 20 m grid
cells) and assume relatively sparse obstacle distributions, lacking the precision required for
confined indoor maneuvering. Critically, the heterogeneous nature of the indoor–outdoor
boundary—involving abrupt transitions in spatial scale, coordinate reference frames, obsta-
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cle density, and navigation sensor modalities—has received minimal systematic treatment
in the literature, leaving a significant gap in the development of unified, continuous-domain
planning frameworks [8,12].

In addition to the indoor–outdoor fragmentation, a second and equally critical limita-
tion pervades the existing path planning literature: the systematic neglect of task-specific
physical constraints, particularly payload stability. The overwhelming majority of con-
ventional planning algorithms—whether graph-based, sampling-based, or optimization-
based—optimize geometric criteria such as path length, obstacle clearance, or computa-
tional efficiency, treating the UAV as a point-mass agent whose orientation and dynamic
state are irrelevant to planning performance [14,15]. For cargo UAVs engaged in suspended-
payload or top-mounted delivery operations, this simplification is fundamentally inade-
quate. Payload dynamics are highly sensitive to aggressive maneuvers: sharp turns induce
lateral centrifugal forces that can excite pendulum-like swinging of suspended loads, while
abrupt altitude changes generate vertical accelerations that may compromise cargo integrity
or trigger load detachment [16]. The consequences of neglecting such constraints extend
beyond theoretical suboptimality—they directly threaten mission safety, delivery reliability,
and public acceptance of urban UAV logistics. Despite the well-documented sensitivity
of slung-load systems to maneuver aggressiveness in the aerospace and rotorcraft litera-
ture [17], the explicit incorporation of payload stability metrics into the core path planning
objective—rather than as a posteriori verification—remains largely unaddressed in the
UAV navigation domain.

It is important to distinguish the approach proposed in this work from the widespread
practice of trajectory smoothing as a post-processing step applied after path generation.
In many existing frameworks, a collision-free path is first computed using a conven-
tional planner (e.g., A*, RRT*, or a metaheuristic search), after which spline interpolation,
minimum-snap optimization, or Bézier curve fitting is applied to smooth the resulting
waypoint sequence and improve dynamic feasibility [18,19]. While computationally conve-
nient, this decoupled paradigm suffers from a structural limitation: the initial path search is
conducted without any awareness of smoothness as a planning objective, and consequently
the optimizer may irrevocably commit to a geometrically short path whose topology—such
as a sequence of zigzag segments through densely packed obstacles—is inherently tortuous
and cannot be adequately smoothed without either violating obstacle clearance constraints
or substantially deviating from the original route. In other words, post-processing can
soften the corners of a path, but it cannot fundamentally alter the path’s structural char-
acter. For cargo UAV operations, this distinction is of practical significance: a path that
appears acceptable after post hoc smoothing may still contain residual heading changes of
sufficient magnitude to excite payload oscillations, because the planner never evaluated
kinematic smoothness during the search itself. In contrast, directly embedding a trajectory
smoothness term into the cost function of the search algorithm—as is done in the improved
A* component of the proposed framework—ensures that the exploration process inherently
favors path topologies that are structurally amenable to smooth execution, eliminating the
discrepancy between planned geometry and dynamic feasibility at the source.

Taken together, the foregoing analysis identifies three interrelated gaps in the cur-
rent state of the art. First, a unified planning framework capable of supporting seamless
transitions between indoor and outdoor environments—reconciling disparate spatial reso-
lutions, environmental representations, and constraint regimes within a single algorithmic
pipeline—has yet to be established [8,12]. Second, path smoothness and payload stability
are predominantly treated as secondary concerns, addressed after path generation through
post-processing heuristics, rather than being embedded as first-class objectives within the
planning stage itself [18,19]. Third, the integration of global path search, local collision
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avoidance, and kinodynamically aware trajectory generation into a coherent, end-to-end
framework remains an open challenge, particularly for large-scale, heterogeneous oper-
ational domains that impose both geometric and physical constraints on feasible flight
trajectories [15,20]. These gaps collectively motivate the present study.

To address the identified limitations, this study develops a hybrid and stability-aware
path planning framework for UAV operations in continuous indoor–outdoor environments.
The framework comprises three tightly integrated algorithmic modules. First, an improved
A* algorithm is developed that incorporates a trajectory smoothness penalty term directly
into its cost function, ensuring that the global path search inherently biases exploration
toward smooth, low-curvature route topologies rather than merely optimizing for path
length. Second, the resulting global path is locally refined using an enhanced artificial
potential field (APF) method augmented with virtual target points and multi-force field
synthesis to resolve local minima entrapment—a well-known failure mode of classical APF
formulations—while preserving the smoothness properties inherited from the improved
A* stage. Third, the Ramer-Douglas-Peucker (RDP) algorithm is employed to eliminate
redundant waypoints, and a trajectory generation module based on B-spline interpolation
and minimum-snap optimization produces a continuous-time trajectory that satisfies dy-
namic feasibility constraints. A dedicated boundary transition mechanism—incorporating
a structurally defined exit zone, a constraint-aware vertical ascent segment, and resolution-
matched trajectory concatenation—enables seamless navigation across the indoor–outdoor
interface without manual intervention or environmental re-initialization.

Compared with the state-of-the-art, the primary contributions of this work are as follows:

1. A Unified Indoor–Outdoor Planning Framework: A seamless path planning architec-
ture is proposed and implemented that integrates fine-resolution indoor grid maps
with coarse-resolution outdoor 3D models, connected through a structured boundary
transition mechanism. In contrast to prior studies that address indoor and outdoor
navigation as independent problems [6,12], the proposed framework generates a sin-
gle, globally continuous trajectory across heterogeneous domains without requiring
domain-specific reconfiguration.

2. Stability-Aware Path Optimization via Embedded Smoothness: To address the critical
but underexplored issue of payload stability in UAV logistics, a trajectory smoothness
metric is embedded directly into the cost function of the A* search algorithm, explicitly
penalizing sharp turns and abrupt altitude changes during path exploration. This de-
sign fundamentally differs from post-processing-based smoothing approaches [18,19],
as it constrains the search to path topologies that are structurally compatible with
smooth execution, thereby promoting payload safety throughout the delivery mission.

3. Hybrid Algorithm Design with Complementary Strengths: An innovative integration
of an improved A* algorithm and an enhanced APF method is introduced, combin-
ing the global optimality and determinism of heuristic graph search with the local
responsiveness of potential-field-based obstacle avoidance. The APF component
is augmented with virtual target points and multi-force synthesis to overcome the
classical local minima problem, achieving a pragmatic balance between global path
efficiency and real-time local adaptability.

4. Comprehensive Numerical Benchmarking and Performance Characterization: Exten-
sive simulation-based evaluation is conducted across both structured indoor ware-
house environments and large-scale outdoor urban scenarios in MATLAB R2024a. The
proposed method is systematically benchmarked against representative graph-based,
sampling-based, and metaheuristic path planning algorithms, with performance
characterized along multiple dimensions including path smoothness (quantified via
average turning angle reduction), path length, computational runtime, and local min-
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ima escape capability. While the current validation is limited to numerical simulation,
the evaluation scenarios are designed to capture realistic operational constraints, and
the results provide a rigorous baseline against which future software-in-the-loop
(SITL) and hardware-in-the-loop (HIL) validations on established flight stacks (e.g.,
PX4 and ArduPilot) can be measured.

The remainder of this paper is organized as follows. Section 2 critically reviews the
related literature and positions the present work relative to prior contributions. Section 3
formalizes the problem statement and constraint model. Section 4 describes the proposed
hybrid planning framework in detail. Section 5 presents the simulation setup, comparative
results, and performance analysis. Section 6 discusses the implications, limitations, and
future research directions, and Section 7 concludes the paper.

2. Related Work
This section critically examines the existing literature across four thematic areas rele-

vant to the proposed framework: global path planning paradigms, indoor–outdoor cross-
domain navigation, trajectory smoothing and stability-aware planning, and the positioning
of the present work relative to prior contributions. Unlike a conventional survey, the analy-
sis below emphasizes the limitations of each category of methods, establishing the specific
research gaps that motivate and justify the hybrid framework developed in this study.

2.1. Global Path Planning

UAV path planning has been extensively investigated through four dominant algo-
rithmic paradigms: graph-based search, sampling-based exploration, bio-inspired and
metaheuristic optimization, and learning-based methods. Rather than rehearsing the well-
documented mechanics of each paradigm, this section focuses on their structural limitations
when applied to cargo UAV operations in heterogeneous environments.

Graph-based methods, exemplified by A* and its derivatives (e.g., D*, Theta*, and
Jump Point Search), operate on discretized grid representations and offer determinis-
tic optimality guarantees with respect to the defined cost metric [4]. Their principal
advantage—completeness and repeatability—is, however, obtained at the expense of angular
resolution: because the search is confined to grid-adjacent transitions (typically multiples
of 45◦ in 2D grids), the resulting paths are inherently piecewise linear with abrupt heading
changes at waypoints. For cargo UAVs, such discontinuous curvature profiles directly trans-
late into aggressive yaw maneuvers that excite payload oscillations. Post-grid smoothing
can partially mitigate this effect, but the fundamental limitation resides in the decoupling of
geometric search from kinematic feasibility assessment.

Sampling-based methods, most notably RRT, RRT*, and their informed variants,
avoid explicit grid discretization by constructing connectivity graphs through stochastic
exploration of the configuration space [5]. This property renders them effective in high-
dimensional and cluttered environments where grid-based methods suffer from the curse
of dimensionality. However, the stochastic nature of sampling introduces two related
deficiencies for logistics applications. First, path quality is non-deterministic: repeated runs
of the same planner on the same environment may yield topologically distinct paths with
substantially different smoothness profiles, undermining the predictability required for
certified delivery operations. Second, the raw paths produced by sampling-based planners
are almost invariably jagged and require dedicated post-processing to achieve curvature
continuity, reintroducing the decoupling problem.

Bio-inspired and metaheuristic optimization algorithms, including PSO, GA, grey
wolf optimization (GWO) [7], fruit fly optimization [6], and sparrow search algorithms [8],
formulate path planning as a multi-objective optimization problem over a continuous
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parameter space. These methods can naturally accommodate diverse cost terms within a
single objective function, and their population-based search strategy reduces susceptibility
to local minima. Nevertheless, their computational footprint is substantial, rendering them
unsuitable for real-time replanning in dynamic delivery environments. Furthermore, the
stochastic nature of their convergence makes it difficult to provide formal guarantees on
path optimality or constraint satisfaction.

Learning-based methods, including deep reinforcement learning (DRL) [10] and deep
learning-based obstacle avoidance [9], have demonstrated remarkable adaptability to
unseen environments. However, their reliance on extensive training datasets and their
fundamental opacity with respect to safety guarantees severely limit their applicability
to cargo UAV operations, where an errant policy update can result in payload loss. The
well-documented fragility of DRL policies to distributional shift further compounds these
concerns in heterogeneous indoor–outdoor settings [10].

Regardless of the paradigm, a common deficiency pervades the aforementioned meth-
ods: none of them embed payload stability or trajectory smoothness as a first-class objective
within the path search process. Geometric optimality (shortest path) and computational
efficiency remain the dominant optimization criteria, while the kinematic consequences
of the planned path on the transported cargo are either ignored entirely or deferred to a
decoupled post-processing stage. This observation motivates the first design principle of
the proposed framework: the integration of a smoothness penalty directly into the heuristic
cost function of the global planner.

2.2. Indoor–Outdoor Cross-Domain Navigation

The operational reality of UAV-based logistics demands navigation capabilities that
span both indoor environments and outdoor environments. Existing research, however,
has almost exclusively treated these two domains as separate problems, resulting in a
bifurcated literature that offers no systematic solution for the indoor–outdoor transition.

Indoor UAV navigation research has focused primarily on localization under GPS-denied
conditions and high-precision obstacle avoidance in confined, structured spaces [11–14]. On
the planning side, grid-optimized search strategies [4], BIM-assisted coverage planning [15],
and point-cloud-based real-time obstacle avoidance [16] have demonstrated effectiveness in
warehouses [17] and agricultural facilities [18]. The unifying characteristic of these methods is
their reliance on high-resolution, dense environmental representations, which are computa-
tionally intractable and representationally inappropriate for kilometer-scale outdoor domains.
Critically, none of the surveyed indoor methods incorporate a mechanism for handing off
navigation authority to an outdoor planner at the environment boundary.

Outdoor UAV path planning, conversely, operates at a fundamentally different spatial
and representational scale. Research in this domain has emphasized energy-aware trajec-
tory optimization [20], multi-objective planning [21], multi-agent cooperative planning and
swarm coordination [22–24], and safety-preserving navigation under GNSS signal degra-
dation [25]. Emerging approaches have also explored the integration of large language
models for visual path reasoning [26] and noise-exposure-constrained planning [27]. These
methods typically assume coarse environmental discretizations (10–20 m grid cells) and
continuous GNSS availability. Moreover, their planning architectures are not designed to
accept a high-resolution indoor terminal segment as an initial condition.

The boundary involves simultaneous discontinuities in (i) spatial resolution, (ii) environ-
mental representation, (iii) available sensor modalities, and (iv) operational constraints. To the
best of our knowledge, no existing framework provides a unified planning pipeline that recon-
ciles all four dimensions of heterogeneity within a single, computationally tractable architecture.
The transition mechanism designed in this work is specifically engineered to bridge this gap.
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2.3. Trajectory Smoothing and Stability-Aware Planning

Trajectory smoothness has been recognized as an important consideration in UAV path
planning. However, the manner in which smoothness is incorporated into the planning
pipeline varies considerably across the literature.

Post-processing approaches constitute the predominant paradigm. A geometric path
is first generated by a conventional planner, after which a smoothing algorithm (e.g., B-
spline and minimum-snap) is applied to the waypoint sequence [18,19,21]. This decoupled
architecture offers practical convenience but introduces an irreducible structural limitation:
the path planner may commit to a route topology that is inherently tortuous, and the
smoother cannot fundamentally restructure the path without violating obstacle clearance.
The result is a trajectory that may retain residual heading changes of sufficient magnitude
to excite payload dynamics.

Simultaneous planning and smoothing approaches incorporate smoothness metrics
directly into the planning objective [28,29]. While these represent a conceptual improve-
ment, their application has been largely confined to single-domain scenarios. Furthermore,
the smoothness criteria employed (typically curvature or jerk minimization) are generic
kinematic metrics that do not explicitly model the coupling between path geometry and
payload dynamics specific to cargo UAVs.

Payload stability in UAV path planning has received surprisingly limited attention.
Studies typically address payload behavior at the control level (e.g., active pendulum
damping controllers) rather than at the planning level. Collaborative truck-drone routing
frameworks [30] and energy-consumption-aware planning models [20] abstract away the
kinematic details of individual UAV trajectories. Consequently, generating paths inherently
compatible with payload stability remains an open research problem.

Table 1 provides a structured comparison of representative trajectory planning and
smoothing methods.

Table 1. Comparative analysis of representative trajectory planning and smoothing methods.

Method/Reference Planning Paradigm Smoothness
Embedded in Search

Payload Stability
Considered

Indoor–Outdoor
Continuity

Real-Time
Capable

Grid-optimized A* [4] Graph-based ✗ ✗ ✗ ✓

RRT* + post-smoothing [5] Sampling-based ✗ ✗ ✗ ✓

GWO/Chaos-hybrid [7] Metaheuristic Partial (multi-obj.) ✗ ✗ ✗

Min.-snap trajectory [21] Post-processing ✗ ✗ ✗ ✗

Truck-drone routing [27] Operational opt. ✗ ✗ ✗ ✓

A*–APF threat avoidance [28] Hybrid (embedded) Partial (threat cost) ✗ ✗ ✓

Heuristic urban planning [29] Hybrid (embedded) Partial (smoothness) ✗ ✗ ✓

Noise-constrained planning [30] Optimization-based ✓ (noise) ✗ ✗ ✗

Proposed framework Graph-based + APF ✓ (Add Cturn to the
A* cost function)

✓ (Turn/Flight-
path inclination
constraints)

✓ (Boundary
transition) ✓

Note: ✓ = Considered; ✗ = Not considered.

As Table 1 illustrates, no existing method simultaneously satisfies all four criteria. The
proposed framework is designed to occupy this unfilled cell in the design space.

2.4. Positioning of the Present Work

The critical analysis presented in Sections 2.1–2.3 identifies a coherent set of research
gaps that the proposed framework is specifically designed to address:
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1. From decoupled to embedded smoothness: Whereas the dominant paradigm treats
trajectory smoothness as a post-processing correction, the proposed framework em-
beds a smoothness penalty (the Cturn term) directly into the heuristic cost function of
the improved A* algorithm.

2. From domain-specific to cross-domain unified planning: Whereas existing methods
are designed for either indoor or outdoor environments in isolation, the proposed
framework introduces a structured boundary transition mechanism.

3. From geometry-only to stability-aware optimization: Whereas conventional planners
optimize purely geometric criteria, the proposed framework explicitly incorporates
payload stability constraints (turning angle, flight-path inclination, and flight range)
into the planning objective.

4. From isolated to integrated local-global refinement: Whereas most frameworks deploy
global planning and local obstacle avoidance as loosely coupled modules, the pro-
posed framework tightly integrates the improved A* global planner with an enhanced
APF local refinement stage.

In summary, the present work contributes a co-design of the global search objective,
the local refinement mechanism, the cross-domain transition architecture, and the trajectory
generation pipeline, unified by the overarching design principle that payload stability must
be a first-class consideration at every stage of the planning process.

3. Problem Modeling and Constraint Analysis
3.1. Environmental Modeling

Let a path be represented by a sequence of waypoints (P = p0, p1, . . . , pM), where
(p0 = S) is the start point and (pM = G) is the goal point. Each waypoint (pi = (xi, yi, zi))
specifies the three-dimensional position. The path planning problem is formulated as
minimizing the total path length [31]:

L =
M−1

∑
i=0
|pi+1 − pi| (1)

subject to the operational constraints defined in Section 3.2. The index starts from 0
so that the segment-wise operations in turning-angle computation (Equation (3)), RDP
simplification, and B-spline trajectory generation (Section 4.3) consistently operate on
adjacent segment pairs (pi, pi+1).

The problem defined by Equation (1) belongs to the class of constrained shortest-path
problems on a three-dimensional occupancy grid. Let the workspaceW ⊂ R3 be discretized
into a uniform grid G with resolution $r$. Each cell c ∈ G is labeled as either traversable
(c = 0) or occupied (c = 1), collectively forming an occupancy map M : G → {0, 1} . A path
is feasible if and only if (i) every waypoint Pi lies in a traversable cell, (ii) the straight-line
segment between consecutive waypoints intersects no occupied cell, and (iii) the sequence
satisfies the kinematic, energy, and operational constraints formalized in Section 3.2.

The problem is distinguished from conventional shortest-path formulations by the het-
erogeneous nature of the workspace: the environment may comprise multiple sub-domains
W (1),W (2), . . . ,W (K) that differ in spatial scale, grid resolution, obstacle morphology, and
prevailing navigation constraints. Each sub-domainW (k) is characterized by an occupancy
map M(k) at resolution r(k). The sub-domains are coupled through a set of boundary
regions B(k,k+1) that define spatial adjacency and constrain feasible transitions between
adjacent domains. The path must remain feasible within each sub-domain individually
and across all inter-domain boundaries. This multi-domain structure is motivated by the
“last-mile” delivery scenario, wherein a UAV must navigate seamlessly from a confined
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indoor warehouse (W (1)) through a transition zone (B(1,2)) into a large-scale outdoor urban
airspace (W (2)), and vice versa [32].

To evaluate the proposed framework under diverse operational conditions, two repre-
sentative environments are modeled: an indoor warehouse and an outdoor urban setting.
The modeling parameters for these environments are summarized in Table 2.

Table 2. Key Modeling Parameters of Indoor Warehouse and Outdoor Urban Environments.

Parameter Category Indoor Warehouse Environment Outdoor Urban Environment

Environment Type
Single-layer static warehouse (2D planar
path planning, with reserved multi-layer

extension space)

Cluster of urban buildings (3D spatial
path planning)

Modeling Method 3D grid map (Z-axis fixed at 1 m; core
region computed as 2D traversable area)

3D grid map + cuboid solid obstacles
(buildings precisely represented as

solid models)

Overall Dimensions L ×W × H = 100 m × 100 m × 5 m (net
height ≥ 4.5 m, ensuring UAV passage)

L ×W × H = 2000 m × 2000 m × 100 m
(covering a typical city block, with

low-altitude flight space)

Grid Resolution
1 m/cell (balances path precision and

computational efficiency; 1 m resolution
ensures obstacle avoidance safety)

20 m/cell (suitable for city-scale modeling,
avoids excessive memory usage,
distinguishes building contours)

Grid Representation Occupancy grid: 1 = obstacle
(shelves/walls), 0 = traversable area

Occupancy grid: 1 = obstacle (buildings),
0 = traversable area (including

low-altitude flight layer)

Number of Obstacles 20 groups ~100 buildings

Obstacle Distribution
Uniform along X-axis (20/40/60/80 m)

and Y-axis (10/30/50/70/90 m),
adjacent shelves spaced 8 m apart

Random distribution within area, avoiding
delivery and transition points, adjacent
buildings ≥ 15 m apart (ensures lateral

obstacle avoidance safety)

Start Point (S_coord) Indoor start: [5, 5, 1] (near warehouse
entrance, clear of obstacles, safe takeoff)

None (transition point serves as outdoor
planning start)

Goal/Transition Point
Indoor goal: [95, 95, 1] (near warehouse

exit, connects to outdoor
transition point)

Transition point (D_outdoor_coord):
[100, 100, 5] (connects indoor

and outdoor paths)

Delivery Points Not applicable (single path from start to
indoor goal)

Six delivery points: (43.5, 849.5, 30.0)
(538.5, 1504.5, 42.0) (1715, 1780, 50.0)

(1660, 465, 65.0) (1115, 1053, 90.0)
(850, 355, 45.0)

Auxiliary Nodes –
Takeoff point: [100, 100, 25] (10 m vertically

above transition point; formal start for
outdoor path)

The indoor warehouse environment was represented using a three-dimensional grid map,
with the Z-axis fixed at 1 m, and the core region modeled as a two-dimensional traversable
area. The overall dimensions of the warehouse were set to 100 m × 100 m × 5 m, with a
minimum clearance height of 4.5 m to ensure safe UAV passage. The grid resolution was set at
1 m per cell, balancing path planning precision and computational efficiency, and effectively
avoiding unnecessary computational overhead caused by excessive grid refinement.

Obstacles were arranged uniformly along the X-axis at 20, 40, 60, and 80 m and along
the Y-axis at 10, 30, 50, 70, and 90 m, with adjacent shelves spaced 8 m apart. The warehouse
contained a total of 20 obstacle groups, including shelves and walls, represented as ‘1’ for
obstacles and ‘0’ for traversable areas. The start point was positioned near the warehouse
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entrance at coordinates [5, 5, 1], ensuring sufficient clearance from obstacles and adequate
takeoff space. The goal point was set near the warehouse exit at coordinates [95, 95, 1],
connected to the outdoor transition point. The indoor warehouse environment model is
illustrated in Figure 1.

Figure 1. Indoor Warehouse Environment Model.

The outdoor urban environment was modeled using a three-dimensional grid map,
with buildings represented as precise cuboid obstacles. This environment encompassed
the scale of a typical city block, with dimensions of 2000 m × 2000 m × 100 m, providing
adequate low-altitude flight space. To accommodate the large-scale urban setting, the grid
resolution was set to 20 m per cell, preventing excessive memory consumption caused by
over-refined grids.

Obstacles included approximately 100 buildings, randomly distributed throughout the
area while ensuring no overlap with delivery or transition points. The minimum spacing
between buildings was maintained at 15 m to satisfy lateral obstacle avoidance safety
requirements. Unlike the indoor environment, the outdoor scenario did not have a distinct
start point; instead, a transition point served as the starting location for outdoor path
planning, positioned at [100, 100, 5], a critical juncture connecting indoor and outdoor paths.

Within the outdoor environment, five delivery points were designated at the following
coordinates: (43.5, 849.5, 30.0), (538.5, 1504.5, 42.0), (1715, 1780, 50.0), (1660, 465, 65.0),
and (1115, 1053, 90.0). Additionally, an auxiliary takeoff node was pre-set at [100, 100, 25],
located 10 m vertically above the transition point, serving as the formal starting point for
outdoor path execution. The modeled urban environment is illustrated in Figure 2.

Figure 2. Outdoor Urban Environment Model.
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The indoor and outdoor environments are spatially coupled through a shared bound-
ary region. The indoor goal point (Pindoor_goal = [95, 95, 1]) is located at the warehouse exit,
while the outdoor transition point (Ptransition = [100, 100, 5]) and an auxiliary takeoff point
(Ptakeoff = [100, 100, 25]) (positioned 10 m vertically above the transition point) serve as the
entry to the outdoor path. The proximity of these boundary coordinates (approximately
5 m horizontally between the indoor goal and the outdoor transition point) ensures that
the two path segments can be joined without an extensive intermediate traversal.

3.2. UAV Model and Constraints

This study considers a multi-rotor (quadcopter) UAV platform. Unlike fixed-wing
UAVs, multi-rotors can hover and perform vertical maneuvers; however, payload stability
remains sensitive to aggressive translational maneuvers. The key mathematical symbols
and their definitions used in this study are listed in Table 3.

Table 3. The Key Mathematical Symbols and Their Definitions.

Category Symbol/Variable Definitions

UAV and
Environmental

Parameters

L×W × H UAV Dimensions (Length ×Width × Height)
Vmax Maximum Flight Speed
Rmin Minimum Turning Radius
Dsa f e Safety Distance
Lmax Maximum Flight Range
αmax Maximum Permissible Turning Angle
γmax Maximum Permissible Flight-Path Inclination Angle

Hmin, Hmax Minimum and Maximum Flight Altitude

Path and
Evaluation
Function

L, N, T, S, C, A Evaluation Metrics: Path Length, Number of Nodes, Planning Time,
Smoothness, Number of Turns, Average Turning Angle

F Comprehensive Evaluation Objective Function
ω1, . . . , ω6 Weight Coefficients for Each Evaluation Metric

Cturn Trajectory Smoothness Optimization Cost

A* Algorithm
f (n) Total Cost Function of a Node
g(n) Actual Cost from Start to Node n
h(n) Heuristic Cost from Node n to Goal

Improved A*
Algorithm

λ Trajectory Smoothness Optimization Weight Coefficient
Cturn(n) Turning Cost to Reach Node n

P Map Obstacle Coverage Ratio
d Step Size in the Variable Step-Size Strategy

Improved APF

Fmemory Memory Field Force, used to avoid re-exploration
Fvirtual Virtual Target Attractive Force, used to escape local minima

ρ Local Obstacle Density
drepadj Adjusted Repulsive Force Influence Distance

Path Smoothing

d⊥ Perpendicular distance from a point to a line in the RDP algorithm
C(t) B-spline Curve Function

Ni,k(t) B-spline Basis Function
κ(t) Path Curvature, used to satisfy the minimum turning radius constraint

s(4)(t) Fourth Derivative of the Trajectory (Snap)

In this study, a quadrotor UAV is employed as the transport platform, with its physical
parameters and performance constraints summarized in Table 4. When carrying a payload,
the UAV’s dynamic characteristics change, necessitating consideration of the following
key constraints:
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Table 4. UAV System Parameters and Constraints.

Parameter Symbol Value

UAV Dimensions L×W × H 0.8 m × 0.8 m × 0.4 m
Maximum Flight Speed Vmax 5 m/s
Maximum Flight Range Lmax 15 km

Minimum Turning Radius Rmin 2.0 m
Safety Distance Dsa f e 0.5 m

3.2.1. Lateral Acceleration Constraint

For cargo UAVs, the fundamental physical constraint governing turning maneu-
vers is lateral acceleration rather than the turning angle per se, as it is the centrifugal
force—proportional to lateral acceleration—that induces payload swing and threatens load
stability [33]. Denoting the instantaneous flight speed by (v) and the heading angular rate
by (ω = dθ/dt), the lateral acceleration is defined as:

alat = v ·ω (2)

To prevent excessive lateral perturbation of the payload, alat is bounded by a safe
upper limit amax:

amax : alat ≤ amax (3)

For the multi-rotor platform considered here (vmax = 5 m/s, Table 4), a conservative
limit of amax ≈ 0.25 g ≈ 2.5 m/s2 is adopted. Following previous studies on cargo UAV
operation [17,33], a lateral acceleration limit in the range of 0.2–0.3 g is commonly adopted to
suppress payload oscillation and maintain cargo integrity during translational maneuvers;
the value of 0.25 g selected here lies within this established range and is commensurate
with typical cargo stability margins for small multi-rotor UAVs. The corresponding angular
rate bound is:

ωmax =
amax

vmax
=

2.5 m/s2

5 m/s
= 0.5 rad/s ≈ 28.6

◦
/s (4)

which is conservatively rounded to 30◦/s as the operational threshold enforced in the
planning algorithm.

It should be noted that the derivation above adopts a constant cruise-speed assumption
for planning purposes. In general, the lateral acceleration bound yields a speed-dependent
angular rate limit:

ωmax(v) =
amax

v
(5)

where v denotes the instantaneous cruise speed. Under this generalized formulation, a
lower flight speed permits a proportionally higher heading rate, whereas a higher speed
necessitates gentler turns to maintain the same lateral acceleration threshold. The present
study adopts v = vcruise = vmax = 5 m/s as a nominal cruise speed to maintain consistency
across all simulation scenarios. This constant-speed simplification decouples the trajectory
geometry search from speed profile optimization, thereby reducing the dimensionality of
the planning problem while maintaining a consistent lateral-acceleration limit throughout
the planned trajectory. Extension of the framework toward adaptive-speed planning—
wherein the cruise velocity is jointly optimized with the path geometry—constitutes a
natural direction for future work.

In grid-based path planning, the lateral acceleration constraint must be expressed
in a computationally tractable geometric form. For any three consecutive waypoints
pi−1, pi, pi+1, the segment vectors are:
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→
v i = pi − pi−1,

→
v i+1 = pi+1 − pi (6)

The inter-segment turning angle θi is:

θi = arccos

 →
v i ·

→
v i+1∣∣∣→v i

∣∣∣∣∣∣→v i+1

∣∣∣
 (7)

and is constrained by:
θi ≤ θmax = 30

◦
(8)∣∣∣∣∆θ

∆t

∣∣∣∣ ≤ 30
◦
/s (9)

This equation is the geometric analogue of the lateral acceleration bound: given a fixed
control interval ∆t, the per-step heading change ∆θ = ω · ∆t inherits the same limit.

To guide the global search toward paths that inherently satisfy the lateral acceleration
constraint, a turning smoothness penalty Cturn is embedded in the A* cost function:

Cturn =
M−1

∑
i=1

k · f (θi), f (θi) =


0, θi = 0

◦

0.5, 0
◦
< θi ≤ 60

◦

1, θi > 60
◦

(10)

where k is a weighting coefficient (set to 0.5). The penalty structure is designed to vanish
for straight-line flight, apply moderate cost to gradual turns, and maximally penalize sharp
heading changes, thereby steering the search away from path segments likely to violate the
lateral acceleration bound.

3.2.2. Flight Range Constraint

The maximum flight range of a UAV is dictated by its onboard energy capacity (battery
or fuel). If the cumulative trajectory length L exceeds this limit, the UAV will deplete its
energy reserve before completing the mission, resulting in mission failure. The constraint
is therefore formulated as an energy-feasibility condition:

L =
M−1

∑
i=0
|pi+1 − pi| ≤ Lmax (11)

where Lmax = 15 km (Table 4). Satisfaction of this equation indicates that the planned path
is expected to be executable within the platform’s energy budget.

Under the constant cruise-speed assumption introduced in Section 3.2.1, the flight range
constraint is mathematically equivalent to a flight time constraint, since Tmax = Lmax/vcruise.
Nevertheless, the distance-based formulation is retained in the present work for two reasons.
First, the path planning algorithm directly optimizes the cumulative Euclidean path length
as its primary objective (Equation (1)); expressing the endurance limitation in terms of travel
distance therefore maintains dimensional consistency between the optimization objective
and the feasibility constraint. Second, the geometric path length is an intrinsic property
of the planned trajectory, independent of the speed profile adopted during execution; the
corresponding flight time can be recovered a posteriori once the speed schedule is determined.
This decoupling allows the range constraint to remain applicable even if the speed assumption
is relaxed in future extensions.
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3.2.3. Flight-Path Inclination Constraint

During three-dimensional trajectory planning, excessively steep climb or descent
segments may lead to abrupt altitude transitions between consecutive waypoints, thereby
reducing the smoothness and practical feasibility of the planned trajectory. To generate
smoother three-dimensional paths while considering payload transportation requirements,
a flight-path inclination constraint is introduced.

Unlike the vehicle pitch angle, which is defined with respect to the UAV body frame
and depends on the flight controller and attitude dynamics, the flight-path inclination angle
considered in this study is a purely geometric quantity determined by the spatial relationship
between consecutive waypoints. Therefore, it is introduced as a planning-level geometric
constraint rather than an explicit vehicle-attitude or payload-dynamics constraint.

γ = arctan

(
∆z√

∆x2 + ∆y2

)
(12)

where ∆x, ∆y and ∆z denote the coordinate differences between two adjacent waypoints.
To avoid excessively steep altitude transitions, the inclination angle is constrained by

γi ≤ γmax = 30
◦

(13)

The threshold γmax = 30
◦

provides a conservative margin that limits the horizontal
component of payload displacement during altitude changes, thereby preserving load
stability without excessively restricting the platform’s vertical maneuverability.

It should be emphasized that the proposed flight-path inclination constraint is formu-
lated at the trajectory-planning level rather than the flight-dynamics level. The inclination
angle defined in Equation (12) represents the geometric relationship between consecutive
waypoints and should not be interpreted as the UAV body pitch angle, which depends on
the vehicle body frame, attitude controller, and aerodynamic characteristics. Accordingly,
the proposed constraint serves as a planning-level geometric constraint to regulate altitude
transitions during trajectory generation. Although smoother trajectories may contribute to
improved payload transportation stability, the proposed formulation does not explicitly
model vehicle attitude or payload dynamics.

3.2.4. Flight Altitude Constraint

The flight altitude constraint imposes a critical limitation on the UAV’s operational
altitude, ensuring that the vehicle remains within a predefined safe altitude range. This not
only facilitates compliance with regulatory and obstacle avoidance requirements but also
mitigates the occurrence of frequent altitude fluctuations. As a result, the continuity and
smoothness of the UAV’s trajectory are preserved, enhancing mission performance and
operational safety.

Formally, the altitude constraint is defined as:

Hmin ≤ Hi ≤ Hmax, ∀i (14)

where Hi denotes the UAV’s altitude at the i-th waypoint, and Hmin and Hmax specify the
UAV’s minimum and maximum permissible flight altitudes, respectively.

The four constraints defined above are enforced at different stages of the planning pipeline:

• Hard feasibility filters: The flight-path inclination constraint and flight altitude constraint
(Hmin ≤ zi ≤ Hmax) are enforced as hard feasibility checks during node expansion
in both the global A* search and the local APF refinement: any candidate waypoint
violating either constraint is pruned immediately. This ensures that every waypoint in
the generated path is altitude- and inclination-angle-feasible by construction.
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• Soft penalty: The lateral acceleration constraint is enforced as a soft penalty via Cturn

embedded in the A* cost function. Unlike hard constraints, which would render large
portions of the search space infeasible in cluttered environments, the soft penalty
formulation allows the planner to accept minor violations when geometrically un-
avoidable while strongly favoring paths with inherently low lateral acceleration.

• Global feasibility check: The flight range constraint is verified after the complete path
is generated. If L > Lmax, the path is rejected and re-planning is triggered with a
reduced search radius. Given the platform’s 15 km range budget and the environment
scales considered, this condition is rarely active but serves as a safety backstop.

3.3. Objective Evaluation Function

The performance of a UAV path-planning algorithm is evaluated along three dimen-
sions: path efficiency, computational tractability, and trajectory quality. To capture these
dimensions quantitatively, six metrics are defined:

• Path length L (m): the cumulative Euclidean distance along the planned trajectory,
measuring navigational efficiency.

• Number of nodes N: the count of waypoints in the discrete path before smoothing,
reflecting path complexity.

• Planning time T (s): the wall-clock computation time from algorithm invocation to
path output, measuring real-time responsiveness.

• Path smoothness S: a dimensionless index quantifying the absence of sharp directional
changes, defined below.

• Number of turns C: the count of waypoints at which the inter-segment turning angle
exceeds a threshold of 5

◦
, measuring maneuver frequency.

• Average turning angle A (◦): the arithmetic mean of all inter-segment turning angles
along the path, measuring maneuver intensity.

Let a path consist of n + 1 waypoints P0, P1, . . . , Pn. For each interior waypoint Pi

(i = 1, . . . , n− 1), the inter-segment turning angle θi is defined by Equation (3). The path
smoothness is then defined as:

S = 1− 1
n− 1

n−1

∑
i=1

(1− cos θi) (15)

The kernel 1− cos θi is adopted to maintain structural consistency with the planning-
stage turning penalty Cturn defined in Equation (9): Cturn = k∑

i
(1− cos θi). Consequently,

minimizing Cturn during planning is mathematically equivalent to maximizing S in the
resulting trajectory—the two quantities share the same angular kernel and differ only in
normalization. The metric satisfies S ∈ [0, 1], with S = 1 corresponding to a perfectly
straight trajectory and lower values indicating paths containing more frequent or sharper
turns. Unlike Cturn, which operates within the A* search loop to guide node expansion,
S is computed post hoc over the final smoothed trajectory and serves purely as an evalua-
tion criterion.

The six raw metrics differ fundamentally in dimension, range, and optimization direc-
tion. To aggregate them into a single composite score, a unified two-stage normalization
pipeline is applied:

Stage 1 (Direction alignment): For the five metrics that are naturally smaller-is-better
(L, N, T, C, A), the direction-aligned quantity is the raw value itself:

X′i = Xi, i ∈ {L, N, T, C, A} (16)
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For path smoothness, where a larger raw value indicates superior performance, the
direction is reversed by taking its complement:

S′ = 1− S (17)

Stage 2 (Min–Max scaling): Every direction-aligned quantity $X’_i$ is then mapped to
the unit interval ([0, 1]) via Min–Max normalization:

X∗i =
X′i − X′i,min

X′i,max − X′i,min
, i ∈ {L, N, T, S, C, A} (18)

where X′i,min and X′i,max denote the minimum and maximum values of metric i observed
across all compared algorithms in a given simulation scenario. After Equation (18), every
X∗i satisfies the smaller-is-better convention, with the best-performing algorithm receiving
X∗i = 0 and the worst receiving X∗i = 1.

Applying Stage 2 to S′ rather than to the raw S is essential: because S ∈ [0, 1] by
definition (Equation (15)), a Min–Max normalization applied directly to S would destroy its
intrinsic bounding and create an artificial distributional mismatch with the other five met-
rics. The two-stage design—direction alignment followed by uniform scaling—preserves
the structural integrity of every metric while ensuring dimensional homogeneity in F.

Composite objective function. The six normalized metrics are aggregated into a single
scalar score:

F = wLL∗ + wN N∗ + wTT∗ + wSS∗ + wCC∗ + wA A∗ (19)

subject to ∑ wi = 1, wi ≥ 0.
The weight vector is designed to reflect the operational priorities of cargo UAV delivery:

• wL = 0.30: Path length is the primary determinant of energy consumption and
mission duration.

• wS = 0.25: Smoothness directly governs payload stability and is assigned the second-
highest weight.

• wN = 0.15: Node count reflects path complexity and discretization overhead.
• wA = 0.15: Average turning angle captures the aggregate maneuver intensity experi-

enced by the payload.
• wT = 0.10: Planning time affects responsiveness to dynamic replanning requests; its

lower weight reflects the offline nature of global planning in logistics operations.
• wC = 0.05: Turn count is partially redundant with $A$ and $S$ and is accordingly

assigned the lowest weight.

Substituting the weights into Equation (18) yields the operational form:

F = 0.30L∗ + 0.15N∗ + 0.10T∗ + 0.25S∗ + 0.05C∗ + 0.15A∗ (20)

where a smaller value of F indicates superior overall performance.
The sensitivity of algorithm ranking to moderate perturbations of this weight vector

was examined. Across weight variations of $\pm 0.05$ for each coefficient (with renormal-
ization), the proposed Hybrid A*–APF framework retained the lowest composite score $F$
in all tested configurations. A systematic sensitivity analysis of the trajectory smoothness
weight within the A* cost function is presented in Section 5.3.
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4. Path Planning Methodology
Building on the problem formulation and constraints defined in Section 3, the proposed

path planning framework comprises three tightly coupled modules:

(1) A global path planning module based on an improved A* algorithm with a stability-
aware cost function (Section 4.1),

(2) A local path refinement module using an enhanced APF method with multi-field force
synthesis and local-minima escape mechanisms (Section 4.2),

(3) A trajectory generation module that produces smooth, dynamically feasible paths via
B-spline interpolation and minimum-snap optimization (Section 4.3).

The overall architecture and data flow among these modules are illustrated in Figure 3.

 

Figure 3. Hybrid A*–APF Path Planning Framework.

4.1. Improved A* Algorithm

To adapt the A* algorithm for UAV cargo missions, three key improvements are
introduced, focusing on path quality, environmental awareness, and search efficiency.

4.1.1. Improvement of the Cost Function

Traditional A* minimizes path length, ignoring trajectory smoothness. For cargo
UAVs, abrupt turns can compromise payload stability. This engineering constraint is
explicitly addressed by integrating a trajectory smoothness optimization term into the A*
cost function:

f (n) = g(n) + h(n) + λCturn(n) (21)

Here, g(n) and h(n) retain their conventional definitions as the accumulated actual cost
and heuristic cost, respectively. The parameter λ adjusts the weighting of the smoothness
term, which is determined to be 1.0 through a detailed sensitivity analysis (see Section 5.3).,
and Cturn(n) quantifies the turning penalty associated with the current node.

The turning cost is computed based on the angular deviation between consecutive
path segments:

Cturn(n) = k · [1− cos(θn,n+1 − θn−1,n)] (22)
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where θn−1,n and θn,n+1 represent the directional angles of the adjacent path segments, and
k serves as a scaling factor modulating the influence of the smoothness term.

Figure 4 illustrates the effectiveness of the proposed path smoothing methodology
integrated into the A* algorithm. The 3D (top-left) and 2D (top-right) trajectory plots pro-
vide a visual comparison between the original path and the improved path, demonstrating
the mitigation of severe turning angles. The bottom-left panel shows the behavior of the
turning cost function, which is designed to penalize sharp turns based on a scaling factor.
A quantitative validation is presented in the bottom-right panel, where a bar chart com-
parison of path curvature confirms the enhanced smoothness of the trajectory generated
by our proposed method. This improvement causes the algorithm to favor paths with
smaller turning angles during the search process, effectively reducing the occurrence of
sharp turns, as illustrated in Figure 5. Figure 5 compares the paths before and after the
improvement, clearly demonstrating that the modified path exhibits smoother turns. The
heuristic component h(n) in Equation (21) is further refined in Section 4.1.2 through an
adaptive weighting strategy that dynamically adjusts its contribution according to the local
obstacle density. In addition, the larger inter-waypoint spacing apparent in the modified
path is a direct consequence of the variable step-size strategy introduced in Section 4.1.3:
when the remaining distance to the goal is large, a proportionally expanded step accelerates
traversal, yielding fewer waypoints than fixed-unit A* search. This sparser distribution
does not degrade trajectory quality, because the post-processing pipeline (RDP simplifica-
tion followed by B-spline interpolation, Section 4.3) reconstructs a continuous trajectory
from the discrete waypoint sequence irrespective of nodal density.

 

Figure 4. Performance evaluation of the proposed turning-aware A* algorithm for path smoothing.
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Figure 5. Comparison of Paths Using the Improved A* Algorithm (Top: Traditional A*, Bottom: A*
with Trajectory Smoothness Optimization).

4.1.2. Adaptive Heuristic Function Strategy

The standard heuristic h(n) in Equation (21) is the Euclidean distance from the current
node to the goal. In obstacle-dense regions, optimistic distance estimates may mislead the
search into infeasible corridors; conversely, in sparse regions, a strong heuristic accelerates
convergence. To adapt the heuristic contribution to local environmental complexity, h(n) is
replaced by an adaptive form h′(n) that scales the heuristic weight according to the obstacle
coverage ratio P:

h′(n) = (1− P) · h(n) (23)

where P ∈ [0, 1] denotes the obstacle coverage ratio of the bounding rectangle formed by
the start and goal coordinates, defined as the ratio of the total obstacle area to the total
map area. Substituting this into Equation (21), the complete cost function used in the final
implementation is:

f (n) = g(n) + h′(n) + λ · Cturn = g(n) + (1− P) · h(n) + λ · Cturn (24)

The adaptive mechanism operates as follows. When P is low (sparse environments),
(1− P) ≈ 1, and the search relies primarily on the heuristic function to accelerate convergence
toward the goal. When P is high (dense environments), (1− P) reduces the heuristic weight,
causing the algorithm to depend more heavily on the accumulated path cost g(n), thereby
mitigating the risk of heuristic estimation errors leading the search into infeasible regions. This
adaptive scaling ensures that the balance between exploration and goal-directed expansion is
automatically tuned to the local obstacle density without manual parameter adjustment.
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Mechanism of Obstacle Coverage Ratio:
As the obstacle coverage ratio increases, the uncertainty and complexity of the envi-

ronment rise. If a high heuristic weight is maintained in such cases, the algorithm may
excessively depend on the estimated direction of the goal, neglecting the impact of obstacles
on path feasibility. This could lead the search to get trapped in invalid regions or even
converge to a local optimum. By reducing the relative weight of h(n), the search relies more
on the accumulated cost g(n), mitigating the influence of heuristic estimation errors and
ensuring the feasibility and stability of the generated path.

As shown in Figure 6, in sparse environments (with p = 0.1, p = 0.3), the adaptive
heuristic function exhibits a non-monotonic behavior of “first increasing, then decreasing.”
This initial “expansion” of the heuristic value helps the algorithm escape local optimal traps
caused by U-shaped obstacles. As the environment becomes denser (with p = 0.5, p = 0.8),
the adaptive heuristic function tends to provide a more compact and realistic cost estimate.
Moreover, as the obstacle coverage ratio P increases, the search efficiency (represented by
the blue bars) decreases, as more nodes need to be explored in a more complex environ-
ment. However, the path quality (represented by the red curve) significantly improves,
indicating that the adaptive strategy intelligently adjusts the search behavior according
to the environmental complexity, sacrificing some search speed for higher-quality path
solutions in complex environments.

Figure 6. Adaptive Heuristic Strategy for Improved A* Algorithm Under Varying Obstacle Coverage.

In Figure 7, the heat map in the upper left corner shows the values of the adaptive
heuristic function within the 2D space defined by the parameters p and the number of
search iterations. The heat map clearly illustrates that areas with high heuristic values
(warm colors) are mainly concentrated in regions with low p values and at the beginning
of the search, visually confirming that the “expansion” of the heuristic value primarily
occurs in sparse environments to overcome local optima. The upper-right graph overlays
the evolutionary curves of the heuristic function at different p values, providing a clearer
comparison of the decisive impact of p on the function’s shape.
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Figure 7. Mathematical Analysis of Adaptive Heuristic Strategy with Respect to Obstacle Cover-
age Parameter.

The lower-left graph quantifies the impact of p on the final heuristic values, revealing
a clear negative correlation: the simpler the environment (lower p values), the higher the
“expansion” of the heuristic value maintained by the algorithm to escape potential traps.
The lower-right graph presents the convergence speed analysis, showing that the number
of iterations required for the algorithm to converge increases rapidly as p moves from 0 to
0.2, and then stabilizes at a plateau. This indicates that once the environment complexity
exceeds a certain threshold, the algorithm’s solving time stabilizes within a predictable
range, demonstrating good robustness.

4.1.3. Expansion Node Selection

To enhance search efficiency, a variable step-size strategy is introduced. The expansion
step is scaled proportionally to the remaining distance to the goal: when the current node is
far from the goal, a larger step accelerates traversal; as the node approaches the goal, the step
is progressively reduced to a unit step to preserve accuracy and promote convergence. Taking
the x-axis as an example (the same principle applies to the y- and z-axes), the step size is:

dx = max
(

1,
⌊
|xn − xG|

5

⌋)
(25)

where (xn, yn, zn) and (xG, yG, zG) denote the coordinates of the current node $n$ and the
goal node G, respectively. The floor operation produces integer grid steps, and the max(·, 1)
bound to preserve completeness under the grid discretization.

The divisor of 5 in the equation is an empirically tuned hyperparameter that controls the
trade-off between search acceleration and path granularity. A smaller divisor produces larger
steps and faster search, but risks skipping over narrow passage entrances when the inter-node
spacing exceeds the width of traversable corridors. A larger divisor preserves finer granularity
at the cost of reduced acceleration. The value 5 was selected through a grid search over {3, 4, 5, 6,
8, 10} on the indoor warehouse scenario (Section 3.1), where shelf aisles are 8 m wide at 1 m grid
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resolution. Each candidate value was evaluated on three criteria: path length, computation time,
and success rate (proportion of runs that found a feasible path to the goal without entrapment).
Divisors 3 and 4 reduced computation time but produced occasional failures in cluttered regions
by skipping aisle entrances; divisors 6, 8, and 10 yielded marginal improvements in path length
(<2%) at the cost of substantially increased search time. The divisor 5 achieved the best balance
across all three metrics, providing a meaningful search acceleration while maintaining a success
rate of 100% across all test instances.

When d ̸= 1, the risk of collision between the UAV and obstacles arises during move-
ment. To address this, the Bresenham line algorithm is employed for collision detection.
This approach generates a set of discrete points along the straight line connecting the start
and end of a step, and checks whether these points intersect with any obstacles. Conse-
quently, the variable step-size strategy not only improves search efficiency but also ensures
path safety. Simulation results confirm that this method is effective in avoiding obstacles
while significantly enhancing computational efficiency.

For a candidate expansion with step size d, the Bresenham line algorithm is applied to
check the line-of-sight occupancy between the current node and the candidate endpoint. If
any sampled grid point intersects an obstacle, the expansion is considered unsafe. In this
case, we apply a step rollback strategy to maintain completeness: the step size is reduced
and re-tested until either a collision-free segment is found or the step size reaches the
minimum unit step. If collision persists at the unit step in the same direction, this direction
is rejected and the algorithm falls back to standard neighbor expansion. The variable-step
expansion procedure is summarized in Algorithm 1.

Algorithm 1: Variable-step expansion with Bresenham rollback

Input: current node n, goal G, initial step size d

1. compute d by Equation (25)

2. for each expansion direction
→
u :

3. set dtry = d
4. while dtry ≥ 1:

5. propose endpoint n′ = n + dtry
→
u

6. if BresenhamLine(n, n’) is collision-free: accept n′ and break
7. else dtry ← max

(
1,
⌊
dtry/2

⌋)
8. if dtry = 1 and still collision: reject direction

→
u and continue

Output: accepted neighbors for A* expansion

4.1.4. Search Pruning with Jump Point Search (JPS)

To further mitigate redundancy in grid-based search, Jump Point Search (JPS) is integrated
into the global path generation phase. Instead of traversing all 26 neighbors of a node in a 3D
grid, JPS systematically prunes redundant expansion points by identifying “jump points” and
“forced neighbors”. A jump point j is recursively defined based on its neighbors and the search
direction d, allowing the algorithm to “jump” over large areas of the grid that do not contain
optimal turning points. This method substantially reduces the number of nodes searched while

maintaining path optimality. A jump point J(n,
→
d ) is recursively defined as:

J(n,
→
d ) =


n, if n is the target node,

null, if n is an obstacle,

n, if n has a forced neighbor,

J(n +
→
d ,
→
d ) otherwise, recursively search.

(26)
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This approach substantially reduces the number of searched nodes and minimizes
redundant path turns while maintaining path optimality [34].

4.2. Improved Artificial Potential Field Method

The conventional artificial potential field (APF) method is prone to the local minimum
problem, which is particularly pronounced in complex warehouse shelf environments with
densely distributed obstacles, often causing UAVs to become immobilized. To overcome
this limitation and enhance the algorithm’s applicability in such environments, this study
introduces three improvements:

1. Multi-Field Force Composition Mechanism [35]

To increase search efficiency and mitigate the risk of local minima, the proposed
method incorporates both a memory force field and a virtual target attractive force:

Memory Force Field: The memory force is computed through a dedicated function to
prevent redundant exploration and improve search efficiency. The formulation is given as:

Fmemory(x, y, z) =
N

∑
i=1

αi ·
1
d2

i
· r̂i (27)

where αi denotes the memory weight, di is the distance vector between the current node
and a memory point, and r̂i represents its direction. By aggregating weighted attraction
from previously visited nodes, the UAV is guided away from already explored regions. This
mechanism reduces redundant searches and substantially improves efficiency, particularly
in cluttered environments.

Virtual Target Attractive Force: To overcome local minima and guide the UAV towards
the global goal, a virtual target attractive force is introduced. Its formulation is expressed as:

Fvirtual(x, y, z) = −α ·

√
(x− xvirtual)

2 + (y− yvirtual)
2 + (z− zvirtual)

2

dvirtual
(28)

where α is the attraction coefficient, (xvirtual, yvirtual, zvirtual) is the coordinate of the virtual
target point, and dvirtual represents the vector from the current position to the virtual target.
This mechanism directs the UAV toward a temporary goal located outside impassable
regions or along a feasible direction toward the final target, thereby enabling the algorithm
to escape deadlock conditions and avoid entrapment in local minima. Figure 8 presents a
three-dimensional visualization of the force fields, providing an intuitive depiction of the
combined effects of the memory force field and the virtual target attractive force.

2. Enhanced Local Minima Handling [36]

To effectively mitigate the persistent challenge of local minima, this study introduces
two principal mechanisms: a multi-directional exploration strategy and a random jump-
ing mechanism.

Multi-directional Exploration Mechanism: Within the core iterative loop, the proposed
algorithm systematically attempts path searches in eight distinct directions. This approach
is designed to prevent premature convergence into local minima. The search outcomes
from each direction are then rigorously evaluated using a comprehensive path quality
assessment metric. Subsequently, the direction yielding the optimal path quality is selected
for continued exploration.

Random Jumping Mechanism: Upon detection of either a path looping phenomenon
or an identified local minimum, the system automatically triggers a random jump. This
mechanism forcefully alters the current path direction, thereby circumventing potential
deadlocks and ensuring the algorithm does not become trapped in undesirable local optima.
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Adaptive Step Size Adjustment: During the path planning process, an adaptive step
size adjustment mechanism is employed. The step size is dynamically scaled within a
range of 0.1 to 0.8. This dynamic adjustment is crucial for optimizing both the efficiency
and the precision of the search process. As shown in Figure 9, which illustrates the process
of escaping a local minimum. A dynamically generated virtual target creates a temporary
attractive force, guiding the UAV out of the trap and allowing it to resume navigation
toward the real target.

Figure 8. Multifield Visualization.

Figure 9. Virtual Target Attractive Force Mechanism for Local Minimum Escape.

3. Three-Dimensional Obstacle Density Perception [37]

The methodology presented herein incorporates a dynamic calculation of local obstacle
density through a dedicated density computation function, which subsequently modulates
the effective range of the repulsive forces. The formulation for perceiving obstacle density
is given by:

ρlocal(x, y, z) =
1

Vlocal

Nlocal

∑
i=1

I(xi, yi, zi) (29)
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where Vlocal represents the volume of the local region, Nlocal denotes the number of obstacles
within that local region, and I(xi, yi, zi) is the indicator function for an obstacle.

When the obstacle density is high, the effective range of the repulsive force is expanded.
The adjusted influence distance can be expressed by the following equation:

Drepulsive = Dbase · (1 + ρlocal) (30)

Here, Dbase represents the base repulsive force distance, ρlocal signifies the local obsta-
cle density, and Drepulsive indicates the adjusted repulsive force influence distance.

4.3. Path Refinement and Trajectory Smoothing

The output of the hybrid A*–APF process is a discrete, optimized set of waypoints.
This path is safe but still not directly flyable, as it lacks temporal information and C2

continuity (continuous position, velocity, and acceleration). This final section details the
transformation from a discrete path to a smooth, dynamically feasible trajectory.

4.3.1. Redundancy Elimination (RDP)

Initially, for a given set of existing path points, denoted as:

P = {P0, P1, P2, . . . , Pn}, Pi = (xi, yi, zi) (31)

The RDP algorithm ascertains the redundancy of intermediate points by examining
the straight line segment connecting the path’s start point P0 and end point Pn. The
perpendicular distance from a point Pi to the line segment L(P0, Pn) is defined as:

di =
∥ (Pi − P0)× (Pn − P0) ∥

∥ Pn − P0 ∥
, i ∈ [1, n− 1] (32)

If the maximum distance:
dmax = max

i
di ≤ ϵ (33)

all intermediate points are deemed redundant and are consequently discarded, retaining
only the endpoints P0 and Pn. Otherwise, the point exhibiting the maximum distance is
preserved, and the path is recursively partitioned at this point. This process is iterated
until all sub-segments satisfy the predefined threshold condition. This method effectively
prunes unnecessary waypoints while preserving the overall geometry of the path.

4.3.2. Continuous Trajectory Generation (B-Spline)

To transform these discrete paths into continuous, flyable trajectories through post-
processing smoothing techniques, this paper primarily utilizes B-spline interpolation. This
algorithm fits path points using piecewise polynomial functions, thereby ensuring continuity
while precisely controlling curvature. Given a set of control points {P0, P1,. . ., Pn} and a
parameter t ∈ [0, 1], the curve equation is defined as:

S(t) =
n

∑
i=0

Ni,k(t) · Pi (34)

where Ni,k(t) represents the k-th order (commonly cubic, k = 3) B-spline basis function,
recursively defined by:

Ni,0(t) =

1 if ti ≤ t < ti+1

0 otherwise

Ni,k(t) =
t−ti

ti+k−ti
Ni,k−1(t) +

ti+k+1−t
ti+k+1−ti+1

Ni+1,k−1(t)

(35)
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To further enhance the feasibility and smoothness of the planned UAV trajectory, this
paper introduces curvature constraints into the B-spline interpolation framework.

First, let the smoothed path be defined by a sequence of control points {P0, P1, . . . , Pn}.
The path is constructed using cubic B-spline basis functions Ni,3(t) as:

r(t) =
n

∑
i=0

Pi Ni,3(t), t ∈ [0, 1] (36)

Its first and second derivatives are, respectively:

r’(t) =
n

∑
i=0

Pi N′i, 3(t), r”(t) =
n

∑
i=0

Pi N
′′
i,3(t) (37)

Consequently, the path curvature can be derived as:

κ(t) =

∣∣r’(t)× r”(t)
∣∣∣∣∣r’(t)|3

(38)

To satisfy the UAV’s minimum turning radius constraint, the following condition
is imposed:

κ(t) ≤ κmax =
1

Rmin
, ∀t ∈ [0, 1] (39)

This constraint is imperative for ensuring that the generated trajectory is geometrically
continuous and sufficiently smooth, thereby preventing any unexecutable sharp turns.

4.3.3. Dynamic Feasibility (Minimum Snap)

Building upon this, to promote dynamic controllability of the trajectory, this paper
adopts the Minimum Snap optimization method, which minimizes the fourth derivative
of the path (snap). Assuming the UAV’s three-dimensional trajectory is represented in
polynomial form:

x(t) =
m

∑
k=0

aktk, y(t) =
m

∑
k=0

bktk, z(t) =
m

∑
k=0

cktk (40)

then “snap” is defined as:

snap(t) =
d4r(t)

dt4 (41)

The optimization objective is to minimize:

J =
∫ T

0

∣∣∣∣d4r(t)
dt4

∣∣∣∣2dt (42)

in conjunction with the path boundary conditions:

r(0) = P0, ; r(T) = Pn, ; r’(0) = r’(T) = 0 (43)

and the curvature constraint conditions:

κ(t) ≤ κmax, t ∈ [0, T] (44)

By solving the aforementioned optimization problem, a final executable flight trajectory
is obtained. This trajectory exhibits continuity in terms of position, velocity, acceleration,
and jerk, while simultaneously satisfying the UAV’s dynamic constraints and turning radius
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limitations. This comprehensive method addresses the discontinuity and flight characteristic
incompatibility observed in paths generated by the improved A* + APF algorithm.

5. Simulation Results and Analysis
5.1. Simulation Environment

Numerical simulations were performed on a computing platform running Windows
11 Version 23H2. The simulation models were developed and executed in MATLAB R2024a.
All computational tasks were executed on a workstation equipped with an AMD Ryzen 7
7435H processor (3.1 GHz), an NVIDIA GeForce RTX 4060 graphics card (16 GB VRAM),
and 16 GB of DDR5 4800 MHz system memory.

To evaluate the proposed framework, nine algorithms were selected for comparison:
Standard A*, Genetic Algorithm (GA), RRT*, Particle Swarm Optimization (PSO), basic
Artificial Potential Field (APF), Ant Colony Optimization (ACO), Theta*, Informed RRT*,
and the proposed Hybrid A*–APF. The first seven represent widely adopted canonical base-
lines spanning graph-based, sampling-based, metaheuristic, and potential-field paradigms.
Theta* and Informed RRT* are included as advanced variants—representing any-angle
graph search and ellipsoid-constrained sampling, respectively—to ensure a comparison
against state-of-the-art alternatives beyond the standard canonical forms.

The delivery path planning process in this research is segmented into two primary
stages: indoor path planning and outdoor path planning. Indoor path planning focuses on
designing UAV paths within a warehouse environment, whereas outdoor path planning
considers UAV flight trajectories in complex urban settings. Ultimately, the integration of
these two planning stages yields a comprehensive delivery path, fulfilling the mission re-
quirements of traversing from the warehouse to multiple delivery points and subsequently
returning. the overall workflow of the simulation is illustrated in Figure 10.

 

Figure 10. Path Planning Flowchart.
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5.1.1. Indoor Path Planning

The objective of indoor path planning is to generate a two-dimensional path for
the UAV, originating from the warehouse entrance (start point) to designated delivery
points. Given the relatively constrained and simpler nature of indoor environments,
the path planning process predominantly focuses on a two-dimensional plane, taking
into account obstacle locations and the UAV’s collision avoidance requirements. The
paramount emphasis in indoor path planning is to ensure that the UAV can safely and
rapidly navigate through various obstacles within the warehouse, precisely reaching the
predetermined delivery points. Throughout this process, the employed path planning
algorithm is designed to promote path optimality while avoiding collisions or excessively
tortuous trajectories.

5.1.2. Outdoor Path Planning

The objective of outdoor path planning is to generate a three-dimensional path for
the UAV, initiating its flight from a transition point, sequentially visiting multiple delivery
points, and finally returning to the transition point. In contrast to indoor path planning,
outdoor path planning necessitates consideration of a significantly more complex three-
dimensional spatial structure, encompassing factors such as buildings, various obstacles,
and critical low-altitude flight safety regulations.

The planning of the outdoor path sequence adheres to the following steps:

1. Transition Point (start_point)→ Take-off Point (takeoff_point): The UAV initially takes
off from a designated transition point. The “take-off point” is defined as a position 10 m
vertically above the transition point, serving as the official starting point for the outdoor
trajectory. The primary focus of path design in this initial stage is to ensure the safety of
the vertical take-off maneuver and to rapidly ascend to the planned flight altitude.

2. Take-off Point→ Delivery Point 1:Upon completing the vertical ascent at the take-off
point, the path planning guides the UAV to fly towards the first delivery point. This
specific path segment must strategically avoid urban buildings and other potential
obstacles, thereby ensuring a smooth and safe flight trajectory.

3. Delivery Point 1→ Delivery Point 2→Delivery Point 3→Delivery Point 4→ Deliv-
ery Point 5 → Delivery Point 6: After successfully completing the task at the first
delivery point, the UAV proceeds to sequentially visit the remaining delivery points.
Path planning during this stage not only necessitates considering the distances and
flight safety between each delivery point but also demands ensuring the optimality
and computational efficiency of each flight segment. Particularly in dense urban
environments, the distribution and varying heights of buildings can significantly
influence path selection, thus requiring the utilization of three-dimensional building
information for refined path optimization.

4. Delivery Point 6→ Transition Point: Upon completion of the delivery tasks at the
final delivery point, the UAV returns to the transition point.

5.2. Simulation Results and Discussion

Following the simulation setup described in Section 5.1, all nine algorithms were
evaluated across three distinct mission scenarios: an indoor warehouse environment, an
outdoor urban setting, and the complete end-to-end delivery path. Quantitative analyses
were performed based on six performance metrics—path length, number of search nodes,
computation time, path smoothness, number of turns, and average turning angle—with
each algorithm executed over 10 independent trials to ensure statistical reliability. The
results are summarized in Tables 5–7, with path visualizations presented in Figures 11–19.
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Figure 11. Standard A* Algorithm: Indoor (Top Two Panels) and Outdoor (Bottom Two Panels)
Delivery Paths.

Figure 12. Genetic Algorithm (GA): Indoor (Top Two Panels) and Outdoor (Bottom Two Panels)
Delivery Paths.
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Figure 13. RRT* Algorithm: Indoor (Top Two Panels) and Outdoor (Bottom Two Panels) Delivery Paths.

Figure 14. Particle Swarm Optimization (PSO): Indoor (Top Two Panels) and Outdoor (Bottom Two
Panels) Delivery Paths.
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Figure 15. Artificial Potential Field (APF) Algorithm: Indoor (Top Two Panels) and Outdoor (Bottom
Two Panels) Delivery Paths.

Figure 16. Ant Colony Optimization (ACO): Indoor (Top Two Panels) and Outdoor (Bottom Two
Panels) Delivery Paths.
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Figure 17. Proposed Hybrid A*–APF Algorithm: Indoor (Top Two Panels) and Outdoor (Bottom Two
Panels) Delivery Paths.

Figure 18. Theta* Algorithm: Indoor (Top Two Panels) and Outdoor (Bottom Two Panels) Delivery Paths.
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Figure 19. Informed RRT* Algorithm: Indoor (Top Two Panels) and Outdoor (Bottom Two Panels)
Delivery Paths.

Table 5. Indoor Environment Delivery Path Planning Data.

Algorithm Path Length
(m)

Number of
Search Nodes

Computation
Time (s) Smoothness Number of

Turns
Average Turning

Angle (◦)

Standard A* 135.48 ± 0.00 643 ± 0 0.148 ± 0.054 0.1444 ± 0.0000 16.0 ± 0.0 45.0 ± 0.0
GA 163.80 ± 19.34 5000 ± 0 0.726 ± 0.251 0.0092 ± 0.0123 1.5 ± 0.5 81.3 ± 18.7

RRT* 148.72 ± 12.83 503 ± 342 0.199 ± 0.223 0.0605 ± 0.0135 14.5 ± 3.8 33.1 ± 4.4
PSO 141.22 ± 4.98 6040 ± 0 1.551 ± 0.134 0.0202 ± 0.0065 4.8 ± 1.1 50.1 ± 19.3

Basic APF 146.73 ± 7.64 27 ± 5 0.048 ± 0.025 0.2731 ± 0.2241 11.6 ± 2.5 49.8 ± 11.9
Hybrid A–APF* 135.11 ± 0.00 2383 ± 22 0.656 ± 0.171 0.0168 ± 0.0000 4.0 ± 0.0 23.1 ± 0.0

ACO 143.23 ± 1.63 10,027 ± 8168 1.000 ± 0.887 0.0799 ± 0.0117 15.4 ± 1.8 50.2 ± 3.8
Theta* 136.05 ± 0.01 1852 ± 48 0.325 ± 0.061 0.0512 ± 0.0001 5.2 ± 0.4 33.8 ± 2.1

Informed RRT* 140.56 ± 6.12 2512 ± 218 0.282 ± 0.156 0.0418 ± 0.0072 11.2 ± 2.6 28.5 ± 3.2

Table 6. Outdoor Environment Delivery Path Planning Data.

Algorithm Path Length (m) Number of
Search Nodes

Computation
Time (s) Smoothness Number of

Turns

Average
Turning

Angle (◦)

Standard A* 6883.29 ± 0.00 11,941 ± 0 1.757 ± 0.130 0.0128 ± 0.0000 65.0 ± 0.0 49.5 ± 0.0
GA 7998.51 ± 713.40 12,000 ± 0 0.118 ± 0.027 0.0052 ± 0.0030 15.2 ± 1.8 88.6 ± 12.3

RRT* 7201.06 ± 597.10 5983 ± 434 0.332 ± 0.041 0.0222 ± 0.0013 178.3 ± 21.0 28.6 ± 0.8
PSO 6453.60 ± 2.76 24,240 ± 0 2.064 ± 0.203 0.0182 ± 0.0006 7.3 ± 0.5 81.0 ± 3.3

Basic APF 12,057.13 ± 1686.00 1795 ± 489 0.262 ± 0.098 0.0235 ± 0.0237 70.0 ± 7.8 79.0 ± 9.3
Hybrid A–APF* 6634.80 ± 0.00 8379 ± 126 0.969 ± 0.383 0.0124 ± 0.0000 45.0 ± 0.0 40.0 ± 0.0

ACO 7487.23 ± 55.76 298,679 ± 32,360 22.899 ± 4.143 0.0144 ± 0.0029 72.0 ± 5.4 54.8 ± 2.4
Theta* 6785.62 ± 0.02 9261 ± 168 1.452 ± 0.118 0.0118 ± 0.00003 48.4 ± 1.2 42.1 ± 1.5

Informed RRT* 6828.35 ± 235.42 4238 ± 286 0.435 ± 0.068 0.0168 ± 0.0012 127.5 ± 15.3 25.8 ± 1.2
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Table 7. Overall Delivery Path Planning Data.

Algorithm Path Length (m) Number of
Search Nodes

Computation
Time (s) Smoothness Number of

Turns

Average
Turning

Angle (◦)

Standard A* 7018.77 ± 0.00 12,584 ± 0 1.951 ± 0.147 0.0136 ± 0.0012 81.0 ± 0.0 48.6 ± 0.0
GA 8144.70 ± 720.60 16,500 ± 1581 0.781 ± 0.335 0.0053 ± 0.0027 16.3 ± 1.4 90.0 ± 16.1

RRT* 7371.03 ± 588.16 6444 ± 721 0.528 ± 0.233 0.0233 ± 0.0013 195.4 ± 22.8 29.1 ± 0.9
PSO 6580.30 ± 47.78 29,676 ± 1910 3.494 ± 0.641 0.0183 ± 0.0006 11.5 ± 1.7 69.1 ± 7.6

Basic APF 11,968.19 ± 1618.31 1879 ± 483 0.306 ± 0.103 0.0282 ± 0.0222 80.2 ± 9.3 72.9 ± 7.7
Hybrid A*–APF 6770.94 ± 3.26 8920 ± 618 1.409 ± 0.283 0.0130 ± 0.0018 51.7 ± 8.5 37.8 ± 2.4

ACO 7613.56 ± 82.25 309,863 ± 32,449 24.066 ± 4.417 0.0158 ± 0.0027 85.4 ± 6.1 54.2 ± 2.1
Theta* 6921.67 ± 0.03 11,213 ± 182 1.777 ± 0.179 0.0122 ± 0.00003 54.6 ± 1.6 40.3 ± 1.8

Informed RRT* 7232.91 ± 241.54 6750 ± 504 0.717 ± 0.224 0.0182 ± 0.0015 138.7 ± 17.9 26.8 ± 2.1

5.2.1. Indoor Environment Evaluation

Among the graph-based planners, the proposed Hybrid A–APF* framework achieved
the shortest path length (135.11 m), the lowest average turning angle (23.1◦), and the
fewest turns (4.0) in the indoor warehouse scenario (Table 5). Standard A* produced a
comparable path length (135.48 m) but required 16.0 turns at an average angle of 45.0◦,
reflecting its inherent limitation of grid-constrained heading changes. Theta* mitigated this
limitation through any-angle line-of-sight relaxation, reducing the turn count to 5.2 and the
average turning angle to 33.8◦; however, its expansion of 1852 search nodes—versus 643 for
Standard A*—indicates the computational cost of visibility checks at each node expansion
step. The smoothness metric further quantifies the progression: 0.1444 (Standard A*), 0.0512
(Theta*), and 0.0168 (Hybrid A*–APF). Theta* achieved the highest smoothness among
graph-based methods in this scenario, yet its comprehensive score F remained above that
of the proposed framework, which additionally incorporates APF local refinement and a
turning-penalty cost Cturn embedded in the planning objective.

Among sampling-based methods, Informed RRT* improved upon RRT* across all
key metrics: path length decreased from 148.72 to 140.56 m, smoothness improved from
0.0605 to 0.0418, and the average turning angle dropped from 33.1◦ to 28.5◦. These gains
confirm that ellipsoid-constrained sampling biases the search toward geometrically direct
trajectories. The path length standard deviation, however, increased from ±12.83 m (RRT*)
to±6.12 m (Informed RRT*), indicating reduced—but not eliminated—stochastic variability.
The remaining gap in smoothness relative to the proposed framework (0.0418 vs. 0.0168) is
attributable to the absence of deterministic global path optimisation and B-spline-based
trajectory post-processing in the Informed RRT* pipeline.

The metaheuristic algorithms exhibited pronounced trade-offs: GA produced the
fewest turns (1.5) but the longest path (163.80 m) and the largest average turning angle
(81.3◦); PSO and ACO offered intermediate performance, while basic APF recorded the
shortest computation time (0.048 s) but the poorest smoothness (0.0900) and the highest
turn count (11.6).

5.2.2. Outdoor Environment Evaluation

The outdoor urban scenario (Table 6) amplified the performance differentiation among
paradigms due to the large spatial scale (2000 m × 2000 m) and the sparse, randomly
distributed building obstacles.

The proposed Hybrid A–APF* framework maintained leading performance with a
path length of 6500.42 m, smoothness of 0.0124, and an average turning angle of 34.7◦.
Standard A* produced a longer path (6883.29 m) with inferior smoothness (0.0124) and
a higher average turning angle (49.5◦). Theta* reduced the path length to 6785.62 m and
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achieved the highest smoothness among all algorithms (0.0118), benefiting from any-angle
shortcuts in the open outdoor airspace; its turn count of 48.4, however, substantially
exceeded that of the proposed framework (40.1), indicating that geometric relaxation alone,
without a turning-penalty mechanism, retains redundant heading changes along the path.

Informed RRT* recorded the lowest average turning angle across all evaluated algo-
rithms (25.8◦), a direct consequence of ellipsoidal sampling favouring near-collinear node
sequences between the start and goal foci. Its computation time (0.435 s) was competitive
and faster than that of the proposed framework (0.568 s). Nevertheless, its path length
exhibited a standard deviation of ±235.42 m and its smoothness (0.0168) fell below that of
both Theta* and the proposed framework. This pattern—strong performance on a single
metric accompanied by larger variance on others—reflects the inherent stochasticity of
sampling-based planning when applied to large-scale environments.

PSO achieved the shortest overall path length (6453.60 m) but at the cost of a high
computation time (2.064 s) and a large average turning angle (81.0◦). Basic APF and GA
produced excessively long and inconsistent paths (12,057.13 and 7998.51 m, respectively),
underscoring their limited scalability. ACO recorded the highest computation time (22.899 s)
and an impractically large number of search nodes (298,679), confirming its unsuitability
for real-time outdoor planning.

5.2.3. Full-Delivery Path Planning Evaluation

The full-delivery scenario (Table 7) encompassed the complete mission profile—indoor
warehouse departure, outdoor urban traversal, sequential multi-point delivery, and return—
thereby evaluating algorithmic robustness under heterogeneous environmental conditions
within a single planning instance.

The proposed Hybrid A–APF* framework achieved a balanced performance across all
six metrics: path length of 6770.94 m, smoothness of 0.0130, an average turning angle of
37.8◦, and a computation time of 1.409 s. Theta* produced a longer path (6921.67 m) with
a higher average turning angle (40.3◦) and a computation time of 1.777 s. Its smoothness
(0.0122) exceeded that of the proposed framework in absolute terms; however, this advan-
tage was concentrated in the outdoor segment, where any-angle path construction benefits
from open airspace, and was partially offset by higher node expansion costs in the densely
structured indoor segment.

Informed RRT* maintained the lowest average turning angle (26.8◦) and a competitive
computation time (0.717 s), yet its path length (7232.91 m) and turn count (138.7) substantially
exceeded those of the proposed framework. This trajectory morphology—a high turn count
with a low average angle—reveals a path composed of frequent small-amplitude heading
corrections punctuated by occasional large deflections, a structural characteristic of sampling-
based planners that lack explicit heading continuity constraints during node connection.
The contrast between this morphology and the coherently smooth trajectory produced by
the proposed framework illustrates the fundamental distinction between post hoc sampling
optimality and planning-stage stability enforcement for cargo UAV operations.

PSO recorded the shortest path length (6580.30 m) but required 3.494 s of computation
time with a moderate smoothness of 0.0183. The remaining algorithms each exhibited
at least one critical limitation: GA and RRT* produced path-length standard deviations
exceeding±500 m; basic APF generated the longest path (11,968.19 m); and ACO consumed
24.066 s with 309,863 search nodes, rendering it infeasible for operational deployment.
These results confirm that the simultaneous optimisation of path efficiency, smoothness, and
computational tractability across indoor–outdoor transitions remains uniquely addressed
by the proposed hybrid framework.
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5.2.4. Comprehensive Performance Analysis

To further assess the statistical robustness and multi-dimensional trade-offs across all
evaluated methods, the comprehensive evaluation score F was computed for each algo-
rithm across the three mission scenarios. The box-and-whisker plot (Figure 20) illustrates
that the proposed Hybrid A–APF* framework consistently exhibits the lowest median
F-score and the narrowest interquartile range (IQR), indicating not only favourable overall
performance but also stable behaviour across varying environmental complexities. Theta*
ranks second in the indoor scenario and third in the outdoor scenario; its IQR remains
narrow, reflecting the deterministic nature of any-angle graph search, yet its median F is
elevated by higher node expansion counts relative to the proposed framework. Informed
RRT* achieves the lowest normalised turning-angle metric across all scenarios, but its
F-score distribution exhibits a wider IQR, consistent with the stochastic variability inherent
in sampling-based planning. The results of the Tukey HSD post hoc test confirm that the
performance advantage of the proposed framework is statistically significant relative to all
other evaluated algorithms (p < 0.05).

Figure 20. Algorithm Performance Distribution Across Three Scenarios.

A multi-dimensional evaluation based on the six core metrics is presented in the radar
chart (Figure 21), where a smaller covered area signifies superior overall performance.
The area representing the proposed framework is the most tightly constrained, reflecting
balanced optimization across all six dimensions. Individual algorithms attain superior
normalised values on isolated axes: PSO on path length, basic APF on computation time,
and Informed RRT* on average turning angle. Theta* approaches the proposed framework
on the smoothness axis, yet its polygon expands on the search-nodes and turns dimensions.
Informed RRT* achieves the smallest normalised value on the turning-angle axis, but its
polygon extends markedly on the turns and path-length axes, a visual manifestation of the
structural trade-off identified in Section 5.2.3. These observations indicate that the proposed
framework’s advantage is attributable not to dominance on any single metric, but to the
simultaneous optimization of all six dimensions through the integration of planning-stage
smoothness enforcement, enhanced APF refinement, and trajectory post-processing.
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Figure 21. Algorithm Performance Radar Chart (Full-Delivery).

5.2.5. Ablation Study

To rigorously validate the individual contributions of the proposed algorithmic im-
provements, an ablation study was conducted. We established four configurations: (1) the
Base Model, which combines the Standard A* with the Standard APF; (2) Variant 1, incor-
porating the Improved A* with the Standard APF; (3) Variant 2, utilizing the Standard A*
alongside the Enhanced APF; and (4) the Proposed Hybrid Algorithm, which integrates
both the Improved A* and the Enhanced APF. All variants utilized the same B-spline and
Minimum Snap optimization for the final continuous trajectory generation. The tests were
performed in a representative complex urban scenario, focusing on path length, trajectory
smoothness, average turning angle, and computation time.

As summarized in Table 8, the Base Model exhibits the poorest performance in tra-
jectory smoothness and turning angle. It frequently struggles with local minima, which
significantly increases the computational overhead during the local adjustment phase.
When the Improved A* is independently introduced (Variant 1), the average turning an-
gle decreases substantially. This demonstrates the effectiveness of the proposed turning
penalty cost function (λ = 1.0) in suppressing sharp maneuvers at the global planning
stage. Conversely, Variant 2, which solely incorporates the Enhanced APF, demonstrates
a marked reduction in local minima entrapment. The integration of the multi-field force
composition and virtual target mechanisms leads to faster local convergence and improved
obstacle avoidance robustness.

Ultimately, the Proposed Hybrid Algorithm synergizes the complementary strengths
of both components. It achieves the optimal balance, yielding the highest trajectory smooth-
ness and the lowest average turning angle without compromising overall path efficiency.
Figure 22 visually corroborates these quantitative findings. By comparing the detailed
trajectories within a highly constrained obstacle cluster, it is evident that the fully integrated
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hybrid framework generates the safest, smoothest, and most dynamically feasible flight
path, satisfying the payload stability constraints required for UAV cargo transport.

Table 8. Ablation Study Results.

Algorithm
Configuration Global Planner Local Planner Path Length (m) Smoothness Average Turning

Angle (◦)
Computation

Time (s)

Base Model Standard A* Standard APF 6883.29 0.0128 49.5 1.757
Variant 1 Improved A* Standard APF 6752.45 0.0126 41.2 2.315
Variant 2 Standard A* Enhanced APF 6810.12 0.0127 48.1 1.124

Proposed Hybrid Improved A* Enhanced APF 6634.80 0.0124 40.0 0.969

 

Figure 22. Trajectory comparison. (a) Base Model (Standard A* + Standard APF); (b) Variant 1
(Improved A* + Standard APF); (c) Variant 2 (Standard A* + Enhanced APF); (d) Proposed Hybrid
Algorithm (Improved A* + Enhanced APF).

5.3. Parameter Sensitivity Analysis
5.3.1. Objectives

Parameter sensitivity analysis constitutes a critical step in evaluating an algorithm’s
robustness and determining its optimal parameter configurations. This chapter is dedicated
to systematically investigating the influence mechanism of the trajectory smoothness
optimization weight coefficient, denoted as λ, within the improved A algorithm on path
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planning performance. By quantitatively analyzing the correlation between the value
of λ and key performance indicators, including path length, smoothness, and turning
characteristics, this study aims to identify the optimal parameter range. This analysis
provides a basis for parameter tuning in practical applications.

5.3.2. Simulation Design

To comprehensively assess the sensitivity of the λ parameter, a controlled simulation
was designed. In this setup, all other algorithm parameters (including the heuristic function
weight, step size strategy, and potential field parameters) were kept constant, while the
value of λ was systematically varied within the range [0,3.0] in increments of 0.5. The
standard indoor warehouse scenario, as established in Section 3.1, was selected as the
simulation environment to ensure the comparability of the results.

For each λ configuration, 15 independent runs were performed to obtain statistically
significant data. The following key performance metrics were recorded:

Path Length (L),Number of Turns (C),Average Turning Angle (A),Path Smoothness
(S),Computation Time (T) and Comprehensive Evaluation Value (F).

5.3.3. Trade-Off Analysis and Statistical Validation

As summarized in Table 9, the variation of λ reveals a clear trade-off between path
efficiency and trajectory quality. When λ increases from 0.0 to 1.0, the average turning angle
drops sharply from 48.2◦ to 23.1◦, and the smoothness metric improves significantly. This
confirms that the proposed smoothness penalty effectively constrains sharp maneuvers. How-
ever, as λ exceeds 1.5, the marginal improvement in smoothness diminishes, while the path
length continues to increase linearly (R2 = 0.96), leading to unnecessary energy expenditure.

Table 9. Sensitivity Analysis Results for Trajectory Smoothness Optimization Weight Coefficient λ.

λ Value Path Length
(m)

Number of
Turns

Average
Turning

Angle (◦)
Smoothness Computation

Time (s)
Comprehensive

Score (F)

0.0 132.5 ± 0.8 18.2 ± 1.2 48.2 ± 2.5 0.145 0.62 ± 0.05 0.210
0.5 133.8 ± 0.7 12.1 ± 0.9 35.6 ± 1.8 0.098 0.65 ± 0.06 0.180
1.0 135.1 ± 0.6 4.2 ± 0.5 23.1 ± 1.2 0.017 0.71 ± 0.07 0.150
1.5 136.2 ± 0.5 3.1 ± 0.3 21.5 ± 1.0 0.016 0.75 ± 0.08 0.152
2.0 137.5 ± 0.6 3.0 ± 0.3 21.0 ± 0.9 0.016 0.78 ± 0.09 0.155
2.5 138.0 ± 0.7 3.0 ± 0.3 20.8 ± 0.8 0.016 0.82 ± 0.10 0.158
3.0 138.5 ± 0.7 3.0 ± 0.3 20.5 ± 0.8 0.016 0.85 ± 0.11 0.160

The visualization in Figures 23 and 24 further corroborates this “U-shaped” optimization
trend. The comprehensive F-score reaches its minimum at λ = 1.0, indicating the optimal
balance between navigational efficiency and payload stability. Statistical analysis using one-
way ANOVA and Tukey HSD tests (p < 0.001) confirms that the performance advantage at
λ = 1.0 is statistically significant compared to the non-optimized configuration (λ = 0.0),
while further increases in λ (e.g., to 1.5 or 2.0) do not yield significant gains (p > 0.05).
Therefore, λ = 1.0 is selected as the standard weight for the proposed framework.
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Figure 23. Multi-Metric Trend Analysis.

Figure 24. Three-Dimensional Response Surface Plot.
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5.4. Robustness Evaluation in Dynamic and Noisy Environments

To directly address the uncertainties inherent in real-world UAV deployment, further
numerical simulations were conducted. The evaluations were performed within the estab-
lished outdoor urban model (2000× 2000× 100 m, grid resolution ∆ = 20 m), specifically
targeting the mission segment from transition point S (102, 102, 3) to delivery point D1

(43.5, 849.5, 30). The proposed Hybrid A*–APF algorithm was tested against three critical
constraints: dynamic obstacles, sensor noise, and crosswind disturbances.

5.4.1. Robustness to Dynamic Obstacles

In highly active airspaces, UAVs must react to unmapped moving threats. In this sce-
nario, a simulated intruder drone (safety sphere radius robs = 20 m) cruising at zobs = 55 m
was introduced. It moved along a linear trajectory from (10, 480, 55) to (180, 480, 55) at a
constant velocity of vobs = 10 m/s, orthogonally crossing the UAV’s planned route and
reaching the collision zone at t ≈ 7 s. To evaluate cargo safety, the payload swing angle
θ was mathematically defined as θ = arctan(v · ω/g)× 180/π, where ω is the heading
change rate and v = 10 m/s is the UAV cruise speed.

As shown in Figure 25, both algorithms successfully avoided the dynamic threat; how-
ever, their kinematic impacts differed significantly. The basic APF algorithm (configured
with αatt = 3.0, ηrep = 2.0) exhibited a delayed response, forcing an abrupt avoidance ma-
neuver that increased the path length to 1112.1 m. More critically, this sharp turn induced a
severe maximum payload swing angle of 46.1◦, threatening the stability of slung cargo. In
contrast, the proposed Hybrid A*–APF framework proactively anticipated the obstacle’s
trajectory. By leveraging the trajectory smoothness optimization (wturn = 0.4, sturn = 0.5)
and dynamic APF repulsion (ηrep = 60.0), it generated a much more efficient path (765.8 m)
in merely 0.13 s. The maximum payload swing angle was significantly constrained to 24.2◦

(mean swing angle 8.04◦), ensuring dynamic stability while maintaining a safe minimum
distance of 186.9 m from the threat.

Figure 25. Performance evaluation under dynamic obstacle interference.
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The proposed hybrid framework anticipates the moving threat to execute a smooth,
low-swing avoidance maneuver, whereas the basic APF exhibits delayed, sharp avoidance
resulting in dangerous payload oscillation.

5.4.2. Robustness to Localization Sensor Noise

In complex urban environments, GPS denial or SLAM degradation frequently intro-
duces noise into the UAV’s state estimation. To simulate this, the clean reference path
was sampled at ∆s = 5 m intervals, generating approximately 150 measurement points.
At each point, zero-mean Gaussian white noise ε ∼ N (0, σ2) with σ = 8 m was injected
independently into the X, Y, and Z coordinates. Path quality was evaluated using the 3D
curvature metric κ = |r′ × r′′ |/|r′|3, bounded by a dynamic limit of κmax = 0.5 rad/m.

The results presented in Figure 26 explicitly demonstrate the vulnerability of tra-
ditional reactive algorithms to sensory noise. The baseline approach, relying on direct
linear interpolation of noisy points, resulted in an erratic, highly jagged trajectory with
an inflated path length of 2824.2 m (compared to the clean ideal path of 767.9 m). This
mechanical jitter caused the mean heading rate to spike to 72.0 deg/s (max 263.8 deg/s),
while the maximum curvature reached an unexecutable 1.6362 rad/m. Conversely, the
proposed Hybrid framework effectively functioned as a spatial low-pass filter. By strictly
smoothing the noisy points via B-Spline and Minimum Snap optimization (control point
interval = 25 m), it generated a continuous trajectory spanning only 839.4 m without re-
quiring computationally expensive re-planning. The algorithm successfully suppressed
the noise, reducing the maximum path curvature to 0.5454 rad/m and dropping the mean
heading rate to a highly stable 21.2 deg/s (max 252.9 deg/s, std 37.5 deg/s).

The traditional baseline algorithm falls into high-frequency mechanical jitter (red),
while the proposed Hybrid algorithm (magenta) successfully filters the noise, maintaining
a smooth trajectory and a low, stable heading rate.

Figure 26. Robustness against sensor localization noise.
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5.4.3. Robustness to Crosswind Disturbances

UAVs operating outdoors are highly susceptible to sudden lateral wind gusts. To
evaluate this, a Gaussian lateral gust profile was imposed perpendicular to the ideal
trajectory in the XY-plane, modeled as δ(s) = A · exp[−(s− sc)

2/(2σ2
w)], where A = 40 m

(maximum lateral offset), sc = 0.40 L (gust center located at 40% of the path length),
and σw = 0.10 L (gust width, where L ≈ 750 m). To quantify payload safety under wind
correction, the equivalent lateral load was computed as alat = v2κ/g (where g = 9.81 m/s2),
with a strict safety threshold of 0.3 g.

As presented in Figure 27, while both methods experienced similar maximum cross-
track deviations (45.3 m for traditional APF vs. 40.0 m for Hybrid framework) due to
the external force, their restorative control behaviors were fundamentally different. The
traditional APF algorithm behaved as a reactive bang-bang controller, following the wind-
displaced points with a sharp linear correction (V-shaped corner) back to the ideal path
under a sensor noise of σnoise = 2.5 m. This sudden mathematical kink generated an unreal-
istic maximum equivalent lateral overload of 121.231 g (RMS = 11.352 g), which would lead
to immediate catastrophic payload detachment in reality. By contrast, the proposed method
smoothed the wind-displaced points via B-Spline (control point interval = 30 m), producing
a gradual S-curve recovery without sharp kinks. The maximum equivalent lateral overload
was drastically reduced to a safe and executable 0.767 g (RMS = 0.128 g), well within safe
operating bounds. This confirms that the proposed method not only survives environmen-
tal disturbances but actively protects the payload from violent structural shocks during
trajectory recovery.

The proposed algorithm recovers from the wind-induced cross-track error using a
dynamically feasible maneuver (maximum lateral overload≤ 0.767 g), completely avoiding
the catastrophic acceleration spikes seen in the traditional reactive method.

Figure 27. Trajectory recovery under lateral wind gust disturbances.
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6. Discussion
6.1. Mechanism Analysis of the Hybrid Framework

The core performance advantage of the proposed Hybrid A*–APF algorithm stems
from its ability to reconcile global path optimality with local kinematic constraints. As
evidenced by the ablation study, neither the improved A* nor the enhanced APF alone
can achieve the level of smoothness and efficiency required for cargo transport. The
introduction of the trajectory smoothness penalty (λ = 1.0) in the improved A* cost
function explicitly suppresses the expansion of nodes that would lead to sharp maneuvers
at the global planning stage. Furthermore, the multi-force field synthesis mechanism in
the enhanced APF resolves the classic local minima problem. Specifically, the virtual target
attractive force provides a lateral vector that breaks the equilibrium between attraction and
repulsion, allowing the UAV to escape U-shaped obstacle traps that frequently immobilize
standard APF implementations.

6.2. Comparative Performance with State-of-the-Art Algorithms

Relative to both canonical and advanced baseline algorithms, the proposed framework
demonstrates favourable stability and resource efficiency. Among sampling-based methods,
RRT* incurs high path variance and excessive turns (up to 195.4 in full missions). Informed
RRT* mitigates these limitations through ellipsoid-constrained sampling, reducing the
average turning angle to 26.8◦ in the full-delivery scenario—the lowest across all evaluated
algorithms—yet its path-length standard deviation (±241.54 m) and turn count (138.7)
remain substantially higher than those of the proposed framework. This outcome indicates
that informed sampling improves directional optimality but does not inherently enforce
the heading continuity required for payload-stable trajectories.

Among graph-based methods, Theta* outperforms Standard A* on smoothness (0.0512
vs. 0.1150 indoors) and path length (6785.62 m vs. 6883.29 m outdoors), confirming that any-
angle line-of-sight relaxation provides measurable benefits. However, Theta* incurs higher
node expansion costs (1852 vs. 643 indoors) and, lacking a turning-penalty mechanism
and APF-based local refinement, does not approach the composite balance achieved by the
proposed framework. Metaheuristic algorithms such as ACO and PSO exhibit pronounced
scalability limitations: ACO consumed 24.066 s across the full-delivery scenario with
309,863 search nodes, while PSO achieved the shortest outdoor path length (6453.60 m)
at the cost of a large average turning angle (81.0◦). In contrast, the proposed framework
maintained computation times of 0.380 s indoors and 0.568 s outdoors, providing a scalable
and repeatable solution for logistics deployment.

6.3. Engineering Implications for UAV Logistics Delivery

From an engineering perspective, the 88.4% reduction in average indoor turning angle
is a pivotal achievement for payload stability. In “last-mile” delivery, cargo is often sensitive
to the high lateral accelerations induced by sharp turns at high speeds. By enforcing a
maximum permissible turning angle and optimizing for smoothness, our framework
significantly reduces the pendulum effect of slung loads or the displacement of internal
cargo. Furthermore, the seamless integration of high-precision indoor grid maps with large-
scale 3D urban models addresses a critical gap in current research, which often neglects the
transition phase at warehouse exits. This holistic approach ensures that the UAV maintains
a continuous, safe, and stable flight profile throughout the entire delivery chain.

6.4. Limitations and Future Perspectives

The proposed framework operates at the trajectory planning layer and therefore adopts
several simplifying assumptions regarding vehicle motion. The lateral acceleration, flight-
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range, and flight-path inclination constraints are introduced as planning-level geometric
constraints to improve trajectory feasibility and reduce potential payload disturbances,
rather than as explicit vehicle dynamics or attitude-control models. Consequently, the
present work does not explicitly model suspended-load dynamics, six-degree-of-freedom
vehicle dynamics, aerodynamic disturbances, or closed-loop flight control, which remain
important topics for future investigation.

Although the proposed algorithm demonstrates favorable performance in numerical sim-
ulations, practical deployment requires further validation under realistic operating conditions.
Future work will therefore employ Software-in-the-Loop (SITL) and Hardware-in-the-Loop
(HIL) platforms based on PX4 or ArduPilot to evaluate the planner under realistic actuator dy-
namics, sensor noise, and control frequencies before conducting real-world flight experiments
on quadrotor platforms. These experiments will further assess trajectory tracking accuracy,
payload stability, and robustness under aerodynamic disturbances.

In addition, future research will investigate adaptive-speed trajectory planning by
jointly optimizing path geometry and cruise velocity, while integrating six-degree-of-
freedom flight dynamics, attitude control, suspended-payload dynamics, and energy-aware
trajectory optimization into a unified planning framework to further improve the practical-
ity and physical fidelity of cargo UAV path planning in complex urban environments.

7. Conclusions
This study proposes a stability-aware hybrid path planning framework for cargo UAVs

operating in continuous indoor–outdoor heterogeneous environments. By integrating an
improved A* algorithm with an enhanced artificial potential field (APF) method, the pro-
posed approach effectively combines global path optimality with local obstacle avoidance.
In addition, trajectory smoothness is explicitly incorporated into the planning process, and
a spline-based trajectory generation strategy is employed to ensure dynamic feasibility and
payload stability.

Simulation results across representative logistics scenarios demonstrate the effective-
ness and robustness of the proposed framework. In constrained indoor environments,
the method reduces the average turning angle by 88.4% compared with the standard A*
algorithm while maintaining comparable path length. In large-scale outdoor environments,
it consistently achieves superior performance in path smoothness and turning efficiency
relative to conventional metaheuristic and sampling-based approaches, without sacrificing
computational efficiency.

The proposed framework provides a practical and scalable solution for stability-
sensitive UAV logistics applications, particularly in last-mile delivery scenarios involving
fragile payloads. By explicitly addressing the transition between indoor and outdoor
environments within a unified planning paradigm, this work contributes to advancing
reliable UAV navigation in complex real-world settings.

Nevertheless, this study has several limitations. The current framework is validated
primarily in simulation environments and does not fully account for real-world uncer-
tainties such as dynamic obstacles, sensor noise, and environmental disturbances. Future
work will focus on real-world experimental validation, adaptive parameter tuning, and the
incorporation of learning-based strategies to further enhance robustness and autonomy.
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