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Abstract

This study proposes a global trajectory planning solution for Quadcopter UAVs to optimize execution time, the number of nodes to be
expanded, and ensure mission feasibility and safety. Recognizing the computational performance limitations of traditional algorithms such
as Dijkstra, the study proposes an improved method based on the A* algorithm combined with an adaptive heuristic strategy. The core of the
method is a flexible conversion mechanism between Manhattan and Euclidean standards based on the actual distance threshold to the target,
minimizing the search space and increasing execution speed. To ensure physical feasibility, we integrate a safety boundary mechanism to
minimize collision risk and Cubic Spline interpolation techniques to smooth discrete trajectories, ensuring continuity in velocity and accel-
eration. Simulation scenarios performed on MATLAB R2023b with medium to high obstacle densities have demonstrated the superior effec-
tiveness of the proposed method. Quantitative results show that the proposed algorithm minimizes the number of expansion-required nodes
compared to A* and Dijkstra, while significantly improving execution time to meet stringent real-time requirements, creating a solid foun-

dation for deployment on embedded UAV systems in complex 3D environments.
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Abbreviations
UAVs Unmanned Aerial Vehicles
VTOL Vertical Take-Off and Landing
GPP Global Path Planning
LPP Local Path Planning
GCS Ground Control Station
3D Three-dimensional
GA Genetic Algorithm
GWO Gray Wolf Optimization
FPA Flower Pollination Algorithm
PSO Particle Swarm Optimization
FL Fuzzy Logic
RL Reinforcement Learning
DRL Deep Reinforcement Learning
ROS Robot Operating Systems

1. Introduction

Currently, UAVs play a key role in both civilian and
defense [1]. Among them, quadcopter UAVs have attracted
much research interest due to their compact structure,
reasonable operating costs, and flexible VTOL capabilities in
confined spaces [2]. However, due to the characteristic of
consuming a large amount of energy to maintain lift, the
trajectory planning problem has become an urgent
requirement to optimize flight paths and save energy for
quadcopters, thereby improving the overall efficiency of the
mission.

Normally, this problem is divided into two main types:
static trajectory planning and dynamic trajectory planning,

also known as GPP and LPP [3]. Specifically, GPP is used to
create optimal trajectories in a known global environment,
while LPP excels in obstacle avoidance and requires on-
device online computation to effectively adapt to dynamic
environments [4]. In practice, for reconnaissance or
surveillance missions, mission plans are usually established in
advance on the GCS through specialized software such as
QGroundControl [5] and Mission Planner [6]. Therefore,
focusing research on GPP solutions to establish the shortest
flight path not only has profound scientific significance but
also high practical value, helping to save flight time, energy,
and ensure mission safety.

However, planning the optimal and safe trajectory for
UAVs is always a challenging task because they must operate
in 3D space. To date, many GPP methods have been studied
and widely applied to UAVs and can be divided into four main
approaches as in [7-18]. First, there are traditional graph-
based search algorithms such as Dijkstra [7] and A* [8],
which are the foundation for many modern navigation
systems. In addition, the group of sampling-based methods,
such as RRT* [9], has shown efficiency in rapid exploration
in multidimensional space. In parallel, the group of
biologically inspired methods has also attracted much
research interest such as GA [10], improved A* combined
with gray wolf optimization (GW-A*) [11], A* combined
with flower pollination algorithm (Hybrid A*-FPA) [12],
improved swarm optimization (LGPSO) [13], improved
particle swarm optimization combined with genetic algorithm
(PSO-GA) [14]. Finally, the development of machine learning
and intelligent computing has opened up approaches such as
using FL [15], RL methods [16,17], and hybrid algorithms
combining deep reinforcement learning and fuzzy logic
(DRL-FL) [18].
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Dijkstra [7] is an algorithm for finding the shortest
distance between any two nodes on a graph with non-negative
weights. However, a drawback of Dijkstra is that it performs
searches in all directions without specific orientation toward
the target. In large 3D spaces with many nodes, Dijkstra
consumes large computational resources and processing time,
making it less efficient for practical UAV applications. To
overcome this limitation, the A* algorithm [8] was developed
and became one of the most popular trajectory optimization
methods. Currently, A* is widely applied in the field of
robotics and is integrated into popular development platforms
such as ROS, acting as an efficient global planner in the
navigation framework [19,20]. A* improves search speed by
combining the actual cost with a heuristic function to estimate
the distance to the target, helping to orient the node expansion
process more intelligently. However, traditional A* often uses
a fixed heuristic function such as the Euclidean or Manhattan
distance [21]. In complex environments with many obstacles,
rigidly applying a heuristic can cause the algorithm to expand
too many unnecessary nodes, increasing processing time.
Research [9] proposed the RRT* algorithm in UAV trajectory
planning, which allows the creation of asymptotically optimal
reference paths and ensures collision-free operation in
environments with complex obstacle structures. This method
operates based on a random sampling mechanism to build a
tree structure containing feasible paths, thereby determining
the optimal path from the starting position to the destination
[22]. In essence, RRT* is an enhanced version of RRT by
incorporating an additional local optimization step in the tree
expansion process. However, RRT* has several limitations,
including high stochasticity, increased time cost, slow
convergence rate, and requiring a large number of iterations
to reach a better path [23].

Research [10] applied GA to the problem of UAV
trajectory planning in 3D space. This method showed
effectiveness in avoiding static and dynamic obstacles, with
feasibility verified through both simulation and experiment.
However, the inherent disadvantage of GA is the slow
convergence speed and large computational load due to
having to process the population over many generations,
making it less efficient in applications requiring fast
processing speed and limited hardware. Research [11]
proposed the GW-A* algorithm for UAV path planning,
which yields superior results compared to traditional A* by
creating safer and more adaptable paths. However, the GW-
A* algorithm significantly increases the computational load
and system complexity compared to A* because the GWO
weight adjustment process requires a long processing time to
converge to the optimal solution, making it difficult for
embedded UAV systems with limited hardware resources.
Furthermore, the conclusion of this study also indicates that
GW-A* is not superior to A* in all cases, and in some
situations, A* is still better in terms of performance, while
GW-A* has a higher computational cost. Study [12] applied
A*-APF to optimal path planning for UAVs, exploiting A*'s
high-speed discovery capabilities to find local optimal paths
on a grid map and combining it with APF to refine and obtain
the best optimal path. The performance of this method was
compared with A*, FPA, GA, and PSO and showed optimal
efficiency in all scenarios, especially in improving the best
path length. Study [13] proposed the LGPSO algorithm for

UAVs, which provided a 23% performance improvement
over classical PSO in terms of optimal path distance. Using
the same approach, study [14] proposed the PSO-GA
algorithm for optimal 3D flight path planning of UAVs.
Compared to traditional PSO, this algorithm enhances global
search capabilities in the early stages and local optimization
capabilities in the later stages. However, generally, swarm
intelligence-based methods such as GWO, PSO, and FPA
often have inherent limitations regarding slow convergence
speed, computational resource consumption, and randomness
of results (typically the dependence on the initial population
state in GWO [24]). These factors make it difficult to ensure
the stability and consistency of the mission in practical UAV
applications.

Research [15] applied FL to the real-time flight path
planning problem of UAVs. The authors combined A* and
FL, resulting in a significant improvement in flight path
smoothness. However, the effectiveness of FL is heavily
dependent on the establishment of fuzzy rules based on
experience [25], making it difficult to optimize flight paths in
complex 3D environments. Meanwhile, studies [16,17] have
applied RL based on the Q-Learning algorithm to improve the
optimal flight planning of UAVs. Taking a more modern
approach, research [18] combined DRL and FL to form a
hybrid trajectory planning framework (DRL-FL) for UAVs,
significantly enhancing training efficiency. Simulation results
of DRL-FL have demonstrated effectiveness compared to
traditional DRL. However, a common limitation of machine
learning-based methods, such as RL and DRL, is the
demanding requirement for sample data and training time. In
addition, generalization ability is also considered a limitation
of these methods. Conversely, grid-based search algorithms
such as A* show superior stability due to their ability to
directly process all spatial data without relying on
predetermined training processes.

In summary, from the analyses above, although sampling-
based methods, swarm intelligence, and machine learning
have achieved certain successes, balancing computational
speed, stability, and trajectory optimization in a 3D
environment remains a major challenge for embedded UAV
systems. Among these, the A* algorithm is still considered the
most reliable solution due to its high determinism and
stability. However, the biggest obstacle of traditional A* is
the lack of flexibility of its fixed heuristic function, leading to
wasted computational resources on unnecessary expansion
nodes. To thoroughly address this problem, this paper
proposes an improved trajectory planning method for A*. The
core of the proposed method is the introduction of an adaptive
heuristic strategy, allowing the algorithm to automatically
switch between Manhattan and Euclidean standards based on
the actual distance threshold to the target. This strategy helps
the UAV significantly narrow the search space in the initial
phase to increase target search speed, while minimizing the
number of nodes that need to be expanded during target
approach. In addition, to meet the smooth flight
characteristics of the Quadcopter, the trajectory after search
will be smoothed through cubic spline interpolation [26],
ensuring continuity of velocity and acceleration. The
proposed method was validated through simulations on
MATLAB R2023b software and compared with other optimal
flight trajectory methods based on grid graphs including



Journal of Measurement, Control and Automation

Dijkstra [7] and A* [8]. The results show a significant
superiority of the proposed method in execution time and
reduction of the number of nodes to be explored.

Thus, the main contributions of this study include: First,
we propose an adaptive heuristic strategy to minimize the
number of expansion nodes and reduce computation time in
the optimal flight trajectory planning problem for Quadcopter
UAVs. Second, we integrate Cubic Spline techniques [26] to
smooth discrete trajectories, ensuring a continuous flight
trajectory in terms of velocity and acceleration, consistent
with the physical characteristics of the UAV. In addition, we
verify the effectiveness of the proposed method through
simulation scenarios compared with Dijkstra [7] and A* [§],
showing significant superiority in execution time and
reduction of the number of nodes to be explored. Unlike
several existing improved A* variants—which often rely on
stochastic optimization, learning mechanisms, or complex
parameter tuning—the proposed method utilizes a simple yet
well-directed heuristic function switching mechanism. This
approach enhances search efficiency without significantly
increasing computational complexity. Compared to swarm
intelligence-based A* hybrids such as GW-A* [11] and A-
APF* [12], the proposed method avoids reliance on stochastic
optimization processes and iterative loops for convergence.
Consequently, it reduces computational overhead while
ensuring the safety of the global trajectory. Specifically, the
flexible switching mechanism between Manhattan and
Euclidean distances based on a distance threshold allows the
algorithm to improve search directivity, thereby reducing the
number of expanded nodes in the space. Furthermore, in
contrast to other adaptive A* variants like A-FL* [15], the
proposed method does not depend on expert knowledge for
establishing fuzzy rules, which enhances the consistency and
reproducibility of the results.

The rest of the paper is structured as follows: Section 2
presents the mathematical model and proposed method.
Section 3 presents the simulation results and analysis. Finally,
Section 4 provides conclusions and directions for future
research.

2. Mathematical model and proposed method

2.1 Mathematical model of UAV Quadcopter

Currently, there are many different variants of UAV
quadcopters, of which the three most common types include
the "X" type (X-Type), the "+" type (+-Type), and the "H"
type (H-Type). Each type has distinct operating
characteristics, with the "X" type frame structure being the
most common and applied in many commercial products,
providing high flexibility and balanced thrust distribution,
details of which can be observed in Figure 1 [27]. To simplify
the calculation process while ensuring physical accuracy, the
assumptions established include that the quadcopter frame is
an absolute rigid body with a perfectly symmetrical structure,
the center of gravity (CG) of the device coincides with the
geometric center of the frame, and the influence of air
resistance and environmental disturbances is negligible under
ideal conditions.

Mathematically, the model of the Quadcopter UAV is
described by a vector of 12 state variables, defined in two

main reference coordinate systems, the Earth frame (E-
Frame) and the body frame (B-Frame), as follows [2]:

X =[x.y.2.4.0.p.u,v.w.p.q.r | €))
“X”-Type Motor 4
2 \,/ /‘/ EW\;\‘ BODY FRAME
NP4

v 7 veaw s
EARTH FRAME Motor 3 "2 N N o
=R
Oz(E) Q ‘\EEW/'”/" ¢ ¥ "'\\‘\_/ oy(8)
oxe) \
\
A
— N\
( Caw)) )
& </

|- . Motor 2
ox(E) oy(E)

Figure 1: “X-Type” Quadcopter Model [27]

With (x, y,z) are the UAV's position within the Earth
frame, (¢, 49,1//) are the UAV's Euler angles which describe
its orientation, (u,v,w)are the UAV's translational velocity

as defined within the body frame, and ( p,q,r)illustrate the

corresponding angular velocities along the body frame's axes.
To convert the parameters between the E-Frame and B-
Frame, we use the following matrices :

[cOcy  spsOcy —copsy  chsOcy + spsy
R=|cOsy s@psOsy +chsy cPsOsy — spcy
—s6 s¢pc cpcO
(1 s¢to cpto &Y
T=|0 co —s¢
|0 sgsecd cpsecd

With, s,c,t are the mathematical notations for sin,
cos, tan andsecd = (1/cos@). The rotation matrix R is used

to convert the translational velocity from the B-Frame to the
E-Frame, and T is the conversion matrix to translate the
angular velocity from the B-Frame to the rate of change of
angular direction in the E-Frame.

The complete mathematical model of the Quadcopter
UAV is described as follows [2,28]:

X u ¢ p
y|=R|v|;|0|=T|q
z w| |y r
1 . I -1 U
i = —((cosOcy + U) ; g=0p2r—4+22
i m((0¢s cy +sgsy )U,) 5 §=0y T 3)
L1 s o I —I U
§=—((cpsOsy —sgey)U,) 5 G=dy—=——+—2
m I, 1,
1 I =1 U
F=—(cgcOU \)—g ; v=¢0—>L+—2
m(¢ )-g 5 W=¢ T

With, g is the acceleration due to gravity, and m is the
mass of the device. Additionally, 7,7 .7, are the moments of

inertia with respect to the coordinate axes in three-
dimensional space, and U,,U,,U,,U, are the four control
inputs, respectively.

Remark 1: The mathematical model of the Quadcopter
UAV is a complex nonlinear system, fully described by a
system of 12 tightly coupled state variables, which serves as
the foundation for closed-loop feedback controllers to
perform the task of tracking flight and maintaining stability.
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However, in terms of practicality on currently popular flight
platforms such as ArduPilot and PX4 [29], the operation
process is clearly layered. Users only need to provide the
system of waypoints in space, while the calculation and
conversion to state variables of attitude and velocity will be
automatically handled by the tracking control layers
integrated in the device's firmware.

Therefore, within the scope of the global flight trajectory
planning problem proposed in this study, we focus mainly on
optimizing the flight trajectory related to the three coordinate
positions (x, y,z) of the UAV in the E-Frame to find the

shortest and safest route. Meanwhile, the state variables of
attitude and velocity will be processed in the tracking control
layer to implement the discrete trajectory smoothed by Cubic
Spline [26], ensuring that the UAV moves accurately
according to the established nodal points. It should be noted
that, although the design of the trajectory tracking controller
is an essential component for UAV operation, this study does
not focus on developing closed-loop feedback control
algorithms. Furthermore, it should be emphasized that the
presentation of the mathematical model in this study aims to
clarify the kinematic and dynamic nature of the UAV and the
interrelationship between state variables, thereby ensuring
that the generated trajectories are physically consistent.
Although the global trajectory planner does not directly
incorporate dynamic constraints, the resulting trajectories are
designed to be continuous and geometrically feasible,
allowing them to be efficiently followed by tracking
controllers. This hierarchical approach is common in practical
UAV systems, where the motion planning and control
problems are decoupled to reduce computational complexity
and enhance deployment flexibility.

2.2 Proposed method
2.2.1 The structure of the proposed method

To address the challenge of determining the optimal
trajectory for a Quadcopter in a complex 3D environment, this
study presents an enhanced trajectory planning method based
on A* using an adaptive heuristic strategy. This allows the
algorithm to automatically switch between Manhattan and
Euclidean standards based on the actual distance threshold to
the target. This strategy significantly narrows the search space
in the initial phase to increase target acquisition speed, while
minimizing the number of nodes that need to be expanded
during the approach to the target. The structural diagram of
the proposed method is generally described in Figure 2. The
proposed method receives input data, including the starting
position, target position, and environment map. Based on this
information, the proposed method performs calculations
through several key mechanisms including safety
mechanisms, adaptive heuristic function strategies, and
trajectory smoothing.

The safety mechanism is a pre-processing step in map data
management that aims to establish safe buffer zones around
obstacles. This phase ensures the UAV maintains the
necessary distance from the obstacle to reduce the risk of
collision due to tracking control errors or the actual physical
size of the device. The adaptive heuristic strategy is a core
component of the research, improving the A* algorithm by
using a flexible conversion mechanism between Manhattan

and Euclidean standards based on the actual distance
threshold to the target. This strategy significantly narrows the
search space in the initial phase to increase execution speed,
while minimizing the number of nodes needed to expand to
effectively approach the target. Finally, the discrete path
obtained after the search is passed through a Cubic Spline
interpolation block to transform the node points into a
continuous curve, the output being the optimal trajectory
ready for input into tracking controllers. This process ensures
continuity in velocity and acceleration, making the trajectory
kinematically feasible and guaranteeing smooth UAV
operation.

Safety mechanism
in Eps. (8) - (10)

Adaptive Heuristic
Strategy in Eps. (12)

poypowt pasodoag

Cubic Spline
in Eps. (13)

Optimal trajectory

Figure 2: The schematic of the proposed method
2.2.2 Mathematical description of the proposed method

In the trajectory planning problem, processing the real-
world environment into computer-understandable data is a
prerequisite step. This phase includes two main processes:
discretizing the space and expanding obstacles to ensure
safety for the system. The UAV's workspace, denoted as
Qc R, is defined as a finite set bounded by the physical
limitations of the environment or mission range. In this study,
we transform the workspace into a 3D Occupancy Grid data
structure, composed of unit cubes called Voxels, with the size

of each Voxel defined by the resolution 0 (m). Any real-
world coordinate of a node P =|x, y, z]T in this space must

strictly adhere to the following boundary constraints:
Xomin <x< xmax > Vinin < y < ymax >Zimin <zs< Zmax (4)
With (X5 Vin> Zmin ) T€Present the minimum coordinate
values of the workspace along each corresponding axis. These

values serve as the origin of the map, allowing the algorithm
to locate the UAV even in areas with negative coordinates.

Conversely, the maximum coordinate value ()cmax s Vx> zmax)
of the workspace define the furthest distance the UAV is

permitted to travel during a specific mission.
The relationship between actual coordinates P and the unit

grid index (i, j,k) is established through the expression:
X Ti0

Vi + JO (5)
z +kO

min

X
P=|y|=
z
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With (i, j,k) as the grid cell address, constrained by the

total number of corresponding grid nodes on each axis.
The grid node constraint is expressed as follows:
0<i<N,0<j<N,0<k<N, (6)

With N_,N , N, are positive integers, defined as follows:

X — X

N,“ — Zmax min +1
o
_ Ymax ~ Vin
Ny _—5 +1 (7)
N. = Zmax T Zmin 4
B )

In a complex 3D environment, the set of obstacles is
denoted as ® — Q, including N, obstacles of any shape

Nn}m
and size: © = U 0, . To ensure the safety of the UAV, in this

k=1
study, we have established a safety set S — Q based on the
Euclidean distance function and defined as follows:

S={PeR*:d(P,0)>y] (8)

Where d (P, G)) is the shortest distance from a grid

node P tothe nearest point ( in the set of obstacles & and
is determined by:

d(P.0)=min(|P-0],) ©)

The state of a grid node Pe R is determined by a
collision indicator function C (P) through the shortest

distance from P to the set of obstacles ® , taking into
account the safety boundary y to minimize the risk of
physical collision in realistic scenarios. To be compatible with
the A* algorithm, the state of each node is digitized through a
collision indicator function and is defined by us as follows:

() :{1 if d(P,®)<y

0 if d(P,®)>y (10)

In which C (P) =1 is the dangerous region corresponding

to P¢S,and C (P) =0 is the safe region corresponding to

P e S . Assigning the value 1 to the dangerous region and the
value 0 to the safe region helps the proposed algorithm easily
identify and eliminate unfeasible nodes during the search
expansion process.

Remark 2: In practical scenarios, to minimize
computational costs, obstacles ®, are often enclosed by

simple geometric shapes. If the obstacle index £ is enclosed
by a sphere O, centered with radius R, , then the collision

condition becomes ||P -0, ||2 <R, +y . The y determination

depends on the actual physical size of the device and the
margin of error arising during the orbital tracking flight.

After establishing the grid map and building the safety
mechanism, the proposed method is implemented based on
the structure of the improved A* algorithm to optimize the
general cost function as follows [21]:

S (n)=g(n)+h(n) (11)
With, f(n) is the general cost function, g(n) is the cost

from the starting node to the target node, » and h(n) is the

heuristic function that estimates the distance from the node n
to the target node.

To increase computational performance and 3D spatial
orientation, this study proposes an adaptive heuristic strategy,
allowing the algorithm to automatically and dynamically
switch between distance standards based on an adaptive
threshold 7 as follows:

h(l’l)Z ||R1_PG||1 lf‘
"Rr—PG”z if

In which, ||||1 representing the Manhattan standard and |||| 5

P)'I_PG"Z >1

12
e (12

representing the Euclidean standard, P, is the coordinates of
the node n and P, is the coordinates of the target. Applying

the Manhattan standard when the UAV is still far from the
target helps the algorithm significantly narrow the search
space and increase the speed of target convergence. When the
UAYV enters the vicinity of the target, i.c., the distance is less
than or equal to the threshold 7, the algorithm automatically

switches to the Euclidean standard to ensure that the
established trajectory achieves optimal geometric shortness.
This adaptive heuristic strategy minimizes the number of
nodes that need to be expanded and optimizes the processing
time for the system.

Remark 3: The adaptive heuristic strategy in (12) directly
impacts the node expansion process of the A* algorithm.

Based on the inequality ||Rl —-F; ||l >|P, —PG”2 , it is evident

that when the distance to the target is large ("Pﬂ —PG”2 >n),
employing the Manhattan norm increases the heuristic value
compared to the Euclidean norm. This, in turn, elevates the
total cost function f (n) , enabling the algorithm to prioritize
nodes closer to the optimal direction and prune less promising
nodes early. Consequently, the search space is significantly

narrowed, and the number of expanded nodes is reduced.
Conversely, as the robot approaches the target (

P —PG”2 <7 ), switching to the Euclidean norm becomes

decisive for trajectory refinement. Since the Euclidean norm
represents the shortest distance between two points in
Euclidean space, it ensures the admissibility and consistency
of the heuristic function. Furthermore, from the perspective of
traditional A* theory, the number of expanded nodes depends
directly on the set of nodes satisfying the condition

f(n) <f (n) , where f~ (n) is the optimal total cost. Since

the adaptive heuristic strategy enhances the heuristic value in
regions far from the target and refines it in the vicinity, the set
of nodes satisfying this condition is substantially smaller than
when using a fixed distance norm. Therefore, the switching
mechanism in (12) is not only empirically significant but also
has a clear analytical foundation for reducing node expansion,
thereby enhancing the computational efficiency of the
algorithm.

Remark 4: The trajectory obtained from the adaptive A*
algorithm can be described as a set of discrete nodes
connected by straight lines, causing sudden changes in
direction that are not compatible with the kinematic
characteristics of the UAV at (3). To overcome this problem,
the Cubic Spline interpolation technique [26] was applied to
convert the nodes into a continuous and smooth trajectory.
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Notably, this technique is effectively implemented through
the built-in spline function in MATLAB's standard
programming library. Therefore, within the scope of this
paper, we focus on applying the Cubic Spline technique to the
trajectory planning process to ensure physical feasibility,
rather than delving into the fundamental mathematical
foundations of widely proven spline interpolation.

To perform interpolation in 3D space, we parameterize the

coordinates by the order variable ¢ € [t] ,tz,...,tN] , where N is

the index of the last node in the sequence of nodes that make
up the discrete trajectory. Then each coordinate component

[x, y,z]T is considered independently as a function of the
parameter ¢ . For each coordinate component, the set of
interpolation points is (¢,,R)), (¢, 8) s (ty, P, ) - In each
segment between the i and i+1 nodes, the Cubic Spline
polynomial is defined as follows [26]:

O (t)=a,(t—1) +b,(t—1,) +c,(t—1,)+d, (13)
Where, i=0,1,..,.N-1 , {ai,b[.,c,.,d,.} are polynomial
coefficients defined such that the global interpolation function
Q(t) =0, (t) when te [tl.,tm] satisfies strict conditions

regarding position continuity, velocity continuity, and
acceleration continuity. The final result is an optimal,
physically feasible trajectory, ready for execution by tracking
controllers in real-world flight missions.

3. Simulation and results analysis

3.1 Environment setup and evaluation criteria

To evaluate the effectiveness of the proposed method, we
performed simulation scenarios using MATLAB R2023b
software. The performance of the proposed method will be
directly compared with the Dijkstra algorithm [7] and the A*
algorithm [8] based on important criteria, including
processing time, path length, and number of nodes expanded.
The scenarios were executed in a 3D grid map environment
with a resolution of § =0.5 (m). The survey space has the
following dimensions: —10 < x <10 (m), —10< y <10 (m),
0<z<15 (m), corresponding to the 41x41x31 nodes. In the
proposed method, the safety margin is determined based on
the physical dimensions of the UAV combined with a
compensatory margin accounting for the errors of the
positioning and control systems, in order to minimize the risk
of collisions in real-world operation. For the adaptive
threshold, its value is determined through parameter
sensitivity analysis. The results indicate that as the adaptive
threshold increases, the search space tends to expand, leading
to an increase in the number of nodes that need to be explored.
Therefore, the selection of the adaptive threshold must strike
a balance between limiting the number of expanded nodes and
maintaining a low computational cost. Accordingly, in the
simulation scenarios of this study, the safety margin radius
and the adaptive threshold are setto ¥ =0.2 (m)and 7 =1.5

(m), respectively. It should be noted that these values are kept
fixed throughout the simulation process to ensure consistency
when comparing different methods. In practical applications,
both the safety margin and the adaptive threshold can be

flexibly adjusted depending on system characteristics, sensor
accuracy, and specific safety requirements. The starting point

is set to B, =[0,-5,0] and the target point is set to

P, =[10,5,10] . The trajectory of the proposed method is

shown by the dashed blue line, Dijkstra [7] is the dashed pink
line, and A* [8] is the dashed red line. To improve trajectory
continuity, a smoothing step is applied as a post-processing
stage using a cubic spline interpolation function available in
MATLAB with default settings. The discrete trajectory points
are interpolated with a parameter step of 0.1 to increase point
density. It should be noted that this smoothing step does not
take into account the UAV’s kinematic constraints and is
primarily intended to enhance the smoothness of the trajectory.
Since cubic splines guarantee continuity up to the second
derivative, the resulting trajectory exhibits smoothly varying
velocity and acceleration, which is consistent with the
dynamic characteristics of the quadcopter UAV described in
(3). Consequently, it can be effectively tracked by trajectory
tracking controllers.

In the simulation scenarios, obstacles in the environment
are modeled as spheres to simplify distance calculations and
collision checks in three-dimensional space. Although this is
a geometric simplification, the model still ensures high
suitability and reliability for algorithm validation. Dijkstra's
algorithms [7] and A* [8] are implemented based on the
original structure, finding paths based purely on geometric
distance without applying additional safety margins. In
contrast, the proposed method applies safety mechanisms (8)
to (10) with safety margins to minimize the risk of physical
collisions in real-world scenarios.

Processing times are calculated as follows [3]:

T =toc—tic (14)

With, T is the total processing time used as an evaluation
criterion is the total time, and in MATLAB, tic and foc is a
pair of functions that records the time from the start of the
search process to its completion

The path length is calculated as follows [3]:

N
L= Z\/('xi — X )2 +(yi —Jia )2 +(Z[ -z, )2
i=1

Where L is the total length of the path.

(15)

3.2 Environment with medium obstacle density

In this scenario, the UAV must perform trajectory
planning from the starting point to the target point in an
environment with 7 spherical obstacles. Figure 3 illustrates
the trajectory planning process of the methods from different
perspectives, while Table 1 details the collected evaluation
parameters. The results observed from Figure 3 and the
quantitative indicators collected in Table 1 show that the
Dijkstra algorithm found the shortest path of 18.003 (m) but
performed a wide-area search with a huge number of
expansion nodes, up to 42,746 nodes, causing the trajectory to
closely follow the obstacle surface due to the lack of safety
margins, resulting in a high risk of collision in practice. For
the traditional A* algorithm, applying a basic heuristic
function significantly improves performance compared to
Dijkstra, reducing processing time to 0.0272 seconds and the
number of expansion nodes to 344 nodes. However, it can be
seen that traditional A* still performs searches over a
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Figure 3: Path planning process in an environment with medium obstacle density

relatively large area, and due to the lack of a safety boundary
mechanism, the resulting trajectory still carries the risk of
being unsafe when the UAV operates near obstacles.
Meanwhile, the proposed method with a safety boundary
y =0.2 (m) and an adaptive threshold 7 =1.5 (m) has created

a trajectory that maintains a sufficiently safe distance from
obstacles, ensuring feasibility for deployment in practical
applications. Thanks to a flexible adaptive heuristic strategy
between the Manhattan and Euclidean standards, the proposed
method only requires 26 nodes and achieves an extremely fast
processing time of 0.0044 seconds, thereby maximizing
computational efficiency compared to traditional A* and
Dijkstra. In particular, the flight path of the proposed method
after processing with the Cubic Spline technique created a
high-order continuous trajectory, which is fully compatible
with the Quadcopter system dynamics model in equation (3)
and ready for trajectory tracking controllers in actual flight
missions.

In summary, the simulation results confirmed the
effectiveness of the proposed algorithm in balancing safety,
processing speed, number of expansion nodes, and trajectory
quality. Minimizing the number of expansion nodes not only
saves the UAV computational resources but also allows for
rapid response in missions requiring high real-time
performance. The resulting trajectory is fully compatible with
the nonlinear dynamic characteristics and mechanical
limitations of the Quadcopter UAV, providing a solid
foundation for performing autonomous flight missions in real-
world environments. The path length generated by the
proposed method is 18,344 m, longer than Dijkstra's 18,003
m and equal to traditional A*, but this is a necessary trade-off
to ensure the safety of the device. However, compared to
Dijkstra [7], the processing time of the proposed method
(0.0044 s) is about 603 times faster than Dijkstra (2.6575 s).
This huge difference comes from the fact that Dijkstra has to
traverse the entire state space and spends 42,746 expansion
nodes to find the shortest path, while the proposed method
focuses only on the most promising nodes through an adaptive
heuristic function. In addition, the proposed method has a
processing time more than 6 times faster than the traditional
A*(0.0272 s). This demonstrates that the dynamic switching
between Manhattan and Euclidean norm, depending on the
target distance, has made the algorithm faster, reducing

unneces-sary computations even compared to an algorithm
with a basic heuristic. With 26 nodes to expand, the proposed
method improves by 92.44% compared to the traditional A*
method (344 nodes) and is significantly superior to Dijkstra.

Table 1: Evaluation parameters in an environment with medium obstacle

density
Methods ProcF: ssing Path Length Number of ex-
Time pansion nodes
Dijkstra [7] 2.6575 (s) 18.003 (m) 42746
A* [8] 0.0272 (s) 18.344 (m) 344
Proposed
Method 0.0044 (s) 18.344 (m) 26

3.3 Environments with high obstacle density

In this scenario, the complexity of the environment is
increased with the appearance of 15 densely arranged
spherical obstacles in the survey space. These obstacles create
many narrow passages and potential hazard zones, requiring
the algorithm to have extremely precise orientation
capabilities to find the optimal trajectory without consuming
too many computational resources. Figure 4 illustrates the
search process and trajectory results of the methods in a high-
obstacle-density environment from different perspectives.
Visually, it can be seen that the Dijkstra algorithm [7] and the
traditional A*[8] continue to prioritize optimizing absolute
distance by cutting the edges of the obstacles. However, in a
high-density environment, going close to the obstacles makes
this trajectory extremely dangerous and almost impossible to
execute for the physical model of the Quadcopter. Conversely,
the trajectory of the proposed method still maintains the
necessary safety threshold, thanks to the buffer edge y =0.2

(m). Despite having to maneuver around obstacles to ensure
safety, the algorithm still finds a continuous and smooth path.
Thanks to Cubic Spline technology, the proposed trajectory
does not have abrupt breaks, ensuring continuity of velocity
and acceleration, reducing the load on the UAV's actuator
system when having to navigate through narrow spaces.

The quantitative evaluation parameters collected from this
scenario are detailed in Table 2. It can be seen that, even when
the obstacle density doubles compared to the previous
scenario, the proposed method only needs to expand by 24
nodes, significantly less than traditional A* (61 nodes) and far
superior to Dijkstra (41,446 nodes). This confirms that the
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Figure 4: Path planning process in an environment with high obstacle density

adaptive heuristic strategy, combined with a safety
mechanism, possesses excellent directional capabilities,
allowing the algorithm to react safely and efficiently to
surrounding obstacles. The processing time of the proposed
method reaches 0.0069 s, 2.3 times faster than traditional A*
(0.0162 s) and approximately 391 times faster than Dijkstra
(2.702 s). This superior processing speed confirms the strong
real-time responsiveness of the proposed method, allowing
the UAV system to quickly plan its trajectory even in new
missions requiring updates or changes to the operating
environment map. Furthermore, the proposed method's range
is 18,003 m, only about 1.9% longer than traditional methods
(17,662 m). This increase is entirely worthwhile in exchange
for absolute safety for the aircraft in complex environments.
In summary, the proposed method demonstrated impressive
performance in high-density scenarios. As environmental
complexity increased, the algorithm's node expansion
remained more efficient than A* and Dijkstra. This result
confirms that combining flexible adaptive heuristics and
safety margins not only makes UAVs safer but also optimizes
computational resources to the maximum, laying a solid
foundation for deployment on real-world UAVs.

Table 2: Evaluation parameters in an environment with high obstacle

density
Methods Processing Path Length Number of ex-
Time pansion nodes
Dijkstra [7] 2.702 (s) 17.662 (m) 41446
A* [8] 0.0162 (s) 17.662 (m) 61
Proposed
Method 0.0069 (s) 18.003 (m) 24

Although the processing time of the algorithms is
evaluated in a MATLAB simulation environment, the
obtained results still provide an important quantitative
measure of the real-time capability of the proposed method. It
should be noted that the computational cost on embedded
systems depends not only on hardware capabilities but also on
the efficiency of the algorithm’s search process, which is
typically reflected by the number of nodes expanded during
trajectory planning. In addition, environmental characteristics
such as grid resolution and obstacle density also influence the
search space, thereby indirectly affecting the computational
cost. In this study, under identical simulation conditions, the
proposed method significantly reduces the number of
expanded nodes compared to A* and Dijkstra, as

quantitatively presented in Tables 1 and 2, thereby directly
lowering the computational cost. Notably, algorithms such as
A* and Dijkstra have been widely implemented in many real-
world systems. With a substantial reduction in the number of
expanded nodes compared to these two methods, the proposed
approach demonstrates strong potential for efficient
deployment in practical systems. At the same time, with the
rapid development of high-performance embedded processors,
the feasibility of real-world implementation is further
enhanced. From the perspective of environmental complexity,
it can be observed that as obstacle density increases, the
processing time of the proposed method increases only
slightly, while the number of expanded nodes remains low
compared to A* and Dijkstra. This indicates that the adaptive
heuristic strategy effectively controls the growth of
computational cost, thereby improving scalability over
conventional methods. Furthermore, based on the processing
times reported in Tables 1 and 2, the proposed method
exhibits the lowest computational cost among A* and Dijkstra,
while maintaining stability across different simulation
scenarios. However, implementation and evaluation on real
embedded hardware, with CPU and memory constraints,
remain an important direction for future work to fully validate
the performance of the proposed method in practical UAV
systems.

4. Conclusion and future works

This study successfully developed and validated an
algorithm for optimizing the global flight trajectory of a
Quadcopter UAV in a complex 3D environment. By
introducing a flexible adaptive heuristic strategy between the
Manhattan and Euclidean standards, the proposed method
thoroughly addresses the limitations of execution time and
redundant expansion nodes of traditional Dijkstra and A*
methods. Quantitative simulation results in medium to high
obstacle density scenarios demonstrate the superior
performance of the proposed method. Furthermore, the
practicality of the research is strongly reinforced through the
safety boundary mechanism and Cubic Spline smoothing
technique. The resulting trajectory not only reduces the risk
of physical collisions but also ensures continuity in velocity
and acceleration, perfectly matching the nonlinear dynamics
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and mechanical limitations of the aircraft. In the future,
research will focus on extending the algorithm to applications
in environments with dynamic obstacles by simultaneously
combining global and local planners. At the same time, close
integration with intelligent trajectory tracking controllers will
be considered to ensure that the UAV not only follows a
geometrically optimal trajectory but also tracks it stably and
accurately in the presence of disturbances and model
uncertainties. The combination of the trajectory path-planning
layer and the trajectory-tracking control layer aims to
establish a comprehensive, closed-loop, and highly efficient
solution for UAV systems in practical missions. Additionally,
integrating the energy consumption model directly into the
cost function is also a potential approach to optimizing the
long-term operational performance of Quadcopter UAVs.
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