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In this paper, obstacle-avoidance path planning and robust trajectory tracking are addressed for quadrotor 
UAVs in the presence of model uncertainties and pulse disturbances. By using the Newton–Euler formulation, a 
6-DOF nonlinear dynamic model is derived to construct a constrained 3D path-planning problem. To overcome 
the shortcomings of conventional PSO in terms of premature convergence and poor path smoothness, a hybrid 
adaptive multi-topology PSO with intelligent strategy learning and cubic B-spline smoothing, termed as HAMT-
AISL-PSO, is proposed, which jointly enhances the global search ability and path executability. In the aspect 
of tracking control, a linear active disturbance rejection control (LADRC) scheme with a linear extended state 
observer is designed to estimate and compensate the total disturbances in real time. Simulation results on a clut-
tered 3D environment demonstrate that, compared with the standard PSO, the average cost function and average 
path length are reduced by 25.20% and 20.45%, respectively. Under a 3D spiral reference and pulse torque distur-
bances, LADRC achieves faster transient response and near-zero steady-state error with much smaller tracking 
deviations than PID, hence verifying the effectiveness of the proposed planning-and-control framework.
KEYWORDS: Quadrotor unmanned aerial vehicles, Six-degree-of-freedom dynamic model, HAMT-AISL-
PSO algorithm, Linear active disturbance rejection control.

1. Introduction
1.1. Research Background and Significance
In recent years, due to the low cost, strong mobility, 
and simple structure, quadrotor unmanned aerial ve-

hicles (UAVs) have witnessed a continuous upward 
trend in application demands in numerous fields, in-
cluding military and civilian sectors [11]. In search 
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and rescue missions, UAVs can quickly reach areas 
that pose significant challenges for human access, 
such as earthquake-stricken ruins filled with unsta-
ble structures and hazardous debris, forest fire scenes 
with intense heat, thick smoke, and rapidly spreading 
flames [17], and mountain avalanche events where the 
terrain is covered with snow-laden debris and prone 
to secondary disasters. Through the high definition 
cameras and thermal imaging devices they carry, they 
can provide timely situational details from affected 
zones, providing crucial evidence for rescue com-
mand and facilitating the implementation of precise 
rescue operations. For environmental monitoring, 
UAVs traverse varied terrains and stream real-time 
indicators — air and water quality as well as vegeta-
tion coverage — to ground stations, providing data 
support for environmental protection and ecological 
research [30]. In the field of logistics and distribution, 
UAVs are expected to achieve efficient "last-mile" de-
livery. Especially in traffic-congested urban areas or 
remote mountainous regions, they can break through 
traditional transportation limitations, quickly and 
accurately deliver goods to users, improving the effi-
ciency of logistics and distribution [14].
However, with the continuous expansion of UAV ap-
plication scenarios into complex environments, the 
challenges they encounter are growing increasingly 
formidable. In such complex environments, the dis-
tribution of obstacles is highly intricate. Static obsta-
cles encompass elements such as high-rise buildings, 
trees, and rocks, while dynamic obstacles include 
pedestrians and vehicles. It poses extremely high re-
quirements for the path planning of UAVs. Existing 
path planning methods, such as graph-based algo-
rithms, are prone to getting trapped in the dilemma 
of local optimal solutions when dealing with complex 
environments [18]. These methods usually search for 
paths within a preset search space based on specific 
search strategies. When the environment contains a 
relatively complex obstacle distribution, the search 
process may converge prematurely to a path that 
seems optimal but is not globally optimal, causing the 
UAV to face unnecessary risks during actual flight and 
making it difficult to effectively respond to sudden en-
vironmental changes, such as obstacles suddenly ap-
pearing or their positions being altered.
At the same time, UAVs are affected by various ex-
ternal disturbances during flight, such as airflow 

changes and wind forces, and their own systems 
also have uncertainties, including errors in model 
parameters and the non-linear characteristics of ac-
tuators. Traditional tracking control methods, such 
as the classic PID control, are mainly designed based 
on linearized models and have poor adaptability to 
external disturbances and system uncertainties, 
lacking sufficient robustness. When subjected to ex-
ternal disturbances, it is difficult to maintain a sta-
ble flight attitude and accurate trajectory tracking, 
which may lead to the failure of the flight mission or 
even the crash of the UAV [6]. Therefore, studying 
path-planning and robust tracking control methods 
for UAVs suitable for complex environments has im-
portant practical significance.

1.2. Research Status and Problems
Currently, various algorithms are available in UAV 
path planning research. As a representative graph-
based path-planning method, the A* algorithm directs 
the search process by means of a heuristic function, 
thereby enhancing the search efficiency to a discern-
ible extent [27]. However, within intricate and ob-
stacle-laden environments, the search space of the 
A* algorithm undergoes a rapid expansion. This phe-
nomenon causes an exponential upsurge in computa-
tional complexity and a pronounced deceleration in 
search velocity, ultimately rendering it hard to satisfy 
the exacting real-time demands. By means of random 
sampling, the Rapidly-exploring Random Tree (RRT) 
algorithm builds a search tree and can quickly explore 
unknown environments, having certain advantages 
in dealing with complex environments. Neverthe-
less, the paths generated by this algorithm are often 
tortuous and not smooth enough, which is not condu-
cive to the efficient flight of the UAV [12]. Moreover, 
its randomness means that the paths generated each 
time may vary greatly, and the stability is not satisfac-
tory. Inspired by the foraging behavior of bird flocks, 
the Particle Swarm Optimization (PSO) algorithm 
conducts optimization searches and shows clear ad-
vantages in handling general optimization problems. 
However, when applied to path planning, it tends to 
fall into local optima and exhibits limited environ-
mental adaptability, which restricts its performance 
in complex and dynamic obstacle scenarios.
Among tracking control approaches, the classic Pro-
portional-Integral-Derivative (PID) controller is 
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widely applied because of its simple structure and 
ease of implementation [3]. However, it is strongly 
dependent on the model. When there is uncertainty 
in the system or it is affected by external disturbanc-
es, the control performance will decline significant-
ly. The Linear Quadratic Regulator (LQR) designs 
the controller by minimizing the quadratic perfor-
mance index and can obtain good control effects 
when dealing with linear systems [2]. Nevertheless, 
a quadrotor UAV is a highly non-linear system, and 
the LQR method is challenging to apply directly [23]. 
Even after linearization processing, the influence of 
non-linear factors cannot be completely eliminated, 
and the control accuracy and robustness are limited. 
The Model Predictive Control (MPC) realizes con-
trol by establishing a system model and performing 
rolling optimization within the prediction time do-
main. MPC handles constraints well, but its com-
putational load often conflicts with tight real-time 
budgets. [28]. The Active Disturbance Rejection 
Control (ADRC) has strong disturbance rejection 
and robustness. Nevertheless, its parameter tuning 
is relatively complex and requires careful adjust-
ment according to the specific system. Otherwise, it 
is difficult to achieve the best performance [31].
Overall, the current research on quadrotor UAVs fac-
es three primary challenges: 
1	 Developing an efficient path-planning algorithm 

for complex environments that can rapidly find 
the global-optimal path, ensure path smoothness, 
and adapt to environmental changes.

2	 Implementing real-time compensation for external 
disturbances to guarantee the stable flight of quadro-
tor UAVs under various interference conditions.

3	 Strengthening the robustness of system control to 
enable quadrotor UAVs to track desired trajecto-
ries amidst model uncertainties and external dis-
turbances accurately.

To address the above problems, this paper proposes 
a hybrid planning-and-control framework that inte-
grates HAMT-AISL-PSO path planning with cubic 
B-spline smoothing and an active disturbance re-
jection control (LADRC) tracking method. The main 
contributions are:
1	 A 6-DOF quadrotor dynamic model is derived 

based on the Newton–Euler formulation, which 
provides a theoretical foundation for the co-design 
of planning and control.

2	 The proposed HAMT-AISL-PSO algorithm em-
ploys multi-topology sub-swarms and adaptive pa-
rameter strategies. It is further combined with ob-
stacle-aware fitness evaluation and cubic B-spline 
smoothing, thereby enhancing global search capa-
bility and ensuring path smoothness and feasibil-
ity in cluttered three-dimensional environments.

3	 An LADRC-based trajectory-tracking method is 
designed, which incorporates disturbance obser-
vation and compensation mechanisms and, un-
der pulse disturbance excitation in simulation, 
achieves higher tracking accuracy and stronger 
disturbance-rejection capability than the tradi-
tional PID controller.

2. System Modeling
2.1. Quadcopter UAV dynamics model
The quadcopter UAV is driven by four motors, with 
translational motion along the X-axis, Y-axis and 
Z-axis in three-dimensional space, as well as three 
rotational actions of rolling, pitching and yawing, 
with a total of 6 Degrees of Freedom (6-DOF).

Figure 1
Schematic diagram of a quadcopter drone.

In Figure 1, the rotors are (1, 2, 3, 4), the rotation 
speeds are (W1, W2, W3, W4), and the thrust generated 
by the propeller rotation is (T1, T2, T3, T4).
Before deriving the model, we make reasonable ba-
sic assumptions to simplify the construction of the 
model within the allowable margin of error:
1	 The quadcopter represents a rigid body with uni-

form symmetry;
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2	 The mass and moment of inertia of the quadcopter 
aircraft do not change;

3	 The geometric center of the quadcopter coincides 
with its center;

4	 A quadcopter aircraft is influenced solely by pro-
peller thrust and gravity;

5	 Counterclockwise rotation is performed by propel-
lers 1 and 3, while clockwise rotation is carried out 
by propellers 2 and 4.

From the Newton-Euler equation, a rigid body's motion 
can be viewed as consisting of a translation of its center 
of mass together with a rotation around that center.
In the body frame, Euler's equation is used to de-
scribe the rotation around the center of mass:
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When the disturbance is small, that is, when the 
angle variations are minor, the attitude angle 
rate can be considered approximately equal to 
the body's angular velocity of rotation. There 
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The flight control rigid body model of the 
quadcopter is a combination of a dynamic model 
and a kinematic model [13]. Combine and make 
that: 
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derived as follows: 
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It is this model that completely describes the 
non-linear mapping between the control input 

(motor speed) and the motion state (position ep

, attitude f q y  )of the quadcopter UAV, 
which is the core basis for subsequent path 
planning and robust tracking control. 

2.2 UAV Path Planning Model 

At the constraint processing level, the UAV 
flight constraint is integrated into the 
construction of the fitness function. Assuming 
that the path is characterized by a discrete point 

sequence
, ,1 1 1 ,...,, , M M MX X Y Z X Y Z

, 
assuming that there are C paths, each consisting 

of n points, and that g hemispherical or dome-
cylindrical obstacles coexist in the environment, 
the fitness function is defined as follows  

L( ) C( )f(N)= a N +b N ,         (18) 

where 
L N

 represents the path length cost, 
C N

is the obstacle risk cost, a and b  are the 
weight coefficients. The priority of each target is 
balanced by normalization. 

Among the most important indicators used to 
evaluate path quality [29] is the path length, 
given that shorter paths consume less time and 
energy. The cost function, including the path 
length, can be expressed as: 
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between all adjacent nodes in the path mth, 
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is the 
coordinates of the jth node in the path. 

2.3 Mission Requirements and Constraints 

The danger cost of the obstacle is introduced, so 
that the adaptability of the path too close to the 
obstacle is poor, and the final path is kept at a 
certain distance from the obstacle [8]. For the 
barrier k,(k=1, 2,..., g), if it is a hemispherical 
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k
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where is the radius of a spherical barrier or a 
cylindrical barrier. 

Based on the above analysis, the derived 6-DOF 
nonlinear model describes the full mapping 
from motor speed to the quadrotor's position 
and attitude, thereby capturing its actual motion 
capability and dynamic constraints in 3D space. 
Further, the path-planning model and mission-
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It is this model that completely describes the 
non-linear mapping between the control input 
(motor speed) and the motion state (position pe, 
attitude f, q, y)of the quadcopter UAV, which is the 
core basis for subsequent path planning and ro-
bust tracking control.

2.2. UAV Path Planning Model
At the constraint processing level, the UAV flight 
constraint is integrated into the construction 
of the fitness function. Assuming that the path 
is characterized by a discrete point sequence 
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non-linear mapping between the control input 

(motor speed) and the motion state (position ep

, attitude f q y  )of the quadcopter UAV, 
which is the core basis for subsequent path 
planning and robust tracking control. 
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At the constraint processing level, the UAV 
flight constraint is integrated into the 
construction of the fitness function. Assuming 
that the path is characterized by a discrete point 

sequence
, ,1 1 1 ,...,, , M M MX X Y Z X Y Z

, 
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the fitness function is defined as follows  
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where 
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is the obstacle risk cost, a and b  are the 
weight coefficients. The priority of each target is 
balanced by normalization. 

Among the most important indicators used to 
evaluate path quality [29] is the path length, 
given that shorter paths consume less time and 
energy. The cost function, including the path 
length, can be expressed as: 
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where is the radius of a spherical barrier or a 
cylindrical barrier. 

Based on the above analysis, the derived 6-DOF 
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from motor speed to the quadrotor's position 
and attitude, thereby capturing its actual motion 
capability and dynamic constraints in 3D space. 
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.
Then the cost of the obstacle threat of path m is:	

 

1
0
0 / /

T Tb
xb yb zb

q f q f

f f

f q f q

w w w w p q r

T S T C
W C C

S C C C
 (14) 

When the disturbance is small, that is, when the 
angle variations are minor, the attitude angle 
rate can be considered approximately equal to 
the body's angular velocity of rotation. There 
are: 

f p
q q
y r

               (15) 

The flight control rigid body model of the 
quadcopter is a combination of a dynamic model 
and a kinematic model [13]. Combine and make 
that: 

TT
1 2 3 4 x y zU U U U f t t t

(16) 

A quadcopter's non-linear 6-DOF model can be 
derived as follows: 

 

(C S C S S )

(S S C C S )

C C

[ ]

[ ]

1 y q f y f

1 y q f y f

1 f q

yy zz RP

xx

zz xx RP

yy

xx yy

z

2

3

4

z

U +
x =

m
U -

y =
m

U
z = g

m
1 qr I I +U qWJ

f =
I

1 pr I I +U + pWJ
q =

I

1 pq I I +U
y =

I   (17) 

It is this model that completely describes the 
non-linear mapping between the control input 

(motor speed) and the motion state (position ep

, attitude f q y  )of the quadcopter UAV, 
which is the core basis for subsequent path 
planning and robust tracking control. 

2.2 UAV Path Planning Model 

At the constraint processing level, the UAV 
flight constraint is integrated into the 
construction of the fitness function. Assuming 
that the path is characterized by a discrete point 

sequence
, ,1 1 1 ,...,, , M M MX X Y Z X Y Z

, 
assuming that there are C paths, each consisting 

of n points, and that g hemispherical or dome-
cylindrical obstacles coexist in the environment, 
the fitness function is defined as follows  

L( ) C( )f(N)= a N +b N ,         (18) 

where 
L N

 represents the path length cost, 
C N

is the obstacle risk cost, a and b  are the 
weight coefficients. The priority of each target is 
balanced by normalization. 

Among the most important indicators used to 
evaluate path quality [29] is the path length, 
given that shorter paths consume less time and 
energy. The cost function, including the path 
length, can be expressed as: 

L
n

2 2 2
j+1 j j+1 j j+1 j

j=0
(X)= (a - a ) +(b - b ) +(c - c )

, (19) 

where
L X

represents the sum of the distances 
between all adjacent nodes in the path mth, 

{1,2, , }Mm , and
jj ja , b , c

is the 
coordinates of the jth node in the path. 

2.3 Mission Requirements and Constraints 

The danger cost of the obstacle is introduced, so 
that the adaptability of the path too close to the 
obstacle is poor, and the final path is kept at a 
certain distance from the obstacle [8]. For the 
barrier k,(k=1, 2,..., g), if it is a hemispherical 
barrier, find the Euclidean distance from the 
center of the sphere to each path segment, and 

find the distance 
k
il  from the center of the 

sphere to each path segment, then the minimum 
distance from the path to the obstacle is

min( )k k k
k 1 i n-1L I ,...,I ,...,I , the path and the 

obstacle are projected on the xoy planes, and the 

distance 
k
il from the center of the obstacle to 

each path segment is found to be 
min( )k k k

k 1 i n-1L I ,...,I ,...,I . 

Then the cost of the obstacle threat of path m is:
  

1
, ( 1, 2, , )

dan
, otherwise

g

k k k
km

L L r k g

, (20) 

where is the radius of a spherical barrier or a 
cylindrical barrier. 

Based on the above analysis, the derived 6-DOF 
nonlinear model describes the full mapping 
from motor speed to the quadrotor's position 
and attitude, thereby capturing its actual motion 
capability and dynamic constraints in 3D space. 
Further, the path-planning model and mission-

 , (20)

where is the radius of a spherical barrier or a cylin-
drical barrier.
Based on the above analysis, the derived 6-DOF 
nonlinear model describes the full mapping from 
motor speed to the quadrotor's position and atti-
tude, thereby capturing its actual motion capabil-
ity and dynamic constraints in 3D space. Further, 
the path-planning model and mission-related 
constraints embed these dynamic limits into the 
cost function through path length, obstacle-threat 
penalties, and safety margins, so that candidate 
trajectories are both collision-free and physically 
feasible. On this basis, this section will design an 
HAMT-AISL-PSO path-planning algorithm that 
searches for optimal trajectories within this con-
strained space, which will give paths suitable for 
subsequent LADRC-based tracking control.

3. Planning Methods Development
3.1. Introduction to the Standard PSO 
Algorithm
3.1.1. Core Update Mechanism of the PSO 
Algorithm
The PSO algorithm, inspired by the collaborative 
foraging behavior of bird flocks, iteratively refines 
particle positions in a D-dimensional search space 
through dynamic updates of velocity and position. It 
is assumed that within the search space, there exists 
a swarm consisting of N particles, where the posi-
tion and velocity of the ith particle are denoted by  
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Where w  denotes the inertia weight that 
balances the particle's global exploration and 
local exploitation abilities, and its magnitude 
controls how much of the particle's previous 

velocity is preserved. 1c
 and 2c

are the 
acceleration constants (usually the value is 

1.51 2c c
), which adjust the step size of the 

particle to learn the individual optimal position 

ijp
 and the global optimal position gjp
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respectively 1r and 2r are random numbers in the 

interval 
0,1

. The velocity equation consists of 

three parts: the inertia term
ijw v t

, the 
individual cognitive term 

1 1  ij ijp t x t c r t
and the social 

cognitive term 2 2gj ijp t x t c r t
. The 

coherence of particle motion is preserved by the 
inertial term, while the individual cognitive 
component captures how each particle learns 
from its own experience, and the social cognition 
component represents its reference to the 
group's optimal experience. 

In the particle swarm optimization algorithm, 
the position update equation is the key link to 
realize the iteration of the particle position [24]. 
Its mathematical expression is as follows: 

1    1ij ij ijx n x nn v
,      (22) 

where ijX n
represents the position of the ith 

particle at the tth iteration in the j-dimensional 

space, and
1ijv n

is the velocity of the 
particle after it is updated in the j-dimensional 
space. When the particle completes the update of 
its own motion direction and velocity according 
to the velocity equation, it will adjust its position 
accordingly based on the new velocity [7]. 
Through this process, the particle realizes the 
transition that marks the change from the 
current state to the next state, thereby 
completing an iteration. Each iteration is an 
attempt by particles to approximate a better 
solution in the search space, and the process of 
continuous iteration of many particles prompts 
the entire particle swarm to gradually converge 
to the region in which the global optimal 
solution resides, which is the focus, providing an 
effective search strategy for the generation and 
optimization of the UAV 3D trajectory. 

3.1.2 Adaptability Analysis of Standard PSO 
Algorithms 

The standard PSO algorithm continuously 
explores the optimal path in the solution space 
through a unique update mechanism. However, 
in the complex task of UAV 3D trajectory 
generation, the dimensionality of the solution 
space increases significantly because of the need 
to accurately optimize the spatial position 
coordinates of the UAV, as well as the need to 
consider various flight constraints such as 
specific altitude restrictions and complex 
obstacle avoidance rules. With an increase in 
dimensionality, the area to be traversed in the 
process of the algorithm search increases 
exponentially, the convergence speed is 
significantly reduced, and hundreds or even 
thousands of iterations are often required to 
approximate the feasible solution, which 
significantly increases the computational cost 
and time consumption; and significantly 
restricts the algorithm's applicability in 
scenarios where high real-time demands are 
crucial. 

In addition, the UAV flight environment is 
usually highly complex, with a large number of 
obstacles, such as dense building complexes in 
cities, rolling mountains, etc., irregular layouts 
and terrain, which make the fitness function 
present multimodal characteristics. Local 
extreme points easily attract the particles of the 
standard PSO algorithm during the search 
process. It is challenging to jump out of 
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Where w denotes the inertia weight that balances the 
particle's global exploration and local exploitation 
abilities, and its magnitude controls how much of the 
particle's previous velocity is preserved. c1 and c2 are 
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learn the individual optimal position pij and the global 
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where Xij(n) represents the position of the ith par-
ticle at the tth iteration in the j-dimensional space, 
vij(n+1) and is the velocity of the particle after it is 
updated in the j-dimensional space. When the parti-
cle completes the update of its own motion direction 
and velocity according to the velocity equation, it 
will adjust its position accordingly based on the new 
velocity [7]. Through this process, the particle real-
izes the transition that marks the change from the 
current state to the next state, thereby completing 
an iteration. Each iteration is an attempt by particles 
to approximate a better solution in the search space, 
and the process of continuous iteration of many par-
ticles prompts the entire particle swarm to gradual-
ly converge to the region in which the global optimal 
solution resides, which is the focus, providing an ef-
fective search strategy for the generation and opti-
mization of the UAV 3D trajectory.

3.1.2. Adaptability Analysis of Standard PSO 
Algorithms
The standard PSO algorithm continuously explores 
the optimal path in the solution space through a 
unique update mechanism. However, in the com-
plex task of UAV 3D trajectory generation, the di-
mensionality of the solution space increases signifi-
cantly because of the need to accurately optimize 
the spatial position coordinates of the UAV, as well 
as the need to consider various flight constraints 
such as specific altitude restrictions and complex 
obstacle avoidance rules. With an increase in di-
mensionality, the area to be traversed in the process 
of the algorithm search increases exponentially, 
the convergence speed is significantly reduced, and 
hundreds or even thousands of iterations are often 
required to approximate the feasible solution, which 
significantly increases the computational cost and 
time consumption; and significantly restricts the 
algorithm's applicability in scenarios where high re-
al-time demands are crucial.
In addition, the UAV flight environment is usually 
highly complex, with a large number of obstacles, 
such as dense building complexes in cities, roll-
ing mountains, etc., irregular layouts and terrain, 
which make the fitness function present multimodal 
characteristics. Local extreme points easily attract 
the particles of the standard PSO algorithm during 
the search process. It is challenging to jump out of 
exploring the global optimal solution in a broader 
space after falling into the local optimum, and the 
generated path is only locally optimal.
In simulation experiments, this issue becomes espe-
cially apparent, as obtaining the global optimal path 
is not possible. The path-based control algorithm ver-
ification remains incomplete, making it challenging to 
evaluate the true performance of the control algorithm 
in complex scenarios, which may lead to incorrect 
judgments about the algorithm and impact both its 
practical application and the safety of the UAV system.

3.2. Improved Strategy: Adaptive Inertia 
Weight and Constraint Handling
In response to the shortcomings of traditional PSO, 
this study proposes hybrid adaptive multi-topolo-
gy with intelligent strategy learning PSO (HAMT-
AISL-PSO) algorithm, which enhances the search 
performance through multi-topology switching, 
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parameter adaptive adjustment and perturbation 
mechanism, and ensures the feasibility and smooth-
ness of the path in combination with coordinate 
constraints and B-spline smoothing, the improved 
algorithm has significant advantages in UAV path 
planning applications.

3.2.1. Core Architecture of the HAMT-AISL-PSO 
Algorithm
The HAMT-AISL-PSO algorithm is a hybrid optimi-
zation algorithm, which integrates the multi-topol-
ogy advantages of DAMT-PSO and the multi-strat-
egy characteristics of AISL-PSO. It can achieve 
efficient optimization of 3D path planning for UAVs 
in complex environments through the "three-layer 
collaborative architecture": the top layer is the RL 
intelligent control layer, which dynamically out-
puts inertial weights and learning factors based on 
the system state, and decides on topology switch-
ing instructions to avoid the search direction devi-
ating from the optimal target; The middle layer is a 
multi-topology subpopulation search layer, which 
constructs a distributed search system with five 
parallel subpopulations and a total particle count of 
180, which greatly broadens the coverage of the algo-
rithm for complex solution space and improves the 
comprehensiveness and efficiency of path optimiza-
tion. The bottom layer is the coordinate constraint 
adaptation layer, which uses the spherical coordi-
nates to represent the position of the particles, di-
rectly adapts to the dynamic constraints of the UAV, 
and ensures that, from the bottom, the path gener-
ated by the algorithm conforms to the actual flight 
capability of the UAV and is physically feasible.

3.2.2. Key Improvement Mechanisms

3.2.2.1 Fusion Speed Update Mechanism
In the iteration process of the traditional PSO algo-
rithm, particle velocity updates rely on a single pat-
tern of individual and global experience for a long 
time, which limits the balance between exploration 
breadth and development accuracy. In the tradition-
al PSO velocity update formula, topological neigh-
borhood optimum, quantum behavior global opti-
mum, historical memory experience, and Lévy flight 
perturbation are introduced to form a multi-infor-
mation fusion update mechanism to enhance the 
ability of particles to jump out of the local optimum. 
Its mathematical expression is as follows:
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where ( )w t  is the dynamic inertia weight, 
which maintains the coherence of particle 

motion; 1c t
is the adaptive learning factor, 

which guides the particles to converge to the 

optimal solution of individual history; 2c t
is 

the topological learning factor, which guides the 
particles to learn to the optimal solution of the 
neighborhood under the current topology 

topologynbest
; 

3c t
 is the quantum learning 

factor, which guides the particles towards the 

quantum global learning center quantumbest , 
which can be equivalent to the mean best or elite 

average position; 
a t

 is the memory 
influence factor, which guides the particles to 
refer to the historical excellent solution tm  in 
the elite set to enhance the search diversity and 

robustness; 
b t

 is the Lévy perturbation 

intensity factor, and 
t
iL is the random 

perturbation term following the Lévy 
distribution, which is used to jump out of the 
local optimum. 

3.2.2.2 Parameter Adaptive Mechanism 

In traditional PSO, key parameters such as 
inertial weights and learning factors often rely 
on empirical settings or only linear adjustments, 
making it difficult to adapt to complex search 
stages. The improved mechanism adopts the 
Actor-Critic reinforcement learning model, 
collects the system state in real time, and 
dynamically outputs parameters such as inertia 
weight and learning factor according to the 
iteration stage and environmental complexity, 
which greatly improves the rationality of 
parameter configuration and algorithm 
robustness. The mathematical expression is as 
follows: 
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single pattern of individual and global 
experience for a long time, which limits the 
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neighborhood optimum, quantum behavior 
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inertial weights and learning factors often rely 
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parameter configuration and algorithm 
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 where St can contain the distribution information of 
the particle swarm, the convergence velocity, fitness 
fluctuations, and other state characteristics, FRL is 
implemented by a reinforcement learning model.

3.2.2.3. Intelligent Topology Switching Decision-
making Mechanism
The traditional PSO population has a fixed topology 
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and a single information interaction mode, which 
will lead to premature homogenization of particles 
and getting stuck in a local optimum. The improved 
mechanism takes the Q-value function as the basis 
for decision-making. It adaptively switches among 
topologies such as ring and star according to popula-
tion diversity and convergence speed to ensure that 
the population always maintains a reasonable distri-
bution. The expression of the decision model is:
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reasonable distribution. The expression of the 
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where 
Q( )tS ,k

 is the action value function of 
the combination of different system states and 
topologies in reinforcement learning covers five 
topology types: ring, star, fully connected, 
dynamic adaptive, and grid. 

3.2.3 Implementation Steps of the HAMT-AISL-
PSO Algorithm 
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HAMT-AISL-PSO algorithm flowchart. 

 
 

Based on the aforementioned principles (Figure 
2), the pseudocode and computational flowchart 

of HAMT-AISL-PSO are depicted in Algorithm 
1 and Figure 3. 

 
Algorithm 1: HAMT-AISL-PSO (Standard Compact Version)   
Input:  f:  , bounds [x , x ] 
Output: gBest   
1:  procedure HAMT_AISL_PSO (f, x , x ) 
2:      n_subswarms  5; nPop  180; subswarm_size  36 
3:      T  {RING, STAR, FULL, DYNAMIC, MESH}        // Topologies 
4:      S  {STANDARD, QUANTUM, LEVY, COMPREHENSIVE, HYBRID}// Strategies 
5:     M  {elite: [], diverse: [], recent: []}     // Memory banks 
6:     // Initialize Subswarms 
7:     for s  1 to n_subswarms do 
8:         subswarm[s]. topology  T[s mod 5]; subswarm[s]. strategy  S[s mod 5] 
9:         for i  1 to subswarm_size do 
10:             p  CreateParticle(); p. strategy  SelectStrategy (s, i) 
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where Q(St,k) is the action value function of the com-
bination of different system states and topologies in 
reinforcement learning covers five topology types: 
ring, star, fully connected, dynamic adaptive, and grid.

3.2.3. Implementation Steps of the HAMT-AISL-
PSO Algorithm
Based on the aforementioned principles (Figure 
2), the pseudocode and computational flowchart of 
HAMT-AISL-PSO are depicted in Algorithm 1 and 
Figure 3.

Figure 2
HAMT-AISL-PSO algorithm flowchart.

Algorithm 1: HAMT-AISL-PSO (Standard Compact Version)  

Input:  f: ℝⁿ → ℝ, bounds [xmin, xmax]

Output: gBest ∈ ℝⁿ

1:  procedure HAMT_AISL_PSO (f, xmin, xmax)

2:          n_subswarms ← 5; nPop ← 180; subswarm_size ← 36

3:          T ← {RING, STAR, FULL, DYNAMIC, MESH}        
// Topologies

4:          S ← {STANDARD, QUANTUM, LEVY, COMPRE-
HENSIVE, HYBRID}// Strategies

5:          M ← {elite: [], diverse: [], recent: []} // Memory banks

6:          // Initialize Subswarms

7:          for s ← 1 to n_subswarms do

8:                 subswarm[s]. topology ← T[s mod 5];  
subswarm[s]. strategy ← S[s mod 5]

9:                 for i ← 1 to subswarm_size do

10:                       p ← CreateParticle(); p. strategy ← Select-
Strategy (s, i)

11:                       p. cost ← f(p.x); UpdateBests (p)
12:                 end for
13:          end for
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14:          // Main Optimization

15:          for iter ← 1 to MaxIt do
16:                 t ← iter / MaxIt; (w, c1, c2) ← GetParameters 

(phase, t)
17:                 for s ← 1 to n_subswarms do
18:                  if Diversity(s) > θ then subswarm[s].  

topology ← RING
19:                  else if Stagnant(s) then subswarm[s]. 

topology ← FULL
20:                  end if
21:                  for each p in subswarm[s] do
22:                           lBest ← LocalBest (p, subswarm[s])
23:                           switch p.strategy do
24:                           QUANTUM: QuantumUpdate  

(p, lBest, t)
25:                                    LEVY: LevyUpdate (p, lBest)
26:                                        default: StandardUpdate  

(p, lBest, w, c1, c2)
27:                           end switch  
28:                           p. x ← Bound (p.x, xmin, xmax)
29:                           p. cost ← f(p.x)
30:                           UpdateBests (p)
31:                  end for
32:                 end for
33:                 if iter mod 3 = 0 then MigrateEliteParticles  

(subswarms)
34:                 end if
35:                 if GlobalStagnation () > 8 then
36:                  RestartWorstParticles (30%, M.elite)
37:                 end if
38:          end for
39:          return gBest
40: end procedure
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3.3 Path Smoothing Optimization Based on 
Cubic B-spline Curves 

To enhance the smoothness and continuity of the 
UAV flight path and meet its dynamic 
smoothness requirements, a cubic B-spline curve 
is employed to fit the discrete waypoints 
generated by Particle Swarm Optimization 
(PSO), thereby optimizing the initial path. The 
mathematical formulation of the B-spline is 
given as follows: 
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is the cubic B-spline basis function, which is 
defined by the Cox - de Boor recursive formula: 

1
, , 1 1, 1

1 1

( ) ( ) ( )i i k
i k i k i k

i k i i k i

t t t tB t B t B t
t t t t . (27) 

The initial condition is set as follows: when 

1iit t t
, ,0   1iB t

; In the rest of the cases, 

,0 0iB t
.  In this paper, the B-spline 

smoothing uses uniform parametrization. All 

waypoints (n = 12) are mapped to the parameter 
interval [0, 1] with knots ti = . A cubic B-
spline (k = 3) is then constructed using spline 
with zero smoothing factor (s = 0), so that the 
smoothed path exactly interpolates all nodes 
while maintaining C² continuity. The final 
reference trajectory is obtained by sampling 200 
uniformly spaced points along the parameter 
domain for guidance and plotting. 

The core appeal of trajectory smoothing 
optimization is to reduce the curvature of the 
path. The formula for calculating the curvature 
of a spatial curve is: 
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where is 
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 the parametric path, and s is the 
arc-length parameter. By adjusting the B-spline 
control points reasonably, the curvature 
abruptness in the path can be effectively 
reduced. In the process simulation experiments, 
the UAV can effectively avoid the control shock 
problem caused by the sharp turn of the path, 
and provide strong support for the stability 
verification of the control algorithm [21]. 
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where Pi represents the control point, Bi,3(t) is the cu-
bic B-spline basis function, which is defined by the 
Cox - de Boor recursive formula:
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smoothness requirements, a cubic B-spline curve 
is employed to fit the discrete waypoints 
generated by Particle Swarm Optimization 
(PSO), thereby optimizing the initial path. The 
mathematical formulation of the B-spline is 
given as follows: 
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is the cubic B-spline basis function, which is 
defined by the Cox - de Boor recursive formula: 
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The initial condition is set as follows: when 
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; In the rest of the cases, 

,0 0iB t
.  In this paper, the B-spline 

smoothing uses uniform parametrization. All 

waypoints (n = 12) are mapped to the parameter 
interval [0, 1] with knots ti = . A cubic B-
spline (k = 3) is then constructed using spline 
with zero smoothing factor (s = 0), so that the 
smoothed path exactly interpolates all nodes 
while maintaining C² continuity. The final 
reference trajectory is obtained by sampling 200 
uniformly spaced points along the parameter 
domain for guidance and plotting. 

The core appeal of trajectory smoothing 
optimization is to reduce the curvature of the 
path. The formula for calculating the curvature 
of a spatial curve is: 
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 the parametric path, and s is the 
arc-length parameter. By adjusting the B-spline 
control points reasonably, the curvature 
abruptness in the path can be effectively 
reduced. In the process simulation experiments, 
the UAV can effectively avoid the control shock 
problem caused by the sharp turn of the path, 
and provide strong support for the stability 
verification of the control algorithm [21]. 
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where is r(s) the parametric path, and s is the arc-
length parameter. By adjusting the B-spline control 
points reasonably, the curvature abruptness in the 
path can be effectively reduced. In the process sim-
ulation experiments, the UAV can effectively avoid 
the control shock problem caused by the sharp turn 
of the path, and provide strong support for the stabil-
ity verification of the control algorithm [21].

4. Robust Controller Design
4.1. Deficiencies of Traditional Trajectory 
Tracking Control Methods
In the design of quadrotor UAV control systems, PID 
control plays an important role. Owing to its simple 
structure and ease of implementation, it offers low de-
velopment and debugging costs and is highly suitable 

3.3. Path Smoothing Optimization Based on 
Cubic B-spline Curves
To enhance the smoothness and continuity of the 
UAV flight path and meet its dynamic smoothness 
requirements, a cubic B-spline curve is employed 
to fit the discrete waypoints generated by Particle 
Swarm Optimization (PSO), thereby optimizing the 
initial path. The mathematical formulation of the 
B-spline is given as follows:
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for engineering applications. It is robust, can cope 
with external interference and small-scale changes in 
model parameters to a certain extent, ensures the ba-
sic flight attitude and trajectory tracking of UAVs, and 
is widely used in many fields. The accumulated expe-
rience and parameter tuning methods can be used for 
reference. However, the dynamic quality margin of 
PID is limited, and the closed-loop dynamic quality is 
sensitive to gain changes, and the gain needs to be ad-
justed frequently when the UAV flight environment is 
subject to dynamic changes [16]. Moreover, the error 
handling is an unreasonable control requirement.
In a highly dynamic environment, the trajectory 
tracking control of quadrotor UAVs is also insuffi-
ciently addressed by existing MPC and LQR.MPC 
relies on model prediction. In a highly dynamic en-
vironment, the state of the UAV changes rapidly, and 
the model is difficult to accurately capture in real 
time [26], which can easily lead to an increase in the 
prediction error. LQR is based on linear system de-
sign, and the non-linear characteristics of UAVs are 
significant during high-dynamic flights, the linear as-
sumption of LQR is no longer applicable, which can-
not accurately describe the system dynamics, result-
ing in poor control effects and difficulty in achieving 
accurate trajectory tracking and attitude control. 
Therefore, methods such as ADRC need to be intro-
duced to enhance wdwwcontrol performance.

4.2. Principle and Design of ADRC
ADRC, as an advanced control method characterized 
by unique design and principles, is composed of three 
core elements: the Tracking Differentiator (TD), the 
Extended State Observer (ESO), and the Non-linear 

State Error Feedback (NLSEF). The TD address-
es the conflict between system response speed and 
overshoot by shaping the transition process and si-
multaneously extracting appropriate differential 
signals, which help smooth the system input and mit-
igate noise. The ESO incorporates the "total distur-
bance", including unmodeled dynamics and external 
interferences, into new state variables that are esti-
mated in real time using the system's input-output 
data. The NLSEF uses the error between the TD out-
put and ESO estimation as input, applying non-lin-
ear functions to map the control action and thereby 
realize precise regulation of the system state [15]. 
However, in practical applications, ADRC has prob-
lems with many parameters and complex stabili-
ty analysis due to its non-linear structure. For the 
purpose of overcoming such shortcomings, Linear 
Active Disturbance Rejection Control (LADRC) has 
emerged. LADRC is an improvement over ADRC 
with a linear structure that simplifies the design and 
parameter adjustment process.
The LADRC approach demonstrates strong fea-
sibility. From a theoretical perspective, it builds 
upon modern control theory, allowing real-time es-
timation and compensation of internal and external 
disturbances for effective handling of non-linear 
and uncertain system behaviors. In practical appli-
cations, LADRC does not rely on accurate system 
models, exhibits strong robustness against model 
parameter perturbations and external interference, 
and can be widely applied in aerospace, mechani-
cal engineering, power electronics, and many other 
fields. In the numerical experiments of this paper, 

Figure 3
The structure of the second-order linear adaptive disturbance rejection controller.
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this disturbance-rejection property is evaluated 
under pulse disturbances acting on the quadrotor 
attitude channels. For example, in aircraft control, 
LADRC can ensure stable control of flight attitude in 
the face of complex airflow interference and model 
uncertainty. The motor speed regulation system can 
cope with disturbances such as load changes and 
maintain a stable rotational speed.

4.3. Design Based on LADRC UAV Control 
System
4.3.1. Non-linear Error Feedback
To prevent the system from reaching saturation 
while ensuring sensitivity to errors, the outer-loop 
controller adopts a non-linear power fal function [1]:
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where 0c
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feedback; 0k
 is the gain coefficient of non-linear 

and error feedback; err rj = j - j , that is, the 
deviation between the desired and actual 

attitude angles; n1a
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of the non-linear error feedback link. The fal 
function is defined as 
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where c is the independent variable, a  and d  
are constant values. In this controller, order 

0.5a . When the error is less than d , the 
function fal is a linear function, and the error 

gain of the outer ring is constant 
1-a1 / d , which 

is linear. When the error is greater than d , the 
function fal is a power function, and the error 

gain of the outer ring is | |a-1a c , which 
gradually decreases with the increase of x [4]. 
Replacing the power function with a linear one 
near zero prevents the derivative of the power 
function from approaching infinity as the error 
tends to zero. 

The inner-loop controller takes the output of the 
outer-loop controller as its error input: 

0 0e = c j ,                   (31) 

where is the input signal of the tracking 
differentiator. 

4.3.2 Tracking Differentiator TD   

In the inner ring control, the tracking 
differentiator is selected as the controller. The 
tracking differentiator can be regarded as a PD 
controller with a filtering function fhan [10], 
which effectively avoids the occurrence of high-

frequency vibration problems in the digital 
computing process with the help of the fast and 
optimal control synthesis function fhan of the 
discrete system, and can obtain a more ideal 
differential signal. In the process of numerical 
simulation and physical experiments, the 
researchers found that the differential signals 
obtained by using traditional PD controllers 
have significantly high-frequency jitter. When 
the step signal is used as input, the resulting 
differential signal will also have overshoot. 
Based on the above situation, compared with the 
traditional PD controller, it is a better choice to 
use the tracking differentiator as the controller. 
The algorithm for tracking differentiators is as 
follows: 
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where 1e
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the tracking differentiator; 2e
 is the differential 
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where r is the entry parameter of the function 
fhan. 

4.3.3 Linear Expansion State Observer (LESO) 

The Linear Extended State Observer (LESO) is 
the core algorithm component of the ADRC. The 
basic principle is to expand the various 
interference effects that affect the controlled 
output of the system into a new state variable. 
Through the control quantity and controlled 
output, the system is dynamically estimated to 
be disturbed, and the control amount is 
compensated accordingly, which is the 
technology of dynamic estimation and 
compensation for total disturbances. The 
algorithm does not rely on a specific 
mathematical model of interference or directly 
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where c0 is the output signal of non-linear feedback;   
k0 is the gain coefficient of non-linear and error feed-
back; jerr

 = jr – j, that is, the deviation between the de-
sired and actual attitude angles; anl and dnl are the pa-
rameters of the non-linear error feedback link. The 
fal function is defined as
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where c is the independent variable, a and d are con-
stant values. In this controller, order a = 0.5. When 
the error is less than d, the function fal is a linear 
function, and the error gain of the outer ring is con-
stant 1/d1–a, which is linear. When the error is greater 
than d, the function fal is a power function, and the 
error gain of the outer ring is a|c|a–1, which gradually 
decreases with the increase of x [4]. Replacing the 
power function with a linear one near zero prevents 
the derivative of the power function from approach-
ing infinity as the error tends to zero.
The inner-loop controller takes the output of the 
outer-loop controller as its error input:
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where is the input signal of the tracking differentiator.

4.3.2. Tracking Differentiator (TD) 
In the inner ring control, the tracking differentiator 
is selected as the controller. The tracking differenti-
ator can be regarded as a PD controller with a filter-
ing function fhan [10], which effectively avoids the 
occurrence of high-frequency vibration problems in 
the digital computing process with the help of the fast 
and optimal control synthesis function fhan of the 
discrete system, and can obtain a more ideal differ-
ential signal. In the process of numerical simulation 
and physical experiments, the researchers found that 
the differential signals obtained by using traditional 
PD controllers have significantly high-frequency jit-
ter. When the step signal is used as input, the result-
ing differential signal will also have overshoot. Based 
on the above situation, compared with the traditional 
PD controller, it is a better choice to use the tracking 
differentiator as the controller. The algorithm for 
tracking differentiators is as follows:
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where e1 is the tracking signal of e0 output by the track-
ing differentiator; e2 is the differential signal of   e0 output 
by the tracking differentiator; r0 is the speed factor that 
determines the twracking speed;  h0 is the filter factor; h 
is the integral step calculated by the digital controller. 
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function fal is a linear function, and the error 

gain of the outer ring is constant 
1-a1 / d , which 

is linear. When the error is greater than d , the 
function fal is a power function, and the error 

gain of the outer ring is | |a-1a c , which 
gradually decreases with the increase of x [4]. 
Replacing the power function with a linear one 
near zero prevents the derivative of the power 
function from approaching infinity as the error 
tends to zero. 

The inner-loop controller takes the output of the 
outer-loop controller as its error input: 
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where is the input signal of the tracking 
differentiator. 

4.3.2 Tracking Differentiator TD   

In the inner ring control, the tracking 
differentiator is selected as the controller. The 
tracking differentiator can be regarded as a PD 
controller with a filtering function fhan [10], 
which effectively avoids the occurrence of high-

frequency vibration problems in the digital 
computing process with the help of the fast and 
optimal control synthesis function fhan of the 
discrete system, and can obtain a more ideal 
differential signal. In the process of numerical 
simulation and physical experiments, the 
researchers found that the differential signals 
obtained by using traditional PD controllers 
have significantly high-frequency jitter. When 
the step signal is used as input, the resulting 
differential signal will also have overshoot. 
Based on the above situation, compared with the 
traditional PD controller, it is a better choice to 
use the tracking differentiator as the controller. 
The algorithm for tracking differentiators is as 
follows: 
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where r is the entry parameter of the function 
fhan. 
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the core algorithm component of the ADRC. The 
basic principle is to expand the various 
interference effects that affect the controlled 
output of the system into a new state variable. 
Through the control quantity and controlled 
output, the system is dynamically estimated to 
be disturbed, and the control amount is 
compensated accordingly, which is the 
technology of dynamic estimation and 
compensation for total disturbances. The 
algorithm does not rely on a specific 
mathematical model of interference or directly 
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principle is to expand the various interference ef-
fects that affect the controlled output of the system 
into a new state variable. Through the control quan-
tity and controlled output, the system is dynamically 
estimated to be disturbed, and the control amount is 
compensated accordingly, which is the technology of 
dynamic estimation and compensation for total dis-
turbances. The algorithm does not rely on a specific 
mathematical model of interference or directly mea-
sure the magnitude of interference using sensors. 
During the flight of a quadrotor UAV, its attitude 
control is highly susceptible to moment interference 
generated by various air currents, and it is difficult 
to measure or pre-model these interferences in real 
time effectively. Therefore, it is a suitable strategy to 
use an expansion state observer to observe and com-
pensate for moment interference.
In view of the fact that among the sensors equipped 
with a quadrotor UAV, the gyroscope measures the 
attitude angular velocity with the highest accuracy, in 
the expansion state observer of the attitude angle con-
trol channel, 
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its attitude control is highly susceptible to 
moment interference generated by various air 
currents, and it is difficult to measure or pre-
model these interferences in real time effectively. 
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compensate for moment interference. 

In view of the fact that among the sensors 
equipped with a quadrotor UAV, the gyroscope 
measures the attitude angular velocity with the 
highest accuracy, in the expansion state observer 

of the attitude angle control channel, j  is 
directly used as the input quantity of the 
observer, and its observed value is recorded as 

1
z

, then 1
z

 corresponds to the attitude 
angular acceleration. Since the moment 
interference will affect the angular acceleration 
of the system, the observed value of the moment 

interference is recorded as 2z , and the following 
LESO can be constructed based on this: 

For each attitude channel, the second-order 
dynamics are rewritten in the extended-state 
form by defining as the angular position,  
as its rate, and collecting all internal and external 
moments into an additional state . This yields 

the canonical structure = , = + , 
=a(x,t), which is used to construct the LESO in 

Equation (34). 
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To clarify the tuning of the LESO, let =
denote the output estimation error. From (34) 

the observer error dynamics form a third-order 
linear system. In this paper the gains , ,  
are designed by pole placement: the 
characteristic polynomial of the error dynamics 
is assigned to (s + )3, so that all observer poles 
are located at s = -  and the observer 
bandwidth is . Matching coefficients of this 
polynomial yields the relationships 
between ,  and ; once  is chosen, the 
LESO parameters are uniquely determined and 
the same tuning principle is applied to all 
attitude channels. 

2 3
1 0 2 0 3 0 03 , 3 , , 0 ,    (35) 

where 1 2  and 3  are observer 
parameters, selected by the pole placement 
method. 
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allowing disturbance compensation and 
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horizontal plane is defined as the pitch angle. 
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regulation of the pitch angle is crucial for stable 
flight, trajectory tracking, and mission 
performance, as its variation directly influences 
the motion state and aerodynamic properties of 
the aircraft in the vertical direction. 
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where  β1 β2 and β3 are observer parameters, selected 
by the pole placement method.
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Figure 4 shows the control system structure based 
on LADRC, including roll, pitch, yaw, and altitude 
controllers, as well as decoupling, allocation, and 
execution modules. By configuring the observer 
poles, the estimated states quickly converge to the 
actual states, allowing disturbance compensation 
and improving system stability and dynamic per-
formance.

4.3.4. Pitch Angle Controller Design
In aerospace and related fields, the pitch angle serves 
as a key parameter to describe an aircraft's attitude. 
In aerodynamics, the angle formed between the air-
craft's longitudinal axis and the horizontal plane is 
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contingency of experimental results, each of the 
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5. Results Analysis
5.1. Construction of Simulation Environment
In order to verify the effectiveness of the HAMT-
AISL-PSO algorithm, comparative experiments 
were conducted on the traditional PSO, DAMT-PSO, 
AISL-PSO, GA, ACO, and the HAMT-AISL-PSO 
proposed in this paper. To reduce the contingency of 
experimental results, each of the six algorithms per-
formed 100 experiments independently.
The simulation experiment was performed on a 
computer configured with Windows 11, 32.00 GB 
of running memory, and an Intel (R) Core (TM) i9-
14900HX processor using MATLAB and Simulink. 

5.2. Comparative Experiment of Path 
Planning Algorithms
Tables 1-2 give the statistical results of the six algo-
rithms in terms of cost function value and path length, 

Algorithm Mean Cost  Std Cost Min Cost Max Cost

traditional PSO 7015.12 664.86 6350.26 7679.98

DAMT-PSO 5726.41 27.23 5699.18 5753.64

AISL-PSO 6156.34 8.00 6148.34 6164.34

HAMT-AISL-PSO 5247.42 7.75 5239.67 5255.17

GA 6738.46 611.85 6126.61 7350.30

ACO 8023.53 192.83 7830.70 8216.36

Table 1
Statistics of cost function simulation results of six algorithms.
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Algorithm Mean Path Std Path

traditional PSO 1206.17 174.52

DAMT-PSO 978.87 17.20

AISL-PSO 1092.40 66.41 

HAMT-AISL-PSO 959.48 6.18  

GA 1131.89 79.68

ACO  1087.16 40.74

Table 2
Statistics of path length simulation results of six algorithms.

Figure 5
3D path comparison.

Figure 6 
Top view.

Figure 7  
3D terrain with optimal paths.

respectively. It can be seen that HAMT-AISL-PSO is 
consistently better than the other methods in both in-
dicators. The average cost is 5247.42, which is 25.20% 
lower than that of traditional PSO, and the average 
path length is 959.48 m, shortened by 20.44%. At the 
same time, its standard deviation is also the lowest, in-
dicating that the algorithm has obvious advantages in 
terms of stability and robustness. The mean cost and 
path length of Genetic Algorithm (GA) were inferior 
to HAMT-AISL-PSO, with noticeably poorer stability.
From the path planning results (Figures 5-6), it can 
be seen that the path of traditional PSO in the obsta-
cle-dense area is too tortuous, and some paragraphs 
are even infeasible. DAMT-PSO and AISL-PSO have 
improved search capabilities to some extent, but there 

are still problems of long and insufficiently smooth 
paths [22]. In contrast, the path generated by HAMT-
AISL-PSO is simpler and smoother, which can ef-
fectively shorten the range while avoiding obstacles. 
Further observation of the optimal path comparison 
in the three-dimensional environment (Figure 7) 
shows that the trajectory generated by HAMT-AISL-
PSO is more stable in altitude variation, indicating 
that the improved spherical coordinate constraint 
and B-spline smoothing mechanism effectively im-
prove the executability of the trajectory.
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Figure 8 further confirms that the improved algo-
rithm has advantages in performance. Here, the hor-
izontal axis is the iteration number and the vertical 
axis is the value of the cost function before normal-
ization. All four algorithms converge within fewer 
iterations, but the speed at which they achieve this 
goal is different: traditional PSO converges slowly, 
while DAMT-PSO and AISL-PSO can reduce the 
value of the cost function faster in the early stage, 
whereas HAMT-AISL-PSO converges fastest, ob-
taining the lowest objective value within the fewest 
iterations. This shows that the algorithm proposed 
in this paper has higher convergence efficiency and 
optimization performance [66]. From this, it can be 
seen that not only does the proposed algorithm ac-
celerate convergence but also it maintains a supe-
rior balance between exploration and exploitation 
throughout the run. Thus, the solutions obtained 
after the optimization process become consistent-
ly better with fewer iterations, reflecting the algo-
rithm's high efficiency and robustness. 
Figure 9 presents the comparison of altitude profile, 
showing the differences in the flight altitude dimen-
sion of each algorithm's paths. Within this figure, the 
altitude curves of traditional PSO, DAMT-PSO, AISL-

Figure 8
Convergence curves.

PSO and HAMT-AISL-PSO are plotted for the same 
horizontal ground track. The altitude curve generated 
by traditional PSO fluctuates violently and results in 
high flight risks. Although DAMT-PSO and AISL-PSO 
have improved, the overall variation is still not smooth 
enough. Therefore, the height curve generated by 
HAMT-AISL-PSO is the smoothest, with the smallest 
fluctuation amplitude, which meets the dynamic char-
acteristics and mission requirements of UAV flights. 
From the point of view of computational complexity, 
the four PSO-based algorithms in Table 3 (Tradition-
al PSO, DAMT-PSO, AISL-PSO and HAMT-AISL-
PSO) have the same asymptotic time complexity per 
run. According to our analysis, the total cost of PSO-
based 3D path planning is O(MaxIt × nPop × n × (D 
+ T_cost )); in our experiments D = 3 is fixed and the 
cost function meets T_cost = O(n × num_threats) ≈ 
O(n), so the leading term reduces to O(MaxIt × nPop 
× n²). DAMT-PSO adds an extra low-order term O(-
MaxIt/5 × n_subswarms × subswarm_size), and 
AISL-PSO as well as HAMT-AISL-PSO introduce 
multi-topology and strategy-learning modules with 
about 1.5–2.5× constant overhead, but these modifi-
cations only change the constant factor and do not 
change the leading order O(MaxIt × nPop × n²).
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Figure 9 
Altitude Profiles.

Specifically, the time complexity for the GA base-
line is O(MaxGen × (PopSize × log(PopSize) + Pop-
Size × n × D + PopSize × T_cost)), which simplifies 
to O(MaxGen × PopSize × n²) if T_cost = O(n); hence, 
the asymptotic order of GA equals that of the PSO-
based methods, while its actual computational load 
is slightly higher owing to the sorting and tourna-
ment-selection operations, O(PopSize × log(Pop-
Size)). On the contrary, ACO presents the largest 
complexity, O(MaxIt × nAnt × n × n_discrete³), due 
to the cubic dependence on the discretization of 3D 
space. Yet, the proposed HAMT-AISL-PSO eventu-
ally secures smaller cost values after fewer effective 

iterations, so its overall convergence speed remains 
competitive, and the enhancements in path cost, 
path length, and stability remain significant under 
comparable wall-clock runtimes, as depicted from 
the convergence curves in Figure 8.
From the obtained experimental results, it can be 
observed that the hybrid HAMT-AISL-PSO algo-
rithm proposed in this paper is significantly bet-
ter than the comparison algorithm in terms of path 
planning quality, convergence performance, and al-
gorithm stability. By integrating multiple topologi-
cal structures and intelligent learning strategies, the 
algorithm effectively overcomes the shortcomings 

Algorithm Main iteration settings Asymptotic time complexity per run

Traditional PSO MaxIt = 50, nPop = 120 O(MaxIt × nPop × n²)

DAMT-PSO MaxIt = 50, nPop = 120 O(MaxIt × nPop × n²)

AISL-PSO MaxIt = 50, nPop = 150 O(MaxIt × nPop × n²)

HAMT-AISL-PSO MaxIt = 50, nPop = 180 O(MaxIt × nPop × n²)

GA MaxGen = 50, PopSize = 120 O(MaxGen × PopSize × (log(PopSize) + n²))

ACO MaxIt = 50, nAnt = 80 O(MaxIt × nAnt × n × n_discrete³)

Table 3
Main complexity-related parameters and asymptotic time complexity.
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(a) Men Cost Heatmap (b) Standard Deviation Heatmap

Figure 11
Heatmaps of the mean cost.

(a) Effect of Subswarm Number on Performance (b) Effect of Subswarm Number on Computation Time

Figure 12
Effect of subswarm number. 

of traditional particle swarm algorithms, such as 
easy precocious convergence and low search accura-
cy. It offers a practical solution to UAV 3D path plan-
ning under complex environments. Meanwhile, this 
algorithm demonstrates a significant advantage in 
convergence speed, achieving the optimal solution 
within a relatively small number of iterations, which 
reflects a dual improvement in its global search abil-
ity and optimization efficiency.
A parameter sensitivity analysis is then conduct-
ed for the subswarm number n_subswarms and the 
inertia-weight range [wmin, wmax] to evaluate the ro-
bustness of HAMT-AISL-PSO. From Figures 10-12, 
it can be seen that a clear low-cost region appears 
around nsubswarms = 5 with a relatively small wmin, while 

Figure 10
3D Surface: Parameter Interaction Effect.
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too few or too many subswarms and extreme inertia 
weights lead to higher cost and larger variance. As 
summarized in Figures 13 and 14, nsubswarms = 5 and 
a medium inertia-weight range such as [0.20, 0.80] 
provide a favourable trade-off: the mean cost and 
path length are close to the minimum, the standard 
deviation remains small, and the computation time 
does not increase sharply. Therefore, this setting 
is adopted as the default configuration of HAMT-
AISL-PSO in the subsequent experiments.

5.3. Comparison Experiment of the 
Trajectory Tracking Controller
For the verification of the proposed controller's tra-
jectory tracking performance, the above quadcopter 
UAV control system modules were established by us-
ing the modules in MATLAB/Simulink, and the com-
parison experiments were conducted using both PID 
and LADRC controllers, respectively. For verifying the 
controller's performance in complex space missions, 
the 3D spiral is selected as the reference trajectory, 
which not only involves continuous circular motion 
but also has vertical-direction climbing superimposed 
on it, thus posing higher requirements for the decou-
pling ability and robustness of the controller. Specif-
ically, the reference trajectory consists of three spiral 
turns with a radius of 5 meters, while the altitude in-
creases linearly from 3 meters to 10 meters.
Position tracking curves of PID, LQR and LADRC 
are shown in the three tracking figures of this sub-
section. All of the three controllers can track the 3D 
spiral basically. However, at turning segments with 
large curvature and at height-change sections, the 
trajectories under PID and LQR have obvious lag and 
offset. Particularly, at instants when a disturbance 
occurs, the LQR trajectory has larger oscillation and 
overshoot, which means weaker disturbance-rejec-
tion capability. In contrast, the LADRC trajectories 
are smooth and closely follow the reference, almost 
without overshooting, and demonstrate better dy-
namic response, stability, robustness to trajectory 
curvature and changes of altitude.
Figure 16 in this subsection plots error curves of PID, 
LQR and LADRC, respectively. Around the four in-
jected disturbance segments, errors of both PID and 
LQR increase sharply, and the LQR controller pres-
ents the biggest spikes on all three axes, indicating its 
relatively poor disturbance-rejection ability. The PID 

Figure 13
PID position tracking.

Figure 14
LQR position tracking.

Figure 15
LADRC position tracking.
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To give a quantitative comparison among the three 
controllers, the mean absolute tracking errors 
(MAEs) in each axis are computed over the whole 
simulation horizon, summarized in Table 4. The 
MAEs of the PID controller in the z, y and x direc-
tions are 0.0255, 0.1065 and 0.1551, respectively, 
while LADRC reduces them to 0.0143, 0.0789 and 
0.1035, corresponding to error-reductions of about 
43.92%, 25.92% and 33.27%. For the LQR controller, 
the MAEs are 0.0210, 0.0830 and 0.1126 on the z, y 
and x axes, and replacing LQR with LADRC yields 
further reductions of 31.90%, 4.94% and 8.08%, with 
an average improvement of about 14.97%. These 
quantitative indices confirm that LADRC achieves 
the smallest tracking errors and the best overall ac-
curacy among the three controllers, consistent with 
the trajectory and error plots.
In summary, in the tracking task of a complex 3D spi-
ral trajectory, the LADRC controller shows signifi-
cantly better performance advantages than the PID 
and LQR controllers. Under the designed pulse-dis-
turbance scenario, its higher accuracy, faster con-
vergence speed, and stronger disturbance-rejection 
capability make it a better candidate for practical 
deployment in actual flight environments. Over-
all, considering both planning metrics and tracking 
metrics, the LADRC delivers the best comprehen-
sive performance in terms of convergence, stability, 
and robustness.

6. Conclusion
6.1. Research Conclusions
This paper studies the path planning and trajectory 
tracking of a quadcopter UAV in complex environ-
ments, and forms a relatively complete scheme. In 
the path planning part, the proposed HAMT-AISL-
PSO algorithm improves the global search ability 
and trajectory smoothness. It effectively avoids is-
sues of traditional algorithms, such as being prone 
to falling into local optimal solutions and generating 
trajectories with large curvature. In terms of con-
troller design, a trajectory tracking controller based 
on LADRC is constructed based on the principle of 
active disturbance rejection control. It can compen-
sate for the system disturbances and uncertainties 
in real time using the extended state observer, such 

Figure 16
Error curves of PID, LQR and LADRC.

controller also suffers from considerable transient 
oscillation and non-negligible steady-state error. 
By contrast, LADRC error stays within a small band 
and quickly converges to nearly zero after each dis-
turbance, confirming stronger robustness and faster 
recovery for LADRC under pulse-type disturbances.
Besides PID, LQR and MPC have also been widely 
used as baseline controllers for quadrotor tracking. 
It is difficult for LQR to achieve satisfactory perfor-
mance except for linearized models under nominal 
conditions; more seriously, its robustness against 
strong nonlinearities and disturbances is rather poor. 
Although MPC can handle constraints and model un-
certainties to some degree, its on-line optimization 
results in higher computational cost, possibly unfa-
vorable to a real-time embedded implementation. In 
contrast, the method adopted in this paper, based on 
LADRC, maintains a relatively simple structure with 
strong pulse-disturbance rejection and high tracking 
accuracy in the considered spiral-trajectory scenario.

Axis
MAE Improvement Rate

PID LQR LADRC LADRC 
vs PID

LADRC 
vs LQR

z 0.0255 0.0210 0.0143 43.92% 31.90%

y 0.1065 0.0830 0.0789 25.92% 4.94%

x 0.1551 0.1126 0.1035 33.27% 8.08%

Table 4
Mean absolute tracking error of PID, LQR and LADRC in 
each axis.
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that the stability and tracking accuracy of the UAV 
are guaranteed in a scenario of rapid change. The 
simulation results, considering applied pulse distur-
bance torques, are compared with the PID control in 
this paper. LADRC exhibits more advantages with 
regard to dynamic response, steady-state error, and 
disturbance immunity, especially in the stages of 
turning and changing altitude during its spiraling 
trajectory.To conclude, the proposed planning and 
control methods in this paper effectively enhance 
the autonomous flight performance of UAVs operat-
ing in complex environments.
These conclusions are obtained under the modeling 
assumptions and simulation settings adopted in this 
study. The quadrotor is modeled as a rigid, symmet-
ric body with constant mass and inertia, actuated 
only by rotor thrust and gravity, and small-angle 
approximations are used in the attitude kinematics. 
Path planning and obstacle avoidance are evaluated 
in a single-UAV, static three-dimensional environ-
ment with hemispherical and cylindrical obstacles, 
while tracking control is validated on a 3D spiral ref-
erence trajectory with pulse-type moment distur-
bances and ideal sensors and actuators [19]. There-
fore, the proposed framework is mainly applicable 
to medium-scale multirotor platforms performing 
missions in structured but cluttered environments 
under bounded disturbances. Its performance in 
scenarios with strong aerodynamic coupling, dy-
namic or densely time-varying obstacles, significant 
sensor noise, or large modeling errors has not yet 
been verified and thus remains a limitation of the 
present work.

6.2. Future Research Directions

Although the study in this paper verifies the effec-
tiveness of the proposed method, there is still room 
for further development. First, more real-time opti-
mization mechanisms can be incorporated into the 
path planning algorithm, for example by designing 
incremental or receding-horizon variants of the pro-
posed HAMT-AISL-PSO planner, so as to better meet 
the rapid decision-making requirements of UAVs in 
highly dynamic environments [5]. Second, an import-
ant research direction is to extend the HAMT-AISL-
PSO–based path planner and the LADRC-based tra-
jectory-tracking controller to multi-UAV cooperative 
and formation-control scenarios. In this context, the 
algorithm needs to be adapted to handle inter-UAV 
collision avoidance, communication and sensing 
constraints, and dynamic task allocation, so that 
safe and coordinated 3D paths can be generated for 
multiple quadrotors while maintaining the robust-
ness and tracking performance demonstrated in the 
single-UAV case. Finally, flight experiments on real 
quadrotor platforms, possibly combined with hard-
ware-in-the-loop simulations, are needed to further 
evaluate the reliability and engineering applicability 
of the proposed framework in real environments.
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