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Abstract - Path planning and tracking control are key technologies in the field of robotics, and they
are widely applied in areas such as intelligent security. Traditional methods for path planning and
tracking control have limitations, including low planning efficiency and poor adaptability to
dynamic environments. To address these issues, this paper puts forward a tracking control model
that integrates Differential Evolution-optimized Maximum Minimum Ant Colony Optimization with
an Extended State Observer and Dynamic Analysis. The model performs path optimization through
the improved ant colony algorithm and applies the observer to compensate for disturbances. The
experimental results show that this algorithm is significantly superior to the benchmark method in
terms of optimization accuracy and convergence speed. Furthermore, in the square wave
interference estimation test, the deviation between the estimated value and the actual value of this
model is the smallest, which is significantly superior to the performance of the particle swarm
optimization - genetic algorithm - proportional-integral-derivative model. These results
demonstrate that the proposed model achieves high-precision path planning and tracking control
under complex scenarios. This study contributes to enhancing the robot’s ability in path
optimization and tracking regulation, supporting further innovations in the field of intelligent

systems.

Keywords: Maximum minimum ant colony optimization, Differential evolution, Robot, Dynamic

analysis, Extended state observer.

1. Introduction

With the rapid development of science and
technology, robots are increasingly integrated into
various production and daily life scenarios. On one
hand, the types of robots are becoming more diverse,
covering a wide range of functions and applications.
On the other hand, their level of intelligence
continues to improve [1]. Maintenance inspection
robots, with their precise control, efficient operation,
and quick response, play important roles in fields
such as military applications, clinical treatment, and
healthcare services [2]. Path planning and motion
control are core components of autonomous robot
control and have always been a major focus in
robotics research [3]. Traditional methods such as
Rapidly-exploring Random Tree and Artificial
Potential Field work well in simple environments,
but they often suffer from low planning efficiency,
weak obstacle avoidance for dynamic objects, and
poor adaptability to complex environments in
real-world applications [4]. The Maximum Minimum
Ant Colony Optimization (MMACO) algorithm

convergence time, allowing mobile robots to find
optimal paths from the start point to the goal point
[5]- The Differential Evolution (DE) algorithm is a
population-based evolutionary search method that
solves high-dimensional and complex optimization
problems [6]. Therefore, this paper combines
MMACO and DE to construct a path planning
algorithm, named DE-MMACO. Then based on
DE-MMACO and Dynamic Analysis (DA), it proposes
a tracking control model for aerial maintenance
inspection robots, named DME-DA. This model is
expected to enhance the robot’'s autonomous
navigation and decision-making capabilities,
enabling intelligent applications across different task
environments. The novelty of this work lies in three
aspects: (1) the hybrid DE-MMACO algorithm, which
leverages DE's global search capability to prevent
MMACO from falling into local optima, a common
issue in traditional ACO variants; (2) the tight
integration of the optimized path planner with a
dynamics-aware tracking controller that
incorporates an Extended State Observer (ESO) for
real-time disturbance estimation and compensation,

improves search capabilites and  reduces which is often treated separately in existing
literature; and (3) the holistic solution tailored for
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aerial maintenance robots operating in complex 3D
environments, addressing both planning and control
challenges simultaneously. This model is expected to
enhance the robot's autonomous navigation and
decision-making capabilities, enabling intelligent
applications across different task environments.

2. Related Works

To address the low efficiency of path planning
algorithms in complex environments, scholars at
home and abroad carried out extensive research on
robot path planning and put forward a series of
improved methods. [hsan A et al. raised an improved
Ant Colony Optimization (ACO) to solve navigation
problems in complex environments. Their study
showed that Path 2 identified the shortest route,
with a total length of 213 cm, and the robot took 14
to 17 seconds to complete the path [7]. Jing Niu et al.
aimed to solve misjudgment and delay in obstacle
avoidance, and proposed a wheeled plant-protection
robot path planning method based on ACO and
Dynamic Window Approach. Experiments
demonstrated that this method, by collecting orchard
information through LiDAR, enhanced the robot’s
ability to pass through orchards and improved
operational efficiency [8]. Wu P et al. focused on path
conflicts in warehouse robots and proposed a path
planning model that combined static and dynamic
planning strategies. Simulation results indicated that
the model outperformed comparative methods in
terms of blocked node count and average travel
distance [9]. Morin M’s group worked on path
optimization for search and rescue missions and
introduced a moving target search path planning
method based on ACO. Experimental results revealed
that this method had higher target discovery
probability and better computational efficiency
compared to traditional greedy algorithms and
mixed-integer programming solvers [10]. Zhang D et
al. dealt with multi-objective path planning in
nuclear accident scenarios and raised an ACO-A*
algorithm. Their study demonstrated that the
algorithm had significant advantages in stability and
in minimizing the overall cost of multi-objective
optimization [11].

With the rapid growth of intelligent technologies,
there has been a rising demand for mobile robot
tracking control methods, especially for real-time
response and trajectory tracking in complex
environments. In response, many researchers carried
out in-depth studies in this area. Yu X et al. addressed
the challenge of flexible joint robots interacting with
unknown environments and proposed a force
tracking control scheme that compensated for
uncertainties in dynamics by designing an outer
force loop and an inner position loop. Simulation
experiments  confirmed the stability and
effectiveness of the scheme [12]. Lu K’s team studied
issues in multi-robot systems such as unknown input

disturbances and uncertain dynamics, and proposed
a time-varying region tracking controller based on
adaptive sliding mode control. Their results showed
that the controller offered high tracking accuracy and
strong disturbance rejection [13]. Ahmed S et al.
aimed to control and stabilize robots with nonlinear
uncertain disturbances and put forward an adaptive
sliding mode controller. Their findings indicated that
this controller performed better than finite-time
sliding mode controllers [14]. Son J's team focused
on robot instability caused by varying load
environments and proposed a time-delay control
strategy. Experimental results showed that,
compared to disturbance observers, the time-delay
control had better performance in handling complex
control problems [15]. Van M and his team raised an
adaptive fuzzy backstepping control strategy to
address the dependency of fault-tolerant control on
dynamic knowledge. Experiments on the PUMA560
robot showed that this strategy allowed tracking
errors to converge within a certain time, even
without complete dynamic knowledge [16].

Although the existing hybrid algorithms (such as
ACO-NN and PSO-GA-PID) have improved path
planning to a certain extent, they often have
problems of slow convergence speed and poor
adaptability in dynamic environments. In contrast,
the proposed DE-MACO algorithm introduces a
differential evolution mechanism to enhance the
global search ability of MMACO, effectively avoiding
local optimal solutions and accelerating convergence.
In addition, the integration of ESO and dynamic
analysis enables real-time interference
compensation, which is rarely involved in traditional
tracking control models. The model is expected to
improve the efficiency of path planning and the
precision of tracking control in complex
environments, promoting refined development of
robots in fields such as industrial manufacturing and
intelligent services.

3. Design of Robot Tracking Control
Model based on DE-MMACO

3.1 Hybrid Algorithm Design based on DE

and MMACO

As the complexity of robot application scenarios
continues to increase, path planning algorithms face
challenges in both real-time performance and
accuracy control [17]. Traditional algorithms lack the
ability to respond dynamically to changes in the
environment and fail to find optimal paths in
complex scenarios. Therefore, this study raises a
path planning algorithm based on DE-MMACO to
help robots plan motion trajectories under
complicated conditions. Before using MMACO to plan
paths, it is necessary to build a map model. Among
common map modeling methods, the grid method
fits well with various path planning algorithms and is
commonly used for aerial maintenance inspection
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robots [18]. The 2D and 3D grid maps are shown in
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Figure 1: Schematic diagram of 2D plane and 3D space grid map

As shown in Figure 1(a), the white grids represent
free areas where movement is allowed, while the
black grids indicate obstacles. Each grid is the
minimum movement unit of the aerial maintenance
inspection robot. As shown in Figure 1(b), the spatial
coordinate system uses E as the origin, EF as the
x-axis, EEn as the y-axis, and EH as the z-axis. The
space EFGH-EnFnGnHn models the robot’s working
environment. Based on the dimensions of the robot
and obstacles, the study divides EEn into equal
segments. Then, it draws parallel planes through
these division points to construct a 3D map. The
coordinates (x,y,z) represent points in the 3D

space. After map modeling, the MMACO algorithm is
used for path planning. Suppose there are js ants.

Ant ; moves from grid point ; to ;. The

transition probability depends on the pheromone
level along the path, as shown in Equation (1).

[Tij(t)]a[%(t)]ﬂ jed
po={ X [Lol'hol”

sco[,f

0 ,otherwise

In Equation (1), the pheromone factor «
reflects the importance of the pheromone on edge
(i,j) . The heuristic factor f evaluates the

attractiveness of grid point ; to ;. Let  be an
elementinant d ’scandidate grid set s.Attime ¢,
the pheromone intensity on edge (i, ;) is denoted
by 7,(t) , and 7,(s) represents the heuristic

function of the robot at time ¢. The Euclidean

distance and heuristic function are calculated as
shown in Equation (2).

d[/ = \/(xi _xj)z +(yi _yj)z
1 (2)

In Equation (2), i(X,,X))

Euclidean distance between grid points i(x,,y,) and

represents the

J(x;,y,). After all ants finish their route search, the

algorithm wupdates the pheromone levels. The
updated amount is given in Equation (3).

7, (t+) =(1+0)r, (1) + Az,

u (3)
Az, = ZAT;;

k=t
In Equation (3), Ar; and §e(0,1) represent

the pheromone increment and evaporation
coefficient, respectively. A larger § value results in

faster evaporation. r; is the pheromone released by
ant f on edge (i, ). This study uses the ant-cycle

model to update pheromone levels, as shown in
Equation (4).

. 2 ,tour(i, j) € tour,
At =< L, (4)

i
0 ,otherwise

In Equation (4), f is the total path length of ant
L,.
round. four(i,j) represents the path from grid point

tour, is the set of grid points searched in this

i to j.The pheromone enhancement coefficient is
denoted by Q . A higher Q leads to a more
significant influence on the pheromone.

MMACO selects the ant with the highest fitness to
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update the path. It tracks the maximum and
minimum pheromone trajectories and updates the
final pheromone trails. The number of pheromone
trails is calculated as shown in Equation (5).

pmax ’pi,j(t)zpmin
pi,j (t) = pi,j (t) ’pmax 2 pi,j (t) 2 pmin (5)
pmin ’pmin >pi,/'(t)

5]
(= (s
£ e
—> =y | s
Initialize Calculate
population initial fitness

No

Meet termination

In Equation (5), pl.’j.(t), O, » and  p

represent the number of final, minimum, and
maximum pheromone trails, respectively. MMACO
performs well in path optimization, but its
performance is limited in continuous optimization
scenarios.

Therefore, this study applies the DE algorithm to
handle continuous optimization. The process of DE is
shown in Figure 2.

—

Output optimal

conditions? solution

5 _ o J
— B W -

Mutation and

crossover operation treatment

Boundary condition

Calculate the Select action

objective function

Figure 2: Schematic diagram of DE workflow

As shown in Figure 2, DE first initializes the ant
colony, then checks whether the crossover
probability meets the termination condition. If it does,
the algorithm ends and outputs the result. If not, it
performs mutation by disturbing individuals in the
colony to introduce new directions and diversity.
Then, it conducts crossover to replace the original
individuals with fitter ones. Next, it processes
boundary conditions to ensure individuals stay
within the feasible domain and calculates the
objective function to determine the next generation.
These steps repeat until the algorithm meets the
termination condition. The optimization process of
DE is shown in Equation (6).

t+1

JE<P

cr

Pij = (6)

p/

p' ,t>P,
In Equation (6), P, represents the crossover

probability, reflecting the likelihood of crossover in

the algorithm. p_”" represents the number of

pheromone trails between grid points ; and ;.

DE-MMACO combines the advantages of both
algorithms to perform path search. The process of the
DE-MMACO-based path planning algorithm is shown
in Figure 3.

Initali Initiali
. nitiafize nitiatize ant Update Path Update local
Start environment and colony .
. parameters exploration pheromone
parameters location
N
LiCIET: i) Maximum number of
optimal path L Ants find the end?
. . iterations reached?
information
Global pheromone Record path Camp ':iilei;:tti cr(:rl)ony
update information op on:

Y

Figure 3: Path planning algorithm operation flow chart based on DE-MMACO

As shown in Figure 3, the algorithm first builds
the grid map model of the working environment, sets
pheromone values, and defines the maximum
number of iterations, initializing the iteration count

to zero. Then, it updates relevant factor coefficients
based on the iteration count. Ants move based on the
transition probability and update local pheromone
after reaching the next node. Then, the algorithm
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checks whether each ant reaches the endpoint and
whether the colony finishes the path search. If
complete, it records the path to find the optimal one.
If not, the next ant continues the search. After all ants
reach the endpoint, it updates the global pheromone.
If the maximum number of iterations is not reached,
it reinitializes the ant colony and repeats the process.
If the maximum iteration is reached, it uses the
fitness function to select the optimal path. In
summary, the DE-MMACO-based path planning
algorithm effectively avoids local optima and finds
the optimal path for aerial maintenance inspection
robots with high precision and efficiency, thus
improving task execution performance.

2.2 Construction of Robot Tracking Control Model
Integrating DE-MMACO and DA

DE-MMACO overcomes the issue of traditional
algorithms easily falling into local optima by making

efficient use of pheromones and adopting a unique
search strategy. It achieves good performance in the
field of robot tracking control [19]. However, during
actual operations, external environmental
disturbances often lead to trajectory deviation and
positioning errors. The Extended State Observer
(ESO) not only reconstructs the model states but also
accurately estimates nonlinear disturbances affecting
the observation model, which improves the
disturbance rejection and control performance of the
robot [20]. The dynamic model describes the
relationship among  the spatial position,
instantaneous velocity, and instantaneous
acceleration of the robot, and it is used to calculate
the control input force or torque at different speeds.
Therefore, a mobile robot tracking control model
based on ESO-DA is put forward. The structure is
shown in Figure 4.

Error l - — — — \
¢ Vit variable(__ . . ESO mmey e
| | Kinematic! | o [ Gain | % | D |%f Non-singular
: st.ate [ Actuall controller 2 matrix & inertia matri Tl obot ! I\ matrix
ariable ) ool Robot/ "\ _ matrix

state
variable

( _In_tegrgl \|

Controller

\operation

Figure 4: Framework diagram of robot control model based on ESO-DA

As shown in Figure 4, the system compares the
expected trajectory with the actual trajectory of the
mobile robot to produce an error. After processing,
the error is fed into the kinematic controller. The
output and feedback form a new error, which is
adjusted by gain and applied to the dynamic model of
the robot. ESO estimates the state variables and feeds
them back. The model runs based on the dynamic
model to control the motion states of the mobile
robot and completes trajectory tracking. The dynamic
equation of the mobile robot is shown in Equation (7).

{M(Q)ij +V,(4.9)4+F (@) +G(q)+&, =B(q)e — 4" (q)4 7)
q=5(q)-V()

In Equation (7), V(¢) is the velocity vector and
S(g) 1is a full-rank matrix. ¢ and ¢ represent the
generalized coordinate vector and velocity vector,
respectively. F(g)eR™ , G(¢)eR™ , and g,

denote the contact surface friction effect, generalized
gravity vector, and external disturbance term.

B(q) 1= Rnxr M(q) 1= Rnxn , and A(q) e Rmxn
represent the control input matrix, inertia tensor
matrix, and constraint Jacobian matrix, while
V (g,g) € R™" denotes the centrifugal and Coriolis

force matrix. Based on matrix differentiation and the
derivation formula of the generalized velocity vector,
Equation (7) is optimized by setting 4 to 0. The
dynamic model of the mobile robot is shown in
Equation (8).

MgV (O +7, (4.9 )+ F(v)+5, =5 (8)

As shown in Equation (8), v represents a
component of the velocity vector and p(¢) is the

derivative of the velocity vector. g, and F(v)

denote the optimized external disturbance and
contact surface friction. V (q,4) represents the

optimized centrifugal and Coriolis force matrix, and
j\7[(q) and g represent the optimized inertia

tensor and control input matrix. ESO updates the
model state variables and accurately estimates
external disturbance terms. Therefore, this study
introduces ESO with the dynamic model to achieve
accurate tracking control of the robot. Let the state
variable be x, =v, and the ESO is shown in Equation

(9).

= =M(@)[ F0)+&, |+ M (9)F (9)
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In Equation (9), x, is the first derivative of
variable x,. By defining 4 =M "'(¢)g, intermediate
variable x, =—-M(q)[ F()+Z,], and h=4% , the
updated ESO is obtained, as shown in Equation (10).

Xy =X, +u (10)
X, =h
In Equation (10), » and j are intermediate

variables, x is the first derivative of intermediate

variable x,.The ESO principle is shown in Figure 5.

Control quantity

Y

State variable X

Y

an

Output

vy

ESO

@

State observation channel

Estimation of

Differential estimation channel

A A A

state variable X

Disturbance compensation channel

Figure 5: Schematic diagram of ESO principle

As shown in Figure 5, ESO analyzes the control
input and output to estimate the actual state variable
X, providing more accurate state estimation. The
specific calculation of ESO using the error variable is
shown in Equation (11).

{)éo—)%,—bor0+u (11)

);Cz = —b,fal(l/b,¢,}/)

In Equation (11), );Co is the first derivative of the
estimated state variable x,. b, and b, are tunable

parameters. 7,

, represents the error variable related

to x,, and ¢ and y are parameters of the
nonlinear function fa/ . Based on the kinematic

model, the expected values of linear and angular
velocities are derived, as shown in Equation (12).

v
{ } (12)
w,,

In Equation (12), v

v, cose, +k,e, }

|:Wr +kyve —k,v sine,

, and w,_ represent the
expected values of linear velocity v, and angular
velocity w, , respectively. %, , k,, and fk, are
positive parameters used to adjust the expected
values of linear and angular velocities. ¢,, ¢,, and

e, represent the related error variables. The tracking
controller is shown in Equation (13).

p=3%+K,e, (13)

In Equation (13), ¢ is the output of the tracking
controller and ¢, is the control error. The controller
gain is a tunable parameter represented by K, .The

DME-DA tracking control model for high-altitude
inspection robots is shown in Figure 6.

Error /ol ~

[ iabler ————~

| V'-l ' YA R inematic) Inverse of :

| 1rtual | 2

troll

|_robot | Virtual | Actual (202 | J,

State state | L
variable X variable |variable Controller
P — — ~

( I . o I .
: DME-DA | Integral Non-singular (Dynamic model,
(_planning path, | operation)” | _ _matrix __1" | of mobile robot)

Figure 6: DME-DA high-altitude maintenance robot tracking control model framework

As shown in Figure 6, DE-MMACO searches for the
optimal path from the starting point to the target
point and determines the robot’s motion route. The
tracking controller combines DA and ESO, using the
DE-MMACO-planned path as the reference. It
compares the robot’s actual trajectory with the
expected one to obtain the error, processes it using
the kinematic controller, and combines it with the

International Journal of Mechatronics and Applied Mechanics, 2025, Issue 22, Vol. 11

values estimated by ESO. Then, it controls the robot
based on the dynamic model. The integration of the
path planning algorithm and dynamic model achieves

accurate tracking control, ensuring the robot
operates efficiently and stably in complex
environments.

4. Performance Analysis of the

DE-MMACO-based Tracking Control
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Model for Aerial Maintenance Robots

4.1 Validation of the Effectiveness of
DE-MMACO
To verify the optimization capability of

DE-MMACO, it was compared with the Improved Ant
Colony Optimization (IACO) algorithm and the
Particle Swarm  Optimization-Rapidly-exploring
Random Tree (PSO-RRT) algorithm. The simulation
experiments were conducted on the MATLAB R2018b
platform under a 64-bit Windows 10 operating
system, using an Intel Core i5-10300H processor.

Two unimodal test functions, the Schwefel 1.2

function and the Quartic function, were selected for
the experiments. The optimal value of the test
functions was defined as 0, and the optimization
dimension was set to 30. The search ranges were set
to [-100, 100] for the Schwefel 1.2 function and [-1.28,
1.28] for the Quartic function.

The maximum number of iterations was set to
500, with 50 ants used in the ant colony algorithms,
and the values of other parameters with similar
meanings were kept consistent. Each of the three
algorithms—DE-MMACO, IACO, and PSO-RRT—was
run 20 times on the two test functions.

The experimental results are shown in Table 1.

Table. 1 Experimental results on two test functions

Function Algorithm Optimal value | Average value | Intermediate value | Worst value
DE-MMACO 3.15E-54 1.33E-49 7.87E-51 8.21E-49
Schwefel 1.2 1 3.95E-13 7.75E+00 7.92E-01 6.32E+01
function
PSO-RRT 5.96E-03 5.96E-03 5.96E-03 5.96E-03
DE-MMACO 1.12E-01 3.00E-01 3.19E-01 5.41E-01
Quartic function; \ -y 1.64E-01 5.61E-01 5.91E-01 9.98E-01
i.e. noise
PSO-RRT 2.91E-01 1.12E+00 2.93E-01 8.85E+00

As shown in Table 1, when tested on the Schwefel
1.2 function, the best result of DE-MMACO was
3.15E-54, while IACO and PSO-RRT achieved best
results of 3.95E-13 and 5.96E-03, respectively. When
tested on the Quartic function, which involved noise,
DE-MMACO achieved the best value of 1.12E-01,
outperforming IACO and PSO-RRT, which reached
1.64E-01 and 2.91E-01, respectively. In terms of

o 0.15- — DE-MMACO

% — - JACO

s N

s ~ _ _~-PSO-RRT

gowy T T T ==

2

=] .

2 0.05.

g | e

g o - i '
100 200 300

Iterations

(a) Bent Cigar function convergence curve

Objective function value

average, median, and worst values, DE-MMACO also
performed better in most cases. In summary,
DE-MMACO showed superior optimization
performance compared to I[ACO and PSO-RRT on both
test functions. To better illustrate the convergence of
DE-MMACO, the Bent Cigar function and Discus
function were used for convergence testing. The
convergence curves are shown in Figure 7.

3000~ — DE-MMACO
\ — - IACO
----- PSO-RRT
20004 \/\
v
|
v
: /\
1000: . o N
~ -
0 i T 1
0 100 200 300
Iterations

(b) Discus function convergence curve

Figure 7: Convergence test results of two test functions

As shown in Figure 7(a), when using the Bent
Cigar function, the DE-MMACO curve rapidly
converged in the early search phase, and the
objective function value stabilized at 0. At iteration
50, the objective values of PSO-RRT and IACO
dropped to 0.04 and 0.12, respectively. Figure 7(b)
shows that, in the Discus function test, DE-MMACO’s
objective function value approached 0 at iteration 40,
while PSO-RRT remained at 400. IACO exhibited
significant fluctuations between iterations 10 and
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100 and stabilized only after 200 iterations. These
results indicated that DE-MMACO achieved faster
convergence and higher accuracy under different test
functions.

To further demonstrate the path optimization
performance of DE-MMACO, the algorithm was tested
along with IACO and PSO-RRT in a grid map
environment. The optimal paths obtained by the
three algorithms through simulation are shown in
Figure 8.
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Figure 8: Grid environment simulation test results

As shown in Figure 8(a), DE-MMACO found the
global shortest path, which followed a trend close to
the straight line between the starting and target
points without redundant segments. Figure 8(b)
shows that although IACO found a path to the target,
it was not globally optimal, and the path length
increased by 15% compared to DE-MMACO. Figure
8(c) shows that the path found by PSO-RRT was
shorter than that of IACO, but it was still not the
shortest. The path length increased by 13%
compared to DE-MMACO. In conclusion, DE-MMACO
exhibited significant advantages in path planning,
precisely identifying the global shortest path and
enhancing both the efficiency and quality of the
planning process.

4.2 Evaluation and Analysis of the DE-MMACO
Robot Tracking Control Model

After validating the performance of the
DE-MMACO path planning algorithm, the tracking
control model based on DME-DA was evaluated by
comparing it with three other models: the Particle

— Expected value - DME-DA
rrrrrrrr PSO-GA-PID - ACO-NN
e GA-SMC
6
E 4
=
2
5 21
=
=
= 0
2
-4
-2 1 0 1 2 3

Horizontal direction (m)
(a) Linear trajectory tracking results

V‘enical direction (m)

Swarm Optimization-Genetic
Algorithm-Proportional-Integral-Derivative
(PSO-GA-PID), the Ant Colony Optimization-Neural
Network (ACO-NN), and the Genetic
Algorithm-Sliding Mode Control (GA-SMC).

The simulation experiments were conducted in
the MATLAB environment. The main parameters
were set as follows: the vehicle mass was 20 kg, the
effective radius of the driving wheel was 0.04 m, the
lateral wheelbase was 0.25 m, and the rotational
inertia of the system was 0.8 kg-m? The values of the
external disturbance and contact friction were

denoted as [2.1 1.4 2.0]' and [50 33 45] .
respectively. The observer parameters were set as
b, = diag {~160,-160} and b, =diag{-110,-110} ,
while the controller parameters were set as
k =500, k,=2.8, k,=6.5, and K, ={100,100} .

The four models were tested on both straight and

circular trajectories. The results are shown in Figure
9.

— Expected value -~ DME-DA
rrrrrrrr PSO-GA-PID - ACO-NN

T2 1 0 1. 2 3
Horizontal direction (m)
(b) Circular trajectory tracking results

Figure 9: Trajectory tracking simulation test results
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As shown in Figure 9(a), in the straight-line
tracking test, DME-DA quickly approached the
reference trajectory at the initial stage. When the
horizontal distance reached 0.5m, the vertical
deviation between the actual and reference
trajectories was 0.1m, indicating high overlap. The
PSO-GA-PID and ACO-NN models showed large
deviations in the early stage. When the horizontal
distance reached 1.5m, their vertical deviation
remained at 0.35m. Figure 9(b) shows that in the
circular trajectory tracking test, the DME-DA model
moved around the circular reference trajectory,
maintaining a distance deviation within #0.2m

ACceleration (m/s”)

200>
Bsti

value

mated DME_DA

throughout the process. The GA-SMC model deviated
from the circular trajectory with a large fluctuation,
and the maximum positional deviation reached
0.72m, which was inferior to the proposed model. In
summary, the DME-DA tracking control model
outperformed the comparison models in tracking
accuracy and stability, reducing energy loss and time
waste due to trajectory deviation and improving the
efficiency of aerial maintenance tasks. To further
evaluate the disturbance estimation capability of the
proposed model, it was tested against square wave
disturbances along with PSO-GA-PID, ACO-NN, and
GA-SMC. The results are shown in Figure 10.

I:l Estimated value
[ pME-DA

{771 PsO-GA-PID
[ ]Aco-NN

GA-SMC

Figure 10: Test results for square wave disturbance estimation

As shown in Figure 10, during the square wave
disturbance test, the estimation error of the DME-DA
model did not exceed +0.5 m/s2. The ACO-NN model
fluctuated significantly from 0 to 100s and reached
the actual value of 10 m/s? after 100s. The
PSO-GA-PID model estimated a value of 8 m/s? from
0 to 50s, showing a clear deviation from the actual
value. The GA-SMC model showed delayed estimation

— Expected value
> h -=-- DME-DA
z -4-- PSO-GA-PID
) -e-- ACO-NN
= W -+-- GA-SMC
> i
R 3
£
0 100 200 300
Time (s)

(a) Linear velocity tracking effect

As shown in Figure 11(a), for linear velocity
tracking, the DME-DA model rapidly decreased and
approached the desired value within 10s. The
ACO-NN model consistently deviated from the
desired trend and failed to reach the target value. The
PSO-GA-PID model exhibited large fluctuations in the
early stage and only stabilized at 280s. Figure 11(b)
shows that for angular velocity tracking, the DME-DA
model converged to the desired value within 4s. The
GA-SMC model fluctuated heavily from 1s to 10s and
deviated significantly from the desired value. The
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Angular velocity (rad/s)

and gradually aligned with the actual value after 150s.
In summary, the DME-DA model demonstrated strong
anti-disturbance capability and higher stability than
the comparison models. To illustrate the convergence
performance of the DME-DA model, a comparison of
linear and angular velocity tracking was conducted
with PSO-GA-PID, ACO-NN, and GA-SMC. The results
are shown in Figure 11.

— Expected value --=-- DME-DA
- PSO-GA-PID ---- ACO-NN
oy & -=-- GA-SMC

15

10
Time (s)
(b) Angular velocity tracking effect
Figure 11: Comparison of linear velocity and angular velocity tracking effects

PSO-GA-PID model had a bumpy convergence process
and stabilized at the target value at 10s. Overall, the
DME-DA model showed high stability and fast
convergence, enabling both linear and angular
velocities to quickly stabilize near the desired values.
This ensured steady robot operation in complex
dynamic environments and reduced the risk of
collisions caused by sudden speed changes or
external disturbances. To comprehensively evaluate
the performance and effectiveness of research
methods in practical applications, the study evaluates
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them from the aspects of computational complexity,
stability, and scalability. At the same time, the study

repeated the experiment 20 times and conducted
statistical tests, and the results are shown in Table 2.

Table 2. The performance effects of different methods in practical applications

Category Evaluation metric DME-DA PSO-GA-PID ACO-NN GA-SMC
Square wave
disturbance error 0.50+0.012 3.00+£0.072 2.20+0.053" 2.20+0.05"
(m/s?)
0,
) Errorunder 20% | 5,0002 | 0.35£0.008 | 0.25:0.006° | 0.25:0.0004"
Anti-interference speed noise (m)
bilit
capablitty 100ms delay 42+010 | 253%0.61° | 152+036° | 15.240.36°
overshoot (%)
Success rate of
dynamic obstacle 96.0+2.30 82.0+1.97" 87.0£2.09" 87.0+2.09"
replanning (%)
20x20 grid success | 40400 | 920£221° | 96.02.30" 96.0+2.30°
rate (%)
. 50x50 grid success . . N
Scalability 98.5+2.36 | 85.3+2.05 89.7+2.15 89.7+2.15
rate (%)
Pathlength growth | = ). 15 | 16.8:040° | 14.9+036° | 14.9+0.36"
rate (%)
Computational | Sigle planningtime | 5, 5 156437 1384337 138433
complexit (ms)
prextty Memory usage (MB) | 45+1.1 52¢1.2° 48+1.3° 46+1.1

Note: "™ indicates p<0.05 compared to DME-DA algorithm.

According to Table 2, the DME-DA model
demonstrates comprehensive advantages in practical
applications. The tracking accuracy test verified the
superiority of DME-DA. In the linear tracking task,
the maximum position error is controlled within 0.10
+ 0.002m, and the circular trajectory tracking error
does not exceed 0.20 *+ 0.005m. The accuracy is
improved by about 50-70% compared to the
comparative model, reflecting the stability and
reliability of the control system. The anti-interference
ability test results show that DME-DA maintains an
estimation error within the range of 0.50 =+
0.012m/s2 when facing square wave disturbances,
which is much lower than other comparative
methods. In the 20% speed noise test simulating
actual working conditions, its tracking error (0.08 =+
0.002m) showed good noise suppression ability.
Especially under the condition of 100ms control
delay, the overshoot of DME-DA is only 4.2 £ 0.10%,
while the PSO-GA-PID model reaches 25.3 *+ 0.61%,
highlighting the effectiveness of the former in time
delay compensation. Scalability evaluation shows
that as the complexity of the environment increases,
DME-DA still maintains excellent performance. In the
50 X 50 large-scale grid test, the planning success
rate reached 98.5 * 2.36%, and the path length
only increased by 5.2 * 0.12%, significantly better
than the compared algorithms. This proves that the
powerful global search capability of the DE-MMACO
algorithm will not significantly degrade due to the
expansion of the problem scale, and has good
scalability, laying the foundation for its application in
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practical large-scale and complex scenarios. In terms
of computational efficiency, DME-DA has a single
planning time of 125 & 3.0ms and a memory usage
of 45 = 1.1MB, maintaining reasonable
computational overhead while ensuring performance,
making it suitable for real-time application scenarios.
Comprehensive analysis shows that the DME-DA
model has achieved significant improvements in
tracking stability, anti-interference ability,
computational efficiency, and scalability, providing an
effective technical solution for the reliable operation
of high-altitude maintenance robots in complex
environments.

5. Conclusions

To address the limitations of traditional robot path
planning algorithms, such as low planning efficiency,
poor adaptability to complex environments, and
suboptimal path optimization, this study put forward
the DE-MMACO algorithm. Based on this algorithm, a
tracking control model for aerial maintenance
inspection robots, called DME-DA, was developed.
During the model construction, DE-MMACO was used
to iteratively optimize path planning by exploring
better combinations of path nodes, which improved
the accuracy and efficiency of the planning process.
At the same time, the DA method was applied to
analyze the force characteristics and motion patterns
of the robot under complex aerial conditions. It
calculated the dynamic parameters of each
component and provided accurate control references
for the controller.
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Experimental results showed that, when tested using
the Bent Cigar function, the objective function value
of DE-MMACO rapidly dropped to 0 and remained
stable. In comparison, the objective values of IACO
and PSO-RRT slowly decreased to 0.12 and 0.04 after
50 iterations, respectively, both of which were
inferior to DE-MMACO. In addition, in the angular
velocity tracking test, the GA-SMC model showed
significant deviation from the expected trend
between 0 and 10 seconds, while the proposed model
converged rapidly within 4 seconds, outperforming
the comparison models. Overall, the DME-DA
tracking control model for aerial maintenance
inspection robots successfully achieved trajectory
tracking in aerial operating environments. However,
this study did not test the model’s stability under
different levels of electromagnetic interference, nor
did it explore path planning in multi-robot
collaboration scenarios. Future work can focus on
building electromagnetic interference simulation
environments and simulation platforms for
multi-robot cooperation.
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