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 a b s t r a c t

In order to enhance the efficiency of visual inspection and effectively carry out 3D visual coverage tasks, 
this paper focuses on the 3D view planning problem concerning the visual coverage of an airplane’s 
surface using unmanned aerial vehicles (UAV). Our objective is to attain a sufficiently high coverage 
rate with the least number of viewpoints. The contributions of this work are enumerated as follows. 
Firstly, the 3D model of the target aircraft is spatially extended in accordance with the depth range 
of the camera mounted on the drone, thereby confining the sampling range of 3D viewpoints. Next, a 
candidate set of viewpoints is generated through random sampling and the probabilistic potential 
field technique. Subsequently, we propose a novel hyper-heuristic algorithm. In this algorithm, a 
genetic algorithm serves as a high-level heuristic strategy, in tandem with multiple low-level heuristic 
operators devised for combinatorial optimization. This not only augments the capacity to seek the 
global optimal solution but also expedites the convergence rate, aiming to ascertain the optimal subset 
of viewpoints. Moreover, we devise a new fitness function for appraising candidate solution vectors 
in the set covering problem (SCP), strengthening the evolutionary guidance for genetic algorithms. 
Eventually, experimental findings on the simulated and real airplanes corroborate the efficacy of 
the proposed method, i.e., it markedly diminishes the requisite number of viewpoints and augments 
inspection efficiency.
© 2025 The Author(s). Published by Elsevier B.V. on behalf of Shandong University. This is an open access 

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

With the continuous advancement of aviation technology, the 
inspection of the surface of airplanes has become a critical task 
for ensuring their safe operation [1]. To improve the efficiency 
and precision of monitoring the surface condition of airplanes, 
automation technology is gradually being incorporated and is 
emerging as a prominent research direction within the domain of 
aviation safety [2,3]. This research focuses on the view planning 
problem for visual coverage tasks on the upper surface of large 
airplanes. It aims to generate a set of coordinates and line-of-
sight directions in three-dimensional space for Unmanned Aerial 
Vehicles (UAV), ensuring comprehensive visual coverage of the 
airplane’s upper surface with the minimum number of viewpoints 
possible, thereby enhancing inspection efficiency.

In view planning applications for inspection and surveillance, 
common optimization objectives usually encompass minimizing 
the number of viewpoints and maximizing the coverage rate of 
the surface area [4–6]. Scott et al. [7] propose the offset method 
within the ‘‘generate-test’’ framework. Moreover, their study con-
verts the view planning problem into a set cover problem and 
solves the optimal subset of viewpoints by utilizing optimization 

E-mail address: hzCFTE@163.com.
https://doi.org/10.1016/j.birob.2025.100228
2667-3797/© 2025 The Author(s). Published by Elsevier B.V. on behalf of Shandong U
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
algorithms. Nevertheless, the number of viewpoints generated by 
this method is relatively large, which results in increased compu-
tational costs and potentially lower coverage rates for large target 
objects. Choi et al. [8] propose an offset method, which incorpo-
rates normal vector offset and vertical offset techniques based on 
viewing angles. However, similar to previous methods, it suffers 
from high computational costs and is not suitable for inspecting 
large structures. Jing et al. [4] introduce a novel two-step compu-
tation method known as the iterative random sampling method. 
This method generates candidate viewpoints through random 
sampling in the surrounding space of the target object and solves 
the set cover problem using a greedy search algorithm. Compared 
with the offset method, it enhances the coverage rate of the target 
object’s surface and reduces computational costs. Zheng et al. [9] 
propose a clustering-based view planning method, which gener-
ates viewpoints by clustering the triangular mesh of the target 
object’s surface. This method exhibits high coverage efficiency 
but necessitates addressing the issue of viewpoint positioning 
correction. Wu et al. [10] propose a continuously differentiable 
sampling-based multi-directional view planning method, which 
takes the pitch and yaw angles of the gimbal as constraints. By 
constructing a continuously differentiable view quality objective 
function for the viewpoint collection, they optimize the candi-
date viewpoint set, thereby reducing the number of viewpoints. 
niversity. This is an open access article under the CC BY-NC-ND license
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Vanessa et al. [11] propose a novel method for automatically 
generating viewpoints, which selects viewpoints by solving an 
integer linear programming problem and omits the preprocessing 
of the target. Wang et al. [12] proposed a parallel deep rein-
forcement learning method for view point sampling that utilizes 
Fibonacci numerical integration within a sphere. This method 
is capable of overcoming the local non-uniformity present in 
traditional methods. However, it does not adapt well to the 
surfaces of irregularly shaped objects. Kong et al. [13] proposed 
a genetic algorithm for view point selection, which is based on 
the alternating evolution strategy and aims at optimizing both 
the number of view points and the quality of views. Unlike the 
particle swarm optimization algorithm, which is prone to local 
optima, the genetic algorithm, an evolutionary algorithm based 
on the mechanism of natural selection and inheritance, may 
yield a better effect in solving the set covering problem [14]. 
Meta-heuristics are frequently employed to enhance search and 
optimization algorithms. This method is characterized by univer-
sality and flexibility and can be applied to multiple fields, includ-
ing decision-making and logistics. Meta-heuristics consist of two 
parts: high-level heuristics and low-level heuristics. High-level 
heuristics select and apply different low-level heuristics based 
on the problem characteristics. Therefore, it is more efficient 
compared with traditional heuristics [15]. Zhang et al. [16] pro-
posed a Q-learning-based meta-heuristic evolutionary algorithm 
for combinatorial optimization problems and achieved favorable 
results. Zhang et al. [17] proposed a meta-heuristic algorithm 
based on genetic programming and embedded the simulated 
annealing algorithm within the low-level heuristics to enhance 
the local search ability. The effectiveness of this algorithm was 
demonstrated through experiments on the benchmark set.

Due to the complexity of airplane structures and the critical 
nature of their applications, this paper enhances the algorithm for 
view planning based on the ‘‘generate-test’’ framework [18–20] 
by building upon the random sampling method, which is a model-
based approach, i.e., a rough geometric model of the target object 
is available before planning. This method involves a two-step 
computational process: first, generating a large set of candidate 
viewpoints, and then transforming the problem into a combi-
natorial optimization problem to select the optimal subset of 
viewpoints through combinatorial optimization techniques. The 
proposed work comprises three main components: the gener-
ation of candidate viewpoints, visibility evaluation, and combi-
natorial optimization. First, the constraint space for candidate 
viewpoints generation is established based on the 3D model of 
the target airplane and camera parameters. Candidate viewpoints 
and directions are generated by utilizing random sampling and 
potential field methods. Then, the coverage of the candidate 
viewpoints is calculated based on the geometric model of the tar-
get object, and the problem is transformed into a combinatorial 
optimization problem. Finally, a genetic algorithm-based hyper-
heuristic algorithm is proposed to conduct the combinatorial 
optimization and solve the optimal subset of viewpoints. The 
main contributions of this research are as follows:

• We propose an enhanced random sampling method for gen-
erating candidate viewpoints and innovatively put forward a 
genetic-based hyper-heuristic algorithm to conduct combi-
natorial optimization, aiming to identify the optimal subset 
of viewpoints that fulfill the coverage requirements.

• We introduce a novel fitness function to evaluate the candi-
date solutions for the set covering problem (SCP), with the 
aim of enhancing the evolutionary guidance of the combi-
natorial optimization algorithm.
2

Fig. 1. Research framework of our method.

2. Method

This paper presents an enhanced iterative random sampling 
method [4] to address the view planning problem by employing 
a two-step computational framework. In the first step, candidate 
viewpoints are generated through a random sampling method. 
In the second step, the visibility matrix is computed based on 
the candidate viewpoints, thereby converting the problem into 
a combinatorial optimization problem and searching for the op-
timal subset of viewpoints, as depicted in Fig.  1. An iterative 
process ensures that if the candidate viewpoints generated by 
the random sampling algorithm are insufficient to achieve visual 
coverage of the airplane surface, new candidate viewpoints are 
continuously generated.

To generate high-quality viewpoints and enhance coverage 
efficiency, we define the constraint space for viewpoint sampling 
within the random sampling method based on the 3D model 
of the target airplane and camera parameters. Based on the ge-
netic algorithm, a novel hyper-heuristic optimization algorithm 
is proposed to solve the set cover problem. Four types of heuris-
tic operators are designed based on neighborhood structures to 
strengthen the crossover and mutation stages of the genetic algo-
rithm, thereby enabling the discovery of higher-quality viewpoint 
subsets and achieving full coverage with fewer viewpoints.

2.1. 3D model preprocessing and candidate viewpoints generation

To generate the viewpoints for the airplane, the 3D mesh 
model derived from the point cloud is required. Therefore, the 
preprocessing of the 3D point clouds of the airplane is essential, 
which mainly comprises three steps: (1) Point cloud data acquisi-
tion, which can be accomplished using specialized equipment, for 
instance, a 3D laser scanner. (2) Processing the point cloud data 
through filtering and noise reduction, and performing uniform 
sampling to reduce the data volume. (3) Triangulating the point 
cloud model of the airplane to divide its surface into several 
nearly identical triangles. As illustrated in Fig.  2, the resulting 
triangular mesh model after processing serves as the input for 
the algorithm, where the red section represents the surface of the 
airplane that requires visual coverage in the viewpoint planning 
task.
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Fig. 2. Preprocessing for a 3D airplane model to generate a triangular mesh 
model based on the original point cloud.

Furthermore, generating candidate viewpoints involves defin-
ing the constraint space for viewpoint sampling, where the cam-
era’s effective visual depth lies between the minimum and maxi-
mum visual depths. In the random sampling method, the sam-
pling space is determined by binary voxel expansion in three-
dimensional space [21], which is defined as follows: 

A ⊕ B = {a + b|a ∈ A, b ∈ B} (1)

where A is the target airplane model in this paper, and B is 
the expansion operation. Since the visibility of the camera is 
constrained by the Field of Detection (FOD), two expansions are 
applied to the target object: first, the maximum FOD of the cam-
era, followed by its minimum FOD. The random sampling method 
performs two voxel expansions on the target object, utilizing the 
maximum and minimum depth of the camera as the expansion 
distances. The difference between the two expansions defines 
the sampling space, where candidate viewpoints are randomly 
generated.

In this paper, we enhance this step of the random sampling 
method. Based on computational comparisons, we discover that 
when the position of the generated viewpoint is approximately 
0.85 times the maximum depth from the target object, the overall 
quality of the candidate viewpoints is higher, thereby leading to 
more efficient visual coverage. When the viewpoint is positioned 
3

Fig. 3. A schematic diagram using voxel expansion.

farther from the target object, the coverage effect generally de-
teriorates. Therefore, we modify the expansion distances to 0.85 
times the maximum depth and the minimum depth, utilizing the 
difference between the two expansions as the sampling space. As 
shown in Fig.  3, the red section represents the voxelized airplane 
model, while the green section represents the result of voxel 
expansion.

Candidate viewpoints are randomly generated within the con-
straint space. For each batch of randomly generated candidate 
viewpoints, it is essential to calculate an appropriate line-of-sight 
direction for each viewpoint position, which determines the Un-
manned Aerial Vehicle’s (UAV) position and the camera’s shoot-
ing direction when performing the coverage task. In this paper, 
the line-of-sight direction V  is calculated using the probabilistic 
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Fig. 4. Generated candidate viewpoints.

potential field method [4] as follows: 

V =

∑N
i=1

pvp−pmeshipvp−pmeshi

3∑N
i=1

pvp−pmeshipvp−pmeshi

3


for all :
{
pmeshi |

pvp − pmeshi

 < FODmax
}

(2)

where pvp is the direction vector for the candidate viewpoint, 
pmeshi  is the position of the ith triangular mesh, and the camera’s 
maximum view depth FODmax is also taken into consideration, 
i.e., only the triangular meshes within the reasonable view depth 
are included for the calculation of the viewpoint direction. Fig. 
4 illustrates the candidate viewpoints and their corresponding 
directions generated by the random sampling method.

2.2. Visibility assessment

After generating candidate viewpoints by means of the ran-
dom sampling method, the visibility assessment is carried out 
to calculate the visibility matrix, thereby converting the view 
planning problem into a set cover optimization problem. An 
optimization solution is derived from the visibility matrix.

The visibility matrix is a binary matrix of size m × n, where 
m is the number of candidate viewpoints and n is the number of 
triangular meshes. If a triangular mesh is determined to be visible 
from a viewpoint, the corresponding element in the visibility 
matrix is set to 1; otherwise, it is set to 0. For a triangular mesh 
on the target surface to be considered visible by the camera, the 
following conditions must be fulfilled:

• The triangular mesh must lie within the camera’s field of 
depth (FOD).

• The triangular mesh must fall within the camera’s field of 
view (FOV).

• The angle between the viewing direction of the triangular 
mesh and the mesh’s normal vector, i.e., the viewing angle, 
should lie within a certain range.

• The triangular mesh must not be occluded by other ele-
ments, which can be computed using a ray-triangle inter-
section test algorithm [22].
4

Fig. 5. A visible mesh (yellow) and its viewpoint (a blue point).

As an example, Fig.  5 illustrates the calculation of the visible 
triangular region for a specific viewpoint, with the yellow tri-
angular meshes representing the visible portions of the airplane 
surface from that viewpoint.

After computing the visibility matrix, the view planning prob-
lem is transformed into a set cover problem [23], which is to find 
the smallest subset of viewpoints that can cover all the triangular 
meshes. The goal is defined as: 

min
m∑
i=1

xi,  where xi ∈ {0, 1}

 s.t. 
n∑

j=1

((
m∑
i=1

xiAij

)
⩾ 1

)
⩾ δ · n

(3)

where xi denotes the ith candidate viewpoint, with xi = 1
indicating selection and si = 0 indicating non-selection; A is the 
m× n visibility matrix; δ denotes the predefined target coverage 
ratio, which is set to 1 in this case, i.e., each triangular mesh needs 
to be covered once.

2.3. Combinatorial optimization

The set cover problem can be solved using a novel combina-
torial optimization method. In this paper, we propose a hyper-
heuristic algorithm to deal with this problem. Hyper-heuristic 
algorithms are conceptual models designed to solve complex 
optimization problems [24], which primarily manage and manip-
ulate a series of low-level heuristics (LLHs) through a high-level 
heuristic strategy (HLH) to achieve optimization in the solu-
tion space. Compared to the traditional particle swarm opti-
mization (PSO) [25] and genetic algorithms (GA) [26], the pro-
posed hyper-heuristic algorithm exhibits better performance and 
a faster convergence rate.

Traditional heuristic algorithms, such as genetic algorithms, 
directly operate within the problem domain to generate solu-
tion vectors. Unlike traditional heuristic algorithms, the hyper-
heuristic algorithm designed in this paper does not directly op-
erate within the problem domain. Instead, it uses an evaluation 
function to select the low-level heuristic operators with relatively 
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Fig. 6. The proposed hyperheuristic algorithm based on a genetic algorithm.

high fitness from the LLH algorithm library to generate low-level 
heuristic vectors. Each element represents the selected low-level 
heuristic operator, which can be applied to generate the solution 
vector, as shown in Fig.  6.

In this paper, we employ a genetic algorithm as a high-level 
heuristic strategy responsible for operating and managing a set 
of low-level heuristic operators. These low-level heuristic oper-
ators are designed based on neighborhood structures and aim 
to quickly solve problems by improving the fitness of solution 
vectors. This feature aims to achieve faster convergence speed 
and greater robustness.

2.3.1. High-level heuristic
The high-level heuristic algorithm designed in this study is 

based on genetic algorithms and mainly comprises fitness eval-
uation, initialization, selection, crossover, and mutation [27].

(1) Initialization. The initialization process involves initializ-
ing the problem solution. Both the low-level heuristic vector and 
the solution vector need to be initialized, and the initial values 
can be randomly generated as the initial solution.

(2) Fitness evaluation. For the set cover problem, this paper 
proposes a novel fitness calculation method to provide a more 
effective evolutionary direction for the optimization algorithm. 
The fitness value is proportional to the superiority of the indi-
vidual, where the individual refers to any solution vector and its 
corresponding low-level heuristic vector.

Before calculating fitness, the number of triangular meshes 
that have been covered at least once is first determined: 

ncover =

n∑
i=1

I ((x · A)i ≥ 1) (4)

where x is the solution vector, which is a binary matrix where 
xi = 1 indicates that the ith viewpoint is selected, otherwise, 
xi = 0. A is the visibility matrix. The indicator function I returns 
1 if the condition is true and 0 if it is false. The fitness calculation 
formula for the current solution vector is then: 

f =

{
m −

∑m
i=1, if ncover = n

ncover
n , if ncover < n

(5)

where m is the number of candidate viewpoints. When ncover =

n, it indicates that all triangular meshes have been covered, 
and fewer viewpoints lead to higher fitness. We consider fitness 
evaluation in cases where the coverage requirements are not 
satisfied, rather than simply setting it to zero. The aim is to retain 
5

more solutions, enhance population diversity, and increase the 
likelihood of finding the global optimal solution.

(3) Selection. In genetic algorithms, individuals with higher 
fitness are more likely to be selected and replicated. In this stage, 
the roulette wheel selection method is utilized: 

Pi =
fi∑k
i=1 fi

(6)

where Pi is the selection probability, fi is the individual fitness, 
and k is the population size. During this process, the low-level 
heuristic vectors and the solution vectors need to be replicated 
synchronously.

(4) Crossover and mutation. In this stage, traditional genetic 
algorithms perform crossover and mutation on solution vectors. 
However, the high-level heuristic algorithm in this paper only 
operates on the low-level heuristic vector without considering 
the solution vector. This algorithm adopts a segmented crossover 
strategy, which involves randomly selecting two points in the 
low-level heuristic vector and then exchanging the elements 
between these two points with the adjacent low-level heuristic 
vectors. The mutation strategy employs a ‘‘one-point’’ mutation 
strategy, where one element in the low-level heuristic vector 
is randomly selected and then randomly mutated to another 
element.

(5) Generating new solution vectors. After updating the low-
level heuristic vector using crossover and mutation, new solution 
vectors are generated. Each element in the low-level heuristic 
vector represents a low-level heuristic operator, which is used 
to update the solution vector. If the element is 0, no operator is 
selected.

2.3.2. Low-level heuristics
Low-level heuristic algorithms play a key role in connecting 

high-level heuristic algorithms with problem solutions. The de-
sign of this part significantly impacts the effectiveness of hyper-
heuristic algorithms [28,29]. In this study, four simple and effi-
cient low-level heuristic operators are designed based on neigh-
borhood structures to operate on solution vectors, specifically as 
follows:

• LLH1 (random mutation operator): We randomly select an 
element in the solution vector and inverts it.

• LLH2 (segmented crossover operator): For a given solution 
vector s1, we select an adjacent solution vector s2, randomly 
generate two index values, and swap the elements between 
these two index values. After the swap, a new solution is 
generated.

• LLH3 (random scattered crossover operator): Similar to the 
adjacent dispersed crossover operator, here we randomly 
select another solution vector s2 for crossover for a given 
solution vector s1.

• LLH4 (multi-segment crossover operator): For a given so-
lution vector s1, we select an adjacent solution vector s2, 
randomly generate multiple pairs of index values, and swap 
the elements between these pairs of index values. After the 
swap, a new solution is generated.

3. Experiments

The view planning requires the UAV to perform exhaustive 
surface inspection of the target structure while minimizing the 
number of viewpoints to improve inspection efficiency. To vali-
date the effectiveness of the proposed combinatorial optimization 
algorithm, comparative experiments are conducted. The two tar-
get object models used in the experiment are shown in Fig.  7, 
where the target object 1 is a real airplane model and the target 
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Fig. 7. The mesh model of upper surface of the airplane, where the target object 
1 is a real airplane model and the target object 2 is a simulated airplane model 
with a different surface structure.

object 2 is a simulated airplane model with a different surface 
structure.

The parameters set for the view planning include a maximum 
and minimum view depth of 5m and 12m, respectively, a field of 
view angle of 80 deg, and a coverage requirement of 100%.

3.1. Comparison of random sampling methods

To compare with the original random sampling method, this 
paper conducts a comparative experiment based on the two air-
plane models shown in Fig.  7. For fairness, both methods use the 
same view planning parameters, with a greedy search algorithm 
as the common optimization method to find the optimal subset of 
viewpoints. Each method is run 10 times, and the average number 
of candidate viewpoints and optimal viewpoints is recorded as 
the final results.

As shown in Table  1, for two airplane models, our method re-
duces the number of viewpoints by 3.30% and 3.62%, respectively. 
The original random sampling method generates a significant 
portion of candidate viewpoints that are too far from the sur-
face of the target object, thereby reducing coverage efficiency. 
We improve the generation method of the sampling space to 
6

Fig. 8. Generated viewpoints using 3D target mesh models.

address this issue. The results indicate that the proposed method 
with combinatorial optimization generates fewer candidate view-
points and fewer optimal viewpoints, suggesting that the quality 
of the generated viewpoints and coverage efficiency are both 
higher. Fig.  8 shows an example of the 3D visualization results 
from the proposed method for planning viewpoints.

3.2. Comparison of combinatorial optimization algorithms

To verify the effectiveness of the proposed hyper-heuristic 
algorithm, we compare it with the Genetic Algorithm (GA), Adap-
tive Particle Swarm Optimization (APSO), and Random Key Ge-
netic Algorithm (RKGA) [19]. We use the 10 sets of candidate 
viewpoints obtained by our method, as shown in Table  1, as 
the input for these algorithms and compare the number of final 
viewpoints in the optimization results. Since combinatorial op-
timization involves a degree of randomness, we run each set of 
results five times using each of the four optimization algorithms 
and take the average as the final result, with the greedy algo-
rithm optimization results serving as the initial solution. The final 
results are shown in Tables  2 and 3.

As shown in Table  2, the comparison of the number of view-
points in the optimal subset shows that APSO tends to get stuck in 
local optima. Even after a sufficient number of iterations, it fails 
to find the global optimum, leading to suboptimal performance 
compared to the greedy search algorithm used in the original 
random sampling method. The mutation strategy of the Genetic 
Algorithm helps it effectively escape local optima, allowing GA, 
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Table 1
Comparison of candidate viewpoints and optimal viewpoints.

(a) Results for the target object 1
 Groups Candidate viewpoints Optimal viewpoints

 Original Ours Original Ours  
 1 125 107 37 38  
 2 120 132 39 37  
 3 135 118 39 37  
 4 128 122 44 42  
 5 126 142 47 47  
 6 148 114 45 41  
 7 127 134 42 44  
 8 118 111 43 43  
 9 137 124 45 41  
 10 111 125 43 40  
 Averages 127.5 122.9 42.4 41  

(b) Results for the target object 2
 Groups candidate viewpoints optimal viewpoints

 Original Ours Original Ours  
 1 159 156 60 59  
 2 150 154 64 61  
 3 159 139 60 62  
 4 157 135 56 62  
 5 160 160 71 61  
 6 168 143 61 63  
 7 156 147 69 56  
 8 142 159 62 66  
 9 150 190 67 59  
 10 196 142 65 63  
 Averages 159.7 152.5 63.5 61.2  

Table 2
Comparison of experimental results using different optimization 
algorithms.
 Groups APSO GA RKGA GA-HH 
 1 38.0 36.0 36.0 36.0  
 2 37.0 36.0 36.0 36.0  
 3 37.0 35.0 35.0 35.0  
 4 42.0 39.2 39.2 39.0  
 5 47.0 43.0 43.0 43.0  
 6 41.0 37.4 37.2 37.0  
 7 44.0 39.0 39.0 39.0  
 8 43.0 40.0 40.0 40.0  
 9 41.0 38.0 37.8 37.4  
 10 40.0 38.0 38.0 38.0  
 Averages 41.00 38.16 38.12 38.04  

Table 3
Comparison of iteration counts.
 Groups GA RKGA GA-HH 
 1 42.6 31.2 26.4  
 2 16.6 17.8 18.2  
 3 43.2 42.2 43.6  
 4 47.0 44.8 33.2  
 5 66.8 69.0 47.4  
 6 123.0 110.2 47.8  
 7 89.0 93.0 72.0  
 8 68.8 65.0 43.2  
 9 81.0 68.4 68.4  
 10 46.0 55.0 33.8  
 Averages 62.40 59.66 43.40  

RKGA, and GA-HH to select the smallest optimal viewpoint subset 
from the candidate viewpoints. In contrast, out of 50 experiments, 
GA, RKGA, and GA-HH encounter local optima 8, 6, and 2 times, 
respectively, indicating that GA-HH is more likely to find the 
global optimum, since the proposed hyper-heuristic algorithm 
uses a genetic-based high-level heuristic strategy to manage mul-
tiple low-level heuristics. It selects different low-level heuristic 
7

Fig. 9. A DJI M30 drone is used to inspect a real aircraft surface based on the 
generated viewpoints.

methods based on the specific problem and its stage, aiding in 
the discovery of the global optimum. Compared to traditional 
heuristic algorithms, GA-HH achieves more robust and efficient 
results.

Table  3 presents the comparison of the number of iterations 
required for the three combinatorial optimization algorithms to 
converge. The results show that GA-HH converges significantly 
faster than the other two algorithms, since GA-HH incorporates 
a diversified search strategy by combining the advantages of 
various low-level heuristics and adjusting the search direction 
based on the quality of the current solution to accelerate con-
vergence, whereas traditional heuristic methods often rely on 
predetermined rules and lack flexibility. Finally, we demonstrate 
our algorithm using a DJI M30 drone to inspect a real aircraft 
surface using the target model 1 as shown in Fig.  9. Based on the 
viewpoint data obtained from the GA-HH algorithm, we find that 
the average execution time of the DJI M30 drone is 10.29 min, 
and the average path length is 326.75 m.

4. Conclusion

This paper investigates the UAV view planning problem for 
visual coverage tasks on the upper surface of large airplanes. 
Based on random sampling method, improvements are made to 
enhance the quality of the generated viewpoints and coverage ef-
ficiency. Additionally, a genetic algorithm-based hyper-heuristic 
(GA-HH) is proposed to solve the combinatorial optimization 
problem, enabling a more effective selection of an optimal view-
point subset from the candidate viewpoints to improve inspection 
efficiency. Experimental results show that the improved random 
sampling method reduces the required number of viewpoints by 
3.46%. Furthermore, the proposed GA-HH reduces the probability 
of getting stuck in local optima and the number of iterations to 
convergence by 66.67% and 27.25%, respectively, compared with 
advanced heuristic algorithms. The experimental results demon-
strate that the proposed methods can significantly reduce the 
required number of viewpoints, and the proposed hyper-heuristic 
algorithm is more robust and efficient compared to traditional 
heuristic methods.
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