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A Path Planning Algorithm for UAV 3D Surface Inspection Based
on Normal Vector Filtering and Integrated Viewpoint Evaluation
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2§chool of Mechanical Engineering, Xi’an Jiaotong maintenance. However, the commonly used UAV inspection path planning algorithms for 3D surface

University, Xi’an, China suffer from problems such as path quality dependent model accuracy, path inspection efficiency, and
low inspection quality. To address these issues, this paper proposes a UAV 3D surface inspection path
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effective set of viewpoints through uniform sampling and normal vector viewpoint filtering, and then use a
integrated viewpoint evaluation method combined with Monte Carlo tree search to select viewpoints, thereby
generating a safe, efficient, and complete UAV surface inspection path. The results of simulation and physical
experiments show that the proposed method can effectively solve the path planning problem when using
UAV for surface inspection of large three-dimensional structures. Meanwhile, while ensuring the quality of

inspection, this method can reduce path redundancy and improve the surface inspection efficiency of UAV.
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1 | FIRST LEVEL HEAD

With the rapid development of Icalization and navigation technology, there has been a significant increase in the application of
unmanned aerial vehicle (UAV) for various tasks', such as ground traffic surveillance”, wildfire tracking”, smart farming-,
aerial goods delivery®, environmental data collection, search-and-rescue missions®, geological surveying”, mobile wireless
coverage " and structural surface inspection!2 B340 T arge-scale 3D structure, such as bridges, large statue, and tall
buildings, require regular inspection to ensure their integrity and safety. However, traditional inspection methods using manual
or ground-based equipment are often time-consuming, labor-intensive, and potentially hazardous ™8, By leveraging the
maneuverability and autonomy of UAVs, it becomes possible to efficiently inspect large-scale 3D structures in a rapid and cost-
effective manner'?. Furthermore, the use of 3D mapping and imaging techniques enables the collection of high-resolution data"
for detailed analysis and decision-making“!. The key challenge in realizing this vision lies in developing effective inspection
path planning (IPP) algorithms for UAV2223,

The UAV surface inspection path planning algorithm essentially represents a model-based offline 3D coverage path planning
(CPP) approach?*2Y wherein a comprehensive path plan is formulated through a pre-constructed model prior to the actual
execution of the UAV’s mission?*. A pivotal shared objective of IPP algorithms is to ensure that the inspection sensors, typically
passive optical sensors such as CCD cameras 22/
UAV traverses the planned path. The IPP algorithms aim to minimize the path length, thereby enhancing inspection efficiency,
reducing energy consumption, and extending the operational duration of the UAV?%, Beyond the comprehensiveness coverage
and efficiency of the path, the inspection quality of the path is also of utmost importance”. To guarantee the accuracy of
inspection results, it is imperative to thoroughly consider factors such as the effective inspection range of the sensors during
the planning process. Moreover, the algorithms must be scalable to handle large-scale structures and capable of adapting to

, are able to comprehensively cover the target 3D structural surface as the
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FIGURE 1 The flowchart of the proposed algorithm.

dynamic conditions such as structural variations. Given these application requirements,we are interested in designing a offline,
model-based 3D coverage planning algorithm for structural inspection task with camera-quipped UAV.

In this paper, we propose a novel UAV large-scale 3D structural surface inspection path planning algorithm that incorporates
normal vector filtering and integrated viewpoint evaluation. The main innovations and contributions of the study are as follows:

(1) The proposal of a viewpoint generation method based on normal vector filtering. Initially, a set of viewpoints is generated
using uniform sampling to ensure completeness and safety for UAV surface inspection. Subsequently, an unqualified
viewpoint filtering approach based on normal vectors is employed to eliminate inappropriate viewpoints, resulting in an
accurate, effective, and quality-assured viewpoint set.

(2) The proposal of a viewpoint selection method that incorporates a integrated viewpoint evaluation framework with Monte
Carlo Tree Search (MCTS). This approach effectively explores the viewpoint search space, preventing the algorithm from
falling into local optima in large-scale 3D structure surface inspection path planning tasks. Simultaneously, it improves
search efficiency and accuracy, ensuring that the selected viewpoints maximize path redundancy reduction while maintaining
inspection quality.

(3) Extensive experimental validation has been conducted on the proposed UAV surface inspection path planning algorithm.
Simulation results demonstrate that our proposed IPP algorithm achieves superior inspection efficiency and quality compared
to alternative methods. Moreover, we have successfully implemented the proposed IPP algorithm on a UAV and validated its
effectiveness in real-world scenarios.

The remainder of this paper is organized as follows. Section 2 introduces the related work. Section 3 describes the details of
viewpoint generation method based on normal vector filtering. Section 4 provides the methodology for the viewpoint selection
method that incorporates a integrated viewpoint evaluation framework with MCTS. To validate the practical applicability of the
proposed 3D surface IPP algorithm for UAV, both simulation experiments and real-world UAV experiments were conducted and
analysis are described in detail in Section 5. Finally, Section 6 concludes with remarks and future directions. The flowchart of
the proposed algorithm is shown in Fig[]
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2 | RELATED WORK

In recent years, significant research efforts have been devoted to the development of surface IPP algorithms for UAV due to its
importance for large-scale structure maintenance=??L. Current studies on surface IPP can be categorised into two groups,namely
cell decomposition and viewpoint sampling=Z.

The method based on cell decomposition is currently a well-established approach for UAV surface IPP. This technique
divides the three-dimensional structure to be inspected into multiple simplified cells, tailored to the specific task and application
requirements, and selects appropriate simple curves for each cell to achieve complete coverage“2.The key advantage of this
method is its ability to break down complex IPP problems into smaller, more manageable subproblems, thereby enhancing the
feasibility and efficiency of path planning. Choest et al.**pioneered the Boutropedon element decomposition method to achieve
complete coverage path planning in two-dimensional planes; Building on this foundation, Acar et al.**proposed the Morse
decomposition coverage algorithm combined with the Morse function to generate a three-dimensional complete coverage path.
Li Yuanhong“%segmented the overall bridge inspection path planning task into the complete coverage of bridge decks and bridge
piers, accomplishing both sub-tasks through Morse decomposition and circular and linear trajectories. Peng et al.*>proposed
a hierarchical framework to extract building features, and subsequently obtained a three-dimensional surface inspection path
utilizing a genetic algorithm. Jing et al.**used path primitives and primitive coverage maps to determine the coverage of each
viewpoint, and then used greedy neighborhood search to minimize the distance of the path while meeting the requirements
of UAV surface inspection. However, methods rooted in cell decomposition are usually tailored to specific three-dimensional
structures, resulting in limited algorithmic generalizability. Furthermore, the utilization of fixed coverage curves restricts path
flexibility=®, potentially leading to increased path length and decreased efficiency in the UAV’s surface inspection process. The
samplingbased methodology also finds extensive application in the realm of UAV surface inspection“”. This approach typically
encompasses two primary stages=%. Initially, it involves random sampling within the designated target area or the generation of a
discrete set of viewpoints employing specific methodologies. The process of generating these viewpoints is called view planning
or viewpoint planning problem (VPP). Subsequently, through strategies aimed at minimizing path length or specific cost, the
optimal viewpoints are selected and integrated into a UAV’s inspection path. The sampling-based approach exhibits remarkable
flexibility in adapting to diverse task requirements of 3D structures, thus rendering it highly efficient and feasible for large-scale
3D surface inspection tasks?*. Englot et al.*’pioneered the utilization of the Art Gallery Problem model as a framework for
addressing the challenge of viewpoint generation in surface inspection path planning. This approach offers a novel perspective
on the optimization of UAV-based surface inspection. Based on this framework, they subsequently transformed the process of
viewpoint selection into the resolution of the Traveling Salesman Problem (TSP)Y, enabling the generation of a comprehensive
inspection path. Since then, generating viewpoints by sampling and obtaining paths through the resolution of the TSP have
emerged as the prevalent framework in the realm of sampling-based IPP. Bircher et al.*liiteratively refined the viewpoints through
resampling to enhance their quality and determined the optimal path connection method by addressing the TSP. The application
of swarm intelligence methods in the field of IPP algorithms to solve TSP is also very extensive'l. Neshat et al.*?introduced a
three-dimensional path planning approach for bridge inspection, which involved segmenting the underside of the bridge into
smaller cells. This method generated viewpoints based on the scanning range of LiDAR sensors and employed genetic algorithm
and A* algorithm to solve the TSP, thereby obtaining an optimal surface inspection path for UAVs. Shang et al.Putilizes a
particle swarm optimization (PSO) framework which iteratively optimizes the paths without needing to discretize the motion
space or simplify the sensing models as is done in similar methods. Other methods, such as search algorithms, are also commonly
utilized in the viewpoint selection process of sampling-based IPP algorithms. Almandhou et al.#¥***3proposed an Adaptive
Search Space Coverage Path Planning Algorithm (ASSCPP), which utilized an adaptive viewpoint generation technique to
create a set of viewpoints. Subsequently, a graph search algorithm was employed to select the most suitable viewpoints. Dai
Jiajia et al.*%adopted a discrete three-dimensional grid map for generating viewpoints. Following this, an improved WaveFront
algorithm was implemented to derive optimal paths for aircraft surface inspection using UAV. However, the sampling-based
methods, due to the limitations of their viewpoint generation techniques, often require high-precision models, which readily
result in redundant inspection paths. Furthermore, these sampling-based approaches tend to overlook the angle between the
camera’s optical axis and the surface to be inspected when generating viewpoints, leading to distorted information capture and
difficulties in accurately accomplishing 3D structural surface inspection tasks. Large-scale 3D structural surfaces, in particular,
necessitate an extensive array of viewpoints for comprehensive coverage, while also considering factors such as path length and
inspection quality, posing significant challenges to viewpoint selection strategies.
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3 | NORMAL VECTOR FILTERING-BASED VIEWPOINT SET GENERATION

The quintessence of the UAV surface inspection task lies in the comprehensive coverage of the target structure’s surface by
the sensor, with the inspection path adhering to stringent safety and quality standards. As previously stated, the UAV surface
IPP methodology, which relies on viewpoint sampling, formulates paths by systematically selecting the optimal viewpoints.
Consequently, the quality of the viewpoint set plays a pivotal role in determining the completeness and effectiveness of the
inspection task. In the methodology presented in this paper, we ensure the completeness and security of inspection by uniformly
sampling the sampling space to generate an initial viewpoint set. Furthermore, we refine this initial set by employing normal
vector-based filtering, thereby enhancing inspection efficacy and reducing the search space, ultimately leading to a higher
convergence rate for the algorithm. The details of proposed viewpoint set generation method are shown in Algorithm T]

Algorithm 1 Normal vector filtering-based viewpoint set generation algorithm

Input: 1)Model of structure to be inspected, 2)position resolution r,, 3)angular
resolution r,, 4) maximum inspection distance dpux, 5) minimum safe distance dmn,
6)normal vector filtering threshold 6.

Output: Accurate, effective, and quality-assured viewpoint set.

1: Generate initial viewpoints by uniformly sampling based on r, and r, (EqQ. ())

2: Eliminating viewpoints located inside the model

3: Eliminating viewpoints that are too close or too far from the model (Eq. ())

4: for Each WPy, €initial viewpoint set do

5: for Each point p within the range of VPj,’s frustum do
6: if Nywer(p) =0 then
7 Add p to set Py (Eq. (B))
end if
9: end for
10: for Each point pyec € Poe do
11: if O(pyec) <6y then
12: Add poec to set Ppuer (Eq. (13)))
13: end if
14: end for
15: if Sijkn<SO then
16: Filter WPy, from initial viewpoint set (Eq. (14))
17: end if

18: end for
return Outputs

3.1 | Initial viewpoint set generation

To limit the sampling range and reduce computational complexity, it is necessary to set a sampling space containing the three-
dimensional structure to be detected, and all viewpoints and drone detection paths will also be located in the sampling space, as
shown in Fig[2{a). Therefore, there is a minimum constraint on the size of the sampling space to ensure effective viewpoint
sampling and path planning:

L > 1+ 2dya.x
H > h+ 2o ()
W > w+ 2dmax
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FIGURE 2 Sampling space and result of viewpoint generation.

where L, H, W are the length, width, and height of the sampling space; /, i, w represent the length, width, and height of the
three-dimensional structure to be tested; dpax is the maximum inspection distance, determined by the effective inspection range
of the inspection sensor.

The method proposed in this article generates initial viewpoint set that can fully cover the surface of the structure to be
inspected by uniformly sampling the position coordinates and angles in the sampling space. Divide the sampling space into
equally sized cubes with a certain resolution, and the vertices of each cube represent a possible position of the UAV’s viewpoint.
Next, samples are taken at each viewpoint position at a certain angular resolution to obtain viewpoints containing attitude
information. This uniform sampling process ensures that the generated initial viewpoint set can uniformly and comprehensively
cover the surface of the structure to be inspected, and contains sufficient angle information, as shown in Fig[2(b). The sampling
formula is as follows:

VPijkn = (Xis ¥j» Zks ¥n)
Xi=Xxo+1i'r,

WENRS Ty @

=20 +k'r,

Un=1tho+n"rq
where VP, is the generated viewpoint; x;, y;, 2k, ¥, represent the position and yaw angle of the UAV at this viewpoint; Cd is the
starting point of the entire sampling space; r,, is the position resolution, which is generally determined by the detection range of
the detection camera, r, is the angular resolution.

The initial viewpoint set generated by the uniform sampling method are uniformly distributed in the sampling space, and the
position and attitude distribution of the viewpoints are independent of factors such as the shape and detail size of the structure
to be inspected. This attribute guarantees both the consistency of the viewpoint set and the comprehensiveness of the surface
coverage for the structure under inspection. At the same time, this also ensures the universality of the UAV surface IPP algorithm
proposed in this article, minimizing the influence of structure shape and model accuracy on the efficacy of path planning.

In the initial viewpoint set generated by uniform sampling, there exist viewpoints located inside the model or excessively
close to or far from the model. To ensure the safety and effectiveness of the inspection process, it is necessary to eliminate
these viewpoints from the set. In this process, viewpoints inside the model must be removed first to prevent the generation of
ineffective paths. This step is achieved by calculating the number of intersections between the line segment formed by connecting
the viewpoint and any point outside the model and the model itself. If the number of intersections is odd, the viewpoint is inside
the model and needs to be eliminated; if the number of intersections is even, the viewpoint is outside the model. Therefore, the
flag of the initial viewpoints can be modified based on the number of intersections as follows,

1, MOD(Niper,2) =0
gt = 3)
T80 = 0 MOD Ny, 2) = 1
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where, flag;j, represents the filtering flag of the viewpoint. If its value is 0, the viewpoint will be removed. If its value is 1, the
viewpoint will be retained; Ny, is the number of intersection points between the line segment and the model.

Furthermore, it is crucial to eliminate the viewpoints in the initial set that are excessively close to or distant from the model,
based on the UAV’s safe distance and the camera’s inspection range. This refinement aims to enhance the safety of the surface
inspection task, preventing potential collisions between the drone and the model, thus averting potential damage. Additionally, it
ensures the validity of the collected data, ultimately improving the accuracy of the inspection results. Specifically, this process
can be described as follows:

L dmin < dijkn < dmax

09 dijkn < dminordiijkn > dmax

ﬂagijkn = “4)
where dp;, is the minimum safe distance between the UAV and the structure to be inspected; djj, is the actual distance between
the viewpoint and the structure to be inspected. Similarly, if the value of flag;, is 0, the viewpoint will be removed from the set.

After the aforementioned processing, the viewpoints will be evenly distributed around the structure to be inspected, as depicted
in Fig[2{c), ensuring the completeness of the viewpoint set’s coverage of the structure’s surface. The distance between the
viewpoints and the structure to be inspected meets both the UAV’s safety requirements and the camera’s detection requirements,
thereby guaranteeing the safety of the UAV’s inspection process and the accuracy and validity of the collected data.

3.2 |  Viewpoint filtering

When utilizing UAV for 3D structural surface inspection, it is imperative that the camera faces the surface of the structure to
accurately capture its surface information, enabling effective observation and analysis of the 3D structural surface. Therefore,
this paper proposes a viewpoint filtering method based on surface normal vectors, which calculates the effective inspection area
of viewpoints by computing the angle between the optical axis direction of the viewpoint camera and the normal vector of the 3D
structural surface to be inspected. The viewpoints are then evaluated based on their effective inspection areas, and those that do
not meet the effective inspection requirements are filtered out, thereby ensuring the inspection quality and validity of the drone’s
surface inspection. Point cloud models, composed of a large number of discrete points, can accurately describe the geometric
shape and details of 3D structures. Therefore, the effective inspection area of each viewpoint can be reflected by the number of
validly inspected points of the model within its inspection range. The camera, as the most commonly used sensor in the 3D
inspection tasks of UAV, can quantitatively express its inspection range through a view frustum. The specific shape of the view
frustum is a four-sided frustum composed of a front clipping plane, a back clipping plane, and four other planes, as shown in
Fig[3a). The positional relationship between the view frustum corresponding to the viewpoint in a simplified two-dimensional
state and the object to be detected is depicted in Fig[3(b). It can be observed that for each viewpoint’s corresponding UAV pose,
the surface of the object within its view frustum cannot be fully detected due to occlusions. Therefore, occlusion elimination is
necessary to filter out points that cannot be effectively detected due to occlusions. Specifically, the occlusion of a point can be
determined by calculating the number of intersections between the line segment formed by the point and the camera’s position
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and the model. The specific expression is as follows,

Op) = o)

0, Ninter(p) =0
1 5 Ninter(p) 7‘1 0

where O(p) is the occlusion function value of the point p; N..(p) is the number of intersection between the line segment formed
by the point p and the camera’s position and the model. Therefore, the process of occlusion culling can be represented as,

Py = {P l O(P) =0} 6)

where P, is potint cloud after removing occlusion culling.

After the occlusion culling, the remaining points are directly detectable by the viewpoint. However, if the angle between the
camera optical axis corresponding to the viewpoint and the surface to be detected is excessively large, it will adversely affect the
inspection quality, rendering these surfaces ineligible for calculation in the effective inspection area. The method proposed in
this paper calculates the angle between the normal vector of each remaining point and the camera optical axis, resulting in a set
of effectively detectable point cloud points. Based on this, the effective inspection area of the viewpoint is calculated, and the
process of angle calculation is illustrated in Fig[3[c).

The set of neighboring points for the remaining points after occlusion culling can be represented as,

P.(poce) = {Pl,Pz, ---,pn},n € N* (7)

where P,(p,cc) is set of points within the neighborhood of point p,.. radius r. Assuming the existence of a plane that minimizes
the sum of squares of the distances between points in P,(p,..) and that plane, and takes the normal vector of that plane as the
normal vector of the point p,... Use the Eq |§|to represent the fitted plane of points in P.(p,.)-

z=ax’* +by’ +¢ ¥

The parameters of the fitted plane can be obtained by solving the following equation:

i=n

(a,b,c)* =min » _ (z;—(ax; + by; + ¢))’ 9)
i=1

where (a, b, ¢)* represents the parameters of the fitted plane; x;,y;,z;are the coordinates of points in P,(p,..). The normal vector of
the obtained fitted plane, which is also the normal vector of the point p,.., can be denoted as Eq [T0}

Vec, = (a, b, —1) (10)

After obtaining the normal vectors of all remaining points within the inspection range of a viewpoint, it is necessary to
calculate the angle between them and the optical axis of the camera corresponding to the viewpoint, in order to determine
whether the points can be effectively inspected by that viewpoint. The expression of the camera optical axis direction vector in
the world coordinate system is as follows:

VeCoam = —0 R* Zeam (11)

where "R represents the rotation transformation matrix between the world coordinate system and the camera coordinate system;
Z.am 1s the direction vector of the camera optical axis in the camera coordinate system. Therefore, the angle 6(p,..) between the
normal vector of the point p,.. and the camera optical axis can be calculated using the Eq.[12]

12)

Vecp - Vec
e(pocc) = arccos ( “Cp” Pean )

‘VecP’ * ’Vecmm’

Afterwards, the calculated angle theta 6(p,..) is compared with a pre-set threshold 6, to retain the points that can be effectively
inspected, the process can be represented as,
Pﬁlter = {P [ ‘9(17) < 90} (13)

where Py, represents the final point cloud set that can be effectively inspected by the viewpoint.
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Finally, the inspection effectiveness of the viewpoints is evaluated based on the obtained Pjy,,. Viewpoints that are unable to
complete the surface inspection task will be eliminated. Eq. (I4) delineates the specific logic of this filtering process,

S _ Num(Pﬁlter)
ijkn = 37 5~
Num(Pratal)
ﬂ 1, Sijkn > SO (14)
agijkn =
/ 0, Sijkn < Sy

where Sjji, represents the effective inspection evaluation value of a viewpoint; Py, denotes the set of model point cloud; Sy is
the threshold for the effective inspection evaluation value. It is an intuitive and effective method to measure the effectiveness of a
viewpoint’s inspection by calculating the ratio between the effectively inspected point cloud set and the model point cloud set.
This approach accurately reflects the inspection performance of a viewpoint.

The viewpoint filtering method based on normal vectors accurately determines whether a point within the inspection range can
be effectively detected by a specific viewpoint by calculating the angle between the normal vector of the point and the camera’s
optical axis. This approach avoids issues such as inaccurate inspection and reduced inspection quality caused by an excessively
large angle between the camera’s optical axis and the surface of the structure to be inspected, thereby enhancing the accuracy and
effectiveness of the drone surface inspection path planning algorithm. Additionally, this method does not rely on specific scenes
or structures, making it highly versatile and applicable. Moreover, its principle is simple and intuitive, requiring no complex
mathematical models or computational processes, resulting in high operability and reliability in practical applications.

4 | INTEGRATED VIEWPOINT EVALUATION-BASED VIEWPOINT SELECTION

After obtaining a complete, safe, and effective set of viewpoints, selecting the viewpoints to generate the UAV inspection path
is a crucial factor determining the inspection capability and efficiency during the UAV inspection process. In the task of path
planning for surface inspection of large-scale 3D structures, the increase in the number of viewpoints leads to an expanded search
space, while factors such as coverage and path length also need to be considered, posing significant challenges to the viewpoint
selection strategy. Therefore, this paper proposes a viewpoint selection method based on integrated viewpoint evaluation, which
combines the integrated viewpoint evaluation value containing global, local information, and past search experience with MCTS.
This approach avoids getting stuck in local optima during the viewpoint selection process, reduces surface inspection path
redundancy, and improves the efficiency of UAV inspection tasks.

4.1 | Child viewpoint sequence generation

The core idea of the proposed surface inspection UAV path planning method in this paper is to iteratively select the optimal child
viewpoint from the child viewpoint sequence of the current viewpoint, thereby gradually expanding the path. To achieve this, a
child viewpoint sequence needs to be generated for each viewpoint. Specifically, for a given viewpoint VP;, if there exists another
viewpoint VP; such that the distance between them is less than a predefined child viewpoint distance threshold dy;,, then viewpoint
VP; will become a member of the child viewpoint sequence of viewpoint VP;. This process can be formally expressed as,

dis(VP;, VPJ) <dy = VPJ' € child(VP;) (15)

where dis(VP;, VP;) is the distance between two viewpoints; child(VP;) is a child viewpoint sequence of VP;. Therefore, all other
viewpoints within a certain range of viewpoints VP; will be added to its child viewpoint sequence.

This distance-based child viewpoint sequence generation method ensures that the child viewpoints originate from regions
near the current viewpoint, thereby guaranteeing that the generated drone UAV paths can better capture the correlation of local
information while also maintaining spatial continuity. Moreover, the distance threshold dy, can be adjusted according to specific
task requirements, enabling the method to obtain a more suitable child viewpoint sequence and demonstrating its adaptability in
various scenarios.
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Algorithm 2 Integrated viewpoint evaluation-based viewpoint selection algorithm

Input: 1)Viewpoint set generated by Algorithm , 2)distance threshold dy,
3)exploration constant ¢y, 4) coefficient of child viewpoint coverage c¢;.

Output: UAV 3D structure surface inspection path: Path.

1: Generate child viewpoint sequence by dy and viewpoint set thorough distance-based
method (Eqg. (15))

2: Create root viewpoint VP,

3: while Coverage of Path lower than the requirement do

4: if 3 iS(VPy) =0, VP, € child(VP.,,) then

5: VPexp <—ExPANSION (VP )

6: R, simPath <~STMULATION (VPe,, Path)
7: BACKPROPAGATION (R, simPath)

8: else

9: VP yr<—SELECTION (VPgy)

10: Add VP, to Path

11: end if

12: end while
13: return Outputs
14: function ExPANSION (VP )

15: VPexp < argminiS(VP.,;) (Eq. () )
VP i
16: return VPelXp

17: end function

18: function SELECTION (VPeyur, C1,C2)

O(VPeni) In N(VPeur) Coni
N(VPchi) N(VPchi) + Csta

19: return argmax +c1

chi

20: end function
21: function SIMULATION (VPep, Path)
22: VPsim <= VPexp

23: simPath < Path
24: while Coverage of simPath lower than the requirement do
25: VPsim <— argmax Clns(VPy) (Eq.|17))
VP, child(VPgin)
26: Add VPgm to simPath
27: end while
28: return M,simPath
Asim* Cstd

29: end function
30: procedure BACKPROPAGATION (R, simPath)
31: for Each VP; € simPath&&VP; ¢ Path do

32: N(VP;)) <~ N(VP) + 1
33: O(VP)) < O(VP)) +R
34: end for

35: end procedure

4.2 | Viewpoint selection

Traditional sampling-based methods for UAV surface inspection path planning often consider only the relevant information of
child viewpoints during the path expansion, such as selecting the child viewpoint with the greatest coverage increase as the
next viewpoint. However, this viewpoint selection strategy can easily lead to the path search process falling into local optima,
resulting in redundant paths and reduced UAV inspection efficiency. Therefore, the viewpoint selection method proposed in
this paper utilizes MCTS combined with a integrated viewpoint evaluation method, which integrates global and local search
information with search experience to select child viewpoints. By repeatedly iterating through the four stages of expansion,



10 | Yunlong Wang ET AL.

simulation, backpropagation, and selection, it can more comprehensively explore the search space, better utilize prior global
model information, avoid redundant inspection paths, and enhance the inspection efficiency and energy utilization efficiency of
UAV.

42.1 | Expansion

Assuming child(VP,,,) is a child viewpoint sequence of the current viewpoint VP, the expansion process involves selecting
child viewpoint from child(VP,,,) that have not yet been expanded to prepare for the next simulation process. This expansion

process can be represented as,

‘/Pexp = arg min iS(W('hi)’ VP € child(VP )
VPchi

1, VP was expanded (16)

IS(VPeni) = {

0, VP.;,; wasn’t expanded

where VP, is expanded child viewpoint; iS(VP,) is expanding status of VP ;.

422 | Simulation

The simulation process serves as a crucial step in evaluating the quality of current child viewpoints. The approach proposed in
this paper utilizes guided simulation, which introduces viewpoint coverage growth information in a targeted manner to enhance
the coverage and efficiency of path planning. The simulation process commences from the expanded child viewpoint VPeyp,
continuously selecting viewpoints to form a simulated path until the desired criteria are met. This process can be expressed as,

VPgim = arg max Clns(VPy), VP € child(VPgim) 17
where VP, represents simulation viewpoint, and the first simulated viewpoint is expanded child viewpoint VP, obtained from
the expansion process; Clns(VP;) stands for the increase in coverage of the simulated path after adding the viewpoint P; to it.
This step is repeated continuously during the simulation until the increase in coverage of the simulated path reaches a pre-set
standard. This guided simulation method based on coverage selects child viewpoints with the greatest potential for coverage
increase, enabling the simulation process to preferentially search for directions that can enhance the overall coverage of the path.
This approach aims to expedite convergence towards potential areas of complete coverage, accelerate the simulation search
process, and improve the efficiency of path planning. Moreover, it takes into account the increase in coverage after adding each
child viewpoint to the simulated path. This approach allows for a more thorough utilization of local information, resulting in
more comprehensive and accurate path planning, ultimately improving the execution of UAV surface inspection tasks.

4.2.3 | Backpropagation

To backpropagate the simulation path evaluation results obtained from the coverage based guided simulation process to each
viewpoint involved, accurately reflecting the quality and potential value of each viewpoint, and guiding the selection process to
better select child viewpoints, it is necessary to perform a simulation result backpropagating process. During the backpropagation
process, two characteristic values need to be updated for each viewpoint: N(VP), representing the number of visits to the
viewpoint, and Q(VP), indicating the empirical average result of the viewpoint. When backpropagating, each viewpoint feature
value involved in the simulation process needs to be updated according to the following equation,

{N(VP) = N(VP)+ 1 a8)

Q(VP) = Q(VP) + R

where R represents the outcome of the simulation. Specifically, during the ackpropagation process, the number of visits to each
simulated viewpoint is incremented by 1, while the empirical average result value of the viewpoint is updated based on the
simulation result R. In traditional MCTS algorithms, simulation outcomes are often expressed as binary results, representing
success or failure with simulation result values R of 0 or 1. However, this approach lacks an evaluation of the extent of path
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coverage, failing to provide a nuanced measure of the quality of simulated paths. This can lead to a lack of understanding of the
comprehensiveness of the search process and the changes in coverage at different stages, preventing the reflection of real-time
coverage variations. Therefore, in the proposed viewpoint selection method, the standard coverage is utilized to calculate the R
value for each simulation, resulting in a more flexible and accurate measurement of simulation outcomes. This approach enables
the accurate reflection of coverage variations through the simulation process at different stages of path planning, ultimately
facilitating the selection of optimal viewpoints to form a complete coverage inspection path. Specifically, the calculation of R in

the proposed method is conducted as follows,
R= Cﬁnal - Cstart

Nsim * Cstd
where Cg,, represent the coverage of the simulated path after adding the final simulated viewpoint; Cy,,, represent the coverage
of the path before the simulation starts,;ny;, represent the number of viewpoints added to the simulated path during the simulation;
Cyq represent the standard coverage. The specific calculation of the standard coverage is as follows,

19)

Ctotal

Ntotal

Coa =

(20)

where C,,, represents the total coverage of the effective detection viewpoint set generated after filtering based on position
and normal vectors; n,,,, represents the number of viewpoints in the viewpoint set. The standard coverage calculated in this
manner represents the expected increase in path coverage for each additional viewpoint, comprehensively reflecting the coverage
capability of the viewpoint set.

The backpropagation method based on the standard coverage incorporates the increase in overall simulation path coverage,
providing an intuitive and specific reflection of the quality of the simulation path. Additionally, by combining the number
of viewpoints added to the simulation path with the standard coverage, it considers the comprehensive impact of simulation
effectiveness and the selected number of viewpoints, enabling a comprehensive evaluation of the simulation results. Standardizing
the simulation result value by dividing it by the product of the number of viewpoints added to the simulasimulationted path
and the standard coverage facilitates the quantification of the contribution of the simulation path to the overall coverage. This
backpropagation approach is suitable for various scales of UAV surface inspection path planning problems.

424 | Selection

After expanding and simulating all child viewpoints within the current viewpoint VP, the visit counts and empirical average
result value of each child viewpoint have been updated. Consequently, a selection of the child viewpoints needs to be made
based on these two metrics. The traditionally MCTS algorithm utilizes the Upper Confidence Bound Apply to Trees (UCT)
value to compute the selection probability for each child node. The formula for this computation is as follows,

_ Q(VPchi) * In N(VP..,,)
VTV = Ny * | NP @1)

VPchi € Child(VPcur)

where VP, represents the current viewpoint, and ¢ represents the exploration constant. Then, the child viewpoint with the
highest UCT value is selected as the next viewpoint for expanding the path, as Eq.[22]

VP = ar%P max UCT(VP.;), VPopi € child(VP,,,) (22)
chi
A child viewpoint with a higher empirical average result value Q indicates a superior performance during previous simulations.
Meanwhile, the confidence bound term 4 / % enables child viewpoint with fewer visits to have a higher UCT value. This
balance enables the algorithm to not only favor the selection of known better viewpoints but also explore potentially better
unknown viewpoints. The exploration constant ¢ can be flexibly adjusted to accommodate viewpoint selection tasks of different
scales.

However, in practical applications of UAV surface inspection path planning, the selection of child viewpoints not only needs
to consider the global reward and exploration status but also the coverage status within the local range to comprehensively
evaluate the quality of child viewpoints. During the path expansion process, due to overlapping coverage surfaces, the addition
of viewpoints may reduce the growth of coverage for other unselected viewpoints. This dynamic change can affect the accuracy
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and reliability of the UCT value. Therefore, in the method proposed in this paper, local information is integrated into the child
viewpoint selection process, and an Integrated Viewpoint Evaluation (IVE) based on the UCT value is proposed,

Q(VPchi) 111 N( VPcur) Cchi
IVE(VPy) = ———+¢ — 4+ 23
Vi) = NP T\ NPy T Coa 23)

where C,;,; represent the growth of coverage for child viewpoint; ¢; denote the exploration constant; ¢, represent the coefficient
of child viewpoint coverage. Therefore, the process of viewpoint selection can be expressed as Eq.

VP.,r = argmax IVE(VP,;), VP € child(VP,,,) 24)
VPchi
This method of viewpoint evaluation takes into account both the average performance of child viewpoints during previous search
processes and the relative coverage growth within a local range. It can also handle dynamic changes in viewpoint coverage
during path search, providing a more comprehensive evaluation of the quality of child viewpoints. The viewpoint selection
method based on the integrated viewpoint evaluation value introduces the coverage growth of child viewpoints and standardizes
it using the standard coverage.

This approach facilitates balancing global and local factors during path expansion, avoids path redundancy caused by
overlapping viewpoint coverage, and effectively copes with dynamic changes resulting from overlapping viewpoint coverage.
Additionally, the UCT value, as a crucial component of the integrated viewpoint evaluation value, retains the experience
of simulation and exploration processes while balancing exploration and exploitation, rendering the algorithm more robust
and adaptive during path expansion. Therefore, employing the integrated viewpoint evaluation value for viewpoint selection
contributes to a more comprehensive and accurate assessment of child viewpoints in the path expansion for drone surface
inspection, ultimately enhancing the inspection quality and efficiency of the path.

5 | EXPERIMENTAL RESULTS AND DISCUSSION
5.1 | Simulation experiments

To validate the effectiveness and feasibility of the proposed IPP algorithm for UAV surface inspection, a simulation study was
conducted on a typical 3D structure, with a comparative analysis against three other commonly used path planning algorithms
for UAV surface inspection. The simulation experiments were performed using ROS-Melodic on an Ubuntu 18.04 system, with a
workstation equipped with an Intel Core i5-10400F 2.9 GHz processor and 16GB of RAM. To accurately and quantitatively
assess the performance of different UAV surface IPP algorithms, metrics such as the total path length, the number of viewpoints
along the path, the inspection time, and the defective coverage ratio were proposed. During the inspection process, the UAV
needs to hover at each viewpoint to capture surface information, thus the inspection time is influenced by both the path length
and the number of viewpoints. The defective coverage ratio refers to the proportion of the surface area with excessive angles
between the normal vectors and the camera optical axis, relative to the total surface area to be inspected.

The complex shapes of the hoaHakanai’a statue pose unique challenges for UAV 3D surface IPP algorithms, thus they are
often widely used to test the algorithm’s ability to handle unstructured objects with complex shapes, as well as its completeness
and accuracy of coverage. Therefore, this study first selected the hoaHakanai’a statue as the research subject. By applying
the proposed UAV surface inspection path planning algorithm based on normal vector viewpoint filtering and comprehensive
viewpoint evaluation, a comprehensive comparison was made with the ASSCPP, Structural Inspection Planner, and TSP with
LKH algorithm to test the performance of the proposed algorithm. The specific results are presented in Table [T and Fig. 4] In
the figure, the positions of the arrows represent the UAV locations corresponding to the viewpoints, while the directions of the
arrows indicate the direction of the camera optical axis corresponding to each viewpoint.

In the compared methods, Structural Inspection Planner and TSP with LKH generate viewpoints by sampling each surface of
the standard triangular mesh. Therefore, their path length and the number of viewpoints are greatly influenced by the model’s
precision. When the model’s precision is high, there are more surfaces, leading to an increase in the number of viewpoints, which
results in redundant paths, increased inspection time, and reduced inspection efficiency. Conversely, when the model’s precision
is low, a single viewpoint may fail to fully cover its corresponding surface, degrading the inspection quality. Consequently, in the
path planning experiments conducted on the hoaHakanai’a statue, the proposed method in this paper achieved a reduction in
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(a)Proposed method (b)ASSCPP (c)Structural Inspection (d)TSP wih LH
Planner

FIGURE 4 Simulation experiment results of surface inspection path planning for hoaHakanai’a statue.

TABLE 1 Simulation experiment data results of surface inspection path planning for hoaHakanai’a statue

Algorithm
Metrics

Proposed method ~ ASSCPP  Structural Inspection Planner TSP with LKH
Path Length (/m) 159.14 163.31 493.18 577.85
Viewpoints Number 84 94 556 556
Inspection Time (/s) 327.14 351.31 1605.18 1689.85
Defective Coverage Ratio (%) 4.93 9.98 9.84 11.16

path length by 67.7% and 72.5%, respectively, compared to Structure Planner and TSP with LKH algorithms. Additionally, the
inspection time was reduced by 79.6% and 80.6%, respectively, while the defective coverage ratio also decreased by 40.9% and
55.8%, respectively.

On the other hand, the ASSCPP algorithm, which employs an adaptive sampling strategy for viewpoint generation, demands
less precision in models. However, its viewpoint generation process is primarily driven by coverage metrics, overlooking
inspection quality. Consequently, in the hoaHakanai’a statue path planning experiment, the proposed algorithm in this paper
exhibits a 50.6% reduction in defective coverage ratio compared to the ASSCPP algorithm. Furthermore, our approach leverages
a MCTS algorithm based on integrated viewpoint evaluation, enabling the optimal utilization of both global and local information.
As a result, our algorithm achieves a 2.5% decrease in path length and a 6.9% reduction in inspection time compared to the
ASSCPP algorithm in the hoaHakanai’a statue path planning experiment.

Bridges, as crucial transportation hubs, require comprehensive inspections and maintenance in practical applications. These
structures, often comprising of multi-level components such as bridge decks, piers, and supporting structures, exhibit significant
vertical and horizontal variations. This complexity poses significant challenges in achieving comprehensive path planning for
UAVs conducting bridge surface inspections. Therefore, this study selects bridge unit as the research object to examine whether
the proposed algorithm can meet the demands for detection quality and efficiency in UAV surface inspections of multi-level
structures. Furthermore, a comparative analysis with other existing path planning algorithms for UAV surface inspections is
conducted to demonstrate the characteristics of the proposed algorithm in this context. The specific results are presented in Table
and Fig.[3

Similar to the path planning experiment for the hoaHakanai’a statue, in the simulation experiment for bridge unit surface
inspection path planning, the method proposed in this paper achieved a significant reduction in path length compared to the
Structural Inspection Planner and TSP with LKH, with decreases of 77.64% and 78.7% respectively. The inspection time also
saw an order-of-magnitude improvement, while the defective coverage ratio were reduced by 31.7% and 62.9% respectively.
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(a)Proposed method (b)ASSCPP

(c)Structural Inspection (d)TSP with LKH
Planner

FIGURE 5 Simulation experiment results of surface inspection path planning for bridge unit.

When compared to the ASSCPP, the proposed algorithm in this paper reduced the path length by 58.76%. Additionally, it
reduced the inspection time by 38.57% and the defective coverage ratio by 39.6%.

TABLE 2 Simulation experiment data results of surface inspection path planning for bridge unit

Algorithm
Metrics

Proposed method ~ ASSCPP  Structural Inspection Planner ~ TSP with LKH
Path Length (/m) 154.31 187.07 344.95 362.56
Viewpoints Number 84 106 538 538
Inspection Time (/s) 322.31 399.07 1420.95 1438.56
Defective Coverage Ratio (%) 5.74 9.51 8.42 15.48

Based on the experimental results and comparative analysis of the surface inspection path planning experiments conducted on
the hoaHakanai’a statue and bridge unit, it is evident that the proposed UAV surface inspection path planning algorithm utilizing
normal vector viewpoint filtering and integrated viewpoint evaluation outperforms the commonly used ASSCPP, Structural
Inspection Planner, and TSP with LKH in terms of both efficiency and effectiveness in planning surface inspection paths
for 3D structures. This algorithm requires lower model precision during the planning process, can integrate global and local
information to avoid redundant paths, and simultaneously reduces the defective coverage ratio, ensuring the inspection quality of
the generated paths.

52 | Real world experiment

To test the effectiveness of the proposed UAV surface inspection path planning algorithm in real-world scenarios, this study con-
ducted a real world path planning experiment. The Dij Mini 4 pro, which was used in this experiment, possesses omnidirectional
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FIGURE 6 Sail sculpture used in real world experiment.

FIGURE 7 The sail sculpture model and its corresponding inspection path.

obstacle avoidance capabilities and can perform waypoint flights based on pre-set waypoint files, with an effective detection
range of 1-6 meters.

The research object for this real world experiment was the sail sculpture located in the Western China Science And Technology
Innovation Harbour. This sculpture, which is depicted in Fig.[f] has no surrounding obstacles, a height exceeding 15 meters, and
belongs to a large-scale 3D structure. Additionally, its unique shape and complex structure provide an ideal testing platform for
the evaluation of UAV path planning algorithms for 3D surface inspection.

Before conducting real world experiments using UAV, a rough model of the sail was created to obtain the surface inspection
path, as shown in Fig.[7]

To transform the inspection path into UAV waypoint information, the data collection for surface inspection of the sail sculpture
was achieved by importing the information into the UAV. The flight posture and perspective of the UAV during the physical
experiment can be observed clearly through the video link: www.bilibili.com/BV13z421Y7L1. During the inspection path
operation, the UAV ran for a total of 113 seconds, with a total path length of 42m. From the video, it is evident that the UAV flew
with stability, capturing intricate surface textures and details of the sail sculpture with no significant blurring or defocusing,
indicating a high level of clarity and accuracy in the surface information collected by the UAV.

Utilizing the COLMAP software, the surface information gathered by the UAV during the physical experiment was recon-
structed into a three-dimensional model. As depicted in Fig. [8] the resulting reconstruction is clear and devoid of noticeable
defects, suggesting that the chosen path effectively achieved comprehensive coverage of the sail sculpture’s surface. This, in
turn, validates the completeness of the surface inspection data collection. The results of the real world experiments demonstrate
that the proposed UAV path planning algorithm for 3D structural surface inspection can accurately and efficiently accomplish
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FIGURE 8 Reconstruction results of sail sculpture.

the task of collecting surface inspection data. The generated surface inspection path is capable of comprehensively covering the
surface of the 3D structure.

6 | CONCLUSION

In addressing the challenges of model dependency and unpredictable inspection quality in path planning algorithms for unmanned
aerial vehicles performing 3D structural surface inspection tasks, this paper proposes a viewpoint generation method based on
normal vector filtering. By uniformly sampling the sampling space, an initial set of viewpoints is generated that is independent
of the shape of the object to be inspected and evenly distributed. The initial set of viewpoints is then filtered based on normal
vectors, eliminating those that cannot effectively detect the surface, thus ensuring the completeness and effectiveness of the UAV
surface inspection task.

Regarding the viewpoint selection process, this paper introduces a integrated viewpoint evaluation method to address the issues
of path redundancy and difficulty in utilizing global information in commonly used surface inspection path planning algorithms.
The integrated evaluation method incorporates factors such as global and local information as well as search experience into the
viewpoint selection process. Additionally, Monte Carlo Tree Search is employed to reduce path redundancy, thereby improving
the efficiency and quality of the UAV surface inspection path planning.

However, the proposed method still has some limitations. Some viewpoints generated by uniform sampling may have excessive
overlap in the detection range, potentially leading to excessive coverage of certain areas of the surface to be inspected while
other areas receive insufficient coverage, resulting in uneven inspection quality. Therefore, future work will focus on further
optimizing the sampling strategy by introducing a dynamic sampling density adjustment mechanism.
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