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Preliminary Study on Task Division for UAV-Based Visual Inspection of
Large Structures with Multiple Flights Using 3D Urban Models
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Abstract— This paper addresses the problem of task division
based on 3D urban models for visual inspection using a UAV
with multiple flights. When inspecting large structures for
damage detection, UAVs are often flown multiple times to obtain
high-resolution data from all areas. Research is progressing on
coverage path planning (CPP) methods for data collection in
a single flight, and the 3D models of the target required for
this can be readily obtained. However, the automation of task
division for each flight has not been extensively studied. Because
the scale of the target is large, it is necessary to execute a task
division method that optimizes the performance efficiency of
UAVs within a practical calculation time. This paper presents
a task division method for data collection by multiple flights
of a UAV based on the decomposition of the 3D urban models.
Forming a framework in which data collection tasks are divided
based on the 3D mesh decomposition, and then the CPP
method is applied to each task, this enables efficient inspection
of large-scale structures. In this paper, we implement three
basic methods based on the strategies of avoiding going far,
equalizing the amount of each task, and reducing unnecessary
movement as preliminary research. Each method applies to
objects on a scale of several hundred meters, and evaluates
their performance in automated data collection.

I. INTRODUCTION

The deterioration and aging of infrastructures such as
bridges are critical problems in Japan and others [1], [2].
It is needed to monitor their conditions and detect damages
through visual inspections to prevent serious accidents such
as collapses.

To satisfy this requirement, many researchers have pro-
posed coverage path planning(CPP) methods to generate
inspection path of structures by UAVs [3]-[6] to automate
data collection. The shape of the structures required for these
methods can be obtained from urban 3D models as triangular
mesh [7], [8].

This paper specifically targets inspections aimed at detect-
ing damages in their early stages. In Japan, crack detection
of 0.2 mm in width is required [9]. The scale of damages de-
tectable in image data is proportional to the spatial resolution
of the surface [10]-[12]. Some methods focus on this point
and perform CPP based on the target geometry, the sensor,
and the spatial resolution required for the acquired data [13],
[14]. They are excellent methods in terms of guaranteeing
damage detection.

Now consider early detection of anomalies in objects with
a size of several hundred meters, such as a road junction
on a bridge. Since early detection of anomalies such as the
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above requires high-resolution data collection, the viewpoint
set that allows measurement of the entire area is very
dense. Increasing the density of viewpoints makes CPP more
difficult in two ways. The first is the increase in computation
time. The CPP is NP-hard, and the computation takes a
lot of time, making it impractical for high-resolution data
collection on large targets. The second is that the area that
can be inspected in one flight is not large. The path length
increases as the viewpoint density increases for the same
region on target. The flight time of the UAV is several tens
of minutes. When detecting a 0.2 mm wide crack, the size
of structure that can be inspected is about tens of meters
in length, width, and height [14], making it impossible to
inspect the entire area. However, urban 3D models are not
divided by inspectable regions in a single flight and cannot
be utilized as is.

To solve these two problems, we take the approach of
dividing the input triangular mesh into sub-regions to be
inspected on each flight. As shown in Fig. 1, the target is
divided into sub-regions, and apply CPP method for each
mesh. In this paper, we apply three methods experimentally
and identify what problems exist as an initial study. The
contributions of this paper are as follows.

1) Proposal of a framework for collecting high-resolution
data through multiple flights for the inspection, based
on the decomposition of 3D urban models and applying
CPP to each sub-region.

2) Implementation of three methods based on the strate-
gies of avoiding going far, equalizing each task, and
reducing unnecessary movement, that can be consid-
ered as intuitive optimization elements.

3) Evaluation based on the perspective of automating data
collection for inspections, and identifying areas that
need to be improved.

II. RELATED WORKS

The main focus of this paper is on task allocation based
on mesh decomposition for large structures. Most studies
of CPP focus on making efficient the inspection of targets
where the entire area can be measured in a single flight [3]—
[6], [13], [14], and not enough research has been done on this
issue. One of the characteristics that makes CPP problems
difficult is that they require work optimization that takes
into account the complexity of the target shape. In single
UAV work, this is often addressed by optimizing the path.
However, in planning for multiple flights, optimization is
also required for the assignment part. This is the area to be
examined in this paper. An example of a manual assignment

1381



Input mesh T

Main target of this paper

Apply CPP method to each sub-region

from urban 3D model

v

I

<{Q

v

Number of flights K

v

Division parameters

Division task based on mesh to A

Each region has
corresponding
coverage path

Fig. 1: Algorithm overview.

is the method proposed by Jacob J et al. [15] to divide based
on 2D satellite photos. However, it is difficult to manually
assign the optimal values for complex shapes. In addition,
there are many bridges in various places, for example, there
are 730,000 in Japan alone [1], and manually allocate them
all is too overwhelming task.

A problem similar in nature is the existence of algorithms
for multiple UAV inspection tasks. One simple method of
allocating tasks in the CPP is to calculate the optimal path
for the entire target and divide the path [16]. However,
this is not a practical policy because it is computationally
expensive and requires enormous computation time for CPP,
especially for high-resolution measurements on large objects.
Ivi¢ et. al proposed a multi-UAV trajectory planning method
based on ergodicity [17]. This method can be regarded as
simultaneously optimizing and allocating routes. However,
there are still issues in achieving full coverage, such as a
mix of areas where 20 measurements are taken and areas
where none are taken. Wei et al. proposed a method [18]
to optimize task assignment and route generation by genetic
algorithm based on a Coverage Probabilistic Roadmap. This
method deals with data collection for objects on the scale
of several hundred meters. On the other hand, it only deals
with data collection with a spatial resolution that is about 10
times coarser than this paper. The number of viewpoints is
about 100 times greater, and there is a possibility that the
solution will not converge within a practical time.

In contrast to these methods, the one proposed in this paper
is based on the concept of determining assignments at a stage
before route planning. If only the assignment of the area of
responsibility is required, it may be accomplished with a
relatively small amount of computation. Then, by solving
the CPP for each subregion, the CPP for the entire area can
be achieved. Even with large targets as input, this approach
allows for planning in a practical amount of time. After the
assignment, we use a CPP method based on spatial resolution
[13] in this paper because spatial resolution is important for
damage detection, but it is possible to use any method that
is appropriate for the problem at hand.

III. PROBLEM STATEMENT

In this section, we first check the 3D mesh characteristics
of the joint, which is the target structure of this paper, and
describe the problem to be solved.

Fig. 2: Inspection target 3D model (Hakozaki junction in Japan).

TABLE I: Features of Hakozaki junction.

Size [370.5, 126.7, 30.7] m
Area of surface 34456.2 m?
Number of truangular | 1085

A. Characteristics of inspection target

We deal with CPPs that assume multiple flights based on
3D urban models. In this paper, we use PLATEAU [7], which
are 3D urban models of bridges and buildings provided by
the Japanese Ministry of Land, Infrastructure, Transport and
Tourism.

As a sample of large and complex structures, we use
the concrete parts of the Hakozaki junction in Japan as a
sample, and the mesh of the relevant part was extracted from
PLATEAU. The target area is the green region shown in
Fig. 2, and quantitative information is shown in Table L.
The target area includes five roads. Note that it is difficult
to automatically divide the region into each road due to the
shared components, such as piers. We apply the task division
and CPP to this structure and evaluate.

B. Problem formulation

The problem to be solved in this paper and the method
of evaluation are described. The goal of this research is to
ensure that the workload for each flight is as even as possible
and that the work is carried out efficiently as a whole.

The input data of task division is a set of triangles 7' that
represent the surface shape of the target as a triangular mesh.
The entire area of 7" will be inspected on k times flights. This
k is adjustable according to the battery constraints of UAV,
etc. The area of the partition result is some sets of triangles,
A={4; };?:1. A; indicates the area to be inspected during
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Algorithm 1 Clustering by distance method algorithm

Algorithm 2 Directional division method algorithm

Input: 7T, k, r
Output: A = {A;}/_,
1. T" + Subdivide(T, )
2: A < VoronoiClustering(T', k)

a single flight, and j is treated as the task ID. The union of
all of A represents the same shape as 7.

From the perspective of automating data collection, the
evaluation is carried out in two stages. The first stage is based
on the results of the task division and checks the variation in
the area of each region of A. The second stage is based on
the results of applying the CPP method and checks the sum
of path lengths corresponding to flight time and the variation
of working flight time.

IV. TASK ALLOCATION METHOD

In this section, an explanation is given of how to perform
decomposition taking into account the target geometry. Three
different methods are implemented, based on the strategies
of avoiding going far, equalizing each task, and reducing
unnecessary movement. These algorithms are applied in the
stage before CPP in the system shown in Fig. 1.

A. Clustering by distance method

The first method is a geometric distance-based clustering
of the target, based on the strategy of avoiding going far. To
offset the effects of polygon density and equalize workload,
a clustering method that weights areas [19] is used.

The process is shown in Algo 1. The input is a set of
triangles 7' representing the surface shape of the target and
the number of flights k. First, subdivide each triangle in
T by repeatedly bisecting each until they are all smaller
than r. The r is a parameter to be adjusted based on the
computing capacity and the scale of the target. Next, the
target is decomposed by distance-based clustering of T”.

Subdivision allows for any sub-region of the target surface
to be represented by a subset of 7. By grouping neighboring
triangles, UAVs are avoiding traveling far in a single flight.
The main factor of computation time in this allocation
algorithm is the clustering part O(|T”"| - K), |T”| means the
number of subdivided triangles.

B. Directional division method

The second method is to divide a certain area with almost
the same area in a certain direction, based on the strategy
of equalizing the amount of each task. This method is based
on the expectation that by making the area to be inspected
the same, the work time for each flight will be divided as
evenly as possible.

The process is shown in Algo 2. The input is a set
of triangles T representing the geometry of the target, the
number of flights k, and vector d indicating the reference
for the direction of the split. The total area of target s is
used as an intermediate variable. The subdivision process is
performed the same as method A. Next, for each triangle

Input: 7', k, r, d
Output: A = {A;}/_,

. T" «+ Subdivide(T,r)
: Thowe < TriangularSort(T', d)

s « Calculate Area(Ty )
. A < EqualizeAreaDivision(T},., ¢)

S

A woR

Algorithm 3 Face division method algorithm

Input: T, 64,

Output: A = {A;}/_,
1. {pi}, < PairingTrianglesSharingVertex(T)
2: U « InitializeDisjointSetDS(T)
3: for{=1to L do

4:  if CaleNormalAngleDif f(p1) < 0, then
5: U.union(p;)

6: end if

7: end for

8

. A « CreateSetsO f SameRootTriangles(U)

in T, sort according to the centroid position and vector d.
After calculating the total area, take out the polygons from
T, in order, add up the areas, and group them A; each
time they exceed 7.

The above process achieves an equal-area partition based
on d. The main factor of computation time in this allocation

algorithm is the sorting part O(|T”|log |T”]).

C. Face division method

The third method is to have the UAV take charge of the
same face, based on the strategy of reducing unnecessary
movement. In many cases, when UAVs change the surface
to be inspected, they do not collect data but only move for
long periods, which could be reduced. This method is based
on the idea that polygons that are adjacent to each other and
have a sufficiently small angle difference exist on the same
face. By recursively applying this idea, the same face can
be obtained. In this paper, we use disjoint-set data structure
[20] to implement this process.

The process is shown in Algo 3. The input is a set of
triangles 7' and the threshold parameter 6,;, of the angle
between the normals of adjacent triangles to determine
whether they are the same face or not. First, create a list
{pi}!_, of pairs of adjacent polygons. Next, initialize the
disjoint-set data structure U based on T'. Each of the included
polygons is treated as an independent set. Calculate the angle
difference for each pair based on the adjacent pair p;, and if
it is less than or equal to 6, then union the sets to which the
polygons belong. After determining whether or not to union
all {p;}7_,, U can be used as A, result of face division.

If the UAV collects data according to the obtained A,
the time for changing the surface to be inspected is 0. It
should be noted that in this method, the number of divisions
corresponding to the times of flights cannot be directly
determined by the user. The main computation time is the
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TABLE II: Used parameter for division.

k 30
r 0.45 m
0:n | 60°

phase of determining whether vertices are shared between
polygons and computing the normal angle, which is O(|T'|?).

V. EVALUATION

In this section, the evaluation is performed using a sce-
nario that assumes the inspection of the Hakozaki Junction
in Japan(3D mesh data is obtained from PLATEAU [7]).
After the assignment, generate paths by the CPP method
considering spatial resolution [14]. Evaluation will be based
on the evenness of the area corresponding to the task assign-
ment, the variation of each path length time, and the total
flight time. These evaluations were conducted on a desktop
computer powered by an Intel(R) Core(TM) i9-10900K CPU.

A. Evaluation of division results

First, check the area of each sub-region after task division.
The parameters in Table II were used for task division. The
discussion in this paper will be based on & = 30 times flights.
For d in Method B, it was determined to be a vector along
the longitudinal direction of the thick road.

The allocation result is shown in Fig. 3. Color-coded
for each sub-region obtained by task division. Method A
groups spatially close areas together, and in method B in
the directional division, the object is divided like a ribbon.
Method C based on face division is broken down into each
side of the road, including the underside and sides. Each
method took 40.5 seconds, 3.0 seconds, and 0.1 seconds
to process, respectively. Method C is the quickest, but this
is because the subdivision of the polygon is not necessary
and the input polygon was relatively large. In the case of
input data is smaller triangles, the calculation time O(|T|?)
is expected to be longer than for methods A and B.

The area of each sub-region obtained by division is shown
in Fig. 4. First, a comparison of Methods A and B is
made. While Method B has all equal areas, the area variation
is confirmed in Method A. As an example, the 27th task
corresponds to the task of measuring only a part of the
piers, and its area is extremely small. Method A has a
problem in that it is difficult to control the area of each
task. Although the weighting of the area is intended to make
the area uniform, the distance-based cost is thought to be
dominant, resulting in this outcome.

For method C, the number of divisions is separated into
71 planes. The main reason is that there are several surfaces
corresponding to relatively small members such as Pier and
joint components. Because of their distance from each other,
it is difficult to deal with such a situation as putting together
a sub-region with a small area. For the largest result 46th
task, which corresponds to the underside of the bridge, the
entire area cannot be inspected in a single flight, and further
division is necessary. For these reasons, it is not appropriate
to use the method of dividing the inspection task into separate

(a) Clustering by distance method.

(b) Directional division method.

\r-‘?‘v——/

(¢) Face division method.

Fig. 3: Visualized segmentation results.

tasks for each surface. From the above, we can assume that
methods A and B are practical in terms of task division.

B. Evaluation of CPP results

Next, apply the CPP method [13] to the results of Methods
A and B for each sub-region. Based on the crack width
to be detected being 0.2 mm [9], and the required spatial
resolution on crack detection in image [21], the data ’s spatial
resolution parameter is set to 1 mm/pixel. The parameters of
the camera intended for use are given in Table III. A coverage
path is obtained by generating viewpoints based on various
parameters and performing path length-based optimization
using the SA method [22].

Planned paths are shown in Fig. 5, and to evaluate the
overall work, statistics for each flight about methods A, and
B are shown in Table IV. Note that in this viewpoint genera-
tion, the viewpoint is generated so that the object is inspected
orthogonally to the surface, so there is a possibility that joints
and intricate areas cannot be measured. The method of path
generation based on the spatial resolution of the currently
acquired data is based on the policy of preventing data
degradation by assuming orthogonal measurements. This is
an issue that needs to be resolved in the future, but the
difference in the inspection area is less than 0.1% of the
total, so it does not hurt the evaluation. In addition, since
this is not the main point of this paper, we will proceed with
the evaluation as is.

For evaluation, estimate the flight time of the UAV. One of
the UAV inspections involves working [23] at a travel speed
of 0.8 m/s. In this case, based on the difference in path length
of 2125m, method A is estimated to complete the work in
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Fig. 4: Plot of the area of each sub-region after division

TABLE III: Camera parameter for input of CPP.

focal length 25 mm
image resolution 5000 x 5000 pixel
image sensor size | 15.6 x 15.6 mm

44.3 minutes less flight time. In addition, UAV batteries can
generally be used continuously for around 20 minutes, and
based on the longest path in both methods which is smaller
than 960 m which is the limit of the path length that can be
assumed based on the battery, can be completed in a single
flight. From these results, we can say that the method is
capable of assignments that take into account the complexity
of the target. The correlation coefficients between path length
and inspection area for each flight are shown in Table IV.
From the table, there is a strong correlation for method A,
while there is no correlation for method B. From these points
of view, it can be said that the same UAV can be assigned to
geometrically close areas of a structure to reduce the amount
of time spent on worthless travel. On the other hand, the
standard deviation of the length of the path and the inspection
area for each flight is smaller for method B. This shows
that equalizing the size of the area in charge contributes to
equalizing the tasks.

The computation time is also checked. Check the compu-

(b) Directional division method.

Fig. 5: Visualized CPP result.(Not inspected area are deleted.)

TABLE 1IV: Statistics summary of each CPP result.

method A | method B
Number of viewpoint 4380 4543
Sum of path length (m) 14087 16212
Maximum of path lengths (m) 690.9 762.3
Standard deviation
of each path length(m) 1352 793
Sum of inspected Area (m?) 29289 29267
Standard deviation
of each inspected area(m?) 219.1923 156.0355
Correlation between
each path length and corresponding area 0.82 -021

tation time, especially for the viewpoint generation section,
which is the main cause of computation time in this case.
7.65 hours for Method A and 2.75 hours for Method B.
The computational order of the viewpoint generation part
of the CPP method [13] used in this study is shown as
O(ARFEA(T)*N,), using the number of N,, required for the
whole area measurement. Here, the N, part can be converted
by the request spatial resolution $,eq and AREA(T), and
can be expressed as O(ARFEA(T) - ARsEiA(T)). In these
experiments, we have split the problem, and the computation
order can be shown as O(k - AREkA(T) : Ailff‘(T)) with the
number of flights k. From the comparison of the computation
volume order, it can be said that the computation time could
simply be reduced to 1/30. It can be said that the task
division process, which takes less than a few minutes, has
achieved a significant reduction in calculation time.

From the above results, it can be said that the division
proposed in this paper shows that planning for work based
on multiple flights is feasible in practical computation time.
It also suggested that, although there is still room for
improvement, an automatic decomposition can achieve the
optimization of the equalization of tasks and the efficiency
of overall work.
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VI. CONCLUSIONS

We investigate a task division method based on the mesh
decomposition of the 3D urban models. By combining this
with the CPP method, it can be used in a planning framework
for inspecting large-scale structures using multiple flights. In
this paper, the three basic methods were implemented and
evaluated. Method A is to group geometrically close regions,
based on the strategies of avoiding going far. Method B is to
divide the object into equal areas along a certain direction,
based on the strategies of equalizing each task. Method C is
to divide the object based on faces, based on the strategies
of reducing unnecessary movement. After dividing a large
complex structure using these methods, the CPP method was
applied and evaluated. The first method reduced unnecessary
travel, while the second method achieved an even division
of labor. The third method was found to be unsuitable in
terms of flight sharing, but we anticipate that there may be
situations where it can be used for planning algorithms to
make UAV operations efficiently. These methods are the first
steps towards optimization, equalizing the work of each UAV
and increasing the efficiency of the overall operation.

Looking ahead, there is an issue for improvement of task
division based on decomposition. Each method is imple-
mented based on a single strategy, but it will be necessary to
implement a method that can optimize for multiple purposes,
such as equalization and reducing work time. It may be possi-
ble to solve the problem of reducing the number of operations
that occur when changing the surface of the measurement
target in the method C strategy by changing the algorithm
structure or cost function. In addition, there is room for
improvement in this method concerning equalization of flight
time for each flight. Furthermore, by considering collision
avoidance between UAVs, it may be possible to introduce
this method to simultaneous operations of multiple UAVs.

As a by-product, it was also confirmed that the con-
straint of facing the target surface squarely to avoid data
degradation, about the task of collecting high-resolution
data, interferes with full coverage. To date, there has been
insufficient research into methods of planning that include
angled photography, on the premise of guaranteeing the
spatial resolution of the collected data. We recognize that
this problem should also be solved on the premise of col-
lecting data that has sufficient spatial resolution to guarantee
anomaly detection.
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