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Abstract: Low-cost unmanned aerial system (UAS) photogrammetry and terrestrial laser scanner
(TLS, terrestrial LIDAR) technologies are being used as noncontact measurement methods for col-
lecting unstructured data for the maintenance of construction infrastructure facilities. This study
investigated the possibility of settlement, which is a maintenance condition evaluation item for
fill-dam bodies, using point clouds based on the UAS (unmanned aerial system) structure from
motion (UAS-SfM) and TLS (terrestrial laser scanner) point clouds. Specifically, the Z-axis RMSE of
the point cloud improved to 0.012 m and the shape reproducibility rate to 98.53% by complementing
the heterogeneous data of the UAS and TLS by combining the two systems with block coordination
and ICP algorithms. The maximum settlement height and volume (heaving) of the dam crest and
upstream and downstream slopes were derived from the combined UAS/TLS point-cloud-based
3D model. The quantitative values for the settlement of the fill-dam body were derived using the
combined 3D model with high accuracy and density. This result verified the possibility of using the
combined 3D model for evaluation of the maintenance condition.

Keywords: unmanned aerial system; terrestrial laser scanning; point cloud; fill dam; dam maintenance

1. Introduction

Meteorological disasters occur frequently, and the scale of damage of these phenom-
ena is growing because of global climate change. Consequently, aging and degradation of
social overhead capital (SOC) infrastructures, such as dams and reservoirs, are accelerat-
ing. In particular, approximately 63.5% of reservoirs and dams in South Korea that could
cause damage to life and property in the event of a collapse or loss of function are aged
30 years or older [1]. Existing methods (manual visual inspection and document-based
work) are problematic as they have limitations for the maintenance and management of
aged facilities. Various efforts are being made to overcome these limitations using digital
information-based three-dimensional (3D) model reproduction technology for mainte-
nance [2—4]. Spatial density and measurement accuracy in millimeters or centimeters are
required to estimate the damage factors of SOC infrastructures [5-8].

Methods such as unmanned aerial system (UAS) photogrammetry and terrestrial
laser scanners (TLS, terrestrial LIDAR) are being employed as noncontact measurement
technologies for precise 3D point cloud reproductions. The UAS is used for surveying,
mapping, topographical mapping, and facility monitoring because of its mobility and fast
data acquisition features [9-14]. The image data of a UAS are based on the structure-from-
motion (5fM) algorithm. This algorithm can create a 3D point cloud using overlapping
images with centimeter-level accuracy [15-20]. The TLS has been used to generate 3D
models even before the conception of the UAS [21,22]. The point cloud of the scanned
object is recorded through active laser emission. Currently, products with the highest
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precision have a measurement error with an accuracy of 2-3 mm and an angle error of
0.5-1" [23-26].

The TLS point cloud and the point cloud from UAS photogrammetry processed on
SfM principles have been judged to be equivalent in accuracy [27-30]. However, accuracy
issues may arise in the event of missing images, limited overlap ratio, and low spatial
resolution resulting from the UAS [5,31-33]. The image quality of a UAS may vary with
the camera performance, shooting height, shooting angle, weather conditions, and ground
control point (GCP) installation conditions [34-36]. Furthermore, the accuracy of UAS
photogrammetry is typically characterized by a higher vertical error of the Z-axis than the
horizontal error of the X- and Y-axes [26,37]. In contrast, the TLS offers the advantages
of high accuracy and data processing speed, because it enables the collection and direct
processing of an exact 3D point cloud of the target via laser. However, accessing the scan
target of the TLS is difficult compared to the UAS, and the scan angle is restricted; therefore,
drawbacks such as blind spots or data shadows in the point cloud are inevitable [24,38—40].
In particular, the blind spots of vertical structures, such as dams and reservoirs (retaining
walls, excavation surfaces, and slopes), have constraints such as blanks resulting from
noise-causing vegetation and uneven structures [19,41-44]. Thus, there is a data gap owing
to mutual obstruction when utilizing the UAS-SfM or TLS independently [24,45].

Studies have also identified a disparity in the data density and accuracy between point
clouds created by the UAS-SfM and TLS. To reduce this disparity, research to mutually
supplement heterogeneous data and boost density and accuracy is underway [46]. The
iterative closest points (ICP) algorithm [47] is a fine registration technique commonly used
to combine two spatially overlapping point clouds. However, the ICP algorithm should be
preceded by the coarse registration technique to meet the requirements and be provided
with initial values for the overlapping region of the two-point clouds [48].

The following studies were conducted on combined UAS-SfM and TLS point clouds.
Ref. [49] investigated the efficacy of overlapping point clouds from the UAS-SfM and TLS
for the 3D modeling of the Cheomseongdae pagoda, which is a cultural treasure. Ref. [50]
constructed a 3D point cloud for artificial rock walls utilizing the UAS and TLS. Sagak
et al. [24] utilized the UAS-SfM and TLS to generate a point cloud and digital elevation
model (DEM) for high-resolution mapping and blind-spot reduction in alpine terrains with
vertical rock walls and discussed the possible practical implementation thereof. Moon [37]
proved that merging earthwork data obtained during building site excavations reduced the
vertical inaccuracy along the Z-axis. Ref. [51] employed a fused point cloud to calculate
the erosion volume of coastal bedrock. Ref. [52] conducted a comparative analysis on the
accuracy and efficiency of calculating the waste stockpile volume using a point cloud that
combined the UAS and TLS. Refs. [18,19] demonstrated blind-spot reduction and data
accuracy enhancement when using the UAS-5fM and TLS together for landslide monitoring.
Another study [26] verified that combining the SfM results of the UAS’s camera resolutions
at 4K and 8K resolutions with the TLS point cloud improved the accuracy of a 3D point
cloud for slopes at 8K resolution [26].

For the maintenance of concrete dams, numerous studies were conducted using either
UAS photogrammetry [28,44,50,53-56] or the TLS [22,44,54,57-60]. However, no study
has considered the combination of UAS-5fM and TLS point clouds for dam and reservoir
maintenance, particularly for fill dams, which account for almost 95% of the total dams and
reservoirs in Korea. Consequently, the literature lacks an evaluation of the combination of
point clouds from these methods.

In this study, a 3D point cloud for the OO reservoir (fill dam) in Ganghwa-gun, Incheon,
Korea, was developed using UAS-5fM-based image processing and a TLS point cloud. To
allow for seasonal variations, UAS images were captured in the summer (June) and winter
(January) of the following year. GCPs and check points (CPs) were installed for the SfM
algorithm of UAS image analysis. Geometric primitives and fast point feature histograms
(FPFH) were utilized as coarse registration approaches to merge the point clouds of the
UAS-SfM and TLS, and the ICP algorithm was employed as a fine registration step.
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The aim of this study was to review the efficiency of utilizing a 3D point cloud
generated by combining UAS-5fM and TLS point clouds for the maintenance assessment of
fill dams. First, the global navigation satellite systems’ (GNSS) survey checkpoints were
compared in the UAS-SfM and TLS 3D point clouds, and the accuracies were compared
and examined using the root-mean-square error (RMSE) of the X-, Y-, and Z-axes, as well
as the shape reproducibility rate based on the data gap. Furthermore, subsidence and
deformation, which are damage factors for dam and reservoir maintenance, were analyzed
and reviewed using the 3D point cloud developed by combining the UAS-SfM and TLS
point clouds.

2. Materials and Methods
2.1. Experimental Area

The OO reservoir is located in Ganghwa-gun, Incheon, South Korea. This reservoir
with a height of 21.5 m and a length of 640 m was constructed in 1989 (zone type: fill dam).
Table 1 lists the detailed specifications. The reservoir is a facility subject to maintenance
inspection in accordance with the Special Act on the Safety Control and Maintenance of
Establishments [61]. The facility is currently in good condition, with a total grade of B.
The upstream slope has crushed stone protection, while the downstream slope has surface
protection in the form of vegetation to avoid erosion caused by water level variations.
Private dwellings and farmland are distributed in the lower reaches of the reservoir for
farming (Figure 1).

Table 1. Dam specifications of OO reservoir.

Tvpe Height Length Dam Crest Gradient of DGor:vC:setrrt:ri Full Water Level = Dead Storage Level
M (m) (m) Width (m) Upstream Slope Slope (EL.m) (EL.m)
Fill dam 215 640 6 1:2.2 1:2.0 28.5 14
(zone type)

145,000 150,000 155,000 160,000 165,000 & 153,200 153,400 153,600

A

w
-2
[=}
o

Figure 1. Location of the study site: OO reservoir, Ganghwa-gun, Incheon, South Korea.

2.2. Method Workflow

Vegetation on the downstream slope of the OO reservoir was employed to protect the
surface from external factors. It might obstruct the detection of ground surface changes
via UAS photogrammetry and TLS survey [26,62]. Considering the vegetation distribution
in summer, which is a seasonal factor, we deemed necessary the examination of the rela-
tionship between the GCP accuracy and the settlement and deformation of the ground’s
surface. Therefore, the UAS images were captured in summer (June) and winter (January)
and then compared. A TLS survey was conducted in winter (January) to minimize the
interference of vegetation. The point clouds of UAS-5fM and TLS obtained in winter were
combined. Furthermore, the possibility of maintenance via a combination of UAS-5fM and
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TLS was reviewed by deriving quantitative values for the settlement visually observed on
the downstream slope and dam crest. The workflow of the 3D point cloud produced using
UAS and TLS data is illustrated in Figure 2.

UAS ] | LS

| |
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Ground control points and control points and scan control
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|
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segmentation
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Perform coarse registration through geometric primitive and
FPFH algorithm, Fine registration through ICP algorithm

Figure 2. Workflow of the developed 3D point cloud.

2.3. Data Acquisition

The location attributes and geotagging of digital images are required to apply the SfM
algorithm to the images captured by the UAS [48,63]. This is because the camera position
derived from the SfM algorithm does not have the scale and direction provided by the
GCP coordinates [31]. Thus, for the precise measurement of the GCPs, such as the actual
ground information, network real-time kinematic (RTK) GNSS surveys were conducted
for 10 GCP reference points and 7 CPs to verify the position accuracy using the Trimble
GNSS RS satellite signal receiver (Figure 3). UAS photogrammetry was executed both
in summer (June) and winter (January) to distinguish trends according to the seasonal
changes in vegetation in the fill dam. The UAS used in this study was the AUTEL’s EVO2
Dual 640 T mounted with a Robotics XT701 camera with 8 K (8000 x 6000) resolution, 1/2
CMOS image sensor, and lens with an of FOV of 79° and a focal length of 4.3-17.2 mm
through lossless 4 x optical zoom. For the TLS, we used the Trimble laser scanner SX10
equipped with time-of-flight (ToF) technology suitable for building 3D point clouds with a
5MP resolution and band scanning technology for precise scanning. Laser scanning with
an effective range of 600 m, a scanning angle accuracy of 1”7, and a distance measurement
accuracy of 1 mm + 1.5 ppm was achieved. The detailed specifications of the equipment
used to produce the 3D point cloud of the OO reservoir are summarized in Table 2.
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Figure 3. Network RTK: Trimble GNSS R8. (GCP: points for inputting geographic information to
UAS-based image analysis; CP: points for UAS-based video interpretation accuracy review; SCP: TLS
install point.)

Table 2. GNSS, UAS, and TLS specifications.

Trimble GNSS R8 Parameters
Weight 1.52 kg Channel 440 Channels
Stop Pos'itioning 3.5 mm + 0.4 ppm Input CMR+, CMRx,
Vertical RMS RTCM2.1-3.1
Splostoning - ammeblom - oup
VRS Vertical B mmRTv[OsE ppm Radio Modem 403 MHz
VRS Horizontal 8 mmgl\?[g ppmt Signal Update Cycle 1-20 Hz
AUTEL EVO2 Parameters Camera
Weight 1110 g Resolution 8000 x 6000
Satellite System GPS/GLONASS/Galileo Image Sensor 1/2 CMOS
Max Flight Time 42 min ISO 100-3200 (auto)
Angular Vibration Range +0.005° F-Stop F/1.8
Trimble SX10 Parameters
Angle Accuracy 17 Range Noise 1.5 mm
Prism: 1 mm + Laser: 1550 mm
Accuracy 1.5 ppm EDM Laser spot size at
DR mode: 2 mm + 1.5 100 m: 14 mm
Scanning Band Scanning Point Spacing 6.25-50 mm
Measurement Rate 26.6 kHz Camera 5MP (84 x)
Range DII’{ri;/[m: 5500 m Communication Wi-Fi, USB, Cab'le,
ode: 800 m Long range radio

2.4. UAS Photogrammetry

The UAS images were captured by the AUTEL EVO2 in June 2020 (summer) and
January 2022 (winter). The device auto-acquired 962 images under the same shooting
conditions via automatic flight (altitude = 100 m, vertical and horizontal overlap = 85%,
camera angle of 90°, normal speed) using the Pix4D Capture app. The camera was also
changed to an angle of 60° and an altitude of 70 m, and 69 images were manually captured
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while the drone flew along the slope of the fill dam (longitudinal overlap = 75%). Thus,
1031 images were acquired for June 2020 and January 2022, respectively. The ground
sample distance for the captured image is 1.7 cm/pixel based on flight height. A high
degree of image overlap is required to reproduce a 3D point cloud with the SfM algorithm,
and it is generally set to 60-80% [64—66]. In this study, images were shot with an overlap
level of approximately 80%. When the SfM algorithm was applied, scale and directional
information were obtained using a small number of GCPs located on the ground, which
were clearly visible in each image. Consequently, a 3D point cloud was created in the
relative coordinates with reference to the image coordinate system [31]. In photogrammetry,
accuracy is usually evaluated based on a statistical RMSE, in which the GCP is used as an
important parameter [67]. Regarding the discrepancy between the 3D point cloud and the
CP, the accuracy is evaluated using the RMSE of the two axes (X, Y) parallel to the ground
and vertical z coordinates [68]. The GCPs must be uniformly distributed throughout the
survey area, and the topography’s morphology must be considered [62,69]. Therefore, in
this study, four GCPs were set on the lower part of the downstream slope and six on the
dam crest. In addition, seven CPs were set as the accuracy checkpoints. The point-cloud
accuracy of the UAS-SfM was evaluated by measuring these CPs based on the GNSS
field survey.

2.5. TLS Survey

Setting of the optimal scanner position is crucial to creating a TLS-based point
cloud [64,70]. When positioning the scanner, data gaps and shadows must be as min-
imized as possible considering the solidity and accessibility of the terrain, and the point
clouds of the two positions must overlap [19]. Scan control points (SCPs) were placed at the
bottom of the downstream slope of the fill dam and at the dam crest, so that the GCPs and
CPs could be measured at the scanning positions. For the TLS survey, the GNSS network
RTK survey was performed at two SCPs using the Trimble laser scanner SX10, and a light
detection and ranging (LiDAR) scan was performed using the SCPs as station marks. The
point cloud accuracy of the TLS was also measured and evaluated at the set CPs based on
the GNSS field survey.

2.6. Combination of UAS-SfM and TLS Point Clouds

The data gaps, blind spots, and data shadows that exist independently for each
measurement technique can be reduced by fusing the acquired UAS-SfM and TLS point
clouds. TLS data allow for mutual complementation at a higher level of accuracy than
the UAS-SfM point cloud. Furthermore, the UAS-5fM data can acquire realistic images by
reducing the blind spots and data shadows of the TLS according to terrain, slope, and scan
position [19]. Consequently, we presumed that a 3D point cloud of the fill dam with a high
level of accuracy could be produced and utilized for maintenance.

To combine the point clouds, the image captured by the UAS was first converted
into a 3D point cloud using the SfM with Pix4Dmapper professional software. In the
preprocessing step, Pix4Dmapper automatically extracted the junctions centered on the
image unit features and matched them with multiple adjacent images. A 3D model was
developed by computing the exterior orientation parameters, for which relative orientation
parameters were calculated by analyzing the essential or fundamental matrices. Aerial
triangulation (AT) was performed based on WGS84, a coordinate system applied to the
image, which is an auxiliary tool for calculating the relative orientation parameters. After
extracting and matching the feature points, the output coordinate system of the 3D point
cloud was projected to a geoid height of +22.115 m for Korea2000/Central Belt 2010 (EPSG:
5186) and GRS80. Thereafter, orthographic projection based on the absolute coordinates was
performed on the 3D model, and a 3D point cloud was established through dense matching.

The point cloud of the TLS, including the coordinates in the scanning process, was
acquired. After entering the station coordinates and prism point coordinates of the TLS
using the SCP, the position and azimuth of TLS were set by collimating the prism. In
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addition, all objects were scanned at a 360° orientation using the ToF technique, which
measures the distance using the time taken by the laser to be reflected and return to the
object. The scan coordinates were calculated in real time to generate the applied point
cloud. Data were optimized using Trimble Realworks.

The two-point clouds were combined in two steps: coarse registration and fine reg-
istration. The independently acquired UAS and TLS point clouds are formed based on
their respective coordinate systems; hence, spatial offsets occur during fusion [19]. Hence,
coarse registration, which can incorporate the correct positioning of the coordinate system
required for the point cloud, is necessary (Wu et al., 2020). Therefore, in this study, UAS-
SfM and TLS heterogeneous point clouds were registered using geometric primitives. A
data bundle was divided into multiple data blocks, and coarse registration was performed
by adjusting each point through the FPFH algorithm, focusing on the main feature points.
For each block, fine registration was performed to minimize the 3D distance between the
points by transforming or rotating the entire point cloud along the X-, Y-, and Z-axes using
the ICP algorithm based on TLS coordinate data [24].

3. Results
3.1. Evaluation of Accuracy and Reproducibility of UAS 3D Point Cloud

The GCP is an important parameter associated with image quality. The number of
GCPs is correlated with image quality improvement [61]. GCP is the reference point for the
UAS-SfM, and CP is the checkpoint. Both types of survey points were measured based on
the Korea2000/Central Belt 2010 (EPSG: 5186) coordinate system. To evaluate the accuracy
of the UAS-5fM point cloud, we measured the x, y, and z values of the ten GCPs listed in
Table 3 and seven CPs installed close to vegetation.

Table 3. Measured value of GCP and CP via RTK.

Type Point X Y V4
1 153,220.641 561,642.718 32.480
2 153,306.828 561,542.339 32.065
3 153,363.307 561,465.100 32.112
4 153,402.628 561,412.542 32.284
5 153,443.243 561,351.401 32.064
GCP 6 153,516.883 561,254.436 32.092
7 153,255.305 561,526.634 11.677
8 153,296.481 561,471.640 11.734
9 153,366.399 561,382.430 12.423
10 153,479.991 561,229.526 15.968
1 153,227.739 561,649.956 32.030
2 153,270.594 561,589.408 32.170
3 153,427.131 561,378.978 32.183
cp 4 153,555.267 561,201.412 32.094
5 153,215.190 561,561.309 13.125
6 153,230.306 561,602.811 22.458
7 153,452.354 561,264.400 14.225

Figure 4a depicts the 3D point cloud created with the UAS-5fM point cloud in summer
(June). The model was generated based on 220 million points in the point cloud. Figure 4b
shows a 3D point cloud created with the SfM using images captured by UAS in winter
(January). This model was composed of 218,004,114 point clouds. The presence or absence
of vegetation is clearly contrasted when viewed with the naked eye. The degree of influence
of vegetation was compared using cross-sectional views based on the GNSS surveys
obtained before capturing the UAS images. Figure 4c compares the cross-sectional views of
the same point in the 3D point clouds produced in summer and winter based on those of
the visual survey report. In summer data, vegetation caused an erratic increase in elevation,
whereas in the winter data, this difference was minimal and exhibited a gentle shape.
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Figure 4. (a) Summer UAS image analysis conducted in 2020. (b) Winter UAS image analysis
conducted in 2022. (c) Comparison of cross-sections from 2018, 2020, and 2022.

Table 4 lists the CP error value and RMSE coordinates of the 3D point cloud developed
using the UAS-5fM in summer. Table 5 lists the CP error value of the 3D point cloud
developed using the UAS-5fM in winter. Both the summer and winter data exhibited a
larger error along the Z-axis than along the X- and Y-axes. The Z-axis error in summer was
0.110 m, which was twice that in winter (0.057 m). In the summer of 2020, the error in the
Z-axis of the point cloud occurred in various numbers, and in the winter of 2022, the error
in the Z-axis of the point cloud was -, confirming that an error occurred in one direction.
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Table 4. CP error value and RMSE for summer 2020 via UAS-SfM (unit: m).

Type Point X Y z
1 0.009 —0.003 0.138
2 0.012 0.012 0.242
3 —0.008 0.010 0.006
cp 4 —0.022 0.020 —0.044
error value 5 —0.021 —0.011 0.025
6 —0.019 —0.015 —0.044
7 —0.020 ~0.012 —0.056
RMSE 0.017 0.013 0.110

Table 5. CP error value and RMSE for winter 2022 via UAS-SfM (unit: m).

Type Point X Y z

1 0.005 0.010 —0.061

2 0.016 —0.004 —0.058

3 0.003 0.012 —0.059

cr 4 0.020 ~0.011 —0.057
error value 5 0.016 0.012 ~0.052
6 0.032 0.005 —0.055

7 0.012 0.021 —0.054

RMSE 0.017 0.012 0.057

In the summer of 2020, the error in the Z-axis of the point cloud occurred in various
numbers, and in the winter of 2022, the error in the Z-axis of the point cloud was -, confirm-
ing that an error occurred in one direction. In general, the error in UAS photogrammetry
proceeds in one direction. As a result of the analysis, the vegetation that grew tall was
shaken by the wind during UAS shooting, and the location in the image appeared irregular.
As a result, it is thought that an error occurred due to the influence of vegetation in the
image analysis AT process.

Figures 5 and 6 reveal the shape reproducibility of the 3D point cloud in winter used
to identify gaps in the point cloud. The total area of the fill dam measured by the UAS-SfM
point clouds in summer and winter was 37,503.706 m?. Points that are more than 3 m above
the height of the dam crest and slope were manually deleted. The empty space of the data
was manually measured to calculate the area where the fill dam was not reproduced. The
UAS-SfM in summer revealed that the area occluded by vegetation removal on the upper
and lower slopes was 572.464 m?, with a shape reproducibility rate of 98.47%. In winter,
the UAS-SfM revealed the area blocked by vegetation removal on the upper slope was
551.305 m?, with a shape reproducibility rate of 98.53%.

3.2. Evaluation of Accuracy and Reproducibility of TLS 3D Point Cloud

The TLS and UAS-5fM point clouds were compared to determine the area blocked
during TLS (Figure 7). An occluded area appeared at the point in Figure 7a, because the
upstream slope could not be scanned owing to the limit of the TLS scanning angle. The
dam crest data near SCP1, which is a TLS station installed on the dam crest, could be
acquired. However, when acquiring data on the same plane as the laser scanning direction,
a blocked area was generated with increasing distance because of the TLS characteristic
that involved multiple blanks generated by the scanning angle. The point in Figure 7b is
on the downstream slope, where a blocked area appeared because of the laser scanning
direction from SCP01 and the buildings and other obstacles from SCP02. At the point in
Figure 7c, an area was occluded by trees located between SCP02 and the downstream slope.
By generating the 3D point cloud with a TLS, because of the area without data, the shape
reproducibility was calculated as 74.59%, which was lower than that of UAS-S5fM point
cloud shape reproducibility.



Remote Sens. 2023, 15, 2026 10 of 20

|| Distortion and texture error area: 572.464m*

Surface area to be

1l analyzed: 37,503.706m*

y Surface area to be
analyzed: 37,503.706m’

Figure 7. (a) Blind spot comparison of TLS and UAS-5fM in dam crest and upstream slope regions.
(b) blind spot comparison of TLS and UAS-SfM near SCP01 (c) blind spot comparison of TLS and
UAS-5fM on the downstream slope.
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Table 6 lists the CP error value coordinates measured by the TLS. CPs 3 and 4 could
not be detected because of data gaps. The coordinates of some CPs were missing because
the TLS scan area was smaller than the UAS flight area. For CPs 1, 2, 5, 6, and 7, the RMSE
was calculated by comparing the coordinates obtained via the network RTK GNSS survey
with the CPs measured via the TLS. Although the shape reproducibility of the 3D point
cloud was lower than that of the UAS-SfM, the Z-axis RMSE was 0.012 m; thus, the 3D
model was found to have a higher accuracy than the UAS-SfM.

Table 6. CP error value and RMSE via TLS (Unit: m).

Type Point X Y z
1 0.012 0.009 0.006
2 0.012 0.016 ~0.013
3 - - -
cp " ] - ]
error value 5 0.014 0.016 —0.012
6 0.018 0.013 —0.014
7 0.022 0.016 —0.011
RMSE 0.016 0.014 0.012

3.3. Evaluation of the Accuracy and Reproducibility of UAS-TLS 3D Point Cloud

Based on the TLS point cloud in Figure 8b, we load the UAS-SfM point cloud in the
same coordinate system. In the process of triangulation, each bundle is decomposed based
on the blocks created for point cloud construction, and blocks are adjusted based on three
or more artificial structures that can be used as fixed points in the point cloud within
block adjustment and, with the man-made structure forcibly restrained, comprehensive
coordination is performed through the ICP algorithm. AT was performed by combining
the UAS-5fM point cloud displayed in Figure 8a and the coordinates of the TLS point cloud
shown in Figure 8b. Subsequently, a combined point cloud was created through the block
adjustment of each bundle (UAS, TLS), as presented in Figure 8c.

The red and green dots in Figure 9 represent the TLS and UAS-5fM point clouds,
respectively. Figure 9a shows the analysis area. Figure 9b highlights the point clouds
of the dam crest before combination. Figure 9c shows the point cloud of the dam crest
after combination. Figure 10 compares the cross-section of the 2018 floor plan and the
2022 combined model. Areas with high growth of some vegetation have protruded cross-
sections. Moreover, settlement and heaving can be seen on the downstream slope. The
coordinates of the X- and Y-axes of the UAS-SfM point clouds were optimized via bundle
block adjustment based on the point cloud coordinates of the TLS. In contrast, the Z-axis
coordinate with a large RMSE error was adjusted rather coarsely. Table 7 lists the CP
error value of the combined data, and the RMSE was calculated by comparing them with
the CPs obtained via the network RTK GNSS survey. The Z-axis coordinate error of the
UAS-5fM was corrected. Furthermore, the shape reproducibility of the dam body including
the upstream and downstream slopes and dam crest of the combined data was 98.53%,
indicating that the shape reproducibility of TLS was enhanced.

Table 7. CP error value and RMSE for the combined model (unit: m).

Type Point X Y z

1 0.005 0.006 0.005
2 0.012 0.016 —0.013
3 0.001 0.006 —0.017
cp 4 0.008 —0.004 —0.007
error value 5 —0.004 0.007 —0.009
6 0.018 0.013 —0.014
7 0.022 0.016 —0.011

RMSE 0.012 0.011 0.012
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Figure 9. (a) Area of analysis. (b) UAS-SfM and TLS point clouds of the dam crest before combination.
(c) UAS-SfM and TLS point clouds of the dam crest after combination.
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Figure 10. Comparison of cross-sections from 2018 floor plan, 2022 combined model.

3.4. Displacement Detection

The settlement of dams and reservoirs is measured by contact survey using survey
staff and poles in the field. In contrast, the UAS and TLS measure the settlement through
post-processing after acquiring image and scan data in the field. Displacement can be
detected once time-series data have been accumulated. Thus, settlement (heaving) was
detected in the 3D point cloud based on the combination analysis using a contact-survey-
based cross-sectional view. The measurement criteria are the values measured by the GNSS
survey before the UAS and TLS surveys, as displayed in Figure 4c. The displacement was
detected through a comparison with the 3D point cloud combining the UAS and TLS point
clouds scanned in winter.

Table 8 presents the detected volume and maximum height of seven settlements
and heaving of the dam crest in the 3D point cloud combining UAS-5fM and TLS point
clouds. In the Crest-A section, a local settlement occurred in the area adjacent to the upper
slope. In contrast, the shape revealed that heaving had occurred in the direction of the
downstream slope, and the measured heaving volume was 9.331 m3. In the Crest-B section,
the settlement volume was 11.84 m3, and the maximum settlement height was 0.205 m.
From the Crest-C to Crest-G sections, the maximum settlement height was 0.15-0.20 m,
and the maximum heaving height was 0.11-0.26 m. This reveals an uneven ground surface
where settlement and heaving coexist. If the maximum settlement and elevation are
0.206 and 0.266 m, respectively, as in Crest-F, the settlement height might be incorrectly
measured as 0.472 m when the settlement measurement is based on the elevation of the
existing contact type survey. However, the 3D point cloud of this study exhibited high
accuracy, with a Z-axis RMSE of 0.012 m. Therefore, when the settlement/heaving height is
0.2 m, it has a high reliability within the allowable range of measurement error, and the
model reflects the characteristics of the irregular elevation of the ground surface.
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Table 8. Dam crest displacement data.

Type

A

Subsidence Area

Inspection Map
Length (m) 67 18 245 12.5
Settlement Volume (m?) 1.976 11.840 3.238 1.167
Heaving
Volume (m?) 9.331 0.040 0.313 0.580
Maximum Height of 0.159 0.205 0.183 0.163
Settlement (m)
Maximum Height of 0.220 0.054 0.149 0.163
Heaving (m)
Type E F G

Subsidence Area

Inspection Map
Length (m) 20 51 7.4
Settlement Volume (m?) 0.137 8.861 1.059
Heaving

Volume (m?) 1.693 1.285 0.060

Maximum Height of
Settlement (m) 0.092 0.206 0.151
Maximum Height of 0.171 0.266 0.112

Heaving (m)
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Table 9 lists the detection results for four settlements and heavings on the upstream
slope. A crushed stone surface protection exists on the upstream slope to prevent erosion
and loss due to water level changes. Unlike the dam crest, there was a relatively large
elevation difference between the settlement and heaving because it was in contact with the
water. In the Upstream-B, -C, and -D sections, the settlement volume was approximately
13.46-25.28 m3, the maximum settlement height was 0.29-0.418 m, and the maximum
elevation was 0.51-0.42 m. The inspection map reveals that settlement occurred in the
section adjacent to the water. A heaved shape appeared in the section adjacent to the
dam crest. In the Upstream-C and -D sections, areas where data gaps occurred because of
interference from vegetation are displayed in black.

Table 9. Upstream slope displacement data.

Type

A B C D

Subsidence Area

Inspection Map
Length (m) 20 38.7 20 41
Settlement Volume (m?) 1.556 13.468 16.967 25.283
Heaving

Volume (m3) 5.396 11.483 5.958 0.619
Maximum Height of 0.363 0.297 0.386 0.418

Settlement (m)
Maximum Height of 0.391 0517 0.427 0.253

Heaving (m)

Table 10 lists the four settlements and heavings that occurred on the downstream
slope of the combined point cloud. It is difficult to determine the degree of settlement
and heaving in the image. However, when the altitude difference was checked using
the inspection map, settlement volumes of 23.234 and 20.751 m?® were obtained for the
Downstream-B and -C sections. Their maximum settlement heights were 0.628 and 0.756 m,
respectively, and their maximum heaving heights were 0.454 and 0.208 m, respectively. A
bulging shape was detected. To determine the cause of settlement and heaving, previous
data must be compared, or the history of the relevant area must be managed. However,
it is difficult to compare the measured values of this study with the results of previous
investigations because they are the result of the contact investigation. It is possible to
indirectly estimate the erosion by using the seepage line through the leakage at the bottom
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of the downstream slope, but no trace of leakage was found during the winter survey.
The data can however be used as the initial values of the time history for the degree of
occurrence of damage factors in future investigations.

Table 10. Downstream slope displacement data.

Type

A B C D

Subsidence Area

I 100m I

Inspection Map
Length 4m 145 m 6.8 m 11m
Settlement Volume 3.179 23.234 1.828 20.751
Heaving 0.028 6.484 0.024 0.289
Volume
Maximum Height of 0320 m 0.628 m 0.340 m 0.756 m
Settlement
Maximum Helght of 0130 m 0.454 m 0.099 m 0.208 m
Heaving

4. Discussion

The effectiveness of UAS-image- and TLS-based 3D data for fill-dam maintenance
using 3D modeling was reviewed based on the analysis results presented above.

Regarding coordinate accuracy, 3D data of a large area can be rapidly acquired from
image data. However, the accuracy is determined by the overlapping and resolution of the
images and the error of correction elements inside and outside the camera. The accuracy of
UAS photogrammetry had an RMSE of 0.057 m, which is 0.045 m higher than the Z-axis
coordinate accuracy of the TLS. It is attributed to the vertical error of the Z-axis being
higher than the horizontal error of the X- and Y-axes [26,37]. This outcome presented an
obstacle to the investigation of the settlement and upheaving of the fill dam. However, the
Z-axis RMSE was found to have been enhanced to 0.012 m when combined with the TLS
point clouds, which provided a higher density and accuracy than those of the UAS-SfM.

The TLS has difficulty accessing the scan target and has a limited scanning angle,
causing blind spots or data shadows in the acquired point clouds [24,38-40]. Therefore, the
TLS shape reproducibility rate of the fill dam investigated in this study was low at 74.59%.
However, when combined with the UAS-5fM point clouds, the shape reproducibility rate
was 98.53%, thus enhancing the TLS data gaps.

The combination analysis was performed by combining data from two methods and
reconstructing a triangular network between points. In the developed 3D point cloud,
numerical values for ground settlement and heaving were improved by supplementing
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information on coordinate accuracy and shape reproducibility generated by the UAS and
TLS. This confirmed its applicability for maintenance based on a quantitative performance
evaluation.

This study aimed to detect quantitative values for the settlement (heaving) of the
fill-dam body using a 3D point cloud combining UAS images and TLS data. To minimize
the impact on vegetation, which is the largest obstacle to geotechnical structures [24,52],
data obtained in winter were used for the analysis. To this end, this study used UAS and
TLS. However, 3D data can be collected with minimal obstacles to fill dam analysis by
combining various sensors and techniques such as UAS-LiDAR, ground cameras, and
LiDAR SLAM. Therefore, further research on this topic is needed.

5. Conclusions

To examine the effectiveness of 3D modeling analyses for quantitative maintenance
targeting fill dams, a 3D point cloud comparing UAS photogrammetry and TLS (terres-
trial LIDAR) and a 3D point cloud for combined analysis were implemented. Moreover,
their accuracy and reproducibility were verified. Furthermore, the quantitative values of
settlement and heaving of an existing dam body were detected and reviewed in terms of
maintenance. The conclusions of this study are as follows:

1. A 3D point cloud was constructed based on image data acquired in summer and
winter to review its effectiveness for the quantitative maintenance of fill dams using
the UAS. The comparative analysis confirmed that data obtained in winter exhibited
high efficiency.

2. In soil structures such as fill dams, the Z-coordinate error of the UAS-SfM-based 3D
point cloud is larger than that of the X- and Y-coordinates. Furthermore, data gaps
occurred because of obstacles such as trees. Therefore, an advanced 3D point cloud
was constructed by combining it with a TLS-based 3D point cloud. In addition, the
coordinate accuracies of the X-, Y-, and Z-axes were improved by combining the two
datasets.

3. The TLS-based 3D point cloud exhibited a shape reproducibility of 74.59% because of
occlusions such as trees and buildings, equipment access, and scanning angle. The
shape reproducibility rate of the UAS-SfM-based 3D point cloud was improved to
98.53% by reconstructing it as a 3D point cloud based on the combination analysis.

4.  To detect the numerical values of ground settlement and heaving, the settlement and
heaving areas of a 3D point cloud based on the combination analysis were reviewed
using the cross-sectional data collected from a contact survey. Consequently, ground
changes in four regions of the downstream slope, seven regions of the dam crest, and
four regions of the upstream slope were confirmed. Moreover, quantitative values,
namely heaving and settlement volumes, were calculated.

5. This study examined the effectiveness of the UAS, TLS, and a combination analysis
for 3D-model-based maintenance of fill dams. The advantages of each method were
highlighted, and the effectiveness of complementing the disadvantages was verified
using a data-combined 3D point cloud.
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