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Abstract: This study explores the growing application of 3D remote sensing in geohazard studies,
particularly for rock slope monitoring. It highlights Street View Imagery (SVI) as a cost-effective
alternative to traditional methods like UAVs. By comparing 3D point clouds generated from SVI data
over time, researchers can track rockfall progression and quantify retreat volume. A case study in
Koto Panjang cliff, Indonesia, demonstrates this approach. Utilizing seven years of SVI data, the study
reveals a total rockfall retreat of 5,270 m3, with an average retreat rate of 7.53 m3/year. Structural
analysis identified six major discontinuity sets and confirmed inherent instability within the rock
mass. Kinematic simulations using SVI-derived data further assessed rockfall trajectories and potential
impact zones. Results indicate that 40 % of simulated rockfall deposits accumulated near existing
roads, with significant differences in distribution based on scree slope angles. This emphasizes the role
of scree slope in influencing rockfall propagation. In conclusion, SVI presents a valuable tool for 3D
point cloud reconstruction and rockfall hazard assessment, particularly in areas lacking historical data.
The study showcases the effectiveness of using SVI in quantifying rockfall volume and identifying
critical areas for mitigation strategies, highlighting the importance of scree slope angle in managing
rockfall hazard.

Keywords: Rockfall; SVI; Indonesia

1. Introduction

Geohazard investigations increasingly rely on three-dimensional remote sensing techniques, as
they can effectively capture the shape and changes in natural hazards such as mass movements,
lava flows, and debris flows by comparing 3-D point clouds acquired at different times [1]. These
techniques are particularly useful in quantifying the evolution of rock slopes, including rockfall rates
and deformation before failure, through the use of lidar technology [2—4] and point clouds obtained
from photogrammetric methods [5-9].

The process of investigating rockfall changes can utilise technologies such as LiDAR [10-12]
UAV with Structure from Motion (SfM) [5,7,8,13]. Those two methods yield point clouds, which are
characterised by x, y, and z coordinates that portray a subject by representing it through a series of
points. Point clouds that can reach centimetres [2] to sub-centimetre [14] resolution (i.e., point spacing)
possess the potential to delineate topography with high precision, depending on the quality of the
acquisitions. Through the quantitative analysis and comparison of topographic information acquired
at distinct points in time, it becomes feasible to discern and gauge modifications associated with
terrestrial surface processes [6].

Street view imagery (SVI) services, which provide 360° panoramas from various roads, streets,
and locations worldwide, constitute a significant portion of the vast array of online images [15]. Street
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view images can be accessed through several providers such as Google Maps/Google Earth Pro [16],
Apple Maps, Mappilary, Karta View, Baidu Maps and Tencent Street View [15,17]. In most cases,
panoramic imagery is acquired using a car mounted with multiple cameras, accompanied by various
sensors, including lidar, though backpack-mounted cameras are also used for surveying narrow roads
[18]. In this study, we utilised Google Street View (GSV) as our data services provider. Initially, GSV
was primarily used in urban areas for virtual street navigation, but its use has since expanded to such
as non-urban areas allowing to asses the rate slope hazard through imagery [19] and for detecting and
quantifying volume changes due to rock failures [20].

This research aims to illustrate that 3-D models generated from street view images can not only aid
the identification of changes in the landscape of rock slopes but also reveal the evolutionary patterns
of a rock cliff throughout the documented year in a region where regular surveying and monitoring
systems for rockfall hazards are not in place.

2. Geological and Geographical Setting

The study site is at KM 77 of the highway that connects the Riau and West Sumatra provinces,
located within the Kampar Region of Riau Province, Sumatra Island, Indonesia (Figure 1). The studied
rock cliff spans 170 metres laterally and stands 25 metres high, adjacent to the highway to the north and
the Kampar River to the south. Three rockfall occurrences were documented in 2015, 2016, and 2019,
obstructing the road. As a result, the economic route linking the Riau and West Sumatra provinces
was adversely impacted (Figure 2).

The study site is part of the Bahorok Formation, composed of pebbly mudstone deposited in the
Carboniferous — Early Permian [21]. This formation is mainly composed of non-bedded medium to
coarse-grained breccioconglomeratic wackes [22], also The Bohorok Formation has generally been
affected by low, slate-grade, and metamorphism [23]. Subordinate interbedded mudstones, siltstones,
quartzose arenites, and lime-stones are also present. These pebbly mudstones have a silt to fine
sand-grade matrix. Their clasts are angular to subrounded, and clast lithologies indicate a continental
source; vein quartz, argillites, and arenites are dominant among less common limestones, mica schist,
and granite. Gneiss, chloritic schist, greenish calcsilicate rocks, and possibly rhyolite also occur. Fresh
angular microcline is prominent in thin section [24].

The main structural feature on the island of Sumatra is the Sumatra Fault System, which initiated
in the Mid-Miocene. It was formed due to various superimposed tectonic events, including the
widening of the Andaman Sea to the northwest of Sumatra and extension of the Sunda Strait to the
southeast of Sumatra in =11 Ma [25,26]. Additionally, it is also associated with the oblique subduction
of the Indo-Australian plate beneath the Eurasian plate [27-29] at a rate of 7 cm/year [30]. The
Sumatra Fault System is characterized by broad, sinusoidal faults with length on the order of ten
kilometres [25]. Structures in the Kampar Regency mainly trend northwest-southeast and northeast-
southwest. Fractures in the area comprise dextral strike-slip faults and normal faults. Also, it has an
average persistence five fractures/ meter with mostly joint and vein [30].
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Figure 1. (a) Location of study site at KM 77 of the Riau-West Sumatra route in Kampar Regency, Riau, Indonesia;(b)
Simplified geological situation of site which predominantly consist of metamorphic rock and northwest-southeast
trending structures (modified after [31].

Figure 2. (a) Oblique 3D view of aerial photo of the study area (modified from Google Earth) draped over a 8 m
digital elevation model (DEM); (b) Oblique aerial photo of the study site, captured using a DJI Mavic Pro 2 UAV

on July 2021.
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3. Methodology
3.1. Image Acquisition

Two types of images were used in this study, from which 3D point clouds of the studied rock face
were generated: Google Street View panoramas (i.e., SVI) and images captured using a digital camera
mounted on an Unmanned Aerial Vehicle (UAV) (Table 1). Street view panoramas were accessed
and downloaded through the Google Street View Static API [32,33].The data has been historically by
monthly accuracy collected by GSV from 2015 and continued to be captured yearly for up to seven
consecutive years, ending in 2021.

Table 1. List of Image retrieve from street view imagery and acquisition of UAV.

Time of Acquisition

(MM.YYYY) No. of Images Acquisition Method
12.2015 26 SVI
12.2017 19 SVI
08.2018 26 SVI
10.2018 28 SVI
01.2021 36 SVI
10.2021 280 UAV

In 2021, image acquisition was conducted using an unmanned aerial vehicle (UAV) equipped
with a DJI Mavic 2 Pro. The UAV was fitted with a high-resolution camera capable of capturing images
at 5472 x 3648 pixels, ensuring detailed and precise data collection. The point clouds generated from
these UAV images were subsequently utilized for the calibration of point clouds derived from the SVI
(Street View Imagery). This calibration process aimed to enhance the accuracy and consistency of the
spatial data obtained from both sources.

3.2. Decomposing 360-degree SVI images

Panoramic SVI (i.e., equirectangular images; Figure 3a) were converted into perspective images
(i.e., cube faces; Figure 3b), which are more suitable for further processing into 3D point clouds
using a structure-from-motion (SfM) workflow. These high-quality 360-degree SVI (Table 1) were
decomposed using a MATLAB script [34] that converted equirectangular images into six cube faces
with a resolution of 3328 x 3328 pixels per cube face image (Figure 3). The process of deriving cube
maps from equirectangular images followed the method of Bourke [35]:

d0i:10.20944/preprints202503.1838.v1
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Figure 3. Example of (a) panoramic image (i.e., equirectangular image) that has been converted into (b) six cubic

images (i.e., perspective images) (see Figure 4 and Table 2)

The process begins by taking an equirectangular image as input. The width and height of this
image are used to determine the size of the output cubic faces. If no specific output size is provided, a
default size is calculated based on the width of the input image. Additionally, a vertical field of view
(VFOV) is defined, determining how much of the spherical projection is visible in each face of the cube.
By default, the VFOV is set to 90 °. Each face of the cube corresponds to a specific direction: front,
right, back, left, top, and bottom (see Table 2). To define these directions, the function uses three angles:
yaw, pitch, and roll. These angles describe how the cube face is oriented relative to the equirectangular
image.
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Figure 4. The image which represent graph of equirectangular and perspective projection image (modified from
[35]: (a) Equirectangular image (b) Perspective image.

To project an equirectangular image onto the faces of a cube, the process begins by defining the
point P as as the top-left coordinate origin. This point serves as the reference for constructing the
grid that will be mapped onto each cube face. The position of P (in Figure 4a)is determined by the
vertical field of view (vfof) and the dimensions of the target cube face, as mathematically formulated
in Equation (1).

—tan(Y5*) -
P=1] —tan Vfg ) 1)
1

Here, v and h denote the width and height of each cubic face, respectively.

A scaling factor S is derived to regulate the proportional spacing between grid points, as defined
in Equation (2). This ensures the projected grid aligns precisely with the dimensions of the output
cube face, preserving geometric accuracy during the mapping process.

s_ |_ 2% 2
|

where Py, Py, P, denote the x-, y-, and z-coordinates of the top-left reference point P. For each cube
face, a grid of spatial coordinates is generated, corresponding to pixel positions on the output face. This
grid is initially constructed as a 2D array but is flattened into a sequential list of points to streamline
computational processing. The initial coordinates are then transformed using P and S to , ensuring
precise alignment between the grid and the equirectangular image. This transformation process is
mathematically defined in the equations below:

Py + Sy - XT
Pinit = Py + Sy : YT (3)
PZ+SZ ° 1

where Sy, Sy, S, denote the scaling factors for the x-, y-, and z-axis components, respectively. The
vectors X', YT represent horizontal and vertical coordinate vectors of the grid. The initial 3D positions
of the grid points, denoted as Pjnj; are computed by combining the base coordinates of the reference
point P and the scaled grid S.

Since each cube face requires a distinct spatial orientation, rotation matrices are applied to achieve
alignment. Equation (4) defines the composite transformation matrix for each face, constructed
from Euler-angle rotations: Ry(«) (pitch), Ry(B) (yaw)Rz(7y) (roll). This matrix rotates the grid
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points to match the target orientation of the cube face, ensuring seamless correspondence with the
equirectangular projection.

10 0
Ry(a) = [0 cos(a) —sin(a)

|0 sin(a) cos(a)

[ cos(B) 0 sin(B)]
Ry(B) = 0 10

| —sin(B) 0 cos(B)

[cos(y) —sin(y) 0]
R,(y) = [sin(y) cos(y) O
0 0 1

The transformation matrix T for each cube face is computed as the product of Euler-angle rotation
matrices:

T = Ry(a) - Rx(B) - Rz(7) (4)

Then, The transformed 3D coordinates P’ (see in Figure 4b), is achieved by applying T to the
initial points Pjy¢:

P’ =T Pinit )

After transformation, the points P’ are repositioned in 3D space and decomposed into their
cartesian components P}, Py, and P. These components correspond to positions on the unit sphere
represented by the equirectangular image.

The next step converts the 3D Cartesian coordinates to spherical coordinates, as defined by
Equations (6) and (7). Here, each point is parameterized by two angles: the azimuth 6 , which measures
the horizontal direction around the sphere (left/right), and the ¢, which measures the vertical direction
above/below the equatorial plane (up/down).

Pl
0= atan2<Pf> (6)
X

P/
¢ = atan2 -y (7)
/P)I(Z + P;Z
These angles are then mapped to pixel coordinates in the equirectangular image. The mapping

ensures that each point on the cube face corresponds to the correct location in the equirectangular
image as following equation (8) and (9):

1% 0
I:2'(1+TL’)+1 (8)
_H ¢
J_z'(1+7r/2)+1 ©

where (I, J) represent new horizontal and vertical pixel coordinate for cube face, and (V,H) denote the
width and height of the equirectangular image in pixels. The azimuth angle 6, which spans [—7, 7T],
defines the horizontal position around the sphere, while the elevation angle ¢, bounded between
—rmt/2 and 7t/2, determines the vertical position relative to the equatorial plane. The scaling terms 7
and 71/2 normalize the angular ranges to the pixel dimensions of the output image.

After all cube-face images were generated, geospatial coordinates were embedded into the images
using the ExifTool library [36].
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Table 2. Cube face and rotation view from initial camera images.

Cube face Rotation
front -
left Pan by 90 degrees
right Pan by -90 degrees
back Pan by 180 degrees
top Tilt by -90 degrees
bottom Tilt by 90 degrees

3.3. Data Processing
3.3.1. Dense Points Cloud Model Generation

The process for image datasets of GSV in Kotopanjang is only three out of six image cubes,
which represent part of the road and rock cliff. All the selected photographs were processed using
Agisoft Metashape Professional (version 1.5.4) SIM-MVS (Multi-View Stereo) software [37]. Graber
and Santi (2023) [6] explain the general process of creating 3D point clouds from images using Agisoft
Metashape, which involves initial photo screening and importing, photo alignment and tie point
selection, trimming of the sparse point cloud, optimization of the camera alignment, and creation of a
dense, high-quality point cloud.

3.3.2. Georeferencing and Registration of 3D Model

Five point clouds generated from GSV images and one point clouds generated from UAV images
were imported into the CloudCompare (version 2.12 alpha) software package for alignment and
analysis. These 3D point clouds were aligned (i.e., co-registered) with a reference point cloud extracted
from the national Digital Elevation Model (DEMNAS), which has a resolution of 8 meters per pixel.
Preliminary alignment (i.e., coarse alignment) was performed by choosing a minimum of three pairs
of points based on their features from the entire 3D point cloud.

Alignment of the point clouds was further improved using the Iterative Closest Point (ICP)
algorithm [38], which minimised the root mean square error (RMSE) between the point clouds. Before
applying the ICP technique, we marked two areas which were considered to be stable. The stabilisa-
tion of the remaining sections of the datasets, initially considered unstable, was achieved using the
transformation matrix derived from the first step. The Poisson Surface Reconstruction algorithm [39]
was then employed to produce a 3D mesh [39].

3.3.3. Change Detection of Point Clouds

We used the M3C2 plugin [40] within CloudCompare [41] to detect change between the point
clouds. The cylindrical neighbourhoods were oriented using the normal vectors obtained during the
SfM processing instead of creating new ones. All of the points in point cloud (01/2019; Figure 6),
following down sampling and cleaning in the pre-processing steps, served as “core points” where
the M3C2 calculation was carried out. Multiple neighbourhood sizes (representing the cylinder’s
diameter) were applied for each change detection interval to ensure the detection of both small and
large changes. For the point clouds, we used neighbourhood diameters of 0.3, 0.5, and 1.0 m. For
every set of M3C2 distances, an empirical limit of detection (LOD) was determined by fitting a normal
distribution to the M3C2 distance histogram. This process involved minimizing the sum of squared
errors between the distance histogram and the normal distribution model. The empirical LOD was
defined as the range within +2 standard deviations from the mean M3C2 distance. M3C2 distances
were computed between the initial and final scans for each slope to identify potential rock-falls
throughout the monitoring campaign. After assessing the changes, alterations exceeding the empirical
LOD were manually inspected to distinguish rockfalls from other factors such as erosion, missed
vegetation, photogrammetric noise, or registration error. To confirm each rockfall sources and to
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bracket the timing of each rockfall events as closely as possible, we reviewed all the photo datasets for
the relevant locations where changes occurred[40].

3.3.4. Rockfall Clustering and Volume Calculation

In the process of validating each rockfall occurrence and pinpointing their timing with precision,
the photo datasets relating to the specific areas where the changes took place were carefully analysed.
In cases where changes were unclear, the photo datasets were used to confirm their correlation with
rockfall incidents. The examination of change plots and RGB photos served the purpose of pinpointing
the locations linked to rockfalls [12]. Following that, we manually defined and separated the clusters
of points linked to rockfall events. The rockfall volume calculation was conducted using the 3D
alpha-shape method, as per the guidelines proposed by [7,42].

3.3.5. Structural Measurement and Kinematic Analysis

By utilizing georeferenced 3D point cloud data acquired through SfM photogrammetry and
Coltop3D software [43], a 3D shaded, coloured relief map was generated, with colours corresponding
to the rock cliff orientation (slope aspect and angle) (Figure 5). These point clouds enabled topographic
and structural analyses, which are critical to the study of rock slopes that are remote or difficult to
access, making traditional field investigations challenging. To gain a better understanding of how
discontinuities contribute to progressive slope failure, it is essential to determine the discontinuity
sets involved in past events. Using the point clouds, we were able to identify the discontinuity sets
associated with rock slope instability. Six primary joint sets (J1 to J6) were identified in the Coltop3D
software. The point cloud of each discontinuity set was imported into CloudCompare, where it was
compared with the locations of rockfall sources (interpreted from the point cloud of the rock cliff) [44].
This method allowed us to determine the number of rockfalls each joint set had been involved in.

Figure 5. (a) general view of the rock cliff. (b) Field measurement and identification six set of joint structure on
the field (as shown by the yellow and red square (c)). (d) potential failure of wedge and direct toppling from
kinematic analysis. (e) detection of joint using coltop3d for point cloud analysis (UAV scanned in 2021).


https://doi.org/10.20944/preprints202503.1838.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 March 2025 d0i:10.20944/preprints202503.1838.v1

10 of 18

Kinematic analysis from also provided by examining the potential movement of rock blocks
on point clouds which performs using DIPS and StnParabel software. This analytical approach is
particularly done by identifying types of block failures, such as sliding, toppling, or falling, which can
occur due to the orientation of geological discontinuities, including joints and faults.

3.3.6. Precipitation Analysis

In analyzing precipitation data, two data sources were used, weather station data from 2018 -
2021, and NASA Global Precipitation Measurement (GPM) data using The Integrated Multi-satellite
Retrievals for GPM (IMERG) algorithm to estimate precipitation over the majority of the Earth’s
surface [45]. The analysis is done by calculating the Antecedent precipitation index (API)[46] against
daily weather precipitation data, combined with temperature data plots. As for the GPM data, we
selected the IMERG precipitation Half Hourly 0.1 degree x 0.1 degree V06 and IMERG precipitation
day 0.1 degree x 0.1 degree V06 product which provides more accurate precipitation information
across Global Precipitation Climatology Centre (GPCC)-gauged regions compared to the near real-time
products [45]. The data was selected based on rockfall events that occurred on November 13, 2016.
This IMERG plot data is taken on rockfall events that occurred in 2016 because weather station data
has not covered data before 2018. Data processing is done by extracting. hdf5 which can be accessed
on https:/ /www.earthdata.nasa.gov/ and taking daily and 24-hour data every half hour. The data is
calculated cumulatively daily and plotted by overlaying the study location point.

3.3.7. Trajectography Analysis

Simulation of rockfall trajectories and impacts was performed with stnParabel [47], using the
point cloud as topographic input. This algorithm takes into account the size and shape of the falling
rock, the roughness of the terrain, the gravitational potential energy of the rock, air resistance, and
frictional forces between the rock and terrain. For this simulation, the point cloud is used to represent
the terrain over which the rockfall is simulated. For the data preparation, we used a set of data points
in a 3D coordinate system that represents the surface of an object or terrain. In this case, the point cloud
represents the terrain over which the rockfall is simulated. Detail of spacing point cloud is defined on
how big the size of the rock. So smaller size of the rock will follow by the density of the point spacing
between the point cloud [48]. We utilized kinematic analysis for source identification and integrated
the results into the provided instruction website for detailed steps [48].

4. Results
4.1. Structural Interpretation

This scarp area shows a slope face oriented on average at 0°, with a dip slope up to 80°. The scarp
has a length of 165 m, 50 m in height, with six main discontinuity sets (J1 to J6) that identified from
point cloud data and direct field measurements Table 3. J1 and J3 stand out as pervasive joint sets that
are present almost along the entire outcrop. These sets are similarly oriented to regional fracture zones
(Figure 5).

Based on the collected discontinuity and slope orientation data from the rockfall source zone.
Although the orientation of discontinuity sets may slightly vary at different sections, a total of two
dominant discontinuity sets (J1 and ]J3) were identified; 1 : 8/053, |3 : 345/77 (Figure 5). The
friction angle of discontinuities in the rockfall source zone was calculated to be 30°. Based on the
kinematic analyses conducted for the rockfall source zone, it was determined that the most common
discontinuity-controlled failure type on the source zone is wedge and block toppling failure (Figure 5).
This dominant discontinuity is attributable to its alignment with a regional fracture zone.
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Table 3. Dip direction and dip of planar discontinuities measured in the field and from point clouds (using

Coltop3D).
Dip Direction / DDIIP E(l)ﬁc;’l(?irrlli
Discontinuity Dip from Field Discontinuity / P
Cloud Tolerance angle
Set Measurements m
0 Measurements
( ) (0)
J1 008/53 5 8/53 +15.0
]2 169/77 5 168/77 + 15.0
J3 345/77 5 348/77 +15.0
J4 270/60 5 272/60 +15.0
J5 295/75 5 298/75 +15.0
J6 224/82 5 225/83 +15.0

4.2. Comparison of Point Cloud Data

Based on the results of SVI and UAV data processing using Agisoft software, seven point clouds
can each be processed and compared. The result covered all the cliff scarp in the area, only SVI from
01/2019 that have missing section of the scarp (Figure 6).

The topography of the studied rock cliff appears to have changed significantly between 2015
and 2021 due to mining and rock collapse (Figure 7). By comparing the 3D point clouds from these
years, 27 rockfall source areas are identified as source of rockfall, with volumes ranging from 8 to 1774
m3, have been identified. Between October 2015 and December 2017, 11 rockfalls occurred, followed
by 7 rockfalls between December 2017 and October 2018 and 10 rockfalls between October 2018 and
October 2021 (Figure 7). The cumulative rockfall volume from 2015 to 2021 was approximately 5.27 x
10°m. On average, 3.85 rockfall events occurred annually, resulting in a total volume change of 7.53 m3
from 2015 to 2021.

10/2018 10/2015

12/2017

08/2018

Figure 6. Result of SfM for 7 years of SVI data from 2015 —2021. The 3D point clouds from 10/2015 to 01/2021 are
resulted using images from SVI and 10/2021 are result from UAV acquisitions.

The volume-frequency (V-F) relationship for rockfalls and rock fall sources volumes is distributed
according to a power law [49]. Before 2015, no data were noted and recorded. This might make our
estimates more cautious, leading to a calculated return period for rock failure that may differ from
its actual frequency but align with the power law pattern. The relationship differs if we consider
only the events from 2015 to 2021 or if we include two large events from 2016 and one from 2018.
The corresponding power law fittings for 27 blocks retreat are as follows: N(v > V) = 22.43 V063
obtained using least squares linear regression. In this case, the minimum, or cut off, volume (1)) of the
power law fitting is set as 5.25 m3 (Figure 8).
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Figure 7. Cumulative change of rock cliff volume. Blue indicates negative volume change due to erosion or
rockfalls; red indicates positive volume change due to deposition.

Concluding that the scaling exponent b, crucial for assessing the frequency of rock failure events,
is more significantly influenced by the maximum recorded rock failure volume in the historical
inventory than by the minimum volume, and it achieved this by analysing both types of volumes
through regression and using the scaling exponent b from published references [6,50]. The insufficient
representation of large rock failure events in fitting the power-law tail profoundly impacts the ability to
predict the frequency of future, more significant events. This underscores the importance of considering
the maximum rock failure magnitude in the inventory to pre-vent unrealistic extrapolation and to
accurately determine the frequency or return period of larger failure events.
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Figure 8. Magnitude vs frequency of rockfall in Kotopanjang from 2015 — 2021.
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4.3. Precipitation Analysis

A detailed analysis of GPM-IMERG data on 1-day before the event (13/10/2016) on reveals a
surge in rainfall intensity starting on 15:00 until 20:00, with values ranging from 32-36 mm/day, and
lasted for 5 hours. This substantial rainfall peak stands out prominently amidst the overall rainfall
distribution for the day, accumulating to a total of 220-240 mm/day (Figure 9a). Meanwhile, based on
the climatological weather daily precipitation data, it shows the maximum API value of 189.33 mm
and the lowest at 2.69 mm (Figure 9b). This indicates theres an increase in rainfall happen just before
the rockfall event occured at that time.
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Figure 9. (a) Spatial variability of intense rainfall every half hour event before rockfall on 13/10/2016 over Kampar
area as measured by IMERG ( study show location in the red dot) and (b) Daily precipitations retrieved from
IMERG data (2015-2017) and local weather station (BMKG) (2018-2022) with API calculations with regard to the
acquisitions of images and event of rockfall.

4.4. Trajectography Results

Upon analyzing the processed kinematic analysis data, we identified 1542 potential sources.
Subsequent simulations parameter were conducted using a rolling friction algorithm for impact model
and a volume size of 1 x 1 m3, with 100 simulations performed for each point source as detail parameter
shown in (Table 4) and in 3D view perspective (Figure 10a).

The simulation results of the simulated from rockfall deposits primarily which approximately
40% accumulated at locations where roads and infrastructure were present, generating translational
kinetic energy impacts with an average value of 52 k] and a maximum value of 321 kJ. Additionally,
the average energy line exhibited a value of 46° (Figure 10d).

Particularly noteworthy is the differential distribution of deposited rockfall across sectors with
scree slopes exceeding 20° and those with slopes below 20°. This distinction underscores the signif-
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icant impact of scree slope on rockfall trajectories. As evident from (Figure 10b), the eastern sector
consistently exhibits a more extended trajectory compared to the western sector, demonstrating the
pronounced influence of scree angle on rockfall distribution. This is also shown by the roughness in
the eastern sector which is higher due to to active scree slope accumulated from rockfall events while
the western sector has already excavated and less accumulated rockfall which tends to be more flat.

Table 4. Parameter used for trajectography simulation.

Parameter Value
3D terrain model 22,625,890 points
Friction Angle (qo,) 28°
Cohesion (¢') 30 kPa
Volume 1m3
Density 2700 kg/ m3
No. of Simulations 100 each sources

- Scree’> 20%

Figure 10. Image (a) depicts the simulation results based on the 1542 identified source points. (b) presents a
comparison of sediment positions at scree slopes with angles less than 20° and greater than 20°. Reach probability
and are Maximum velocity presented in (c) and (d), respectively.

5. Discussion
5.1. Volume Calculation

While the identified discontinuity sets and orientations matched field observations, normal
spacing remained unknown due to inaccessible rock faces. Utilizing 3D point cloud data and existing
methods allowed for an objective estimation of normal spacing and, consequently, the detached block’s
average volume. Factoring in this size provides more realistic travel distances and energies as the
fallen block fragments along existing discontinuities[51].

Decomposing images from street view imagery could provide a solution in order to provide
historical topography relief condition although it gives a lower detail resolutions compared with recent
technologies using UAV and LiDAR. Since our result also related to the volume calculation which
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carried out solely uses the ICP (iterative closest point) method with UAV data that has been calibrated
and georeferenced with DEM data. It is still necessary to pay attention to the volume of the comparison
results between point clouds that can provide a large enough standard deviation on the accuracy of
the data used in the calculation of the magnitude frequency relationship graph [6,52].

From the detected block release using detection of point cloud maximum detected is around 1.7
x 10°> m® and the smallest block is around 5.25 m?, this result giving some varianve between total
number of rockfall and rock mining done by the locals. also this result is still insufficient representation
of large rock failure events in fitting the power-law tail profoundly impacts the ability to predict the
frequency of future, more significant events [6]. This underscores the importance of considering the
maximum rock failure magnitude in the inventory especially on the ground which has became block
fragment to prevent unrealistic extrapolation and to accurately determine the frequency or return
period of larger failure events. However since there are no comparison related to previous data result,
so inventory plays an important role for predicting a future failure rockfall events.

5.2. Simulation Accuracy

Block size significantly impacts the outcomes of 3D rockfall simulations, influencing both trajec-
tories and energy loss [52]. While the average size can be estimated from past rockfall deposits, this
method is often impractical due to the immense number of blocks involved. Additionally, fragmenta-
tion during the rockfall itself can render such measurements inaccurate[51].

Predicting rockfall trajectories is complex due to inherent uncertainties in both the rockfall
process itself and the computer modeling techniques used. These uncertainties can be addressed by
incorporating probability models for factors like source location, soil properties, initial conditions, and
terrain features within the rockfall process. Our findings indicate a potential 40% probability of road
closures, primarily correlated with historical rockfall events. Although we lack precise data on the
location of past rockfalls, as these are often promptly addressed by road engineers, our simulations
suggest a continued risk of future rockfall incidents impacting the roadway.

Similarly, uncertainties in numerical modeling can be mitigated by applying probabilistic models
to simulate rockfall dynamics. While stnparabel software offers a probabilistic component encompass-
ing most parameters [48], it still needs to explore more on rock fragmentation modeling capabilities.
This probabilistic approach presents a valuable alternative, particularly in emergency situations where
data is scarce.

6. Conclusions

In this paper, we provide the use of street view imagery as an alternative solution to be able to re-
construct 3D point clouds and provide comparison for evolution retreat of rockwall with decomposing
the images rather than processed directly from the panorama images. Although, the detail of point
cloud resulted less than UAV, however, it can give the best picture if there is no historical data or report
at all related to rockfall events. According to cumulative volume comparison between 2015 - 2021 data
shows 5.27 x 10° m> has been fallen or near the road. This further reinforces that there is a possibility of
periodic events that make this area a priority to be monitored. The results of the structural kinematic
analysis show the possibility of wedge and direct toppling failures holding an important influence in
the occurrence of failures that occur in the rock wall. From the comparison of scree in both east and
west sectors, it shows that lowering the scree angle gives the possibility of slowing down the trajectory.
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