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Abstract: Open pit mining is a common technique for extracting surface mineral resources, but it
poses safety risks due to terrain instability and slope movements. Accurate and efficient monitoring
of surface changes is essential for operational safety and informed decision-making. Recently, UAV-
based photogrammetric point clouds have emerged as a cost-effective and flexible alternative to
traditional geodetic methods. Among the analysis tools, Multiscale Model to Model Cloud Comparison
(M3C2) stands out for detecting 3D changes between epochs. However, standard M3C2 relies on
internal accuracy, which may lead to overly optimistic assessments. This study introduces a
visualization-based approach using realistic external-accuracy test statistics derived from GNSS
control points. Within the approach, a new visualization metric based on the ratio of the norms of 2D
and 3D change vectors is proposed. In cases where there is a predominant movement in the horizontal
direction, the calculated ratio values are larger compared to their immediate surroundings. In this
way, these locations become more perceptible and user attention is directed to the highlighted
locations. Thus, it will be possible especially for non-specialized users to better examine these
prominent locations in the images and in the field when necessary. In this way, decision makers will
be provided with a practical tool to alert the field personnel working in the relevant locations and to
ensure security quickly. The findings show that visualization supported by realistic accuracy values
can significantly contribute to the identification of landslide areas that may be caused by excavation
and are likely to progress over time in an open pit mine site.

Keywords: Open pit mining; M3C2 algorithm; 3D change detection; UAV photogrammetry; spatial
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1. Introduction

In recent years, open pit mining has increased significantly due to its economical and
flexible nature for the extraction of young, near-surface deposits. These surface mining sites
offer a low-cost production environment to meet the growing energy demand of societies.
Many countries also support this sector for its advantageous income generating potential. In
addition to the economic benefits, open pit mining provides safer working environments for
workers than underground mining (Altiti etal., 2021). As with any operation, open pit mining
is not risk-free and involves certain risks. Mass displacements may occur because of gravity
during excavations. Especially in areas where the slope of the topography is high, excavation
in the lower elevated locations may trigger a downward movement of the mass in the upper
elevations. Determining whether this movement has begun and where it has been occurring
is an important safety need for the workers and for the prevention of material damage.

To improve the quality and efficiency of the mining site operations as well as to plan,
coordinate, and manage these operations, spatial data collection should be carried out at
regular time intervals. In the not-too-distant past, when technology was not widespread and
more costly to access, the interval for laborious data collection was set longer. However, low-
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cost imaging devices and carrying platforms have enabled prompt and flexible data
acquisition. Easily obtainable data allows undertaking more frequent monitoring activities
at the site. This has improved the effective management capacity of the mine field by
maintaining strict safety controls.

Various spatial products can be utilized to ensure safety in mine sites. For example, risk
maps can be produced to present landslide susceptibility. These maps show the risk value at
a location obtained by combining different attribute data of the area under a multi-criteria
decision-making algorithm. However, these maps have been prepared using small-scale
topographic maps and they exhibit the risk only in general terms. Security monitoring
depending solely on the risk maps will not meet the standards for constantly changing,
dynamic environments as in open pit mining.

In open pit mine operations, monitoring change and safety go hand in hand and cannot
be separated from each other. Here, data must be up-to-date and continuous. Historically,
data acquisition quality and density has changed significantly over time in parallel with
technological developments. While systems were initially designed to deliver sparsely
distributed point data, modern systems provide opportunistic and dense data acquisition
that better represent the surface. For example, geodetic surveying instruments (total station,
level, GNSS-RTK etc.) capture point data with an accuracy of cm or less. The resulting
geodetic dataset shows a sparse and inhomogeneous point distribution. However,
monitoring surface changes demand more dense point sets as in the case of open pit mines.
Photogrammetric systems enable acquiring dense point clouds and the distribution of these
points can be more homogeneous compared to geodetic systems. In recent years, drone-
mounted cameras and LiDAR systems are frequently used for surface data collection.
Practitioners prefer camera systems over LiDAR in terms of cheaper operation in the field.

Geodetic data collection is a time-consuming operation, and the topography may
challenge and expose the survey team to several on-site risks. Drones suit well for mapping
inaccessible areas in a short period of time and make data acquisition more secure than
terrestrial geodetic systems. Despite their disadvantages, practitioners still benefit from
geodetic systems for georeferencing and model validation purposes.

The spatial data needed for monitoring and management of activities in mining areas
can be acquired in the most cost-effective way by producing photogrammetric point clouds
with the help of drones (Ren et al. 2019). The point cloud is converted into a digital elevation
model (DEM) through meshing, interpolation and filtering stages, and the change can be
revealed by comparing two DEMs of successive epochs. In this method, known as DEM of
Difference (DoD), only the change in the vertical direction can be analyzed with the
constraint that the components in the horizontal direction are constant. However, the change
can also be revealed by comparing the raw point clouds. Multiscale Model to Model Cloud
Comparison (M3C2) is a widely accepted method based on the principle of directly
comparing point clouds without any additional processing (Lague et al., 2013). Unlike DoD,
M3C2 calculates the 3D change vector by comparing point cloud data belonging to two
different epochs.

In most of the studies using M3C2, the results are presented and interpreted visually
(Lague et al., 2013; Cook, 2017; Liu et al,, 2023; He et al., 2024). Yan et al (2024) monitored
the changes before and after rainfall at different slope locations in a catchment area using
four different methods, including the M3C2 algorithm, with UAV-integrated
photogrammetric and laser systems. They incorporated visualization to qualitatively assess
their results. Regardless of the methods used for change analysis several studies emphasize
the importance of visualization. For example, Teng et al (2022) suggested to use VR/AR tools
for visualization of point clouds and to conduct further research on this topic. Song et al.
(2024) examined the current state of early warning systems in mine sites. They discussed
the visualization capacities of these systems as a whole and underlined the basic need of
visualization for better presenting spatial data in GIS environment.
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As in many fields, machine learning applications have been deployed in geosciences
(Reichstein et al., 2019). In the field of mining, machine learning is used to understand
complex geological and geotechnical phenomena and to improve decision-making processes
with big data solutions (Liang et al., 2023). For example, machine learning is utilized in
solving slope stability problems that may be encountered in open mine applications (Ospina-
Davila et al., 2020; Haciefendioglu et al., 2021). Although machine learning and Al solutions
have been incorporated into many fields, the takeover of all jobs by Al in the modern sense
has not yet been realized. Here, human capacity remains superior, especially in situations of
uncertainty encountered in decision-making applications and in situations where skills such
as creativity and interpretation need to be used (Jarrahi, 2018). Especially in emergency
situations that require immediate intervention, human cognitive capacity may need to be
used. Forecasting the precise timing of slope failures remains challenging and is an active
area of research (Intrieri et al, 2019). However, the large size and diversity of data
necessitates decision makers to select and extract the necessary information depending on
its relevance to the subject under investigation. Here, human attention should be directed to
the selected information and unnecessary ones should be ignored (Carrasco, 2011). In this
context, visualization is still an important tool for decision makers and should be used
effectively.

This study aims to visualize M3C2 output as a decision support in a mine site where
excavation areas are dominant, but landslide locations are also observed. Instead of the 1D
test statistic adopted by M3C2, which is based on the determination of significant change
vectors using internal accuracy criteria, an external accuracy-based 3D test statistic is used.
A visualization-based approach is proposed to spot locations where landslides occurred, and
potential ones could occur. In this way, visual materials produced at a less computational
cost can be used in quick decision-making situations.

2. Materials and Methods

In this study, we did not collect any data in the field but used readily available data
obtained by the company of an open-cast coal mine site. The study area is between 39°.1236-
39°.1354 N latitudes and 27°.5730-27°.5944 E longitudes, within the boundaries of Soma
district in Manisa province, Tiirkiye. The site is located approximately 57 km northeast of
Manisa and 5 km southwest of Soma city centers. The mining site has elevation ranges
between 680 and 865 meters above mean sea level with rolling topography. The open-pit
mining area covers a total of 2.4 km? (Figure1). Within the scope of mining activities, the
lignite ore extracted from the study area is located within the Miocene-aged marl formation
and is classified as Group 4 lignite according to Tiirkiye’s coal classification system. The
mining operations are conducted using mechanical excavation methods without blasting.
The ore is extracted by excavators and transported by trucks. The extracted ore is stored in
stockpiles within the site, while waste materials are deposited as spoil heaps.
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Figure 1. Study area having dimensions of 1.3 x 1.8 km extension. Colored circles denote GCP and ICP
locations used in the field at ten different epochs. Note that not all GCPs and ICPs were used in each

measurement epoch, but only a subset of these within the imaged area (cf. Table 2)

Surveying data in the study area were obtained in 10 surveying epochs over 19 months
by the company operating the mine site. The Turkish General Directorate of Mining and
Petroleum Affairs (MAPEG) demands the mining companies to prepare production plans and
to monitor production areas dynamically (MAPEG, 2025). In this context, the company
performed terrestrial and photogrammetric measurements at irregular time intervals
depending on the development of excavation works in the site. In each epoch, imaging was
performed not in the entire site but in the areas where changes occurred due to excavation.
Therefore, the number of images is obtained differently from epoch to epoch. As can be seen
in Table 1, the flight altitudes and average ground sampling intervals of the images taken at
different epochs may also differ due to imaging various distinct topography.

The dataset used in the study includes data collected in 10 different epochs (Table 1).
Initial epoch (Epoch 0) was collected on 27.03.2021 and Epoch 9 was collected on
19.10.2022. The time periods between successive epochs are not uniform, and the shortest
interval is seen between Epoch 4 and Epoch 5 with 10 days, while the longest time interval
is 160 days between Epoch 7 and Epoch 8. All imagery is captured using a DJI Phantom UAV
with the FC6310S camera model having focal length of 8.8 mm and pixel size of 2.41 pum. The
numerical data of the flights are presented in Table 1.

Agisoft Photoscan was used to acquire point clouds (Agisoft LLC, 2018). The software
performs two-stage photogrammetric orientation of the images to reconstruct the surface.
In the first stage, sharp details in the images are extracted and matched. The second stage
consists of a bundle block adjustment model using the image coordinates of the homologous
points acquired in the first stage. Here each measured image coordinate is modeled as a
function of parameters such as interior, exterior orientation elements, and 3D object
coordinates. Ground control points (GCPs) are introduced to remove the rank deficiency of
the model; thus, they define the datum of the system. The least squares method is applied to
the bundle block model and its parameters are estimated together with model deviations
which are in turn used to compute quality measures. Apart from internal model deviations
independent control points (ICPs) are used for a more realistic model validation.
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Table 1. UAV campaign data

Mean Ground

Epoch Pr(]a)\:zfl?g::)ch l:l(;tga(:s Alt(l;u)de Sampling Distance  Area (km?)
(GSD) (cm)
Epoch 0 March 27,2021 0 450 168 6.6 1.490
Epoch 1 May 30, 2021 64 375 239 6.5 1.010
Epoch 2 June 23, 2021 24 352 208 5.6 1.750
Epoch 3 Aug. 2, 2021 40 401 245 6.8 1.820
Epoch 4 Aug. 23,2021 21 454 212 5.5 0.772
Epoch 5 Sep. 2, 2021 10 278 228 6.2 0.587
Epoch 6 Oct. 1, 2021 29 433 198 5.3 0.636
Epoch 7 Nov. 6, 2021 36 295 215 5.9 0.470
Epoch 8 April 15, 2022 160 592 202 5.8 2.440
Epoch 9 Oct. 19, 202 156 570 220 6.0 2.910

Change in mining activities can be determined by taking the difference of digital
elevation models obtained for two epochs. In this method, known as DEM of Difference
(DoD), the point clouds obtained for each date must be converted into a digital
surface/terrain model. Although DoD is advantageous in applications that require ease of
calculation and rapid detection of changes over large areas, it is not a suitable method for
vertically extending objects where the surface to be examined cannot be represented by a
digital surface model (Lague et al,, 2013). In addition, only changes in the vertical direction
can be revealed by comparing horizontally oriented grids within DoD. Therefore, the change
is presented here in one dimension. However, it may be preferable to perform 3D change
analysis in problems where the change is dynamic.

Among others, M3C2 is the widely used 3D analysis method where it compares point
clouds obtained at two distinct epochs. The method works in two stages and uses plane and
cylinder as auxiliary surfaces for the solution (Lague et al,, 2013; Ozdas et al., 2024). In the
first stage, for each point in the reference cloud a plane is estimated with the help of the
points lying in the D diameter neighborhood of this point and its normal direction is
calculated. In the second stage, the intersection of the reference and comparison point clouds
is taken with a cylinder of radius d/2 passed along the estimated normal direction. All points
lying within the cylinder are projected to the normal direction. The coordinate centers of
these projection points are found separately both for the reference and the compare sets. The
two coordinate centers in the normal direction are the start and end points of the change
vector. Its direction is from the reference set to the comparison set and its norm is the
amount of change.

In the study, CloudCompare v2.12.2 software was used to obtain the change between
two epochs as a 3D changing vector using point clouds (CloudCompare, 2020). The raw point
clouds loaded into the program were processed through the M3C2 distance plugin. M3C2
delivers three coordinate values for each point in the reference cloud, change vector norm,
and three-unit vector components of the change vector. In addition to these seven
parameters, M3C2 also calculates variables related to the quality of the solution for each
reference point. These variables are the number of points within the boundaries of the
cylinder with diameter d for both clouds, the standard deviation value of change vector norm,
and an indicator value (0/1: insignificant/significant) that shows the statistical significancy
of the norm.

3. Visualization

Raw data can be subjected to various analyses and used to extract information from
simpler to more complex levels. Various algorithms and models are utilized in the evaluation
of data. For example, a bundle block adjustment model based on the collinearity equation is
used to obtain a digital elevation model from photogrammetric images. Other derived
quantities such as slope and aspect can be extracted from the digital elevation models. The
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DEM and other derived quantities do not make sense on their own, so they need to be
considered in a certain neighborhood.

Visual materials are frequently used in geomatics discipline. With the classification
process applied to the remote sensing image, a digital classification map is obtained, and the
classes are distinguished by pixel radiometric values. In a network adjustment, the
confidence ellipses at the points forming the network can be drawn and the change of
accuracy across the network can be visually presented. In detail surveys, the relationship
between the points is recorded on a sketch in the field and this sketch forms the basis for
map generation. Another important example of visualization is cartographic generalization,
which is the process of combining details that would not normally be visible on their own in
small-scale map production. The examples given above are selected examples that show that
visualization activity constitutes an important part of cartography studies, and many more
applications can be specified (Goudine et al., 2020; Lacey & Nelson, 2023; Liu et al. 2021;
Yang et al.,, 2023; You et al,, 2023; Zhang & Maram, 2025).

4. Results and Discussion

The point clouds obtained with M3C2 were utilized in the study. In order to use the point
cloud with the highest accuracy within the scope of the study, it is important to evaluate it
meticulously. Dense matching was carried out following the image matching and relative
orientation phases, producing the orthophotos and point clouds that would be utilized in the
study. The model's absolute orientation was established using ground control points (GCP),
and independent control points (ICP) were used for model validation. GNSS relative
positioning was used to determine the coordinates of the control points for each epoch,
where network RTK was adopted for 3D coordinates of each control point. The standard
deviations and root mean square errors obtained with GCPs and ICPs for all epochs are
shown in Table 2. The accuracy values found with ICP are more acceptable than those found
with GCP. They are consistent with the practical values of 0.25-0.5xGSD for the horizontal
component and 0.5-1.0xGSD for the vertical component. The role of ICPs is central to this
study because they have the function of making the proposed 3D test statistic more realistic.

The second step was the extraction of change vectors from the point clouds created by
the photogrammetric method, the quality of which was each tested separately. The M3C2
algorithm was used here. For each of the points in reference epoch, the corresponding point
in compare epoch was determined and thus the change vector was found. It should be
emphasized that each point in reference epoch may not have a corresponding point in
compare epoch, since image matching is used to determine the points, it should not be
ignored that there may be a gap in compare epoch due to the lack of a match at the relevant
location. In M3C2, the change vector is given with four parameters: the absolute value of the
vector and the unit vector components in the coordinate components of the change direction.

Table 2. Each epoch’s RMSE values

Epoch Number of RMSE X (cm) RMSE Y (cm) RMSE Z (cm) Mean Ground Sampling
GCPs / ICPs GCPs / ICPs GCPs / ICPs GCPs / ICPs Distance (GSD) (cm)
0 5/4 0.80/0.74 0.52 /0.30 0.92 /3.30 6.6
1 10/9 0.57 /1.07 0.39/1.29 0.39/2.80 6.5
2 7/3 0.38 /3.15 0.63 /2.67 0.90 /2.35 5.6
3 10/10 0.58 /0.77 0.52 /1.56 0.57 /291 6.8
4 8/7 0.71/1.00 0.75/1.86 0.74 / 2.68 5.5
5 9/9 0.43 /148 0.49 /182 0.32/3.79 6.2
6 12/11 0.60 /1.72 0.38 /1.37 0.32/1.66 5.3
7 12/12 0.72 / 1.49 0.74 / 2.12 112 /5.17 5.9
8 14/15 0.56/1.76 0.45/1.83 0.40 / 4.04 5.8
9 13/12 0.39/1.39 042 /1.36 0.43 / 4.55 6.0
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When evaluating with M3C2, the fine registration stage is skipped. At this stage, in order
to perform fine registration, which is applied to increase the registration accuracy obtained
with georeferencing, it is necessary to select the locations where there is no change from one
epoch to another and evaluate with the help of these points. However, considering the fact
that there may not be a region within the study area that can be classified as fixed, this step
was not applied. Only the reference area generated by the GCPs in both epochs is taken as a
basis here.

M3C2 calculates the change vector components for each point in the reference point
cloud. In the output file it produces, the 3D change vector components from the reference
point cloud to the corresponding point in the compare cloud are given as well as the standard
deviation values at both endpoints of the calculated change vector extending in the normal
direction. The standard deviation values at the endpoints are obtained with the help of the
points of reference and compare clouds lying inside a cylinder of diameter d passed in the
normal direction. Using the norm of the change vector and its standard deviation, the
significance of the change vector is tested with the following equation:

~N(0,1,1-9/) (1)

TC,M3C2 =
O¢M3C2

In eq. (1), c is the change vector norm, o, 3¢, the calculated standard deviation and
N(0,1,1 — a/2) the table value corresponding to the probability of error o for a standardized
normal distribution. Using 95% confidence level, the test result for each location given in the
M3C2 output file is presented to the user as a binary indicator within the same line. However,
the standard deviation values used by M3C2 are an internal accuracy measure since they are
calculated by deviations from the mean value using the points within a cylinder of diameter
d. As external accuracy, GNSS observations can be utilized which are originally collected for
the orientation of point clouds and their validation. To test whether the change vector is
statistically significant, we use the 3D distance equation, which is the norm of the difference
of the beginning and end point vectors, i.e. the 1st and 2nd epoch coordinates:

c= \/(Xz —x1)2+ (y2 —y1)? + (2 — 21)? (2)

A differential equation is obtained by taking the derivatives of the stochastic variables

(x2 —X1) (x2 —X1) _ y2—y1) d

dc = _fd)ﬁ + - dX2 (YZ - Y1) d (Zz - Zl) (Zz - Zl)

Vo — c dz, + fdzz (3)

y1 +

Here the coefficients in front of the variables denote the unit vector components in the
normal direction. The normal unit vector components can be retrieved from the output file
produced with the point cloud generated with M3C2 and the equation (3) can be written in
more compact form as

dc = —n,dx; + nydx, — nydy, + nydy, —n,dz;, + n,dz,. (4)

Error propagation is applied to equation (4) by assuming that the output variables
provided by M3C2 in each epoch are independent. Thus, the variance of the change vector
norm is computed as

02 = n2(02; + 0%) + nZ(02, + 0Z;) + n2 (02, + 02,). (5)

For the coordinate variances on the right side of the equation, the rmse values found
with ICPs (Table 2) can be used. However, considering that the GNSS coordinates obtained
with network RTK are also stochastic variables, a more realistic variance can be estimated
by considering the variances in the horizontal and vertical components for TUSAGA-AKktif
with g, = £3 cm, g, = +5 cm (Bakici, 2017).

0% = O¢ + 0%y + 0 (6)
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Test statistic based on 3D change vector can be checked by
CZ
T = W~F3,f1+f2,1—oc (6)

cr

using Fisher distribution (Koch, 1999), where f; and f, denote the number of ICPs in the
reference and compare point clouds and a=0.05 the probability of error. For values of the
test statistic exceeding the Fisher distribution table value, the change vector is statistically
different from zero. In this way, the non-zero positions of the M3C2 change vector, which
reveals the change between the two epochs, can be revealed.

The significant change locations produced by M3C2 based on its internal accuracy
measures can be compared with the external accuracy-based change locations proposed in
this study. Figure 2 shows the locations where the change vector is significant according to
the original results produced by M3C2. The figure clearly distinguishes between the
excavation and the landslide areas. What is striking in the figure is that M3C2 labels almost
the entire area as statistically significant change locations. On the other hand, proposed test
statistic with realistic variance reveals change in much fewer locations given in Figure 3. The
example presented in Figures 2 and 3 shows the change occurred from Epoch 4 to Epoch 5
and there is a time difference of 10 days between these two epochs (Table 1). If analyzed
with the internal accuracy measures of M3C2, it would be inevitable to infer that a change
occurred in a large part of the area within a short time frame of 10 days, as in Figure 2. When
the drone images of both epochs were compared by visual inspection, no concrete evidence
supported the situation depicted in Figure 2. Thus, it was qualitatively confirmed that the
change shown in Figure 3 is the more realistic one.
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Figure 2. Change locations occurred between epoch4 - epoch5 revealed by M3C2’s internal test
statistic. The color scale shows the length of change vector where positive/negative values denote

volume increase/decrease
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Figure 3. Same as Figure 2 but test statistic here is based on external accuracy values

Another example is the norms of the 3D and horizontal 2D change vectors detected in
the area during the time interval Epoch 2 - Epoch 1. In Figure 4, a volume decrease can be
seen in the area indicated by A and an increase in B. When the 3D and 2D changes are
analyzed, it is easy to visually distinguish between the two regions, but an experienced
interpretation is needed to reveal the nature of the change. As can be seen in Figure 5, A is an
excavation and B a landslide area, it is likely that even the use of both visualizations together
may lead an inexperienced user to erroneous interpretation. Here, visualization can be done
with a new variable by transforming the M3C2 results. The ratio of the 2D change in xy-plane
to the 3D change

Cry
Cratio = I (8)

can be plotted for all points as in Figure 6. The ratio obtained by equation (8) is more useful
for visually distinguishing between changes of different nature at locations A and B.

Figure 4. Close views of orthoimages bounded by rectangles A and B depicted Figure 1. (Left) Epoch 1
(30.05.2021) (right) Epoch 2 (23.06.2021) orthoimages
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Figure 5. (Left) Significant 3D change vector length, (right) 2D change vector norm from epoch 1
(30.05.2021) to epoch 2 (23.06.2021)
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Figure 6. Ratio values for an excavation (A) and for a landslide (B) area. The extent of the area is the

same as in Figures 4 and 5 but with a larger scale. bb’ is a profile 147 m in length

In another location shown in Figure 7, the landslide movement between Epoch 8 and
Epoch 9 can be difficult for the user to differentiate between 3D and 2D components as
depicted in Figure 8’s upper panel, whereas using a ratio allows the user to clearly identify
the locations where horizontal movement is dominant (Figure 8).

Figure 7. Close views of orthoimages bounded by rectangle C depicted Figure 1. (Left) extract of epoch

8 (15.04.2022) orthoimage, (right) extract of epoch 9 (19.10.2022) orthoimage
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Two different profiles were used to observe the variation of the proposed ratio value
against the changing topography between two epochs. DoD (DSM of Difference) values were
interpolated along two selected lines (bb' and cc') with 1 m spacing (Figure 6 and Figure 8).
The ratio values at the profile points were interpolated from the point cloud using the M3C2
outputs. Figure 9 shows the DoD values (blue) and the proposed ratio values (orange) for
both profiles. In Figure 93, it should be noted that DoD values are positive in the first 20m of
the profile due to the storage of spoils in heap. In this 20 m section of the bb' profile, the ratio
values are negative and the area around this portion of line is shown in turquoise and blue
colors as can be seen in Figure 6. In the section between 20m and 50m of the profile, the DoD
values are negative, and the ratio values vary between 0.4-0.6 as a result of the downward
flow of the spoils in accordance with the slope of the heap. In Figure 6, the coloration of the
ratio in the relevant section can be seen from light green to yellow. The ratio values beginning
from 65 m to the end of profile (b’) are mostly positive and around 0.4 on average. While 3.5
-4.0 m horizontal dislocations are observed at the head of the landslide, these values decrease
to 2.5 m at its toe.

%108

10 4.3334

[m]

433331

4.3332

55018 5502 5.5022 5.5024 5.5026 5.5028 5503
X [m] x10° X [m] x10°

55018 5502 5.5022 5.5024 5.5026 5.5028 5.503

43333

4.3332

5.5018 5502 5.5022 5.5024 5.5026 5.5028 5.503
X [m] %10°

Figure 8. The extent of the area is the same as in Figure 7. (Upper left) significant 3D change vector
length, (upper right) 2D change vector norm from epoch 8 (15.04.2022) to epoch 9 (19.10.2022),
(below center) ratio values for the area. cc’ is a profile 104 m in length

Figure 9b shows the variation of DoD and ratio values along the cc' profile given in
Figure 8. Here, a clearer correspondence between the ratio and the horizontal movement
caused by landslides is observed. In the areas bounded by rectangles in the figure, the
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DoD values [m]

calculated ratio values are 0.7 and above. While 3.5-3.8 m displacements are observed at the
head locations close to c in the profile, 3.3 m lateral displacements are observed at the toe.

The direct use of M3C2 output produces optimistic results in revealing significant, non-zero
significant change locations. Although it has been proposed to take into account registration
error as well as variance for reference and compare points in the M3C2 method (Lague etal,,
2013), the computed variance is still an optimistic measure based on internal accuracy of the
solution. In this study, we propose to use a 3D test statistic with realistic accuracy values.
Within the study, it is also emphasized that the ratio of 2D horizontal and 3D changes in a
location is important in determining whether the change in that location is dominant in the
horizontal direction. A larger ratio may be an important indicator for localizing movements

such as landslides at the relevant location.
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Figure 9. Variation of DoD and ratio values along the bb' and cc' profiles, depicted in Figures 6 and 8,
respectively. The rectangles show profile sections having the highest positive ratio values and are

identified as landslides

This study aims to visually highlight potential landslide areas with a metric derived
from M3C2 outputs. So far, it has been a conventional approach to use the outputs for visual
interpretation. Yan et al. (2024) combined M3C2 with other methods to analyze rainfall-
induced slope changes and used visualization for qualitative validation of the results. In this
study, a quantitative-based approach is proposed to identify potential areas. The proposed
approach helps users to identify problem areas without straining their cognitive capacity.
This can be especially important for applications under time pressure. It can be used to
alleviate the pressure on the decision makers by directing their attention to the highlighted
location. The quantitative-based visualization approach proposed in this study can also be
used to test the results found with other analytical-based approaches. For example, our
proposed method can be used as cross validation in a ML-based landslide area identification
study.
Some limitations of the proposed approach should be emphasized. Control points
obtained from GNSS observations are used to provide realistic accuracy values. In practice, if
there are problems in obtaining such data or if there are not enough points with a suitable
distribution in the field, there may be problems in obtaining realistic accuracy values. The
proposed metric may also have some limitations in practice. For example, a high positive
value indicates a dominant horizontal movement. The ratio values of a horizontal motion
with a small change vector and a motion with a large change vector may be close to each
other. In these cases, the absolute value of the motion should also be considered in the
evaluations.

The study focuses on the identification of landslides due to excavations in an open pit
mine site. It is important to test the study at other mine sites to provide independent tests.
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The proposed approach can also be verified in other settings such as geomorphologically
induced change and hazard situations as well as change in settlement areas. The
conventional use of the metric proposed in this study can thus be investigated and the
generalization of the method can be evaluated for several settings.

5. Conclusions

The importance of utilizing visual material is emphasized with the examples shown in
the study. In monitoring studies consisting of a large number of points, visualization can be
utilized by highlighting the necessary locations without straining the user's limited cognitive
capacity. This is because visual material can support the decision maker in sudden decision-
making situations that require rapid intervention. Visualization can also be used for
validation of the results produced by machine learning and kinematic modeling methods
used in slope stability studies. Here visualization can serve as a fast and economical tool for
assessing the necessity of additional data across an area. For further confirmation, it may be
possible to direct a drone to collect new data to locations upon quick visual assessment of
the results.

In this study, an attempt has been made to answer the presented research question with
the available data. The data used here are not the data obtained within the scope of any pre-
planned project, but data collected in order to present to the responsible public institution
by mapping the current change situations in the mine site with relatively economical
photogrammetric method. As such, the present study has also an exploratory character
together with its research questions. However, a research project aiming to collect data with
appropriate temporal and spatial resolution to visualize landslide development in an open
pit mine can be planned and implemented. In this way, it will be possible to develop a
visualization model with realistically designed data.
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