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Abstract

Reliable estimates of rockfall hazards have a significant impact on the design of roadways, slopes,
open pits, and underground excavations. The reliability of these estimates is dependent on numerical
models calibrated on rockfall catalogs. Recent advancements in radar technology enable high-
resolution monitoring of rockfall events and provide valuable data on their propagation. However, few
methods are available to efficiently process these radar data and leverage them for back analysis.
Hence, we use a grid search for back analysis of coefficients of restitution (CORs). The framework is
demonstrated through a case study of an open-pit mine where a Doppler radar unit was installed and
collected a rockfall catalog comprising 21 events and 19356 measured rock positions. Trajectories
simulated using the mean and covariance of the best-fit CORs exhibit reasonable agreement with the
measured data. This framework enables a rapid assessment of data quality and improves the efficiency
and objectivity of back analysis when considering a large catalog of rockfall events.
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1 Introduction

Climate change has led to rising temperatures and unprecedent weather extremes that can exacerbate
rockfall hazards. For example, Stoffel et al. (2024) found that increasing air temperatures exacerbated
the degradation of permafrost over decades, leading to increased rockfall activity. Similarly, Mirhadi
and Macciotta (2023) found that climatic changes in precipitation and freeze-thaw cycles has led to
more frequent and destructive rockfall events. Viani et al. (2020) studied a century-long catalog of
rockfalls in the Western Italian Alps and posited that anomalously high temperatures and rainfall
during summer elevated seasonal thawing, resulting in more frequent rockfall events. These studies
underscore a dire need for continuous monitoring and mitigation of rockfall hazards given the adverse
effects of climate change.

A key component to rockfall hazard mitigation is reliable trajectory estimation, typically achieved
through numerical simulations. These simulations incorporate various factors such as rock shape
(Caviezel et al. 2021; Zheng et al. 2021), slope geometry (Jaboyedoff et al. 2021; Silveira et al. 2024),
and surface roughness (Zheng et al. 2021; Noél et al. 2023), and can be employed to probabilistically
assess the wide range of potential rockfall trajectories and impact zones. This level of detail is difficult
to achieve through empirical methods such as the Rockfall Hazard Rating System (Pierson et al.
1990).

It is crucial to calibrate these numerical simulations to ensure their reliability (Wyllie 2014a). This
process is also termed back analysis, where the constitutive parameters such as normal and tangential
coefficients of restitution (Wyllie 2014b; Sabatakakis et al. 2015; Zhao et al. 2024) (CORs), are
adjusted until the simulation outputs match the measured data.. These parameters should ideally be
site-specific and calibrated by analyzing the historical catalog of rockfall events at a given site
(Sabatakakis et al. 2015; Ferrari et al. 2016; Scavia et al. 2020). Manual calibration is often a tedious
and time-consuming process (Williams et al. 2020) involving incremental trial-and-error (Budetta et
al. 2016; Mineo 2020). This approach is not only labor-intensive but also subjective, as it depends on
the expertise and judgment of the individual performing the calibration (Soler et al. 2013; Wyllie
2014a; Mineo 2020).

These limitations have become more pressing in recent years with the advent of automated sensing
technologies that generate large volumes of high-quality data. Techniques such as terrain laser
scanning (LiDAR) (Pieraccini et al. 2006; Fanos and Pradhan 2016, 2018), photogrammetry (Caviezel
et al. 2021; Zhu et al. 2024), thermal camera monitoring (Teza et al. 2015; Blahtit and Racek 2023;
Potter et al. 2024), and radar tracking (Carla et al. 2019, 2024) offer unprecedented detail and accuracy
in capturing the non-linear dynamics of rockfall events. High-resolution data from LiDAR and
photogrammetry allows for precise mapping of terrain and identification of potential rockfall sources
(Pieraccini et al. 2006). Meanwhile, high-frequency monitoring with thermal cameras and radar
tracking enables continuous observation of rock faces to detect temperature changes (Teza et al. 2015)
or subtle movements (Carla et al. 2019) that could indicate imminent rockfalls. Specifically, radar is
suitable for long-term failure forecasting (Carla et al. 2019) and real-time warning (Carla et al. 2024)
of rockfall hazards. These applications highlight radar’s advantages in high time resolution, wide
coverage, and low energy consumption for continuous monitoring. These data would facilitate more
precise calibration of the numerical simulations but are difficult to integrate into a back analysis
workflow given the volume and variety of information.

Here, we develop a grid-search method based on a quantitative goodness-of-fit metric that measures
the similarity between a radar-tracked and simulated rockfall trajectory (Xie et al. 2024). We further
demonstrate its efficacy on a large catalog of radar-tracked rockfalls containing 21 independently
monitored events from the same 200m x 200 m source region in an open-pit mine. These events
consist of a total of 19,356 measured rock positions.

2 Data

Mount Rawdon is an open-pit gold mine located 75 km south-west of Bundaberg, Queensland.
21 independent rockfall events were recorded using a ground-based Doppler radar deployed from May
to July 2023. Their mean trajectories and lithology are shown in Figure 1. The cutoff positions of
these events exhibit a much larger variation than the initial positions, even though all the rockfall
events occurred within the Curtis Island group metasediments (Jele and Sullivan 2016). This



Eunrock 2025, Trondbeins, Norway

consistent lithology motivates the present work to develop a unifying set of CORs that can describe
the rich catalogue of rockfall events.
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Figure 1 Rockfall catalogue acquired from radar monitoring at the Mount Rawdon gold mine. Lithology information
adapted from Jele and Sullivan (2016)

The radar system is RockSpot from IDS GeoRadar (Viviani et al. 2020). Key technical
specifications are listed in Table 1.

Table 1 Technical specifications of the RockSpot from IDS GeoRadar used for Doppler radar monitoring (Viviani et al. 2020)

Specifications Values
Operating range 130 m to 2000 m
Tracking range resolution 4m
Minimal detectable rock speed 1m/s
Field of view 80° Azimuth, 40° Elevation
Tracking azimuth accuracy 1°
Maximum track update frequency 4 Hz

Key kinematic features of these events are listed in Table 2. Most events occurred at night,
necessitating the acquisition of radar data. The events can be divided into two groups according to the
trend of their mean trajectories: the first group predominantly falls towards the south with trends
ranging from 167.42° to 216.93°, while the second group consists of 3 events trending towards the
southwest (indicated in bold font in Table 2).

Table 2 Details of the 21 events in the Mt Rawdon rockfall catalogue. Trend is the azimuth of the initial velocity, where
bolded entries indicate the events falling towards the southwest.

Event# Duration (s) Number of Average rocks Initial speed (m/s) Trend (°)

time steps per scan
1 7.90 18 6.06 8.59 21493
2 26.51 87 31.07 4.85 208.76
3 22.00 30 7.30 2.88 175.84
4 27.92 44 16.52 6.37 188.31
5 27.35 67 14.93 4.42 167.42
6 27.35 60 10.80 3.52 176.81
7 25.66 77 21.06 3.20 202.07
8 25.38 63 8.86 4.97 225.86
9 24.82 77 22.48 4.49 180.39
10 17.20 52 18.02 431 209.98
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11 18.61 49 11.45 3.95 206.69
12 12.69 35 14.34 5.31 235.96
13 10.72 18 8.39 7.21 211.47
14 11.00 35 24.89 8.08 234.36
15 12.69 36 31.75 6.67 186.49
16 18.33 55 21.73 4.85 191.45
17 11.00 35 26.51 5.88 207.88
18 11.00 29 12.72 5.44 194.76
19 23.69 78 30.73 4.24 198.62
20 23.12 54 1331 4.94 190.92
21 5.08 19 14.00 12.32 216.93

Table 2, Figure 1, and Figure 2 illustrate the measured rockfall data in detail. The events exhibit
a wide range of durations, cut-off distances, and trends, which may be a result of the variability in
terrain roughness and the large origin area of the rockfalls. The data also reveal some technical
limitations inherent in this type of monitoring program. Firstly, the rock positions shown in Figure 2
exhibit a level of “banding” as a result of the 4 m spatial resolution, which may bias the calculated
mean and standard deviations of the recorded rock positions. Secondly, the time steps are not uniform
in length due to the dynamic sampling frequency and field of view, which limits the information
available from some events. Finally, the number of rocks measured during an event could vary
between time steps as a result of shadowing, secondary rockfalls, or rock fragmentation. These
inherent sources of uncertainty limit the accuracy and precision of back analysis and are somewhat
mitigated by outlier removal and the probabilistic formulation of the framework. Nevertheless, Figure
2 shows that the outlier removal is generally effective and preserves the main body of the rockfall
events. This is important given that the chi-square misfit is sensitive to the calculated standard
deviations.

2.1 Data preprocessing

2.1.1  Radar acquisition

Radar (Radio Detection And Ranging) technology detects distant objects by generating
electromagnetic pulses at a constant frequency and analyzing the reflected pulses (1943). A full cycle
where a series of pulses is generated and received is termed as a scan. The generated pulses propagate
as a spherical wave in space. Hence, radar natively only measures the range (distance) and azimuth of
the falling rock. The elevation of the object is interpolated by projecting it onto the slope as shown in
Figure 3a.Thus, the raw radar data attributes are range, azimuth, and time.

Figure 3b shows a plan view of the radar-tracked data. Each square represents the mean (i.e.,
average) of rock position measured during each scan. Note that each scan can include multiple falling
rocks. We term each scan as a time step hereinafter. Multiple scans result in a mean trajectory with a
standard deviation at each time step. This probabilistic formulation allows us to then quantify the
uncertainty of the back-analyzed CORs.
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Figure 2 Measured falling rock positions during each rockfall event.
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Figure 3 Schematic illustration of (a) radar data acquisition and (b) calculation of misfits between measured and simulated
trajectories (Xie et al. 2024).
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2.1.2  Outlier removal

Radar monitoring is inherently noisy and may track other moving objects irrelevant to the main
rockfall event. To remove these anomalous objects, we first calculate the median and the median
absolute deviation (MAD) of the rock positions for each time step. These statistical measures are
chosen given they are less sensitive to outliers than the mean and standard deviation. We then convert
the MAD to a standard deviation (o) following

o = 1.4826MAD (1)
Rocks located more than 3¢ from the median are discarded.

2.1.3 Initial conditions

A falling rock’s initial position and velocity (speed and trend) has a notable effect on its
subsequent trajectory (Crosta et al. 2015; Li and Lan 2015). Here, we use the mean position during the
first time-step as the initial position. We then treat all measured rock positions of an event as a point
cloud and use principal component analysis (Wold et al. 1987) to calculate the initial velocity. The
first principal component, which captures the direction with the largest spatial variation of measured
rock positions, is taken as the trend of the initial velocity. The initial speed is estimated as the standard
deviation along this trend divided by the duration of the event. These initial positions and velocities
are hereinafter termed seeders.

2.2 Rockfall simulations

We use a custom build of RocFall3 from Rocscience that supports automated trajectory
computation given an input file. Since the volume and shape of each falling rock is unavailable from
radar-tracked data, we simulate the trajectories using a lumped-mass formulation and assume a volume
of 1 m?® for each seeder and a rock density of 2.7x10° kg/m?>. These parameters have a minimal impact
on trajectory kinematics given that the rocks are idealized as point sources in a lumped-mass
formulation. A digital terrain model (DTM) with a resolution of 0.65 meters is used to model the mine
slopes.

2.3 Misfit

The relative completeness of the radar data allows us to measure the misfit between a measured
and corresponding simulated rockfall trajectory for the entire trajectory, which offers better constraint
than using individual features such as runout distance or bounce height. The misfit calculation
comprises three steps: (1) computing the chi-square statistic to describe the misfit between trajectories,
(2) converting into log-scale given that the misfits are approximately log-normal, and (3) min-pooling
to emphasize the local minima in parameter space.

The chi-square statistic (Xie et al. 2024) can be defined as

X = ?I=1 [@]2' )
where the variables u;, 3, 0; are defined respectively as the mean measured rock position, simulated
rock position, and standard deviation of the measured rock positions at time step i, as illustrated in
Figure 3b. Here, the chi-square misfit is only computed for time steps preceding the cut-off time,
which is defined as the end of the radar measurement. The runout time, when the velocity reaches
zero, cannot be reliably obtained from the data because the monitoring is terminated if the rock exits
the radar’s field of view or decelerates below the detection threshold.

3 Results

Figure 4 illustrates the distribution of expected misfit obtained from the grid search, which
represents the true distribution from an extensive brute-force search over 10,000 simulated trajectories.
As illustrated by the green dots in the last row of Figure 4, the distribution of misfit resulting from grid
search exhibits banding, which may be attributed to the chaotic nature of rockfall, where slight
changes in the CORs result in distinctly different trajectories and misfit (Li and Lan 2015; Ignacio et
al. 2021). Overall, the CORs of the entire site may be approximated as R, = 0.5+ 0.1, Ry=0.65+ 0.2,
with the important caveat that there is notable negative covariance between R, and Ry, indicating that
similar trajectories can be simulated by increasing R, and decreasing R, or vice versa.
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Table 3 Mean (p) and covariance (o) of the CORs in the minimum highlighted green in Figure 4.
w(Rn) p(RY) o(Rn) o(Re) o(Rn, Ri)
0.51 0.64 0.120 0.168 -0.01952

Event Event

16

12 18

Expected misfit

13 21

14 Average

025 050 075

R, R

025 050 075

n

Figure 4 Coefficients of restitution for selected events and average of all events

To further examine the robustness of our model, we randomly draw 50 COR pairs from a bivariate
normal distribution using the mean and covariance matrix from the site-wise analysis. The simulated
trajectories corresponding to these COR pairs are illustrated in Figure 5. These simulated trajectories
(yellow lines) all reasonably match the rockfall event data in terms of the overall trend (blue lines) and
spread (marked by blue crosses).

4 Summary and conclusions

Well-constrained site-specific coefficients of restitution (CORs) are vital for reliable evaluation
of rockfall hazards, with notable implications for the design of roadways, slopes, and mining benches.
Recent developments in radar technology allow us to monitor these rockfall events at a spatial
resolution on the order of meters and time resolution on the order of milliseconds. These data offer
excellent opportunities for detailed back analysis of CORs governing the behavior of rockfall hazards.
Here, we a grid search for back analysis of CORs and a case study of its application to a radar-
measured rockfall catalog consisting of 21 events. Our key findings are:

1. We use a goodness-of-fit metric (Xie et al. 2024) to quantify the misfit between simulated and
measured trajectories.

2. The 10000 simulations computed during the grid search shows distinct jumps in rockfall behaviour
in the Rq-R: parameter space, suggesting a chaotic system where small changes in rock-slope
interactions can result in dramatic changes in rockfall trajectories.

3. We estimate average CORs of R, = 0.5+ 0.1, R = 0.65 + 0.2. Rockfall trajectories simulated from
this mean and covariance matrix show reasonable agreement with the measured trajectories.
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