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ABSTRACT

The determination of the so-called design block is one of the central elements of the Austrian Guideline for rock fall protection ONR 24810.
It is specified as a certain percentile of a recorded block size distribution (BSD). BSDs may be determined from the detachment area (IBSD)
and/or from the deposition area (RBSD). Most measuring methods are subjective, uncertain, not verifiable, or inaccurate. The statistical
method seems the most efficient and cost-effective method to determine IBSDs with many blocks within the full range of block sizes. To-
day, we can model Synthetic Rock Masses (SRM) based on Discrete Fracture Networks (DFN). We asked whether IBSDs derived from SRM
models can be described by probability distribution functions (pdfs) and if yes, how well. We show that the generalized exponential pdf
best describes IBSDs across various lithologies, when compared to 78 other pdfs. This could allow for more certain, accurate, verifiable,

holistic, and objective results.

INTRODUCTION

The Austrian Guideline ONR 24810 (ON 2021) regulates the design of rockfall protection nets, dams, and galleries. The design is based on
the kinetic energy and bounce height of a so-called design block. The design block is specified as a percentile (P95-P98) of a recorded block
size distribution (BSD), depending on the event frequency. BSDs may be determined from the detachment area (in the following referred
to as in-situ block size distribution IBSD) and/or from the deposition area (in the following referred to as rockfall block size distribution
RBSD). The ONR 24810 proposes various methods to determine BSDs. In the detachment area, these include estimation by visual assess-
ment, statistical IBSD, and discrete explicit block measurement. In the deposition area, these include estimation, random axis measurements,
the line counting method, the area method, sieve analysis or photosieving by software (Gaich & Potsch 2022). Deposition areas, if available,
are generally accessible and measurable without technical aids. However, most measuring methods are subjective, uncertain, not verifiable,
or inaccurate. Blocks smaller than the size of a fist, are usually not measured. In deposition areas we observe the phenomenon of inverse
grading, where smaller particles settle beneath larger ones and are not measurable. Sometimes, silent witnesses may have been removed. All
this affects the percentiles of the BSD. Neglecting many small blocks in a BSD, results in bigger P95-P98 blocks. In hazard analyses, smaller
blocks may play an important role, depending on the protection target. For most realistic distributions of kinetic energy, bounce height, and
runout, the entire BSD should be considered in rockfall models (Illeditsch & Preh 2020). Also, rock fall blocks are often fragmented due
to the preceding fall process. The determination of the RBSD alone (or a defined design block from it) seems not sufficient for meaningful
rock fall modelling. The IBSD is (also) required. Visual assessment of rock faces seems subjective and not verifiable. Discrete explicit block
measurements with rope access require intensive resources and time. The statistical method seems the most efficient and cost-effective

method to determine IBSDs with many blocks within the full range of block sizes.

The distribution of in-situ block sizes (IBSD) is based on the knowledge that bedding, foliation and joints are commonly closely spaced
and have low persistence. Wide spacing and high persistence joints are less common. Consequently, for rock blocks formed by joints, small
blocks are more common than large blocks (Wyllie 2014). In current literature, joint properties like joint distances [m] and joint sizes [m] are
often described with exponential or lognormal distribution functions (Priest & Hudson 1981, Hudson & Harrison 1997, Wyllie 2014). It has
also been tried to fit RBSDs [m3] to a power law (Moos et al. 2021). Palmstrom (2000) measured the orientation and spacing of three joint
sets on a horizontal and vertical surface. He cut a cube of 10 m edge length by these joint sets and plot the distribution curve of the resulting
blocks [m?] in logarithmic scale. The s-shaped curve reminds of a sieve curve. Today, Palmstrom’s method of creating an IBSD by cutting
a cube by joint sets, can be applied in a more advanced way using Synthetic Rock Mass (SRM) models. We asked whether IBSDs derived
from SRM models can be described by probability distribution functions (pdfs) and if yes, how well. Describing IBSDs by pdfs could allow

for more certain, accurate, verifiable, holistic, and objective results.

For this purpose, we calculated different Synthetic Rock Mass (SRM) models based on photogrammetric surveys by UAV (Unmanned Aerial
Vehicle) at three different locations in Lower Austria: Tiefenbach, Spitz and Greifenstein. We carried out exact rock mass block surveys with
the help of these models and determine IBSDs. We fit various distribution functions to the determined IBSDs. Finally, we compared the

correlations between the IBSDs and the distribution functions using the KS test and the MSE method.
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METHODS

In SRM models, a Discrete Joint Network (DFN) is intersected with a volume model to simulate the rock mass. The central element here
is the DFN. It statistically describes the geometric properties of the joint sets. For this purpose, we consider the distribution of the joint
orientation, the joint density (e.g., number of joints per m; reciprocal of joint spacing) and the joint size distribution (persistence) for each
individual joint set. A DFN results in a collection of disk-shaped joints whose geometric properties, such as location, orientation, density/
intensity, and joint size distribution are subject to a probability distribution. Thus, the joints created in this way do not represent the actual

joints in the rock mass. Nevertheless, in this way it is possible to model the joint system very realistically.

The procedure starts with a survey of the rock face by Unmanned Aerial Vehicle (UAV). To create a 3D model by photogrammetry, it is
necessary to clearly assign each point of the rock face from at least three different perspectives. From the overlapping photos, the software
Agisoft Metashape (Agisoft 2021) creates a point cloud and triangulates it into a mesh. This results in a 3D Digital Elevation Model (DEM)
of the rock face. We analysed the point cloud regarding the orientation and distance of the joint sets using the CloudCompare software
(CloudCompare.org 2015). Joint orientations can be measured at the visible outcrops of the rock face. It is specified with dip angle and dip
direction. It is not possible to measure the joint spacings in CloudCompare directly. However, by back calculating to normal distances and
averaging the measurements, we can derive joint spacings. 3DEC offers the possibility to generate the joint spacings indirectly via the joint
density. It is defined as the area of joints per unit volume [m?/m3] (P32), or the length of joints per unit area [m/m?| (P21), or the number
of joints per unit length [m-1] (P10). One square meter of joint in one cubic meter of the rock mass would correspond to a joint density of
1 [m?/m3]. We simplified the determination of the joint density by counting the number of joints per length normal to the joints (P10), for
each joint set. Joint size (persistence) is another very important rock mass parameter. It can have a significant influence on the strength and
stability of the rock slope. However, in this case we are interested in block sizes of future rock fall events. They require full detachment from
the rock face. We assume that the blocks are completely cut free by the intersecting joint sets. In other words, we assume 100% persistence
for all joints. This way, the number of joints per unit length corresponds to the area of joints per unit volume, i.e., P10 = P21 = P32. 3DEC
models joint sizes as disks of certain diameters. We can set the limits of the smallest and largest disk (Imin and Imax) in the software (Itasca

2020). In our case, we model disks that go through the entire model domain (100% persistence).

Based on the above survey information, we can develop a Discrete Fracture Network (DFN). A DFN artificially reproduces the existing joint
structure as realistically as possible. We chose a model domain in the shape of a slope, with a certain length, height, and thickness, and a
mean dip direction and dip as in nature. In Greifenstein, we also analysed a cube of 60 m edge length. By intersecting the model domain
with the DFN, we calculate the SRM model (Figure 1). We are not setting any strength parameters for the rock mass. We are only interested

in the volume (geometry) of the blocks. So, we can rather speak of a synthetic rock block model than a synthetic rock mass model.
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Figure 1: 3DEC SRM model of Tiefenbach showing the block joint sets (y-axis = North).

Figure 2: Equal-area lower hemisphere density plots of the 143 measured joint poles (left; using OpenStereo) and the 381 created joint poles in the SRM model (right; using 3DEC) for

Greifenstein.
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With the help of this model, we perform an exact rock mass block survey and determine a holistic IBSD. The derived IBSDs represent block
volumes [m3]. We want to check their correlations to various fitted continuous distributions by the Kolmogorov-Smirnov (KS) test and the
mean squared error (MSE) method. We are not interested in properties like density or porosity, which would be affected by cubic dimen-
sions. In our case, it seems more appropriate to work with size distributions in linear dimensions [m] rather than in cubic dimensions [m?3].
Furthermore, fitting distribution functions to linear dimensions can provide a more intuitive visual representation of the size distribution
(e.g., grain sizes in a sieve curve). For these reasons, we are transferring the derived IBSDs from cubic meters to meters by taking the cube

root. We use Python to check our derived IBSDs [m] against 79 distribution functions (Christopher 2017).

The Kolmogorov-Smirnov test, also known as the KS test, is a non-parametric statistical test. It assesses whether a sample comes from a
specific distribution. In other words, the test compares the observed data with the predicted data (also known as the one-sample KS test)
under the null hypothesis that the two distributions are identical. The KS test results in the test statistic (D) and the p-value. The D value
ranges between 0 and 1. A value of 0 means a perfect match between the sample and reference distribution. The p-value is a probability
that measures the strength of evidence against the null hypothesis. It determines whether the observed difference (D) is meaningful and
reliable or can be attributed to random chance. If the p-value is smaller than the chosen significance level (e.g., p < 0.05), we can reject the
null hypothesis in favour of concluding that the sample does not follow the reference distribution. We choose a confidence level of 95%.
The Mean Squared Error (MSE) is a statistical metric, also known as the Mean Squared Deviation. It measures the average squared differences
between the observed values and the predicted values in a dataset. Squaring the differences ensures that negative differences do not cancel
out positive differences. All squared differences are summed up and divided by the total number of data points. This results in the average
squared difference, which is the MSE. Lower MSE values indicate a better fit of the model to the data (Hedderich & Sachs 2020).

RESULTS AND DISCUSSION

The equal-area density plots proof that it is possible to represent joint systems using a DFN. The joint orientations of the left and right density
plots correspond very well (see Figure 2). The pole densities of the measured joint planes (left plots) represent joints exposed on the rock
face. So, wall-building joints may be measured more frequently than other joints. This can lead to a situation where joint surfaces of lower
joint density (with greater joint distances) are measured more frequently on the rock face, and vice versa. Thus, measurements from the rock
face may be distorted. The SRM density plots (on the right) reflect the ‘true’ joint densities of the joint sets (relative to each other). We can

conclude that the density plot of the SRM is more realistic and more meaningful than the density plot of the measured joints on the rock face.

We chose the slope and cube dimensions of the SRM models to create many blocks for our investigations. In Tiefenbach, a slope size of
approximately 500 x 50 x 100 generated 60,503 block volumes. In Spitz, a similar slope size generated 26,253 block volumes. In Greifen-
stein, with a bedding of relatively high joint density, a slope size of approximately 200 x 20 x 40 generated 143,029 block volumes, and the

Greifenstein 60 m cube generated 134,711 block volumes. The size of the model should correspond to the homogeneous area investigated.

Our check against 79 different distribution functions with Python found that neither the exponential nor the lognormal distribution fits well.
Rather, the generalized exponential distribution function fits best. We show this both graphically in Figure 3 and numerically using the KS

test and the mean squared error (MSE) method, as listed in Table 1.
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Figure 3: IBSD of the Spitz slope [m] (blue bars) with the fitted exponential (maroon), lognormal (blue) and generalized exponential (green) probability density functions (left: pdfs, right: cdfs).

The probability density function (pdf) for the generalized exponential distribution function (genexpon) is:
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f(x,a,b,c) = (a +b(1— exp(—cx))) exp| —ax — bx +§(1 — exp(—cx))

Eq1

for x=0,a,b,c>0, where x is the random variable and a, b, and ¢ are shape parameters. The probability density above is defined in the ‘stand-
ardized’ form. To shift and/or scale the distribution the loc and scale parameters are used. Specifically, genexpon.pdf(x,a,b,c,loc,scale) is

identically equivalent to (genexpon.pdf(y,a,b,c))/scale with y= (x-loc)/scale .

Above generalized exponential distribution is an extension of Marshall and Olkin’s bivariate exponential distribution (Ryu 1993). Table 1

lists the genexpon fitting parameters for the different investigated locations and different cube sizes.

Genexpon SRM SRM SRM
fitting Tiefenbach Spitz Greifenstein
parameters | 500x50x100 | 500x50x100 | 200x20x40 cube 60 m
loc 1.51e-04 9.45e-05 1.34e-05 8.55e-05
scale 2.48 2.20 0.71 0.96
shape par. 1 a=0.96 a=0.66 a=0.87 a=0.92
shape par. 2 b=1.14 b=1.01 b=0.58 b=1.48
shape par. 3 c=0.73 c=0.32 c=2.97 c=0.66

Table 1: Genexpon fitting parameters for the investigated locations Tiefenbach (slope size 500 x 50 x 100 m), Spitz (slope size 500 x 50 x 100 m) and Greifenstein (slope size 200 x 20 x 40

m and 60 m cube).
Tiefenbach slope Spitz slope Greifenstein slope Greifenstein cube
Quantile
DFN Genexpon DFN Genexpon DFN Genexpon DFN Genexpon
o 1.51e-04 1.51e-04 9.45e-05 9.45e-05 1.34e-05 1.34e-05 8.55e-05 B8.55e-05
25 0.67 0.67 0.89 0.88 0.20 0.19 0.26 0.26
50 1.47 1.46 191 1.94 0.42 0.42 0.56 0.57
75 2.63 2.63 3.45 3.48 0.77 0.77 1.00‘ 1.00
95 4.93 4.94 6.51 6.49 1.57 1.57 1.85 1.84
96 5‘25- . 5.24 6.93 6.87 1.68 . 1.68- 1.96 [ 1.95
97 5.64 5.62 7.44 7.35 1.83 1.82 2.10 2.08
98 6.11 6.15 8.16 8.02 2.03 2.02 2.29 2.27
99 6.99 7.04 9,25 9.13 2.36 2.36 2.61 2.58
100 18.14 inf 15.57 inf 6.08 inf 5.67 inf

Table 2: Comparison of quantiles [m] for different SRM models.

With our holistic rock mass block surveys of relatively large rock masses (homogeneous areas), the problem of very large P95-P98 blocks is
even more evident. Our SRM approach does not consider whether blocks are kinematically able to fail. For the design of rock fall protection
measures and hazard analyses, rock fall frequencies (magnitude to frequency relations M/F (Corominas et al. 2018)) and return periods play
an important role. Working with return periods requires sufficient event inventories, which are usually not available.

One approach to deal with this problem could be a kinematic analysis of the blocks using the Block Theory (Goodman & Shi 1985). Another

more practical approach would be the definition of an expert-based maximum rock fall block volume.

CONCLUSIONS

We show that both, the lognormal and the exponential distribution function do not describe IBSDs well. We could find a probability distri-
bution function, which describes IBSDs very well. It may be generally usable for BSDs. Further investigations are required on the sensitivity
of the scale and shape parameters. Describing IBSDs by probability distribution functions could allow for more certain, accurate, verifiable,

holistic, and objective results.

With the presented method, it is possible to determine IBSDs based on photogrammetry and SRM models. The investigation of many more
sites of different lithologies using this method could result in a catalogue recommending a range of scale and shape parameters for certain

lithologies in the future. The effect on rockfall modelling should be further investigated, e.g., comparing the runout, kinetic energies, and
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bounce heights of modelling whole IBSDs vs genexpon pdfs vs design blocks.

Utilizing a distribution function together with a catalogue of suitable fitting parameters may offer the benefit of enabling the determination
of an IBSD and, consequently, a meaningful assessment of a design block, even with only a limited number of block size measurements
(silent witnesses).

The holistic approach of deriving a BSD of a rock mass, which includes all potential rock fall blocks, should already include the probabilities

of events, which is usually very hard to determine. Consequently, the trajectories of a rock fall simulation with an IBSD display both, the

failure probability and intensity of events. This could be very valuable for rock fall hazard zoning.
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